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CSCL lead to effective learning?

We (teachers, researchers & other interested parties need
evidence on students’ learning outcomes:

e Cognitive/conceptual developments — what have they learnt?
Have students overcome common misconceptions?

 Metacognitive developments — are they better learners? Can
they reflect on and monitor their own learning?

e Socio-metacognitive developments — do they know how to
work productively with others?

« Can we identify learning progress at individual, group and
community levels?



Existing methaods for analyzing
CSCL discourse

Common machine supported methods include

e social network analysis to look at students’ participation
structure/pattern in the discourse

e determining nature of the discourse transactions (e.g. the
level of argumentation/critical thinking exhibited , etc.)
using syntactic analysis/ build-in scaffolds such as
sentence openers.

But, these methods per se

e Cannot reveal changes at the cognitive level without
performing analysis at the semantic level

* Vocabulary growth has been used as one form of
semantic analysis, but # “growth of knowledge” (a lot of
Information can be posted without thoughtful
consideration or understanding)



QOur research to -date

TOOL development :

VINCA - Visual INtelligent Content Analyzer - content analysis
tool jointly developed by CITE, HKU and CKSER, BNU

Goals:

 To develop a tool that can support semantic analysis,
Interaction analysis, social network analysis and a
combination of the above to assess knowledge building
outcomes at individual and group levels

e To conduct further mining of the multidimensional coding to
develop models of learning in CSCL contexts

 To develop online tools (learning facilitation agents) to
support teachers and learners in CSCL learning situations



VINCA - Visual INtelligent Content Analyzer -

content analysis tool jointly developed by CITE, HK ' U and CKSER, BNU

Currently, it includes the following functions:

e Data preparation to convert Knowledge Forum® discourse Iin
html to database format

o Keywords retrieval

e Manual coding support
e User-improvable semi-automatic semantic coding
e Social network analysis

* Novelty and similarity analysis

Visual INtelligent Content Analyzer
¥Yarsion 1.0.0




Examining knowledge building outcomes
using conventional & data mining methods

Background

 Ho Lap College, Form 3 Design
& Technology Curriculum

e Teacher wanted to develop
students’ critical thinking
through discussion slimming

e Total 5 classes. Each class
was split into two groups that
took turn to study this subject in
2 different school terms (Oct —
Dec, 04 ; Jan — May, 05)

e The classes met roughly twice
a month




Research Tools Developed

e Weight-loss & nutrition concept test
(aimed at assessing students’ relevant
(mis)conceptions & understanding)

e Daily food intake assessment sheet (to
understand students’ dietary habits)

e Weight-loss, exercise & body image
survey (to understand students’
perceptions and believes in such issues)



Data Collected

Qualitative data from

Via conventional
Instruments

1. Misconception test

2. Food intake
assessment

3. Slim-up survey

1]

2.

discussion process

Knowledge Forum®
discussion contents

Class observation field
notes

Student focus group
Interviews

Teacher reflections

Video recordings of
selected classes



Data collected

Group A Group B
1st term 2Md term
(\\a\gQ‘ > il
et
6‘[\9 00(\
o
Post- ) . Post-
Compare 2

treatment groups




Misconceptions Test

1st Round Study (Control gp - expt gp)

Students' Misconception Score

@ KF Participants
B Non Participants

O L N W b 01 O N O

Food Lifestyle Weight Total Mis.
Management Score

e Term 1 treatment group has fewer misconceptions

than control group




Misconception Test
1st Round & 2 "d Round (post -) Comparison

Students’ Misconception Score
p-value=0.036

O KF Participant (1st
round)
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p-value=0.016 -
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e Term 1 treatment group has fewer misconceptions
than term 2 treatment group



Slim-Up Survey

gp - expt gp)

1t Round Study (Control
Students' Self Body Image
35 3.17
3 2.93
95 2.26
2 |
1.5
11
0.5
0 -
Affected By Others Negative Self Body Image

E KF Participants
B Non Participants

e Term 1 treatment group has higher self

than control group

-image




Slim-Up Survey

1st Round & 2 "d Round (post -) Comparison

Students' Self Body Image Perception

3.3

3.2 —

3.1 p-value=0.022 @ Degree of

, g 593 negative
I erceptions

2.7 x

KF Participant KF Participant
(1st round) (2nd round)

e Term 1 treatment group has higher self -image
than term 2 treatment group



Slim-Up Survey
1st Round Study (Control gp - expt gp)

Gender Differences In Self Body Image Affected By
Others

O KF Participants
B Non Participants

Male Female

e Improved self -image of 1 st term treatment group only found in girls
* 'In control group, self -image of girls sign. Lower than boys
« |n 15t term treatment group, no statistical gender difference In self -image



Learning outcomes are very different though
both involve same kind of discussion task

e Why are there such big differences between the two
treatment groups?

e What contributes to better learning through collaborative
learning discussions?

« Can we identify features of more productive discussions?



A case study of discourse analysis:
Slim up discussions on Knowledge Forum

e Duration span: 1 term
 Number of students: 2 groups of Grade 9 students, ~
20 for each group, randomly assigned

 Which group is better at knowledge building?
Total No. of Notes/ |Threads | No. of
no.of |threads |thread |with > 6 |keywords
notes notes
Group A| 123 25 4.92 5 1552
Group B | 298 86 3.46 2 5396




Step 2:

Step 3.

A 3-step semantic analysis

Keyword extraction to identify focal ideas

VINCA was used to generate the frequencies of all
keywords found in the KF discussion.

From the output, researchers were able to identify a
number of key terms with high frequencies from the slim

up discussion, such as “lose weight”, “slimming”,
“beauty”, “thin” and “I"

Extraction of discourse text around selected keywords
using concordance technique

Further keyword analysis

The text extracted by VINCA from stage 2 was analyzed
using VINCA again to generate a list of frequencies of
keywords in close proximity to selected key terms.



Nouns

 On the other hand, nouns are more
frequently used in Group B’s Discourse

— Group A: 49 diff. nouns, total freq. 98
— Group B: 1948 diff. nouns, total freq. 6717!!!



Keyword ranking

Rank (lower the higher)
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Keyword ranking

Rank (lower the higher)
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Keyword ranking

Rank of keyword Z_(j)
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Keyword ranking

Rank (lower the higher)

Rank of keyword % ®
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Keyword ranking

Rank (lower the higher)

Rank of Keyword

300

250

[\S]
o
o

150

100

a
o

N YD X D 0 A D9 O D DD e oA
T A 2 S AT AT 2T AT N (NI SV SV ARV NI NI ¢

$0Q’ $ee’ $®e $0Q’ $0Q’ $®e $0Q’ $0Q’ $®e $®Q\}' \&g} $®e $®e \&p \$®e $®e \$®e

—— 1= 4%,

]:[l':A 2t

)
W)

—=— 2233
I




VINCA Text Analysis screen

Text Analysis

List of
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Group A Graup B Group A Group B
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Group A per 1000 Kws Count Group B per 1000 Kws Count

ZHili 0 0 1 0.03767
B4 0 0 31 1.167784
E=g St 0 0 22 0.82875
= 1 0.207297 25 0.941761
it 0 0 1 0.03767
il 13 2.694859 108 4.06841
ABR 19 3.93864 34 1.280796
A 5 1.036484 27 1.017102
B1S 8 1.658375 11 0.414375
Reflective < HHAE 2 0.414594 7 0.263693
HNiE 2 0.414594 7 0.263693
TR 2 0.414594 7 0.263693
PR R 4 0.829187 1 0.03767
N 0 0 1 0.03767
(g 15 3.109453 17 0.640398
B LA 6 1.243781 33 1.243125
_ 1} 18 3.731343 96 3.616364
Claims < jiH 5 1.036484 16 0.602727
e 10 2.072968 22 0.82875
fif e 1 0.207297 1 0.03767
N3/ 4 0.829187 10 0.376705
4 S 9 1.865672 9 0.339034
Al {5 1 0.207297 1 0.03767
EEREE] 1 0.207297 1 0.03767
Queries< Bk 3 0.621891 2 0.075341
ey 1 0.207297 7 0.263693
FLEE 5 1.036484 0 0
W 10 2.072968 6 0.226023
- 2y b 2 0.414594 0 0



A preliminary Interpretation

e Group A, seems to be more engaged In
reflecting, making claims, and putting questions
forward.

 While Group B students seems to do less
reflections, claims and queries, while having
many many nouns.

e Can we seek deeper understanding of the
difference between the 2 groups’ discourses?



Personal cognitive engagement
Examples from group A
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« All these contents contain the word “ZY%” to

Indicate some forms of cognitive engagement



Personal cognitive engagement
Non-examples from group B
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All these contents which contain the word “Z%" are
actually guoted speech.




Concordancing

e Examining words In close proximity of selected
keywords will reveal the semantic context when
those keywords are used, thus revealing whether
there Is deep cognitive engagement or only
casual sharing of information.

« Concordancing of “Z&” in the two discourse thus
reveal the depth of engagement of the students
when they discussed slimming in Knowledge
Forum®.

e This indicates that some text mining of selected
keywords in close proximity would be better at
identifying significant features of CSCL discourse.
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per 1000
Group A  Kws
count

0.0000
0.0000
0.0000
0.0000
0.0000
2.1810

8.1788
2.1810
3.2715
0.5453
1.0905
1.0905
1.6358
0.0000

4.9073
1.6358
7.0883
1.6358
3.2715
0.0000
0.5453

1.6358
0.0000
0.0000
0.5453
0.0000
1.6358
3.8168
1.0905

per 1000
Group B Kws
Counts count

0 0.0000
11  1.1015
4 0.4006
14  1.4020
0 0.0000
37  3.7052
10 1.0014
19  1.9027
4 0.4006
3 0.3004
2 0.2003
2 0.2003
1 0.1001
0 0.0000
9 0.9013
17 17024
43  4.3060
10 1.0014
12 1.2017
1 0.1001
2 0.2003
3 0.3004
0 0.0000
0 0.0000
0 0.0000
4 0.4006
0 0.0000
5 0.5007
0 0.0000
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Counts
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per 1000
Kws
count

0.0000
0.0000
0.0000
0.0000
0.0000
5.2219

3.9164
1.3055
1.3055
1.3055
0.0000
1.3055
2.6110
0.0000

3.9164
0.0000
6.5274
3.9164
1.3055
0.0000
1.3055

5.2219
0.0000
0.0000
0.0000
0.0000
0.0000
2.6110
0.0000

per 1000
Group B Kws
Counts count

0 0.0000
8 1.1532
3 04325
13 18740
0 0.0000
57 8.2168
8 1.1532
6 0.8649
3 0.4325
2 0.2883
3 04325
2 0.2883
0 0.0000
0 0.0000
4  0.5766
8 1.1532
33 47571
5 0.7208
13 18740
1 0.1442
3 0.4325
4  0.5766
0 0.0000
0 0.0000
0 0.0000
2 0.2883
0 0.0000
4  0.5766
0 0.0000




In the F concordance

« Comparing the “I&” concordance between
Group A and Group B, reflections, claims,
and queries are still more frequently used
In Group A’s discourse

e Data supports Group A do more
reflections, claims and queries than Group
B in the “I&” concordance



Examples of cognitive engagement that
fail to conform to the same pattern
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are hidden, but they still reflect active cognitive
agency to push ideas to evolve within the text



Knowledge augmented text mining . -
Cognitive Linguistic Markers (1)

Part of speech indicators

1st person & %\

1st person plural M KK

2nd person P 7R

2nd person plural PRAM N [

3rd person il it ® DN
3rd person plural fila A1 I {1 =ty frEe N
Time indicators

Past L

Current P Iy WA B B4

Future 5 2R AR



Knowledge augmented text mining . -
Cognitive Linguistic Markers (2)

Claims
Explanations

Contrasting

Affirmative
Negative
Quoting
Concluding
Relating
Conditioning
Sequencing
Possessive
Quantity
Targeting

Exaggeration
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Knowledge augmented text mining
Cognitive Linguistic Markers (3)

Queries
General I e  EBE HEE fGEAe EA4AE 27f

Seeking Information A8 %1
Seeking Help a5

Seeking Instructions 1]

Non-linguistic
indicators



Knowledge augmented text mining
Meta-Cognitive Linguistic Markers

Affective indicators

Non-linguistic _ _
indicators T ) — -

Emotion indicators Ml SEAE [ B ARBIL B R SR

:( AN N A

Reflectives
Knowing MiE Rofe A A3
Personal beliefs MHE A 815 | Hik



Building up further text patterns using
Intelligent text encoding dictionaries
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Next Steps

Develop better indicators of knowledge building outcomes through text
pattern identification from the following perspectives: domain ontology,
social interaction patterns, discourse types, emotional affects

Examine pattern changes over time & membership to identify
developmental trajectories & emergence of group/community
characteristics

Our next developments will be guided by the following general
principles:

Building up of ontological knowledge bases through user defined text
patterns and machine learning

Customizable knowledge bases
Visualization tools

Deployment of multidimensional cluster analysis and other mining
methods



Thank youl!

Icp@cite.hku.hk
http://Icp.cite.hku.hk




