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Abstrac t 

We used the Quinlan's C4.5 machine learning algorithm to 
analyz e tutoria l  dialogue s a s par t  o f  th e derivatio n o f  plannin g 
rule s fo r  CIRCSIM-Tuto r  v .  3 ,  a  natural-languag e base d 
intelligen t  tutorin g system .  W e annotate d a  corpu s o f  tutorin g 
dialogue s wit h a n SGML-base d representatio n o f  tutoria l 
goal s i n orde r  t o mak e mechanica l  processin g possible .  W e 
looke d fo r  rule s o f  th e for m "unde r  wha t  condition s i s goa l  x 
implemente d wit h pla n y?" .  W e discovere d rule s fo r  high -
leve l  plaimin g o f  th e tutorin g sessio n an d dynami c 
modificatio n o f  th e tutoria l  agenda .  A t  a  lowe r  leve l  o f 
planning ,  w e looke d a t  rule s fo r  generatin g section s o f  th e 
mtor' s utterance .  Th e us e o f  th e rul e inductio n algorith m ha s 
helpe d u s discove r  whic h knowledg e availabl e t o th e planne r 
i s significan t  i n makin g thes e decisions ,  a s wel l  a s producin g 
some decisio n tree s w e ca n actuall y us e i n CIRCSIM-Tutor . 

Introduction 

ClRCSIM-Tuto r  (v .  3 )  i s a  conversationa l  intelligen t  tutorin g 
syste m (ITS )  whic h use s natura l  languag e fo r  bot h inpu t  an d 
output .  Th e cor e o f  CiRCSlM-Tuto r  i s a n integrate d plannin g 
and executio n modul e tha t  use s STRIPS-styl e plannin g 
operators .  Her e i s a n exampl e o f  a n operator ; 

(de f -opera to r  neu ra l -DL R 
:act io n ( ) 
:goa l  (d id -neura l -DL R ?vbl ) 
:precon d ( ( is -neura l  ?vbl )  ... ) 
: rec ip e ( (d id- tu to r  mechan i s m ?vbl ) 

(d id- tu to r  DR- in f o ?vbl ) 
(d id- tu to r  vb l - va lu e ?vbl) ) 

f i l t e r  .. . 
ad d 
de l  ... ) 

Th e goa l  o f  th e planne r  i s  t o generat e a  conversatio n 
resultin g i n th e studen t  knowin g som e desire d concepts . 

^Thi s wor k wa s performe d whil e Rev a Freedma n wa s a t  th e 
Illinoi s Institut e o f  Technology . 

Eac h goa l  i s  satisfie d b y replacin g i t  o n th e planner' s agend a 
by th e prerequisite s an d recip e step s o f  a n operato r  whic h 
achieve s it .  W h e n a  primitiv e operator ,  i.e .  a n individua l 
speec h ac t  reques t  suc h a s elici t  o r  inform ,  i s reached ,  i t  i s 
adde d t o a  buffe r  whos e content s wil l  eventuall y for m th e 
tutor' s nex t  turn . 

W h en a  repl y i s require d fro m th e student ,  th e planne r  i s 
temporaril y  suspende d an d tex t  i s  generate d fro m th e 
operator s i n th e buffer .  Afte r  th e studen t  replies ,  th e planne r 
resume s operation .  Th e student' s repl y i s on e o f  th e factor s 
whic h i s  the n take n int o accoun t  i n orde r  t o generat e th e 
followin g turn . 

Th e questio n the n becomes :  wher e doe s th e operato r 
librar y com e from ? I n earl y tex t  generatio n systems ,  th e 
operator s wer e obtaine d from  intuitio n an d introspection . 
Mor e recently ,  researcher s hav e use d a  variet y o f  informa l 
means t o abstrac t  pla n operator s from  naturalisti c corpor a 
(Reite r  &  Dale ,  1997) .  W e hav e profitabl y use d al l  o f  thes e 
methods .  Recentl y w e hav e becom e intereste d i n mor e 
forma l  method s o f  identifyin g operator s whic h woul d 
provid e a  goo d mode l  o f  ou r  corpus .  I n thi s pape r  w e repor t 
on som e experiment s w e hav e don e usin g th e decisio n tre e 
inductio n progra m C4. 5 (Quinlan ,  1993 )  t o identif y potentia l 
operator s i n ou r  corpu s o f  huma n tutoria l  transcripts . 

Rathe r  tha n obtai n rule s whic h coul d b e transferre d 
automaticall y t o a n automate d system ,  ou r  goa l  wa s t o 
obtai n idea s fo r  bette r  modelin g ou r  huma n experts .  I n 
addition ,  w e wante d t o find  ou t  whic h o f  th e availabl e 
feature s wer e trul y usefu l  i n explainin g tuto r  behavior . 

Our  wor k attempt s t o discove r  rule s connectin g differen t 
type s o f  goal s i n ou r  annotations ,  rathe r  tha n discoverin g 
relationship s betwee n directl y observabl e phenomen a suc h 
as sentenc e length .  Althoug h i t  i s  therefor e dependen t  o n 
soli d definition s o f  th e annotatio n categories ,  thi s strateg y 
increase s th e chanc e tha t  th e rule s obtaine d wil l  b e 
meaningfu l  t o humans ,  becaus e w e hav e chose n feature s 
whic h ar e meaningfu l  t o humans . 

362 

http://glassecharlie.cns.iit.edu
mailto:janice@steve.csain.iit.edu


B a c k g r o u n d 

Roughl y speaking ,  th e purpos e o f  th e C4. 5 progra m i s t o 
provid e th e bes t  possibl e decisio n tre e t o explai n a  give n se t 

of  data .  A  decisio n tre e i s a  se t  o f  rule s fo r  guessin g th e 
valu e o f  a  dependen t  variable ,  th e resul t  variable ,  give n th e 
value s o f  a  se t  o f  features . 

Each o f  ou r  experiment s attempt s t o determin e a  se t  o f 
rule s fo r  makin g on e decisio n abou t  th e tex t  t o b e generated . 
As th e criteri a fo r  makin g suc h decision s ar e encode d a s 
prerequisite s fo r  on e o r  mor e pla n operators ,  appropriat e 
feature s fo r  experimentatio n includ e an y predicate s whos e 
value s woul d b e availabl e durin g th e operatio n o f  th e 
planner .  Thes e predicate s dea l  wit h severa l  kind s o f 
knowledge : 

•  Tutoria l  agenda ,  al l  goal s whic h hav e bee n chose n bu t  no t 
realize d a s tex t  yet .  O f  these ,  th e curren t  goa l  an d it s 
ancestor s ar e mos t  relevant . 

•  Tutoria l  history ,  a  recor d o f  pas t  tutorin g goal s enablin g 
us t o answe r  question s suc h a s "i s thi s th e firs t  tim e w e hav e 
trie d t o explai n thi s concep t  t o th e student?" .  W e als o 
maintai n a  dialogu e history ,  whic h contain s th e student' s 
response s 

•  Studen t  input .  O n e o f  th e mos t  importan t  determinant s o f 
th e tutor' s respons e i s wha t  th e tuto r  i s  respondin g to ,  i.e .  th e 
student' s lates t  turn .  W h a t  i s generall y importan t  i s no t  th e 
conten t  o f  th e student' s respons e bu t  rathe r  it s relatio n t o th e 
tutor' s questio n tha t  elicite d it .  Ou r  categorizatio n o f  studen t 
response s i s describe d i n mor e detai l  below . 

•  Studen t  model .  A n importan t  aspec t  o f  th e studen t  mode l 
i s th e tutor' s overal l  evaluatio n o f  th e student .  I n thi s paper , 
we us e th e numbe r  o f  error s i n th e student' s initia l  solutio n 
of  th e proble m a s a  measur e o f  thi s value .  Not e tha t  a 
dialogu e histor y feature ,  namel y th e numbe r  o f  time s a 
questio n wa s aske d befor e th e studen t  gav e th e correc t 
answer ,  coul d als o b e use d a s a  measur e o f  studen t 
knowledge . 

•  Domai n knowledg e base .  Thi s categor y include s 
informatio n abou t  th e proble m domai n a s wel l  a s 
informatio n abou t  th e tas k bein g tutored . 

Our  huma n tutor s tr y t o maintai n a  globa l  tutorin g pla n 
but  a t  th e sam e tim e repl y t o issue s raise d b y students .  A s a 
result ,  turn s generate d b y huma n tutor s ten d t o hav e th e 
followin g structur e (Freedma n &  Evens ,  1996) ,  whic h w e 
hav e adopte d fo r  CiRCSIM-Tutor : 

Respons e t o student' s previou s statemen t 
Acknowledgmen t  o f  student' s respons e (1 ) 
Content-base d repl y t o studen t  (2 ) 

Next  ste p o f  tutoria l  pla n (3 ) 

The followin g exampl e illustrate s th e tripartit e structure : 

T:  Yes ,  (1 ) 
that' s th e effec t  o f  increase d sympatheti c 
stimulatio n o n th e myocardium .  (2 ) 
But  wha t  happen s t o C C i n th e D R period ? (3 ) 

Each o f  th e thre e segment s i s optional .  Fo r  example ,  i f  th e 
content-base d repl y segmen t  i s  omitted ,  th e tuto r  migh t  say : 

T:  Yes ,  bu t  wha t  happen s t o C C i n th e D R period ? 

CmcSFM-Tuto r  build s eac h segmen t  separately ,  the n 
combine s them .  I n thi s pape r  w e repor t  o n fou r  experiment s 
tha t  attemp t  t o determin e aspect s o f  th e tutor' s dialogue .  I n 

experimen t  1 ,  w e loo k a t  th e high-leve l  structur e o f  th e 

conversation ,  attemptin g t o find  feature s tha t  determin e 
whic h tutoria l  strateg y th e tuto r  wil l  choose .  I n th e nex t  tw o 
experiments ,  w e loo k a t  rule s fo r  buildin g th e segment s o f  a 
turn .  I n experimen t  2 ,  w e attemp t  t o determin e h o w th e tuto r 
decide s wha t  t o d o afte r  receivin g th e student' s response , 
e.g .  continu e wit h th e nex t  ste p o f  th e curren t  plan ,  ad d a 
content-base d repl y befor e continuing ,  o r  chang e plan s 
altogether .  I n experimen t  3 ,  w e loo k a t  feature s whic h m a y 
determin e th e existenc e an d typ e o f  th e acknowledgment . 
Finally ,  i n experimen t  4 ,  w e m o v e close r  t o surfac e text , 
choosin g on e topi c whic h tutor s frequentl y teac h an d 
attemptin g t o determin e whe n i t  wil l  b e realize d wit h th e tex t 
generatio n primitiv e t-inform s an d whe n wit h t-elicits . 
Thes e experiment s cove r  a  spectru m o f  th e type s o f  rule s 
neede d fo r  CiRCSIM-Tutor . 

The Corpus 

Over  th e las t  seve n years ,  w e hav e accumulate d ove r  500 0 
turn s o f  transcript s o f  h u m a n tutorin g session s conducte d b y 
typin g ove r  a  m o d e m.  I n th e tutorin g sessions ,  th e student s 
ar e presente d wit h a  hypothetica l  medica l  proble m whic h 
affect s bloo d pressure ,  suc h a s a  hemorrhag e o r  a n overl y 
fas t  pacemaker .  Th e focu s o f  th e lesso n i s o n th e baro -
recepto r  reflex ,  th e negativ e feedbac k loo p b y whic h th e 
autonomi c nervou s syste m adjust s bloo d pressur e bac k 
towar d normal .  Student s ar e require d t o predic t  th e 
qualitativ e chang e (increase ,  decreas e o r  n o change )  i n 
seve n cor e variables ,  suc h a s cardia c outpu t  an d centra l 
venou s pressure ,  i n eac h o f  th e thre e physiologica l  stage s 
whic h for m th e negativ e feedbac k loop . 

I n ou r  curren t  protocol ,  student s wor k th e proble m on e 
stag e a t  a  time ,  followe d b y tutorin g o n thei r  errors .  Th e D R 
or  direc t  respons e stage ,  referre d t o below ,  include s th e 
change s tha t  occu r  afte r  th e precipitatin g even t  bu t  befor e 
th e activatio n o f  th e nervou s system .  Sinc e thre e o f  th e 
seve n cor e variable s ar e largel y controlle d b y th e nervou s 
system ,  the y ar e know n a s neura l  variables .  I n th e example s 
below ,  th e reade r  wil l  se e tha t  whethe r  o r  no t  a  variabl e i s 
neura l  i s  on e o f  th e mos t  importan t  domain-leve l 
determinant s o f  variou s choices . 

Tracin g th e operatio n o f  ou r  planne r  create s a  hierarch y o f 
goals .  Althoug h nothin g i n th e planne r  itsel f  require s it ,  w e 
hav e attempte d wher e possibl e t o maintai n consistenc y i n 
th e typ e o f  goa l  whic h appear s a t  eac h leve l  o f  th e hierarchy . 

•  Physiologica l  stag e 
•  Physiologica l  variabl e t o b e taugh t 
•  Tutorin g strateg y 
•  Topic s whic h implemen t  th e strateg y 
•  Tex t  generatio n primitiv e (infor m o r  elicit )  fo r  eac h topi c 

I n th e exampl e a t  th e beginnin g o f  thi s paper ,  neural-DL R i s 
a tutorin g strateg y whic h consist s o f  th e thre e topic s name d 
i n th e recip e i n th e orde r  listed . 

We annotate d on e sectio n o f  ou r  corpus ,  namel y th e D R 
sectio n o f  ever y transcrip t  dealin g wit h a  broke n pacemaker , 
wit h th e sam e hierarchica l  goa l  structur e ou r  planne r  uses . 
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The n w e adde d annotation s fo r  feature s availabl e i n th e 
plannin g environmen t  a t  th e tim e th e tur n wa s generated , 
usin g eac h o f  th e source s above .  Finally ,  w e use d Quinlan' s 
(1993 )  C4. 5 learnin g algorith m t o determin e tutorin g goal s 
base d o n subset s o f  th e availabl e features . 

Th e followin g i s a n exampl e fro m th e annotate d corpus . 
We use d S G M L forma t  becaus e a  numbe r  o f  utilitie s ar e 
availabl e fo r  processin g S G M L mechanically .  I n S G M L,  a s 

i n H T M L ,  th e openin g delimite r  o f  a  piec e o f  tex t  i s  a n 
identifie r  i n angl e brackets ,  an d th e closin g delimite r  i s 

identica l  excep t  fo r  a n initia l  slash .  Th e identifier s 
correspon d t o th e name s o f  ou r  pla n operators . 

Th e number s i n parenthese s ar e th e tur n numbe r  an d 
sentenc e numbe r  fro m th e origina l  corpus .  Th e t-ac k an d 
s-answe r  form s mode l  a  cooperatin g proces s whic h 
respond s t o studen t  utterances ;  the y d o no t  belon g t o th e 
goal  hierarchy . 

<T-does-neura l -DLR > 
<T-tutors-inechanism > 

<T-elicits-mechaiiisiii > 
(29.4 )  Ca n yo u tel l  m e ho w TP R i s control led ? 
<S-answe r  catg=correct > 
(30.1 )  Autonomi c nervou s system . 
</S-answer > 
<T-ac k type=positive > 
(31.1 )  Yes . 
</T-ack > 

</T-elicits-inachanism > 
</T-tutors-niech2mism > 
<T- tu tors-DR- in fo > 

<T-  in form s -DR -  i n f o 
(31.2 )  An d th e pred ic t ion s tha t  yo u ar e 

mak in g ar e fo r  th e per io d befor e an y neura l 
change s tak e p lace . 

</T- in forms-DR-info > 
</T- tutors-DR- info > 

<T-tutors-value> 
<T-e l ic i ts -va lue > 

(31.3 )  S o wha t  abou t  TPR ? 

<S-ans catg=correct> 
(38.4 )  I  wou l d l ik e t o chang e m y respons e r e 
TPR t o zer o change . 
</S-ans > 
<T-ac k type=posi t ive > 
(39.1 )  Good . 
</T-ack > 

</T-el ic i ts-value > 
</T- tutors-value > 

</T-does-neural -DLR > 

Th e exampl e abov e show s a  successfu l  attemp t  t o remediat e 
th e neura l  variabl e T P R i n th e D R stage .  I t  show s a  tutorin g 
strateg y (neural-DLR) ,  th e thre e topic s whic h mak e u p th e 
strategy ,  an d th e primitive s (infor m o r  elicit )  use d t o realiz e 
th e topics .  A  D L R ,  o r  directe d lin e o f  reasoning ,  i s  a  pre -
planne d serie s o f  question s designe d t o mak e a  particula r 
point .  I n thi s example ,  t-does-neural-dl r  i s  realize d a s a 
sequenc e o f  thre e topics :  t-tutors-mechanis m (t o teac h th e 
fac t  tha t  T P R i s  neural) ,  t-tutors-dr-inf o (t o teac h basi c 

informatio n abou t  th e D R stage) ,  an d t-tutors-valu e (t o 
discus s th e correcte d valu e o f  T P R ) .  Eac h o f  thes e thre e 
topic s ca n b e realize d a s a n instanc e o f  th e tutoria l  primitiv e 
t-infor m (conveyin g th e informatio n t o th e student )  o r 

t-elici t  (elicitin g th e information) . 
Sinc e th e purpos e o f  thes e experiment s wa s t o sugges t 

rule s fo r  ClRCSlM-Tutor ,  w e considere d onl y dialogu e tha t 

wil l  b e emulate d b y dialogu e i n CmcsiM-Tutor ,  eliminatin g 
dialogu e use d fo r  givin g instructions ,  collectin g data ,  an d 
othe r  operation s tha t  th e graphica l  use r  interfac e wil l  handle . 

Choosing a Tutorial Strategy 

The first  experimen t  explore d h o w tutorin g operator s ar e 
chosen  a t  th e tutorin g strateg y level .  Eac h cas e represente d 
one attemp t  t o tuto r  on e variable .  Th e feature s w e 
considere d were : 

•  Th e tota l  numbe r  o f  variable s predicte d incorrectl y 
•  Th e numbe r  o f  neura l  variable s predicte d incorrectl y 
•  Whethe r  th e variabl e i s neura l  o r  non-neura l 
•  Sequenc e o f  th e variabl e withi n th e neura l  o r  non-neura l 

group .  Th e tutor s usuall y tuto r  al l  th e neura l  variable s 
first ,  followe d b y th e others .  Withi n eac h group ,  th e tutor s 
hav e a  standar d orde r  bu t  d o no t  includ e al l  th e variables . 

•  H o w man y previou s attempt s ha d bee n mad e t o tuto r  thi s 
variabl e 

Our  sampl e include d five  differen t  tutorin g methods : 

•  t-does-neural-dlr ,  tutorin g usin g a  guide d serie s o f 
question s explorin g th e behavio r  o f  a  neura l  variabl e 

•  t-shows-contradiction ,  tutorin g usin g a n inconsistenc y i n 
th e predicte d value s o f  th e variable s 

•  t-tutors-via-determinants ,  tutorin g usin g th e se t  o f 
variable s whic h hav e a n effec t  o n th e variabl e whic h wa s 
incorrec t 

•  t-moves-forward ,  tutorin g usin g causa l  reasonin g fro m a 
known-correc t  variabl e t o th e incorrec t  on e 

•  t-tutors-via-deeper-concepts ,  tutorin g usin g othe r 
concept s an d mor e particula r  physiologica l  parameter s 

I n thi s experimen t  w e ha d 2 3 cases ,  eac h wit h 5  features . 
Ther e wer e 5  possibl e outcomes .  Th e origina l  tre e produce d 
by C4. 5 i s to o specifi c t o b e useful .  C4. 5 produce d th e 
followin g simplifie d tree : 

I f  variabl e i s neura l 
i f  first  neura l  variable ,  us e t-does-neural-dl r 
i f  second ,  us e t-shows-contradictio n 

els e {variabl e i s no t  neural } 
i f  first  non-neura l  vbl ,  us e t-tutors-via-determinant s 
i f  second ,  us e t-moves-forwar d 

Thi s tre e misclassifie s 3  o f  th e 2 3 cases ,  fo r  a n erro r  rat e o f 
13%.  O f  th e thre e whic h ar e misclassified ,  tw o involv e 
secon d an d subsequen t  attempt s t o tuto r  th e sam e variable . 
Thes e attempt s ten d t o emplo y th e les s c o m m o n tutorin g 
methods .  Althoug h w e hav e code d abou t  hal f  o f  th e 
transcript s involvin g thes e tutorin g methods ,  w e hav e code d 
onl y abou t  1 0 % o f  th e tota l  corpus .  W e hop e tha t 
completin g th e annotatio n o f  th e corpu s wil l  provid e criteri a 
fo r  invokin g th e lesser-use d tutorin g methods . 

What  thi s tre e ha s uncovere d i s a  high-leve l  pla n fo r  th e 
entir e tutorin g session .  Previou s researc h ha s foun d a n 
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algorith m fo r  sequencin g th e variable s t o b e tutored ,  an d th e 

rul e describe d her e tell s  u s whic h tutorin g strateg y t o us e fo r 
eac h variable . 

Withi n eac h grou p o f  variables ,  neura l  an d non-neural , 
C4. 5 foun d a n interestin g rhetorica l  pattern .  Th e .secon d 
variabl e t o b e tutore d i n eac h grou p use s a  metho d whic h 
build s o n knowledg e taugh t  i n th e first  variable .  Fo r 
example ,  a  c o m m o n rhetorica l  patter n fo r  tutorin g tw o non -
neura l  variable s V |  an d V 2 i s t o tuto r  V ]  vi a determinants , 
the n mov e forwar d t o V 2 a s follows : 

<t-corrects-variabl e variable=vi > 
<t-tutors-via-determinants > 

What  variable s i n th e predictio n tabl e determin e Vi ? 
(v i  i s  tutored ,  base d o n it s determinants ) 

</t-corrects -  variabl o 
<t-corrects-variabl e variable=V2 > 

<t-move s forward > 
And wha t  effec t  woul d v i  hav e o n V2 ? 
(V2 i s tutore d b y movin g forwar d fro m \\ ) 

<Jt-corrects-variable > 

The patter n fo r  neura l  variable s i s similar . 

Choosing a Response Strategy 

I n th e secon d experiment ,  w e wer e intereste d i n categorizin g 
th e chang e (o r  not )  i n tutorin g goal s directl y afte r  a  studen t 
replie s t o a  tuto r  query .  Th e followin g ar e th e mos t  fi-equent 
categorie s o f  studen t  response s i n ou r  curren t  markup : 

•  Correct .  Th e student' s answe r  containe d th e informatio n 
th e tuto r  wa s attemptin g t o elicit . 

•  Correc t  bu t  hedged .  Th e student' s answe r  wa s correc t  bu t 
containe d som e indicatio n tha t  th e studen t  wa s unsur e o f 
th e answer ,  e.g .  sayin g "mayb e hear t  rate? " 

•  Partiall y  correct .  O n e correc t  answer ,  whe n tw o o r  mor e 
item s wer e requested . 

•  Nea r  miss .  Th e student' s answe r  wa s technicall y correc t 
but  wa s no t  wha t  th e tuto r  wa s attemptin g t o elicit ,  e.g .  i t 
was a t  th e wron g leve l  o f  detail . 

•  Don' t  know .  Th e student' s respons e wa s equivalen t  t o " I 
don' t  know. " 

•  Incorrect . 

We trie d a  numbe r  o f  features ,  o f  whic h th e mos t 
explanator y turne d ou t  t o be : 

•  Th e categor y o f  studen t  respons e 
•  Whethe r  th e variabl e i s neura l  o r  non-neura l 
•  Sequenc e o f  th e variabl e withi n it s  categor y 
•  H o w man y previou s attempt s ha d bee n mad e t o tuto r  thi s 

variabl e 

Possibl e tuto r  behavior s were : 

•  Proceed .  Th e tuto r  proceede d wit h th e nex t  tutoria l  goal . 
Thi s i s th e norma l  actio n whe n th e studen t  gav e th e 
desire d answer . 

•  Giv e inf o an d proceed .  Th e tuto r  responde d wit h som e 
tutoria l  informatio n befor e proceedin g wit h th e nex t 
tutoria l  goal . 

•  Giv e inf o an d re-elicit .  Th e tuto r  responde d wit h som e 
tutoria l  informatio n befor e askin g substantiall y  th e sam e 
questio n again . 

•  Giv e answe r  an d proceed .  Th e tuto r  gav e th e studen t  th e 

answer ,  the n proceede d wit h th e nex t  tutoria l  goal . 
•  Neste d method .  Th e tuto r  introduce d a  ne w tutorin g 

metho d t o addres s th e curren t  tutoria l  goal .  W h e n th e ne w 
metho d terminates ,  th e tuto r  wil l  retur n t o th e nex t  goa l  o f 
th e origina l  method ,  i.e .  th e younge r  siblin g o f  th e curren t 
goal . 

•  N e w method .  Th e tuto r  abandone d th e curren t  method -
leve l  tutorin g goa l  an d al l  it s  descendants ,  an d trie d 
anothe r  metho d t o tuto r  th e sam e variable . 

For  thi s experimen t  w e ha d 5 7 case s o f  tuto r  behavio r 

followin g a  studen t  response .  C4. 5 produce d th e followin g 
decisio n tree ,  whic h require d n o simplification : 

I f  studen t  answe r  wa s correct , 
procee d 

I f  studen t  answe r  wa s correc t  bu t  hedge d 
giv e inf o an d procee d 

I f  studen t  answe r  wa s partiall y  correc t 
giv e inf o an d procee d 

I f  studen t  answe r  wa s a  nea r  mis s 
introduc e a  neste d metho d 

I f  studen t  answe r  wa s incorrec t 
i f  variabl e i s neura l  the n 

i f  thi s i s  th e first  attemp t  fo r  thi s variabl e 
tr y a  ne w metho d 

els e {subsequen t  attempts } 
giv e inf o an d re-elici t 

els e {non-neura l  variable } 
i f  first  non-neura l  variabl e i n dialogu e 

giv e answe r  an d procee d 
els e (subsequen t  variables } 

giv e inf o an d re-elici t 

Thi s tre e provide s a n algorith m fo r  updatin g th e tutorin g 
pla n base d o n th e student' s response .  I t  correctl y classifie s 
5 0 o f  ou r  5 7 cases ,  yieldin g a n erro r  rat e o f  1 2 % . 

The bigges t  sourc e o f  erro r  i s tha t  th e tre e underpredict s 
th e us e o f  a  ne w method ,  predictin g onl y thre e ne w method s 
wher e seve n actuall y occurred .  Tryin g a  ne w metho d means , 
fo r  example ,  abandonin g t-tutors-via-determinant s an d 
switchin g t o t-shows-contradiction .  W e hop e tha t  addin g 
mor e transcript s t o ou r  experimen t  wil l  she d ligh t  o n thi s 
issue . 

M a ny o f  th e feature s tha t  w e code d wer e no t  use d b y C4. 5 
i n buildin g th e final  decisio n tree ,  mos t  notabl y th e count s o f 
h o w man y prediction s wer e incorrect .  Thi s indicate s tha t  th e 
tutor' s respons e t o a  studen t  utteranc e appear s t o depen d 
mor e o n th e categor y o f  th e studen t  utteranc e tha n o n a 
globa l  assessmen t  o f  th e student' s performance . 

Choosing an Explicit Acknowledgment 

I n th e nex t  experiment ,  w e explore d th e styl e o f  acknow -
ledgmen t  issue d b y th e tutor ,  i n respons e t o a  studen t 
answer .  I n 6 2 case s o f  tuto r  acknowledgments ,  w e 
categorize d th e observe d acknowledgment s a s follows : 

•  Positive ,  e.g .  "Correct. " 
•  Partial ,  e.g .  "Wel l  that' s pard y correct ,  ... " 
•  Negative ,  e.g .  "No. " 
•  Nil ,  n o explici t  acknowledgment . 

The possibl e feature s wer e th e sam e a s i n th e previou s 

365 



experiment .  I n thi s experimen t  C4. 5 foun d significanc e i n 
th e numbe r  o f  time s th e tuto r  retrie d th e t-elici t  t o whic h th e 
studen t  wa s responding .  Th e resuUin g decisio n tre e i s quit e 
messy ,  wit h 2 8 node s befor e simplificatio n an d 1 5 node s 
after ,  an d th e simplifie d tre e misclassifie s mor e tha n 2 0 % o f 
th e cases .  Howeve r  w e di d obtai n a  fe w fairl y soli d rules : 

I f  answe r  wa s partiall y  correc t 
the n issu e partia l  ac k 

I f  answe r  wa s correc t 
the n issu e posiriv e o r  ni l  ac k 

I f  th e answe r  wa s incorrec t 
i f  w e ar e o n th e first  neura l  o r  first  non-neura l  vb l 

i f  w e ar e o n th e first  attemp t  t o tuto r  tha t  variabl e 
the n ni l  ac k 
els e { a subsequen t  attempt } 
negativ e ac k 

Th e distinctio n betwee n th e first  attemp t  (n o acknow -
ledgment )  an d subsequen t  attempt s (negativ e acknow -
ledgments )  appear s interestin g a t  first  glance .  However , 
furthe r  analysi s show s tha t  thi s resul t  i s  confounde d b y th e 
result s o f  th e first  experiment ,  i.e. ,  first  attempt s an d 
subsequen t  attempt s generall y us e consistentl y differen t 
methods .  Thu s i t  i s  possibl e tha t  a  featur e o f  th e secon d 

metho d i s th e underlyin g caus e o f  th e rul e above . 
Ther e i s furthe r  evidenc e tha t  tutoria l  plannin g feature s 

ar e no t  sufficien t  t o explai n th e us e o f  acknowledgments . 
For  example ,  ou r  decisio n tree s offe r  n o explanatio n a s t o 
w hy correc t  answer s receiv e a  positiv e acknowledgmen t 
abou t  thre e time s ou t  o f  fou r  an d n o acknowledgmen t  th e 
res t  o f  th e time .  W e suspec t  tha t  othe r  feature s affectin g 
dialogu e coherence ,  suc h a s th e presenc e o r  absenc e o f  a n 
initia l  discours e marker ,  ar e relate d t o th e decisio n t o us e a n 
explici t  acknowledgment .  Schifftin' s (1987 )  stud y o f 
discours e marker s lend s credenc e t o thi s theory .  Fo r 
example ,  accordin g t o Schiffrin' s analysis ,  th e us e o f  wel l  i n 
th e followin g excerp t  indicate s tha t  th e tuto r  i s contradictin g 
th e student' s wron g answer .  Thi s i s simila r  t o th e purpos e a 
negativ e acknowledgmen t  woul d serve . 

T:  W h a t  t o yo u thin k wil l  happe n t o S V ? 
S:  N o change . 
T:  Well ,  yo u predicte d tha t  R A P woul d g o dow n an d .. . 

Also ,  sinc e D L R s alread y hav e interna l  coherence ,  i t  i s  no t 
surprisin g t o se e fewe r  acknowledgment s o n studen t 
response s t o question s insid e a  D L R . 

Choosing a Realization 

Th e final  experimen t  examine d th e realizatio n o f  th e topi c 
t-tutors-dr-info .  Thi s topi c i s alway s realize d b y a n instanc e 
of  th e primitiv e t-inform s o r  t-elicit .  Ou r  questio n wa s t o 
determin e unde r  wha t  condition s eac h o f  thes e primitive s i s 
chose n b y th e h u m a n tutor . 

Althoug h t-inform s i s usuall y realize d a s a  declarativ e 
sentenc e an d t-elicit s  wit h a n interrogative ,  othe r  alternative s 
ar e possible .  Fo r  example ,  t-elicit s  coul d b e realize d a s a n 
imperative :  "Pleas e tel l  m e ... "  (Sinclai r  &  Coulthard ,  1975) . 
Thu s thes e rule s d o no t  directl y determin e surfac e structure , 
althoug h the y d o m o v e on e leve l  close r  t o surfac e structure . 

For  thi s experimen t  w e ha d C4. 5 buil d a  decisio n tre e t o 

classif y 1 6 case s wher e t-tutors-dr-inf o i s realize d a s 
t-inform s ( 9 cases )  o r  t-elici t  ( 7 cases) .  Sinc e thi s topi c 
occur s whe n a n incorrec t  predictio n fo r  a  neura l  variabl e i s 
tutored ,  w e chos e th e followin g a s possibl e explanator y 
features : 

•  Numbe r  o f  variable s predicte d incorrectl y fo r  th e stag e 
•  N u m b e r  o f  neura l  variable s predicte d incorrectl y 
•  Whethe r  o r  no t  th e tuto r  ha s alread y tutore d th e topi c 

t-tutors-mechanis m i n th e cours e o f  remediatin g th e 
incorrec t  prediction .  Thi s topi c i s use d t o teac h th e studen t 

tha t  a  variabl e i s neural . 

Th e first  tw o feature s wer e chose n becaus e the y coul d b e 
use d a s par t  o f  a n assessmen t  o f  th e student' s performance . 
Previou s wor k (e.g. ,  H u m e etal. ,  1996 )  suggest s tha t  ou r 
tutor s chang e thei r  tutorin g style ,  especiall y thei r  us e o f 
hints ,  base d o n thei r  assessmen t  o f  th e student . 

Th e followin g decisio n tre e wa s obtaine d ft-om  C4.5 : 

I f  a  t-tutors-mechanis m topi c ha s occurre d 
the n a  subsequen t  t-tutors-dr-inf o topi c wil l  b e 

realize d a s t-infor m 
otherwis e i t  wil l  b e realize d a s t-elicit . 

Thi s rule ,  whic h use s onl y th e featur e t-tutors-mechanism , 
correctl y classifie s 1 4 o f  th e 1 6 cases ,  givin g a n erro r  rat e o f 
137o .  Th e othe r  tw o feature s wer e ignored . 

I t  i s  wort h notin g tha t  non e o f  th e reader s o f  th e 
transcript s ha d previousl y notice d thi s relationship . 

Havin g discovere d thi s relationship ,  w e buil t  a  2-by- 2 
contingenc y tabl e showin g th e realizatio n o i  t-tutors-dr-inf o 
vs .  th e us e o i  t-tutors-mechanis m (Tabl e 1) .  W e compute d 
X^  =  6.3 ,  includin g th e Yate s correctio n fo r  smal l  N ,  whic h 
show s tha t  th e relationshi p i s unlikel y t o b e rando m { p = 
0.02) . 

Table 1: Contingency Table for Realizing t-tutors-dr-info 

Has precedin g 
t-tutors-mech l 

Yes N o Tota l 
t-infor m 

t-elici t 

Tota l 

Intrigued by the fact that both components of the student 
assessmen t  wer e ignored ,  w e decide d t o se e wha t  happene d 
i f  w e eliminate d th e t-tutors-mechanis m facto r  instead .  A n 
eve n simple r  decisio n tre e wa s obtained : 

I f  al l  thre e neura l  variable s wer e incorrectl y predicte d 
the n us e t-elici t 
els e us e t-infor m 

Thi s tre e misclassifie s 3  ou t  o f  th e 1 6 cases ,  a n erro r  rat e o f 
1 9 %.  Ou r  tentativ e understandin g o f  thi s rul e i s tha t  whe n 
th e studen t  make s th e sam e erro r  repeatedly ,  th e tuto r 
switche s t o a  schem a wher e th e informatio n involve d i s 
specificall y probe d for . 

Related Work 

Vande r  Linde n an d D i  Eugeni o (1996a ,  1996b )  studie d rule s 
fo r  distinguishin g th e occurrence s o f  warning s i n writte n 
instructions ,  i n particula r  h o w t o choos e amon g phrase s suc h 
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as neve r  d o X ,  don' t  d o X ,  an d b e sur e no t  t o d o X .  The y 

code d instance s o f  suc h expression s i n recipes ,  instruction s 
fo r  operatin g equipment ,  an d simila r  type s o f  writte n 
material .  Th e use d thre e semanti c features ,  suc h a s "write r 
believe s tha t  reade r  know s tha t  doin g X  i s dangerous. "  The y 
the n use d a  machin e learnin g algorith m t o deriv e decisio n 
rule s whic h coul d b e integrate d int o a  tex t  generatio n 
application . 

Moser  an d Moor e (1995 )  an d D i  Eugenio ,  Moor e an d 
Paolucc i  (1997 )  studie d th e us e o f  cu e word s suc h a s 
becaus e an d als o i n tutoria l  text .  The y annotate d tex t 
segment s wit h feature s describin g structura l  (core / 
contributor) ,  intentional ,  informationa l  an d syntacti c 
relation s betwee n tex t  segments .  The y use d a  decision-tre e 
generatin g algorith m t o tes t  hypothese s abou t  th e occurrenc e 
and placemen t  o f  th e cu e words .  Unlik e th e wor k o f  Vande r 
Linde n an d D i  Eugenio ,  th e tex t  segment s ar e code d fo r  a 
ver y larg e numbe r  o f  features ,  an d par t  o f  th e experimen t  i s 
t o determin e whic h feature s ar e significant . 

Each o f  thes e paper s studie s relationship s betwee n word s 
or  syntacti c structure s i n a  surfac e tex t  an d semanti c o r 
textua l  feature s whic h hav e bee n coded .  Althoug h ou r 
methodolog y i s similar ,  ou r  wor k i s differen t  becaus e w e ar e 
relatin g level s o f  goa l  structur e t o lower-leve l  goal s rathe r 
tha n directl y t o surfac e text .  Thu s ou r  wor k ca n b e use d t o 
buil d rule s a t  severa l  level s o f  a  hierarchica l  plannin g 
process . 

Conclusions 

We ar e currentl y buildin g a  dialogue-base d intelligen t 
tutorin g syste m whic h use s a  rule-base d globa l  planner .  T o 
bette r  understan d th e tutorin g strategie s use d b y huma n 
tutors ,  w e studie d transcript s o f  exper t  tutor s doin g th e sam e 
task .  W e annotate d thi s corpu s t o sho w th e tutoria l  goal s 
fro m whic h utterance s coul d b e derived .  W e use d th e C4. 5 
rul e inductio n algorith m t o deriv e rule s relatin g som e o f  ou r 
pla n operator s t o th e lower-leve l  operator s use d t o 
instantiat e them .  Usin g a  smal l  bu t  significan t  portio n o f  ou r 
corpus ,  w e obtaine d som e intuitivel y satisfyin g rule s a t 
severa l  level s o f  discourse .  Som e o f  thes e rule s ar e 
statisticall y significant ,  an d som e poin t  t o idea s fo r  futur e 
work .  I n on e cas e C4. 5 caugh t  a  generalizatio n whic h ou r 
human reader s ha d missed . 

We conducte d fou r  experiments .  Th e firs t  experimen t 
reveale d a  high-leve l  pla n fo r  a  whol e stag e o f  th e tutorin g 
session .  A  secon d relate d th e categor y o f  th e studen t  answe r 
t o a  subsequen t  chang e i n tutoria l  goals ,  providin g rule s fo r 
dynami c modificatio n o f  th e tutorin g agenda .  A  thir d 
experimen t  showe d tha t  explici t  acknowledgment s o f  th e 
student' s utterance s ma y no t  b e full y explainabl e b y th e 
tutoria l  goa l  structure .  A  fina l  experimen t  wa s jus t  abov e th e 
leve l  o f  tex t  realization ,  findin g relationship s betwee n 
studen t  error s an d th e decisio n t o expres s certai n tutorin g 
goal s a s t-inform s o r  t-elicits . 

Thi s wor k ha s show n tha t  rul e inductio n o n a  natural -
languag e corpu s ca n produc e plannin g rule s whic h ar e bot h 
usefu l  an d interesting .  I t  i s  a  ste p o n th e pat h towar d mor e 
objectiv e method s o f  corpu s analysi s fo r  tex t  generation .  W e 
pla n t o expan d ou r  analysi s t o cove r  mor e pla n operator s 

and mor e example s o f  eac h i n orde r  t o produc e th e mos t 

realisti c tex t  possibl e i n CiRCSlM-Tutor . 
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