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Abstrac t 

Individua l  difference s i n workin g memor y ar e a n importan t 
sourc e o f  informatio n fo r  refinin g theorie s o f  memor y an d 
cognition .  Computationa l  modelin g i s a n effectiv e too l 
fo r  studyin g individua l  difference s becaus e i t  allow s 
researcher s t o maintai n th e basi c structur e o f  a  theor y whil e 
perturbin g a  particula r  component .  Thi s pape r  present s a 
computationa l  mode l  fo r  a  digi t  workin g memor y tas k an d 
demonstrate s tha t  varyin g a  singl e paramete r  capture s 
individua l  difference s i n tha t  task .  Th e mode l  i s develope d 
withi n th e framewor k o f  th e ACT- R theor y (Anderson , 
1993) ,  an d th e continuou s paramete r  manipulate d 
represent s attentiona l  capacit y fo r  th e curren t  goal . 

I n t r o d u c t i o n 

Working memory, or the information that people keep 
activ e durin g processing ,  play s a n importan t  rol e i n 
cognitiv e processin g an d performance .  Take ,  fo r  instance , 
th e menta l  arithmeti c proble m 13 4 x  512 .  T o solv e thi s 
proble m withou t  pape r  an d pencil ,  on e mus t  maintai n 
severa l  intermediat e result s i n memor y (e.g. ,  13 4 x  2  =  268 ) 
whil e continuin g t o solv e th e problem .  A n importan t  resul t 
regardin g workin g memor y (tha t  th e reade r  ma y encounte r  i n 
solvin g thi s problem )  i s tha t  workin g m e m o r y capacit y i s 
limite d (e.g. ,  Baddeley ,  1986) .  Thus ,  whe n a  tas k place s 
extrem e demand s o n workin g memory ,  peopl e m a y hav e t o 
resor t  t o differen t  strategie s fo r  processin g (e.g. ,  rehearsal )  o r 
the y m a y exhibi t  performanc e decrement s (e.g. ,  errors) . 
Anothe r  importan t  resul t  i n th e are a o f  workin g m e m o r y i s 
tha t  limitation s i n workin g m e m o r y capacit y var y fro m 
individua l  t o individua l  (e.g. ,  Engle ,  1994 ;  Jus t  & 
Carpenter ,  1992 ;  Kyllone n &  Christal ,  1990) .  Fo r  thi s 
reason ,  differen t  peopl e m a y experienc e differentia l 
sensitivit y t o th e workin g memor y demand s o f  a  tas k an d 
henc e m a y engag e i n differen t  processin g strategie s an d 
exhibi t  differen t  pattern s o f  errors . 

Thes e tw o workin g memor y phenomena—th e limitation s 
and individua l  difference s i n workin g m e m o r y capacity — 
plac e constraint s o n theorie s o f  workin g memory .  The y 
consequentl y hav e importan t  implication s fo r  computationa l 
model s o f  workin g memory .  First ,  fo r  a  mode l  t o accuratel y 
depic t  cognitiv e processing ,  i t  shoul d no t  b e endowe d wit h 
an unlimite d workin g memor y capacity .  Second ,  t o accoun t 
fo r  difference s acros s problem s tha t  var y i n thei r  workin g 
m e m o ry demands ,  a  mode l  shoul d incorporat e a  (functional ) 
limi t  o n workin g m e m o r y tha t  lead s t o th e sam e 
performanc e effect s peopl e exhibi t  (i.e. ,  i t  shoul d b e 
similarl y sensitiv e t o th e workin g m e m o r y demand s o f 

variou s tasks) .  And ,  third ,  fo r  a  mode l  t o accoun t  fo r 
difference s i n workin g memor y capacit y amon g individuals , 
i t  shoul d b e adjustabl e t o reflec t  differen t  individuals ' 
response s t o th e sam e workin g memor y demands . 

Computationa l  model s hav e bee n develope d tha t  dea l  wit h 
thes e issue s t o varyin g degrees .  Fo r  example ,  severa l 
model s captur e workin g memor y effect s aggregate d acros s 
subject s (e.g. ,  Anderson ,  Reder ,  &  Lebiere ,  1996 ;  Burges s 
& Hitch ,  1992 ;  Lewandowsk y &  Li ,  1994 ;  Norri s &  Page , 
1996) .  Othe r  model s ar e abl e t o simulat e workin g memor y 
difference s betwee n particula r  subpopulation s o f  peopl e (Jus t 
& Carpenter ,  1992) . 

The wor k presente d i n thi s pape r  goe s beyon d previou s 
researc h b y modelin g individua l  difference s i n workin g 
memory directly .  Tha t  is ,  w e develo p a  detaile d mode l  o f  a 
tas k tha t  exercise s workin g memor y an d the n quantitativel y 
explor e h o w varyin g a  particula r  componen t  o f  th e mode l 
ca n accoun t  fo r  subject-to-subjec t  difference s i n performance . 
We fi t  th e mode l  t o individua l  subjects '  data ,  modelin g th e 
processe s involve d i n thi s memor y tas k a t  a n unprecedente d 
leve l  o f  detai l  an d avoidin g th e peril s  o f  averagin g acros s 
subjects .  Ou r  approac h thu s addresse s th e followin g 
questions :  ca n a n underlyin g "syste m parameter "  i n a 
computationa l  theor y provid e enoug h flexibilit y  t o captur e 
th e variatio n i n workin g m e m o r y fro m individua l  t o 
individual ? Doe s a  particula r  settin g o f  tha t  paramete r 
accuratel y depic t  a  particula r  individual' s performance ? B y 
focusin g o n individua l  differences ,  ou r  approac h offer s (a )  a 
bette r  understandin g o f  th e distributio n o f  workin g memor y 
capacit y acros s subjects ,  (b )  a  mor e detaile d computationa l 
accoun t  o f  workin g memory' s relationshi p t o processin g an d 
performance ,  an d (c )  a  framewor k fo r  testin g whethe r  a n 
individua l  differenc e paramete r  ca n accoun t  fo r  performanc e 
pattern s fo r  th e sam e individua l  acros s tasks .  I n particular , 
we sho w tha t  incorporatin g individua l  difference s i n ou r 
model  no t  onl y enable s i t  t o captur e th e variabilit y  i n th e 
dat a bu t  t o provid e a  bette r  overal l  fit  a s well .  I n thi s way , 
our  wor k highlight s severa l  valuabl e benefit s o f 
incorporatin g individua l  difference s int o computationa l 
models . 

I n th e section s below ,  w e begi n b y describin g a  tas k tha t 
was designe d t o exercis e workin g memor y t o varyin g degree s 
whil e mimimizin g th e opportunit y fo r  peopl e t o adap t  thei r 
strategie s t o it s workin g m e m o r y demands .  Then ,  w e 
describ e ou r  mode l  o f  thi s task ,  develope d withi n th e A C T - R 
architectur e (Anderson ,  1993 )  an d demonstrat e tha t  th e mode l 
ca n simulat e processin g i n thi s tas k a t  a  detaile d level . 
Next ,  w e explor e h o w varyin g a  single ,  pre-existin g 
paramete r  i n th e A C T - R architectur e modulate s th e 
prediction s o f  ou r  mode l  t o accoun t  fo r  individua l  subjects ' 
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data .  Finally ,  w e discus s som e o f  th e implication s o f  ou r 
modelin g wor k an d mak e recommendation s fo r  modelin g 
individua l  difference s i n general . 

The Task 

The task we have devised to exercise working memory is a 
varian t  o f  th e digi t  workin g memor y tas k develope d b y 
Oakhil l  an d he r  colleague s (Yuil l  &  Oakhill ,  1989) .  T o 
perfor m thi s task ,  subject s mus t  rea d a  sequenc e o f  digit s 
whil e maintainin g i n memor y a  selecte d subse t  o f  thos e 
digits .  Figur e 1  show s th e time-steppe d presentatio n o f  a 
singl e trial .  Digit s o f  th e firs t  strin g ar e presented ,  on e a t  a 
time ,  i n a  ro w o f  boxes .  Not e tha t  th e curren t  digi t  i s 
alway s erase d befor e th e nex t  digi t  i s  presented ;  thus , 
subject s mus t  kee p apac e wit h th e presentatio n rat e a s the y 
rea d thes e digit s aloud .  Subsequen t  digi t  string s begi n wit h 
a ne w digi t  i n th e leftmos t  bo x an d continu e digi t 
presentatio n i n th e sam e manner .  Afte r  readin g th e digits , 
subject s ar e prompte d t o recal l  th e rightmost  digi t  o f  eac h 
strin g i n th e orde r  tha t  th e string s wer e presented .  (I n Figur e 
1,  thes e to-be-recalle d digit s ar e indicate d b y thic k boxes ;  i n 
th e experiment ,  the y wer e no t  visuall y highlighte d bu t  wer e 
presente d fo r  a n extr a 100m s o f  "memorizing "  time. ) 
Recallin g th e string-fina l  digit s i n thi s tas k i s analogou s t o 
recallin g th e sentence-fina l  word s i n th e Readin g Spa n Tas k 
(Daneman &  Carpenter ,  1980) . 

Our  digi t  workin g memor y tas k i s distinguishe d fro m 
relate d workin g memor y task s i n severa l  ways .  First ,  w e 
maintai n a  precis e digit-presentatio n rat e vi a compute r 
presentation .  Thi s reduce s th e variabilit y  fro m subject s 
choosin g differen t  readin g rates .  Second ,  becaus e ou r  chose n 
presentatio n rat e i s quit e fast ,  i t  reduce s th e variabilit y  du e t o 
differen t  rehearsa l  strategies .  Suc h variabilit y i n les s 
constraine d task s ca n confoun d "pure "  workin g memor y 
differences .  Third ,  w e var y th e presentatio n rat e t o stud y it s 
impac t  o n memor y performance .  Not e tha t  a  slowe r 
presentatio n rat e make s th e readin g tas k easier ,  bu t  i t  als o 
increase s th e difficult y o f  th e memor y tas k b y elongatin g th e 
dela y betwee n storin g an d recallin g th e memor y digits . 

1st 
strin g 

0 D  D  •• •  I Z 

D [ 3 D • • •  I Z 

Q n  d . . .  m 

2nd 
strin g 

m 

Fourth ,  w e presen t  th e variou s tria l  type s i n a  rando m orde r 
instea d o f  monotonicall y increasin g th e difficult y o f  trials . 
Thi s randomizatio n ease s th e assumptio n tha t  subject s com e 
t o eac h tria l  wit h a n equa l  allocatio n o f  resources . 
Moreover ,  withou t  randoml y ordere d trials ,  ther e ma y b e 
confound s betwee n variou s time-base d effect s (e.g. ,  learning , 
strateg y changes ,  boredom ,  fatigue )  an d tria l  type .  Finally , 
we includ e stric t  recal l  instruction s fo r  ou r  task :  th e goa l  i s 
t o recal l  bot h th e identit y an d positio n o f  eac h memor y 
digit .  Specifically ,  subject s ar e instructe d t o repea t  i n orde r 
th e digit s the y ca n recall ;  i.e. ,  recal l  mus t  procee d onc e 
throug h th e memor y lis t  withou t  correction s o r  backtrackin g 
but  wit h th e possibilit y o f  skippin g a n unknow n digit . 
Thi s recal l  procedur e reduce s recal l  orde r  variabilit y  a s wel l 
as potentia l  difference s i n recal l  strategies . 

Empirical Results 

Aggregate performance on this task is depicted in Figure 2. 
Here ,  th e dependen t  measur e i s proportio n o f  trial s recalle d 
perfectl y (i.e. ,  al l  string-fina l  digit s wer e recalle d i n exac t 
orde r  o f  presentation) .  Th e factor s manipulate d i n collectin g 
thes e dat a wer e (a )  numbe r  o f  string s pe r  tria l  o r  numbe r  o f 
to-be-recalle d digit s  (3 ,  4 ,  5 ,  o r  6) ,  (b )  numbe r  o f  digit s pe r 
strin g ( 4 o r  6) ,  an d (c )  inter-digi t  presentatio n rat e (0.5 s o r 
0.7s) .  Al l  wer e within-subject s factors ;  i n particular ,  eac h 
of  2 2 subject s contribute d 4  trial s t o eac h dat a point . 

Al l  thre e factor s sho w mai n effect s i n thes e data .  Th e 
most  salien t  effec t  i s a  differenc e i n recal l  performanc e fo r 
th e differen t  numbe r  o f  strings ,  F(3 ,  63 )  =  125 ,  M S E = 
0.06 ,  p  <  .001 .  Thi s resul t  wa s expecte d bot h becaus e i t 
fit s  wit h th e genera l  findin g o f  a  gradua l  decremen t  i n 
aggregat e performanc e wit h increasin g memor y loa d an d 
becaus e ou r  dependen t  measur e require d perfec t  recal l  o f  al l  o f 
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Figure 1 The digit working memory task 
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Figur e 2  Aggregate d dat a (• )  wit h standar d erro r  bar s 
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th e to-be-recalle d digits .  T h e effec t  o f  numbe r  o f  digit s pe r 
strin g suggeste d a  sligh t  m e m o r y advantag e fo r  four-digi t 
string s ove r  six-digi t  strings ,  F(l ,  21 )  =  6.6 ,  M S E =  0.03 , 
p <  .05 .  Not e tha t  thi s facto r  onl y affect s th e tota l  numbe r 
of  digit s tha t  mus t  b e read ,  no t  th e numbe r  o f  digit s tha t 
must  b e recalled .  T h e findin g tha t  readin g mor e digit s 
makes th e tas k harde r  suggest s tha t  longe r  delay s and/o r 
mor e interferin g item s lea d t o wors e m e m o r y .  Finally ,  th e 
effec t  o f  presentatio n rat e wa s informativ e becaus e i t  reveale d 
bette r  m e m o r y performanc e wit h slowe r  rathe r  tha n faste r 
rates ,  F(l ,  21 )  =  20.8 ,  M S E =  0.04 ,  p  <  .001 .  Findin g th e 
effec t  i n thi s directio n suggest s tha t  th e positiv e influenc e o f 
havin g mor e tim e t o d o th e task s outweighe d th e negativ e 
influenc e o f  a  longe r  dela y unti l  recall .  T h e onl y significan t 
interactio n wa s betwee n numbe r  o f  string s an d presentatio n 
rate ,  F(3 ,  63 )  =  8.3 ,  M S E =  0.03 ,  p  <  .001 .  Thi s 
interactio n appear s t o resul t  fro m a  negligibl e rat e effec t  fo r 
three-strin g trials ,  F(l,21 )  =  1.63 ,  M S E =  .02 ,  n.s. ,  bu t  a n 
advantag e fo r  th e slo w rat e o n al l  others ,  F(l,21 )  =  42.6 , 
M SE =  .03 ,  p < . 0 0 1 . 

We als o probe d subjects ,  a t  th e en d o f  th e experiment ,  t o 
describ e thei r  approac h t o th e task .  Subject s mentione d th e 
use o f  som e strategie s (e.g. ,  imagery ,  usin g numbe r 
associations )  bu t  ofte n commente d tha t  the y di d no t  fin d 
thes e strategie s usefu l  an d henc e abandone d them . 
Nevertheless ,  a n interestin g an d fairl y c o m m o n reporte d 
strateg y wa s th e limite d us e o f  rehearsa l  (e.g. ,  rehearsin g 
previou s memor y digit s i n th e tim e availabl e a t  th e en d o f 
eac h string). '  W e incorporat e thi s informatio n int o ou r 
model . 

The Model 

The processes required to perform this task involve reading 
digit s an d storin g an d recallin g selecte d digits .  I n addition , 
fro m subjects '  reports ,  w e foun d a  fairl y unifor m bu t  limite d 
amount  o f  rehearsin g digits .  W e designe d ou r  mode l  o f  th e 
tas k t o reflec t  al l  o f  thes e processe s an d t o captur e th e step -
by-ste p activit y o f  subjects . 

As mentione d above ,  th e mode l  wa s develope d withi n th e 
A C T - R architecture .  I n A C T - R ,  chunk s represen t 
declarativ e knowledg e (facts) ,  an d production s represen t 
procedura l  knowledg e (skills) .  Thes e symboli c knowledg e 
element s ar e strengthene d an d deploye d accordin g t o 
subsymboli c learnin g an d performanc e mechanism s specifie d 
by th e A C T - R architecture .  Below ,  w e describ e th e mai n 
symboli c element s i n ou r  mode l  an d the n sketc h th e A C T - R 
mechanism s tha t  operat e o n them . 

Our  mode l  represent s th e tw o mai n goal s o f  thi s tas k 
separately :  readin g digit s an d recallin g digits .  Eac h goa l  i s 
represente d a s a  chun k structur e wit h variou s piece s o f 
associate d informatio n (e.g. ,  tria l  an d positio n number) . 
The mode l  use s a  simila r  structur e fo r  th e memor y digit s i n 
thi s task .  (Se e Figur e 3) . 

'Thi s i s consisten t  wit h th e A N O VA result s i n tha t  (a )  a n 
advantag e fo r  th e slo w rat e i s consisten t  wit h som e rehearsa l  bu t 
(b )  a  disadvantag e fo r  longe r  string s suggest s rehearsa l  di d no t 
occu r  afte r  eac h digit . 

Memory- 1 B l 

Recal l  goa l 

tria l 

curren t 

positio n 

one 

tria l 

curren t 

positio n 

first 

valu e 

eigh t 

Memory - 2 B 2 

tria l 

curren t 

positio n 

secon d 

/alu e 

five 

Memory- j  B j 

tria l 

curren t 

positio n 

jt h 

valu e 

jn e 

Figur e 3  Goa l  an d m e m o r y unit s i n ou r  mode l 

The goals and memory elements in our model are acted 
upo n b y production s o f  th e for m "I F <conditions > T H E N 
<actions>" .  Figur e 4  present s a  lis t  o f  s o m e o f  th e 
processe s implemente d b y separat e production s i n ou r 
model .  Th e "read "  productio n fire s wheneve r  th e goa l  i s t o 
rea d th e digits .  Afte r  a  digi t  ha s bee n read ,  i f  i t  i s i n th e las t 
position ,  th e "store "  productio n wil l  fire  t o creat e a  n e w 
m e m o ry elemen t  fo r  tha t  to-be-recalle d digit .  Thi s give s th e 
n e w m e m o r y elemen t  a n initia l  boos t  o f  activation .  Th e 
"store "  productio n als o set s a  subgoa l  t o rehears e previou s 
m e m o ry element s afte r  th e curren t  digi t  i s  stored .  Not e that , 
i n ou r  model ,  th e productio n implementin g rehearsa l  doe s 
not  nee d t o tak e an y outwar d actio n (suc h a s sayin g th e digi t 
out  loud) .  Instead ,  b y virtu e o f  havin g retrieve d a  digi t  i n 
thi s production' s condition s (i.e. ,  th e digi t  d  mus t  b e recalle d 
i n orde r  t o b e identifie d a s th e digi t  i n positio n p) ,  A C T - R 
naturall y increase s tha t  m e m o r y element' s activatio n an d 
henc e it s likelihoo d t o b e recalle d later .  Finally ,  th e "recall " 
productio n retrieve s digit s a t  th e en d o f  eac h trial .  A s 
describe d below ,  th e m e m o r y elemen t  tha t  i s  retrieve d wil l 
ten d t o (bu t  doe s no t  necessarily )  represen t  a n exac t  matc h t o 
th e elemen t  specifie d i n th e curren t  recal l  goal . 

READ: 
I F goa l  i s  t o rea d a  digi t  &  digi t  d  i s o n scree n 
T H EN sa y digi t  d 

STORE: 
I F goa l  i s  t o rea d a  digi t  &  digi t  d  i s o n scree n 

& d  i s i n las t  colum n &  d  ha s bee n rea d 
T H EN stor e d  &  prepar e t o rehears e 

REHEARSE: 
I F goa l  i s t o rea d a  digi t  &  digi t  d  i s i n th e 

positio n t o b e rehearse d 
T H EN updat e positio n t o b e rehearse d 

RECALL: 
I F goa l  i s t o recal l  digi t  i n positio n p  o f  tria l  t  & 

digi t  d  "matches "  bu t  ha s no t  bee n recalle d 
T H EN sa y digi t  d 

Figur e 4  S o m e production s fro m ou r  mode l 
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I n A C T - R ,  activatio n i s th e mai n uni t  o f  "currency "  fo r 
processing .  Tha t  is ,  learnin g an d performanc e function s ar e 
specifie d i n term s o f  h o w variou s elements '  activation s 
chang e an d impac t  performance . 

The A C T - R learnin g mechanis m play s a  rol e i n ou r  mode l 
by specifyin g h o w eac h m e m o r y digit' s  activatio n i s 
increased .  W h e n a  m e m o r y digi t  i s  firs t  stored ,  i t  i s 
endowe d wit h a n initia l  activatio n tha t  decay s wit h time . 
Each tim e th e m e m o r y digi t  i s  accessed ,  i t  receive s a n 
additiona l  activatio n "boost" ;  a s tim e passes ,  however ,  thes e 
activatio n "boosts "  als o deca y a s a  powe r  functio n o f  th e 
timela g sinc e access .  Th e su m o f  thes e decayin g activation s 
produce s th e memor y element' s base-leve l  activation ,  B\ : 

B ,  =  log(Itj-d) , 

wher e t j  i s  th e tim e la g sinc e th e j'* ^  acces s an d d  i s th e 
deca y rate . 

For  performance ,  th e A C T - R theor y posit s tha t  a  m e m o r y 
elemen t  t o b e retrieve d b y a  particula r  productio n get s a n 
additiona l  activatio n fro m th e curren t  goal .  Thi s sourc e 
activation ,  denote d W ,  ca n b e conceptualize d a s th e amoun t 
of  attentio n directe d from  th e curren t  goal :  w e tak e W a s th e 
individua l  differenc e paramete r  i n ou r  mode l  base d o n th e 
wor k o f  Anderso n e t  al .  (1996 )  an d o n ou r  ow n relate d work . 
W affect s performanc e b y spreadin g it s sourc e activatio n 
fro m th e goa l  t o th e to-be-retrieve d m e m o r y element , 
increasin g tha t  element' s tota l  activatio n (Figur e 3) .  A 
memory elemen t  wit h highe r  tota l  activatio n wil l  b e mor e 
likel y t o b e retrieved .  Thus ,  th e mode l  wil l  produc e bette r 
recal l  unde r  highe r  value s o f  W .  Ther e i s on e additiona l 
constraint ,  however :  th e proportio n o f  sourc e activatio n tha t 
reache s a  give n m e m o r y element ,  Sj ,  i s  reduce d a s mor e 
memory element s ar e connecte d t o th e curren t  goal .  I n th e 
cas e o f  ou r  digi t  workin g m e m o r y task ,  thi s mean s tha t 
sourc e activatio n wil l  b e sprea d mor e thinl y th e mor e 
memory digit s i n th e curren t  trial ,  S j  ~  -log(numbe r  o f 
memory elements) .  Thus ,  th e tota l  activatio n o f  m e m o r y 
elemen t  i  is : 

Ai  =  W •  S i  - H B i  +  N ( 0 , a 2 ) , 

wher e N(0,o2 )  represent s th e Gaussia n nois e adde d t o eac h 
element' s activation . 

Thi s tota l  activatio n valu e i s the n transforme d int o a 
performanc e measur e accordin g to : 

P(retriev e i )  =  (eAi/s)/(ijeAj/s) , 

wher e s  =  V6a/7 i  an d th e denominato r  sum s ove r  th e 
competin g m e m o r y elements.- ^  Thi s performanc e functio n 
specifie s th e model' s prediction s i n term s o f  retrieva l 
probabilit y  fo r  a  give n item .  Th e critica l  featur e o f  thi s 
functio n i s tha t  probabilit y  o f  recal l  i s  a  nonlinea r  functio n 
of  activatio n an d henc e a  nonlinea r  functio n o f  W . 

Errors .  Th e complemen t  o f  th e abov e retrieva l 
probabilit y  (i.e. ,  l-P(retrieve) )  give s th e model' s predictio n 
fo r  error s o f  omissio n (i.e. ,  whe n a  m e m o r y digi t  i s  no t 
retrieved) .  Error s o f  commissio n (i.e. ,  whe n a n incorrec t 

^ A retrieva l  threshol d i s include d a s on e o f  th e competin g 
element s s o tha t  whe n a  memor y element' s tota l  activatio n i s 
not  abov e threshold ,  i t  i s  unlikel y (dependin g on  a )  t o b e 
retrieved . 

digi t  i s  retrieve d instea d o f  th e correc t  one )  als o occu r  i n 
systemati c way s tha t  nee d t o b e reflecte d i n ou r  model .  Th e 
A C T - R architectur e provide s a  w a y t o predic t  error s o f 
comissio n throug h it s partial-matchin g mechanism .  Onc e 
th e similarit y betwee n variou s item s i s specifie d (e.g. ,  h o w 
simila r  ar e th e thir d an d fourt h position s i n a  list ? h o w 
simila r  ar e th e firs t  an d fourt h position s i n a  list?) ,  thi s 
mechanis m lower s th e tota l  activatio n o f  a  give n m e m o r y 
elemen t  wit h respec t  t o h o w closel y i t  matche s th e curren t 
goal .  Sinc e element s wit h highe r  activatio n ar e mor e likel y 
t o b e retrieved ,  ther e i s stil l  a  bia s t o retriev e th e correc t 
m e m o ry digi t  (i f  i t  i s  abov e threshold) .  Nevertheless ,  wit h 
partia l  matching ,  simila r  m e m o r y element s (e.g. ,  thos e i n 
neighborin g positions )  als o hav e som e chanc e o f  bein g 
retrieve d i n plac e o f  th e correc t  digit .  Althoug h i t  i s  no t  th e 
focu s o f  thi s paper ,  ou r  mode l  i s  thu s abl e t o captur e variou s 
erro r  pattern s i n th e data . 

Modeling Results 

As a first exploration of the model described above, we 
produce d aggregat e mode l  prediction s (Figur e 5) .  Thes e 
prediction s wer e base d o n th e defaul t  paramete r  setting s 
prescribe d b y th e A C T - R theory ,  e.g. ,  th e W parameter' s 
defaul t  settin g i s 1.0 .  T o obtai n thes e predictions ,  w e ra n 
th e sam e exac t  mode l  throug h ou r  tas k 2 2 times ,  t o simulat e 
eac h o f  th e 2 2 subjects . 

Thi s  first-pass  fit  demonstrate s tha t  ou r  mode l  ca n produc e 
behavio r  i n th e rang e o f  tha t  exhibite d b y subjects .  Th e 
best-fittin g lin e betwee n th e dat a an d prediction s i s observe d 
= 0.7]*predicte d +  0.16 ,  R ^  =  .88 .  However ,  ther e ar e tw o 
noticeabl e deficiencie s i n thi s first-pass  mode l  fit:  i t  appear s 
tha t  th e mode l  tend s t o overpredic t  fo r  th e four-digi t  string s 
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and underpredict for the six-digit strings, and the standard 
erro r  bar s fo r  th e model' s prediction s ar e consistentl y smalle r 
tha n thos e fo r  th e data .  T o addres s thes e deficiencies ,  w e 
nex t  move d t o incorporatin g individua l  difference s int o ou r 
model . 

First ,  w e ra n th e mode l  throug h 2 2 simulation s o f  th e 
experimen t  a s above ,  bu t  thi s time ,  eac h simulatio n ha d a 
different ,  randoml y distribute d valu e fo r  W .  W e kep t  th e 
same basi c paramete r  value s (i.e. ,  n o optima l  paramete r 
fitting )  bu t  too k th e W paramete r  a s normall y distribute d 
wit h mea n 1. 0 an d varianc e 0.0625 .  Figur e 6  show s th e 
improve d fi t  attaine d (best-fittin g line :  Observe d = 

0.95*Predicte d +  0.02 ,  r 2 =  .92) .  Indeed ,  th e erro r  bar s fo r 
th e mode l  an d dat a i n Figur e 6  overla p i n ever y cas e excep t 
one .  Moreover ,  b y incorporatin g individua l  difference s i n 
our  model ,  th e standar d erro r  bar s o f  th e prediction s no w 
appea r  mor e simila r  t o thos e o f  th e subjects . 

Whil e th e abov e mode l  fi t  suggest s tha t  varyin g W 
paramete r  ca n lea d t o performanc e variabilit y  tha t  i s 
consisten t  wit h th e individua l  difference s i n ou r  sample ,  i t 
stil l  suffer s fro m aggregatin g ove r  subjects .  I n othe r  words , 
i t  i s  possibl e tha t  a  mode l  (eve n on e tha t  take s int o accoun t 
individua l  differences )  ca n captur e aggregat e dat a bu t  no t  b e 
abl e t o fi t  dat a o f  individua l  subjects .  Thus ,  w e nex t  fi t  th e 
paramete r  W t o th e dat a fo r  eac h subjec t  individually .  A s 
Figur e 7  shows ,  th e mode l  ca n accoun t  fo r  individua l 
subject' s recal l  performanc e an d eve n matche s th e shap e o f 
individua l  subject' s  data .  Not e tha t  her e w e onl y brea k dow n 
by numbe r  o f  string s t o maintai n a  sufficien t  numbe r  o f 
replication s pe r  dat a point .  Th e si x subjects '  dat a presente d 
i n Figur e 7  wer e chose n t o represen t  th e rang e o f  W values ; 
th e mode l  provide d a  goo d fi t  fo r  al l  o f  th e 2 2 subjects . 
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Indeed, this fitting procedure produced a bell-shaped 
distributio n o f  W value s fo r  ou r  sampl e (Se e Figur e 8) :  a 
fe w subject s wer e bes t  fi t  b y hig h o r  lo w W ,  an d mos t 
subject s wer e fi t  b y W ~  1 .  Thus ,  thes e W estimate s tel l  u s 
somethin g abou t  th e subject-to-subjec t  variabilit y i n th e 
quantit y tha t  W represents .  Moreover ,  accordin g t o ou r 
mcxlel ,  eac h participant' s W valu e represent s a  fixed  quantit y 
of  sourc e activatio n fo r  tha t  individual ,  whic h shoul d b e 
reflecte d i n othe r  task s w e ca n als o model . 

Discussion 

In the modeling work above, we have shown that a single, 
continuous-value d paramete r  o f  th e A C T - R theor y ca n 
produc e individua l  difference s simila r  t o thos e displaye d b y a 
sampl e o f  adult s performin g a  digi t  workin g memor y task . 
Thi s paramete r  ( W )  modulate s th e amoun t  o f  sourc e 
activatio n spreadin g fro m th e curren t  goa l  t o associate d 
memory element s an d thereb y affect s thei r  probabilit y o f 
retrieval .  Whil e thi s paramete r  ha s bee n use d i n othe r  A C T -
R model s t o represen t  a  globa l  attentiona l  resourc e tha t  i s 
c o m m on acros s individuals ,  ou r  mode l  take s th e paramete r 
as fixed  fo r  a  give n individua l  bu t  potentiall y  varyin g acros s 
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individuals. This individual-differences approach enabled our 
model  t o reflec t  th e variabilit y  i n a n aggregate d dat a se t  an d 
t o captur e th e individua l  performanc e curve s o f  eac h subject . 
Moreover ,  ou r  approac h predict s tha t  difference s i n thi s 
parameter ,  a s measure d b y ou r  digi t  workin g memor y task , 
wil l  produc e systemati c individua l  difference s i n a  variet y o f 
differen t  tasks .  W e ar e currentl y testin g suc h across-tas k 
prediction s o f  ou r  model . 

Our  modelin g wor k als o highlight s th e fac t  tha t 
incorporatin g individua l  difference s i n a  nonlinea r  mode l  ca n 
have importan t  implication s fo r  th e model' s predictions . 
First ,  addin g variabilit y  t o a  singl e paramete r  i n a  nonlinea r 
model  no t  onl y change s th e variabilit y  o f  th e model' s 
performanc e bu t  it s averag e prediction s a s well .  Thi s effec t 
was particularl y eviden t  i n th e tw o aggregat e mode l  fit s 
presente d i n thi s pape r  (Figure s 5  &  6) ;  here ,  changin g th e 
W paramete r  fro m a  constan t  t o a  rando m variabl e impacte d 
th e standar d error s o f  th e model' s prediction s an d th e 
predicte d value s themselves .  Second ,  ou r  approac h suggest s 
that ,  i n a  nonlinea r  model ,  a  singl e paramete r  ca n hav e 
systemati c effect s o n performanc e acros s task s eve n whil e 
performanc e acros s th e differen t  task s doe s no t  sho w a  stron g 
linea r  relationship .  Fo r  instance ,  dependin g o n th e workin g 
memory demand s o f  differen t  tasks ,  a  particula r  individual' s 
performanc e ma y no t  loo k ver y simila r  acros s tasks .  Thus , 
linear-base d analyse s o f  performanc e ma y no t  b e abl e t o 
uncove r  th e common sourc e o f  individua l  difference s i n a 
nonlinea r  system .  I n contrast ,  ou r  approac h use s pre -
specifie d (nonlinear )  function s t o predic t  performanc e an d 
thu s i s abl e t o estimat e a  commo n paramete r  settin g fo r  a 
give n individua l  an d simulat e performanc e acros s tasks . 

Conclusions 

Computational models provide an effective tool for studying 
individua l  difference s i n workin g memor y capacit y becaus e 
the y allo w researcher s t o maintai n th e basi c structur e o f  a 
theor y whil e perturbin g an y give n component .  A s w e hav e 

demonstrate d above ,  on e ca n the n rigorousl y an d 
quantitativel y explor e ho w varyin g a  particula r  componen t 
of  th e mode l  ca n accoun t  fo r  individua l  differences ,  leadin g 
t o a  bette r  understandin g o f  th e phenomen a a t  han d an d 
refinement s o f  one' s theory .  Thi s approac h als o provide s a 
framewor k fo r  studyin g th e impac t  o f  a  singl e individua l 
differenc e paramete r  acros s task s an d fo r  usin g computationa l 
model s t o predic t  individuals '  performanc e o n a  ne w tas k 
base d o n th e individualize d paramete r  valu e estimate d fro m 
thei r  performanc e o n a  previou s task . 
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