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One of the persistent problems of online and distance learning is how to effectively support students' successful learning outcomes. A promising approach to this issue is to investigate the extent that learning is determined by learner characteristics and skills. This study explores the effects of domain-specific prior knowledge, intrinsic motivation, computer attitude, computer anxiety, and learning management skills on learning in a distance-training course on media pedagogy for teachers. The data were collected from 127 trainee teachers who responded to various questionnaires and completed knowledge tests. We investigated whether the selected characteristics of learners could be used to model five cognitive load assessments that included ratings of content difficulty, learning ease, experienced pressure/tension, effort/importance while learning, and performance in tests. Computer anxiety and computer attitude were significant predictors of content difficulty, learning ease, and experienced pressure/tension. In addition, higher learning-strategy skills reduced ratings of content difficulty. Effort/Importance ratings were best modeled by intrinsic motivation and learning strategy usage. Performance was best predicted by prior knowledge, intrinsic motivation, and computer attitude.
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INTRODUCTION

Distance and online learning have become common and reputable educational methods in vocational training and higher education (e.g., Allen and Seaman, 2016). Numerous studies investigating theoretical and applied aspects of distance and online learning have been published. However, the problem of effectively supporting successful student learning still persists (Jo et al., 2016). To gain insight into this problem, one line of research has focused on the characteristics and skills of distance and online learners and the extent to which they predict learning processes and outcomes. To advance this research, we investigated the extent to which a selected set of learner characteristics affect cognitive load of trainee teachers while learning and performing in a script-based distance-training course about media pedagogy. As characteristics, domain-specific prior knowledge, intrinsic motivation, computer attitude, computer anxiety, and learning strategies were selected, because all of them have shown to be relevant for distance and online learning in empirical studies, and they represent cognitive, motivational, affective, and skill aspects. As theoretical background of the current study, the cognitive load theory (CLT) was chosen (Sweller, 2010).

The CLT highlights the role of cognitive capacity in working memory for successful learning outcomes (Sweller, 2010). Working memory is limited in capacity. If memory items cannot be rehearsed, they decline within seconds. If the material to be learned is complex, that is, it comprises numerous information elements that are highly connected to each other, then learning will be difficult because of the limited capacity of working memory. Correspondingly, learners must keep these elements in working memory while concurrently relating them to understand the material. This cognitive burden often results in exceeding working-memory capacity (i.e., the working memory is overloaded). Consequently, successful learning is forced to occur within the limits of working memory. Accordingly, learning success is determined by cognitive processes while learning, which places cognitive loads on working-memory capacity. Sweller (2010) characterized cognitive load in terms of whether it is useful (intrinsic, germane) or unnecessary (extraneous). Intrinsic load reflects the difficulty of the learning task, resulting from the number of information elements and their interrelations that must be learned (Sweller, 2010). In other words, it is the extent that working-memory capacity is occupied by the basic processing necessary to understand the subject of the presented material. Germane cognitive load mounts on the intrinsic load, occupying additional working-memory capacity by the processes needed to construct schemas and store them in long-term memory (Sweller, 2010). Finally, extraneous cognitive load occupies working-memory capacity by the processes unrelated to subject understanding, schema construction, and automation (Sweller, 2010). Extraneous load is suggested to stem mainly from the manner in which content is presented. Hence, a bad presentation design can lead to high extraneous cognitive load, which can hinder learning. Based on the conceptions of cognitive load types, the first precondition for successful learning is that all three types of cognitive load should not overburden working-memory capacity. In general, a working memory overload often results from too much extraneous and intrinsic load (Sweller, 2010). A second precondition for optimum learning outcomes is that sufficient working-memory capacity should be occupied by germane load reflecting schema acquisition, schema automation, and schema storage.

Martin (2014) classified measuring methods for cognitive load by focusing on the causal relationship to cognitive load and the objectivity of the measure. A direct causal relationship exists when the measures directly reflect the effects of cognitive load. An indirect relationship exists when the measures are indirectly affected by cognitive load via further processes. Methods are subjective when measures reflect self-reported data, and objective when non-subjective assessments of behavior, physiological conditions, or performance are applied. Direct subjective ratings using single items have been often used to assess intrinsic cognitive load of the learning material and overall cognitive load while learning. Intrinsic load is measured by asking learners to rate the difficulty of the material. Overall cognitive load is measured by asking learners to rate the difficulty of studying. Subjective ratings of invested mental effort and stress level have been proposed for measuring overall cognitive load indirectly and directly. Accordingly, performance assessments are indirect, objective measures. Performance depends on storage and retrieval processes, which may be influenced by cognitive load. A discussion of cognitive load measures can be found in de Jong (2010).

Against the background of CLT, the concept of the expertise reversal effect comprises instructional design effects that depend on prior knowledge. It proposes that what is effective for novice learners may be ineffective for more experienced and expert learners (Kalyuga, 2014). Effects have been described in a variety of instructional designs. The focus has been often set on learning in less complex and relatively short learning situations compared to distance training. Expertise reversal effects are not expected to occur in typical distance learning courses, which mostly allow self-paced and self-sequenced learning, an adequate learning environment for experienced learners (Kalyuga, 2014). With reference to CLT, experienced learners (i.e., those with greater prior knowledge) are assumed to engage more adequately in processing the learning content than less experienced learners (i.e., those with lower prior knowledge). Prior knowledge is assumed to influence intrinsic load. The higher the level of prior knowledge, the less intrinsic load might be experienced while learning, because prior knowledge should reduce the complexity of the content. Accordingly, learners might experience less working memory load and consequently, less threat of cognitive overload. Viewed from this perspective, the level of prior knowledge can be connected to learning success. In the context of distance and online learning, which are more complex learning environments than has been investigated against the background of CLT, studies have reported that domain-specific prior knowledge is positively related to various measures of performance (e.g., McDonald and Stevenson, 1998; Stiller, 2003, 2009, in press; Amadieu et al., 2009).

Intrinsic motivation refers to performing an act because it is inherently interesting or enjoyable, and it is connected to high-quality learning (Ryan and Deci, 2000; Schunk et al., 2008). Analogously, intrinsic motivation is also assumed to play a key part in successful distance and online learning (Jones and Issroff, 2007). In general, positive correlations between motivation and performance have been reported (Fredericksen et al., 2000; Ali and Franklin, 2001; Aragon et al., 2001; Sankaran and Bui, 2001; Delialioglu, 2005; Waschull, 2005; Yukselturk and Bulut, 2007; Artino, 2008). A higher level of intrinsic motivation might make learners invest more resources in learning and process information more deeply, thus contributing to successfully passing tests (van Merriënboer and Ayres, 2005; Moreno, 2006; Moreno and Mayer, 2007; Orvis et al., 2008). With reference to CLT, motivation might influence load levels and how students manage load, especially when it is high. Generally, higher motivation is assumed to lead to higher germane load (which can be seen as high-quality learning) and consequently, to higher overall load (Vollmeyer and Rheinberg, 2006; Schnotz et al., 2009).

Self-regulated learning is considered a central factor for successful distance and online learning (Barnard et al., 2009). According to Pintrich (1999), self-regulated learning includes the use of cognitive and metacognitive learning strategies and resource management strategies. In particular, metacognitive strategies, time management, and strategies for arranging a supporting environment for learning are relevant for distance and online learning (Lee et al., 2013). Metacognitive strategies include planning, monitoring, and the regulation of cognitive processes, and resource management strategies (including time management and adapting to the study environment) are used to manage and control the study environment (Pintrich, 1999). Higher abilities to engage in effective strategies might reduce cognitive load while learning and especially avoid overload. Strategies might reduce extraneous load (being able to assign time to learning without disturbances) and foster learning (being able to focus cognitive resources on information processing more efficiently). Thus, higher ability levels in employing effective strategies might facilitate learning success. Management skills have been shown to be significant predictors of learning achievement (e.g., Yukselturk and Bulut, 2007), but the significance of management skills has been reported more often to be relevant for dropout decisions (e.g., Lee and Choi, 2011; Hart, 2012).

Attitudes are described by cognitive, affective, and conative components (Richter et al., 2010). Computer attitude might affect working memory load and thus, influence learning success. Negative computer attitudes are assumed to increase extraneous load while learning. This happens because additional task-irrelevant thoughts about the computer malfunctioning or crashing might occur, for instance. Learners with positive attitudes are assumed to have less disturbing thoughts and task-foreign cognitions and are, therefore, more likely to experience a lower level of extraneous load. Such learners are assumed to process information and construct knowledge adequately. The effects of computer attitude on learning performance have been rarely investigated. Stiller (2009, in press) found that negative effects on performance were related to negative attitudes and positive effects with positive attitudes. The effects also depended on information presentation and navigation. Stiller found that a more interactive access to textual information by clicking on parts of pictures was superior to a simpler linear page-turning access when attitudes were negative. Positive effects on course usage and persistence have also been reported (e.g., Stiller and Köster, 2016).

Computer anxiety is assumed to be a trait (Richter et al., 2010), consisting of cognitive and affective components. Similar to the effects of computer attitudes, worrisome thoughts and feelings of anxiety could increase extraneous load because of additional task-irrelevant negative thoughts about the computer and additional task-irrelevant processes of coping with negative emotions. Conversely, learners free of computer anxiety should experience less working memory load and thus be able to adequately process information and construct knowledge. In the literature, computer anxiety has been reported to directly affect computer self-efficacy, which influences the efficient use of a learning system and learning outcomes (Desai, 2001; Sam et al., 2005; Saadé and Kira, 2009; Hauser et al., 2012). Further evidence also exists that demonstrates the direct effects of computer anxiety on learning, communication, and performance (e.g., Fuller et al., 2006).

RESEARCH OBJECTIVES AND EXPECTATIONS

In this study, we explored the extent that learner characteristics, cognitive loads, and learning outcome are related using a script-based distance-training course in media pedagogy for trainee teachers. The research question leading the study was as follows: “To what extent do the selected motivational, affective, cognitive, and skill characteristics of learners account for cognitive load and performance?”

We assumed that a higher level of prior knowledge makes the content more comprehensible (i.e., reduces intrinsic load) and thus makes it easier to study the modules (i.e., reduces overall experienced load while learning). We expected that learners with higher levels of prior knowledge would put less effort in processing the course content and feel less pressure and tension while learning. Consequently, learning performance would be higher with higher levels of prior knowledge, and higher levels of prior knowledge would facilitate the integration of new information.

A higher level of intrinsic motivation might make learners put more effort into studying, and learners are likely to feel less pressured, because learning is less dependent on external contingencies. Allocating more resources for learning should normally increase the experienced overall load (difficulty of learning), but higher motivation might lead to an experienced ease of studying. Being more motivated might also result in higher learning performance, and because of the effort that goes into studying, intrinsic load (difficulty of content) might be rated lower.

Metacognitive learning strategies, strategies of time management, and arranging one's learning environment are three factors that have been shown to influence distance and online learning (Yukselturk and Bulut, 2007; Lee and Choi, 2011; Hart, 2012). In general, the assumptions follow that a higher level of strategy skills contributes to the preparation for adequate learning. Given that an online course is more directly managed by strategy usage, extraneous load is likely to be reduced. For example, students enrolled in an online course have the advantage of less unexpected interruptions, and they can assign periods of the day to focus on studying without any further need to manage studying while learning and focus on their learning goals without any further unnecessary goal setting and corrections. Consequently, overall cognitive load (difficulty of learning) will also decrease. Under these conditions, the effort put into learning is expected to increase with strategy usage, whereas the experienced pressure while learning should decrease. When learning occurs with minimum interruptions of any kind, performance should be higher.

Finally, negative computer attitudes and higher computer anxiety should increase the level of extraneous load while learning because of task irrelevant cognitions and regulation processes of negative emotions triggered by online learning. When high extraneous load compromises working memory, the experienced overall load should increase and knowledge construction should be disrupted, leading to lower levels of learning performance.

METHOD

Sample

The data was collected from trainee teachers who had enrolled in a distance-training course about media pedagogy offered in the German federal state of Bavaria. The training addressed teachers and was promoted via flyers at all primary schools, secondary general schools, intermediate schools, and grammar schools in Bavaria (see Federal Ministry of Education and Research, 2016, pp. 95–97, for details on German school classification). The training was part of the governmental continuing vocational education and training offering for teachers. Through an online portal, 575 trainee teachers registered for the training (female: n = 414, 72%; male: n = 161, 28%; mean age M = 27.25 years, SD = 4.00, range from 20 to 49 years, n = 573). Most trainees worked in intermediate (33%) and grammar (30%) schools, followed by primary (20%) and secondary general (15%) schools. Only nine trainees worked in other school types.

Of the 575 registered trainee teachers, the data were not used from 196 students (34.1%) who completed none of the final module tests, 184 students (32.0%) who only worked on one to seven modules, and 68 students (11.8%) who completed at least one of the eight studied modules very quickly (indicating that they had not spent sufficient time with studying). The data from the remaining 127 trainee teachers (22%) who studied all eight training modules were used to analyze learning success. These best students (n = 127) were chosen, because they also formed the largest group regarding the number of studied modules (the second largest group completed one module, n = 79, and the third largest group two modules, n = 49). Furthermore, by keeping the number of studied modules constant, we excluded the impact of this variable from analyses, which might be confounded with motivation and other variables that might be correlated with the number of studied modules. Study time might also be confounded with motivation and other variables relevant for learning. Thus, we introduced a criterion for minimum study time per module (25 min of the estimated 60–90 min workload per module) to exclude learners from analyses that were suspected of not engaging seriously in learning.

The descriptive statistics analysis of the 127 trainee teachers revealed that more female (74.0%) than male (26.0%) trainees studied all eight of the training modules. The mean age of trainees was 26.12 years (SD = 2.34, range from 23 to 35 years). Most trainees worked in intermediate (45.7%) and grammar (27.6%) schools, followed by primary (18.1%), and secondary (7.9%) general schools. Only one trainee (0.8%) worked in a different school type. Almost all of the 127 trainee teachers successfully completed all eight modules (n = 126); only one student failed one of the module tests.

Description of the Distance Training

The starting point of the distance training was a Moodle course portal. The training consisted of an introductory module and eight modules about media pedagogy (e.g., Web 2.0—the participatory web, Risks and dangers for children and adolescents in the web, WebQuests—a method of pupil-centered learning by using the web). After enrollment, the first login of the students placed them at the beginning of the introductory module, which could be worked through voluntarily and at any time during training. The introductory module comprised information about content, technical requirements, training organization, and self-management skills needed for successful online and distance learning. Then, the students could freely decide which of the eight modules they wanted to study, the time to study them, and in which sequence they preferred to study the modules. Six screen pages linearly structured each module. The first page was the module profile, which provided an overview of the module content and the teaching goals. The second page presented an exemplary authentic real-life problem, which emphasized the relevance of the module content. The purpose of this page was to stimulate the curiosity of the students. The third page provided the module test of domain-specific prior knowledge. The test was used for activating prior knowledge and for providing feedback about students' current knowledge level before the instruction began. No time limit was set for the test. The fourth page was the instructional unit that gave access to the instructional content and supporting material, which could be used for further elaboration. The training was based on obligatory instructional module texts. The optional supporting material included, for example, links to videos, audios, webpages, and literature. The fifth page gave access to the module questionnaire that assessed study experience. The sixth page provided the final module test measuring learning success and feedback about it. A workload of 60–90 min was calculated for studying a module, thus 8–12 h were calculated for completing the entire training. Students were supported when asked via email, chat, or phone. Replies to email inquiries were normally sent within a few hours. Chat and phone consulting was possible during assigned office hours. Office hours were announced at least 4 weeks in advance.

Procedure and Measurements

Procedure

The training was offered during a regular German school year from October to July. Any trainee teacher could enroll as a student in the training. After logging in for the first time, the students were directed to the introductory module. Then, before the students could access their first module, they completed the first online questionnaire that gathered demographic information and assessed various learner characteristics. After completing the first questionnaire, the trainee teachers could access the eight course modules. At the beginning of each module, students were required to complete a prior-knowledge test. After studying a module, students were questioned about the module before advancing to the next module by taking the final module test. Tables S1–S6 of the Supplementary File list the items of the used measurement scales (see Supplementary Material section).

First Online Questionnaire

The trainee teachers' motivation to study the modules was assessed with the interest/enjoyment scale of the intrinsic motivation inventory (IMI; Ryan, 1982; Leone, 2011). Then, their attitude toward computers was measured using the scale “Personal experience/learning and working/autonomous entity” from the Questionnaire of the Content-specific Measurement of Attitudes toward the Computer (QCAAC; Richter et al., 2010). This scale assesses the experience of individuals with using the computer as a means for learning and working and focusses on the negative aspects of its use, that is, regarding the computer as an uncontrollable machine. Later, computer anxiety was measured by using the scale “Confidence in dealing with computers and computer applications” of the QCAAC that assesses the cognitive and affective components. Additionally, self-regulated learning competence was measured by subjective ratings of learning strategy usage. Three strategies were assessed: metacognitive learning strategies (including planning, monitoring, and regulating), time management, and creating an adequate learning environment (see Questionnaire for Measuring Learning Strategies of Students developed by Wild and Schiefele, 1994).

Module Questionnaires

The perceived cognitive load of participants while learning was assessed with four subjective instruments. Cognitive load was measured indirectly by the effort/importance scale and directly by the pressure/tension scale of the IMI (Ryan, 1982; Leone, 2011; 5-item scales). In addition, intrinsic load (rating of content difficulty) and overall load (rating of difficulty of studying) were each measured directly with one item.

Prior Knowledge and Performance Tests

In each module, a 5-item multiple-choice test was used to assess prior knowledge and a 15-item multiple-choice test to assess performance. Each performance test included the five items of the corresponding prior knowledge test (the items were presented again after learning), 10 items unknown to the learners were added for measuring performance. Each item listed four answers of which, at least one was correct. The aim of the training was to provide factual knowledge. Thus, multiple-choice tests were an appropriate instrument for measuring learning success.

Calculation of Scores

All learner characteristics were measured with the first questionnaire before training began, which included intrinsic motivation, computer attitude, computer anxiety, and the three types of learning strategies, assessed with multiple-item scales. The means of items were calculated as scores and used for further analyses.

Per module, the scores of the multiple-item scales (i.e., domain-specific prior knowledge, experienced effort/importance and pressure/tension, and performance) were calculated as the mean of items. The one-item measures of intrinsic and overall load were not transformed. Then, a mean was calculated across the eight module scores (i.e., domain-specific prior knowledge, load assessments, and performance). Prior knowledge and performance scores were calculated as percent correct. The means of the eight module scores were used in the analyses.

Overall, higher scores express higher level of features except for computer attitude of which higher scores indicate less negative attitudes (for simplicity, higher scores could be thought of as “positive” attitudes). Scale features are presented in Table 1, based on all available data of the total sample (n = 575).


Table 1. Descriptive statistics of measurements.
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RESULTS

Analysis of Correlations

The correlation matrix of all measured variables is shown in Table 2. A total of 66 correlations were computed. Applying the cumulative alpha error control according to the Bonferroni-Holm correction resulted in 15 significant correlations (absolute value of r ≥ 0.29, see Table 2). Ignoring correlations smaller than the absolute value of 0.29 and assuming instead null correlations might not support the interpretation of regression results, all significant correlations were considered using a non-corrected alpha level of 0.05 (see Table 2).


Table 2. Correlations between the variables used for prediction and the predicted variables.
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The correlations between the learner characteristics show a clear pattern. Computer attitude and computer anxiety solely correlated with each other, showing a very high correlation of −0.83. The more positive the attitude toward computers, the lower the level of computer anxiety. Intrinsic motivation correlated positively with prior knowledge, the use of metacognitive learning strategies, and time management strategies. The higher the intrinsic motivation, the higher the level of prior knowledge and strategy usage. In addition, usage of the three learning strategies correlated positively with each other. Overall, correlations were in the small to medium range.

Large, positive, significant correlations were found among the various subjective direct assessments of cognitive load (i.e., intrinsic load, overall cognitive load, and pressure/tension). The higher that learners rated content difficulty (intrinsic load), the higher their experience of overall cognitive load (difficulty of studying) and their experience of pressure and tension (also an overall cognitive load measure). The indirect measure of overall cognitive load via the scale effort/importance did not correlate significantly with any of the other measures. In addition, for performance, some weak correlations with direct overall load assessments were found but not with intrinsic load and effort/importance.

Overall, the correlations between the learner characteristics and direct measures of cognitive load were medium sized, and a clear pattern also emerged. Computer attitude and computer anxiety mainly correlated significantly with these load ratings. Having a more positive computer attitude negatively correlated with intrinsic load, overall cognitive load, and experienced pressure and tension. The reverse pattern was found with computer anxiety scores. Arranging an adequate learning environment also appeared to correlate with intrinsic load. The better the learning environment, the lower the ratings of intrinsic load. The indirect measure of overall cognitive load (i.e., the experience of pressure and tension) generally correlated significantly with all learning strategies and intrinsic motivation. The higher the strategy usage and motivation scores, the higher the experience of effort and importance. Finally, prior knowledge, intrinsic motivation and computer attitude was positive related with performance. The more the students knew about the content before learning, the more they were motivated, and the more positive attitudes they had about the computer, the higher their scores in the final module tests.

Regression Analyses

All cognitive load measures could be modeled with multiple linear regression, entering the learner characteristics as predictors (see Tables 3, 4). Backward elimination models consistently resulted in a multiple correlation between 0.33 and 0.45 and an adjusted explained variance between 10% and 18%.


Table 3. Summary of models.
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Table 4. Results of the multiple linear regression analyses using the backward elimination method.
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Intrinsic load could be modeled by computer anxiety and all learning strategies. Students who scored higher on computer anxiety and time management, reported higher intrinsic load, and students who scored higher in metacognitive strategies and the strategy of arranging an adequate learning environment, reported lower intrinsic load. The strongest predictor was computer anxiety, followed by learning environment, and the contributions of these two predictors to intrinsic load were about equally high. Time management can be interpreted as a suppression variable, because the correlation with intrinsic load was almost zero, but the beta was positive. We propose that time management suppressed the variance of the two other strategies, which correlated moderately with time management.

Overall load could best be modeled by computer anxiety and pressure/tension by computer attitude. Given that computer attitude and anxiety are highly correlated, the two regression models produced similar results. Students who scored higher on computer attitude, reported higher pressure and tension, and correspondingly, the higher the computer anxiety scores, the higher the overall load ratings.

Effort/Importance could be modeled by intrinsic motivation, time management, and strategies focusing on the learning environment. Intrinsic motivation accounted for the largest proportion of variance in effort/importance, which was slightly higher than the contribution of strategies focusing on the learning environment. Time management accounted for the smallest proportion of variance. Students who had higher intrinsic motivation and time management and learning environment strategies reported greater effort and importance.

Performance could be modeled by prior knowledge, motivation, strategies focusing on the learning environment, and computer attitude. The strongest contribution was found with prior knowledge. Higher prior knowledge and intrinsic motivation scores and more positive computer attitudes resulted in higher student performance on the final module tests. We interpreted learning environment strategies as traditional suppression variable because of the positive correlation with performance and the negative beta. We suppose that learning environment suppressed the variance of intrinsic motivation, which correlated 0.25 with learning environment strategies.

Self-Correlation, Homoscedasticity, and Non-Collinearity

The self-correlation of residuals from regression models was tested with the Durbin-Watson test, which calculates values in the range of 0–4. Intervals of 1.5–2.5 are commonly accepted as indicating the absence of self-correlations of residuals. Inspecting the Durbin-Watson test values for all calculated models in Table 3 revealed that all values fell within the interval and thus no self-correlations of residuals per model were assumed.

Homoscedasticity was tested by the Koenker test (Koenker, 1981). Homoscedasticity was not violated for intrinsic load (λ2 = 2.04, df = 4, p = 0.73), overall load (λ2 = 0.68, df = 1, p = 0.41), pressure/tension (λ2 = 0.31, df = 1, p = 0.58), effort/importance (λ2 = 1.21, df = 3, p = 0.75), and performance (λ2 = 7.90, df = 4, p = 0.10).

Collinearity analysis computes tolerance values for correlations between predictors. Values less than 0.10 indicate collinearity of predictors, and values near 1 are unproblematic. The tolerance index of the predictors for all regression models were over 0.74 and mostly approached 1, thus indicating non-collinearity of predictors (see Table 4).

DISCUSSION

In the literature, researchers often suggest to investigate the characteristics of successful distance and online learners to inform educators about designing high-quality courses and programs that fit the needs of distance and online students (Yukselturk and Bulut, 2007). Therefore, we focused on the relationship between student characteristics and learning success and conducted analyses with data gathered from trainee teachers in a script-based distance course about media pedagogy. This study explored the extent that important learner characteristics help students succeed and to propose how to prepare distance courses based on the results.

Discussing Theory and Previous Research

The correlation and regression analyses revealed that domain-specific prior knowledge, intrinsic motivation, and computer attitude positively correlated with performance, with prior knowledge showing the highest predictive value. No other student characteristics significantly correlated with performance. These findings are consistent with previous research results on prior knowledge (McDonald and Stevenson, 1998; Stiller, 2003, 2009, in press; Amadieu et al., 2009), intrinsic motivation (Fredericksen et al., 2000; Ali and Franklin, 2001; Aragon et al., 2001; Sankaran and Bui, 2001; Delialioglu, 2005; Waschull, 2005; Yukselturk and Bulut, 2007; Artino, 2008), computer attitude (Stiller, 2009, in press), and computer anxiety (Desai, 2001; Sam et al., 2005; Saadé and Kira, 2009; Hauser et al., 2012). The analyses of attitude toward computers and computer anxiety produced equivalent results, which reflects the redundancy of the measures as shown by the very high correlation between them. Thus, results according to one characteristic are not separable from the other. Overall, the results can be interpreted as hypothesized. Higher levels of prior knowledge facilitate integrating new information, higher levels of intrinsic motivation will likely result in more effort when studying and thus result in higher test performance, negative computer attitudes and higher levels of computer anxiety increase extraneous load while learning, disrupting knowledge construction and leading to lower levels of test performance.

Self-regulation skills are proposed to influence successful distance learning, but learning strategies in this study had little direct effect on performance. This result appears to contradict previous research (Yukselturk and Bulut, 2007). However, after scrutinizing the correlations between the self-regulation skills and the load measures, the skills appeared to influence intrinsic load and effort. The skill to arrange an adequate learning environment mainly correlated significantly and negatively with intrinsic load but positively with effort. Moreover, according to the backward regression analyses, the skill was a significant predictor in the regression models in which intrinsic load and effort were the outcome measures. The metacognitive strategy skill was also a significant predictor in the intrinsic load model and time management in the effort model. These results indicate that self-regulation skills nevertheless are important for arranging and organizing learning and thus contribute to successful learning. In other words, self-regulation skills help to create learning environments such that an adequate control of the time and space facilitates the effort and the controlling, monitoring and regulation of learning, and thus it keeps cognitive load more easily manageable.

Why was performance not influenced by self-regulation skills in this study? It should be noted that in this study only factual knowledge was required to be learned and the module tests accordingly only assessed factual knowledge. Against the background of CLT, factual knowledge is already acquirable when using surface learning strategies (e.g., information rehearsal, rote learning strategies), whereas higher knowledge (e.g., knowledge about systems and their functioning) requires deeper learning strategies, such as elaboration, critical thinking, and organizing knowledge, and a corresponding assessment (e.g., practical and transfer tasks). Thus, only higher-level, self-regulation skills might contribute to deeper learning, whereas lower-level skills might already enable surface learning. In other words, lower levels of self-regulation might support the learning of less difficult content to the same extent as higher levels of self-regulation. Studying complex information might then only benefit from higher-level, self-regulation skills.

Intrinsic motivation not only influenced test performance, it correlated positively with invested effort. Furthermore, intrinsic motivation was a significant predictor of invested effort and performance. These results indicate that intrinsic motivation contributes to learning success by managing effort while learning. This result is consistent with the reviewed literature on learning success.

Discussing the Practical Significance of the Study

Overall, the results appear to contradict prior research on learning, but when the focus on performance also includes cognitive-load indices, the results are consistent with the literature. We conclude from the results that students' self-regulation and motivation should be supported, and prior knowledge should be considered in designing training. In addition, distance training should also be designed in a way that reduces computer anxiety and to support more positive computer attitudes.

To support self-regulation, “learning strategies could be provided to enhance students' achievement of intended learning outcomes” (Yukselturk and Bulut, 2007, p. 80). In our study, this support was provided in the introductory module of the training (students were told how to learn best), which might have also contributed to the reduced effects of self-regulation skills. In general, support could be given in smaller, continuous steps while studying when learners have skill deficits; otherwise, guidance would not be necessary. Recently, Nikolaki et al. (2017) emphasized that the supporting teachers (e.g., providing feedback and reflections on learning), the provided educational materials (e.g., stating the aims and objectives of the material and the expected outcomes), and the educational tools (e.g., interactive learning tools and collaborative tools) influence the development and use of self-regulated learning strategies in distance learning.

Motivation should be kept at a high level through instructional activities during the distance training (Yukselturk and Bulut, 2007). We developed the training with the objective of providing a stimulating learning environment that motivates students (Keller and Kopp, 1987; Keller, 2010), which might have contributed to the reduction of intrinsic motivation effects. In general, in any distance course, increasing the appeal of a course will not eliminate motivational effects. Similar to self-regulation skills, a more individualized, adaptive course design might be better to support learners with lower intrinsic motivation, for example, by increasing the relevance of the material through more individualized case examples (Keller, 2010).

Finally, training should be more tailored to student's prior knowledge (Kalyuga, 2012). This task can be accomplished by initial diagnostics and subsequent didactic decisions about which adaptive instruction to provide (Kalyuga, 2012). For less knowledgeable students, providing smaller steps of knowledge acquisition (e.g., splitting modules into smaller modules that build on one another) to support the construction of useful schemas could promote better outcomes. Kalyuga (2012), for example, summarized appropriate methods for learners with inadequate prior knowledge and for learners who are more advanced.

Kalyuga (2012) suggested “developing cognitively efficient adaptive IDE [interactive distance education] … as an important trend in this area of educational research and practice” (p. 183). Accordingly, adaptive methods are the means to tailor an instruction to the various individual characteristics of students, which could be cognitive, affective, or motivational characteristics. Adaptive methods are used to dynamically accommodate content, methods, and procedures to learner characteristics and are considered to support more efficient learning (Kalyuga, 2012).

Limitations of the Study and Further Research

The results of this study should be interpreted carefully. The method was a non-experimental field study with a special type of script-based distance training. Results should be replicated under more controlled conditions. The sample was also a special group of trainee teachers who studied and completed all eight modules of the training. Hence, the analyses were computed for the most successful learners. The analyses, which were computed in part on means calculated across the eight modules, could have led to underestimated or undetected effects. When learners are studying over a longer period, they might change in their characteristics, for example, in intrinsic motivation, computer anxiety, and computer attitudes. Online training courses can be regarded as interventions that might change computer anxiety and computer attitude (Dupin-Bryant, 2002; Woszczynski et al., 2004). If computer anxiety decreases and computer attitudes become more positive, the overall effects will be undetected.

When a modularized distance training is provided, further research should investigate learning experiences and outcomes while learners study a sequence of single modules. This method would allow extending the investigation to less successful learners who fail to complete all of the modules. A prerequisite for analyzing the course of learning and its preceding learner characteristics is aimed to implement a repeated measures design, which is closer to the actual process of learning. For example, the regulation of learning through strategies is proposed to be a more valid indicator of learning quality than a trait-based measure of strategy usage skills. In addition, the promising methods of learning analytics and data mining could complement such a research strategy with objective data gathered by log systems catching online traces (Johnson et al., 2014; Cohen, 2017). Such modern approaches could help to identify learners that have learning problems (e.g., Cohen, 2017).
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