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Abstract

E ducational research inform s us “one size does not fit a ll” (R eigeluth, 1996). It states 

that learners, reflecting individual traits, possess d ifferent learning characteristics, process 

and represent know ledge in different ways, prefer to use d ifferent type o f  resources and 

exhibit consistent observable patterns o f  behaviour (R iding & Rayner, 1998). Research 

also suggests that it is possible to diagnose a s tuden t’s learning traits and that some 

students learn m ore effectively w hen instruction is adapted  to the w ay they learn 

(R asm ussen, 1998).

W ithin the field o f  technology enhanced learning, adaptive educational system s offer 

an advanced form  o f  learning environm ent that attem pts to m eet the needs o f  different 

students (Brusilovsky, 2003). Such system s capture and represent, for each student, 

various characteristics such as know ledge and traits in an individual learner model. 

Subsequently , using the resulting  m odel it dynam ically  adapts the learning environm ent 

for each student in a m anner that attem pts to best support learning.

H ow ever, there are m any unresolved issues in bu ild ing  adaptive educational system s 

that adapt to individual traits. M ajor research questions still outstanding include: w hat is 

the appropriate educational theory w ith w hich to m odel individual traits, how  are the 

relevant learning characteristics identified and in w hat way should the learning 

environm ent change for users w ith d ifferent learning characteristics (B rusilovksy, 2001)? 

T his thesis describes how the adaptive intelligent educational system , ED U C E, addresses 

these challenges and dem onstrates how  dynam ic adaptive presentation  o f  content can 

im prove learning.

Firstly, ED U C E uses G ardner’s theory o f  M ultiple Intelligences (M I) as the basis for 

m odelling  learning characteristics and for developing different M ultiple Intelligence 

inform ed versions o f  the same instructional m aterial (G ardner, 1983). The theory o f  

M utliple Intelligences reflects an effort to rethink the theory o f  m easurable intelligence 

em bodied in intelligence testing and suggests that they are eight different intelligences 

that are used to solve problem s and fashion products.

The thesis also describes how  E D U C E ’s novel predictive engine dynam ically  

identifies the learner’s M ultiple Intelligence profile from  interaction w ith the system  and 

m akes pred ic tions on w hat M ultiple Intelligence inform ed resource the learner prefers. 

B ased on data com ing from  the learner’s interaction w ith  the system , the predictive 

engine uses a novel set o f  navigational and tem poral features that act as behavioural



indicators o f  the s tuden t’s learning characteristics. Em pirical studies conducted validated 

the perform ance o f  the predictive engine.

Em pirical studies were also conducted to explore how  the learning environm ent 

should change for users w ith different characteristics. In particular it explored: 1) the 

effect o f  using different adaptive presentation strategies in contrast to giving the learner 

com plete control over the learning environm ent and 2) the im pact on learning 

perform ance w hen m aterial is m atched and m ism atched w ith learning preferences. 

Results suggest that teaching strategies can im prove learning perform ance by prom oting  a 

broader range o f  thinking and encouraging students to  transcend habitual preferences. In 

particular, they suggest that students w ith low levels o f  learning activity  have m ost to 

benefit from adaptive presentation  strategies and that surprisingly learning gain increases 

w hen they are provided w ith resources not norm ally preferred.

In sum m ary, the m ain contributions o f  this research are;

•  The developm ent o f  an original fram ew ork for using M ultiple Intelligences to 

model learning characteristics and develop educational resources.

• A novel predictive engine that dynam ically determ ines a learner’s preference for 

different MI resources.

• Results from em pirical studies that support the effectiveness o f  adaptive 

presentation strategies for learners that display low  levels o f  learning activity.

VI



Related Publications

Kelly, D., Durnin, S., & Tangney, B. (2005a). 'First A id  fo r  Y o u G e t t in g  to know your Learning  
Style using Machine Learning. Paper presented at the Fifth IEEE International Conference on 
Advanced Learning Technologies, ICALT'05, Kaohsiung, Taiwan, 1-4.

Kelly, D., & Tangney, B. (2002). Incorporating Learning Characteristics into an Intelligent Tutor. 
Paper presented at the Sixth International Conference on Intelligent Tutoring Systems, ITS'02., 
Biarritz, France, 729-738.

Kelly, D., & Tangney, B. (2003a). A Framework fo r  using M ultiple Intelligences in an Intelligent 
Tutoring System. Paper presented at the World Conference on Educational Multimedia, 
Hypermedia & Telecommunications. EDM edia'03, Honolulu, USA, 2423-2430.

Kelly, D., & Tangney, B. (2003b). L earner’s responses to M ultiple Intelligence Differentiated  
Instructional M aterial in an Intelligent Tutoring System. Paper presented at the Eleventh 
International Conference on Artificial intelligence in Education, A IE D ’03, Sydney, Australia, 
446-448.

Kelly, D., & Tangney, B. (2004a). Empirical Evaluation o f  an Adaptive M ultiple Intelligence 
Based Tutoring System. Paper presented at the Third International Conference on Adaptive 
Hypermedia and Adaptive Web Based Systems, AH'04, Eindhoven, Netherlands, 308-311.

Kelly, D., & Tangney, B. (2004b). Evaluating Presentation Strategy and Choice in an Adaptive 
Multiple Intelligence Based Tutoring System. Paper presented at the In Individual Differences 
Workshop; Third International Conference on Adaptive HyperM edia and Adaptive Web Based 
Systems, AH'04, Eindhoven,Netherlands, 97-106.

K elly , D., & T an g n ey , B. (2004c). On Using M ultiple Intelligences in a Web-based Educational 
System. Paper presented at the Fifth Annual Educational Technology Users Conference, 
EdTech'04, Tralee, Ireland.

Kelly, D., & Tangney, B. (2004d). Predicting Learning Characteristics in a Multiple Intelligence 
based Tutoring System. Paper presented at the Seventh International Conference on Intelligent 
Tutoring Systems, ITS'04, Maceio, Brazil, 679-688.

Kelly, D., & Tangney, B. (2005a). Adapting to Intelligence Profile in an Adaptive Educational 
System. Journal Interacting With Computers, in press.

Kelly, D., & Tangney, B. (2005b). Do Learning Styles Matter?  Paper presented at the Sixth 
Annual Educational Technology Users Conference, EdTech'05, Dublin, Ireland.

Kelly, D., & Tangney, B. (2005c). M atching and M ism atching Learning Characteristics with 
Multiple Intelligence Based Content. Paper presented at the Twelveth International Conference 
on Artificial Intelligence in Education, AIED'05, Am sterdam , Netherlands, 354-361.

Kelly, D., W eibelzahl, S., O ’Loughlin, E., Pathak, P., Sanchez, I., & Gledhill, V. (2005b). e- 
Learning Research and Development Roadmap fo r  Ireland, e-Learning Research Agenda  
Forum, Sponsored by Science Foundation Ireland. Dublin.

Stynes, P., Kelly, D., & Durnin, S. (2004), D esigning a learner-centred educational environment 
to achieve learner potential. Paper presented at the Fifth Annual Educational Technology 
Users Conference, EdTech'04, Tralee, Ireland.



viii



Table of Contents

1 IN T R O D U C T IO N ...................................................................................................................1

1.1 M o t iv a t io n ...................................................................................................................... 1
1.2 A d a p t in g  t o  In d iv id u a l  D if f e r e n c e s ................................................................. 2
1.3 EDU CE A d a p t iv e  E d u c a t io n a l  Sy s t e m .............................................................5
1.4 R es ea r c h  Go a l s  a n d  C o n t r ib u t io n s ...................................................................7
1.5 St r u c t u r e  OF THE D is s e r t a t io n .............................................................................9

2 B A C K G R O U N D  A N D  R E L A T E D  W O R K .................................................................11

2.1 INTRODUCTION............................................................................................................... 11
2.2 L e a r n in g  T h e o r y  a n d  In d iv id u a l  D if f e r e n c e s ........................................... 12

2.2.1 Ind iv idua l D ifference Fram ew orks...................................................................13
2.2.2 A b ilit ie s  and In te lligence .................................................................................... 15
2.2.3 Learning S ty le .......................................................................................................20
2.2.4 Ind iv idua l Differences: S um m ary ....................................................................25

2.3 T e c h n o l o g y  En h a n c e d  L e a r n in g  En v ir o n m e n t s ...................................... 28
2.3.1 Overview  o f  Adaptive and In te lligent Systems............................................ 28
2.3.2 Adaptive Hyperm edia..........................................................................................31
2.3.3 Em pirica l Studies on Learning S ty le s .............................................................32
2.3.4 Adaptive Educational Systems......................................................................... 41
2.3.5 Technology Enhanced Learning: S um m ary..................................................51

2.4 C o n c l u s io n s ..................................................................................................................52
2.4.1 Ind iv idual Differences and Technology Enhanced L e a rn ing ....................52
2.4.2 M u ltip le  Intelligences and Learning S ty les ................................................... 53
2.4.3 In te lligent Techniques fo r Diagnosis and A dap ta tion .................................54
2.4.4 Research Challenges............................................................................................ 56

2.5 Su m m a r y ........................................................................................................................ 57

3 E D U C E ......................................................................................................................................58

3.1 In t r o d u c t io n ............................................................................................................... 58
3.2 O v e r a l l  A r c h it e c t u r e ........................................................................................... 58
3.3 M u l t ip l e  In t e l l ig e n c e s .......................................................................................... 60
3.4 M I A s s es sm en t : M ID A S ........................................................................................... 64
3.5 d o m a in  M o d e l .............................................................................................................66
3.6 St u d e n t  M o d e l ............................................................................................................73
3.7 Pr e s e n t a t io n  M o d u l e ..............................................................................................74
3.8 Pr e d ic t iv e  En g in e ...................................................................................................... 78
3.9 Pe d a g o g ic a l  M a n a g e r .............................................................................................79
3.10 T e c h n ic a l  I m p l e m e n t a t io n ............................................................................. 79
3.11 Su m m a r y ...................................................................................................................80

4 P R E D IC T IV E  E N G IN E ..................................................................................................... 81

4.1 I n t r o d u c t io n ............................................................................................................... 81
4.2 Pr e d ic t iv e  St a t is t ic a l  M o d e l s ...........................................................................81
4.3 N a iv e  B a y e s ..................................................................................................................83
4.4 En g in e  A r c h it e c t u r e ............................................................................................... 85
4.5 In p u t  M o d e l  a n d  R eso u rc e  C l a s s if ic a t io n ...................................................86
4.6 L e a r n in g  Sc h e m e ....................................................................................................... 87
4.7 Su m m a r y .........................................................................................................................90

IX



5 V A L ID A T IO N ............................................................................................................................. 91

5.1 INTRODUCTION.....................................................................................................................91
5.2 C o n t e n t  V a l id a t io n ...................................................................................................... 91

5.2.1 P rocedu re ..................................................................................................................... 92
5.2.2 R a tin g s.......................................................................................................................... 92
5.2.3 C o n c lu s io n s ................................................................................................................ 93

5.3 P r e d ic t iv e  E n g in e  V a l id a t io n ................................................................................. 94
5.3.1 Data C ollec tion .......................................................................................................... 95
5.3.2 E valuation .................................................................................................................... 96
5.3.3 C o n c lu sio n s.................................................................................................................98

5.4 S u m m a r y ...............................................................................................................................99

6 E X P E R IM E N T A L  D E S IG N ............................................................................................... 100

6.1 In t r o d u c t io n ...................................................................................................................100
6.2 E x p e r im e n t a l  D e s ig n ..................................................................................................100
6.3 Ex p e r im e n t a l  P r o c e d u r e ......................................................................................... 103
6.4 T r a c k in g  D a t a ............................................................................................................... 105

6.4.1 Participant B ackground .........................................................................................105
6.4.2 M IDAS MI P ro f ile ................................................................................................. 106
6.4.3 Relative G a in ............................................................................................................ 106
6.4.4 A ctivity Level and A ctivity G ro u p s ................................................................. 107
6.4.5 Categories o f  R eso u rces ....................................................................................... 108
6.4.6 Q ualitative F eed b ack ............................................................................................. 109

6.5 Pa r t ic ip a n t s ......................................................................................................................109
6.6 Su m m a r y ............................................................................................................................. 110

7 R E S U L T S ..................................................................................................................................... I l l

7.1 In t r o d u c t io n ................................................................................................................... i l l
7.2 Stu d y  A: a d a p t iv e  D y n a m ic  v er su s  L ea r n er  Co n t r o l ...........................112

7.2.1 Influence o f D ifferent T utorials.......................................................................... 113
7.2.2 Choice and presentation s tra tegy ....................................................................... 114
7.2.3 Learning activ ity ...................................................................................................... 116
7.2.4 T im e-on-T ask ........................................................................................................... 121
7.2.5 Students w ith M edium  A ctivity L ev e ls ........................................................... 122
7.2.6 MI Profile and P erfo rm ance................................................................................ 127
7.2.7 MI Profile: M IDAS vs. B eh av io u r....................................................................128
7.2.8 Resources U s e d ........................................................................................................130
7.2.9 Q ualitative F eed b ack ..............................................................................................136
7.2.10 Sum m ary.....................................................................................................................139

7.3 St u d y  B: A d a ptiv e  C o n t r o l .....................................................................................143
7.3.1 Choice and presentation s tra tegy ........................................................................144
7.3.2 Learning activ ity ...................................................................................................... 146
7.3.3 T im e-on-T ask ........................................................................................................... 150
7.3.4 Students w ith Low A ctivity L e v e ls ...................................................................152
7.3.5 MI P ro f ile ...................................................................................................................157
7.3.6 Resources U s e d ........................................................................................................158
7.3.7 Q ualitative F eed b ack ..............................................................................................161
7.3.8 Sum m ary..................................................................................................................... 164

7.4 D is c u s s io n ......................................................................................................................... 166

8 C O N C L U S IO N S ........................................................................................................................170

8.1 In t r o d u c t io n ....................................................................................................................170



8.2 S u m m a r y  o f  R esea r c h  F in d in g s .......................................................................... 170
8.2.1 M ultiple In te lligences............................................................................................171
8.2.2 D ynam ic D ia g n o s is ............................................................................................... 172
8.2.3 Pedagogical S tra teg ies..........................................................................................174

8.3 L im it a t io n s  OF WORK.................................................................................................. 175
8.4 DIRECTIONS FOR FUTURE RESEARCH....................................................................... 178

8.4.1 M ultiple In telligences............................................................................................178
8.4.2 Dynam ic D ia g n o s is ............................................................................................... 179
8.4.3 Pedagogical S tra teg ies..........................................................................................180

8.5 CONCLUSIONS....................................................................................................................182

A P P E N D IX ........................................................................................................................................ 184

A. N a iv e  B a y es  Al g o r it h m .................................................................................................. 185
B. Q u e s t io n n a ir e s ....................................................................................................................187

B .l P re -an d  P o st-T ests .........................................................................................................187
B.2 Reflection during tu toria l..............................................................................................193
B.3 Reflection after tu to ria l................................................................................................. 194
B.4 M IDAS Q uestionnaire ...................................................................................................196

C. E d u c e  Im p l e m e n t a t io n ................................................................................................... 201
C .l Dom ain K now ledge R epresen tation ........................................................................ 201
C.2 Presentation M o d e l........................................................................................................ 204
C.3 Pedagogical M o d e l........................................................................................................ 206
C.4 Predictive E ng ine............................................................................................................208

D. PREDICTIVE ENGINE -  SAMPLE OUTPUT.......................................................................210

B IB L IO G R A P H Y ...........................................................................................................................212



List of Figures

F ig u r e  1-1: E D U C E A r c h it e c t u r e ...............................................................................................7
F ig u r e  2-1: T he  t a x o n o m y  of A d a p t iv e  H y p e r m e d ia  T e c h n o l o g ie s , (a d a p t e d

FROM B r u s il o v s k y , 2001)......................................................................................................34
F ig u r e  3-1: E D U C E A r c h it e c t u r e ............................................................................................ 58
F ig u r e  3-2: pedagogical taxo n o m y  for developing m i  m a t e r ia l ...................................... 68
F ig u r e  3-3: V e r b a l /L in g u is t ic  In t e l l ig e n c e ....................................................................... 72
F ig u r e  3-4: V e r b a l /L in g u is t ic  In t e l l ig e n c e ....................................................................... 72
F ig u r e  3-5: L o g ic a l /M a t h e m a t ic a l  In t e l l ig e n c e ............................................................72
F ig u r e  3-6: L o g ic a l /M a t h e m a t ic a l  In t e l l ig e n c e ............................................................72
F ig u r e  3-7: V is u a l /S p a t ia l  I n t e l l ig e n c e .............................................................................. 72
F ig u r e  3-8: V is u a l /S p a t ia l  In t e l l ig e n c e .............................................................................. 72
F ig u r e  3-9: M u s ic a l /R h y t h m ic  In t e l l ig e n c e ...................................................................... 73
F ig u r e  3-10: M u s ic a l /R h y t h m ic  In t e l l ig e n c e ....................................................................73
F ig u r e  3-11: Ev e n ts  in  Pr e s e n ta t io n  M o d u l e ..................................................................... 75
F ig u r e  3-12: t h e  A w a k e n  s tag e  of “ O pposites A t t r a c t ” ...............................................76
F ig u r e  3-13: T h e  d if f e r e n t  stag es  in t h e  p r e d ic t iv e  e n g in e  a n d  t h e ir

im p l e m e n t a t io n  w it h in  e d u c e ........................................................................................78
F ig u r e  4-1: Phases  o f th e  E D U C E ’ s p r e d ic t iv e  e n g in e ................................................... 86
F ig u r e  4-2: A l g o r it h m  d e s c r ib in g  h o w  in s t a n c e s  a r e  c r e a t e d  a n d  p r e d ic tio n s

MADE..............................................................................................................................................88
F ig u r e  5-1 :T h e  c l a s s if ic a t io n  a c c u r a c y  of pr e d ic te d  pr eferr ed  r e so u r c e  97
F ig u r e  6-1 Sy s t e m a t ic  v a r y in g  seq u en ce  of c o n d it io n s  for  4 gro ups  of

STUDENTS IN THE ADAPTIVE DYNAMIC GROU?................................................................... 105
FIGURE 6-2: M ID A S  QUESTIONS ONLINE................................................................................... 106
F ig u r e  6-3: Sa m p l e  q u es tio n  from  pre-t e s t .......................................................................107
F ig u r e  6-4: A  c h o ic e  of fo ur  d if f e r e n t  M I reso urces  d u r in g  a  l e a r n in g  u n it

 108
F ig u r e  7-1: Pr e s e n t a t io n  St r a t e g y  a n d  R e l a t iv e  G a in : A d a p t iv e  D y n a m ic

G r o u p ..........................................................................................................................................117
F ig u r e  7-2: a c t iv it y  G roups  a n d  Po st-te st  Sco r es : A d a p t iv e  D y n a m ic  G roup

 118
F ig u r e  7-3: R e l a t iv e  g a in  for  d if fe r e n t  g roups in  l e a s t / m o s t  preferred

CONDITIONS................................................................................................................................120
F ig u r e  7-4 a c t iv it y  a n d  le a s t / m o s t  p r e s e n t a tio n  s t r a t e g y  for d if f e r e n t

ACTIVITY g r o u p s ..................................................................................................................... 120
F ig u r e  7-5: H ig h e s t  r a n k in g  in t e l l ig e n c e  for s t u d e n t s .............................................127
Figure 7-6: Useof VL Resources by M l groups.......................................................................... 130
Figure 7-7: Useof LM Resources by MI groups.........................................................................130
Figure 7-8: Use of VS Resources by M l groups.......................................................................... 130
Figure 7-9: Useof MR Resources by M l groups.........................................................................130
F ig u r e  7-10: Pl o t  of r e l a t iv e  Ga in  for le a s t / m o s t  p r e s e n t a t io n  s t r a t e g y  ... 146
F ig u r e  7 -11: a c t iv it y  G roups  a n d  p o s t -test  Sc o r e s .....................................................148
F ig u r e  7-12: r e l a t iv e  g a in  for d if f e r e n t  g roups in  l e a s t / m o s t  preferred

c o n d it io n s ................................................................................................................................149
F ig u r e  7-13: a c t iv it y  a n d  l e a s t / m o s t  pr e s e n ta tio n  s t r a t e g y  for  d if f e r e n t

a c t iv it y  GROUPS..................................................................................................................... 150
F ig u r e  7-14: T o t a l  t im e  spen t  o n  M I resources  fo r  c h o ic e  a n d  p r e s e n t a t io n

STRATEGY....................................................................................................................................152
F ig u r e  7-15: H ig h est  r a n k in g  in t e l l ig e n c e  for s t u d e n t s .......................................... 157

xii



List of Tables
T a b l e  2 -1 :  COGNITIVE S t y l e s  ( A d a p t e d  f r o m  R i d i n g  &  R a y n e r , 1 9 9 8 ) .........................2 6
T a b l e  2-2 :  L e a r n i n g  S t y l e s  ( A d a p t e d  f r o m  R i d i n g  &  R a y n e r , 1 9 9 8 ) .......................... 2 7
T a b l e  2-3 :  C h a r a c t e r i s t i c s  a n d  l e a r n i n g  p a t t e r n s  o f  f i e l d -d e p e n d e n t  a n d

f i e l d - i n d e p e n d e n t  i n d i v i d u a l s  ( a d a p t e d  f r o m  C h e n  &  M a c r e d i e , 2 0 0 2 )  38
T a b l e  2 -4 :  A d a p t i v e  S y s t e m s  w i t h  D i a g n o s i s  b a s e d  o n  S e l f - R e p o r t ..........................4 6
T a b l e  2 -5 :  A d a p t i v e  S y s t e m s  w i t h  D i a g n o s i s  b a s e d  o n  O b s e r v a b l e  B e h a v i o u r

...................................................................................................................................................................................... 4 9
T a b l e  3 -1 :  S a m p l e  Q u e s t i o n s  f r o m  t h e  M I D A S ..............................................................................6 6
T a b l e  3-2: I m p l e m e n t a t i o n  t e c h n i q u e s  f o r  d e v e l o p i n g  M I  c o n t e n t .......................... 70
T a b l e  3 -3 :  S y m b o l s  f o r  M I  R e s o u r c e s ...................................................................................................7 6
T a b l e  4 -1 :  E x a m p l e  i n s t a n c e s  a f t e r  i n t e r a c t i o n  w i t h  o n e  l e a r n i n g  u n i t  88
T a b l e  4 -2 :  T h e  i n s t a n c e  c l a s s i f i e d  a g a i n s t  e a c h  r e s o u r c e ............................................... 89
T a b l e  5-1 :Sa m p l e  R a t i n g s  f o r  t h e  V L  o p t i o n .................................................................................. 92
T a b l e  5 - 2 : R a t i n g s  o f  E x p e r t  1 f o r  M I  C o n t e n t ............................................................................ 93
T a b l e  5 -3:  R a t i n g s  o f  E x p e r t  2 f o r  M I  C o n t e n t ............................................................................ 9 4
T a b l e  5 -4:  A v e r a g e  R a t i n g s  f o r  t h e  d o m i n a n t  i n t e l l i g e n c e ............................................ 9 4
T a b l e  5 -5:  B r e a k d o w n  o f  r e s o u r c e s  u s e d ......................................................................................... 98
T a b l e  6 -1:  V a r i a b l e s  u s e d  a n d  t h e i r  v a l u e s ................................................................................. 103
T a b l e  6 -2:  D i f f e r e n t  s e s s i o n s  in t h e  e x p e r i m e n t ....................................................................... 104
T a b l e  6 -3:  P r o f i l e  o f  r e s o u r c e s  u s e d  in  a  s e s s i o n .....................................................................108
T a b l e  7-1: S u m m a r y  o f  a n a l y s i s  f o r  St u d y  1 ................................................................................112
T a b l e  7 -2  P o s t - T e s t  f o r  f r e e  a n d  a d a p t i v e  ( l e a s t / m o s t ) p r e s e n t a t i o n

s t r a t e g i e s ........................................................................................................................................................ 115
T a b l e  7-3: R e l a t i v e  G a i n  f o r  f r e e  a n d  a d a p t i v e  (l e a s t / m o s t ) p r e s e n t a t i o n

s t r a t e g i e s ........................................................................................................................................................ 115
T a b l e  7-4:  a c t i v i t y  G r o u p s ...........................................................................................................................117
T a b l e  7-5:  R e l a t i v e  g a i n  f o r  d i f f e r e n t  a c t i v i t y  g r o u p s ....................................................119
T a b l e  7-6:  A v e r a g e  u s e  o f  r e s o u r c e s  in  t h e  d i f f e r e n t  M I  C a t e g o r i e s .................. 122
T a b l e  7 -7 :  U s e  o f  M I  r e s o u r c e  c a t e g o r i e s  f o r  S t u d e n t  A ................................................. 124
T a b l e  7 -8  U s e  o f  M I  r e s o u r c e  c a t e g o r i e s  f o r  S t u d e n t  B .................................................. 125
T a b l e  7 -9  U s e  o f  M I  r e s o u r c e  c a t e g o r i e s  f o r  S t u d e n t  C ...................................................125
T a b l e  7 -1 0  U s e  o f  M I  r e s o u r c e  c a t e g o r i e s  f o r  S t u d e n t  D ................................................126
T a b l e  7 -11 :  A v e r a g e  p o s t - t e s t  s c o r e  a n d  r e l a t i v e  g a i n  f o r  e a c h  i n t e l l i g e n c e

GROUP.....................................................................................................................................................................128
T a b l e  7 -12 :  U s e  o f  D i f f e r e n c e  R e s o u r c e s  b y  d i f f e r e n t  M I  g r o u p s ............................ 129
T a b l e  7 -13 :  R e s o u r c e s  u s e d  b y  s t u d e n t s  in  t h e  F r e e  g r o u p .............................................131
T a b l e  7 -14 :  M e a n s  a n d  s t a n d a r d  d e v i a t i o n s  f o r  i n d e p e n d e n t  (V L ,  L M ,  V S

t r a n s f o r m e d ) a n d  d e p e n d e n t  v a r i a b l e s ................................................................................132
T a b l e  7 -15 :  C o r r e l a t i o n s  b e t w e e n  i n d e p e n d e n t  a n d  d e p e n d e n t  v a r i a b l e s .... 132  
T a b l e  7 -16 :  S t a n d a r d  m u l t i p l e  r e g r e s s i o n  o n  U s e  o f  r e s o u r c e s  o n  P o s t - T e s t

s c o r e s ................................................................................................................................................................... 133
T a b l e  7 -17 :  C o r r e l a t i o n s  f o r  l e a s t  a n d  m o s t  p r e f e r r e d  s t r a t e g i e s ..................... 135
T a b l e  7 -18 :  F e e d b a c k  t o  q u e s t i o n s  d u r i n g  t u t o r i a l : W h a t  d o  y o u  p r e f e r  a n d

r e m e m b e r ? ........................................................................................................................................................ 138
T a b l e  7 -19 :  F e e d b a c k  t o  q u e s t i o n s  d u r i n g  t u t o r i a l : W h a t  d o  y o u  p r e f e r  a n d

r e m e m b e r ? ........................................................................................................................................................ 139
T a b l e  7 -20 :  S u m m a r y  o f  a n a l y s i s  f o r  S t u d y  B ............................................................................144
T a b l e  7 -2 1 :  P o s t - t e s t  f o r  l e a s t / m o s t  p r e s e n t a t i o n  st r a t e g y ....................................... 145
T a b l e  7 -2 2  R e l a t i v e  G a i n  f o r  l e a s t / m o s t  p r e s e n t a t i o n  s t r a t e g y ............................145
T a b l e  7 -23 :  A c t i v i t y  G r o u p s ........................................................................................................................ 147
T a b l e  7 -24 :  R e l a t i v e  g a i n  f o r  d i f f e r e n t  a c t i v i t y  g r o u p s ................................................. 149



T a b l e  7 -2 5 : T o t a l  t i m e  s p e n t  o n  M l r e s o u r c e s ............................................................................151
T a b l e  7 -2 6 : A v e r a g e  u s e  o f  r e s o u r c e s  i n  t h e  d i f f e r e n t  M I C a t e g o r i e s ............... 153
T a b l e  7 -2 7 : U s e  o f  M I r e s o u r c e  c a t e g o r i e s  f o r  S t u d e n t  A .............................................. 154
T a b l e  7 -2 8 : U s e  o f  M I r e s o u r c e  c a t e g o r i e s  f o r  S t u d e n t  B .............................................. 154
T a b l e  7 -2 9 ; U s e  o f  M I r e s o u r c e  c a t e g o r i e s  f o r  S t u d e n t  C .............................................. 155
T a b l e  7 -3 0 : U s e  o f  M I r e s o u r c e  c a t e g o r ie s  f o r  S t u d e n t  D .............................................. 156
T a b l e  7 -3 1 : A v e r a g e  p o s t -t e s t  s c o r e  a n d  r e l a t iv e  g a in  f o r  e a c h  in t e l l i g e n c e  

g r o u p .....................................................................................................................................................................158
T a b l e  7-32: AVERAGE POST-TEST SCORE AND RELATIVE GAIN IN THE SINGLE CHOICE

GROUP (MOST PREFERRED)........................................................................................................................ 159
T a b l e  7 -3 3 : C o r r e l a t io n s  f o r  l e a s t  a n d  m o s t  p r e f e r r e d  s t r a t e g i e s ..................... 160
T a b l e  7 -3 4 : F e e d b a c k  t o  q u e s t i o n s  d u r in g  t u t o r i a l : W h a t  d o  y o u  p r e f e r  a n d

r e m e m b e r ? ........................................................................................................................................................ 162
T a b l e  7 -3 5 : F e e d b a c k  t o  q u e s t i o n s  d u r in g  t u t o r i a l : W h a t  d o  y o u  p r e f e r  a n d

r e m e m b e r ? ........................................................................................................................................................ 163
T a b l e  7 -3 6 : C o m p a r i s o n  o f  r e s u l t s  f o r  S t u d y  A  a n d  S t u d y  B ....................................... 169



1 Introduction

1.1 Motivation

Educational research inform s us “one size does not fit all” (R eigeluth, 1996). It 

inform s us that the learning characteristics o f  students differ (H oney & M um ford, 1986). 

It suggests that students, reflecting  their individual traits, process and represent 

know ledge in different ways, prefer to use d ifferent type o f  resources and exhibit 

consistent observable patterns o f  behaviour (R iding & Rayner, 1998). Research also 

suggests that it is possible to diagnose a studen t’s learning traits and that som e students 

learn m ore effectively when instruction is adapted to the way they learn (Rasm ussen, 

1998),

W ithin the field o f  technology enhanced learning, adaptive educational system s offer 

an advanced form  o f  learning environm ent that attem pts to m eet the needs o f  different 

students (B rusilovsky & Peylo, 2003). Such system s, for each student, capture and 

represent various user characteristics such as know ledge, background  and traits in an 

individual learner model. Subsequently, using the resulting  m odel it dynam ically  adapts 

the learning environm ent for each student in a m anner that best supports learning. Typical 

strategies that could be used to adapt the environm ent include adapting the presentation  o f 

content in o rder to hide inform ation not relevant to the u se r’s know ledge and providing 

navigation support using annotated links that suggest the m ost relevant path to follow  (de 

Bra, 2002).

Several adaptive educational system s that adapt to d ifferent traits have been developed 

(Specht & O ppperm ann, 1998; G ilbert & Han, 1999; S tem  & W oolf, 2000; 

Panpankilolaou et al, 2003). How ever, build ing adaptive educational system s that adapt 

to individual traits is not easy. M ajor research questions still outstanding include: w hat is 

the relevant educational theory w ith w hich to m odel individual traits, how  are the relevant 

learning characteristics identified and in w hat way should  the learning environm ent 

change for users w ith different learning characteristics? (B rusilovsky, 2001)
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This thesis describes how  the adaptive intelligent educational system , ED UC E, 

addresses these challenges. Firstly, it describes how  ED U C E uses G ardner’s theory o f  

M ultiple In telligences (M I) as the basis for m odelling learning characteristics and for 

designing instructional m aterial (Gardner, 1983). Secondly, it describes how  E D U C E ’s 

novel p redictive engine dynam ically  identifies the learner’s M ultiple Intelligence profile 

from  interaction w ith the system  and m akes predictions on w hat M ultiple Intelligence 

inform ed resource the learner prefers. Lastly, it describes em pirical studies conducted 

w ith ED U C E, that explore how  the learning environm ent, and in particular the 

presentation o f  content, should change for users w ith different characteristics.

1.2 Adapting to Individual Differences

Individual differences betw een learners have been found to predict perform ance and 

thus, adaptive educational system s attem pt to im prove perform ance by adapting to these 

differences. Educationalists intere.sted in the relationship o f  perform ance to individual 

differences have typically sought answ ers using the trait concepts o f  intellectual ability 

and learning styles. T raits are the psychological constructs that describe how  individuals 

generally  behave over the long term  and have been found to be indicators o f  learning 

perform ance (C ooper, 2002).

Learning style, w ith its roots in the psychoanalytic com m unity, can be defined as the 

habitual m anner in w hich a person approaches or responds to learning tasks that is 

consistent over long periods o f  tim e and across m any areas o f  activity  (R iding & Rayner, 

1998). It describes how  learners process and represent know ledge, how  they behave when 

dealing w ith the dem ands o f  specific learning situations and how  they interact w ith 

different educational m aterial. The concept o f  learning styles is o f  interest as some 

researchers report that they can be used to predict perform ance in w ays that go beyond 

intelligences (M arton & Booth, 1997; Sternberg & G rigorenko, 1995).

Intellectual abilities have been also found to be predictors o f  perform ance w ith 

students dem onstrating m easurable differences in intelligence and ability levels (N eisser 

et al, 1995). G ardner’s theory o f  M ultiple Intelligences, w ith  its root in cognitive science, 

reflects an effort to rethink the theory o f  m easurable in tellectual ability em bodied in 

intelligence testing (G ardner, 1983, 1993, 2000). G ardner defines intelligence as the 

“biopsychological potential to process inform ation that can be activated in a cultural 

setting to solve problem s or create products that are o f  value in a culture” . The M ultiple 

Intelligence theory suggests that there are eight d ifferent w ays to  dem onstrate this

2



intelligence w ith each having its own unique characteristics, tools, and processes that 

represent a d ifferent w ay o f  thinking, solving problem s, and learning. The eight 

intelligences include the logical/m athem atical, linguistic/verbal, visual/spatial, 

bodily /k inesthetic, m usical/rhythm ic, interpersonal, intrapersonal and naturalist 

intelligence. There is current debate about the existence o f  a nin th  intelligence, the 

existential or spiritual intelligence, but G ardner has not form ally included it in his m odel 

yet (Gardner, 2000). Furtherm ore, G ardner (1983) suggests that everybody possesses the 

d ifferent types o f  intelligences to different degrees and that they operate together in an 

orchestrated way. He suggests that even though different in telligences do tend to be 

stronger in som e people, everybody has the capacity  to activate all the intelligences and in 

different situations d istinct intelligences or a com bination o f  in telligences m ay be used.

C om paring the constructs o f  styles to abilities or intelligences, abilities refer to things 

one can do such as to execute skills or strategies, w hereas styles refer to preferences in 

the use o f  abilities (M essick, 1996). In other w ords, abilities are concerned w ith  how 

m uch and styles with how. H ence, high am ounts o f  ability are alw ays preferable to low 

am ounts, w hereas each pole o f  a style dim ension indicates d ifferent characteristics. 

M oreover, an ability is usually lim ited to a particular dom ain o f  content such as verbal or 

m usical w hereas style cuts across dom ains o f  ability. For exam ple, learners w ith the 

w holist cognitive style tend to organise inform ation g lobally  and prefer to have an 

overview  picture first before delving dow n into the details (R id ing  & Rayner, 1998). 

Regardless, i f  the content is verbal or m usical, the w holist learner will use the sam e style 

and prefer to have an overview  first.

Several adaptive educational system s that adapt to individual traits have been 

developed (Papanikolaou et al., 2004). Such system s attem pt to build  a learner m odel that 

represents the studen t’s learning characteristics by getting feedback from questionnaires, 

analysing navigation  paths, assessing answ ers to questions, allow ing the user to update 

their own student m odel and supporting the student in m aking specific adaptations such 

as sorting links. Subsequently, the resulting m odel is used as the basis for adapting the 

learning environm ent in different ways. For exam ple, the system  m ay m odify the 

presentation o f  content to m atch the studen t’s preferred cognitive approach or by 

annotating the links o f  the current page to m ake it easier to choose w here to go next (de 

Bra, 1998),

A daptive educational system s that support individual traits can be classified according 

to how  they diagnose learning traits and by the w ay in w hich they adapt the environm ent.
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When diagnosing traits, some systems use self-report measures where the students 

complete specially designed psychological tests (Papanikolaou et al, 2003) while others 

observe the learning behaviour and use inference techniques to detect patterns (Gilbert & 

Han, 1998a). To adapt the learning environment, some systems change the content o f 

instruction and sequencing o f material (Carver et al., 1999) while others change the 

navigation support to help the learner move about in the knowledge domain (Triantafillou 

et al., 2004). However, despite the variety o f systems developed, it is still unclear on how 

to best diagnose learning characteristics and change the environment for different 

learners.

The development o f intelligent techniques for diagnosis and adaptation is one 

promising approach that can address the issues of how to diagnose learning traits and how 

to adapt the learning environment. These techniques are based on observing the learner’s 

behaviour, inferring learning preferences from those observations and subsequently, 

dynamically customising the learning environment (Jameson, 2003). For example, a 

system may contain fragments of different media types representing the same content, 

and by analysing the characteristics o f previous resources that have been selected 

calculate the probability o f one resource being wanted over other resources (Stem & 

Wolf, 2000).

As differences in style and intelligences have been well documented, it would seem 

logical that different styles o f teaching would have different impacts on individual 

learners. However this has been difficult to demonstrate conclusively. Research is divided 

on the application o f research in learning traits to the development and design of 

technology enhanced learning environments. On the one hand, some studies show that 

learning improves and the quality o f material is enhanced when individual differences are 

taken into account (Rasmussen, 1998; Riding & Grimley, 1999; Graf, 2003b). In contrast, 

other studies have reported no differences in learning outcomes for learners o f  different 

style (Ford & Chen, 2000, Shih & Gamon, 2002). One reason for these conflicting results 

is that it is difficult in practice to match learning characteristics with instructional 

environments and it is not clear how the matching should take place. The research 

challenge in developing such environments is to identify the salient individual differences 

that affect learning and put interventions in place to give all learners the opportunity to 

fulfil their potential. One promising approach that can address this challenge is the 

development o f adaptive educational systems and in particular, the development o f 

intelligent techniques for diagnosis and adaptation.
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1.3 EDUCE Adaptive Educational System

D espite the insight provided by research into individual trait d ifferences, the 

educational prom ise o f  developing adaptive educational system s that accom m odate such 

differences is only sporadically  realised  in practice (B rusilovsky, 2001). B uilding such 

system s is not easy and outstanding research issues include: w hat is the appropriate 

educational theory w ith w hich to m odel individual traits, how  is it possible to diagnose 

relevant learning characteristics and w hat is the best w ay to adapt the learning 

environm ent for d ifferent learners? (B rusilovsky, 2001; Papanikolaou & G rigoriadou, 

2004)

EDUCE is an adaptive educational system  that attem pts to  address these challenges by 

using the M ultiple Intelligence theory as its pedagogical fram ew ork and by using a 

predictive engine to dynam ically  d iagnose learning characteristics. The w ord “educe” 

originates from  the Latin “educere” m eaning to “lead out, b ring  out or develop from 

latent or potential existence” . Through the provision o f  a variety o f  instructional 

strategies, ED U C E aim s to m otivate and engage the learner in spontaneous, creative and 

ingenious w ays in order to draw  out the latent know ledge. The theory o f  M ultiple 

Intelligence supports the m otivation behind ED UC E, in that intelligence is not a fixed 

static entity, but som ething that resides inside a person, and can be enhanced significantly  

through education and aw areness.

In the past 20 years since the theory o f  M ultiple Intelligences was introduced, it has 

been found to be a useful construct in m any settings such as education and training, 

career guidance and developm ent, counselling and personal developm ent (M antzaris, 

1999). In particular, research has suggested that the im pact o f  the M ultiple Intelligence in 

the classroom  has been significant (Cam pbell & C am pbell, 2000). O ne reason for this is 

that the d ifferent intelligences are not abstract concepts, but are easily  recognizable 

through experience. Intuitively, it is possible to understand the differences betw een 

m usical and linguistic, o r spatial and m athem atical intelligences. As a consequence, it 

offers a rich structure and language in w hich to develop content and m odel the student. 

C urrently , the application o f  M ultiple Intelligence to adaptive educational system s is still 

very lim ited and in the early  stages o f  research (D ara-A bram s, 2002). This is som ew hat 

surprising  given that G ardner predicted  back in 1983 that “the potential utility o f  

com puters in the process o f  m atching individuals to m odes o f  instruction is substantial” 

and that “ the com puter can be vital facilitator in the actual p rocess o f  instruction” (p391). 

F or these reasons, and the fact that the research on learning styles is inconclusive.
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ED U CE uses the M ultiple Intelligence theory w ith w hich to  m odel individual traits and to 

provide the basis for developing different versions o f  content.

In order to diagnose learning characteristics and provide the basis for adapting the 

environm ent, ED U C E uses a novel predictive engine. The predictive engine dynam ically  

identifies the learner’s M ultiple Intelligence profile from in teraction w ith the system  and 

m akes predictions on w hat M ultiple Intelligence inform ed resource the learner prefers. 

B ased on data com ing from  the learner’s interaction w ith  the system , the predictive 

engine uses a novel set o f  navigational and tem poral features that act as behavioural 

indicators o f  the studen t’s learning characteristics. These features describe how  different 

M ultip le Intelligence resources are used by identifying w hich resource was selected first 

and how  m any tim es each category o f  resource w as used. The predictive engine, w ith 

these features as input and the N aive Bayes algorithm  (Duda & Hart, 1973) as its 

inference engine, dynam ically  detects patterns in the learning behaviour and determ ines 

the learner’s preferences.

Figure 1-1 illustrates the overall architecture o f  ED UCE (K elly  & Tangney, 2004d). 

T he typical adaptive educational system s contain student, dom ain, pedagogical and 

presentation  m odels (W enger, 1987). In order to adapt to individual learning traits, two 

special features are incorporated into EDUCE: a novel predictive engine and the use o f  

the M ultiple Intelligence theory to develop content and m odel the student. The different 

com ponents have the follow ing functions:

• The dom ain model is a representation o f  the m aterial to  be learnt. It includes 

principles, facts, lessons and problem s. In ED U C E, the principles o f  M ultiple 

Intelligences are used to develop different versions o f  the sam e content.

•  The student m odel represents the studen t’s know ledge o f  the dom ain, the 

background o f  the user and learning behaviour o f  the student. In ED U C E, the 

student m odel also includes the M ultiple Intelligence profile. For each student two 

M ultiple Intelligence profiles are represented: a static and dynam ic profile. The 

static p rofile is generated from  a M ultiple Intelligence inventory com pleted  by  the 

student before using the system . The dynam ic profile is constructed online by 

observing the studen t’s behaviour and navigation.

• The presentation m odel handles the flow  o f  inform ation and m onitors the 

interactions betw een the user and the system.
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•  The pedagogical m odel uses adaptive presentation and navigation techniques to 

determ ine w hat next to present to the student in term s o f  content and style using 

different pedagogical strategies.

•  The predictive engine, using the N aive Bayes algorithm  and the dynam ic student 

profile, determ ines the learner’s preference for different M ultiple Intelligence 

resources during a tutorial and can be used to inform  the pedagogical strategy.

student
Model

Domain
Model Ml Theory

Pedagogical
Model Predictive

Engine

Presentation
Model

Figure 1-1; ED U CE A rchitecture

1.4 Research Goals and Contributions

As m entioned above, the research goal o f  this thesis w as to  develop an adaptive 

educational system , ED UC E, that supports individual learning traits, that dynam ically  

determ ines the learner’s profile from  interaction w ith the system , and to em pirically  

evaluate the effect o f  d ifferent adaptive presentation strategies. To achieve this research 

goal, three m ain critical research questions w ere identified.

1. W hat learning theory can effectively categorise and m odel individual trait 

differences in learning?

This was addressed by developing an original fram ew ork for using M ultiple 

Intelligences in an adaptive educational system . The M ultiple Intelligence theory  was 

used to m odel learning characteristics and to provide a range o f  m atching educational 

resources.

2. How is it possible to identify learning characteristics from  observations o f  the 

learn er’s behaviour?
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This was addressed by developing, using the Naive Bayes algorithm, a novel 

predictive engine. The predictive engine dynamically identifies and constructs the 

learner’s Multiple Intelligence profile and makes predictions on what resource the 

learner prefers. The predictive engine also uses a novel set o f navigational and 

temporal features that act as behavioural indicators o f the student’s learning 

characteristics. The performance o f the predictive engine was validated with empirical 

studies.

3. How should the learning environm ent change for users w ith different 

learning characteristics?

This was addressed by using different pedagogical and adaptive presentation 

strategies. Primarily, these strategies involved selecting a Multiple Intelligence 

resource from a range o f available resources and by enabling/disabling navigation 

links. In particular, empirical studies were conducted to explore:

(a) The effect o f using different adaptive presentation strategies in contrast to giving 

the learner complete control over the learning environment and

(b) The impact on learning performance when material is matched and mismatched 

with the student’s learning preferences.

In achieving the research goal, the main contributions o f  this research can be 

summarised as:

• The development o f an original framework for using Multiple Intelligences to 

model learning characteristics and develop educational resources in an adaptive 

educational system.

• A novel predictive engine that dynamically determines a learner’s preference for 

different MI resources in an online learning environment.

• Results from empirical studies that support the effectiveness o f  adaptive 

presentation strategies for learners with low levels o f learning activity.

The research in this thesis may be significant for researchers and practitioners. For 

researchers, it demonstrates that adaptive presentation strategies are important for learners 

who are not inclined to explore different learning options. For practitioners, it 

demonstrates how teaching in different ways can affect learning.



1.5 Structure of the Dissertation

In the construction o f  an adaptive educational system  such as ED U C E som e key issues 

need to be addressed. First, there is the need to develop a m odel for using M ultiple 

In telligences and to develop content that reflects the principles o f  M ultiple Intelligences. 

Second, there is the need to develop adaptive technologies that intelligently  m odel the 

student and allow  for flexible delivery in presentation. F inally, there is the need to 

analyse using experim ental studies the effect on learning perform ance w hen using 

different adaptive presentation  strategies. The follow ing chapters describe in detail each 

o f  these different stages:

C hapter 2 provides the literature review  on individual trait d ifferences and adaptive 

educational system s. It also presents a critique o f  existing research in order to support the 

architecture, design and im plem entation o f  EDUCE.

C hapter 3 describes the principles, architecture, design and im plem entation o f  

ED UC E. It outlines the model for incorporating M ultiple Intelligence theory into its 

design (K elly & Tangney, 2002). It also outlines the pedagogical taxonom y for 

developing content that reflects the principles o f  M ultiple Intelligence (K elly  &  Tangney, 

2003a).

C hapter 4 describes the intelligent predictive engine w ithin ED UCE that dynam ically 

determ ines a learner’s M ultiple Intelligence profile and predicts the resources they prefer 

to use (Kelly & Tangney, 2004d). It describes the novel set o f  navigational and tem poral 

features that act as behavioural indicators o f  the studen t’s learning characteristics. It also 

describes how the inference engine, using the N aive Bayes algorithm , operates online 

w ith no prior inform ation and dynam ically  detects patterns in the learning behaviour.

Chapters 5 describes the experim ental studies that w ere carried  out to validate the 

design and construction o f  EDUCE. It describes the validation  process to ensure the 

content created reflected the princip les o f  MI. It also describes the experim ental study 

that com pares the perform ance o f  the predictive engine w ith  the actual behaviour o f  

students using the learning resources w ithout any guidance from  ED UCE (K elly & 

Tangney, 2003b; K elly & Tangney, 2004d)

Chapter 6 describes the experim ental design o f  the study that explored the effect o f  

adaptive presentation  strategy on learning perform ance (Kelly & Tangney, 2004a).

C hapter 7 presents an analysis and discussion o f  the experim ental results. In particular 

it evaluates the results in term s o f  the effectiveness o f  adapting to learning characteristics
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using different presentation strategies (Kelly & Tangney, 2005a; Kelly & Tangney, 

2005c). Results suggest that teaching strategies can improve learning performance by 

promoting a broader range o f thinking and encouraging students to transcend habitual 

preferences. In particular, they suggest that students with low levels o f learning activity 

have the most to benefit from adaptive presentation strategies and that learning gain 

increases when they are provided with resources not normally preferred.

Chapter 8 concludes with an overview, summary and directions for future work.
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2 Background and Related Work

2.1 Introduction

“Today, as in the past, it appears that o f all the branches o f psychology, differential 

psychology -  the study o f individual and group behavioural differences -  is the most 

germane to discussion o f the problems o f education” (Jensen, 1972).

It is obvious to state that some students achieve higher results than others, learn faster 

in certain environments, stay longer periods in education and apply knowledge more 

effectively in different circumstances (Slavin, 2003). However, it is more difficult to 

explain why. The psychology of individual differences attempts to understand the reasons 

for different levels o f performance by examining the different characteristics that students 

express when learning (Cooper, 2002).

Different learning characteristics have been well documented. Students, reflecting 

their individual traits, express different characteristics in the way they process and 

organise information, in their predispositions towards particular learning modes and in 

their patterns o f behaviour when learning. (Gardner, 1983; Riding & Rayner, 1998; 

Sadler-Smith & Smith, 2004). It would seem logical, therefore, that learning 

environments that accommodate these learning characteristics would improve 

performance. However, this has been difficult to demonstrate conclusively, with some 

studies reporting increases in learning outcomes (Riding & Cheema, 1991; Moore & 

Scevak, 1997; Rasmussen, 1998; Riding & Grimley, 1999; Ford & Chen, 2001, Graf, 

2003b) whilst others reporting no differences (Ford & Chen 2000, Shih & Gamon, 2002). 

The reason for these conflicting studies is that matching learning characteristics with 

instructional environments is difficult and it is not clear what should be matched and how 

should the matching take place (Messick, 1996). The challenge in developing such 

environments is in identifying the salient individual differences that affect learning, and 

putting interventions in place to give all learners the opportunity to fulfil their potential 

(Cronbach, 1977).

Technology enhanced learning solutions offer the potential to provide learning 

environments that support and acknowledge individual differences. Technology can
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enable learners to acquire know ledge and skills at a tim e, place and pace that are 

appropriate for their own particular circum stances. In particular, adaptive educational 

system  that adapt the content and/or environm ent to the learning characteristics o f  each 

individual learner offer an alternative to the traditional educational approach o f  “one size 

fits a ll” (B rusilovsky & Peylo, 2003).

Subsequently, the question arise: how  can developm ents in individual difference 

theory and instructional design be integrated together in the design o f  adaptive 

educational system s to m ake a positive im pact on learning outcom es? To answ er this 

question, it is necessary to review;

• The aspects o f  individual differences that need to be taken into account

•  How technology enhanced learning environm ents can accom m odate individual 

differences through the use o f  appropriate instructional design and adaptive 

strategies

The structure o f  the chapter is organised to address these tw o questions. Section 2 will 

review  the nature and dim ensions o f  individual differences and in particular the trait 

d im ensions o f  intelligence or ability, and style. Section 3 will review  how  technology 

enhanced learning environm ents can support individual trait d ifferences, and in particular 

the potential offered by adaptive educational systems.

Section 4 sum m aries the chapter and argues that the use o f  the M ultiple Intelligence 

fram ew ork o f  individual differences offers an unexplored d im ension in the design o f  

adaptive educational system s. It also argues that adaptive educational system s, through 

the use o f  adaptive presentation  and navigation techniques, can support individual 

differences in learning. Furtherm ore, it suggests that m achine-learning techniques provide 

the opportunity  to diagnose individual differences by detecting patterns in observable 

learning behaviour.

2.2 Learning Theory and Individual Differences

C onsiderable research has been undertaken to d iscover the nature and dim ensions o f  

individual differences. The follow ing sections outline the various psychological 

constructs that have been proposed. In particular, it provides an overview  o f  the various 

intelligence and learning style theories, and highlights the debate surrounding their 

im pact on education. The purpose o f  the overview  is to provide the basis for review ing 

technology enhanced learning environm ents that acknow ledge the role o f  individual trait
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differences and for positioning the research undertaken as part o f  this thesis, the 

adaptation  o f  content using the M ultiple Intelligence theory.

2.2.1 Individual Difference Frameworks

The psychology o f  individual differences involves the study o f  psychological 

constructs, their interaction w ith environm ental stim uli and the resulting  observable 

behaviour (Boyle, 2004a). These psychological constructs can be divided into two 

groups: traits and states (Cooper, 2002). Traits are descriptions o f  how  individuals 

generally  behave over the long term . For exam ple, a person w ho can easily  rem em ber 

songs and sing in tune is generally regarded as having m usical ability. States are short 

lived, lasting for m inutes or hours rather than m onths or years, such as the jo y  o f  doing 

w ell in an exam ination.

Individual behaviour can be described as the function o f  individual differences in traits 

such as intellectual abilities and personality  characteristics, and states such as dynam ic 

m otivational and transitory m ood states (A nastasi, 1965, Boyle, 1988). Intellectual ability 

traits describe the level o f  cognitive perform ance in som e area and refer to thinking skills 

such as how well an individual can read m aps, visualise shapes and solve crossw ord 

puzzles. Personality  traits reflect a p erson ’s style o f  behaviour and refer to characteristics 

such as extroverted, shy, punctual o r anxious. M otivational states are forces that influence 

our behaviour for a short time, for exam ple desire for food that subsides after a meal. 

M oods or em otions refer to transient feelings, such the exhilaration o f  getting m arried 

(C ooper, 2002).

H owever, research into individual differences has been hindered by the problem  o f 

elucidating  a generally agreed upon taxonom y o f  psychological constructs. There have 

been m any attem pts to derive a universally  agreed upon taxonom y o f  trait and state 

d im ensions, bu t m uch controversy still exists as to the m ajor d im ensions w ithin each o f  

the ability, personality  trait, m otivation and m ood dom ains. An exam ple o f  this debate 

can be seen w ithin the personality  dom ain where several m odels o f  personality  traits exist 

including C a tte ll’s S ixteen Personality Factor m odel (C attell et al., 1970), the Five Factor 

M odel (G oldberg, 1990) and E ysenck’s Three factor m odel (Eysenck & Eysenck, 1985). 

E ysenck’s m odel proposes three m ain aspects o f  personality , nam ely  introversion versus 

extraversion, neuroticism  versus em otional stability  and psychoticism  (or tough 

m indedness) versus tender m inded. Introverted individuals are reserved and pessim istic, 

w hile extraverted individuals are social, talkative and optim istic. H ighly neurotic people
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are moody, touchy and anxious while people low on neuroticism are relaxed, even- 

tempered and calm. Individuals high in psychoticism are emotionally cold, cruel, risk 

takers and manipulative while tender minded individuals are warm, socialized 

individuals. In comparison, the Five Factor Model describes five personality factors, 

extroversion, neuroticism, openness, agreeableness and conscientiousness.

In the context o f learning, educationalists interested in the relationship of performance 

to individual differences have typically sought answers using the trait concepts of 

intellectual ability and learning styles. Intellectual abilities have been found to be 

predictors o f school performance with students expressing measurable differences in 

intelligence and ability levels (Neisser et al., 1995). The concept o f learning styles is also 

of interest as some researchers report that they can predict performance in ways that go 

beyond abilities (Marton & Booth, 1997; Sternberg & Grigorenko, 1995). The concept o f 

learning style is similar to that o f personality in that it reflects a person’s style of 

behaviour when learning, and lies in the area o f psychology at the interface between 

abilities and personality (Sternberg, 2001).

Comparing the constructs of styles to abilities or intelligences, abilities refer to things 

one can do such as to execute skills or strategies, whereas styles refer to preferences in 

the use o f abilities (Messick, 1996).

In other words, abilities are concerned with how much and styles with how. Hence, 

high amounts o f ability are always preferable to low amounts, whereas each pole o f a 

style dimension indicates different characteristics. Moreover, an ability is usually limited 

to a particular domain o f content such as verbal or whereas style cuts across domains o f 

ability. For example, learners with the wholist cognitive style tend to organise 

information globally and prefer to have an overview picture first before delving down 

into the details (Riding & Rayner, 1998). Regardless, if  the domain is verbal or musical, 

the wholist learner will use the same style and prefer to have an overview first.

The concepts o f intellectual abilities and styles o f  learning have been much explored 

and offer a strong basis on which to develop learning environments that support 

individual differences. In contrast, the constructs of motivation and mood are less 

understood and still in need o f more research (Cooper, 2002; Vincente & Pain, 2002). 

Subsequently, this research is based on the development o f learning environments that 

accommodate individual traits such as intelligences and style. The following two sections 

provide a brief overview o f the various taxonomies that have been proposed for the 

intelligence and style constructs.

14



2.2.2 Abilities and Intelligence

Individuals differ from  one another in their ability to apply reasoning, to understand 

concepts, to adapt effectively to their environm ent and to learn from experience. D ifferent 

concepts o f  ‘in te lligence’ have been proposed to give clarity  on these differences and 

w hat it m eans to be intelligent. H ow ever, no such concept has yet answ ered all the 

im portant questions and none com m ands universal agreem ent. For exam ple, back in 1986 

w hen two dozen prom inent theorists were asked to define intelligence, two dozen 

different definitions were given (Sternberg & D etterm an, 1986). H ow ever, a couple o f  

years later in 1994, a consensus definition for intelligence w as agreed by 52 experts and 

published in the W all S treet Journal (G ottfredson, 1997). It defined intelligence as a very 

general capability  that, am ong other things, involves the ability  to reason, plan, solve 

problem s, th ink abstractly, com prehend com plex ideas, learn quickly and learn from 

experience. This is som ew hat d ifferent from  D escartes definition as intelligence being 

the ability to judge  true from  false (D iogenes Laertius, 1924). A nother very often cited 

definition is W echlsler’s statem ent that “ intelligence is the aggregate or global capacity  o f  

the individual to act purposefully , to think rationally, and to deal effectively w ith his 

environm ent” (W echlsler, 1958). This broad definition encom passes a range o f  abilities 

such as w riting  a sonnet, adding num bers, designing a building, reading a map, 

structuring an essay, inventing a joke  or diagnosing a fault in a com puter.

W echsler’s definition is in contrast to the definition o f  intelligence as a very general 

capability  and illustrates the key debate that surrounds the concept o f  intelligence. This 

debate revolves around the issue o f  w hether there is a general aptitude or intelligence that 

indicates the level o f  perform ance in all areas. C ritics (G ardner, 1983; Sternberg, 1996) o f  

the general intelligence level point out that people can vary in their aptitude for learning 

specific types o f  know ledge taught in specific ways. For exam ple, a person can be good at 

calculus but m ay not be able to w rite an essay or pain t a picture.

In attem pts to establish the nature o f  intelligence two m ain approaches are used: the 

psychom etric and cognitive approach (Borich, 1997). B oth approaches attem pt to define 

the num ber o f  abilities, w hat these abilities are and how  they are related. The approaches 

can be described as follows:

• The em pirical approach or psychom etric approach attem pts to understand the 

structure o f  intelligence. Psychologists who use this approach are interested in 

analysing the structure o f  intelligence and asking such questions as “ Is intelligence 

one general ability  or m any specific abilities?” . They attem pt to define the num ber
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o f abilities and the relationship between them. They tend also to agree that tests 

w hich contain questions that are clearly right or w rong is the best w ay to learn 

about intelligence. The approach involves m easuring an ind iv idual’s perform ance 

on a w ide range o f  tasks, correlating  the scores on the test item s and using factor 

analysis to determ ine the underlying structure and m ain d im ensions o f  abilities. An 

exam ple o f  such an “ in telligence” test is the W echsler Intelligence Scales for 

Children or W ISC III (W echsler, 1991).

•  The cognitive approach attem pts to understand the process o f  intelligence. U sing 

this approach psychologists try to understand w hat people do when they are 

engaged in intelligent behaviour. They believe understanding the underlying 

process o f  intelligence is m ore im portant than describ ing its structure. They also 

believe that the best w ay to explore the nature o f  intelligence is not through 

standardized tests, but instead by having people solve problem s and exam ine the 

process they use to do so.

The follow ing two sections w ill briefly  review  the concepts o f  intelligence that have 

resulted from both  approaches.

2.2.2.1 Psychometric Approach

Spearm an (1904) was the first to perform  an em pirical study o f  the structure o f  

abilities using factor analysis. He constructed som e prim itive tests o f  vocabulary, 

m athem atical ability, visualization and m atching colours. He found, despite variations in 

a persons abilities from task to task, ju s t one intelligence factor w hich he called g (for 

general ability). He proposed based on his studies, that there w as som e basic thinking 

ability that determ ines the level o f  perform ance across all learning situations.

Thurstone, from his em pirical studies cam e to a different conclusion (Thurstone, 

1938). He proposed 12 independent prim ary m ental abilities w hich included spatial 

ability  (visualising shapes and m ental rotation), w ord fluency (dealing  w ith isolated 

w ords), num erical facility, perceptual speed (searching), induction (finding rules given 

exem plars) and deduction (applying a rule).

O ther researchers proposed even m ore prim ary m ental abilities. H akstian &  Cattell 

(1978), proposed a hierarchical m odel o f  intelligence. This m odel incorporates a general 

intelligence level g, w hich in turn influences six second order factors w hich also in turn 

influences 20 prim ary abilities. To assess the 20 prim ary abilities they use a test called  the 

C om prehensive A bility  B attery (H akstian & C attell, 1976). The test assesses prim ary
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abilities as diverse as originality  (thinking o f  creative uses for objects), m echanical 

know ledge and reasoning, verbal ability, num erical ability, fluency o f  ideas (being able to 

produce ideas quickly), perceptual speed (speed in com paring tw o strings o f  characters), 

spelling and aesthetic judgem ent (for w orks o f  art). From  an analysis o f  the correlations 

betw een these prim ary abilities, six ‘second-order’ factors w ere identified. The two m ost 

im portant factors in this m odel are fluid intelligence and crystallised intelligence. F luid 

intelligence is the raw reasoning ability and covers m em ory, spatial ability and inductive 

reasoning w hereas crystallised intelligence requires know ledge and influences verbal 

com prehension and m echanical know ledge (Boyle, 1988). The other four factors in this 

m odel were retrieval (Gr), (the speed w ith w hich ideas are produced), v isualization (Gz), 

perceptual speed (Gps) (speed w ith w hich two strings o f  characters can be com pared) and 

m em ory capacity (Gm).

M ore recently , Carroll in one sem inal study attem pted to determ ine if  there was one 

com m on general intelligence w ith a hierarchical arrangem ent o f  specialised abilities 

below  it (Carroll, 1993). He found, after the re-analysis o f  v irtually  all data sets collected 

in the 2 0 ’th century, a hierarchy o f  structures. At the low est level o f  the hierarchy he 

d iscovered around 70 narrow  prim ary abilities. C orrelations betw een prim ary abilities 

allow  them  to be clustered together to define eight broad in telligences at the second 

stratum  and these broad abilities clustered to define a general intelligence at the third 

stratum .

2.2.2.2 Cognitive Approach

T hree m ain theories need to be m entioned when discussing the cognitive approach to 

understanding intelligence: M ultiple Intelligences (G ardner, 1983), Triarchic Theory 

(Sternberg, 1989) and social/em otional intelligence (G olem an, 1995). The follow ing three 

sections will outline the m ain concepts behind each o f  these theories.

Gardner’s Theory of Multiple Intelligences

O ne very popular m odel based on the cognitive approach, is G ardner’s theory o f  

M ultiple Intelligence (Gardner, 1983, 1993, 2000). In his theory, G ardner defines 

intelligence as the “biopsychological potential to process inform ation that can be 

activated in a cultural setting to  solve problem s or create p roducts that are o f  value in a 

culture” (Gardner, 2000). This definition im plies that, depending on the setting or 

dom ain, different intelligences are used to solve problem s and fashion products such as 

com positions, m usic or poetry. It is also im portant to note that G ardner considers
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intelligences as som ething that cannot be seen or m easured but instead are potentials that 

w ill or will not be activated depending upon the values o f  a particular culture and the 

opportunities available in that culture.

G ardner derives his concept o f  intelligence not only on w ork w ith norm al children and 

adults but also by studies o f  gifted persons in various dom ains, o f  valued abilities in 

diverse cultures and o f  individuals w ho have suffered selective form s o f  brain dam age. 

G ardner suggests that no single m odel o f  cognitive functioning w ill be found to underlie 

all hum an problem  solving. Rather, cognitive processes w ill vary depending on the task 

the student is involved in. He proposes that there are eight d ifferent w ays to dem onstrate 

intelligence w ith each having its own unique characteristics, tools, and processes that 

represent a d ifferent w ay o f  thinking, solving problem s, and learning. These eight 

intelligences are described as the logical/m athem atical, linguistic/verbal, visual/spatial, 

bodily /k inesthetic, m usical/rhythm ic, interpersonal, intrapersonal and naturalist 

intelligences. There is current debate about the existence o f  a n in th  intelligence, the 

existential or spiritual intelligence, but G ardner has not form ally included it in his model 

yet (Gardner, 2000).

G ardner suggests that everybody possesses the different types o f  in telligences to 

d ifferent degrees and that they operate together in an orchestrated way. He also suggests 

that even though different intelligences do tend to be stronger in som e people, everybody 

has the capacity  to activate all the intelligences and in different situations different 

intelligences or a com bination o f  intelligences m ay be used.

Sternberg’s Triarchic Theory of Intelligence

Sternberg (1989, 1990) also proposes that the best w ay to study intelligence is to 

exam ine how  people solve problem s that are im portant to them  in their environm ents. But 

contrary to G ardner, he believes that regardless o f  the type o f  problem  people are 

confronted  w ith, they use a com m on set o f  cognitive processes to  solve them. He believes 

that w hether the problem s involve m athem atical, spatial or linguistic or interpersonal 

issues, the sam e cognitive process are used. He suggests that w hen solving problem s that 

require intelligence, three factors com e into play: the context in w hich “ intelligent” 

behaviour takes place is im portant (contextual sub-theory); the role o f  novelty  and 

experience in solving the task (experiential sub-theory); and the underlying processes o f  

intelligent behaviour (com ponential sub-theory).

How ever, recognising that problem s in traditional intelligence tests did not adequately 

m easure intelligence, S ternberg proposed his triarchic theory  o f  intelligence. H is triarchic
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theory proposes three fundam ental aspects o f  intelligence: analytic, creative and practical. 

He suggests that m ainstream  tests only m easure analytic intelligence using analytic 

p roblem s that are clearly defined, w hich com e w ith all the inform ation needed to solve 

them , have only a single right answ er reached by a single m ethod and are d isem bedded 

from  ordinary experience. In contrast, he suggests practical intelligence is m easured by 

practical problem s that require problem  form ulation, require inform ation seeking, have 

various acceptable solutions and are em bedded in everyday experience.

S ternberg states that you can m ake learners m ore intelligent by giving them  real w orld 

problem s that are im portant to solve, by teaching them  general cognitive strategies that 

can be used to solve any problem , by teaching m etacognitive skills to help them  regulate 

their use o f  cognitive strategies and by show ing them  how  to acquire know ledge so that 

these skills becom e autom atic.

Social and Emotional Intelligences

One type o f  intelligence, w hich has been part o f  the intelligence field since its 

inception, is the concept o f  social intelligence (W alker &  Foie, 1973). Thorndike 

orig inally  defined intelligence as the ability  to understand and m anage people, and as the 

ability  to perceive on e’s own and o ther’s internal states, m otives, and behaviours 

(Thorndike & Stein, 1937). H ow ever social intelligence w as not universally  accepted and 

in 1960, C ronbach cam e to the conclusion that despite 50 years o f  in term ittent 

investigation, social intelligence w as undefined and unm easured (C ronbach, 1960).

A subset o f  social intelligence called em otional intelligence has now  seen a resurgent 

o f  interest (G olem an, 1995). Em otional intelligence is defined as the ability  to  m onitor 

o n e ’s ow n and o thers’ feelings and em otions, to d iscrim inate am ong them  and to use this 

inform ation to guide o n e ’s thinking and action (Salovey & M ayer, 1990). Em otional 

intelligence is also part o f  G ardner’s view  o f  social intelligence, w hich he refers to as the 

inter- and intra-personal intelligences and w hich includes know ledge about the se lf  and 

about others (Gardner, 1983).

2.2.2.3 Intelligence: The Debate

There is an ongoing debate in the research com m unity about how  m any distinct types 

o f  intelligences exist and how  it is possible to describe them . The classical v iew point is 

that intelligence could be m easured by giving tests w ith  right and w rong answers, and 

characterising the ability  that underlies intelligence w ith  a unitary trait, for exam ple the
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IQ test score (Cronbach, 1960). Proponents o f the classical viewpoint argue that 

intelligence tests act as predictors o f school performance, particularly at primary school 

level, and are predicative o f accomplishments such as social status after school (Brody, 

1992; Cattell, 1987; Detterman 1994), They also argue that test scores remain stable 

throughout childhood and adolescence, that is the scores in relation to others o f the same 

age (Moffitt et al., 1993). Nevertheless intelligence scores tend not to be a significant 

predictor at university level, as other variables such as motivation, self concept, attitudes 

and beliefs come to the fore in predicting success and failure (Neisser et al., 1995).

However, there are many disputes over the utility o f  intelligence testing and the 

concept o f g, the general intelligence level. Some theorists are critical o f  the entire 

psychometric approach (Ceci, 1990, Gardner, 1983, Gould, 1978) while others regard it 

as firmly established (Carroll, 1993, Eysenck, 1973, Hemstein & Murray, 1994, Jensen, 

1972). Critics do not dispute the stability o f test scores, or the fact that they predict 

certain forms o f achievement effectively, especially school achievement. Rather, they do 

argue that to base a concept o f intelligence on test scores alone is to ignore many 

important aspects o f mental ability. They reason that tests cannot assess wisdom, 

creativity, practical knowledge and social skill. They also argue that there is more than 

one general aptitude where all abilities are correlated with each other (Gardner, 1983; 

Snow, 1992; Sternberg, 1996). They do not support the idea that good or poor 

performance in one area guarantees similar performance in another and argue that 

correlations are not consistent enough support to support the concept o f one general 

intelligence (Gaustafsson, 1994; Lohman, 1989). It appears the debate on the concept and 

nature o f  intelligence will continue to evolve.

2.2.3 Learning Style

In addition to intelligence, personality is the second dimension o f individual traits. 

Students have different natures and personalities, each having a set o f specific qualities. 

The concept o f style is associated with individuality and invariably used to describe an 

individual quality, form, activity or behaviour sustained over time. Just as students have 

different personalities, they also have different styles o f learning. For example, students 

differ in the way they learn the names o f people they meet. If they learn better when they 

see it written down, they may be a visual learner, a person who learns best by seeing or 

reading. If they learn a name better by hearing it they may be an auditory learner. The
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manner in which a person habitually approaches or responds to learning tasks is defined 

as their personal learning style (Riding & Rayner, 1998).

There have been many conceptual frameworks into which the various constructs for 

learning style may be usefully categorised (Curry, 1983; Riding & Rayner, 1998; 

Sternberg & Grigorenko, 2001). For example, Curry (1983) organised the various 

learning style constructs into different layers making an analogy with the concentric 

layers o f an onion. She identified 21 different models o f styles and later commented that 

“Like the blind men in the fable about the elephant, learning styles researchers tend to 

investigate only a part o f the whole and thus have yet to provide a definitive picture o f the 

matter before them” (Curry, 1990).

More recently. Riding & Rayner (1998) have proposed an overall fi-amework that 

integrates more fully the various models o f style. The framework describes a number of 

models and comprises of

• The cognitive-centred approach (cognitive styles). This reflects the work of 

experimental psychologists investigating the area o f individual differences in 

cognition and perception.

• The activity (learner) centred approach (learning styles). This reflects the work o f 

educationalists addressing environmental and process-based issues related to 

meeting individual differences in the classroom. Here the focus is on the learner’s 

active response to the learning task.

One important theme running through the framework is the relative stability o f style 

versus the adaptive nature of strategy. The framework also separates out phenomena that 

reflect an individual’s habitual processing mode (cognitive style) and behaviour (learning 

style) from those that are responses to a given context (learning strategy) as they interact 

with learning tasks.

The following two sections will briefly review the theories o f  style that have resulted 

from both approaches.

2.2.3.1 Cognitive-centred approach to styles: Cognitive Styles

The cognition centred approach attempts to elucidate the processes generating 

individual differences. Table 2-1 displays the two distinct families o f  cognitive style 

(Riding & Rayner, 1998):
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• The whoHst/analytic dimension that relates principally to how people think and 

process information. It describes how individuals tend to cognitively organise 

information in wholes or parts. For example, some individuals will process 

information into its component parts while others will retain a global or overall 

view o f information.

• The verbal/imagery dimension relates principally to how people mentally represent 

information: It describes how individuals tend to represent and recall information 

in pictures or words. For example, verbalisers tend to present information in words, 

while imagers tend to present information in pictorial form.

One example of a prominent cognitive style is W iktin’s field-dependence/field- 

independence model (Witkin & Asch, 1948). Field-independence refers to a tendency to 

articulate figures as discrete from their backgrounds and an ability to differentiate objects 

from the surrounding environment. It describes how much a learner’s comprehension of 

information is affected by the surrounding perceptual or contextual field (Witkin et al., 

1977).

When learning, field-dependent and field-independent learners use different 

approaches (W itkin et al., 1977; Wapner & Demick, 1991; Jonassen & Grabowski, 1993). 

Field-independent individual are highly analytic and are able to extract the necessary cues 

to complete a task. They tend to discern figures as discrete from their background, to 

focus on details, and to be more serialistic in their learning. They operate within an 

internal frame o f reference and thrive in situations where they need to actively structure 

their own learning. On the other hand, field-dependent individuals process information 

globally and attend to the most salient cues regardless o f their relevance. They tend to see 

patterns as a whole and have difficulty separating out specific aspects o f a situation or 

pattern. They typically see the global picture, ignore the details, and approach a task 

more holistically. They also operate within an external fi'ame o f reference and prefer 

situations in which structure and analysis is provided for them. To support the existence 

o f  the theory, a recent study reports that matching instructional presentation style to the 

student’s field-dependence/field-independence cognitive style can have significant effects 

on learning outcomes (Ford & Chen, 2001).

2 .2 .3.2 Learning-centred tradition of style: Learning Styles

The learning-centred tradition o f style has its focus on the learning process and in 

particular the aspects o f the process which relate to individual differences as the person
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interacts w ith their environm ent. Its prim ary interest is in the im pact o f  individual 

differences upon pedagogy and the enhancem ent o f  learning achievem ent. Table 2-2 

d isplays the different learning style theories w hich are categorised  into the follow ing 

groups (R iding & Rayner, 1998):

•  The learning process based on experiential learning

• The learning process based on orientation to study

• Instructional preferences

•  C ognitive skills and learning strategy developm ent

The first three groups o f  style are generally  concerned w ith the process o f  learning and 

its context. They are characterised by a specific focus on individual differences in the 

process o f  learning rather than w ithin the individual learner. The fourth group is more 

concerned w ith developing a repertoire o f  cognitive skills and abilities.

O ne very popular m odel based on the process o f  learning is the Kolb learning style 

theory (Kolb, 1976). Kolb describes learning style as the ind iv idual’s preferred m ethod 

for assim ilating inform ation. His theory is grounded in the theory o f  experiential learning 

and is rooted in the proposition that learning is a process w hereby know ledge is created 

through the transform ation o f  experience (K olb, 1984). He identifies four stages in the 

learning process: concrete experience, reflective observation, abstract conceptualisation 

and active experim entation. Each o f  these learning m odes has unique learning 

characteristics. In the active experim entation phase, learners learn prim arily  by 

m anipulating the environm ent, w hile in the reflective observation learners typically  learn 

by introspection and internal reflection on the external world. In the abstract 

conceptualisation  phase learners com prehend inform ation sym bolically  and conceptually , 

w hilst in the concrete experience phase learners respond prim arily  to the qualities o f  the 

im m ediate experience.

K o lb ’s learning style theory consists o f  two dim ensions: perceiv ing and processing. 

The first describes a continuum  betw een concrete and abstract thinking, the second an 

active or reflective inform ation processing activity. The tw o dim ensions com bine 

together to describe four types o f  learning style:

• D ivergers who process inform ation concretely and reflectively

•  C onvergers w ho process inform ation abstractly and reflectively

•  A ssim ilators who process inform ation abstractly and actively
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• Accommodators who process information concretely and actively

Each o f the different types o f  learners has different strengths and weaknesses. 

Divergers need to be personally engaged in the learning activity whilst convergers need to 

follow detailed sequential steps. Assimilators need to be involved in pragmatic problem 

solving whereas accommodators process information concretely and actively and, need to 

be involved in risk taking and experimentation. In addition, Kolb’s theory o f learning 

embraces the notion that the individual ultimately learns to use each learning style to cope 

with the learning task. To support the learning theory, a recent study has presented 

evidence in favour o f Kolb’s orthogonal style dimensions (Sadler-Smith, 2001).

2.2.3.3 Styles: The Debate

Educationalists with an interest in style regard this field as an underdeveloped aspect 

o f teaching and learning which may be the key to greatly enhancing levels o f 

performance (Riding & Cheema, 1991; Grigorenko & Sternberg, 1995). However, 

cognitive and learning styles has come in for much criticism, with researchers 

commenting that the style construct has largely evolved from theories generalised on 

single experiments and little empirical evidence (Vernon, 1963). Some have gone as far 

as to reject the style construct as an illusion or at best, a construct which is impossible to 

operationalise and therefore undeserving o f further research (Freedman & Stumpf, 1980; 

Tiedemann, 1989).

Critics highlight that only a limited number of studies have demonstrated that students 

learn more effectively when learning style is accommodated (James & Blank, 1993, 

Stellwagen, 2001). They argue that for a learning style theory to be useful, it needs to 

show how it can enhance performance. Concerns also exist over the instruments that 

measure styles. There exists many instruments that measure style, for example, the LSI 

“Learning Style Inventory” (Kolb, 1976), the LSQ “Learning Style Questionnaire” 

(Honey & Mumford, 1986) and the ASI “Approaches to Study Inventory” (Entwhistle, 

1979). However, some feel that the usefulness or validity o f learning style models and 

instruments has not been definitively established (Bonham, 1988a; Bonham, 1988b; 

Kavale & Forness, 1987). Another particular concern is that most learning style theories 

label students into a few discrete categories (Grasha, 1990; Stellwagen, 2001). Indeed it 

may be necessary to recognize that individuals develop and practice a qualitative mixture 

o f learning styles that evolve as they learn and grow and which vary by discipline (Silver, 

Strong, & Perini, 1997).

24



2.2.4 Individual Differences: Summary

As has been highhghted, individual differences in style and intelligence have been 

well docum ented. Therefore, it w ould seem  logical that d ifferent styles o f  teaching w ould 

have a d ifferent im pact on individual learners. H ow ever this has been difficult to 

dem onstrate conclusively. In particular, research is divided in the application  o f  leaning 

and cognitive styles to the developm ent and design o f  technology enhanced learning 

environm ents. On the one hand, som e studies show  that learning im proves and the quality 

o f  m aterial is enhanced when individual differences are taken into account (Rasm ussen, 

1998; R iding & G rim ley, 1999; Graf, 2003). In contrast, o ther studies have reported no 

differences in learning outcom es for learners o f  different style (Ford  & C hen 2000; Shih 

& Gam on, 2002). Som e reasons for these contrasting  studies include difficulties in 

assessing learning style, the arbitrary classification o f  learners into categories and 

questions around the construct validity  o f  style (R iding & Rayner, 1998).

In contrast, there is evidence to support the concept o f  intelligence as a predictor o f  

learning perfonnance. R ather w ith the concept o f  intelligence, there is debate on w hether 

there is single general intelligence level that can be m easured through psychom etric 

approaches or m ultiple intelligences w hich are determ ined by observing w hat people do 

w hen problem  solving. In particular, the theory o f  M ultiple Intelligences offers potential 

to  provide a fram ew ork for a broad range o f  individualised pedagogical strategies while 

bu ild ing  on research that dem onstrates how  intelligence can be a predictor o f  learning 

perform ance. Thus, this research has adopted the concept o f  M ultiple Intelligences as the 

relevant educational theory upon w hich to develop adaptive educational system s.
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Table 2-1: Cognitive Styles (Adapted from Riding & Rayner, 1998)

Dimension Description References

Wholist/A nalytic dimension

Field-dependency/ Field- 
independency

Dependency on surrounding field or 
context when analysing a structure 
or form which is part o f  the field

Witkin & Asch (1948a, 
1948b)

Levelling-Sharpening Tendency to oversimplify 
perceptions and to assimilate detail 
rapidly or to perceive task in a 
differentiated manner with little 
assimilation

Klein (1954)

impulsivity-reflectiveness Tendency for a quick as against a 
deliberate response

Kogan et al. (1964)

Converging-Di verging Narrow, focused, logical, deductive 
thinking rather than broad open- 
ended associational thinking to 
solve problems

Guilford (1967)

Holist-Serialist thinking Tendency to work through learning 
tasks incrementally or adopt a 
global approach building broad 
descriptions

P ask &  Scott (1972)

Concrete Sequential/concrete 
random/abstract 
sequential/abstract random

Learn through concrete experience 
and abstraction either randomly or 
sequentially

Gregorc (1982)

Assiniilator-explorer Preferences for seeking familiarity 
or novelty in the process o f  
problem-solving and creativity

Kaufmann (1989)

Adaptors-innovators Adaptors prefer conventional, 
established procedures and 
innovators new perspectives whilst 
problem solving

Kirton (1994)

Reasoning-intuitive active- 
contemplative

Preference for developing 
understanding and/or insight and 
learning activity that allows active 
participation or passive reflection

Allison & Hayes (1996)

Verbal-imagery dimension

Abstract versus concrete 
thinker

Preferred level and capacity of 
abstraction

Harvey et al. (1961)

Verbaliser-visualiser The extent to which verbal or visual 
strategies are used to represent 
knowledge and thinking

Paivio (1971); Riding and 
Taylor (1976)

Integration o f  the wholist- analytic and verbal-imagery dimensions

Wholist-analytic, verbal- 
imagery

Tendency for the individual to 
process information in parts or as a 
whole and think in words or 
pictures

Riding & Cheema (1991)
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Table 2-2; Learning Styles (Adapted from Riding & Rayner, 1998)

Dimension Description References

Style m odels based on the learning process

Concrete  experience/reflective 
observati on/abstract 
conceptualisation/active  
experimentat ion

A two-dimensional  model 
com prising  perception 
(concrete /abstract thinking) and 
process ing  (active/reflective 
information processing)

Kolb (1976)

Activist/ theorist/pragmatis t/reflector
learners

Preferred m odels  o f  learning which 
shapes an individual approach to 
learning

H oney  &  M um ford  
(1986)

Style m odels grounded in orientation to study

M eaning/rcproducing/achieving/hoiis  
tic orientation; later developed to 
include deep, strategic,  surface, lack 
o f  direction, academ ic se lf  
confidence

Model o f  the processes underlying 
individual orientation to learning

Entwistle  (1979)

Surface-deep-achieving/in tr insic-  
ex tr insic -ach ievem ent orientation

Integration o f  approaches to s tudy 
with motivational orientation

Biggs (1978)

Synthesis-analysis/e laborative  
p rocess ing/fact  re tention/study 
m ethods

Quality  o f  th inking which occurs 
during learning relates to 
distinctiveness, transferabil ity , and 
durabili ty  o f  m em ory  and fact 
retention

Schm eck  et al. 
(1977)

Style m odels based on instruction preference

Environm cnta l/soc io logical /em otiona  
1/ physical /psychological  e lements

L earner’s response to key stimuli: 
environmental (light,  heat); 
sociological (peers,  pairs, adults,  
self); emotional (s tructure, 
persistence, motivation);  physical 
(auditory, visual,  tactile); 
psychological (global-analytic ,  
impulsive-reflective).

Dunn et al. (1978)

Partic ipant-avoidant/collaborative- 
competit i  ve /independent-dependent

Social interaction m easure  which  
has been used to develop three 
bipolar d im ensions in a construct 
which  describes a learner’s typical 
approach to the learning situation

G rasha  & 
R iechm ann (1975)

Style m odels based on cognitive skills development

Visualisation/verbal 
sym bols/sounds /em otional  feelings

Learning style defined in te rm s o f  
perceptual m odality

Reinert (1976)

Fie ld -dependency/scanning  
focus/breadth  o f  
categorisa tion/cognitive  
com plex ity /re  flective-impulsivity/ 
levelling-sharpening/  tolerant- 
intolerant

A cognitive  profile  o f  three types o f  
learners reflecting their  position in 
a bi-polar analytic-global 
continuum  which reflects an 
individuals cognitive  skills 
developm ent

Letteri (1980)

C ognitive  skills /perceptual 
responses/  s tudy and instructional 
preferences

Identifies 24 e lem ents  in a learning 
style construct grouped into 3 
dimensions.

Keefe  &  Monk 
(1986)
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2.3 Technology Enhanced Learning Environments

D espite inconclusive research evidence, technology enhanced learning solutions offer 

the potential to provide environm ents that support and acknow ledge individual 

differences. These solutions typically  com e in tw o forms: traditional hyperm edia system s 

and adaptive educational system s.

H yperm edia system s offer not ju s t one linear path through the educational m aterial but 

a m ultitude o f  branches in w hich a learner can explore a subject m atter at their ow n pace. 

These system s give control to the learner in w hat they read and the order in w hich they 

read it, and as such provide the flexibility  that allow s learners to express their individual 

differences in learning. A daptive educational system s are an extension o f  hyperm edia 

system s in that they structure the learning environm ent and personalise instruction to 

individual students by build ing a m odel o f  the studen t’s goals, interests and preferences 

(B rusilovsky et al., 1998). For exam ple, adaptive annotation or the augm entation o f  links 

w ith som e form s o f  com m ents can assist field-dependent learners w ho habitually  attend 

to the m ost vivid or salient features (Chen & M acredie, 2002). A daptive educational 

system s offer great potential to take advantage o f  individual differences to im prove 

learning. H ow ever in the design o f  adaptive educational system s, significant challenges 

exist. How can the system  build  and diagnose the s tuden t’s learning characteristics and 

how  can they adapt the learning environm ent to suit the s tuden t’s needs?

The focus in this section is to give an overview  o f  the research on technology 

enhanced learning environm ents that support individual d ifferences in learning. First, it 

review s the different categories o f  adaptive intelligent educational system s and in 

particu lar the role o f  adaptive hyperm edia. Second, it review s several studies that have 

tried to evaluate the im pact o f  individual differences in hyperm edia system s. Last, it 

review s a num ber o f  sam ple adaptive educational system s illustrating the design issues in 

bu ild ing  such system s, and in particular how  adaptive hyperm edia can support individual 

differences.

2.3.1 Overview of Adaptive and intelligent Systems

Traditional educational system s tend to adopt a ‘one size fits all approach’ and treat all 

students in the sim ilar m anner. H owever, this raises problem s w here they are students 

w ith  different levels o f  know ledge, goals and preferences. A daptive and Intelligent 

E ducational System s overcom e this problem  by  build ing a m odel o f  the goals,
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preferences and know ledge o f  each individual student, and by subsequently  using the 

generated m odel to dynam ically  adapt the learning environm ent for each student in a 

m anner that best supports their needs (B rusilovsky, 2001). They attem pt to be more 

intelligent by incorporating and perform ing som e activities traditionally  executed by  a 

hum an teacher -  such as coaching students or d iagnosing m isconceptions (M itrovic, 

2003). They also attem pt to be adaptive to different w ays o f  learning by  m odifying the 

presentation  o f  m aterials to the studen t’s level o f  know ledge (De Bra & Calvi, 1998) or 

suggesting  a set o f  relevant links to progress further (B rusilovsky et al., 1998).

The distinction betw een A daptive Educational System s and Intelligent Educational 

System s can be som etim es blurred, but different em phasis can be identified in each. In 

adaptive system s, the em phasis is on providing a different environm ent for each different 

student or group o f  students by taking into account inform ation accum ulated in the 

individual or group student m odels. In intelligent system s, the em phasis is on the 

application o f  techniques from  the field o f  A rtificial Intelligence to provide broader and 

better support (B rusilovsky & Peylo, 2003).

To help categorise the diverse range o f  adaptive and intelligent educational system s, 

the term  ‘technologies’ is used to describe the d ifferent ways in w hich technology adds 

adaptive or intelligent functionality (B rusilovsky, 1996). B rusilovsky & Peylo (2003) 

propose five m ajor groups o f  technologies: A daptive H yperm edia, Intelligent Tutoring, 

A daptive Inform ation F iltering, Intelligent C lass M onitoring and Intelligent Collaboration 

Support.

The m ajor Intelligent Tutoring technologies are curriculum  sequencing, intelligent 

solution analysis and problem  solving support. C urriculum  sequencing addresses the 

question o f  w hat content to present. Its goal is to help the student find the m ost suitable 

path  through learning m aterial (W eber & B rusilovsky., 2001). Intelligent solution 

analysis deals w ith solutions to educational problem s. Intelligent analysers do m ore than 

tell w hether a solution is correct o r not. They can find out w hat exactly is w rong or 

incom plete, identify w hat piece o f  incorrect know ledge m ay be responsible for the error 

and provide suitable feedback (M itrovic, 2003). The purpose o f  interactive problem  

solving support is to provide the student w ith intelligent help on each step o f  problem  

solving, from  giving a hint to executing the next step for the student (M elis et al., 2001).

The goal o f  A daptive Inform ation F iltering (AIF) is to find a few item s that are 

relevant to user interests from  a large pool o f  docum ents. It adapts W eb searches by 

filtering and ordering the results, and by recom m ending the m ost relevant docum ents in
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the pool using link generation. There are essentially two different AIF technologies -  

content based filtering and collaborative filtering. In the content-based approach, the 

behaviour of a user is predicted from their past behaviour, while in the collaborative 

approach, the behaviour of the user is predicted from the behaviour o f  other like-minded 

people. M LTutor (Smith et al., 2003) is an example o f  applying content based AIF to 

education while WebCOBALT (Mitsuhara et al., 2003) is an example o f collaborative 

AIF. AIF is now becoming popular, as the Web provides an abundance o f non indexed 

open corpus educational resources.

Intelligent collaborative learning technologies help to support collaborations between 

students, who in web based education may rarely meet in person. Three types of 

technologies may be defined within this area; adaptive group formation and peer help, 

adaptive collaboration support, and virtual students. Technologies for adaptive group 

formation and peer help attempt to use knowledge about collaborating peers to form 

matching groups for different kinds of collaborative tasks (Greer at al, 1998). Adaptive 

collaboration support technologies attempt to provide interactive support in the 

collaboration process by using knowledge about good and bad collaborations (Soller at al 

2003). Virtual student technology attempt to introduce different kinds o f virtual peers into 

a learning environment (Chan et al., 1990).

Intelligent class monitoring technologies attempt to identify students who need 

additional attention or who need to be challenged. Such technologies use Al techniques to 

analyse the large volume o f data that web based systems can collect when tracking 

student actions (Maceron & Yacef, 2003).

Adaptive Hypennedia encompasses two major technologies: adaptive presentation and 

adaptive navigation. Adaptive presentation adapts the content to be presented by 

dynamically generating the content for each individual student according to their needs 

(W eber & Brusilovsky, 2001). Adaptive navigation supports the student by the changing 

the appearance o f links. For example, it can adaptively sort, annotate or partly hide the 

links o f the current page to make it easier to choose where to go next (de Bra, 1996).

As has been described, there is a diverse range o f  technologies available in the 

development o f adaptive and intelligent educational systems. This research has selected 

Adaptive Hypermedia technologies as the most appropriate, as they provide the 

techniques and methods to support individual differences in learning.
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2.3.2 Adaptive Hypermedia

Traditional static hypermedia applications provide the same page content and the same 

set o f links to all users. Adaptive hypermedia systems build a model o f the goals, 

preferences and knowledge o f each individual user, and use this model to adapt to the 

need o f the users. For example, in an adaptive educational hypermedia system, a student 

can be given a presentation that is adapted specifically to their knowledge o f the subject. 

Other adaptive hypermedia systems include on-line information systems, on-line help 

systems, information retrieval hypermedia, and systems for managing personalized views 

(Brusilovsky, 2001).

Adaptive decisions are usually made taking into account the various characteristics of 

the users. These features can include the user’s goals, tasks, knowledge, background, 

preferences, hyperspace experience, interests and individual traits. Adaptive educational 

systems capture and represent these characteristics in a learner model for each individual 

learner (Kobsa, 2001). Obsei"ving learner’s behaviour is in many cases the basis for the 

diagnosis of user characteristics such as knowledge level and preferences. Knowledge 

level can be based on the learner’s navigation through the domain. For example it can be 

based on the web pages visited (history-based) or by the submission o f  assessment tests 

(knowledge-based) (Eklund & Sinclair, 2000). Individual traits such as personality, 

cognitive and learning styles can also be captured but challenges remain in how to exploit 

this information (Brusilovsky, 2001).

Information in the learner model is used as the basis for making adaptation decisions. 

The two distinct areas o f  adaptation that exist, adaptive presentation and adaptive 

navigation support, cover a broad range of techniques (Brusilovsky, 1998, 2001). 

Adaptive presentation includes text, multimedia and modality adaptation. Adaptive 

navigation support includes direct guidance, link hiding, sorting, generation, annotation, 

and hypertext map adaptation. Figure 2-1 displays the different adaptive hypermedia 

technologies and their associated techniques.

Different systems use the different techniques for a variety o f reasons. Active-Math 

(Melis, et al., 2001) and C-Book (Kay & Kummerfeld, 1994) use adaptive presentation 

techniques to:

• Hide information that is not relevant to the user’s level o f knowledge and provide 

additional explanations required by novices (additional explanations)
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• Provide explanations o f  pre-requisite explanations not know n to user before 

presenting  a concept (prerequisite explanations)

•  Explain sim ilarities and differences about current concept and related ones 

(com parative explanations)

•  Explain the same part o f  a concept in different w ays (explanation  variants)

In addition, ELM -ART (W eber & Brusilovsky, 2001) and A H A  (D e Bra et al., 1998) 

are two system s that use adaptive navigation techniques to

• Help find the shortest way to inform ation goals (global guidance). For exam ple, 

using the next button to go to the node w ith the m ost relevant educational m aterial 

according to the model o f  the user

• Help m ake one navigation step by  suggesting the m ost relevant links to follow 

from  the current position (local guidance)

• Help understand w hat is around or relative to current position in hyperspace (local 

orientation  support). This is be done by provid ing  inform ation about nodes 

available or lim iting the num ber o f  navigation opportunities

•  Help understand the structure o f  the overall hyperspace and the position in it 

(global orientation support). This is done by providing visual landm arks, global 

m aps, link hiding and annotating

•  O rganize the electronic w orkplace for the learner (personalized views)

Together adaptive presentation and adaptive navigation provide a rich range o f  

techniques and m ethods for developing adaptive educational system s that accom m odate 

individual differences.

2.3.3 Empirical Studies on Learning Styles

W hen com pared w ith adaptive educational system s, there have been a greater num ber 

o f  studies that have exam ined the influence o f  individual d ifferences on behaviour and 

perform ance in hyperm edia learning environm ents (C hen & Paul, 2003). H ence a num ber 

o f  these studies w ill be review ed to give som e understanding o f  the issues in involved 

w hen designing and evaluating  such environm ents. The m ajority  o f  these studies 

undertaken usually have three them es underpinning them:

•  How do learners w ith d ifferent characteristics use hyperm edia environm ents?
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• How are individual differences related to learning performance?

• Can individual differences in learning be supported by different instructional 

designs?

Typically these studies would investigate the influence o f cognitive and learning style 

on issues such as nonlinear learning, learner control, navigation tools, learning 

effectiveness, and matching/mismatching (Chen & Macredi, 2002).

This section presents a small sample o f studies that have attempted to evaluate the 

impact o f individual differences on learning behaviour and performance. In particular, it 

reviews hypermedia systems that have used the field-dependent/field-independent 

cognitive style in order to illustrate the debate on how learners with different styles can 

use hypermedia systems and achieve different learning outcomes.
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Figure 2-1: The taxonomy o f Adaptive Hypermedia Technologies, (adapted from 

Brusilovsky, 2001)

2.3.3.1 Field-Dependent/Field-lndependent Cognitive Style

When learning, field-dependent and field-independent learners use different 

approaches (W itk in  et al., 1977; Wapner &  Demick, 1991; Jonassen &  Grabowski, 1993). 

Three main categories o f differences can be defined: 

•  Is the approach to learning active or passive?
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• Is learning internally or externally directed?

• Is the approach analytic or global?

Field-independent learners thrive in situations where they need to actively structure 

their own learning and operate within an internal frame o f reference. They also tend to be 

more analytic and proceed in a serialistic fashion, giving attention first to low level detail 

before building up an overview later. On the other hand, field-dependent learners take a 

more passive approach and operate within an external frame o f reference. They tend to 

take a global approach, first concentrating on establishing an overview o f what is to be 

learned, before attending to lower level procedural detail.

Correspondingly, research studies have attempted to explore how the different features 

o f  hypermedia systems support both types o f learners. These features include non-linear 

leaming, learner control and navigation tools.

Several studies have examined the aspect o f non-linear leaming and report that field- 

independent learners prefer non-linear pathways and field-dependent learners prefer 

linear pathways. For example, Dufresne and Turcotte (1997) designed a hypermedia 

system to teach students the use o f Microsoft Excel. They developed a free access version 

o f  the system that supported non-linear leaming and a restricted version that supported

linear learning. Using both versions o f the system, they investigated the preferences o f

field-dependent and field-independent learners for linear and nonlinear pathways through 

hypermedia systems. They found that field-dependent students who used the free access 

version o f the hypermedia system (nonlinear format) spent more time completing the test 

than those who used the restricted version (linear format). They also found that field- 

mdependent students also consulted the user guide for a longer period than field- 

dependent students in the restricted version, while field-dependent students consulted it 

for longer in the free access version. The study indicates that field-dependent learners 

spend less time leaming and less time consulting the user guide when they had a fixed 

path to follow in leaming programmes. They concluded that not all learners appreciate 

non-linear leaming, with field-independent learners relatively capable o f  defining their 

own leaming path while field-dependent leamers seem to prefer following a fixed path. 

This may be due to the fact that field-independent learners tend to be more analytical, 

defining their own stmcture, and relatively more active in their leaming behaviour. On 

the other hand field-dependent leamers prefer some extemally provided stmcture as they 

tend to rely on external stimuli and have more difficulty in separating the individual parts 

from the whole.
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Other studies have examined the impact o f learner control on navigation patterns and 

the use of navigational tools. For example, Ford and Chen (2000) examined student 

learning in a hypermedia system that taught HTML. The content o f  the tutorial was 

divided into seven hierarchical levels. Navigational control was provided in the form of: 

(a) an overall topic map, (b) a keyword search, (c) a top level menu, (d) section buttons 

for the three main sections, (e) subject categories, for example, overview and examples, 

(0 next/previous and back/forward buttons and (h) hyperlinks. During the course o f the 

study they recorded the frequency of navigation tools selected: including hyperlinks, 

buttons, map and index; and the frequency of subject categories selected: including 

overview, examples and detailed techniques.

On analysing the results, they found significant differences in navigation strategies 

used by field-dependent and field-independent learners. Relatively field-independent 

learners made greater use o f the index to locate a particular item and in contrast, field- 

dependent learners preferred to use the map to get the whole picture o f  the context. Field- 

independent learners made greater use o f the back/forward buttons learning in a serialist 

manner while field-dependent learners spent a greater proportion o f the time studying 

higher levels in the subject content hierarchy preferring to get an overview o f the content. 

They also found that field-dependent and field-independent students preferred to use 

different resources. Field-dependent students preferred to learn HTML with examples, 

while field-independent students preferred to see detailed descriptions o f each HTML 

command.

However despite the differences found in learning strategies and navigation patterns, 

they found no significant correlation between field-dependent/field-independent students 

and their learning outcomes. Some reasons they proposed, which equally apply to other 

studies, were:

• Differences in learning behaviour may not matter in terms o f  learning performance 

when learning takes place in a relatively unconstrained learning environment which 

allows high levels o f learner control over navigation

• Types and levels o f support provided in hypermedia environments (menu o f 

contents, back/forward navigation buttons) may provide sufficient support for 

field-dependent to overcome their limitations in imposing effective structure on 

their learning

• Measures used to assess learning outcomes may not have been sufficiently 

sensitive to determine the effects o f different learning strategies
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• The sample number in the study was too small

Despite the results o f this study, in which field-dependence/field-independence had no 

correlation with learning outcome, Ford & Chen (2001) conducted another study that 

examined the effect o f matching instructional strategies with levels o f field-dependence. 

Two versions o f hypermedia learning systems were designed with program control paths. 

A depth-first version presented each topic fully before the next topic, which was also 

presented in the same way. In contrast the breadth first version gave an overview o f all 

the material prior to introducing detail. They proposed that the depth-first sequence maps 

relatively well to the serialist strategy preferred by field-independent learners, and the 

breath-first sequence maps onto the top-down approach preferred by field-dependent 

learners. Their results showed, with statistical significance, that students whose cognitive 

styles were matched to the design o f hypermedia learning systems attained higher post

test and gain scores on conceptual knowledge. Field-dependent learners in the breadth- 

first version performed better than those in the depth-first version. In contrast, field- 

independent learners in the depth-first version outperformed those in the breadth-first 

version. Their results indicate that learning in matched conditions may in certain contexts 

be significantly more effective than learning in mismatched conditions.

Bringing together the results o f previous studies, Chen & Macredie (2002) proposed a 

learning model that illustrates how the field-dependence/field-independence cognitive 

styles influence student learning in a hypermedia system. Table 2-3 illustrates the model 

and shows how different learning characteristics can be supported with the different 

features o f hypermedia systems. Based on this model, they made recommendations for 

the design o f navigation support and user-interfaces in hypermedia systems. For example, 

to support field-independent learners with their analytic approach and independent 

learning, they should be provided with tools such as index and query searching that 

facilitate the location o f particular items. To support the global approach o f field- 

dependent learners, they should be provided with a main menu or map that show the 

whole picture o f the context and which serve as an anchor to organise information.
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Table 2-3: Characteristics and learning patterns o f field-dependent and field-independent 

individuals (adapted from Chen & Macredie, 2002)

F ie ld -D ep en d en t Ind ividuals F ie ld -In d ep en d en t Ind ividuals

H yperm edia
Learning
S y stem s

N on -L in ear
L earning

P assive  A pproach:

Provide G uided  N av igation

A c tiv e  A pproach:

P rovide Free N av iga tion

Learner
Control

E xternally  D irected: 

Support G uided  Learning

Internally  D irected:

Support Independent L earning

M ultip le T o o ls G lobal Fashion: 

S u p ply  M ap

A n a ly tic  Fashion: 

S u p ply  Index

In order to evaluate this model Mitchell et al. (2004) investigated the learning 

performance and user perception o f students using different hypermedia interfaces. They 

developed three interfaces: a field-independent and field-dependent interface that 

supported different cognitive styles, and a normal interface that supported both cognitive 

styles. The normal interface was a richly linked hypermedia system accompanied by 

different navigation tools such as a map, an index and a menu. The field-dependent 

interface organised the content in a breadth first manner, disabled links to restrict 

navigation choices and provided a hierarchical map. In contrast, the field-independent 

interface organised the content in a depth first manner, provided rich links to support free 

navigation and provided an alphabetical index.

During the course o f the study, each student used two interfaces: the normal interface 

and a second interface that either matched or mismatched their cognitive style. They 

reported that for those who were matched to their cognitive styles, there was no interface 

preference between the normal interface and the matched interface.

However, for those who were mismatched, they were significantly more likely to 

prefer the normal interface. Furthermore, analysis o f learning performance as measured 

by learning gain between pre- and post-test showed no significant difference between 

those who were matched and mismatched. In fact, the results indicate that those who were 

mismatched performed marginally better.

The authors o f the study suggest that wrongly adapted interfaces may causes problems 

for users and appropriately adapted interfaces may be no more effective than a well- 

designed interface for all users. They also pose the question whether it is possible to 

create a single interface that can be suitable for both field-dependent and field- 

independent users. They suggest that trying to create distinct interfaces for different levels
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o f field-dependent may do more harm than good. In addition as field-dependency is 

measured on a continuous scale and is only superficially grouped into distinct categories, 

it is difficult to decide categorically the preferences for any given user, particularly if  the 

user achieved an average score on the scale. They conclude by stating that further 

research is needed to re-interpret what the ideal interface might be for field-dependent 

and field-independent users and to determine if  one interface could satisfy all learners.

In another study, Shih & Gamon (2002) also report no difference in learning outcomes 

and suggest that the web provides an equally effective environment for students 

regardless o f field-dependent/field-independent cognitive style. They examined how 

students learned in Web-based courses on biology and zoology by analysing learning 

strategies, patterns o f learning and achievement. Learning patterns were measured by 

identifying how often the students accessed different functions in the hypermedia 

environment and how long the students used the courseware. Learning strategies were 

analysed by identifying how students understood, integrated and retained new 

information. These strategies included metacognition, resource management, rehearsal, 

organisation and elaboration. They report that student’s learning styles and patterns o f 

learning, did not have an effect on achievement measured by class grade. Additionally, 

field-independent students did not differ significantly from field-dependent students in 

their use o f learning strategies and patterns o f learning. They conclude that students with 

different learning styles and backgrounds learned equally well, and did not differ in their 

use o f learning strategies and patterns of learning.

In summary, it appears that field-dependent and field-independent learners do express 

differences in learning behaviour. It seems that learners react differently to non-linear 

learning, prefer different levels o f learner control, exhibit different navigation patterns 

and prefer different navigation tools. However, further research is required to determine 

how instructional design can support these differences and improve learning performance.

2.3.3.2 Additional Learning Style Studies

Many other research studies have investigated different styles, trying to measure the 

impact of style on learning behaviour and learning outcomes. G raff (2003b) investigated 

whether different hypertext architectures could be matched to an individual’s cognitive 

style to facilitate learning. Three hypertext architectures were employed: linear, 

hierarchical, and relational; and the wholist-analytic/verbaliser-imager cognitive style was 

used. Their findings revealed that for certain hypertext architectures, learning may be
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facilitated when the architecture is matched to the cognitive style o f  the user. Riding and 

Grimley (1989) also investigated the effect o f the wholist-analytic/imager-verbaliser 

cognitive style when using different presentations. The report that overall, imagers 

generally learn best from pictorial presentations whereas verbalizers learn best from 

verbal presentation. Rasmussen (1998) also argues that learning styles can be used to 

facilitate and enhance student performance in hypermedia learning environments. In a 

study examining the influence o f the Kolb learning styles, they report that learners who 

tended toward abstractness on the perception dimension o f  the Kolb learning style 

performed better than those individuals who tended toward concreteness. Furthermore, 

Ross and Schultz (1999) investigated the impact o f the Gregorc learning style model. 

Their results indicated that patterns o f learning did not differ significantly based on the 

learner’s dominant learning style. However, they report that learning style significantly 

affected learning outcome and argue that abstract random learners may perform poorly 

with certain forms of computer-aided instruction

In one o f the few studies exploring the concept o f  different intelligences, Howard et al. 

(1999) examined the effect that various intelligences (or abilities, as defined by 

Sternberg, 1989) had on using multimedia when learning science. They categorized 

students according to their strongest ability (either analytic, creative, or practical) and 

examined how each group succeeded at cooperative learning tasks. The learning tasks 

consisted o f conducting research investigations on the topic o f the universe and current 

astronomical questions. The study also observed how the learner’s attitudes towards 

science were influenced. The results indicate that students achieved equal success 

regardless o f  what their strongest intelligence was. In addition, they found evidence that 

those who were more practical or creative in their abilities benefited by developing more 

positive attitudes towards science.

As indicated by the research studies, it still remains inconclusive about how individual 

differences affect learning performance. Studies do appear to demonstrate that learners 

with different characteristics do exhibit differences in learning behaviour such as 

navigation. However, how these different characteristics relate to learning performance is 

still not clear. Further empirical studies are needed to explore the relationship between 

learning performance, individual differences and technology enhanced learning 

environments. In particular, more research is needed on the application o f multiple 

intelligences to technology enhanced environments. A promising research direction is in 

the area o f adaptive educational systems, which by building a dynamic model o f each
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individual learner has the potential to address the problem o f how to match individual 

differences with instructional methods.

2.3.4 Adaptive Educational Systems

Several adaptive educational systems adapting to individual traits such as style and 

intelligence have been developed. Such systems are built on the hypotheses that learning 

behaviour is related to learning characteristics and that learning performance can be 

improved if  the individual traits are supported. The two critical issues in the design o f 

such systems are:

• Diagnosis o f learning style and construction o f the learner model

• Adaptation o f environment in different ways for learners with different 

characteristics.

These two issues are examples of the generic processes o f user model acquisition and 

user model application that are found in general user-adaptive systems (Jameson, 2003). 

Accordingly systems can be classified by how they address these two issues.

Diagnosis

The diagnosis o f learning characteristics is the process o f  inferring the student’s 

internal characteristics from their observable behaviour. This diagnosis encompasses 

three aspects: 1) the initialisation o f the learner model, 2) the selection o f appropriate 

measures to serve as indicators o f learning preferences, and 3) the analysis o f observable 

behaviour. Two main approaches to student diagnosis can be identified:

1. The simpler approach in the diagnosis o f learning characteristics is the use o f self- 

report measures (Riding & Rayner, 1998). This approach is usually used to 

initialise the learner model by getting the student to complete specially design 

psychological tests. Examples o f such systems are INSPIRE (Papanikolaou et al., 

2003), AES-CS (Triantafillou et al., 2003) and CS3838 (Carver et al., 1999). In 

addition, several systems such as INSPIRE and AES-CS allow the user to directly 

manipulate the learner model and express their own point o f  view about their 

learning style. Such systems that allow the user to explicitly set their own 

preferences are described as adaptable, in contrast to adaptive systems which 

automatically adapt to information in the learner model (Chen & Magoulas, 2005).
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2. The second approach is to base the diagnosis o f learning characteristics on the 

behaviour o f the learner. Examples o f such systems are ARTHUR (Gilbert & Han, 

1999b), iMANIC (Stern & Wolf, 2000) and ACE (Specbt & Opperman, 1998). In this 

case, the diagnosis is based on real data coming from the learner’s interaction with 

the system. However with this approach, inference techniques are needed to 

analyse the behavioural indicators (Jameson, 2003).

Adap ta t ion

The second critical issue involves the design o f adaptation; what to do for different 

learners and how to do it using different adaptation technologies. Two main classes of 

systems can also be identified:

1. Systems that adapt the content o f instruction. Such systems will primarily use 

adaptive presentation technologies and techniques to adapt the content and 

sequencing o f material. ARTHUR and CS383 are examples o f systems that use 

multiple types o f resources. These systems demand the development o f multiple 

types o f  educational material for each particular section o f the course. ACE and 

INSPIRE are examples o f systems that adapt the sequencing o f material. Theses 

systems reuse the same content but present it in a different sequence.

2. Systems that adapt to the learner’s cognitive thinking (i.e. thinking, perceiving and 

remembering). Such systems will use adaptive navigation technologies and 

techniques to support the learner’s orientation and navigation. AES-CS is an 

example o f such a system which uses learning style information to decide which 

navigational aids will help the learner move about in the knowledge domain.

To illustrate the different approaches used in diagnosis and adaptation, several 

examples o f systems will be described in more detail using the following criteria;

• Underpinning educational theory; The underpinning theory that provides the 

framework through which it is possible to categorise learners and the domain, and 

guide decisions about what the system should do for different learners

• Diagnosis; The approach used to diagnose learning characteristics and construct the 

learner model

• Adaptation; The adaptation technology describes what is done for different 

learners and how it is done.
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• Empirical Studies: The goals of such studies concentrate on the effectiveness and 

efficiency o f adaptation by measuring performance, learning time, navigation 

patterns and learner’s subjective evaluation. These studies consider different 

dimensions: (1) the relationship between matching and mismatching instructional 

approaches with individual differences (Ford & Chen, 2001; Bajraktarevic et al., 

2003); (2) the learning performance and time o f learners with different styles in 

matched sessions (Triantafillou et al., 2003); (3) the navigation patterns o f learners 

with different profiles in matched sessions (Papanikolaou et al., 2003).

2.3.4.1 Adaptive Systems with Diagnosis based on Self Report

The systems reviewed in this section construct the learner model using self-report 

measures. The systems have been selected to illustrate how adaptive presentation or 

navigation techniques can be used. For example, CS383 (Carver et al., 1999) and 

CUMAPH (Habieb, 2004) both modify the presentation o f content. AES-CS (Triatafillou 

et al., 2003) uses adaptive navigation techniques to support the learner’s orientation. 

INSPIRE (Papanikolaou et al., 2003) uses both adaptive presentation and navigation to 

support different learning styles. Two systems that adapt to abilities are also presented. 

Arroyo (2004) adapts the presentation o f hints to cognitive abilities whereas Dara- 

Abrams (2002) adapts the presentation o f content to intelligence. Table 2-4 provides a 

summary of the different systems.

CS383 modifies the presentation o f content for each student using the Felder & 

Silverman learning style model. Learners submitted a questionnaire proposed by Soloman 

and were classified as sensing/intuitive, visual/verbal and sequential/global learners. For 

example, sensing learners like to learn facts while intuitive learners like to learn concepts 

and sequential learners like to learn step-by-step while global learners like to learn the big 

picture first. The system provided a rich set o f multimedia content with each media type 

rated on a scale from 0 to 100 to determine the amount o f support it gave for each 

learning style. This rating was combined with the student profile to produce a unique 

ranking o f each media type from the perspective o f the student’s unique profile. 

Subsequently, the media elements were presented in a sorted list ranked from the most to 

least relevant based on their effectiveness to each student’s learning style. The key factor 

with this approach is determining what type o f media is appropriate for the different 

styles and scoring the ratings for each media element. However, despite some media

43



being inherently appropriate to certain learning styles, for example graphics for visual 

learners, it is not always clear how to rate media elements against other learning styles 

such as the sensing/intuitive dimension. Despite only an informal assessment being 

conducted over a 2-year period using an end o f course survey some useful feedback was 

received. Different students rated different media components as best and worse, 

indicating that students have different preferences. Instructors also noticed dramatic 

changes in the depth o f student knowledge with substantial increases in the performance 

o f  the best students.

Similarly, CUMAPH (Habieb-Mammar & Tarpin, 2004) adapts the presentation of 

content, but in this instance to cognitive profile. This cognitive profile is based on 

working memory (visual, verbal, auditory), long and short term memory, categorisation, 

comprehension, visual/spatial exploration, form recognition and glossary. To determine 

the cognitive profile, students complete interactive exercises before the tutorial. In the 

tutorial, each element o f content such as a concept or explanation has different versions 

with different amounts o f verbal, visual and musical media. For each element, a rating for 

each media type is assigned, indicating how much verbal, visual or musical content it 

contains. The adaptive presentation technique, using an arithmetic formula, selects the 

combination o f  elements that best fits the cognitive model. Again the challenge with this 

approach is ensuring that the ratings for each element are accurate and match 

appropriately to the visual, verbal and auditory indicators. In an evaluation with 39 

students, they created a real profile based on visual, verbal and auditory indicators and a 

randomised profile. They based the adaptation on the randomized profile and showed that 

when the randomized profile was similar to the real profile, the results were better. The 

results indicate that adaptive presentation can contribute to improvements in performance 

o f  students.

INSPIRE illustrates how systems can use adaptive presentation techniques without 

having to create multiple versions o f each resource. By submitting a questionnaire 

students were classified either as activists, pragmatists, reflectors or theorists according to 

Honey & M um ford’s theory. After submitting the questionnaire students were also able to 

directly manipulate the learner model. During the tutorial the system can adapt the order 

o f  presentation o f multiple types o f resources according to different instructional 

strategies. These resource types vary from activities, examples, exercise, theory 

presentations to questions. Depending on the instructional strategy resources are 

presented in a different sequence. For example, if  the learner is an activist, the 

instructional strategy would be to provide the activity resource first and provide links to
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the other resources in a suitably ordered sequence. A formative study was conducted with 

23 students, the main objective o f which was to provide evidence about the way learners 

that belong to different learning style categories select and use educational resources. 

During the study, learners were matched with instructional strategies that were deemed 

beneficial. For the different learning style categories, the navigation traces and studying 

behaviour, such as the time spent and hits on resources, were analysed. The results 

indicate that different learners use resources in different ways and that the studying 

behaviour o f specific learners was representative o f their learning style category.
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Table 2-4: Adaptive Systems with Diagnosis based on Self-Report

A uthor(s) Educational
T heory

D iagnosis A daptation E m pirical Studies

C arver et al.
1999
(C S383)

Sensing /in tu itive , 
v isual/verbal, and 
sequential/g lobal 
(Felder & 
S ilverm an, 1988)

L earners
subm it
q uestionnaire  
proposed by 
Solom an 
(1992)

A dap tive ly  p resen ts 
m edia e lem en ts in a 
sorted list ranked  from  
the m ost to  least 
conducive based on 
their e ffec tiveness to 
each s tu d en t’s learn ing  
style

Inform al
assessm ent over 2 
years using  end o f  
course survey, 
D ifferent studen ts 
rated d ifferent 
m edia  com ponents 
as best and w orse

H abieb- 
M am m ar et 
al. 2004 
(C U M A PH )

C ognitive  m odel 
based  on w ork ing  
m em ory(v isual 
verbal, auditory) 
and o ther features

Interactive
E xercises

A daptively  se lec ts and 
presen ts m ultim ed ia  
com bination  for 
content that bests fist 
cognitive  m odel

39 students. B ased 
adap tation  on a 
generated  
random ized  
profile. W hen 
random ized  profile  
sim ilar to  real 
profile , results 
better

T rian tafiliou  
et al. 2003, 
2004
(A E S-C S )

Field-
d ependent/F ield - 
independent 
C ognitive  Style

Q uestionnaire  
plus d irect 
m anipulation  
o f  learner 
m odel by 
learner

A dapts am o u n t o f  
control (system  vs. 
learner), contextual 
o rgan isers (advance  vs. 
post), lesson structure  
support, approach  
(global vs. analy tical), 
nav igational too ls and 
feedback

64 students. Field- 
d ependent learners 
p erform ed  better 
w ith adaptive 
system  than w ith 
trad itional system

Papanikolaou 
et al. 2003 
(IN S P IR E )

A ctiv ists, 
P ragm atists, 
R eflectors & 
T heorists (H oney 
& M um ford, 
1986)

Q uestionnaire  
p lus direct 
m anipulation  
o f  learner 
m odel by 
learner

A dapt the m ethod  and 
o rder o f  p resen ta tion  o f  
m ultip le  types o f  
resources (activ ity , 
exam ples, exercise, 
theory, question) 
acco rd ing  to d ifferen t 
instructional stra teg ies

Form ative study 
w ith 23 subjects. 
Ind icates that 
studying  behav iour 
o f  specific  learners 
w ere
represen tative  o f  
learn ing  style 
categories.

A rroyo  et al. 
2004 
(W ayang  
O utpost)

C ognitive  abilities: 
spatial ab ility  and 
m aths proficiency

C om puter 
based  pre-tests

A dapt h in ts using 
e ither spatial or 
com putational 
approach

95 students. 
P rov id ing  h in ts to 
stu d en t’s cognitive  
sk ills yields h igher 
learning.

D ara-A bram s
(2002)

M ultip le
In telligences

Q uestionnaire  
plus direct 
m anipulation  
o f  learner 
m odel by 
learner

A dapts tex t and
m ultim edia
presenta tion

Form ative 
evaluation  w ith 33 
students. Positive 
feedback  from  
participan ts on 
content
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AES-CS is an exam ple o f  a system  that adapts navigational aids based on the 

cognitive style o f  the learner. Before the tutorial, students are asked to com plete a 

questionnaire in order to determ ine their field-dependent/field  independent cognitive 

style. In addition, students have the facility  to directly  m anipulate the learner m odel 

throughout the tutorial i f  they so wish. D uring the tutorial, the system  adapts learner 

control, contextual organisers and lesson structure support. C ontrol options vary betw een 

learner control w here the learner can proceed through the course in any order via the 

m enu and program  control where the system  guides the user w ith  adaptive navigation 

support. C ontextual organisers m ay be either advance, before presentation  o f  a topic, or 

post, after presentation  o f  a topic. Lesson structure support can be provided through either 

a concept m ap or graphic indicator. A  sum m ative evaluation  o f  the system  w as conducted 

w ith  64 students. One group used the adaptive A ES-CS and the other group used a 

traditional hyperm edia environm ent. The results suggest that learners, and in particular 

field-dependent learners, perform ed better w ith the adaptive system  than w ith  the 

traditional system.

A different approach is to adapt the presentation o f  hints to cognitive abilities (Arroyo 

et al., 2004). W ayang outpost is an adaptive tu tor for m aths that, am ong other features, 

adapts the type o f  hints to spatial ability  and m aths proficiency. U sing com puter based 

pre-tests, it determ ines the cognitive skill level in spatial ability  and m aths fact retrieval, 

m aths fact retrieval being a m easure o f  the student’s proficiency w ith m ath facts. W hen a 

student seeks help, the system  provides hints using either a spatial or com putational 

approach. The spatial approach uses spatial tricks and visual estim ations o f  angles and 

lengths, and the com putational approach uses arithm etic form ulas and equations. An 

evaluation was conducted w ith two groups o f  95 students. S tudents w ere assigned to one 

o f  two versions o f  the system , spatial o r com putational. They report that students with 

low  spatial and high m aths retrieval profiles learn m ore w ith com putational help w hereas 

students w ith high-spatial and low -retrieval profiles learn m ore w ith  spatial explanations. 

The results suggest that adapting the presentation o f  hin ts to studen t’s cognitive abilities 

yields higher learning.

D ara-A bram s (2002) is another exam ple o f  a system  that adapts to abilities. It is one o f  

the very system s w here adaptation is based on the theory  o f  M ultip le Intelligences. U sing 

an online questionnaire, the system  identifies the three m ost developed intelligences. In 

addition during the tutorial, students can also inspect and change the user m odel. As the
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student proceeds through a tutorial, the system adapts the presentation o f content using 

different variations o f Multiple Intelligence informed multimedia. A formative evaluation 

using questionnaires with 33 students was conducted. Positive feedback was received 

indicating that a multi-intelligent approach to content development can improve the 

learning environment.

A number o f  other systems that diagnose learning characteristics using self-report 

measures also exist (e.g. Martinez & Bunderson, 2000; Wolf, 2003; Bajraktarevic et al., 

2003; Castillo et al., 2003). Most of them adapt to a particular learning style theory rather 

than to a theory o f intelligence. However, one area for future research with all these 

systems is in evaluation. Significant empirical studies are needed to determine their 

impact the learning performance and the benefit o f adaptivity for learning.

2.3.4.2 Adaptive Systems with Diagnosis based on Observable

Behaviour

Instead o f using self-report measures to diagnose learning characteristics, it is possible 

to base the diagnosis on observations o f learning behaviour. With this approach data 

coming from the learner’s interaction with the system is analysed to determine their 

learning characteristics. The systems reviewed here illustrated how it is possible to use 

different types o f behavioural indicators as the basis o f  the analysis. For example, ACE 

(Specht & Opperman, 1998) adapts the sequence o f material based on the learner’s 

performance in tests and the requests for different material. ARTHUR (Gilbert & Han, 

1999b) is another system that adapts the instructional style to performance in tests, but in 

this instance by matching the performance o f one learner with another. In contrast, 

iMANIC adapts the presentation o f content just by analysing the student’s preferences for 

different kinds o f resources. Table 2-5 provides a summary o f  these systems.
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Table 2-5: Adaptive Systems with Diagnosis based on Observable Behaviour

A uthor(s) E ducational
T heory

D iagnosis A daptation Em pirical Studies

Specht & 
O pperm an 
1998 (A C E)

P references about 
sequencing  o f 
m ateria ls

B ased on 
learners 
requests for 
m aterial and 
on the success 
o f  curren tly  
used stra tegy  
as determ ined 
by
perform ance 
in tests

A dapt sequence o f  
m ateria l acco rd in g  to  
teach ing  stra tegy  e.g. 
learn ing  by  exam ple

S tudies have 
evaluated  adaptive 
com ponen ts and 
have show n 
im provem en ts in 
e ffic ien cy  and 
effec tiveness o f  
learn ing  com pared 
to  classical static 
hyperm edia

G ilbert & 
H an 1999b 
(A rthur)

S tyle o f  
instruction  w ith 
w hich studen ts 
achieve 
sa tisfactory  
perform ance

B ased on 
lea rn er’s 
perform ance 
in tests

A dapts cho ice  o f  
m ultim edia  
resources: visual- 
interactive, auditory- 
text, aud ito ry -lec tu re , 
and tex t style

M ajority  o f  learners 
(81 %  out o f  a group 
o f  21 studen ts) 
com plete  the  course 
w hile  perfo rm ing  at 
a m astering  level on 
qu izzes found at the 
end o f  each lesson

Stern & 
W o lf 2000 
(iM A N IC )

P references for: 
m edia, type o f 
instruction , level 
o f  content 
abstractness, 
o rd ering  o f  
content

A dapts to 
lea rn er’s 
selection  o f  
d ifferent types 
o f  resources

P resentation  o f  
content using  stretch  
text w hich a llow s 
certain  part o f  page to 
be opened or closed. 
A lso  sequencing  o f  
content ob jects for a 
concept.

E valuated  accu racy  
o f  c lassification . 
Possib le to  learn 
param eters for each 
student w ith in  few 
slides that achieved 
optim al 
c lassification .

ACE illustrates how both adaptive presentation and navigation are used to adapt the 

sequence o f  material to the success o f  the currently used teaching strategy. Within the 

system , two levels o f  adaptation take place: sequencing o f  learning units and sequencing 

o f  learning materials within each unit. Each unit consists o f  different types o f  learning 

material such as introduction, text, example, animation, simulation, test, summary, 

graphic, animation and video. Depending on the particular teaching strategy (such as 

learning by doing, reading text or learning by example) materials are sequenced in 

different ways. The particular teaching strategy is chosen by monitoring the learner’s 

request for material, and on the success o f  the currently used strategy. The success o f  a 

strategy is mainly determined by the learner’s performance in the tests where repeated 

occurrences o f  high performance raise the preference value o f  the strategy. Empirical 

studies conducted with the different adaptive components have shown that the efficiency  

and effectiveness o f  learning has improved when compared to classical static hypermedia.
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ARTHUR is another system that illustrates how to dynamically adapt instructional 

style to learner’s performance in tests. However, in this instance multiple versions o f the 

same resource are created using different instructional styles and different types of media. 

The range o f styles varies from visual-interactive, auditory-text, auditory-lecture to plain 

text. After each concept, the learner is presented with a quiz. If  the learner scores less 

than 80 % in the quiz they will be provided with material o f  alternative instructional style, 

otherwise the instructional style currently used is presumed to match the learner’s 

learning style. To determine the instructional style an inference engine, based on case- 

based reasoning, matches the current user performance against the history o f previous 

users. For example if  a student shows a similar pattern in missing questions to a previous 

student, they will be classified as having similar learning styles, and will be allocated an 

instructional strategy which worked for the previous student. Empirical studies were 

conducted to determine how many learners could complete a course while performing at a 

mastery level on quizzes found at the end o f  each lesson. It was found that the majority of 

learners, 81 % out o f a group of 21, completed the course and were successfully at 

mastering the course content. This suggests that providing a range o f instructional 

strategies was beneficial to learners. However, it would be interesting to determine with 

further studies the impact of the different instructional strategies on different learners.

In contrast, iMANIC is a system that adapts the presentation o f content to the learner’s 

selection o f different types o f resources. Multiple resources are categorised according to 

the instructional type (explanation/ example/ definition), media type (text/picture), place 

in topic (beginning/end), abstractness (concrete/abstract) and place in concept 

(beginning/middle/end). The different resources are adaptively presented using stretch 

text which allows certain parts o f a page to be opened or closed. As the student interacts 

with the system, they can open and close resources indicating which resources are 

preferred. When presenting the next concept, this interaction data is analysed using the 

Naive Bayes algorithm to determine which resources are wanted and should be presented 

first. A limited evaluation was performed to determine how accurate the classifier was at 

predicting student behaviour. The results indicate that it was not possible to use same 

teaching strategy for all students as the classification algorithm did not achieve the best 

accuracy using the same parameters for every student. However, the results suggest that it 

was possible to learn for each student within a few slides the parameters that achieve 

optimal classification. The results also suggest that students have strong preferences for 

particular resources and that the Naive Bayes algorithm may be suitable technique for
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determining these preferences. However, it would be interesting to evaluate with further 

studies if  the system has any impact on learning performance.

Compared to the number o f systems that diagnose learning characteristics by self- 

report, there are few systems that dynamically diagnose by observing the learner’s 

behaviour. The problem in developing such systems is that not only is there the need to 

validate the effectiveness of the adaptation strategies, there is also the need to identify 

appropriate behavioural indicators and validate the accuracy o f the inference techniques 

that analyse the interaction data.

2.3.5 Technology Enhanced Learning; Summary

The two critical issues in the development o f  systems that adapt to individual 

differences are the diagnosis o f  learning style and the adaptation o f the learning 

environment. One promising approach that can address these issues is the development of 

intelligent techniques for diagnosis and adaptation. These techniques are based on 

observing the learner’s behaviour, inferring learning preferences from those observations 

and subsequently, dynamically customising the learning environment.

One o f the significant factors influencing the effectiveness o f  such techniques is the 

selection o f appropriate measures o f behaviour that are indicative o f learning style 

preferences. Such measures may include (Papanikolaou & Grigoriadou, 2004):

• Navigational indicators such as the number of hits on particular resources, the 

preferred format o f presentation and navigation patterns

• Temporal indicators such the time spent on different types o f resources

• Performance indicators such as the number o f  attempts on exercises and or the 

score obtained in tests

Another significant factor is the identification o f appropriate inference methods that 

can analyse the behavioural data. Such methods range from Bayesian and logic based 

methods to machine learning techniques such as rule based learning, neural networks, 

probability learning, instance-based learning and content-based/collaborative filtering 

(Zuckerman & Albrecht, 2001; Jameson, 2003). The reason for choosing a particular 

method will depend on the computational complexity, amount o f input data required, 

handling o f  noise and uncertainty, knowledge acquisition effort and validity (Webb et al., 

2 0 0 1 ).
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Further research is needed for the promise o f dynamic diagnosis and adaptation to be 

realised. It still remains a challenge to identify the features o f behaviour that are most 

indicative of learning characteristics and are worth modelling. It is also necessary to 

identify appropriate inference techniques that analyse the data and validate the accuracy 

o f  such techniques. Furthermore, large-scale empirical studies are also needed to 

determine the impact on learning performance o f different dynamic adaptation strategies.

2.4 Conclusions

A number o f conclusions can be drawn from the literature reviewed. The study of 

individual trait differences may hold the key to understanding why some students perform 

than others. Technology enhanced learning environments, and in particular adaptive 

educational systems offer the potential to support individual differences in learning. 

Research has examined the impact o f  learning styles on learning but it has been difficult 

to prove conclusively how learning styles can be supported and improve learning 

outcomes. In contrast, there is much evidence that shows how intelligence is a predictor 

o f learning performance. In particular, the theory of Multiple Intelligences offers the 

potential to provide a framework for a broad range o f individualised pedagogical 

strategies, while building on research that demonstrates how intelligence can be a 

predictor o f learning performance. Furthermore, diagnosing learning characteristics can 

be challenging and intelligent techniques that analyse patterns in observable learning 

behaviour offer a promising solution. This section summarises the main conclusions o f 

the literature review and argues that this research addresses the challenges in building 

adaptive educational systems that support individual trait differences in a novel manner.

2.4,1 Individual Differences and Technology Enhanced 

Learning

The study o f individual differences is central to understanding how some students 

perform better than others. Learners exhibit different learning characteristics in the way 

they process and organise information, in the way they behave while learning and in their 

predispositions towards particular learning modes. Considerable research has been 

undertaken to discover the impact o f individual traits on learning environments. However 

the results are inconclusive, with some studies finding that learning improves when 

individual difference are taken into account, whilst others finding no differences. One
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reason for these conflicting studies is that it is difficult in practice to match student 

characteristics with instructional environments.

Adaptive Educational Systems offer the opportunity to address the issue o f how to 

match individual differences with instructional methods or learning environments. Such 

systems adapt the content and environment to the knowledge, goals, interests and other 

features o f the learner such as individual differences in style and intelligence. However in 

the design o f adaptive educational systems, significant challenges exist.

First, it is necessary to determine what the system adapts to, how learning 

characteristics are diagnosed and how a model o f the student is built. Second, it is 

necessary to define what and how the system adapts, what can be done for learners with 

different characteristics and how can the learning environment be tailored to support the 

student’s needs.

2.4.2 Multiple Intelligences and Learning Styles

Two main categories o f  individual traits in learning that are consistent over the long 

term can be identified: intelligences and style. Comparing intelligences to style, 

individual differences in intelligence refer to the ability with which one can do 

something, whereas styles refer to preferences in the use o f abilities.

Much research has been conducted on the integration o f  learning styles in the design 

o f adaptive educational systems. However, it has been difficult to demonstrate 

conclusively how the concept of learning style can be supported and how it can improve 

learning outcomes. Some reasons for this include (Riding & Rayner, 1998);

• The lack o f  a unifying framework or organising theory to understand different 

styles in relation to each other

• Difficulty in developing valid methods for objectively assessing dimensions of 

style

• Arbitrary classification of individuals into categories, theories classify people but 

people are flexible and do not fit neatly in predefined types

• Questions around the construct validity o f  style with statistical analyses providing 

mixed support

In contrast, there is much evidence to support the concept o f intelligence as a predictor 

o f  learning performance. Instead with intelligence, there is much debate about how
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intelligence can be m easured and on the concept o f  a single general intelligence level 

w here all abilities are correlated. Critics argue that good or poor perform ance in one area 

in no way guarantees sim ilar perform ance in another and that the full range o f  intelligent 

behaviour is not com pletely captured by any single general ability  (Snow , 1992; 

S ternberg, 1996).

In particular, G ardner (Gardner, 1983, 1993, 2000) proposes the concept o f  M ultiple 

Intelligences, a theory w hich describes how  different in telligences are used to solve 

problem s and fashion products. In the past 20 years since the theory o f  M ultiple 

Intelligences was introduced, it has been found to be a useful construct in m any settings 

such as education and training, career guidance and developm ent, counselling and 

personal developm ent (M antzaris, 1999). In particular, research has suggested that the 

im pact o f  the M ultiple Intelligence theory in the classroom  has been significant 

(C am pbell & C am pbell, 2000). It should be noted  how ever that the theory o f  M ultiple 

Intelligence has m any critics who state that the in telligences should be described as 

special talents and that there is no em pirical basis for the different intelligences (K lein, 

1997;T raub , 1998).

D espite the critics, the theory o f  M ultiple Intelligence has rem ained very popular. One 

reason for this is that the different intelligences are not abstract concepts, but are easily 

recognizable through experience. Intuitively, it is possib le to understand the d ifferences 

betw een m usical and linguistic, or spatial and m athem atical intelligences. As a 

consequence, it offers a rich structure and language in w hich to develop content and 

m odel the student. Currently , the application o f  M ultiple Intelligence to  adaptive 

educational system s is still very lim ited and in the early stages o f  research (D ara-A bram s, 

2002). This is som ew hat surprising given that G ardner p redicted  back in 1983 that “ the 

potential utility o f  com puters in the process o f  m atching individuals to m odes o f  

instruction is substantial” and that “ the com puter can be vital facilita tor in the actual 

process o f  instruction” (Gardner, 1983, p391). Hence, this research proposes that the use 

o f  the M ultiple Intelligence fram ew ork o f  individual differences in the design o f  adaptive 

educational system s offers an unexplored dim ension that m ay enhance learning.

2.4.3 Intelligent Techniques for Diagnosis and Adaptation

The diagnosis o f  M ultiple Intelligence profile can be achieved by either self-report or 

by  observing the behaviour o f  the learner. The self-report d iagnosis can be achieved 

through the use o f  the M IDAS questionnaire (Shearer, 1996). It should be first noted that

54



the issue o f the adequacy o f psychometric measurement instruments is o f critical 

importance and is continuously debated (Meyer et al., 2001; Messick, 1996; Bonham, 

1988b). Gardner (1996) him self opposes the use o f Multiple Intelligence tests as he 

argues they cannot assess aptitudes such as wisdom, creativity, practical knowledge and 

social skills. However he has endorsed the MIDAS instrument as having the potential to 

be very useful to students and teachers. The MIDAS instrument has been used in a wide a 

number o f studies and has proved to be consistent and reliable (Shearer, 1996).

The second approach is to diagnose the Multiple Intelligence profile by observing the 

patterns in learning activity. With this approach, every action the learner makes, such as 

selecting a navigation link or playing a sound file, is recorded and analysed. The problem 

here is that the volume o f data recorded can be enormous. Hence to effectively identify 

patterns in learning behaviour, intelligent techniques based on machine leaming or 

statistics are required. The key challenges with this approach are the identification of 

behavioural features that are most indicative o f leaming characteristics and the selection 

o f appropriate intelligence techniques o f analysis and inference.

There exists a variety o f methods for inference such as neural networks, rule based 

leaming and probability leaming. However, one o f the key criteria for success in using 

these methods is the identification of suitable input features. As it remains a challenge to 

identify behavioural features that are representative o f leaming characteristics, the 

effective use o f such methods is not easy. Several systems using machine-leaming 

techniques have adapted to knowledge level indicators, which can be more easily 

determined by analysing performance in tests. For example, if  a student is performing 

well in tests it can be presumed that the current instmctional style is working (Gilbert & 

Han, 1999b). Altematively, other indicators such as navigational and temporal indicators 

can also be used. For example, the probability o f one resource being wanted over other 

resources can be calculated by analysing the characteristics o f  previous resources that 

have been selected (Stem & Wolf, 2000).

To dynamically diagnose the Multiple Intelligence profile o f the leamer, this research 

proposes a novel set o f input features that are based on navigational and temporal 

features. These features describe how different Multiple Intelligence resources are used 

and include such information as to which resource was selected first and how many times 

each category o f  resources was used. The research also proposes a novel way o f using 

these input features with the Naive Bayes algorithm to dynamically determine a Multiple 

Intelligence profile.
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To develop an adaptive system  that incorporates the M ultiple Intelligence concept, 

adaptive hyperm edia offers two m ajor technologies: adaptive presentation  and adaptive 

navigation. A daptive presentation can be used to dynam ically  assem ble different M ultiple 

Intelligence inform ed educational content. A daptive navigation can be used to help the 

student m ove around a know ledge dom ain  rich in M ultiple Intelligence inform ed 

resources. Both technologies provide a rich range o f  techniques and m ethod that support 

M ultiple Intelligence based adaptation. Several system s have dem onstrated  such 

technologies enhance the learning perform ance o f  students (Triantafilliou, 2004) w hich 

suggests they will also be o f  benefit in M ultiple Intelligence based adaptation.

2.4.4 Research Challenges

A daptive educational system s that adapt to different learning characteristics offer great 

opportunities to enhance learning for all types o f  learners. H ow ever, bu ild ing  such 

system s is not easy and outstanding research issues include how  to diagnose relevant 

learning characteristics and how  to adapt the learning environm ent for d ifferent learners. 

This review  suggests that the theory o f  M ultiple In telligences is an un-explored 

d im ension in the design o f  adaptive educational system s, that there is a need for 

intelligent techniques that can d iagnose learning characteristics and that adaptive 

hyperm edia techniques can be used to im prove learning perform ance.

This thesis proposes that the ED UCE adaptive educational system  addresses these 

challenges in a novel m anner. In sum m ary, it dem onstrates;

•  How the use o f  the M ultiple Intelligence theory  can be used to m odel learning 

characteristics and provide a com plem entary range o f  educational m aterial (chapter 

3). In this chapter the theory o f  M I is also explained in m uch greater detail.

•  How E D U C E ’s predictive engine, using the N aive B ayes algorithm , can 

dynam ically  identify the learner’s M ultiple Intelligence profile and m ake 

predictions as to w hat M ultiple Intelligence inform ed resource the user prefers 

(chapter 4)

• How to adapt the presentation  o f  m aterial using d ifferent pedagogical strategies 

(chapter 3)

U sing ED U C E it is possible to explore different educational issues as: d ifferent levels 

o f  adaptivity  that vary from  full learner control to system  control, the use o f  se lf  report

56



versus behavioural observations to determ ine learning characteristics, and the m atching 

and m ism atching o f  pedagogical strategies w ith learning characteristics.

M ore specifically, this research, through em pirical studies, exam ines two research 

questions: (chapter 6 and chapter 7):

1. The effect o f  using different adaptive presentation  strategies in contrast to giving 

the learner com plete control over the learning environm ent and

2. The im pact on learning perform ance w hen m aterial is m atched and m ism atched 

w ith learning preferences.

2.5 Summary

This chapter has briefly  review ed how  adaptive educational system s offer the potential to 

provide learning environm ents that support individual differences. First, it review ed the 

nature and dim ensions o f  individual differences in intelligence and style. Second, it 

review ed technology enhanced learning environm ents that acknow ledge the role o f  

individual differences. Last, it argued that ED U C E addresses, in a novel m anner, the 

challenges in developing an adaptive system  by  using the M ultiple Intelligence theory o f  

individual differences and by being able to dynam ically  diagnose learning characteristics 

from  observable behaviour.
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3 EDUCE

3.1 Introduction

This chapter describes the principles, architecture, design and im plem entation o f  

ED UC E. Firstly, it outlines the m odel for incorporating the M ultip le Intelligence theory 

into the design o f  EDUCE. Secondly, it describes in detail the M uhiple Intelligence 

theory and the M IDAS instrum ent used to assess M ultip le Intelligence profiles. 

Subsequently , it describes the dom ain m odel, student m odel, presentation  m odel, 

predictive engine and pedagogical m odel. F inally, it outlines the technical 

im plem entation o f  EDUCE.

3.2 Overall Architecture

student
Model

Domain
Model Ml Theory

P edagogical
Model Predictive

Engine

Presentation
Model

Figure 3-1: EDUCE A rchitecture
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Figure 3-1 illustrates the architecture o f EDUCE (Kelly & Tangney, 2002, 2004d). It 

consists o f a student model, a domain model, a pedagogical model, a predictive engine 

and a presentation model. The different components have the following functions:

• The domain model is a representation o f the material to be learnt. It includes 

principles, facts, lessons and problems. In EDUCE, the principles o f Multiple 

Intelligences are used to develop different versions o f  the same content.

• The student model represents the student’s knowledge o f the domain, the 

background of the user and learning behaviour o f the student. In EDUCE, the 

student model also represents the Multiple Intelligence profile. Two Multiple 

Intelligence profiles are represented: a static and dynamic profile. The stafic profile 

is generated from a Multiple Intelligence inventory completed by the student 

before using the system. The dynamic profile is constructed online by observing 

the student’s behaviour and navigation.

• The presentation module handles the flow o f information and monitors the 

interactions between the user and the system,

• The predictive engine, using the Naive Bayes algorithm, dynamically determines 

the learner’s preference for different Multiple Intelligence resources during a 

tutorial and can be used to inform the pedagogical strategy.

• The pedagogical model uses adaptive presentation and navigation techniques to 

determine what next to present to the student in terms o f content and style using 

different pedagogical strategies.

Typical adaptive educational systems contain student, domain, pedagogical and 

presentation models (Wenger, 1987). The special features o f EDUCE are its predictive 

engine and its use o f the Multiple Intelligence theory to develop content and model the 

student. Using the Multiple Intelligence concept, different content can be created to 

explain the same concept in multiple ways. As a student uses the different resources 

available it becomes possible to build a Multiple Intelligence profile. The predictive 

engine can, using the constructed student model, predict student preferences and inform 

the pedagogical strategy. Using the predictive engine, EDUCE has the flexibility to 

experiment with different pedagogical strategies customised to the individual student.
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3.3 Multiple Intelligences

A lm ost eighty years after the first intelligence tests w ere developed, H ow ard G ardner 

challenged the com m only held b e lie f that there w as som ething called “ intelligence” that 

could be objectively m easured and reduced to a single num ber or “ IQ” score. A rguing 

that our culture had defined intelligence too narrow ly, he proposed in the book “Fram es 

o f  M ind” (G ardner, 1983) the existence o f  at least seven basic intelligences. M ore 

recently he has added an eight (Gardner, 1999) and discussed the possib ility  o f  a ninth 

(Gardner, 2000). In this theory o f  m ultiple intelligences, G ardner sought to broaden the 

scope o f  hum an potential beyond the confines o f  the IQ score. He questioned the validity  

o f  determ ining an ind iv idual’s intelligence through the practice o f  psychom etric tests. 

Instead G ardner suggested that intelligence has m ore to do w ith  “the ability to solve 

problem s and fashion products that are o f  value w ithin one or m ore cultural settings” 

(Gardner, 1983, p. 160). Subsequently, he updated the defin ition  o f  intelligence to the 

“biopyschological potential to process inform ation that can be activated in a cultural 

setting to solve problem s or create products that are o f  value in a culture” (G ardner, 1999, 

p. 33).

W ith this broader perspective, intelligence can be view ed as a functional concept that 

can w ork in a variety o f  ways. W ith his MI theory, G ardner provided the m eans for 

grouping the broad range o f  hum an capabilities into eight com prehensive categories or 

“ in telligences” (Gardner, 1983; A rm strong, 2000):

•  V erbal/L inguistic Intelligence (VL): This involves having a m astery  o f  the 

language and includes the ability  to m anipulate language to  express o n ese lf  It 

involves the capacity  to use w ords effectively, either orally  (e.g. as a story teller, 

orator, o r politician) or in w riting (e.g. as a poet, p layw right, editor or journalist). It 

includes the ability  to m anipulate the syntax or structure o f  language, the 

phonology or sounds o f  language and the sem antics or m eaning o f  language. It 

include the ability to use language in a pragm atic m anner such as in rhetoric (using 

language to convince others to take a specific course o f  action), m nem onics (using 

language to rem em ber inform ation), explanation (using language to inform ), and 

m eta-language (using language to talk about itself)

• L ogical/M athem atical Intelligence (LM): This consists o f  the ability  to detect 

patterns, reason deductively and think logically. It involves the capacity  to use 

num bers effectively (e.g. as a m athem atician, tax accountant, or statistician) and to
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reason w ell (e.g. as a scientist, com puter program m er, or logician). This 

intelligence includes the ability  to understand and m anipulate logic patterns, 

relationships, propositions (if-then, cause-effect), classifications and 

generalizations.

• V isual/Spatial Intelligence: This is the ability  to m anipulate and create m ental 

images. It involves the ability to perceive the v isual-spatial w orld accurately (e.g. 

as a hunter, scout o r guide), to perform  transform ations on those perceptions (e.g. 

as an interior decorator, architect, artist, or inventor) and to recreate visual 

expressions (e.g. an artist or sculptor). It involves sensitivity  to colour, line, shape, 

form, space, and the relationships that exist betw een these elem ents. It includes the 

capacity to visualise and to graphically present visual o r spatial ideas.

• M usical/R hythm ic Intelligence: This encom passes the capability  to  recognise and 

com pose m usical pitches, tones and rhythm s. It involves the capacity  to perceive 

(e.g. as m usic aficionado), d iscrim inate (e.g. as a m usic critic), transform  (e.g. as a 

com poser), and express (e.g. as a perform er) m usical form s. This intelligence 

includes sensitivity  to the rhythm , p itch or m elody, and tim bre or tone colour o f  a 

m usical piece.

• Bodily/K inesthetic Intelligence: This is the ability  to learn by  doing and using 

m ental abilities to co-ordinate bodily  m ovem ents. This involves the ability  to use 

o n e ’s w hole body to express ideas and feelings (e.g. as an actor, a m im e, an athlete, 

or a dancer) and facility  in using o n e’s hands to produce or transform  things (e.g. 

as a craftsperson, sculptor, m echanic, or surgeon). This intelligence includes 

specific physical skills such as coordination, balance, dexterity , strength, 

flexibility, and speed.

• Interpersonal Intelligence: This is the ability to w ork and com m unicate w ith 

other people. It involves the ability to perceive and m ake distinctions in the m oods, 

intentions, m otivations and feelings o f  other people. This can include sensitivity  to 

facial expressions, voice, and gestures; the capacity  for d iscrim inating  am ong m any 

different k inds o f  interpersonal cues; and the ability to respond effectively  to those 

cues in som e pragm atic w ay, such as influencing a group o f  people to  follow  a 

certain line o f  action.

• Intrapersonal Intelligence: This involves know ledge o f  the internal aspects o f  the 

se lf such as know ledge o f  feelings and thinking processes. It involves self-
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know ledge and the ability  to act adaptively on the basis o f  that know ledge. This 

intelligence includes having an accurate picture o f  on e’s strengths and lim itations; 

aw areness o f  inner m oods, intentions, m otivations, tem peram ents, and desires; and 

the capacity  for self-discipline and self-understanding.

• N aturalist Intelligence: This involves the ability  to com prehend, discern and 

appreciate the w orld  o f  nature. It involves having expertise in the recognition and 

classification o f  the num erous species -  the flora and fauna -  o f  an ind iv idual’s 

environm ent. This also includes sensitivity  to other natural phenom ena (e.g. cloud 

form ations and m ountains) and in the case o f  those grow ing up in an urban 

environm ent, the capacity  to d iscrim inate am ong the nonliv ing form s such as cars 

and m usic C D  covers.

To derive the eight intelligences, G ardner did not use psychological tests. Rather, 

based on a synthesis o f  significant bodies o f  scientific evidence, G ardner defined eight 

criteria that each intelligence had to m eet to be considered as a full intelligence. These 

criteria were grounded in the disciplines o f  biological sciences, logical analysis, 

developm ental psychology and traditional psychological research (Gardner, 1983).

From  the b iological sciences cam e two criteria:

•  The potential o f isolation by brain damage: Each intelligence has a relatively 

autonom ous brain system  where dam age to one part o f  the brain does not affect 

other parts. For exam ple, a person m ay have brain dam age and be seriously 

im paired in the ability  to w rite or read yet still have trem endous capacity  for 

drawing.

•  An evolutionary history and plausibility: Each intelligence has its roots deeply 

em bedded in the evolution o f  hum an beings and other species. F or exam ple, 

m usical intelligence can be studied through early m usical instrum ents or through 

the w ide variety o f  bird  songs.

From  logical analysis cam e two criteria:

•  An identiflab le core operation or set o f  operations: E ach intelligence has a core 

set o f  operations that serve to support the activities o f  that intelligence. For 

exam ple, in bodily/kinesthetic intelligence, core operations include the ability  to 

im itate the physical m ovem ents o f  others.
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• Susceptibility  to encoding in a sym bol system: Each intelligence m ust have the 

ability to be sym bolized and possess its ow n unique sym bol or notational systems. 

For exam ple, the verbal/linguistic intelligence has a num ber o f  spoken or w ritten 

languages.

Two o f  the criteria cam e from developm ental psychology:

• A distinct developm ental history along with a definab le set o f  expert “end- 

state” perform ances; Each intelligence-based activity  has its ow n developm ent 

trajectory; that is each activity has its own tim e o f  arising in early childhood, its 

own tim e o f  peaking during o n e’s lifetim e, and its ow n pattern o f  rapidly or 

gradually  declining as one gets older. For exam ple, logical/m athem atical 

intelligence peaks in adolescence and early adulthood w ith h igher m ath insights 

declin ing after age 40. Intelligences can also be best seen w ork ing  at their peak by 

studying “end-states” o f  intelligences in the lives o f  exceptional individuals. For 

exam ple, spatial intelligence can be seen at w ork through M ichelangelo ’s Sistine 

Chapel paintings.

• The existence o f  savants, prodigies and other exceptional people: Intelligences 

can be seen operating at high levels in savants. Savants are individuals who 

dem onstrate superior abilities in one intelligence w hile their other intelligences 

function at a low level. For exam ple, there are savants who draw  exceptionally  well 

or who have am azing m usical m em ories.

The final two criteria were draw n from  traditional psychological research:

•  Support from  experim ental psychological tasks: It is possib le  to w itness each 

intelligence w orking in isolation from  one another by looking at specific 

psychological studies. For exam ple, certain individuals m ay have a superior 

m em ory for w ords but not for faces. People can dem onstrate different levels o f  

p roficiency across the eight intelligences in each cognitive area.

• Support from  psychom etric findings: It is possible to look at standardized tests 

for support o f  the theory o f  m ultiple intelligences. S tandardized tests provide 

m easures o f  hum an ability and are typically  used to ascertain  the valid ity  o f  other 

theories o f  intelligence and learning styles. For exam ple, the W echsler Intelligence 

Scale for C hildren includes subtests that require linguistic, logical/m athem atical 

and spatial intelligence (S a ttle r&  Saklofske, 2001).
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In addition to the descriptions o f  the eight intelligences and their theoretical 

underpinnings, certain points o f  the MI theory need to  be m entioned. Each person 

possesses all eight intelligences w hich operate together in unique w ays to each person. 

M ost people can develop each intelligence to an adequate level o f  com petency if  given 

encouragem ent, enrichm ent and instruction. Intelligences usually  w ork together in 

com plex w ays and only have been taken out o f  context in MI theory only for the purposes 

o f  exam ining their essential features. F inally, there are m any w ays to be intelligent w ithin 

each category. There is no standard set o f  attributes that one m ust have to be considered 

intelligent in a specific area, MI theory em phasises the rich diversity  o f  w ays in w hich 

people show  the ir gifts w ithin intelligences as well as betw een intelligences.

3.4 Ml Assessment: MIDAS

The MI theory is a significant departure in the traditional understanding o f  intelligence 

and as a result requires a different form o f  assessm ent. Instead MI theory requires a 

different approach to the m easures, instrum ents, m aterials, context and purpose o f  

assessm ent (Torff, 1997). Broad ranges o f  m easures need to explore the d ifferent aspects 

o f  intellectual activity  and value intellectual capacities in a w ide range o f  dom ains. 

Instrum ents need to assess the unique capacities o f  each intelligence and engage the key 

abilities o f  a particular intelligence. M aterials need to engage students in m eaningful 

activities and learning. The context o f  learning should be an ongoing process fully 

integrated into the natural environm ent. The purpose o f  assessm ent should be to identify  

strengths as well as w eaknesses and provide feedback that w ill uncover and develop an 

ind iv idual’s com petence.

G ardner, w hen asked to com m ent on m easures o f  m ultiple intelligences, stresses the 

im portance o f  the distinction betw een preferences and capacities, o f  draw ing on 

observations and o f  using com plem entary approaches to assessm ent. It is significant to 

note that he has never developed a MI assessm ent test and the only  MI assessm ent 

program  he has been involved in has been Project Zero (C hen, K rechevsky, & V iens, 

1998). This project developed dom ain-specific assessm ent tasks and observational 

guidelines as an exam ple o f  the application o f  M I theory to assessm ent. Em pirical results 

from  the pro ject report that intellect is structured in term s o f  specific relatively 

independent abilities.

D espite the issues involved in developing MI profiles, a num ber o f  attem pts have been 

m ade to develop questionnaires that provide insight on M I strengths and w eakness; the
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most recognised being the MIDAS questionnaire developed by Shearer (1996). The 

purpose o f the MIDAS or Multiple Intelligence Development Assessment Scales profile 

is to provide information that the student can use to gain a deeper understanding o f their 

skills, abilities and preferred teaching style. It is described not as a test, but as an “untest” 

that empowers the student to reflect. Indeed, it even states that scores it provides are not 

absolute and it is up to the student to decide if  these scores are a good description o f their 

intellectual and creative life. The profile can be described as the general overall 

intellectual disposition that includes the skill, involvement and enthusiasm for different 

areas. Moreover, the MIDAS is the only MI questionnaire that Gardner has given support 

to and in 1996 he commented:

“1 think that it (MIDAS) has the potential to be very useful to students and teachers 

alike and has much to offer the educational enterprise. Branton Shearer is to be 

congratulated for the careful and cautious way in which he has created his instrument and 

continues to offer guidance for its use and interpretation”

(Gardner, 1996)

The inventory itself consists o f 93 questions. Some sample questions are illustrated in 

Table 3-1. From the responses entered, a MI profile is generated. It is important to 

remember that the MIDAS is an assessment that describes abilities in terms o f strengths 

and weaknesses. The results are based on the perceptions o f  the student. The scores are 

not like test scores because they not based on a comparison to other people. Basically the 

scores answer the questions “How much developed skill and ability the student have in 

the area described?”

An important part o f the student model in EDUCE is the representation o f  Multiple 

Intelligence profile. Considering the issues in assessing MI strengths and weaknesses, 

EDUCE uses both a static and dynamic approach to create a static and dynamic MI 

profile. The static profile is generated from the MIDAS inventory which is completed by 

the student before using the system. The dynamic profile is constructed online by 

observing the student’s navigation and selection o f MI resources. Both profiles inform the 

pedagogical strategies that adaptively present MI informed content.
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Table 3-1: Sample Questions from the MIDAS

M athematical/Logical Question

Q. W hen you were  young, how easily  did you 
learn your num bers and counting?

A = It was hard

B = It w as  fairly easy

C = It w as  easy

D = It was very easy

E =  I learned m uch  quicker than most  kids 

F = I d o n ’t know

Verbal/Linguistic  Question

Q. How hard was it for  you to learn the a lphabet 
or learn how to read?

A = It was hard

B = It was fairly easy

C = It was easy

D = It was very  easy

E = I learned m uch  quicker that  all the kids 

F = 1 d o n ’t know

Visual/Spatial  Question

Q. Do you like to decorate  your room with 
p ictures or posters, draw ings  etc?

A =  N ot very m uch

B = Som etim es

C = M any T im es

D = A lm ost  all the t ime

E =  All the t ime

F =  I d o n ’t know or I h a v en ’t had the chance

M usical/Rhythmic

Q. Did you ever  learn to play an instrument or 
take music lessons?

A = Once  or twice

B = Three or four t im es m aybe

C= For a couple  o f  m onths

D =Less than a year

E= More that  a year

F= I never had the chance

3.5 Domain Model

The domain model is a representation o f  the material to be leamt and includes 

principles, facts, lessons and problems. In EDUCE, the principles o f  Multiple 

Intelligences provide the guidelines for representing the domain knowledge and 

developing different versions o f  the same content.

The domain model is structured in two hierarchical levels o f  abstraction, concepts and 

learning units. Concepts in the knowledge base are divided into sections and sub-sections. 

Each section consists o f  learning units that explain a particular concept. Each learning 

unit is com posed o f  a number o f  panels that correspond to key instructional events. 

Learning units contain different media types such as text, image, audio and animation. 

Within each unit, there are multiple resources available to the student for use. These
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resources have been developed using the principles o f  M ultip le Intelligences. Each 

resource uses dom inantly  the one intelligence and is used to explain or introduce a 

concept in a d ifferent way.

Currently , ED U C E contains content in the subject area o f  Science for the age group 12 

to 15. Science was chosen as it is a rich subject w hich benefits from  different m odes o f  

representation and has been successfully  applied to  Science education in schools 

(G oodnough, 2001). Tw o tutorials w ere developed for ED UCE: Static E lectricity  and 

E lectricity in the Home. From  the Static E lectricity tutorial, an exam ple o f  a concept 

w ould be Electric Forces. The learning units used to explain  th is concept w ould include: 

(a) conductors and insulators, (b) how  electrons m ove, (c) charge im balance, (d) opposite 

charges attract and (e) charging neutral objects.

It m ust be rem em bered w hen developing content that M ultiples In telligences is ju s t a 

theory that describes the broad range o f  abilities that people possess. Indeed it is a theory 

w ith a set o f  principles that structures and suggests a pedagogical m odel but does not 

prescribe a particular set o f  instructional strategies. M oving from a theory o f  intelligence 

to im plem entation as a pedagogical practice requires an act o f  interpretation. 

C onsequently , there has been a considerable am ount o f  research done in articulating  

different techniques that can access each o f  the intelligences (C am pbell & B rew er 1991; 

A rm strong 1993; Cam pbell et al., 1996; Carroll, 1999; Lazaer, 1999; W ahl 1999),

A particular challenge is to develop a broad range o f  com puter-based content that 

supports the eight intelligences. Som e o f  the intelligences lend easily  to online 

im plem entation w hile others are m ore difficult. V erbal/linguistic intelligence is 

traditionally  the intelligence em ployed in academ ic textbooks and the classroom , and 

creating  online m aterial for the student to read and listen is straightforw ard. Likewise 

there are clearly defined instructional strategies, such as the use o f  pictures, w hich 

stim ulate the visual/spatial intelligence. L ogical/m athem atical based m aterial that 

encourages the student to think critically  and logically can also be easily  created  using 

puzzles and m aths problem s. W ith a bit o f  creativity it is possib le create m aterial using 

m usical/rhythm ic instructional strategies through songs and raps. M aterial that stim ulates 

the naturalist intelligence can be created using extensive references to living things and 

the natural phenom ena. T he bodily /k inesthetic intelligence it quite d ifficult to im plem ent 

online as it places the em phasis on learning by doing. H ow ever, in conjunction w ith the 

other intelligences, it can be developed through the use o f  kinesthetic im agery and virtual 

reality  software. Interpersonal and intrapersonal intelligences can be activated, not
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prim arily  by the content itself, but by  available features in the learning environm ent. 

C om m unication tools can be used to encourage students to collaborate and interact, 

thereby stim ulating the interpersonal intelligence. To stim ulate the intrapersonal 

intelligence, opportunities can be provided for the student to  reflect, plan and set goals.

C urrently  ED UCE uses four o f  the intelligences: L ogical/M athem atical,

V erbal/L inguistic, V isual/Spatial and M usical/R hythm ic. The three intelligences, LM , VL 

and VS w ere chosen as they reflect the abilities that are traditionally  designated as 

intelligences (G ottfredson, 1997). The m usical/rhythm ic intelligence w as chosen because 

it is not considered as an intelligence that can be easily  used to  deliver and inform  the 

design o f  content yet the em otive pow er o f  m usic is w idely acknow ledged (Carroll, 

1999). The other four intelligences are outside the scope o f  this research.

From  the research literature available, a pedagogical taxonom y o f  instructional 

strategies for developing MI theory has been derived. The taxonom y describes a set of 

practical techniques, m ethods, tools, m edia and instructional strategies for cultivating 

each o f  the four intelligences. Figure 3-2 illustrates E D U C E ’s pedagogical taxonom y for 

developing MI m aterial (K elly  & Tangney, 2003a). It describes the range o f  instructional 

approaches that will cultivate each o f  the intelligences. Table 3-2 explains in m ore detail 

how each instructional approach can be im plem ented.

Verbal/Linguistic
•  Narrative.
•  Story Telling
• Details
•  Vocabulary
•  Puzzles

Logical /Mathematical
•  Numbers,
•  Order
• Logic
• Representation
•  Puzzles
•  Problem Solving
•  Relationships
•  Compare/Contrast
• Outlining

Intelligence

Musical/Rhythm Ic
• Music Tuning,
• Content Illustration
• Musical Metaphors
• Sound

VIsual/Spatlal
• Pictures
• Representations
• Organisers
• Visualisation
•  Variety
•  Puzzles

Figure 3-2: Pedagogical Taxonomy for developing Ml material

V erbal/linguistic intelligence can be encouraged through the use o f  descriptive w riting, 

creative w riting, the use o f  facts and details, an em phasis on vocabulary, the developm ent 

o f  listening skills and through w ord puzzles. D escriptive w riting  involves narrating  the
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steps in procedures and problem solving. It also includes summarising and repeating 

content in written form. Creative writing aims to motivate, inspire and explain through 

the use o f story telling, history, folklore, parables, wordplay, metaphors, myths, legends, 

plays, prose, poetry or novels. Facts and details involve the use o f specifics such as 

names, places and trivia and can be used to encourage linguistic analysis. Vocabulary 

focus involves placing the emphasis on a few accurate key words, the origins o f words 

and the definition o f terms in order to capitalize on verbal capacity for clarifying 

concepts. Listening involves the use o f audio recordings to carry the sound, rhythm and 

music o f language into the ear. Puzzles involves the use o f word puzzles and games that 

play on the meaning and structure o f  words

Logical/mathematical intelligence can be promoted through the use o f number, order, 

logic, visual representation, maths representation, puzzles, problem solving, causal 

knowledge, classification and outlining. Number includes the use o f mental arithmetic, 

calculations and measurements that encourages mental maths, numerical thinking and 

precision. The arrangement and detection o f order can be promoted through the 

identification o f steps, procedures, sequences and patterns. Logic includes the use o f 

scientific, deductive and inductive logic. This can be best realised by examining how 

reasoning processes operate and how truthful conclusions may be reached. Syllogisms, 

Venn diagrams and analogies may be employed. Visual representation through the use o f 

graphs, charts, pie charts, tables, grids, matrices can make mathematical relationships 

easier to understand. Mathematical representation involves the use o f  abstract symbols, 

codes and formulas to represent and communicate concrete objects and concepts. Logic 

puzzles and games can awaken and arouse reasoning and logical thinking. Problem 

solving may be promoted through the use o f  estimation, prediction, exploration and 

heuristics. Understanding causal knowledge involves the use o f questioning, creating 

meaningful connections between ideas and understanding cause-effect relationships. 

Classification and the arrangement o f information into rational frameworks include 

comparing and contrasting concepts, attribute identification, categorisations and ranking. 

Outlining explains concepts in logical frameworks using logical explanations, logical 

thought maps and sequence charts.
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Table 3-2: Implementation techniques for developing MI content

Verbal/Linguistic  Intelligence

Descriptive W riting Sum m aries ,  procedures,  problem solving, narra tive

Creative  Writing: Stories, history,  wordplay, m etaphors ,  myths, legends, plays, prose, poetry

Details: Facts,  names,  places, trivia

Vocabulary  focus: Key words, origins and definitions o f  term s

Listening: Verbal recordings

Puzzles: W ord  puzzles and games

L ogical/M athematical Intelligence

Numbers: Mental  arithmetic , calculations, m easurem ents ,

Mathematical Order: Steps,  procedures,  sequences,  patterns

Logic: Scientific , deductive,  syllogisms, Venn  diagram s,  inductive, analogies

Visual Representation Graphs,  charts, pie charts,  grids,  matrices

Maths Representation: Codes,  symbols,  formulas

Puzzles: Logic puzzles and gam es

Problem Solving: Estimations, predictions, exploration

Causal knowledge: Questioning, cause  and effect, logical m eanings  and relationships

Classification: C o m p a re /co n t ra s t , att ribute identification, categorisa tions,  ranking

Outlining: Logical explanations,  logical thought maps,  sequence  charts

Visual/Spatial Intelligence

Pictures: Drawings,  maps, diagrams, artwork, photography, videos, slides, movies

Visual organisers: Flowcharts , visual outlines, concept maps,  m ind  m aps

Internal Visual th inking exercises, imaginations,  guided imagery, visual m em ory
Visualisation:

Visual variety: Patterns, designs, colour, texture, geometric  designs, unusual positions

Puzzles: Visual puzzles, mazes, gam es

M usical/Rhythmic Intelligence

Music tuning: B ackground music, m ood  setting, sound  breaks,  j ing les

Content illustration: Songs, raps, chants

Musical metaphor: Tones,  notes, rhythms, c lapping

Sounds: Instrumental,  environm ental,  nature

Visual/spatial intelligence can be cultivated through the use o f  pictorial representation, 

visual organisers, internal visualisation, visual variety and puzzles. Pictorial 

representations support written language with drawings, maps, diagrams, artwork, 

photography, videos, slides and movies. Visual organisers involve the use o f  flowcharts, 

visual outlines, concept maps and mind maps to visually illustrate verbal statements.
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Internal v isualisation techniques include the use o f  visual thinking exercises, im agination, 

guided im agery and visual m em ory to m entally construct visual im agery. V isual variety 

involves the creative use o f  patterns, designs, colour, texture and geom etry as a learning 

tool. V isual puzzles, m azes and gam es can be used to arouse and aw aken visual 

com petencies.

M usical/rhythm ic intelligence can be encouraged th rough the use o f  m usic tuning, 

content illustration, m usical m etaphor and sounds. M usic tuning involves the use o f  

background m usic, m ood setting m usic, sound breaks and jing les to relax, invigorate and 

focus attention. C ontent illustration em ploys the use o f  songs, raps, chants and lyrics to 

convey inform ation and content. M usical m etaphors convey concepts through the use o f  

tones, notes, rhythm s and clapping. Instrum ental, environm ental and nature sounds can be 

used to m usically  augm ent concept and ideas.

Figure 3-3 to F igure 3-10 show  specific exam ples o f  these instructional strategies and 

techniques. F igure 3-3 and Figure 3-4 em phasis the verbal/linguistic intelligence using 

explanations, descriptions, h ighlighted keyw ords, term  definitions and audio recordings. 

Figure 3-5 and F igure 3-6 illustrate logical/m athem atical intelligence using num ber, 

pattern recognition, relationships, questioning and exploration. F igure 3-7 and Figure 3-8 

give exam ples o f  v isual/spatial intelligence w ith  the use o f  photographs, pictures, visual 

organisers and colour. Figure 3-9 and Figure 3-10 accentuate the m usical/rhythm ic 

intelligence using m usical m etaphors, raps and rhythms.

U sing the pedagogical taxonom y and associated im plem entation  techniques, a set o f  

educational m aterial has been developed w ith the help o f  a subject expert. Two tutorials 

on Static E lectricity  and Electricity in the H om e w ere developed. For the S tatic 

E lectricity tutorial there 5 sections, 14 learning units and 4 M I resources per un it giving a 

total o f  56 MI resources. For the E lectricity in the Hom e tutorial there 5 sections, 15 

learning units and 4 MI resources per unit giving a total o f  60 MI resources. All resources 

developed w ere validated and identified as com patible w ith  the princip les o f  MI theory by 

expert practitioners. The validation process is described in C hapter 5.
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3.6 Student Model

The student m odel is the source o f  inform ation for an adaptive educational system  to 

adapt to individual differences. In ED U C E, a student m odel is constructed  for each 

particular learner. D uring the studen t’s interaction w ith the system , all inform ation is 

recorded and used to provide a com plete description o f  the learner’s know ledge, 

characteristics and preferences.

The student m odel in ED U C E has the follow ing characteristics:

•  It em ploys an overlay m odel that follow s the dom ain structure and w hich records 

learner’s know ledge level on the various concepts and learning units.

•  It records inform ation that describes the studen t’s interaction w ith the content, in 

particu lar the MI resources, and represents the learning characteristics o f  the 

student.

• It represents the navigation history, a record o f  the navigation  path the student has 

taken through the educational m aterial and tim e spent on each learning unit.

• It represents the student attitudes to the learning environm ent by  recording 

responses to  reflective feedback questions during and after the tutorial

•  It stores general inform ation about the learner, such as usernam e, gender, sex, prior 

ability  and previous com puting experience.

•  It is dynam ically  updated during interaction to reflect the learner’s current state.
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The special feature o f  the EDUCE student model is the use o f the MI concept to 

provide the basis for modelling learning characteristics. EDUCE dynamically builds a 

Multiple Intelligence based profile o f  the student’s learning characteristics by observing, 

analysing and recording the student’s interaction with MI differentiated material. In 

particular, the model uses the following criteria as indicative o f learning behaviour:

• Did the student spend a minimum amount o f time using the resource? The 

assumption made is that if  the student spends a brief amount o f time using a 

resource they have not engaged with the material and have just glanced at it before 

moving onto the next screen.

• Did the student spend a long time using the resource? When a student spends a 

longer time than normal using a resource, it is assumed that the resource appeals 

and engages him.

• Which resource did the student use first? A student with strong preferences will 

choose the most favourite resource first.

• Did a student use only one resource or multiple resources? Some students have no 

distinct preference and instead use a broad spread o f resources that examine a 

concept in different ways

• Did the student use the resource more than once? Going back to the same resource 

is mdicative that the student has strong preferences for it.

• Did the student attempt a question after viewing the resource? Using particular 

types o f resources may motivate the student to answer questions.

• Did the student attempt a question after viewing the resource and get it right? 

Certain types o f resources may encourage deeper learning and understanding.

This information attempts to capture what the student spends time on, what is first 

viewed, what is repeatedly viewed and what helps in answering questions. To 

complement the dynamic Multiple Intelligence profile, EDUCE also holds a static MI 

profile o f  each student that is completed using the MIDAS inventory.

3.7 Presentation Module

In the teaching o f a concept, key instructional events are the elements o f the teaching 

process in which learners acquire and transfer new information and skills (Gagne et al.,
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1992). The ED U C E presentation m odel, using a sum m arized version o f  the G agne 

m odel, has four key instructional events, as shown in F igure 3-11.

• Awaken'. The m ain purpose o f  this stage is to attract the learner’s attention

• Explain'. D ifferent m ultiple intelligences are used to explain the concept in

different ways

• Reinforce'. This stage reinforces the key m essage in the lesson

• Transfer. Here learners convert m em ories into actions by answ ering interactive

questions

Explain

Explain

Explain

Awaken Reinforce Transfer

Figure 3-11: Events in Presentation M odule

Figure 3-12 shows the A w aken stages in the unit -  “O pposites A ttract” . It show s a 

picture o f  a bulldog and a poodle. It tries to stim ulate curiosity  and introduces the concept 

o f  “opposites attract” through a visual image. It leads the learner into the topic by 

encouraging inquiry and by giving the learner an opportunity  to construct an initial 

understanding o f  the topic.
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Figure 3-12: The Awaken stage of “Opposites Attract”

At the Awaken, Reinforce and Transfer stages, the learner can access different MI 

resources using the following four symbols.

Table 3-3: Symbols for MI Resources

| 2  LM CD VL Q ) VS A  MR

As students choose between Multiple Intelligence differentiated materials EDLFCE 

automatically builds a model of the learning characteristics and preferences. This model 

provides EDUCE with the opportunity to facilitate learning by providing an 

individualised learning path.

The Explain stage in the event model provides for a choice of MI differentiated 

material. The objective at this stage is to allow for multiple representations of the same 

content. Different learners can chose different paths through the material. A learner may 

use one and move through the unit, may return to a second alternative representation if 

difficulties in understanding arise, or may proceed to view them all to get a complete 

picture of the content from different angles. Sometimes the material is the same, just 

represented differently; other times it presents information that is not available in the 

other representations. At other times, it is used as an entry point into the material. The 

Reinforce stage is used to summarise the key content message of the learning unit. It may 

be a short summary or it may be an explanation of the key concept. The Transfer stage
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consists o f short questions requiring one-word answers, fill in the blank questions and 

multi-choice questions. All answers to questions are available at the preceding Reinforce 

stage. If the learner does not remember the answer it is possible to navigate back to the 

Reinforce stage or to any o f the MI differentiated material at the Explain stage.

Additional navigation options are provided through a main menu and a section menu. 

Through these menus students have the opportunity to move from one concept to next 

according to their learning strategy and goal.

Learner support is also provided through a feedback and “points” menu. A feedback 

menu provides information about the current dynamic MI profile in terms o f how many 

resources have been chosen and how much time has been spent in each MI category. A 

“points” menu provides feedback on the number o f interactive questions that have been 

attempted and answered correctly.

EDUCE also allows the learner to personalise the environment, as research suggests 

that learners appear to benefit from learner control opportunities (Hannafin & Sullivan, 

1996). It gives the learner two modes o f operation, with adaptivity and without:

• Adaptive: This is the default level where the system takes the initiative and 

adaptively guides the learner to particular resources based on the student model. 

The student is first adaptively guided to a specific MI resource type but has the 

option to go back and view alternative resources. The adaptive strategy can be 

based on either the dynamic or the static MI profile.

• Free’. Adaptivity is turned off and the learner takes the initiative when selecting 

resources. The student has the choice to view the different MI resources in any 

order. No adaptive presentation decisions are made as the learner has complete 

control.

On entry to EDUCE and at any time throughout the tutorial, students select the level 

o f  learner control and system guidance they would like. The two options determine the 

navigation paths available from the Awaken stage. With the Free option, links to all MI 

resources are available. With the Adaptive option, on first looking at the Awaken stage, 

the links to all MI resources are not available and only the next button may be chosen. On 

choosing the next button, the learner will be directly guided by EDUCE to a particular MI 

resource using information in the student model.
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3.8 Predictive Engine

The predictive engine dynam ically  determ ines the learner’s preference for different 

M ultiple Intelligence resources and inform s the pedagogical strategy. Being able to 

predict student behaviour provides the m echanism  by w hich instruction can be adapted 

and by w hich to m otivate a student w ith appropriate m aterial. As the student progresses 

through a tutorial, each leaning unit offers four different types o f  resources. The student 

has the option to view  only one, view  them  all or to repeatedly  view  some. The prediction 

task is to identify at the start o f  each learning unit w hich resource the student would 

prefer.

Figure 3-13 illustrates the main phases o f  the prediction process and their 

im plem entation w ithin EDUCE. The input representation m odel to the learning schem e 

consists o f  fine-grained features that describe the s tuden t’s interest in and use o f  d ifferent 

resources available. The predictive engine em ploys an A rtificial Intelligence based 

classification algorithm . N aive Bayes (D uda & H art, 1977) to analyse the input data. It 

operates online using no prior inform ation. At the resource classification  phase, a model 

o f  each individual studen t’s preferences is created. D uring student/system  interaction, 

EDUCE m onitors the studen t’s actions, updates the student m odel, and m akes predictions 

on learning preferences. C hapter 4 will describe in greater detail the architecture and 

im plem entation o f  the predictive engine.

Learning
S c h em e

R eso u rce
Classificalion

Input
R ep resen ta tio n

Model

C lassifie r

N aive B ay es  Algorithm

Attributes
- Tim e on re so u rc e  ?
- First
•O nly[gSfiU K & 2
- O thers
- Q uestion  a ttem p ted  ?

Ml R e so u rce
- V erbal/Linguistic (VL)
- Logical/M athem atical (LM)
- V isua/S patial (VS)
- M usical/Rhythm ic (MR)

Figure 3-13: The different stages in the predictive engine and their im plem entation w ithin 

EDUCE
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3.9 Pedagogical Manager

ED UCE has the flexibihty  to use d ifferent pedagogical strategies due to the 

availability  o f  a rich student m odel, the availability  o f  a p redictive engine that can detect 

preferences and M l inspired m aterial that can stim ulate the learner in d ifferent ways. 

Such strategies include: providing students w ith a b road choice o f  resources, p roviding 

students w ith a restricted set o f  resources, using system  guidance instead o f  supporting 

learner control, and guiding students to resources they m ay not prefer. These strategies 

are im plem ented by dynam ically  tailoring  the environm ent using inform ation in the 

student m odel and the output from  the predictive engine.

A daptivity  is im plem ented using two adaptation technologies: adaptive presentation  at 

the content level and adaptive navigation support at the link level (B rusilovksy, 2001).

A daptive presentation  is im plem ented using page variants. Page variants involve 

keeping two or m ore variants o f  the same page w ith different presentations o f  the same 

content. There is a variant for each o f  the four intelligences: verbal/linguistic, 

visual/spatial, logical/m athem atical and m usical/rhythm ic. W hen presenting a page, 

EDUCE selects the page variant using inform ation in the student m odel.

A daptive navigation support techniques help students find paths through the 

educational m aterial by adapting the presentation o f  links. A daptive navigation is 

im plem ented using direct guidance and link hiding. W ith direct guidance the student 

selects the next button , and the next page is presented w ithout having to m ake a choice. 

Link hiding restricts the navigation space by  hiding links to pages not relevant to that 

particular learner.

3.10Technical Implementation

ED UCE is im plem ented as a web based adaptive intelligent educational system  using 

Java servlet and X M L technology. The dom ain m odel is stored in X M L form at and an 

XM L file stores the educational content for each section o f  m aterial. Individualized 

student m odels are stored dynam ically  and persistently  w ithin a M ySQ L database. The 

predictive engine has been developed using Java and the W eka package (W itten & Frank, 

2000). The pedagogical m anager is im plem ented in Java. It is responsible for analyzing 

feedback from the student, updating the student m odel, retrieving inform ation trom  the 

student m odel, com m unicating  w ith the predictive engine and m aking decisions about 

w hich instructional strategy to use. The presentation  m odule receives input from the
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pedagogical m anager and m anages the presen tation  o f  inform ation through the use o f  

X SLT style sheets. It observes m onitors and handles all feedback from  the student in the 

form o f links activated, buttons pressed and text entered. A ppendix  C describes further 

the im plem entation o f  EDUCE and includes im plem entation  details for the dom ain 

know ledge representation , presentation m odel, pedagogical m odel and predictive engine.

3.11 Summary

The chapter has described the architecture, design and im plem entation  o f  EDUCE. It 

described in detail the M ultiple Intelligence theory and how  it is incorporated into the 

design o f  EDUCE. It also described the d ifferent com ponents o f  the EDUCE 

architecture: the dom ain m odel, student m odel, p resen tation  m odel, predictive engine and 

pedagogical m odel. The next chapter will describe in detail the architecture and 

im plem entation o f  the predictive engine.
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4 Predictive Engine

4.1 Introduction

Using Artificial Intelligence techniques, the predictive engine dynamically determines 

the learner’s preference for different Multiple Intelligence resources and informs the 

pedagogical strategy on what content to present. The core o f  the engine is a statistical 

based algorithm called Naive Bayes,

The chapter describes the architecture and implementation o f the predictive engine 

(Kelly & Tangney, 2004d). Firstly, it provides some general background on predictive 

statistical methods in general and on the Naive Bayes algorithm in particular. Secondly, it 

outlines the overall architecture of the predictive engine. Next, it describes the novel set 

o f  navigational and temporal input features that are used as input to the learning 

algorithm. Last, it describes how the classification o f  the preferred resource takes place 

online with no prior information using the Naive Bayes algorithm.

4.2 Predictive Statistical Models

Student modelling involves inferring information about the student from observable 

behaviour such as actions or speech. One approach to user modelling is to use 

handcrafted rules by analysing several instances o f  the problem at hand. This approach is 

a resource intensive process, and gives models that are not adaptable and are difficult to 

construct in the presence o f  uncertainty. Statistical models are an alternative approach to 

developing handcrafted rules. Statistical models are concerned with the use o f observed 

sample data to make statements about an unknown, dependent parameter (Larson, 1969). 

In predictive statistical models for student modelling, this parameter represents an aspect 

o f  a student’s future behaviour, such as goals, preferences or future actions.

The Artificial Intelligence area o f machine learning has generated a variety of 

techniques which can described as predictive statistical models (Zukerman & Albrecht, 

2001). These techniques use both the content-based and collaborative approach to make
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predictions and adapt the behaviour o f the systems. The content-based approach is based 

on the belief that each user demonstrates a particular behaviour in a given situation, and 

that this behaviour is repeated under similar circumstances. With this approach, a 

predictive model is built for a user based on data from their past behaviour. The 

collaborative approach is based on the belief that people within a particular group tend to 

behave similarly under a given set o f circumstances. In this approach, a model is built 

using data from a group o f users. Thus, in the content-based approach, the behaviour o f a 

user is predicted from their past behaviour, while in the collaborative approach, the 

behaviour o f the user is predicted from the behaviour o f other like-minded people.

Predictive statistical models span a range o f techniques that include linear models, 

Markov models, neural networks, rule-induction methods and Bayesian networks. Linear 

models take weighted sums o f known values to produce a value for an unknown quantity. 

They have a simple structure, which allows them to easily learn and generalize. These 

models have been use to predict the time intervals between a user’s successive logins 

(Orwant, 1995). Markov models predict the next event from the probability distribution 

o f observed events in the past and have been used to predict user’s requests for pages on 

the WWW (Zukerman et al., 2001). Neural networks can express non-linear decision 

surfaces using different network structures, weights o f  the edges between nodes and non

linear thresholds. It has been in used in the identification o f individual learning styles (Lo 

& Shu, 2005). Rule induction consists o f learning sets o f  rules that predict the class o f an 

observation from its attributes, given information about the class o f  each observation. In 

one application, it has been used to learn rules that predict features o f  subtraction errors 

performed by students (Chiu & Webb, 1998). Bayesian networks are directed acyclic 

graphs where the nodes correspond to random variables. The nodes are connected by 

directed arcs, which represent causal links between the nodes. Each node has a 

conditional probability distribution that assigns a probability to each possible value o f this 

node for each combination o f the values o f  its parent nodes. Bayesian networks have been 

used in systems to predict the type o f assistance required by users performing spreadsheet 

task (Horwitz, 1998).

However, there are a number o f critical issues that need to be addressed when 

applying machine learning to student modelling. The issues include (Webb et al., 2001):

• The need for large data sets -  the learning algorithm may not build a model with 

acceptable accuracy until it sees a relatively large number o f examples
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• The need for explicitly labelled data -  learning algorithms require labelled data that 

may not be readily apparent

• Concept drift -  attributes that characterize a user are likely to change over time and 

the learning algorithm needs to be able to adjust to these changes quickly

• Computational Complexity -  to be o f practical use, learning algorithms need to 

efficient and quick

Despite these issues, there has been some successful work on the application of machine 

learning to student modelling. For example, Net-tutor (Quafafou, 1995) uses rough set 

theory to map features o f the teaching action such as interactivity level and type of 

presentation to expected amounts o f learning. Assert (Baffes & Mooney, 1996) uses 

theory refinement to build its model o f student misconceptions. The system observes 

when a student obtains an incorrect result, and modifies a correct rule base to be 

consistent with the student’s behaviour. In addition, Advisor (Beck & Woolf, 2000) 

constructs a model o f how a student will respond to a particular teaching action in a given 

situation. Subsequently, it uses this model to determine a policy for teaching actions that 

try to achieve a customizable teaching goal. Advisor uses linear regression to construct 

the model o f the student and reinforcement learning to reason with the model. While 

acknowledging these successful applications, there is much further research required in

the application o f  machine learning to student modelling as it is still unclear which

modelling technique is most suitable in light o f the available data and features o f  a given 

problem.

4.3 NaYve Bayes

Before choosing a learning algorithm it is first necessary to define its purpose and in 

particular the prediction task. In EDUCE, the prediction task was defined as the ability to 

predict preferences for different MI versions o f resources based on observations o f 

student behaviour. In addition, certain requirements for the learning algorithm were also 

defined. These included the ability to:

• Operate with no prior knowledge about the user.

• Construct student model based on user’s own data

• Develop a predictive model for each individual student based on his or her

interaction data.
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• Continually refine the predictive model with further observations o f the student.

With these requirements in mind, the learning mechanism chosen was the Naive Bayes 

algorithm (Duda & Hart, 1973). It is an algorithm that works well with sparse datasets, 

can be used to create individual predictive models and can be used with datasets that are 

dynamically updated (Witten & Frank, 2000).

In addition, the Naive Bayes algorithm has been applied to a range o f  problems in 

education. For example, the Adaptive Bayes algorithm (Castillos, 2003) predicts 

resources as appropriate or not appropriate based on the resource’s characteristics and 

student’s learning style. Adaptive Bayes uses an incremental adaptive version o f  Naive 

Bayes that includes an updating scheme making it possible to adapt the current model to 

new data. The algorithm uses input features based on learning style and resource 

characteristics. These features include 3 dimensions o f  the Felder Silverman model 

(Felder, 1988): Visual/Verbal, Sensing/Conceptual and Global/Sequential; and two 

features that describe the resource characteristics: learning activity and resource type. 

The output predictions are used to generate two ranked lists labelled “appropriate 

reading” and “other resources” (non-appropriate reading). In evaluations, the performance 

o f Adaptive Bayes was compared with non-adaptive versions. The results suggest that 

Adaptive Bayes had better accuracy when taking changes in the student’s learning style 

into account. However, in the evaluation o f the algorithm, artificial datasets were 

generated to simulate changes in learning style and there is no dynamic diagnosis o f 

learning style. In addition, it would be o f interest to see the effect on learning when the 

algorithm is used in experiments with students.

In contrast, the iMANIC system (mentioned in Ch2) dynamically predicts student 

preferences for different types o f resources and adapts the presentation o f content 

accordingly (Stem & Woolf, 2000). Multiple resources are categorised according to the 

instructional type (explanation/ example/ definition), media type (text/picture), place in 

topic (beginning/end), abstractness (concrete/abstract) and place in concept 

(beginning/middle/end). The different resources are adaptively presented using stretch 

text that allows certain parts o f  a page to be opened or closed. As the student interacts 

with the system, they can open and close resources indicating which resources are 

preferred. When presenting the next concept, this interaction data is analysed using the 

Naive Bayes algorithm to determine which resources are wanted and should be presented 

first. In results from a limited evaluation study, it was reported that is was possible to

84



leam  for each student w ithin a few sHdes the param eters that achieve optim al 

classification. One draw back w ith this system  is that there is no explicit educational 

theory underpinning the categorisation o f  resources or learning characteristics. In 

addition, there are som e problem s in using the place in topic and place in concept 

attributes as the N aive Bayes algorithm  assum es all input features to  be independent. 

These attributes are not independent from  attributes such as m edia type, as a student m ay 

prefer a picture before text and so the m edia type preferred  will be dependent on its place 

in the topic presentation. Finally, it w ould be o f  in terest to see w hat im pact the iM anic 

system  has on student learning using an experim ental study.

The lim itations o f  the A daptive Bayes and iM anic system s provide the m otivation for 

the design o f  the predictive engine in EDUCE. Firstly, it needs to support an explicit 

educational theory that provides the fram ew ork for m odelling learning characteristics. 

Secondly, it needs to take as input an appropriate set o f  navigational and tem poral input 

features that are indicative o f  learning characteristics. N ext, it should be able to 

dynam ically  d iagnose learning characteristics as the input data continually  changes. 

Finally, it needs to be easily integrated into an adaptive learning environm ent so that is 

can be evaluated  in an experim ental study.

4.4 Engine Architecture

M achine learning can be described as the extraction o f  im plicit, previously unknow n 

and potentially  useful inform ation from data (M itchell, 1997). It detects patterns and 

regularities in data and represents them  as structural descrip tions that can be used to make 

predictions. E D U C E ’s predictive engine is based upon the assum ption that students do 

exhibit patterns o f  behaviour appropriate to their particular learning characteristics and 

that it is possib le to describe those patterns. By observing the studen t’s pattern  o f  

behaviour, it attem pts to build  an individual predictive m odel o f  each studen t’s learning 

characteristics that can inform  the adaptive presentation  o f  content.

Patterns in data are identified using m achine learning algorithm s and techniques. 

These algorithm s require input in the form  o f  instances that are independent exam ples o f  

the concept to be learnt. Instances are characterised by a p re-determ ined set o f  attributes 

o r features that m easure the d ifferent aspects o f  the instance using  d ifferent values. The 

output from the learning algorithm  is the predicted  class o f  the instance.
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Figure 4-1 illustrates the main phases of the predictive engine within EDUCE. Both 

the prediction process and its implementation are illustrated. The input representation 

model to the learning scheme consists o f  fine-grained features that describe the student’s 

interest in and use o f different resources available. The predictive engine employs the 

Naive Bayes classification algorithm to analyse the input data. It operates online using no 

prior information. At the resource classification phase, a model o f each individual 

student’s preferences is created. During student/system interaction, EDUCE monitors the 

student’s actions, updates the student model, and makes predictions on learning 

preferences.

Learning
S chem e

R eso u rce
C lassification

Input
R ep re sen ta tio n

Model

C lassifier:

N aive B ayes Algorithm

A ttributes:
- Time on re so u rc e  ?
- First S e le c ted  ?
- Only reso u rce  ?
- O th ers  se le c te d  ?
- Q uestion  a ttem p ted  ?

Ml R esou rce
- V erbal/Linguistic (VL)
- Logical/M athem atical (LM)
- V isua/S patial (VS)
- M usical/Rhythm ic (MR)

Figure 4-1: Phases o f the EDUCE’s predictive engine

4.5 Input Model and Resource Classification

The input representation model consists o f a set o f features that describe the student’s 

learning characteristics. Rather than modelling the static features o f  the learning 

resources, it consists o f a set o f dynamic navigational and temporal features that are 

indicative o f  how different resources are used. The attributes and values selected were;

• NormalTime {Yes, No}: Yes if  students spent more that 2 seconds viewing a 

resource otherwise No. The assumption is made that if  a student has spent less than 

2 seconds they have not had the time to use it. The value is also No if  the student 

does not select the resource. 2 seconds was chosen as in experimental studies it 

provided the optimal classification accuracy.

• LongTime {Yes, No}; Yes if  the student spends more that 15 seconds on the 

resource otherwise No. The assumption is that that if  the student spends more that
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15 seconds he is engaged w ith the resource. 15 seconds provided the optimal 

classification accuracy.

•  FirstChoice {Yes, N o}: Yes i f  the student views the resource first otherwise No

• OnlyOne {Yes, N o }: Yes i f  this is the only resource the student looks at otherwise 

No

• Repeat {Yes, N o}: Yes i f  the student looks at the resource more than once 

otherwise No

• Quest A  tt {Yes, N o}: Yes i f  the student looks at the resource and attempts a 

question otherwise No.

• QuestRight {Yes, N o}: Yes i f  the student looks at the resource and gets the 

question right otherwise No.

These attributes describe the set o f instances upon which the classifier makes a 

prediction. When making a prediction, the classifier is given a new instance and is asked 

to predict the value o f the output attribute or the class o f  the instance. This attribute is 

defined as:

•  Resource {V L , LM , VS, M R }: The name o f  the resource: Verbal/Linguistic, 

Logical/Mathematical, Visual/Spatial and Musical/Rhythmic. This is the feature 

the learning scheme w ill classify.

Thus, the prediction task is to predict the probability that a particular resource type is 

wanted given instances that describe how the previous resources were used.

4.6 Learning Scheme

The predictive engine employs the Naive Bayes classification algorithm to analyse the 

input data and make predictions. The formula for the NaTve Bayes classifier can be 

expressed as (M itchell, 1997):

u jV B  =  a x g m a x P { v j )  ] ] [  P { a i \ v j )

Vf̂ B is the target value which can be any value V/ from the fin ite  set V. P(ai\vj) is the 

probability o f the attribute for the given class Vj. The probability for the target value o f 

a particular instance, or o f  observing the conjunction a/, Q2 .. a„ , is the product o f the 

probabilities o f  the individual attributes, a/ .. a„.i are the input attributes and a„ is output

87



attribute or the class o f the instance. The algorithm works on the assumption that all 

attributes are uncorrelated, statistically independent and normally distributed.

During training unit TUk, identify v a lu e s  for attributes a , â j

JIL

At start of TUkti mal<e Vpred prediction on preferred resou rce

At ttie end  of learning unit TUk,
- For ea ch  c la s s  value y, crea te  instance Instk,
- U pdate S tu dent Training D jta(S T D ) with ^  pi'"^ ’̂‘lnstkj,

Figure 4-2: Algorithm describing how instances are created and predictions made

Figure 4-2 illustrates the algorithm that describes how instances and predictions are 

made. During each learning unit TUk observations are made about how different 

resources are used. At the end o f the learning unit TUk one instance is created for each 

target class value v/ .. v,. For example, the instances generated for one

student after the interaction with one particular learning unit and four resources are given 

in Table 4-1. The training data is next updated with these new instances. The entire 

training data set for each student consists o f all the instances generated, with equal 

weighting, from the learning units that have been used.

Table 4-1: Example instances after interaction with one learning unit.

Normal
Time

Long
Time

First
Choice

Only
One

Repeat Quest
Att

Quest
Right

Resource

Yes Yes Yes No No Yes Yes VS

Yes No No No Yes Yes Yes VL

Yes Yes No No No Yes Yes MR

No No No No No No No LM

At start o f the next learning unit TUj+i the predictive engine is asked to make a 

prediction Vp„,/ on the preferred resource. This is achieved by asking the predictive engine 

to classify the instance that describes what the student spends time on, what he views



first, w hat he repeatedly  view s and w hat helps him  to answ er questions, nam ely the 

instance illustrated in Table 4-2:

Table 4-2: The instance classified against each resource

Normal
Time

Long
Time

First
Choice

Only
One

Repeat Quest
Att

Quest
Right

Resource

Yes Yes Yes Yes Yes Yes Yes 7

The range o f  target values for the output attribute is {VL, LM , VS, M R}, one for each 

class o f  resource. For each possible target value the N aive Bayes classifier calculates a 

probability  on the fly. The probabilities are obtained by  counting the frequency o f  various 

data com binations w ithin the train ing exam ples. The target class value chosen is the one 

w ith the h ighest probability.

An exam ple o f  how  these probabilities are calculated is as follows. U sing data 

consisting o f  only instances that are illustrated in Table 4-1, the probability  for VL is

r i iP ( a i |V S ) =  1/1 X 1/1 X  1/1 X 0/1 X 0/1 X 1/1 x 1/1 x 1/4

To avoid any attribute occurring zero tim es (and a m ultip lication  by 0 w hich resu lt in 0 

probability) a Laplace estim ator is used. This involves adding 1 to the num erator and 

com pensating by adding 1 for each attribute value to the denom inator (e.g. Y es/No values 

for N orm al T im e w ill result in 2 been added to the denom inator). This results in:

n ,  P(ai 1 VS) = 2/3 X 2/3 x 2/3 x 1/3 x 1/3 x 2/3 x 2/3 x 2/8 = 0.003658

In addition

riiP (a , I VL) =  2/3 X 1/3 x 1/3 x 1/3 x 2/3 x 2/3 x 2/3 x 2/8 = 0.001829 

riiP (a i I M R) =  2/3 X 2/3 x 1/3 x 1/3 x 1/3 x 2/3 x 2/3 x 2/8 = 0.001829 

riiP (a i I L M )=  1/3 X 1/3 x 1/3 x 1/3 x 1/3 x 1/3 x 1/3 x 2/8 = 0.000114
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The m axim um  o f  these probabilities is returned as the predicted  preferred resource. In 

addition the resource w ith  the low est probability  is returned as predicted  low est preferred 

resource.

4.7 Summary

The chapter has describes the architecture and im plem entation o f  the predictive 

engine. The central com ponent o f  the engine is the N aive B ayes classifier. It has 

described the input features and the prediction  task. It has also illustrated  the m ain phases 

in the prediction algorithm  and described how  the classification  o f  the preferred resource 

is calculated. The follow ing C hapter 5 describes em pirical studies conducted to com pare 

the predictive accuracy o f  the engine w ith the actual behaviour o f  students.
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5 Val idat ion

5.1 Introduction

The previous two chapters have described the development o f EDUCE. Chapter 3 has 

described how the principles o f MI can be used to model the student and develop content. 

Chapter 4 has described the development o f the predictive engine and how it dynamically 

diagnoses Ml preferences based on observable behaviour. Before conducting experiments 

to determine what pedagogical strategies EDUCE should use two studies were carried 

out. First, a study was conducted to validate that the content developed reflected the 

principles o f MI. Second, a study was conducted to compare the performance o f the 

predictive engine with the actual behaviour o f students (Kelly & Tangney, 2003b, Kelly 

& Tangney 2004d). This chapter describes both the content validation and predictive 

engine validation studies.

5.2 Content Validation

The resources used by EDUCE have been developed using the principles o f  MI. In 

particular, the resources have been developed using the pedagogical taxonomy outlined in 

Chapter 3. The team o f developers included the author, a Science teacher and an 

instructional developer. Two expert MI practitioners subsequently assessed the developed 

resources with a view to determining how accurate they reflected MI principles:

• Expert 1 - Branton Shearer, the author o f the MIDAS questionnaire

• Expert 2 - Anne Fleischmann, a teacher and MI practitioner for more than 10 years

Each MI informed resource was developed to reflect the principles o f one particular 

intelligence. The validation process involved, for each resource, identifying the dominant 

intelligence and specifying in percentage terms how much the different intelligences were 

employed. For example a resource categorised as verbal/linguistic could be rated as 

activating the VL intelligence 70 % o f the time and activating other intelligences 30 % of 

the time.
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5.2.1 Procedure

The MI experts were asked to navigate through the content in the Static Electricity 

tutorial and rate the content in terms o f each intelligence it activated. The experts were 

asked to indicate, as a %, how much each resource activates each o f the four 

intelligences: Verbal/Linguistic (VL), Logical/Mathematical (LM), Visual/Spatial (VS) 

and Musical/Rhythmic (MR). The total sum of four percentages should add up to 100 %. 

For example, in section 1 unit 1 (S1_U1) there are four options: a VL, LM, VS and MR 

option. Table 5-1 shows how the VL option has been given a rating of: 70% VL, 10% 

LM, 20% VS, and 0% MR. This rating describes that the VL resource highly activates the 

VL intelligence (70%) and to a lesser extent activates the VS and LM intelligences (30 

%).

The experts were also asked if  suggestions could be made to improve the content. For 

example. Table 5-1 illustrates how the VL option for Section 2 Unit 1 (S2_U1) has been 

given a rating o f 60% VL, 10% LM, 30% VS, and 0% MR. An example o f  a suggestion 

to make it more VL orientated could be to remove the picture

Table 5-l;Sam ple Ratings for the VL option

V L  Option LM  Option VS O ption M R  Option

Unit VL LM VS MR VL LM VS MR VL LM VS MR VL LM VS MR

S1_U1 70 10 20 0

S2_U1 60 10 30 0

5.2.2 Ratings

Table 5-2 and Table 5-3 illustrate the ratings for Expert 1 and 2 respectively. Despite 

some disagreements among the experts, the ratings suggest that according to the MI 

experts, the resources activate the intelligences they were designed to activate. For 

example, expert 1, on average, rates the VL resources as activating the VL intelligence by 

88%, the LM resources the LM intelligence by 67 %, the VS resources the VS 

intelligence by 86 % and MR resources the MR intelligence by 83 %. Similarly, expert 2 

on average rates the VL resources as activating the VL intelligence by 93%, the LM 

resources the LM intelligence by 76 %, the VS resources the VS intelligence by 83 % and 

MR resources the MR intelligence by 82 %. Table 5-4 summarizes these results.
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5.2.3 Conclusions

It can be concluded that the different categories o f  MI resources activate the relevant 

intelligence. For the VL, VS and M R option it is very clear that they activate the 

appropriate intelligence. The LM option did not receive the sam e high rating, m aybe 

because in prom oting the LM intelligence it was necessary to use w ords that activate the 

VL intelligence and diagram s that reflect the VS intelligence. It is also interesting to note 

that the m ain secondary intelligence used by each resource is the VL intelligence. W hen 

developing the M R and VS resources it is still necessary to use som e w ords reflecting  the 

traditional im portance o f  verbal ability.

Table 5-2;R atings o f  Expert 1 for M I Content

VL O ption LM Option V S Option M R  Option

Unit VL LM VS MR VL LM VS MR VL LM VS MR VL LM VS MR

S1_U1 100 30 70 100 20 80

S2_U1 100 30 70 100 100

S2_U2 70 30 40 60 15 15 70 30 70

S2_U3 80 20 15 70 15 20 80 30 70

S3_U1 100 35 65 100 100

S3_U2 100 35 65 15 85 100

S3_U3 80 20 25 75 25 75 25 75

S3_U4 100 25 75 100 15 85

S3_U5 60 40 35 65 40 60 15 85

S4_U1 100 35 65 100 15 85

S4_U2 85 15 35 65 100 25 75

S5_U1 85 15 35 65 100 15 85

S5_U2 85 15 35 65 35 65 25 75

S5_U3 85 15 35 65 35 65 25 75

Average 88 67 86 83
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Table 5-3: Ratings o f Expert 2 for MI Content

VL Option LM Option VS Option M R  O ption

Unit VL LM VS MR VL LM VS MR VL LM VS MR VL LM VS MR

S1_UI 100 30 70 100 30 70

S2_UI 95 5 20 80 5 95 100

S2_U2 60 40 25 50 25 10 90 30 70

S2_U3 70 20 10 80 20 20 80

S3_UI 100 20 80 10 90 5 95

S3__U2 100 20 80 100 5 95

S3_U3 80 20 10 60 30 50 50 20 80

S3_U4 90 10 20 80 5 95 20 80

S3_U5 100 20 80 10 90 I20 80

S4_U1 100 20 80 20 80 20 80

S4_U2 100 20 80 100 [20 80

S5_U1 100 20 80 30 70 20 80

S5_U2 100 20 80 60 40 [20 80

S5_U3 100 20 80 10 90 I20 80

Average 93 76 83 82

Table 5-4; Average Ratings for the dominant intelligence.

VL O ption LM Option VS Option M R  Option

Expert 1 88 67 86 83

Expert 2 93 76 83 82

Average 90.5 71.5 84.5 82.5

5.3 Predictive Engine Validation

The predictive engine predicts the most preferred and least preferred resource based 

on observations o f  student behaviour. In order to evaluate the accuracy o f  these 

predictions an experimental study was conducted (Kelly & Tangney, 2003b, Kelly & 

Tangney 2004d). The objective of the study was to compare the actual behaviour of 

students with predictions by the predictive engine. During the study, students had access 

to all MI informed resources. The performance o f the predictive engine was analysed by 

comparing at the start o f each learning unit the predicted preferred resource with the 

actual resources used by the student in that unit. The predictive engine based its
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predictions on all observations o f  the studen t’s behaviour in the learning units preceding 

the learning unit for w hich the prediction was made.

5.3.1 Data Collection

The evaluation  study w as conducted w ith 25 participants from  the sam e school. The 

25 fem ale students w ere betw een the ages 12 and 16 and cam e from two different classes. 

The teachers described one h a lf  as below  average academ ic achievers and the other h a lf  

as high academ ic achievers. A bout h a lf the participants had studied Static E lectricity  

before and the other h a lf  had not. The study w as conducted in the school com puter 

laboratory. The results o f  tests undertaken in the study d id  not contribute tow ards the 

student’s science grade m ark and the m otivation for the students in using the m aterial was 

for fun and exploration.

D uring the study, participants navigated through the Static E lectricity  tutorial w ith the 

free version o f  EDUCE. W ith this version adaptivity is turned o f f  and the learner takes 

the initiative w hen selecting resources. The student has the choice to view the different 

MI resources in any order. No adaptive presentation decisions are m ade as the learner has 

com plete control. N ote also that in the version o f  ED U C E used for this study the 

questions w ere fill-in the blanks as opposed to m ulti-choice questions. To avoid problem s 

with spelling m istakes later versions o f  EDUCE used m ulti-choice questions.

Before using ED UC E, students were given a tw o-m inute dem onstration on how  to 

navigate through the tutorial. Each student interacted w ith ED U C E for an average o f  40 

m inutes giving a total o f  3381 observations over the entire group. 840 o f  these 

interactions w ere selections for a particular type o f  resource. In each learning unit 

students had a choice o f  four different m odes o f  instruction: VL, VS, M R, and LM. As no 

prior know ledge o f  student preference w as available, the first learning unit experienced 

by the student w as ignored when doing the evaluation.

For individual predictive m odelling, one approach is to load all o f  the studen t’s data at 

the end o f  a session and evaluate the resultant classifier against individual selections 

made. The other approach is to evaluate the classifier pred ic tions against user choices 

m ade only using data up to the point the u se r’s choice w as m ade. This approach sim ulates 

the real behaviour o f  the classifier when w orking w ith incom plete profiles o f  the student. 

The second approach w as used as this reflects the real perform ance w hen dynam ically  

m aking predictions in an online environm ent.
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5.3.2 Evaluation

The evaluation consisted o f  a number of different investigations, which were made to 

determine answers to the following questions:

1. Is it possible to predict if  the student will use a resource in a learning unit?

2. Is it possible to predict when the student will use a resource in a learning unit?

3. What range o f resources did students use?

4. How often does the prediction o f students preferred type o f resource change?

5. Can removing extreme cases where there is no discem able pattern o f behaviour help 

in the prediction of the preferred resource?

5.3.2.1 Evaluation 1: Predicting if resource will be used

Each learning unit has up to four types o f resources to use. At the start of each unit, 

the student’s most preferred type o f resource was predicted based on previous selections 

the student had made. After the student had completed the learning unit, it was 

investigated to see if the student had used the predicted preferred resource. In 75 % of 

cases the prediction was correct. In other words EDUCE was able to predict with 75 % 

accuracy that a student will use the predicted preferred resource. The results suggest that 

there is a pattern o f behaviour when choosing among a range o f  resources and that 

students will continually use their preferred resource.

5.3.2.2 Evaluation 2: Predicting when the resource will be used

In each learning unit, the student can determine the order in which resources can be 

viewed. Is it possible to know at what stage the student will use his preferred resource? 

When inspecting the learning units where the predicted preferred resource was used, it 

was found that in 78 % o f cases the predicted preferred resource was used first, i.e. in the 

75% of cases where the prediction was correct the predicted resource was visited first 

78% of the time. The results suggest that it is a challenging classification to predict the 

first resource a student will use in a learning unit. However when the student does use the 

predicted preferred resource, it will with 78 % accuracy be the first one used. Figure 5-1 

illustrates these results (58%=78 x 75). The analogy is that o f shooting an arrow at a
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target, 75 % o f the time the target is hit and when the target is hit, 78 % o f the time it is a 

bulls-eye!

25 % 
Resource 
Not Used

75 % 
Resource Used

58 % 
Resource 
used first

Figure 5-1 :The classification accuracy o f predicted preferred resource.

5.3.2.3 Evaluation 3: Changes in predicted preferred resource

To determine the extent o f how stable the predicted preferred resource is, an analysis 

was made o f the number o f times the prediction changed. The average number o f  changes 

in the preferred resource was 1.04, The results suggest that as student’s progress 

throughout a tutorial they identify quite quickly which type o f resource they prefer as the 

predicted resource will on average only change once per student,

5.3.2.4 Evaluation 4: The range of resources used

Did students use all available resources or just a subset o f  those resources? By 

performing an analysis o f the resources selected from those available in each unit, it was 

found that students on average used 40 % o f the available resources. This result suggests 

that students identified for themselves a particular subset o f resources which appealed to 

them and ignored the rest. But did all students choose the same subset? To determine 

which subset was used, a breakdown o f the resources used against each class o f resource 

was calculated. Table 5-5 displays the results. The even breakdown across all resources 

suggests that each student chose a different subset o f resources. (If all students chose the 

same subset o f  VL and LM resources, VS and MR would be 0 %). It is interesting to note 

that the MR approach appeals to the most number o f students and the LM approach 

appeals to the least number o f students.
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Table 5-5: Breakdow n o f  resources used

VL LM VS MR

25 % 16 % 2 7 % 33 %

5.3.2.5 Evaluation 5: Without extreme cases

Inspecting students w ith extrem e preferences, both  very  strong and very w eak, reveals 

some further insights, into the m odelling o f  learning characteristics. W ith one student 

with a very strong preference for the V L approach, it could be predicted  w ith 100 % 

accuracy that she w ould use the VL resource in a learning unit, and that w ith  92 % 

accuracy that she w ould use it first before any other resource. On analysing students w ith 

very w eak preferences it appears that som e students seem  to have a com plex selection 

process not easily  recognisable. For exam ple w ith one student, it could  only be predicted 

with 33 %  accuracy that she w ould use her predicted preferred  resource in a learning unit 

and only w ith 11 %  accuracy that she w ould  use it first. In this particular case, the results 

suggest that she w as p icking a different resource in each unit and not looking at 

alternatives.

Some students will not display easily discem able patterns o f  behaviour and these 

outliers can be rem oved to get a clearer p icture o f  the prediction  accuracy for students 

with strong patterns o f  behaviour. A fter rem oving the 5 students w ith the low est 

prediction rates the prediction accuracy for the rest o f  group was recalculated. This 

resulted in an accuracy o f  84 % that the predicted preferred  resource will be used and in 

an accuracy o f  65 %  that the predicted preferred resource w ill be used first in a learning 

unit. The results suggest that strong predictions can be m ade about the preferred class o f  

resource. H ow ever predicting  w hat will be used first is still a difficult classification task.

5.3.3 Conclusions

The results o f  the evaluation reveal that it is possib le using E D U C E ’s predictive 

engine to m odel the students learning characteristics. In particular, they reveal that it is 

possible to m ake strong predictions about a studen t’s preferred  resource type. The results 

suggest that it is possible to  predict w ith  a relatively high degree o f  p robability  that the 

student w ill use the predicted preferred resource in a learning unit. H ow ever it is a m ore 

difficult task to determ ine if  the predicted  preferred resource w ill be used first before any 

other resource. The results also suggest that predictions about the preferred  resource are
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relatively stable, that students only use a subset o f  resources and that different students 

use d ifferent subsets. C om bining the results together suggest that learning characteristics 

can be m odelled and that the characteristics are different for alternative groups o f  

students.

5.4 Summary

This chapter has described two studies conducted to validate that the content 

developed for ED UCE reflected the principles o f  MI and to evaluate the perform ance o f  

the predictive engine. The content validation study confirm ed, using two MI experts, that 

the d ifferent categories o f  MI resources activated the relevant intelligence. The results 

from the study evaluating  the perform ance o f  the predictive engine confirm  that it is 

possible to m odel learning characteristics and predict the s tuden t’s preferred  resource to a 

reasonable level o f  probability. The studies indicate that i f  a student selects a particular 

resource category, it is indicative o f  their interest in that particu lar intelligence category. 

They also indicate that by observing past selections it is possib le to predict future 

selections. The two studies together provide the em pirical grounding for experim ental 

studies that evaluate different pedagogical and adaptive presentation  strategies.
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6 Experimental Design

6.1 Introduction

EDUCE uses the MI theory as the educational theory with which to model individual 

traits. In addition, the predictive engine incorporated into EDUCE can dynamically 

determine the learner’s profile and make predictions on what the resource the learner 

prefers. However the question that remains is in what way should the learning 

environment change for users with different learning characteristics?

To get some insight into how the learning environment should change empirical 

studies were conducted using EDUCE. These studies explored:

• The impact on learning performance when using different adaptive presentation 

strategies in contrast to giving the learner complete control over the learning 

environment

• The impact on learning performance when material is matched and mismatched 

with learning preferences

The following sections explain the experimental design and procedure (Kelly & Tangney, 

2004a). Section 2 describes the experimental design and includes the definition o f  the 

independent and dependent variables. Section 3 describes the experimental procedure and 

the typical student experience o f the experiment. Section 4 describes how tracking data 

for the participants is generated and how this information is processed to identify specific 

measurements that are indicative o f individual traits. Section 5 describes the context in 

which two studies were conducted. The following chapter 7 presents and discusses in 

detail the results o f  these studies.

6.2 Experimental Design

In the design of adaptive systems, there is debate on where the locus o f control 

between student and system should reside. Systems that facilitate student control assume 

that the learner knows best about how to construct their own learning experience. 

Adaptive systems are based on the premise that intelligent decisions can be made on 

behalf o f the student by the computer to adapt and personalise the learning environment.

100



However, there are several issues with the concept o f student control. Students need to 

learn how to make critical choices when self-matching to educational treatments. 

Students also need to distinguish between what they want and what they need (Glaser, 

1977). Likewise with adaptivity and system control, there are issues around how best to 

adapt the learning environments. Individual traits can be viewed as characteristics or 

aptitudes that promote a student’s performance in one kind o f environment as opposed to 

another. With this approach the belief is that it is better to provide treatment that matches 

aptitude, an approach that is formalised in aptitude-treatment interaction (ATI) (Cronbach 

& Snow, 1977). An alternative belief is that the systematic alternation o f educational 

approaches can develop a broad range o f competency by increasing the flexibility of 

thinking and reducing the restrictiveness o f habitual thinking (Entwhistle, 1982). It is still 

not clear whether it is better to match individual differences with instructional methods to 

optimise performance or mismatch to strengthen desirable style and broaden the potential 

range o f competence (Sternberg, 1997).

In order to investigate the issues o f matching versus mismatching and adaptivity 

versus learner control, two independent variables are defined: level o f choice and 

presentation strategy. When looking at the definitions o f these variables it is useful to 

remember that within each learning unit there are multiple MI based learning resources 

for the student to use.

The independent variable level o f choice provides for four different levels o f choice 

and adaptivity. These are:

• Free -  student has the choice to view any resource in any order. No adaptive

presentation decisions are made as the learner has complete control.

• Adaptive Single -  student is only able to view one resource. This is adaptively 

determined by EDUCE based on an analysis o f the static MI profile.

• Adaptive Inventory - student is first given one resource but has the option to go 

back and view alternative resources. The resource first given to the student is 

determined by EDUCE based on the analysis o f the MI inventory completed by the 

student. The Inventory choice level is the same as the Single choice level but with 

the option of going back and viewing altemative resources.

• Adaptive Dynamic -  the student is first given one resource but has the option to go

back and view alternative resources. The resource first given to the student is 

determined by using the dynamic MI profile that is continuously updated based on
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the student’s behaviour. The predictive engine within EDUCE identifies the most 

preferred and least preferred resource from the online student computer interaction.

Four different versions o f  EDUCE correspond to the four different levels o f  choice. The 

single, inventory and dynamic versions can be considered as adaptive systems as the 

system takes the initiative in deciding which resource to present.

The independent variable presentation strategy encompasses two main strategies for 

delivering material. These strategies are:

• M ost preferred: - showing resources the student prefers to use or matching 

resources with preferences

• Least preferred: - showing resources the student least prefers to use or

mismatching resources with preferences.

The presentation strategy, using the dynamic and static MI profiles, determines which 

resource is shown first to the student.

Experiments were designed in such a manner to explore the effect o f  different 

adaptive presentation strategies and to determine the impact on learning performance 

when resources were matched with preferences. In particular they were set up to explore 

the impact o f the two independent variables, presentation strategy and level o f choice, on 

the dependent variable, learning performance.

The dependent variable learning performance  is defined by the learning gain and 

learning activity:

• The learning gain, or more specifically the relative learning gain, is the percentage 

improvement o f the post-test score on the pre-test score. Each student sits the pre

test and post-test before and after the tutorial. The pre-test and post-test consist o f 

the same 10 multi-choice questions, which are mostly factual questions. These 

questions also appear throughout the tutorial.

• Learning activity is a measure o f the interest in exploring different learning 

resources. It is determined by the navigation profile, the number o f the different 

panels visited and the number o f  different resources used. Three categories are 

defined for activity level: low, medium and high. The cut points for each category 

are determined by dividing students into three equal groups based on their activity 

level.
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Learning activity is analysed to provide informed explanations on learning gain. The 

influence o f other variables such as dominant intelligence is also examined. The dominant 

intelligence is the highest-ranking intelligence as determined by the MIDAS inventory. 

Table 6-1 summarises the variables used in the study and their values.

In addition, the original design o f EDUCE incorporates a rich set o f links to support 

non-linear learning. These links include navigation options that are provided through a 

main menu and a section menu. Through these menus students have the opportunity to 

move from one concept to next according to their learning strategy and goal. However, 

the purpose o f the experimental design is to evaluate presentation strategy with different 

learner and adaptive controlled environments. Thus, links were disabled to ensure that 

students progressed in a linear manner through the content. As a result, students can only 

navigate to different MI resources and go back or forward. This restricted navigation path 

makes it possible to observe students making decisions about which MI resource to use 

and examine the effect in isolation.

Table 6-1: Variables used and their values

Variable Value

Presentation Stra tegy Least Preferred, Most Preferred

Choice  Level Free, Adaptive  Single, Adaptive  Inventory, A daptive  Dynam ic

Relative Learning Gain (Post test score-pre test score)/pre test score

Activity Level %  o f  resources used

Activity Groups Low, M edium  and High Activ ity

Dominant Intell igence Highest ranking intelligence as recorded by M ID A S Inventory

6.3 Experimental Procedure

For each student the experiment will consist o f 4 sessions o f  approximately 25 

minutes. The sessions are as follows;
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Table 6-2: Different sessions in the experiment

Session 1 Session 2 

Tutorial Sitting 1

Session 3 

Tutorial Sitting 2

Session 4

Ml concept C om pute r  based tutorial C om pute r  based Reflection on Ml
introduced, students on the topic  o f  “ Static tutorial on the topic o f profile  created.
complete the M ID A S Electricity” or “ Electricity in the
Inventory and “ Electricity in the H o m e ” or “ Static
questions on 
background

ho m e” Electricity”

The sessions are conducted over three or four days. In Session-1, students are 

introduced to the MI concept and complete the MIDAS MI Inventory. In Session-2, 

students explore one tutorial on electricity. Before the session, the students are given a 2 

minute induction on how to navigate through EDUCE. The session is preceded by a pre

test and followed by a post-test. The pre-test and post-test have the same 10 multi-choice 

questions. Session-3 repeats the same format as Session-2, except that the student 

explores a different tutorial. Session-2 and Session-3 are conducted on different days. 

During Session-2 and Session-3, the groups using the adaptive versions receive the most 

preferred and least preferred presentation strategies on different days. In Session-4 

students are asked to reflect on their experiences and their MI profile. This session was 

recorded by video camera or audio tape.

Students are randomly assigned to one o f the four groups defined by the levels o f 

choice. Students assigned to the free  group experience the same learning environment 

during Session-2 and Session-3, however the tutorial content is different. Different 

students use the “Static Electricity” (ELE-STA) tutorial first, while others use the 

“Electricity in the Home” (ELE-HOME) tutorial. Students assigned to the adaptive 

versions experience both presentation strategies o f least preferred (LEAST) and most 

preferred (MOST). Some students receive the least preferred presentation strategy first, 

whilst others received the most preferred presentation strategy. To ensure order effects 

are balanced out, students are also assigned to systematically varying sequence of 

conditions. The design o f the experiment can be described as a mixed between/within 

subject design with counterbalance (Mitchell & Jolley, 2004).

Figure 6-1 illustrates how for the adaptive dynamic group students are assigned to 

systematically varying sequence of conditions.
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ELE-HME
LEAST

ELE-STA
MOST

ELE-STA
LEAST

ELE-HME
MOST

ELE-HME
MOST

ELE-STA
LEAST

ELE-HME
LEAST

ELE-STA
MOST

Adaptive
Dynamic
Group

Figure 6-1 Systematic varying sequence o f conditions for 4 groups o f students in the 

adaptive dynamic group.

6.4 Tracking Data

As students interact with EDUCE tracking data is generated. This section describes 

how this data is processed in order to identify specific measurements that are indicative o f 

individual traits. It describes how participant background is elicited and how the 

dominant intelligence is identified using the MIDAS inventory. It also identifies how the 

relative gain, activity level, activity groups and engagement is calculated.

6.4.1 Participant Background

At beginning o f  session 1, participants were asked several questions on their 

background. These questions included:

• Age ?

• Male/Female ?

• Do you have a computer at home ? Yes/No

• Do you use the internet ? Yes/No

• Do you play games on the computer ? Yes/No

• Have you studied electricity in school ? Yes/No
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6.4.2 MIDAS Ml Profile

The MIDAS inventory, previously described in chapter 3, is used to determine a 

student’s preferences and aptitudes for the different intelligences. The inventory itself 

consists o f 93 questions. A sample question is illustrated in Figure 6-2. It is completed 

after a student logs in for the first time.

< 3  Hidas-3'MR - Mk7090fl

File Edit V iew F avw ites  Tools Help

I c o u ld  b e  a  g r e a t  m u s ic ia n  
I" I d o  n o t  k n o w

4. Do you often have a tune or song playing in your liead, 
hum or sing to yourself?

<" E v e ry  o n c e  in a  w h ite  
S o m e t i m e s  

< ' A lo t o f  t i i e  tim e  
< ' A lm o s t  a ll t h e  tim e  

All t h e  t im e  
<" I d o  n o t  k n o w

5. Do you ever make up songs just for fun like when you 
are playing

<■■ I n e v e r  d o
M a y t)e  o n c e  o r  tw ic e  I h a v e  
S o m e t i m e s  I d o
M a n y  t im e s  I m a k e  u p  n e w  s o n g s  

<"■ I m a k e  u p  s o n g s  a ll t h e  tim e

il________________________________________ I
4  j  Done My Compute!

2J

Figure 6-2: MIDAS questions online

From the responses entered, a MI profile is generated using the scoring engine that 

comes as part o f the MIDAS inventory. From this MI profile, the dominant intelligence or 

highest-ranking intelligence is identified.

6.4.3 Relative Gain

The relative learning gain is the percentage improvement o f the post-test score on the 

pre-test score. Before and after each tutorial, students sit a pre-test and post-test. The test 

consists o f 10 multi-choice questions, each question with four options. Figure 6-3 

illustrates a sample question from the pre-test. The relative gain is calculated by 

subtracting the pre-test score from the post-test score and dividing by the pre-test score.
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Relative Learning Gain = (Post Test Score -  Pre Test Score) x 100

Pre Test Score

The calculation o f the relative gain allows for the influence o f the pre-test score to be 

taken into account when analysing learning performance.

nie Edit View Favorites Tods Help 1 ^1
^  Back 5^^ * ’('J .Z i f i ' 1 /  ^Search Favwltes (^''Media ^  * *  links

Address http://locoihost;8080/edijce6/s^vlei;/Log1n ▼J i ^ G o  i

5, W h a t is  th e  ch a rg e  on an a to m  th a t lo o se s  e le c tro n s  ?
Positive

Negative

Neutral

Balance

6. T w o  D ositive  ch a rg e s ____ ea ch  o th e r
Attract <'

Repel

Move f

Stop
^  j  I 1

Figure 6-3: Sample question from pre-test

6.4.4 Activity Level and Activity Groups

Learning activity is used as a measure o f the interest in exploring different learning 

resources. Each time, a learner generates an event such as navigating to a screen or 

pressing a button, the event is logged with a time-stamp. From these events, it is possible 

to calculate the number o f times each type o f M l resources is used and the percentage o f 

all M l resources used.

Figure 6-4 illustrates how a student can access one o f four different M l resources 

during a learning unit on static electricity. In total, the ELE-STA tutorial contains 14 

learning units and, as each learning unit contains four MI resources, a total o f 56 MI 

resources. The ELE-HOME tutorial contains 16 learning units and 64 MI resources. 

Students can navigate to a minimum o f one and a maximum o f four resources in each 

unit.

For example, in the ELE-STA tutorial a student may use 28 resources, or 2 per unit, 

which would give an activity level o f 50 % (26/58=.5). It was observed that some
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students randomly selected a resource and moved on quickly without studying or using it. 

To prevent this navigation behaviour from influencing the results, all resources used for 

less than 2 seconds were not included in calculations.

Three categories are defined for the activity level; low, medium and high. The cut 

points for each category were determined by dividing students into three equal groups 

based on their activity level. The activity level is considered as an indicator o f the general 

interest in exploring different MI resources.

V̂evT Kiv-Kl'oa ttdo

m iun menu feedback
section menu you r points

C lick  th e  ju m p e r to  soo how  
s ta tic  e le c tr ic ity  c a n  b e  caused

Figure 6-4: A choice o f four different Ml resources during a learning unit

6.4.5 Categories of Resources

In addition to the overall activity level, the preference for each intelligence category is 

also identified. This is obtained by keeping count o f the number o f resources used in each 

intelligence category across all the learning units. For example, a student in the ELE- 

HOME tutorial may have used 4 VL, 4 LM, 8 VS and 12 MR resources. As there is a 

maximum o f 16 resources for each category in this tutorial, the profiles o f resources used 

would be 25 % VL, 25 % LM, 50 % VS, 75 % MR, as illustrated in Table 6-3.

Table 6-3: Profile o f resources used in a session

Resources Used VL LM VS MR

Count 4 4 8 12

% 25 25 50 75

108



From these profiles it is possible to analyse, both on the individual and group level, 

which resources are preferred and not preferred by different students. Also recorded was 

the amount o f time spent with each resource category. The profile o f resources used is 

considered as an indicator of the learner’s interest in different MI resource types.

6.4.6 Qualitative Feedback

Qualitative feedback was received from students in order to determine perceptions and 

preferences. Feedback was received at a number o f  points during the experiment. These 

included:

1. At the end o f each learning unit where students were asked:

• Which option helps them remember most and why?

• Which option do they prefer and why?

2. At the end o f  the tutorial sessions where students were asked to reflect on:

• What were the differences between the options?

• After going to your favourite choice did you try other options?

3. After both tutorial sessions, when a verbal feedback session took place and students 

were asked questions such as:

• Which option do they prefer and why?

• Which option did they remember and why?

• If they had to choose only one option, which one would it be?

• What are the differences between the icons?

• What was the best part o f the sessions on the computer?

This session was recorded either by video or mini-disc.

6.5 Participants

Two studies were conducted with EDUCE, in order to explore how the learning 

environment should change for users with different characteristics.

In Study 1, 70 boys and girls participated in the study. The ages ranged from 12 to 17, 

with an average age o f  14. The students were participating in a “Discovering University”
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program m e being  run in the au thor’s place o f  work. The objective o f  the program m e was 

to give students the experience o f  third level education and to encourage them  to continue 

education in university. The students attending this program m e w ould  prim arily  be from 

areas designated  as d isadvantaged in term s o f  the num ber o f  students w ho participate in 

third level education. The study itse lf was conducted in the com puter laboratories in the 

college and took place w ithin the ‘C om puter’ sessions on the D iscovering U niversity  

program m e. No rew ard incentives w ere provided to the students w ho participated.

In S tudy 2, 47 boys from one m ixed ability  school participated  in the study. The ages 

ranged from  12 to 14 w ith an average age o f  13. The study was conducted as part o f  

norm al class tim e and integrated into the daily school curriculum . N o rew ard incentives 

were provided  to the students w ho participated.

6.6 Summary

Tw o studies w ere conducted with ED UC E, in order to explore how  the learning 

environm ent, and in particular the presentation o f  content, should change for users w ith 

different characteristics. The first study explored the differences betw een dynam ic 

adaptive and free learner control. The second study explored the differences betw een the 

different variations in adaptive control. W ith the first study the fr e e  and adaptive dynam ic  

versions o f  ED U C E w ere used, and w ith the second study the adaptive single, inventory  

and dynam ic  versions w ere used. In both  studies, students using the adaptive versions 

received the least and m ost preferred presentation strategies in d ifferent sessions.

The two studies together provided insights into how  an adaptive educational system  

can best adapt the learning environm ent to individual learning traits. The follow ing 

chapter 7 will present and discuss in detail the results o f  these studies.
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7 Results

7.1 Introduction

Adaptive Educational Systems, having diagnosed learning traits, need to make 

pedagogical decisions on how best to adapt the learning environment. This chapter 

describes the results o f two empirical studies conducted with EDUCE that explore how 

the learning environment, and in particular the presentation o f content, should change for 

users with different characteristics. Using quantitative and qualitative methods, the results 

were analysed to explore the following research questions:

• The effect o f the independent variables, choice (learner and adaptive) and 

presentation strategy, on learning performance

• The relationship between learning activity or number o f MI resources used and 

performance

• The relationship between the MI Profile, as determined by the MIDAS inventory, 

and performance

• The relationship between the MIDAS results and observable behaviour when 

choosing resources

• The relationship between the particular MI resources used and performance

The goal o f the quantitative and qualitative analysis was to evaluate the hypotheses that:

• Providing content with the preferred presentation strategy would improve 

performance

• Adaptive control, with diagnosis o f traits based on observable behaviour, would 

improve performance more than other forms o f adaptive control and learner control

• High level o f  MI resource use and learning activity would improve performance

The results o f the analysis confirmed some of these hypotheses but some surprising 

results were also revealed. The following sections will present and discuss these results. 

Firstly, section 7.2 presents the results o f the study that investigated the differences 

between adaptive and learner control on learning performance. Secondly, section 7.3 

presents the results o f the study that investigated the differences between different types
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of adaptive control on learning performance (Kelly & Tangney, 2005a, 2005c). Both 

studies also investigated the relationship between matching/mismatching student 

preferences to learning resources and learning performance. Finally, section 7.4 discusses 

the results o f  the two studies together and concludes with recommendations on how 

Adaptive Educational Systems could adapt the learning environment to individual traits.

7.2 Study A: Adaptive Dynamic versus Learner Control

In Study A, 70 students (33 boys and 37 girls) participated in the study. The ages 

ranged from 12 to 17, with an average age o f 14. The students were participating in a 

“Discovering University” programme and took place in June 2004. The objective o f the 

programme was to give students an experience o f third level education and to encourage 

them to continue education in university. The students attending this programme would 

primarily be from areas designated as disadvantaged in temis o f the number o f students 

who participate in third level education. The study itself was conducted in the computer 

laboratories within the college and took place within the ‘Com puter’ sessions on the 

Discovering University programme. No reward incentives were provided to the students 

who participated.

In this study, two versions o f EDUCE were used:

• Free: student has the choice to view any resource in any order. No adaptive

presentation decisions are made as the learner has complete control.

• Adaptive Dynamic -  the student is first given one resource but has the option to go

back and view alternative resources. The resource first given to the student is 

determined by using the dynamic MI profile that is continuously updated based on 

the student’s behaviour. The predictive engine within EDUCE identifies the most 

preferred and least preferred resource from the online student computer interaction.

The two versions correspond to the two values (free and adaptive dynamic) o f  the 

choice independent variable. Students were randomly assigned to one o f  the two 

versions. 39 students (18 boys and 21 girls) were assigned to the free version and 31 

students (15 boys and 16 girls) were assigned to the dynamic version. Each student sat 

through two tutorials. The students using the dynamic version experienced both least 

and most preferred presentation strategies in different tutorials. The students using the 

free version experienced two different tutorials in which they had complete learner
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control and were free to navigate to any resources. A summary o f  the analysis is 

provided in Table 7-1.

Table 7-1; Summary o f analysis for Study 1

Analysis Conclusion

Independent variables: 
ch o ice  and presentation  
strategy

H igher learning p erform ance (re la tive  learn in g  ga in ) w hen  a d ap tively  
presented w ith  resou rces not preferred

L earning A ctiv ity H igh activ ity  le v e ls  or u se  o f  MI resou rces correlate w ith  h igher p ost-test 
scores

L earning A ctiv ity Students in adaptive group w ith  m ed ium  a c tiv ity  le v e ls  had larger in creases  
in learning gain  w ith  the least preferred p resentation  strategy

T im e on T ask T im e-on  task u sin g  MI resou rces correlated w ith  a c tiv ity  le v e l and no  
additional in sigh ts p rovided

Ml P rofile MI P rofiles did not in flu en ce  p ost-test sc ores

M ID A S  R esu lts vs. 
B ehaviour

For students w ith  LM , V S  and M R p ro file s , their preferred resource  
m atches resu lts o f  M ID A S  inventory

R esou rces U sed For Free group, h igh u se  o f  V L  resou rces and lo w  use o f  M R resou rces  
result in greater p ost-test scores.

For adaptive group, h igh  u se  o f  V L  resou rces resu lts in greater p ost-test 
scores, noth ing  c o n c lu s iv e  to  sa y  about u se  o f  M R resources.

7.2.1 Influence of Different Tutorials

The design o f the experiment involved each student sitting through two tutorials, one 

tutorial on Static Electricity (ELE-STA), the other on Electricity in the home (ELE- 

HOME). Some sat through the ELE-STA tutorial first, others the ELE-HOME tutorial. 

Analysis was conducted to determine if  the tutorials were at the same level o f  difficulty.

A paired-samples t-test was conducted to compare the post-test and relative gain scores of 

the ELE-STA and ELE-HOME tutorials for all students. There was no significant 

difference in the post-test scores for the ELE-STA (M=56.57, SD=23.77) and ELE- 

HOME (M =55.86, SD=21.77) tutorials. There was also no significant difference in the 

relative gain scores for the ELE-STA (M=70.1, SD=109.7) and ELE-HOME (M=47.36, 

SD=76.93) tutorials. The results suggest that both tutorials were at a comparable level of 

difficulty.
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7.2.2 Choice and presentation strategy

The results were analysed to com pare the effect o f  d ifferent adaptive presentation 

strategies in contrast to giving the learner com plete control over the learning 

environm ent. It w as expected that students w ould  have greater learning gain with 

adaptive presentation  strategies than w ith free learner control, and in particular when 

adaptively guided to resources they preferred.

Each student sat through two tu torials on the com puter designated  as T utorial Sitting 1 

and T utorial Sitting 2. D ifferent students w ould experience a different tutorial and 

presentation strategy at each tutorial sitting. N ote that for each tutorial sitting there are 

three groups. G roup 1 receives the free version and have com plete learner control. Group 

2 is adaptively guided to resources they prefer and G roup 3 is adaptively guided to 

resources they do not prefer.

Two sets o f  analysis w ere conducted. First, to explore the effects o f  the two 

independent variables, choice and presentation strategy, a one-w ay A N O V A  was 

conducted to com pare the post-test and relative gain scores for each tutorial sitting. 

Second, as each student in the adaptive group experiences both  least and m ost preferred 

presentation strategies at different tutorial sittings, a paired  sam ples t-test w as conducted 

to investigate the effect o f  presentation strategy on post-test and relative gain scores.

7.2.2.1 Choice/Presentation Strategy for All Groups

For the post-test scores at Tutorial S itting 1, there was no statistically  significant 

difference at the p<.05 level for the three groups. At Tutorial S itting 2, there w as a 

statistically  significant difference: F= (2, 67) 4.175, p= .02 betw een G roup 1 and G roup 2. 

Post-hoc com parisons using the Tukey HSD test indicated that the m ean score for Group 

2 (M =70.7, SD =15.8) was significantly  d ifferent from  G roup 1 (M =53.3, SD=22.4). The 

post-test scores for Tutorial Sitting 1 and T utorial S itting 2 are displayed in T able 7-2. At 

Tutorial S itting 2, the m ean score for G roup 2 was greater than the score for Group 3 

w hich was in turn greater than the m ean scorer for G roup 1. In contrast, at T utorial S itting 

1, the m ean score for G roup 3 w as greater than that for G roup 2 w ith  both having m eans 

greater than G roup 1.

On evaluating the post-test scores, the results for Tutorial S itting 1 and 2 appear 

contradictory. In both sittings, adaptive presentation strategies in place o f  com plete 

learner control result in higher perform ance, but in each sitting  it is a d ifferent
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presentation strategy. The results for Tutorial Sitting 1 suggest that students who are 

adaptively guided to resources they do not prefer achieve higher post-test scores. In 

contrast, the results for Tutorial Sitting 2 suggest that students who adaptively guided to 

resources they prefer achieve higher scores.

On analysing the relative gain scores, there was no statistically significant difference at 

the p<.05 level for the three groups at both tutorial sittings. The relative gain scores for 

Tutorial Sitting 1 and 2 are displayed in Table 7-3, It can be observed that a pattern 

appears for both sittings, with the mean score for Group 3 being greater than the score for 

Group 2 which in turn is greater than the mean score for Group 1,

The relative gain scores suggest that adaptive presentation strategies result in higher 

scores than free learner control. The pattern that emerges in the results, somewhat 

surprisingly, suggests that students achieve the greater relative gain when adaptively 

presented with resources they do not prefer.

Table 7-2: Post-Test for free and adaptive (least/most) presentation strategies

Group -  Choice

Post-Test: 

Tutorial Sitting 1

Post-Test:

Tutorial Sitting 2

Mean Std. Dev, N Mean Std. Dev. N

1. Free 53.33 i  22.39 39 52.30 20.32 39

2, Dynamic: Adaptive Most 53.75 1 25.00 16 70.67 15.80 15

3. Dynamic: Adaptive Least 61.33 ; 25.87 15 56.87 26.00 16

Total 55.14 i 23.64 70 57.25 21.86 70

Table 7-3: Relative Gain for free and adaptive (least/most) presentation strategies

Group -  Choice

Relative Gain: 

Tutorial Sitting 1

Relative Gain: 

Tutorial Sitting 2

Mean Std. Dev. N Mean Std, Dev, N

1. Free 46.02 ! 76.28 39 59,70 91,94 39

2. Dynamic: Adaptive Most 50.21 1 75.95 16 61,95 43,82 1  15

3. Dynamic: Adaptive Least 68.54 1 103.18 15 84,79 167,94 ! 16

Total 51.56 81.62 70 65,91 106,23 70
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7.2.2.2 Presentation Strategy and the Adaptive Group

Since each student in the adaptive group experienced both least and most preferred 

presentation strategies at different tutorial sittings, it is possible to analyse the impact, 

within subject, o f  presentation strategy on learning performance. A paired samples t-test 

was conducted to investigate the effect o f presentation strategy on post-test and relative 

gain scores in the adaptive dynamic group.

The analysis revealed no statistically significant difference for post-test and relative 

gain scores using different presentation strategies. However, it is interesting to note, as 

shown in Figure 7-1, that the relative gain for the least preferred presentation strategy 

(M=77.2, SD=139.6) was greater than that for the most preferred presentation strategy 

(M=55.5, SD=62.8). The results suggest that students achieve higher learning 

performance when presented with resources they do not prefer.

The results together suggest that higher learning performance is achieved when 

students are adaptively presented with resources they do not prefer. Despite there being 

no significant difference in the post-test scores, the relative gain scores suggest that, 

within-subject, students achieve higher performance when presented with resources they 

no not prefer.

7.2.3 Learning activity

To investigate the reasons for the differences in learning gain, the learning activity and 

the number of resources used was analysed. The purpose o f this analysis was to explore if 

students using a large variety o f resources had the same learning gain as students who 

used only a minimum. Analysis was conducted for the adaptive and free groups 

seperately.

7.2.3.1 Adaptive Group

The learning activity o f the adaptive group was analysed to investigate the reasons for 

the difference in learning gain between the least and most preferred presentation 

strategies. It was expected that the activity level would increase with the least preferred 

presentation strategy as students would move to more preferred resources, and that higher 

learning activity would result in increased learning gain for all students.
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P re se n ta tio n  S tra tegy  an d  Relative G ain: A daptive  
Dynam ic G roup

70% -

65% -C
m
O
a>
>

o
55% -

50% -

MostLeast

Presentation Strategy

Figure 7-1: Presentation Strategy and Relative G ain: A daptive D ynam ic G roup

The overall activity level was first calculated as the average o f  the resources used with 

the least and m ost preferred presentation strategies. Three categories w ere defined for 

activity level: low, m edium  and high. The cut points for each category w ere determ ined 

by dividing students into three equal groups based on their activity level. T able 7-4 

displays the cut points for the different groups.

Typically, a student in the low activity group w ould look at less than one resource per 

learning unit (a student needs to use a resource m ore than 2 seconds for it to be included 

in the calculations, 2 seconds was chosen as in experim ental studies it provided the 

optim al accuracy for the predictive engine), a student in the m edium  activity  group w ould 

on average look at one resource per unit and a student in the high activity group w ould on 

average look at betw een one and tw o resources per unit.

Table 7-4: A ctiv ity  G roups

Activity Group Cut-Points Average Resources used per learning unit

Low <=22 19 Less that one resource

Medium > 22 and <=26 25 One resource

High >26 31 Betw een 1 and 2 resources

1 1 7



First, to explore the effect o f activity level and presentation strategy on post-test score 

a two way mixed between-within ANOVA was conducted. There was no statistically 

significant main effect for presentation strategy or for the interaction between 

presentation strategy and activity level. However, there was a significant between-subject 

effect for activity level: F=3.718 (2, 28), p=.037, partial eta squared = .21. Figure 7-2 

illustrates this effect and shows how students with high and medium activity levels 

obtained the highest scores in both the least and most preferred sitting. It suggests that 

learners who are interested in exploring different learning options achieve higher post-test 

scores.

P ost-test Score and Activity Level: Adaptive 
Dynamic Group

75% -

70% -

0  65% -

50% -

45% -

Low Medium High

Activity Level

Figure 7-2: Activity Groups and Post-test Scores: Adaptive Dynamic Group

Second, to explore the effect o f activity level and presentation strategy on relative gain 

a two way mixed between-within ANOVA was conducted. The means and standard 

deviations o f the relative gain scores are presented in Table 7-5. There was not a 

significant within-subject main effect for presentation strategy. However, there was a 

within-subject interaction effect between presentation strategy and activity level: Wilks 

Lambda: 0.619, F = 8.309 (2, 27), p = 0.002, partial eta squared=0.381. There was also a 

significant between-subject effect for activity level: F=6.817 (2, 270), p=0.004, partial eta 

squared=0.336.
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The w ithin-subject interaction effect and betw een-subject effect was prim arily  due to 

the fact that m edium  activity  learners had a higher relative gain at the least preferred 

sitting  than at the m ost preferred sitting. This w as in contrast to low and high activity 

learners who achieved a slightly  higher learning gain at the m ost preferred  sitting.

Figure 7-3 plo ts the relative gain for the d ifferent activity  groups w ith the least and 

m ost preferred presentation  strategy. Its show s how  students w ith  m edium  activ ity  have 

h igher relative learning gain when given least p referred  resources. S tudents w ith  low  and 

high activity have the slightly  higher relative gain in the m ost preferred conditions. The 

results indicate that students w ith m edium  learning activity  levels benefit m ost when they 

are encouraged to use resources not norm ally used or preferred.

Finally, analysis w as also conducted to determ ine i f  presentation strategy had an 

im pact on learning activity  for the different activity groups. F igure 7-4 shows how  

activ ity  levels rem ain sim ilar w ith both the least and m ost preferred presentation  

strategies, w ith  a slight decrease in learning activity  in the m ost preferred  condition. It 

suggests the presentation strategy d id  not influence learning activ ity  and that the 

d ifference in learning gain for m edium  activity learners m ay be dependent on the type 

and variety  o f  resource provided.

The results indicate that the presentation strategy had a d ifferent effect for students 

w ith  d ifferent levels o f  activity. S tudents with high and low  activity  levels were not 

influenced by presentation  strategy. In contrast, the presentation strategy had a significant 

im pact on m edium  activity  students, w ho had larger increases in learning gain when 

encouraged to use resources not norm ally preferred.

Table 7-5: Relative gain for different activity  groups

Activity

Rel. Gain in Least Condition Rel. Gain in Most Condititon

NMean Std. Dev. Mean Std. Dev.

Low 19.62 58.17 32.44 67.81 13

Medium 220.83 196.14 58.75 30.22 8

High 32.72 60.50 86.03 68.36 9

Total 77.21 139.56 55.53 62.80 30
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P resen ta tio n  Strategy/A ctivity  and  Relative Gain

Activity
—  Low

—  Medium

—  High
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Figure 7-3: Relative gain for different groups in least/most preferred conditions

P re se n ta tio n  S tra teg y  and  Activity

Activity 
- -  low 

'  -  medium  

—  high

33% -

30% -

<  24% -
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18%-

MostLeast

Presentation Strategy

Figure 7-4 Activity and least/most presentation strategy for different activity groups

7.2.3.2 Free Group

Activity levels in the free group were also analysed to determine the relationship 

between activity and learning performance. Students were divided into three groups: low, 

middle and high, based on their average activity level over the two sittings. A one-way 

ANOVA was conducted to explore the impact o f activity level on post-test score and 

relative gain score. However, no significant differences were found between the activity
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groups. A paired-samples t-test was also conducted to compare the activity level between 

the first sitting and the second sitting. Again, no significant difference was found.

Together the results for the adaptive group and the free group suggest that the 

presentation strategy had a different effect for students with different levels o f activity. It 

appears that students with medium activity levels had larger increases in learning gain 

when encouraged to use resources not normally preferred. The implications are that 

students with certain types o f  learning characteristics have the most to benefit from 

adaptive presentation strategies.

7.2.4 Time-on-Task

To determme if learning performance was related to the time spent using resources, 

analysis was conducted on both the time spent using each MI category o f resources and 

the total time spent using all MI resources. For the complete tutorials, students spent an 

average o f 17 minutes on each tutorial, with a total o f 34 minutes over the two tutorials

First, the time spent using each MI category was analysed. For each category, the time 

spent on resources was correlated with the activity level (number o f  resources used) at 

p<0.01 level. As a result, the analysis o f time spent on resources did not provide any 

additional insights proved by the analysis o f activity level and learning performance.

Next, the total time spent using MI resources was analysed. Interestingly, when 

conducting a paired-samples t-test, it was found that the free group spent significantly 

more time, p<0.05, on MI resources during the second tutorial sitting (M=338.53, 

SD= 198.1) that on the first tutorial sitting (M=277.69, SD= 182.83). The result suggests 

that students spent more time using MI resources at the second tutorial sitting.

For the adaptive group there was no difference in time between the sittings with the 

least preferred (M=245.1 & SD =118.83) and most preferred (M =239.13 & SD = 153.58) 

presentation strategy. This suggests that the adaptive presentation strategy had no 

substantial impact in the time spent on resources.

Analysing the time spent on MI resources over the 2 days, it was found that the free 

group (M=616.23, SD=343.33) spent more on time MI resources than the adaptive group 

(M=484.22, SD=223.45). This results suggests that adaptivity reduces time spent on MI 

resources, which is interesting given the fact that despite the less time spent, the learning 

performance is comparable.
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The resuhs together suggest that time-on-task did not provide any additional insights 

into differences in learning performance. However, it is interesting to note that the free 

group spent more time on MI resources than the adaptive group, however this is did not 

reach statistical significance.

7.2.5 Students with Medium Activity Levels

On using quantitative analysis techniques, it was found that students with medium 

activity levels had higher learning performance when guided to resources they least 

preferred. A deep analysis was performed on this group o f students to help identify 

reasons for this surprising behaviour. As part o f this analysis, differences between the 

least and most preferred strategies in the number and range o f resources used were 

assessed. Also evaluated, was the qualitative feedback from several students in this group.

First, the number o f resources used or activity level was analysed. It was found that 

the activity level with the least preferred strategy (29.38 %) was greater than with the 

most preferred strategy (23.25 %). Students used more resources with the least preferred 

strategy than with the most prefeiTed strategy. It suggests that the least preferred strategy 

encouraged students to use more resources.

Next, the range and spread o f resources used was evaluated. Table 7-6 illustrates the 

average use o f  resources and indicates that this group o f  students used all categories of 

resources and not just one type. UseVL is the percentage o f  VL resources used and 

AvUseVL is the average o f UseVL for all students.

Table 7-6: Average use o f resources in the different MI Categories

AvUseVL AvUseLM AvUseVS AvUseM R

Least Preferred Strategy 29 31 25 32

Most Preferred Strategy 18 26 18 32

The range was found by calculating for each student the Euclidean distance between their 

use o f resources and the average use o f resources by all students.

Distance = ABS (UseVL-AvUseVL) + ABS (UseLM-AvUseLM)

+ ABS (UseVS-AvUseVS) + ABS (UseM R-AvUseM R)
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If the distance between the student’s use o f  resources and the average is great, it indicates 

that some categories o f resources were not used very much and other categories were 

used greatly. This suggests that the range o f resources used is not very wide. In contrast, 

if  the distance between the use o f resources and the average is small, it suggests that all 

categories of resources are used as each resource is used at close to the average level. On 

calculating the distance, it was found that the range o f resources used with the least 

preferred strategy was greater than with the most preferred strategy. It suggests that

students used a greater variety o f resources with the least preferred strategy.

The qualitative feedback from the four students with the maximum gain with the least

preferred strategy was next explored. The four students are labelled Student A, B, C and

D. Qualitative feedback was received from the students by asking for feedback at the end 

of each learning unit. Students were asked which option helps them remember most and 

why. Also, at the end of the entire session, students were asked to reflect on a number o f 

questions such as

• What were the differences between the options?

• After going to your favourite choice did you try other options?

Student A

Student A mainly used the MR resource category with the most preferred presentation 

strategy. Table 7-7 illustrates how 93 % o f MR resources were used. The feedback given 

was also very positive about MR.

• “I preferred the music because i like music and the art helps you learn because its

more visual”

• “because it (MR) is funny”

This feedback matches the results from the MIDAS inventory where the two most 

preferred intelligences were VS and MR (which was also at the same level as LM).

In contrast the range o f resources used with the least preferred presentation strategy 

increases. Table 7-7 illustrates how the MR category is used less and other categories are 

used more. Interestingly despite using a wider range o f resources, the student when asked 

which resource he preferred typically answered that MR was the preferred resource.
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The resuhs suggest that the least preferred presentation strategy encouraged the 

student to use a broader range o f resources in addition to the preferred MR and that using 

a broader range o f resources resulted in greater learning performance.

Table 7-7: Use o f MI resource categories for Student A

UseVL UseLM UseVS Use MR

Most Preferred Strategy 7 14 14 93

Least Preferred Strategy 23 15 23 15

Student B

With the most preferred presentation strategy, Student B was guided mainly to VL 

resources. In addition to using primarily the VL resource category, the student also used a 

number o f MR resources. However, when asked what did she remember and prefer, the 

feedback only mentioned the MR and VS resources.

• “because i love music and i love drawings or painting”

• “because I learn better that way (VS, MR)”

This feedback matches the results from the MIDAS inventory where the two most 

preferred intelligences were VS and MR.

With the least preferred strategy, the learning activity and range o f  used resources 

increased. As illustrated in

Table 7-8, more LM, VS and MR resources were used with the least preferred 

strategy. However, despite using a broader range o f resources, the student still used MR 

resources more than any other resource and identified MR as her favorite as indicated by 

the comments:

• “because i love music and it helps me because i am deslexic”

• “because I like music the best”

The feedback suggests that regardless o f the strategy used, the student identified MR 

resources as the preferred resource. It appears that the effect o f the least preferred 

presentation strategy was to increase learning activity and encourage the student to 

explore a broader range o f resources, which resulted in greater learning performance.
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Table 7-8 Use o f Ml resource categories for Student B

UseVL UseLM UseVS UseMR

Most Preferred Strategy 36 14 14 21

Least Preferred Strategy 23 23 31 46

Student C

With the most preferred presentation strategy, Student C used only the one resource 

type, the VL resource category. He did not bother to explore any other resource 

categories. The feedback given when asked what did he prefer highlighted VL as the 

preferred resource type. This feedback matches the results from the MIDAS inventory 

where the most preferred intelligence was VL.

With the least preferred strategy, the learning activity and range o f used resources 

increased. As illustrated in

Table 7-9, more LM and MR resources were used with the least preferred strategy. 

The feedback received, during this strategy, indicated that MR was the preferred resource 

type.

Again, it appears that the effect o f the least preferred presentation strategy was to 

increase learning activity and encourage the student to explore a broader range o f 

resources, resulting in greater learning performance.

Table 7-9 Use o f MI resource categories for Student C

UseVL UseLM UseVS UseMR

Most Preferred Strategy 50 0 0 0

Least Preferred Strategy 50 50 0 50

Student D

With the most preferred strategy, Student D used mostly the one resource type, the VL 

resource type. However, the feedback given on preferences, mentioned in particular VS 

resources:

• For V S :‘its very colourful’
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With the least preferred strategy, the learning activity and range o f used resources 

increased. As illustrated in Table 7-10, more VL, LM, VS and MR resources were used 

with the least preferred strategy. The feedback received, during this strategy, indicated 

different resources as the preferred resource type:

• On MR resources: ‘because i learn more from listening’

• On VL: ‘i learned a bit from reading’

• On VS; ‘it helps me remember best’

The comments indicate that the student learns from a variety o f  approaches. The results 

also suggest that the effect o f  the least preferred presentation strategy is to encourage 

greater use o f different resources types and increase learning activity.

Table 7-10 Use o f  MI resource categories for Student D

UseVL UseLM UseVS UseMR

Most Preferred Strategy 50 0 21 14

Least Preferred Strategy 31 23 38 31

Altogether, the results suggest that this group o f learners have aptitudes for a broad 

range of resources. They suggest that, using the least preferred presentation strategy, it is 

possible to encourage students to experiment with different options and increase learning 

activity. It seems that that encouraging students to step outside habitual preferences and 

promoting a broader range of thinking maybe a strategy for increasing learning 

performance.
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7.2.6 Ml Profile and Performance

Dominant Multiple Intelligence

2 5 -  
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Figure 7-5: H ighest ranking intelligence for students

As part o f  the study, all students com pleted the M IDAS inventory to detennine their 

Ml profile and highest-ranking intelligence. For the 63 students w ho com pleted the 

inventory (7 students did not) the results were: V erbal/L inguistic 24 students, 

Logical/M athem atical 11, V isual/Spatial 14 and M usical/R hythm ic 14 students, as 

illustrated in F igure 7-5. The results were next analysed to determ ine i f  students o f  a 

particular MI profile had greater learning perform ance than other MI profiles. It was 

expected that due to  the nature o f  the post-test (m ulti-choice questions) that verbal 

linguistic students w ould have h igher scores.

A one-w ay A N O V A  w as first conducted to explore the im pact o f  highest-ranking 

intelligence on average post-test score, average relative gain and activity  level. The 

results were not statistically  significant, for post-test score: F (3, 59) = .404, p=.751; for 

relative gain: F (3, 58) =1.062, p=.372; for activity  level; F (3, 59) =.71, p=.55. Table 

7-11 displays the average post-test score and relative gain for each intelligence group.

VS students had a slightly  higher post-test score than all other students. The results 

suggest that despite VS students doing slightly  better, there w as no significant difference 

for students w ith  d ifferent MI profiles and that no conclusions could  be drawn about the 

perform ance o f  students w ith  different MI profiles on standard tests.

The results suggest students w ith particular MI profiles do not have h igher learning 

perform ance. It also suggests that the post-test m echanism  did not unfairly  bias a

I n t e l l i g e n c e
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particular MI category and that other factors may explain the difference in learning 

performance.

Table 7-11: Average post-test score and relative gain for each intelligence group

In telligence N Post
test

Std.
Dev.

R elative 
G ain  %

Std.
Dev.

VL 24 55.4 19.1 61.4 87.4

LM 11 57.7 19.9 59.2 60.5

VS 14 59.3 21.0 74.5 57.4

MR 14 51.1 24.1 29.4 51.2

Total 63 55.7 20.6 56.7 69.8

7.2.7 Ml Profile: MIDAS vs. Behaviour

The EDUCE environment allows for a comparison to be made between the results o f 

the MIDAS inventory and the behaviour of students when choosing Ml infomied 

resources. To compare the MI profiles generated from the MIDAS inventory and 

observed behaviour, the resources used by different students in the free group were 

analysed. With this group, no adaptivity was provided and students were free to choose 

whatever resource they wished. On analysing the MIDAS inventory, the dominant 

intelligence for each student was identified:

• 12 students were Verbal/Linguistic (VL),

• 6 students were Logical/Mathematical (LM),

• 8 students were Visual/Spatial (VS) and

• 9 students were Musical/Rhythmic (MR).

The use o f the four different resource types for each o f these groups was compared, 

where ‘use’ o f  a resource is defined as the percentage o f available resources used. Table 

7-12 displays the average o f the different resources used for each intelligence group. 

Figure 7-6 to Figure 7-9 display the statistics in graph form. The preference by each 

intelligence group for each resource category was as follows

• VL resources, used by the LM group the most, followed by the MR, VS and VL 

groups

128



• LM resources, used by the LM group the most, followed by VL, MR and VS 

groups

• VS resources, used by the VS group the most, followed by LM, VL and MR groups

• MR resources, used by the MR group the most, followed by VS, LM and VL 

groups

For LM, VS, MR groups, their preferred resources matched the results o f the MIDAS 

inventory. For the VL group, their learning behaviour indicated that their preferred 

resource type was LM. It seems students identified as VL by the MIDAS inventory did 

not use VL resources more than any other resources. One reason for this could be the 

novelty factor associated with some o f the other types of resources causing VL students 

to choose other types o f  resources.

In summary, students on average use the resource type that reflects their dominant 

intelligence greater than other students. This is the case with LM, VS and MR students, 

the exception being VL students. In general VL resources are the least popular with 

students, which suggests that to capture the attention o f students, resources that engage 

other intelligences are needed.

Table 7-12: Use o f Difference Resources by different MI groups

Dominant Mean

Intelligence Use VL Use LM Use VS Use MR

VL 10.8 21.0 21.4 29.5

LM 29.4 28.6 27.2 47.3

VS 11.4 9.6 29.4 53.6

MR 13.2 20.4 18.2 66.1

Total 14.7 19.5 23.4 57.7
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Figure 7-6: Use o f VL Resources by MI 

groups

Figure 7-7: Use of LM Resources by Ml 

groups
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Figure 7-8: Use o f  VS Resources by MI 

groups

Figure 7-9: Use o f MR Resources by Ml 

groups

7.2.8 Resources Used

The type o f resource predominantly used by a student may be a factor in learning 

performance. The following two sections examine how, for the free and adaptive group, 

the use of different types o f  resources influence learning performance.

7.2.8.1 Free Group

On analysing the resources used by students, it is found that Musical/Rhythmic 

resources are very popular. Thus, the question arises: do particular types o f  resource have
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greater influence on learning performance? To answer this question, analysis was 

conducted on the resources used by students in the free group. Only students in the free 

group were used because with the adaptive dynamic group, the adaptive presentation 

strategy was a factor in the choice o f resources.

To conduct the analysis, standard multiple regression was performed to indicate how 

much variance in the post-test and relative gain score could be attributed to the amount 

each resource category was used. The independent variables in the analysis were the 

amount o f  each resource type used (UseVL, UseLM, UseVS, UseMR) averaged over two 

sittings. The dependent variables were the average post-test and the relative gain over two 

sittings.

Table 7-13 displays the statistics for how much each resource category was used. As 

illustrated MR resources are very popular, with on average each student using 58 % of 

MR resources available, 24 % o f VS resources, 19 % o f LM resources and only 14 % of 

VL resources. MR resources, it appears are very attractive to students and indicates the 

power o f music to stimulate students, but it needs to be further examined to determine 

how this preference influences learning performance.

Table 7-13: Resources used by students in the Free group

Resource Used N % Used Std. Dev.

VL 39 14.1 16.9

LM 39 18.7 25.0

VS 39 23.9 22.4

MR 39 57.8 32.7

Before regression was conducted, the VL, LM, VS variables were transformed to 

reduce skewness, reduce the number o f outliers and improve the normality, linearity and 

homoscedasticity o f residuals. Square root transformations were used on all three 

variables.

Table 7-14 displays the means and standard deviations and Table 7-15 displays the 

correlations between the variables. It can be noted from the correlations that the 

independent variables have strong correlations with the dependent variable but also have 

strong correlations with each other. In particular there is a negative correlation between
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the use o f  the MR resource type and the other resource types indicating that some 

students are using the MR resource type without considering any other.

Table 7-16 displays the unstandardised regression coefficients (B) and intercept, the 

standardized regression coefficients (Beta), the semipartial correlations (srj^), R^, and 

adjusted R^. R for regression was significantly different from zero, F(4, 34) = 3.235, 

p<0.05. Only two o f the independent variables contributed significantly to the prediction 

o f post-test score, (square of) VL use (sri^=.092) and MR use (sri^=.125). The four 

independent variables in combination contributed another .059 in shared variability. 

Altogether 28 % (19 % adjusted) o f the variability in the post-test score was predicted by 

knowing scores on all the independent variables.

Table 7-14: Means and standard deviations for independent (VL, LM, VS transformed) 

and dependent variables.

Variables Post-Test Score Sqrt(UseVL) Sqit(UseLM) Sqrt(UseVS) UseMR

Means 52.82 3.42 3.75 4.42 57.63

St. Dev. 18.27 1.86 2.41 2.34 32.74

Table 7-15: Correlations between independent and dependent variables

Post-Test UseVL UseMR UseV S

Pearson Post-Test
Correlation UseVL .359

UseMR -.410 -.184

UseVS .217 .579 -.446

UseLM .297 .471 -.463 .270

Sig. (1-tailed) Posttest

U s e V L .012

Use MR .005 .131

Use VS .092 .000 .002

LM SR .033 .001 .001 .048
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Table 7-16: Standard multiple regression on Use o f resources on Post-Test scores

Variables B Beta srj^ (unique)

UseV L 62.19 .428 .092

UseM R -2.5 -.454 0.125

UseVS -1.7 -.218

UseLM -.428 -.056

Intercept 62.19

R^ = .276

Adjusted R^ = .19

R = .525

**p <0.03

“Unique Shared
Variabili ty  = .217 Variabili ty  =

To further analyse from a different perspective the influence o f the MRUse variable, 

students were divided up into three groups determined by how much they used the MR 

resource type: high, medium and low. A one-way ANOVA was conducted to explore the 

impact o f MRUse on the average post-test score. The results were statistically 

significant: F (2, 36) =.4974, p=.012. Post-hoc comparisons using the Tukey HSD test 

indicated that the mean score for the low use MR group (M=64.6, SD=6.91) was 

significantly different from the medium (M=45.77, SD=19.0) and high use MR group 

(M=47.08, SD=20.47). The results suggest that students who did not just use the MR 

resource to the exclusion of all others had the greater learning performance.

A similar analysis was performed on the VLUse variable. Students were again divided 

into three groups determined by the amount o f use o f the VL resource type: high, medium 

and low. A one-way ANOVA was conducted to explore the impact o f VL use on the 

average post-test score. The results were statistically significant: F (2, 36) =3.56, p=.039. 

Post-hoc comparisons using the Tukey HSD test indicated that the mean score for the 

high use VL group (M=63.8, SD=13.67) was significantly different from the low use VL 

group (M=46.92, SD= 18.66). The results suggest that students who used the VL resource 

a lot had the greater learning performance.
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However despite the relatively strong prediction on resource use with the post-test 

score, nothing significant was found in relation to the relative gain score. When 

performing linear regression, the independent variables together contributed only 4 % 

(negative adjusted R^) o f the variance in relative gain score. Similarly, exploring the 

relationship between high use o f VL and MR resources with relative gain also yield 

nothing significant. It seems other factors besides the resources may influence the relative 

learning gain.

Summarising the results above, it seems that for this group o f students, high use o f the 

VL resource type and low use o f the MR resource type result in greater learning 

performance. However this does not explain why there is no relationship between the use 

o f these resources and the relative gain. It is significant to note the popularity o f  the MR 

resources and a promising research challenge is to identify how the motivating power o f 

MR can be used to enhance learning performance.

7 .2 .8.2 Adaptive Group

The results for the free group suggest that adaptive strategies should guide students 

away from MR to VL and other resources. To evaluate this hypothesis, the resources used 

by the adaptive group are analysed. The resources used with the most and least preferred 

strategy are analysed separately.

First, analysis was conducted on the use o f resources when the most preferred 

presentation strategy was used. Examining the relationships between the use o f different 

resource categories, it was discovered that the only significant correlation was between 

the use o f LM and MR resources [r=-.393, n=31, p=.029]. This result suggests that high 

use o f  MR resources is correlated with low use o f  LM resources, which also agrees with 

the results for the free group.

The relationship between the use o f the different resources and the post-test score was 

next analysed. No significant correlations were found between the use o f  VL or MR 

resources and post-test scores. Indeed the only correlation that approached significance 

was the relationship between the use o f VL resources and post-test score [r=-.343, n=31, 

p=.059] and in this case it was a negative correlation. This result surprisingly suggests 

that high use o f VL resources result in a low post-test score, a direct contradiction to what 

was reported in the free group. One reason for this could be that VL resources were not 

initially presented as it was not the preferred resource for the majority o f students and
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subsequently students did not bother to use them. No significant correlations were found 

between the use o f  resources and relative gain.

Second, analysis was conducted on the use o f  resources when the least preferred 

presentation strategy was used. Significant correlations were found between the use o f 

VL and LM resources [r=.487, n=31, p=.005] and VL and VS resources [r=.404, n=31, 

p=.024]. This suggests that high use of VL resources is correlated with high use o f LM 

and VS resources, which supports the results for the free group.

When examining the relationship between the use o f resources and post-test scores, no 

significant correlations were found. However, the positive correlations between the use of 

VL, LM or VS resources and post-test scores approached significance: for VL [r=.318, 

n=31, p=.082], for LM [r=.32, n=31, p=.08] and for VS [r=.348, n=31, p=.055]. The 

correlation between use o f MR resources and post-test score was very weak [r=.002, 

n= 31, p=.992]. The results suggest that high use o f VL, LM or VS resources are related to 

high post-test scores. No significant correlations were found between use o f resources and 

relative gain.

Table 7-17: Correlations for least and most preferred strategies

Significant Correlations Amount

Most Preferred Use of LM and MR r=-.393, n=31, p=.029
Strategy Use o f VL and Post-Test r=-.343, n=31, p=.059

Least Preferred Use of VL and LM r=.487, n=31,p=.005
Strategy Use o fV L a n d  VS r=.404, n=31, p=.024

Use o f VL and Post-Test p=.318, n = 3 1 ,p = 0 8 2

Use of LM and Post-Test r=.32, n = 3 1, p=.08

Use o f VS and Post-test r=.348, n=31,p=.055

The results are summarised together in Table 7-17. With the least preferred strategy, 

high use o f VL, LM and VS resources is related to high post-test scores. With the most 

preferred strategy, low use o f VL resources is related to high post-test scores. With the 

least preferred strategy, the use o f VL, LM and VS resources are related to each other and 

with the most preferred strategy, high use o f MR resources is correlated with low use of 

LM resources.
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Returning to the original hypothesis that the best adaptive presentation strategy is to 

guide students away from MR to VL and other resources, the results from the least 

preferred sitting are in agreement. These results suggest that the use o f VL, LM and VS 

resources can result in higher learning performance. In contrast, it was found that with the 

most preferred strategy low use o f VL resources is correlated with high post-test scores. It 

appears that students, when given options, did not choose the VL resource type and were 

able to learn from other resources. Concerning the use o f MR resources, nothing 

definitive can be said as no significant correlations with post-test score were discovered.

Examining the results for the free and adaptive group together, there are indications 

that students who prefer to work with VL resources achieve higher post-test scores 

(except for the adaptive group with the most preferred strategy) but this could be related 

to the verbal mode o f assessment based on written multi-choice questions. No indications 

could be found about how the use o f different resources is related to relative gain. It is 

clear that MR resources are extremely popular. MR resources seem to captivate students, 

maybe because of the novelty effect or because music conveys an emotional power that 

nonnal text does not. Further research is required to understand how the power o f  music 

can be tapped into for education purposes and how music can be best employed to 

enhance learning performance.

7.2.9 Qualitative Feedback

Qualitative feedback was received from students in order to determine perceptions and 

preferences. Feedback was received at a number o f points during the experiment:

1. At the end of each learning unit, students were asked:

• Which option helps them remember most and why?

• Which option do they prefer and why?

2. At the end o f the tutorial sessions, students were asked to reflect on:

• What were the differences between the options?

• After going to your favourite choice did you try other options?

A sample o f the feedback received is presented here to give an indication o f how different 

students preferred different options.

First the responses to the feedback questions during the tutorial are illustrated in Table 

7-18. The responses indicate the diverse nature o f student preferences and inclinations.
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Some students comment that they “leam more from reading” while others remember 

pictures better “because the picture stays in your head” . Some students prefer the 

logical/mathematical approach because “numbers are an easy way to remember” and “it 

goes through step by step”. In addition, some students prefer the musical approach 

because “it is catchy and it just sticks in your head” and “music sings the answers for 

you” . It is clear from the feedback that different students prefer different approaches to 

learning.

Second, the responses to the reflection questions at the end o f each tutorial sitting are 

illustrated in Table 1-19. It summaries student’s understanding o f  the differences between 

resource categories and provides insights into why different options were tried.

Some students are clearly able to articulate the differences between resource 

categories and provide comments such as “they're all the same points just shown in 

different ways through music, pictures etc” and “you can see one, hear one, read one, 

leam one”. As to why students tried different options after their favourite one, the main 

reasons seem to be “curiosity” and “to see if  they were good” . The comments suggest that 

one benefit in providing multiple MI resources is that it can support a learning 

environment that encourages curiosity and interest.

The feedback together suggests that students do have different strengths and 

preferences and the challenge is to find out best to adapt to this diversity. It suggests that 

a wide approach to learning is necessary so that all students can find something attractive 

and beneficial.
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Table 7-18; Feedback to questions during tutorial; What do you prefer and remember?

Comments on VL:

• because it tells you ev ery th ing  you need 
to  know

• its explained easer

•  because i take th in g s in m ore w hen 
reading

• because it stays in your head longer

• I learn m ore from read ing

• because it w as easy  2 read  and under 
stand

• i learned a bit from  read ing

• because I like reading

• because it is easie r to understand than 
the m usic because the person that is 
speaking i can 't understand  them

• it helps you rem eber m ore because there  
is a person talk ing  to  you

Comments on LM;

•  because i tought it w as exsp laned  very 
well and laycd out very  well

•  it helped me rem em ber better because it 
g ives you all the steps

• its easy to  understand  and it's expla ined 
wel

•  because it exp la ined  it in a sim pler form

• the m aths i p refer because  it show ed 
exactly  how e lectric ity  w orks

•  it tells u in easy  language i hate the 
listenin coz they  can t sing  and u cant 
understand w at dey  r sayin

• because num bers are an easy  w ay  to 
rem em ber

• becouse i foud it is easy  to use and i like 
to w ork w ith num bers

•  this is because it goes through step  by 
step

• because it g ives you an answ er w ith 
another qustion so he lps m e rem em ber 
and it takes less tim e to learn.

Comments on VS:

•  because  it exp lains it m ore in draw ings 
for us

•  i found th is m ode m ost useful because 
the in form ation  w as given in sm all 
portions so it w as not very  d ifficu lt to 
rem em ber

•  you can see w hats happening.

•  because  the p ictu re  stays in your head

• it pu t a p ictu re  in m y  head

• the p ictu re  w as be tte r because  then  it 
w as easyer 2 rem em ber

•  becouse it is easy  to  rem en d er p ictu res

•  it he lp s m e rem em b er best

•  it is easie r to understand

• because o f  the w ay  you see it.

•  because  it show s you a d iagram  o f  how 
it w orks

Comments on MR:

•  it did because  i cou ld  listen to  the 
d ifferen t sounds it w as fun

•  it is catchy  and it ju s t  sticks in your head

• because m usic sing  th e  answ ers for you

•  because it stuck  in m y head

•  i rem em bered  the  m usic  one because it is 
very  catch ing

•  i rem em bered  the  m usic  the  best because 
o f  the rap and the  w ay  it w ent

•  because  you cou ld  h ear the sounds

•  because  w e m ake a rap song  using  the 
w ords below

• th is is a fun w ay  o f  learn ing  and the 
m usic he lps you rem em b er the s tu ff

•  coz i like m usic  and i rem em ber songs 
bette r than read ing  or looking

• easie r to rem em b er the sound  stays in 
your head

• because  songs are easy  to  rem em ber

•  because it te lls  you about it in the song
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Table 7-19: Feedback to questions during tutorial: What do you prefer and remember?

“W hat were the differences between the 

options?”

•  zsom e are better than o thers

•  there  is none

• there  d ifferen t activ itys

•  they  are d ifferen t every  tim e

• som e are m ore in teresting  than  others

•  there  is d ifferen t s tu ff  in each one

• you can  see one ,hear one ,read one,learn 
one

• you cou ld  see hear and look

•  they 're  all the sam e points ju s t expla ined 
in d ifferen t ways

•  they 're  all the sam e po in ts ju s t  show n in 
d ifferen t w ays th rough  m usic, p ictures 
etc

•  they  show  you d ifferen t th ings

•  d ifferen t ty p es o f  learn ing

“After going to your favourite choice did 

you try other options ?”

•  yes because  i w an ted  to  see w hat the 
oters are like

• yes co s i w anted  to

• havent got a favourte

• yeah to see w ha t the  o thers w ere  like

•  yes because  i liked them  all

•  no because  i d idnt w ant to

•  yes to see w h a t they  w ere like

•  yes to see i f  they  w ere  good

• no ting  e lse  to do

• i triedall o f  them  to  see w hat they  w ere 
like

• yes , ju s t to  look

• yes i ju s t  try ed  them  all

•  I ju s t tried  them  all

•  yes to  see hat they  w ere  like

• curiosity

• no, they  seem ed boring

• no the  so unds help  m e rem em ber

7.2.10 Summary

Study A  was conducted primarily to explore the effect o f  presentation strategy and 

level o f  choice on learning performance. In particular, its goal was to determine 

differences in performances between students who have com plete learner control over the 

learning environment and students who use an adaptive system  that matches and 

mismatches resources with preferences. Despite the short duration and limitations o f  the 

study, a vast amount o f  experimental data was obtained and subsequently analysed to 

produce tentative results.
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To explore the effects o f  choice and presentation strategy, the results o f  all students at 

each tutorial sitting w ere first com pared. It was found that adaptive presentation  strategies 

resulted in h igher post-test and relative gain scores, though the differences w ere not 

statistically  significant. N ext, for the adaptive group, the effect o f  the least and most 

preferred presentation  strategies was com pared. D espite, there being  no significant 

difference in the post-test scores, the relative gain scores surprisingly suggest that 

students achieve h igher learning perform ance w ith the least preferred  presentation 

strategy. It suggests that students achieve greater perform ance levels w hen adaptively 

presented w ith resources they do not prefer.

To investigate the reasons for the difference in learning gain w ith  the least/m ost 

preferred presentation  strategies, the learning activity  o f  the adaptive dynam ic group was 

analysed. S tudents w ere divided into groups defined by their learning activity  or the 

num ber o f  resources they used during the tutorial.

On exam ining the post-test scores, the results indicate that students w ith high and 

m edium  activity  levels obtain the highest scores w ith bo th  the least and m ost preferred 

presentation strategies. It suggests that learners who are interested in exploring different 

learning options achieve higher post-test scores.

The relative gain scores indicate that students w ith m edium  learning activity  levels 

benefit m ost when they are encouraged to use resources not norm ally used. M edium  

activity  learners typically  use ju s t the one resource that is presented  first and do not 

explore other d ifferent options. Surprisingly the sam e effect w as not observed w ith 

students w ith  low levels o f  activity. One reason for this m ay be that the activity  level was 

so low it indicates that the presented resource w as not used, hence it did not m atter w hich 

strategy w as in use.

A further analysis w as conducted to determ ine if  presentation  strategy had an im pact 

on learning activity  for the d ifferent activity  groups. N o significant difference in activity  

w as observed betw een the least and m ost preferred strategies. The result indicates that 

p resentation strategy m ay not influence learning activity  and that d ifferences in learning 

gain for m edium  activity  learners m ay be dependent on the type and variety o f  resource 

provided.

The results for the adaptive group suggest that the presentafion strategy had a different 

effect for students w ith different levels o f  activity. It appears that students w ith  m edium  

activity  levels had larger increases in learning gain w hen encouraged to use resources not
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normally preferred. The implications are that students with certain types o f learning 

characteristics have the most to benefit from adaptive presentation strategies.

A related measure to activity level is the time spent using MI resources. However the 

analysis o f the time spent using each MI resource category and the total time spent using 

all MI resources did not provide any further insights into differences in learning 

performance. However, it is interesting to note than the free group spent more time on MI 

resources than the adaptive group, but this did not reach statistical significance.

To further investigate the differences in learning performance for medium activity 

level students, a deep analysis was performed on the qualitative feedback and the 

resources used. The analysis revealed that, for this group o f  learners, there was a broad 

range o f preferences for different resources. It suggests that the least preferred 

presentation strategy encourages students to experiment with different options and 

increase learning activity. It seems that encouraging students to step outside habitual 

preferences and promoting a broader range o f thinking maybe a strategy for increasing 

learning performance.

Using the highest-ranking intelligence as identified by the MIDAS inventory, no 

significant results were found on the impact o f intelligence on post-test, relative gain and 

activity level, Students with different highest-ranking intelligences did not score 

significantly higher than other students.

In addition, the MI profiles generated from the MIDAS inventory were compared with 

the observed behaviour o f students in the free group. With this group, no adaptivity was 

provided and students were free to choose whatever resource they wished. It was found 

that students on average use the resource type that reflects their dominant intelligence. 

This is the case with LM, VS and MR students, the exception being VL students. In 

general VL resources are the least popular with students, which suggests that to capture 

the attention o f students, resources that engage other intelligences are needed.

Furthermore, the use o f the different MI resources was investigated to determine its 

influence on performance. It was found for the free group, that high use o f the VL 

resource type and low use o f the MR resource type resulted in greater learning 

performance. However no relationship was discovered between the use o f resources and 

the relative gain.

These results suggest that adaptive strategies should guide students away from MR to 

VL and other resources. Analysis o f the dynamic group did indicate that the use o f VL,
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LM and VS resources could result in higher post-test scores. However, concerning the use 

o f MR resources, no significant correlations with post-test score were discovered and no 

conclusions could be drawn. In addition no relationships were discovered between the use 

of resources and relative gain.

It is significant to note the popularity o f the MR resources however it is not clear how 

they can be best employed to enhance learning performance. MR resources seem to 

captivate students, maybe because o f the novelty effect or its emotional power. A 

promising research challenge is to identify how the motivating power o f music can be 

used to enhance learning performance.

Extensive qualitative feedback was also received from students in order to gauge 

perceptions and preferences. This feedback was elicited by asking what did students 

prefer and remember. The responses included: “learn more from reading”, “picture stays 

in your head”, “numbers are an easy way to remember” and “music sings the answers for 

you” . The responses indicate the diverse nature o f student preferences and inclinations. It 

is clear from this feedback that different students prefer different approaches to learning.

It was also clear that some students were able to easily articulate the differences 

between resource categories with comments such as “they're all the same points just 

shown in different ways through music, pictures etc”. The comments also reveal that the 

main reason for trying different options after their favorite one was curiosity.

Taken together, the results suggest that using adaptive presentation strategies to 

provide students with a variety o f resources can enhance learning performance and the 

learning experience for learners with certain types o f characteristics. In particular the use 

o f adaptive presentation strategies can benefit learners who are not inclined to explore 

different options and who just use the resource that is presented first. Such learners can 

benefit from adaptive presentation strategies that guide them to resources not normally 

used. The results also suggest that students do have different strengths and preferences 

and the challenge is to find out how best to adapt to this diversity. It suggests that a wide 

approach to learning is necessary so that all students can find something attractive and 

beneficial.
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7.3 Study B: Adaptive Control

W hereas Study A investigated the differences between adaptive and learner control, 

Study B investigated the differences between different types o f adaptive control on 

learning performance. In this study, 47 boys from one mixed ability school participated in 

the study. The ages ranged from 12 to 14 with an average age o f 13. The study was 

conducted as part o f normal class time and integrated into the daily school curriculum. 

The study took place from March to May, 2004. No reward incentives were provided to 

the students who participated.

In this study, three versions o f EDUCE were used:

• Adaptive Single — student is only able to view one resource. This is adaptively 

determined by EDUCE based on an analysis o f the static MI profile. .

• Adaptive Inventory - student is first given one resource but has the option to go 

back and view alternative resources. The resource first given to the student is 

determined by EDUCE based on the analysis o f the MI inventory completed by the 

student. The Inventory choice level is the same as the Single choice level but with 

the option o f going back and viewing alternative resources.

• Adaptive Dynamic -  the student is first given one resource but has the option to go 

back and view alternative resources. The resource first given to the student is 

determined by using the dynamic MI profile that is continuously updated based on 

the student’s behaviour. The predictive engine within EDUCE identifies the most 

preferred and least preferred resource from the online student computer interaction.

The three versions correspond to three values (adaptive single, inventory and dynamic) of 

the choice independent variable. Students were randomly assigned to one o f the three 

versions. 20 students were assigned to the adaptive single version, 18 students to 

adaptive inventory and 9 students to the adaptive dynamic version. Each student sat 

through two tutorials. All students experienced both least and most preferred presentation 

strategies in different tutorials. A summary o f the analysis is provided in Table 7-20.
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Table 7-20: Summary o f analysis for Study B

Analysis Conclusion

Independent variables: 
choice and presentation 
strategy

Higher learning performance (relative learning gain) when adaptively 
presented with resources not preferred

Learning A ctivity High activity levels or use o f  MI resources correlate with higher post-test 
scores

Learning A ctivity Students in adaptive group with low  activity levels had larger increases in 
learning gain with the least preferred presentation strategy

Tim e on Task For adaptive dynamic group, least preferred strategy increases time spent 
exploring Ml resources

Ml Profile Ml Profiles did not influence post-test scores

Resources Used For Single group, no significant conclusions about use o f  MI resources

For dynam ic and inventory groups, som e students use MR resources and 
nothing e lse, nothing conclusive to say about use o f  resources and post-test 
scores

7.3.1 Choice and presentation strategy

The results were analysed to determine the effect o f different adaptive strategies on 

learning performance. It was expected that students would have greater learning gain 

when guided to resources they prefer instead o f those they do not prefer. It was also 

expected that the groups (inventory and dynamic) with access to a range o f resources 

would have higher learning gain than the group (single) who did not. Furthermore, it was 

also expected that the group (dynamic) who were guided to resources based on a dynamic 

model o f behaviour would have higher learning gain than all other groups.

To explore the effects o f  the two independent variables, choice and presentation 

strategy, a mixed between-within ANOVA was conducted. Both the post-test and relative 

gain scores obtained under the two presentation strategies, least and most preferred, were 

compared.

With the post-test score, there was no significant difference between the different 

presentation strategies and the choice groups. Table 7-21 presents the means and standard 

deviations. However, with the relative gain scores, there was a significant within subject 

main effect for presentation strategy: Wilks Lambda: 0.897, F = 4.944 (1, 43), p = .031, 

multivariate eta square = .103. The mean relative gain score at the least preferred sitting 

(M=76.2, SD=99.5) was significantly greater than the score at the most preferred sitting 

(M=38.9, SD=51.9). The eta square suggests a moderate to large effect size. Table 7-22 

presents the means and standard deviations. Figure 7-10 plots the relative gain for the
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least and m ost preferred strategies. It shows that for all groups, and in particular for the 

inventory and dynam ic choice groups, that the relative gain is greater in the least 

preferred condition. The differences betw een the d ifferent choice groups w ere not 

significant.

Surprisingly, the results indicate that students learn m ore w hen first presented  w ith 

their least preferred m aterial rather than their m ost preferred  m aterial, in contradiction to 

the original hypothesis.

Table 7-21: Post-test for least/m ost presentation strategy

Choice

Post-test; Least Preferred Post-test: M ost Preferred

NMean Std. Dev. Mean Std. Dev.

Single 69.00 20.75 71.00 19.44 20

Inventory 67.78 21.02 68.89 17.11 18

Dynamic 68.08 19.41 60 .00 18.71 9

Total 68.09 19.41 68.09 18.40 47

Table 7-22 Relative G ain for least/m ost presentation strategy

Choice

Relative Gain: 

Least Preferred

Relative Gain: 

M ost Preferred

NMean Std. Dev. Mean Std. Dev.

Single 50.50 63.84 34.15 48.95 19

Inventory 97.46 135.14 45.93 62.23 18

Dynamic 87.78 70.98 35.00 36.93 9

Total 76.17 99.55 38.92 51.93 46
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Figure 7-10: Plot o f Relative Gain for least/most presentation strategy

7.3.2 Learning activity

To investigate the reasons for the difference in learning gain with the least/most 

preferred presentation strategies, learning activity was analysed. The purpose was to 

explore i f  students using a large variety o f resources had the same learning gain as 

students who used only the ininimum. It was expected that the activity level would 

increase with the least preferred presentation strategy, and that higher learning activity 

would result in increased learning gain for all students.

To determine the overall activity level, the average o f the percentage o f resources used 

in the least and most condition was calculated. Three categories are defined for activity: 

low, medium and high. The cut points for each category were determined by dividing 

students into three equal groups based on their activity level. Table 7-23 displays the cut 

points for the different groups. Typically, a student in the low activity group would look 

at only one resource per learning unit, a student in the high activity group would on 

average look at two resources per unit and in a student in the medium activity group 

would be somewhere in between. Only the inventory and dynamic choice groups were 

included in the analysis as it is irrelevant to calculate the activity level for the single 

choice group, having access to only one resource.
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Table 7-23: A ctiv ity  G roups

Activity Group Cut-Points Average Resources used per learning unit

Low <= 28 19 One resource

Medium > 28 and <=37.5 25 Between one and two resources

High > 3 7 .5 31 T w o resources

First, a two way m ixed betw een-w ithin A N OV A  w as conducted to  explore the effect 

o f  activity level and presentation  strategy on post-test score. There w as no statistically  

significant m ain effect for activity level or presentation  strategy. H ow ever, F igure 7-11 

shows that students w ith  high activity  levels obtained the h ighest scores in bo th  the least 

and m ost preferred  sitting. It suggests that learners w ho are in terested  in exploring 

different learning options will get higher post-test scores.

Second, a two way m ixed betw een-w ithin A N O V A  was conducted to explore the 

effect o f  activity  level and presentation strategy on relative gain. The m eans and standard 

deviations o f  the relative gain scores are presented in Table 7-24. There w as a significant 

w ithin-subject m ain effect for presentation strategy: W ilks Lam bda: 0.818, F =  5.332 (1, 

24), p = .03, m ultivariate eta square = .182. There w as also a w ith in-subject interaction 

effect betw een presentation strategy and activity level, how ever it was only significant at 

the p<. 1 level: W ilks Lam bda: 0.808, F = 2.851 (2, 24), p = .077. This interaction effect 

was prim arily  due to the fact that low  activity  learners had a h igher relative gain at the 

least preferred sitting  than at the m ost preferred sitting. For m edium  and high activity  

learners, despite the learning gain been slightly  higher at the least preferred sitting, the 

presentation strategy had no statistically  significant im pact on learning gain.
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Figure 7-11: A ctivity  G roups and Post-test Scores

Figure 7-12 plo ts the relative gain for the different activity  groups in the least and m ost 

preferred condition. Its shows how students w ith low activity  have h igher relative 

learning gain w hen given least preferred resources first. S tudents w ith  m edium  and high 

activity  have the sam e relative gain in both the least and m ost p referred  conditions. The 

results indicate that students w ith low learning activity levels benefit m ost when they are 

encouraged to use resources not norm ally used.

Finally, analysis w as also conducted to determ ine i f  presentation strategy had an 

im pact on learning activity  for the d ifferent activity groups. F igure 7-13 show s how 

activity  levels rem ain sim ilar in both the least and m ost preferred presentation  conditions. 

This w as supported by a correlation betw een the activity levels in both  conditions (r=.65, 

p<.01). It suggests the presentation strategy did not influence learning activity  and that 

the d ifference in learning gain for low  activity  learners m ay be dependent on the type and 

variety  o f  resource provided. In addition, the relationship o f  prio r know ledge and pre-test 

score w ith  activity  level w as also analysed. No correlation was m easured betw een prior 

know ledge and activity  level, and betw een pre-test and activity. It seem s that the activity  

level o f  the student is not related to prior know ledge, and that som e other factor is 

determ ining the activity  level.

Together, the results indicate that the presentation strategy had a different effect for 

students w ith  different levels o f  activity. S tudents w ith  high and m edium  activity  levels 

w ere not influenced by presentation  strategy. In contrast, the presen tation  strategy had a
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significant impact on low activity students, who had larger increases in learning gain 

when encouraged to use resources not normally preferred. The implications are that 

students w ith low levels o f  learning activity have the most to benefit from adaptive 

presentation strategies.

Table 7-24: Relative gain for different activity groups

Activity

Least Relative Gain Most Relative Gain

NMean Std, Dev. Mean Std. Dev.

Low 174.07 160.75 46.30 48.42 9
Medium 48.07 69.05 30.00 40.72 9
High 60.56 49.64 50.56 73.59 9

Total 94.23 116.25 42.28 54.58 27

Presentation Strategy/Activity and Relative Gain

low

150% -

O 12 0 % -

medium
high

60% -
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Figure 7-12: Relative gain for different groups in least/most preferred conditions
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Figure 7-13; Activity and least/most presentation strategy for different activity groups

7.3.3 Time-on-Task

To determine i f  learning performance was related to the time spent using Ml 

resources, analysis was conducted on both the time spent using each M l category o f 

resources and the total time spent using all M l resources. When investigating the effect 

o f time spent on resources, only the inventory and dynamic choice groups were included 

in the analysis, the reason being that students in these groups had the option to use more 

than one resource. For the complete tutorials, students spent an average o f 17.5 minutes 

on each tutorial, with a total o f 35 minutes over the two tutorials.

First, the time spent using each M l category was analysed. For each category, the time 

spent on resources was correlated with the activity level (number o f resources used) at 

p<0.01 level. As a result, the analysis o f time spent on individual resource categories did 

not provide any additional insights proved by the analysis o f activity level and learning 

performance.

Next, the total time spent using M l resources was analysed. A two way mixed 

between-within ANOVA was conducted to explore the effect o f choice and presentation 

strategy on total time spent. The means and standard deviations o f the relative gain scores 

are presented in Table 7-25. There was a significant within-subject main effect for

Activiy 
- -  low 

-  medium 

—  high

m edium
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presentation strategy: W ilks Lam bda: 0.851, F =  4.379 (1, 25), p = .047, m ultivariate eta 

square = .149. There w as also a w ithin-subject in teraction effect betw een presentation 

strategy and choice, how ever it was only significant at the p < .l level: W ilks Lam bda: 

0.890, F = 3.097 (1, 25), p = .091. F igure 7-14 illustrates the m ain effect and show s how  

students spent m ore tim e using MI resources w ith  least p referred  presentation  strategy. It 

also illustrates the w ithin-subject interaction effect and show s how  students using the 

adaptive dynam ic version spent less tim e using MI resources w ith the m ost preferred 

strategy than w ith the least preferred strategy.

It is interesting to note the presentation strategy did not have an effect on the adaptive 

inventory group. How ever, the result suggests that the effect o f  the least preferred 

presentation strategy on the adaptive dynam ic group is to increase the tim e spent 

exploring MI resources. It appears that students spend m ore tim e learning w hen initially 

presented with resources they do not prefer. This could be explained by the fact that more 

tim e is needed to use resources not preferred and students spend m ore tim e exploring 

different options.

Table 7-25: Total tim e spent on M l resources

Least T im e M ost T im e

C hoice M ean Std. Dev. M ean Std. Dev. N

Inventory 371.2 145.0 358.9 162.5 19

D ynam ic 399.3 218.2 256.6 93.7 9

Total 380.6 169.0 324.8 149.6 27
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Figure 7-14; Total tim e spent on MI resources for choice and presentation  strategy

7.3.4 Students with Low Activity Levels

On using quantitative analysis techniques, it was found that students w ith low activity 

levels had higher learning perform ance w hen guided to resources they least preferred. A 

deep analysis was perform ed on this group o f  students to help identify reasons for this 

surprising behaviour. As part o f  this analysis, d ifferences betw een the least and most 

preferred strategies in the num ber and range o f  resources used w ere assessed. A lso 

evaluated, was the qualitative feedback from  several students in this group.

First, the num ber o f  resources used or activity level was analysed. It w as found that 

the activity levels for both  least and m ost preferred strategies were the sam e. R egardless 

o f  presentation strategy, students used the sam e num ber o f  resources (24 % ) that is ju st 

the one resource.

Next, the range and spread o f  resources used was evaluated. Table 7-26 illustrates the 

average use o f  resources and indicates that this group o f  students used all categories o f  

resources and not ju st one type. It is interesting to note the large use o f  the M R resource 

category w ith both presentation  strategies.
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Table 7-26: Average use o f resources in the different MI Categories

AvUseVL AvUseLM AvUseVS AvUseM R

Most Preferred Strategy 13 21 12 49

Least Preferred Strategy 14 17 22 44

The range was found by calculating for each student the Euclidean distance between 

their use o f resources and the average use of resources by all students. On calculating the 

range, it was found that the range with the least preferred strategy was greater than with 

the most preferred strategy. Students used a greater variety o f  resources with the least 

preferred strategy.

Qualitative feedback from the four students in this group was next explored. The four 

students are labelled Student A, B, C and D and all had greater relative gain with the least 

preferred presentation strategy. Qualitative feedback was received from the students by 

asking for feedback at the end o f each learning unit. Students were asked which option 

helps them remember most and why. Also, at the end o f the entire session, students were 

asked to reflect on a number o f  questions such as

• What were the differences between the options?

• After going to your favourite choice did you try other options?

Student A:

Student A was assigned to the adaptive dynamic group. He mainly used the MR 

resource category with the most preferred presentation strategy. Table 7-27 illustrates 

how he used 100 % o f MR resources. The feedback indicated that MR and LV were his 

favorite categories, the reasons being:

• “It gives you a sound o f thunder and lightning”

• “the rap music and songs”

Interestingly, the results from the MIDAS inventory indicated that VL and LM were 

his two most preferred intelligences, with MR a strong third.

In contrast the range o f  resources used with the least preferred presentation strategy 

increases. Table 7-27 illustrates how the MR category is used less and other categories
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are used more. D espite using a w ider range o f  resources, the student w hen asked w hich 

resource he preferred typically  answ ered that M R w as the preferred  resource.

The results suggest that the least preferred  presentation  strategy encouraged the 

student to use a b roader range o f  resources in addition to the preferred  M R and that using 

a broader range o f  resources resulted in greater learning perform ance.

Table 7-27: U se o f  MI resource categories for S tudent A

UseVL UseLM UseVS UseMR

Most Preferred Strategy 0 8 0 100

Least Preferred Strategy 21 28 36 28

Student B:

Student B was also assigned to the adaptive dynam ic group. W ith the m ost preferred 

presentation strategy, he w as guided m ainly to the M R resources. His responses indicated 

that MR was his favourite category, w ith  the com m ent “because it was better” . In 

contrast, the feedback from  the M IDAS inventory indicates he prefers LM , VS and VL 

resources to MR.

With the least preferred strategy, the learning activity and range o f  used resources 

increased. As illustrated in Table 7-28, m ore VL, LM and VS resources w ere used with 

the least preferred strategy. H ow ever, despite using a b roader range o f  resources, the 

student stated that M R w as his favorite resource type.

The feedback suggests that regardless o f  the strategy used, the student identified M R 

resources as the preferred  resource. It appears that the effect o f  the least preferred 

presentation strategy was to encourage the student to explore a broader range o f  

resources, which resulted  in greater learning perform ance.

Table 7-28: U se o f  MI resource categories for S tudent B

UseVL UseLM UseVS UseMR

Most Preferred Strategy 0 0 0 100

Least Preferred Strategy 15 23 23 23
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Student C:

Student C was also assigned to the adaptive dynamic group. With the most preferred 

presentation strategy, he was guided mainly to the VL resources. The responses indicate 

that he preferred a broad range of resources. At different stages throughout the tutorial he 

selected VL, VS, MR and LM in turn as his favourite category.

With the least preferred strategy, the range o f used resources increased. As illustrated 

in Table 7-29, more MR, LM and VS resources were used with the least preferred 

strategy. The feedback during this session indicated that LM and VL were his favourite 

resources. This feedback matches the results from the MIDAS inventory where the two 

most preferred intelligences were LM and VL.

It appears that the effect o f the least preferred strategy was to encourage the student to 

use a broader range o f resources rather than just the preferred ones, the effect o f which 

was to improve learning performance.

Table 7-29; Use o f MI resource categories for Student C

UseVL UseLM UseVS UseMR

Most Preferred Strategy 36 7 7 14

Least Preferred Strategy 23 23 38 23

Student D:

Student D was assigned to the adaptive inventory group. The feedback from the 

MIDAS inventory revealed that VS was his most preferred intelligence and MR his least 

preferred intelligence. Accordingly, as the adaptive inventory group presents the initial 

resource based on the static MI profile, the VS resource was presented first with the most 

preferred presentation strategy and the MR resource first with the least preferred strategy. 

Table 7-30 illustrates how, as the student was a low activity learner, only one primary 

resource was used with the least and most preferred strategies.

With the most preferred presentation strategy, the feedback from the student was that he 

preferred VS but remembered more from VL resources:

• “I like art. I remember things better because I remember what I read”
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In contrast w ith the least preferred strategy, when the student was asked w hat did he 

prefer and rem em ber, his response was:

• “ I like all those subjects”

•  “ I like them  (all)”

It appears that the effect o f  the least preferred presentation  strategy w as to broaden the 

s tuden t’s perceptions o f  w hat he liked. In particular it encouraged him  to explore M R 

resource category, an intelligence low dow n on his list o f  preferences.

Table 7-30: U se o f  MI resource categories for S tudent D

UseV L UseLM U seV S UseM R

Most Preferred Strategy 0 0 79 0

Least Preferred Strategy 0 0 8 92

A ltogether, the results suggest that encouraging learners to use a broad range o f  

resources can enhance learning. In particular, it suggests that by using the least preferred 

presentation strategy, it is possible to encourage students to experim ent w ith different 

options. It seem s that that encouraging students to step outside habitual preferences and 

prom oting a broader range o f  thinking m aybe a strategy for increasing learning 

perform ance.
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7.3.5 Ml P rofile
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Figure 7-15: H ighest ranking intelligence for students

As part o f  the study, all students com pleted the M IDAS inventory to determ ine their 

Ml profile and their h ighest-ranking intelligence. For the 47 students in the study, the 

results were: V erbal/L inguistic 15, Logical/M athem atical 22, V isual/Spatial 8 and 

M usical/R hythm ic 2 , as displayed in Figure 7-15. The results w ere next analysed to 

determ ine if  students o f  a particular MI profile had greater learning perform ance than 

other MI profiles. It w as expected that due to the nature o f  the post-test (m ulti-choice 

questions) that verbal/linguistic students w ould have higher scores.

A one-w ay A N O V A  w as first conducted to explore the im pact o f  highest-ranking 

intelligence on prior know ledge, average post-test score and average relative gain. The 

two M R students w ere rem oved as the M R cell size w as too small for the analysis. The 

results were not statistically  significant, for prior know ledge: F (2, 42) = .256, p= .776; for 

post-test score: F (2, 42) =1.758, p=. 185; and for relative gain: F (2, 42) = .072, p=.931. 

Table 7-31 displays the prio r know ledge, average post-test score and relative gain for 

each intelligence group. V L students had a slightly  higher post-test score than all other 

students. The results suggest that despite VL students doing slightly  better, there was no 

significant d ifference for students w ith  different MI profiles and that no conclusions 

could be draw n about the perform ance o f  students w ith d ifferent M I profiles on standard 

tests.

D o m i n a n t  I n t e l l i g e n c e

I n t e l l i g e n c e
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Table 7-31: Average post-test score and relative gain for each intelligence group

Intelligence N Prior
Know.

Std.
Dev

Post
test

Std.
Dev.

Relative 
Gain %

Std.
Dev.

VL 17 58.7 16.2 73.0 16.0 60.8 65.9

LM 28 61.4 16.5 69.1 12.8 61.1 38.3

VS 8 57.3 12.6 61.3 15.1 52.6 78.8

MR 3 57.0 7.1 47.5 10.6 15.4 31.2

Total 56 59,6 15.3 68.0 15.0 57.6 55.0

The results together suggest particular MI profiles do not have higher prior knowledge 

or learning performance. It suggests that the post-test mechanism did not unfairly bias a 

particular MI category and that other factors may explain the difference in learning 

performance.

7.3.6 Resources Used

The type o f resource predominantly used by a student may be a factor in learning 

performance. The following sections describe for the different adaptive groups how the 

use o f  different types o f resources influence learning performance. The first section 

analyses the single group and the influence o f using their most preferred resource with the 

most preferred strategy, the only resource available to this group. The second section 

analyses the inventory and dynamic groups, both o f which had the option o f using 

multiple resources.

7.3.6.1 Single group

First, an analysis was conducted in order to determine the effect o f using just the 

preferred resource type. For this analysis, only students from the single choice group were 

selected and only the scores when given their most preferred resource were used.

A one-way ANOVA was conducted to explore the impact o f favourite resource type 

on post-test score and relative gain. The results were not statistically significant, for post

test score: F (2, 17) =1.179, p=.332 and for relative gain; F (2, 16) =.947, p=.409.

Table 7-32 displays the average post-test score and relative gain for each intelligence 

group (there was no students in the MR group). It illustrates how VL students had slightly 

higher post-test scores, with LM students next and finally VS.
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The results suggest that VL and LM students perform slightly better than VS students. 

However the results were not significant and no significant conclusions can be drawn 

about how the use of particular resources influences performance.

Table 7-32: Average post-test score and relative gain in the single choice group (most 

preferred)

Intelligence N Total Score Std. Dev R elative  G ain Std. Dev.

VL 9 77.8 15.63 56.0 57.0

LM 8 67.5 22.5 28.3 31.1

VS 3 60.0 20.0 -4.8 34.3

Total 20 71.0 19.43 58.1 48.2

7.3.6.2 Inventory and Dynamic group

The adaptive inventory and dynamic groups were analysed to determine if  there were 

patterns in the use o f particular resources and learning performance. Both groups were 

presented with one resource based on either a static or dynamic MI profile, and 

subsequently had the option o f using other resources.

First, analysis was conducted on the use o f resources when the most preferred 

presentation strategy was used. Examining the relationship between how different 

resource categories were used, it was discovered that there was significant correlations 

between the use o f VL/MR, LM/MR and VS/MR resources. Table 7-33 provides the 

details. It shows how high use o f MR resources is correlated with low use o f VL, LM and 

VS resources.

The relationship between the use o f the different resources and the post-test score was 

next analysed. Significant correlations were found between the use o f  MR resources and 

post-test score, and LM resources and post-test score. The negative correlation between 

the use of MR and post-test score indicates that high use o f  MR resources is related to 

lower post-test scores. The positive correlation between LM and post-test score indicates 

that high use o f LM resources is related to high post-test scores. The results suggest that 

MR students do not use other types o f resources and have lower post-test scores. It should 

be noted that there was no significant correlations between the use o f  resources and 

relative gain.
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Second, analysis was conducted on the use o f resources when the least preferred 

presentation strategy was used. Significant correlations were found between the use of 

MR and VL, and MR and VS resources. This suggests that high use o f MR resources was 

correlated with low use o f  VL and VS resources, which again suggests that students using 

MR resources are not using any other resources.

On analysing the relationships between use o f  resources and post-test scores, 

significant correlations were found between the post-test score and the use o f LM and VS 

resources. High use o f  VS was related to high post-test scores. Surprisingly there was a 

negative correlation between the use o f LM resources and post-test scores, indicating that 

the high use o f LM resources was related to low post-test scores. This is in direct 

contradiction to the positive relationship between the use o f LM resources and post-test 

score with the most preferred strategy, and suggests that other factors in addition to the 

use o f resources are influencing the post-test score.

Table 7-33: Correlations for least and most preferred strategies

Significant Correlations Amount

Most Preferred Use o fV L a n d  MR r=-.466, n=27, p=.014
Strategy Use o f  LM and MR r=-.477, n=27, p=.012

Use o f  VS and MR r=-.454, n=27, p=.017

Use o f  LM and Post-Test r=.416, n=27, p=.031

Use o f  MR and Post-Test r=-.442, n=27, p=.021

Least Preferred U se o f  VL and MR r=-.646, n=27, p= .000
Strategy Use o f  VS and MR r=-.759, n=27, p= .000

Use o f  LM and Post-Test r=-.490, n=27, p=.009

Use o f  VS and Post-Test r=.417, n=27, p=.031

The results are summarised together in Table 7-33. With the most preferred strategy, 

high use of LM and low use o f MR resources is related to high post-test scores. With the 

least preferred strategy, high use o f VS and low use o f LM resources is related to high 

post-test scores. With the most preferred strategy, high use o f MR resources is correlated 

to low use of VL, LM and VS resources and with the least preferred strategy, high use of 

MR resources is correlated with low use o f  VL and VS resources.
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In summary, it seems that some students use MR resources and do not bother with 

other types o f resources. However, how the use o f resources relates to learning 

performance is unclear. When students were presented with the most preferred resource, 

the results suggest that high use o f MR resources is related to poor performance, but this 

result is not replicated with the least preferred strategy. In addition the relationship o f LM 

resources to post-test score is completely the opposite in both the least and most preferred 

strategies. It appears that learning performance is not just influenced by the type o f 

resource used.

Summarising the results for the single, inventory and dynamic groups together, there 

are indications that there are students who only use MR resources and nothing else. 

However, the relationship between the use o f resources and learning performance is 

unclear, with contradictory results for the least and most preferred presentation strategies. 

There seems to be many factors influencing learning performance, one o f which is the 

resource type.

7.3.7 Qualitative Feedback

Qualitative feedback was received from students in order to determine perceptions and 

preferences. Table 7-34 and Table 7-35 provides a summary o f the comments students 

made on the different types o f resources and provides insights into why students preferred 

different types o f resources.

Some students are clearly able to articulate the differences between resource 

categories and provide comments such as “they teach you in different ways” and “they 

get you working in different ways”. As to why students tried different options after their 

favourite one, the main reasons seem to be “to see if  the other things were as intresting” 

and “to get a vairity”. However some students did not bother to explore other options as is 

revealed by the comments “I really liked my first choice” and “no because my favourite 

was the easiest to leam for me” . The comments suggest that one benefit in providing 

multiple MI resources is that it can support a learning environment that encourages 

curiosity and interest. However it is o f  note that some students are quite content to stay 

with their preferences and are not inclined to explore other options.

The feedback together suggests that students do have different strengths and 

preferences and the challenge is to find out best to adapt to this diversity. It suggests that 

a wide approach to learning is necessary so that all students can find something attractive 

and beneficial.
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Table 7-34: Feedback to questions during tutorial: What do you prefer and remember?

C om m ents  on VL:

• because all information goes into your 
head when you read

•  because u learn more

•  because it gets stuck in yur head

• B EC A U SE its easy  to rem em ber

• Because its the easiest  to learn

• When you repeat som eth ing  it helps me 
rember so al read over and over again.

• If  you read som eth ing  you rem ber  the 
most important bits

•  When you read you pick up the 
important bits.

•  i just  like to read

• reading it is easyer than rapping  it

•  1 like to read

•  all I had to do was read it o f  the screen

• it is easier to rem em ber

C om m ents  on LM:

• It tell you what you need to know

• It explains each thing clearly

• it was easier to use

• it made it easy to rem em ber  because it 
went in steps.

•  It expla ined better than the o ther ones

C o m m en ts  on MR:

• Music  has a tune that Stays in your head

• its easy  to rem em b er  by  tune

• tune stays in your head

• because  music  is easy  to rem em ber

•  because it stays in m y  m ind  and I can 
rem em ber  it well

•  Because its loud and funny.

•  the tune got in m y  head.

•  Because it is more fun to learn

•  it helps you rem em b er  things when  they 
have a tune

•  the m usic  is stuck in m y m ind

• the m usic  keeps in your mind

• The  rap song w as  funny

• because it w as  most exciting

• i liked the sound because  it holds the 
idea in your head.

C o m m ents  on VS:

• i love art

•  Because I Like Art

•  Because o f  the pictures

•  the p ictures stick to m y  m ind

•  The one that took less t ime to rem em ber

•  It helps you by d isplaying the visual side 
o f  things

•  Y ou  can visualize the s tu f f  in your head

•  It catches your attention m ore  than the 
others

•  because  it give me m ore  detail
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Table 7-35: Feedback to questions during tutorial: What do you prefer and remember?

“W hat were the differences between the “After going to your favourite choice did

options?” you try other options?”

• som e are useful som e are bad
• yes to  see the d ifference  betw een  them

• som e are fun and som e are not all

•  they are put in d ifferen t w ays • no no t really , because  i did not w ant to

• som e are better than  the  others •  yes to  see  i f  the  o ther th ings w ere as

• Som e are easier to learn from  than
in tresting

others •  S om etim es because i w anted  to  try  them

• the m usic and the p ictu res m ore fun and
all out

easier to rem ber than  the o ther tw o •  Yes. T o  see i f  th ey  w ere bette r
options

•  no coz i realy  liked  m y first cho ice
• Som e are easier to  rem em ber and som e 

are boring
•  yes to  see w hat th ey  w ere  like

• T hey all have d ifferen t w ays to
•  Y es to  see w hich  w as better

rem em ber • yes to  fm d out m ore th ings

• T hey have there ow n w ay  o f  exp lain ing • to  see if  they  w ere funny

• D ifferent options cater for d ifferent • I tried  o th er op tions to see i f  1 could
learning m ethods im prove m y understand ing

• T hey have d ifferen t w ays o f  show ing •  B ecause i w anted  to see w hat each
you how to do th ings option w as like

• they  show  you d ifferen t w ays o f •  no. i w as en joy ing  the  m usic  catagory
rem em bering  th ings too m uch.

• different things and w ays o f  learning •  not rea lly  b recause  i knew  w hat ia

•  T hey G et You w o rk in g  In d ifferent
needed  to  know

W ays •  no because  m y favourite  w as the easiest

•  you use different senses
to learn for me

•  they all help in d ifren t w ays.
•  Y es T o See I f  T here  W as D ifferent 

In form ation  O n O ffer
• som e are easyier 2 understand

• yes,to  give m e m ore inform ation
• all different types o f  learn ing

• yeah to  see  w hich one w as best
•  T hey teach you in d ifferen t w ays

• ye i got bored

• for a change.

• Y es to get a vairity
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7.3.8 Summary

Study B w as conducted  to explore the effect o f  different types o f  adaptive control. In 

particular, it explored the differences in perform ance betw een students who use adaptive 

system s that m atch and m ism atch resources w ith preferences based on both  static and 

dynam ic profiles. M ost o f  the results presented for Study B are consistent w ith  the results 

from  Study A and a com parison betw een the tw o studies w ill be presented in the 

follow ing section.

To explore the effects o f  choice and presentation strategy, the results o f  students w ith 

the least and m ost preferred presentation strategies w ere com pared. N oth ing  conclusive 

could be said about the effect o f  level o f  choice as the results w ere not statistically  

significant. H ow ever, w hen exploring the im pact o f  p resen tation  strategy, the relative 

gain scores in the least and m ost preferred conditions w ere significantly  different. 

U nexpectedly, the results suggest that students learn m ore w ith the least preferred 

strategy rather than w ith the m ost preferred strategy. Surprisingly, the results indicate that 

students learn m ore w hen first presented w ith their least preferred  m aterial rather than 

their m ost preferred m aterial

To analyse this result, students w ere divided into groups defined by their learning 

activity  or the num ber o f  resources they used during the tutorial. E xam ining the post-test 

scores, the results indicate that students w ith high activity  levels obtain the h ighest scores. 

On exploring the relative gain for different activity groups in the least and m ost preferred 

condition, further insight was revealed. It was only students w ith  low activity  levels who 

dem onstrated different relative learning gains, w ith significantly  greater learning gain 

w ith the least preferred strategy. Typically , low activity learners only  use the presented 

resource and did not explore other options. It seem s such learners w ith  low  levels o f  

learning activ ity  can im prove their perform ance when adaptive presentation  strategies are 

in use

A further analysis w as conducted to determ ine if  p resentation  strategy had an im pact 

on learning activity. For the d ifferent activity  groups, there w as no significant difference 

in the levels o f  activity  in the least and m ost preferred conditions. The resu lt indicates that 

p resentation strategy m ay not influence learning activity, and that low  activity  learners 

will rem ain low activity  learners regardless o f  the resource they use, least preferred  or 

m ost preferred. C om bining this w ith the fact that the relative learning gain is h igher in the 

least preferred condition, it suggests that the type o f  resource used m ay m ake a 

difference.
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Related to activity level is the m easure o f  tim e spent using MI resources. The analysis 

o f  time spent using each MI category did not provide any further insights. On exam ining 

the total time spent using MI resources, it was revealed how  students in the adaptive 

dynam ic group spent m ore tim e using M l resources w ith the least preferred strategy than 

with the most preferred strategy. The results indicate that the effect o f  the least preferred 

strategy, for this group, is to increase the tim e spent learning and exploring different 

options.

To further investigate the d ifference in learning perform ance for low  activity  students, 

a deep analysis was perform ed on the qualitative feedback and the resources used. The 

analysis reveals that by  initially  presenting  resources not norm ally used, it is possible to 

encourage students to m ove outside habitual m odes o f  thinking. This m ay be the reason 

for increased learning perform ance w ith the least preferred presentation  strategy.

U sing the highest-ranking intelligence as identified by the M IDAS inventory, no 

significant results w ere found on the im pact o f  intelligence on activ ity  level and post-test 

score. Students w ith d ifferent highest-ranking intelligences did not score significantly  

higher that other students and did not have d ifferent levels o f  learning activity. This m ay 

be due to the fact that all students are catered for through the provision o f  different types 

o f  resources.

The use o f  different M l resources was also investigated to determ ine its influence on 

learning perform ance. On exam ining the single group w hen using only their m ost 

preferred resource, it w as found that there was no significant d ifference in perform ance 

between students w ith different MI profiles.

On analysing the adaptive inventory and dynam ic groups, no clear relationships were 

found between the use o f  resources and learning perform ance. The results found w ith the 

least preferred and m ost preferred strategies w ere not replicated  and in som e instances 

contradicted. The only  clear conclusion that can be draw n is that som e students prefer to 

use M R resources and nothing else. H ow ever it is not clear how  this preference can be 

best exploited to enhance learning.

Q ualitative feedback on preferences w as also received from  students. The responses 

that were received indicate the diverse nature o f  student p references and inclinations. 

Some students com m ent that they prefer the verbal/linguistic approach as it gets “ stuck in 

yur head” while others prefer the visual/spatial approach because “you can v isualize the 

stu ff in your head” . Som e students prefer the logical/m athem atical approach because “ it 

made it easy to rem em ber because it w ent in steps” . F inally, som e prefer the
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musical/rhythmic approach because “its easy to remember by tune” and because “ it is 

more fun to learn” .

It was also obvious that some students are clearly able to articulate the differences 

between resource categories and provide comments such as “they teach you in different 

ways” and “they get you working in different ways”. The comments also reveal that 

some students tried different option “to see if  the other things were as intresting”, while 

other students did not bother because their “favourite was the easiest to learn” .

Taken together, the results suggest that using adaptive presentation strategies can 

enhance learning performance for learners with the certain types o f characteristics. In 

particular the use o f  adaptive presentation strategies can benefit learners who use just the 

resource that is presented. Such learners can benefit from adaptive presentation strategies 

that guide them to resources not normally used. The feedback together suggests that 

students do have different strengths and preferences and the challenge is to find out best 

to adapt to this diversity.

7.4 Discussion

The two studies presented in this chapter investigate the differences on peformance, 

between adaptive and learner control and between different types o f adaptive control. 

Also investigated, by both studies, is the impact o f adaptive strategies that match and 

mismatch student preferences to learning resources.

Integrating the results o f the two studies together, certain conclusion can be drawn, as 

illustrated in Table 7-36. In both studies, only slight differences in performance were 

observed between students who had complete learner control and those who used 

adaptive systems based on both static and dynamic MI profiles. However, in both studies 

it was observed that the presentation strategy had an impact on relative gain. In contrast 

to the original hypothesis, that the most preferred presentation strategy would result in 

improved performance, it was found that the least preferred presentation strategy gave 

rise to larger increases in learning gain. The results suggest that there is higher learning 

gain when adaptively presenting resources that are not preferred.

To analyse this surprising result, students were divided into groups defined by their 

learning activity or the number o f resources they used during the tutorial. For both 

groups, it was found that students with high activity levels obtained the highest post-test
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scores. On exploring the relative gain for different activity groups in the least and most 

preferred condition, further insight was revealed.

For Study A, it was found that students with medium learning activity levels benefit 

most when they are encouraged to use resources not normally used. In contrast, for Study 

B, it was found that students with low activity levels had the greater improvement in 

performance when initially presented with resources not preferred. This difference may 

be explained by looking closer at how the activity level was derived. The different 

activity categories: high, medium and low; were determined by dividing students in three 

equal groups based on their activity level. For Study A the cutpoints for the medium 

activity learner were >22 and <=26. In this study, a learner classifed with a medium 

activity level would on average look at one resource per learning unit. For Study B, the 

cutpoint for the low activity learner was < 28. In this study a low activity learner would 

use on average one resource per unit. It appears that the overall activity levels were much 

greater in Study B than in Study A, and that a low activity learner in Study B would use 

approximately the same number o f resources as a medium activity learner in Study A. 

Hence, it can be concluded that, for learners who use on average one resource per unit, 

adaptive strategies that present the least preferred resource result in greater learning 

performance.

A deep analysis on students in both these groups revealed that there was a broad range 

o f  aptitudes for different resources. It also suggests that the least preferred presentation 

strategy encourages students to experiment with different options. It appears that by 

promoting a broader range o f thinking and encouraging students to transcend habitual 

preferences, it is possible to increase learning performance for learners who are not 

inclined to explore the learning environment.

In contrast, adaptive presentation strategies do not appear to have any effect on 

learners who explore the learning environment and who use more than one resource. It 

seems that learners with high activity levels have higher post-test scores regardless o f 

presentation strategy. It may be explained by the fact that such learners will use two or 

three resources, and will naturally avail o f  the benefits o f  using multiple resources.

Both studies also revealed that by comparing peformance using the highest-ranking 

intelligence, no signficant differences were found in performance. Students with different 

highest-ranking intelligences did not score significantly higher than other students. 

Extensive analysis was also conducted on the use of particular resource categories and 

how it influenced learning performance, however no clear conclusions can be drawn.

167



There is som e indications that the use o f  the VL resource category can resu lt in higher 

perform ance, as reported in Study A. H ow ever this result was not repeated in Study B, a 

study in which no clear conclusions could be derived about how  the use o f  particular 

resources could influence perform ance. In bo th  studies, it is significant to note the 

popularity o f  M R resources. M R resources seem  to excite and captivate certain  students, 

how ever it is not clear how  m usic can be best em ployed to enhance learning perform ance.

From the presented results, it is possible develop a set o f  guidelines for pedagogical 

strategies in adaptive system s. These strategies should:

• hiitially  present resources that are not preferred.

• Encourage a broad range o f  thinking and encourage students to transcend habitual 

preferences.

• M otivate the learner to explore m ore learning resources.

In sum m ary, the m ost interesting result from  the em pirical studies is that adaptive 

presentation strategies can enhance perform ance by presenting  a variety  o f  resources that 

are not preferred. This, som ew hat, surprising  result is in contrast to the traditional MI 

approach o f  teaching to strengths and suggests that the best instructional strategy is to 

provide a variety o f  resources that challenge the learner. H ow ever this m ay not be as 

surprising when one considers the m otivational aspects o f  gam es and their characteristic 

features. Challenge is one o f  the key m otivational characteristics o f  gam es (Prensky, 

2001) and it maybe that in education too, challenge at the appropriate level is also needed.
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Table 7-36: Comparison o f  results for Study A and Study B

Analysis Study A: Adaptive Dynamic vs. 
Free Learner Control

Study B: Adaptive Single, 
Inventory and Dynamic

Sim ilar
Result?

Independent 
variables: 
choice and 
presentation 
strategy

H igher learn ing  perform ance 
(relative learn ing  gain) w hen 
adap tively  p resen ted  w ith resources 
not preferred

H igher learn ing  perfo rm ance  
(rela tive  learn ing  gain) w hen 
ad ap tively  p resen ted  w ith resources 
not preferred

Yes

Learning
A ctivity

High activ ity  levels re la te  to h igher 
post-test scores

High activ ity  leve ls re la te  to h igher 
post-test scores

Yes

Learning
A ctivity

Students in adap tive  group w ith 
m edium  activ ity  levels had larger 
increases in learn ing  gain  w ith  the 
least preferred  p resen ta tion  strategy

S tudents in adap tive  inven to ry  and 
dynam ic groups w ith low  activ ity  
levels had larger increases in 
learn ing  gain w ith the  least 
preferred  p resen ta tion  stra tegy

Y es but 
differen  
t
categor 
y o f  
learner

Tim e on 
Task

Tim e-on task  corre lated  w ith activ ity  
level and no additional insights 
provided

For adap tive  dynam ic group , least 
p referred  stra tegy  increases tim e 
spent ex p lo rin g  Ml resources

N o

Ml Profile Ml Profiles did not influence p o st
test scores

MI Profiles did not in fluence p o st
test scores

Y es

M IDAS 
Results vs. 
Behaviour

For LM, V S, M R studen ts preferred  
resource m atches resu lts o f  M ID A S 
inventory

N/A N/A

Resources
Used

For Free group, high use o f  V L and 
low use o f  M R result in g reater post
test scores.

For adap tive  group, high use o f  VL 
results in g reater post-test scores, 
noth ing conclusive  to  say abou t use 
o f  MR resources.

For S ing le  group, no sign ifican t 
conclusions about use o f  resources

For dynam ic  and inven tory  groups, 
som e studen ts use M R resources 
and no th ing  else, no th ing  conclusive  
to say  about use o f  resources and 
post-test scores

No
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8 Conclusions

8.1 Introduction

A daptive educational system s attem pt to enhance learning by identifying individual 

trait d ifferences and custom ising the learning environm ent to support these differences. 

H ow ever, in the design and developm ent o f  such system s, several research challenges 

exist. O utstanding research questions include: w hat is the relevant educational theory 

w ith  w hich to m odel individual traits, how  are the relevant learning characteristics 

identified and in w hat way should the learning environm ent change for users w ith 

different learning characteristics?

This thesis has described how  the adaptive educational system , ED U C E, addresses 

these challenges to  create an environm ent that enhances learning through the dynam ic 

identification  o f  learning characteristics and adaptive presentation o f  content. First, it 

described how  ED U C E uses G ardner’s theory o f  M ultiple In telligences as the basis for 

m odelling  learning characteristics and for designing instructional m aterial. Second, it 

described how  E D U C E ’s novel predictive engine dynam ically  identifies the learner’s 

M ultiple Intelligence profile from  interaction with the system  and m akes predictions on 

w hat M ultiple Intelligence inform ed resource the learner prefers. Last, it described 

em pirical studies conducted  w ith ED UC E, that explored how  the learning environm ent, 

and in particular the presentation  o f  content, should change for users w ith  different 

characteristics.

The follow ing sections sum m arise the m ain research findings, the lim itations o f  the 

research w ork and som e directions for future research.

8.2 Summary of Research Findings

D uring the course o f  the research w ork, several research findings w ere d iscovered 

w hen addressing the follow ing three research questions;

•  W hich learning theory could effectively categorise and m odel individual trait 

differences in learning?
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• How is it possible to identify learning characteristics from  observations o f  the 

learner’s behaviour?

• How should the learning environm ent change for users w ith d ifferent learning 

characteristics?

The follow ing three sections present the m ain conclusion to each o f  these questions.

8.2.1 Multiple Intelligences

G ardner’s theory o f  M ultiple Intelligences was chosen as the basis for m odelling 

learning characteristics and for designing instructional m aterial for several reasons. It is a 

rich concept that offers a fram ew ork for developing adaptive educational system s that 

supports creative, m ultim odal teaching and in the past 20 years since its inception its use 

in the classroom  has been significant. Furtherm ore, G ardner h im self predicted  w hen he 

published his theory in 1983, that com puters have the potential to be a vital facilita tor in 

the process o f  instruction. H owever, despite this prediction very little research has been 

undertaken to explore how  the theory o f  M I can be used in adaptive educational system s. 

As a result o f  the research undertaken as part o f  this thesis, it is possible to  draw  several 

conclusions that may guide the application o f  MI to adaptive system s in its early  stages o f 

research:

• MI is a theory from  w hich it is possib le to derive an established set o f  princip les for 

instructional design. The different intelligences are easily  recognizable from 

experience and it is possible to create a rich set o f  content w hich reflects the 

principles o f  the d ifferent intelligences.

• The MI theory supports the developm ent o f  content outside the traditional 

verbal/linguistic and logical/m athem atical approaches. For exam ple, it supports the 

developm ent o f  m usical/rhythm ic content w hich w as found to be o f  great appeal to 

students.

• The developm ent o f  content using the M I theory requires the teacher to th ink in 

different ways. This m ay be difficult for people w ho do not appreciate or who do 

not have strengths in different intelligences. For exam ple, a teacher strong in 

logical/m athem atical intelligence m ay find it very d ifficu lt to  create content that 

appeals to the m usical/rhythm ic intelligence.
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• Developing different representations o f the same content using different 

intelligences can be difficult. However, developing a range o f content seems to be 

important in order to spark interest and motivation.

• As content can be developed to reflect the principles o f the different intelligences, 

it becomes possible to dynamically build a MI profile by observing the behaviour 

o f the learner. From the interaction with the learning environment, from the 

selection o f different resources and from observation o f the navigation path, the 

learner’s preferences for different MI resources can be inferred.

• Despite tools being available, assessing the MI profile is a time-consuming and 

difficult task. The static MI profile identified by the MIDAS inventory requires 

substantial self-reflection and awareness. The dynamic MI profile identified by 

EDUCE’s predictive engine is based on preferences which may not reflect the 

student’s actual strengths.

In summary, despite some o f the reservations outlined, it can be concluded that MI 

provides a rich educational model with which to model individual learning traits and 

develop content.

8.2.2 Dynamic Diagnosis

M achine-learning algorithms have been used in many applications but to date, 

research has not been conclusive about how best to apply machine-learning techniques in 

the dynamic identification o f learning characteristics. As part o f this research, a predictive 

engine was developed in order to dynamically diagnose the MI profile from the student’s 

behaviour. Using this profile it was possible to make predictions on what MI informed 

resource the learner prefers and does not prefer. From the development o f  EDUCE’s 

predictive engine, several conclusions can be drawn about the use o f  machine learning 

techniques to identify learning characteristics:

• The real challenge with all machine-learning applications is the identification o f a 

useful set o f input features. In order to infer learning characteristics, it is necessary 

to identify a set o f  features that act as behavioural indicators o f the student’s 

learning characteristics. This research proposed a novel set o f  navigational and 

temporal features based on real data coming from the learner’s interaction with the 

system. The predictive engine using these features as input was able to dynamically
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detect patterns in the learning behaviour and determine the learner’s preferences 

for different MI resources with reasonable success.

• EDUCE’s predictive engine uses the Naive Bayes algorithm for inference. The 

algorithm was found to be an effective statistical approach for diagnosing 

preferences. The algorithm can operate on input datasets that are continuously 

updated based on the student’s interaction with the learning environment and hence 

can dynamically make predictions online.

• The prediction task o f the predictive engine was to identify the most preferred 

resource to use. On entry to a learning unit the predictive engine predicts which 

resource the student will use first. During the studies conducted to evaluate the 

engine’s performance, predictions made were compared against the real behaviour 

o f the student. The results suggest that strong predictions can be made about the 

student’s preferred resource and that it can be determined, with a relatively high 

degree o f probability, that the student will use the predicted preferred resource 

within a learning unit. The results also suggest that predictions about the preferred 

resource are relatively stable, that students only use a subset o f  resources and that 

different students use different subsets. The results together suggest that different 

groups have different learning characteristics and that it is possible to model these 

learning characteristics. However it should also be noted that certain students do 

not have distinct preferences and consequently it is not possible to model their 

learning characteristics.

• Another considerable challenge with machine-learning applications is the need for 

prior data on which to base classification and predictions. One o f  the main reasons 

for choosing the Naive Bayes algorithm was its ability to work well with sparse 

datasets. When a student enters EDUCE for the first time, there is no information 

on the dynamic profile available. To overcome this problem, the student was 

allowed, during the first learning unit, to express their preferences and freely 

choose any resource. Subsequently, from analysis o f  the behaviour in the first 

learning unit, it was possible from the second learning unit forward to make 

dynamic predictions on preferred resources. In effect, students were making the 

initial adaptation and the predictive engine, by monitoring the user’s actions was 

further enhancing this initial adaptation. This approach, used to overcome the lack 

o f prior data, worked well and suggests that to identify learning characteristics, it is
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necessary to have an environment over which both the student and the system have 

the ability to change.

In summary, the Naive Bayes algorithm is an effective method for identifying learning 

preferences online when there is not much prior data available. This research also 

proposed a novel set o f input features that are indicative o f learning characteristics and 

which can be used in dynamic diagnosis techniques.

8.2.3 Pedagogical Strategies

Empirical studies were conducted with EDUCE to explore how the learning 

environment should change for users with different characteristics. In particular it 

explored: 1) the effect o f using different adaptive presentation strategies in contrast to 

giving the learner complete control over the learning environment and 2) the impact on 

learning performance when material is matched and mismatched with learning 

preferences. The following points summarise the main results o f these studies;

• Disappointingly, no significant difference in learning outcomes was observed 

between students who had complete control over the learning environment and 

students using different adaptive versions o f EDUCE. Thus, no conclusions could 

be made when comparing adaptive presentation strategies based on static and 

dynamic profiles. Some reasons could be that the sample size was too small, 

between-subject rather that within-subject differences were compared and that the 

primary method o f assessing differences, the relative gain, was not sensitive 

enough. The experimental design could also be improved by adding another 

treatment where students would only use one random resource per learning unit, 

thus allowing comparisons between adaptive strategies and a random selection.

• The adaptive presentation strategy had an impact on relative gain. It was found that 

the least preferred presentation strategy gave rise to larger increases in relative 

learning gain than the most preferred strategy. In particular, it was found that 

leamers who use on average one resource (out o f  a maximum o f four) per learning 

unit benefit the most when encouraged to use resources not normally used or 

preferred. It can be concluded that one method for improving learning gain is to 

adaptively present resources that are not preferred. This result has implications for 

the role of personalisation in learning. It indicates that there is a difference between 

the needs and preferences o f the student. A preferred resource may not necessary 

be the most appropriate resource for the student. Resources that are not preferred
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may lead to more challenging learning activities and it maybe that challenging 

students is one o f the paths to better learning. Challenging students may stimulate 

flexibility in thinking and lead to a broader range o f competencies.

• Through a deep analysis o f quantitative and qualitative data, it was found that there 

was a broad range o f preferences for different types o f  resources. It also revealed 

that the effect o f the least preferred presentation strategy was to encourage students 

to experiment with different options. It can be concluded that adaptive 

presentation strategies can improve learning performance by promoting a broader 

range of thinking and encouraging students to transcend habitual preferences.

• It was found that students with high learning activity levels or who use a high 

proportion o f the resources available obtain the highest post-test scores. This 

suggests that learning strategies that motivate the learner to explore more learning 

resources can improve learning performance.

• There was no significant difference found when comparing performance using the 

highest-ranking intelligence. Students with different highest-ranking intelligences 

did not score significantly higher than other students. In addition, no clear 

conclusions could be made on how the use o f particular resource categories 

influenced learning performance. There are some indications that the use o f  the VL 

resource category can result in higher performance, but this is not consistent across 

the different studies. However it is significant to note the popularity o f  MR 

resources. MR resources seem to excite and captivate certain students, however it 

is not clear how music can be best employed to enhance learning performance.

The most interesting empirical result is that adaptive presentation strategies can enhance 

the performance of low activity learners by presenting a variety o f resources which are 

not preferred. This, somewhat, surprising result is in contrast to the traditional MI 

approach of teaching to strengths and suggests that the best instructional strategy is to 

provide a variety of resources that challenge the learner.

8.3 Limitations of work

In the light o f some interesting research findings, it must be recognised that there are 

limitations to the significance o f the research. When considering these limitations, it 

must also be remembered that the issues involved in the developing adaptive educational 

system to support individual trait differences are very complex.
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• Some critics argue there that there is no empirical basis for the theory o f MI. 

However Gardner disagrees and argues that the theory o f MI is grounded in the 

disciplines o f biological sciences, logical analysis, developmental psychology and 

traditional psychological research.

• Despite the existence o f the MIDAS questionnaire, Gardner does not support the 

concept o f MI assessment instruments or the labelling o f  students into particular 

categories. This raises question about the best method for identifying MI 

preferences and for supporting students with different strengths. Gardner argues 

that intelligence is the capacity to solve problems or fashion products that are of 

value, that one intelligence is not better that any other and that everybody has the 

potential to develop all the different intelligences.

• Currently content has only been created for four o f the eight intelligences. Hence, 

for the concept o f  MI to be fully explored either content or features need to be 

developed to support the other four intelligences.

• Different representations o f content were created using the principles of four 

intelligences. In the process o f developing resources one specific intelligence was 

utilised more than any other. Hence, it was possible to clearly identify MI 

preferences. For example, a student selecting a verbal/linguistic resource would be 

identified as having a preference for using the verbal/linguistic intelligence. In 

reality, the different intelligences work together and it is more natural for resources 

to use two or three intelligences with one being more dominant than the others.

• Content was only developed for one domain. Science, and for one age group, 12 to 

15. To generalise the empirical results, particularly the result that presenting 

resources students do not prefer can enhance learning, it would be necessary to 

develop content for different age groups and for different domains by different 

content authors.

• In the original design o f EDUCE, there is a rich set o f links to support non-linear 

learning. However, the purpose o f the experimental design was to evaluate 

presentation strategy with different learner and adaptive controlled environments. 

Thus, links were disabled to ensure that students progressed in a linear manner 

through the content. Students could only navigate to different MI resources and go 

back or forward. This restricted navigation path made it possible to observe 

students as they made decisions about which MI resource to use and to examine the
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effect in isolation. However in reality, some students prefer non-linear learning and 

the linear learning model may have influenced the learning performance. Further 

studies may need to allow for non-linear learning and to support students with 

different learning strategies.

• The Naive Bayes algorithm was chosen as the basis o f  the predictive engine. For 

the task of predicting learning preferences it works reasonably well. However, for 

this prediction task it may be too complex and it may be simpler to base predictions 

on the last choice a student makes. In addition, the predictive engine is also of 

questionable value for students who change their preferences frequently, and these 

students may benefit by having the option to turn adaptivity o ff

• This research proposed a novel set o f input features based on navigational and 

temporal measures. However to assess the validity o f these measures, further 

research would need to determine how indicative they are o f learning 

characteristics. This could be achieved by comparing the performance o f different 

sets o f input features using different machine-learning algorithms.

• The duration of the experiment was short. Each student spent an average o f 35 

minutes over both tutorials. To observe student preferences with greater accuracy, 

it would be necessary to extend the duration o f the experiment and develop more 

content.

• The sample population was small with only 117 students participating in the 

experiments. To generalise the results it would necessary to conduct experiments 

with larger groups. In addition, the range o f schools in the studies was limited. One 

study was conducted in just one school. The other study was conducted with 

students from academically disadvantaged backgrounds. A sample consisting o f a 

broader range o f schools and students would allow the results to be generalised.

• The pre-test and post-test consist o f the same factual multi-choice questions. 

Conceptual based questions would allow for a deeper assessment o f student 

learning. Similar but different questions in the post-test would also determine if 

facts have just been remembered or have been understood at a deeper level.

Recognising the limitations o f the research provides the directions for future research. 

Such future work outlined in the following section may provide the empirical basis for 

consistent and valid results that can be generalised.
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8.4 Directions for Future Research

The work presented in this dissertation does not represent the definitive solution for 

developing adaptive system s that support individual trait differences. R ather it is a 

stepping-stone from  w hich further research can be undertaken. This section outlines a 

small list o f  suggestions for future w ork that could  be carried out based on this research.

8.4.1 Multiple Intelligence

To further develop MI as the relevant educational theory w ith  w hich to m odel learning 

trait characteristics and develop content, several suggestions are outlined:

• The static MI profile is based on the M IDAS inventory. G ardner argues that 

intelligence is the capacity  to solve problem s or fashion products o f  value. An 

interesting m ethod for assessing MI profiles w ould  be to use interactive gam es and 

exercises. U sing this approach the studen t’s behav iour could  be observed and MI 

strengths inferred w hile problem s are being solved.

• It is clear that m usical/rhythm ic based resources are extrem ely popular. 

M usical/rhythm ic resources seem  to captivate students, m aybe because o f  the 

novelty effect or because m usic conveys an em otional pow er that traditional text- 

based learning does not. Further research is required  to understand how  the pow er 

o f  music can be tapped into for education purposes and understand how  m usic can 

be best em ployed to enhance learning perform ance.

• Currently content has been developed for four o f  the eight intelligences. To fully 

explore the concept o f  MI, content and features w ould  need to be developed in 

order to support the other four intelligences: intrapersonal, interpersonal, 

naturalistic and bodily/kinesthethic.

• The current experim ental design assum es that students have a strength in one 

intelligence greater than all others. In reality  m ost students have strengths in tw o or 

three intelligences. It w ould be o f  interest to experim ent w ith an interface that 

displays two or three intelligences concurrently.

• Content has only been created for one domain. To generalise the application o f  MI, 

it would be useful to develop content for m ultip le  dom ains and age groups by 

different content authors.
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• It is quite demanding and time consuming to develop content using the principles 

of MI, particularly if  multiple representations o f the same content need to be 

developed. To help speed up the process, templates or authoring tools for creating 

Ml informed content would be very beneficial.

• Different MI representations have different amounts o f  information and this may 

influence learning behaviour. It would be of interest to derive a framework for 

measuring the amount o f information in each representation. Subsequently, it 

would be possible to examine patterns in how people use high or low information 

representations and determine their impact on learning performance.

• Different MI representations have different computational properties and will 

require greater or less effort by the student. This may influence decisions a student 

makes, who may switch to different MI resource if  too much effort is required. 

Students may choose resources they prefer rather than resources that exploit their 

strengths and subsequently, learning performance may be affected. It would be o f 

interest to measure how the computational properties o f different resources impact 

on learning perfonnance.

8.4.2 Dynamic Diagnosis

Future work to help in the dynamic diagnosis o f  learning characteristics from observation 

of learner’s behaviour is outlined in the following suggestions;

• This research has proposed a novel set o f  temporal and navigational features that 

can be used as input to a machine-learning algorithm such as Naive Bayes. Future 

analysis could identify the relevance o f these features and identify other features 

that may be indicative o f learning characteristics.

• The current prediction task o f the predictive engine is to identify the order o f 

preference for different MI resources. There may be other prediction tasks that are 

of interest, such as predicting the order in which resources are used or the 

relationship between questions answered correctly and resources used.

• Other machine-learning algorithms could be investigated to determine if  prediction 

accuracy could be improved. These learning algorithms could include rule based 

learning, neural networks, probability learning, instance-based learning and 

content-based/collaborative filtering.
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• The predictive engine currently operates with very little prior data about the 

student’s preferences. One approach to overcome this problem would be to develop 

a student model combining the dynamic and static MI profiles. Such a model might 

be a more accurate reflection o f both a student’s preferences and strengths, and 

provide the basis for more appropriate pedagogical strategies.

• It should be possible to generalise the predictive engine for use with different 

learning style models. This research categorises resources based on the theory of 

MI. It should be possible to use different categorisation frameworks based on 

different learning theories. Thus, the extent to which the predictive engine can be 

generalised could be evaluated.

8.4.3 Pedagogical Strategies

This research reports some interesting results regarding the pedagogical strategies

adaptive educational systems should use. To determine if  these results can be generalised

the following suggestions are outlined:

• The results suggest that challenging students with learning resources may lead to 

greater learning. They suggest that adaptively presenting resources that are not 

preferred, rather than resources that are preferred, can result in greater learning 

gain. This is particularly the case with low activity learners who only use the 

resource presented and are not inclined to explore other resources available. 

Further empirical studies are needed with more content and a broader sample 

population to determine if  this result can be repeated and to determine the role o f 

challenge in learning environments.

• The results indicate that adaptive presentation strategies have different effects for 

students with different activity levels and that learning activity is correlated with

learning performance. An interesting research direction would be to explore the

influences on learning activity and to determine strategies that increase learning 

activity.

• Systems using different variations o f adaptive control and personalisation were 

compared, but no significant differences in learning were found when comparing 

relative gain. It would be interesting to measure the effectiveness o f these systems 

not only by relative gain, but also by qualitative measures such as motivation levels
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and enjoyment. Personalisation may bring other benefits such as raising motivation 

levels, making learning more enjoyable or accelerating the learning process.

• This research could not conclusively report on how the use o f  different types of 

resources impacts on learning performance. It may be that certain MI 

representations have a greater measure o f information. Future work, involving 

different experimental designs, could determine if  students using a particular type 

o f resource have greater performance levels.

• The method for assessing learning gain was based on the use o f a pre-test and post

test consisting o f the same factual multi-choice questions. It would be interesting 

to assess learning gain using different methods. Different questions examining 

conceptual understanding in the post-test would allow for a deeper assessment of 

the student’s knowledge. In addition, it would be interesting to have different 

modes o f assessment for different MI categories rather than using multi-choice 

questions which are orientated towards the verbal/linguistic intelligence.

• The quantitative analysis techniques used were grounded in correlational and 

experimental research methodology and produced some valuable information in 

understanding the factors influencing learning performance. However, it would be 

interesting to analyse the data using a multivariate approach such as structural 

equation modelling (SEM) (Tabachnick & Fidell, 2001) in order to develop a more 

theoretically robust and clinically meaningful description o f individual differences.

• This research uses an experimental design that compares different adaptive systems 

with a non-adaptive system. An additional variation in the experimental design 

would be to have another system that randomly presents one resource per learning 

unit and disable the option to view other resources. This would allow comparisons 

between specific adaptive strategies and an adaptive strategy based on random 

selection.

• The version o f  EDUCE used in experiments was based on a linear model of 

learning where each concept is presented in a fixed sequence. The reason for this 

was to isolate and explore the effect o f the adaptive presentation strategy. In 

reality, some students prefer to learn following a different sequence o f concepts. 

Further studies may need to allow for non-linear learning and to support students 

with different learning strategies.
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• The influence o f other personalisation factors such as learning context, goals and

motivation needs to be investigated. Students choose different M l representations

for different reasons, for example to do well in the post-test, for stimulus and fun or

because they think it is what they are good at. It would be useful to develop a

model for measuring motivation. This model needs to identify the constructs to 

measure and the inputs, such as navigation data and questionnaires, to measure 

these constructs.

8.5 Conclusions

In summary, the main contributions o f this research are:

• The development o f an original framework for using Multiple Intelligences to 

model learning characteristics and develop educational resources in an adaptive 

educational system.

• A novel online predictive engine that dynamically determines a learner’s 

preference for different MI resources.

•  Results from empirical studies that support the effectiveness o f adaptive 

presentation strategies for learners with low levels o f learning activity.

This research presents interesting insights into the broader question o f how 

personalisation and adaptivity can be used to enhance learning performance. It seems that 

dynamic personalisation is a challenging task and it is not always clear on how best to 

adapt the learning environment. In fact, personalisation may need to be supported by 

adaptable systems that allow learners to select their preferences and update their 

individual learner models.

The results o f this study may be significant for researchers and practitioners. For 

researchers, it demonstrates that adaptive presentation strategies are important for learners 

who are not inclined to explore different learning options. For practitioners, it 

demonstrates how teaching in different ways can affect learning. It is hoped that the 

results o f the research w ill help in the development o f technology enhanced learning 

environments that support individual trait differences and enable all learners to fu lfil their 

true potential.
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Appendix



A. NaYve Bayes Algorithm

The N a ive  B ayes algorithm  is a statistical m od elin g  technique that can be used  as 

the basis for m aking predictions and decision s. It uses all input attributes and a llow s  

them to make contributions to the decision  that are equally im portant and independent 

o f  one another.

This algorithm  is based on B a y e ’s rule o f  conditional probability. B ayes rule 

provides a w ay to caculate the probability o f  a h ypothesis based on its prior 

probability, the probabilities o f  observing various data g iven  the hypothesis, and the 

observed data itself.

B aye’s rule says that i f  you have a hypothesis h, and ev id en ce E  (training data) 

w hich bears on that hypothesis, then

P f E  I  h]  =  P f E  I  h] PHil  

P [E ]

The notation P [A ]  denotes the probability o f  an event A, and P [A  | B ]  denotes the 

probability o f / i  conditional on another event B. Thus:

•  P [h ]  is the probability o f  the event happening before any ev id en ce has been  

seen. It is ca lled  the prior probability and m ay reflect any background  

know ledge about the chance h is a correct hypothesis.

•  P [E ]  is the denotes the prior probability that ev idence E  w ill be observed, i.e. 

the probability o f  E  g iven  no know led ge about w hich  hypothesis holds.

•  P [ E  I h] is denotes the probability o f  observing ev idence E  g iv e  som e w orld in 

w hich hypothesis h holds.

•  P [h  I E]  is the probability o f  the event after ev idence has been  seen . It is called  

the posteriori probability o f  h, because it reflects the con fidence that h holds 

after the ev id en ce E  has been seen. T he posterioir probability P [ H  \ E ]  reflects 

the influence o f  the ev idence E, in contrast to the prior probability P [ H ] , w hich  

is independent o f  E.
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In learning scenarios, a set o f  candidate hypotheses H  is considered and the most

probable hypothesis h e H  given the observed evidence. Any such m axim ally  probably

hypothesis is called a m axim um  a posteriori (M AP) hypothesis. The M AP hypothesis 

can be determ ined by  using Bayes theorem e to calculate the posterio r probability  for 

each candidate hypothesis. M ore precisely

Iimap =  a r g m a x  I, c h  P[h \ E J

liMAP = argm ax h r n P f E  \ h] Pf h]

P[E]

Iimap = argm ax ^ ch P [E  \ h] P fh]

The final step drops the term  P[E]  because it is constant independent o f  h.

The Bayesian approach to classifying new  instances and m aking predictions is to 

assign the m ost probable target value, vmap, give the attribute values («/, .. a„) that

describes the instance.

vmap = argm ax yjcvP[a,,  .. a „ \ v j  P fv J

The naive Bayes C lassifier is based on the assum ption that the attribute values are 

conditionally  independent given the target value. In other w ords, the assum ption is 

that given the target value o f  an instance, the probability  o f  observing the conjuction 

ai, a : .. a„ is ju st the product o f  the probabilities for the individual attributes

P[a,, a: .. a j  = argmax ^ j c v P r f v j I l i P  [Oj \ v j

T he algorithm  goes by the nam e o f  N aieve B ayes becaused  it is based on the 

B ayes’s rule and “naively” assum es independence -  it is only valid  to m ultiply 

probabilities w hen the events are independent.
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B. Questionnaires 

B.1 Pre-and Post-Tests

B.1.1 Static Electricity

1. What is everthing in the universe made up o f ?

r
Space

Stars

Atoms

Galaxy

2. Which particle goes around the nucleus ?

r
Proton

r
Neutron

r
Electron

Atom

3. Electrons have what sort o f charge ?

r
Positive (+)

r
Negative (-1)

Neutral (0)

r
No Charge

4. Protons have what sort o f charge ?

r
Positive (+)

r
Negative (-1)

Neutral (0)

r
No Charge
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5. What is the charge on an atom that looses electrons ?

r
Positive

Negative

Neutral

r
Balance

6. Two positive charges_________________each other

Attract

r
Repel

Move

Stop

7. A ballon rubbed in your hair picks up e x tra __________________ and
charged

Protons

r
Neutrons

r
Electrons

Atoms

8. Lightning in the sky is caused by the build up o f what?

r
Storms

r
Electricity

Thunder

r
Static Electricity

9. The negative charge on the bottom of the cloud causes a _______________
on the ground underneath

r
No Charge

r
Negative

becomes

charge
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r
Neutral

r . ,
Positive

10. W here is the safest place to be when lightning strikes above ? 

Tree

^ Car

r
Umbrella

r
House
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B.1.2 Electricity in the Home

1. Electric current is th e ____________o f  electrons in a closed circuit.

r
M easure

Number

Size

Flow

2. W hat is the unit o f  electricity ?

^ W att 

^ Volt 

Ohm 

Amp

3. A battery p u m p s_________ from  a region o f  high electrical pressure to a region o f
low electrical pressure ?

r
Circuits

^  Air

r
Electricity

Electrons

4. W hat instrum ent is used to m easure voltage ?

r
Voltem eter 

Am m eter 

W attem eter 

No device

5. W hat unit is a m easure o f  how  quickly an applicance converts electrical energy to 
other forms o f  energy ?

Volt
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^  W att

Amp

r
Secs

6. Before an electric circuit can conduct electricity  it m ust be

Com plete

r
Open

Large

Small

7. W hen the current is too big the fuse

does nothing 

^ goes blue

keeps circuit w orking 

blows

8. C ircuit breakers pro tect a circuit against too large a

r
Breaker

r
Switch

r
Current

r
Circuit

9. The brown wire is connected to w hich term inal ?

Earth

Live

r
Neutral

None
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10. A 5 kW  electric fire is on for five hours. How m any cents does it cost when each 
unit costs 10 cent ?

25

50

250

500
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B.2 Reflection during tutorial

1. Which learning mode did you prefer ?

O r  .
All ^ None

2. Which helps you remember best ?

®  r .  - / I  r  J3■«
r , rAll None

3. Why ?

d
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B.3 Reflection after tutorial

1. W hich option do you prefer the most?

15 ^  c J *  r  A i j < "  M
^  All None

W h y ?

3

2. W hich option do you remember the most?

^  All None

3. Do you have favourite choice ? W hich one is it ?

C P  ( '  C  c A l l * "  M^  All None

4. W hat are the differences between the options ?

3
d

5. A fter going to your favourite choice did you try other options? W hy ?

3

6. Describe one thing you remember from studying on the computer.

194



3
d

7. Would you like to study more science with the computer? Why?

8. What was the highlight in using the computer today ?

I 3
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B.4 MIDAS Questionnaire

B.4.1 What is it ?

The purpose o f the Multiple Intelligence Development Assessment Scales 
(MIDAS) profile is to provide information that you can use to gain a deeper 
understanding your skills, abilities and preferred teaching style. It is not a test. It is an 
“untest” that allows you to talk about yourself The scores are not absolute and it is up 
to you to decide if  these scores are a good description o f your intellectual and creative 
life. The profile can be described as the general overall intellectual disposition that 
includes your skill, involvement and enthusiasm for different areas.

The MIDAS questionnaire was developed by C. Branton Shearer, Ph.D. In 1996 
Howard Gardner made comments on the MIDAS. These included;

'T think that it (MIDAS) has the potential to be very useful to students and teachers 
alike and has much to offer the educational enterprise.

Branton Shearer is to be congratulated for the careful and cautious way in which he 
has created his instrument and continues to offer guidance for its use and 
interpretation”

B.4.2 How is it used ?

4. The inventory will be first filled out. It consists o f 93 questions. For some 
sample questions see page 196

5. A MIDAS Brief Learning Summary will be returned to you, listing your two 
highest, your four middle and your two lowest areas. See page 199 for a 
sample.

6. Complete the Brief Learning summary by describing actual activities you do 
the most or best. For example “played the piano for 5 years” .

7. Reflect on and validate the summary o f your skills to determine if  it accurately 
describes you. You can evaluate this description by discussing it with people 
who know you well.

8. If necessary, revise the Brief Learning Summary to better represent your actual 
range o f skills and abilities

B.4.3 Samples Questions from IVIIDAS Inventory

M usical/R hythm ic

Q. Did you ever learn to play an instrument or take music lessons ?

A = Once or twice

B = Threee or four times maybed

C= For a couple o f months

D=Less than a year

E= More that a year

F= I never had the chance
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Bodily/Kinesthetic

How well can you run, jump, skip, hop or gallop ?

A = Fairly well 

B = Well 

C = Very well 

D = Excellent 

E = The best 

F = I don’t know

Mathem atical/Logical

When you were young, how easily did you leam your numbers and counting ? 

A = It was hard 

B = It was fairly easy 

C = It was easy 

D = It was very easy

E = I learned much quicker than most kids 

F = I don’t know

Visual/Spatial

Do you like to decorate your room with pictures or posters, drawings etc ?

A = Not very much 

B = Sometimes 

C = Many Times 

D = Almost all the time 

E = All the time

F = I don’t know or I have’nt had the chance 

Verbal/Linguistic

How hard was it for you to leam the alphabet or leam how to read ?

A = It was hard 

B = It was fairly easy 

C = It was easy 

D = It was very easy

E = I learned much quicker that all the kids 

F = I don’t know
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Interpersonal

How well can you help other people to settle an argum ent betw een two friends? 

A = N ot very well 

B = Fairly well 

C = W ell 

D =  V ery well 

E =  Excellent 

F = I d o n ’t know

Intrapersonal

Do you choose activities that are challenging for you to do ?

A = O nce in a w hile 

B = Som etim es 

C = M any tim es 

D = A lm ost all the tim e 

E = All the tim e 

F = I d o n ’t know

Naturalist

Have you ever been good at helping to train a pet to obey or do tricks ?

A  = No

B =  M aybe a litde 

C = Fairly good 

D = G ood 

E = Excellent 

F = I d o n ’t know
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B.4.4 The MIDAS Brief Learning Summary - Sample
N am e:_____ T e rry _______________ D ate :________ 2004___

The fo llow ing  profile  was compared from data provided by you. It represents areas o f strengths 
and lim itations as described by you. This is pre lim inary inform ation to be confirmed by way o f 
discussion and father exploration.

Main Specific

High Visual/Spatial

Musical

Artis itc

Construction

Reading

Muscial Appreciation 

Leadership

Moderate Interpersonal

Intrapersonal

Bodily/K inesthetic

Verabal/Linguistic

Low Naturalist

Mathematical / Logical

Calculations 

Understanding others 

Anim al Care 

W orking w ith  Hands 

Dancing/Acting

Preferred Activ ities Drawing

Listening to music 

A rt class i f  favourite
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B.4.5 Reflection on Brief Learning Summary- Student Sample

The areas o f  the sum m ary 1 th ink are too high or low are:

H ig 0 Lo H ig 0 Lo
h K w h K w

V e r b a l /L in g u is t i c X M us ica l X

V is u a l /S p a t ia l 7 K ines the t i
c

X

L o g ic a l /M a th e m a t 7 In te rp e r s o X
leal nal

In t rap e r so n a l X N a tu ra l i s t 7

O verall I  think the p ro file  is:

O K  X  Too H ig h ________  Too L o w _________ M ixed up

What suprises m e is  . . .

I did not know  I was so strong in M aths and M usic

What puzzles m e is ..

I w onder why m y results in m aths class do not reflect m y strong ability in this area

What I  have learned about m y se lf by com pleteing this assessm ent is ..

I have good understanding o f  other people and I am good w hen w orking with 
pictures _________________________________________________________________

O ther com m ents:

I know  that I like pictures, I w ill now  try and use this ability  in other classes 
besides art classes
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C. Educe Implementation

C.1 Domain Knowledge Representation

Tutorial content is stored in X M L  format. The fo llow ing is a sample o f the X M L  
file which stores the content for section one o f the Static E lectricity Tutorial. Note that 
the panels make extensive use o f multimedia developed used Flash Macromedia.

<?xml version="1.0"?>
<tutorial img=".,/media/images/electricity.jpg" alt="Leaming Applets" feedback-link="feedback- 
panel" help-link="help-panel" points-link-'points-panel" end-link="end-panel" 
filename="EleSta">

<title>Static Electricity</title>
<section id="1">

<title>Static Electricity</title>
<unit id="11">

<title>Static Electricity</title>
<panel id="111" type="Anchor">

<learningStyle intelligence="AH">
<body>

<table align="center">
<tr>

<td>
<p align="center">

<animation title -'Jum per" type="Flash" src="jum per.swf width="250" 
height="2507>

</p>
</td>

</tr>
</table>

</body>
</learningStyle>

</panel>
<panel id="112" type="Content">

<learningStyle intelligence="Word">
<body>

<table a lign-'center">
<tr valign="middle">

<td width="505">
About 600 BC, a Greek philosopher, Thales de Miletus, 

noticed a mysterious property of a hard dry yellow substance called amber.
<br/>
When he rubbed it with wool or fur, it attracted light materials 
such as hair and bits of dry leaves.
This attraction is caused by static electricity.

<br/>
<br/>

</td>
</tr>

</table>
</body>

</learningStyle>
<learningStyle intelligence="Math">

<body>
<table align="center">

<tr>
<td>

<animation type="Flash" src="staticintro_flowchart.swf' width="340" height="320"/> 
</td>
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</tr>
</table>

</body>
</learningStyle>

<learningStyle intelligence="Music">
<body>

<table a lign-'center">
<tr valign="top">

<td width="300" align="right">
<animation type="Flash" src="sound_thunder.swf' width="175" height="50"/> 

</td>
<td width="40">

<nbsp/>
</td>
<td>

An electrical storm.
<br/><br/>

</td>
</tr>

</table>
<br/><br/><br/>

</body>
</learningStyle>
<learningStyle inte lligence-'Art">

<body>
<table width="*" align="center">

<tr>
<td align="center">

<animation type-'F lash" s rc-'doo rknob .sw f width="250" height="2507>
</td>
<td width="20">

<nbsp/>
</td>

</tr>
</table>

</body>
</learningStyle>

</panel>
<panel id="113" type="Content">

<learningStyle intelligence="AII">
<body>

<table a lign-'center" border = "1">
<tr>
<td>
<textformat color="3">Static Electricity</textformat> can give a shock when 

you touch<br/> a door handle or sparks when taking off a jumper.
</td>
</tr>

</table>
</body>

</learningStyle>
</panel>
<panel id="114" type="Question">

<learningStyle intelligence="AH">
<body>

<p>
What causes your hair to stand up when you take your jumper off ?

<br/>
<br/>
<multichoice-button qnum="111" label=" Storm " id="mc1" answ e r-' Electricity " 

message="Try again'7>
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<multichoice-button qnum="111" la b e l- ' Shock " id="mc2"
message="Try Again"/>

<multichoice-button qnum="111" la b e l- ' Energy " Id="mc3"
message="Try Agaln"/>

<multichoice-button qnum="111" labe l-'S ta tic Electricity" 
answer="Static Electricity" nriessage="Well done"/>

<br/> <br/>
</p>

</body>
</learningStyle>

</panel>
<panel id="115" type="Feedback">

<learningStyle intelligence="Air'>
<body>

<feedback-intra/>
</body>

</learningStyle>
</panel>

</unit>
</section>

answer="

answer="

id="mc4
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C.2 Presentation Model

The presentation model consists o f XLST style sheets. Parameters are passed in 
from the pedagogical model and transformations are performed on the X M L  files. The 
fo llow ing sample is an extract o f the style sheet which generates the page that contains 
the tutorial content.

<xsl:template match="tutorial" mode="build-individual-panels">
<xsl:param name="outputSectionPosition" select="rv>
<xsl:param name="outputUnitPosition" select="1"/>
<xsl:param name-'outputPanelPosition" select="1"/>
<xsl:for-each select="section">

<xsl:variable name="sectionNumber" select="position()7>

<xsl:for-each select="unit">
<xsl:variable name="unitNumber" select="position()"/>
<xsl:variable name="lastUnit">

<xsl;choose>
<xsl:when test="$unitNumber=last()">

<xsl:text>true</xsl:text>
</xsl:when>

<xsl:otherwise>
<xsl:text>false</xsl:text>

</xsl:otherwise>
</xsl:choose>

</xsl:variable>

<xsl:for-each select=''panel">
<xsl:variable name="panelNumber" select="position()"/>
<xsl:variable name="lastPanel">

<xsl:choose>
<xsl:when test="$panelNumber=last()">

<xsl :text>true</xsl :text>
</xsl:when>
<xsl:otherwise>

<xsl:text>false</xsl:text>
</xsl:otherwise>

</xsl:choose>
</xsl:variable>

<xsl:if test="$sectionNumber=$outputSectionPosition">
<xsl:if test="$unitNumber=$outputUnitPosition">
<xsl:if test="$panelNumber=$outputPanelPosition">

<html>
</xsl:text>
<head>

<title>
<xsl:value-of select="../title7><xsl:text>-</xsl:text> 

<xsl:value-of select="$sectionNumber"/><xsl:text>-</xsl:text> 
<xsl:value-of select="$unitNumber7><xsl:text>-</xsl:text> 
<xsl:value-of select-'$panelNumber7><xsl:text>-</xsl:text> 
<xsl:value-of select="$titlelnfo"/><xsl:text>-</xsl;text> 
<xsl;value-of select="$studentName7>

</title>

<style type="text/css">
<xsl:value-of select="$css-settings7>
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</style>
</head>

<body bgcolor="#FFFFFF" ONLOAD = "startTimer()">

<script language=”javaschpt">
<xsl:value-of select="$mouse-effects"/>

</script>
<script language="javascript">

<xsl:value-of select="$dk-javascript'7>
</script>

<xsl:call-template name="dk-top-bar">
<xsl:with-param name-'sectionNum" select="$sectionNumber"/>
<xsl:with-param nam e-'unitNum " select="$unitNumber7>
<xsl:with-param name="panelNum" select-'$panelNum ber7>
<xsl:with-param name="unitTitle” se lect-'../title7>
<xsl:with-param name=”feedbackLink” select="$feedbackLink"/>
<xsl:with-param name="pointsLlnk" select="$pointsLink"/>
<xsl:with-param name="helpLink" select="$helpLink"/>

</xsl:call-template>

<table width="750" border="0" cellspacing="0" cellpadding="5" align="center">
<tr background=” ../nav_images/squares_bg.gir>

<td helght="300" background-'../navjm ages/squares_bg.gif'>
<xsl:apply-templates select="learningStyle[@intelligence=$pagelntelligence]/body" 

mode="build-indlvidual-panels">
</xsl:apply-templates>

</td>
</tr>

</table>

<xsl;call-template name="dk-move-bar">
<xsl:with-param name="sectionNum" select="$sectionNumber"/>
<xsl:with-param name="unitNunn" select="$unitNumber"/>
<xsl:with-param name="panelNum" select="$panelNumber"/>

<xsl;with-param name="lastUnit" select="$lastUnlt"/>
<xsl:with-param name="lastPanel" select="$lastPanel"/>
<xsl:with-param nam e-'nextPrev" select="$nextPrev"/>
<xsl:with-param name="goBack" select="$goBack"/>
<xsl:with-param name-'wordGo" select="$wordGo"/>
<xsl;wlth-param nam e-'m athGo" select="$mathGo’7>
<xsl:wlth-param nam e-'artGo" select="$artGo"/>
<xsl:with-param name="bodyGo" select="$bodyGo"/>
<xsl:with-param name="musicGo" select="$musicGo"/>

</xsl:call-template>
</body>

</html>

</xsl;lf>
</xsl:lf>
</xsl:if>

</xsl:for-each>
</xsl:for-each>

</xsl:for-each>

</xsl;template>
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C.3 Pedagogical Model

The pedagogical model is implemented using Java servlets running on a Apache 
Tomcat Web server. The servlets passes parameters to the style sheet and performs the 
transformation on the X M L  file  storing the domain knowledge when generating the 
specific page requested by the user. The fo llow ing sample from the Dispatcher servlet 
illustrates how the parameters holding the values o f the next page and preferred 
intelligence option are retrieved.

public void processRequest(HttpServletRequest request,
HttpServletResponse response) throws ServletException, lOException

{

* * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * *

// determine output mode, panel & section position
y ^ * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * *

String outputMode =
String outputSectionPosition =
String outputUnitPositlon =
String outputPanelPosltion =

if ( nextPagelD.lengthO >= 12)
{

outputSectionPosition = nextPagelD.substring(7, 8); 
outputUnitPosition = nextPagelD.substring(9, 10); 
outputPanelPosition = nextPagelD.substring(11, 12);

if ( outputSectionPosition.compareToC'O") == 0 ) 
outputMode = "bulld-main-index"; 

else if ( outputUnitPosition.compareloC'O") == 0 ) 
outputMode = "build-section-indexes";

else
outputMode = "build-individual-panels";

// get and set preflntelligence - intelligence to go to 
// get current page Intelligence
y y * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * *

String preflntelligence;
boolean bUserSpecifiedlntelligence;

preflntelligence = request.getParameter("preflntelligence");

If ( preflntelligence != n u ll) { //from web page 
// store in session
session.setAttribute("preflntelligence", preflntelligence); 
bUserSpecifiedlntelligence = true;

}
else {

// get parameter from session
preflntelligence = (String)session.getAttribute("preflntelligence"); 
if { preflntelligence == n u ll) { // default first value 

preflntelligence = "Word";
}
bUserSpecifiedlntelligence = false;
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string pagelntelligence;
pagelntelligence = request.getParameter("pagelntelligence"); 
if ( pagelntelligence == n u ll) { // default first value

pagelntelligence = / /  no intelligence for page
}

// anchorchoice - choice made from anchor page 
boolean bAnchorChoice = false;
// set firstTimeAnchor when come into anchor page on different section/unit
int nCurSection = 0;
int nNextSection = 0;
int nCurUnit = 0;
int nNextUnit = 0 ;
int nCurPanel = 0;
int nNextPanel = 0;

if ( ( curPagelD.lengthO > 6) )
{

nCurSection = lnteger,parselnt(curPagelD.substring( 7 , 8)); 
nCurUnit = lnteger.parselnt(curPagelD.substring( 9 , 10)); 
nCurPanel = lnteger.parselnt(curPagelD.substring( 11 , 12));

}
if ( ( nextPagelD.lengthO > 6 ))
{

nNextSection = lnteger.parselnt(nextPagelD.substring( 7 , 8)); 
nNextUnit = lnteger.parselnt(nextPagelD.substrlng( 9 , 10)); 
nNextPanel = Integer.parselnt(nextPagelD.substring( 11 , 12));

}
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C.4 Predictive Engine

The Predictive engine is implemented using a number o f classes interacting with 
the W EKA class library. The fo llow ing is am extract from the MIBayesPred, the class 
which interfaces w ith  the W E K A  class library and calculates the probability that a 
particular M I resource is preferred.

/ * *

* Java Class implementing Naive Bayes Classifier 
* /

import weka.core.*; 
import weka.classifiers.*;
//import weka.filters.*;
import java.io.*;
import java.util.Enumeration;

// How to use from another class
// MIBayesPred aMIBayesPred = nevi/ MIBayesPred();
// aMIBayesPred.updateDataModel2 (attResSeI.attFirstChoice,
// attLongJime, attRepeat, attOneOnly,
// attMotivateQuest, attMotivateQuestRight,
// attAppropriate);
// aMIBayesPred.calculatePredO;
// predRes=aMIBayesPred.getMaxRes();
// predRes2= aMIBayesPred.getMaxRes2();
II

public class MIBayesPred implements Serializable {
/* The training data. */ 
private Instances m_Data = null;
/* The classifier. */
private DistributionClassifier m_Classifier = new NaiveBayes(); 
private String[] m_Keywords = {"learningres, longtime"}; 
private final int SMARTTOTAL = 4;
private String[] smartNames = {"Word", "Math", "Art", "Music"};
private SmartNumber[] smartPred = new SmartNumber[SMARTTOTAL];
private FastVector attributes = null;
public String maxRes = "";
public String maxRes2 =
public String minRes = "";
public int type = 0; // sets the attribute list
public int numKeyWords; // number of attributes

/ * *

* Constructs empty training dataset.
* /

public MIBayesPredO 
{

try {
String[] args;
Stringii attNames = {"ressell", "ressel2", "firstchoicel", "firstchoice2", 

"firstchoiceS", "longtime", "repeat", "oneonly", "motivatequest", "motivatequestright"}; 
buildMIBayesPred(attNames);

} catch (Exception e)
{

System.err. println(e.getMessageO);
}

}
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public void buildMIBayesPred(String[] keywords) throws Exception 
{

int i,j;
String nameOfDataset = "IVIIPredlction";

m_Keywords = l<eywords;
// Create numeric attributes.
attributes = new FastVector(m_Keywords.length + 1);
FastVector classValues;

for (j=0; j< m_Keywords.length; j++)
{

classValues = new FastVector(2); 
classValues.addElementC’Yes"); 
classValues.addElement("No");
attributes.addElement(new Attribute(m_Keywordsy], classValues));

}

// Add class attribute. 
classValues = new FastVector(4); 
for (i=0; i<smartNames.length; i++)

ClassValues.addElement(smartNames[i]); 
attributes.addElement(new Attribute("appropriate", classValues));

// Create dataset with initial capacity of 100, and set index of class. 
m_Data = new lnstances(nameOfDataset, attributes. 1); 
m_Data.setClasslndex(m_Data.numAttributes() - 1);

}

/ * *

* Updates nnodel using the given training message.
* /

public void updateDataModel2(String ressel, String firstChoice,
String longtime, String repeat. String oneonly. 
String motivatequest. String motivatequestright. 
String appropriate) throws Exception

{
String[] atts = 
if (type==0)
{

String[] temp = {ressel, ressel, firstChoice, firstChoice, firstChoice, longtime, 
repeat, oneonly, motivatequest, motivatequestright, appropriate }; 

atts = temp;
}
updateDataSet(atts);

}

public void calculatePredO throws Exception 
{

if ( lem ptyDataSetO)
{

rebuildClassifierO;
getPredictions{);
sortPredictionsO;
maxRes = smartPred[0].smartName; 
maxRes2 = smartPred[1].smartName; 
minRes = smartPred[3].smartName;

}
}
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D. Predictive Engine -  Sample Output
A t the beginning o f each learning unit, the preference for different M I resources is 

calculated. The prediction is based on past behaviour up to that point the prediction is 
made. The fo llow ing sample illustrates how for one student the predictions are 
calculated. Note that as the student progresses through the tutorial there is a greater 
amount o f  training data upon which the prediction is made.

TIMESTAMP: Wed Mar 24 13:45:16 GMT 2004 ->  SessionlD =
4D633A348B5BA817749257AD94D88AED
--> StudentID = 96
--> Dataset
Yes, Yes,No,Yes,No,No, Yes, Yes,Music 
Yes,Yes,No,Yes,No,No,Yes,Yes,Art 
No,No,No,No,No,No,No,No,Word 
No,No,No,No,No,No,No,No,Math

--> End Dataset 
->  SmartPred=

Art == 0.4848484848484848 
Music == 0.4848484848484848 
Word == 0.01515151515151515 
Math == 0.01515151515151515

->  Predicted Bayes MIRes is = Math 
„ > --------------------------------

TIMESTAMP: Wed Mar 24 13:46:14 GMT 2004 ->  SessionlD = 
4D633A348B5BA817749257AD94D88AED 
--> StudentID = 96 
- >  Dataset
Yes, Yes,No,Yes,No,No,Yes, Yes, Music 
Yes,Yes,No,Yes,No,No,Yes,Yes,Art 
No,No,No,No,No,No,No,No,Word 
No,No,No,No,No,No,No,No,Math 
Yes, Yes,No, Yes,No, Yes, Yes, Yes,Math 
No,No,No,No,No,No,No,No,Word 
No,No,No,No,No,No,No,No,Art 
No,No,No,No,No,No,No,No,Music

--> End Dataset 
--> SmartPred=
Math == 0.49612403100775193 
Art == 0.24806201550387597 
Music == 0.24806201550387597 
Word == 0.007751937984496124

--> Predicted Bayes MIRes is = Word 
„ > --------------------------------

TIMESTAMP: Wed Mar 24 13:47:26 GMT 2004 ->  SessionlD = 
4D633A348B5BA817749257AD94D88AED 
->  StudentID = 96 
--> Dataset
Yes,Yes,No,Yes,No,No,Yes,Yes,Music 
Yes,Yes,No,Yes,No,No,Yes,Yes,Art 
No,No,No,No,No,No,No,No,Word 
No,No,No,No,No,No,No,No,Math 
Yes, Yes,No,Yes,No,Yes, Yes, Yes,Math 
No,No,No,No,No,No,No,No,Word 
No,No,No,No,No,No,No,No,Art 
No,No,No,No,No,No,No,No,Music
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Yes,Yes,No,Yes,No,Yes,Yes,Yes,Word 
No,No,No,No,No,No,No,No,Math 
No,No,No,No,No,No,No,No,Art 
No,No,No,No,No,No,No,No,Music

- >  End Dataset 
- >  SmartPred=

Word == 0,3333333333333333 
Math == 0.3333333333333333 
Art == 0,16666666666666666 
Music == 0.16666666666666666

- >  Predicted Bayes MIRes is = Music 
—> —   -----------

TIMESTAMP: Wed Mar 24 13:48:46 GMT 2004 - >  SessionID 
4D633A348B5BA817749257AD94D88AED 
--> StudentID = 96 
- >  Dataset

Yes, Yes,No, Yes,No,No,Yes, Yes,Music
Yes, Yes,No, Yes,No,No,Yes, Yes, Art
No,No,No,No,No,No,No,No,Word
No,No,No,No,No,No,No,No,Math
Yes, Yes,No,Yes,No,Yes,Yes, Yes,Math
No,No,No,No,No,No,No,No,Word
No,No,No,No,No,No,No,No,Art
No,No,No,No,No,No,No,No,Music
Yes,Yes,No,Yes,No,Yes,Yes,Yes,Word
No,No,No,No,No,No,No,No,Math
No,No,No,No,No,No,No,No,Art
No,No,No,No,No,No,No,No,Music
Yes, Yes,No,Yes,No, Yes, Yes,Yes,Music
No,No,No,No,No,No,No,No,Word
No,No,No,No,No,No,No,No,Math
No,No,No,No,No,No,No,No, Art

--> End Dataset 
- >  SmartPred=
Music == 0.7523219814241486 
Math == 0.09907120743034054 
Word == 0.09907120743034054 
Art == 0.04953560371517027

- >  Predicted Bayes MIRes is = Art 
„ > ------------------------------------------------
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