Proc. Human Factors in Computing Systems, CHI’98,Los Angeles (CA), ACM Press, New York, pp. 416-423.DIVA: Exploratory Data Analysiswith Multimedia StreamsWendy E. Mackay 1,2Michel Beaudouin-Lafon2Centre d’�tudes de la Navigation A�rienne1Laboratoire de Recherche en Informatique2Orly Sud 205URA CNRS 41094542 ORLY A�ROGARESLRI - B�timent 490 - Universit� de Paris-SudFRANCE91 405 ORSAY Cedex - FRANCEmackay@lri.frmbl@lri.frABSTRACTDIVA supports exploratory data analysis of multimediastreams, enabling users to visualize, explore and evaluatepatterns in data that change over time. The underlyingstream algebra provides the mathematical basis foroperating on diverse kinds of streams. The streamervisualization technique provides a smooth transitionbetween spatial and temporal views of the data. Mappingsource and presentation streams into a two-dimensionalspace provides users with a direct manipulation, non-temporal interface for viewing and editing streams.DIVA was developed to help us analyze both qualitativeand quantitative data collected in our research with Frenchair traffic controllers, including video of controllers atwork, audio records of telephone, radio and otherconversations, output from tools such as RADAR, andcoded logs based on our observations. Although ouremphasis is on exploratory data analysis, DIVA’s streamarchitecture should prove useful for a wide variety ofmultimedia applications.KEYWORDS: Exploratory data analysis, Hypermedia,Multimedia, Protocol analysis, Streams, Stream algebra,VideoINTRODUCTIONVideo, audio and other data collected in field studiescontinue to be cumbersome to manage and analyze. Weare interested in the problem of how to compute with avariety of these multimedia data types: to visualize,explore, analyze and evaluate relationships amongstreams of data.Early systems to support analysis of video records wereinfluenced by hypermedia, which is a logical extension ofhypertext. Originally proposed by Vannevar Bush (1945),the basic approach organizes text into separate chunksthat are linked together. Hypermedia adds images, audioand video, using hypermedia links (Conklin, 1987) toorganize them. Hypermedia has become the dominantmetaphor for managing multimedia data and is used in awide variety of applications, including multimediadocuments (Buchanan & Zellweger, 1992), education(e.g., Denning, 1997), games (e.g., Myst) and of course,the World Wide Web. An early tool for analyzing videodata, VideoNoter (Trigg, 1989, Roschelle & Goldman,1991) begins with data streams, and then uses hypermedialinks to organize the relationships among differentaspects of the data.Another approach emphasizes streams instead of chunksof information. Rather than treating all data as chunksand converting naturally-continuous information such asvideo into discrete units; all data can be treated asstreams, mapping naturally-discrete objects onto eventstreams. The analysis system can operate on all data in auniform way, exploring directly the patterns that emergefrom the streams. Hypermedia lets users start and stopstreams; the stream approach lets them highlight,examine and compute upon the patterns within andamong streams.EVA, the Exploratory Video Annotator, (Mackay, 1989,Mackay & Davenport, 1989) was based on this approach.We were not interested in authoring multimediadocuments that treat video as "illustrations that move".Instead, we were interested in helping researchers annotateand visualize patterns and relationships among time-basedmultimedia data. EVA’s stream metaphor derived fromour work on Muse, a multi-media authoring languageoriginally designed at Digital Equipment Corp. andenhanced significantly at MIT’s Project Athena (seeHodges & Sasnett (1993) for a description).One of the authors (Mackay, 1989) suggested that theexploratory data analysis techniques pioneered by Tukey(1977) (see Hartwig & Dearing (1979) for a concisesummary) are more appropriate for examining video datathan the standard statistical techniques used in controlledlaboratory studies. Sanderson and her colleagues(Sanderson et al., 1994, Sanderson & Fisher, 1994) havepursued this idea extensively, coining the termExploratory sequential data analysis (ESDA) for systemsthat support the exploration of multimedia data. Severalsystems have been developed to support the analysis ofvideo data, including Harrison (1991), Olson et al.(1994), Chua & Ruan (1995), and Plaisant et al. (1996).Other researchers working in related areas such as videoconferencing have developed similar tools, e.g. the toolsdeveloped at Xerox PARC, including Where Were We?and its successors (Minneman & Harrison, 1993,Minneman et al., 1995, Moran et al., 1997), Marquee(Weber & Poon, 1994), and TimeWarp (Edwards &Mynatt, 1997).

Research contextOur current research (Mackay & Fayard, 1997a) seeks toprovide air traffic controllers with the benefits ofnetworked computing without forcing them to give uptheir successful existing work artifacts, in particular,paper flight strips. We began with a four-month fieldstudy, following a team of controllers at the Paris enroute control center (Athis Mons). We are now analyzingover 100 hours of coded event streams, based onresearchers’ observations, approximately 50 hours ofvideo of controllers at work, with corresponding radio,telephone and local conversations, output from RADARand other devices, and copies of relevant artifacts,particularly paper flight strips.We use exploratory data analysis techniques to identifyand analyze both qualitative and quantitative aspects ofthis data and are particularly interested in finding patternsthat occur across media types. For example, Figure 1shows two controllers writing simultaneously on twodifferent flight strips, a relatively rare event. We areinterested in understanding the circumstances thatsurround such situations. Are there other patterns ofactivity correlated with this one? Are the controllers moreor less likely to talk to each other? Are they likely toperform other activities at the same time? Can we predictthis pattern from other recurring patterns, e.g., stressfulsituations? Are there any events that help predict whenthis occurs?Figure 1 : Two air traffic controllers writing at thesame time on different flight strips.Discovering the answers to these and related questions notonly increases our understanding of the complexity oftheir work, but also helps us better understand how tocreate tools that support rather than interfere with theirexisting work practices, addressing problems withoutadding unnecessary costs (Mackay & Fayard, 1997b).This article describes DIVA, a system designed to supportcomputing with streams of multimedia data, enablingusers to visualize, explore, analyze and evaluate patternsof data that change over time. We present the underlyingsystem architecture, which involves a commonrepresentation for multimedia streams and an algebra formanipulating them. We next present the user interface,which provides interactive temporal and spatial views ofthe data. Throughout, we use examples from the airtraffic control project to illustrate the interface to DIVAand explain how various stream operations work and whythey are useful. We conclude with a summary of thecontributions of DIVA and directions for future research.STREAM ALGEBRADIVA uses the same stream metaphor as the earlier EVAsystem, with a more powerful set of operations derivedfrom a stream algebra. Others have used algebras to dealwith time-based data. For example, Algebraic video (Dudaet al., 1996) defines an algebra to describe the spatial andtemporal composition of video segments. However, theoperators they use are different from DIVA, since thepurpose of their system is the production of videopresentations, not the analysis of time-based data. Rivl(Swartz & Smith, 1995) is a language that also focuseson video data and production tasks by providing graphicaloperators to create complex presentations.This section describes the DIVA algebra, with examplesderived from air traffic control data. The algebra is basedon the notion of multimedia streams and a set ofoperators to create, modify, play and present streams.A stream s of type T is defined as a sequence (ti) of n+1clock times and a sequence (vi) of n values:s = (t1: v1, t2: v2, ..., tn: v2, tn+1)The sequence (ti) is increasing, so the stream can also beviewed as a sequence of stream segments [ti, vi, di]. Theduration of the segment is di = ti+1 - ti. The values vi areeither undefined (denoted as ^) or a value of type T, e.g.boolean, integer, text or image. The value of a stream sat time t is noted s@t and is defined as follows :¥if t < t1 or t ‡ tn+1 then s@t = ^¥if j is such that tj £ t < tj+1 then s@t = vjThe empty stream, noted () is a stream whose value isundefined for any time t.ExampleIf we begin with a video clip of two air traffic controllerswriting on two paper flight strips, as in Figure 1, wehave one stream of video data:s.video = (1:00:00: frame0, 1:00:01: frame1,1:00:02: frame2, ... , 1:03:00).A data log is another type of stream, consisting of aseries of boolean values that indicate the precise times atwhich specific events occur. For example, a booleanstream can identify every situation in which a controllerwrites something on a flight strip:s.write = (1:00:05: on, 1:00:09: off, 1:02:49: on,1:02:57: off, 1:03:00).Session transcripts can be represented as a series ofsubtitles. For example, a text stream might identify everyradio conversation between the radar controller and thepilot, with the specific text appearing as the valueassociated with each time segment:s.radio = (1:00:21: "Maintain flight level",1:00:34: ^,1:01:58: "Climb to level 310",1:02:04: ^, 1:03:00).

v1s1 v2dd’ s2v1s1 v2dd’s2 v1s1 v2dd’ s2Figure 4: Time filtering. Left: v1 before v2 (d>0, d’>0); Center: v1 close to v2 (d<0, d’>0); Right: v1 after v2 (d<0, d’ <0)Streams can contain any type of values. For example, theRADAR screen presents a 2-dimensional view of thelocation of a set of airplanes moving in a 3-dimensionalspace. We can define a stream for each airplane thatcontains its position over time.Normalizing streamsBefore computing with streams, it is useful to normalizethem: segments with a duration of 0 are removed,successive segments with the same value are merged, andleading and trailing segments with value ^ are removed.In other words, if two segments with the same value areadjacent to each other, the normalized stream contains asingle, longer segment. All streams in this discussion areassumed to be normalized. We define the extent of thestream as the interval [t1, tn+1] of its normal form.Normalizing streams provides a canonical representationof a stream so that, for example, we know that twostreams are equal if and only if their normal forms are thesame. Normalizing streams also minimizes storage andreduces processing costs.Stream expressionsNew streams can be created from existing streams bystream expressions, comparable to the expressions usedto compute a cell from other cells in a spreadsheet. Givenn streams s1, s2, � sn of types T1, T2, � Tn and afunction f : T1 x T2 x � Tn -> T, the stream expressionf (s1, s2, � sn) is a stream s of type T such that :s@t = f (s1@t, s2@t, � sn@t) for all tIt is assumed that f (^, ^, � ^) = ^.A common stream expression is editing : a source streams and an edit stream e, both of type T, are combined withthe following edit function:edit (vs, ve) = if (ve = ^) then vs else veThe resulting stream is the same as the source streamexcept that it is replaced with the edit stream where theedit stream is defined (Figure 2).

sourceeditresult

Figure 2: Editing a stream. Time goes from left toright. Each rectangle is a stream segment.ExampleUsually, we use at least two researchers to code theactivities. Some situations are ambiguous and we mighthave to discuss the final analysis. This technique allowsus to work with one of the annotation streams made byone researcher and modify it based on the annotationstream created by another researcher.Insertion and deletionLike editing, insertion and deletion are commonoperations on streams (Figure 3). Inserting a segmentinto a stream creates a new, undefined segment and offsetsthe subsequent segments accordingly. Usually, theinserted part is then replaced with the edit operationdescribed above. Deletion removes and/or shortenssegments so that a given interval is removed from thestream. The offset operation is a short-hand for insertingor deleting a segment before the start of the stream. Theoffset d can be positive or negative so that an entirestream can be offset forward or backward in time.

insertdeletebeforeafterFigure 3: Inserting and deleting stream segments.ExampleWe need to present collections of examples of activitiesobserved in our data. For example, we have a video thatpresents a series of clips of controllers writing on strips,pointing to the strips, and rearranging the strips. Whenwe videotape a new session, we can easily insert newexamples of these activities into the existing set ofstreams.Time filteringIt is often useful to analyze when a given conditionoccurs before or after another condition. We call thisoperation time-filtering and define it as follows:s1 = v1 within [d, d’] of s2 = v2It creates a boolean stream s defined as follows:¥s@t = ^ if s1@t „ v1¥s@t = true if $ t’, t+d < t’ < t+d’ and s2@t’ = v2¥s@t = false otherwiseThe resulting stream describes when an occurrence of v1in stream s1 occurs close to an occurrence of v2 in streams2. The interval [d, d’] defines how close (or how farapart) we want the values to occur (Figure 4).A variant of time filtering uses a condition that testswhether the whole segment containing v2 in stream s2 iswithin the time interval defined by [d, d’]. Theseconditions generalize Allen’s (1984) algebra on timeintervals by introducing the notion of temporal vicinity(specified by d and d’). This is necessary for the type ofdata analysis we are interested since we need to be able tolook for events that occur at times close to each other.

ExampleWhen two controllers interact with the same set of stripsat the same time, it is an indication of a "charged"situation. We can find out if there is always acorresponding rise in the number of new flights or anincrease in conversations between the radar controller andthe pilot, just prior to this event. We can then perform atime series analysis on the result with an external tool todetermine which activities cluster together and whether ornot we can predict the occurrence of some activities basedon the occurrence of others.Stretching segmentsThe last operation defined by the algebra stretches thesegments of a stream by a duration d. Each segment isextended at the beginning and at the end by d if theadjacent segment is undefined. Stretching is very usefulto create a control stream (see below) that includes somecontext around a specified set of clips (Figure 5).

dafterbeforeFigure 5: Stretching a stream by d.Playing streamsIn order to play a stream, it must be bound to a timebase. Several streams are synchronized by binding themto the same time base. A time base is defined by a starttime, a stop time and a rate. It generates a time value thatchanges over time at a pace defined by its rate. The rate isa real number that specifies whether the time base runsforward or backward at slow, normal or fast speed orwhether it is stopped (like the jog-shuttle of a VCR).A time base can have a control stream: the time baseskips undefined segments of the control stream as it runs,making it easy to play sequences of clips not originallyadjacent to each other in the original streams.ExampleIf we are interested in looking at situations where morethan one controller writes at the same time on a strip, wecreate a stream identifying this condition, stretch it by 1or 2 seconds, and use the resulting stream as the controlstream. We can then view in succession all clips inwhich more than one controller writes at the same time.Time warpingA more sophisticated method of controlling playing is todefine the mapping between the time delivered by thetime base and the time used to index the streams. Thismapping is defined by a stream called the warping stream.Values of a warping stream ws are pairs (t, r) of timevalues and rates. Let tb be the time delivered by the timebase (called the playing time) and let [ti, vi, di] be thesegment of the warping stream such that ti £ tb < ti + d.Then ws@tb = vi = (t, r) where t is a time and r is a rate.The warping tw of time tb is defined as tw = t + r*(tb-ti).Time warping of a segment is illustrated in Figure 6. Theslope of the diagonal line indicates the rate. If the slope is45…, the rate is 1 and the clip plays at normal speed. If theslope is under 45…, the clip plays in slow motion, whileif the slope is over 45… the clip plays in fast motion.Finally if the diagonal appears in the other direction, theclip plays backward (at a rate determined by the slope).Time warping makes it possible to take any combinationof clips from the streams and play them in any order andat any rate (Figures 7a and 7b).

titi+ditbtt+r*ditw playtimesourcestreamtimeFigure 6: A segment of the warping stream.

playtimesourcestreamtimeFigure 7a: A warping stream that plays a clip twice:first at normal speed and then in slow motion.

playtimesourcestreamtime c1c2c3c2c1c3

Figure 7b: A warping stream that plays the streamsegments c1, c2, c3 in the order c2, c1, c3.c1 and c2 play at normal speed; c3 plays backwards.DIVA USER INTERFACELike EVA and later Video Mosaic (Mackay & Pagani,1994), DIVA provides two views of the stream data:temporal and spatial. Spatial views show the currentvalue of a set of streams at the current time of their timebase. Figure 8 shows an example with a video stream inthe middle, boolean streams on the left side and textstreams at the bottom. Two air traffic controllers arewriting on the strips at the same time (stream 2W). Theradar controller is telling the pilot to "Maintain flightlevel" (stream Rad) and the corresponding boolean streamfor talking to the pilot (stream R>P) is on. No one is speaking on the telephone (stream Tel), and the activitycode for conversations between the two controllers is off(stream R>O). Other activity codes, including pointing tothe RADAR (PR), adjusting the Digitatron (PD) andadjusting the RADAR image (MC) are also off. Note thatthese activity codes are defined by the user.Figure 8: Spatial view of a set of streams.Temporal views show abstracted versions of the changingstate of a set of streams in relation to each other. Thisgives us the ability to "lay out time in space" and interactwith various streams in parallel. The temporal view of astream displays the stream segments along a timeline. Inhorizontal display, segments are represented by rectangleswhose position, size and color represent the segment timeinterval and value. A boolean stream can be displayed byassigning a different color to its true and false segmentsor by appearing and disappearing. An integer stream canbe displayed as a histogram and more complex streamscan combine color and height (Figure 9). For a videostream, the temporal view can present a sequence of video"best frames", as is often done in commercial systemssuch as Adobe Premiere.Spatial and temporal views complement each other.Spatial views help capture relationships between thecurrent values of different streams and, since they areanimated, provide a dynamic display that helps identifypatterns of changes over time. Temporal views helpidentify longer term patterns within and among streams.By showing both past and future events, temporal viewshelp anticipate what is coming up in the spatial views.boolean booleanintegercross-product Figure 9: Temporal views for different streams.Streamer displayIn order to better visualize and interact with streams,DIVA integrates both types of views into a singledisplay. We were influenced by the video streamer (Elliot,1993), which generates a stream from a video sequence byoffsetting the edges of each video image. Cruz & Hill(1994) have also used this technique to visualize changesin audio level and button states in a video conferencingapplication. We have generalized this technique to displaythe changes in multiple streams of any type.Figure 10 (next page) illustrates the smooth transitionbetween the spatial and temporal views. The streamerdisplay includes a spatial view in the center of the mainwindow and a temporal view around it. When the set ofstreams is played, the temporal view streams up or down(depending on whether it is played forward or backward)so that the spatial view in the central display is alwayspositioned correctly relative to the streams: streams alongthe edge of the spatial view seem to leave a trace thatcorresponds to the temporal view. When the temporalview is "streaming", the parts to the left and top of thecentral screen show a trace of what has already occurredwhereas the parts to the right and bottom of the centralscreen show what is about to occur (Figure 11-a).We have also experimented with the display depicted inFigure 11-b. Here, the streams are fixed: instead ofmoving when playing the sequence, a cursor indicates thecurrent time in the temporal view. The first displayworks well for very large sequences because it providescontext around the current time. The second displaycollapses long streams into a small screen space, reducingaccuracy for both the display and the interaction. Eitherdisplay makes it easy to detect changes in state as theimage "streams" forward or backwards in time.On a 21" screen, the streamer display can accommodate alarge number of streams: up to 2 video streams, 5 to 10text streams and 30 activity streams. The user can decidewhich streams to display and can define groups of streamsthat can be displayed or hidden together. The bottom ofthe display (not shown) contains a VCR-like interface tocontrol the time base. Any stream can be designated asthe control stream and warping streams can be edited in aseparate window.

PresentFuturePastPast

PresentStreamsStreams currenttime

FutureFigures 11a & 11b: A comparison of two displaystrategies for linking spatial and temporal views.Creating streamsCreating streams from external sourcesStreams can be created from files in various formats:recorded video or audio signals, a column or row from aspreadsheet, a text file, the output of devices such as theDigitatron or the RADAR, etc. Figure 10 shows actualdata imported from an Excel spreadsheet. Streams canalso be exported to these file formats, which makes iteasy to use spreadsheets or statistical analysis packages toconduct other kinds of data analysis.

Figure 10: DIVA main display. The spatial view is in the center and the temporal view is on the sides. When the timebase is running, the spatial view is constantly updated and the temporal view streams from bottom-right to top-left.Creating streams by direct inputStreams can also be created explicitly by the user: theuser defines the type and names of the stream in thestream’s creation box (Figure 11). The user can then workin live mode by starting the time base and clicking thevalue buttons in the creation box to create segments.Each click creates a segment that starts at the time of theclick. The user can also work in off-line mode byselecting a start and stop time in the time base controlpanel and a value in the stream creation box. This createsa new segment in the stream with the specified times andvalue. Several streams can be created simultaneously byopening as many creation boxes as necessary, andkeyboard equivalents can be defined for each stream tospeed up input.For example, to code the data in a video stream, a usermay create a set of binary streams that identify specificactivities of the controllers. The user creates a stream andspecifies its short and long names (e.g. "2W" and "Twocontrollers writing simultaneously"), its type (boolean)and its colors (e.g. green and red). The user then starts thetime base and records stream values by clicking theon/off/undefined buttons in the creation box at theappropriate times. Since the rest of the interface is active,the user can see the other streams play in the maindisplay, especially the video streams.Figure 11: Stream property boxCreating streams with the stream algebraStreams can also be created with the stream algebra. Afterselecting the "expression" type in the stream’s creationbox, the user can enter a stream expression using any ofthe operators of the stream algebra. By default, theresulting stream is re-computed every time a stream thatappears in the expression is changed, as in a spreadsheet.For example, if the user is interested in seeing the videosegments in which two controllers are writing on theflight strips at the same time (stream 2W) and the radarcontroller is talking to the pilot (stream R>P), the user can perform a logical and between the two relevantstreams:2W = on and R>P = onThe resulting stream shows situations in which bothevents occur simultaneously. In order to find situationswhere the two controllers write at the same time shortlyafter the radar controller talks to a pilot, the expressionuses time filtering:2W = on within [0, 2s] of R>P = onThe user can further investigate these events by stretchingthe stream to provide context, making it the controlstream and playing the result.Editing StreamsDIVA allows the user to edit existing streams in severalways, depending on the type of the stream and the scopeof the edit. Streams that result from stream expressionscannot be edited directly since they are re-computed eachtime one of their dependent streams is modified. Howeverthe stream expression itself can be edited to re-create thestream.Editing segmentsThe value of a segment can be changed by clicking on itwhen it is visible in a temporal or spatial view. The startand stop times of a segment can be changed in a temporalview by selecting a segment and dragging or resizing it.They can be changed in a spatial view by selecting theview when the segment is visible and setting the start andstop times in the time base control panel. Such editing isused mostly to fine-tune a stream after it has been createdin live mode.Editing streams individuallyMore radical editing is achieved by creating an "edit"stream with one of the stream creation methods (usuallylive mode) and using the "edit" operation of the streamalgebra on the original stream. This modifies the originalstream and creates an "undo" stream that can re-generatethe previous version of the stream from the modifiedversion with the same "edit" operation of the streamalgebra. This is often used to re-record a part of a streamthat is incorrect.Editing multiple streamsThe stream algebra can be used to apply the sameoperation to a set of streams. This is mostly used withthe insert, delete and time-warping operations toreorganize the contents of a set of related streams. Forexample, once a specific set of events has been identified,all the irrelevant segments in all the streams can bedeleted to keep only the interesting material.Editing warping streamsEditing the warping stream is performed in a separatewindow similar to the display in Figure 7. Clips can bereordered, stretched or shrunk by direct manipulation.Several warping streams can be created and edited, but atmost one can be designated as the current warping stream.IMPLEMENTATIONThe first prototype of DIVA was implemented in Tcl/Tk(Ousterhout, 1994), which allowed us to validate the keyconcepts of DIVA: stream algebra, streamer display andtime-warping. The second version (currently underdevelopment) is implemented on the Apple Macintosh asa set of extensions to Tcl/Tk, which allows us to reuseparts of the prototype. We use QuickTime (AppleComputer, 1993) to implement the time base and to playaudio and video streams. The stream algebra isimplemented in C++ for better efficiency. The currentversion is functional and we are re-implementing a largerpart of the system in C++.SUMMARY AND CONCLUSIONSDIVA provides a significant advance over the earlier EVAsystem at both the architectural level and the userinterface level. The major contributions at thearchitectural level include:1.A stream algebra that provides a simple butmathematically powerful model of streams andoperations upon them,2.Precise and powerful control and editingfunctions such as time warping and timefiltering.DIVA’s user interface is designed to support thegeneration and analysis of not only the multimediastreams themselves, but the relationships among them.The major contributions at the interface level include:1.The smooth transition between the temporal andspatial views of the data, using the streamervisualization technique,2.The ability to browse, edit and modify the datausing either view (temporal or spatial) or thestream algebra,3.The two-dimensional direct manipulationinterface for editing streams, using spatial ratherthan temporal views, and4.The ability to use an external package toperform statistical computations, such asidentifying correlations, on the results of streamoperations.Informal evaluations using data from our study of airtraffic controllers have shown the power of linking thespatial and temporal views. Compared with a spreadsheetdisplay, the dynamic aspect of streaming gives an entirelydifferent perspective on the data. We were also able toisolate key events using the stream expressions. We planto conduct more in-depth evaluations of DIVA as weanalyze additional data sets.DIVA is clearly designed to support a particular kind ofinteraction with multimedia data, i.e. exploratory dataanalysis. Yet the stream algebra and the streamer interfaceshould be useful for a variety of other multimediaapplications, including analysis of video conferencing,editing for multimedia presentations, educationalapplications and games.ACKNOWLEDGEMENTSThanks to Eddie Elliot and Glorianna Davenport forconversations about the streamer technique, which wefound to be a wonderful solution to our interfaceproblem. Also, thanks to Anne-Laure Fayard for all herwork on data coding and analysis and to the members ofEquipe 9West at Athis Mons en route air traffic controlcenter, for generating all that data!

REFERENCESApple Computer (1993) Inside Macintosh - Quicktime.Reading, MA: Addison Wesley.Allen, J.F. (1984) Towards a general theory of action andtime. Artificial Intelligence. 23, pp. 123-154.Buchanan, M.C. and Zellweger, P.T., (1992) SpecifyingTemporal Behaviour in Hypermedia Documents, inProc ECHT’92, European Conference on HypermediaTechnology, Milan, Italy.Bush, V. (1945) As We May Think. Atlantic Monthly ,July issue, pp.101-108.Chua, T.S. & Ruan, L.Q. (1995) A Video Retrieval andSequencing System. A C M Transactions onInformation Systems. 13(4), pp. 373-407.Conklin, J., (1987) Hypertext: A Survey andIntroduction, IEEE Computer, 20(9), pp. 17-41.Cruz, G. & Hill, R. (1994) Capturing and playingmultimedia events with streams. In Proc.Multimedia ’94, pp. 193-200, ACM.Denning, P.J. (1997) How we will learn. In BeyondCalculation: The Next Fifty Years. pp. 267-286.New York, NY: Copernicus.Duda, A., Weiss, R., & Gifford, D.K. (1996) Content-based access to Algebraic Video. IEEE Multimedia.Elliott, E.L. (1993) Watch-Grab-Arange-See: Thinkingwith Motion Images via Streams and Collages. MITMS Visual Studies Thesis.Edwards, W.K. & Mynatt, E.D. (1997) Timewarp:Techniques for autonomous collaboration. In Proc.CHI ’97 Human Factors in Computing Systems.pp.218-225. Atlanta, GA: ACM.Harrison, B. (1991) Video annotation and multimediainterfaces: from theory to practice. In Proc. HumanFactors Society 35th Annual Meeting, pp. 319-323.Hartwig, F. & Dearing, B.E. (1979) Exploratory DataAnalysis. Beverly Hills, CA: Sage Publications.Hodges, M.E. & Sasnett, R. (1993) MultimediaComputing: Case Studies from MIT Project Athena.Cambridge, MA: Addison-Wesley.Mackay, W. E., & Davenport, G. (July, 1989) VirtualVideo Editing in Interactive MultimediaApplications, Comm. ACM, 32(7), pp. 802-810.Mackay, W. E. (October, 1989) EVA: An ExperimentalVideo Annotator for Symbolic Analysis of VideoData, ACM SIGCHI Bulletin, 21(2), pp. 68-71.Mackay, W.E. and Pagani, D. (October 1994). VideoMosaic: Laying out time in a physical space. InProc. Multimedia ’94. San Francisco, CA: ACM.Mackay, W.E. & Fayard, A.L. (1997a) HCI, NaturalScience and Design: A Framework for TriangulationAcross Systems. In Proc. DIS ’97, DesigningInteractive Systems, Amsterdam: ACM.Mackay, W.E. & Fayard, A.L. (1997b) Radicalementnouveau et n�anmoins familier: Les strips papiersrevus par la r�alit� augment�e. In IHM’97 Actes9�mes Journ�es sur l’Interaction Homme-Machine.,Poitiers, France: C�padu�s Editions.Minneman, S. and Harrison, S.R.(1993) Where WereWe: Making and using near-synchronous, pre-narrative video, In Proc. Multimedia ’93, pp. 1-6,Anaheim, CA: ACM.Minneman, S., Harrison, S., Janssen, B., Kurtenbach,G., Moran, T., Smith, I. & van Melle, W. (1995) Aconfederation of tools for capturing and accessingcollaborative activity. In Proc. Multimedia ’95. SanFrancisco, CA: ACM.Moran, T., Palen, L., Harrison, S., Chiu, P., Kimber,S., Minneman, S, van Melle, W., & Zellweger, P.(1997) I’ll get that off the audio: A case study ofsalvaging multimedia meeting records. In Proc. CHI’97 Human Factors in Computing Systems. Atlanta,GA: ACM.Olson, G.M., Herbsleb, J. & Rueter, H. (1994)Characterizing the sequential structure of interactivebehaviors through statistical and grammaticaltechniques. Human-Computer Interaction, 9(3), pp.427-472.Ousterhout, J.K (1994) Tcl and the Tk Toolkit. Reading,MA: Addison-Wesley.Plaisant, C., Milash, B., Rose, A., Widoff, S.,Shneiderman, B. (1996) LifeLines: VisualizingPersonal Histories. In Proc. CHI’96, Human Factorsin Computing Systems. pp. 221-227. Vancouver,BC: ACM.Roschelle, J. & Goldman, S. (1991) VideoNoter: Aproductivity tool for video data analysis. BehaviorResearch Methods, Instruments and Computers. 23,pp. 219-224.Sanderson, P., Scott, J., Johnston, T., Mainzer, J.,Watanabe, L., James, J. (1994) MacSHAPA and theenterprise of exploratory sequential data analysis.(ESDA), International Journal of Human-ComputerStudies, 41(5), pp. 633-681.Sanderson, P. & Fisher, C. (1994) Exploratory sequentialdata analysis: foundations. Human-ComputerInteraction, 9(3), pp. 251-317.Swartz, J. & Smith, B. (1995) A resolution-independentvideo language. In Proc. Multimedia ’95, SanFrancisco, CA: ACM.Tukey, J.W. (1977) Exploratory Data Analysis..Reading, MA: Addison-Wesley.Trigg, R.H. (1989) Computer Support for TranscribingRecorded Activity. ACM SIGCHI Bulletin: SpecialIssue on Video as a Research and Design Tool,21(2), pp. 72-74.Weber, K. & Poon, A. (1994) Marquee: A Tool for Real-Time Video Logging. Proceedings of CHI’94,Human Factors in Computing Systems. pp. 58-64.Boston, MA: ACM.