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ABSTRACTReommender systems provide personalized suggestions aboutitems that users will �nd interesting. Typially, reom-mender systems require a user interfae that an \intelli-gently" determine the interest of a user and use this infor-mation to make suggestions. The ommon solution, \ex-pliit ratings", where users tell the system what they thinkabout a piee of information, is well-understood and fairlypreise. However, having to stop to enter expliit ratingsan alter normal patterns of browsing and reading. A more\intelligent" method is to use impliit ratings, where a rat-ing is obtained by a method other than obtaining it diretlyfrom the user. These impliit interest indiators have ob-vious advantages, inluding removing the ost of the userrating, and that every user interation with the system anontribute to an impliit rating.Current reommender systems mostly do not use impliitratings, nor is the ability of impliit ratings to predit a-tual user interest well-understood. This researh studies theorrelation between various impliit ratings and the expliitrating for a single Web page. A Web browser was devel-oped to reord the user's ations (impliit ratings) and theexpliit rating of a page. Ations inluded mouse liks,mouse movement, srolling and elapsed time. This browserwas used by over 70 people that browsed more than 2500Web pages.Using the data olleted by the browser, the individual im-pliit ratings and some ombinations of impliit ratings wereanalyzed and ompared with the expliit rating. We foundthat the time spent on a page, the amount of srolling on apage and the ombination of time and srolling had a strongorrelation with expliit interest, while individual srollingmethods and mouse-liks were ine�etive in prediting ex-pliit interest.
1. INTRODUCTIONOne way that intelligent user interfaes an be \intelli-gent" is to understand the intentions of the user. The high-
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level is goal is to understand via interpreting sequenes ofations. The low-level goal is to understand simple ations,suh as srolling down the text on a Web page or bookmark-ing a Web page. Intelligently understanding the interest ofa user in an item is ritial for many systems that use intel-ligent user interfaes, partiularly reommender systems [9,17, 7, 5℄ that provide personalized suggestions about itemsof interest.In order to adaptively reommend information a systemmust have \ratings" on eah item from eah user. The mostommon and obvious solution is for the interfae to use ex-pliit ratings, where users tell the system what they thinkabout some objet (e.g., a musi CD) or piee of informa-tion (e.g., a Newspaper artile). Expliit ratings are well-understood, fairly preise [18℄, and are ommon in everydaylife, due to movie reviews, restaurant `stars', etetera.However:� Having to stop to enter expliit ratings an alter nor-mal patterns of browsing and reading;� Unless users pereive that there is a bene�t from pro-viding ratings, they may stop providing them [4℄. Hene,users may ontinue to read, resulting in system use,but no ratings at all [1℄;� Researh on the GroupLens system [16℄ found thatwith expliit ratings, users were reading a lot moreartiles than they were rating; and� Collaborative �ltering requires many ratings to be en-tered for every item in the system in order to provideaurate preditions (i.e., the \sparsity" problem) [16℄.Hene, expliit ratings, while ommon and trusted, maynot be as reliable as is often presumed. The solution? Useimpliit ratings. An impliit rating is a rating that is ob-tained by a method other than obtaining it `diretly' fromthe user. Obvious advantages of impliit ratings are:� they remove the ost of the user examining and ratingitems;� potentially, every user interation with the system (and,sometimes, the absene thereof) an ontribute to animpliit rating.Although eah impliit rating is likely to be less auratethan an expliit rating, they:� an be gathered for \free";



� an be ombined with other impliit ratings for a moreaurate rating; and� an be ombined with expliit ratings for an enhanedrating (ountering, for example, the \what I say is notwhat I want" problem).We believe that the apture and use of impliit ratingshas signi�ant bene�ts yet poses signi�ant hallenges thathave yet to be investigated.The main objetive of this researh is to ollet, measureand evaluate the preditive power of some promising impliitinterest indiators. We onentrate on interest/approval in-diators for a single, urrent Web page, based on a single be-havioral sign or a pattern of behavior. To aurately gatherimpliit interest indiators, we developed a Web browser,alled The Curious Browser, that allows us to apture usersations as they browse the Web. We deployed the browserin a user study with over 80 people browsing over 2500 Webpages.We analyzed the individual impliit ratings and some om-binations of impliit ratings and ompared them with the ex-pliit ratings. We found that the time spent on a page, theamount of srolling on a page and the ombination of timeand srolling had a strong orrelation with expliit interest,while individual srolling methods and mouse-liks were in-e�etive in prediting expliit interest. Moreover, impliitinterest indiators may be as e�etive as expliit interest in-diators in terms of aurate overage while having none ofthe user-osts from expliitly requesting user interest.The ontributions of this work are:� Experimentally-based statistial analysis of the orre-lation between the impliit interest indiators of mouseativity, keyboard ativity and time with expliit in-terest.� A ategorization of impliit interest indiators.� A Web browser that reords a variety of impliit inter-est indiators.1� The dataset from the user experiments.2The rest of this paper is as follows: Setion 2 desribesrelated work in gathering impliit interest indiators; Se-tion 3 desribes a general ategorization of interest india-tors; Setion 4 details our approah towards gathering im-pliit interest indiators; Setion 5 desribes our user studyexperiments and results; Setion 6 analyzes the results fromthe experiments; Setion 7 presents our onlusions; andSetion 8 mentions some possible future work.
2. RELATED RESEARCHWe have divided related work in impliit ratings into threeategories: work that disusses the onept and appliationof impliit ratings, work that uses the time spent aessingan item as an impliit rating, and work that uses markingan item as an impliit rating.1Download from: http://perform.wpi.edu/2Download from: http://perform.wpi.edu/

2.1 ConceptsNihols [13℄ disusses the osts and bene�ts of using im-pliit ratings for information �ltering appliations. He at-egorizes impliit ratings by the ations a user may perform,suh as \Examine" for reading a whole item, or \Save" forsaving, bookmarking or printing an item. He observes thatthe limited evidene suggests that impliit ratings may havegreat potential, but that there has been little experimen-tal work evaluating their e�etiveness. He identi�es thatproperly understood impliit ratings may be used in severalways: the �rst is to provide more ratings upon whih to basepreditions, and the seond is as a hek on expliit ratingsto deide when to ignore them or not. We propose to pro-vide experimental evaluation of the e�etiveness of impliitratings.Oard and Kim [14℄ build upon work by Nihols [13℄ byategorizing impliit ratings, dividing them into \Examina-tion", where a user studies an item, \Retention" where auser saves an item for later use, and \Referene" where auser links all or part of an item into another item. Theysuggest two strategies for using impliit ratings. Our workproposes to experimentally evaluate one of their two strate-gies using impliit ratings from one of the three ategoriesproposed.
2.2 Experiments on ExaminingMorita and Shinoda [12℄ study the amount of time spentreading a Usenet News artile. They examined users ina arefully ontrolled experimental environment in whihusers were not allowed to interrupt their reading and onlyread a arefully hosen news domain. They �nd that the`time' people spend reading Net News artiles is the primaryindiation of them having interest in it. However, they �ndno orrelation between reading time and message length orreading diÆulty level. We propose to extend the study ofimpliit ratings into a less well-ontrolled environment, withmore types of impliit ratings, to see if their statistially sig-ni�ant results still hold. In addition, the \ontrolled" na-ture of their experiments may have redued the auray oftheir studies, sine in our experiene [2℄, when you instrutpartiipants to read and rate artiles, they atually spendtime reading them even if they do not �nd them interesting.This may make the time/interest orrelation even weaker.Konstan et al [9℄ desribe how the GroupLens system for�ltering Usenet News studied the orrelation between timespent reading an artile and the expliit ratings. They ouldobtain substantially more ratings by using impliit ratings,and preditions based on time spent reading are nearly asaurate as preditions based on expliit ratings. They alsoprovide on�rmation of the results of Morita and Shinoda[12℄. Our work seeks to extend their experiments into alter-native domains, as well as to greatly expand the number ofimpliit ratings examined.Goeks and Shavlik [3℄ measure browsing ativity in an at-tempt to predit the future ativity of the user. They mod-ify Mirosoft's Internet Explorer to measure the amount ofmouse and srolling ativity. A single user browsed the weblooking for spei� douments while their modi�ed browserolleted data. A neural network was trained on the data,to see if they ould aurately predit user ativity on otherdouments the user did not read. While they were able to a-urately predit user behavior for some unread douments,their evaluation did not asertain how well the user ativity
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inferenceFigure 1: Expliit/Impliit Dimension of Interest.orrelates with user interest. Their methodology for gather-ing Impliit Interest Indiators may prove valuable for ourexperiments, and our proposed work will similarly analyzemouse movement and srolling. In addition, we will ana-lyze additional user ativities, while orrelating the data toexpliit interest.

2.3 Experiments on MarkingHill et al [8℄ monitor \read" and \edit" ations on a dou-ment. The amount of time spent reading or editing an itemis termed the \wear" on the item, and is impliitly assumedto indiate interest. However, these impliit ratings were notanalyzed to determine how aurately they orrelated withinterest, but were merely displayed in a srollbar so thatusers an infer interest themselves by the \wear" providedby other users. In addition to their time study, Morita andShinoda [12℄ reord the ations (marks) on the Usenet Newsartiles: posted, saved or followed-up. They hypothesizethat this data ould be useful for prediting interest. How-ever, they do not analyze the orrelation with user interest.Our work provides a methodology for doing this.Siteseer [15℄ uses the overlap between bookmark �les todetermine similarity among individuals. A user's bookmarksare assumed to imply interest. The orrelation among book-marks, is similar to the Fab system desribed above. Ourresearh proposes to study to what degree impliit interestindiators do, in fat, indiate interest. This would allowsystems suh as Siteseer and Fab to adjust their preditionalgorithms aordingly.Letizia [11℄ uses di�erent levels of marking to imply di�er-ent amounts of interest. Letizia, whih works in a web-basedenvironment, infers that saving a referene to an item im-plies a strong amount of interest, following a link impliesa tentative amount of interest, repeated visits indiate aninreasing amount of interest, and passing over a link indi-ates no interest unless the item is seleted later. Our workproposes to expliitly measure the level of interest for similarinterest indiators.
3. INTEREST INDICATOR CATEGORIESImpliit interest indiators an be ategorized in a va-riety of ways. The most basi is to onsider them on anImpliit/Expliit dimension, as depited in Figure 1.This dimension is based on the time at whih the user theprovided input (i.e., an ation), and on whether, and howmuh, inferene is needed. The time might be \now", atthe time of viewing the page (e.g., expliit rating) or earlier(e.g., user provided keywords). By \user ation" we meanan ation that is `intended' to indiate interest. An exam-ple of Expliit is \providing a rating", of Mixed is \keywordmath", and of Impliit is \time spent reading". While thisdimension learly needs some additional study and re�ne-ment (e.g., as it mixes ation, intent and inferene), anotherbene�ial view is to onsider `what' the user's input is.
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(implicit ratings)Figure 2: Categorizing Interest Indiators.Figure 2 extends Figure 1 by depiting a two-dimensionalrepresentation of all interest indiators. The horizontal axisrepresents how expliit or impliit the interest indiator is.The vertial axis represents whether the interest indiationomes from the struture or ontent of the item or from thewhole item. Expliit interest ratings are at the bottom leftof the Figure. The impliit interest indiators we proposeto measure are in the bottom middle to bottom right of theFigure. Another ategorization:� Expliit Interest Indiators. To expliitly indiate in-terest, a user might selet an interest value from a`sale' that provides ontinuous levels. Alternatively,they an be asked to selet from `degree of interest'buttons, representing a �xed sale.� Marking Interest Indiators. Various user ations mightbe onsidered as a form of marking, and an be inter-preted as interest. These inlude bookmarking a Webpage, deleting a bookmark, saving the page as a �le,emailing the page, or printing it.� Manipulation Interest Indiators. Some ations, suhas utting and pasting, an be onsidered as `manipu-lation'. Others inlude opening a new browser window(i.e., perhaps the user is keeping the urrent browserwindow open to its urrent page beause it is interest-ing), searhing in the page for text, or srolling.� Navigation Interest Indiators. If the user spends timewith the page open, follows, or doesn't follow a link,then we an onsider these to be forms of `navigation'indiators.� External Interest Indiators. External indiators areonerned with the user's `physial' responses to infor-mation, suh as heart-rate, perspiration, temperature,emotions and eye movements. While learly diÆult toobtain diretly without speial instrumentation, somephysial responses might be inferred from user ations.For example, eye movements might be indiated by theuser `following along' through the text with the ur-sor, or irling text with the ursor, while emotionalresponse might be indiated by rapid hanges in therate of interation.� Repetition Interest Indiators. In general, we an hy-pothesize that doing `more' of something means more



interest. Thus inferenes might be made from the userspending more time on a page, doing lots of srollingthrough a page, and repeatedly visits to the same page.� Negative Interest Indiators. Absene of an indiatormight be onsidered to be a \negative" indiator. Wesuspet that there are some negative indiators thatare worth inluding. The problem with this approahis that it is very diÆult to distinguish between, forexample, deliberately not visiting a page, and merelyjust not visiting it. However, one ould aumulateevidene in order to inrease the reliability of the in-diator. For example, if a user is `touring' a web site,and on many oasions is only one link (i.e., one lik)away from visiting a web page, then we an assumewith some on�dene that this web page is not of in-terest.It is worth noting that some indiators may be ontextsensitive, depending on the user's task/goal (e.g., brows-ing versus searhing), or the \ategory" of the page: i.e.,whether it is a page of links in a menu-style, or just plaintext with embedded links. This might e�et the importaneof links `not' taken. In general, layout has an e�et on pagefuntion, whih a�ets the user's behavior.In addition, di�erent ombinations of indiators mightmean di�erent things. For example, if a user does not read adoument for very long, but they do bookmark it, the shorttime might suggest that they do not like the page, while thebookmark might suggest that they do. In this ase, theyprobably bookmarked it for later reading and we do not yetknow if they like it or not.
4. APPROACHOur approah is to experimentally measure and analyzeseveral promising indiators presented in the previous se-tion (Setion 3), in order to asertain their e�etiveness inprediting expliit interest. We used the following method-ology:� Implement a browser to apture gather data on asmany Impliit Interest Indiators as possible.� Condut a user study with many partiipants browsingthe Web with our ustom browser.� Analyze orrelation between impliit interest india-tors gathered and expliit interest.This setion details the Web browser we implemented,alled The Curious Browser, to apture some impliit inter-est indiators from user ations as they browsed the Web.The Curious Browser provides a Graphial User Interfae(GUI) that also aptures mouse and the keyboard ationsas the user browses the Web. The �rst time eah Web pageis visited, the Curious Browser stores the user name, theURL, the time and date, the expliit rating and all impliitinterest indiators. Subsequent returns to the same page arenot reorded.
4.1 Graphical User InterfaceThe graphial user interfae is written with Mirosoft'sInternet Explorer (version 5.0) in mind, with additional but-tons for evaluation, user study instrutions, and exiting.Figure 3 shows the main interfae of the Curious Browser.

Figure 3: The Curious Browser. This is a sreen shotof the main interfae.

Figure 4: Evaluation Window. This is a sreen aptureof the window that pops up for users to give their expliitrating of the urrent Web page.As in normal Web browsing, liking on a link will loadthe appropriate Web page. However, before the urrent Webpage is losed, the user is presented with an evaluation win-dow that prompts the user for their expliit rating on thepage just visited (see Setion 4.5). Figure 4 shows a sreen-apture of the evaluation window. The expliit rating isindiated by heking one of �ve unlabeled radio buttonspresented with a sale labeled \least" to \most" interest.There is a sixth button labeled \no omment" that is thedefault button seleted.
4.2 Mouse ActivitiesThe Curious Browser aptures two mouse ativities: thenumber of mouse liks and the time spent moving the mouse,in milliseonds. Mouse ativities are only aptured whenthe mouse is inside the bowser window and the browser isin fous. The mouse is out of the browser window whenthe mouse ursor is out of the main HTML page, the ver-tial sroll bar, and the horizontal sroll bar. The browser



window is not foused when a user ativates another appli-ation. The mouse ativities are aumulated for eah userwhile on the page.
4.3 Scrollbar ActivitiesThe Curious Browser aptures two kinds of srollbar a-tivities: the number of mouse events (liks) on the horizon-tal and vertial sroll bars and time spent srolling. Simi-lar to the mouse ativities, srolling ativities are only ap-tured when the mouse is inside the browser window and thebrowser is in fous.
4.4 Keyboard ActivitiesAs some people prefer using a keyboard to sroll insteadof the mouse, the Curious Browser aptures ation on 4keys: Page Up, Page Down, Up Arrow and Down Arrow.There are two di�erent keyboard ativities: the number oftimes that a user holds down these keys; and the other is theamount of time, in milliseonds, that these keys were helddown. We store the data separately for eah key.
4.5 Explicit RatingsThe Curious Browser expliitly asks for ratings (using thewindow shown in Figure 4) whenever the user hanges fromone page to another. This is typially done by following alink, but an also be done by pushing the Evaluation button.There are also several ways to hange a page to another:push the Bak button, push the Forward button, or typea URL address diretly into the Address Bar and hit theEnter key. In addition, the user an selet the Evaluationbutton at any time to enter an expliit rating.
5. EXPERIMENTSWe installed the Curious Browser on about 40 PC's run-ning Mirosoft Windows 98 on a omputer lab open to allWPI students and a private omputer lab open to only om-puter siene students enrolled in our Webware (s4241)ourse.Students from a Human-Computer Interation lass (s3041)as well as students from Webware were enouraged to par-tiipate in the user study experiments. Students were in-struted to open up the Curious Browser and browse theWeb for 20-30 minutes, but were not told the purpose of theexperiments.The Curious Browser was available from Marh 20, 2000to Marh 31, 2000. During this time, 75 students visited atotal of 2267 Web pages. 72 of the students visited all theirWeb pages in one session while 3 students had 2 sessions.They provided expliit ratings on only 1823 (80%) of theURL's (the others were \no omment"). Figure 5 depitsa histogram of the rating breakdown. The mean expliitrating was 3.3.
6. ANALYSISThe impliit interest indiators we analyze in this setionare:1. The time spent on a page (Setion 6.1).2. The time spent moving the mouse (Setion 6.2).3. The number of mouse liks (Setion 6.3).4. The time spent srolling (Setion 6.4).
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Figure 5: Expliit Rating Histogram. This �gure showsthe number of eah expliit rating, along with its per-entage of all ratings.In addition, we analyze the overage and auray of dif-ferent types of impliit interest indiators (Setion 6.5).Initially, we analyzed the mean of eah impliit interestindiator versus the expliit rating. However, beause ofsome extreme outliers, the mean of the impliit indiatorproved to be a poor indiator of expliit interest. Thus, wefous on the median and distribution of eah indiator usinga Kruskal-Wallis test3 (based on .05 level of signi�ane) toexamine the degree of independene of the medians amongeah expliit rating groups for eah impliit interest india-tor. Details on the test results an be found in [10℄4, butare only summarized here due to lak of spae.We present the results below showing a box-plot, wherethe box represents the range of values from the bottom quar-tile (25%) to the top quartile (75%) and the median is de-pited by a line in the middle. Although typial box-plotsare extended on the top and bottom by two \whiskers" thatextend to the full range of values, most of the whiskers areropped in the below �gures.
6.1 Time on Page versus Explicit RatingThe time spent on a page is aptured immediately af-ter loading the page until right before the page is exited.It inludes all the ations and the atual reading time forthe page, but does not inlude the time that the CuriousBrowser is not in fous. Thus, fators that inuene its a-uray inlude loading time (whih, in turn, depends uponspeed of onnetion, CPU speed and the amount of Inter-net traÆ) and how muh of the ative window time theuser atually spends looking at the Web page (as opposedto going out for o�ee). Before running the test, we �lteredout 91 outliers: 4 data points that have more than 1,200,000milliseonds (about 20 minutes) spent on a page as the usershad likely stopped reading the page, and 87 data points thathad less than 1000 milliseonds (1 seond) spent on a pageas we believe users annot aurately assess interest in apage in less than 1 seond.Figure 6 depits a box-plot of the time spent on a page ver-sus the expliit rating. The Kruskal-Wallis rejeted the nullhypothesis (that the median values are the same), mean-3Details on the Kruskal-Wallis test an be found in typialstatistis books.4On the Web at: http://perform.wpi.edu/
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6.2 Time Moving Mouse versus Explicit Rat-

ingThe time spent moving the mouse is measured as the to-tal time the mouse position is hanging inside the ativebrowser. Some users move the mouse while reading the win-dow text or looking at interesting objets on the page, whileothers move the mouse only to lik on interesting links. Ei-ther way, we hypothesized that the more mouse movement,the more interesting a user would �nd the page.Figure 7 depits a box-plot of the time spent on a pageversus the expliit rating. The results from the Kruskal-Wallis test rejeted the null hypothesis, meaning that themedian values for eah expliit rating group di�ered.The median for a rating of 1 is signi�antly less than themedian for the other expliit rating groups. The other ex-pliit rating groups (2-5) have only small di�erenes in themedian and distribution. Thus, we an observe that thetime spent moving the mouse is diretly proportional to the
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6.3 Number of Mouse Clicks versus Explicit

RatingMouse liking may be a useful interest indiator, too,as users lik on links they �nd interesting (suggesting theurrent page is a good gateway to interesting sites) and maylik on items on the page that look appealing.Figure 8 depits a box-plot of the number of mouse liksversus the expliit rating. The Kruskal-Wallis test failed torejet the null hypothesis, meaning that the median valuesfor eah expliit rating group may be the same. Our onlu-sion is that for this experiment the number of mouse liksis not a good indiator of interest.
6.4 Scrolling versus Explicit RatingWe hypothesized that users sroll down a page that they�nd interesting, most likely as they read the material oroasionally as they searh the page for interesting links tofollow. Users may sroll in a variety of ways: liking on thesroll bar, liking and dragging the srollbar, hitting pageup/down keys or hitting up/down arrow keys. Early analysisof eah srolling method by itself revealed them to be poorindiators of interest. We then attempted to ombine someof srolling methods by adding the time spent in eah in anattempt to apture a the \total" srolling amount.Figure 9 depits a box-plot of the time spent srolling bythe mouse and the keyboard versus the expliit rating. TheKruskal-Wallis test rejeted the null hypothesis, meaningthat the median values for eah expliit rating group aredi�erent. We onlude that the total time spent srolling bythe mouse and the keyboard is a good indiator of interest.
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6.5 SummaryIn this work, we developed a user interfae in the formof a ustomized Web browser in order to apture impliitinterest indiators. However, impliit detetion of interestan be deployed at the server or even at a proxy as well asat the interfae of a lient. There are numerous advantagesto having server-side detetion of impliit interest, notablythe ability of users to run any non-ustomized Web browserthey wish. Server-side detetion also allows exibility in thebak-end proessing that may aompany interest detetion,inluding storage in a database or updating a user pro�le.If we assume that a Web server uses an established meth-od for deteting Web sessions from the server logs [6℄, then,within a session, the time a spent on a page an be ob-tained by subtrating the aess time for the previous page.However, this method is only e�etive for the urrent Webserver. Thus, if a user jumps to another server, the timespent on the last page of the urrent server annot be usedas an impliit interest indiator.Using this method of server-side impliit interest india-tors, based on our data server-side impliit interest detetionould only be used in about 70% of the Web pages visited,ompared with lient-side impliit interest detetion thatould be used in 100% of the Web pages visited. However,server-side detetion is omparable to expliit interest indi-ation in whih users provided ratings for only 80% of theWeb pages visited.We an extend this analysis to the auray of the interestindiators. We assume that the expliit interest indiatorsare 100% aurate. We an measure the auray of the im-pliit indiators we studied using the graphs shown in thispaper and measuring how many \false" preditions would bemade for eah type of indiator. We assume a \false" pre-dition is one that is o� by more than 2 in terms of expliitinterest, as this di�erene is enough to allow an impliitpredition of \like" (1 or 2) when the expliit interest ouldatually be a \dislike" (4 or 5) and vie versa. In doing thisauray analysis, we �nd time and srolling to be equallye�etive, providing about a 70% auray eah.Combining these results with the overage results pre-sented above, we �nd that expliit interest indiators provideabout 80% aurate overage and lient-side impliit interestindiators provide about 70% aurate overage. While thedi�erene of 10% between them is nontrivial, it is probably
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Figure 10: Coverage and Auray of Interest IndiatorMethods. Coverage refers to the perentage of indiatorsthat an be obtained. Auray is how likely they are toreet true interest. Aurate overage is a ombinationof the auray and overage.an aeptable di�erene for pratial purposes, suggestingthat impliit interest indiators an provide the same ef-fetiveness as expliit interest indiators without the userost. Server-side only impliit interest indiators provideonly about about 50% aurate overage, signi�antly lessthan either impliit interest indiators or expliit interestindiators.The relationship between overage, auray and au-rate overage for the di�erent types of interest detetion aredepited in Figure 10. We note that ombinations of inter-est detetors, suh as time spent on a Web page and theamount of srolling, may prove more aurate than any in-diator alone. Doing this analysis is an area of future work(see Setion 8).
7. CONCLUSIONSOne way a user-interfae an be \intelligent" is to under-stand the interest of the user in the urrent doument. Ex-pliit methods, suh as asking users to rate the doumentsthey read, intrude upon the normal browsing proess andoften are ignored by users. Impliit methods, while requir-ing more sophistiated intelligent user interfaes, promise toprovide more interest indiators without the \ost" to theusers.In this researh we have ategorized and experimentallyevaluated the e�etiveness of several impliit interest indi-ators in determining the expliit interest in a Web page.Based on over 40 hours of Web browsing by over 70 stu-dents, we �nd that time is good impliit indiator of interestmouse movement and mouse liks by themselves are inef-fetive impliit interest indiators. However, in using mouseliks and keyboard ations to infer the level of srolling, weobtain an means of determining the \amount" of srollingthat also provides an e�etive indiator of interest.The tehniques used in this researh provide a means ofgathering impliit interest indiators at the lient througha ustomized browser. However, impliit interest indiatorsan be gathered at a Web server, too, primarily throughserver logs. Although server-side indiators do not requireustom lient software, they provide less aurate resultsthan do lient-side impliit interest indiators.The results presented promise to strengthen the predi-tions by today's reommender systems and provide insight



into other intelligent user interfaes that must infer user in-terest in order to be e�etive.
8. FUTURE WORKIn this work, we have onsidered only the impliit inter-est indiators alone, suh as time versus interest or srollingversus interest. Combinations of interest detetors, suh astime spent on a Web page and the amount of srolling, mayprove to be more aurate than any indiator alone. Impliitinterest indiation may be ombined with more expliit in-diators, suh as ratings or even purhase history, to provideeven more e�etive interest indiation.Future work also suggests searhing for a predition fun-tion that aurately predits expliit interest for a large per-entage of users on a large perentage of pages tested. Sim-ilarly, there may be a personalized predition funtion thatan be tailored to an individual user, resulting in a moreaurate means of prediting expliit interest.While our intent here was to establish the relationshipbetween impliit interest indiators and any kind of Webbrowsing, it may be possible to ome up with more aurayif the test domain is limited to spei� types of pages or aspei� task. For instane, the orrelation between timespent reading a page and a user's interest may be strongerif it is known that the user will not be doing tasks other thanbrowsing. In addition to browsing the Web at large that wepresent here, we have onsidered asually reading an onlinenewspaper, looking up a topi in an online enylopedia,and searhing for information using a searh engine.There are many more impliit interest indiators presentin other literature [13, 14℄, suh as bookmarking or printing,that need to be empirially evaluated as we have begun todo for time and mouse ativity.
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