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ABSTRACT

In Learning Networks, learners have to engage a@asinteractions for sharing knowledge to achiéweir personalized
learning goals. When working on complex tasks-sgiainized knowledge sharing imposes too much tiwgribad and
this is detrimental to learning. According to peogigal guidelines of cognitive load theory, leamianvironments
should not only avoid activities that distract kear attention but also focus learner attention @avant activities that
contribute to learning. This paper applied thesdejines in two studies, both meant to explore howesign an optimal
peer support system. Study 1 aimed to alleviateéracognitive load by using an automated peer satection system.
However, the results could not support our asswntiat finding available peers for those who nasalvledge sharing
alleviates learner cognitive load. Study 2 explohedv to support the interaction process of knowtedparing by
enhancing different competencies, namely contentvedge and tutoring skills. The results showed thpporting
learners with different competencies alleviatesnitbge load on different dimensions. Interestingdjtidents supported
with content knowledge felt significantly more ftteged than those with tutoring skills. Our futuesearch aims to
design an optimal peer support system by 1) allienjdearner cognitive load through refining selectcriteria to find
suitable peers for knowledge sharing and 2) optimgiznteraction process by designing support stmest based on
content knowledge and tutoring skills during knadge sharing.

KEYWORDS

Learning networks, peer support, peer tutor selacfieer tutor competencies, cognitive load

1. INTRODUCTION

Learning Networks (LNs) are a particular kind ofline social network designed to support self-diedct
lifelong learners in a particular domain. Akin telbvbased communities, they comprise of groups oplee
who use learning resources to learn at the plawe, and pace that suits them best (Sloep 2009 hiNVatur
notion of a LN, learners have to take responsibditto organize their own learning activities tayjaice
knowledge from others to achieve their personalieadning goals (Kester et al. 2007). During therméng
process, it is likely that learners in LNs have #ane needs as formal learners: they need to simare
construct knowledge through interaction with othénsparticular, when working on complex tasksisit
likely that learners need collaboration and knogkdharing to acquire more cognitive resources from
others. In formal learning settings, this is ugudibne by either consulting the teacher or shakimgvledge
with other students within the social structureaaflass. However, without support, knowledge slgatioes
not magically occur in the environments of LNs:hwitit a social structure of a class or group, learde not
know who others are; without a common learningdnigtlearners do not know what others know. When
learners self-organize knowledge sharing, they nedilst find out who relevant knowledge sharers and
then maintain social interactions with others. Withsupport, self-organizing these two activitigegposes
extra cognitive load.

Cognitive load (or mental workload) refers to the learner’s limditcognitive capacity that is actually
allocated to performing a particular task; it haefrecognized as an important factor that inflasriearner
performance (Sweller et al. 1998). The pedagogiale of measuring cognitive load is to inform
instructional design or design of educational emwvinents by quantifying the mental cost incurredaby
learner to achieve a particular level of perforneaiiSweller et al. 1998; Beckmann 2010). Considering
human limited cognitive capacities, cognitive lottteory (CLT) suggests that an optimal design of



instruction or learning environments should notygmievent learners from paying attention to proestbhat
are irrelevant to learning but also direct theitemation towards processes that are relevant tanilear
(Sweller et al. 1998; Van Merriénboer and Swell@9%). When working on complex tasks, learners have
allocate many of their cognitive resources to pssceiumerous information elements and element
interactivity and this imposes a high cognitivedogweller 2006). Thus, without support self-orgai
knowledge sharing on complex tasks easily overldedsiers’ working memory and this is detrimental t
learning (Hsiao et al. 2011). The aim of this stuslyo explore how to design a peer support systam
online learning networks by applying the instruoibimplications of CLT and measuring cognitivedda
verify the effects of our approach to support.

Using a peer support system to alleviate learner cognitive load

The way of involving peers to share knowledge milsir to a mixture of two peer-learning approaches
commonly applied in formal educational settingsempieitoring and collaborative learning. On the baed,
when learners support others in need, their rak imto perform instructional tasks (akin to paeoring).

On the other hand, to achieve common understaridiogledge sharing requires mutual social interagtio
namely collaboration (akin collaborative learniraghong peer tutors and tutees. The success of thvese
approaches depends on teachers’ arrangements @iosorg pairs (or groups) and instructions of expect
social interactions. When teachers’ arrangememtsragsing in LNs, peers will not automatically astpeer
tutors to share knowledge with those in need. Iditamh, arranging for teacher tutoring in LNs egsil
overloads teaching staff. Our colleagues have deeel two automated peer support systems to move
tutoring load from teaching staff to peers andrthesults show that peers are able to providefaatsy and
timely answers (Van Rosmalen 2008; De Bakker 20h0this study, we investigate whether using sueérp
support systems that include automated peer tgction and a collaborative communication medium
(wiki) alleviates learner cognitive load. This agywith the first didactic principle of CLT thatettdesign of
learning environments should not distract learnetgntion to processes irrelevant to learningotimer
words, we want to know whether using a peer suppg@tem in LNs decreases cognitive load imposed by
finding others to help (Study 1).

The effects of peer tutor competencieson alleviating lear ner cognitive load

The aforementioned peer support systems have gadiec different criteria to select peer tutorddoilitate
asynchronous and synchronous peer support. Comemipetency refers to either learner up-to-date
knowledge acquisition within a LN that relates be tquestions asked by tutees (Van Rosmalen 2008; De
Bakker 2010, proximity) or the prior knowledge tha@arners bring into a LN (De Bakker 2010, previous
result). Tutor competency is either defined objedyi as “the ability of a peer learner to act asitar” by
using actual performance data of how a peer tuttiatred in previous questions (Van Rosmalen 2008) or
subjectively as learners’ perceived competency bichv question type (i.e., theoretical or organizadil
questions) they are competent to help (De Bakk&é0P0O/an Rosmalen and De Bakker’s content and tutor
competencies conform to tutoring studies takeneplacformal educational setting. These studies ssigg
that content knowledge (e.g., subject-matter) andring skills (e.g., pedagogical and process-tatibn
skills) are correlated and both are related toctffe tutoring (Schmidt and Moust 1995; De Gravelet
1999). However, since the tutoring skills dimensieas not actually applied or investigated in owgvimus
studies, we do not know the relative effects oséhevo competencies on supporting knowledge sharing
Considering the design guidelines of CLT, we shduidher find out how to support the interaction
process to focus learner attention on relevanvities that contribute to learning. Supporting feas with
relevant content knowledge can achieve this. VasnfRden (2008) applied Latent Semantic Analysis (LSA
to find out three text fragments related to tuteedtions: learners who acted as peer tutors fouedthese
text fragments were helpful to answer tutee questioThis shows evidence that supporting content
knowledge does alleviate tutoring load. To contiébio learning, peer-learning approaches have esigath
the importance of the occurrence of certain sdoigractions that trigger extra cognitive processgsh as
explaining, asking and answering each other’s ipeestetc. Supporting learners with tutoring skiltg only
focuses learner attention on relevant learningvitiets but also increases the possibilities thatage social
interactions take place during knowledge sharingmirous studies of peer tutoring and collaborative



learning have applied interaction structures oorpiiaining to strengthen tutoring or team skilbsg(, King
1997; Prichard et al. 2011). On the other handenmecollaborative learning studies have suggested
supporting learners with communication and coortitimaskills during the interaction process to deseesthe
transaction costs (Kirschner et al. 2009; Kirschaeral. 2009). Only when these transaction costs ar
eliminated, peer-learning can in turn alleviatehhigpgnitive load imposed by complex tasks. To bette
support knowledge sharing, we investigate whethppsrting learners with content knowledge or tutgri
skills results in different effects on learner citige load (Study 2).

2. STUDY 1

In Study 1, we investigated whether using a pegpsu system alleviates learner cognitive load and
promotes learning performance on complex tasks.

2.1 Method

2.1.1 Design and procedure

We used a factorial design with two between-subjacibles: supports (Control vs. Forum vs. PT) st
complexity (simple vs. complex). Three levels opgorts were administered: no support as controligro
(i.e., learners have no opportunity to interactwathers), forums that only support communicateng peer
tutoring (PT) that supports finding available knedde sharers and a collaborative communication unedi
(wiki). Table 1 shows the steps involved in the ®del. When one of the invited learners accepds th
request (i.e., to act as peer tutor), our peer apgystem creates a wiki exclusive to this pairshare
knowledge about the tutee question.

To recruit participants, we announced a courgernet Basics of 10 modules on different websites. In
total, 534 volunteers expressed their interestseMflcruiting participants, we announced that theyld be
awarded a certificate after they finished all regoients of this course. Before the course stantes,
randomly assigned participants to each group, 89Qqarticipants per group. To start with a module,
participants first had to take the prior knowledgst of that module after which they were issued an
enrollment key. There were separate enrollment ketygach of the modules. Participants could actess
module by entering the enroliment key. For eachufedhey were supposed to learn the content Hittie
knowledge sharing task, take the post-test andnfitivo mental effort measures. At the learninggehave
asked participants to rate the mental effort neadecomplete the knowledge sharing task. At théirtgs
phase, we asked them to rate the mental efforvak tto take the post-test. We define complexity of
knowledge sharing tasks based on element inteifyctim complex task includes multiple interactive
information elements whereas a simple task includey few interactive information elements (Sweller
2010).

Table 1. The main steps of the PT support modifiesh Van Rosmalen et al. (2008)

Context A Learning Network of Internet Basics with taodules and learners
with information of their (past) working load.

Main steps Anne usd2ose your question to ask a question concerning a specific
module or knowledge sharing task.
The system determines the available learners eledts the most
suitable ones.
The selected learners receive an invitation t@act peer tutor.
The system sets upnaki containing the question and role specifications
as guidelines.
Anne and the peer tutor discuss and formulatdteesuthe wiki.
When they finish the discussion, Anne closes theudsion, rates the
results.

Data The system stores results, discussion lagratings of the answer.

2.1.1 Measures



Cognitive load (CL) measure. For CL measures ppéits reported how muahental effort they invested
by rating on a 9-point cognitive load rating sclledoing the knowledge sharing tasks and takirgpbst-
tests (Paas 1992; Paas and Van Merriénboer 198&)rdting scale ranged fromvery very low effort (1) to

avery very high effort (9).

Prior knowledge tests and post-tests. For everyumodhere were a prior knowledge test and a pasdt-t
Both tests were identical and they consisted afva dontent-related multiple choice questions orcimag
questions. Additionally, each of the post-test$uded one CL measure. The order of questions artthest
answer options was randomized.

Frequencies of knowledge sharing. To validate ffexts of different levels of support, we recoradst
knowledge sharing events to obtain frequenciehemumber of questions asked and answers provided.

2.2 Data analysisand results

Though 534 volunteers registered for this couragy, 415 actually logged onto the course sites arlg 829

of them started at least one module. Therefore fittsd number of participants for the dataset w2$9.3
Although 89-90 people were assigned to each ofrdament groups, on average only 24.1 learnexdledr

for the modules, 13.6 learners answered the merifait measures of knowledge sharing tasks and 21
learners finished post-tests. This showed there wany missing values in our dataset: not all gipaints
completed the measures on all ten modules. A sigini€e level of .05 was used for all analyses.

The data were analyzed with a 3 (supports: CongolForum vs. PT) x 2 (task complexity: simple vs.
complex) analysis of variance (ANOVA) with betwegroup measures on both factors. With regards to
scores of prior knowledge tests and post-testgffeaxts were statistically significant at the .08n#ficance
level. As for mental effort on knowledge sharingkis, the main effect of using different supports wat
significant either. However, there was a significarain effect for task complexity;(1, 808) = 12.54p <
.05, such that the average mental effort was hifgreromplex tasks than for simple tasks (see Tahl&@he
interaction effect was significanf(2, 808) = 13.84p < .05, indicating that the control group experihc
significant lower cognitive load on complex knowdedsharing tasks than did the Forum and PT groups.

The frequencies of knowledge sharing showed thaetivere only a limited number of questions asked
by both Forum and PT groups. The response rates leer. for Forum groups, only half of the questions
were answered; for PT groups, fewer than half efghestions were answered. Among these respondgs, o
a small proportion of responses provided valid amswio the questions. Therefore, our finding does n
support our assumption that finding available pesdlsviates learner cognitive load. It is likelyaththe
intervention of Forums and PT waret used sufficiently to have any detectable effects.

Table 2: Effect of task complexity and types of oy on mental effort

TASK COMPLEXITY

Simple task Complex task
TYPES Control M=4.73,9D=1.20 M=436,D=135 M=457,D=1.27
OF Forum M=3.98,3D =1.76 M=478D=125 M=4.38D=157

SUPPORT  Peer tutoring M =4.36,SD =1.39 M=4.96,SD=137 M=4.68SD=1.04
M=4.39,SD=1.48 M=472SD=1.34

3. STUDY 2

This study explored whether supporting learners wiifferent competencies results in different learn
cognitive load on complex tasks.

3.1 Method

3.1.1 Participants and settings



Participants are students from a Chinese Begin@etsrse at the University of Tilburg, who voluntary
participated. Participants atele peers because they have a similar level of domain kndgéein Chinese
language (teacher personal observation). The cales@nds students to do a speaking assessmenhy whic
requires students to work in pairs to perform iatgive conversations in Chinese for six minutesoial.
There are two rounds of this assessment and tlthdeanforms students of the topics about 6 weeks i
advance. For the first round, each student haisdoaf classmate to create a conversation basedenfdhe
topics and perform it during the assessment. Roidhe second round, students are matched randeitily
another classmate and each pair is assigned ariotkierto prepare. For the second round, studemte k5
minutes to create and practice a conversationn@astery level with their just-assigned partner. Tdacher

has been implementing the same assessment sinGeabdlshe observed that many students experienced
two types of overload: when they simultaneouslyppred many subject exams (i.e., for the first rguord
they did not know how to process such complex tagkis just-assigned partner within a short time.(i.
cognitive overload, for the second round). In St@dyve aimed to investigate whether the interventid
supporting different peer tutor competencies catuce cognitive load resulting from task complexityd
working collaboratively with others.

3.1.2 Tasks

The tasks used in Study 2 aimed to simulate thensecound of this speaking assessment. There are tw
tasks. The first one was to prepare a conversai@nder a famous Chinese dish at a Chinese restaand
the second one was to practice this conversatioa garticular mastery level was reached (i.erfqueing

the conversation without any visual aids).

3.1.3 Design and procedure

The results of Study 1 have shown that it is diffico measure cognitive load in a non-formal oallrN. To
precisely measure cognitive load, Study 2 was cotediuas dield experiment in a classroom setting instead
of conducting a web-experiment through recruitiragtigipants from the general public in a natural.LN
Study 2 uses guasi-experimental design because it is practically feasible that classes of students are
mixed and randomly assigned; instead, a class unfests was assigned randomly to each level of the
independent variable (peer tutor competencies)mbming class was supported with tutoring skilisl ahe
afternoon class with content knowledge. In thisdgtustudents worked in pairs with their just-aseign
partner to prepare for the speaking assessmentstDdent of each pair was assigned the role of tutd
this student-tutor received instructions for tutgriskills (i.e., step-by-step prompts about howptocess
each task) that guide learners to process taskerdent knowledge (i.e., a list of learned sentqraiterns
and vocabulary). Student-tutors were told to tad&ponsibility to use instructions and to finish thek on
time. Each task took 15 minutes and the time-lingis displayed.

3.1.4 Measures

The NASA-Task Load Index (NASA-TLX) was used to @@ students’ cognitive load (mental workload)
after each task. The NASA-TLX consists of six s@hss that ask learners to indicate experienced otk
when performing a task: mental, physical, tempdexhands, frustration, effort and performance (tdad
Stavelend 1988; Hart 2006). All scales range frdow™ to “high” and are divided into 20 sections ept
for the performance scale that ranges from “goodppbor”. Students have to tick one of the 20 satithat
best represents their experience for each dimen3ioa response score ranges from 1 to 20, wheigha h
score indicates a higher level of cognitive loakde Thean of the raw scores from the six subscalestitates
the overall workload. To facilitate completion diet questionnaire, students are also given desmmiptio
accompany each subscale. For example, the desarifiir mental demand states “How much mental
demand and perceptual activity was required? (thipking, deciding, calculating, remembering, loak
searching, etc.)? Was the task easy or demandimglesor complex, exacting or forgiving?”

3.2 Data analysisand results

Since the data of NASA-TLX are ordinal, medians rgorted to describe central tendency in Tablé&Gr
Task 1, each class of students experienced cogndad differently on sub-scales. For Task 2, exosmtal
demand and effort, students supported with tutoskitis experienced less cognitive load on the otbar



sub-scales than those with content knowledge. Simese two tasks are strongly related to each dileer
Task 1 is the pre-requisite of Task 2), differencEsognitive load between these two tasks wereninad.
For students supported with tutoring skills, theperienced lower cognitive load on temporal demand
performance of Task 2 than Task 1. For studentpastged with content knowledge, they experiencedelow
cognitive load on five sub-scales of Task 2 thaskTh

Table 3. Medians of NASA-TLX ratings on two subkss

TASK 1. MAKE A CONVERSATION

mental  physical temporal performance effort  frustration
demand demand demand
Tutoring skills Median 14.00 5.00 16.00 10.00 12.503.50
Content knowledge Median 14.00 10.00 14.00 7.00 012.09.00
TASK 2: PERFORM THE CONVERSATION
mental  physical temporal performance effort  frustration
demand demand demand
Tutoring skills Median 14.00 5.50 9.50 6.50 13.00 .503
Content knowledge Median 10.00 8.00 10.00 7.00 10.0@.00

To understand cognitive load on each sub-scalendea ratings of cognitive load on each sub-séate
the two tasks were combined into one variable. §taedardized alpha of NASA-TLX was 0.61. The grsiate
increase in alpha would come from deleting the qrerhnce subscale but with only 0.03. All items
correlated to the total score to a poor degreegfow 0.11).

We further examine the effects of different suppann cognitive load by combing scores of both tasks
each sub-scale. Probability-probability plots (82009, p.134) of each sub-scale indicated thatéta of
each sub-scale were not normally distributed. Tleanmranks of Table 4 showed that students supported
with tutoring skills experienced different sourcet cognitive load than those supported with content
knowledge. Mann-Whitney tests on the effects ofpsufing two competencies showed only a significant
difference for the sub-scafeustration. The learners supported by peers with content ledye Mdn =
29.34) experienced a significant higher level okfration than those supported by peers with tugoskills
(Mdn =18.15),U = 135.50z=-2.84,p < 0.05,r = -0.42.

Table 4. Mean Ranks

mental physical temporal
demand demand demand
Tutoring skills 24  25.60 20.46 24.92 24.58 25.06 .158
Content knowledge 22 21.20 26.82 21.95 22.32 21.80.342

performance  effort frustration

4. DISCUSSION

Study 1 was designed to investigate whether intdpa peer tutoring (PT) support structure caruced
cognitive load (CL). It was confirmed that task quexity affected mental effort, but no main effeétpeer
support could be found. As it turned out, the partints did not use the instruments (supports ofifricand
PT) as devised. Some obvious causes come to mechuBe the set-up of this experiment was meant for
non-formal learning, participants had no obligattoncomplete knowledge sharing tasks and we coatd n
force them to share knowledge by using the provigedim and PT tool only. In addition, as the cowses
designed for self-study and was aimed at introdyctevel, course materials might not have triggered
guestions in particular as the set time-limit segneehave spurred participants on to complete these to
meet the requirement for the ‘attendance’ certiicdherefore, we cannot draw any firm conclusiotits
regard to learning performance and cognitive Idé&kertheless, the Control group showed signifitawer
cognitive load on complex tasks. These signifiadifferences might result from the bias that papcits in
the Control group felt that they could learn indivally without knowledge sharing. When task comibeis

not high enough to trigger knowledge sharing, agkiarticipants to do it might result in extra cdiyms load
and, paradoxically, might have resulted in highencpived cognitive load in the forum and PT groups.



Study 2 examined the effects of supporting differeampetencies during knowledge sharing. The
NASA-TLX appeared to have a moderate internal ctascy despite the small sample. The higher cagniti
load experienced by learners supported by peebstutibring skills might result from anticipating bave to
go through the steps specified by the prompts toptete the task, while students with content knogyée
had more freedom to complete the task based omfitienation they received. This corresponds to e
effects within the CLT framework (Sweller et al.1A(Q. This might also explain why students suppovtét
content knowledge peers eventually felt signifibamore frustrated than those with tutoring skifisiding
their own way to process the task might resultighér cognitive load. These findings indicate tbamtent
knowledge and tutoring skills alleviate cognitieadl in different ways.

In formal education, numerous studies have appdiedagogical guidelines of CLT to design optimal
instructions and used CL measurements to valitieffects of these designs. To the best of ouwletne,
none so far has investigated the application of @a@l CL measures in non-formal learning environsient
such as LNs. While non-formal learning becomes nzom@ more important for professional developments
and lifelong learners, there are very few theamggmrding non-formal learning contexts. Thus, &t stage it
is inevitable that we need to apply theories froonmfal educational setting into non-formal learning
environments; this paper unravels the limitatiohshis application. As implemented in most CLT sag]
CL is measured in a very controlled setting wite-designed tasks at a learning phase and a postttas
testing phase. The results of Study 1 showed thedaof asking learners to carry out pre-desigtasks or
to force them to respond to CL measures becaus@tieis against learners’ personalized learningsgoad
needs. However, when taking account of learnettdsectness, the consequence was that we coulgeto
data to validate the effects of our support systenaddition, the set-up of Study 1 was a newlylnrline
social network where participants had not develogease of community yet, such as trust and common
expectations of learning (Rovai 2002). Althoughsthéactors were not our focus in Study 1, they tringtve
been confounding variables that influenced theltgsparticipants are not likely to interact withah other
without a sense of community (Rovai 2002). To stiltain a measure of CL, Study 2 took place inrenéd
classroom where students were obliged to compietepte-designed tasks with high cognitive load #rat
part of the course activities. This set-up enablkedo initially examine the effects of supportiniffetent
competencies on cognitive load during knowledgeisgaeven though this limits the generalizabilityytibe
findings to non-formal environments of LNs.

In summary, this paper showed the challenges diaqgpformal learning theory of CLT into non-formal
LNs, in particular measuring cognitive load. Futwerk will look into more elaborate selection critgeto
arrive at an optimal peer support system in whiekrp are automatically selected. In addition, #tian
needs to be paid to the effect of content knowledgd tutoring skills on the interaction process of
knowledge sharing.
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