Mapping Eye Movementsto Cognitive ProcessesDario D. SalvucciMay 10, 1999CMU-CS-99-131Department of Computer ScienceCarnegie Mellon UniversityPittsburgh, PA 15213Submitted in partial fulfillment of the requirementsfor the degree of Doctor of PhilosophyThesis Committee:John R. Anderson, ChairHerbert A. SimonKenneth R. KoedingerKeith Rayner, UMass AmherstCopyright '1999 by Dario Salvucci. All Rights Reserved.This research was sponsored by the National Science Foundation (NSF) through a generousgrant and subgrant to Carnegie Mellon University. The views and conclusions contained in thisdocument are those of the author and should not be interpreted as representing the officialpolicies, either expressed or implied, of the NSF or the U.S. government.

K e y w o r d s : tracing, cognitive models, eye movements, hidden Markov models, user models,protocol analysis, sequential data analysis.

AbstractEye movements provide a rich and informative window into a person�s thoughts andintentions. In recent years researchers have increasingly employed eye movements to studycognition in psychological experiments, to understand behavior in user interfaces, and even toc o n t r o l c o m p u t e r s t h r o u g h e y e - b a s e d i n p u t d e v i c e s . U n f o r t u n a t e l y , l i k e s p e e c h a n d handwriting, eye movements generate vast amounts of data with significant individualv a r i a b i l i t y a n d e q u i p m e n t n o i s e . T h u s , t h e a n a l y s i s o f e y e - m o v e m e n t d a t a� t h a t i s , determining what people are thinking based on where they are looking�can be extremelytedious and time-consuming. Typical eye-movement data sets are simply too large andcomplex to be analyzed by hand or by naive automated methods.This thesis formalizes a new class of algorithms that provide fast and robust analysis ofeye-movement data. Specifically, the thesis describes three novel algorithms for tracing eyemovements�mapping eye-movement protocols to the sequential predictions of a cognitiveprocess model. Two algorithms, fixation tracing and point tracing, employ hidden Markovmodels to determine the best probabilistic interpretation of the data given the model. The thirdalgorithm, target tracing, extends an existing tracing algorithm based on sequence matching toeye movements. The thesis also formalizes several algorithms for identifying fixations in raweye-movement protocols and provides a working system, EyeTracer, that embodies theproposed tracing and fixation-identification algorithms.To demonstrate the power of the proposed algorithms, the thesis applies them in threereal-world domains: equation solving, reading, and eye typing. The equation-solving studiesshow how the algorithms can code, or interpret, eye-movement protocols as accurately asexpert human coders in significantly less time. The studies also illustrate how the algorithmsfacilitate the prototyping and refinement of cognitive models. The reading study demonstrateshow the algorithms help to evaluate and compare two existing computational models ofreading and clear up temporal aspects of reading data using sequential aspects of the data. Theeye-typing study shows how the algorithms can interpret eye movements in real time and helpeliminate usability restrictions imposed by existing eye-based interfaces.

AcknowledgmentsI am deeply indebted to so many family and friends for all their love and supportthroughout these graduate years. This work would not be possible without their constantguidance and inspiration and I offer them my dearest thanks.My thesis advisor and committee provided continuous support during every stage ofthis endeavor. John Anderson inspired countless new ideas and challenged me to strive for mybest possible work. His tireless help was invaluable and I am fortunate to have had him as amentor and friend. Ken Koedinger sparked numerous stimulating discussions about both thethesis work and a vast array of other interesting topics. Herb Simon helped greatly in sheddingnew light on the work and understanding its relation to larger issues. Keith Rayner offeredmany insights into the work and provided a great deal of guidance and encouragement.A number of people at Carnegie Mellon were influential in my graduate life. TheACT-R research group, especially Kevin, Frank, Scott, Lisa, Mike, Alex, Christian, Marsha, Dan,Mike, and Albert, helped in the development of this work and made Carnegie Mellon anenjoyable environment. Adisack, Chris, Lynne, and other Cog Squad members joined in ontennis matches on many summer afternoons. Helen and Janet were always willing to lend ahelping hand with even the most trivial problems. Bonnie, Thomas, Ken, and John helpedimmensely in the job application process.My friends both in and out of the Pittsburgh area have supported me throughout andhelped me to maintain a healthy perspective on life. Perry, Doug, Lars, Merete, Carsten, andMolly filled my graduate years with fun and happy times, including tennis matches, golfoutings, and Super Bowl parties. Alex, Michael, Anthony, Maria, and Myriam providedlighthearted support from afar and many great excuses to take time off and travel.I owe two very special debts of gratitude. Ayla has stood by me through all five years ofups and downs, always willing to help, always encouraging me, always believing in me. Hersteadfast love, support, and dedication have been a tremendous inspiration, and for that and allthat she has done for me, I am eternally grateful.I am also deeply indebted to my immediate and extended family for all their love andguidance during my graduate years. Mom and Dad have sacrificed so much to give me anopportunity to fulfill my dreams. Silvia has been inspirational in appreciating and enjoying thelittle things in life. Claudio has been a constant reminder to do what you love and to love whatyou do. None of this would have been possible without their tireless love and support.

Table of ContentsCHAPTER 1INTRODUCTION...............................................................................................1WINDOWS TO THE MIND...............................................................................................................1EYE-MOVEMENT DATA ANALYSIS...............................................................................................3Difficulties in Data Analysis.................................................................................................4Automated Data Analysis....................................................................................................6TRACING EYE MOVEMENTS WITH COGNITIVE PROCESS MODELS............................................7THESIS OVERVIEW..........................................................................................................................9Methodology and Implementation...................................................................................10Applications..........................................................................................................................13Issues, Recommendations, and Extensions.....................................................................15CHAPTER 2BACKGROUND................................................................................................17EYE MOVEMENTS..........................................................................................................................17Saccadic Eye Movements....................................................................................................18Eye Movements as Data......................................................................................................19Eye-Movement Data Analysis...........................................................................................20TRACING........................................................................................................................................21Methodological Foundations.............................................................................................21Automated and Semi-Automated Analysis....................................................................23Cognitive Process Models...................................................................................................25MARKOV MODELS........................................................................................................................26CHAPTER 3FIXATION IDENTIFICATION.......................................................................27INTRODUCTION.............................................................................................................................27METHODS......................................................................................................................................28Velocity-Threshold Identification (I-VT).........................................................................28Hidden Markov Model Identification (I-HMM)............................................................30Dispersion-Threshold Identification (I-DT)....................................................................32Target-Area Identification (I-TA)......................................................................................34Other Methods......................................................................................................................35SUMMARY......................................................................................................................................35CHAPTER 4TRACING...........................................................................................................37INTRODUCTION.............................................................................................................................37Target Area Specification....................................................................................................38Process Model Representation...........................................................................................39TRACING METHODS.....................................................................................................................41Target Tracing.......................................................................................................................41

Fixation Tracing....................................................................................................................45Point Tracing.........................................................................................................................50ISSUES.............................................................................................................................................54Using Fixations versus Gazes............................................................................................54Using Overlapping Target Areas......................................................................................55Using the �Any� Target Area............................................................................................56Using Duration and Time Information............................................................................56SUMMARY......................................................................................................................................57CHAPTER 5EYETRACER.....................................................................................................59INTRODUCTION.............................................................................................................................59EYETRACER SETUP........................................................................................................................60USING EYETRACER.......................................................................................................................63Viewing Protocols................................................................................................................63Post-Processing Protocols...................................................................................................67Setting Parameters...............................................................................................................68CHAPTER 6EQUATION SOLVING....................................................................................69INTRODUCTION.............................................................................................................................69STUDY 1: CONSTRAINED EQUATION SOLVING..........................................................................70Method...................................................................................................................................72Tracing Setup........................................................................................................................73Parameter Setting and Sensitivity Analysis....................................................................75Evaluations and Comparisons...........................................................................................79STUDY 2: UNCONSTRAINED EQUATION SOLVING....................................................................85Method...................................................................................................................................85Results without Tracing......................................................................................................86Model Development............................................................................................................95Results with Tracing.........................................................................................................105ACT-R/PM Model............................................................................................................111CHAPTER 7READING.......................................................................................................115INTRODUCTION..........................................................................................................................115E-Z READER...............................................................................................................................117E-Z Reader 3.......................................................................................................................118E-Z Reader 5.......................................................................................................................123READING STUDY........................................................................................................................124Method................................................................................................................................125Results without Tracing...................................................................................................125Tracing Setup.....................................................................................................................129Model Comparison...........................................................................................................133

Results with Tracing.........................................................................................................134DISCUSSION................................................................................................................................138Evaluating the Sequential Behavior of Reading Models............................................138Comparing First-Order and Second-Order Transition Information........................140Comparing Fixation Tracing and Point Tracing..........................................................141CHAPTER 8EYE TYPING..................................................................................................143INTRODUCTION..........................................................................................................................143EYE-TYPING STUDY...................................................................................................................144Method................................................................................................................................146Results without Tracing...................................................................................................147Tracing Setup.....................................................................................................................149Results with Tracing.........................................................................................................154DISCUSSION................................................................................................................................161Distinguishing Thinking from Typing..........................................................................161Relating Target Tracing to Spelling Suggestion..........................................................162CHAPTER 9CONCLUSIONS............................................................................................163SUMMARY AND CONTRIBUTIONS............................................................................................163Algorithms for Tracing Eye Movements......................................................................163Algorithms for Identifying Fixations.............................................................................165Domain Applications........................................................................................................166The EyeTracer System......................................................................................................168EXTENSIONS AND FUTURE WORK............................................................................................168Tracing with Fixation Durations....................................................................................169Tracing in Dynamic Task Environments......................................................................170Multimodal Tracing..........................................................................................................171Tracing Smooth Eye Movements...................................................................................172Training of Tracer Models...............................................................................................172Tracing Confidence and the �Unknown� Strategy.....................................................173Other Extensions...............................................................................................................174APPENDIX A HIDDEN MARKOV MODELS...................................................................175APPENDIX B SEQUENCE MATCHING...........................................................................183REFERENCES..........................................................................................................................187

1Chapter 1 IntroductionWindows to the MindOur eyes reveal a great deal about us; whether or not our eyes are �windows to thesoul,� as the common saying goes, they are certainly windows to the mind. A teacher watchesh e r s t u d e n t s� e y e s f o r s i g n s o f a t t e n t i o n a n d u n d e r s t a n d i n g ; a l i n e b a c k e r w a t c h e s a quarterback�s eyes for clues to his intended receiver; a poker player watches his opponent�seyes for any indication of bluffing. Whenever we interact with others�in the classroom, on theplayfield, wherever�we examine their eye movements to help discern what they are thinking.Eye movements make up an extremely informative component of human observable behaviorthat, along with other components like speech and gesture, allow us to infer what people arethinking based on their actions.The connection between eye movements and thoughts has enjoyed burgeoning attentionin recent years in a number of major research areas. In psychology and the cognitive sciences,researchers have studied eye movements to help elicit and analyze the cognitive processes in avariety of task domains. This research has provided notable and significant benefits in domainssuch as reading (e.g., Just & Carpenter, 1980, 1984; Schilling, Rayner, & Chumbley, 1998),arithmetic (Suppes, 1990), and word problems (e.g., Hegarty, Mayer, & Green, 1992), to name afew. In neurobiology and vision research, researchers have focused on the underlyingmechanisms of the ocular system and low-level aspects of eye movements (e.g., Erkelens &Vogels,1995; Fuchs, 1971; Vaughan, 1982; Zingale & Kowler, 1987). This work has laid a solidfoundation for understanding fundamental characteristics of human visual processing. Inhuman-computer interaction, researchers have studied eye movements to improve the speedand usability of user interfaces. Such work has resulted in better understanding of interface use

2(e.g., Aaltonen, Hyrskykari, & R�ih�, 1998) and successful eye-driven user interfaces (e.g.,Hutchinson et al.,1989; Stampe & Reingold, 1995).There are a number of important reasons why eye movements have become so populari n s o m a n y r e s e a r c h f i e l d s . E y e - m o v e m e n t p r o t o c o l s� s e q u e n c e s o f r e c o r d e d e y e - g a z e l o c a t i o n s� r e p r e s e n t a c t i o n s a t a f i n e t e m p o r a l g r a i n s i z e , t y p i c a l l y o n t h e o r d e r o f 1 0 milliseconds. At this grain size, eye movements yield important clues to human behavior,including what information people use in problem solving and when they use it; how muchtime people need to process various pieces of information; and when people forget and reviewpreviously encoded information. Also, humans need little if any instruction or training toproduce informative data; in most applications, eye-movement data is collected non-intrusively,such that data collection in no way affects task performance. In addition, eye movements canserve as the sole source of data or as a supplement to other sources like verbal protocols. Thus,while eye movements certainly do not entirely reveal a person�s thoughts, their flexibility andinformativeness make them an excellent data source for many studies and applications.L e t u s b r i e f l y i l l u s t r a t e t h e i n f o r m a t i v e n e s s o f e y e m o v e m e n t s w i t h t w o s a m p l e protocols. Figure 1.1 shows a sample protocol for an equation-solving task where subjectssolved equations of the form b˚x˚/˚ac˚=˚bd˚/˚a. For each trial, subjects mentally computed thesolution value of x˚=˚cd˚=˚(ac/a)(bd/b) and typed the value into a response field. The eye-movement protocol appears as a sequence of sampled point-of-regard data points, where latersamples appear lighter in the protocol. The protocol shows the alternating pattern of fixations(pauses while the eye encodes some information, shown as large points) and saccades (rapidmovements between fixations, shown as small points) present in so-called saccadic eyemovements. This protocol reveals a great deal about this subject�s thought processes during thetrial. From the start point (fixation 1, not shown), the subject encodes ac˚=˚40 (fixation 2) anda ˚ =˚5 (fixation 3) and presumably computes the intermediate value c˚=˚8. Next, the subjecte n c o d e s b ˚ =˚3 (fixation 4) and b d ˚ = ˚ 2 7 ( f i x a t i o n 5 ) a n d a g a i n p r e s u m a b l y c o m p u t e s t h e intermediate value d ˚ =˚9. Finally, the subject computes the solution x˚=˚72 and types thisresponse to end the trial. The subject, who has completed a number of trials prior to this one,has clearly learned a very efficient strategy for solving these problems. While coarser data suchas reaction time or correctness may help reveal such strategies, eye movements elicit theindividual steps of the problem-solving process at a much finer-grain level of detail. They alsoallow for non-intrusive data collection, unlike verbal protocols, that is essential in tasks withshort response times.

3bacbdaFigure 1.1: Sample equation-solving protocol.While the above protocol provides a relatively clear window into the subject�s thoughtprocesses, protocols for many tasks reveal aspects of cognition in much subtler ways. Figure 1.2shows a sample eye-movement protocol for a task in which subjects simply read a givensentence. While the protocol plainly reveals a straightforward left-to-right reading scan, deeperunderstanding of what the subject is thinking at each fixation is far from obvious: the fixationsdo not occur at even intervals, nor do they occur over every word, nor do their durations revealany clear pattern. Nevertheless, eye-movement research in the reading domain, by focusingprimarily on the frequency and duration of fixations on words, has resulted in significantadvancements in our knowledge of reading; for instance, this research has demonstrated effectsof word frequency on gaze durations and preview effects of viewing words in the periphery(see Rayner, 1995). Thus, while the clues provided may not always be obvious at first glance,detailed and rigorous study of eye movements in many tasks can reveal a variety of subtle yetinteresting patterns in human behavior.Figure 1.2: Sample reading protocol.Eye-Movement Data AnalysisAll research using eye movements, whatever the context, shares the need to analyze�orinterpret�eye movements. As with other types of data, such as mouse clicks or verbalprotocols, eye-movement data represent only clues to a person�s thoughts; some analysis isalways required to infer these thoughts from observed data. The interpretation derived by dataa n a l y s i s t h u s m a p s t h e o b s e r v e d e y e - m o v e m e n t d a t a t o s o m e p r e d i c t e d s e q u e n c e o f thoughts�that is, maps where the person was looking to what they were thinking. Of course,

4there are never guarantees as to whether some interpretation is correct, but we can oftenestimate the likelihood of different interpretations based on particular properties of the taskenvironment combined with our understanding of the human visual and cognitive systems.Difficulties in Data AnalysisEye-movement data analysis reveals substantial information about human thoughts.Unfortunately, this analysis can often be difficult, tedious, and time-consuming. There are atleast two major reasons for this difficulty. One reason is the sheer amount of eye-movementdata in typical applications. Because they are collected at a fine temporal grain size, eye-movement data sets can become prohibitively large for even simple tasks. These massive datasets are typically translated into a more compact form for analysis, sometimes with significantloss of information. Researchers must often trade off the amount of informativeness extractedfrom eye-movement data with the amount of time needed to analyze all the information.A second major reason for the difficulty of analyzing eye movements arises from noisedue to individual and equipment variability. In many tasks individuals show great variabilityin their eye movements even when they are performing approximately similar strategies. Partof this variability arises from reviewing previously encoded information: Because reviewingoften has little cost besides one or two extra fixations, individuals frequently review informationthey are unsure of or may have forgotten. Another contributor to individual variabilityinvolves errors in actual eye movements, such as the undershoot or overshoot of an intendedfixation target. Finally, individuals can vary significantly in how and when they utilizeperipheral (or parafoveal) encoding of information. Equipment variability also contributes tothe (sometimes significant) noise in eye-movement data. Current eye trackers have a typicalresolution ranging from 1/4¡ to 1¡ of visual angle depending on the particular equipment usedto estimate point-of-regard location. While this resolution serves well for many applicationsand eye-tracker technology continues to advance, interpretation of eye-movement protocolsmust always take into account possible variability in the recorded data. Calibration problems,w h e r e e n t i r e t r i a l p r o t o c o l s a r e s h i f t e d b y s o m e c o n s t a n t b i a s , f r e q u e n t l y c a u s e misinterpretations and require special techniques to avoid or correct.We can illustrate a number of these issues with further sample eye-movement protocols.Figure 1.3 shows another equation-solving protocol in which the subject encodes the fournumbers in the equation. In this protocol, fixation 2 appears midway between the two leftmostnumbers 5 and 9. Interpreting this off-target fixation can be problematic: A naive interpretationthat simply maps fixations to their nearest target might interpret fixation 2 as the encoding of 5or 9, or perhaps even x or /. However, if we take the entire protocol into account along withother protocols we have seen, we note that each of the three numbers besides 5 has a fixation

5directly over it, and that after many trials subjects do not encode the operators or the equal sign.Using these observations, we conclude that the most likely interpretation of the protocol mapsfixation 2 to an encoding of the number 5. In this case, the off-target fixation can primarily beattributed to individual variability as either an overshoot of the target or possibly an intentionalparafoveal encoding; since the other fixations appear directly over their targets, equipmentnoise for this protocol seems less a factor. This protocol illustrates that naive analyses cansometimes be inadequate and that we may need to make use of various types of information toform sensible interpretations.bacbdaFigure 1.3: Sample equation-solving protocol.Figure 1.4 shows another sample protocol taken from a task in which subjects typewords by looking at letters on an on-screen keypad. The Figure 1.includes the keypad portionof the screen along with a user�s eye movements when typing the word SQUARE. The user firstfixated the word to type (fixation 1, not shown) and then fixated the letters S (fixation 2) and Q(fixation 3). After undershooting the next target with a fixation near Y (fixation 4), the userfixated the letter U (fixation 5). The user then fixated the letter A (fixation 7) with anintermediate fixation near E along the way (fixation 6). Finally, the user fixated the letters R(fixation 8) and E (fixation 9). This protocol nicely illustrates how variability can causeconfusion in interpretation. The two incidental fixations (fixations 4 and 6) would be includedin a naive interpretation as the letters Y and E . Also, off-center fixations that occur betweentargets could be interpreted as either target; for instance, the fixation intended for Q (fixation 3)would be mapped to its actual closest target A . Again we see that simple approaches to dataanalysis cannot adequately handle the complexity of typical eye-movement protocols.

6Figure 1.4: Sample eye-typing protocol for the word SQUARE.Automated Data AnalysisThe difficulty and tedium of analyzing eye movements often make it implausible forhumans to analyze protocols fully by hand; it is simply too difficult to analyze the dataconsistently, accurately, and in a reasonable time frame. Thus, a number of researchers haveaimed to develop automated tools to assist in eye-movement data analysis (e.g., Cabiati et al.,1983; Karsh & Breitenbach, 1983), an approach that has achieved some success for verbalprotocols (e.g., Waterman & Newell, 1971, 1973). These automated tools have served manyuses, primarily identifying fixations and saccades (e.g., Cabiati et al., 1983; Widdel, 1984) andassigning fixations to intended targets (e.g., Salvucci & Anderson, 1998). Automated tools allowinvestigators to analyze larger, more complex data sets in a consistent, detailed manner thatwould otherwise be impossible. Of course, �automated� data analysis is never fully automated:Humans always participate in some ways, such as defining relevant regions of interest,deciding what aspects of the data are important, or building predictive process models of thetask. Thus, automated data analysis can be more accurately characterized as a semi-automated,interactive analysis process in which automated tools assist human investigators in performingfaster, more accurate, and more consistent analyses.Automated data analysis tools, while convenient, can be complex to design andimplement: The same difficulties that plague human analysis of eye-movement protocols affectautomated methods as well. The variability in these protocols requires that such tools formflexible interpretations that handle off-target, missing, and incidental fixations. In addition,while computers can usually analyze data significantly faster than humans, there remainserious speed-accuracy tradeoffs that tool developers must address. Automated analysis toolsmust be designed with care to provide sensible and accurate interpretations in the face of thesedifficulties.

7Tracing Eye Movements with Cognitive Process ModelsThis thesis explores a new class of algorithms that analyze eye movements using arigorous form of protocol analysis called tracing. Tracing is the process of mapping observedaction protocols to the sequential predictions of a cognitive process model. Tracing has becomean extremely useful tool for analyzing data in many contexts. Cognitive scientists haveemployed tracing to analyze verbal protocols in various problem-solving domains (e.g., Newell& Simon, 1972). Builders of intelligent tutoring systems have used tracing to determine astudent�s solution path through a student model of the learning domain (e.g., Anderson et al.,1990). Researchers in human-computer interaction have employed tracing to study the fits ofuser models (e.g., Card, Moran, & Newell, 1983) and to develop intelligent interfaces thatanalyze and react to user actions.Tracing eye movements requires a cognitive process model capable of predictings e q u e n c e s o f e y e m o v e m e n t s p e r f o r m e d d u r i n g a t a s k . T h i s p r o c e s s m o d e l m a y b e implemented in a number of ways, such as a production system (e.g., Anderson & Lebiere,1998; Just & Carpenter, 1992; Meyer & Kieras, 1997; Newell, 1990) or a cognitive grammar (e.g.,Smith, Smith, & Kuptsas, 1993). Of course, because this thesis specifically addresses eyem o v e m e n t s , t h e m o d e l s h o u l d p r e d i c t v i s u a l p r o c e s s i n g a t a p p r o x i m a t e l y t h e l e v e l o f individual fixations or gazes. For example, consider the following process model for theequation-solving task (as shown in Figures 1 and 3), where subjects solve equations of the formb˚x˚/˚ac˚=˚bd˚/˚a:• encode b, encode ac, encode bd, encode a, compute c, compute d, compute x• encode b, encode bd, compute d, encode ac, encode a, compute c, compute xThis process model allows two possible strategies for solving the problem. The first strategyencodes the four problem values from left to right, performing the three necessarycomputations after encoding all values. The second strategy encodes the values in pairs andcomputes intermediate values as soon as possible.Given such a process model, tracing maps an eye-movement protocol to the best-fittingprocess model strategy. Figure 1.5 shows the mapping of a sample protocol to the processmodel above. The arrows in Figure 1.5 represent the trace, or interpretation, of theprotocol�that is, the mapping between predicted fixations and their corresponding observedfixations in the protocol. In this case, the protocol best matches the second strategy that encodesvalues in pairs. From the start position (fixation 1, not shown), the subject jumps to theequation but misses the first value (fixation 2). The subject then encodes b (fixation 3), bd(fixation 4), ac (fixation 5), and a (fixation 6). Finally, the subject reviews ac (fixation 7) and

8fixates the output box (fixation 8). Note that the mapping includes only predicted fixations(fixations 3-6); unpredicted fixations (fixations 2, 7-8) and actions that do not correspond toobserved fixations (the compute actions) are omitted. As the example illustrates, tracing takesadvantage of both global and local information in forming interpretations of protocols. Localinformation, namely the location and velocity of each data point, helps separate fixations andsaccades and pinpoint the locations of each fixation. Global information, namely the sequenceof fixations, helps sort out the assignment of fixations to their intended targets.

choose strategyencode bencode bdcompute dencode acencode acompute ccompute cdencode bencode

compute dcompute cd

Figure 1.5: Sample equation-solving protocol, model, and trace.Tracing eye movements has a number of applications in cognitive and computer scienceresearch. One important application for eye-movement tracing is in prototyping, evaluating,and refining cognitive models. For instance, Ritter and Larkin (1994) developed a methodologyfor developing cognitive models called trace-based protocol analysis, which prescribes aniterative process of tracing, trace analysis, and model refinement. This methodology, inconjunction with eye-movement tracing, allows for both exploratory and confirmatory analysisof eye-movement protocols. For exploratory analysis, a researcher can reduce a raw eye-movement protocol to fixation sequences without employing any model bias. The fixationsequences can then be examined for common patterns which form the basis of a prototypemodel. For confirmatory analysis, the researcher can trace the protocols with the prototype (orl a t e r ) m o d e l t o f i n d m i s m a t c h e s b e t w e e n o b s e r v e d d a t a a n d m o d e l p r e d i c t i o n s . T h e

9mismatches provide useful clues in pinpointing weaknesses of the model and eliminating themin future model refinements. In addition, tracing can provide a goodness-of-fit measure thathelps compare the accuracy of different models in predicting a given protocol data set.A r e l a t e d a p p l i c a t i o n o f e y e - m o v e m e n t t r a c i n g i s t h e a u t o m a t e d c o d i n g o f e y e - movement protocols from psychological experiments or user interactions. Protocol coding,especially common for verbal protocols, involves interpreting a protocol and classifying it asone of a fixed number of strategies or behaviors. Tracing classifies protocols by identifying thebest-fitting model sequence for each protocol, as illustrated in the Figure 1.5 example. Theresulting classifications can be used to examine frequencies of various strategies, to studywithin-subject strategy variations, and to identify meta-strategies. Automated coding isespecially important for eye movements, as for verbal protocols, because of the size, variability,and complexity of typical data sets.Another important application of eye-movement tracing arises in on-line systems thatinterpret eye movements as they are being generated. As opposed to the off-line nature oftrace-based protocol analysis and automated coding, on-line tracing is useful for user interfacesthat react to user actions as they occur. For instance, intelligent tutoring systems typically tracestudent actions to infer their current state of knowledge. In such systems, eye movements helpdisambiguate problem-solving strategies which cannot be inferred solely from more standarddata (i.e., typing and mouse actions). As another example, user interfaces with eye-based inputdevices allow users to execute commands with explicit or implicit eye movements. Better eye-movement tracing algorithms allow such interfaces to better interpret user intentions and thusprovide more efficient, usable interaction.Thesis OverviewThis thesis explores a new class of algorithms for tracing eye-movement protocols.Tracing eye movements encompasses a wide range of potential methods and issues. To restrictthe scope of this work to a manageable subset, the thesis makes the following assumptions:• The eye-movement protocol consists of a sequence of point-of-regard data, each of whichgives the planar coordinates of the estimated look point on a computer screen. Weassume that the point data are sampled at a constant rate, which depends on the specificeye-tracking equipment used.• The cognitive process model using in tracing is a model capable of generating one or morepredicted action sequences. We assume that the model predicts visual processing at thelevel of fixations or gazes. In addition, we allow the model to be non-deterministic, suchthat each possible predicted sequence occurs with some probability.

10• The task environment in which eye-movement data are collected is (at least for the mostpart) static, with few if any changes occurring during any individual trial. The displayshould have easily-defined visual targets, such as numbers or words, that roughlytranslate to rectangular regions of interest. (The issues of tracing in dynamicenvironments and inferring regions of interest are addressed in the final chapter.)The thesis comprises three main components. First, the thesis formalizes a methodologyfor tracing eye movements that includes both completely novel algorithms and extensions ofprevious ones. Second, it demonstrates the usefulness of these methods by applying them inthree representative domains. Third, it provides a set of recommendations for their use anddiscusses a number of possible future extensions. The following sections outline thesecomponents.Methodology and ImplementationThe first component of the thesis formalizes and describes a set of methods thatautomate the tracing of eye-movement protocols. Chapter 3 details a number of existing andnovel algorithms for fixation identification. Chapter 4 describes three novel tracing methods,one based on sequence matching and two based on hidden Markov models. Chapter 5 outlinesthe implementation of the fixation identification and tracing algorithms in a single system,EyeTracer, that allows for protocol manipulation, analysis, and visualization. The followingsections summarize these chapters in turn.Fixation IdentificationFixation identification is the process by which data points that represent fixations aredistinguished from those that represent saccades. This process is a crucial step in tracing eye-movements that translates raw eye-movement data into sequences of fixation tuples indicatinglocation, onset time, and duration. While all previous work using eye movements has utilizedfixation identification in some way, researchers often have not described the process in detailand have largely ignored the effects of different methods on analysis (with notable exceptions,e.g., Karsh & Breitenbach, 1983). This thesis formally describes both existing and novelmethods for fixation identification. In addition, it compares and contrasts these methods interms of speed, robustness to data noise and variability, and generality to different types of eye-movement data.Fixation identification methods, broadly speaking, fall into three categories: velocity-based, dispersion-based, and region-based. Velocity-based methods identify fixationsaccording to the velocities between consecutive data points: low-velocity points representfixations, while high-velocity points represent saccades. The simplest method uses a simple

11velocity threshold, while a more sophisticated method uses probabilistic velocity distributionsencoded in hidden Markov models. Dispersion-based methods identify fixation points aspoints that are grouped closely together. Such methods often incorporate duration thresholdssuch that fixation points within a certain dispersion must represent at least some minimalamount of time. Region-based methods identify fixation points as points that fall within a fixedregion around some relevant information. In contrast to velocity- and dispersion-basedmethods, region-based methods require that the user select regions of interest prior to fixationidentification.TracingThis thesis describes three tracing algorithms: target tracing, fixation tracing, and pointtracing. As input, the algorithms take an eye-movement protocol, a cognitive process model,and a set of targets (regions of interest). As output, the algorithms generate a mapping fromeye movements to model predictions as well as a measure of �goodness of fit.� Each algorithmtrades off speed and accuracy in different ways: the fastest provides only moderate accuracy,while the slowest provides very high accuracy. All together, they represent a powerful class ofalgorithms that allow developers to balance the speed-accuracy tradeoff as necessary forparticular applications.The first algorithm, target tracing, starts with a sequence of fixation locations and mapsthese locations to their nearest respective targets. The target sequence can optionally betransformed such that consecutive gazes on the same target are collapsed into a single gaze.Target tracing then matches the resulting target sequence to the predicted action sequences ofthe cognitive model. The sequences are compared using a sequence-distance metric (Card,Moran, & Newell, 1983; Kruskal, 1983) based on the number of inserted and deleted targetsfrom one sequence to the other. The interpretation of the target sequence is simply thepredicted model sequence that best matches the target sequence. This interpretation includes amapping from the observed to the predicted sequence, which helps identify whether or notindividual gazes are predicted by the model. Target tracing provides lesser interpretationaccuracy compared to the other algorithms but can run significantly faster.The other two algorithms, fixation tracing and point tracing, use hidden Markov models(HMMs) to interpret eye movements. HMMs are probabilistic finite state machines that havebeen used effectively in many areas of study, most notably in the fields of speech andhandwriting recognition (see Rabiner, 1989). In many ways, the analysis of eye movements hasmuch in common with speech and handwriting recognition. These recognition systems take aperson�s speech or handwriting input and determine the most likely interpretation of this inputgiven a model of the person�s possible intentions. The tracing algorithms described here

12perform the analogous task for eye movements, taking a person�s eye movements anddetermining the most likely sequence of intended fixations. Fixation and point tracing borrow anumber of techniques from these well-developed fields and carry them over to eye-movementdata.Fixation tracing utilizes HMMs to map fixations onto predicted model sequences.Fixation tracing begins by creating a tracer HMM that embodies a grammar representing allpossible model sequences. The tracer HMM comprises a number of submodel HMMs thatrepresent single fixations on particular targets; the submodel HMMs contain probabilitydistributions for the possible x and y locations of fixations over the target, as well as probabilitydistributions for transitions through and around the submodel. The tracer HMM thus containsa probabilistic representation of possible model sequences and possible fixation locations foreach target in those sequences. Fixation tracing then determines the most likely interpretationof a fixation sequence given a tracer HMM; in other words, it maps fixations in the fixationsequence onto states in the HMM. Fixation tracing provides more accurate interpretations thantarget tracing due to its probabilistic representation: Although it tends to assign fixations tot h e i r n e a r e s t t a r g e t s , a s d o e s t a r g e t t r a c i n g , f i x a t i o n t r a c i n g h a s t h e f r e e d o m t o g u i d e interpretation to other targets if they are deemed more likely by the given model.Point tracing operates much like fixation tracing, except that it combines fixationidentification and tracing into a single step that maps raw eye-movement data directly topredicted model sequences. Point tracing also forms a tracer HMM, but its submodel HMMsrepresent properties of data points rather than fixations. Specifically, each submodel HMMincludes two states: one that represent high-velocity saccade points, and one that representslow-velocity fixation points. Point tracing then determines the most likely interpretation of agiven data point sequence given the model HMM. Point tracing, like fixation tracing, has thefreedom to guide interpretation of points to non-nearest targets. However, unlike fixationtracing, point tracing allows the model to influence whether particular data points are identifiedas fixations or saccades. Point tracing is thus the most powerful of the three algorithms but canincur substantially more computation.EyeTracerEyeTracer is an interactive environment that allows for protocol manipulation, analysis,and visualization. Along with all the fixation identification and tracing algorithms mentionedabove, EyeTracer includes various ways to visualize eye-movement protocols. Protocolvisualization allows for both exploratory and confirmatory analysis. For exploratory purposes,the earlier figures illustrate a type of visualization that incorporates spatial as well as time-sequence information (i.e., coloring from dark to light). EyeTracer allows for other such views

13t h a t i n c l u d e s o m e m i n i m a l p r o c e s s i n g t o a s s i s t a n a l y s i s� f o r i n s t a n c e , h i g h l i g h t i n g o r numbering fixations. For confirmatory purposes, EyeTracer provides ways of visualizingwhere protocols match and mismatch with predicted model sequences. For example, EyeTracercan trace protocols with a given model and highlight predicted fixations differently from thosewhich are not predicted.ApplicationsTo test the fixation identification and tracing methods, the thesis applies the methods tothree domains that nicely illustrate their power and flexibility. Chapter 6 describes anapplication to equation solving that compared the interpretations of the tracing methods tothose of human experts and showed how they facilitate the development of cognitive models.Chapter 7 details an application to reading that demonstrated how the tracing methods helpevaluate existing cognitive models and how they handle computationally complex models.Chapter 8 describes an application to eye typing that showed how the tracing methods canassist in real-time analysis for use in eye-based user interfaces. The next three sections detailthese applications.Equation SolvingThe equation-solving application included two studies that tested the ability of thetracing algorithms to generate correct interpretations and to facilitate model prototyping andrefinement. The equation-solving task, as described earlier, involves solving equations of theform b x / a c = b d / a. The solution is found by encoding the four numeric quantities b, a c , bd,and a and computing the value of x, namely x = c d . There exist a number of possible strategiesfor finding the solution; for instance, the subject could read the values left-to-right (b-ac-bd-a) orright-to-left (a-bd-ac-b), or could read the values in pairs (b-bd-ac-a, ac-a-b-bd). Clearly, a subject�seye movements reveal a great deal about which strategy the subject chooses to execute.However, given eye-tracker noise and individual variability, the mapping from eye movementsto subject intentions is often not clear.Study 1 compared the interpretations of the tracing algorithms to those of expert humancoders. In the experiment, subjects were instructed to execute one of four particular solutions t r a t e g i e s . T h e s e i n s t r u c t i o n s p r o v i d e d a � c o r r e c t� i n t e r p r e t a t i o n o f t h e s u b j e c t s� e y e movements, in that we knew (with at least some reliability) what cognitive processes generatedthose eye movements. The tracing algorithms and two expert human coders were then given asubset of the protocols and asked to classify them as one of the four strategies. Resultsdemonstrate that the tracing algorithms interpreted the protocols at least as accurately as thehuman coders in significantly less time.

14S t u d y 2 d e m o n s t r a t e d h o w t h e t r a c i n g a l g o r i t h m s f a c i l i t a t e t h e p r o t o t y p i n g a n d refinement of cognitive process models. In this experiment, subjects solved the equations inwhatever manner they chose; thus, there were no longer a priori predictions concerning theircognitive strategies as there were in Study 1. An ACT-R model of subjects� equation-solvingbehavior was developed using the tracing algorithms for exploratory and confirmatory analysis.First, the tracing algorithms without model bias and the visualization techniques built intoEyeTracer helped develop a prototype ACT-R model. Then, the tracing algorithms wereapplied iteratively to both model and data to evaluate and refine the model. In each iteration,t r a c i n g m a n i f e s t e d m i s m a t c h e s b e t w e e n s u b j e c t p r o t o c o l s a n d m o d e l p r e d i c t i o n s t h a t highlighted weakness of the model and allowed for model refinement. The tracing algorithms,in conjunction with the final ACT-R model, helped reveal relationships between encoding andcomputation that were hidden in other forms of analysis.ReadingThe reading application tested the ability of the tracing algorithms to compare cognitivemodels and handle complex models whose strategies cannot be enumerated. The reading taskwas taken from Schilling, Rayner, and Chumbley (1998) and involved reading medium-lengthsentences of approximately ten words each. Reichle, Pollatsek, Fisher, and Rayner (1998) fitthese data with a computational model of reading, E-Z Reader. They developed severalversions of the E-Z Reader model and found that two versions, E-Z Reader 3 and 5, fit the dataequally well quantitatively with respect to gaze durations and probabilities. However, theyconcluded qualitatively that E-Z Reader 5 was the better model because it utilized the fact thatwords farther in the periphery are more difficult to encode and identify.The reading study in the thesis compared E-Z Readers 3 and 5 with respect to sequentialinformation. The models were run a number of times to produce first-order and second-ordermodels�that is, models that included first-order and second-order transitions, respectively.These models were used to trace a newly-collected data set and were compared with respect tothe goodness-of-fit each model provided for the data set. Results show that, as Reichle et al.suggest, E-Z Reader 5 fit the data significantly better than E-Z Reader 3. Results also show thatthe resulting traces from all the models helped manifest interesting patterns in the data (gazedurations and probabilities) that are unclear in simpler analyses.The reading study provided interesting results not only in comparing models, but alsoin showing how to trace eye movements with complex models with many possible strategies.In the equation-solving study, the process models enumerate the possible sequences of valueencodings; for instance, the process model for Study 1 includes each of the four fixationsequences for the four possible strategies given by instruction. For the reading task, however,

15the process models cannot enumerate all possible fixation sequences; such a model for E-ZReader, which implements a generally left-to-right reading strategy that can skip or repeatfixations on words, would be computationally infeasible. Thus, the reading study requiredsimpler models (i.e., the first-order and second-order models) that both were computationallyfeasible and also maintained interesting sequential aspects of the models. The study illustratedthat such simpler models can allow for interesting yet efficient tracing of eye movements incomplex domains.Eye TypingThe eye-typing application tested the ability of the tracing algorithms to analyze data aspart of an interactive eye-based user interface. The eye-typing interface allows user to typewords by looking at letters on an on-screen keyboard, as shown in Figure 1.4 with a sampleprotocol from a user typing the word S Q U A R E . Existing work (e.g., Jacob, 1993; Stampe &Reingold, 1995) has shown the great potential for such systems to allow hands-free typing,especially for people with physical disabilities (e.g., Hutchinson, White, Martin, Reichert, &F r e y , 1 9 8 9 ) . H o w e v e r , p r e v i o u s s y s t e m s u s e d a f a i r l y s i m p l e s c h e m e t o i n t e r p r e t e y e movements and to trigger commands: the user had to fixate precisely over a letter for someminimum time, or dwell threshold, for the letter to be typed. Although the systems workedwell with this scheme, they required several restrictions�such as large spacing between lettersand long dwell thresholds�that facilitated interpretation but also limited their usability anddesign.The eye-typing study determined how the tracing algorithms could allow for morefreedom in the design and use of eye-based interfaces. The study examined an experimentaleye-typing interface that eliminated restrictions necessary in previous systems. The interfacetraced user eye movements with process models that incorporated possible user behaviors, thatis, sequences of letters. Tracing allowed the interface to make use of sequential and otherinformation, such as word and letter frequencies, to help interpret user protocols; for instance,after seeing a fixation on Q , the interface would bias its interpretation to favor interpreting thenext fixation as U . Results of the study showed that, for an interface with minimal restrictions,the tracing algorithms significantly improved the accuracy of eye-movement interpretationsover existing methods. In addition, the results showed that users typed faster in the lessrestrictive interface and improved their performance with even small amounts of practice.Issues, Recommendations, and ExtensionsT h e f i n a l c o m p o n e n t o f t h e t h e s i s , C h a p t e r 9 , d e s c r i b e s a n u m b e r o f i s s u e s , recommendations, and extensions pertaining to this work. First, the chapter addresses a

16number of issues raised in the thesis, including how to develop effective cognitive models fortracing, how to improve cognitive models using hidden Markov model training, and how toimplement the various algorithms efficiently. Second, the chapter includes recommendationspertaining to the applicability of the algorithms in different contexts�for instance, whichalgorithms can feasibly operate in real-time as part of an on-line system. Third, the chapterdiscusses possible future extensions for this work, including incorporation of time information,extension to dynamic task environments, and generalization to other types of data.

17Chapter 2 BackgroundThe automated tracing of eye-movement protocols relates to a variety of backgroundwork in three broad areas: eye movements, tracing, and Markov models. Work in eyemovements has provided a foundation for understanding the physical characteristics of visual-motor control and algorithms for analyzing eye-movement data. Work in tracing has exploredtechniques for mapping observed data to predicted actions. Work in Markov models, primarilyin the fields of speech and handwriting recognition, has developed a rich body of usefulMarkov-based algorithms for tracing sequential data with respect to a stochastic model. Thischapter provides an overview of work in these areas and describes how this work relates to thework in this thesis.Eye MovementsThe wealth of eye-movement studies in past decades has provided solid evidence thateye movements can reveal a great deal about underlying cognitive processes (Just & Carpenter,1984; Rayner, 1995). Researchers have successfully utilized eye-movement data to studycognition in a variety of domains, a number of which are listed in Table 2.1. Although somehave expressed pessimism over relating eye movements and mental processes (e.g., Viviani,1 9 9 0 ; H a r r i s e t a l . , 1 9 8 8 ) , t h e s e n u m e r o u s s t u d i e s h a v e u n d e n i a b l y m a d e s i g n i f i c a n t contributions to their fields through the study of eye movements. This section reviewsbackground work in eye-movement with respect to physical characteristics, data collection andanalysis, relation to higher-order processing, and relation to other types of data.

18Table 2.1: Sample domains for the study of eye movements and representative work.DomainRepresentative WorkreadingJust & Carpenter, 1976, 1980, 1984; Reilly & O�Regan, 1998;Rayner, 1995; Rayner & Morris, 1990arithmeticOhlsson, Ernst, & Rees, 1992; Suppes, 1990;Suppes et al., 1983word problemsDeCorte, Verschaffel, & Pauwels, 1990;Hegarty, Mayer, & Green, 1992analogySalvucci & Anderson, in preparationimage scanningNoton & Stark, 1971; Stark & Ellis, 1981; Intraub, 1981mental rotationCarpenter & Just, 1978television viewingFlagg, 1978automobile drivingMcDowell & Rockwell, 1978human-computer interfacesAaltonen, Hyrskykari, & R�ih�, 1998; Ellis et al., 1998Saccadic Eye MovementsResearch in the low-level physical characteristics of eye movements is essential tou n d e r s t a n d i n g a n d a n a l y z i n g e y e - m o v e m e n t d a t a . T h i s t h e s i s f o c u s e s o n s a c c a d i c e y e movements, the most common and best understood type of eye movement. Other types of eyemovements, such as smooth or vergence eye movements, are beyond the scope of this work.Interested readers can refer to Kowler (1990), Alpern (1962), Fuchs (1971), or Hoffman (1998) fora d e t a i l e d d i s c u s s i o n o f s a c c a d i c e y e m o v e m e n t s a n d o v e r v i e w s o f o t h e r t y p e s o f e y e movements.Saccadic eye movements consist of two alternating events: fixations, where the eye lockson a target while the perceptual systems encodes the image; and saccades, where the eye movesballistically to the next location to fixate. Fixation durations range from approximately 100 msto over 1 second, depending on the difficulty of the given task (Rayner, 1983). The distributionof fixation durations over particular domains is approximately exponential (Suppes et al., 1983;Harris et al., 1988), with adults exhibiting a shorter average duration than infants in similartasks (Harris et al., 1988). Fixation location is extremely stable when the head is supported, witha variability of 10-20 minutes of arc, and approximately 1.5 to 3 times greater when the head isunsupported (Kowler, 1990).Saccades are (primarily) ballistic eye movements during which no information can beencoded (Kowler, 1990). Saccade duration and peak velocity increase with the saccade�smagnitude: the average saccade duration is approximately 30 ms for a 5 degree saccade and 2

19ms longer for each additional degree; peak velocity can vary from 200-700 degrees/second forsaccades of 5-30 degrees (Fuchs, 1971). The visual and cognitive systems can plan sequences ofsaccades to execute in rapid progression, incurring additional latency before the first saccade foreach planned saccade (Zingale & Kowler, 1987). Saccadic parameters do not seem to deterioratesignificantly with prolonged scanning activity (Sen & Megaw, 1984).Eye Movements as DataEye movements are extremely informative as a data source for analysis of humancognition. Perhaps the most important reason for their usefulness is that eye movementsindicate, generally speaking, the focus of visual attention. Although visual attention can moveindependently from eye-gaze location, attention always precedes eye movements: attentionshifts to the location of the next fixation before the eye executes a saccade to that location(Hoffman, 1998). Thus, at the very least, eye movements provide clues to where the visualattention focuses at approximately the same time. Just and Carpenter (1984) have even positedan �eye-mind� assumption (for reading) that says that processing occurs while information isfixated and the fixation continues until processing is completed. Although this claim has beendebated (Viviani, 1990), the link between eye movements and visual attention is clearly strongand provides researchers with a convenient window into a person�s thought processes.Another reason for the popularity of eye movements as data is the fine temporal grainsize that they represent. Today�s eye trackers can typically sample eye movements at a rate of50 to 1000 Hz, or once every 1 to 20 ms. This fine grain size allows researchers to analyzehuman behavior at a level of detail unachievable with more common types of data. This pushtoward lower levels of detail has arisen in the broader research community; for instance, theACT-R theory of cognition, which typically modeled actions at the one-second grain size onlysix years ago (Anderson, 1993), now typically models actions at the 50 ms level. Deeperunderstanding of cognition requires data that elucidate behavior at deeper levels, making eyemovements an excellent choice as a behavioral data source.The usefulness of eye movement data is further bolstered by the fact that eye-movementdata collection, i.e. eye tracking, is generally non-intrusive. Eye-movement studies with bothtracking and non-tracking conditions for the same task have shown no significant differences inperformance between conditions (Anderson & Douglass, prep). In addition, eye-movementdata collection generally requires no subject training or coaching. These benefits, in conjunctionwith fine temporal grain size, allow researchers to collect data easily even for tasks with shorttrials of a few seconds or less.There are a number of interesting similarities and differences between eye movementsand verbal (or talk-aloud) protocols, the most common form of protocol data in past research.

20While eye movements give only implicit clues to a person�s thoughts, verbal protocols represent(or should represent) an explicit version of a person�s thoughts. Thus, verbal protocols canmore directly indicate the person�s high-level goals and problem-solving strategies. However,the verbalization process (as described by Ericsson & Simon, 1984) can be complicated in itsown right, often requiring pre-experiment training. Also, verbalization requires explicitcognition to formulate and generate utterances�potentially altering the problem-solvingprocess. Overall, neither eye movements nor verbal protocols come out a clear winner; thechoice is highly dependent on the task domain and the goals of the particular study.Given the usefulness of both verbal protocols and eye movements, several researchershave utilized them together as complementary sources of data (e.g., Hansen, 1991). Typically,these studies focus on verbal protocols to infer high-level strategies and goals, and focus on eyemovements to manifest behavior at a finer temporal scale. In an interesting study, Hansen(1991) explored the effects of subjects� eye-movement protocols in eliciting retrospective verbalprotocols. Hansen had subjects use a text editor while their eye movements were beingrecorded. After they completed the task, he showed subjects their own eye movements (as "eye-m a r k r e c o r d i n g s " s u p e r i m p o s e d o n t h e t a s k s c r e e n ) a n d a s k e d t h e m t o g i v e v e r b a l retrospections of their behavior. Results showed that the eye-movement protocols assisted inrecollection of behavior and induced a significant increase in verbalizations concerning visualencoding.Other researchers have studied information acquisition using alternatives to eye-movement data. In one study, Payne (1976) placed information on face-down cards andrequired subjects to flip cars individually to reveal their information. More recently, researchershave employed a type of "poor-man�s eye tracker": a computer interface in which concealedinformation is revealed with a mouse-driven cursor (Lohse & Johnson, 1996; Salvucci &Anderson, 1998). Lohse and Johnson (1996) found that a mouse-driven interface results inslower access times than a similar eye-tracking interface; however, they also found that themouse-driven interface results in more systematic data that are easier to understand andinterpret than comparable eye-movement data.Eye-Movement Data AnalysisResearch in eye-movement data analysis has focused almost exclusively on the problemof fixation identification�reducing raw eye-movement data to sequences of fixations andsaccades. The identification techniques fall into several rather rough categories. Some work hasfocused on finding saccades based on eye-movement velocities between data points, usuallyincorporating a minimum duration of 15-20 ms (Cabiati et al., 1983; Erkelens & Vogels, 1995;Sen & Megaw, 1984). Other work locates fixations by aggregating consecutive data points into

21clusters based on distance-from-centroid measures, with duration minimums of 100-200 ms(Karsh & Breitenbach, 1983; Stark & Ellis, 1981; Widdel, 1984). Other existing techniquesinclude digital filters (Tole & Young, 1981) and coding by hand (Harris et al., 1988).With notable exceptions (e.g., Cabiati et al., 1983; Widdel, 1984), eye-movement dataanalysis is usually described informally and with few details, although it can have a drasticimpact on later data analysis (Karsh & Breitenbach, 1983). Existing techniques also generallyrely on rather arbitrary thresholds and other parameters that are often highly dependent on theeye-tracking equipment used. This thesis helps formalize and evaluate a number of existingand novel fixation identification techniques and attempts to make them general enough fordifferent types of eye-tracker data. More importantly, the thesis explores a completely novelline of eye-movement data analysis research: the tracing of eye-movement protocols withcognitive process models.TracingTracing, a rigorous form of sequential protocol analysis, has become increasinglypopular in various fields and under various appellations. Cognitive scientists have employedtrace-based protocol analysis to develop and refine cognitive process models (Ritter & Larkin,1994). Researchers in human-computer interaction have employed tracing, especially sequencecomparison techniques, to study the fits of user models (Card, Moran, & Newell, 1983).Builders of intelligent tutoring systems have utilized model tracing (Anderson et al., 1989, 1990,1995) or tracking (Frederiksen & White, 1990) to determine the user�s solution path through astudent model of the domain. This section reviews work related to tracing, including moregeneral work in protocol analysis and sequential data analysis.Methodological FoundationsNewell and Simon (1972) provided arguably the most influential contribution to themethodological foundations of tracing. Their work formalized the notion of the problem spaceand illustrated how subject protocols could help determine a subject�s particular solution paththrough the space. It also demonstrated how one can test process models by mapping theirpredictions directly onto the observable actions of human subjects. In the context of tasksinvolving cryptarithmetic and logic problems, Newell and Simon aligned think-aloud protocolswith the predictions of task-specific production system models. To a lesser extent, they alsodiscuss eye-movement data in relation with model predictions (taken from Winikoff, 1967),sometimes to the level of tens of milliseconds. Such detailed analyses have set the tone for thisthesis and have demonstrated the potential benefits of low-level analysis for larger sets of

22protocol data. Of course, there is a tradeoff between the level of detail in the analysis employedand the amount of data on which the analysis is employed, as Newell and Simon state:Our investigations of human problem solving alternate between two strategies. Oneis to examine the behavior of an individual problem solving attempt in as muchdetail as possible. The aim is to determine whether the information processingtheory really describes the fine structure of behavior... The other strategy is to askmore broadly whether the theory fits the facts from a substantial range of situations,trading off breadth for depth. (Newell & Simon, 1972, p. 310)This thesis is an attempt to push the envelope in both "breadth" and "depth," allowing for theexamination of larger and more complex protocols at lower levels of analysis.Another major step in the evolution of tracing came in the development of processmodels of human-computer interaction. Card, Moran, and Newell (1983) created a modelingsystem called GOMS to facilitate understanding of user behavior at a fine-grained level. GOMSrepresents cognition in four components (from whose initials the acronym is derived): a set ofGoals, a set of Operators, a set of Methods for achieving the goals, and a set of Selection rulesfor choosing among competing methods for goals. In one application to manuscript editing,they traced user actions with GOMS model predictions at the level of individual typing andgeneral reading events. Using these traces, Card, Moran, and Newell evaluated various modelsby computing a percentage match between predicted and observed sequences with a sequence-distance metric. Their work stressed the need to utilize quantitative measures of a trace�s"goodness of fit" along with traditional qualitative analyses. The tracing methods in this thesisalso provide such quantitative metrics, and in fact utilize a similar sequence-distance metric forone of the methods.While Newell and Simon (1972) and Card, Moran, and Newell (1983) emphasized thesubstantive aspects of their work in their particular domains, Ohlsson (1987) helped to highlightt h e s i g n i f i c a n t m e t h o d o l o g i c a l c o n t r i b u t i o n s o f t h e i r w o r k . O h l s s o n f o r m a l i z e d t h e methodology, which he called trace analysis, as a three-step process:1. Construct the subject�s problem space.2 . Identify the subject�s solution path by making use of the sequential information in theprotocol.3 . Hypothesize the subject�s strategy by inventing problem-solving heuristics that canreproduce the subject�s solution path.

23Ohlsson�s application of trace analysis to the domain of spatial reasoning nicely illustrates howtrace analysis facilitates both exploratory and confirmatory analysis in prototyping andevaluating cognitive process models.,Ritter (1992) and Ritter and Larkin (1994) examined tracing at length and specify amethodology, trace-based analysis, for testing process models� predictions through comparisonwith verbal and non-verbal protocols. Their formulation of trace-based protocol analysis,reminiscent of Ohlsson�s (1987) trace analysis, comprises the following steps:1. Using a process model, generate a sequence of predicted actions.2 . Compare the model predictions to empirical data by forming a mapping between thepredicted action sequence and the observed action sequence.3. Analyze the fit of the model to the data to see where the model can be improved.4. Refine the model and iterate.Using their Soar/MT system, Ritter and Larkin successfully developed a process model foru s e r s o f a c o m p u t e r i n t e r f a c e . T h e i r p a p e r m e n t i o n s e y e m o v e m e n t s o n l y i n p a s s i n g , characterizing them as "overt task actions" that can be handled by the system, but withoutexplaining in detail how this might be achieved. One significant difference between this workand the thesis work herein arises in the predictions of the cognitive model: Soar/MT requiresthat the model�s sequence of predicted actions be deterministic, whereas the tracing methods inthe thesis allow for non-deterministic action traces. In general, however, their work is quiteapplicable in the context of eye movements and maps out a good methodology for developingcognitive models of visual processing.Ericsson and Simon (1980, 1984) stressed the need for analyzing and tracing protocoldata, specifically verbal reports, in the context of the processes that produce them. Theyemphasize that verbal reports represent observable data that can be collected and analyzed likeany other data, given a proper understanding of the process of verbalization. They also outlinea model of verbalization and provide numerous suggestions for collecting and analyzing verbaldata in the context of this process. Similarly, this thesis attempts to demonstrate the importanceof methodology in analyzing eye movements and the need for a rigorous, formal understandingof potential techniques for analysis.Automated and Semi-Automated AnalysisBecause of the tedious nature of tracing protocols, several researchers have attempted toautomate the process. For instance, Waterman and Newell (1971, 1973) developed two systems

24for the automated analysis of verbal reports. Their first system, Protocol Analysis System I(PAS-I), mapped subjects’ verbal protocols onto a problem behavior graph, which describes thetrajectory of a subject’s solution through a problem space (Waterman & Newell, 1971). Thissystem ran without user input and was specifically coded for interpreting protocols in thecryptarithmetic task. The second system, PAS-II, generalized the analysis to any task andallowed the user to interactively take part in the analysis: the user "can provide answers tosubproblems the system is unable to solve, correct processing errors, and even maintain controlover the processing sequence" (Waterman & Newell, 1973). In a similar effort, Bhaskar andSimon�s (1977) Semi-Automated Protocol Analysis (SAPA) system provided interactive analysisin the domain of thermodynamics.Although these systems represented a significant attempt at automating protocolanalysis, the systems, as the authors themselves admit, constitute only one component task ofthe larger picture of protocol analysis. A truly automated verbal protocol analysis would allowthat we transform language input directly to an interpretation, which would require, amongother things, a complete process theory of the generation of verbal reports. Even withimportant contributions in that area (e.g., Ericsson & Simon, 1984), such a theory remains out ofreach. Fortunately with regard to eye movements, we know a great deal about how thecognitive system sends commands to the eye and how the eye executes these commands. Thiscrucial difference between verbal and eye-movement data makes eye movements, in this senseat least, more amenable to automated analysis.In another attempt to automate tracing, Smith, Smith, and Kuptsas (1993) employedcognitive grammars to represent cognitive strategies and parse verbal, keystroke, video, andaction protocols. Utilizing a cognitive theory of writing, they implemented three types ofcognitive grammars for an expository writing task: a production rule grammar, an augmentedtransition network, and an episode grammar. All three grammars could successfully parsesubject protocols into a parse tree of higher-order cognitive actions, symbolizing the model�sinterpretation of the observed behavior. Although parsing subject protocols is an intriguingmethod of protocol analysis, and has been effective in the writing domain, its applicability toeye-movement data seems dubious for one primary reason: the parsing must be complete andexact, with no allowance for deviations from the predicted model sequences. The authorsclaim that to show the validity of some grammar, �the grammar should parse any protocolproduced� in a given task. Although we can strive to achieve this ideal, real data, especiallyeye-movement data, seem simply too noisy for such a strict interpretation. The process oftracing eye-movement protocols must incorporate robust methods that tolerate noise andunexpected or unpredicted actions.

25Automated tracing has been employed successfully in intelligent tutoring systems. Forinstance, Anderson, Corbett, Koedinger, & Pelletier (1995) describe how model tracing can mapstudent actions in a tutoring system to the predictions of an ACT-R (Anderson & Lebiere, 1998)cognitive model. Model tracing in such systems assumes that each student actions correspondsto a unique problem-solving strategy and cannot backtrack in the case of ambiguous actions. Itis also limited to the analysis of non-noisy actions such as key presses and mouse clicks.Several other researchers have investigated automated and semi-automated techniquesthat do not implement tracing per se but do highlight common goals to the above work and thisthesis. Lallement (1998) used decision trees to classify data from an air-traffic controller task.His work showed that such machine learning techniques can provided automated analysis thatis more consistent and faster than analysis by hand. Fisher (1987, 1991) constructed the ProtocolAnalyst�s Workbench (PAW) for exploratory data analysis of arbitrary sequential protocol data.PAW provides flexible methods for data encoding, hypothesis testing, and data analysis, withan emphasis on cycle-based analyses such as the determination of so-called Fisher cycles.Sanderson et al.�s (1994) MacSHAPA system allows for similar types of sequential protocolanalysis, including sequence comparisons, Fisher cycles, Markov transition statistics, and lagsequential analysis.Cognitive Process ModelsTracing requires a cognitive process model that can generate predicted action sequencesto be matched up against observed action protocols. There are a number of modeling systemsthat allow for such models, including ACT-R (Anderson & Lebiere, 1998), Soar (Newell, 1990),EPIC (Meyer & Kieras, 1997), 3CAPS (Just & Carpenter, 1992), GOMS (Card, Moran, & Newell,1983), E-Z Reader (Reichle et al., 1998), and UCIE (Lohse, 1993). In general, the process modelused for tracing must be able to produce possible action sequences at the level of the data beingmodeled; because this thesis deals with visual processing, it assumes that the process model canpredict sequences of fixations or gazes. The predicted sequences can be represented as a simpleset of sequences or as a grammar that can generate all possible sequences (Smith, Smith, &Kuptsas, 1993).Limited effort has gone into finding automated methods of generating appropriateprocess models for a task domain (Langley & Ohlsson, 1989; VanLehn & Garlick, 1987). For agiven problem space, these systems infer the conditions under which operators can apply usingpositive and negative training examples. While the systems do address part of the modelingproblem, they still require a full specification the problem space (composed of a representationand operators), which in itself is a major component of the modeling process. However, suchefforts suggest that the future of automated modeling seems promising.

26Markov ModelsOne of the primary contributions of this thesis is a class of novel algorithms for tracingeye movements using hidden Markov models. Markov and hidden Markov models have beenemployed extensively and successfully in the fields of speech recognition (e.g., Rabiner, 1989)and handwriting recognition (e.g., Nathan et al., 1995). In many ways, the application of speecha n d h a n d w r i t i n g t e c h n i q u e s t o e y e m o v e m e n t s i s q u i t e n a t u r a l , s i n c e t h e y a l l i n v o l v e interpreting noisy low-level data in terms of a cognitive or linguistic model. Markov modelshave also been applied in telerobotics to learn control skills (Yang, Xu, & Chen, 1994) and inbiology to align protein sequences (Baldi et al., 1994). However, few researchers of eyemovements to date have utilized Markov models, and their work has incorporated thesemodels in only limited ways.The most common use of Markov models in eye-movement research has appeared inanalyses of the transition probabilities from one area of information to another (Schumacher &Korn, 1983; Stark & Ellis, 1981; Suppes, 1990). This work has assumed, explicitly or implicitly,that sequences of fixations are Markovian in character�that is, the probability of a transitionfrom one fixation to another does not depend on the prior sequence of fixations. Though somehave argued that eye movements do indeed have this character (e.g., Suppes, 1990), it seemslikely that this Markovian assumption simply does not hold in general. However, because theassumption leads to much simpler data analysis, it may be useful for investigating generalproblem-solving processes in certain contexts.Only very few researchers have applied the more powerful hidden Markov models toeye movements. Kowler, Martins, and Pavel (1984) used a hidden Markov model to interpretbinary observables that represented smooth eye movements in one of two directions. Theirmodel included only two states (one for the expectation of moving in each direction) where thestates contained an observation probability for each direction. Rimey and Brown (1991)modeled explicit foveal sequences by means of an augmented hidden Markov model withfeedback. The feedback loop allows the model to perform simple cognitive actions, namelydirecting the eye to the next point of attention, but falls short of the more complete processmodel approach presented here.

27Chapter 3 Fixation IdentificationIntroductionT h e p r i m a r y o b j e c t i v e o f e y e - m o v e m e n t d a t a a n a l y s i s , g e n e r a l l y s p e a k i n g , i s t o determine where, when, and for how long a person looks at targets in the visual scene. Eye-movement data certainly provide this information, but they also provide at least two types ofadditional information that are extraneous for most analyses. First, the data indicate the pathsof each saccade from one fixation location to the next. Because no information can be obtainedduring a saccade (Fuchs, 1971), the saccade paths say little about a person�s encoding behavior.Second, the data (depending on the accuracy of the eye tracker) may include much smaller eyemovements that occur during fixations, such as tremors, drifts, and flicks (Alpern, 1962;Ditchburn, 1981). While researchers have debated the usefulness of smaller movements forobtaining information (Ditchburn, 1980; Kowler & Steinman, 1980), they usually mean little inhigher-level analyses.To eliminate these extraneous factors, analysis of saccadic eye movements typicallybegins with fixation identification�the translation of raw eye-movement data points to fixationlocations. Fixation identification (or simply identification, for the purposes of this exposition)takes as input an eye-movement protocol comprising a sequence of <x,y> data points. It thentransforms the protocol to a sequence of <x,y,t,d> fixation tuples, where x and y indicate thefixation location, t indicates the onset time at which the fixation occurred, and d indicates theduration of the fixation. Identification significantly reduces the size and complexity of the eye-movement protocol, removing saccade points and collapsing fixation points into a singlerepresentative tuple.

28Though widely employed, fixation identification and its implementation have oftenbeen given short shrift in the eye-movement literature, especially literature concerning theinteraction of eye movements and higher-level cognition. However, identification is often acritical aspect of eye-movement data analysis that can have significant effects on later analyses;for instance, Karsh & Breitenbach (1983) demonstrated how different identification algorithmscan produce vastly different eye-movement traces when analyzing identical protocols. Thischapter reviews and formalizes several representative identification methods that researchershave described and successfully employed in previous work. The chapter also includes a novelmethod for performing identification using hidden Markov models. In conclusion, the chaptersummarizes the advantages and disadvantages of the various methods with respect to accuracy,speed, robustness, ease of implementation, and parameter space.MethodsVelocity-Threshold Identification (I-VT)Velocity-threshold fixation identification (I-VT) is the simplest of the identificationmethods to understand and implement. I-VT is a velocity-based method that separates fixationand saccade points based on their point-to-point velocities (Sen & Megaw, 1984; Erkelens &V o g e l s , 1 9 9 5 ) . T h e v e l o c i t y p r o f i l e s o f s a c c a d i c e y e m o v e m e n t s s h o w e s s e n t i a l l y t w o distributions of velocities: low velocities for fixations, and high velocities for saccades. Thisaspect of saccadic eye movements makes velocity-based discrimination fairly straightforwardand robust.I-VT begins by calculating point-to-point velocities for each point in the protocol. Eachvelocity is computed as the distance between the current point and the next (or previous) point.I-VT then classifies each point as a fixation or saccade point based on a simple velocitythreshold: if the point�s velocity is below threshold, it becomes a fixation point, otherwise itbecomes a saccade point. The process then collapses consecutive fixation points into fixationgroups and discards saccade points. Finally, I-VT translates each fixation group to a <x,y,t,d>fixation tuple using the centroid1 of the points as x and y, the time of the first point as t, and theduration of the points as d. Pseudocode for the I-VT method is shown in Table 3.1.I-VT requires the specification of one parameter, the velocity threshold. If angularvelocities can be computed (i.e., the distance from eye to visual stimuli is known), the point-to-point velocity threshold can be approximated from a reasonable angular velocity threshold 1The centroid, or center of mass, of a group of <x˚,˚y> points is computed as <x�˚,˚y�>, wherex� and y� represent the average of the points� x and y coordinates, respectively.

29(Fuchs, 1971); for instance, Sen and Megaw (1984) used a threshold of 20 degrees/second.However, when only point-to-point velocities are known, an appropriate value for the velocitythreshold may need to be inferred based on aspects of data collection (e.g., sampling frequency)along with some exploratory data analysis.Table 3.1: Pseudocode for the I-VT algorithm.I-VT (protocol, velocity threshold)calculate point-to-point velocities for each point in the protocollabel each point below velocity threshold as a fixation point, otherwiseas a saccade pointcollapse consecutive fixation points into fixation groups, removingsaccade pointsmap each fixation group to a fixation at the centroid of its pointsreturn fixationsI-VT is straightforward to implement and runs very efficiently. However, it sometimesencounters problems when point velocities hover near threshold because of eye-tracker noise ortime-averaged data. Specifically, when point velocities are near threshold (e.g., midwayb e t w e e n s a c c a d e s a n d f i x a t i o n s ) , t h e s t r i c t t h r e s h o l d c a n r e s u l t i n � b l i p s� i n identification�fixation or saccade groups with only one or a few consecutive points. Theprotocol in Figure 3.1(a) illustrates this problem: the first real fixation in the protocol isseparated into multiple fixations (fixations 3-6), as are the other fixations in the protocol. Theproblem is especially prevalent when analyzing time-averaged data, such as those in the figure.Researchers have alleviated the problem in the past by aggregating consecutive fixations over asingle target into gazes on that target (Just & Carpenter, 1984), as shown in Figure 3.1(b). Otherwork required minimum durations for either fixations or saccades; for instance, Sen and Megaw(1984) required that saccade points must remain above the velocity threshold for a minimumduration of 10 ms.

30(a) (b) Figure 3.1: I-VT analysis of a sample protocol with (a) fixations and (b) gazes.Hidden Markov Model Identification (I-HMM)H i d d e n M a r k o v m o d e l f i x a t i o n i d e n t i f i c a t i o n ( I - H M M ) u s e s p r o b a b i l i s t i c h i d d e n Markov models to determine the most likely identifications for a given protocol. HiddenMarkov models (HMMs) are probabilistic finite state machines that have been employedextensively in the fields of speech and handwriting recognition (see Rabiner, 1989). I-HMMuses a two-state HMM in which the states represent the velocity distributions for saccade andf i x a t i o n p o i n t s . T h i s p r o b a b i l i s t i c r e p r e s e n t a t i o n h e l p s I - H M M p e r f o r m m o r e r o b u s t identification than a fixed-threshold method such as I-VT.The crux of I-HMM is the two-state HMM shown in Figure 3.2. The HMM includes twosets of probabilities: observation and transition probabilities. The observation probabilities foreach state (the small v distributions) represent the distribution of expected velocities in thatstate. The first state represents saccade points, and thus contains a distribution centered aroundhigher velocities; the second state represents fixation points, and thus contains a distributioncentered around lower velocities. The transition probabilities for each state (the arrows exitingthe states) represent the likelihood of remaining in the state or making a transition to anotherstate. The transition probabilities in Figure 3.2 show a large likelihood of remaining in eachstate (.95) and a small likelihood or making a transition (.05). Thus, the HMM provides aprobabilistic representation of the observations (i.e., velocities) generated during saccadic eyemovements.

31

TN TN

acbdresult

n o n - t e r m i n a l snt˚� ˚{n t

t y p e - r e s u l tt y p e - r e s u l t t y p e - r e s u l t

b ˚ a c ˚ b d ˚ a ˚ r e s u l t ] ,b˚bd˚ac˚a˚resultb˚ac˚bd˚ab˚bd˚ac˚a

a c ac

TT MF T+M Facb˚ac˚bd˚ab˚bd˚ac˚a

acbd

terminalendtype-resulte n d

O

T TF N FF T + N F Na c

a c

T N T N N T Fa c

a c

g a z e s

e q u a t i o n a c

a n y

T M NNMNT M F

p o r f i l er e s p o n s e

M a i n S t i m u l u s A r e a s G r a m m a r•M a i n s e t - d a t a s e t s e t - d a t a t y p e• d r a w - s c r e e n s t i m u l u s S t i m u l u s

,n n

c d ˚ = ˚ (

c

a cca c b d

c o m p l e xs i m p l ec

a c b dr e s u l t a c b ds t a r t s t a r t r e s u l t

n n nnn

cr e s u l t

a c

b d a c

a c

a c a c

a c

b d a cr e s u l t

c

a c b da c

b ˚ a c ˚ b d ˚ a b ˚ b d ˚ a c ˚ a- b d a c - a a c ˚ a ˚ b ˚ b d a c - a a c ˚ a ˚ b d ˚ bb ˚ a c ˚ b d ˚ a

a c ˚ a ˚ b ˚ b d b ˚ a c ˚ b d ˚ a b ˚ b d ˚ a c ˚ ab ˚ a c ˚ b d ˚ aa ca c b db ˚ b d ˚ a c ˚ a b d a c

N

� b ˚ a c ˚ b d ˚ a b ˚ b d ˚ a c ˚ a a c ˚ a ˚ b ˚ b d a c ˚ a ˚ b d ˚ b

b ˚ a c ˚ b d ˚ a b ˚ b d ˚ a c ˚ a

NN N

0 %2 0 %4 0 %6 0 %8 0 %1 0 0 %S 1S 2S 3S 4S 5S 6S 7S 8

a n y b ˚ b d ˚ a c ˚ aa c r e s u l t