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Abstract: CSCL can foster in-depth knowledge acquisition if learners build on each other’s 

knowledge to draw new conclusions. Individually preparing learners with generative tasks has 

been proposed to foster such interactive activities in subsequent collaboration. However, the 

scarce evidence provides no clear picture. Thus, we conducted an experimental study where 

participants went through the following phases prescribed by a CSCL-script: after reading a text 

learners prepared individually by answering a task in written form, read the co-learner´s task 

answer, and subsequently discussed the text via chat. According to experimental condition, the 

preparation phases consisted of either non-generative, compare-and-contrast, or explanation 

tasks. Results revealed no overall effect of preparation task type on interactive discussion 

activities. However, generative preparation tasks affected interactive activities indirectly 

through the learners’ and their co-learners’ generative preparation activities. This suggests 

generative tasks can foster interactive discussion as far as the dyad partners actually enact 

generative preparation activities. 

Introduction 
CSCL can foster in-depth knowledge acquisition, if learners perform interactive activities, that is, when they build 

on the contributions of their co-learners (referencing) to generate new knowledge (inferencing; Chi & Wylie, 

2014; Fischer, Kollar, Stegmann, & Wecker, 2013). In this way learners can use their co-learners as learning 

resources in addition to the given instructional material in the service of knowledge construction, thus developing 

an understanding beyond what they might have achieved when learning alone. Unfortunately, learners do often 

not spontaneously enact interactive activities when they collaborate without support (e.g., Fischer et al., 2013). 

A support strategy often argued as effective in addressing this issue is individual preparation for 

collaborative learning: having learners process the instructional material by themselves (e.g., taking notes from a 

text) before collaborating with others (e.g., discussing the text; Lam & Kapur, 2017). Preparing individually may 

allow the learner to activate relevant knowledge and to develop some initial ideas and conclusions with regard to 

the instructional material or task before having to invest efforts in communicating and coordinating with others. 

This in turn may a) facilitate interactive engagement with the additional knowledge and information contributed 

by co-learners in subsequent collaboration and b) increase the amount of additional knowledge and ideas each co-

learner can contribute, so that altogether a wider range of information is available through which interactive 

activity could be stimulated (e.g., Lam & Kapur, 2017; Mende, Proske, & Narciss, 2020). 

However, the related empirical evidence reveals a mixed picture: individual preparation for collaboration 

sometimes has positive, no, or even negative effects (Mende et al., 2020). This raises the question of how learners 

should prepare or, in other words, how instructors should design an individual preparation phase to raise its 

potential benefits in view of the performance of interactive activities during subsequent collaboration.  

In this regard, prior research has especially addressed the role of a) generative preparation tasks, that is, 

requiring the learner to infer new knowledge beyond what is given in the instructional material (e.g., Fiorella & 

Mayer, 2016) and b) having learners inspect each other’s individual preparation products before the collaboration 

(e.g., viewing co-learners’ notes) which could be understood as a specific form of awareness induction support 

(e.g., Janssen & Bodemer, 2013). 

While there is already some evidence that awareness induction support can improve the effects of 

individual preparation on interactive activities during subsequent collaboration, the role of generative preparation 

tasks is far less clear (Mende et al., 2020). Though, generative tasks have been shown to foster deeper processing 

of and learning from subsequent lectures in individual learning (e.g., Schwartz & Martin, 2004), their 

effectiveness in preparing learners for a subsequent collaboration phase has rarely been examined. Moreover, the 

few existing studies showed a rather mixed picture: generative preparation had either no (Lam & Muldner, 2017) 

or even negative effects (Lam, 2019) on subsequent collaborative learning.  

Two reasons may account for this issue. First, distinguishing between generative and non-generative 

tasks is a rather rough classification. For example, two commonly used generative tasks are a) comparing and 

contrasting to-be-learned concepts and b) generating causal explanations for to-be-learned concepts or phenomena 
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 (e.g., Chi & Wylie, 2014). Although both tasks are considered to be generative, some prior research suggests 

explanation tasks to engage learners in generative activities to a higher degree than compare-contrast tasks (e.g., 

Chin, Chi, & Schwartz, 2016). In addition and regardless of the task type, the provision of generative tasks is no 

guarantee that learners will actually perform generative activities (Chi & Wylie, 2014). Moreover, though 

generative activities have been shown to foster deep knowledge acquisition (e.g., Fiorella & Mayer, 2016), it is 

not clear whether preparing generatively by one’s own necessarily fosters subsequent high quality collaboration 

in terms of interactive activities. Hence, it is necessary to examine a) whether and to what degree generative tasks 

foster generative activities during individual preparation and b) whether and to what degree these generative 

activities in turn foster interactive activities during subsequent collaboration.  

Second, the extent to which a learner engages in interactive activities during collaboration may also 

depend on the degree to which their co-learners have prepared generatively. This is even more relevant when an 

individual preparation is accompanied by awareness induction support. In other words, the extent to which learner 

A performs interactive activities may also depend on the degree to which the inspected preparation product of co-

learner B contains additional knowledge, conclusions, and ideas not already stated in the instructional material 

since this new information can stimulate learner A to further develop or challenge learner B’s contributions (e.g., 

M. Erkens, Bodemer, & Hoppe, 2016; Lam & Kapur, 2017). 

To our knowledge, these issues have not been systematically considered so far. To address these research 

gaps we conducted an experimental study in which participants were guided by a CSCL script through the 

following phases: After reading a text, learners individually answered a task in written form (preparation phase). 

Learners were subsequently requested to read their co-learners’ task response to get aware of each other’s 

knowledge, ideas and perspectives (awareness induction phase). Finally, learners were requested to chat on the 

text collaboratively (discussion phase). Three versions of this script were developed which differ in the type of 

task provided in the individual preparation phase (i.e. two different generative and a non-generative task) in order 

to answer the following research questions: 

1) What is the effect of the individual preparation task type on the number of interactive activities during 

the collaborative discussion phases? 

2) Does the individual preparation task type indirectly affect the number of interactive discussion 

activities through the number of the learner`s and/or their co-learner’s generative preparation activities?  

Method 
In this experimental e-learning study 122 undergraduates (72.9 % female, mean age: 22.81 years, SD = 3.95) of 

psychology (49.2%) and educational sciences (50.8%) learned from an expository text about the human 

circulatory system translated and adapted from Chi et al. (2001). Participants were randomly assigned to stable 

dyads which in turn were randomly assigned to one of three experimental conditions. Participants followed the 

above described script for each third of the text. Conditions differed regarding the task type administered in the 

individual preparation phases. 

Participants in the first condition received the task to take notes from the text as for an exam and, thus, 

were not specifically requested to perform generative activities (non-generative task condition). The remaining 

conditions were provided with two commonly used types of generative tasks: Subjects in the second condition 

were required to compare-and-contrast central concepts addressed by the text (comparison task condition). For 

example, subjects were asked to compare the different types of blood vessels of the circulatory system concerning 

their components and the processes in which they are involved. Participants in the third condition were requested 

to provide explanations concerning the same central text concepts as in the comparison task condition (explanation 

task condition). For instance, the learners were asked to find reasons why we have different kinds of blood vessels 

instead of only one type in our circulatory system.  

The learning activities performed in the individual preparation and the collaborative discussion phases 

were analyzed through coding schemes. The protocols of each learner’s individual preparations (i.e. the written 

task responses) were assessed with respect to indications of generative activities. To this end, each protocol was 

coded in terms of the number of sentences containing inferences, that is, topic-relevant information not already 

contained in the given learning text (Chi & Wylie, 2014). For example, a comparison of the thickness of capillaries 

and arteries or a causal explanation such as "diffusion is not possible in arteries because of their thick walls" was 

scored as generative activity because these comparisons or explanations were not explicitly presented in the text. 

In contrast, mere repetitions of text information were not considered generative activity. A second rater coded 

25% of the individual preparation protocols (Krippendorfs α = .91). The resulting score represents the sum of 

generative activities a learner has performed during the individual preparation phases.  

The chat discussion protocols were assessed with respect to indications of interactive activities. To this 

end we segmented the participants chat-messages according to punctuation and “connectives” (G. Erkens & 
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 Janssen, 2008). Each segment was then assessed for whether it contained a) an inference (see above) and b) 

indications of a reference to a prior contribution of the co-learner in terms of incorporating or taking into account 

a co-learner´s previous preparation task response or chat message. A second rater coded 25% of the chat discussion 

protocols (Krippendorfs α = .82 – .88). Segments which were coded as containing indications of both inferencing 

and referencing were counted as interactive activities. The resulting score represents the sum of the interactive 

activities a learner has performed during the collaborative discussion phases. 

Since subjects were nested in dyads, we conducted linear mixed regressions for dyadic data (Kenny, 

Kashy, & Cook, 2006) to address our research questions. As the variables representing the number of generative 

and interactive activities revealed some deviations from a normal distribution we performed bootstrap analyses 

with 5000 resamples to estimate the standard errors and confidence intervals for all regression coefficients (e.g., 

Afifi, Kotlerman, Ettner, & Cowan, 2007). An effect is considered significant at a 5% significance level if the 

95% bootstrap interval does not include zero. 

Results 
Experimental conditions did not differ in prior knowledge. To address research question 1 (effects of task type on 

interactive discussion activities) a linear mixed model with experimental condition as predictor and interactive 

activities as dependent variable was conducted. Experimental condition was Helmert-coded so that the non-

generative task condition is compared to the generative task conditions (i.e. the comparison and explanation task 

conditions together) and the comparison task condition is compared to the explanation task condition. None of 

these comparisons revealed significant effects indicating that the preparation task type did not affect the number 

of interactive activities during the discussion phases. 

To address research question 2 (indirect effects of task type on interactive discussion activities through 

generative preparation activities) we conducted two linear mixed regressions followed by the computation of the 

indirect effects according to the recommendations of Hayes (2013). First, the effects of the independent variables 

(i.e. experimental conditions) on the mediators (i.e. number of individual generative preparation activities) were 

estimated (a-paths). Results revealed the generative task conditions to positively affect the number of generative 

preparation activities in reference to the non-generative task condition (B = 8.61, BCa CI95% = 7.59–9.61). 

Further, the explanation task condition had a positive effect on the number of generative preparation activities in 

reference to the comparison task condition (B = 5.12, BCa CI95% = 3.31–6.92).  

Second, we examined the effects of the learners’ (actor-effects) and their dyad partners’ (partner-effects) 

individual generative preparation activities on the number of the learners’ interactive activities while controlling 

for the effect of experimental condition (b-paths). Thereby we followed the procedure for estimating an Actor-

Partner-Interdependence model for indistinguishable dyads (Kenny et al., 2006). Results showed positive actor 

(B = .25, BCa CI95% = .15–.36) and partner (B = .27, BCa CI95% = .12–.42) effects of generative preparation 

activities on interactive discussion activities. In other words, learner A´s interactive activities were positively 

affected by both learner A´s and their co-learner B´s generative preparation activities. 

Third, the a-path and the b-path coefficients as well as their bootstrapped standard errors were used to 

calculate the indirect effects (ab-paths) along with 95% Monte Carlo confidence intervals based on 100000 

replications, using the SPSS macro MCMED (Hayes, 2013). Results reveal that – in reference to the non-

generative task condition – the generative task conditions had positive indirect effects on interactive discussion 

activities mediated through the actors (B = 2.15, MC CI95% = 1.19-3.16) as well as the partners (B = 2.29, MC 

CI95% = 1.18-3.45) generative preparation activities. In other words, the results indicate generative preparation 

tasks to benefit interactive activities to the extent to which these tasks induce the actor and the partner to perform 

generative preparation activities. Further, compared to the comparison task condition, the explanation task 

condition had positive indirect effects on interactive discussion activities mediated via the actor’s (B = 1.28, MC 

CI95% = 0.63-2.07) and the partner’s (B = 1.36, MC CI95% = 0.63-2.25) generative preparation activities. 

Discussion 
The present study examined the role of generative tasks in individually preparing learners for performing 

interactive activities during subsequent collaboration. We found no overall effect of preparation task type in this 

regard. However, mediation analyses revealed generative as compared to non-generative preparation tasks to 

foster generative preparation activities which in turn benefitted the performance of interactive activities in 

collaborative discussion. Thereby the learners own as well as their partners’ generative preparation activities 

revealed to be significant mediators. These results contribute in several ways to our understanding of how 

individual preparation may affect subsequent collaborative learning. First, they indicate that generative activities 

may not only be suited to prepare learners for subsequent individual knowledge acquisition, but also for productive 

interactions in collaborative learning (cf. Lam & Kapur, 2017). Second, the crucial factor influencing subsequent 
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 collaboration quality seems not to be the preparation task per se, but rather what the learners actually do with the 

task. Third, for a learner to perform interactive activities, both their own and their co-learner’s generative 

preparation activities seem to be important. Finally, in line with and extending previous research (e.g., Chin et al., 

2016), explanation tasks invoked the described mechanisms to a higher degree than compare-contrast tasks. 

While the results of the mediation analyses suggest individual preparation through generative tasks to be 

preferable to preparation by non-generative tasks, we observed no total effect of task type on interactive discussion 

activities. Among others, the following explanation may account for this. Although the preparation task conditions 

significantly differed in terms of the number of generative preparation activities, the standard deviations were 

remarkably high. Thus, the degree to which the particular generative preparation task fostered generative activities 

strongly varied among the learners. This may be due to task characteristics, learner characteristics, or both. For 

example, the extent to which learners are able to perform generative activities in response to a generative task 

may depend on their prior knowledge. Analyses of the results are ongoing and this issue will be examined soon. 

In addition, we will also investigate the effects of the preparation task type as well as of actors’ and partners’ 

generative and interactive activities on learners transfer knowledge as captured in a posttest after a delay of one 

week. 
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