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Abstract

Introduction

A prevalent strategy for engaging and adapting to the modern physical and social environments is to acquire and use relevant external information. People (and technology designers) are faced with developing adaptive ways of acquiring and using external content in order to gain functional knowledge that improves decision making and problem solving. Information foraging theory addresses human-information interaction (HII) involving modern technologies such as the World Wide Web. The theory is concerned with human behavior and technology involved in gathering information for some purpose, such as making a medical decision, finding a restaurant, or solving a programming problem.

The genesis of information foraging theory was stimulated by the rational analysis program initiated by Anderson (***refs***). Rational analysis involves a simultaneous focus on (a) the adaptive functionality of behavior with respect problems posed by the environment (Cosmides term???) and (b) the proximate psychological mechanisms that give rise to such behavior.  Such analysis is rational because it involves the application of models of rational choice under uncertainty to understand the adaptive functionality of behavior. That is, given a valid rational choice model (e.g., an optimality model) of a solution to an evolutionary-ecological problem, one may assess the degree to which actual behavior, and hypothesized mechanisms, achieve the ideal solution. Surprisingly, a branch of behavioral ecology called optimal foraging theory (***ref***), which predicts the strategies used by animals and hunter-gatherers to forage for food, has been a valuable resource (among others) for developing rational analyses of how people forage for information. These rational analyses of information foraging have guided the development of mechanistic cognitive models (***ref***), derivative of ACT-R (***ref***), that model human-information interaction. These cognitive models, in turn, have guided the development of engineering models for evaluating the usability of system designs (***ref***).
In this paper I focus on the application of information foraging theory to the behavior observed in finding information on the Web.  There are many reasons, scientific and practical, for studying Web foraging. In many ways, these reasons are analogous to motivations expressed for the study of intelligent tutoring systems (***ref***), which eventually lead to advances in basic, integrative, reductive psychological science about complex learning (***ref***). 

The human propensity to gather and use information to adapt to everyday problems in the world is a core piece of human psychology that has been largely ignored in cognitive studies. Miller (Miller, 1983) argued that the human species might fruitfully be viewed as a kind of informavore: a species that hungers for information in order to gather it and store it as a means for adapting to the world. Humans, of course, are extreme in their reliance on information, with language and culture, and now modern technology, providing media for transmission within and across generations.  Humans are the Informavores Rex of the current era.

The Web provides a domain for the “serious ecological study” of human cognition that Newell and Simon (***ref, p. 261) implicitly advocated with the anticipated maturation of the cognitive psychology. The study of ecologically representative Web foraging tasks, with real Web content, would seem to be consistent with the scientific heuristics promoted in Brunswik’s method of representative design (***ref***), and Hutchins’ (***ref***) “cognition in the wild.” If the extant theories of cognitive science are up to snuff, then they will meet the challenge of addressing the efflorescence of complexity that will be observed in real world tasks. If not, then new phenomena and new theories will be the result.

The task of forging for information on the Web will serve to illustrate several extensions of the rational analysis approach, as well as extensions of ACT-R.  The first extensions include a new rational analysis of navigation in information systems based on information scent (***ref***), and models that implement navigation choice based on information scent. A second extension is one of focusing rational analyses on behavior that occurs in tasks that take substantially more time than the traditional focus of rational analysis. Newell (**ref**) presented a useful way of thinking of the time-scales of human behavior in terms of different bands: social band (behavior that takes approximately days to months), intendedly rational band (minutes to hours), cognitive band (100 msec to 10 sec), and biological band (100 sec to 10 msec). The unit task (***ref***) provides a useful dividing line between the cognitive band and the rational band.  Unit tasks empirically take about 5-30 seconds, and are the kind of tasks that skilled people can identify and think about. To an approximation, unit tasks are where “the rubber meets the road”: The structure of behavior above the unit task level largely reflects a rational structuring of the task within the constraints of the environment, whereas the structure within and below the unit task level reflects a single goal plus environmental, cognitive, and biological constraints.  Most (but not all, see **ref***) of the past 15 years or so of research under the rubric of rational analysis has focused on the cognitive band. Information foraging is more heavily focused on rational analysis at the rational band of behavior. A third extension of rational analysis has been to the phenomena associated with larger aggregates of agents.
An Adaptationist Approach to Information Foraging
Methodological Adaptationism

Rational analysis may be viewed as a refinement of methodological adaptationism that is tailored for the study of the mechanisms underlying behavior. Methodological adaptationism assumes that it is a good heuristic for scientists to assume that evolving, behaving systems are rational, or well-designed, for fulfilling certain functions in certain environments. There is an assumption of ecological rationality regarding the behavior of the system being observed (Bechtel, 1985; Dennett, 1983, 1988; Dennett, 1995; Todd & Gigerenzer, 1999). The adaptationist approach involves a kind of reverse engineering in which the analyst asks (a) what environmental problem is solved, (b) why is a given system a good solution to the problem, and (c) how is that solution realized (approximated) by mechanism.

Rational analysis is kindred to an adaptationist framework that has evolved in evolutionary-ecological approaches to human behavior. This approach has its roots in the work of Tinbergen (***ref***) and Ernst Mayr (***ref***). For instance, Tinbergen’s “four questions for ethology” includes (a) functional analysis of the value of behavior with respect to survival and reproduction and (b) causal analysis of the proximate mechanisms that process stimuli into behavior.
 Winterhalder and Smith (***ref ch 1***) provide a detailed discussion of methodological adaptationism in evolutional-ecological approaches.

Rational Analysis

Anderson’s rational analysis approach was inspired by Marr’s (1982) influential approach to computer vision, in which Marr argued that visual processing algorithms (and other intelligent information processes) are “likely understood more readily by understanding the nature of the problem being solved than by examining the mechanism (and the hardware) in which it is solved” (p. 92).
  The term “rational analysis” was inspired by rational choice theory in economics, in which people are assumed to be rational decision-makers who optimize their behavioral choices in order to maximize their goals (utility). In rational analysis, however, it is not the person who is the agent of rational choice, but rather it is the selective forces of the environment that choose better biological and behavioral designs.
Anderson (***ref***) used rational analysis to study the human cognitive architecture by assuming that natural information processing mechanisms involved in such functions as memory (Anderson & Milson, 1989; Anderson & Schooler, 1991) and categorization (Anderson, 1991) were well-designed by evolutionary forces to meet the problems posed by the environment. The key assumption behind rational analysis could be stated as

Principle of rationality: The cognitive system optimizes the adaptation of the behavior of the organism.

As developed by Anderson (1990), rational analysis requires a focus on understanding the structure and dynamics of the environment. This understanding provides a rationale for the design of information processing mechanisms. Anderson proposed the following recipe for rational analysis.

1. Precisely specify the goals of the agent.

2. Develop a formal model of he environment to which the agents is adapted.

3. Make minimal assumptions about the computational costs.

4. Derive the optimal behavior of the agent considering (1) – (3)

5. Test the optimality predictions against data.

6. Iterate.

Note, generally, the emphasized focus on optimal behavior under given goals and environmental constraints and the minimal assumptions about the computational structure that might produce such behavior.

Adaptation and HII  Systems: The Principle of the Extremization  of Information Utility as a Function of Interaction Cost
The information forager may be viewed as operating in a task environment and an information environment. The task environment (***Newell & Simon***) is the scientist’s analysis of those aspects of the physical, social, virtual, and cognitive environments that drive human behavior. The information environment is a tributary of external content that yields knowledge that permits people to more adaptively engage those physical, cognitive, and social environments. Our particular analytic viewpoint on the information environment will be determined by the information needs that arise from the embedding task environment. 

When people interact with information through technology, those technological systems act as cognitive prostheses
 that more or less help them intelligently find and use the right knowledge at the right time. Information Foraging Theory assumes that people shape themselves and their cognitive prostheses to be more adaptive in reaction to their goals and the structure and constraints of their information environments. A useful abstract way of thinking about such adaptation is to say that

Human-information interaction systems will tend to maximize the value of external knowledge gained relative to the cost of interaction.

Schematically, we may characterize this maximization tendency as
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This hypothesis is consistent with Resnikoff’s (1989, p. 97)  conclusion that natural and artificial information systems evolve towards stable states that maximize gains of valuable information per unit cost (when feasible).
  Cognitive systems engaged in information foraging will exhibit such adaptive tendencies, and they will prefer cognitive prostheses that tend to maximize the value (or utility) of knowledge gained per unit cost of interaction. 
Information Patches and Information Scent
The Consumption of Content to Solve Ill-defined Problems

Byrne et al. (1999) performed a day-in-the-life study of Web use, in which a small sample of participants were set up with video cameras focused on their computer screens, and the participants were asked to turn the recorders on whenever they used the Web and to provide a think-aloud verbal protocol. These video recording were analyzed using a GOMS methodology (***ref***) to identify the unit tasks and operators performed by the studied Web users. In general, there was a high degree of flexibility in how people moved form one unit task to another. Most of the tasks concerned finding, navigating, locating information or using the content. In other words, most of the user time was spent interacting with the content structure of the Web and Web pages as opposed to dealing with controls (e.g., button and menus) of the browser. 
The Byrne et al. (1999) begs the question about what people are doing on the Web. Table 1 provides some examples of self-reported Web tasks randomly drawn from a survey (Morrison, Pirolli, & Card, 2001). In that survey Web users were asked to describe incidents in which they had found information that lead to a significant action or decision. These responses from Web users illustrate a rational approach to tough ill-defined problems. In order to solve such tough problems, users seek more knowledge, or better knowledge. Users seek to make “informed decisions” by reading background material. Users seek expert advice. Users spend time, when possible, familiarizing themselves with the available choices. Users seek additional knowledge from outside sources in order to behave more intelligently.

Most of the tasks (75%) described in Table 1 are ill-defined (Reitman, 1964; 1965) or ill-structured (Simon, 1973): there is some amount of vagueness about the problem situation, the goals to pursue, available courses of action, or how to choose among them.  This vagueness is the real source of most problems being a problem. For instance, if everyone knew what he or she wanted in a romantic partner, where to find them, and how to woo them, and how to stay in love, then a very large problem-solving industry would disappear.

Well-structured problems, such as puzzles and games, have well-defined initial states, goal states, operators, and other problem constraints, which contrasts with the ill-structured problems in Table 1. Ill-structured problems typically require additional knowledge from external sources in order to better understand the starting state, to better define a goal, or to specify the actions that are afforded at any given state (Simon, 1973). People typically need to perform knowledge search (***Newell 1990***) in order to solve their ill-structured problems (e.g., to define aspects of a problem space that permit effective or efficient problem space search). The Web is a potential source of valuable knowledge that can improve our ability to achieve our goals, especially when they involve ill-structured tasks such as those in Table 1. More generally, knowledge shapes human functionality, and consequently external access to large volumes of widely variegated knowledge may improve our range of adaptation because we can solve more problems, or solve problems using better approaches. 

Table 1

Examples of responses to a survey (***ref***) of “significant” tasks performed by Web users (percentage of total responses for each response category are in parentheses).
	Find information, facts, documents, products (25%)

	“Found information about obscure Austrian psychiatrist Otto Weininger for wife's thesis research.”



	“Found  the Java 1.2 API docs - I'm a java programmer.”



	Choose or compare products or information to make a decision (51%)

	“I used WWW search engines to search for sources of technical training.  My organization required training on a unique set of skills and I searched for companies that might offer training on those skills.  I was able to use the information I found to justify the purchase of training from one of the companies.”



	“I was looking for a home equity loan. I got information about the different routes to take and made several connections with people in that business. I ended up getting a loan with my own bank.”



	Understand a topic (24%)

	“When I was diagnosed with a disease I had never heard of, I used the internet exclusively to not only research the problem online, but order books and additional information from various sources, order dietary supplements, contact support groups and chat with people with the disease in order to come to terms with my illness.”



	“Located full-text scientific articles on the Web used for advanced statistical research”




Web Browsing as Heuristic Search Using  Information Scent
Finding information on the Web typically involves following links from Web page to Web page, or using search engines. On Web sites with well-designed link descriptions, users appear to prefer following links (***Katz and Byrne***). Factors that affect navigation through links are expected to play a large role in determining Web browsing behavior. Throughout the optimal foraging literature, it is assumed that organisms base their food foraging decisions on predictions about the typology and utility of habitat and the typology and utility of food items (e.g., species of prey or plants).  The information forager is assumed to also base decisions on assessments of information items, and these assessments are based on learned utility judgments. Information scent refers to those environmental cues that feed into the utility judgments made by information foragers,

Figure 1 presents some examples of information scent cues. Figure 1a is a typical page generated by a Web search engine in response to a user query.  The page lists Web pages (search results) that are predicted to be relevant to the query. Each search result is represented by its title (in blue), phrases from the hit containing words from the query and a URL (Uniform Resource Locator).  Figure 1b illustrates an alternative form of search result representation (for exactly the same items in Figure 1a) that is provided by relevance enhanced thumbnails (Woodruff, Rosenholtz, Morrison, Faulring, & Pirolli, 2002), which combine thumbnail images of search results with highlighted text relevant to the user’s query.
Table 2 presents some evaluation results (***Woodruff et al) concerning the efficacy of the link representations in Figure 1, plus a third kind of link summary, “plain thumbnails”, which do not have the highlighted relevant text of the relevance enhanced thumbnails. Woodruff et al. (***ref***) presented users with four kinds of tasks (three questions per task) involving finding particular information, such as a picture of a giraffe, or a document about the side-effects of halcyon. The users were presented with randomly arranged lists of 100 link summaries, as in Figure 1, and their task was to scan through the list and go to the page (by mouse-clicking a link) they believed was relevant to answering the task. It was estimated that users scanned link representations at about 1 link/sec, regardless of their form. If they clicked on the wrong link, it required about 8 sec to visit the page, determine that it was wrong, and return to the original list to continue scanning. Table 2 presents a kind of false alarm rate estimate: The estimated probability that any link that had been displayed to a user would be clicked, and turn out to be wrong.  One should observe in Table 2 that the relatively efficacy of the link summaries varies across the types of task, with the Relevance Enhanced Thumbnails providing the lowest or close-to-lowest false alarm rates in each task category. In other words, the efficacy of information scent cues is relativized to the task. The false alarm rates vary from .01 to .14, which is a small absolute amount, but large multiplicative factor.
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Figure 1. Examples of information scent cues: (a) a typical set of search results in the form of textual summaries of linked documents and (b) Relevance Enhanced Thumbnails for the same set of search results.
Table 2

Probability of choosing a wrong link as a function of link type (***ref***).

	
	Link Type

	Task
	Text
	Plain
	Enhanced

	Picture
	.0565
	.0099
	.0143

	Homepage
	.1350
	.0267
	.0272

	E-commerce
	.1359
	.0524
	.0483

	Side-effects
	.0413
	.0563
	.0426


For the users in the Woodruff et al. (***ref***) study the deleterious effects of links with poor information scent add about 8 sec for every wrong navigation choice.  Those users, however, were foraging through a linear search space. In the more complex network organization of the Web, small perturbations in the quality of information scent can cause qualitative shifts in the cost of browsing. This can be illustrated by application of an analysis of phase transitions in heuristic search developed by Hogg and Huberman (***ref***) based on random graph theory.
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Figure 2. Idealized search trees for heuristic search under perfect information scent (heavy solid lines) and no information scent (random, light solid lines). Dotted lined illustrate unpursued paths in the full search tree.

Consider an idealized case of browsing for information by surfing along links in the Web.  The information structure will generally be a lattice of interlinked Web page. At each visited page, the browsing will involve choosing a link to pursue from a set of presented links. Assume that the browsing takes the form of a hierarchically arranged search tree in which branches are explored, and if unproductive, the user returns to previously visited pages. To an approximation this matches observation, as will be described below. This somewhat idealized case of hierarchically organized Web search is summarized in Figure 2. The search tree may be characterized by a branching factor b corresponding to the average number of alternatives available at each decision point.  The desired target information may occur at various depths, d, in the search tree (see Figure 2). At each node in the tree (corresponding to a Web page) some paths are eliminated by consideration of the information scent associated with links to those paths. Improved information scent will improve the elimination of unproductive paths. If information scent were perfect, then the user would make no incorrect choices. Let us associate a false alarm factor, f, with the probability of failing to eliminate an incorrect link. At the extremes, perfect information scent would correspond to f  = 0 (all wrong paths eliminated) and random guessing would correspond to f = 1 (no wrong paths eliminated). In Figure 2 the heavily weighted line illustrates a search involving perfect information scent (f = 0), the light line illustrates a random search (f = 1), and the dotted lines flesh out the extent of the full search tree. 

According to Huberman and Hogg (***ref**), the average number of nodes examined in such a hierarchical search process will be,
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(2)
Equation 2 captures a three-way interaction of information scent, f, branching factor, b, and depth, d. With perfect information scent (f = 0), the search cost is just d.  In a random search (f = 1) the search process must visit about half the nodes on average before target information is found.
Figure 3 shows the effects of perturbations in false alarm rates more concretely
 by displaying search cost functions for a hypothetical website with branching factor b = 10.  Search cost refers to the number of pages a user must visit before arriving at the desired page.  The curves represents cost functions for links with false alarm rates of f = .015, .100, .125, and .150.  One can see that the search cost regime changes very little as f ranges from .015 to .100, but changes dramatically as f becomes greater than .100.  Indeed, for a branching factor of b = 10, there is a phase change from a linear search cost to an exponential search cost at the critical value of f = .100.  Small improvements in the false alarm rates associated with individual links can have dramatic qualitative effects on surfing large hypertext collections.
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Figure 3.  Effects of perturbations of false alarm rates on a hypothetical Web site with branching factor b = 10.
Hierarchical Patch Structure of the Web

One of the conventional models in the optimal foraging theory (***ref***) deals with cases in which an organism faces an environment that has a patchy arrangement of food sources, such as birds that feed on berries that cluster on bushes that are more or less randomly scattered in the environment. The rational choice models in this area concern decisions of how long to forage in a patch (e.g., a berry bush) that exhibits diminishing returns before moving on to search for another patch. In keeping with the literature on foraging theory, I refer to groupings of information generically as information patches—the idea being that it is easier to navigate and process information that resides within the same patch than to navigate and process information across patches. The term “patch” suggests a locality in which within-patch navigation distances are smaller than between-patch distances. Pirolli and Card (***ref**) present the classical patch model from optimal foraging theory and show its application to user behavior in browsing a document clustering system called Scatter/Gather (***ref***).

Simon’s (1962) work on the architecture of complexity argued that information systems tend to evolve towards hierarchical organizations. In part this has to do with robustness, but it also has to do with efficiency. Efficient hierarchically arranged information systems can emerge from decentralized social processes.  Empirical studies of the link structure of the Web reveal a hierarchical patchy structure. Web sites tend to have more links to other pages within the same Web site than links to other Web sites. Eiron and McCurley (2003) studied the hierarchical arrangement of the Web in an analysis of 616 million pages from 12.5 million Web sites sampled from a crawl of the Web conducted in 2002. Eiron and McCurley divided a sample of 534,894 links into Intra-directory links (as indicated by the Uniform Resource Location or URL), Up and Down links (those that go up or down the directory hierarchy), Across links (links within the host Web site that do not belong to the previous categories), and External links that go outside the Web site host. The distribution of links was: 41.1% Intra-directory, 11.2% Up, 3.9% Down, 18.7% Across, and 25.0% External (this analysis ignored 0.9% of links that were self-referential). In other words, 75.0% of the links from Web pages go to other Web pages within the same Web site and 54.8% of the with-site links go to Web pages in the same directory. Eiron and McCurley (2003) also found a strong correlation between the tree distance measured on the directory structure of a Web site (as indicated by the URL structure) and the probability of occurrence of a hyperlink at that distance. In particular, the probability of a hyperlink existing between two Web pages decreases exponentially with their tree distance in the directory structure of a Web site host. Eiron and McCurley suggested that this localization of hyperlinks reflects the social organizations surrounding the authorship process. For instance, the organization of groups within departments, within schools, within universities, might be reflected in a Web site directory structure. Authors will tend to link to pages written by authors they know, and the likelihood of inter-author familiarity will decrease with tree-distance in the hierarchy of the social organization, which is often reflected in the Web site directory structure. Regardless of the ultimate evolutionary causes, it is clear that the Web is organized into a hierarchy of patches.

Patchiness of Task-Relevant Content
Web users often surf the Web seeking content related to some topic of interest, and the Web tends to be organized into topical localities. Davison (2000) analyzed the topical locality of the Web using 200,998 Web pages sampled from approximately 3 million pages crawled in 1999.  Davison assessed the topical similarity of pairs of Web pages from this sample that were: Linked (had a link between them), Siblings (linked from the same parent page), and Random (selected at random). The similarities were computed by a normalized correlation
 or cosine measure, r, on the vectors of the word frequencies in a pair of documents (Manning & Schuetze, 1999).
 The Linked pages showed greater textual similarity (r = .23) than Sibling pages (r = .20), but both were substantially more similar than Random pairs of pages (r =.23).

Figure 4 shows how topical similarity between pages diminishes with the link distance between them. To produce Figure 4, I used data collected from the Xerox.com Web site in May, 1998 (used for another purpose in, Pitkow & Pirolli, 1999) and I computed the page-to-page content similarities for all pairs of pages at minimum distances of 1, 2, 3, 4, and 5 degrees of separation.  The similarities were computed by comparing normalized correlations of vectors of the word frequencies in a pair of documents (Manning & Schuetze, 1999). Figure 4 shows that the similarity of the content of pages diminishes rapidly as a function of shortest link distance separating them. Figure 4 suggests that the Web has topically related information patches.

Of course, what users actually see as “links” on the Web are sets of proximal cues such as those in Figure 1. Davison (2000) compared elaborated anchor text (the anchor plus additional surrounding text, having a mean of 11.02 terms) to a paired document that was either Linked (the page linked to the anchor) or Random (a random page). The normalized correlation (cosine) similarities were Linked r = .16 and Random r ( 0. Davison’s analysis of the correlation of proximal cues to distal content confirms our intuition that the cues have ecological validity.
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Figure 4. The similarity (normalized correlation of document word frequency vectors) of pairs of Web pages as a function of the minimum link distances separating the pairs. Data collected from the Xerox.com WWW site, May 1998.
Summary


The rational information forager gathers and uses external content to improve solutions to tasks that occur in the ecology of tasks in which it is situated. When people are asked to report tasks they deem “significant,” the majority of responses identify ill-structured problems requiring the acquisition of additional knowledge from external content sources. In the ecology of tasks and external content, the adaptive forager chooses interaction methods and action that tend o optimize the utility of information gained as a function of interaction cost, when feasible.
In the ecology of information on the Web, users cannot have perfect knowledge of where to find desirable information. When navigating the Web by following links, users must use local proximal cues, called information scent, to make navigation choices. These judgments based on these proximal cues are not guaranteed to be perfect. In general, it is expected that cues have only a probabilistic relationship to distal desired information sources. Information on the Web is arranged into hierarchical patches. Users need to detect whether a patch of information is relevant to their needs, and when to give up on a patch and seek another one. Assessing the local information scent cues over a series of visited pages might be one method for making these patch-leaving decisions.
From the standpoint of rational analysis we might expect that information foragers on the Web: (1) choose pursuit actions that maximize the expected gain relative to the cost, (2) leave patch when diminishing returns on the expected value of an information patch get too small. Information scent cues are expected to be useful to the information forager in at least two ways. First, information scent provides a way of judging the utility of following alternative paths (i.e., choosing a link from a set of links presented on a Web page). Second, information scent provides a way of detecting that one is moving out of a patch of topical relevance (i.e., by detecting that the quality of information scent is dwindling as in Figure 4).
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Figure 5. An cognitive structure representing some desired goal information (D) upon encounter with some proximal information scent cues (P).
Rational Analysis of Information Foraging and Information Scent

Anderson (Anderson, 1990; Anderson & Milson, 1989) presented a rational analysis of human memory that serves as one basis for the rational analysis of information scent presented here.  Anderson and Milson (1989) proposed that human memory is designed to solve the problem of predicting what past experiences will be relevant in ongoing current proximal contexts, and allocating resources for the storage and retrieval of past experiences based on those predictions.  The rational analysis of information scent is framed by a different assumption, but ends up with a derivation that parallels the rational analysis of human memory.  The assumption is that the goal of the information forager is to use proximal external information scent cues (e.g., a Web link) to predict the relevance of a distal sources of content (e.g., the Web pages associated with a Web link). 
Bayesian Analysis of Information Scent
Figure 5 presents an example for the purposes of discussion in this section.  Figure 5 assumes that a user has the goal of finding distal information about medical treatments for cancer, and encounters a hypertext link labeled with the text that includes “cell”, “patient”, “dose”, and “beam”.  The user’s cognitive task is to predict the likelihood that a distal source of content contains desired information based on the proximal cues available in the hypertext link labels.

Bayes Theorem can be applied to the information foraging problem posed by situations such as those in Figure 5.  The probability that a distal content structure has desired information features, D, given a structure of proximal features, P, can be stated using Bayes Theorem as,

Pr(D|P) = Pr(D) ( Pr(P|D),
(2)

where Pr(D|P) is the posterior probability of distal content D conditional on the occurrence of proximal structure P, Pr(D) is the prior probability (or base rate) of D, and Pr(P|D) is the likelihood of P occurring conditional on D.  It is mathematically more tractable to conduct the analysis using log odds.  The odds version of Bayes Theorem in Equation 2 is
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where Pr(D|~P) is the probability of distal content D conditional on a context in which proximal structure P does not occur, Pr(~D) is the prior probability of D not occurring, and Pr(P|~D) is the probability of P occurring given that D does not occur. 

For concreteness, assume that the distal content structure D is the information contained on a Web page and that we represent D as a set of concepts corresponding an information goal. Assume, likewise, that the proximal information scent structure P is represented as a set of the concepts corresponding to the words (images, etc.) on a Web link.
Following Anderson and Milson (***ref***), make the simplifying assumption of the conditional independence of features, so that Equation 3 may be written as an odds equation for each individual feature i of the distal content structure D and each individual feature j of the proximal information scent structure,
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(4)
where Pr(i|j) is the conditional probability of a distal concept or feature i occurring given that a proximal concept or feature  j is present, Pr(~i|j) is the posterior probability of i not occurring when j is present, Pr(i) is the prior probability (base rate) of distal feature i occurring, Pr(~i) is the probability of i not occurring, and Pr(j|i) is the likelihood of proximal feature j occurring given distal feature i.  Pr(i|~j) is the probability of i occurring when j does not occur. We may assume (as does Anderson & Milson ***ref**) that
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if the occurrence of concepts i and j together is extremely small relative to the occurance of concept i, which is usually the case with concepts ocurring in the linguistic environment. This means that the likelihood of concept i given that concept j is in among the information scent cues is approximately
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(5)
As will be discussed below, this approximation is equivalent to the measure of Pointwise Mutual Information (PMI) that has currency in the information retrieval literature. As will be discussed, the likelihood ratio in Equation 5 has been shown to be a very good predictor of human judgments of the similarity of word i and j.

With the approximation in Equation 5, the Equation 4 may be re-written as,
,
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Taking the logarithms of both sides of Equation 4 leads to an additive formula,
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or
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where
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Equation 8 has the same form as the spreading activation equations used to model human memory that were derived in the Bayesian analysis of Anderson and Milson (***ref***). This Bayesian analysis specifies the prediction problem facing the information forager in a probabilistically textured environment.  The argument is that a rational (adaptive) solution on the part of the information forager would be to develop mechanisms and strategies that implement an approximation to the solution in Equation 8.

Mapping the Bayesian Rational Analysis to Spreading Activation

Having specified a Bayesian analysis of information scent in an ecologically rational way, we can illustrate the proposed cognitive mechanisms for performing these computations.  Pirolli (1997) proposed a spreading activation model of information scent. Spreading activation models are neurally inspired models that have been used for decades in simulations of human memory (e.g., Anderson, 1976; Anderson & Lebiere, 2000; Anderson & Pirolli, 1984; Quillan, 1966). In such models, activation may be interpreted metaphorically as a kind of mental energy that drives cognitive processing. Activation spreads from a set of cognitive structures that are the current focus of attention through associations among other cognitive structures in memory.   These cognitive structures are called chunks (Anderson & Lebiere, 2000; Miller, 1956; Simon, 1974).

Figure 5 presents a scenario for a spreading activation analysis.  The chunks representing proximal cues are presented on the right side of Figure 5.   Figure 5 also shows that there are associations between the goal chunks (representing needed distal information) and proximal cues (the link summary chunks).  The associations among chunks come from past experience. The strength of associations reflects the degree to which proximal cues predict the occurrence of unobserved features. For instance, the word “medical” and “patient” co-occur quite frequently and they would have a high strength of association.  The stronger the associations (reflecting greater predictive strength) the greater the amount of activation flow.  These association strengths are reflections of the log likelihood odds developed in Equation 8. 

Previous cognitive simulations (Pirolli, 1997; Pirolli & Card, 1999)  used a spreading activation model derived from the ACT-R theory (Anderson & Lebiere, 2000).  The activation of a chunk i is
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where Bi is the base-level activation of i, Sji is the association strength between an associated chunk j and chunk i, and Wj is reflects attention (source activation) on chunk j.  Note that Equation 9 reflects the log odds Equation 8 but now includes a weighting factor W that characterizes capacity limitations of human attention.  One may interpret Equation 9 as reflection of a Bayesian prediction of the likelihood of one chunk in the context of other chunks.  Ai in Equation 9 is interpreted as reflecting the log posterior odds that i is likely, Bi is the log prior odds of i being likely, and Sji reflects the log likelihood ratios that i is likely given that it occurs in the context of chunk j. This version of spreading activation was used in the past (Pirolli, 1997; Pirolli & Card, 1999) to develop models of information scent.  The basic idea is that information scent cues in the world activate cognitive structures.  Activation spreads from these cognitive structures to related structures in the spreading activation network.  The amount of activation accumulating on the representation of a user’s information goal provides an indicator of the likelihood of the distal features based on the proximal scent cues.

The Random Utility Model

The information scent approach originally developed in Pirolli and Card (1999) is consistent in with the Random Utility Model (RUM) framework (McFadden, 1974, 1978). It turns out that the ACT-R model of utility and choice (Anderson & Lebiere, 2000) is very similar to a RUM, although the ACT-R utility model was also developed independent of RUM theory (J.R. Anderson, personal communication, July 2002).
  RUM is grounded in classic microeconomic theory, and it has relations to psychological models of choice developed by Thurstone (1927) and Luce (1959). It’s recent developments are associated with the Nobel Prize work of McFadden (1974; 1978).  

For our purposes, a RUM consists of assumptions about (a) the characteristics of the information foragers making decisions, including their goal(s), (b) the choice set of alternatives, (c) the proximal cues (attributes) of the alternatives, and (d) a choice rule.  For current purposes, we will assume a homogenous set of users with the same goal G with features, i ( G (and note that there is much interesting work on RUMs for cases with heterogeneous user goals).   Each choice made by a user concerns a set C of alternatives, and each alternative J is an array of displayed proximal cues, j ( J, for some distal information content. Each proximal cue j emits a source activation Wj. These source activations spread through associations to features i that are part of the information goal G.  The activation received by each goal feature i is Ai and the summed activation over all goal features is 
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The predicted utility UJ|G of distal information content based on proximal cues J in the context of goal G is:
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where
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is the summed activation, and where (J|Q is a random variable error term reflecting a stochastic component of utility. Thus, the utility UJ|Q is composed of a deterministic component VJ|Q and a random component (J|Q.  RUM assumes utility maximization where the information forager with goal G chooses J if and only if the utility of J is greater than all the other alternatives in the choice set, i.e., 


UJ|G  > UK|G  for all K ( C.
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Stated as a choice probability, this gives,
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Because of the stochastic nature of the utilities UK|G it is not the case that one alternative will always be chosen over another.

The specific form of the RUM depends on assumptions concerning the nature of the random component (i associated with each alternative i. If the distributions of the (i are independent identically distributed Gumbel distributions (double exponential),
 then Equation 11 takes the form of a multinomial logit
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where ( is a scale parameter.
  If there is only one alternative to choose (e.g., select J or do not select J) then Equation 11 takes the form of a binomial logit,
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Relating the Spread of Activation to Utility and Choice Probability

For a navigation judgment, we can now specify how the computation of spreading activation yields utilities by substituting Equation 9 into Equation 10:
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(14)

Equations 12, 13, and 14 provide a microeconomic model for the choice of Web links that is grounded in an underlying cognitive model of utility. Because of its connections to microeconomics and econometrics there is a considerable body of work on the statistical estimation of RUMs from choice and ratings data (e.g., Walker & Ben-Akiva, 2002), which could provide an influx of new measurement technology into cognitive science and human-computer interaction.
It should be emphasized this theory of information scent is not a part of the standard ACT-R theory. The spreading activation model of information scent is not the same as the ACT-R theory of spreading activation and the utility model based on information scent is not the same as the ACT-R model of utility. In ACT-R, spreading activation emits from goal chunks and is used to retrieve relevant chunks from memory. In the theory of information scent, cues from the external world are sources of activation the activation levels of goal chunks are used to assess utility. In ACT-R, the utility assessments are based on the past successes and failures of actions. In the theory of information scent, the utility assessments are based on spreading activation. It is perhaps better to think of the spreading activation theory of information scent as being a kind of rational analysis of the categorization of cues according to their expected utility.

Estimating Strengths of Association

As discussed in Pirolli and Card (1999), it is possible to automatically construct large spreading activation networks from on-line text corpora.  In early research (Pirolli, 1997; Pirolli & Card, 1999), we derived these networks from the Tipster corpus (Harman, 1993).  Unfortunately, the Tipster corpus does not contain many of the novel words that arise in popular media such as the Web.  In the SNIF-ACT model (Pirolli & Fu, 2003) discussed below, we augmented the statistical database derived from Tipster by estimating word frequency and word co-occurrence statistics from the Web using a program that calls on the AltaVista search engine to provide data.  Recently, Turney (2001) has shown that Pointwise Mutual Information (PMI) scores computed from the Web can provide good fits to human word similarity judgments and, as discussed above, PMI is very nearly equal to the inter-chunk association strength Sji 7 (see Farahat, Pirolli, and Markova, submitted, for details).

Information Patch-leaving Policy
What is known as the conventional patch model in optimal foraging theory (***ref***) deals with the optimal policy for the amount of time to spend in food patches before leaving. Applications of variations of that model to information foraging are discussed in Pirolli and Card (***ref***). Here I present another variation that has ties to work investigating stochastic models of food foraging (***ref***) and studies of the aggregate behavior of large numbers of users browsing on the Web (***ref***).
Assume that the experiential state of the information forager at time i is represented as a state variable Xi, and Xi,= x. is a particular state value. For current purposes, assume that this state variable includes some representation of the current Web page that has just been revealed and perceived by the information forager. The utility U as a function of the current user state, U(x), of continued (optimal) link browsing in the current information patch can be represented by the expectation,
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In keeping with the discussion above, we might assume that U(x) is determined by choosing links having the maximum expected stochastic utility according to the RUM model. The expected time cost, t, of future (optimal) link browsing can be represented as an expectation
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where T is a random variable representing future time costs. The value U(x) of foraging for time t in the current information patch (e.g., Web site) must be balanced against the opportunity cost C(t) of foraging for that amount of time. This defines what McNamara (***ref***) called the potential function, h(x), for continued foraging in the current patch,
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and the optimal forager is one that maximizes this potential function.

McNamara’s (***ref***) model characterizes the opportunity cost C(t) in terms of the overall long-term average rate of gain of foraging, R*,
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In the case of information foraging on the Web, we might assume this refers to the overall average long-term rate of gain of foraging on the Web for similar tasks. The intuition behind Equations 17 and 18 is that the utility of foraging in the current patch must be greater than or equal to the average rate of returns for foraging (otherwise continued foraging is incurring an opportunity cost). In other words, an information forager should continue foraging so long as,
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The overall average rate of gain, R*, could be characterized in terms of the mean utility 
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of going to a relevant Web site, the mean time spent setting up to go to the next relevant site (e.g, by using a search engine or guessing and typing URLs), 
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Assuming Equation 20, we may rewrite the Inequality 19 as a rule to continue foraging so long as the rate of gain from the current information patch (e.g, Web site) is greater than the expected rate of gain of going to another relevant information patch.
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This decision to stop foraging in an information patch when the expected rate of gain drops below R* is a stochastic version of the patch-leaving rule in the conventional patch model known as Charnov’s Marginal Value Theorem (***ref***). Note that the discussion here has implicitly assumed that the information forager has perfect knowledge of the relevant environmental values in Equations 18 through 21 (i.e., any learning is near asymptote). McNamara (***ref***) discusses some stochastic learning models for foragers and how learning introduces systematic deviations from Charnov’s Marginal Value Theorem. Specifically, one would expect a forager to remain in the patch slightly longer than predicted by the Marginal Value Theorem if learning from rewards. Incorporating learning into the stochastic patch model presented here is open for future research.
The Law of Surfing

One interesting consequence of this formulation of foraging in information patches is that it leads to predictions (***ref***) concerning patterns of aggregate behavior on the Web—specifically what has been called the Law of Surfing. The Law of Surfing characterizes the distribution of the length, L, of sequences of page visits by Web users. The Law of Surfing is based on the assumption that Web users can be modeled by a random walk process in which the expected utility from continuing on to the next state is stochastically related to the expected utility of the current state,
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where 
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 are independent identically distributed (IID) Gaussian distributions. Note that we are discussing aggregates of different surfers with different stochastic utility functions. The constraint of IID Gaussian noise is expected from the Central Limit Theorem. Figure 4, which presents the similarity of Web pages as a function of number of degrees of separation supports the assumption that the utilities of adjacent pages are related as assumed in Equation 2.
From an initial page at a Web site we expect users to continue browsing (surfing) following the random walk specified in Equation 22 until the threshold specified in Inequality 19 is reached. In the limit (see Lukose & Huberman, ***ref***) this is the same as the analysis of first passage times in Brownian motion. The probability density function of L, the length of sequences of Web page visits, is distributed (as are the first passage times in Brownian motion) as an inverse Gaussian distribution (***ref***),
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where the parameter  is the mean, and  is related to the mean and variance as 
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. The inverse Gaussian is a skewed distribution that looks very much like the more familiar lognormal distribution, and it has a number of interesting properties that will be discussed below in application to data. Web site developers are often interested in the amount of content that users will visit on their Web site (or the amount time they will spend). The Law of Surfing is relevant to characterizing these data of interest.

Empirical Evaluations
Information Scent

Pirolli and Card (***ref***) presented a cognitive model, ACT-IF, that simulated users in a controlled experiment in which they performed information-seeking tasks with a browser called Scatter/Gather (***ref***). ACT-IF simulated the browsing actions of users using spreading activation networks that were automatically computed from the base rates frequencies and co-occurrence frequencies of words in the Tipster corpus.
 As a side evaluation of these automatically computed spreading activation networks, Pirolli and Card (***ref***) compared information scent computations from the ACT-IF simulation to human judgments of the expected utility of cluster summaries presented on Scatter/Gather windows. Each cluster summary was a small piece of text that Scatter/Gather used to summarize a topically related set of documents to the user, for instance:
Cluster-0 (38940) cell, patient, radiation, dose, beam, disease, treatment,
 AP: Early Results In Hospital Patient Study Sho (aid, study, percent, health,)

 DOE: Doses of secondary radiation appearing as  (radiation, dose, exposure)

 AP: Poll: AIDS Test Confidentiality Opposed in (percent, study, drug, report)

Each such cluster summary began with a line indicting the cluster label (clustrer-0), the he number of documents in the cluster (38, 940), and a set of key words summarizing the central concepts for the cluster of documents (cell, patient, radiation, dose, beam, disease, treatment). These key words were automatically computed. The next three lines summarizes the three most representative documents in the cluster by their source (e.g., “AP”), some words from the titile, and a list of words representing the central concepts in the document.

Each Scatter/Gather window usually presented 10 of these cluster summaries, and each set of documents summarized by a cluster summary might range from a few documents to several hundred thousand documents. As described in detail elsewhere (***ref***) users interacted with the system by collecting together and decomposing clusters to get to small sets of highly relevant documents. The side-study in Pirolli and Card (***ref***) asked users to estimate the percentage of relevant documents contained in the set of documents represented by cluster summaries presented in Scatter/Gather windows that the users encountered as they pursued their experimental tasks. The comparison of users’ stated estimates to scores predicted by spreading activation in our ACT-IF simulation is presented in Figure 6. ACT-IF used one scaling parameter used to adjust the empirical frequencies obtained from Tipster to set the spreading activation networks. The fit of ACT-IF to observed browsing behavior reported in Pirolli and Card (***ref***) contained no other free parameters estimated from user data. The fit to the stated preferences in Figure 6 uses the same spreading activation networks and a linear regression to map the activation values onto percentages. 
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Figure 6.  Ratings of cluster summaries predicted by information scent plotted against the observed ratings produced by users.

Blackmon (***ref***; see also Kitajima***) has had success in modeling Web navigation behavior using Latent Semantic Analysis (LSA) as a way of computing information scent, rather than using the specific spreading activation model proposed above. Katz and Byrne (***ref***) also use LSA as a way of calculating information scent in a study of users’ preferences for using search or browsing. LSA is a technique that provides good fits to human similarity judgments. In application to modeling Web browsing, the assumption is that the judgments about the relevance of Web links are the same thing as judging the similarity of the Web link to a user’s goal.
It appears that spreading activation networks (or equivalently, PMIs) yield similarity judgments that are comparable and to LSA. Turney (***ref***) computed PMI scores (which approximate strength of association scores ) using a standard Web search engine, by estimating P(i|j) from the number of documents in which the two words i and j occurred and P(i) from the number of documents in which just i occurred. On a version of the college Test of English as a Foreign Language (TOEFL test) of word similarity, students score 64.5%, LSA 64.4%, and Web based PMI (or, equivalently, association strengths) 62.5%. 
Farahat, Pirolli, and Markova (***ref***) have developed an efficient method of computing PMIs (association strengths) from a combination of a locally stored subset of the Web, with the Web used as a backup for computing word similarities that are not stored locally.  Table 3 presents comparisons to LSA, and to human data where available. The first two rows of tests were conducted on the WordSim363 data set (***ref***), which consisted of 353 noun pairs rated for relatedness on a 10 point scale by N = 16 participants. Table 3 reports both the Pearson product-moment correlation and the Spearman rank correlation of the noun-pair similarity scores computed by PMI or LSA. Table 3 also presents the comparisons using the TOELF, which consists of 80 multiple choice questions about synonyms, the English as a Second Language (ESL) test, which consists of 50 synonym test questions, and a collection of Readers Digest Word Power questions.  On all tests, PMI scored as well or better than LSA.
We believe there are reasons, theoretical and practical, for preferring to compute information scent scores from PMI estimates. First, the underlying theory, outlined above, is consistent with a rational analysis that integrates in a consistent way with a broader theory of information foraging. Second, it is easily possible to estimate PMIs and, importantly, easy to incrementally update a set of PMI similarity scores. The LSA similarity score of a pair of items is dependent on all the pairs of items in a data set. Conceptually, to compute a similarity score for a new pair of items (not in the current set) requires recomputation of the LSA for the entire dataset plus the new items, which is typically an O(N3) time cost, although some recent algorithm can do incremental updates in O(N2) time. In the Farahat et al scheme, each similarity score is computed independently in constant time.
Table 3

Comparison of similarity judgments based on Pointwise Mutual Information (PMI), Latent Semantic Analysis (LSA), and human (where available).

	Test
	PMI
	LSA

	WordSim353
Spearman Correlation


	0.65
	0.65

	WordSim353

Pearson Correlation


	0.52
	0.54

	TOEFL %Correct
(Mean human = 65%)


	66%
	65%

	Reader Digest %Correct

	60%
	46%

	ESL %Correct

	56%
	46%


Information Patch-leaving and the Law of Surfing
The Law of Surfing was tested in Huberman et al. (***ref**) and additionally validated  in Lukose and Huberman (***ref**). Here, I review a couple of the evaluations in Huberman et al. (***ref***) to illustrate the general findings. Figure 7 presents a typical empirical distribution of the length of paths taken by visitors to a Web site, along with a fitted inverse Gaussian distribution. Note the long positive tail, which yields a mean that is typically much larger than the mode. Figure 9 plots another distribution of path lengths from another Web site in log-log coordinates. Figure 9 has the empirical appearance of a power law distribution with an exponent of approximately -3/2. It turns out (***refs***) that this is characteristic of the inverse Gaussian distribution when  < Var[L]
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Figure 7.  The normalized frequency distribution of users as a function of depth of surfing.  The observed data were collected at the Boston University during late 1994 and early 1995.  The fitted inverse Gaussian distribution has a mean of  = 51.19 and  = 3.53.


[image: image41.wmf]1

1

0

1

0

0

1

0

0

0

1

1

0

1

0

0

1

0

0

0

l

o

g

(

D

e

p

t

h

)

l

o

g

(

F

r

e

q

u

e

n

c

y

)


Figure 8.  The frequency distribution of surfing depths on log-log scales. Data collected from the Georgia Institute of Technology, August 1994.

SNIF-ACT: Scent-based Navigation and Information Foraging
A model called SNIF-ACT (Pirolli & Fu, 2003) was developed to simulate the participants in a Web study described in Card et al. (***ref***). Card et al. summarized extensive analyses of verbal protocol, WebLogger logs (which trace user and browser actions), and eye tracking data collected from four participants in a Web study who worked on two tasks designed to be similar to ones reported by real-world users (***Morrison***). The tasks presented to users were:
· City task. You are the Chair of Comedic events for Louisiana State University in Baton Rouge, LA. Your computer has just crashed and you have lost several advertisements for upcoming events. You know that The Second City tour is coming to your theater in the spring, but you do not know the precise date. Find the date the comedy troupe is playing on your campus. Also find a photograph of the group to put on the advertisement.
· Antz task. After installing a state of the art entertainment center in your den and replacing the furniture and carpeting, your redecorating is almost complete. All that remains to be done is to purchase a set of movie posters to hang on the walls. Find a site where you can purchase the set of four Antz movie posters depicting the princess, the hero, the best friend, and the general.
A user-tracing architecture (***ref***) was developed to match the SNIF-ACT simulation to the detailed WebLogger logs and coded verbal protocols from the four participants working on these two tasks.
SNIF-ACT extends the ACT-R theory and simulation environment (Anderson & Lebiere, 2000).  ACT-R is a hybrid production system architecture designed to model human psychology. It is a hybrid because it combines production rule processing with neural-like connectionist processing. ACT-R contains three kinds of assumptions about: (1)  knowledge representation, (2) knowledge deployment (performance), and (3) knowledge acquisition (learning).   There are two major memory components in the ACT-R architecture: a declarative knowledge component and a procedural knowledge component. The distinction between these two kinds of knowledge is close to Ryle’s (1949) distinction between knowing that and knowing how.  One kind of knowledge (knowing that; declarative) is the kind that can be contemplated or reflected upon, whereas the other kinds of knowledge (know-how; procedural) is tacit and directly embodied in physical or cognitive activity.

Declarative knowledge corresponds to things that we are aware we know and that can be easily described to others, such as the state of a browser, the content of Web links, the functionality of browser buttons, or information goals.  Declarative knowledge is represented formally as chunks in ACT-R.  Declarative chunks in ACT-R have activation values.  Activation spreads from the current focus of attention, including goals, through associations among chunks in declarative memory.  Goals are also represented as chunks. At any point in time, ACT-R is focused on a single goal.  

Procedural knowledge specifies how declarative knowledge is transformed into active behavior.  Procedural knowledge is represented formally as condition-action pairs, or production rules. For instance, the SNIF-ACT simulations contain the production rule (summarized in English):

Use-Search-Engine:

IF
the goal is Goal*Start-Next-Patch 


& there is a task description


& there is a browser


& the browser is not at a search engine

THEN


Set a subgoal Goal*Use-search-engine

The production (titled Use-search-engine) applies in situations where the user has a goal to go to a Web site (represented by the tag Goal*Start-Next-Patch), has processed a task description, and has a browser in front of them. The production rule specifies that a subgoal will be set to use a search engine. The condition (IF) side of the production rule is matched to the current goal and the active chunks in declarative memory, and when a match is found, the action (THEN) side of the production rule will be executed. Roughly, the idea is that each elemental step of cognition corresponds to a production. At any point in time, a single production fires. When there is more than one match, the matching rules form a conflict set, and a mechanism called conflict resolution is used to decide which production to execute. The conflict resolution mechanism is based on a utility function. The expected utility of each matching production is calculated based on this utility function, and the one with the highest expected utility will be picked.  In modeling Web users, the utility function is provided by information scent.

Utility and Choice by Information Scent

In a SNIF-ACT simulation, information scent cues on a computer display activate chunks and spread through the declarative network of chunks. The amount of activation accumulating on the chunks matched by a production is used to evaluate and select productions. The activation of chunks matched by production rules is used to determine the utility of selecting those production rules. This is the most significant difference between SNIF-ACT and ACT-R, which does not have an activation-based model of utility.

For instance, the following Click-link production rule matches when a Web link description has been read,

Click-link:

IF
the goal is Goal*Process-element 


& there is a task description


& there is a browser


& there is a link that has been read


& the link has a link description

THEN


Click on the link

If selected, the rule will execute the action of clicking on the link.  The chunks associated with the task description and the link description will have a certain amount of activation.  That combined activation will be used to evaluate the rule.  If there are two Click-link productions matching against chunks for two different links, then the production with more highly activated chunks will be selected. 

The predictions made by the SNIF-ACT model were tested against the user data from Card et al. (***ref***). The major controlling variable in the model is the measure of information scent, which predicts two major kinds of actions: (1) which links on a web page people will click on, and (2) when people decide to leave a site. These kinds of actions were therefore extracted from the log files and compared to the predictions made by the model. We called the first kind of actions link-following actions, which were logged whenever a participant clicked on a link on a web page. The second kind of actions was called site-leaving actions, which were logged whenever a participant left a web site (and went to a different search engine or web site). The two kinds of actions made up 72% (48% for link-following and 24% for site-leaving actions) of all the 189 actions extracted from the log files.  

Link-following actions

The SNIF-ACT model was matched to the link-following actions extracted from the data sets. Each action from each participant was compared to the action chosen by the simulation model. Whenever a link-following action occurred in the user data we examined how the SNIF-ACT model ranked (using information scent) all the links on the web page where the action was observed. We then compared the links chosen by the participants to the predicted link rankings of the SNIF-ACT model. If there were a purely deterministic relationship between predicted information scent and link choice, then all users would be predicted to choose the highest ranked link.  However, we assume that the scent-based utilities are stochastic (McFadden, 1974, 1978)  and subject to some amount of variability due to users and context (which is also consistent with ACT-R (Anderson & Lebiere, 2000)). Consequently we expect the probability of link choice to be highest for the links ranked with the greatest amount of scent-based utility, and that link choice probability is expected to decrease for links ranked lower on the basis of their scent-based utility values.

Figure 9 shows that link choice is strongly related to scent-based utility values.  Links ranked higher on scent-based utilities tend to get chosen over links ranked lower.  There are a total of 91 link-following actions in Figure 12. The distribution of the predicted link selection was significantly different from random selection (2 (30) = 18,589, p < 0.0001. This result replicates a similar analysis made by Pirolli and Card (Pirolli & Card, 1999) concerning the ACT-IF model prediction of cluster selection in the Scatter/Gather browser.

Site-leaving actions

To test how well information scent is able to predict when people will leave a site, site-leaving actions were extracted from the log files and analyzed. Site-leaving actions are defined as actions that led to a different site (e.g. when the participants used a different search engine, typed in a different URL to go to a different web site, etc.)  These data are presented in Figure 10. Each data point is the average of N = 12 site-leaving actions observed in the data set. The x-axis indexes the four steps made prior to leaving a site (Last-3, Last-2, Last-1, Leave-Site). The y-axis in Figure 10 corresponds to the average information scent value computed by the SNIF-ACT spreading activation mechanisms. The horizontal dotted line indicates the average information scent value of the page visited by users after they left a Web site.
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Figure 9. Frequency that SNIF-ACT productions match link-following actions. The SNIF-ACT production rankings are computed at each simulation cycle over all links on the same web page and all productions that match.
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Figure 10. Mean information scent on the web page as a function of distance from the last web page before the users left the site.

Figure 10 suggests that users essentially assess the expected utility of continuing on at an information patch (i.e., a Web site) against the expected utility of switching their foraging to a new information patch. Figure 10 also suggests that spreading activation mechanisms compute activation values from information scent cues in order to reflect expected utilities associated with navigation choices.
General Discussion
Like cognitive science studies in education (***ref***), the study of information foraging provides an opportunity to develop scientific theories that simultaneously span behavioral effects that occur within 100 msec to those that take 100 hr to unfold. For instance, the current paper integrates models of behavior associated with judgments about the relevance of individual Web links (which take approximately 1 sec) with models of Web navigation on tasks taking about .5 hr.  These analyses could be integrated with “downward” models of the behavior associated with eye movements over pages, where there is already a promising rational analyses (***ref***) and ACT-R model (**ref***), and “upward” to longer term information foraging tasks. Sense making tasks such as intelligence analysis (*** See Pirolli & Card ***ref***) involve tradeoffs of exploration, enrichment, and exploitation over spans of hours to days to months to years that may be amenable to rational analyses and cognitive models.

Theories of information foraging on the Web might be expected to improve current technology designs. The notion of information scent has already found its way into the vocabulary of Web designers (***ref***). Information foraging theory and the notion of information scent has be used to design improved search and browsing tools for the Web (****Chi & Olston***). Cognitive models of human foraging on the Web might provide insights for improvements to softbot technologies. Cognitive engineering models have been developed to assess browser designs (**ref** and Web site design (***ref***). More generally, a science of information foraging may address the problem that “thanks to science and technology, access to factual knowledge of all kinds is rising exponentially while dropping in unit cost…We are drowning in information, while starving for wisdom.” - E.O. Wilson (1998, p. 269).
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� The remaining two questions posed by Tinbergen concern the ontogeny and phylogeny of behavior.


� See Glimcher (***ref***) for how Marr’s work inspired a parallel rational analysis approach to understanding neuroscience.


� This term is due to Ken Ford (personal communication, June 2003).


� It is important to note that this is not the only evolutionary tendency one might propose for human-information interaction (see Resnikiff p. 19-21 one interesting set ***ref***).


� This search cost analysis follows the analysis of heuristic search developed by Huberman and Hogg (1987).
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� Davison used two additional measures that yielded similar results.


� As pointed out to me by Werner Tack (personal communication, August 2003) the reason why ACT-R is not quite an RUM is because it includes a lower threshold that action utilities must surpass in order to be form a choice set.
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� Indeed, my original derivation of the spreading activation model and probability of choice model presented in Pirolli and Card (***ref***) started with the exemplar based models of categorization of Medin and Shafer (***ref**) and Krushke (***ref***).


� These statistics were provided to us by our colleague Hinrich Schuetze.
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