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Abstract: Research has suggested that providing elaboratpthretions is often more
beneficial for learning than receiving explanatiofesg., Webb, 1989). Applied to chat
communication in a collaborate inquiry learning ieovment, we would expect that in a dyad
the learner with more domain-related contributitmen his partner would learn more. In the
paper we develop a method to examine the relatbwden domain-related chats and learning
outcome for intuitive knowledge. We describe how automatically extract domain-related
messages, and score them based on the expecteitiveogffort to produce the messages.
The analysis confirms that there is a positivetiatabetween a high score on domain-related
chats and the learning improvement as measuretiebgifference between a post-test and a
pre-test on intuitive knowledge.

Introduction

In a collaborative learning setting two or moredstots share and construct knowledge while they wawiards
the solution of a problem or assignment. Reseaashshown that collaboration between students mbagrae
learning (Lou, Abrami, & d'Apollonia, 2001; Slavii994; van der Linden, Erkens, Schmidt, & Renshaw,
2000). Inquiry learning environments are very siléafor collaborative learning. In a simulation édsnquiry
environment students learn through experimentatind scientific reasoning. The interface of the reay
environment allows students to change input vaemland observe the effects of their actions. Stadearn
about the principles and rules of scientific pheanen through processes like hypothesis generation,
experimentation, and conclusion (e.g., de Jong & J@olingen, 1998). During inquiry learning, stademust
make many decisions (e.g., which hypothesis to vdsat variables to change) and in a collaboraetting, the
presence of a partner stimulates students to nhelkeplans and reasoning about these decisiongxpl

To maintain a successful collaborative working tiefeship, ideas and theories must be externalized
and explained in a mutually understandable waytter partners in the collaborative learning groupa@ey,
1995). Through externalization students expresseapthin ideas, ask for clarifications or argumeard might
generate new ideas. The process of making idealic ghibough externalization and explanation, stiates
students to rethink their own ideas and might awake them aware of possible deficits in their raagp(van
Boxtel, van der Linden, & Kanselaar, 2000). Resleandicates that the degree of participation itleborative
activities is related to group performance as waelstudents’ individual learning.

Protocols recording collaborative learning can belyged from several perspectives. They have been
analyzed in terms of students’ degree of parti@patcommunicative activities such as arguments and
elaborations (van Boxtel et al., 2000), differexdrhing processes (Hmelo-Silver, 2003; Saab, Valingen, &
Van Hout-Wolters, 2005), or the exchange of donmalated information (Van Drie, Van Boxtel, Jaspeis,
Kanselaar, 2005). In this study we focus on thkaborative construction of domain-related knowleddy
examining the communication protocols of dyads wigether interacted with a collaborative inquirgrte@ng
environment. Within a dyad, students may not oriffiedin their overall degree of participation (Goh 1994),
the characteristics of students’ contributions nadgo differ. For the collaborative construction admain
related knowledge it seems important that studeatonly actively participate in the chat discuasbut also
share and exchange domain-related informationdin thalogue.

Being interested in domain-related knowledge cotsion, our focus is on students’ externalizations
of domain-related conceptions and their interpiatadf information obtained from the learning eviment or
provided by their partner. More specifically, we anterested in the degree of domain-related inddion each
partner contributes to the dialogue. From earltedises on collaborative learning we learn that, égample,
providing elaborated explanations is often moreefieral for learning than receiving explanationsg(eWebb,
1989). This can be explained by the fact that sitedevho are providing elaborate explanations atvedyg
engaged in externalization processes, which prgtstbhulates acquiring new knowledge. However, oy
explanations can be beneficial for learning togethe



Research question and hypothesis

Based on the considerations presented above, ttidg examines how students’ domain-related cortiobg
are related to their individual learning outcomé&he simulation-based inquiry learning environmeseédi in
this study requires students to focus on relatlmgtsveen variables in the domain. It is expected within a
dyad, a student who externalizes a higher propodfadomain-related knowledge in that dyad thangaener,
reaches a higher post-test score than students externalize less domain-related knowledge during th
learning session.

Method

Learning environment and task

Students worked in dyads with an inquiry learnimyinment that was based on a computer simulaifon
colliding objects. The main task for the studengswo discover the laws of physics underlying theukation.

The learning environment consisted of four simolai accompanied with assignments that presented the
learners with small research questions to guide thquiry learning process. A total of 35 assigmtsewere
available in the learning environment. Dyads worketaboratively on two separate computers witthared
interface and communicated through a chat chamasked on Microsoft Netmeeting technology).

Tests

Students’ individual learning outcomes are assessé#ld two domain knowledge tests, a “definitional
knowledge” test focusing on facts and formulae, arfdvhat-if” test for intuitive knowledge on relatis. Each
question of the “what-if” test consists of threetpacondition, action and prediction. First a ctiod/situation
before a collision is presented to the studentbs&guently, the action (for example, a collisioniast a fixed
wall) is presented. Finally, three predicted statiespresented to the students either in textauggs. Students
are asked to select the state that follows fromattt®n in the given condition. The definitionaldwledge test
as well as the “what-if” test was computer admaristl and pre- and post-tests were parallel versibribe
same test.

Participants
Dyads were heterogeneous with respect to studesaisool achievement in the domain of physics (this

information was provided by the participating sdepo This grouping was based on the finding that
heterogeneous grouping is beneficial for both kgt low achieving students (Webb, Farivar, & Magerge,
2002). Students were paired with a student fronr then class. Participants attended two sessionghd first
session dyads were composed and students prautited SimQuest practice simulation that alloweenthto
explore the features of the interface and work i chat tool. The second session started withvibepre-
tests, followed by 90 minutes of interaction wikte tsimulation environment. At the end of the sesstodents
completed the post-test versions of the knowledgtst

Determining learner contribution in dyads

The question we are addressing is whether ther islation between the nature of the domain-oréente
contribution of a learner and learning improvemdnt.this section we first give some examples of the
interaction between learners, and then motivatechoice of how to develop a method that allows amsw
the research question. An example of an excerteointeraction between two learners called X arig: Y

1 12:58:48 X: if the mass becomes higher, the emttom decreases, | think
2 12:59:43 Y: no, thatis not true

3 13:00:02 Y: palsois higher, have a look

4 13:00:03 X: experiment

5 13:00:16 **Running a sSimulation***

Here X thinks there is a qualitative relation betwenass and momentum: if the mass increases, theentom
decreases (line 1). Y, after about a minute, zealthat the relation is incorrect (line 2) andgasgs that the
momentum, the symbol p stands for momentum, ineseagien mass increases (line 3). X suggests sndo
experiment to find out more (line 4) and runs theuation. This brief example illustrates learn&rand Y
share their individual understanding of the donaaid try to reach a joint understanding.

Excerpts like the one above are not very commBelow is an example, between learners P and Q,
which follows a pattern that is much more frequent:

6 13:31:33 P: speed is the same after the awilisi
7 13:31:37 Q: vyes



8 13:32.04 Q: 4

9 13:32:12 *** Answer 4 is selected (it isincorrect) ***
1013:33:11 P: 1

11 13:33:25 Q: ok

12 13:33:29 **Answer 1 isselected (it iscorrect) ***

P communicates a domain-related observation (ljnpe @ immediately agrees (line 7) and after abalf h
minute proposes 4 as the correct answer (lineh8)ahswer is wrong (line 9). Then P proposestheasnswer
(line 10), Q agrees (line 11) and the answer tawisto be correct (line 12). The pattern is tha¢ of the
learners exchanges a domain-related finding (I)n@n@l the partner only acknowledges this withoterreng to
domain-related terms. Often the entire discussloen tswitches to what answer to give. If this happen
repeatedly, P may at some point decide to giveoumdlating domain-related messages all togethe&p d@ees
not appear to do anything with them.

In order to determine what the level of domairated contribution of each learner is, we introduce
some abstractions. The level of domain-relatedrifmriton of a learner is denoted as the valuéedd(er).
Based on the example excerpts above, we have B(XXY) because X contributes one domain related
statement (statement 1) and Y does the same (state8hand D(P) > D(Q) because P contributes oneagtom
related statement (statement 6) and Q does notilwatet a domain related statement. It would perhags
tempting to conclude that D(X) > D(Q) and D(Y) > D(@pwever, not allowed to conclude this. The redson
that the value of D(X) is dependent on the collaborsetting with Y, which we denote as D(X|Y), whihe
value of D(Q) depends on the collaborative setiity P. If we would like to estimate the “true” val of D(X)
in other collaborative settings then a better agpration is:

D(X) = average(D(X|Y) + D(X|P) + D(X|Q))

Given that we have no values for D(X|P) and D(X[@hetter estimate of D(X) cannot be computed. Sdrae
goes for the other three learners in the exampié, we can therefore not compute an estimate for any
D(learner) that can be meaningfully compared with D estimdte other learners.

An intuitive example, for comparison purposesthis idea of a marathon run. Two runners X and Y
decide to beat the world record. They agree thend the first 35 kilometers Y acts as a pacemalet runs
in front. X wins the race in a record 2.03:00, Yiishes in 2.04:00. A year later, under precisbly same
circumstances, P’ and Q’ also want to beat thedwatord, but P’ and Q' do not make any prior agrests,
each runs his own race, P’ finishes in 2.03:30@hih 2.04:30. All other things being equal, itrist allowed to
conclude that P is faster than P’ as their perfoceadepends on having a runner they as a paceraker.
Though the conclusion is drawn in practice, otheeathere could not be a world record for the maratit is
hardly justified and proposals to ban pacemakers fmarathon is based on these considerations.

To summarize: it is not possible to obtain a gestimate for the value of the contribution of artes
in a dyad (or larger group of learners) that cancbmpared to other learners in other dyads in Hraes
experimental setting. This result may be imporfantCSCL in general, as it points to a major metiogical
issue, and might also explain why previous resedrat not related individual performance to indigdu
learning outcomes in a collaborative learning sgtind why researchers carefully consider the csitipo of
the dyads or groups (Webb, Nemer, Chizhik & Sugt988).

Does this prevent us from finding out whether duntribution measure, Dgarner), is related to
learning outcome? We think this is still possibjeusing an indirect method. Within a dyad, the hearwith the
highest value for the level of contribution measisradded to a group of learners called A, therdgerner in
the same dyad is added to a group called B. THikesa knock-out competition, the A's would be thimners
the B's the losers. If the average learning outcofmthe A's is significantly different from that dfe B's, the
level of contribution measure is the probable cabseause this was the reason for partitionindagamers into
A's and B's.

Domain-related contributions
Partitioning learners into A’'s and B’s, as proposédve, requires a measure of a learners’ coniwibuo the
dialogue, that allows us to do the assignment agb& or B. Inquiry learning environments, like thee used
in this study, stimulate the acquisition of knowgedabout relations in the domain. For example, higsizs
momentum is defined as p = m * v, where p is momantm is mass, and v is velocity. Learners can &ind
about these kind of relations by changing one ef tariables and (graphically) inspecting the effectthe
others.

Learners can share their thinking on the relatisitl their partner through the chat tool. To detizie
the level of domain-oriented content of a messagedistinguish three types of contributions:



- Domainterms. The use of domain terms, such as velocity, irm@eand the abbreviation v, transfers
at least a certain domain focus by the learnere Mkssagehall we look at mass contains one domain
term.

« Qualitative statements. These are phrases containing both a quantityaagdalitative relation, for
examplespeed increases, or momentum is lower. We do not make a distinction between qualitative
statements that result from observatigoe¢d increases) and qualitative statements that suggest future
action ghall we increase the mass). All such statements demonstrate a clear dofoairs.

- Conditional sentences involving qualitative statements. These are evidence of interpretations or
hypotheses related to the domain. A conditionatesee is the grammatical construct which relates a
condition to a consequence. In the collision doman example i$f the mass becomes higher, the
momentum decreases.

Analysis of the messages

Identifying the above three types of contributioims chat protocols, requires an analysis, or serpanti
interpretation, of the message. A human can, if ffessage iselocity increases, reason thavelocity is a
guantity, andincreases a qualitative relationlt therefore may be concluded that the message gaalitative
statement. Interpretations of this kind are veffedent from categorical coding, the usual methbdralysis in
the behavioral sciences in general and CSCL inquéait (automatic support for categorical codingliscussed
by Rosé et al., 2008; Anjewierden & Gijlers, 200&rkens & Janssen (2008) focus on determining the
communicative function of messages in online disicus. Their MEPA tool automatically segments rages
into one of 29 predetermined categories based ®nheory of dialogue acts. Erkens & Janssen statetheir
automatic procedure can only be used for contettd¢hn be indicated by specific marker words, @Esasr
actions, which is a limitation of the approach.v#ocity increases there are no marker words, both words
convey meaning. For the automatic analysis of thesages, fitting our research question, a tool wpiovides
more flexibility, in some sense generalizing theaidbehind MEPA, is required.

We have used a text analysis tool called tOKo €éngrden, 2006). This tool is being used by social
scientists to study, for example, online commusitie.g., de Moor & Anjewierden, 2007), and by seticaneb
researchers to create domain vocabularies andcexenantic relations (e.g., de Boer, van Someren &
Wielinga, 2007). Automatic (semantic) text analy@suncommon in CSCL, so we provide only a global
overview of how we applied it to the analysis af tthat messages and omit technical detail wherghpesThe
analysis starts with a corpus that contains allcti@ts and the objective is to define syntactitepas in these
chats that allow the extraction of the types oftdbaotions we are interested in. For this we mdsintify the
features detailed below.

Domain terms. The domain terms have been selected by sortingaids on frequency and then
manually selecting domain terms that occur at léasttimes. The most frequent word, ignoring stegrds, is
ok (1294), the most frequent domain ternvékocity (snelheid, 440). Selecting the domain terms tdmuatwo
hours.

Conditional sentences can be found using discourse markers and they sgwnel to the categories
called condition and consegquence in MEPA. We have identified several syntactic @ats in the corpus which
mark a conditional sentence. The most frequealsis. dan ... (if, then), also frequent isoe ... hoe ... (the, the;
the higher the speed, the lower the mass) and sometimes. wanneer ... (when) is used. In the latter case, the
condition and the consequence are revergegd increases when massisincreased).

Qualitative statements. The extraction of qualitative statements con$tree steps. The first step is
to enumerate all quantities and all qualitativatiehs. Next, for each quantity and each qualiéatelation we
need to find the terms learners use for them. kamgle, the quantity velocity can appearve®city, speed,
andv (the symbol). Similarly, the qualitative relatiomcrease can appear agoes up, higher and so forth. In our
Dutch chats we found seven syntactic patternsriznease and eight forconstant, including the negatiodoes
not change. Finding these variations is not difficult, the ieas method is to use a quantity as a key word and
use a concordance index to inspect the surrourtdixtg The lower right pane of Figure 1 shows thsults for
snelheid. In the central column the concept snelheid ipldiged, and to the left and right the surroundixg,t
for example, the first line “denk je dat je je dr@t moet veranderen” (do you think you must chayme
velocity).

We now have a set of syntactic patterns for quastiivhich we call $quan$ and one for qualitative
relations which is called $qual$. The third stefid define patterns for qualitative statementa asole, they
are:

$quan$ ... $qual$ and $qualbquan$

The first pattern finds phrases in which the qugrdppears before the relation and the secondrpafiteds
phrases in which the quantity appears after thaiosl (ncrease speed). .



In total the selection of the terms and the dediniof the patterns took about three man days.eQine
patterns are specified, the analysis is automat@Ko extracts zero or more clauses from each rgessé&or
example, from the utterantiee velocity increases it extracts:

domain_term(velocity).
domain_term(increases).
qualitative_statement(velocity, increase).

and from speed becomes larger it extracts:

domain_term(speed).
qualitative_statement(velocity, increase).

Notice that the qualitative statement extractedléntical in both cases, although the two phrasas mot a
single word in common. It should be noted that renual part of the analysis appears to be timeuroing,

but one should realize that this upfront work dsesgduces the amount of work that otherwise wa@ddnto a
manual analysis of thousands of chat messagesifnreésearch 18.700). In other words: the investnien
identifying syntactic patterns is easily recovebgdeducing the investment in the analysis of gdarumber of
chat messages.

We have, of course, omitted several details inalt@ve description. Not every conditional thatibgg
with if also contains the corresponditign, certainly not in chat text, and it still should obwas a conditional
sentence. Another, relatively common case when atigmes occur is an overrun of one pattern matah int
another (Dutch readers will recognize an exampliénlast line in Figure 1, under the heading Patsearch:
snelheid hoe groter). The pattern language which has been used iaut@mmatic analysis provides a mechanism
to suppress such matches.

The reliability of extraction is difficult to assg the patterns were derived from the corpus estihy
on the same corpus provides no information abdiathiity for other chat corpora. Some of the terare very
domain related, momentum is an example, and it dvpubbably not make any sense to test the pattsins
chats from, say, a thermodynamics domain. To peogome idea about reliability we have manuallyrérad
15% of the chats and computed precision (0.94)randll (0.88) for the conditional sentences anditptize
statements. Domain terms are found using an #hgoic procedure, this can only affect reliabilithen a
domain term is used out of contettig{speed of your typing is amazing).

A characterization of the approach we use iswhgiin a limited domain, with a limited vocabulaiy,
is more or less possible to enumerate the domamstend use syntactic patterns (Hearst, 1992) t@aax
meaningful phrases related to the domain. Thisaetibn can be done automatically.

As the result of the analysis outlined, we havedach learner a set of domain statements classifie
into the three types of contributions. The nextsgioa is how to “value” these contributions as tleg not
equal in their level of cognitive effort to produtteem.
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Figure 1 The application of the tOKo text analysis tooltba collision chat corpus.

Computing the value of domain-related contributions
The level of domain-related contribution,|E4rner), is computed by assigning a score to each medsagay
given learner, summing these scores and then diyidy the total number of messages.efrfer) is therefore
the average domain-oriented content per message.umh of analysis for this computation (Strijbdsat,
2006) is a single chat message.

The weights used in the scoring function are: +@r0a conditional sentence, +1.0 for a qualitative

statement, and +0.4 for use of a domain term. &mexights have been chosen in such a way thatréfiegt
the cognitive effort of the learner to produce thérhe weight -0.5 is given to an agreement. Thigatiee

weight penalizes learners who agree more than thesr and can thus be seen as passive, relyingpeon
cognitive efforts of their partner. In all casasyeight is only assigned once to a single messHge message
contains two domain terms it obtains a score of {&l not +0.8). The scores for the examples abhowe-1.4
(speed increases) and +3.4 if the mass becomes higher, the momentum decreases). As there is some
arbitrariness in the scoring functiome conducted a sensitivity analysis by varyingnaights independently in
a range of -0.5 to +0.5 from the values defined abawd this produced no significant change in therall
outcome: who is A stays A and who is B stays B.sTétiows that the scoring function is robust, whigh,
course, does not entail that it is the “correctidtion.

Results

The results presented below are based on the btmed by Saab (2005) on the collision domainessdbed
in the Method section. Saab's original process, datssisting of interactions with the simulatiorvieonment
and the chats, were first integrated. The chate baen normalized by correcting spelling errorsfraations
and other textual noise. Dyads for which at least af the learners a pre-test or post-test waavatable were
removed, and so was a single dyad who communidat@danguage other than Dutch. The process daia fr
the 66 dyads that remained contained 18,007 chsgages. Data with respect to the chat communigation
particularly the number and nature of chat messagetsplayed in Table 1.



Table 1: Data chat messages

Group
A B
(n=66) (n = 66)
M D M D

Number of messages expressing

Agreement 25.83 13.70 33.95 16.71

Domain terms 15.08 9.19 12.08 8.53

Conditional sentences 1.82 1.65 0.94 1.38

Qualitative statements 4.38 3.10 2.64 2.64
Total number of chat messages 138.03 58.72 134.266.84
Chat score per message 0.10 0.10 0.02 0.08

The data regarding chat messages displayed in Talbtre analyzed by means of two-sided Wilcoxonesig
rank tests. With regard to Agreement it was obgbthiat B’'s express agreement more frequently coeajptar
A’s (z=-4.28,p < .001). On the other hand, compared to B’s, A'sitim@ed more domain terms in genem(
-2.73,p < .01), made more conditional sentenaes {4.00,p < .001), and more qualitative statemeants ¢
4.26,p < .001). The number of chat messages did not diféveen A’'s and B’sz(= -0.97,p = .33). By

definition, the chat scores differed in favor o th's (z=-7.06,p < .001).

In Table 2 the results of the two knowledge tedeigitional knowledge and intuitive knowledge (W) are
displayed. Group A contains the learners with tighdst domain-related chat score within a dyad, grodp B

contains the lowest scoring partners in a dyad.

Table 2: Results knowledge tests

Group
A B
(n=66) (n = 66)

Category M D M D
Definitional knowledge

Pre-test 6.39 2.26 5.98 2.35

Post-test 8.09 2.29 7.36 2.81

Gain from Pre to Post 1.70 3.06 1.38 3.36
Intuitive knowledge

Pre-test 4.76 2.12 4.97 1.95

Post-test 7.55 2.29 6.91 2.33

Gain from Pre to Post 2.79 2.25 1.94 2.41

In order to gain more insight in knowledge gainthimi and between Group A and Group B, the datdaiisp
in Table 2 were analyzed by means of paired saniptests. Sidak’s correction for multiple companisavas

applied to control for chance capitalization.

With regard tadefinitional knowledge, within Group A a significant knowledge gain wdsserved, that
is their post-test scores were significantly higtam their pre-test scores<-4.51,p < .001). The same was
true for the knowledge gain within Group B<-3.33,p < .01). Comparisons between Group A and B showed
that their pre-test scores were equal £.02,p = .31) and so are their post-test scotesX.84,p = .07) and

definitional knowledge gairt £.59,p = .56).

Regardingntuitive knowledge, the knowledge gain within Group A was significént -9.01,p <
.001) and so was the gain among B'’s (6.54,p < .001). Furthermore, comparison between A’s ardd B’
showed that A’s intuitive knowledge gains were tgethan those of B’st € 2.35,p < .05). A’s and B’s did
not differ from each other with regard to pre-testre { = -0.58,p = .57), post-test scoré£ 1.94,p = .06).

What students talk about can influence what thaynleand conversely, what they learn (or alreadysrcan
influence what they talk about. In order to invgate how A and B’s knowledge, learning, and comication
relate to each other, Pearson’s product-momentletions between A’'s and B’s have been calculatgd w

regard to knowledge measures, chat messages, ansodhnes, (see Table 3).



Table 3: Product-moment correlations between gfo@mws) and B (columns)

Group B
Knowledge measures Chat communication
Group A 1 2 3 4 5 6 7 8 9 10 11 1
1 Pre-test definitional -.28*
2 Pre-test intuitive
Knowledge|3 Post-test definitional
measures |4 Post-test intuitive 29 .33 .26*
5 Gain definitional 27
6 Gain intuitive 41 .29*
7 Agreement 627 25 4T -30
8 Domain terms -27 36 48" 33" .48
Ch 9 Conditional sent. -.26 32" 29 -29 28
at o . . - &
communic.|10 Qualitative statem. |  -.27 ) 34 45" 50 !
11 Number messages 36 41
12 Chat score/message Z35 40" -36" .48"

* Correlation is significant at the 0.05 level @ked)
** Correlation is significant at the 0.01 level {@iled)

The top-left quadrant of Table 3 displays the correlations between Aid 8's knowledge measures. It can be
observed that particularly A and B’s intuitive krledge gains (6) and their intuitive knowledge sesava the
post-test (4) are related to each other.

The top-right quadrant is empty, indicating that there are no correlaidietween A’'s knowledge
measures (1-6) and B’s communication (7-12).

The bottom+left quadrant shows that there are some correlations betweerki®@®ledge measures (1-
6) and A’'s communication (7-12): B’s prior defiitial knowledge (1) is slightly and inversely rethte A's
frequency of expressing domain terms (8), conditi@@ntences (9), and qualitative statements (10).

The quadrant at thebottom-right of the table, displays correlations between A’sd aB’s
communication. The correlations on the (shadedyatial suggest that students within dyads “mirrcache
other. There is not only a moderate positive catiah between the number of chat messages uttgrédskand
B’s (11), but also the nature of the messages J7sl@und to correlate positively. For examplepife peer
expresses agreement (7) often, the other peérely lio do so as wellr(= .62); if one peer frequently makes
qualitative statements (10), the other peer idylite frequently make qualitative statements tog (50), and so
on.

Conclusion
In this study it was found that within dyads, thliadents who post more domain-related messages géien
more intuitive knowledge than their partners. Nbe&ss, the data also showed that gains in intuitiv
knowledge of A’s and B'’s are positively correlat&édirthermore, A’'s use domain terms, conditionakeseces,
and qualitative statements more frequently, inipalgr when their partners’ prior definitional knkeslge was
rather weak. These partners in turn often exprese statements reflecting agreement (“yes”, “okid @o on).
They seem to leave the externalization of knowlealge ideas to their partners, mostly replying bgregsing
agreement only. This is also called cumulative {@&lg., Mercer, 1996). In other studies, the adtis of
intuitive knowledge has been found to be fostergdpibcesses of drawing conclusions, interpretatiod
sense-making (Gijlers & de Jong, submitted; Reitkry, & Chen, 2003; Zhang, Chen, Sun, & Reid, 2004)
Students actively attempting to make domain-relatedtributions to the communication, instead of mhai
agreeing with statements of their partner, areiplyssore likely to actively engage in these prasssand to
externalize them, which might explain their higgams with respect to intuitive knowledge.

The correlation analysis also indicated that tveekr the initial definitional knowledge of B’s, timeore
A’s posted domain-related messages, which suggestxplained the domain to their partners. As statethe
introduction section, providing elaborate explamragi is often more beneficial than receiving expliana (e.g.,
Webb, 1989), because students who are providirmpedte explanations are actively engaged in exieatian
processes. With regard to communication, it waedesl that students within dyads seem to “mirrathe
other: if one peer posts more domain-related messahe other peer is also more likely to post domelated
messages (see Table 3). The number of messages pgsf’s and B’s is positively correlated, the theores,
which give an indication of domain-relatedness i that, of A's and B’s were also positively caated.
Moreover, the positive correlations between A’s B&lalso extend to the level of types of chat rages (e.g.,



conditional sentences, qualitative statementsying peer posts more qualitative statements, ther qiber is
also more likely to post qualitative statements| smon.

As for future research, the analysis used in thigep cannot answer the question how these different
types of messages are distributed over time andrhessages of A's and B’s relate to each other. diédysis
can shed light on how the interaction between pastrin a dyad develops over time. For examples it i
interesting to investigate if the number of relatlyvhigh-level contributions increases or decreakesg the
interaction. From this it could be inferred how doa fruitful collaborative learning session sholast. If the
number of high-level contributions starts to desegaone could argue that continuing the sessioh imil
general, not contribute much more to better legrmigsults. Another question is if there are diffexes in
learning outcomes for balanced and unbalanced dyatislanced dyad is a dyad in which the contriyutbf
each partner is at approximately the same (higle®l, for an unbalanced dyad the number of higelle
contributions of one partner substantially excetbéscontributions of the other partner. One ofdksumptions
behind collaborative learning is that pairing higkiel contributors with low-level contributors whienefit both
in terms of learning results, but maybe the lowelesontributor benefits more. Analyzing the leaghmesults of
balanced and unbalanced dyads could confirm octréjées assumption.
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