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Editorial on the Research Topic 
Recent Approaches for Assessing Cognitive Load From a Validity Perspective

INTRODUCTION
“Cognitive load can be defined as a multidimensional construct representing the load that performing a particular task imposes on the learner’s cognitive system” (Paas et al., 2003, p. 64). It is assumed that assessed cognitive load under various experimental conditions represents the working memory resources exerted or required during the task performance. Cognitive load is widely studied in diverse disciplines such as education, psychology, and human factors. In educational science, cognitive load is used to guide instructional designs; for instance, when developing instructional designs, overly high cognitive load should be avoided because it may hinder knowledge construction and understanding. Generally, cognitive load theory offers valuable perspectives and design principles for instruction and instructional materials (e.g., Sweller, 2005; Kirschner et al., 2006; Paas and van Merriënboer, 2020).
The present Research Topic invited contributions describing approaches to measure cognitive load and examining the validity of these approaches. “Measuring cognitive load is […] fundamentally important to education and learning” (Chandler, 2018, p.x) and several approaches have been proposed to measure cognitive load and function as indicators of learners’ working memory resources during task performance, or as input for personalized adaptive tak selection (e.g., Salden, 2006). Cognitive load measurements can also advance cognitive load theory by providing an empirical basis for testing the hypothetical effects of instructional design principles on cognitive load (Paas et al., 2003). However, Martin (2018) points out that “Finding ways to disentangle different kinds of load and successfully measure them in valid and reliable ways remains a major challenge for the research field” (p.38). The contributions of the present Research Topic address this challenge and, hence, contribute to the development of a fundamentally important area of cognitive load research.
In this editorial piece, we first provide a summary of recent approaches to measure cognitive load, use the assessment triangle (National Research Council, 2001) as a framework to systemize existing and forthcoming research in the field of cognitive load measurement, then we analyze the studies published in this Research Topic based on the assessment triangle.
Recent Approaches for Assessing Cognitive Load
Assessment of cognitive load has been a significant direction in cognitive load theory and research (e.g., Paas et al., 2003; Paas et al., 2008; Brünken et al., 2010). Although several classifications of cognitive load measurement methods have been proposed (e.g., analytic vs. empirical, Xie and Salvendy, 2000; direct vs. indirect, Brünken et al., 2010), the subjective-objective classification (see Paas et al., 2003) is most frequently used. Whereas subjective methods are based on self-reported data, objective methods use observations of performance, behavior, or physiological conditions. The self-reported data are preferably collected after each learning unit or test task with rating scales for perceived mental effort (e.g., Paas, 1992), perceived task difficulty (e.g., Kalyuga et al., 1999), or both (e.g., Krell, 2017; Ouwehand et al.). Subjective measures are considered less sensitive to fluctuations in cognitive load and are generally used to estimate overall cognitive load. This means that students give one rating for a whole learning unit or test task or a series of learning units or test tasks. Although it has been argued that it is not possible to differentiate between different types of cognitive load (i.e., intrinsic, extraneous, germane) with the conventional rating scales, recent research has shown that the scales can be adapted to differentiate between the different types of cognitive load successfully (e.g., Leppink et al., 2013; Leppink et al., 2014).
Although subjective measures have been found easy to use, valid, and reliable (e.g., Paas et al., 1994; Leppink et al., 2013; Krell, 2017), cognitive load researchers have continuously searched for objective measures, which are not influenced by opinions and perceptions of people. This research has resulted in a wide range of objective techniques. The first objective method used in cognitive load research was an analytical method to analyze the effectiveness of learning from conventional goal-specific problems versus nonspecific problems based on the number of statements in working memory, the number of productions, the number of cycles to a solution, and the total number of conditions matched (Sweller, 1988). Another objective technique is based on the so-called dual-task paradigm (Bijarsari), which holds that performance on a secondary task performed in parallel with a primary task is indicative of the cognitive load imposed by the primary task (for examples see: Chandler and Sweller, 1996; Van Gerven et al., 2000; Brünken et al., 2010). An objective technique that is increasingly used in cognitive load research is based on the assumption that changes in cognitive load are reflected by physiological variables. In this category of objective techniques, measures of the heart (e.g., heart-rate variability: e.g., Minkley et al., 2018; Larmuseau et al., 2020), brain (e.g., EEG: e.g., Antonenko et al., 2010; Wang et al., 2020), eye (e.g., pupil dilation: e.g., Lee et al., 2020) and skin (e.g., galvanic skin response: e.g., Nourbakhs et al., 2012; Hoogerheide et al., 2019) have been used (for a review see, Paas, and Van Merrienboer, 2020). Psychophysiological measures are sensitive to instantaneous fluctuations in cognitive load.
Independent of the specific approach, which is employed in a study to measure cognitive load (i.e., subjective or objective), it is crucial to provide evidence that the specific measure allows inferences about the amount of cognitive capacity that a learner invested for learning or solving a task and, if applicable, for which type of cognitive load (e.g., intrinsic, extraneous, germane). In the next section, a framework for the systematic development and evaluation of educational and psychological assessments is introduced: the assessment triangle.
The Assessment Triangle
The assessment triangle (Figure 1) has been proposed by the US National Research Council (National Research Council, 2001) to emphasize that each educational assessment is a means to produce some data “that can be used to draw reasonable inferences about what students know” (p.42). While this statement refers to knowledge assessment, the framework also applies to broader contexts such as cognitive load assessment. The process of collecting evidence for supporting the specific inferences a researcher aims to draw is represented in the assessment triangle as a triad of construct (What is measured?), observation (How is it measured?), and interpretation (Why can we infer from observation to construct?) (Shavelson, 2010). For an assessment to be effective, each of the three elements must be considered and be in synchrony (National Research Council, 2001). Below, we explain how each dimension of the assessment triangle is reflected in the context of cognitive load research.
[image: Figure 1]FIGURE 1 | Assessment triangle (adapted from Shavelson, 2010).
Construct
In the case of cognitive load assessment, the construct under consideration is cognitive load. While cognitive load is generally defined as an individual’s cognitive resources used to learn or perform a task (e.g., Paas et al., 2003), further differentiations have been proposed, distinguishing between several types of cognitive load such as extraneous, intrinsic, and germane cognitive load (e.g., Paas et al., 2003) or mental load and mental effort (e.g., Krell, 2017). For example, Choi et al. (2014) propose a model of cognitive load in which three main assessment factors of cognitive load are included: mental load, mental effort, and performance; see also (Paas and Van Merriënboer, 1994).
While the basic definition of cognitive load is shared by most researchers, the theoretical distinction between different types of cognitive load is still under debate (de Jong, 2010; Sweller et al., 2019). For example, task performance is sometimes conceptualized as being one aspect of cognitive load (e.g., Choi et al., 2014) others see it as an indicator for cognitive load (e.g., Kirschner, 2002). Furthermore, the most established conceptualization of cognitive load encompassing three types of extraneous, intrinsic, and germane cognitive load is also critically discussed (Kalyuga, 2011). For a specific cognitive load assessment, it is necessary to be clear and precise as to what one aims to measure. It is argued that an assessment approach is most effective if an explicit and clear concept of the construct of interest is used as a starting point (National Research Council, 2001).
Observation
Observation refers to the data that are collected using a specific method and aimed to be interpreted as evidence to draw inferences about the construct under investigation (National Research Council, 2001)—in this case: cognitive load. Various approaches have been suggested to measure cognitive load (Brünken et al., 2010). Subjective approaches using self-reports on rating scales are frequently used to assess cognitive load, while several objective approaches are still in an earlier stage of development and evaluation (Antonenko et al., 2010; Sweller et al., 2011; Ayres et al.). However, the validity of different approaches and the extent to which they represent cognitive load are still under debate (Solhjoo et al., 2019; Mutlu-Bayraktar et al., 2020).
Taking into consideration the different types of cognitive load suggested in the literature as well, this makes it necessary to carefully decide on which measurement method to use in a given context and for a given purpose. Furthermore, researchers should be clear about what kind of measures they decided to apply and for what reasons. Related to subjective approaches for cognitive load measurement, for instance, it is not always entirely clear which construct the items are aimed to measure. For example, many researchers use category labels related to task complexity but label them broadly as measures of cognitive load (de Jong, 2010).
Interpretation
Interpretation refers to the extent to which valid inferences can be drawn from data (e.g., self-reports on rating scales) to (the level of) an individual’s invested cognitive resources. The interpretation of data as evidence for an individual’s cognitive load means generalizing from a specific form of data (e.g., subjective ratings on single items) to the more global construct of cognitive load (or a specific type, such as mental effort). This is an essential step for the operationalization of the construct. However, the interpretation of measured data may be questioned, for example, if this interpretation is made only based on subjective ratings on items assessing mental effort. This is because cognitive load—as proposed by Choi et al. (2014)—is not only composed of the assessment factor of mental effort but also of mental load and performance. This demonstrates that the evaluation of the validity of the proposed interpretation of test scores is critical and complex.
In more general terms, it is proposed to consider different sources of evidence to support the claim that the proposed inferences from data to an individual’s cognitive load are valid. This is why “the evidence required for validation is the evidence needed to evaluate the claims being made” (Kane, 2015, p.64).
Validity
In the Standards for Educational and Psychological Testing, the authors elaborate on different “sources of evidence that might be used in evaluating the validity of a proposed interpretation of test scores for a particular use” (p.13). These sources of validity evidence are: Evidence based on test content, on response processes, on internal structure, and on relations to other variables (American Educational Research Association et al., 2014). Gathering evidence based on test content hereby means analyzing the relation “between the content of a test and the construct it is intended to measure” (American Educational Research Association et al., 2014, p.14). Sources of evidence based on test content often consist of expert judgments. Concerning the assessment of cognitive load, it is necessary, for example, to ask why a specific approach (e.g., subjective) has been chosen and to what extent this decision influences the intended interpretation of the obtained data. Furthermore, quality criteria such as objectivity and reliability are necessary prerequisites for the valid interpretation of test scores (American Educational Research Association et al., 2014). The current concept of validity includes aspects of reliability and fairness in testing as part of the criteria that offer evidence of a sufficient internal structure. Gathering evidence based on response processes takes into account individuals’ reasoning while answering the tasks to evaluate the extent to which the proposed inference on an individual’s cognitive resources is valid. For this purpose, research methods like interviews and think-aloud protocols are typically employed. Gathering evidence based on relations to other variables means considering relevant external variables, for example, data from other assessments (e.g., convergent and discriminant evidence) or categorical variables such as different subsamples (e.g., known groups). For example, a comparison between subjective and objective measures has been proposed as a source of validity evidence for subjective measures and as a way to learn about what the different measures are measuring (Leppink et al., 2013; Korbach et al., 2018; Solhjoo et al., 2019).
Based on the considerations above, validity can be seen as an integrated evaluative judgment on the extent to which the appropriateness and quality of interpretations based on obtained data (e.g., subjective ratings or other diagnostic procedures) are supported by empirical evidence and theoretical arguments. Hence, “validity refers to the degree to which evidence and theory support the interpretations of test scores for proposed uses of tests” (American Educational Research Association et al., 2014, p.11). Therefore, the validation of an instrument is not a routine procedure but is carried out through theory-based research, with which different interpretations of test data can be legitimized or even falsified (Hartig et al., 2008). Kane (2013) further argued that researchers have to critically demonstrate the validity of test interpretations based on a variety of evidence, especially by considering the evidence that potentially threatens the intended interpretation (“falsificationism”).
The Contributions in this Research Topic
In the following, the 12 contributions of this Research Topic are analyzed and discussed based on the assessment triangle and the above thoughts on validity.
Minkley et al. based their study on the cognitive load framework Choi et al. (2014) and investigated relationships between causal and assessment factors of cognitive load in samples of secondary school students. The study aimed to test the assumed convergence between subjective (self-reported mental load and mental effort) and objective (heart rate) measures of cognitive load and to provide evidence for the assumed relationships between assessment factors of cognitive load (mental load and mental effort) and related causal factors in terms of learner characteristics (self-concept, interest and perceived stress). From their findings, the authors conclude that it is still unclear if objective measures can be validly interpreted as an indicator for an individual’s cognitive load and in which contexts. The authors emphasize the need for a clear theoretical framework of cognitive load, including the different objective measures.
Andersen and Makransky, in their contribution, evaluated an adapted version of the widely used Cognitive Load Scale by Leppink et al. (2013) called Multidimensional Cognitive Load Scale for Physical and Online Lectures (MCLS-POL). In three studies, the authors provide validity evidence based on test content (utilizing theoretical considerations and previous studies), on internal structure (through psychometric analyses), and on relations to other variables (using group comparisons). Overall, the authors conclude that their findings provide evidence for the validity of the MCLS-POL but that some minor limitations should be considered in future studies (e.g., some subscales with only a few items).
Klepsch and Seufert evaluated items that have been formulated to measure active (“making an effort”) and passive (“experiencing load”) aspects of cognitive load. The authors report on two empirical studies, which are based on theoretical considerations concerning the relationship between active and passive aspects of cognitive load and intrinsic, extraneous, and germane load, as well as established load-inducing instructional design principles (e.g., the split-attention principle). Hence, the authors address validity evidence based on test content, internal structure, and relations to other variables. The findings suggest that it is possible to distinguish between active and passive aspects of load and that this can be related to the three types of cognitive load (i.e., the active load is associated with GCL, while the passive load is associated with ICL and—less strongly—with ECL). The items were not able, however, to entirely provide the expected measures of active and passive load in the different load-inducing instructional settings.
Zu et al. investigated how learner characteristics affect the validity of a subjective assessment instrument developed to assess extraneous, intrinsic, and germane cognitive load. In three experiments, the authors asked students to sort the items of the instrument and provide reasons for their groupings (experiment 1), administered the instrument alongside an electric circuit knowledge test before and after an instructional unit on electric circuits (experiment 2), and provided students with a test including different load-inducing problems and asked them to fill out the instrument subsequently (experiment 3). Overall, the findings provide validity evidence based on test content from the target population’s view (experiment 1) and based on relations to other variables (i.e., known-groups comparison) from experiment 3; experiment 2, however, shows that the instrument’s internal structure varied depending on the students’ level of content knowledge. The authors discuss that content knowledge might moderate how students self-perceived their cognitive load. This emphasizes that learner characteristics have to be considered to draw valid inferences from self-reports on learners’ cognitive load.
Ehrich et al. propose a new cognitive load index, which is derived from item response theory (IRT) estimates of relative task difficulty. The authors argue that the proposed index combines key assessment factors of cognitive load (i.e., mental load, mental effort, and performance); hence, providing theoretical arguments as validity evidence based on test content. Empirically, Ehrich et al. administered a version of “Australia’s National Assessment Program—Literacy and Numeracy” test to calculate raw test scores from which relative task difficulty, that is, the proposed cognitive load index, was estimated. For this measure, they provide validity evidence based on internal structure (as the IRT model shows appropriate fit in the given context) and on relations to other variables. For the latter, the authors illustrate that students’ scores on two standardized assessments (numeracy and literacy) predicted the cognitive load index as expected.
Bijarsari presents in her theoretical article current taxonomies of dual tasks for capturing cognitive load. She argues that there is a lack of standardization of dual tasks over study settings and task procedures, which—in turn—results in a lack of validity of dual-task approaches and comparability between studies. Based on a review of three dual-task taxonomies, Bijarsari proposes a “holistic taxonomy of dual-task settings,” which includes parameters relevant to the design of a dual-task in a stepwise order, guiding researchers in the selection of the secondary task based on the chosen path.
Martin et al. administered the “Load Reduction Instruction Scale-Short” (LRIS-S) to students in high school science classrooms and applied multilevel latent profile analysis to identify student and classroom profiles based on students’ reports on the LRIS-S and their accompanying psychological challenge and threat orientations. The authors explicitly adopted a within- and between-network construct validity approach on both the student and the classroom level. The analysis suggested five instructional-motivational profiles (student-level within-network), which also showed differences in persistence, disengagement, and achievement (student-level between-network). At the classroom level, the authors identified three instructional-psychological profiles among classrooms (within-network) with different levels of persistence, disengagement, and achievement (between-network). Hence, the authors consider learner characteristics (motivational constructs) and environment characteristics (classrooms) and adopt a validity approach that considers evidence based on internal structure and on relations to other variables on both the student level and the classroom level.
Ayres et al., in their review, analyzed a sample of 33 experiments that used physiological measures of intrinsic cognitive load. The findings show that physiological measures related to four main categories were used in the analyzed studies (heart and lungs, eyes, skin, brain). For evaluation of the validity of the measures, the authors considered construct validity and sensitivity (i.e., the potential to detect changes in intrinsic cognitive load across tasks with different levels of complexity). The findings propose that the vast majority of physiological measures had “some level of validity” (p.13) but varied in terms of sensitivity. However, subjective measures, which were also applied in some of the studies, had the highest levels of validity. The authors conclude that a combination of physiological and subjective measures is most effective for validly and sensitively measuring intrinsic cognitive load.
Kastaun et al. examined the validity of a subjective (i.e., self-report) instrument to assess extraneous, intrinsic, and germane cognitive load during inquiry learning. Validity is evaluated by investigating relationships between causal (e.g., cognitive abilities) and assessment (e.g., eye-tracking metrics) factors about the scores on the cognitive load instrument. In two studies, secondary school students investigated a biological phenomenon and selected one of four multimedia scaffolds. Cognitive-visual and verbal abilities, reading skills, and spatial abilities were assessed as causal factors of cognitive load, and the learners indicated their representation preference by selecting one scaffold. In sum, the authors considered validity evidence based on test content and on relations to other variables, explicitly stating four validity assumptions: 1) the three scales have a sufficient internal consistency, 2) the three subjective measures detect different cognitive load levels for students in grades 9 and 11, 3) there are theoretically sound relationships between the three subjective measures and causal factors as well as 4) assessment factors. The findings consistently support assumptions 1) and 2) but only partially assumptions 3) and 4).
Thees et al. investigated the validity of two established subjective measures of cognitive load in the learning context of technology-enhanced STEM laboratory courses. Engineering students performed six experiments (presented in two different spatial arrangements) examining basic electric circuits and, immediately after the experimentation, answered both instruments. The authors analyzed various sources of validity evidence, including the instruments’ internal structure and relation to other variables (i.e., group comparison). The intended three-factorial internal structure could not be found, and several subscales showed insufficient internal consistency. Only one instrument showed the expected group differences. Based on these findings, the authors suggest a combination of items from both instruments as a more valid instrument, which, however, still has low reliability in the subscale for the extraneous cognitive load.
Ouwehand et al. investigated how visual characteristics of rating scales influenced the validity of subjective cognitive load measures. They compared four rating scale measures differing in visual appearance (two numerical scales and two pictorial scales), which asked participants to rate mental load and mental effort after working on simple and complex tasks. The authors address validity evidence on test content (by asking the respondents to comment on the scales in an open-ended question) and on relations to other variables (by comparing resulting measures between scale type and task complexity). The findings show that all scales revealed expected differences in mental load and mental effort between simple and complex tasks; however, numerical scales provided expected relationships between cognitive load measures and performance on complex tasks more clearly than visual scales, while the opposite was found for simple tasks. In sum, this study hints that subtleties in measurements (i.e., item surface features such as visual appearance) can influence findings and, hence, could be a potential threat to the valid interpretation of test scores.
Schnaubert and Schneider investigated the relationship between perceived mental load and mental effort and comprehension and metacomprehension under different design conditions of multimedia material. The authors varied the design of the learning material (text-picture integrated, split attention, active integration) and tested for direct and indirect effects of mental load and mental effort on metacomprehension judgments. Beyond indirect effects via comprehension, both mental load and mental effort were directly related to metacomprehension (which differed between the multimedia design conditions). Based on their findings, the authors discuss that subjectivity (i.e., subjective experience of cognitive processes) needs to be considered more explicitly for validly assessing cognitive load with subjective methods.
SUMMARY AND DISCUSSION
To summarize, the present Research Topic includes two theoretical papers (i.e., literature reviews) and ten empirical studies. The theoretical papers show, for the specific areas of analysis, that there is a lack of validity in and comparability between most studies using dual tasks to capture cognitive load (Bijarsari) and that the validity and sensitivity are limited for most physiological approaches (Ayres et al.). Both studies illustrate the need for further research in terms of conceptual clarification and methods development and evaluation, respectively. Compared to other constructs, such as general cognitive abilities (e.g., Liepmann et al., 2007) or domain-specific competencies (e.g., Krüger et al., 2020), standardized representative validation studies for cognitive load assessments are highly needed but widely missing. Hence, instead of evaluating new methods of cognitive load assessment, further systematic study of the different existing methods is needed. For example, to investigate under what conditions and for whom a specific subjective method works well and why would be more critical than just applying an existing or a new method. In addition, the measurement methods are typically considered one of several dependent variables in complex learning environments, which consist of many other elements (Choi et al., 2014). Therefore, it is challenging to disentangle the differential effects on the cognitive load measures. More fundamental research into the methods is needed to get a detailed picture of the factors affecting the obtained measures. For instance, Ouwehand et al. demonstrated that research on item surface features could provide valuable insights on the validity of subjective ratings. Such fundamental research should precede more applied research.
Of the ten empirical studies, one used cognitive load measures to investigate the proposed relationship between causal and assessment factors of cognitive load. Based on their findings, Minkley et al. specifically emphasize the need for precise conceptual integration of the various objective measures for cognitive load. The remaining nine empirical studies provide studies on the validity of newly developed cognitive load measures (e.g., active and passive load; Klepsch and Seufert) or on the validity of established measures adapted to new contexts (e.g., technology-enhanced STEM laboratory courses; Thees et al.). Studies of the latter type show that published scales should be evaluated before they can be validly used in new contexts.
Besides proposing specific cognitive load measures, the empirical studies in this Research Topic also provide valuable findings for cognitive load assessment in general. For example, Zu et al. show that learner characteristics should be considered to interpret subjective cognitive load measurements validly. All studies in this Research Topic found—to a greater or lesser extent—next to supportive evidence also evidence that potentially threatens the validity of the investigated measures. For example, Thees et al. could not find the assumed three-factorial internal structure of their data, and several of their subscales showed insufficient internal consistency. Generally, it is likely that the unsolved issue of how to conceptualize cognitive load (e.g., two vs. three types; Kalyuga, 2011) highly influences cognitive load measures and their validity—at least if scholars do not evaluate the appropriateness of the selected approach for their study context. Furthermore, it is also crucial for researchers to reflect on the consequences of new developments in cognitive load theory in the research on cognitive load measurement. One example is the recently identified possibility of working memory resource depletion, which may occur following extensive mental effort (Chen et al., 2018).
Concluding, the studies collected in this Research Topic illustrate the need for further research on the validity of interpretations of data as indicators for cognitive load. Such research, to be systematic and theory-guided, can be fruitfully framed within the assessment triangle (Figure 1).
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