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Abstrac t 

In using eye movements to develop cognitive models, 
researcher s typicall y analyz e ey e movemen t  protocol s wit h 
aggregat e measure s an d tes t  model s wit h respec t  t o thes e 
measures .  Becaus e aggregat e analyse s sometime s concea l 
informativ e low-leve l  behavior ,  protoco l  analyse s 
comparin g mode l  prediction s t o individua l  tria l  protocol s 
ar e frequentl y desirable ;  however ,  protoco l  analysi s fo r  ey e 
movement  dat a i s ofte n tediou s an d time-consuming .  W e 
describ e ho w t o automat e th e protoco l  analysi s o f  ey e 
movements usin g hidde n Marko v models .  Workin g wit h 
dat a fro m a n equation-solvin g task ,  w e demonstrat e tw o 
method s o f  tracin g ey e movemen t  data—tha t  is ,  mappin g 
eye movement s t o th e sequentia l  prediction s o f  a  cognitiv e 
proces s model .  W e evaluate d thes e tracin g method s i n a n 
experimen t  wher e participant s wer e instructe d t o execut e 
give n equation-solvin g strategies .  Whe n codin g th e 
experimenta l  protocol s i n term s o f  th e give n strategies , 
th e automate d tracin g method s performe d a s wel l  a s huma n 
exper t  coder s i n a  fractio n o f  th e time . 

Introduction 

I n th e cognitiv e sciences ,  th e stud y o f  ey e movement s ha s 
become increasingl y popula r  fo r  th e investigatio n o f  huma n 
problem-solvin g behavior .  Ey e movement s provid e 
numerou s clue s t o underlyin g cognitiv e processe s an d thei r 
interaction s wit h th e outsid e world ,  helpin g t o determin e 
ho w an d whe n peopl e encod e information ,  wha t  informatio n 
the y us e o r  ignore ,  an d h o w the y interleav e encodin g an d 
computation .  M a n y researcher s hav e utilize d ey e 
movement s t o develo p an d tes t  cognitiv e model s i n variou s 
domains .  Typically ,  ey e movement s ar e analyze d i n term s 
of  aggregat e measures—fo r  instance ,  th e numbe r  o f  fixation s 
on a n ite m o r  th e tota l  tim e spen t  fixatin g a n item—an d 
cognitiv e model s ar e develope d an d teste d wit h respec t  t o 
thes e measures .  Thi s methodolog y ha s le d t o highl y 
successfu l  cognitiv e model s i n numerou s domains ,  includin g 
readin g (Jus t  &  Carpenter ,  1980 ;  Rayner ,  1995 )  an d 
arithmeti c (Suppes ,  1990) . 

Whil e aggregat e analyse s hel p t o understan d aggregat e 
behavior ,  the y sometime s concea l  additiona l  informativ e 
aspect s o f  behavio r  tha t  appea r  i n singl e tria l  protocols . 
Recognizin g thi s problem ,  researcher s ofte n fin d i t  desirabl e 
t o perfor m protoco l  analyse s tha t  compar e mode l  prediction s 
directl y t o individua l  tria l  protocols ,  a s i s  c o m m o n wit h 
verba l  protocols .  Unfortunately ,  protoco l  analysi s fo r  ey e 

movement s i s ofte n extremel y tedious .  Severa l  trial s fro m 
eve n th e simples t  task s ca n generat e massiv e ey e movemen t 
protocol s whic h mus t  b e code d int o a  mor e convenien t  for m 
fo r  analysis .  I n addition ,  thes e protocol s typicall y suffe r 
fro m significan t  amount s o f  nois e du e t o variabilit y i n bot h 
human scannin g behavio r  an d eye-trackin g equipment . 
Becaus e o f  th e siz e an d complexit y o f  th e data ,  i t  i s  ofte n 
implausibl e fo r  human s t o analyz e mor e tha n a  fe w ey e 
movement  protocol s i n clos e detai l  withou t  sacrificin g 
consistency ,  accuracy ,  an d larg e amount s o f  time . 

Automated Eye Movement Protocol Analysis 

Thi s pape r  describe s a n automate d approac h t o th e analysi s 
of  ey e movemen t  protocols .  Previou s wor k o n automate d 
protoco l  analysi s system s ha s concentrate d primaril y o n 
verba l  protocol s (e.g. .  Waterma n &  Newell ,  1971 )  an d 
generic-actio n protocol s (e.g. ,  Ritte r  &  Larkin ,  1994) . 
Thes e system s us e a  proces s o f  tracin g t o m a p observe d 
action s t o th e sequentia l  prediction s o f  a  cognitiv e mode l 
(Ohlsson ,  1990) .  Unfortunately ,  w e hav e foun d tha t  thes e 
system s d o no t  generaliz e wel l  t o ey e movemen t  data ,  whic h 
ca n b e collecte d a t  a  ver y fin e tempora l  grai n siz e an d ofte n 
includ e significan t  individua l  an d equipmen t  variability .  Ou r 
approac h exploit s th e specia l  characteristic s o f  thes e dat a t o 
allo w fo r  fas t  an d accurat e tracin g o f  ey e movemen t 
protocols .  Th e propose d method s ca n analyz e protocol s i n a 
fraction  o f  th e tim e neede d b y human s whil e achievin g 
comparable ,  i f  no t  better ,  accurac y i n thei r  analyses . 

Th e automate d analysi s o f  ey e movemen t  protocol s ha s 
numerou s significan t  application s i n th e rea l  world .  Th e 
method s ca n b e use d off-lin e t o cod e larger ,  mor e comple x 
ey e movemen t  dat a set s tha n h u m a n coder s coul d manage . 
I n addition ,  the y ca n hel p evaluat e fits  o f  low-leve l  cognitiv e 
model s t o larg e dat a set s a t  th e leve l  o f  tria l  protocols .  Th e 
method s ca n als o b e use d on-lin e t o contro l  eye-base d inpu t 
device s fo r  use r  interfaces .  The y coul d als o hel p intelligen t 
tutorin g system s disambiguat e solutio n strategie s whic h 
canno t  b e inferre d solel y fro m studen t  responses . 

Eye Movements and Hidden Marlcov Models 

Th e propose d method s perfor m ey e movemen t  protoco l 
tracin g b y mean s o f  hidde n Marko v model s ( H M M s ) .  Fo r 
year s H M Ms hav e bee n widel y employe d i n implementin g 
recognitio n system s fo r  speec h an d handwriting .  I n man y 
ways ,  th e analysi s o f  ey e movement s ha s m u c h i n c o m m o n 
wit h speec h an d handwritin g recognition .  Thes e recognitio n 
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Figur e 1 :  Sampl e equation-solvin g proble m screen s wit h ey e movemen t  protocol s an d targe t  valu e labels . 

system s tak e a  person' s speec h o r  handwritin g inpu t  an d 
determin e th e mos t  likel y interpretatio n o f  thi s inpu t  give n a 
model  o f  th e person' s possibl e intentions .  Ou r  automate d 
algorithm s perfor m th e analogou s tas k fo r  ey e movements , 
takin g a  person' s ey e movement s an d determinin g th e mos t 
likel y sequenc e o f  intende d fixations . 

Severa l  researcher s hav e explore d possibilitie s fo r 
applyin g H M M s ,  an d mor e generall y Marko v models ,  t o ey e 
movement  data .  Th e mos t  c o m m o n us e o f  Marko v model s 
has appeare d i n analyse s o f  transitio n probabilitie s fro m on e 
fixatio n targe t  are a t o anothe r  (e.g. .  Star k &  Ellis ,  1981 ; 
Suppes ,  1990) .  Althoug h suc h analyse s begi n t o she d ligh t 
on th e sequentia l  natur e o f  ey e movemen t  protocols ,  the y 
ignor e mor e globa l  informatio n b y assumin g tha t  transition s 
do no t  depen d o n th e prio r  sequenc e o f  fixations .  Othe r 
researcher s hav e use d H M Ms t o represen t  velocit y 
distribution s i n smoot h ey e movement s (Kowler ,  Martins , 
& Pavel ,  1984 )  an d t o mode l  explici t  fovea l  sequence s 
(Rime y &  Brown ,  1991) .  W e us e idea s fro m suc h wor k a s a 
basi s fo r  developin g a  mor e complet e proces s mode l 
approac h t o tracin g ey e movements . 

Tracing Eye Movements 

Befor e discussin g th e detail s o f  th e propose d method s fo r 
tracin g ey e movement s wit h H M M s,  w e motivat e thes e 
method s b y illustratin g th e tracin g proces s fo r  a  sampl e tas k 
and showin g th e difficultie s tha t  ca n aris e i n th e process . 
Our  sampl e tas k involve s solvin g equation s o f  th e form : 

bx l  a c =  bd l  a 

Th e term s a  an d b  represen t  integer s i n th e interva l  [2,9] ,  an d 
ac an d b d represen t  th e produc t  o f  a  an d b  wit h othe r  integer s 
c an d d  i n [2,9] ,  respectively .  I n th e task ,  subject s mus t 
determin e th e valu e o f  th e unknow n quantit y x ,  whic h i n al l 
case s equal s th e produc t  cd .  Thus ,  th e proces s fo r  solvin g 

th e problem s involve s dividin g a c b y a  t o comput e c , 
dividin g b d b y b  t o comput e d ,  an d multiplyin g c  an d d  t o 
comput e th e answer .  Fo r  instance ,  fo r  th e sampl e proble m 

4 j ;  /  4 5 =  3 2 /  5 

th e answe r  ca n b e compute d b y findin g c  =  45/ 5 =  9 , 
d =  32/ 4 =  8 ,  an d finall y c d =  9- 8 =  72 .  Fo r  a  singl e 
trial ,  ey e movemen t  dat a wer e collecte d whil e th e subjec t 
solve d th e on-scree n proble m an d type d he r  respons e int o th e 
answe r  box . 

Th e tracin g proces s require s a  cognitiv e proces s mode l  f w 
th e tas k whic h describe s th e step s take n i n encodin g item s 
and computin g results .  Th e mode l  m a y b e implemente d 
withi n a  theor y o f  cognitio n suc h a s A C T - R (Anderso n & 
Lebiere ,  1998) ,  bu t  nee d onl y generat e sequence s o f  predicte d 
action s fo r  th e task .  Le t  u s conside r  a  sampl e mode l  whic h 
ca n generat e tw o distinc t  strategie s fo r  solvin g equation s i n 
th e task :  a  left-to-righ t  strateg y { b a c b d a )  an d a  paired-left -
to-righ t  strateg y { b b d a c a) .  I n th e left-to-righ t  strategy , 
item s ar e encode d i n orde r  an d intermediat e results  ar e 
compute d a t  th e earlies t  possibl e time—tha t  is ,  d  i s 
compute d afte r  fixatin g b d an d c  i s compute d afte r  fixatin g a . 
I n th e paired-left-to-righ t  strategy ,  item s ar e encode d i n pair s 
as neede d fo r  intermediat e results ,  decreasin g workin g 
m e m o ry load .  Bot h strategie s assum e tha t  th e structur e o f 
th e equation s ha s alread y bee n internalized ,  makin g fixation s 
on th e variabl e an d operator s unnecessary .  Eac h strateg y 
thu s represent s a  cognitiv e proces s fo r  solvin g th e equation s 
whic h manifest s itsel f  i n a  uniqu e fixatio n ordering . 

Usin g thi s sampl e model ,  w e ca n trac e a  give n protoco l 
by mappin g observe d ey e movement s t o predicte d fixations . 
Figur e l a show s a  sampl e proble m scree n fo r  th e abov e 
equatio n alon g wit h th e subject' s ey e movemen t  protocol , 
sample d ever y 8. 3 m s ;  th e protoco l  point s ar e shade d an d 
size d suc h tha t  late r  sample s appea r  lighte r  an d lower -
velocit y sample s appea r  larger .  T o trac e th e protoco l  wit h 
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our  sampl e model ,  w e mus t  m a p th e observe d dat a point s t o 
th e bes t  matchin g mode l  strategy—i n thi s case ,  th e paired -
left-to-righ t  strateg y ( b b d a c a) .  I n thi s mapping ,  th e final 
tw o observe d fixation s o n a c an d answe r  canno t  b e mappe d 
t o th e mode l  sinc e ou r  simpl e mode l  doe s no t  predic t  them . 
Not e tha t  th e subjec t  ha d alread y solve d man y simila r 
problem s an d ha d learne d thi s ver y efficien t  strateg y fo r 
solvin g them . 

Unfortunately ,  tracin g ey e movemen t  protocol s i s rarel y 
as simpl e a s thi s exampl e migh t  imply .  Figur e l b show s a 
simila r  protoco l  tha t  exhibit s th e sam e { b b d a c a )  strategy . 
However ,  th e firs t  fixatio n fo r  thi s protoco l  lie s 
ambiguousl y betwee n severa l  targe t  areas ;  whil e human s 
may b e abl e t o resolv e thi s ambiguity ,  a  naiv e analysi s 
algorith m tha t  map s fixation s t o thei r  closes t  target s migh t 
interpre t  th e fixatio n a s bein g o n /  o r  a c rathe r  tha n it s mor e 
likel y interpretation ,  b .  Figure  I c illustrate s a  protoco l  tha t 
present s seriou s difficult y fo r  h u m a n an d automate d analysi s 
alike ;  th e protoco l  contain s blink s an d m a n y ambiguou s 
fixation s tha t  seriousl y degrad e it s readability .  A  successfu l 
automate d analysi s syste m mus t  m a k e intelligen t  globa l 
decision s t o hel p resolv e loca l  ambiguities ,  makin g H M Ms 
an excellen t  too l  fo r  tracin g ey e movements . 

Tracing Eye Movements with HMMs 

We no w describ e tw o automate d method s fo r  tracin g ey e 
movement  protocols .  Th e tracin g algorithm s tak e thre e 
inputs :  ey e movemen t  tuples ,  targe t  areas ,  an d mode l 
strategies .  Th e ey e movemen t  tuple s compris e sample d 
point s o f  th e for m < x ,  y ,  v> ,  wher e x  an d >  indicat e th e 
locatio n o f  th e poin t  an d v  indicate s th e velocit y a t  tha t 
point ;  velocitie s ca n b e calculate d a s adjacen t  point-to-poin t 
distances .  Th e targe t  area s includ e th e nam e an d locatio n o f 
possibl e fixation  target s o n th e experimen t  screen ;  fo r  th e 
equation-solvin g task ,  th e targe t  area s woul d includ e th e fou r 
value s [b ,ac ,bd ,c ] ,  assumin g w e ignor e possibl e 
fixations  o n th e variabl e an d operators .  Th e mode l  strategie s 
compris e a  se t  o f  possibl e fixatio n sequence s predicte d b y 
some proces s model ,  suc h a s th e left-to-righ t  an d paired-left -
to-righ t  strategie s discusse d earlier .  Th e tracin g algorithm s 
produc e tw o outputs :  a  mode l  trac e an d a  mode l  evaluation . 
The mode l  trac e represent s a  mappin g fro m ey e movemen t 
dat a point s t o th e fixation  sequenc e predicte d b y th e bes t 
correspondin g mode l  strategy .  Th e mode l  evaluatio n 
represent s th e probabilit y  o f  th e mode l  trace ,  whic h ca n b e 
use d t o evaluat e th e fit  o f  th e mode l  t o th e data . 

Bot h tracin g method s trac e ey e movement s b y mean s o f 
hidde n Marko v model s ( H M M s ) .  H M Ms ar e essentiall y 
probabilisti c  finit e stat e machines :  transitio n probabilitie s 
determin e th e likelihoo d o f  takin g th e transitio n fro m on e 
stat e t o th e next ,  an d observatio n probabilitie s determin e th e 
likelihoo d o f  seein g a  particula r  observatio n i n th e state . 
Mor e informatio n o n H M M s an d thei r  application s ca n b e 
foun d i n Rabine r  (1989) . 

Saccade-Fixation Submodel (SFS) Tracing 

The first  tracin g algorithm ,  saccade-fixatio n submode l  (SFS ) 
tracing ,  begin s wit h th e constructio n o f  a  saccade-fixatio n 
submodel  fo r  eac h targe t  area .  Eac h submode l  i s itsel f  a n 

Figur e 2 :  Saccade-fixatio n submode l  fo r  targe t  bd . 
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Figur e 3 :  Sampl e S F S trace r  model . 

HMM which represents a model of the possible observations 
generate d whe n a  perso n intend s t o fixate  tha t  target .  A 
sampl e saccade-fixatio n submode l  fo r  th e b d targe t  are a i s 
show n i n Figur e 2 .  Th e submode l  ha s tw o state s wit h thre e 
observatio n probabilit y  distributions :  a n x  an d y  coordinat e 
distributio n an d a  v  velocit y distribution .  Th e first  stat e 
model s point s tha t  represen t  saccades ;  it s velocit y 
distributio n i s weighte d towar d hig h velocitie s t o mode l 
high-velocit y saccadi c movement ,  an d it s x  an d y 
distribution s ar e unifor m t o sho w tha t  saccade s t o thi s targe t 
ca n c o m e fro m an y location .  Th e secon d stat e model s 
point s tha t  represen t  fixations;  it s  velocit y distributio n i s 
weighte d towar d lo w velocitie s t o mode l  near-stationar y 
fixations ,  an d it s x  an d y  distribution s hav e mean s ove r  th e 
cente r  o f  th e targe t  area .  Thus ,  a s w e attemp t  t o find  th e 
most  likel y interpretatio n fo r  a  give n protocol ,  high-velocit y 
saccad e point s wil l  likel y matc h t o th e firs t  stat e o f  th e 
submodel ,  whil e low-velocit y fixation  point s nea r  th e targe t 
are a wil l  likel y matc h t o th e secon d state .  Th e submodel' s 
transitio n probabilitie s ca n b e traine d usin g th e dat a set ; 
however ,  w e hav e simpl y chose n value s tha t  wor k wel l  wit h 
our  particula r  ey e movemen t  data . 

Next ,  w e us e th e submodel s t o construc t  a  trace r  mode l 
tha t  incorporate s th e predicte d fixation  sequence s o f  th e 
model  strategies .  W e us e th e mode l  strategie s t o buil d th e 
trace r  mode l  a s follows .  Fo r  eac h strategy ,  substitut e eac h 
predicte d fixation  wit h it s correspondin g submode l  an d lin k 
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th e submodel s serially .  Then ,  lin k thes e strateg y H M Ms 
togethe r  i n paralle l  t o for m th e composit e trace r  mode l 
H M M.  Figur e 3  show s a  sampl e trace r  mode l  fo r  th e left -
to-righ t  an d paired-left-to-righ t  strategie s describe d earlier ; 
th e squar e boxe s representin g th e predicte d fixation s ar e 

replace d b y correspondin g submodels ,  a s shown . 

Finally ,  give n thi s trace r  model ,  w e ca n produc e a  mode l 
trac e fo r  a  give n protocol .  W e first  determin e th e mos t 
likel y stat e sequenc e fo r  th e protocol' s ey e movemen t  tuple s 
usin g th e Viterb i  H M M decodin g algorith m (se e Rabiner , 
1989) .  Conceptually ,  thi s decodin g proces s i s analogou s t o 
layin g ou t  th e tupl e sequenc e ont o th e H M M suc h tha t  th e 
probabilit y  o f  th e sequenc e (includin g observatio n an d 
transitio n probabilities )  i s maximized .  Th e decode d stat e 
sequenc e link s th e dat a point s t o predicte d fixatio n targets , 
thu s producin g a  mode l  trac e tha t  map s th e observe d ey e 
movement s t o th e model' s predictions .  Not e tha t  th e mode l 
trac e describe s bot h whic h mode l  strateg y wa s mos t  likel y 
execute d an d th e mos t  likel y assignmen t  o f  dat a point s t o 
thei r  correspondin g predicte d fixations .  Th e decodin g 

proces s als o provide s th e mode l  evaluatio n valu e a s th e 
probabilit y  o f  th e mos t  likel y sequence . 

Th e primar y cos t  o f  S F S tracin g come s fro m decodin g th e 
ey e movemen t  protoco l  wit h th e trace r  model .  Th e Viterb i 
decodin g algorith m use s dynami c programmin g t o decod e 
sequence s i n OiN^T )  time ,  wher e A ^  i s th e numbe r  o f  H M M 
state s an d T  i s th e lengt h o f  th e decode d sequenc e (se e 
Rabiner ,  1989) .  Fo r  S F S tracing ,  N  depend s cruciall y o n 
th e strategie s fwedicte d b y th e cognitiv e mode l—mor e 
strategie s wit h longe r  sequence s wil l  increas e th e siz e o f  th e 
trace r  mode l  an d thu s increas e N .  Th e lengt h o f  th e decode d 
sequenc e T  correspond s t o th e lengt h o f  th e ey e movemen t 
protoco l  bein g aniyzed . 

Centroid Submodel (CS) Tracing 

S FS tracing ,  a s w e wil l  soo n see ,  work s wel l  i n tracin g 
variou s ey e movemen t  protocols .  O n e proble m wit h S F S 
tracing ,  however ,  i s  it s speed :  th e numbe r  o f  possibl e state s 
i n th e trace r  mode l  an d th e potentia l  lengt h o f  th e poin t 
sequenc e ca n mak e S F S tracin g somewha t  slow .  Th e secon d 
tracin g algorithm ,  centroi d submode l  (CS )  tracing ,  alleviate s 
thi s proble m b y tracin g ey e movement s i n tw o stages :  first, 
i t  finds  th e centroid s o f  eac h fixatio n i n th e protocol ;  an d 
second ,  i t  generate s a  mode l  trac e b y mappin g th e fixatio n 
centroid s ont o th e model' s predicte d fixations .  Thoug h thi s 
two-stag e proces s i s faster ,  i t  ha s th e disadvantag e o f 
incurrin g a  los s o f  informatio n betwee n th e tw o stages : 
whil e th e S F S trace r  mode l  ca n influenc e wher e fixations  ar e 
identifie d an d t o whic h target s the y correspond ,  th e C S trace r 
model  ca n onl y influenc e t o whic h target s th e give n 
centroid s correspond .  W e wil l  discus s thi s tradeof f  furthe r  i n 
th e nex t  section . 

Th e first  ste p o f  C S tracin g involve s producin g a  sequenc e 
of  fixatio n centroid s fo r  th e give n protocol .  W e perfor m 
thi s tas k usin g a n H M M simila r  t o th e SFS-tracin g saccade -
fixatio n submodels ,  excep t  withou t  positiona l  x  an d y 
distributions .  Th e H M M,  show n i n Figur e 4 ,  ha s a  saccad e 
stat e an d a  fixatio n stat e a s before ,  bu t  th e tw o state s ar e 
linke d togethe r  t o for m a  circula r  pat h betwee n them .  Thus , 
thi s H M M model s repeate d saccade s an d fixations  aroun d th e 

saccad e \  0 5 / "  fixation 

Figur e 4 :  Centroi d decodin g H M M. 
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Figur e 5 :  Centroi d submode l  fo r  targe t  bd . 
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Figur e 6 :  Sampl e C S trace r  model . 

screen without making predictions about where these actions 
occur .  Th e parameter s show n i n Figur e 4  wor k wel l  fo r  ou r 
particula r  ey e movemen t  data ;  i n general ,  however ,  bot h 
observatio n an d transitio n probabilitie s ca n b e learne d usin g 
H MM paramete r  reestimatio n ove r  a  se t  o f  trainin g 
protocol s (se e Rabiner ,  1989) . 

Give n thi s H M M,  w e produc e th e desire d centroi d 
sequenc e a s follows .  First ,  w e creat e a  sequenc e o f  velocity -
onl y poin t  dat a b y removin g locatio n informatio n fro m th e 
ey e movemen t  tupl e data .  Next ,  w e decod e th e mos t  likel y 
stat e sequenc e throug h th e H M M.  Finally ,  w e tak e th e 
resultin g stat e sequence ,  remov e saccad e point s 
correspondin g t o th e first  state ,  an d collaps e fixation  point s 
correspondin g t o th e secon d state .  A s w e collaps e th e 
fixatio n points ,  w e calculat e th e centroi d o f  eac h fixation 
(usin g locatio n informatio n fro m th e origina l  poin t  data) , 
yieldin g th e desire d sequenc e o f  fixation  centroids. ' 

'  Ther e ar e variou s othe r  method s o f  separatin g fixation s an d 
saccades—fo r  instance ,  usin g a  stric t  velocit y cutof f  o r  movin g 
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Afte r  computin g fixatio n centroids ,  w e n o w generat e a 
model  trac e b y mappin g th e centroi d sequenc e ont o th e 
prediction s o f  th e model .  Th e proces s o f  finding a  mode l 
trac e i n C S tracin g i s identica l  t o tha t  i n S F S tracin g excep t 
fo r  th e submodel s used .  Instea d o f  saccade-fixatio n 
submodels ,  C S tracin g use s centroi d submodel s tha t  mode l 
th e distributio n o f  wher e centroid s ca n occu r  fo r  eac h targe t 
area .  Figur e 5  illustrate s on e possibl e submode l  fo r  th e W 
target ,  wit h th e mean s o f  th e j c an d y  distribution s ove r  th e 
cente r  o f  th e b d targe t  area .  T o accoun t  fo r  skippe d o r  extr a 
fixations ,  th e submode l  allow s th e stat e t o b e bypasse d o r 
repeated  wit h th e give n probabilities .  Onc e th e centroi d 
submodel s ar e constructed ,  w e procee d t o produc e a  trace r 
model  an d decod e th e mos t  likel y mode l  trac e a s before .  A 
sampl e trace r  mode l  wit h simpl e centroi d submodel s i s 
illustrate d i n Figur e 6 . 

Becaus e C S tracin g use s th e Viterb i  algorith m i n bot h 
stage s o f  analysis ,  th e complexit y o f  C S tracin g i s th e sam e 
as tha t  o f  S F S tracing ,  namel y 0{ I^T) .  I n practica l 
application ,  however ,  th e tw o stage s o f  C S tracin g ca n ru n 
much faste r  tha n S F S tracing .  I n th e first  stage ,  C S tracin g 
uses a  two-stat e H M M t o decod e fixation s an d fm d fixation 
centroids .  Althoug h T ,  th e lengt h o f  th e decod e sequence , 
may b e large ,  N  remain s small ,  namel y A ^  =  2 .  I n th e 
secon d stage ,  C S tracin g decode s centroid s usin g it s trace r 
model .  Here ,  N  m a y b e larg e (dependin g o n th e mode l 
strategies) ,  bu t  T  i s m u c h smalle r  tha n i n S F S tracing ,  sinc e 
/"represent s th e numbe r  o f  fixation  centroid s rathe r  tha n th e 
number  o f  dat a points .  Thus ,  bot h stage s o f  C S tracin g ca n 
operat e mor e efficientl y tha n th e on e stag e i n S F S tracing . 

Testing the Tracing Methods 

The SF S an d C S tracin g method s provid e a n automate d 
mechanis m fo r  mappin g ey e movement s t o thei r  underlyin g 
though t  processes .  Becaus e w e ca n neve r  b e sur e wha t  a 
perso n wa s thinkin g whil e executin g a  particula r  ey e 
movement  pattern ,  w e canno t  possibl y describ e th e 
"accuracy "  o f  thes e method s wit h absolut e certainty .  W e can , 
however ,  provid e stron g suppor t  fo r  th e method s i n tw o 
ways :  evaluatin g th e method s o n protocol s collecte d i n wha t 
we cal l  a n "instnicted-strategy "  paradigm ,  an d comparin g th e 
methods '  interpretation s o f  protocol s t o tha t  o f  huma n 
exper t  coders . 

The instructed-strateg y paradig m ha s subject s executin g a 
specifi c  strateg y whe n solvin g a  task .  Befor e startin g th e 
task ,  th e subjec t  i s  instructe d t o solv e th e tas k usin g a 
specifi c  strateg y tha t  describe s a  stric t  orde r  o f  accessin g 
informatio n an d computin g intermediat e results .  O f  course , 
we canno t  guarante e tha t  th e subjec t  perfecd y execute s th e 
give n strategy ,  bu t  w e m a k e i t  clea r  t o subject s tha t  the y ar e 
t o us e th e strateg y a s diligentl y a s possible .  Usin g thi s 
paradigm ,  w e ca n sho w suppor t  fo r  th e tracin g method s b y 
comparin g thei r  interpretation s t o th e subjects '  give n 
strategies ;  th e paradig m give s u s a  "correct "  interpretatio n 
wit h whic h w e ca n tes t  th e tracin g algorithms . 

Becaus e subject s m a y no t  execut e th e give n strategie s a s 
instructed ,  i t  i s  reasonabl e t o expec t  tha t  th e tracin g method s 

windows with a given dispersion. We use the two-state HMM 
metho d t o illustrat e similaritie s wit h SF S submodels . 

wil l  no t  interpre t  som e numbe r  o f  th e protocol s "correctly. " 
However ,  sinc e th e tracin g method s automat e a n analysi s 
tas k tha t  i s  typicall y performe d b y humans ,  ou r  primar y 

interes t  i s  t o k n o w h o w wel l  th e tracin g method s perfor m i n 
compariso n wit h h u m a n coders .  O u r  goa l  i s  t o hav e th e 
tracin g method s interpre t  protocol s a s wel l  a s o r  bette r  tha n 
human coders . 

Data Collection and Human Coding 

Usin g th e instructed-strateg y paradigm ,  w e collecte d 
protocol s fro m five  Carnegi e Mello n student s performin g 
th e equation-solvin g task .  Eac h subjec t  solve d 2 4 problem s 
per  sessio n fo r  five  sessions .  O n th e first  session ,  subject s 
wer e give n th e equation s wit h n o instructio n an d aske d t o 
solv e fo r  th e unknow n quantity .  O n eac h o f  th e fou r 
followin g sessions ,  subject s wer e give n a  singl e strateg y an d 
aske d t o execut e thi s strateg y a s faithfull y a s possibl e i n 
solvin g th e problems .  Th e fou r  strategie s give n t o subject s 
include d th e orde r  wit h whic h t o fixate  equatio n element s an d 
th e tim e a t  whic h t o comput e intermediat e results .  Th e 
fixation  orderings ,  representativ e o f  th e strategie s entaile d b y 
thes e orderings ,  were :  ieft-to-right ,  ( b a c b d a ) ;  paired-left -
to-right ,  ( b b d a c a) ;  right-to-left,  ( a b d a c b ) ;  an d paired -
right-to-left,  ( a a c b d b) .  D u e t o extrem e nois e i n th e 
protocols ,  dat a fro m on e subjec t  wer e omitte d fro m analysis . 

We gav e a  subse t  o f  th e collecte d protocol s t o h u m a n 
exper t  coder s t o compar e thei r  performanc e t o tha t  o f  th e 
tracin g methods .  Th e tes t  protocol s comprise d th e las t  tw o 
protocol s fro m eac h sessio n fo r  eac h o f  th e fou r  subject s (3 2 
protocol s i n all )  an d wer e give n t o th e coder s i n display s 
simila r  t o thos e i n Figur e 1 ,  wit h additiona l  informatio n 
describin g th e sequenc e o f  fixations.  Th e h u m a n coder s the n 
classifie d eac h protoco l  a s on e o f  th e fou r  give n strategies . 
Bot h huma n coder s ( a professo r  an d graduat e studen t  i n tiie 
cognitiv e sciences )  wer e highl y experience d i n examinin g 
suc h display s an d i n workin g wit h cognitiv e proces s models . 

Results 

We ra n bot h tracin g method s o n al l  th e protocol s an d ha d 
the m determin e whic h o f  th e fou r  give n strategie s bes t  fit 
eac h protocol .  W e first  compar e th e tracin g methods ' 
performanc e t o tha t  o f  h u m a n coder s o n th e 4 0 tes t 
protocols .  W e the n evaluat e th e tracin g method s ove r  th e 
entir e dat a se t  wit h respec t  t o th e give n instructe d strategies . 

Tabl e 1  show s th e percen t  agreemen t  betwee n th e 
classification s o f  th e tw o tracin g method s (SF S an d C S ) ,  th e 
classification s o f  th e tw o h u m a n coder s (HC l  an d H C 2 ) ,  an d 
th e give n strategie s fo r  al l  subjects .  Th e tracin g algorithm s 
sho w th e highes t  agreemen t  wit h th e give n strategie s (90.6 -
93 .7%) ,  whil e th e h u m a n coder s exhibi t  somewha t  lesse r 
agreemen t  (78.1-90.6%) .  Bot h huma n coder s sho w 
predominantl y equa l  o r  highe r  agreemen t  wit h th e tracin g 
method s (HC l -CS ,  81 .2% ;  H C 2 - C S ,  87.5% ;  H C 2 - S F S , 
90.6% )  tha n wit h eac h othe r  ( H C 1 - H C 2 ,  81 .2%) .  Also , 
whil e th e first  h u m a n code r  agree s mor e wit h C S tracin g 
tha n S F S tracing ,  th e secon d agree s mor e wit h S F S tracing . 
I n summary ,  performanc e fo r  th e tracin g method s i s almos t 
indistinguishabl e fro m h u m a n code r  performance . 
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Tabl e 1 :  Percen t  agreemen t  betwee n tracin g 
methods ,  huma n coders ,  an d give n strategies . 

c s 
SFS 
HCl 
HC2 

CS 
100. 0 

SFS 
96. 9 

100. 0 

HCl 
81. 2 
78. 1 

100. 0 

HC2 
87. 5 
90. 6 

81. 2 
100. 0 

Give n 

90. 6 

93. 7 
78. 1 
90. 6 

Tabl e 2 :  Averag e tim e t o cod e a  protocol ,  i n seconds . 

CS SFS HCl HC2 
0. 2 5. 8 67. 5 60. 0 

The abov e result s sho w th e similarit y betwee n tracin g 
metho d an d huma n code r  performanc e but ,  becaus e o f  th e 
smal l  siz e o f  th e tes t  set ,  the y sa y littl e abou t  ho w th e 
tracin g method s compar e t o eac h other .  T o answe r  thi s 

question ,  w e evaluate d eac h metho d ove r  th e entir e dat a se t 
fo r  th e secon d throug h fift h sessions .  Bot h tracin g method s 
performe d extremel y well ,  wit h SF S tracin g performin g 
onl y slightl y better :  SF S tracin g agree d wit h 93.8 % o f  th e 
give n strategies ,  whil e C S tracin g agree d wit h 91.3% .  Th e 
los s o f  informatio n i n C S tracin g betwee n it s tw o stages — 
namely ,  th e stric t  decisio n i n th e first  stag e a s t o wha t  i s a 
fixation—doe s no t  see m t o sacrific e performanc e 
significantly ;  tha t  is ,  decidin g t o whic h target s fixations 
correspon d i s mor e importan t  tha n decidin g wher e fixations 
occur . 

Whil e th e tracin g method s an d huma n coder s performe d 
similarl y i n tracin g th e tes t  protocols ,  th e tracin g method s 
complete d th e tas k significantl y faster .  Tabl e 2  show s th e 
averag e tim e i n second s neede d t o cod e on e protoco l  fo r  eac h 
tracin g metho d an d huma n coder ,  wher e tracin g metho d 
time s wer e collecte d o n a  20 0 M H z Powe r  Macintosh . 
Whil e th e huma n coder s require d approximatel y on e minut e 
per  protocol ,  th e tracin g method s performe d a t  leas t  a n otxle r 
of  magnitud e faster :  SF S tracin g code d th e protocol s 
approximatel y 1 0 time s faste r  an d C S tracin g code d the m 
approximatel y 30 0 time s faster . 

Conclusions and Future Work 

Overall ,  th e result s fo r  SF S an d C S tracin g o n th e equation -
solvin g protocol s ar e ver y encouraging .  Bot h tracin g 
method s ca n successfull y analyz e protocol s i n a  fractio n o f 
th e tim e neede d b y huma n exper t  coders .  Th e resultin g 
trace s an d evaluation s ca n b e use d b y researcher s t o explor e 
many aspect s o f  tas k behavior ,  includin g frequencie s o f 
strateg y use ,  meta-strategie s ove r  time ,  an d proces s mode l 
fits  t o data .  Th e tracin g methods '  spee d als o make s the m 
amenabl e t o real-tim e application s suc h a s intelligen t 
tutorin g system s an d eye-base d inpu t  devices . 

Thi s stud y onl y addresse s a  fe w o f  th e vas t  possibilitie s 
fo r  analyzin g ey e movement s wit h H M M s.  W e ar e no w 
investigatin g som e o f  thes e othe r  possibilities ,  including : 

•  creatin g mor e efficien t  H M Ms usin g mode l  strategie s 
wit h a  hierarchica l  subgoa l  structur e 

•  incorporatin g tim e informatio n suc h tha t  submodel s 
predic t  bot h fixation  duratio n an d locatio n 

•  optimizin g submode l  probabilitie s b y mean s o f  H M M 

paramete r  reestimatio n 

We als o pla n t o appl y thes e tracin g technique s t o differen t 

tas k domain s i n a n effor t  t o evaluat e thei r  usabilit y  a s 
general-purpos e sequentia l  dat a analysi s tools . 
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