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A Neura l  Mode l  o f  Dee p Dyslexi a 

Michael L. Rossen 

Departmen t  o f  Psycholog y 

Brow n Universit y 

Bitnet :  Rossen@brownco g 

Abstract 

This paper presents a simulation of the selective deficits and the partial breakdown patterns 

characteristi c o f  th e ora l  readin g performanc e o f  dee p dyslexics .  Th e mos t  strikin g sympto m o f  dee p 

dyslexi a — usuall y considere d it s definin g characteristi c — i s th e occurrenc e i n ora l  readin g task s o f 

semanti c paralexias :  th e vocalizatio n o f  a  wor d semanticall y relate d t o a n isolated ,  printe d targe t 

word .  Th e patter n o f  simulate d paralexi c error s b y th e neura l  mode l  i s strongl y controlle d b y th e 

similarit y structur e o f  th e trainin g se t  stimul i  and ,  t o a  lesse r  extent ,  th e frequenc y o f  presentatio n o f 

stimul i  durin g learnin g b y th e model .  Thi s resul t  fit s  wel l  wit h effect s o f  stimulu s typ e o n pattern s o f 

paralexi c erro r  amon g dee p dyslexics .  Further ,  th e mode l  ver y naturall y reproduce s th e pattern s o f 

partia l  breakdow n observe d i n dee p dyslexics ,  includin g a  slo w respons e tim e (RT )  an d withi n subjec t 

variatio n o f  respons e t o a  particula r  targe t  wor d i n successiv e tes t  sessions . 

Keywords: neural models, deep dyslexia, similarity structure. 

Symptoms and characteristics of deep dyslexia 

Loss of a selected subset of cognitive skills often accompanies brain damage. Deep dyslexia 

i s a n exampl e o f  a  selectiv e symptom-comple x resultin g fro m brai n damag e i n whic h deficit s i n 

certai n ora l  readin g skill s  ten d t o co-occur .  Th e mos t  strikin g sympto m o f  dee p dyslexi a ~  usuall y 

considere d it s definin g characteristi c - -  i s  th e occurrenc e i n ora l  readin g task s o f  semanti c 

paralexias :  th e vocalizatio n o f  a  wor d semanticall y relate d t o a n isolated ,  printe d targe t  wor d 

(e.g. ,  visua l  target :  B E A R ;  ora l  response :  L ION) .  Dee p dyslexic s als o m a k e visua l  paralexias , 

error s wher e th e ora l  respons e wor d graphemicall y resemble s th e targe t  wor d (e.g. ,  visua l  target : 

B E A R;  ora l  response :  P E A R ) . 

The type of stimulus word used in oral reading tasks strongly affects the likelihood of a 

paralexi c respons e b y a  dee p dyslexic .  Shallic e an d Warringto n (1975 )  sho w tha t  noun s o f  lo w 

usag e frequenc y o r  o f  lo w concretenes s hav e a  relativel y hig h probabiht y o f  elicitin g a  paralexi c 

response ,  wit h concretenes s havin g a  stronge r  effect .  Syntacti c clas s als o ha s a n effect :  correc t 

response s ar e mos t  likel y fo r  nouns ,  wit h adjectives ,  verb s an d fimctio n word s (e.g. ,  "is," ,  "to, " 

"and" )  causin g successivel y highe r  rate s o f  paralexi c error . 

The selectivity of deep dyslexia is evident in the stimulus effects just mentioned and from the 

observatio n tha t  dee p dyslexic s ca n ofte n perfor m task s analogou s t o ora l  reading ,  bu t  involvin g 

differen t  inpu t  and/o r  outpu t  modalities ,  wit h littl e o r  n o evidenc e o f  degradatio n i n performance . 

For  example ,  som e dee p dyslexic s ca n perfor m almos t  perfectl y i n a  pictur e namin g tas k i n whic h 

th e pictur e stimul i  correspon d t o wor d stimul i  wit h whic h th e patient s mak e frequen t  paralexia s 

durin g ora l  reading .  (Patterso n &  Marcel ,  1977) . 

Deep dyslexia involves patterns of partial breakdown, patterns of a statistical rather than 

a deterministi c nature .  I n particular : 

(1 )  Respons e tim e (RT )  o f  dee p dyslexic s i n ora l  readin g task s i s slowe r  tha n fo r  th e norma l 

population .  I n addition ,  dee p dyslexic s ofte n mak e "omissions, "  i n ora l  readin g tasks ;  tha t  is ,  the y 

fai l  t o offe r  an y respons e a t  al l  t o a  printe d targe t  stimulus . 

(2 )  Intra-subjec t  respons e variation .  Conside r  a n ora l  readin g tas k i n whic h th e printe d targe t 
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stimulus "BEAR" is one of several stimuli presented in random order during a single test session. 
I n successiv e tes t  sessions ,  a  dee p dyslexi c migh t  correctl y rea d th e wor d "BEAR "  aloud ,  commi t  a 
semanti c paralexi a ("LION") ,  an d a  visua l  paralexi a ("PEAR") . 
(3 )  Inter-subjec t  respons e variation .  Tw o dee p dyslexic s ca n mak e differen t  response s t o a 
particula r  targe t  word ,  ye t  hav e simila r  statistica l  likelihood s o f  semanti c an d visua l  paralexias . 

Anderson (1983), Kawamoto (1985), and McClelland & Rumelhart (1986) have all employed 
neura l  model s t o examin e variou s characteristic s o f  brai n damage d patients .  Kawamot o 
specificall y modele d aspect s o f  dee p dyslexia .  Th e simulation s i n thi s pape r  concentrat e o n som e 
characteristic s o f  dee p dyslexi a no t  addresse d b y thes e previou s studies .  Simulation s on e throug h 
thre e sho w tha t  a  full y  traine d neura l  mode l  ca n simulat e paralexi c response s an d reproduc e th e 
pattern s o f  partia l  breakdow n jus t  described .  Simulation s thre e an d fou r  sugges t  tha t  th e 
stimulu s effect s outline d abov e tha t  underscor e th e selectiv e natur e o f  dee p dyslexi a ca n b e 
interprete d i n term s o f  th e similarit y structur e o f  wor d representatio n (se e below )  an d th e 
frequenc y wit h whic h a  wor d i s learne d b y th e model . 

The Brain-state-in-a-box (BSB) neural network model 

The BSB model (Anderson, 1983) employs a training algorithm (la) and a classification 
algorith m (lb) .  Th e algorithm s emplo y a  vecto r  o f  idealize d neura l  activitie s t o represen t 
informatio n flowin g throug h th e system .  Eac h vecto r  elemen t  ca n tak e o n a  continuou s rang e 
of  value s betwee n - 1 an d 1 ,  representin g th e minimu m an d maximu m activit y level s o f  a  neuron . 
A matri x o f  idealize d synapti c weight s inter-connectin g th e neuron s represent s informatio n 
store d withi n th e system . 

I i T ) = A f ( T ) (basic computation) 

A : matrix of synaptic weights 
f  :  vecto r  o f  neura l  activitie s 
T :  scala r  discret e tim e inde x 

A(t+1) =A(t) +7[f(T)-f*(T)]f'^ (W-H training algorithm) (la) 

T 
f  :  transpos e o f  f 
7 :  scala r  learnin g paramete r 

f(T + l) =a|af*(T) +/3f(r)] (BSB classification algorithm) (lb) 

a : scalar feedback parameter 
P :  scala r  deca y paramete r 
o :  functio n tha t  limit s activitie s t o regio n [-1,1 ] 

Training procedure. Training consists of modification of a 50 percent connected weight matrix 
"A "  b y repeate d applicatio n o f  th e Widrow-Hof f  (W-H )  trainin g algorith m (la )  wit h eac h o f  th e 
members o f  th e trainin g stimulu s se t  (se e below) .  Eac h stimulu s i s learne d a n equa l  numbe r  o f 
times ,  excep t  i n simulatio n thre e whe n learnin g frequenc y effect s ar e explicitl y  examined .  T o 
eliminat e potentia l  recenc y effect s o f  training ,  th e orde r  o f  stimulu s presentatio n i s randomize d 
and th e learnin g paramete r  i s tapere d a s trainin g near s completio n (Anderson ,  1983) .  T o ensur e 
th e robustnes s o f  training ,  nois y version s o f  th e trainin g se t  vector s ar e use d t o tes t  th e system . 
The nois e i s calculate d s o that ,  whe n adde d t o a  trainin g vecto r  t o creat e a  tes t  stimulu s vector , 
th e tes t  stimulu s i s alway s withi n a  con e aroun d th e trainin g stimulu s whos e axia l  angl e i s hal f 
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the angle between the training vector and its nearest neighbor in the training set. Training is 

terminate d whe n th e syste m classifie s fou r  set s o f  nois y trainin g se t  vector s withou t  error . 

The stimuli. A word stimulus is represented as an activity vector that specifies the system's 

initia l  state .  Th e classificatio n algorith m (lb )  iterate s th e activit y vecto r  throug h th e weigh t 

matri x unti l  th e vecto r  reache s a  corne r  i n activit y space ,  o r  unti l  unti l  a  m a x i m u m o f  9 6 

iteration s i s reached .  Thi s final  activit y vecto r  correspond s t o a  classificatio n o f  th e stimulu s 

vector .  I n al l  o f  th e simulation s considere d here ,  a  192-dimensiona l  syste m i s use d t o lear n a 

trainin g se t  o f  eigh t  normalized ,  demeane d stimuli ,  eac h pointin g t o a  differen t  corne r  i n activit y 

space .  Th e cosin e betwee n tw o activit y vector s define s thei r  similarity .  Table  1  show s th e 

similarit y structur e o f  th e trainin g set .  Eac h stimulu s vecto r  ha s a  .7 5 cosin e wit h thre e neares t 

neighbo r  stimuli ,  a  . 5 cosin e wit h on e stimulu s an d a  .37 5 cosin e wit h th e remainin g the e stimuli . 

Thi s idealize d similarit y structur e allow s fo r  quantitativ e analysi s o f  simulate d paralexia s (se e 

below )  a s a  functio n o f  wor d stimulu s similarity . 

Performanc e measure s 

RT is simulated by the iteration count in the BSB classification algorithm (lb). A final 

classificatio n b y th e syste m i s considere d a n omissio n erro r  i f  les s tha n 9 5 percen t  o f  th e neuron s 

ar e a t  thei r  m a x i m u m o r  m in imu m activit y level .  I f  a  classificatio n i s no t  a n omission ,  the n th e 

syste m respons e i s defme d a s th e trainin g se t  vecto r  t o whic h th e classificatio n i s mos t  similar .  I f 

tha t  trainin g se t  vecto r  wa s th e inpu t  stimulus ,  the n th e respons e i s considere d correct . 

Otherwise ,  th e respons e constitute s a n erroneou s classification ,  a  simulate d paralexia . 

Simulating brain damaged subjects and multiple test sessions 

Damage consists of ablation of a randomly chosen, fixed percentage of the synapses of the 

weigh t  matri x afte r  terminatio n o f  learning .  Differen t  compute r  subject s ar e simulate d usin g 

th e sam e traine d networ k wit h differen t  rando m ablations .  A  particula r  dee p dyslexi c subjec t  als o 

varie s a s t o whic h word s he/sh e make s error s o n fro m on e tes t  sessio n t o th e next .  T o allo w thi s 

patter n t o emerg e fro m th e formall y deterministi c syste m employe d i n thes e simulations ,  nois y 

version s o f  th e trainin g se t  stimul i  ar e employed ,  a s describe d i n th e sectio n o n trainin g procedure . 

Table 1. Similarity structure of training set stimuli. 

Training Training stimulus 
stimulu s 1 2 3 4 5 6 7 8 

1 
2 
3 
4 
5 
6 
7 
8 .37 5 .37 5 .37 5 . 5 .7 5 .7 5 .7 5 1 . 
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Simulation one: (When) are errors made by a neural model? 

Procedure. Ten Computer subjects are derived from the trained sj'Stem, with damage ranging 

fro m five  percen t  t o 9 5 percen t  synaps e ablation .  Eac h compute r  subjec t  participate s i n on e tes t 

sessio n o f  classifyin g nois y version s o f  th e trainin g se t  stimuli . 

Results. Ablation of synapses have observable effects on system dynamics as measured by 

bot h R T an d erro r  occurrence .  Figur e l a show s R T ,  average d acros s th e tes t  stimuli ,  plotte d 

agains t  proportio n o f  synaps e ablation .  R T reache s th e syste m m a x i m u m fo r  a t  leas t  som e o f  th e 

tes t  stimul i  afte r  onl y a  2 5 percen t  ablation .  Simulate d paralexia s occu r  fo r  onl y a  narro w range 

of  ablatio n level s (Figur e lb) .  Al l  response s ar e correc t  wit h 4 5 percen t  ablatio n o r  less ,  whil e 

onl y omissio n error s occu r  wit h 7 5 percen t  o r  mor e synaps e ablation . 

Discussion. The response time data corresponds well with the tendency of deep dyslexics to 

respon d mor e slowl y tha n normals .  Th e locatio n o f  th e pea k fo r  paralexi c error s a t  6 5 percen t 

ablatio n leve l  underscore s th e robus t  natur e o f  distribute d memor y storage .  Increasin g m a x i m u m 

iteratio n numbe r  doe s increas e th e numbe r  o f  paralexia s somewhat ,  bu t  th e basi c shap e o f  th e 

curve  i n Figur e l b remain s th e same .  Simulate d paralexia s hav e no t  bee n observe d wit h th e 

presen t  stimulu s se t  wit h les s tha n 5 5 percen t  ablation .  Pilo t  studie s sho w tha t  highe r  o r  lowe r 

cosine s amon g neares t  neighbor s lead s t o mor e o r  les s simulate d paralexias ,  respectively ,  give n a 

fixed  percentag e o f  ablate d synapses .  N o simulate d paralexia s coul d b e observe d a t  an y damag e 

level ,  give n presen t  operationa l  definitions ,  fo r  stimulu s set s i n whic h neares t  neighbor s ha d a 

cosin e o f  onl y .25 .  Also ,  additiona l  trainin g decrease s th e numbe r  o f  error s fo r  a  give n amoun t  o f 

damage,  bu t  th e effec t  wa s negligible . 

Simulation two: Within subject variability of error 

Procedure. This simulation tests the abihty of a computer subject with simulated brain 

damage t o giv e variabl e classification s t o th e sam e tes t  stimulu s i n successiv e tes t  sessions .  On e 
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Tabl e 2 .  Simulatio n 2 :  Simulate d paralexia s b y on e compute r  subjec t  i n 2 4 tes t  sessions . 

Inpu t 

stimulu s 

4 
5 

1 

0 
0 

2 

15 
0 

3 

1 
0 

4 

(3 ) 
0 

Outpu t 

5 

0 
(12 ) 

corne r 

6 

0 
0 

7 

0 
12 

8 

0 
0 

paralexia s 

16 
12 

compute r  subjec t  wit h 6 5 percen t  synaps e ablatio n perform s 2 4 tes t  session s o f  identifyin g nois y 

version s o f  th e trainin g se t  stimuli . 

Results. Table 2 shows the number and type of simulated paralexias for each test stimulus 

(omissio n error s ar e no t  included) .  N o error s occu r  fo r  6  o f  th e stimuli .  1 6 simulate d paralexia s 

ar e mad e o n stimulu s four ;  1 5 o f  the m converg e t o stimulu s tw o an d on e o f  the m t o stimulu s 

three .  1 2 simulate d paralexia s ar e mad e wit h stimulu s five,  al l  t o stimulu s seven . 

Discussion. Simulated paralexic error patterns are variable over the sessions, conforming to 

th e erro r  pattern s reporte d i n th e literatur e fo r  dee p dyslexi c patients .  O f  th e trainin g se t 

members wit h whic h simulate d paralexia s ar e made ,  neithe r  o f  the m alway s produce d error s wit h 

th e system ,  an d on e o f  the m produce d tw o differen t  type s o f  paralexias . 

Simulation three: Error patterns across computer subjects 

Procedure. This simulation examines the effect of similarity between activity vectors on the 

patter n o f  simulate d paralexia s b y compute r  subjects .  Becaus e o f  th e th e symmetri c similarit y 

structur e o f  th e trainin g set ,  paralexi c error s shoul d b e equall y likel y fo r  eac h stimulus .  O n th e 

othe r  hand ,  i f  similarit y structur e i s important ,  the n paralexi c error s shoul d b e mor e likel y t o b e 

classifie d a s nea r  neighbo r  stimuli .  2 5 compute r  subject s eac h wit h 6 5 percen t  synaps e ablatio n 

perfor m on e tes t  sessio n o f  identifyin g th e trainin g se t  stimul i  wit h n o nois e added . 

Results. Table 3 shows the distribution of simulated paralexias from and to each of the 

trainin g se t  stimuli .  Th e mos t  prominen t  characteristi c o f  thes e result s i s tha t  error s onl y 

correspon d t o neares t  neighbo r  stimuli .  Withi n set s o f  neares t  neighbor s (stimul i  on e thoug h fou r 

and stimul i  five  throug h eight ,  a s ca n b e see n b y consultin g Tabl e 1) ,  distributio n o f  error s fro m 

an d t o eac h o f  th e stimul i  i s  almos t  flat,  wit h th e exceptio n o f  stimulu s on e t o whic h mor e error s 

tende d an d fro m whic h les s error s wer e made . 

Discussion. The absence of simulated paralexias to anything but a nearest neighbor stimulus 

ca n b e interprete d a s a  tendenc y fo r  th e syste m t o mak e semanti c (a s oppose d t o random )  error s 

when damag e i s i n th e for m o f  rando m synapti c ablation .  Thi s predictio n assume s tha t 

semanticall y relate d word s ar e represente d i n memor y a s highl y correlate d pattern s o f  activation . 

Suppor t  fo r  thi s assumptio n ca n b e foun d i n th e wor k o f  Anderso n (1983 )  an d Kawamot o (1985) . 

One migh t  speculat e furthe r  tha t  noun s an d adjective s (a s oppose d t o verbs) ,  an d word s wit h 

concret e meaning s ar e represente d b y activit y pattern s relativel y isolate d fro m th e activit y 

pattern s o f  neares t  neighbo r  words .  Thi s woul d serv e a s a n explanatio n fo r  th e syntacti c clas s 

and concretenes s effect s foun d i n dee p dyslexi c ora l  readin g performance . 
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Tabl e 3 .  Simulatio n 3 :  Classificatio n o f  tes t  stimul i  b y 2 5 compute r  subjects . 

Inpu t 

stimulu s 

1 
2 
3 
4 
5 
6 
7 
8 

Tot^ l  psiralexia s 

1 

20 
7 
3 
3 
0 
0 
0 
0 

13 

2 

2 
13 

2 
3 
0 
0 
0 
0 

7 

3 

1 
2 

17 
2 
0 
0 
0 
0 

5 

4 

2 
3 
3 

17 
0 
0 
0 
0 

8 

Outpu t  ( 

5 

0 
0 
0 
0 

16 
5 
4 
2 

11 

corne r 

6 

0 
0 
0 
0 
1 

16 
2 
5 

8 

7 

0 
0 
0 
0 
5 
2 

15 
3 

10 

8 

0 
0 
0 
0 
4 
2 
4 

15 

10 

paralexia s 

5 
12 

8 
8 

10 
9 

10 
10 

72 

Simulatio n four :  T h e effec t  o f  variabl e frequenc y o f  stimulu s presentatio n durin g 

training . 

Procedure, This simulation is concerned with the effects of variable frequency of stimulus 

presentatio n durin g learnin g o n th e patter n o f  simulate d paralexia s b y compute r  subjects .  Towar d 

thi s end ,  stimulu s on e i s learne d b y th e syste m thre e time s a s frequentl y a s an y o f  th e othe r 

stimuli .  Hig h frequenc y o f  presentatio n fo r  a  particula r  stimulu s cause s tha t  stimulu s t o b e 

learne d mor e quickl y tha n othe r  stimuli .  Thoug h thi s effec t  i s  mute d somewha t  b y th e erro r 

correctio n natur e o f  th e W - H learnin g algorithm ,  i t  i s  stil l  possibl e tha t  th e hig h presentatio n 

frequenc y o f  stimulu s on e durin g learnin g render s i t  mor e resistan t  t o erro r  withi n a  damage d 

system . 

A side effect of the skewed presentation frequency is that the system requires relatively more 

trainin g t o lear n al l  th e stimuli .  A s wa s mentione d i n simulatio n one ,  on e o f  th e result s o f  extr a 

trainin g i s a  sligh t  increas e i n stabiht y wit h respec t  t o damage .  Thus ,  a  7 5 percen t  ablatio n leve l 

i s  use d t o maximiz e th e numbe r  o f  simulate d paralexias .  Dat a i s gathere d fro m 10 0 compute r 

subject s tha t  eac h perfor m on e tes t  sessio n identifyin g th e trainin g se t  stimul i  wit h n o nois e added . 

Results. Table 4 shows the distribution of classification errors from and to each of the 

trainin g se t  stimuli .  A  stron g tendenc y exist s fo r  simulate d paralexia s t o converg e t o stimulu s 

one ,  th e stimulu s traine d wit h a  hig h frequenc y o f  presentation .  Conversely ,  th e compute r 

subject s ar e relativel y unlikel y t o m a k e a  simulate d paralexi a wit h stimulu s on e a s input . 

As in simulation three, no errors at adl are made to any but nearest neighbor stimuli. The 

tota l  numbe r  o f  classificatio n error s mad e o n stimul i  five  throug h eigh t  i s virtuall y equa l  t o th e 

number  m a d e wit h stimul i  on e throug h four .  N o stimulu s withi n th e se t  o f  stimul i  five  throug h 

eigh t  i s markedl y mor e o r  les s likel y t o caus e a  simulate d paralexia . 
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Tabl e 4 .  Simulatio n 4 :  Classificatio n o f  tes t  stimul i  b y 10 0 compute r  subjects .  Learnin g frequenc y o f 

stimulu s on e wa s tripl e tha t  o f  th e others . 

Inpu t 

stimulu s 

Outpu t  corne r 

4 5  6 8 paralexia s 

1 

2 

3 

4 

5 

6 

T 

8 

73 
20 
34 
22 

0 
0 
0 
0 

10 
49 
14 
23 

0 
0 
0 
0 

8 
11 
44 

7 
0 
0 
0 
0 

9 
20 

8 
48 

0 
0 
0 
0 

0 
0 
0 
0 

60 
11 
18 
18 

0 
0 
0 
0 

11 
56 
16 
28 

0 
0 
0 
0 

18 
15 
52 
10 

0 
0 
0 
0 

11 
18 
14 
44 

27 
51 
56 
52 
40 
44 
48 
54 

Tota l  paralexia s 76 47 26 37 47 55 42 43 373 

Discussion .  Dee p dyslexic s ten d t o mak e mor e paralexia s wit h lo w frequenc y words ; 

however ,  thi s effec t  i s  ofte n overshadowe d b y wor d concretenes s effects .  I f  wor d concretenes s ca n 

i n par t  b e interprete d a s th e degre e o f  isolatio n o f  a  word' s activit y pattern ,  the n th e result s o f 

thi s simulatio n ar e i n accordanc e wit h bot h o f  thes e findings .  Moreover ,  i n a  pilo t  stud y identica l 

t o thi s simulatio n excep t  tha t  onl y stimul i  on e throug h five  wer e learne d b y th e system ,  n o 

paralexi c error s a t  al l  wer e m a d e wit h stimulu s five,  eve n thoug h stimulu s on e ha d a  highe r 

learnin g presentatio n rate .  Thi s mode l  make s th e furthe r  predictio n tha t  whe n semanti c 

paralexia s occur ,  th e paralexi a i s likel y t o b e o f  highe r  frequenc y i n th e languag e tha n th e targe t 

word . 
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