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Abstract 

 

The search for relevant determinants of knowledge acquisition has a long tradition in 

educational research, with systematic analyses having started over a century ago. To date, a 

variety of relevant environmental and learner-related characteristics have been identified, 

providing a wide body of empirical evidence. However, there are still some gaps in the 

literature, which are highlighted in the current dissertation. The dissertation includes two 

meta-analyses summarizing the evidence on the effectiveness of electrical brain stimulation 

and the effects of prior knowledge on later learning outcomes and one empirical study 

employing latent profile transition analysis to investigate the changes in conceptual 

knowledge over time. The results from the three studies demonstrate how learning outcomes 

can be advanced by input from the environment and that they are highly related to the 

students’ level of prior knowledge. It is concluded that the effects of environmental and 

learner-related variables impact both the biological and cognitive processes underlying 

knowledge acquisition. Based on the findings from the three studies, methodological and 

practical implications are provided, followed by an outline of four recommendations for 

future research on knowledge acquisition. 
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1. Introduction 

Knowledge is a precious commodity we aim to amass, preserve, and disseminate (Hulbert 

& Anderson, 2008). Researchers and educators across various disciplines have been devoted 

to scientifically studying and deeply understanding the processes and the mechanisms 

underlying knowledge acquisition, and how these can be systematically supported (e.g., de 

Corte, 2010). It is widely assumed that knowledge acquisition occurs through intra-learner 

processes (e.g., George A. Miller, 1956; Sweller, van Merriënboer, & Paas, 1998), and is 

facilitated by environmental factors such as information provided in the form of teaching and 

instruction (Gagné, 2004; Stern, 2017; Sweller et al., 1998; Ullén, Hambrick, & Mosing, 

2016) as well as learner-related factors such as prior knowledge or general abilities (e.g., 

Baddeley, Eysenck, & Anderson, 2009; Biggs, 2003; Gagné, 2004; Stern, 2017; Ullén et al., 

2016). The current dissertation adopted this view and investigated the effects of 

environmental and learner-related determinants on knowledge acquisition. There are three 

main sections in this dissertation: the introduction and theoretical background (Chapters 1 to 

4), the presentation of the three studies as the core of this dissertation (Chapters 5 to 7), and 

the general discussion (Chapter 8) and conclusion (Chapter 9). More precisely, the findings 

from the single studies provide comprehensive insights regarding the effects of transcranial 

electrical stimulation on school relevant learning outcomes (Study 1), the relevance of prior 

knowledge on learning outcomes and environmental and learner-related moderating variables 

of this relationship (Study 2), and transition pathways of the acquisition of conceptual 

knowledge over time considering different qualities of knowledge (Study 3).  

  



Environmental and Learner-Related Determinants of Knowledge Acquisition 10 

2. Knowledge 

The concept of knowledge originally stems from early philosophy and is now used in 

multiple domains and disciplines. One of the oldest and most widely used definitions of 

knowledge originated from Plato’s Theaetetus stating that knowledge is “justified true belief”. 

While this definition is not without problems, it points to the fact that knowledge is a mental 

state. Many modern-day psychological theorists subscribe to this view and use the words 

knowledge and mental representation interchangeably (e.g., Markman & Dietrich, 2000; 

Spelke & Kinzler, 2007). In line with this, knowledge is mentally represented information 

stored in memory (e.g., Anderson, 1983; Weinert, 1999), which is ultimately instantiated in 

neuronal connections in the brain (Brod, Werkle-Bergner, & Shing, 2013; Poldrack et al., 

2011). As such, knowledge is a person-related variable describing information stored in 

memory (Yates & Chandler, 1991), that can vary substantially across individuals. 

The initial status of knowledge, also referred to as prior knowledge, is relevant for further 

knowledge acquisition and resulting broader academic outcomes (e.g., Stanovich, 1986; 

Watts, Duncan, Siegler, & Davis-Kean, 2014). Prior knowledge is defined as the knowledge 

available in a person’s long-term memory before learning something new (cf. Dochy & 

Alexander, 1995). It is useful to distinguish knowledge from academic achievement, which 

has been commonly investigated in educational studies. Academic achievement is defined as 

the extent to which a learner has achieved short or long-term educational goals that were the 

focus of activities in instructional environments, for example in primary and secondary 

school, or college and university (Steinmayr, Meißner, Weidinger, & Wirthwein, 2014). 

Academic achievement can be assessed either by general indicators such as domain-specific 

knowledge measures, more curricular-based criteria (e.g., grades or performance on an 

achievement test), or by means of cumulative indicators (e.g., degrees or educational 

certificates) (Steinmayr et al., 2014). Thereby, knowledge denotes a component of broader 

cognitive learning outcomes such as achievement (Steinmayr et al., 2014), literacy (OECD, 
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2016), or expert performance (Gobet, 1998). Achievement, competence, or expertise is based 

on the accumulation of knowledge over time (Brod et al., 2013; Yates & Chandler, 1991). 

2.1 Characteristics of Knowledge 

Conceptually, knowledge can be distinguished between various types of knowledge and 

different aspects of the quality of knowledge (de Jong & Ferguson-Hessler, 1996; Farnham-

Diggory, 1994). Types of knowledge may include declarative or conceptual knowledge (e.g., 

facts, concepts, principles; Goldwater & Schalk, 2016; Michael Schneider & Stern, 2010), 

procedural knowledge (i.e., knowledge about actions which are important for problem 

solving; Anderson et al., 2004; Michael Schneider & Stern, 2010), situational knowledge (i.e., 

knowledge about typical problem situations; de Jong & Ferguson-Hessler, 1996), or logical 

knowledge (i.e., a mental model of what is connected to what and what leads to what; 

Farnham-Diggory, 1994). Qualities of knowledge can include the hierarchical organization of 

knowledge (superficial vs. deeply embedded; Rosch, Mervis, Gray, Johnson, & Boyes-Braem, 

1976; Rumelhart, 1980), the inner structure of knowledge (isolated knowledge elements vs. 

well structured, interlinked knowledge; diSessa, 2008; diSessa, Gillespie, & Esterly, 2004; 

Michael Schneider & Grabner, 2012), the level of automation (i.e., declarative vs. compiled; 

Anderson et al., 2004; Sweller et al., 1998), the level of abstraction (colloquial vs. formal; 

Krems, 1994), the generalizability of knowledge (general vs. domain-specific; Carey & 

Spelke, 1994; Wellman & Gelman, 1992), the explicitness of knowledge (explicit vs. implicit; 

Dienes & Perner, 1999), or its correctness (e.g., incorrect vs. partially correct vs. scientifically 

correct, Shtulman & Valcarcel, 2012; Smith III., diSessa, & Roschelle, 1993; Vosniadou & 

Brewer, 1992). Although different types or qualities of knowledge cannot always be 

empirically separated (e.g., Rittle-Johnson & Schneider, 2015), a theoretical distinction can be 

helpful in terms of achieving a better understanding of knowledge acquisition over time and 

possible moderating variables of these developments. 
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2.2 Storage of Knowledge: Connectivity Patterns and Cognitive Architectures 

A wide body of research has been devoted to gain a deep understanding on how knowledge 

is stored. Research mainly stems from two different disciplines, namely neuroscience and 

cognitive science. From a biological perspective, knowledge is stored in form of modified 

synaptic connectivity. It is assumed that a specific connectivity pattern between synapses of a 

set of neurons is linked to a mental representation. The connection between the connectivity 

pattern and the mental representation is also called an engram. It is thought that information is 

stored in the very same cell assemblies that are active during online information processing of 

mental activities. Therefore, input of new information substantiates a particular activation 

pattern, as it resonates with the established connections (Rösler & Heil, 2003). 

From a cognitive perspective, knowledge is stored in long-term memory. There are 

various models describing the cognitive architectures of knowledge storage (e.g., Anderson et 

al., 2004; Bartlett, 1932; Newell, 1990). They share the basic assumption that knowledge is 

stored in long-term-memory in the form of elements which may either be related or not, 

commonly referred to as associative networks. This implies that knowledge structures are 

virtually unlimited in their size, complexity, and sophistication and that they are built over 

time (Bartlett, 1932; Chi, Glaser, & Rees, 1982; Rumelhart & Orthony, 1977).  

Understanding the structures that constitute human cognitive architectures can serve as a 

foundation for instructional approaches and for achieving a deep understanding of the 

processes of knowledge acquisition in educational settings (Kirschner, Sweller, & Clark, 

2006; H. G. Schmidt, Loyens, van Gog, & Paas, 2007). 

 

2.3 Acquisition of Knowledge 

Knowledge acquisition “is conceived in terms of storage of information in memory as a 

consequence of any experience the individual might have had” (Medin & Ross, 1992, p. 55). 

This definition has two major implications. First, knowledge acquisition means changes to 
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information stored in long-term memory. Second, various (intra-learner) processes of change 

take place during knowledge acquisition (i.e., acquisition, modification, enrichment of 

knowledge), and these processes may be determined by the characteristics of the learner and 

their environment. The following section will reflect this logic by first examining underlying 

intra-learner processes of knowledge acquisition, followed by an overview of relevant learner 

characteristics and influences from the learners’ environment.  

2.3.1 Intra-Learner Processes 

A wide body of research has demonstrated the relevance of intra-learner processes for 

knowledge acquisition on both neurophysiological and cognitive levels. These processes and 

their interaction will be briefly presented in the paragraphs that follow. 

From a neurophysiological perspective, knowledge acquisition is the reorganization of 

brain structures, which is also known as neuroplasticity. This change may be described on 

different levels, ranging from synaptic modification, to how populations of neurons cooperate, 

to how multiple brain areas interact (Newman & Polk, 2008). There are different mechanisms 

underlying neuroplasticity, namely synaptic plasticity, nonsynaptic plasticity, and 

metaplasticity (Abraham, 2008; Daoudal & Debanne, 2003). Synaptic plasticity describes the 

process by which synapses are modified in their structure and function due to incoming 

stimuli or cues from the environment (Gaiarsa, Caillard, & Ben-Ari, 2002). The classical 

models underlying synaptic plasticity are long-term potentiation (LTP), denoting an increase 

in synaptic strength, and long-term depression (LTD), denoting a decrease in synaptic 

strength (Bear & Malenka, 1994). Nonsynaptic plasticity describes the modification of a 

single neurons’ intrinsic electrical properties (Daoudal & Debanne, 2003), often also referred 

to as intrinsic plasticity. The models underlying nonsynaptic plasticity are E-S potentiation 

and E-S depression, denoting an excitatory postsynaptic potential, which can either be 

decreased or increased (Bliss & Lømo, 1973; Daoudal, Hanada, & Debanne, 2002). Synaptic 

plasticity and nonsynaptic plasticity are both bidirectional and functionally synergetic 
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(Daoudal & Debanne, 2003). Metaplasticity describes activity-dependent changes in neural 

functions that modulate subsequent synaptic plasticity (Abraham & Bear, 1996). It refers to 

neuronal changes that occur at one point in time which is commonly called priming activity, 

regulating processes of synaptic plasticity (Abraham, 2008). 

A major contribution of cognitive science to educational theory and research is to provide 

models of how learners process information to build knowledge in their memory (e.g., Mayer, 

2001; Mayer & Moreno, 2003; George A. Miller, 1956; Paivio, 1991; Sweller et al., 1998). 

The models outline the central role of short-term sensory storage, working memory, and long-

term memory. Sensory storage and working memory enable learners to manage limited 

amounts of incoming information during initial processing, whereas long-term memory serves 

as a permanent storage for knowledge. The short-term sensory storage screens incoming 

stimuli and transfers only the most relevant stimuli to working memory. Basic cognitive 

processes relevant for this step are attention and perception. Working memory serves as a 

multi-component temporary storage, where new information is assigned meaning, linked to 

other information, and essential mental operations, such as inferences, are performed. Basic 

cognitive processes executed in working memory are selective attention, selective processing, 

and elaboration of new information. Long-term memory serves as a permanent repository for 

different types and qualities of knowledge (e.g., procedural knowledge or declarative 

knowledge and fragmented or complete knowledge). Working memory and long-term 

memory are connected by encoding and retrieval processes. Encoding refers to the strategies 

that describe how information from the temporary storage in working memory is transferred 

into long-term memory (i.e., knowledge acquisition). Retrieval describes the process of 

searching memory and accessing stored information (i.e., prior knowledge) for active 

processing in working memory. Both encoding and retrieval facilitate knowledge acquisition 

when information in long-term memory is easily accessible.  
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2.3.2 Environmental Determinants 

Knowledge acquisition is highly determined by input from the environment (e.g., Mayer, 

2001; Stern, 2017), raising the question of how the learning environment can enhance 

knowledge acquisition and its underlying biological and cognitive processes. The search for 

effective instruction as an advancement for knowledge acquisition has attracted research for 

over a century (Alexander & Mayer, 2011). However, the effectiveness of instruction may be 

limited by biological factors (Blakemore & Choudhury, 2006; Daoudal & Debanne, 2003; 

Mua, Liac, Yaob, & Zhuoc, 1999) or cognitive factors (e.g., Mayer & Moreno, 2003; George 

A. Miller, 1956; Sweller et al., 1998; Tyng, Amin, Saad, & Malik, 2017). One method 

targeting the enhancement of biological processes underlying knowledge acquisition is 

electrical stimulation of the brain (e.g., Moreno-Duarte et al., 2014). As knowledge can also 

be seen as activity patterns in the brain that change due to learning (Daoudal & Debanne, 

2003; Gaiarsa et al., 2002), manipulation of these activity patterns may possibly be beneficial 

for the enhancement of knowledge acquisition. Cognitive processes underlying knowledge 

acquisition may be targeted by instructional processes. It is most beneficial when instruction 

accounts for the limited cognitive capacity of working memory in humans, as proposed by 

cognitive load theory (e.g., Sweller et al., 1998). Two examples for environmental 

determinants of knowledge acquisition will be more closely discussed in the following 

paragraphs, respectively. 

A method targeting the biological processes of neuroplasticity is transcranial electrical 

stimulation (tES; Moreno-Duarte et al., 2014), where the brain is non-invasively stimulated 

with a weak and painless electrical current. The current is delivered through electrodes on the 

scalp and is assumed to modulate the excitability, long-term synaptic plasticity, or oscillatory 

activity of the brain’s underlying cortical regions (Moreno-Duarte et al., 2014). The five most 

common types of tES are transcranial direct current stimulation (tDCS), high-definition 

transcranial direct current stimulation (HDtDCS), transcranial alternating current stimulation 
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(tACS), transcranial pulsed current stimulation (tPCS), and transcranial random noise 

stimulation (tRNS) (Nitsche & Paulus, 2000). These procedures differ both in their intensity 

(ranging from -500 μA to 2 mA) as well as in the type of current applied (e.g., constant 

current, bidirectional, biphasic current, or alternating current). The typical duration of 

electrical stimulation ranges from 2 to 20 minutes. The effects of tES are usually investigated 

by comparing a tES group with a sham control group, in which everything is done similarly, 

including the placement of the electrodes, but no actual electrical stimulation is given for 

most of the session (for more details, see Dissanayaka, Zoghi, Farrell, Egan, & Jaberzadeh, 

2017). During the last few years, several meta-analyses have investigated the effects of tES on 

neurophysiological and cognitive variables (Horvath, Forte, & Carter, 2015a, 2015b; Price, 

McAdams, Grossman, & Hamilton, 2015), but the results of the included single studies as 

well as of the overall results found in the meta-analyses are heterogeneous. Furthermore, none 

of the previous meta-analyses have investigated the effects of tES on knowledge acquisition 

for school-relevant tasks. However, this seems promising, as it is assumed that tES enhances 

neuronal correlates of learning (e.g., Stagg et al., 2009; Stagg & Nitsche, 2011). It is therefore 

of scientific interest to more deeply investigating the effects of tES, to determine whether 

advancement of knowledge acquisition using tES is possible.  

For the acquisition and reorganization of information in long-term memory, information 

processing through working memory is a key factor (e.g., Stern, 2017). However, working 

memory is limited in capacity, potentially restricting the transfer of information from working 

memory to long-term memory (George A. Miller, 1956). The cognitive load theory (CLT; 

Sweller et al., 1998) addresses the cognitive processes underlying knowledge acquisition. It 

proposes that instruction designed to reduce working memory load facilitates learning. There 

is a wide body of evidence indicating that the reduction of cognitive load is effective, as 

demonstrated in various single studies and meta-analyses. For example, the reduction of 

cognitive load has been demonstrated to be effective in terms of error prevention training 
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(Hutchins, Wickens, Carolan, & Cumming, 2013), the use of instructional animations (Höffler 

& Leutner, 2007), or an increase of spatial or temporal contiguity of related elements (Ginns, 

2006). The positive effects of addressing cognitive load in instruction were consistently found 

across different domains and specific instructional methods, indicating the generality of the 

effectiveness when considering cognitive processes for knowledge acquisition. 

2.3.3 Learner-Related Determinants 

One of the key components of knowledge acquisition is prior knowledge, both from a 

biological and cognitive perspective (e.g., Brod et al., 2013; Newman & Polk, 2008; Sweller 

et al., 1998). Neuroscientists argue that prior knowledge directs information processing in a 

top-down-manner. Prior knowledge as a higher-order representation can affect lower-order 

processes, for example the recognition of newly presented material (e.g., Newman & Polk, 

2008). Further, recent findings from neuroscience point to a prominent role of the medial 

prefrontal cortex and the hippocampus in the emergence of prior knowledge, and in its 

application for successful memory encoding, consolidation, and retrieval (Maguire, Frith, & 

Morris, 1999; van Kesteren, Rijpkema, Ruiter, & Fernández, 2010; van Kesteren, Rijpkema, 

Ruiter, Morris, & Fernández, 2014; Wang & Morris, 2010). Prior knowledge is also 

highlighted as a key variable in cognitive theories and models (e.g., Chase & Ericsson, 1982; 

Stern, 2017; Sweller et al., 1998). As working memory and long-term memory are directly 

connected, prior knowledge stored in long-term memory affects students’ selective attention, 

selective processing, encoding, retrieval, and storage, which becomes evident in the  

(re-)structuring and integration of knowledge in long-term memory. From this perspective, 

learning and thinking processes are never knowledge free, which highlights the dynamic role 

of knowledge in human information processing.  

A remarkable amount of research has considered prior knowledge, its contribution to 

knowledge acquisition and academic performance, and the underlying cognitive principles. 

Prior knowledge positively influences knowledge acquisition (e.g., Stanovich, 1986; Yates & 
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Chandler, 1991). When comparing individuals on knowledge levels, a minor difference at one 

time point will likely become a large difference on a subsequent assessment. This cumulative 

impact of prior knowledge is an example of the Matthew effect (i.e., an increase in individual 

differences such that the rich get richer and the poor get poorer) and has been empirically 

supported across many learner sub-groups and various domains (Duff, Tomblin, & Catts, 

2015; Sharp, Sinatra, & Reynolds, 2008; Stanovich, 1986; Walberg & Tsai, 1983; Watts et 

al., 2014). Research has suggested several psychological mechanisms to explain the positive 

effects of prior knowledge on acquiring new knowledge, mainly focusing on enhanced 

cognitive processes due to prior knowledge (Craik & Bialystok, 2006). For example, previous 

research has demonstrated positive effects of prior knowledge on processing speed (e.g., 

Chase & Simon, 1973), information encoding (Crooks & Alibali, 2013; DeWitt, Knight, & 

Hicks, 2012), retrieval of information (e.g., Chi & Ceci, 1987; Jensen & Hansen, 1995; Recht 

& Leslie, 1988; W. Schneider, Körkel, & Weinert, 1989), and knowledge integration (e.g., 

Hambrick & Engle, 2002; Murphy, 2002). Considering different qualities of knowledge, prior 

knowledge can also inhibit the acquisition of new knowledge (cf. Dochy, Segers, & Buehl, 

1999; W. Schneider, 1993; Stern, 2001; Vosniadou & Brewer, 1992), potentially limiting the 

amount of change for less knowledgeable as compared to more knowledgeable students. It is 

thought that misconceptions lead to interferences as new information is more likely to be 

interpreted in terms of such initial misconceptions (e.g., Guzzetti, Snyder, Glass, & Gamas, 

1993; van Loon, de Bruin, van Gog, & van Merriënboer, 2013; Vosniadou, 1994; Vosniadou 

& Skopeliti, 2017). Alternately, more knowledgeable students may experience less 

interference in knowledge acquisition as they may incorporate less misconceptions. However, 

much less is empirically known about how misconception at one point relate to subsequent 

knowledge at a later points in time (e.g., Michael Schneider & Hardy, 2013).  

On the other side, the gap between individuals with more or less knowledge may close 

over time as described by the compensation effect (e.g., Baumert, Nagy, & Lehmann, 2012; 
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Kalyuga, Ayres, Chandler, & Sweller, 2003; Schroeders, Schipolowski, Zettler, Golle, & 

Wilhelm, 2016). Compensation effects have been empirically supported in different academic 

settings (e.g., Baumert et al., 2012; Huang, Moon, & Boren, 2014; Kalyuga, 2008), with 

various potential mechanisms for this effect having been proposed. Compensatory effects may 

likely be found when students receive regular school education, which mainly focuses on the 

promotion of less knowledgeable students, resulting in a lack of support for more 

knowledgeable students in academic contexts (e.g., Schroeders et al., 2016; Snow, 1989). 

More specifically, instructional design may have a positive impact on closing the gap between 

students differing in prior knowledge. This can be achieved by implementing instructional 

design principles based on cognitive load theory (Sweller et al., 1998) as demonstrated in 

various studies investigating expertise reversal effects (Kalyuga et al., 2003). It is assumed 

that instructional guidance is effective in enhancing knowledge acquisition in less 

knowledgeable learners, as it reduces cognitive load for this particular learner sub-group. 

However, it is ineffective for knowledgeable learners as it likely increases cognitive load for 

those students, which hinders knowledge acquisition (Kalyuga et al., 2003). 

Summarizing, a wide body of research demonstrates the relevance of prior knowledge for 

later knowledge acquisition. Specifically, research has found a positive association between 

prior knowledge and knowledge acquisition (i.e., Matthew effect) as well as a negative 

association (i.e., compensatory effect, misconception effect), leaving it open whether the 

overall net effect of prior knowledge on learning outcomes is positive, negative, or close to 

zero if the positive and negative effects cancel each other out. Further, empirical insights of 

the Mathew effect mainly stem from studies quantifying the amount of knowledge, leaving 

out whether differences in the quality affect knowledge acquisition over time in the same 

manner. 
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3. Methodological Approaches 

Statistical analyses targeting the development of knowledge structures and the 

aggregation of existing scientific evidence have more recently gained wide attention. A 

method that allows the quantitative examination of pathways of knowledge acquisition is 

latent transition analysis (Hickendorff, Edelsbrunner, McMullen, Schneider, & Trezise, in 

press). The first section of this chapter will briefly introduce this method and provide possible 

areas of application. Further, meta-analytic synthesis of data (Borenstein, Hedges, Higgins, & 

Rothenstein, 2009; F. L. Schmidt & Hunter, 2015) has gained considerable interest, as it 

allows drawing an overall picture of scientific evidence on a specific topic by integrating 

research findings across single studies. The second section of this chapter targets the 

principles, advantages, and limitations of meta-analyses.  

3.1 Latent Class, Latent Profile, and Latent Transition Analyses 

In traditional statistical approaches, it is assumed that the relationship between variables 

can be similarly applied to all learners. This implies that individual differences across students 

are homogeneous (Bergman & Magnusson, 1997; Collins & Lanza, 2010). If qualitative 

distinctions between subgroups exist within a population, consequently they are not 

accurately represented by this general model (Hickendorff et al., in press). However, 

individual differences are regularly expected in educational contexts. In these cases, most 

often cut-off values are used for statistical analyses. For example, differences in prior 

knowledge across learners are commonly operationalized by dividing the learners into high 

and low prior knowledge groups. The most prevalent technique is median split (e.g., 

Amadieu, Tricot, & Marine, 2009; Fyfe, Rittle-Johnson, & DeCaro, 2012; Kalyuga, 2008; U.-

M. Krause, Stark, & Mandl, 2009; Kyun & Lee, 2009; Salmeron, Kintsch, & Canas, 2006). 

Variations between the groups are then investigated in terms of differences in learning 

outcomes. There a several disadvantages of cut-off points. They are likely to be arbitrary and 
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can result in a distorted picture of the relationships between variables (e.g., Altman & 

Royston, 2006; Irwin & McClelland, 2003). An alternative to analyzing heterogeneous 

populations is the application of latent class analysis (for categorical variables) or latent 

profile analysis (for continuous variables). These methods are commonly used to identify 

learner sub-groups that differ on specific variables. The differences can either be quantitative 

(for example the amount of correct prior knowledge) or qualitative in nature (for example the 

quality of knowledge such as misconceptions). In latent transition models, pathways between 

latent classes or profiles of knowledge over time are investigated by adding a transitioning 

component. 

There are several steps for performing latent class, latent profile, and latent transition 

analysis (for a comprehensive overview, see Hickendorff et al., in press). Depending on the 

measurement level of the observed variable and the number of measurement points, different 

latent class and latent profile models exist (for example, a latent class model for analyzing 

categorical indicators in a cross-sectional design or latent profile transition models for 

analyzing continuous indicators in a longitudinal design). After deciding for a research 

question and an appropriate model, the number of latent classes or profiles can be determined 

based on existing measurement data. If multiple measurement points were assessed, transition 

analyses may be performed. The classes as well as the transition paths between latent classes 

or profiles of knowledge can be further predicted by external variables, for example 

intelligence or socio-economic-status. Therefore, latent transition analyses can be utilized for 

a broad range of research questions that focus on individual differences and changes over 

time. They can further be applied to quantitative as well as qualitative data, or a mix of both. 

3.2 Meta-Analyses 

Meta-analysis describes a quantitative synthesis that pools or aggregates findings from 

multiple single studies using statistical techniques (Borenstein et al., 2009; F. L. Schmidt & 
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Hunter, 2015). At best, the single studies included in a meta-analysis have been explicitly and 

rigorously identified by systematic review techniques (J. P. T. Higgins & Green, 2008; 

Petticrew & Roberts, 2005). There are various statistical models and approaches underlying 

meta-analyses which are discussed in the next paragraphs. 

Meta-analyses may differ in their underlying statistical models (Cheung, 2015), more 

specifically (1) fixed effects versus random-effects models, (2) models for independent versus 

dependent effect sizes, and (3) models with or without structural models on the average effect 

sizes. First, meta-analyses are commonly employed to estimate a single summary estimate of 

a hypothetical true underlying effect that each study determined. The identification of a single 

effect size in a population is performed by means of a fixed-effect model. A more complex, 

and likely more-realistic meta-analytic strategy, is the application of a random-effects model. 

This analysis allows the aggregation of evidence for different underlying effects from single 

studies that vary as a function one or more moderator variables (Carter, Schönbrodt, Gervais, 

& Hilgard, 2017; Cooper, Hedges, & Valentine, 2009; Raudenbush, 2009). Second, effect 

sizes may be statistically dependent, and thus violate a central assumption of classical meta-

analytic models. For example, this may be the case when a study reports several effect sizes 

for various dependent measures or measurement points. In these cases, structural equation 

modeling (e.g., Cheung, 2015) or robust variance estimation (RVE; Hedges, Tipton, & 

Johnson, 2010; Tanner-Smith & Tipton, 2014; Tanner-Smith, Tipton, & Polanin, 2016) may 

be applied. Third, researchers may be interested in determining the impact of mediators or 

moderators on effect sizes. This may be performed by means of meta-regression analyses 

(e.g., Baker, White, Cappelleri, Kluger, & Coleman, 2009; Hedges et al., 2010; Morton, 

Adams, Suttorp, & Shekelle, 2004). 

Conducting a meta-analysis involves several steps, namely the formulation of a research 

question (definition of the research goal, the central keywords, inclusion and exclusion 

criteria, and potential moderators), the performance of a standardized literature search, the 
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coding of studies (based on specific coding rules), and the meta-analytic procedure 

(calculation and transformation of effect sizes, aggregation of effect sizes, analysis of 

moderator effects). How the specific steps are performed can greatly differ across studies. For 

example, some meta-analyses include both published and unpublished research, whereas other 

studies include only published research. Further, in some meta-analyses the effect sizes are 

computed from raw data reported in the single studies, whereas others use the effect sizes 

reported in the studies.  

The results from meta-analyses may systematically over- or underestimate the true effect, 

which is referred to as bias (Carter et al., 2017; F. L. Schmidt & Hunter, 2015). Meta-analytic 

bias may be caused by study artefacts or general characteristics of single studies included in 

the meta-analysis. Common biases due to study artifacts are caused by sampling error, 

measurement error, dichotomization, range variation, attrition artefacts, deviation from 

perfect construct validity, reporting or transcriptional error, and variance due to extraneous 

factors that affect the relationship. More general biases are availability bias, source bias, and 

publication bias (for an overview on the different biases, see F. L. Schmidt & Hunter, 2015). 

To facilitate better interpretation of the results of a meta-analysis, the magnitude of bias can 

be determined (e.g., Duval & Tweedie, 2000; Egger, Smith, Schneider, & Minder, 1997; 

Henmi & Copas, 2010). Further, the biases can be addressed statistically by applying 

corrections to the effect sizes obtained from single studies (e.g., F. L. Schmidt & Hunter, 

2015). 

In sum, meta-analyses allow for the analysis of patterns of relationships and moderator 

analyses by combining (inconsistent) evidence from single studies into an overall effect size. 

Results from meta-analyses may serve as the foundation for theory validation, theory 

development, and policy formulation by accumulating the knowledge gained from the 

existing scientific evidence within a specific field and by providing new insights which are 

not inferable from individual studies (Hoffert, 1997; Hunter & Schmidt, 1996; F. L. Schmidt 
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& Hunter, 2015). Problems with meta-analyses can occur when aggregating data from 

different designs, treatments, or constructs, raising the question whether the results from 

differing studies are still comparable and if the obtained results could be misleading. As in 

single studies, results from meta-analyses may be biased. However, meta-analyses have the 

advantages of a more accurate estimation of the overall effect and the analysis of mediating 

and moderating variables. 

 

4. The Current Dissertation 

Knowledge acquisition highly depends on intra-learner processes, which can be described 

and analyzed on a biological and cognitive level. These intra-learner processes are influenced 

by external factors from the environment, such as systematically applied advancements of 

knowledge acquisition (i.e., tES, instruction), and learner-related factors, such as the 

individuals’ prior knowledge stored in long-term memory. Both environmental as well as 

learner-related characteristics can significantly contribute to learning outcomes such as 

knowledge or academic achievement. This dissertation aimed to investigate the effects of 

environmental characteristics and prior knowledge, as a learner characteristic, on knowledge 

acquisition by means of two meta-analyses and one latent transition analysis. 

The first study provides insights in regards of whether tES affects learning outcomes 

based on a meta-analytic aggregation of existing evidence. It was assumed that tES, as an 

environmental factor, influences biological substrates of knowledge acquisition, which are 

associated with learning outcomes (Stagg et al., 2009; Stagg & Nitsche, 2011). Therefore, the 

effects of tES were expected to be evident in school-relevant learning outcomes. Overall, the 

study provides the first insights on the effects of tES on knowledge acquisition and potential 

third variables influencing the effects. 

The second study investigated the relationship between prior knowledge and learning 

outcomes in a meta-analysis. It was assumed that prior knowledge has a significant influence 
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on the cognitive process of information processing, supporting the acquisition and 

reformation of knowledge (Anderson, 1983; Stern, 2017; Sweller et al., 1998). This may lead 

to the accumulated advantage of students with high prior knowledge (Stanovich, 1986; Yates 

& Chandler, 1991). However, differences in prior knowledge can also be reduced over time 

(Baumert et al., 2012; Kalyuga et al., 2003), especially when instruction accounts for the 

demands of less knowledgeable students (Sweller et al., 1998). The second study investigated 

whether the overall net effect of prior knowledge on learning outcomes is positive, negative 

or close to zero, and whether the effect was moderated by characteristics of the knowledge, 

the learner, or the environment. 

Study 3 investigated the relationship between prior knowledge and learning outcomes 

longitudinally using latent transition analysis. Despite the advantage of the amount of prior 

knowledge for knowledge acquisition, much less is known about pathways of knowledge 

acquisition starting with incorrect or partly incorrect knowledge as is manifested in 

misconceptions. As an essential part of prior knowledge, misconceptions are very common 

(Masson, Potvin, Riopel, & Brault-Foisy, 2014). In the current study, conceptual knowledge 

was assessed over the course of two semesters, allowing for the investigation of individual 

pathways of knowledge acquisition in students differing in the quality of knowledge 

structures. 
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5. Study 1: Electrical Brain Stimulation (tES) Improves Learning More Than 

Performance: A Meta-Analysis 

 

5.1 Abstract 

Researchers have recently started evaluating whether stimulating the brain noninvasively 

with a weak and painless electrical current (transcranial Electrical Stimulation, tES) enhances 

physiological and cognitive processes. Some studies found that tES has weak but positive 

effects on brain physiology, cognition, or assessment performance, which have attracted 

massive public interest. We present the first meta-analytic test of the hypothesis that tES in a 

learning phase is more effective than tES in an assessment phase. The meta-analysis included 

246 effect sizes from studies on language or mathematical competence. The effect of tES was 

stronger when stimulation was administered during a learning phase (d = 0.712) as compared 

to stimulation administered during test performance (d = 0.207). The overall effect was 

stimulation-dosage specific and, as found in a previous meta-analysis, significant only for 

anodal stimulation and not for cathodal. The results provide evidence for the modulation of 

long-term synaptic plasticity by tES in the context of practically relevant learning tasks and 

highlight the need for more systematic evaluations of tES in educational settings. 

 

5.2 Theoretical Background 

The search for more effective learning techniques has been a quest of humanity since 

time immemorial. Recently, researchers have started evaluating whether stimulating the brain 

non-invasively with a weak and painless electrical current (transcranial Electrical 

Stimulation, tES) enhances learning and performance. In tES, typically two electrodes are 

attached to the scalp via saline-soaked sponges. The applied current is usually not higher than 

2 mA. In a stimulation session, the current is typically applied from 2 minutes to 20 minutes. 

The most common form of tES is transcranial Direct Current Stimulation (tDCS), where 



Environmental and Learner-Related Determinants of Knowledge Acquisition 27 

anodal and cathodal stimulation can be distinguished. The effects of tES are usually 

investigated by comparing a tES group with a SHAM control group, in which everything is 

done the same, including the placement of the electrodes on the skull, but no actual electrical 

stimulation is given for most of the session. To many, the attractiveness of tES research with 

healthy participants lies in the promise of achieving performance improvements without 

investing more time and effort. tES has attracted massive public interest as demonstrated by 

TED talks and numerous YouTube tutorials for building self-stimulation devices from 

household items. The physicist Stephen Hawking even raised the question of whether 

electrical brain stimulation might lead us to the next step of human evolution (Hawking, 

2013).  

A rapidly increasing (Minarik et al., 2016) number of studies have investigated to what 

extent these hopes are realistic and tES is actually effective. The results have been 

summarized in several meta-analyses, but the results of the single studies as well as of the 

meta-analyses are heterogeneous. One recent meta-analysis analyzed the effects of single-

session tDCS on 30 physiological measures (Horvath et al., 2015a). Only the effects of tDCS 

on motor-evoked potentials reached significance, whereas none of the other 29 variables was 

reliably affected by tDCS. A second meta-analysis by the same authors investigated tDCS 

effects on cognitive outcomes, including executive functions, language production, and 

memory in healthy adults (Horvath et al., 2015b). None of the 59 comparisons was 

statistically significant. In contrast, more positive evidence comes from a meta-analysis of 

tDCS effects on language-related cognitive processes, which found a medium strong effect 

size (Cohen's d = 0.445; Price et al., 2015). However, with 8 effect sizes from a total of 119 

participants, the database was small and the precision of estimation was low as indicated by 

the large confidence interval (95% CI [0.176, 0.715]). Three meta-analyses focusing on 

working memory functioning and including between 8 to 36 effect sizes found only weak and 

inconsistent effects of tDCS (Hill, Fitzgerald, & Hoy, 2016; Mancuso, Ilieva, Hamilton, & 
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Farah, 2016; Russowsky Brunoni & Vanderhasselt, 2014). The effect sizes were largely 

unrelated to current density and stimulation duration (Hill et al., 2016) and partly suffered 

from publication bias (Mancuso et al., 2016). In sum, the meta-analyses so far found mostly 

low overall effect sizes. However, the heterogeneity of the effect sizes was high, raising the 

question whether unaccounted variables might moderate the effect of tES on the outcome 

measures. 

In the present meta-analysis, we tested the hypothesis that tES improves learning, that is, 

the encoding of new information in long-term memory, stronger than processing or recall of 

already known information from long-term memory. A meta-analytic comparison of these 

two conditions is possible, because there are basically two types of studies in research on tES. 

In one type, a psychological construct (e.g., mathematical competence or working memory 

capacity) is assessed and the participants receive brain stimulation before or during the 

assessment. In the following, we call this approach stimulation of test performance. In the 

other type of studies, the participants first participate in a learning intervention, for example, 

they memorize words in a foreign language or practice mental arithmetic. They receive the 

brain stimulation before or during this learning phase. After the learning phase, the 

participants complete a learning outcome measure (e.g., assessing how many new words they 

had learned or how strongly their mental arithmetic competence improved). Usually, there is 

no separate brain stimulation directly before or during the learning outcome test. In the 

following, we call this approach stimulation of learning. 

There are some findings supporting the view that a stimulation of learning might be more 

effective than the stimulation of test performance. First, anodal tDCS has been shown to 

reduce regional levels of the inhibitory neurotransmitter gamma-Aminobutyric acid (GABA; 

Stagg et al., 2009). Levels of this neurotransmitter correlate negatively with learning (Floyer-

Lea, Wylezinska, Kincses, & Matthews, 2006). Second, anodal tDCS seems to improve 

learning through neuroplastic alterations of synaptic connections, which share some 
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similarities with long term potentiation and depression (Paulus, Nitsche, & Antal, 2016; Stagg 

& Nitsche, 2011). In animal studies, for instance, anodal tDCS promoted long-term 

potentiation in the motor cortex by increasing the secretion of the brain-derived neurotrophic 

factor (BDNF), which is an important growth factor in synaptic learning (Castillo, Chiu, & 

Carroll, 2011; Fritsch et al., 2011). Similar mechanisms might underlie tES effects on human 

learning in motor tasks and cognitive tasks (B. Krause & Cohen Kadosh, 2013). Finally, the 

only previous meta-analysis taking this potential moderator into account found a significant 

effect of tES for the stimulation before or during working memory trainings, that is, learning, 

but no significant effect of tES for the (online or offline) stimulation before or during working 

memory assessments (Mancuso et al., 2016). However, the generalizability of the finding is 

unclear. It is limited to a specific working memory function only, is based on a mere ten 

effect sizes, and had a fail-safe N of seven, meaning that the effect would cease to be 

significant if only seven unpublished studies with null results would be included in the 

analyses. 

For these reasons, we conducted a meta-analysis designed to provide more 

comprehensive and generalizable evidence for the effects of tES during learning and test 

performance. To reduce the heterogeneity of the included studies and to aid the interpretation 

of the results, we included only studies in the domains of mathematics and language, such as 

vocabulary learning, sentence comprehension, or arithmetic. Mathematics and language 

competence are prerequisites of academic achievement in many subjects, professional 

success, and participation in society (OECD, 2001). Our main research questions were: (1) 

Does tES affect mathematical and language competence? Based on previous meta-analyses 

(Hill et al., 2016; Mancuso et al., 2016; Price et al., 2015; Russowsky Brunoni & 

Vanderhasselt, 2014), we hypothesized to find a positive effect. (2) Does the stimulation 

before or during a learning phase have stronger effects than the stimulation before or during 

test performance? We had the hypothesis that this is the case, because tES has been found to 
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affect processes underlying long-term potentiation, that is, learning (Fritsch et al., 2011; B. 

Krause & Cohen Kadosh, 2013). (3) Is anodal but not cathodal stimulation effective in the 

subset of studies using tDCS? We hypothesized this to be the case, as it had been established 

in a previous meta-analysis on tES (Jacobson, Koslowsky, & Lavidor, 2012). (4) Are the tES 

effects dosage-specific? We expected to find a systematic relation between stimulation dosage 

and learning outcomes, which would demonstrate the systematicity of the effects included in 

the meta-analysis. 

 

5.3 Methods 

5.3.1 Inclusion Criteria 

Studies were included in the meta-analysis when they fulfilled each of the following 

criteria: (1) The study used any kind of transcranial electrical brain stimulation (i.e., tDCS, 

HDtDCS, tACS, tPCS, or tRNS, for more details see section Data Coding). (2) The study 

included at least one measure of mathematical or language competence, for example, mental 

arithmetic or vocabulary learning. We included effect sizes from any task assessing domain-

specific fact knowledge, skills, procedural knowledge, declarative knowledge, or problem 

solving as a competence measure. Studies using numerical or verbal stimuli were excluded 

when they included not directly practically relevant tasks (e.g., the Stroop task), assessed 

basic cognitive functions (e.g., categorization), or domain-general cognitive processes (e.g., 

executive functions). (3) The study reported information that allowed us to compute a 

standardized effect size (e.g., group means, standard deviations, and number of participants). 

If the necessary information was not reported in a publication, we contacted the authors. If the 

authors gave the missing information, the study was included. (4) The effect size was 

collected with a sample size greater than three so that we could calculate the respective 

variance of the effect size (see Formula 8). (5) The majority of the participants was either 

healthy or had dyslexia, dyscalculia, or math anxiety but did not suffer from any other 
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diagnosed neurological or physical disorders. (6) The study was published in the English 

language.  

5.3.2 Literature Search 

The literature search is visualized in Figure 1. We searched title, abstract, heading, table 

of contents, key concepts, original title, tests, and measures of all articles in the electronic 

database PsycINFO in May 2016. The search included articles from peer-reviewed journals as 

well as grey literature. The search terms included the types of electrical brain stimulation and 

mathematical or language competencies. The exact search was conducted in the database 

PsycINFO with the following search string: ((tDCS or tACS or tPCS or tRNS or transcranial 

direct current stimulation or transcranial alternating current stimulation or transcranial random 

noise stimulation or transcranial pulsed current stimulation or brainstimulation) and (math* or 

num* or arith* or magnitude* or language or linguistic* or comprehension or vocab*)). We 

also conducted an exploratory internet search and used several mailing lists of relevant 

research communities to request any unpublished studies or published studies not yet included 

in the search results. Only one person responded to this request and sent four additional effect 

sizes with the respective values of the moderator variables.  

A trained coder excluded studies with titles and abstracts not fulfilling the inclusion 

criteria. Subsequently, forty-two full-text articles were obtained for further examination by 

two trained and independent raters. The inter-rater agreement (100% * number of agreements 

/ number of all full-texts) for the inclusion of full-texts was 83%. Disagreements were 

resolved by discussion. All studies except one, authored by Sarkar, Dowker, and Cohen 

Kadosh (2014), tested healthy participants. This particular study did not find a significant 

effect regarding brain stimulation on mathematical achievement for participants with math 

anxiety. To maximize the interpretability of the results, we excluded the study. A total of 35 

studies could finally be included in the meta-analysis (see Appendix A and Appendix B for 

more details). 
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Figure 1. Flow chart of the literature search. 
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5.3.3 Data Coding 

We coded all effects reported in the included studies that resulted from a comparison of a 

brain-stimulation condition with a no-stimulation control condition (SHAM) or from a pre-

test/post-test comparison involving stimulation. We did not limit the number of effects 

included from each study because studies using several groups, competence measures, or 

measurement points frequently reported several relevant comparisons. To maximize 

comparability over the studies, we coded the raw data (i.e., the means and standard deviations 

of the competence measures) instead of the reported effect sizes and then computed a 

standardized effect size the same way for each study, as described in the next subsection.  

For each included effect, the values of the moderator analyses were coded. An overview 

of all moderators with their levels and the numbers of studies and effect sizes on each level is 

given in Table 1. We included moderators relating to the stimulation (stimulation type, timing 

of stimulation, active electrode, hemisphere of the electrodes, area of the electrodes, size of 

the electrodes, amperage, current density, number of stimulation sessions, duration of 

stimulation sessions, time between stimulation sessions),  the competence test (time from 

learning phase, test domain, stimulus novelty, stimulus type, task type, measure), the sample 

(age, gender, university students), and the study (publication type, research group, 

randomization, control group, comparison). 

In coding the stimulation type, we distinguished among the five most common types of 

transcranial electrical brain stimulation (tES), namely tDCS, HDtDCS, tACS, tPCS, and 

tRNS (Nitsche & Paulus, 2000). Including all types of tES in our analysis allowed us to test 

whether the stimulation method moderates the effect on learning outcomes. In transcranial 

direct current stimulation (tDCS), a low-intensity (0.5 to 2 mA) constant current is used. The 

direction of current is determined by the active electrode, which can either be the anode or the 

cathode. Previous results suggest that anodal stimulation increases cortical excitability (Boros, 

Poreisz, Munchau, Paulus, & Nitsche, 2008; Nitsche et al., 2003) and cathodal stimulation 
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decreases cortical excitability (Ardolino, Bossi, Barbieri, & Priori, 2005). High-definition 

tDCS (HDtDCS) works in a similar way but makes use of smaller gel-based electrodes 

instead of large sponges. For the constant-current stimulation (tDCS and HDtDCS), we coded 

the electrode characteristics (active electrode, size and density of the electrode, hemisphere, 

area) separately for the anode and the cathode. Transcranial alternating current stimulation 

(tACS) is also similar to tDCS but uses a low-intensity (0.25 – 1 mA) bidirectional, biphasic 

current and can be applied at different frequencies. Transcranial pulsed current stimulation 

(tPCS) uses repeated bursts of low-intensity (0.6 to 1 mA) pulses. Transcranial random noise 

stimulation (tRNS) employs very low-intensity (-500 to 500 μA) alternating current with 

random amplitudes and frequencies (Moreno-Duarte et al., 2014). Implementation of tES may 

further vary in parameters of dosage, describing the amount of current delivered (in mA), the 

size of the electrodes (in cm2), the resulting average density of the current (in mA/cm2), the 

duration of the stimulation (in minutes), and the placement of the electrode. It is suggested 

that difference in the stimulation dosage may lead to changes and inversion of the direction of 

effects of tES (Moreno-Duarte et al., 2014).  

All competence test means, SDs, and moderator variables were independently coded by 

two trained raters. The inter-rater agreement (100% * number of agreeing values / number of 

all coded values) for the coded variables ranged from 72% to 100%, with an average of 93%. 

Disagreements were resolved by discussion. If relevant information was missing or was 

reported in an ambiguous way, we contacted the authors via e-mail. 
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Table 1 

Summary of coded characteristics, number of coded studies (j), and effect sizes (k) 

 No. of studies j No. of effect sizes k 

Overall 35 246 

Stimulation   

Timing of stimulation   

Test performance 25 186 

Learning 9 51 

Both 4 9 

Stimulation Method   

tDCS 29 213 

HDtDCS 1 8 

tACS 0 0 

tPCS 1 2 

tRNS 4 23 

Active Electrode   

Anodal stimulation 24 167 

Cathodal stimulation 11 41 

Alternating current 4 23 

Hemisphere - anode   

Left 28 168 

Right 14 44 

Right and left 4 20 

Central 1 4 

Hemisphere - cathode   

Left 16 74 

Right 22 108 

Right and left 4 20 

Central 3 18 

Area of stimulation - anode   

Frontal cortex 14 74 

Central cortex 3 10 

Parietal cortex 16 98 

Temporal cortex 2 20 
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Occipital cortex 2 14 

Supraorbital cortex 6 17 

Shoulder 2 7 

Area of stimulation - cathode   

Frontal cortex 12 53 

Central cortex 5 24 

Parietal cortex 9 33 

Temporal cortex 1 2 

Occipital cortex 1 12 

Supraorbital cortex 10 72 

Ear 1 1 

Cheek 1 12 

Shoulder 3 23 

Number of stimulation sessions 16 98 

Duration of stimulation/session [min] 15 96 

Current density anode [mA/cm2]   

0 ≤ J < .04 12 86 

.04 ≤ J < .08 19 93 

J ≥ .08 9 65 

Current density cathode [mA/cm2]   

0 ≤ J < .04 14 91 

.04 ≤ J < .08 18 92 

J ≥ .08 7 41 

Electrode size - anode [cm2] 33 243 

Electrode size - cathode [cm2] 31 223 

Electrode sizes   

Same 23 144 

Different 9 79 

Competence test   

Domain   

Mathematics 17 85 

Language 18 161 

Measure   

Solution accuracy 25 121 

Solution time 21 109 
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Other 5 16 

Stimulus novelty   

Familiar 29 205 

Unfamiliar 3 30 

Stimulus type   

Pictures 8 71 

Numbers 12 58 

Words 5 55 

Words and pictures 4 46 

Other 3 5 

Task type   

Picture naming 5 54 

Sentence comprehension 2 27 

Vocabulary 2 26 

Fact recall 2 13 

Verbal fluency 3 11 

Grammar 1 2 

Other language task 4 29 

Mental arithmetic 7 33 

Vocabulary 2 26 

Magnitude comparison 5 24 

Number line estimation (number to space) 2 13 

Other mathematics task 5 14 

Time from learning phase 6 45 

Learner Characteristics   

Age [years] 32 231 

University students   

Yes 11 63 

No 7 31 

Gender [%] 32 225 

Study characteristics   

Randomization   

Yes 26 163 

No 4 37 

Control group   

Sham 34 232 
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Nothing 1 2 

No control 1 11 

Comparison   

Pre-post gains 12 64 

Post-post 24 171 

Pre-post 1 11 

Publication type   

Peer-reviewed 34 242 

Unpublished 1 4 

Research group   

Cohen Kadosh 5 15 

Grabner 4 27 

Other 26 204 
 

5.3.4 Data Preparation 

For each effect, we computed the effect size as Cohen’s d from the coded raw data using 

syntax. For one study (Flöel, Rösser, Michka, Knecht, & Breitenstein, 2008) the raw data was 

not available. Instead, we included two t-values for dependent measures reported in that study 

and transformed them into Cohen’s d. In the following, we present the formulas used for the 

calculation of Cohen’s d that were derived from various sources (Borenstein, 2009; Jacob 

Cohen, 1988; Morris, 2008; Morris & DeShon, 2002). We use the term treatment to refer to 

the stimulation (i.e., tES) and we use the notation M for Mean, SD for standard deviation, T1 

for the pre-test, T2 for the post-test, and n for sample size. 

For studies reporting pre-post comparisons for a treatment condition, we computed the 

effect sizes as the following: 

𝑑 = 𝑀𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇,𝑇2−𝑀 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇,𝑇1
𝑆𝑆𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇,𝑇1

      (1) 

To calculate effect sizes from a post-post comparison between a treatment group and a 

control group at T2, we used the following formula: 
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𝑑 = 𝑀𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇,𝑇2−𝑀𝐶𝐶𝐶𝐶𝐶𝐶𝐶,𝑇2

�
�𝑛𝑇𝑟𝑒𝑒𝑒𝑒𝑒𝑒𝑒,𝑇2−1�×𝑆𝑆𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇,𝑇2

2 +�𝑛𝐶𝐶𝐶𝐶𝐶𝐶𝐶,𝑇2−1�×𝑆𝑆𝐶𝐶𝐶𝐶𝐶𝐶𝐶,𝑇2
2

𝑛𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇,𝑇2+𝑛𝐶𝐶𝐶𝐶𝐶𝐶𝐶,𝑇2−2

  (2) 

If the study reported descriptive data for a treatment condition and a control condition at T1 

and T2 which allows calculation of pre-post gains, we calculated effect sizes for within-

subjects designs as the following: 

𝑑 = (𝑀𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇,𝑇2−𝑀 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇,𝑇1)− (𝑀𝐶𝐶𝐶𝐶𝐶𝐶𝐶,𝑇2−𝑀 𝐶𝐶𝐶𝐶𝐶𝐶𝐶,𝑇1)
𝑆𝑆𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇,𝑇1+𝑆𝐷𝐶𝐶𝐶𝐶𝐶𝐶𝐶,𝑇1

2

   (3) 

For effects on pre-post gains for between-subjects designs, we used the following 

formula: 

𝑑 = (𝑀𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇,𝑇2−𝑀𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇,𝑇1)−(𝑀𝐶𝐶𝐶𝐶𝐶𝐶𝐶,𝑇2−𝑀𝐶𝐶𝐶𝐶𝐶𝐶𝐶,𝑇1)

�
�𝑛𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇,𝑇1−1�×𝑆𝑆𝑇𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟,𝑇1

2 +�𝑛𝐶𝐶𝐶𝐶𝐶𝐶𝐶,𝑇1−1�×𝑆𝑆𝐶𝐶𝐶𝐶𝐶𝐶𝐶,𝑇1
2

𝑛𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇,𝑇1+𝑛𝐶𝐶𝐶𝐶𝐶𝐶𝐶,𝑇1−2

  (4) 

When only t-values were reported, we transformed the t-values (t) to d for within designs 

as follows: 

𝑑 = 𝑡
√𝑛

          (5) 

 

We transformed t-values for between designs with: 

 𝑑 = 𝑡 ×  �
𝑛𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇+ 𝑛𝐶𝐶𝐶𝐶𝐶𝐶𝐶
𝑛𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇× 𝑛𝐶𝐶𝐶𝐶𝐶𝐶𝐶

      (6) 

When studies reported F-values for univariate ANOVAs we transformed the F-values to 

Cohen’s d by: 

𝑑 =  �𝐹 × 𝑛𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇+𝑛𝐶𝐶𝐶𝐶𝐶𝐶𝐶
𝑛𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇×𝑛𝐶𝐶𝐶𝐶𝐶𝐶𝐶

      (7) 

After computing Cohen’s d, we used the following equation to compute the variance of 

each effect size (F. L. Schmidt & Hunter, 2015): 
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𝑉𝑉𝑉(𝑑) = �𝑁−1
𝑁−3

� �4
𝑁
� �1+𝑑

2

8
�       (8) 

A problem in averaging the effect sizes found with tDCS is that anodal stimulation tends 

to enhance cognition whereas cathodal stimulation might inhibit cognition or have no effect 

(Jacobson et al., 2012). Averaging over these positive and negative effects would incorrectly 

result in an effect size close to zero. To avoid this problem, we recoded the signs of all effect 

sizes so that lower competence in a cathodal-simulation condition and higher competence in 

an anodal-stimulation condition had positive signs because they were in line with the 

expectations. Higher competence in a cathodal-simulation condition and lower competence in 

an anodal-stimulation condition had negative signs to indicate that they were not in line with 

the expectations. Thus, a positive overall effect size for tDCS in our meta-analysis indicates 

that cathodal stimulation decreases competence and/or anodal stimulation increases 

competence. For other stimulation types, this issue did not arise because there was no constant 

current. 

In meta-analyses, it is generally possible to correct the results for measurement error (F. 

L. Schmidt & Hunter, 2015). However, because only one of the included studies reported the 

reliability of the outcome measure, we could not correct for measurement errors in our meta-

analysis. We detected and removed outlier effect sizes (effect sizes with a z-score greater than 

3.29; Tabachnick & Fidell, 2014) before the meta-analytic aggregation. There were only two 

outliers. 

5.3.5 Statistical Analysis 

Most of the included studies had more than one relevant effect size. Effect sizes from the 

same study are statistically dependent and thus cannot be handled by conventional meta-

analytic techniques (Hedges et al., 2010). Therefore, we employed robust variance estimation 

(RVE; Hedges et al., 2010; Tanner-Smith & Tipton, 2014; Tanner-Smith et al., 2016), 

because it allows for the inclusion of statistically dependent effect sizes in a meta-analysis 
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without requiring information about the inter-correlation between effect sizes within studies. 

Given the expected heterogeneity, we used random-effects models for all analyses 

(Raudenbush, 2009). Mean effect sizes and meta-regression models using robust variance 

estimation were estimated using a weighted least squares approach (Hedges et al., 2010; 

Tanner-Smith & Tipton, 2014). To estimate the overall effect of tES on mathematical and 

language competence, we estimated a simple RVE meta-regression model, as follows: 

𝑦𝑖𝑖 = 𝛽0 + 𝑢𝑗 + 𝑒𝑖𝑖        (9) 

where yij is the ith effect size in the jth study, β0 is the average population effect, uj is the 

study level random effect such that Var(uj) = τ2 is the between-study variance component, and 

eij is the residual for the ith effect size in the jth study. To estimate the variability in the effect 

size due to moderator variables, we estimated the following mixed-effects RVE meta-

regression model: 

𝑦𝑖𝑖 = 𝛽0 +  𝛽1(𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀1)𝑖𝑖 + ⋯+  𝛽𝑘(𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑘)𝑖𝑖 + 𝑢𝑗  (10) 

In this model, the moderator represents a continuous variable (e.g., age) or specific dummy-

coded levels (e.g., the three levels of current density) of an included moderator variable.  

We used the robumeta package (Z. Fisher & Tipton, 2014) in the R statistical 

environment (R Core Team, 2014) for the statistical analyses. To estimate the proportion of 

explained variance R2 for the multiple regression models with categorical moderators with 

more than two levels, we used the following formula (Tabachnick & Fidell, 2014): 

𝑅2 = ∑ 𝑟𝑦𝑦𝛽𝑖𝑘
𝑖=1         (11) 

with the bivariate correlation r and the regression coefficient β.  

A common problem of meta-analyses is publication bias (Hunter & Schmidt, 2004; 

Rothstein, Sutton, & Borenstein, 2005). We approached this problem by analyzing the 

symmetry of the distribution around the mean through visual inspection of the funnel plots, 

computing Egger regressions (Egger et al., 1997), using the trim-and-fill method (Duval & 
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Tweedie, 2000), and estimating HC intervals, representing confidence intervals with 

robustness to publication bias (Henmi & Copas, 2010). 

 

5.4 Results 

5.4.1 Characteristics of the Included Studies 

A total of 35 studies reporting 246 effect sizes obtained with 885 participants were 

included in the meta-analysis. The studies were published between 2008 and 2016. Of the 

reported effect sizes, 65% related to language and 35% related to mathematics. The studies 

used various language tasks (22% picture naming, 11% sentence comprehension, 11% 

vocabulary 5% fact recall, 5% verbal fluency, 12% other behavioral competence measures) or 

mathematical tasks (14% mental arithmetic, 10% magnitude comparison, 5% number line 

estimation, 6% other behavioral competence measures ). They were also representative of the 

research literature in that they included wide ranges of stimulation types, locations, timings, 

current densities, and numbers of stimulation sessions. 

5.4.2 Overall Effectiveness of tES 

 The meta-analytic results are listed in Table 2. The overall result supported the 

hypothesis that tES positively affects mathematical and language competence. The overall 

Cohen’s d was 0.343. The 95% confidence interval [0.173, 0.513] did not include the zero, 

thus indicating that the effect size was significantly different from zero with p < .05. The I2 of 

51.8 indicated a moderate heterogeneity of the effect sizes (J. P. T. Higgins & Thompson, 

2002) implying that the effectiveness of tES is moderated by third variables. 

 

 

 

 

 



Environmental and Learner-Related Determinants of Knowledge Acquisition 43 

Table 2 

Number of studies (j), number of effect sizes (k), effect size (d), 95% confidence interval, 

measure of heterogeneity τ2 for the levels of the moderator variables, and significance and R2 

for the moderator analyses 

 j k d 95% CI τ2 Moderator 

      Sign. R² 

Overall 35 246 0.343 [0.173, 0.513] .200   

Stimulation        

Time of Stimulation       ** .163 

Test performance 25 186 0.207 [0.021, 0.393] .197   

Learning 9 51 0.712 [0.387, 1.040] .035   

Both 4 9 0.763 -a -a   

Stimulation method      - - 

tDCS 29 213 0.267 [0.100, 0.434] .171   

tRNS 4 23 1.190 -a -a   

Active electrode      ns .033 

Anodal stimulation 24 167 0.343 [0.143, 0.543] .005   

Cathodal stimulation 11 41 0.053 [-0.150, 0.256] .005   

Alternating current 4 23 1.190 -a -a   

Hemisphere - anode      ns .022 

Left 28 168 0.395 [0.191, 0.589] .215   

Right 14 44 0.177 [0.016, 0.337] .116   

Right and left 4 20 0.406 -a -a   

Hemisphere - cathode      * .063 

Left 16 74 0.111 [-0.043, 0.264] .118   

Right 22 108 0.407 [0.163-0.650] .252   

Right and left 4 20 0.406 -a -a   

Central 3 18 0.517 -a -a   

Area of stimulation - anode      ns .017 

Frontal cortex 14 74 0.353 [0.020, 0.687] .229   

Central cortex 3 10 0.320 -a -a   

Parietal cortex 16 98 0.385 [0.117, 0.654] .120   

Temporal cortex 2 20 0.184 -a -a   
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Occipital cortex 2 14 -0.140 -a -a   

Supraorbital cortex 6 17 0.186 [-0.130, 0.504] .010   

Right Shoulder 2 7 -0.188 -a -a   

Area of stimulation - cathode      ns .088 

Frontal cortex 12 53 0.169 [-0.125, 0.463] .116   

Central cortex 5 24 0.468 -a -a   

Parietal cortex 9 33 0.325 [-0.092, 0.742] .148   

Supraorbital cortex 10 72 0.451 [0.006, 0.897] .371   

Right Shoulder 3 23 0.103 -a -a   

Number of stimulation 
sessions 16 98 - - - ** .095 

Duration of 
stimulation/session [min] 15 96 - - - ns .146 

Current density anode 
[mA/cm2]      ** .099 

0 ≤ J < .04 12 86 0.329 [0.150, 0.635] .026   

.04 ≤ J < .08 19 93 0.434 [0.141, 0.728] .368   

J ≥ .08 9 65 0.041 [-0.143, 0.225] .000   

Current density cathode 
[mA/cm2]      ** .094 

0 ≤ J < .04 14 91 0.360 [0.124, 0.596] .096   

.04 ≤ J < .08 18 92 0.455 [0.158, 0.751] .282   

J ≥ .08 7 41 0.068 [-0.201, 0.337] .000   

Amperage [mA]      * .054 

1.0 16 103 0.481 [0.212, 0.750] .102   

1.5 7 34 0.445 [-0.249, 1.140] .598   

2.0 12 108 0.145 [-0.006, 0.356] .133   

Electrode size - anode [cm2] 33 243    ns .001 

Electrode size - cathode [cm2] 31 223    ns .012 

Electrode sizes      ns .001 

Same 23 144 0.457 [0.201, 0.713] .300   

Different 9 79 0.232 [-0.029, 0.493] .065   

Competence test        

Domain      ns .004 

Mathematics 17 85 0.289 [0.040, 0.538] .120   

Language 18 161 0.395 [0.139, 0.652] .311   
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Measure      ns .020 

Solution accuracy 25 121 0.280 [0.043, 0.516] .219   

Solution time 21 109 0.260 [0.036, 0.485] .210   

Other 5 16 0.488 -a -a   

Stimulus novelty      -a -a 

Familiar 29 205 0.301 [0.106, 0.495] .199   

Unfamiliar 3 30 0.593 -a -a   

Stimulus type      ns .020 

Pictures 8 71 0.457 [0.131, 0.783] .393   

Numbers 12 58 0.218 [-0.092, 0.528] .121   

Words 5 55 0.066 -a -a   

Words and pictures 4 46 0.362 -a -a   

Other 3 5 0.925 -a -a   

Task type      -a -a 

Picture naming 5 54 0.171 -a -a   

Sentence comprehension 2 27 0.009 -a -a   

Vocabulary 2 26 0.652 -a -a   

Fact recall 2 13 0.892 -a -a   

Verbal fluency 3 11 0.525 -a -a   

Other language task 4 29 0.657 -a -a   

Vocabulary 2 26 0.652 -a -a   

Mental arithmetic 7 33 -0.014 [-0.146, 0.118] .000   

Magnitude comparison 5 24 0.352 -a -a   

Number line estimation  2 13 0.470 -a -a   

Other mathematics task 5 14 0.680 -a -a   

Time from learning phase 6 45    ns .000 

Learner Characteristics        

Age [years] 32 231    ns .001 

University students      ns .016 

Yes 11 63 0.229 [-0.016, 0.474] .176   

No 7 31 0.410 [-0.099, 0.920] .161   

Gender [%] 32 225    ns .006 

Study characteristics        

Randomization      -a -a 

Yes 26 163 0.391 [0.180, 0.603] .241   

No 4 37 0.284 -a -a   



Environmental and Learner-Related Determinants of Knowledge Acquisition 46 

Comparison      ns .062 

Pre-post gains 12 64 0.366 [0.059, 0.673] .267   

Post-post 24 171 0.365 [0.144, 0.587] .183   

Research group      -a -a 

Cohen Kadosh 5 15 0.727 -a -a   

Grabner 4 27 0.217 -a -a   

Other 26 204 0.299 [0.111, 0.487] .203   
a insufficient number of data points for the analysis 

Note. ns: not significant; * p < .05, ** p < .01; moderators without levels were used as 

continuous predictors in meta-regressions; all moderators with only one study were omitted 

from this table. 

 

5.4.3 Moderator Analyses 

The results also supported our main hypothesis, that tES effects are stronger for the 

stimulation of learning than for the stimulation of test performance. The effect size was d = 

0.211 for the stimulation of test performance. With d = 0.712, the effect was three times 

stronger for the stimulation in a learning phase. A stimulation in both phases was 

descriptively even stronger with d = 0.763. All three effect sizes are statistically significant, 

but it should be noted that the lower bound of the confidence interval of the effect size for the 

stimulation of test performance is close to zero. Whether learning or test performance was 

stimulated had a highly significant effect (p < .01), explained a variance proportion of .163 of 

the effect sizes, and was the strongest moderator in the meta-analysis. 

Further moderator analyses showed that the effect of tES significantly varied under 

different stimulation conditions. Descriptively, the effect was much stronger for tRNS than 

for tDCS, but the small number of studies with tRNS combined with the non-independence of 

many effect sizes did not permit testing the statistical significance of this difference. In tDCS 

and HDtDCS, a significant effect was only found for anodal but not for cathodal stimulation. 

Anodal stimulation was effective with d = 0.343, whereas cathodal stimulation did not 
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influence learning outcomes with d = 0.053. Similarly, hemispheres and areas of the 

stimulation differed descriptively in their mean effect sizes, but these differences reached 

significance only for the hemisphere of the cathode. When the cathode was on the right 

hemisphere, effect sizes were significantly larger as compared to when it was placed on the 

left hemisphere.  

The effect of tES was dosage-specific. The effect sizes increased with the number of 

stimulation sessions and were highest for a current density between 0.04 and 0.08 mA/cm2 

and a current of 1 mA. The effect of tES was significant for mathematical as well as for 

language measures and for solution accuracy as well as solution time. In line with our 

hypothesis that the stimulation of learning is more effective than the simulation of test 

performance, the effect size was almost twice as high for studies presenting the participants 

with novel stimuli instead of familiar ones. The descriptive differences between task types 

should not be interpreted, because there were only few studies using each type of task so that 

task type might be confounded with other study characteristics in our analyses. For the learner 

and study characteristics, no significantly moderator effects were found.  

5.4.4 Publication Bias 

There was no publication bias on the study level and only a weak publication bias on the 

effect size level (see Figure 2). Egger regressions for random-effects (Egger et al., 1997) did 

not indicate asymmetry on the study level (Z = 1.585, p = .113) but did indicate asymmetry on 

the effect size level (Z = 4.083, p < .0001). The trim-and-fill method did not add any cases to 

the distribution to make it more symmetric. This indicates that the publication bias was too 

small to be detected with the trim-and-fill method. In line with this, the estimation of the HC 

intervals (Henmi & Copas, 2010) indicated only a weak publication bias and reduced the 

effect size slightly from d = 0.328, 95% CI [0.169, 0.488] to d = 0.314, 95% CI [0.150, 0.478] 

on the study level and from d = 0.276, 95% CI [0.194, 0.358] to d = 0.238, 95% CI [0.166, 
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0.310] on the effect size level. This shows that the positive findings cannot entirely be 

attributed to a publication bias. 

Figure 2. Funnel plots for average effect size per study (left) and all effect sizes (right). 

5.5 Discussion 

5.5.1 Effects of tES on Practically Relevant Learning Tasks 

The present meta-analysis aimed to investigate the effects of brain stimulation on 

practically relevant learning tasks and whether the effectiveness differs due to timing of the 

stimulation (i.e., whether it was provided in the learning or testing phase) and characteristics 

of the stimulation (i.e., anodal vs. cathodal). In line with our expectations, tES had a positive 

overall effect on learning outcomes. Further, tES in a learning phase, where participants had 

to encode new information, had a much stronger effect than tES of test performance, where 

participants had to recall information. This may be explained by neuroplastic alterations of 

synaptic connections via different pathways (e.g., BDNF secretion, GABAergic activity; 

Castillo et al., 2011; Fritsch et al., 2011; Paulus et al., 2016; Stagg & Nitsche, 2011). 
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Elaborating the details of these mechanisms in cognitive learning remains an important topic 

for future research.  

Brain stimulation was effective for anodal but not for cathodal stimulation. The findings 

are in line with previous meta-analytic results, indicating effectiveness of anodal but not 

cathodal stimulation (Jacobson et al., 2012). Research investigating the mechanisms of brain 

stimulation found evidence that anodal stimulation increases cortical excitability (Boros et al., 

2008; Nitsche et al., 2003) and cathodal stimulation decreases cortical excitability (Ardolino 

et al., 2005) through modulation of membrane potentials. Following, firing threshold of 

neurons decrease during anodal stimulation and increase during cathodal stimulation, so that 

neurons in the stimulated area require less input to fire or become inhibited and require more 

input, respectively. These mechanisms are also relevant for learning, which likely explains the 

present results. By averaging over (effective) anodal and (ineffective) cathodal stimulation in 

our meta-analysis, we obtained lower effect sizes than we would have obtained by focusing 

on anodal stimulation only. We still think that including anodal and cathodal stimulation in 

the current analyses is warranted, because the differential effects of anodal and cathodal 

stimulation are not well understood yet.  

The effect of tES was dosage-specific. The effectiveness of tES increased with the 

number of stimulation sessions and was associated with the amperage and current density of 

the stimulation. tES was most effective for a current of 1 mA and a current density between 

0.04 and 0.08 mA/cm2. The findings therefore demonstrate that characteristics of the 

application of tES are essential for the effectiveness of the method. 

The finding that anodal tES enhances learning mathematics and language is in line with 

studies suggesting that anodal tES might also have positive effects on motor learning 

(Ammann, Spampinato, & Márquez-Ruiz, 2016; Buch et al., 2017). However, we do not 

know of any direct comparisons of the stimulation of academic learning versus motor 

learning. Future stimulation studies will have to systematically investigate the commonalities 
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and differences of academic and motor learning in terms of effective stimulation methods, 

stimulated brain regions, and underlying neurophysiological processes. 

5.5.2 Generalizability of the Findings 

In sum, the results of the present study support the view that tES affects performance and 

learning across a variety of competence measures and activated brain regions. Since most 

included studies were randomized trials involving a SHAM control condition, the findings 

can be interpreted in terms of a causal effect. Several findings demonstrate the validity and 

systematicity of the meta-analytic results. Direct checks indicated only a very weak 

publication bias, the effects of tES were dosage-specific, and were consistently found for 

mathematics and language learning, with accuracy and speed measures. We were also able to 

replicate the previous meta-analytic finding that, in direct current stimulation, anodal but not 

cathodal stimulation has positive causal effects. Despite the high statistical power that comes 

with 246 effect sizes, there was no evidence that our results would be specific to only 

mathematics learning or language learning, to only accuracy measures or speed measures, to 

only women or men, or to only university students or other participants. This demonstrates 

the consistency and generalizability of the findings.  

Our literature search and inclusion criteria were designed to also include adequate studies 

on tES effects on mathematical and language learning in samples with dyslexia, dyscalculia, 

or math anxiety. As there was only one study matching the inclusion criteria and using a 

clinical sample, we excluded the study from the meta-analysis. The generalizability of our 

results is thus limited to healthy participants only. 

5.5.3 Implications for Research and Practice 

Overall, the results of the present study imply that previous meta-analyses might have 

dramatically underestimated beneficial effects of tES on cognition and performance, because 

they did not differentiate between the stimulation of learning and the stimulation of test 

performance. Most empirical studies so far investigated the latter, but as we show here, the 
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effect sizes are more than three times higher in the former case. This is a highly relevant 

finding for the research field of educational neuroscience, in which tES has been intensively 

discussed as potential future means to support knowledge acquisition in individuals with 

learning difficulties, especially in language and mathematics (Iuculano & Cohen Kadosh, 

2014; B. Krause & Cohen Kadosh, 2013). The results give evidence that despite the 

heterogeneity in competence measures and activated brain regions which is accompanied by 

significant noise, the signal was strong enough to show significant results through this noise. 

These highly encouraging findings do not imply that tES should be used in practical 

educational contexts right away. This would be a grave mistake, both from a scientific and 

practical perspective. From a scientific point of view, there is reason for concern because of 

the low reproducibility of empirical studies in psychology and related fields (Open Science 

Collaboration, 2015). These are partly because of questionable research practices, for 

example, using several learning outcome measures in an intervention study but reporting only 

the ones that showed a significant effect. So far, this problem has not been explicitly 

discussed in research on tES. If present in several studies, the problem could have biased the 

results of our meta-analysis. Therefore, the primary implication of the current findings is not 

that tES demonstrated effectivity, but rather that the first phase of tES research with its small 

sample sizes and explorative approaches should come to an end and be followed by a second 

phase characterized by replication attempts, preregistered trials, larger sample sizes, open 

data, a full documentation of rigorous research practices, and further meta-analytic 

integration. 

From a practical perspective, there is reason for caution because the present results had 

exclusively been obtained in laboratory studies with healthy adults. The generalizability of the 

findings to learning in classroom settings and to children and adolescents, especially those 

suffering from learning difficulties, is unclear, as only few studies exist (e.g., Costanzo et al., 

2016; Looi et al., 2017). In addition, almost nothing is currently known about the cognitive 
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side effects of stimulation, that is, whether improving one brain function can unintentionally 

impair other brain functions (e.g., Iuculano & Cohen Kadosh, 2013; Sarkar, Dowker, & 

Cohen Kadosh, 2014). When tES is used, safety issues have to be carefully considered (Davis, 

2014). Self-built stimulation devices are not recommended due to safety concerns and the 

potential for unintentional impairment of brain functions (Wurzman, Hamilton, Pascual-

Leone, & Fox, 2016). The cost–benefit relationship needs to be considered because there is an 

abundance of instructional methods with lower financial costs and stronger effects on learning 

than tES (e.g., Hattie, 2009). Finally, there is the need for an ethical debate about cognitive 

self-enhancement and questions such as accepting or challenging the limits of human nature, 

freedom of choice for learners, informed consent in children, and the fair distribution of 

technological learning resources worldwide (Cohen Kadosh, Levy, O'Shea, Shea, & 

Savulescu, 2012). 

 

5.6 Conclusion 

The meta-analytic results demonstrate that studies in which brain stimulation was 

administered in a learning phase found, on average, higher effect sizes than studies in which 

brain stimulation was administered in a test performance phase. This is in line with studies 

showing effects of tES on neurotransmitters and synaptic mechanisms associated with 

learning, that is, the encoding of new information, rather than recall or recognition. The meta-

analytic results were also highly consistent in that the overall effect was stimulation-dosage 

specific and significant only for anodal stimulation, as had been found in a previous meta-

analysis. Yet, despite the highly encouraging results, it is too early to use tES in practical 

educational settings, because there is still a lack of pre-registered independent replications, 

field experiments in schools, and studies with children. 
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6. Study 2: Domain-Specific Prior Knowledge and Learning: A Meta-Analysis 

 

6.1 Abstract 

Domain-specific prior knowledge has been hypothesized to be one of the strongest 

determinants of learning. Most researchers assumed positive effects. Others emphasized that 

prior knowledge can hinder learning (e.g., misconceptions, the Einstellung effect, or negative 

transfer). The present meta-analysis integrated the extensive empirical findings on the relation 

between the amount of domain-specific prior knowledge and subsequent cognitive learning 

outcomes (i.e., knowledge and achievement). We included 240 articles reporting 4327 effect 

sizes obtained with 62,129 participants. Almost all studies investigated the relation between 

prior knowledge and posttest knowledge. Individual differences in prior knowledge were a 

strong predictor of individual differences in knowledge and achievement after learning (r+ = 

.521, 95% CI [.491, .550]). Controlling for intelligence did not reduce this effect size. The 

effect is partly causal, as it was weaker but still significantly positive for randomized 

controlled trials. The strongest moderators were the cognitive demands of the instruction, 

correctness of knowledge, and educational level. The findings demonstrate that prior 

knowledge relates correlationally, longitudinally and causally to knowledge and achievement 

after learning. Only very few studies investigated the relation between prior knowledge and 

knowledge gains from pre-test to posttest. This finding highlights the need for more 

randomized controlled studies investigating the causal effect of prior knowledge on pretest-

posttest learning gains. Prior knowledge is of a high predictive power for cognitive learning 

outcomes. Considering it can improve the effectivity of learning environments such as school 

instruction. We present a framework to guide future research on the processes mediating and 

moderating these processes. 
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6.2 Theoretical Background 

“The most important single factor influencing learning is what the learner knows 

already”. Since Ausubel (1968, p. vi) formulated this hypothesis, many researchers have 

investigated the effects of prior knowledge. For example, memory researchers demonstrated 

that the content of long-term memory affects how new information is processed in working 

memory and encoded in long-term memory (Baddeley et al., 2009). Cognitive scientists 

devised models of these mechanisms (cf. Anderson et al., 2004; Gopnik & Wellman, 2012; 

Laird, 2012). Developmental psychologists of the past (Piaget, 1971; Vygotsky, 1978) and 

present (e.g., Case, 1992; Siegler, 1996; Wellman & Gelman, 1992) investigated the role of 

knowledge in cognitive development over the lifespan. Educational psychologists 

incorporated prior knowledge as a central component in theories on academic achievement 

(Thompson & Zamboanga, 2003), expert performance (Ericsson & Charness, 1994), transfer 

(Barnett & Ceci, 2002; Singley & Anderson, 1989; Thorndike & Woodworth, 1901), 

multimedia learning (Mayer, 2001), and conceptual change (diSessa, 2008; Vosniadou, 1994). 

Surprisingly, this plethora of research has left central questions open: how strong is the 

overall effect of prior knowledge on learning? How variable are the effect sizes? Are there 

systematic variations in the effect sizes that can be explained by moderator variables? – To 

our knowledge, no comprehensive meta-analysis on these questions has been published yet.  

For the purpose of the present investigation we define knowledge as information stored in 

memory (e.g., Anderson, 1983; Weinert, 1999). In line with how the term knowledge is 

typically used in the psychological and educational research literature, this definition includes 

declarative knowledge about abstract and relational concepts (Goldwater & Schalk, 2016) and 

more isolated facts (Michael Schneider & Grabner, 2012), as well as procedural knowledge 

about how to solve problems (Anderson et al., 2004). It also includes scientifically incorrect 

misconceptions as well as scientifically correct concepts (Shtulman & Valcarcel, 2012; Smith 

III. et al., 1993). Knowledge is domain-specific when its relates to the key principles in a 
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domain, for example, the concept of equivalence in mathematics or the concept of force in 

physics (Carey & Spelke, 1994; Wellman & Gelman, 1992). Domain specific knowledge is 

sometimes also termed content knowledge (Chi & Ceci, 1987) and has been described as a 

component of academic achievement (OECD, 2016; Steinmayr et al., 2014). We define prior 

knowledge as the knowledge available in a person’s long-term memory at the onset of 

learning (cf. Dochy & Alexander, 1995).  

These definitions have two implications for the current study. First, they imply that 

investigations of the influence of prior knowledge on subsequent learning require the 

assessment or manipulation of knowledge before learning (a pretest) and the assessment of 

learning outcomes after learning (a posttest). Only then, differences in prior knowledge before 

learning allow a prediction of the learning outcomes after learning or the learning gains. 

Second, the definitions imply that prior knowledge is usually partly or fully incorrect or at 

least incomplete compared to what is to be learned in a learning phase. Only if this is the case, 

learning something relevant is still possible, so that the relation between prior knowledge and 

learning can be investigated. This partly incorrect or incomplete nature of prior knowledge 

raises the question whether prior knowledge always facilitates or sometimes hinders further 

learning.  

6.2.1 Does Prior Knowledge Facilitate or Hinder Learning? 

In the literature on knowledge acquisition, there are two seemingly conflicting 

hypotheses about the relationship between prior knowledge and subsequent learning – the 

knowledge-is-power hypothesis and the knowledge-as-burden hypothesis (cf. Dochy et al., 

1999; W. Schneider, 1993; Stern, 2001). There exists empirical evidence supporting both 

hypotheses. 

According to the so-called knowledge-is-power hypothesis (Hambrick & Engle, 2002), 

prior knowledge has a positive effect on learning (W. Schneider et al., 1989). Research has 

suggested several mechanisms that contribute to this effect. For example, prior knowledge 
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guides the learners’ attention (e.g., Tanaka, Kiyokawa, Yamada, Dienes, & Shigemasu, 2008; 

Yu, Zhong, & Fricker, 2012), facilitates the interpretation and encoding of new information 

(Kintsch, 1994; van Kesteren et al., 2014), and allows for the bundling of new information 

into chunks that can efficiently be processed, memorized, and retrieved (Chase & Simon, 

1973; Ericsson, Chase, & Faloon, 1980; Gobet et al., 2001). Prior knowledge about the 

effectivity and efficiency of problem-solving strategies also allows for more exploration, 

goal-directed behavior, and the construction of more advanced strategies (Michael Schneider, 

Rittle-Johnson, & Star, 2011; Siegler, 1996).  

In contrast, the knowledge-as-burden hypothesis predicts negative effects of prior 

knowledge on learning and transfer (Bilalić, McLeod, & Gobet, 2008; M. Fisher & Keil, 

2016; Luchins & Luchins, 1987; Vosniadou, Vamvakoussi, & Skopeliti, 2008). For example, 

misconceptions as well as incomplete correct knowledge in a domain (e.g., that the surface of 

the earth looks flat in everyday life) can give rise to incorrect conclusions (e.g., the earth is a 

disc; Vosniadou & Brewer, 1992). Learners with high correct prior knowledge in a domain 

tend to pay selective attention to the features of a situation that have been relevant for solving 

problems in the past. This can induce perceptual biases (Hecht & Proffitt, 1995; 

Lewandowsky & Kirsner, 2000) or the prevention that learners look for new and better 

problem solutions (Einstellung effect; Bilalić, McLeod, & Gobet, 2010; Luchins & Luchins, 

1959). Having more knowledge elements about a topic increases the probability of intrusions 

or interferences involving these elements (Arkes & Freedman, 1994; Castel, McCabe, 

Roedinger, & Heitman, 2007). High procedural prior knowledge is usually acquired through 

extensive practice, which can lead to efficient automatized but also inflexible routines that 

hamper adaptive problem solving (A. Johnson, 2003; Müller, 1999). Higher levels of prior 

knowledge sometimes go along with overconfidence (see Chi, 2006, for a brief review), 

resulting in reduced effort, self-regulation, and performance in learners (Hall, Ariss, & 

Todorov, 2007). High prior knowledge in one domain can also hamper learning in a related 
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domain (negative transfer; Woltz, Gardner, & Bell, 2000). For example, children’s highly 

automatized and correct knowledge about whole numbers can interfere with learning about 

fractions, which look similar but differ in important mathematical characteristics such as their 

density (Siegler, Fazio, Bailey, & Zhou, 2013).  

The mechanisms described in the context of the knowledge-is-power hypothesis or the 

knowledge-as-burden hypothesis do not mutually exclude each other. They might work in 

parallel and interact with each other. This interplay raises questions about the combined net 

effect of these processes on learning. Is it positive, negative, or close to zero because positive 

and negative influences cancel each other out?  

6.2.2 Relations between Prior Knowledge, Posttest Knowledge and Pretest-Posttest 

Knowledge Gains 

Most studies on the effects of prior knowledge on learning investigated the correlation 

between prior knowledge and posttest knowledge or the correlation between prior knowledge 

and pretest-posttest knowledge gains. Knowledge gains can either be computed as absolute 

gain scores (i.e., AG = posttest score – pretest score) or as normalized gain scores (i.e., NG = 

(posttest score – pretest score) / (scale maximum – pretest score); Hake, 1998). Absolute gain 

scores have the disadvantage that learners with high prior knowledge have less room on the 

scale for improvements than learners with low prior knowledge. Normalized gain scores 

account for this problem by dividing the absolute learning gain by the maximal possible 

learning gain (Hake, 1998). 

Few studies systematically compared the correlations of prior knowledge with posttest 

knowledge and with (absolute or normalized) knowledge gains. In the present meta-analysis, 

we argue that the two types of correlations capture different aspects of prior-knowledge 

effects on learning, are partly independent of each other, and are of different magnitude. 

Figure 3 shows that both correlations can be highly positive (top left), close to zero (top 

middle), or highly negative (top right). Highly positive correlation between prior knowledge 
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and posttest knowledge can also go along with a strongly negative correlation between prior 

knowledge and normalized knowledge gains (bottom left) or with a correlation close to zero 

(bottom middle). Figure 3 only visualizes the correlations with normalized knowledge gains 

rNG, as the graphs for absolute knowledge gains rAG look very similar and normalized 

knowledge gains have methodological advantages over absolute knowledge gains (Hake, 

1998). 

 

 
Figure 3. Six different sets of correlations of prior knowledge with posttest knowledge and 

normalized knowledge gains, visualized using five fictitious persons‘ amount of knowledge 

before (T1) and after learning (T2) as example.  

The correlation rP between prior knowledge and posttest knowledge indicates to what 

extent differences between the learners’ amounts of knowledge relative to each other stays 

stable over time. A strong positive correlation implies that the rank order of the learners with 

respect to the amount of their knowledge remained relatively unchanged. The correlation rP 

can thus be used to predict how well a learner will perform compared to other learners after 

learning. However, this correlation does not reveal anything about the learners’ absolute 

amount of knowledge. Strong positive correlations can go along with increases (Figure 3, top 
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left) as well as decreases (Figure 3, bottom right) in the samples’ absolute amount of 

knowledge over time. 

We expected to find a strong positive correlation rP between prior knowledge and posttest 

knowledge, because learners’ knowledge in a domain typically accumulates over months or 

years. This is incremental learning is emphasized, for example, by theories of conceptual 

change or conceptual development (diSessa et al., 2004; Keil, 1996; Vosniadou, 1994), skill 

building (M. Schwartz & Fischer, 2004), and expertise acquisition (Ullén et al., 2016). 

Accumulated individual differences that have grown over extended time periods tend to be 

highly stable and hard to change by short learning interventions (Ericsson, Krampe, & Tesch-

Römer, 1993; Vosniadou, Ioannides, Dimitrakopoulou, & Papademetriou, 2001). Thus, we 

expected that these accumulated and stable individual differences would show in a similar 

way at pretest as well as posttest, leading to a strong positive correlation. 

In contrast, the correlation between prior knowledge and the learning gains indicates to 

what extent learners with a high amount of prior knowledge have larger knowledge gains (r > 

0) or smaller knowledge gains (r < 0) than their peers. Thus, the correlation can be used to 

predict to what extent learners with low prior knowledge stay behind, catch up with, or even 

overtake more knowledgeable learners over time. The correlation does not indicate whether a 

samples’ absolute amount of knowledge increases (Figure 3, top left) or decreases (Figure 3, 

bottom right) over time, which is indicated by the Cohen’s d of the pretest-posttest changes. 

We expected to find a weak positive correlation rNG between prior knowledge and 

normalized knowledge gains, because the amount of knowledge gained during a learning 

phase depends on a multitude of instruction characteristics, teaching characteristics, and 

learner characteristics (e.g., Ormrod, 2012). Since prior knowledge is just one of these 

variables, it can only be expected to explain a part of the variance in learners’ knowledge 

gains. We expected that the correlation rAG between prior knowledge and absolute knowledge 



Environmental and Learner-Related Determinants of Knowledge Acquisition 60 

gains would be even lower, because absolute gains penalize high prior knowledge and can 

thus underestimate the true association strength (Hake, 1998). 

Either of the two types of correlations alone does not reflect some aspects of the learning 

process, but only by their combination. For example, when both correlations are strongly 

positive (Figure 3, top left), the between-learner variance necessarily increases, as learners 

with already high prior knowledge also have the largest knowledge increases, whereas 

learners with lower prior knowledge have smaller increases. This phenomenon is also 

discussed under the label Matthew effect in the literature (e.g., Stanovich, 1986; Walberg & 

Tsai, 1983). When the correlation between prior knowledge and knowledge gains is negative 

but the correlation between prior knowledge and posttest knowledge is positive, the variance 

decreases, because the student with low prior knowledge catch up with their peers (bottom 

left). When both correlations are negative, the students with low prior knowledge gain so 

much more knowledge than their peers that the learners’ rank order reverses over time (top 

left). This highlights the importance of analyzing both correlations separately and interpreting 

them together. 

6.2.3 Possible Moderating Influences 

Systematic differences between the studies on prior knowledge might explain why some 

studies found stronger correlations between prior knowledge and posttest knowledge or 

knowledge gains than others did. In the following, we introduce three groups of possible 

moderators: (1) knowledge characteristics, (2) learner characteristics, and (3) environmental 

characteristics.  

6.2.3.1 Knowledge Characteristics 

A characteristic of knowledge that potentially moderates the relation between prior 

knowledge and learning is the type of knowledge. A widely used distinction between 

knowledge types is the one between declarative and procedural knowledge (Anderson et al., 

2004). Declarative knowledge is verbalizable and explicit. Two educationally relevant 
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subtypes of declarative knowledge are fact knowledge (e.g. 5 + 2 = 7) (Michael Schneider & 

Grabner, 2012), which tends to consist of isolated pieces, and conceptual knowledge, which 

tends to be more abstract and relational (e.g., the principle of commutativity in mathematics) 

(Goldwater & Schalk, 2016). Procedural knowledge consists of automatized and implicit rules 

that specify which operators help to reach a goal. It includes knowledge about cognitive 

operators, for example, how to add two numbers, and motoric procedural knowledge, for 

example, how to jump (Rittle-Johnson, Schneider, & Star, 2015). A second characteristic of 

knowledge that might moderate the relation between prior knowledge and learning is the 

content domain. Content domains can differ in how closely and systematically elements of 

knowledge are inter-related. Prior knowledge might more strongly facilitate learning in 

domains with higher degrees of interrelatedness than in domains with lower degrees of 

interrelatedness. A third potential moderator is the similarity of prior knowledge and posttest 

knowledge. The more similar prior knowledge is to new knowledge, the easier it might be for 

a learner to use the prior knowledge in order to learn the new knowledge (Medin, Goldstone, 

& Gentner, 1993). This similarity is multidimensional. Among the dimensions on which two 

pieces of knowledge can be more or less similar are knowledge domain, physical context, 

temporal context, functional context, social context, and modality of assessment (Barnett & 

Ceci, 2002).  

6.2.3.2 Learner Characteristics 

Possible moderators on the level of learner characteristics are age and educational level. 

Age is a potential moderator, because it relates to differences in cognitive processing and 

learning (e.g., executive functions; Lejeune, Desmottes, Catale, & Meulemans, 2015; 

Steinberg, 2014). Furthermore, the importance of prior knowledge might differ between 

learners’ educational levels (kindergarten, primary school, secondary school, higher education 

etc.), which vary in learner age, required prior knowledge, and, partly, instructional methods.  
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6.2.3.3 Environmental Characteristics 

Additionally, environmental characteristics might moderate the relation between prior 

knowledge and learning. Students often fail to activate prior knowledge when it would be 

relevant (Renkl, Mandl, & Gruber, 1996). Thus, instructional interventions designed in ways 

to activate, explicate, and address prior knowledge likely strengthen the relation between prior 

knowledge and learning (Baumert et al., 2010; Pressley et al., 1992). For studies in which the 

learners participated in an instruction intervention, we coded the setting (e.g., school 

instruction), the duration, the cognitive demands, and the instructional methods employed. 

We expected a particularly strong moderation effect of cognitive demands. Instruction with 

high cognitive demands requires learners to understand conceptual connections, analyze, 

justify, explain, and draw conclusions (Stein & Smith, 1998). This is easier for learners with 

high prior knowledge than for learners with low prior knowledge (Kirschner et al., 2006). 

Accordingly, we expected that instruction with high cognitive demands would amplify pre-

existing differences in prior knowledge leading to strong positive correlations between prior 

knowledge, posttest knowledge, and knowledge gains. A related possible environmental 

moderator is the country as countries differ in their educational systems, curricula, and 

cultural patterns of teaching (Hiebert, Stigler, & Manaster, 1999, p. 196). Many other 

knowledge, learner, and environmental characteristics proved to be important in single 

studies, but could not be included in our meta-analysis, because the number of studies was too 

small.  

6.2.4 The Present Study 

In sum, the concept of prior knowledge is widely used in many areas of psychological 

research, but the strength of the effect of domain-specific prior knowledge on learning is still 

unknown. According to the knowledge-is-power hypothesis, the overall effect of prior 

knowledge is positive; according to the knowledge-as-burden hypothesis, it is negative. It is 

also unclear to what extent the findings obtained with posttest knowledge, absolute 
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knowledge gains, or normalized knowledge gains differ and how strongly characteristics of 

the knowledge, the learner, and the environment moderate the effect sizes. We therefore 

conducted a meta-analysis on these questions. To maximize the generalizability of our 

findings, we did not restrict our analysis to any content domains, age groups, or institutional 

contexts. We included all studies using domain-specific prior knowledge to predict 

knowledge or achievement at posttest or knowledge gains from pretest to posttest. We 

included only knowledge, and not achievement as an independent variable, because we were 

interested in the effects of prior knowledge, which is related to but not identical with 

achievement. We included both knowledge and achievement as dependent variables, because 

we were interested in the effects of prior knowledge on domain-specific cognitive learning 

outcomes in general. In the remainder of the manuscript, for simplicity, we used the term 

posttest knowledge to refer to knowledge and achievement at posttest and knowledge gains to 

refer to changes in knowledge from pretest to posttest. Intelligence might artificially inflate 

the correlation between prior knowledge and learning by affecting the acquisition of prior 

knowledge and, independently of that, also the acquisition of new knowledge. Therefore, we 

tested how much controlling for intelligence reduces the correlations. 

We had four research questions. Our first research question was how much empirical 

evidence is available about the relation between prior knowledge and both, posttest 

knowledge and knowledge gains, and about the causality of these relations. As prior 

knowledge is a widely-used concept throughout Psychology and Education, we expected to 

find a large amount of relevant empirical evidence. Our second research question was how 

prior knowledge relates to posttest knowledge. As described, the correlation between prior 

knowledge and posttest knowledge indicates the stability of individual differences, which we 

expected to be high, because these differences can accumulate over months or years. We 

expected similar findings for knowledge and for achievement as learning outcome measures, 

because knowledge is a central component of achievement (M. A. Johnson & Lawson, 1998; 
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O’Reilly & McNamara, 2007; OECD, 2016). Our third research question concerned how 

prior knowledge predicts pretest-posttest knowledge gains. We expected this correlation to be 

weakly positive, because prior knowledge is just one of many causal influences on learning. 

Our fourth research question was how strongly the effects of prior knowledge on posttest 

knowledge and on knowledge gains are moderated by characteristics of the knowledge, the 

learner, and the environment. As explained in the introduction, there are reasons to expect that 

the effect of prior knowledge on learning differs systematically between studies. 

 

6.3 Method 

6.3.1 Literature Search 

Figure 4 summarizes the literature search process and inclusion criteria. In May 2015, we 

searched the title, abstract, and keywords of all articles in the literature database PsycINFO. 

The search string was designed to not only include studies explicitly using the term prior 

knowledge, but also other studies investigating knowledge in designs with at least two 

measurement points. The search string was: (pre-test OR post-test OR pretest OR posttest OR 

pre test OR post test OR longitudinal OR repeated measure* OR measurement point* OR 

prior knowledge) AND knowledge. After limiting the results to empirical quantitative studies 

conducted with non-disordered participants, written in the English language, and published in 

a peer-reviewed journal, the search provided 4572 hits (for more details, see Figure 4). We 

updated the search two years later in May 2017. This search provided additional 890 hits, 

resulting in 5462 hits in total. We accounted for publication bias by using visual and statistical 

methods (described in the results section) instead of including unpublished studies. The 

quality of unpublished studies is hard to assess, and researchers usually obtain only a non-

representative set of unpublished studies which does not increase the quality of the meta-

analytic results (Ferguson & Brannick, 2011).  
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Figure 4. Flow chart for the literature search. 

 

6.3.2 Inclusion of Studies 

The three inclusion criteria were: (1) The study included an assessment or an 

experimental manipulation of the amount of learners’ domain-specific prior knowledge as 
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defined in the introduction. To facilitate the interpretation of the results, we excluded studies 

in which not the amount of knowledge but the activation of prior knowledge was manipulated 

(e.g., Amadieu et al., 2015) or which compared learning with familiar versus unfamiliar 

materials (e.g., Badham, Hay, Foxon, Kaur, & Maylor, 2016). We only included objective 

quantitative measures of domain-specific prior knowledge, and excluded self-assessments, 

composite scores from more than one domain, as well as measures of crystallized intelligence, 

abilities, achievement, or meta-cognitive knowledge. (2) The study included a measure of 

knowledge or achievement after learning or of the gains made from one measurement point to 

another. Studies in which the domain of the prior knowledge test and the learning outcome 

test differed were included. We also included composite measures of learning outcomes in 

more than one domain (e.g., GPA). We excluded studies reporting learner self-ratings of their 

knowledge. (3) The study reported the information required to compute at least one 

standardized effect size index of the strength and the direction of the association between 

prior knowledge and the outcome after learning or the learning gains.  

After removing three duplicates, we screened all remaining 5459 titles and abstracts and 

excluded studies obviously not relevant for our meta-analysis. For studies with eligible titles 

and abstracts, we inspected the full texts. The first author screened all studies for inclusion. 

The second author independently screened a random sample of 115 studies for inclusion. The 

inter-coder agreement was 83%. Interrater disagreements were resolved through discussion. 

The studies included in the meta-analysis are listed in Appendix C.  

6.3.3 Data Coding 

The coding rules were documented in a coding manual, which was used for rater training. 

The first author coded the information from all included studies. The second author 

independently coded the information from a random sample of 547 effect sizes from 86 

studies. The inter-coder agreement was 90% of all coded values. Inter-coder disagreements 
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were resolved through discussion. Appendix D provides a list of all coded variables and their 

levels. 

For studies with more than two measurement points and for longitudinal studies, we 

coded one effect size for each possible pair of measurement points. To aid the interpretation 

of the results, we coded the levels of the moderator variables only in cases where the levels 

were the same for pretest and posttest (e.g., educational level was coded only when the 

students were on the same level at T1 and T2, but not when they were in elementary school at 

T1 and in middle school at T2). We coded the similarity of prior knowledge and posttest 

knowledge using the taxonomy proposed by Barnett and Ceci (2002). To ease coding, we 

only distinguished between two levels of each dimension (similarity high vs. similarity low). 

For example, we coded the similarity of the temporal context as high when prior knowledge 

and learning outcomes were assessed on the same day and as low, when they were assessed 

on different days. In addition to Barnett and Ceci’s dimensions, we coded the dimension 

knowledge type (e.g., high similarity for declarative knowledge at T1 and at T2, low 

similarity for declarative knowledge at T1 and procedural knowledge at T2). We coded the 

cognitive demands of the intervention based on the authors’ description. We coded this 

moderator only for studies including at least one condition with higher cognitive demands and 

one with lower cognitive demands and when the conditions were explicitly described by the 

authors as having higher or lower cognitive demands relative to each other. When coding the 

instructional methods, we used the labels employed by the authors as our main criterion. For 

example, we only coded the employment of problem-based learning, when the authors of the 

original publication used the term problem-based learning to describe their instructional 

intervention.  

6.3.4 Preparation of Effect Sizes 

Appendix E lists the equations for the preparation of the effect sizes for the meta-analytic 

integration. We used Pearson correlations (r) as the dependent variable of our meta-analysis, 
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because the majority of the included studies reported correlational results. Whenever a study 

compared a high- and a low-prior knowledge group and reported the group means and 

standard deviations for at least two measurement points, we calculated the absolute and the 

normalized gain scores from this information. Absolute learning gains were computed as 

posttest score – pretest score, and normalized learning gains were computed as (posttest score 

– pretest score) / (scale maximum – pretest score) (Hake, 1998). We then computed group 

differences in these gain scores as Cohen’s d values, respectively. For studies reporting group 

differences for the posttest only, we computed Cohen’s d for this difference. We then 

converted the Cohen’s ds to Pearson correlations. Unless specified otherwise, all correlations 

were coded so that a positive value indicated that a higher quantity of (correct or incorrect) 

prior knowledge went along with a higher quantity of (correct or incorrect) posttest 

knowledge or positive pretest-posttest gains. The correlations were subjected to a Fisher’s Zr-

transformation to approximate a normal sampling distribution (Lipsey & Wilson, 2001). 

Only when original studies reported the reliabilities of the measures, we corrected the 

correlations for measurement error, which would otherwise make the correlation between two 

constructs appear smaller than it actually is (F. L. Schmidt & Hunter, 2015, p. 112). Some 

studies measured prior knowledge as a continuous variable and then dichotomized the 

participants into a high- and a low-prior knowledge group. We corrected for this loss of 

information (i.e., loss of variance) using the formula given by F. L. Schmidt and Hunter 

(2015, p. 134). We winsorized the corrected correlations and variances to less extreme values 

when they exceeded a value above -1 or 1 due to attenuation. 

6.3.5 Statistical Analysis 

6.3.5.1 Outliers 

Before we performed the meta-analysis, we identified outliers through Cook’s values 

(Cook & Weisberg, 1982; Viechtbauer & Cheung, 2010) using the metafor package 

(Viechtbauer, 2010) in R. We excluded two outliers found with posttest knowledge (Lonigan, 
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Burgees, & Anthony, 2000; Ree, Carretta, & Teachout, 1995), two found with absolute 

knowledge gains (Zacharia, Loizou, & Papaevripidou, 2012), and one found with normalized 

knowledge gains (Zacharia et al., 2012).  

6.3.5.2 Publication Bias 

We visually and statistically tested for publication bias using funnel plots and Egger 

regressions for random-effects models (Egger et al., 1997). These tests were conducted using 

the metafor package (Viechtbauer, 2010) in R (R Core Team, 2014). 

6.3.5.3 Meta-Analytic Integration 

The formulas used for the meta-analytic integration of the effect sizes are provided in 

Appendix E. The majority of the included studies reported several effect sizes, for example, 

for various dependent measures or measurement points. These effect sizes are statistically 

dependent and thus violate a central assumption of classical meta-analytical models. To 

handle statistically dependent effect sizes, we employed robust variance estimation (Hedges et 

al., 2010; Tanner-Smith et al., 2016). Given the expected heterogeneity, we used random 

effects models for the meta-analytic integration of the effect sizes (cf. Raudenbush, 2009). 

Mean effect sizes and meta-regression models were estimated using a weighted least squares 

approach (cf. Hedges et al., 2010; Tanner-Smith & Tipton, 2014). The statistical analyses 

were performed using the robumeta package (Z. Fisher & Tipton, 2014) in R.  

6.3.5.4 Moderators 

We computed the mean effect size for every level within a moderator category separately. 

For levels with degrees of freedom smaller 4, we only report the mean, but not the confidence 

interval, as results are not trustworthy due to the small number of observations. These levels 

were also excluded from the significance tests of the moderators. Before performing the 

moderator analyses, continuous moderator variables were log-transformed to obtain normal 

distributions of the variables. Categorical moderators were dummy-coded using the moderator 

level with the lowest effect size as the reference level. Unless stated otherwise, each 
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moderator was tested in a separate analysis. The moderators were entered as predictors in 

regression models for the prediction of the effect sizes (see Appendix E). For dummy coded 

variables, each predictor indicates whether the coded moderator level significantly differs 

from the reference level. We computed the overall significance for each regression analysis 

using the Wald-test function of the clubSandwich package in R (Pustejovsky, 2017; Tanner-

Smith et al., 2016). We computed the overall proportion of explained variance R2 for each 

regression as described in Appendix E. 

 

6.4 Results 

6.4.1 Characteristics of the Included Studies  

The 240 included articles reported results from 335 independent samples with 4327 

relevant effect sizes and 62,129 participants in total. The publication years ranged from 1965 

to 2017, with a median of 2010. Of the 240 articles, 60% were published within the last 10 

years (2008-2017), indicating an increasing interest in prior knowledge. Appendix D lists the 

frequencies of the levels of the moderator variables in the included studies. Twenty-eight 

countries are represented in the meta-analysis. Most studies reported data from North 

America (45%), followed by Europe and the Middle East (32%), Asia (11%), and 

Australia/New Zealand (1%). The time between the measurement of prior knowledge (T1) 

and the measurement of the learning outcomes (T2) varied between 0 and 3780 days, with a 

median of 360 days. Regarding the learners’ age, sample means ranged from 0.63 to 33.25 

years with an overall mean of 11.13 years (SD = 7.02). 

6.4.2 Characteristics of the Included Effect Sizes 

Our first research question was how much empirical evidence is available on the 

correlational and causal relations of prior knowledge with posttest knowledge and knowledge 

gains, respectively. We found a large number of studies that investigated the correlation 

between prior knowledge and posttest knowledge. This relationship had been investigated in 



Environmental and Learner-Related Determinants of Knowledge Acquisition 71 

235 included studies, reporting 4223 effect sizes ranging between rp
+ = -.635 to rp

+ = .995. Of 

these, 44 effect sizes from nine studies were obtained in randomized controlled trials (RCTs). 

We categorized a study as RCT when the participants were randomized into at least two 

groups and the levels of prior knowledge were manipulated to differ between these groups.  

For 28 studies with 1305 effect sizes, it was possible to control for intelligence.  

In contrast, the association between prior knowledge and knowledge gains had been 

investigated in only few studies, none of which was an RCT or allowed controlling for 

intelligence. The correlation between prior knowledge and absolute learning gains could be 

computed for 20 studies with 62 effect sizes ranging from rAG
+ = -.971 to rAG

+ = .726. The 

correlation between prior knowledge and normalized learning gains could be computed for 14 

studies with 33 effect sizes ranging from rNG
+ = -.952 to rNG

+ = .966. Thus, overall, there is a 

strong asymmetry in how much empirical evidence is available about prior-knowledge effects 

on posttest knowledge and prior-knowledge effects on knowledge gains. 

There was no evidence for a publication bias, that is, an underrepresentation of effect 

sizes close to zero, in our database. The effect sizes found with posttest knowledge, absolute 

knowledge gains, and normalized knowledge gains varied about symmetrically around their 

common means, both for the individual effect sizes (Figure 5, left column) and for the study-

average effect sizes (Figure 5, right column). Neither Egger regressions or the trim-and-fill 

method (Duval & Tweedie, 2000) indicated any underrepresentation of small effect sizes in 

any of the six cases depicted in Figure 5. 
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Figure 5. Funnel plots of the inverse of standard error and the effect size (corrected for 

artifacts and here transformed to Fisher’s Z) for the effect-size level (left) and the study level 

of aggregation (right) for learning outcomes (top) and learning gains (bottom).  
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6.4.3 Correlation between Prior Knowledge and Posttest Knowledge  

Table 3 shows the average effect sizes separately for studies using prior knowledge to 

predict posttest knowledge, absolute knowledge gains, or normalized knowledge gains. With 

respect to our second research question, i.e., how strongly prior knowledge is associated with 

posttest knowledge, we found a strong, positive, and statistically significant correlation of rP
+ 

= .525, as expected. The correlation is strong by the standards of Cohen (1992), indicating a 

high stability of individual differences in knowledge from before to after learning. The I2 

index of 93.53 indicated a large amount of heterogeneity, implying that third variables 

moderate the extent of this stability.  

The connection between prior knowledge and posttest knowledge is causal, as indicated 

by the significant positive effect size of rP
+ = .308 found in RCTs. The correlation was 

significantly lower in RCTs than in other study designs, but this difference explained only a 

variance proportion of R2 = .007 of the effect sizes. The effect of intelligence on prior 

knowledge and learning outcomes contributed only weakly to the high correlation. 

Controlling the correlation for intelligence across the 28 relevant studies for which this was 

possible, the correlation only marginally changed from rP
+ = .518, 95% CI [.464, .568], I2 = 

90.31, to rP
+ = .482, 95% CI [.424, .535], I2 = 91.75. The difference between these two 

correlations was not statistically significant (z = 1.23, p = .219). Therefore, the association of 

prior knowledge with posttest knowledge is causal and cannot entirely be attributed to a 

confounding influence of intelligence. 

6.4.4 Correlation between Prior Knowledge and Knowledge Gains 

With respect to our third research question, i.e., how strongly prior knowledge is 

associated with knowledge gains, we expected to find weak positive effects. Against our 

expectation, the empirical findings were inconclusive. The correlation was descriptively 

negative but not significantly smaller than zero for absolute knowledge gains (rAG
+ = -.210) as 

well as for normalized knowledge gains (rNG
+ = -.083). The 95% confidence intervals around 
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these means are extremely large (see Table 3), because only 20 studies reported the 

correlation between prior knowledge and absolute knowledge gains (or the information 

required to compute this correlation) and a mere 14 studies reported the correlation between 

prior knowledge and normalized knowledge gains (or the information required to compute 

this correlation). The heterogeneity indices I2 were close to 100%, indicating high degrees of 

heterogeneity of the effect sizes found with absolute knowledge gains and with normalized 

knowledge gains. Due to a lack of relevant empirical studies, the causality of the prior 

knowledge effects on knowledge gains as well as the influence of intelligence could not be 

investigated in our meta-analysis. 

6.4.5 Differences between the Correlations Found with the Three Types of 

Dependent Variables 

As expected, the correlation was highest for posttest knowledge as dependent variable 

(rp), lower for normalized knowledge gains (rNG), and lowest for absolute knowledge gains 

(rAG). The confidence interval for posttest knowledge did not overlap with the confidence 

intervals for absolute and normalized knowledge gains, which indicates a statistically reliable 

difference. The difference between posttest knowledge and knowledge gains was significant 

(z = 6.07, p = <.001 for absolute knowledge gains and z = 3.64, p = <.001 for normalized 

knowledge gains). In contrast, the confidence intervals for absolute and normalized 

knowledge gains overlapped strongly, and their descriptive difference did not reach statistical 

significance (z = 0.58, p = .562). 

We repeated the analyses for those 12 studies that reported sufficient information only, to 

compute and compare all three types of dependent variables (thus holding study 

characteristics constant over the three types of dependent variables; see Table 3). This 

increased the differences and led to mean effect sizes ranging from rP
+ = .760 for posttest 

knowledge over rNG
+ = .123 for normalized knowledge gains, to rAG

+ = -.398 for absolute 

knowledge gains. These results indicate that, independently of other study characteristics, 
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correlations with posttest knowledge and with knowledge gains are significantly different (all 

ps < .05), capture different and partly independent aspects of the effect of prior knowledge on 

learning, and need to be analyzed separately. In the following two sections, we thus report the 

moderator analyses separately for posttest knowledge and knowledge gains. 

6.4.6 Moderators of the Correlation between Prior Knowledge and Posttest 

Knowledge 

Our fourth research question considered how strongly the effect of prior knowledge on 

posttest knowledge and on knowledge gains is moderated by knowledge-related, learner-

related, and environment-related variables. Table 4 shows the overall mean correlation 

between prior knowledge and posttest knowledge and how this overall effect was moderated 

by third variables. When levels of moderators were coded (see Appendix D) but are not listed 

in Table 4, maximally one study reported the respective level of the moderator. Likewise, if 

confidence intervals or tests results of moderator effects are not listed in Table 4 indicates, 

that the available evidence was too limited to permit these analyses. Moderator levels for 

which the evidence was so limited that no confidence intervals could be computed were 

excluded from the significance tests. 

 

 



Environmental and Learner-Related Determinants of Knowledge Acquisition 76 

Table 3. 

Meta-analytic overall results separately for the three dependent variables learning outcome, absolute learning gains, and normalized learning gains 

 

 Correlation with  
posttest knowledge 

 Correlation with  
absolute knowledge gains 

 Correlation with normalized  
knowledge gains 

 j k rP
+ CI rP

+ 95% τ2 I2  j k rAG
+ CI rAG

+ 
95% τ2 I2  j k rNG

+ CI rNG
+ 

95% τ2 I2 

Studies allowing 
the  
computation of at 
least one  
of the three types 
of effect sizes 

235 4223 .525 [.495, .553] .099 93.53 

 

20 62 -.210 [-.437, .043] .380 96.99  14 33 -.083 [-.478, .342] .580 94.83 

Studies allowing 
the  
computation of all 
three  
types of effect 
sizes 

12 30 .760 [.603, .864] .362 90.09  12 30 -.398 [-.713, .050] 1.20 96.78  12 30 .123 [-.352, .556] 1.05 96.34 

Randomized 
controlled trial                     

No 226 4179 .532 [.502, .561] 0.099 93.70  20 62 -.210 [-.437, .043] .380 96.99  14 33 -.083 [-.478, .342] .580 94.83 

Yes 9 44 .308 [.186, .420] 0.038 60.61  0 0 - - - -  0 0 - - - - 

Controlling for 
intelligence                     

Before 
controlling 28 1305 .518 [0.464, 

0.568] 0.061 90.31  0 0 - - - -  0 0 - - - - 

After 
controlling  28 1305 .482 [0.424, 

0.535] 0.072 91.75  0 0 - - - -  0 0 - - - - 
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Table 4.  

Mean effect sizes and moderator analyses examining learning outcomes. 

 j k rP
+ CI rP

+ 95% τ2 I2 Moderator 

       Sign. R2 

Knowledge characteristics         

Knowledge typea       * .037 

Declarative 159 2125 .513 [.478, .548] .205 95.68 Ref  

Procedural 10 51 .645 [.468, .774] .117 91.83 ns  

Declarative and 
procedural mixed 74 645 .619 [.566, .667] .104 95.51 **  

Knowledge sub-typea       ns .016 

Declarative: facts 41 268 .580 [.507, .645] .153 94.28 ns  

Declarative: concepts 128 1244 .528 [.487, .566] .220 96.21 Ref  

Procedural: cognitive 
skill 10 51 .645 [.468, .774] .117 91.83 ns  

Broad content areaa       ns .002 

STEM 87 578 .566 [.509, .619] .112 943.81 ns  

Language 99 3055 .540 [.504, .575] .072 92.11 Ref  

Humanities  5 19 .355 - - - -  

Social sciences 17 107 .570 [.390, .708] .197 93.69 ns  

Health sciences 2 9 .439 - - - -  

Sports 5 54 .533 - - - -  

Content domaina       ns .022 

Mathematics 37 416 .601 [.521, .670] .087 94.23 **  

Physics 16 55 .546 [.418, .653] .139 93.85 *  

Chemistry 6 20 .352 [.149, .528] .054 97.42 Ref  

Biology 21 62 .624 [.474, .739] .250 91.51 **  

Geosciences 6 19 .482 [.002, .782] .245 92.83 ns  

Medicine and nursing 2 9 .439 - - - -  

Psychology 14 99 .546 [.401, .665] .150 92.41 *  

First language  94 2715 .537 [.499, .573] .076 92.20 **  

Second language 10 53 .710 [.610, .789] .076 87.52 **  

Sports 5 54 .533 - - - -  
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History 3 10 .457 - - - -  

Other 3 20 .503 - - - -  

Similarity of prior 
knowledge and learning 
outcome 

        

Similarity of the 
knowledge type        ** .031 

Low 117 1398 .441 [.409, .472] .053 91.39 Ref  

High 210 2821 .547 [.515, .578] .162 95.63 **  

Similarity of the 
content domain       ** .036 

Low 72 688 .419 [.364, .472] .044 89.82 Ref  

High 209 3535 .548 [.518, .578] .103 94.01 **  

Similarity of the 
physical context       ns .000 

Low 7 94 .566 [.373, .712] .230 96.40 ns  

High 228 4071 .528 [.498, .558] .134 95.30 Ref  

Similarity of the 
temporal context       ns .000 

Low 184 3974 .529 [.496, .560] .096 94.16 ns  

High 55 248 .515 [.441, .581] .129 88.13 Ref  

Time between 
assessments 171 3908     ns .000 

Similarity of the 
social context       * .008 

Low 15 185 .451 [.357, .535] .037 88.43 Ref  

High 222 3909 .533 [.502, .561] .112 93.30 **  

Similarity of the 
modality       ** .026 

Low 46 650 .437 [.381, .490] .084 92.86 Ref  

High 205 3064 .538 [.505, .570] .155 95.56 **  

Multivariate effect of 
all similarity 
dimensions 

204 3397     * .021 

Learner characteristics         

Age 136 3362     ns .000 

Educational level       ** .059 

Daycare 5 139 .377 - - - -  
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Kindergarten/prescho
ol 57 1790 .458 [.411, .504] .060 90.16 ns  

Primary education 71 1676 .584 [.542, .624] .064 93.80 **  

Secondary education 49 228 .543 [.455, .621] .125 92.87 ns  

Higher education 57 358 .457 [.392, .518] .108 90.46 Ref  

Continued education 5 22 .753 - - - -  

Several 3 10 .743 - - - -  

Environmental 
characteristics         

Intervention          

Intervention Setting       ns .001 

No intervention 14 150 .487 [.356, .599] .073 83.16 Ref  

School instruction 
only 78 2772 .511 [.461, .557] .106 96.17 ns  

School instruction 
and other 
intervention 

57 867 .513 [.451, .570] .075 92.49 ns  

Other intervention 
only 85 397 .548 [.489, .602] .145 89.04 ns  

Intervention Duration       ns .008 

0-2 hours 73 352 .515 [.452, .573] .141 88.93 ns  

2-24 hours 7 29 .497 [.197, .711] .152 83.31 Ref  

2-7 days 5 16 .516 - - - -  

> 1 week 57 889 .561 [.496, .621] .086 93.60 ns  

Cognitive demands of 
intervention       * .056 

Lower 39 100 .447 [.329; .551] .162 94.42 Ref  

Higher 38 96 .656 [.543; .745] .281 90.06 **  

Instructional methods 
in intervention         

Written instruction       ns .007 

No 23 226 .571 [.464, .662] .171 90.93 ns  

Yes 101 463 .519 [.469, .565] .101 87.04 Ref  

Oral instruction       ns .016 

No 85 495 .504 [.452, .553] .106 85.98 Ref  

Yes 36 253 .584 [.495, .660] .163 92.23 ns  

Multimedia 
instruction       ns .012 
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No 70 489 .496 [.438, .550] .098 85.44 Ref  

Yes 43 149 .585 [.508, .653] .138 87.66 ns  

Practice       ns .006 

No 75 440 .516 [.457, .570] .114 87.43 Ref  

Yes 47 302 .563 [.485, .633] .147 91.91 ns  

Constructive 
activities       ns .017 

No 81 501 .504 [.451, .555] .098 83.64 Ref  

Yes 45 158 .608 [.516, .685] .207 92.22 ns  

Technology        ns .018 

No 78 521 .505 [.449, .557] .102 86.72 Ref  

Yes 41 127 .630 [.525, .717] .223 91.94 ns  

Feedback       ns .024 

No 94 561 .520 [.469, .569] .124 87.71 Ref  

Yes 18 65 .640 [.476, .761] .207 91.74 ns  

Collaborative 
learning       ns .020 

No 98 569 .514 [.466, .559] .104 87.16 Ref  

Yes 22 87 .627 [.478, .742] .228 92.65 ns  

Problem-based 
learning       * .012 

No 96 583 .550 [.495, .600] .132 88.22 *  

Yes 17 93 .451 [.371, .524] .073 87.03 Ref  

Multivariate effect of 
all instructional 
methods 

98 582     ns .088 

Countryb       ns .088 

Australia 3 29 .375 - - - -  

Belgium 2 80 .231 - - - -  

Canada 5 115 .715 [.526, .837] .142 91.90 **  

Peoples Republic of 
China 5 300 .482 [.401, .556] .108 93.55 **  

Hong Kong  6 168 .380 [.274, .477] .071 92.80 Ref  

Taiwan 3 9 .675 - - -   

Denmark 2 7 .371 - - -   
United Kingdom 12 627 .508 [.408, .595] .074 89.96 *  

Finland 8 322 .425 [.262, .566] .088 92.45 ns  
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France 2 122 .333 - - - -  

Germany 9 253 .491 [.223, .690] .141 97.91 ns  

Israel 4 49 .471 - - - -  

Netherlands 5 163 .643 [.180, .872] .216 96.45 ns  

New Zealand 2 42 .814 - - - -  

Norway 3 172 .557 - - - -  

Spain 2 5 .467 - - - -  

USA 52 904 .518 [.450, .580] .123 96.45 **  

Methodological study 
characteristics         

Study design       ns .002 

Group differences in 
prior knowledge 
(quasi-experimental 
or experimental 
design) 

83 403 .549 [.488, .604] .140 88.12 ns  

Individual differences 
in prior knowledge 
(correlational design) 

152 3820 .514 [.480, .547] .093 94.84 Ref  

Number of items in prior 
knowledge measure 186 3053     ** .036 

Number of items in 
learning outcome 
measure 

189 3088     * .025 

Response formata       ns .019 

Open 101 1368 .521 [.472, .567] .124 92.85 Ref  

Fill-in  7 34 .632 [.562, .693] .015 58.05 *  

Single or multiple 
choice 66 508 .556 [.501, .606] .096 90.52 ns  

Other 6 30 .528 [.312, .692] .117 94.85 ns  

Various 18 99 .619 [.506, .711] .166 95.51 *  

Retention test       ns .000 

No 235 4159 .524 [.495, .553] .099 93.57 ns  

Yes  13 64 .507 [.366, .626] .077 83.03 Ref  

Same test at T1 and T2       ** .149 

No 201 3606 .473 [.444, .501] .070 91.27 Ref  

Yes  104 615 .681 [.644, .714] .180 96.68 **  

Measures at T2         

Outcome at T2       ns .002 
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a Only for effects in which the moderator had the same level at T1 and T2. For effects with 

differing moderator levels see the results category “Similarity of prior knowledge and 

learning outcome”. 

b Only studies including any kind of school instructions are presented.  

Note. * p < .05, ** p < .01, – df was too small for valid interpretation, we therefore do not 

report the confidence interval and heterogeneity; ns = nonsignificant. Moderation analysis 

was calculated for moderating variables with full rows only, respectively. 

 

6.4.6.1 Knowledge-Related Moderators 

Among the knowledge-related moderators, we found significant moderator effects for the 

knowledge type, which explained a variance proportion of R2 = .037 of the correlation 

between prior knowledge and posttest knowledge. No moderator effects were found for the 

knowledge sub-types, the broad content area, or the content domains.  

The similarity of the prior knowledge measure and the posttest measure significantly 

moderated the correlation between prior knowledge and posttest knowledge. Separate bi-

variate regressions showed that the correlation was significantly related to the similarity on 

the dimensions knowledge type (R2 = .031), content domain (R2 = .036), social context of the 

assessment (R2 = .008), and modality of the assessment (R2 = .026). In all of these cases, the 

correlation was stronger for a high similarity and lower, but still significantly greater than 

zero, for a low similarity. When all similarity dimensions were simultaneously entered as 

predictors into a multiple regression, they explained a variance proportion of R2 = .021. This 

Knowledge 228 4169 .528 [.498, .556] .079 91.63   

Achievement 10 54 .438 [.209, .621] .352 99.14   

Domain specificity       ns .007 

Specific domain 232 4179 .520 [.491, .548] .081 92.11   

Various domains 8 44 .591 [.171, .831] .302 98.95   
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relatively small value indicates that participants can still make use of prior knowledge when 

prior knowledge and new knowledge are low in similarity. 

6.4.6.2 Learner-Related Moderators 

The participants’ age did not moderate the correlations, but educational level was a 

significant moderator with R2 = .059. The association between prior knowledge and posttest 

knowledge was significantly stronger for primary education as compared to higher education. 

6.4.6.3 Environment-Related Moderators 

We did not find statistically significant moderating effects of country, intervention, and 

intervention duration. In contrast, the cognitive demands of the interventions significantly 

moderated the correlation between prior knowledge and posttest knowledge with R2 = .056. 

The correlation was lower for interventions with lower cognitive demands and higher for 

interventions with higher cognitive demands. Only one of the nine instructional methods 

listed in Table 4 moderated the correlation. Specifically, interventions including problem-

based learning had a smaller correlation than other interventions (R2 = .012). When we 

entered all instructional methods together as predictors in a multiple regression, no significant 

effect was found. 

6.4.6.4 Methodological Moderators 

The correlation between prior knowledge and posttest knowledge was independent of 

whether group differences or individual differences in prior knowledge were used to predict 

the learning outcomes. The correlation increased with the numbers of items used in the prior 

knowledge test (R2 = .036) and the posttest (R2 = .025). A likely explanation for this effect is 

that longer tests typically increase the precision of measurement by reducing the random 

noise in the data. The item response format, and whether the learning outcome test was a 

posttest (directly after the intervention) or a retention test (some time after the posttest) did 

not moderate the correlation. The correlation of prior knowledge and posttest knowledge were 

significantly higher when the exact same test was used at both measurement points than when 



Environmental and Learner-Related Determinants of Knowledge Acquisition 84 

different tests were used, R2 = .149. Whether prior knowledge was used to predict a 

knowledge or achievement measure and knowledge in a domain or multiple domains at 

posttest did not make a statistically significant difference. 

6.4.6.5 Differences Between Correct and Incorrect Knowledge 

In the analyses reported in Tables 3 and 4, we tested how the amount of prior knowledge 

predicted the amount of subsequent knowledge and achievement, irrespective of the 

correctness of knowledge. Here, we tested whether the correctness of knowledge (i.e., 

misconceptions and error scores vs. correct concepts and solution rates) influenced the 

direction of the correlation. We gave all scores quantifying the amount of incorrect 

knowledge a negative sign and all scores quantifying the extent of correct knowledge a 

positive sign, and recoded the effect sizes accordingly. Table 5 displays the results of the 

analyses. As expected, the amount of correct prior knowledge correlated positively with the 

amount of correct posttest knowledge and negatively with the amount of incorrect posttest 

knowledge. The amount of incorrect prior knowledge correlated positively with the amount of 

incorrect posttest knowledge and negatively with the amount of correct posttest knowledge. 

Thus, correct prior knowledge is directly and incorrect knowledge is inversely related to 

positive performance at posttest. The correctness of knowledge explained a variance 

proportion of R2 = .190 of the effect sizes. We repeated the analysis with the absolute values 

of the effect sizes, thus ignoring the signs and comparing only the strength of the correlations. 

This analysis did not indicate significant differences between the four correlations. Thus, the 

correlations of correct and incorrect prior knowledge with learning outcomes differ in their 

directions, but not in their absolute strengths. 
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Table 5. 

Meta-analytic results for the different combination of correctness of knowledge at T1 and T2 

Note. Effect sizes were recoded so that they had a positive sign when correct knowledge 

directly predicted correct knowledge or when incorrect knowledge directly predicted incorrect 

knowledge (and a negative sign when this was not the case). 

 

6.4.7 Moderators of the Correlation between Prior Knowledge and Knowledge 

Gains 

We had planned to conduct the same moderator analyses for absolute and normalized 

knowledge gains as we conducted for posttest knowledge. However, only very few studies 

reported the information required to compute the correlation between prior knowledge and 

absolute or normalized knowledge gains. The results of these studies had a high 

heterogeneity. Thus, only few moderator analyses were possible, and, for these, the statistical 

power was low. Accordingly, the estimated confidence intervals were very large, and almost 

no significant moderator effects were found. Appendix D lists the mean values for the levels 

 j k rP
+ CI rP

+ 

95% τ2 I2 Moderator 

       Sign. R2 

Overall  228 4149 .507 [.475, 
.538] .128 95.00   

Measures       ** .190 

T1: amount of correct 
knowledge, T2:  amount 
of correct knowledge 

225 4037 .524 [.494, 
.553] .118 94.63 **  

T1: amount of correct 
knowledge, T2:  amount 
of incorrect knowledge 

9 82 -.557 [-.746,  
-.287 ] .156 90.98 Ref  

T1: amount of incorrect 
knowledge, T2:  amount 
of correct knowledge 

6 18 -.457 [-.587,  
-.303] .023 66.22 **  

T1: amount of incorrect 
knowledge, T2:  amount 
of incorrect knowledge 

4 12 .578 - - -   



Environmental and Learner-Related Determinants of Knowledge Acquisition 86 

of the moderators that could be coded, and Appendix F lists the results of the significance 

tests that were possible despite the limited amount of data. The only moderator that had 

significant effects on the correlations with both, absolute and with normalized gain scores, 

was the cognitive demands of the intervention. The correlation was higher for interventions 

with high cognitive demands and lower for interventions with low cognitive demands. This 

difference explained variance proportions of R2 = .281 for absolute knowledge gains, and of 

R2 = .366 for normalized knowledge gains. These moderator effects were very strong, which 

explains why the effect sizes found with knowledge gains were so heterogeneous and close to 

zero, and why the results of other moderator analyses not accounting for the cognitive 

demands of the intervention did not reach statistical significance. Another moderator was only 

significant for absolute knowledge gains, but not normalized knowledge gains. The 

correlation was higher for studies using a different tests to assess prior knowledge and 

learning outcomes compared to studies using the same test before and after learning (R2 = 

.110). 

 

6.5 Discussion 

In this meta-analysis, we estimated the effect of the amount of prior knowledge on 

learning. We first discuss the main findings with respect to the four research questions, 

followed by the limitations of our study and the implications of our findings. 

6.5.1 Main Findings 

6.5.1.1 Available Empirical Evidence 

Our first research question was how much empirical evidence is available on the relation 

between prior knowledge and learning. We found a strong imbalance between a high number 

of studies investigating the correlation between prior knowledge and posttest knowledge and 

a low number of studies investigating the correlation between prior knowledge and 

knowledge gains. Furthermore, none of the few studies reporting knowledge gains were 
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randomized controlled trials, and none of these studies allowed controlling for intelligence. 

Due to the small number of studies on knowledge gains and their high heterogeneity, the main 

effects and some moderator effects could only be estimated with low precision, and many 

moderator effects could not be tested at all. In sum, very little is known about how prior 

knowledge causally affects the learners’ increases in knowledge relative to each other over 

time. 

There are at least four explanations for the scarcity of studies on knowledge gains. One 

contributing factor is a relatively large group of studies in our meta-analysis that had the main 

aim of comparing the effectivity of instructional conditions. In these studies, knowledge was 

only used as a covariate. A second contributing factor is that the included longitudinal studies 

frequently used different knowledge tests at different time points in order to keep the tests 

age-appropriate, so that no gain scores could be computed. A third contributing factor are 

studies reporting multivariate analyses of knowledge changes over time and failing to report 

the zero-order correlations between prior knowledge and subsequent knowledge that are 

required for the meta-analytic aggregation of the data. Path coefficients from multivariate 

analyses cannot easily be meta-analyzed, because their values and meanings depend on all 

other variables in the model, so that the average effect size is difficult to interpret. A fourth 

contributing factor is that gain scores were once thought to have undesirable statistical 

characteristics, for example, chronically low reliabilities. Newer studies of gains scores (e.g., 

Zimmermann & Williams, 1998) found these conclusions to be incorrect and based on 

unrealistic statistical assumptions (e.g., the same variance at pretest and posttest, which is 

often not the case, as shown in Figure 3). These newer and more advanced studies showed 

that gain scores usually have acceptable validities and reliabilities (May & Hittner, 2010) and 

are useful tools for investigating change (Maris, 1998).  

We cannot exclude the possibility that some of the studies investigating knowledge gains 

were not found in our literature search. However, we assume that the number of these studies 
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is small, because we used a very broad search string that was designed to include all studies 

measuring knowledge at more than one measurement point and which was not limited to find 

studies using the term “prior knowledge”. The search string yielded 5462 studies, which we 

scanned for inclusion. Only 20 of these studies reported or allowed us to compute the 

correlation of prior knowledge with absolute learning gains and 14 of these studies reported 

or allowed us to compute the correlation of prior knowledge with normalized learning gains. 

Therefore, the low number of studies on knowledge gains is unlikely to be an artifact created 

by our literature search. 

6.5.1.2 Correlations of Prior Knowledge with Posttest knowledge and Knowledge Gains 

Our second research question was how strongly prior knowledge is associated with 

posttest knowledge. Averaged over 4223 effect sizes from 235 studies, we found a correlation 

of rP
+ = .525, which indicated a high stability of the individual differences in the amount of 

knowledge over time. Accordingly, the learners’ rank order with respect to the amount of 

their knowledge tends to remain relatively unchanged between measurement points. The 

estimation had a high precision as indicated by the small confidence interval ([.478, .548]). 

The correlation decreased only slightly and remained statistically significant when only 

analyzing the nine randomized controlled trials in our database. These nine studies 

randomized the participants into two groups and induced prior-knowledge differences 

between these groups, thus indicating a causal connection between prior knowledge and 

posttest knowledge. Further, the correlation between prior knowledge and posttest knowledge 

decreased only marginally when controlling for intelligence. Since intelligence influences the 

acquisition of prior knowledge as well as the acquisition of new knowledge (Schneider & 

McGrew, 2012, p. 123), it is surprising that controlling for intelligence did not reduce the 

effect sizes more strongly. One possible explanation is that many studies that included an 

intelligence measure were studies on language development that measured non-verbal 

intelligence. Due to this mismatch of verbal knowledge assessments and non-verbal 
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intelligence measures, the included studies might have underestimated the true correlation 

between knowledge and intelligence. Further research on this question is needed. 

Our finding of a high stability of individual differences in knowledge matches the 

findings from studies on other cognitive learning outcomes, namely expert performance and 

academic achievement. Like individual differences in knowledge, individual differences in 

expert performance have been found to be highly stable over time (Ericsson & Lehmann, 

1996). Previous meta-analyses on achievement (Bretz Jr., 1989; P. A. Cohen, 1984; G. J. 

Duncan et al., 2007; Kuncel, Hezlett, & Ones, 2001; La Paro & Pianta, 2000; Samson, Graue, 

Weinstein, & Wahlberg, 1984; Schuler, Funke, & Baron-Boldt, 1990; Trapmann, Hell, 

Weigand, & Schuler, 2007) found correlations of prior achievement with later achievement 

ranging from r = .10 (G. J. Duncan et al., 2007) to r = .48 (La Paro & Pianta, 2000). Our 

average correlation found for knowledge lies slightly above this range, possibly because 

knowledge is a less heterogeneous concept than achievement and is thus easier to predict over 

time. A second explanation is that achievement is mostly measured in longitudinal studies 

with month or years between measurement points, whereas prior knowledge is also 

investigated in smaller intervention studies where pretest and posttest were just hours or days 

apart (e.g., Fyfe & Rittle-Johnson, 2016) 

Our third research question was how strongly prior knowledge correlates with absolute 

and normalized knowledge gains. We expected to find weak positive effect sizes, because 

many variables causally determine learning, with prior knowledge being just one of them 

(Ormrod, 2012). Indeed, the meta-analytically estimated average effect sizes for absolute and 

normalized knowledge gains were much smaller than the one found with posttest knowledge. 

However, and against our expectations, the correlations did not differ statistically 

significantly from zero. These results do not imply that the learners did not learn anything. 

The learners included in our meta-analysis acquired relatively large amounts of knowledge 

between pretest and posttest, as indicated by a Cohen’s d of 1.62. However, averaged over all 
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included studies, individual differences in these knowledge gains were unrelated to individual 

differences in prior knowledge.  

As expected, the correlations found with absolute knowledge gains are descriptively even 

lower than the ones found with normalized knowledge gains. Normalized gain scores 

acknowledge that learners with high prior knowledge have less room on improvement on the 

knowledge measure as compared to learner with low prior knowledge (Hake, 1998). Absolute 

gains scores neglect this fact and might lead to selective ceiling effects for learners with high 

prior knowledge. Put differently, absolute gain scores may underestimate their true 

knowledge gains, which is then also evident in a decreasing correlation between prior 

knowledge and absolute knowledge gains. Overall, the zero correlations found with absolute 

and normalized knowledge gains should not be interpreted, because there was a strong 

moderator effect leading to strong positive effect sizes in some studies and strong negative 

effect sizes in others, as we describe in the next section. 

6.5.1.3 Moderator Effects 

Our fourth research question concerned moderators of the correlations. We first discuss 

moderating effects on the correlation between prior knowledge and posttest knowledge and 

then moderating effects on the correlations of prior knowledge with absolute or normalized 

knowledge gains. The high number of included correlations rP between prior knowledge and 

posttest knowledge allowed for many moderator analyses and gave a high statistical power to 

these analyses. We found that knowledge-related, learner-related, and environment-related 

variables as well as methodological study characteristics moderated the correlation. The 

knowledge-related characteristics were the correctness of knowledge, the knowledge type, the 

content domain, and the similarity of prior knowledge and posttest knowledge with respect to 

their content domain, modality, and knowledge type. Not surprisingly, correct knowledge was 

directly related and incorrect knowledge inversely related to positive learning outcomes. The 

finding that content domains differ in how strongly prior knowledge and posttest knowledge 
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correlate can be explained by assuming that content domains differ in the degree of their 

interrelatedness. Further research on how the conceptual structure of content domains affects 

the usefulness of prior knowledge is needed. The moderator effect of the similarity of prior 

knowledge and posttest knowledge converge with the widespread notion that the beneficial 

effects of domain-specific knowledge are domain specific, and that cross-domain transfer is 

difficult to achieve (Detterman & Sternberg, 1993; Hirschfeld & Gelman, 1994; Sala & 

Gobet, 2017). However, the correlations were still significantly greater zero when there was 

some dissimilarity, indicating that at least near transfer is difficult but possible to achieve. 

The only significant learner-related moderator was educational level, where the correlation 

significantly differed between primary education and higher education. 

The only significant environment-related moderator was the cognitive demands of the 

instructional intervention. This moderating effect was so strong that it was found for posttest 

knowledge as the dependent variable as well as absolute and normalized knowledge gains, 

even though moderator analyses for knowledge gains had a low statistical power due to the 

small number of effect sizes. The cognitive demands of the intervention explained variance 

proportions of R2 = .056 for posttest knowledge, R2 = .281 for absolute knowledge gains, and 

R2 = .366 for normalized knowledge gains.  

Figure 6 visualizes the sets of correlations that were found in our meta-analysis for the 

overall effect, for interventions with high cognitive demands, and for interventions with low 

cognitive demands. We used example data of ten fictitious persons to visualize the correlation 

rP
+ between prior knowledge and posttest knowledge, the correlation rNG

+ between prior 

knowledge and normalized knowledge gains, and the Cohen’s d-values of the knowledge 

changes from pretest to posttest. As shown in Figure 6, learners with higher prior knowledge 

also tend to have larger gains as compared to learners with lower prior knowledge in 

interventions with higher cognitive demands. Learners with higher prior knowledge tend to 

have smaller gains as compared to learners with lower prior knowledge in interventions with 
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lower cognitive demands. Together with the relatively high stability of the individual 

differences from pretest to posttest, this implies that interventions with high cognitive 

demands increase the variance of learners’ amounts of knowledge and interventions with low 

cognitive demands decrease the variance.  

 

 
Figure 6. Correlations of prior knowledge with posttest knowledge and normalized 

knowledge gains found in the meta-analysis overall (left), for instruction with high cognitive 

demands (middle), and for instruction with low cognitive demands (right), visualized using 

ten fictitious persons‘ amount of knowledge before (T1) and after learning (T2) as example.  

 

6.5.2 Limitations 

This meta-analysis has at least four limitations. First, even though it included a wide and 

broad selection of studies, some content domains, age groups, and countries are under-

represented. For example, few of the included studies were from the domains of chemistry, 

computer sciences, or medicine, few studies were from daycare or continued education, and 

we did not find studies from Africa and South America. This limits the generalizability of our 

results. Second, we focused on the quantity of prior knowledge only, but sometimes the 

quality of knowledge might be more predictive for future learning. Our meta-analysis might 

thus underestimate the size of the effect of prior knowledge on learning. Third, even though 

we scanned 5462 search hits for inclusion in our meta-analysis, the field of research on 
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knowledge acquisition is so broad, that there are surely many relevant studies not included in 

our meta-analysis. We see no reason to expect systematic differences between the studies 

included and not included. Likely, studies using the terms in our search string, and thus 

having been included in our meta-analysis, analyzed and reported the effects of prior 

knowledge more explicitly than other studies, what makes the included studies more useful 

for the meta-analytic aggregation and moderator analyses. Fourth, knowledge, as a multi-

facetted and dynamically changing construct, can ideally be investigated by longitudinal 

multivariate methods, for example, latent transition analyses or latent growth curve analyses 

(Flaig et al., in press; Hickendorff et al., in press). However, the values of the path 

coefficients in multivariate statistical models depend on all other variables in the model and, 

thus, do not lend themselves for meta-analytic integration and interpretation. For these and 

other reasons, reporting standards for multivariate analyses recommend the publication of the 

zero-order correlations along with the multivariate findings (American Psychological 

Association, 2001, p. 161; Boomsma, 2000; Hoyle & Isherwood, 2013). We were able to 

include the bi-variate effect sizes from multivariate studies adhering to the reporting 

standards, but had to exclude the other multivariate studies from our analyses. 

6.5.3 Implications 

One central implication of our study for further research is the necessity to analyze both, 

the effect of prior knowledge on posttest knowledge, as well as the effect of prior knowledge 

on knowledge gains. These two groups of effect sizes are partly independent of each other, 

are of different magnitudes, and capture different aspects of the learning process. So far, 

studies have focused strongly on posttest knowledge. Future studies need to report the 

findings for posttest knowledge as well as knowledge gains, and compare them. Previous 

studies were also limited in that they mostly investigated correlations. Randomized controlled 

trials and longitudinal studies carefully controlling for confounding variables, such as 
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intelligence, are needed. Further, many studies measured prior knowledge and yet little is 

known about the actual causal effects of prior knowledge on learning. 

A second implication of our study is that individual differences in knowledge are highly 

stable over the course of learning. In our meta-analysis, the correlation between prior 

knowledge and posttest knowledge was rP
+ = .525, what is equivalent to a Cohen’s d of 1.23. 

Hattie (2009) reported a meta-analytic rank-order of 138 variables associated with academic 

achievement, which did not include prior knowledge. Prior knowledge would be among the 

strongest three effect sizes of all 138 effects included in the rank-order. This demonstrates 

that domain-specific prior knowledge predicts individual differences in knowledge and 

achievement after learning better than almost all other variables. Assessments of prior 

knowledge, for example, in school entrance tests or in formative assessments can thus provide 

valuable information to teachers, parents, and the learners themselves. 

The high stability of individual differences in domain-specific knowledge can be 

explained by assuming that the differences are aggregated over months or years of learning 

and are hard to overcome during short time periods, for example, in instructional 

interventions. This supports theoretical approaches emphasizing the long-term nature of 

domain-specific knowledge acquisition, for example, learning-trajectory approaches 

(Clements & Sarama, 2004), skill-building approaches (Bailey, Duncan, Watts, Clements, & 

Sarama, in press), theories of cognitive development (Siegler, 1996), and Ericsson’s theory of 

expertise development (Ericsson & Charness, 1994). 

Our results also shed light on the debate on Matthew effects in learning. A Matthew effect 

leads to larger learning gains for learners with high prior knowledge or achievement, thus 

widening the gap between low-prior knowledge learners and high-prior knowledge learners 

over time (Stanovich, 1986). Some previous studies found evidence in favor of Matthew 

effects in learning (Duff et al., 2015; Pfost, Dörfler, & Artelt, 2012), whereas others did not 

(Baumert et al., 2012; Schroeders et al., 2016). Our moderator analyses can explain this 
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heterogeneity (see Figure 6). Specifically, they show that a Matthew effect (a positive 

correlation between prior knowledge and learning gains) occurs only in instruction with high 

cognitive demands, for example, in which students have to reason, explain, and justify 

extensively. For instruction with low cognitive demands, where students have to listen, 

memorize, or practice simple tasks, prior knowledge and learning gains were negatively 

correlated, so that the learners with the lowest prior knowledge had the largest learning gains. 

This is sometimes also referred to as expertise reversal effect (Kalyuga, 2007) or 

compensation effect (Schroeders et al., 2016). Thus, teachers can widen or narrow 

achievement gaps between their students depending on how they design their instruction 

following their educational goals. The cognitive demands of the intervention moderated the 

effect sizes in our meta-analysis much stronger than the actual instructional methods (oral 

instruction, collaborative learning, instructional technology, etc.) used in the interventions. 

This demonstrates that the cognitive demands are not inherent to instructional methods, but 

that each method can be implemented in cognitively more or less demanding ways. 

Our study exemplifies that knowledge sometimes is a more productive level of analysis 

than achievement in research on learning and instruction. Many studies in research on 

instructional effectiveness used achievement measures. However, achievement measures 

assess the learning outcomes of instruction of months or years and usually include several 

sub-domains, sub-skills, or competencies (OECD, 2016; Steinmayr et al., 2014). This breadth 

and complexity makes it hard to identify the sources of differences in achievement, for 

example, specific experiences and learning situations, concrete implementations of 

instructional methods, or mental processes in the learner (e.g. reasoning or elaboration). 

Compared to achievement, knowledge is a more homogeneous construct that can be changed 

within relatively short time frames by relatively simple interventions. This makes it much 

easier to identify the sources of knowledge changes than the sources of achievement changes. 

Because knowledge and achievement are closely related, it would be productive to trace 
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differences in achievement (e.g. between countries, schools, teachers, learners, or time points) 

back to the underlying differences in knowledge. These differences can then be traced back to 

the underlying classroom processes and mental processes of knowledge construction. In short, 

we cannot understand achievement without understanding knowledge. 

Finally, our study demonstrates the need for the integration of the many findings on prior-

knowledge effects on learning. Researchers from different sub-disciplines used varieties of 

research paradigms in hundreds of studies. This flood of information makes it hard to detect 

relations, imbalances, and open questions. In the following, we propose a framework 

designed to document central areas of research on prior knowledge and learning. The 

framework is deployable to summarize and integrate previous findings, to document empirical 

results and their interrelations, and to identify open questions for future research. 

6.5.4 A Framework for Research on Prior Knowledge 

The framework is based on the insight that the influence of prior knowledge on learning 

is a case of a moderated mediation (Preacher, Rucker, & Hayes, 2007), in which intra-learner 

processes mediate the effect of prior knowledge on cognitive learning outcomes, such as 

knowledge and achievement. These mediating processes are moderated by learner resources 

and the learner-environment interaction, which is in turn influenced by environmental 

resources. 

Figure 7 shows the structure of the framework. The lists in each box provide examples 

and are not exhaustive. The framework is based on the following five assumptions:  

1. In research on prior knowledge, it is useful to distinguish between knowledge (bottom 

level in Figure 7), the learner (middle), and the environment (top). It is also useful to 

distinguish between dynamic processes affecting knowledge construction (right), and 

more stable resources moderating these processes (left). By stable, we mean that the 

resources usually change at a much slower rate than knowledge. Thus, they are more 

likely to affect knowledge construction than they are to be affected by knowledge 
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construction. This is indicated by the one-headed arrows leading away from the 

resources, for example, from learner resources to intra-learner processes.  

2. Of all framework components, only intra-learner processes directly mediate the relation 

between prior knowledge and learning outcomes, because only the learner her- or himself 

can recall prior knowledge from long-term memory and can encode new knowledge in 

long-term memory.  

3. Relatively stable learner resources moderate the relation between prior knowledge and 

learning only to the extent with which they affect the processing of knowledge in the 

learner.  

4. Relatively stable environmental resources, for example, pre-prepared learning 

environments such as school instruction, can affect the relation between prior knowledge 

and learning outcomes only to the extent with which the learner interacts with these 

environments and to the extent with which these interactions affect the processing of 

knowledge in the learner. Therefore, learning environments can only provide learning 

opportunities but cannot guarantee what and how much is learned. Instead, the learning 

outcomes depend on how the learner adopts these opportunities (e.g., Schrader & 

Helmke, 2015).  

5. Knowledge is a component of achievement (OECD, 2016; Steinmayr et al., 2014) and 

related cognitive-learning outcomes (Ericsson & Charness, 1994). Therefore, prior 

knowledge and the other parts of the framework do not only affect the acquisition of 

knowledge but also the acquisition of cognitive learning outcomes in general, including, 

but not limited to, achievement, competence, and expertise.  
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Figure 7. Framework for research on the relation between prior knowledge and learning. The effect of prior knowledge  on knowledge and 
achievement is mediated by intra-learner processes, that are moderated by learner resources and the learner-environment interaction.
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This framework describes how the use of prior knowledge is embedded in the wider 

context of learning and instruction. Whereas other frameworks have been published that 

partially included similar assumptions (Biggs, 2003, p. 19; Schrader & Helmke, 2015; Ullén 

et al., 2016), the innovative and defining key characteristic of our model is that it describes 

the effect of prior knowledge on learning as moderated mediation and distinguishes between 

mediating variables, direct moderators, and indirect moderators of the mediation. The 

framework thus links cognitive and educational research on knowledge construction to 

research on moderated mediation, which is an active field of ongoing methodological research 

(Preacher et al., 2007). The relational structure of the framework also demonstrates the 

importance of future randomized controlled trials and careful process analyses to investigate 

the processes mediating the effect of prior knowledge on learning and how these are 

moderated by knowledge-, learner-, and environmental characteristics. 

6.5.5 Conclusion 

Many studies investigated the role of prior knowledge in learning, but most of them only 

reported how prior knowledge, used as a covariate, correlates with learning outcomes. Our 

meta-analysis demonstrates that this correlation is positive and strong – in general, as well as 

for many levels of knowledge-, learner-, and environment related moderators. Thus, 

individual differences in knowledge are highly stable, so that prior knowledge, measured 

before learning, is of a high predictive power for knowledge and achievement after learning. 

Randomized controlled trials indicate that this relation is causal rather than merely 

correlational. Only few studies investigated the association of prior knowledge with 

knowledge gains. Overall, this correlation was zero. However, it was positive for 

interventions with high cognitive demands and negative for interventions with low cognitive 

demands. Thus, we found a Matthew effect (i.e., a widening gap between learners’ amounts 

of knowledge over time) for instruction with high cognitive demands and a compensation 

effect or expertise reversal effect (i.e., a closing gap between learners’ amounts of knowledge 
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over time) for instruction with low cognitive demands. Future research might benefit from 

using more randomized controlled trials, analyzing learning gains as well as posttest 

performance, and a systematic evaluation of mechanisms that mediate and moderate the 

influence of prior knowledge on learning. Ausubel (1968, p. vi) broadly hypothesized that the 

“important single factor influencing learning is what the learner knows already” – our meta-

analytic results allow refining this hypothesis scaffolded by our framework for further 

scrutiny of the effects of prior knowledge. 
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7. Study 3: Conceptual Change and Knowledge Integration as Learning Processes 

in Higher Education: A Latent Transition Analysis1 

7.1 Abstract 

Conceptual change, that is, a restructuring of incompatible prior knowledge, is a well 

investigated learning mechanism in school children’s acquisition of new concepts. An 

understanding of academic concepts is also a central learning goal of higher education. 

However, there is almost no research on conceptual change and knowledge integration in 

higher education. We tracked 137 undergraduate psychology students’ concepts of human 

memory longitudinally over four semesters. A latent profile transition analysis (LPTA) 

showed that the students’ development followed six transition paths between four knowledge 

profiles. These developmental pathways were well-ordered, indicated a general trend from 

fragmented knowledge to integrated scientific knowledge, and correlated with the students' 

university grades and with an additional test of memory understanding. The findings highlight 

the importance of conceptual change, in particular, knowledge integration, in higher education 

and exemplify the usefulness of LPTA for modeling individual differences in longitudinal 

changes of multidimensional knowledge structures. 

 

7.2 Theoretical Background 

7.2.1 Introduction 

Students’ understanding of academic concepts, for example, force in Physics, supply and 

demand in Economy, or human memory in Psychology, is a central learning goal of higher 

education. Conceptual understanding is a cornerstone of professional expertise (Tynjälä, 

1999). It helps learners make predictions, explain observations, reason about the interrelations 

of facts, infer new knowledge, choose between alternative procedures, and construct new 

                                                           

1 The author of this dissertation is the second author of the presented study. 
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problem solving strategies (Goldstone & Kersten, 2003; Machery, 2010; Rittle-Johnson et al., 

2015). Accordingly, the European Qualification Framework for Lifelong Learning lists 

“advanced knowledge of a field of work or study, involving a critical understanding of 

theories and principles” (European Commission, 2008, p. 12) as a central qualification for 

reaching a Bachelor’s degree. 

In many cases, conceptual change, that is, a restructuring of the learner’s prior 

knowledge, is a necessary part of acquiring new conceptual knowledge (Carey, 1985; Posner, 

Strike, Hewson, & Gertzog, 1982; Vosniadou, 2008). Prior knowledge guides and constraints 

the interpretation of new knowledge and its encoding in memory. It often stems from 

observations and explanation attempts in everyday life outside formal instruction and thus can 

be incompatible with the scientific concepts to be learned (Carey, 1992). This explains why 

acquiring an understanding of academic concepts can be so difficult. Conceptual change is 

investigated by educational, developmental, cognitive, and philosophical scientists, who 

found the approach productive in content domains as diverse as physics, chemistry, biology, 

mathematics, medicine, and the social sciences (Michael Schneider, Vamvakoussi, & Van 

Dooren, 2012; Vosniadou, 2008). Some of the past findings have direct implications for the 

design of effective learning environments, for example, school instruction (Duit, Treagust, & 

Widodo, 2008), professional development programs for teachers (e.g., Hewson, Tabachnick, 

Zeichner, & Lemberger, 1999), and projects to foster instructional quality in schools (Beeth et 

al., 2003). 

Empirical research on conceptual change of students in higher education is virtually non-

existent, despite the importance of academic concepts as learning goals in higher education. 

Almost all studies on conceptual change focused on students in K-12 schools or even younger 

children. In the present study, we examined to what extent conceptual change is still a 

relevant learning mechanism in higher education and whether it leads to similar 

developmental patterns in higher education as it does in K-12 school learning. We expected 
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conceptual change to still be relevant in higher education, because learning by conceptual 

change has been described as a general human learning mechanism that is relevant 

independently of age group and content domain. For example, there are some similarities 

between children’s thinking processes when acquiring new concepts and scientists’ thinking 

processes when developing a new theory, which hints at an age-general importance of 

conceptual change (Gentner et al., 1997). 

7.2.2 Knowledge Fragmentation and Integration 

Research with school-aged children found that the fragmentation and integration of 

knowledge are two central component processes of conceptual change (Michael Schneider & 

Hardy, 2013). Networks of conceptual knowledge in long-term memory can comprise types 

of elements, such as observations, hypotheses, explanations, analog mental models, mental 

images, category exemplars, and subjective theories (Goldstone & Kersten, 2003; Machery, 

2010). These elements have been acquired in situation as diverse as conversations with peers, 

everyday-life observations, internet videos, school instruction, books, or movies. Learners do 

not always understand how these different and sometimes even conflicting pieces of 

knowledge relate to each other, and store them independently in long-term memory. This 

leads to fragmented knowledge. 

Another source of knowledge fragmentation is the fact that storing correct concepts in 

long-term memory does not necessarily erase related misconceptions. Converging evidence 

from reaction times studies with sentence verification tasks (Potvin, Masson, Lafortune, & 

Cyr, 2015; Shtulman & Valcarcel, 2012), multiple choice tests (Hardy, Jonen, Möller, & 

Stern, 2006), and interviews (diSessa et al., 2004) shows that naïve misconceptions and 

scientifically correct concepts or parts thereof can co-exist in long-term memory and do so 

frequently, not only in children, but also over the life-span (Shtulman & Harrington, 2016). 

Pieces of fragmented knowledge are activated dependent on the context (diSessa et al., 2004), 

so that learners do not necessarily realize when they hold pieces of knowledge in long-term 
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memory that support or contradict each other. 

Thus, the integration of pieces of knowledge into a coherent overarching knowledge 

structure is an important aim of instruction (Linn, 2006; Michael  Schneider, 2012). This can 

include connecting previously isolated pieces of knowledge in memory and subsuming 

previously unrelated concepts under a general principle. Understanding these relations can 

help students to differentiate better between normatively correct and incorrect ideas, thus, 

leading to more homogeneous and more correct knowledge. Teachers can stimulate 

knowledge integration by eliciting students’ knowledge, adding new normative concepts, 

helping students to develop criteria for evaluating alternative conceptions, and by encouraging 

students to compare the alternatives and to sort out inadequate conceptions (Linn, 2006). 

7.2.3 A Latent Profile Transition Analysis of Fragmented and Integrated 

Knowledge 

Developmental patterns of co-existing pieces of knowledge can be investigated by latent 

profile transition analyses (LPTA), as demonstrated by three studies with school children on 

knowledge development in mathematics and science (Hardy et al., 2006; Kainulainen, 

McMullen, & Lehtinen, 2017; McMullen, Laakkonen, Hannula-Sormunen, & Lehtinen, 

2015). Michael Schneider and Hardy (2013) investigated third-graders’ understanding of 

floating and sinking of objects in liquids. The children participated in several sessions of 

either (1) a constructivist learning environment with a high degree of instructional support 

given by the teacher, or (2) a constructivist learning environment with a low degree of 

instructional support, or (3) a baseline control group without instruction on the topic (see 

Hardy et al., 2006, for details of the interventions). Before and after the instruction as well as 

one year later the children indicated in a multiple choice test how strongly they agreed with a 

number of statements. Each statement described (a) a common misconception, (b) an 

everyday life explanation, which has some explanatory power in everyday life but does not 

hold up to systematic scientific evaluation, or (c) the relevant scientifically correct concepts. 
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The three sum scores indicating how often each child agreed with misconceptions, everyday 

conceptions, or scientific concepts were used as indicators of latent profile memberships at 

the three measurement points in a latent profile transition model. The parameters of this 

model were estimated so that the similarity of the scores of persons grouped in the same latent 

profiles was maximized and the similarity of the scores of persons grouped in the different 

latent profiles was minimized (see Hickendorff et al., in press, for methodological details). 

Thus, the latent profiles indicated groups of learners who had the same configuration of 

misconceptions, everyday conceptions, and scientific concepts. In addition to the profile 

characteristics and memberships at each measurement point, the model estimation also 

yielded the frequencies of the profile transitions over time. These were interpreted as 

pathways of conceptual change. 

The model results in the study by Michael Schneider and Hardy (2013) indicated five 

latent profiles. Some of these had mean score profiles that indicated integrated knowledge, 

that is, high profile mean scores for misconceptions only or for scientific concepts only. Other 

profiles indicated fragmented knowledge. In these profiles two or three of the scores for 

misconceptions, everyday concepts, or scientific concepts were higher than the sample mean. 

Most participants were on one of seven developmental pathways between these five profiles 

over time. These transition paths indicated a general trend from misconceptions and 

fragmented knowledge towards more correct and integrated knowledge. However, there were 

strong individual differences. Knowledge fragmentation increased on some paths and 

decreased on others. About 20% of the children still had fragmented knowledge, that is, co-

existing misconceptions, everyday concepts, and scientific concepts, even one year after 

participating in the constructivist learning environment. The instructional condition was 

related to the frequency of the transition paths. The constructivist learning environment with a 

high degree of instructional support led to the most integrated knowledge and the untreated 

control group to the least. 
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The other two studies using latent transition analyses to investigate knowledge 

development traced school students’ knowledge of rational numbers over time (Kainulainen 

et al., 2017; McMullen et al., 2015). Similar to Schneider and Hardy’s findings, students’ 

knowledge of rational numbers was captured by a small number of knowledge profiles and 

systematic transition paths between these profiles over time, some of which could be 

interpreted in terms of conceptual change. However, the generalizability of these findings to 

other age groups and content domains remains unclear (cf. Edelsbrunner, Schalk, 

Schumacher, & Stern, under review; McMullen, Van Hoof, Degrande, Verschaffel, & Van 

Dooren, under review) 

7.2.4 Is Conceptual Change Still Relevant in Higher Education? 

In the current study, we used latent profile transition analysis to investigate whether 

conceptual change and, more specifically, knowledge fragmentation and integration still can 

be found in higher education and whether their quality is related to the learning outcomes, that 

is, students’ grades. There are at least three reasons to expect that this might not be the case. 

First, students in higher education successfully participated in school instruction, perhaps 

leading to a firm fundament of correct and integrated knowledge that higher education can 

build on. Second, students in higher education tend to have better developed meta-cognitive 

strategies than school children (Weil et al., 2013). Thus, they might be able to monitor, 

identify, and understand the confirmatory or contradictory relations between their prior 

knowledge and the knowledge to be learned making knowledge integration a trivial process. 

Finally, arguably, the content of higher education programs is more abstract than the content 

of school lessons, so that less interference between prior knowledge from everyday life and 

the new knowledge may occur. 

On the other side, there are also a number of reasons why conceptual change could still 

affect student learning in higher education. First, the structure and the functions of human 

memory do not change fundamentally between K-12 school and higher education. Adults’ 
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conceptual knowledge is still organized as a network, so restructuring this network might be 

necessary when prior knowledge and new knowledge are incompatible. Second, empirical 

research shows that university students still have many misconceptions, which are stable, 

hamper subsequent learning, and require restructuring (Merz, Dietsch, & Schneider, 2016; 

Shtulman & Valcarcel, 2012). Third, a recent meta-analysis on undergraduate science course 

innovations found that so-called conceptually-oriented learning tasks had a substantial effect 

on student achievement. Averaged over nine studies the effect size was d = 0.47 (SD = 0.70). 

The authors defined that tasks are conceptually oriented when they “elicit students’ level of 

understanding of key science concepts, […] engage students in conceptual schemes within a 

topic rather than isolated facts, […] and engage students with real-world problems in creative 

ways that reflect a conceptually integrated understanding of the content” (Ruiz-Primo, Briggs, 

Iverson, Talbot, & Shepard, 2011, p. 1269). Based on these findings we hypothesize that our 

latent profile transition analysis will find evidence for conceptual change and, in particular, 

for knowledge fragmentation and integration, in higher education. 

7.2.5 Psychology Students’ Concepts of Human Memory 

We tested our hypotheses in a longitudinal study on Psychology students’ understanding 

of human memory. Specifically, we assessed at four measurement points in the first four 

semesters of a Bachelor program in Psychology to what extent the students had the 

misconception of memory as a place for the static storage of information and to what extent 

they had the correct concept of memory as a dynamic system involving the construction and 

re-construction of knowledge (Lynn & McConkey, 1998). Examples of memory processes 

that modify the information to be stored are interference (Bjork, 1992), chunking (Gobet et 

al., 2001), and source monitoring (M. K. Johnson, Hashtroudi, & Lindsay, 1993). 

Human memory is a complex causal system and one of the central constructs of 

Psychology (Baddeley et al., 2009). The search term memory has more than 190.000 hits in 

the literature database PsycInfo (November 2016). These articles are from fields as diverse as 
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cognitive, educational, developmental, clinical, social, forensic, and biological psychology. 

An understanding of memory properties and its processes is also important in numerous 

psychological professions, and a flawed understanding of human memory in professionals 

who work in the clinical or legal context can have negative consequences (Garry, Loftus, & 

Brown, 1994). As far as we know, there is no standardized test of students’ concepts of 

human memory. Therefore, we used a self-developed test in our study. 

To assess the criterion validity of our new test, we additionally presented the participants 

with the implicit memory theory scale (IMTS; Niedźwieńska, Neckar, & Baran, 2007), which 

tests how skeptic individuals are with respect to the credibility of autobiographical memory. 

We expect that students who have a concept of human memory as a dynamic system that 

constructs and re-constructs information will be more skeptical with respect to the validity of 

autobiographic memories than other students. 

7.2.6 The Current Study 

In sum, conceptual understanding is a central learning goal of higher education. Yet there 

is almost no published research on conceptual change in higher education students. For this 

reason, we used a latent profile transition model with longitudinal data from university 

students in the current study. We constructed the measures so that the latent profiles can be 

interpreted in terms of knowledge fragmentation and integration and that any profile transition 

can be interpreted as signs of conceptual change. We tried to replicate Michael Schneider and 

Hardy (2013) findings on a general conceptual level, in particular, the trend from 

misconceptions to scientific concepts, the trend from fragmented to integrated knowledge, 

and the persistence of fragmented knowledge in some learners even after instruction. 

Based on the previous findings of studies with school children we had the following 

hypotheses for our study in higher education: (1) Persons differ in their knowledge profiles 

and transition paths. However, the number of profiles and paths is relatively small.  (2a) There 

are transitions between latent profiles differing in their knowledge profiles over time, giving 
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evidence of conceptual change in higher education. (2b) The transitions reflect an overall 

developmental trend from profiles with higher scores of misconceptions towards profiles with 

higher scores of scientific concepts. (3a) At least one of the knowledge profiles indicates 

fragmented knowledge by indicating high agreement with mutually incompatible concepts. 

(3b) The profiles indicating fragmented knowledge will become less frequent but will not 

disappear completely over time. (4) The latent profiles differ in their mean scores on the 

Implicit Memory Theory Scale indicating that students’ profiles of knowledge of human 

memory are related to how much trust they put in autobiographic memory. (5) The latent 

profiles differ in their grades on the human memory course showing that students’ profiles of 

knowledge of human memory are related to grades in higher education. 

 

7.3 Method 

7.3.1 Participants 

137 students enrolled in a Bachelor of Psychology program at a mid-sized university in a 

mid-sized German city participated at T1 in our study. Of these, N = 126 participated again at 

T2, N = 116 at T3 and N = 115 at T4. Almost all participants were German, and all were 

fluent speakers of German. At T1, the sample mean age was 20.4 (min = 18; max = 31) and 

all students were at the beginning of their first semester in the program. About 82% of 

participants in the sample were female. This proportion is slightly higher than the proportion 

of all females in the program, which was 60-70%. Participation in the study was anonymous 

and voluntary. To keep dropout at a minimum, participants were financially compensated 

with €25 per wave of the longitudinal study and an additional completion bonus of €100 if 

they had participated in all waves. 

The study was conducted in full accordance with the Declaration of Helsinki and the 

APA Ethics Code (American Psychological Association, 2002). Prior to their participation, 

students received an informed consent form including, among others, the following 
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information (based on the APA Ethics code): (1) a statement on the purpose of the research as 

well as the expected study duration and procedures, (2) a statement that participation is 

voluntarily and that it may be terminated at any point;  (3) a statement that there are no 

potential risks, discomfort or adverse effects with regard to their participation; (4) a statement 

that data is collected anonymously, and that even though some personal data (e.g., e-mail 

addresses) will be collected for organizational purposes, these data will not be used to identify 

individual participants and will be deleted as soon as possible. 

7.3.2 Procedure 

The students were tested longitudinally at four measurement points covering the first four 

semesters of the Bachelor in Psychology program. Data collection took place between 

November 2013 and May 2015. Baseline data collection (T1) took place during the first six 

weeks of the participants’ first semester in the program, followed by three consecutive waves 

of measurement (T2, T3, T4) at the beginning of the second, third, and fourth semesters, 

respectively. Each wave consisted of two parts: A home module and a subsequent lab module. 

The home modules included several self-report measures and were completed online under 

unsupervised conditions before the respective lab sessions took place; answering the 

questionnaires took between 30 and 50 minutes (dependent on the wave). In the lab modules, 

knowledge and achievement tests were conducted in the university’s computer labs. Groups 

of 1 to 25 participants were supervised by student experimenters and completed the tests 

individually and at their own pace. Each lab module took about 120 minutes. 

7.3.3 Measures 

7.3.3.1 Concepts of Human Memory  

Conceptual understanding of human memory was assessed by a self-constructed multiple 

choice test at the beginning of each of the four lab modules. Previous studies (cf. Michael 

Schneider & Hardy, 2013) have found that students’ answers to multiple choice items are well 
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in line with their answers to interview questions that aim to assess the same concepts. The 

tasks were presented at a computer screen and the answers were entered by mouse clicks. 

Each of the nine test tasks began with a written description of a situation in which a certain 

memory process is particularly important. These situations were derived from and similar to 

classical experiments in memory research (Brooks, 1967; Chase & Simon, 1973; Ericsson et 

al., 1980; Goff & Roediger, 1998; Henik & Tzelgov, 1982; Hovland & Weiss, 1951; Loftus, 

1975; Melcher & Schooler, 1996; W. Schneider et al., 1989). In three situations, interference 

between elements in memory (Bjork, 1992) can be expected, in three tasks the chunking of 

elements into bundles of information (Gobet et al., 2001; M. K. Johnson et al., 1993), and in 

three tasks source monitoring mechanisms(M. K. Johnson et al., 1993). Each of the nine 

publications was cited between 181 and 3286 times, had been replicated repeatedly, and was 

(still) widely accepted by the scientific community. 

In each of the nine tasks, the learners were presented with six statements about memory 

processes that might be relevant in this situation (see the example task in Figure 8 and 

Appendix H for examples of all three types of tasks). There were three types of statements: 

(a) Correct processing statements described the memory process actually occurring in that 

situation as firmly established by empirical research, as described in the previous paragraph. 

These statements were compatible with the view of memory as a dynamic system involving 

the construction of knowledge. (b) Incorrect processing statements also describing dynamic 

knowledge construction processes in memory, however, only processes not occurring or being 

irrelevant in that specific situation as shown by established empirical research. Incorrect 

processing statements were partly correct (because they describe memory as a dynamic 

system) and partly incorrect (because they described processes not relevant in the respective 

situation).  (c) Static storage statements described memory in that situation as a place for the 

static storage of information, that leaves the nature and the content of the stored information 

unchanged. They do not conform to the established empirical findings and the view of the 
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scientific community and can be seen as misconception. 

 

Figure 8. Example task in the test of concepts of human memory (in this figure translated 

from German to English). The correct answer is in bold print. 

 

The participants evaluated each statement on a seven-point rating scale from definitely 

incorrect to definitely correct. In each task, only one memory process was relevant. Therefore, 

there was one correct processing statement, but three incorrect processing statements, and two 

static storage statements for each task. Half of the statements used a negative wording, e.g., 

“The two groups do not differ”. The order of the nine tasks and of the six statements in each 

task was randomized separately for each person. We reversed the scores for the incorrect 

statements and then computed a separate sum score for static correct processing statements, 

incorrect processing statements, and static storage statements, respectively. 

The test was not tailored to the content of the specific course. Human memory is referred 
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to in many courses of the Bachelor Psychology program. So we developed the test to reflect 

students’ accumulating knowledge of memory over several semesters and courses. Still the 

test content is more similar to the lecture “Human Memory” than to any other course in the 

students’ program. Students typically attend this lecture during their first semester in the 

program. 

7.3.3.2 Implicit Memory Theory Scale 

 At T3, we administered a German translation of the Implicit Memory Theory Scale 

(IMTS; Niedźwieńska et al., 2007) as part of the at-home module. One researcher from our 

lab translated it from English into German. To check for the validity of the translation, a 

second researcher from our lab translated the German items back into English without 

knowing the original English items. In case of disagreements between the two English 

versions, the German items were modified by both researchers together. The IMTS is a 

standardized instrument to test how individuals judge the credibility of autobiographical 

memory. Low skepticism is associated with misconceptions of human memory, such as the 

belief that memory is a static storage and that recollection is an accurate representation of real 

events, whereas high skepticism is associated with the belief that memories are reconstructed 

during recall and that memories are prone to qualitative changes. The global original scale has 

good psychometric properties (Niedźwieńska et al., 2007). In the original study, the internal 

consistency was good with a Cronbach’s alpha of .83 and the retest reliability was also good, 

with a value of .81 for a two-week interval and .74 for a seven-month interval. The IMTS 

proved to be sensitive to knowledge differences between psychologists and non-

psychologists, as well as to knowledge differences between psychology students before and 

after instruction on autobiographical memory. We report the mean and standard deviation of 

the IMTS scores in our sample in Table 6. 
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7.3.3.3 Grades 

At T4, the university administration sent us the grades for all the exams the participants 

in our study had completed so far. In the German grading system, grades range from 1 to 5, 

with smaller numbers indicating better performance. The students are relatively free in 

choosing the sequence of their exams, so the types and numbers of completed exams varied 

between participants. For our analysis, we only used the grades of a course in general 

psychology, which covers the topics human memory, learning, motivation and emotion, and 

thus, is the best proxy for human memory competence. At T4 82 % of the sample had 

completed the respective exam. The mean and standard deviation of the grades is reported in 

Table 6. 

7.3.4 Statistical Analysis 

In the latent profile transition model, we specified a latent profile variable for each of the 

four measurement points. Each latent profile variable had the sum scores for correct 

processing, incorrect processing, and static storage at the respective measurement point as 

indicators of the persons’ profile memberships. The profile means of the indicator variables 

were constrained to be equal over time, so that fewer parameters had to be estimated and that 

the profiles had the same interpretation at all four measurement points. The number of 

participants in each profile and the variance of the indicator variables were allowed to differ 

between measurement points. The profile membership at each time point was used as a 

predictor of the profile membership at the respective next time point, so that intercepts and 

regression weights of three multinomial logistic regressions were estimated. MPlus uses these 

parameters to compute transition probabilities and transition paths between the latent profiles 

over time in the model. Overall, the model has 63 free parameters. These are the 12 means 

and 12 variances of the class indicators (i.e., for the three indicators at the four time points), 

12 regression intercepts (i.e., for four minus one latent classes at four points in time), and 27 

regression weights (for regressions of four minus one profiles at one time point to four minus 
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one profiles at the respective next time point times three pairs of time points). 

The data were prepared for structural equation modelling using SPSS IBM® Version 23. 

The latent profile transition model was analyzed in MPlus 7.31 (Muthén & Muthén, 1998-

2015) We used the maximum likelihood estimator with robust standard errors (MLR), which 

is the default estimator for latent transition models in MPlus. The model was estimated using 

the MPlus default handling of missing data according to which all available data is used to 

estimate the model (Muthén & Muthén, 1998-2015). When there was missing data, the 

covariance coverage of the variables used in our analysis was between .825 and .920 which 

far exceeded the minimum covariance coverage of .100. In latent profile, latent class, and 

latent transition analysis it is important to make sure that the best log-likelihood value is 

replicated several times and to avoid improper solutions due to local maxima. We therefore 

increased the default number of random starts in the initial stage to 400 sets and the number 

of final stage optimizations to 100. We used unstandardized (raw) scores of the indicator 

variables for the model estimation to yield unbiased model results. These scores are reported 

in Table 6. After model estimation and to aid the interpretation of the results, we standardized 

the profile mean values and standard deviations to T-scores, which have a mean of 50 and a 

standard deviation of 10. This was done by first subtracting the sample mean from the profile 

mean and dividing the result by the sample standard deviation separately for each profile 

indicator in each profile. The sample means and SDs were M = 0.86, SD = .48, for static 

storage, M = 1.66, SD = .59, for incorrect processing, and M = 4.22, SD = .65, for correct 

processing. Following, the resulting values were multiplied by 10 and added to 50. We report 

these standardized scores in the following to aid interpretation. 
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Table 6 

Descriptive statistics of all unstandardized scores 

 M SD N 

Static Storage T1 1.19 .609 137 

Incorrect Processing T1 2.00 .599 137 

Correct Processing T1 3.79 .715 137 

Static Storage T2 .798 .591 126 

Incorrect Processing T2 1.66 .654 126 

Correct Processing T2 4.41 .738 126 

Static Storage T3 .736 .628 116 

Incorrect Processing T3 1.49 .693 116 

Correct Processing T3 4.41 .823 116 

Static Storage T4 .584 .579 114 

Incorrect Processing T4 1.32 .714 114 

Correct Processing T4 4.49 .859 114 

IMTS T3 31.0 10.2 116 

Grades T4 1.99 .897 111 
 

7.4 Results 

In the following three subsections, we first describe how we determined the number of 

latent profiles, then characterize the latent profiles and describe the transition paths between 

the latent profiles over time. Finally, we analyze the relationship between the latent profiles 

and outside criteria, that is, the Implicit Memory Theory Scale and course grades. 

7.4.1 Determining the Number of Latent Profiles 

We selected the number of latent profiles based the recommendations given by Nylund, 

Asparouhov, and Muthén (2007). The best fitting model is determined by repeatedly 

estimating the model with increasing numbers of classes or profiles and comparing their 

model fits. There is no definite standard for deciding on the number of latent profiles (Nylund 

et al., 2007). Better-fitting mixture models are characterized by lower comparative fit indices, 

i.e. lower values in the Akaike information criterion (AIC), Bayesian information criterion 
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(BIC), and sample-size adjusted BIC. Another way to examine model fit is to compare the 

classification quality of individuals into latent profiles between models that differ in the 

number of profiles assumed. Classification quality or entropy is measured on a scale that 

ranges between zero and one, with a value of one indicating perfect classification of 

individuals into latent profiles (Clark & Muthén, 2009). 

 

Table 7 

Fit indices for the latent transitions models with one to five latent profiles 

Index One profile Two profiles Three profiles Four profiles Five profiles 

Log Likelihood -1513 -1350 -1278 -1245 -1212 

Free parameters 24 25 41 63 91 

AIC 3074 2749 2638 2617 2607 

BIC 3145 2822 2758 2801 2873 

Sample-size 
adjusted BIC 3069 2743 2628 2601 2585 

Entropy - 0.84 0.83 0.86 0.84 

Note. AIC = Akaike information criterion; BIC = Bayesian information criterion. 

 

We repeatedly estimated the model, each time with a different number of specified latent 

profiles. For each model, the best log-likelihood value was replicated several times with the 

initial specification of 400 sets of random starts and 100 iterations, that is, 99 times in the 

one-class model, 100 times in the two-class and three-class model, 25 times in the four-class 

model, and 8 times in the five-class model. In the second step, in which we ran the models 

again with twice the number of random starts and final stage iterations, each of these values 

was replicated again. Table 7 presents the model fit indices for the models with one to five 

latent profiles. The models with two to five latent profiles had entropies above .80, which is 

high according to Clark and Muthén (2009). The BIC was lowest for the three-profile model, 
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whereas the AIC and sample size-adjusted BIC were lowest for the five-profile model, and 

entropy was highest in the four-profile model. Therefore, all three models fit the data 

approximately equally well. We chose the four-profile model because the four-profile model 

but not the three-profile model included a profile indicating strong misconceptions (high 

values for static processing only). Even though only small sample proportions showed this 

profile in our study, it is still interesting, because it corresponds to the lowest level of 

knowledge of human memory, thus is the starting point of competence development in a 

domain, and had also been found in previous research (cf. Michael Schneider & Hardy, 2013). 

Furthermore, we chose the four-profile model over the five-profile model because it was more 

parsimonious and had a lower BIC. All subsequent analyses were conducted with the four-

profile model. 

7.4.2 Interpretation of the Profile Means 

Table 8 lists the T-standardized indicator means for the four latent profiles. In Figure 9 

the standardized scores are represented graphically. To aid interpretation, we tested for static 

storage statements, incorrect processing statements, and correct processing statements in each 

latent profile at each measurement point whether the latent profile mean significantly deviated 

from the overall sample mean. For example, we fixed the mean of static storage in profile 1 at 

the overall sample mean of static storage while fixing the other means at the values of the 

initial 4 x 4 latent transition model. In total, we computed 3 x 4 = 12 models for the three 

mean scores across the four latent profiles. Then, we computed log likelihood ratio chi-square 

difference tests to test for the difference between the fixed mean models and the initial model. 

We computed the robust test statistic for MLR estimation (Satorra & Bentler, 2010) as 

reported by Asparouhov and Muthén (2010; formula 2) and adjusted the significance level for 

the number of comparisons using the Bonferroni method, yielding a significance level of α < 

.05
12

 < .004.  Table 8 shows the results of these comparisons. 
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We interpreted the latent profiles based on the standardized mean scores, the results of 

the computed log likelihood ratio chi-square difference tests, and assigned labels to them (see 

column 2 in Table 8). We labeled the profile C1 misconceptions profile because members of 

this profile show the highest scores for the static storage misconceptions of all classes, 

average scores for incorrect processing statements and below-average scores for correct 

processing statements, even though the first and last deviation were not significant in the chi 

square difference test. However, it should be noted that only a small number of individuals 

were assigned to the misconceptions profile, yielding large standard errors and the Bonferroni 

correction is a rather conservative correction of the significance level.  We called the profile 

C2, which shows significant above-average means on two of the three scales, fragmented 

profile because these learners express inconsistent knowledge: On the one hand, they believed 

that human memory was a static storage and on the other hand they believed that memory 

processes and re-constructs information. 

This profile supports our hypothesis H3a, that some learners have fragmented knowledge 

rather than integrated knowledge. The third profile, C3, indicated that the participants mostly 

chose the answer category in the middle of the rating scale with average scores on all three 

scales. We labeled it indecisive profile. Finally, we labeled the profile of C4 scientific profile 

because it displayed significant above-average means of scientific concepts and significant 

below-average scores of static storage statements and incorrect processing statements, 

representing the ideal learning outcome. 
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Table 8 

Assigned labels for the latent knowledge profiles, sample proportions, standardized scores of the scales’ means, and significance of the deviation of 

each mean from 50 

 Label Sample Proportion in %  Static storage  Incorrect Processing  Correct Processing 

  T 1 T 2 T 3 T 4  M p  M p  M p 

C1 Misconceptions profile 7 5 6 4  92 .053  49 1.00  30 .544 

C2 Fragmented profile 56 22 17 17  71 <.001*  71 <.001*  39 .028 

C3 Indecisive  profile 37 46 43 38  40 .281  48 .927  52 .998 

C4 Scientific profile 0 27 33 42  26 <.001*  25 <.001*  70 <.001* 

 Total 100 100 100 100          

Note. * significant on the level of α < 0.004, corrected for multiple testing. 
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To further aid interpretation, we tested whether the latent profiles differed significantly in 

their means on the three indicator variables. We computed a separate model for each pair of 

the four latent profiles. In each model, we constrained two class profiles to be equal whereas 

all other model parameters were fixed to the values found with the original (unconstrained) 

four-profile model. We corrected for multiple testing using the Bonferroni method and set the 

significance level at α < .05
6

 < .008. Five of the six constrained models had a significantly 

worse fit than the original four-profile model, as found by likelihood ratio chi-square 

difference tests, all ps ≤ .001. Only the comparison between the unconstrained model and the 

model in which the first and the third profile were constrained equal was not statistically 

significant, p = .012. The reasons for this comparison missing the critical significance level 

was the low frequency of the misconceptions profile and the very conservative Bonferroni-

corrected critical significance level. Descriptively, as shown in Figure 9, there is a large 

difference between these two profiles. Thus, the results indicate that all four class profiles are 

mutually different and support our first hypothesis, that there are latent profiles of learners 

differing systematically in their conceptual knowledge (H1). 

 

Figure 9. Diagram of the four knowledge profiles. 
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7.4.3 Changing Profile Frequencies on the Sample Level over Time 

The proportions of the latent profiles changed substantially from T1 to T4 (see in Table 

8), except for the misconceptions profile, which was shown only by a small proportion of the 

sample (4-7%) at all four measurement points. In line with hypothesis H3b, the frequency of 

the fragmented profile decreased from 56 to 17%, but did not approach 0, thus indicating that 

some Psychology students still had fragmented knowledge about the memory concept at the 

end of their fourth semester. The proportion of the indecisive profile increased from T1 to T2 

and stayed stable to T3, before finally dropping back to the initial level. The frequency of the 

scientific profile increased sharply from 0% at T1 to 37% at T2 and remained high afterwards. 

These findings are in line with our second hypothesis (H2b), that there is an overall trend 

towards a scientific understanding of human memory. 

7.4.4 Strengths of the Predictive Relations between Knowledge Profiles 

In order to test for possible predictive relationships between the knowledge profiles of T1 

to T4, we generated three frequency tables (T1-T2, T2-T3, and T3-T4). We used the profile 

proportions and the transition probabilities based on the estimated model to compute profile 

frequencies. Then we build cross tabulations, including the profile frequencies at one point in 

time (rows) to predict the profile frequencies at the next point in time (columns). For the 

predictive value of T1 for T2, the chi-square test indicated a highly significant and strong 

positive relation, χ² = 174.37, df = 6, p < .001, Cramer’s V = .798. The relations were about 

equally strong for the other points of time, χ² = 313.32, df = 9, p < .001, Cramer’s V = .876 

(T2xT3), and χ² = 266.08, df = 9, p < .001, Cramer’s V = .808 (T3xT4). Thus, the knowledge 

profiles allow predictions about students’ future knowledge profiles at a later point in time. 

Only 23% of the participants did not change their knowledge profile over the course of the 

study. For the remaining 77% of the sample, information about the profile at one point in time 

helped to predict changes to another profile. In the following section, we take a closer look at 

the participants’ individual transition paths. 
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7.4.5 Latent Transition Paths 

MPlus reports overall sample latent transition probabilities based on the estimated model 

across time (for the latent transition probabilities in the current study, see Appendix G). These 

probabilities are used to calculate latent transition paths. In a model with four profiles at four 

measurement points, there are 44 = 256 possible latent transition paths between the profiles 

across time. In line with our Hypothesis 1, the participants were on few of these possible 

paths. There were only six paths taken by at least 5% of the sample (see Figure 10), and 81% 

of the sample was on these six paths. Approximately 17% of the sample was on another eight 

paths which were taken by at least one person of the sample. The remaining 3% were on paths 

that were estimated to be taken by less than one person of the sample by MPlus. The fact that 

a high proportion of the sample followed a small number of developmental paths shows that 

knowledge development was highly systematic in our sample. 

We interpreted the transition paths based on between which profiles the transitions 

occurred and assigned labels to them (see Table 9). The first path P1 was labelled improving 

correct knowledge because participants on this path displayed an indecisive profile at T1 and 

transitioned to the scientific profile at T2, where they stayed throughout the course of the 

study. The second path P2 was called decreasing fragmentation because individuals on this 

path transitioned from the fragmented profile to the indecisive profile which reflects a 

development towards more integrated pieces of knowledge. Path P3 were called enduring 

fragmentation, as participants on this path stayed with the fragmented profile throughout the 

whole study. Similarly, participants on P4 stayed with the indecisive profile, thus we labelled 

the path enduring indecision. The paths P5 and P6 both included two transitions, and students 

on these paths started with the fragmented profile, transitioned to the indecisive profile, and 

finally moved to the scientific profile. Students on P5, transitioned to the scientific profile 

between T2 and T3, whereas students on P6 transitioned to the scientific profile between T3 

and T4. We labelled the paths slowly evolving scientific concepts and quickly evolving 
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scientific concept because these transitions represent a gradual decrease in the static storage 

misconception while processing statements are more and more endorsed. 

As can be seen in Figure 10, on the six most frequent transition paths, the participants 

either stayed in their respective latent profile over time or transitioned from lower-ranking 

profiles (e.g., the indecisive profile) to higher-ranking profiles (e.g., the scientific profile). 

There were no transitions in the opposite direction. Between T1 and T2, the majority (58%) of 

the sample transitioned from a lower-ranking to a higher-ranking profile. Conversely, 

between T2, T3, and T4 the majority (72%) of the sample stayed in their respective latent 

profile. This mirrors the fact that most participants attended a lecture on human memory 

during the first semester of their program. 

 

Table 9 

Pathways of Conceptual Change (Model-Estimated Latent Transition Paths) in the Sample 

Path  Label  Knowledge Profile  Proportion of the sample 
(%) 

    T1 T2 T3 T4  Alone Accumulated 

P1  Increasing correct 
knowledge  C3 C4 C4 C4  25 25 

P2  Decreasing Fragmentation  C2 C3 C3 C3  22 47 

P3  Enduring Fragmentation  C2 C2 C2 C2  15 62 

P4  Enduring Indecisiveness  C3 C3 C3 C3  8 70 

P5  Slowly Evolving Scientific 
Concepts  C2 C3 C3 C4  6 76 

P6  Quickly Evolving Scientific 
Concepts  C2 C3 C4 C4  5 81 

P7-P14  Various Paths found for at 
least one person  Various 

profiles 
Various 
profiles 

Various 
profiles 

Various 
profiles  17 97 

P15-
P256  Various Paths not found for 

at least one person  Various 
profiles 

Various 
profiles 

Various 
profiles 

Various 
profiles  3 100 

Note. C1 = misconceptions profile; C2 = fragmented profile; C3 = indecisive profile; C4 = scientific 
profile 
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Figure 10. Diagram of the six transition paths taken at least by 5% of the sample. All numbers 

are percentages of the sample. The numbers in circles refer to the whole sample (100% in 

total at each wave). The numbers next to the arrows refer to the proportion of the sample on 

the most common six transitions paths (81% of the sample in total). 

 

7.4.6 Associations without Outside Criteria 

To test for relations between the knowledge profiles and outside criteria, we exported the 

list of participants’ most likely profile memberships to SPSS. To test statistically for 

associations between profile memberships at T3 and T4, IMTS scores, and grades, IMTS and 

grades were recoded, so that higher scores indicated better achievement or better grades. As 

the number of students differed strongly between the four knowledge profiles, we used non-

parametric tests to conduct the analyses. Parametric tests, such as the analysis of variance 

(ANOVA) have been shown to be robust against some violations of assumptions (Schmider, 

Ziegler, Danay, Beyer, & Bühner, 2010). However, multiple problems and unequal group 

sizes lead to serious constraints to the robustness of parametric tests (Lix & Keselman, 1998). 

As a non-parametric alternative to one-way ANOVA we used the Kruskal-Wallis H-test. To 

follow up on the findings, we used the Jonckheere-Terpstra test (Jonckheere, 1954), which 

allows to test whether the medians of the groups are ordered in a meaningful way. In SPSS, 

the Jonckheere-Terpstra test investigates whether the medians ascend or descend in a pre-

defined order. We specified the independent variable in the hypothesized developmental rank 

order of knowledge profiles, that is, from a misconceptions profile, over fragmented and 
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indecisive profiles to a scientific profile. Table 10 shows the recoded IMTS scores and grades 

by most likely profile memberships. 

As hypothesized (H4), the latent profiles at T3 differed significantly in their IMTS scores 

as indicated by the Kruskal-Wallis H-test, H(3) = 25.845, p < .001. Jonckheere’s test was 

significant, J = 3112.500, z = 4.546, r = .422, indicating that participants’ knowledge profiles 

predicted their achievement on the IMTS in the assumed developmental rank order from the 

misconceptions profile to the scientific profile. Thus, persons with a better understanding of 

memory in general are also more skeptical about the credibility of autobiographical 

memories. This is in line with a view of human memory as involving the active processing 

and reconstruction of information. 

Persons differing in their knowledge profiles at T4 also differed systematically in their 

grades on the human memory course, H(3) = 16.122, p = .001. Jonckheere’s test indicated 

that there was a significant trend in the data, indicating that grades improved from the 

misconceptions profile, over the fragmented profile and the indecisive profile, to the scientific 

profile, J =2714.500, z = 3.547, r =.335, which supports our hypothesis H5. 

Table 10 

Descriptive Statistics for IMTS Scores and Grades by Most Likely Profile Memberships 

  IMTS T3  Grade T4 

 Label  M SD n  M SD n 

C1 Misconceptions profile  25.5 10.4 7  2.00 .628 5 

C2 Fragmented profile  18.4 10.0 20  1.22 1.06 19 

C3 Indecisive profile  30.3 8.43 53  1.97 .860 43 

C4 Scientific profile  33.7 8.27 36  2.28 .686 46 

Note. IMTS scores and grades are coded so that higher scores reflect higher 
competence. 
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7.5 Discussion 

7.5.1 Knowledge Profiles 

Our aim was to investigate whether conceptual change is still a relevant learning process 

in higher education students, therefore we conducted the first latent profile transition analysis 

in this population. In line with our Hypothesis 1, we found that there were individual 

differences in Psychology students’ knowledge about human memory. Our analyses show that 

these individual differences of the 137 learners can be described in terms of only four 

knowledge profiles. 

The misconceptions profile, in which students agreed mostly with static storage 

statements, was found in less than 10% of the sample at all four measurement points, 

respectively. This does not mean that the students in the sample started the study with perfect 

prior knowledge, though. The most frequent profile at the beginning of the first semester was 

the fragmented profile characterized by strong agreement with both static storage statements 

and incorrect processing statements. These two kinds of statements are mutually 

incompatible, because either knowledge is static or is processed in memory. We therefore 

interpreted students’ agreement with both kinds of statements as indicating fragmented 

knowledge, in which the students hold both kinds of beliefs but do not understand their inter-

relation. In line with Hypotheses 3a and 3b, the fragmented profile occurred frequently at the 

beginning of the study, decreased in its frequency over time, but was still found for 17% of 

the sample at the end of the study. 

Many other students seemed to be aware of their lack of a complete understanding of 

memory, as the indecisive profile was the second most frequent at the first and the last 

measurement point and the most frequent on the second and third measurement point. 

Students with this profile tended to choose the middle category when evaluating statements, 

thus, neither agreeing nor disagreeing with them. Thus, not all students in our sample held 

deeply entrenched misconceptions. Instead, some students were aware of their lack of 
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understanding. Students with the scientific profile agreed mostly with correct processing 

statements. They did not only understand that memory actively constructs and re-constructs 

information, but also in which situations chunking, interference, or source monitoring are the 

most relevant memory processes. 

The strongly decreasing sample proportions (from 56% at T1 to 17 % at T4) for the 

fragmented profile and the strongly increasing sample proportions for the scientific profile 

(from 0 to 42%) demonstrated a trend towards more scientifically correct and also more 

integrated knowledge over the course of the four semesters (Hypotheses 2b and 3b). These 

findings with respect to the knowledge profiles and their changing frequencies over time are 

generally well in line with the findings obtained by Michael Schneider and Hardy (2013) as 

well as Edelsbrunner, Schalk, Schumacher, and Stern (2015) with elementary school children. 

These two studies likewise found learners with fragmented knowledge and learners with 

integrated knowledge in their sample. Also, they found that fragmented knowledge decreased 

in its frequency in the sample but remained in some learners, and found an overall trend from 

misconceptions and fragmented knowledge to more integrated and correct knowledge. The 

main difference between the previous and the present findings is that the most frequent profile 

before learning was the misconceptions profile in the elementary school children and the 

fragmented profile in the university students. Future studies will have to investigate whether 

this is a general difference between the two age groups. Possibly, the longer learning history 

of the university students led to a great base of badly integrated knowledge in comparison to 

the school children. 

7.5.2 Transition Paths 

Students’ knowledge changes over the four measurement points could be described in 

terms of few transition paths between the four knowledge profiles. There were only six paths 

taken by at least 5% of the sample, respectively, and a total of 81% of the sample was on 

these paths. The remaining part of the sample was on one of eight additional paths. The 
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participants on the six most common paths either stayed in their respective latent profile or 

moved to a higher ranking profile, as shown in Figure 10. Thus, there was a clear 

developmental ordering of the profiles from the misconceptions profile, over the fragmented 

profile and the indecisive profile to the scientific profile. The knowledge profiles differed in 

how strongly participants agreed with statements about static storage concepts, incorrect 

processing concepts, or correct processing concepts of human memory. We thus interpret 

transitions between these knowledge profiles as evidence of conceptual change. The involved 

profiles demonstrate the strength of conceptual change underlying the transition: Transitions 

between more similar profiles (e.g., the misconceptions profile and the indecisive profile) 

arguably require less knowledge restructuring than transitions between dissimilar profiles 

(e.g., the misconceptions profile and the scientific profile). 

The highly systematic pathways imply that the learners’ knowledge at each point in time 

is a good predictor of the learners’ knowledge at later points in time. Indeed, we found 

significant and very strong relations between the knowledge profiles at different points in 

time. The fact that on the six most common paths more than half of the participants 

transitioned from one profile to another, that is, restructured their knowledge shows that 

conceptual change is a relevant learning mechanism in higher education and in the domain of 

Psychology. Zero percent of the participants had the scientific profile at the start of the study. 

The 42 % of the participants having this profile at the end of the study all transitioned there 

from lower-ranking knowledge profiles over time. This demonstrates that conceptual change 

does not only happen but is a central learning mechanism in acquiring academic concepts in 

higher education. 

The findings also demonstrate the importance of knowledge fragmentation and 

integration for understanding and predicting conceptual change in higher education. As 

predicted, knowledge fragmentation was frequent at the start of the study, stayed constant on 
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one path (the enduring fragmentation path), and decreased in its frequency on other paths 

(e.g., the decreasing fragmentation path and the slowly evolving scientific concepts path). 

The findings demonstrate systematic associations of the profiles and pathways with 

domain-specific instruction, a finding also observed in the study by Michael Schneider and 

Hardy (2013). Overall, 58% of the persons on the most frequent six paths transitioned to a 

different profile and 33% integrated previously fragmented knowledge during the first 

semester, during which most participants also attended a lecture about human memory. In 

contrast, only 11% of the participants transitioned to a different profile during the second, 

third, and fourth semester together, and no participants integrated their knowledge during that 

time. 

7.5.3 Validity of the Model Results and Limitations 

At least five findings indicated that the model results reflect systematic and meaningful 

individual differences rather than random measurement error. First, the transition paths and 

the predictive relations between the knowledge profiles show a high degree of systematic 

organization in the results both for individual differences at each point in time and intra-

individual differences over time. Second, the basic pattern of results in the current study 

conceptually replicates the key findings of Michael Schneider and Hardy (2013), such as the 

small numbers of profiles and pathways, the co-existence of fragmented and integrated 

knowledge in the sample, and general trends towards more integrated and correct knowledge. 

Third, transitions to higher-ranking profiles were more frequent during domain-specific 

instruction (i.e., the lecture on human memory during the first semester) than at other times. 

Fourth, the latent profiles differed in their mean rank-ordered grades, with students in higher-

ranking profiles also showing better grades. Though evidence from analyses with most likely 

profile variables can be somewhat limited when entropy is not perfect, we believe that in our 

study, in which entropy was only slightly smaller than .90, such bias was only a marginal 

problem. Therefore, the findings support the criterion validity of the latent profile variables 
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and demonstrate the grade-relevance of academic concepts and conceptual change in higher 

education. Finally, students in higher-ranking profiles also showed better performance on the 

implicit memory theory scale, indicating that a better understanding of memory as involving 

the construction and re-construction of information went along with a greater skepticism with 

respect to the contents of autobiographical memories. 

We expect that the findings of our study are highly generalizable, as the interpretation our 

knowledge profiles is in line with previous studies conducted outside higher education 

(Edelsbrunner et al., 2015; Hardy et al., 2006; McMullen et al., 2015). Our findings are 

somewhat limited as the identification of knowledge profiles in latent transition analysis is 

exploratory. There are no definite standards in choosing the number of profiles. In latent 

transition analysis, the number of estimated parameter rises exponentially with the number of 

profiles assumed. With 63 free parameters in our model with four profiles at four 

measurement points and 137 participants, our design is at the margin of being underpowered. 

Our sample is restricted to psychology students that represent a highly selected, presumably 

high-achieving subpopulation. Future studies should investigate whether students from other 

programs than psychology show similar knowledge profiles and developmental patterns. 

Another limitation is the use of a newly constructed test in our study. Future studies will have 

to further examine the validity and reliability of the test and its sensitivity to knowledge 

changes over time. 

7.5.4 Theoretical, Methodological, and Practical Implications 

Our findings have theoretical, methodological, and practical implications. On the 

theoretical level, the results demonstrate that conceptual change still takes place in higher 

education students and is vital for acquiring an understanding of academic concepts. 

Conceptual change, its measurement, its prevalence, its dynamics over time, and its 

stimulation by learning environments are well investigated for school students but almost not 

examined at all for students in higher education. Our present findings suggest that future 
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studies should systematically investigate parallels and possible differences between 

conceptual change in K-12 school and in higher education. This will lead to a better 

understanding of which processes are specific to conceptual change in general and which 

processes only occur in specific age groups. Further, future studies should include 

motivational and affective covariates into latent transition models in order to investigate non-

cognitive determinants of conceptual change. The small number of profiles and pathways 

indicated that individual differences matter in conceptual change, but that the number of 

possible individual differences is quite limited. This suggests that the learners’ idiosyncratic 

knowledge construction processes are constrained by cognitive and environmental variables 

which guide these processes along a few developmental trajectories. 

On the methodological level, our findings indicate that latent profile transition analyses 

are useful tools for modeling longitudinal changes in multidimensional knowledge structures 

in general and for modeling conceptual change in specific. Only very few latent profile 

transition analyses have been published so far (see Hickendorff et al., in press). The 

convergence of findings from earlier studies with school children and the current study with 

Psychology students indicates a high degree of replicability, stability, and generalizability of 

the findings across studies, age groups and content domains. Latent profile transition analyses 

have also proven to be effective data reduction techniques, because they help to describe 

individual differences in large samples in terms of just a few profiles and transition paths. 

On the practical level, findings from studies like ours can inform higher education 

teaching. Teachers in higher education might often lack awareness that students enter their 

programs with prior beliefs and misconceptions, because higher education learning has long 

been neglected in research on conceptual change. The profiles and pathways identified in the 

current study can help teachers to better identify students’ current knowledge and to predict 

students’ future pathways of learning. Instruction can thus be tailored to fit subpopulations of 

students differing in their prior knowledge or development. The current study as well as the 
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study by Michael Schneider and Hardy (2013) also found evidence of systematic relations 

between instruction and the knowledge profiles and pathways. Future studies should 

investigate these interactions in greater detail. 
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8. General Discussion 

This dissertation aimed to investigate environmental and learner-related determinants of 

knowledge acquisition. This goal was attained by means of two meta-analyses and one latent 

transition analysis. The presented studies provide six key insights regarding the relevance of 

environmental and individual factors accounting for knowledge acquisition and possible 

underlying mechanisms. The six key insights are discussed in the upcoming paragraphs, 

followed by methodological and practical implications, four recommendations for future 

research, and a final conclusion. 

8.1 Key Insights from the Studies 

 The results from the three studies can be summarized in the following six key insights. 

First, tES significantly contributes to the enhancement of cognitive learning outcomes, such 

as test performance and knowledge acquisition. Second, results give implications that specific 

physiological processes of neuroplasticity underlie knowledge acquisition. Third, prior 

knowledge significantly contributes to later cognitive learning outcomes including knowledge 

and academic achievement. Fourth, results provide evidence for the existence of both, a 

Matthew effect as well as a compensatory effect, depending on characteristics of the 

instruction employed. Fifth, results give implications that cognitive processes underlie the 

acquisition of knowledge and that these can be accounted for in the instructional design. 

Sixth, despite that learners differ in their prior knowledge, only a limited amount of learning 

pathways become evident across learners when acquiring conceptual knowledge. 

8.1.1 Key Insight 1 

The first study demonstrated the effectiveness of tES, by combining results from single 

studies meta-analytically. Overall, the effect was significantly positive and medium in 

magnitude with Cohen’s d = 0.343 (Jacob Cohen, 1988). The effect was consistently found in 

randomized controlled trials, and across a variety of stimulation methods, stimulation areas, 

measures, stimulus and task types, and domains. The results give evidence that the signal was 
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even strong enough to show significant results through the noise due to the heterogeneity in 

competence measures and activated brain regions.  

8.1.2 Key Insight 2 

The results from Study 1 give implications that specific physiological processes of 

neuroplasticity underlie knowledge acquisition. When tES was applied in a learning phase, 

where participants had to encode new information, a much stronger effect (d = 0.712) resulted 

compared to when tES was applied during test performance (d = 0.207), where participants 

had to recall information. The results may be explained by processes of synaptic plasticity 

(i.e., changes within GABAerig interneurons or NMDA receptor-dependent glutameric 

interneurons; Liebetanz, Nitsche, Tergau, & Paulus, 2002; Nitsche et al., 2003; Nitsche et al., 

2005) and nonsynaptic plasticity (i.e., changes in membrane excitability; Nitsche et al., 2003), 

both online and offline stimulation (Stagg et al., 2009). This highlights the relevance of 

different neurophysiological processes underlying knowledge acquisition.  

8.1.3 Key Insight 3 

The results from Study 2 demonstrate that individual differences in prior knowledge are 

highly predictive for later knowledge and achievement at posttest with r = .525 what is 

equivalent to a Cohen’s d of 1.23. The effect was consistently shown for different educational 

levels, domains, knowledge types, instructional methods, and measures. The effect of prior 

knowledge can be interpreted as causal rather than correlational, as a significant and positive 

effect was found for studies experimentally inducing differences in prior knowledge. Further, 

adjusting for intelligence did not significantly reduce the magnitude of the effect size, 

highlighting the robustness of the found effect. 

8.1.4 Key Insight 4  

The meta-analytic results of Study 2 provide evidence for both, a Matthew effect as well 

as a compensatory effect. Some studies demonstrated a positive correlation between prior 

knowledge and knowledge gains, indicating that high prior knowledge is associated with 



Environmental and Learner-Related Determinants of Knowledge Acquisition 136 

stronger growth in knowledge as described by the Matthew effect. Others found a negative 

relationship between prior knowledge and knowledge gains, providing evidence for a 

compensatory effect. Whether a Matthew or compensatory effect became evident was 

dependent on the cognitive demands of the intervention. 

8.1.5 Key Insight 5 

The moderator analyses performed in Study 2 provide implications that cognitive 

processes underlying knowledge acquisition are a relevant factor which can be accounted for 

by instructional design. The relationship between prior knowledge and posttest knowledge 

was smaller in magnitude when instruction had higher cognitive demands as compared to 

lower cognitive demands. A similar pattern was found for the relationship between prior 

knowledge and knowledge gains. When cognitive demands of the instruction were high, 

learners with high prior knowledge benefitted more as compared to learners with low prior 

knowledge (Matthew effect). The reverse was found for instruction with lower cognitive 

demands (compensatory effect). Here, low prior knowledge learners benefitted more, as 

compared to their more knowledgeable counterparts. A moderating effect of the cognitive 

demands of the intervention was found for all learning outcome measures (posttest knowledge 

and knowledge gains), indicating the robustness of this effect. Thus, applying instructional 

design principles in teaching can significantly determine whether high or low knowledgeable 

students experience changes in knowledge, respectively. 

8.1.6 Key Insight 6 

Study 3 investigated the development of conceptual knowledge longitudinally, 

accounting for different qualities of knowledge by means of latent profile transition analyses. 

Despite the fact that learners significantly differed in their prior knowledge at pretest, the path 

of transitions between knowledge states over time was limited, indicating specific and well-

ordered developmental pathways. The results demonstrate that even at the level of higher 

education, students still incorporate intuitive and fragmented prior knowledge, not compatible 
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with scientific models, which highlights the importance of individual differences in prior 

knowledge. More specifically, prior knowledge as a relevant determinant for knowledge 

acquisition can not only be described in terms of quantity of knowledge but also in terms of 

quality of knowledge such as fragmentation vs. integration, and incorrectness vs. correctness. 

 

8.2 Methodological Implications 

The results of the presented studies provide methodological implications to be considered 

and addressed by future studies, namely the operationalization of learning outcomes, the use 

of latent transition analyses in educational research, and the deployment of meta-analysis in 

educational contexts, along with the application of appropriate statistical procedures. The 

three implications are addressed in the following three paragraphs, respectively. 

8.2.1 Operationalization of Learning Outcomes  

When investigating the impact of individual differences in prior knowledge on effects of 

an intervention or learning in general, the study groups usually significantly differ in their 

knowledge before entering the intervention (for example high and low prior knowledge 

groups). Differences in the posttest may be hard to interpret as they may either be a result of 

the group differences at the pretest, an intervention (if applied), or the respective interaction. 

Therefore, it is more appropriate to consider the pretest values in the form of gain scores, 

especially when analyzing the effect of individual differences in prior knowledge on 

subsequent learning. Gain scores can be calculated in two different ways: as absolute gain 

scores and normalized gain scores. Absolute gain scores have the methodological 

disadvantage that learners with high prior knowledge have less room for learning gains as 

compared to learners with low prior knowledge. Thus, absolute learning gain scores might 

underestimate the actual gains of learners with high prior knowledge due to ceiling effects, 

and might lead to an underestimation of the influence of prior knowledge on knowledge 

acquisition. Normalized gain scores account for this problem by dividing the absolute 
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learning gain by the maximal possible learning gain. The results from Study 2 indicate 

significant differences in the effect of prior knowledge on the three outcome measures 

(correlation between pretest and posttest values vs. absolute gains vs. normalized gains), 

highlighting the relevance of accurately distinguishing between learning outcomes (posttest 

scores) and knowledge gains (absolute or normalized). 

Overall, considering information from a pretest in the form of gain scores is accompanied 

with several benefits and some disadvantages. The benefits include a decrease in estimates of 

error variance, resulting in increased power to be able to account for individual differences 

between groups, and to allow for a precise interpretation of effect sizes due to an objective 

measure of gains in knowledge (e.g., Allison, 1990; Williams & Zimmerman, 1996). 

Disadvantages consists of limits in the application, such as the same parallel test, or Rasch 

measurement that needs to be employed at pre- and posttest (Andrich, 1988; Kline, 1986). 

Further, possible bias may occur due floor or ceiling effects, however, these can be eluded by 

the application of adaptive testing approaches (Rock, 2007).  

A variety of statistical approaches exist to investigate changes in knowledge, for 

example, the use of difference scores (e.g., the calculation of normalized gain scores based on 

group means) regression based methods (e.g., the application of an ANCOVA with the pre-

test as a covariate), or structural equation measures (e.g., growth curve analysis). It is likely 

that the application of gain scores has rarely been employed as researchers assumed that gain 

scores are unreliable (e.g., Cribbie & Jamieson, 2004; Cronbach & Furby, 1970). As a result, 

studies in the educational context commonly employ an ANCOVA to control for differences 

at pretest (which has been one of the most common reasons of exclusion of single studies in 

Study 2). However, there is evidence that this approach is not suited when differences 

between groups exist at pretest (see e.g., Gregory A. Miller & Chapman, 2001). More recent 

work has shown that reliability is not a serious problem when applying gain scores (e.g., 

Llabre, Spitzer, Saab, Ironson, & Schneiderman, 1991; Williams & Zimmerman, 1996). Out 
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of all 223 studies included in the meta-analysis presented in Study 2, only 14 studies reported 

absolute gain scores, and only three studies reported normalized gain scores as outcomes. 

This indicates that gain scores are still used infrequently, even in studies aiming to investigate 

the effects of individual differences in prior knowledge on knowledge acquisition. It is an 

open question regarding why so many studies failed to report gain scores although the data 

would have allowed such calculations. Moreover, more systematic analyses of the different 

gain score calculations (for example, see Vickers, 2001), appropriate measures that allow 

such calculations (for example, see Rock, 2007), and statistical analyses suited for gain scores 

(for example, see Bast & Reitsma, 1997; Bonate, 2000; Cribbie & Jamieson, 2004; T. E. 

Duncan, Duncan, Strycker, Li, & Alpert, 1999) are necessary to allow researchers to employ 

the adequate application of gain scores in their empirical work. 

8.2.2 Latent Transition Analyses in Educational Research 

Latent transition analyses are useful tools for modeling longitudinal change in 

multidimensional knowledge structures. Study 3 provides an example of how latent transition 

analysis can be used for modeling conceptual change and including knowledge measures that 

relate to specific qualities of knowledge (i.e., fragmented knowledge, misconceptions). 

Applying a statistical approach that can quantify differences and changes in knowledge 

quantity and knowledge quality is fundamental to comprehensively understand the principles 

of knowledge acquisition. Therefore, employing latent transition analysis can significantly 

contribute to a better understanding of longitudinal changes in multidimensional variables 

such as knowledge. Further, Study 3 demonstrated that latent transition analysis is an 

effective data reduction technique, as it allows for a description of individual differences in 

large samples in terms of few profiles and transition paths. This essentially facilitates a better 

understanding of the complex principles of knowledge acquisition. Another advantage of 

latent transition analysis is the possibility to predict the transition by third variables, for 

example intelligence or academic self-efficacy in educational research. This may further 
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provide valuable insights regarding relevant variables influential to changes in knowledge 

structures.  

There are several limitations when applying latent transition analyses. First, difficulties in 

inference and estimation may occur, especially with small samples (Chung, Lanza, & Loken, 

2008) or even medium-sized samples (Lanza & Collins, 2008). The development of some 

methodological aspects of latent transition analysis, for example power analyses to estimate 

the needed sample size for a respective analysis, is still outstanding. Second, in some cases, 

specific conclusions and recommendations drawn from the results may be difficult due to 

complex data (e.g., Lanza, Patrick, & Maggs, 2010) or having small classes (Pan, Liu, Lau, & 

Luo, 2017), especially when analyzing transition probabilities.  

Overall, latent transition analysis is seen as a suitable tool for identifying qualitative 

intra- and inter-individual differences in the context of learning (Hickendorff et al., in press) 

and to analyze the development of these differences over time. The application may lead to 

new insights and a deeper understanding of knowledge acquisition over time and is especially 

appropriate for medium to large samples.  

8.2.3 Meta-Analyses in Educational Research 

Meta-analyses have some advantages over narrative reports or systematic reviews of the 

literature, and are therefore widely employed, especially in the context of educational 

psychology. There exist over 1200 meta-analyses relating to achievement just in the 

educational field (Hattie, 2015), and many more will likely be conducted in the future. The 

method for conduction a meta-analysis has come to fruition over the last four decades. This is 

mostly due to the enormous number of quantitative findings from single studies, driving the 

need for aggregation and summarization, and the desire to identify definite conclusions 

through aggregation (e.g., Hattie, 2009; S. Higgins, 2016). Meta-analyses in educational 

context may for example investigate the effectiveness of a specific intervention or school-

instruction, or the associations between two or more variables of interest. Some meta-analyses 
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compare one treatment or multiple treatment groups with a control group (e.g., Dochy, 

Segers, Van den Bossche, & Gijbels, 2003; Kluger & DeNisi, 1996; Nesbit & Adesope, 

2006). Others look at the association between two variables in the form of a correlation, most 

commonly the relationship between a specific variable and academic achievement (e.g., Fan 

& Chen, 2001; Hyde, Fennema, & Lamon, 1990; Richardson, Abraham, & Bond, 2012; 

Michael Schneider et al., 2017). Fewer meta-analyses have investigated other (non-cognitive) 

outcomes instead of academic achievement (e.g., Nurmi, 2012; Tanner-Smith & Wilson, 

2013). The results from meta-analyses on educational topics can lead to validation or 

development of theory, best-practice recommendations for educators, the provision of 

information for policy makers, or demonstration of a typical effect, also referred to as hinge 

point data (e.g., Greenhalgh, 1997; Hattie, 2009; Kluger & DeNisi, 1996).  

While meta-analysis is commonly employed in educational research, there is still a need 

to more systematically analyze different statistical approaches employed in meta-analyses. 

This is especially applicable for the dependency of data and effect sizes. There are multiple 

ways to calculate effect sizes from raw data presented in the single studies, especially for 

effect sizes obtained from repeated measures designs (e.g., Lakens, 2013; Morris & DeShon, 

2002). As demonstrated by simulation analysis, the calculation of the effect size from the tests 

statistics reported in the single studies likely leads to overestimation, when the correlation 

between the measures is not considered (Dunlap, Cortina, Vaslow, & Burke, 1996). 

Becoming apparent in Studies 1 and 2, single studies reporting data for repeated measures 

rarely, if at all, report the correlation between the measurement points. This lack of 

information might consequently lead to an overestimation of effect sizes obtained in meta-

analyses including effect sizes of dependent measures. The same concern may apply to the 

dependency of effect sizes obtained from the same sample. In Studies 1 and 2, the problem of 

dependency across effect sizes was successfully addressed by means of robust variance 

estimation (Hedges et al., 2010; Tanner-Smith & Tipton, 2014). As this method is rather new, 
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the development of an adequate method to perform publication-bias analyses with dependent 

data it is still outstanding. Further development and extension of the method seem promising 

to allow more sophisticated analyses. 

Summarizing, meta-analysis is a useful tool to combine existing research, extend 

knowledge and theories within a specific discipline, and to draw attention on existing 

strengths and weaknesses in the literature (Carter, Kofler, Forster, & McCullough, 2015; 

Hunter & Schmidt, 1996; van Elk et al., 2015). It is argued that results from meta-analysis 

should be interpreted with the same caution as results from single studies (Carter et al., 2017). 

In addition to meta-analysis, large-scale studies and preregistered replication efforts are 

needed to carefully re-examine methodology and theory (e.g., Hagger et al., 2016). Due to the 

great heterogeneity in meta-analytic strategies employed, developing and following rigorous 

guidelines when conducting a meta-analysis would be especially useful (e.g., Carter et al., 

2017; J. P. T. Higgins & Green, 2008; Moher, Liberati, Tetzlaff, & Altman, 2009; Shea et al., 

2009). Further, more simulation analyses are necessary to fully understand how different 

methods of effect size computation and aggregation influence the results of meta-analyses. 

The extensions of statistical methods seem promising to allow for an adequate analysis of 

dependent effect sizes in meta-analysis.  

 

8.3 Practical Implications 

Several practical implications can be concluded from the results of the three studies 

presented in this dissertation. From Study 1, it is clear that more studies are needed before tES 

can be applied in educational settings, as research included in the synthesis was conducted in 

laboratory settings and only with adult participants. Therefore, the application of tES in 

educational settings should be considered with high caution. tES can be easily employed, as 

demonstrated in a variety of tutorials on YouTube showing how to build simple devices from 

everyday objects. Thus, teachers and educators need to be informed about new technologies 
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available that may potentially support learning, their benefits, possible harm and impairments 

(e.g., Davis, 2014; Wurzman et al., 2016), as well as the current research results. This is 

especially necessary for topics that not only attract researchers, but also the public, as is 

apparent with tES (Cohen Kadosh et al., 2012; Dubljevic, Saigle, & Racine, 2014). The 

effects of tES have been found particularly when a learning intervention was implemented, 

demonstrating the independent relevance of teaching and instruction for knowledge 

acquisition. Further, a variety of more effective and cheaper instructional methods exist 

compared to implementing tES (for example, see Hattie, 2009), leading to the question of the 

cost-benefit ratio. 

The results provide valuable implications for teaching practices. As demonstrated in 

Study 2, the cognitive demands of the instruction employed can either contribute to a 

Matthew effect (i.e., promoting knowledge acquisition for high prior knowledge students) or a 

compensatory effect (i.e., promoting knowledge acquisition for the low prior knowledge 

students). When the cognitive demands of a specific intervention or instruction are high, it is 

likely that the high prior knowledge students benefit more as compared to their less 

knowledgeable counterparts. The reverse occurs for instruction with lower cognitive 

demands. Therefore, teachers can employ instructional methods tailored to fit the 

subpopulations of students differing in their prior knowledge or development (e.g., Kalyuga et 

al., 2003; Mayer & Moreno, 2003). For example, this can be achieved with the use of short 

summaries (Mayer, Bove, Bryman, Mars, & Tapangco, 1996), the implementation of 

knowledge maps in teaching (O'Donnell, Dansereau, & Hall, 2002), or the realization of 

complex programs promoting classroom instruction (Hindman, Erhart, & Wasik, 2002). The 

results further highlight the relevance of misconceptions for conceptual change in subsequent 

learning. Thus, it seems useful that teachers account for this by addressing their students’ 

common misconceptions and tailoring school instruction accordingly (McCuin, Hayhoe, & 

Hayhoe, 2014). Possible instructional methods to facilitate conceptual change include 



Environmental and Learner-Related Determinants of Knowledge Acquisition 144 

plausibility reappraisals (Lombardi, Sinatra, & Nussbaum, 2013) or problem based learning 

(Loyens, Jones, Mikkers, & van Gog, 2015). While teachers are usually aware of students’ 

misconceptions, they may have difficulties using their students’ prior knowledge in an 

effective way to adjust their teaching methods accordingly (Cox, Steegen, & De Cock, 2016). 

Hence, teacher education should emphasize training teachers on skills related to instructional 

design, especially considering prior knowledge and individual learning pathways. This would 

allow teachers to adjust their teaching based on the students’ individual differences. 

 

8.4 Recommendations for Future Research on Knowledge Acquisition 

The results from the presented studies provide a valuable starting point for future 

research, indicating that there are remaining gaps in the literature. Generally, future research 

on knowledge acquisition should be characterized by a more detailed approach in order to 

deeply understand the specific mechanisms underlying knowledge acquisition. Further, it 

seems promising to integrate the views and perspectives from different sub-disciplines within 

the field of psychology as well as across different disciplines in general, to allow the benefit 

in form of interdisciplinary research. In the following, four recommendations for future 

research are proposed and discussed.  

8.4.1 Recommendation 1: Consider Domain-Specific Knowledge, Including 

Different Types and Qualities of Knowledge 

Compared to academic achievement, the employment of domain-specific knowledge as 

the dependent or independent variable in research has the advantage of potentially providing 

deeper insights into the processes of knowledge acquisition. Academic achievement has been 

widely used as an outcome variable and proxy for learning success. More precisely, learning 

success can be described in terms of changes in knowledge within a specific domain, assessed 

with a single or multiple knowledge tests. Most commonly, researchers subsume variables 

such as knowledge, results from standardized achievement tests, or grades under the broader 
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category of academic achievement. However, it is relevant to distinguish between measures 

assessing domain specific knowledge from more curriculum-based criteria, such as grades, 

and cumulative measures such as GPA, which are more general (Steinmayr et al., 2014). Prior 

knowledge stored in long-term memory is directly linked to changes in knowledge, as 

proposed by information processing theory (Atkinson & Shiffrin, 1968; Mayer & Moreno, 

2003; George A. Miller, 1956). Assessing knowledge as a dependent or independent variable 

can therefore provide a more detailed picture of the mechanisms and underlying processes. 

Including domain-specific knowledge measures instead of grades or GPA has the further 

benefit of providing the possibility to consider different types and qualities of knowledge. 

Most commonly, knowledge is assessed as the amount of correct knowledge. However, 

knowledge can differ among several dimensions of type and quality (de Jong & Ferguson-

Hessler, 1996), which can highly contribute to or impact knowledge acquisition (e.g., Friege 

& Lind, 2006). For example, incorrect knowledge in form of misconceptions or fragmented 

knowledge has a robust influence on later knowledge acquisition (diSessa et al., 2004; Smith 

III. et al., 1993; Vosniadou & Skopeliti, 2017). Therefore, it is desirable to closely investigate 

different features of knowledge, develop reliable tests to assess these differences, and employ 

such tests in future studies. 

8.4.2 Recommendation 2: Analyze Prior Knowledge Effects on Knowledge Gains 

and Transfer 

Prior knowledge has been demonstrated to be similarly related to learning outcomes, 

including knowledge and achievement. Until now, only few studies have investigated the 

effect of prior knowledge on knowledge gains (i.e., knowledge acquisition) and virtually no 

studies exist that manipulated prior knowledge and investigated its effect on knowledge gains. 

Thus, it remains unclear whether the effect of knowledge on knowledge acquisition is causal 

in nature. This reveals a large deficiency in educational research, as it has often been assumed 

that prior knowledge is closely related to learning (e.g., Ausubel, 1968). Further, even less is 
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known about potential third variables moderating this relationship. Several variables have 

been identified and analyzed that contribute to the understanding of acquisition of knowledge 

and skills, such as interest (e.g., Reeve & Hakel, 2000), intelligence (e.g., Giofrè, Borella, & 

Mammarella, 2017; Pfost et al., 2012), socio-economic status (e.g., Chiu, Chow, & Joh, 

2017), or home and learning-related environmental conditions (e.g., Duff et al., 2015; Kempe, 

Eriksson‐Gustavsson, & Samuelsson, 2011; Otto & Kistner, 2017; Pfost et al., 2012). 

However, systematic investigations of third variables relevant for changes in knowledge and 

knowledge acquisition have just begun recently, leaving many questions open to answer.  

Further, it is still unclear whether and to what extent transfer of knowledge to novel 

contexts occurs (Perkins & Salomon, 1992; D. L. Schwartz, Varma, & Martin, 2008). This 

existing gap in research may be a result of the complexity of the topic, as different dimensions 

along which transfer can occur have been specified (e.g., different contents and contexts of 

transfer; Barnett & Ceci, 2002). More so, this is seen as one of the most challenging, 

contentious, and important issues in psychology (Day & Goldstone, 2012, p. 1). While there 

are contradictory empirical findings on transfer across single studies, only a few meta-analytic 

summaries with correlational or domain-specific evidence exist (Study 2 of this dissertation; 

Blume, Ford, Baldwin, & Huang, 2010; Melby-Lervåg & Lervåg, 2011; Pai, Sears, & Maeda, 

2015). A meta-analysis summarizing the existing body of research that has engaged with 

transfer is still outstanding. Consideration of differences in prior knowledge when 

investigating transfer seems promising, as prior knowledge is associated with an enhanced 

ability to take advantage of deep structural content (Schoenfeld & Herrmann, 1982; Weiser & 

Shertz, 1983; Wolpert, 1990). Further, this facilitates both reminding and mapping (Day & 

Goldstone, 2012; Novick, 1988), and fosters the ability to overcome limitations in working 

memory associated with relevant mechanisms underlying transfer (Halford, Wilson, & 

Phillips, 1998; Waltz, Lau, Grewal, & Holyoak, 2000). 



Environmental and Learner-Related Determinants of Knowledge Acquisition 147 

8.4.3 Recommendation 3: Search for Processes that Explain the Association 

Between Prior Knowledge and Knowledge Acquisition 

There exists comprehensive evidence that biological and cognitive processes underlie 

knowledge acquisition, and that these processes can be determined by both environmental and 

individual characteristics. While there is empirical confirmation for the positive association 

between prior knowledge and neurophysiological processes (e.g., Brod, Lindenberger, 

Wagner, & Shing, 2016; Brod et al., 2013; Chang, Kang, Ham, & Lee, 2016; Liu, Grady, & 

Moscovitch, 2017; Shing & Brod, 2016) as well as cognitive processes (Chuy, Alamargot, & 

Passerault, 2012; Crooks & Alibali, 2013; DeWitt et al., 2012; Park, Korbach, & Brunken, 

2015), which are both subsequently associated with knowledge acquisition (e.g., Giofrè et al., 

2017; Jaekel, Eryigit-Madzwamuse, & Wolke, 2016; Kepinska, de Rover, Caspers, & 

Schiller, 2017; Minichiello, 2009; Vandenbrouke, Verschueren, & Baeyens, 2017), this 

evidence has not yet be summarized in a meta-analysis. Such analyses would significantly 

contribute to an enhanced understanding of knowledge acquisition and its underlying 

processes, and would further allow the testing of moderating and mediating effects. While 

most studies have only investigated one path, i.e., the association between prior knowledge 

and intra-learner processes or the association between intra-learner processes and learning 

outcomes, less is known about the mutual associations between prior knowledge, intra-learner 

processes and learning outcomes (e.g., Hemmer & Persaud, 2014; Kalyuga, 2013; Wu & 

Zhao, 2017). 

8.4.4 Recommendation 4: Take a Broader and More Integrative View of Knowledge 

Acquisition 

Research on knowledge acquisition has mainly focused on the investigation of the 

effectiveness of specific interventions, the relationship between variables, or the existence of 

specific paradigms found in an educational context. Less literature exists pertaining to the 

integration of findings on a superordinate level, and only a few models and theories exist that 
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include different research fields of educational science (Biggs, 2003, p. 19; Gagné, 2004; 

Stern, 2017; Ullén et al., 2016). Most of these models focus on outcomes other than 

knowledge, such as expertise (Ullén et al., 2016) or competencies (Gagné, 2004). Therefore, 

it seems beneficial to integrate research on knowledge acquisition on a subordinate level by 

means of theoretical and empirical approaches. The framework presented in Study 2 is one 

theoretical approach to combine relevant variables for knowledge acquisition identified by 

different streams of educational research. Meta-analytic and second-order meta-analytic 

investigations relating to associations presented in the framework would greatly contribute to 

a better understanding of knowledge acquisition, its underlying principles, and determining 

variables. Further, it seems promising to promote inter-disciplinary research (Ledford, 2015; 

Science Europe, 2012), to link research fields to achieve a more comprehensive approach to 

address critical questions, enhance the robustness and validity of findings by use of different 

populations and approaches, and ultimately facilitate the application of knowledge in a 

specific area (e.g., Aboelela et al., 2007; F. Fisher et al., 2014; Tandon & Singh, 2016). 

 

9. Conclusion 

The studies included in the current dissertation contributed to enhancing the 

understanding of how environmental and learner-related variables determine knowledge 

acquisition. The results demonstrated that learning outcomes can be advanced by input from 

the environment, and are highly related to the students’ level of prior knowledge. Further, the 

effects of environmental and learner-related variables interact and likely impact the biological 

and cognitive processes underlying learning. Research combining approaches from different 

disciplines such as neuroscience, cognitive science, and educational science seems promising 

to provide an overall picture of relevant determinants for knowledge acquisition. There is a 

necessity to apply appropriate and recent statistical approaches to fully understand the 

underlying processes of knowledge acquisition, for example the development and 
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employment of a rigid definition of learning outcomes and its operationalization, the 

utilization of latent transition analyses to investigate longitudinal changes in knowledge 

structures, or the use of meta-analyses to aggregate existing research. The results presented in 

this doctoral thesis demonstrate that knowledge acquisition is a dynamic process involving 

biological and cognitive mechanisms and being moderated by the environment and the single 

learner. Accounting for different variables associated with knowledge acquisition and 

academic achievement leads to a better understanding of the underlying complex processes 

and greater possibilities of the advancements of learning. 
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Appendix D: Coded Moderator Variables (Study 2) 

 Posttest 
knowledge 

Absolute 
knowledge gains 

Normalized 
knowledge gains 

 j k j k j k 

Knowledge characteristics       

Knowledge typea       

Mixed 74 645 5 16 3 7 

Declarative 159 2125 14 40 9 19 

Procedural 10 51 2 8 1 6 

Knowledge sub-typea       

Declarative: facts 41 268 5 11 2 4 

Declarative: concepts 128 1244 13 22 8 15 

Procedural: cognitive skill 10 51 2 8 1 6 

Broad content areaa       

STEM 87 578 13 40 9 23 

Language 99 3055 4 18 2 6 

Humanities  5 19 0 0 0 0 

Social sciences 17 107 3 4 2 3 

Health sciences 2 9 0 0 0 0 

Sports 5 54 0 0 1 1 

Content domaina       

Mathematics 37 416 5 21 3 11 

Physics 16 55 2 3 2 3 

Chemistry 6 20 0 0 0 0 

Biology 21 62 4 10 4 9 

Geosciences 6 19 2 6 0 0 

Computer sciences 1 1 0 0 0 0 

Medicine and nursing 2 9 0 0 0 0 

Psychology 14 99 3 4 2 3 

First language  94 2715 1 10 0 0 

Second language 10 53 3 8 2 6 

Sports 5 54 1 1 1 1 

History 3 10 0 0 0 0 

Other 3 20 0 0 0 0 

Similarity of prior knowledge and 
learning outcome       

Similarity of the knowledge 
type        
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Low 117 1398 0 0 1 1 

High 210 2821 20 62 13 32 

Similarity of the content 
domain       

Low 72 688 0 0 0 0 

High 209 3535 20 62 14 33 

Similarity of the physical 
context       

Low 7 94 0 0 0 0 

High 228 4071 20 62 14 33 

Similarity of the temporal 
context       

Low 184 3974 14 46 10 23 

High 55 248 6 16 4 10 

Time between assessments 171 3908 16 53 8 21 

Similarity of the functional 
context       

Low 4 12 1 1 1 1 

High 230 4204 19 61 13 32 

Similarity of the social context       

Low 15 185 0 0 1 1 

High 222 3909 19 56 13 32 

Similarity of the modality       

Low 46 650 0 0 1 1 

High 205 3064 18 55 13 32 

Learner characteristics       

Age 136 3362 8 30 5 15 

Educational level       

Daycare 5 139 0 0 0 0 

Kindergarten/preschool 57 1790 1 10 1 1 

Primary education 71 1676 4 15 3 11 

Secondary education 49 228 4 10 4 5 

Higher education 57 358 7 16 4 11 

Continued education 5 22 3 9 2 5 

Several 3 10 1 2 0 0 

Environmental characteristics       

Countryb       

Australia 3 29 0 0 0 0 

Austria 1 30 0 0 0 0 
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Belgium 2 80 0 0 0 0 

Canada 5 115 0 0 0 0 

Peoples Republic of China 5 300 0 0 0 0 

Hong Kong  6 168 0 0 0 0 

Taiwan 3 9 0 0 0 0 

Denmark 2 7 0 0 0 0 

Finland 8 322 0 0 0 0 

France 2 122 0 0 0 0 

Germany 9 253 0 0 0 0 

Greece 1 27 0 0 0 0 

Israel 4 49 0 0 0 0 

Italy 1 36 0 0 0 0 

Korea 1 45 0 0 0 0 

Netherlands 5 163 1 1 0 0 

New Zealand 2 42 0 0 0 0 

Norway 3 172 0 0 0 0 

Singapore 1 8 0 0 0 0 

Spain 2 5 0 0 0 0 

Sweden 1 12 0 0 0 0 

Turkey 1 2 0 0 0 0 

United Kingdom 12 627 0 0 0 0 

USA 52 904 1 6 0 0 

Intervention Setting       

No intervention 14 150 0 0 0 0 

School instruction only 78 2772 2 7 0 0 

School instruction and other 
intervention 57 867 5 20 3 5 

Other intervention only 85 397 12 33 11 28 

Intervention Duration       

0-2 hours 73 352 10 29 9 26 

2-24 hours 7 29 1 4 0 0 

2-7 days 5 16 0 0 0 0 

> 1 week 57 889 7 24 5 7 

Cognitive demands of 
intervention       

Lower 39 100 8 13 8 12 

Higher 38 96 7 11 6 10 

Instructional methods in 
intervention       
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Written instruction       

No 23 226 3 9 4 10 

Yes 101 463 13 33 9 21 

Oral instruction       

No 85 495 11 30 8 20 

Yes 36 253 4 12 4 11 

Multimedia instruction       

No 70 489 5 19 4 14 

Yes 43 149 9 21 7 15 

Practice       

No 75 440 7 18 4 10 

Yes 47 302 8 23 9 21 

Constructive activities       

No 81 501 9 27 7 23 

Yes 45 158 7 14 6 7 

Technology        

No 78 521 5 19 5 18 

Yes 41 127 9 20 6 10 

Feedback       

No 94 561 9 24 7 17 

Yes 18 65 6 15 5 11 

Collaborative learning       

No 98 569 13 38 10 27 

Yes 22 87 2 3 3 3 

Problem-based learning       

No 96 583 14 39 11 28 

Yes 17 93 3 3 2 2 

Methodological study characteristics       

Study design       

Group differences in prior 
knowledge (quasi-
experimental or experimental 
design) 

83 403 15 39 13 32 

Individual differences in prior 
knowledge (correlational 
design) 

152 3820 5 23 1 1 

Randomized controlled trial       

No 226 4179 20 62 14 33 

Yes 9 44 0 0 0 0 
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Number items T1 186 3053 15 44 12 30 

Number items T2 189 3088 14 44 11 29 

Response formatc       

Open 101 1368 6 10 3 5 

Fill-in  7 34 2 8 2 8 

Single or multiple choice 66 508 7 16 4 9 

Rating 1 2 0 0 0 0 

Behaviour 1 1 0 0 0 0 

Other 6 30 0 0 0 0 

Various 18 99 3 9 3 9 

Retention test       

No 235 4159 20 62 14 33 

Yes  13 64 0 0 0 0 

Same test at T1 and T2       

No 201 3606 5 17 2 4 

Yes  104 615 17 45 12 29 

Measures at T2       

Outcome       

Knowledge 228 4169 19 61 13 32 

Achievement 10 54 1 1 1 1 

Domain specificity       

Specific domain 232 4179 20 62 14 33 

Various domains 8 44 0 0 0 0 
a Only studies assessing the same specific knowledge characteristic at T1 and T2 are presented. 

b Only studies including any kind of school instructions are presented.  

c Only studies using the same response format at T1 and T2 are presented. 
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Appendix E: Equations of the Statistical Analyses (Study 2) 

Computation of effect sizes 

Cohen’s d for posttest knowledge. To calculate Cohen’s d for group comparisons at T2 

we used the following formula (Cumming, 2012): 

𝑑 = 𝑋𝐻𝐻𝐻,𝑇2−𝑋𝐿𝐿𝐿,𝑇2
𝑆𝑆𝐻𝐻𝐻,𝑇2

2 +𝑆𝑆𝐿𝐿𝐿,𝑇2
2

2

        (1) 

in which the numerator is the difference between the means of the high prior knowledge 

group (HPK) and the low prior knowledge group (LPK) and the denominator is the pooled 

standard deviation for the means of these groups. 

Cohen’s d for knowledge gains. For the calculation of Cohen’s d for knowledge gains, 

we calculated the change of knowledge across time as pretest-adjusted posttest gain difference 

effect sizes (absolute gain scores) and pretest-adjusted posttest standardized gain difference 

effect sizes (normalized gain scores). We calculated the pretest-adjusted posttest gain 

difference effect sizes as follows: 

𝑑𝑔𝑔𝑔𝑔,𝑎𝑎𝑎 = �(𝑋𝐻𝐻𝐻,𝑇2−𝑋𝐻𝐻𝐻,𝑇1)− (𝑋𝐿𝐿𝐿,𝑇2−𝑋𝐿𝐿𝐿,𝑇1)

𝑆𝑆𝑝𝑝𝑝𝑝𝑝𝑝,𝑇1,𝑔𝑔𝑔𝑔
�    (2) 

in which the numerator is the difference in absolute gains for the high prior knowledge group 

and the low prior knowledge group and the denominator is the pooled standard deviation for 

the pre-test scores in those groups (using the pooled pretest standard deviation). 

We calculated the pretest-adjusted posttest standardized gain difference effect sizes as 

follows (derived from Morris, 2008, p. 369): 

𝑑𝑔𝑔𝑔𝑔,𝑟𝑟� = �𝐺𝑟𝑟𝑟,𝐻𝐻𝐻−𝐺𝑟𝑟𝑟,𝐿𝐿𝐿
𝑆𝑆𝑝𝑝𝑝𝑝𝑝𝑝,𝑇1,𝑔𝑔𝑔𝑔

�      

 (3) 
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in which the numerator is the difference in normalized gains for the high prior knowledge 

group and the low prior knowledge group and the denominator is the pooled standard 

deviation for the pre-test scores in those groups (using the pooled pretest standard deviation). 

The relative difference in gains for each group can be obtained using: 

𝐺𝑟𝑟𝑟 = 𝑀𝑇2−𝑀𝑇1
𝐺𝑚𝑚𝑚

        (4) 

with 

𝐺𝑚𝑚𝑚 = 𝑀𝑚𝑚𝑚 − 𝑀𝑇1        (5) 

in which the nominator is the difference between the obtained scores at the first and second 

measurement point and the denominator is the maximal possible gain calculated by the 

difference of the highest possible score of the test and the mean at T1.  

The standardized deviations of the normalized gain scores can be calculated as (derived from 

Morris, 2008, Formula 9): 

𝑆𝑆𝑇1,𝑔𝑔𝑔𝑔 = �(𝑛𝐻𝐻𝐻−1)�
𝑆𝑆𝑇1,𝐻𝐻𝐻
𝐺𝑚𝑚𝑚,𝐻𝐻𝐻

�
2
+(𝑛𝐿𝐿𝐿−1)�

𝑆𝑆𝑇1,𝐿𝐿𝐿
𝐺𝑚𝑚𝑚,𝐿𝐿𝐿

�
2

𝑛𝐻𝐻𝐻+𝑛𝐿𝐿𝐿−2
   (6) 

We transformed all Cohen’s ds to rs using the following formula (Borenstein et al., 2009, p. 

48): 

𝑟 =  𝑑
√𝑑2+𝑎

         (7) 

with 

 𝑎 =  (𝑛𝐻𝐻𝐻+ 𝑛𝐿𝐿𝐿)2

𝑛𝐻𝐻𝐻× 𝑛𝐿𝐿𝐿
        (8) 

Meta-analytic model 



Environmental and Learner-Related Determinants of Knowledge Acquisition 193 

To estimate the overall strength of the correlation between prior knowledge and learning 

outcomes, we estimated a simple RVE meta-regression model: 

𝑦𝑖𝑖 = 𝛽0 + 𝑢𝑗 + 𝑒𝑖𝑖        (9) 

where yij is the ith correlation effect size in the jth study, β0 is the average population effect of 

the correlation, uj is the study level random effect such that Var(uj) = τ2 is the between-study 

variance component, and eij is the residual for the ith effect size in the jth study. To estimate 

the variability in the effect size due to moderator variables, we estimated a mixed-effects 

RVE meta-regression model: 

𝑦𝑖𝑖 = 𝛽0 +  𝛽1(𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀1)𝑖𝑖 + ⋯+  𝛽𝑘(𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑘)𝑖𝑖 + 𝑢𝑗 + 𝑒𝑖𝑖 (10) 

In this model, each moderator represents a continuous variable or specific dummy coded level 

of an included moderator variable (e.g., age as a continuous predictor or the two levels CT or 

longitudinal as predictors pertaining to the moderator study design). Continuous moderator 

variables were log-transformed to obtain normal distribution. We set the parameter ρ, that is, 

the assumed inter-correlation of dependent effect sizes to the default value of .80. Sensitivity 

analyses revealed that results remained the same across all values of ρ (0–1). 

To estimate R2 for the multiple regression models, we calculated the sum across the 

product of the correlation between the dependent variable with the independent variable and 

the respective standardized regression coefficient (Tabachnick & Fidell, 2014, p. 167, Fomula 

4): 

𝑅2 = ∑ 𝑟𝑦𝑦𝛽𝑖𝑘
𝑖=1         (11) 

We calculated the standardized regression coefficients from the unstandardized regression 

coefficients reported by robumeta with (Bring, 1994, pp. 210, formula 2.3): 

 
𝛽𝑖 = 𝑏𝑖  ×  𝑆𝑆 (𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑖)

𝑆𝑆 (𝑟+)
       (12) 
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Appendix F: Mean Effect Sizes and Moderator Analyses Examining Knowledge Gains (Study 2) 

 Absolute learning gains  Normalized learning gains 

 j k rAG
+ CI rAG

+ 95% τ2 I2 Moderator  j k rNG
+ CI  rNG

+ 95% τ2 I2 Moderator 

       Sign. R2        Sign. R2 

Overall 20 62 -.210 [-.437, .043] .380 96.99    14 33 -.083 [-.478, .342] .580 94.83   

Knowledge characteristics                  

Similarity of prior 
knowledge and learning 
outcome 

                 

Similarity of the 
temporal context       ns .000        - - 

Low 14 46 -.217 [-.503, .113] .416 97.83 Ref   10 23 -.170 [-.635, .384] .381 93.39 -  

High 6 16 -.167 [-.597, .336] .228 81.11 ns   4 10 .220 - - - -  

Time between 
assessments 16 53     ns .000  8 21     ns .135 

Learner characteristics                  

Age 8 30     ns .036  5 15     ns .244 

Environmental characteristics                  

Intervention                   

Intervention Duration       ns .016        - - 

0-2 hours 10 29 -.181 [-.489, .168] .237 86.38 ns   9 26 -.069 [-.445, .328] .326 90.96 -  

> 1 week 7 21 -.359 [-.774, .277] .405 94.27 Ref   5 7 -.057 - - - -  
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Cognitive demands of 
intervention       * .281        * .366 

Lower 8 13 -.582 [-.851,  
-.068] .502 92.94 Ref   8 12 -.478 [-.804, .064] .451 93.90 Ref  

Higher 7 11 .106 [-.207, .399] .086 67.34 *   6 10 .252 [-.130, .569] .081 81.91 *  

Instructional methods 
in intervention                  

Practice       ns .017        - - 

No 7 18 -.380 [-.786, .250] .639 93.69 Ref   4 10 -.513 - - - -  

Yes 8 23 -.177 [-.523, .219] .230 86.08 ns   9 21 -.078 [-.481, .352] .326 90.99 -  

Constructive 
activities       ns .000        .046  

No 9 27 -.287 [-.633, .155] .387 87.81 ns   7 23 .038 [-.461, .518] .488 89.99 ns  

Yes 7 14 -.297 [-.708, .265] .413 92.68 Ref   6 7 -.350 [-.789, .324] .442 93.36 Ref  

Feedback       ns .011        - - 

No 9 24 -.338 [-.686, .135] .569 92.61 Ref   7 17 -.344 [-.746, .225] .514 92.65   

Yes 6 15 -.270 [-.778, .449] .374 88.41 ns   5 11 .027 - - - -  

Multivariate effect of 
all instructional 
methods 

14 39     ns .018          

Methodological study 
characteristics                  

Number of items in prior 
knowledge measure 15 44     ns .021  12 30     ns .106 

Number of items in 
learning outcome measure 14 44     ns .020  11 29     ns .117 

Response formata       ns .031        - - 
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a Only for effects in which the moderator had the same level at T1 and T2. For effects with differing moderator levels, see the results category 

“Similarity of prior knowledge and learning outcome”. 

b Only studies including any kind of school instructions are presented.  

Note. * p < .05, ** p < .01, – df was too small for valid interpretation, we therefore do not report the confidence interval and heterogeneity; ns = 

nonsignificant. Moderation analysis was calculated for moderating variables with full rows only, respectively. 

Open 6 10 -.259 [-.750, .418] .327 94.44 ns   3 5 -.639 - - - -  

Fill-in  2 8 -.281 - - - -   2 8 .446 - - - -  

Single or multiple 
choice 7 16 -.478 [-.766, -.029] .247 79.89 Ref   4 9 -.263 - - - -  

Various 3 9 -.048 - - - -   3 9 .310 - - - -  

Same test at T1 and T2       * .110        - - 

No 5 17 .208 [.038, .367] .513 93.35 **   2 4 -.345 - - - -  

Yes  17 45 -.318 [-.549,  
-.042] .267 90.77 Ref   12 29 -.029 [-.498, .453] .749 94.96   



Appendix G: Latent Transition Probabilities (Study 3) 

 

Latent Transition Probabilities Based on the Estimated Model:  

T1 Classes (Rows) by T2 Classes (Columns) 

Class      

  C1 C2 C3 C4 

C1  Misconceptions 
profile .709 .000 .070 .221 

C2  Fragmented 
profile .000 .389 .611 .000 

C3  Indecisive 
profile .000 .000 .319 .681 

C4  Scientific profile .000 .000 .000 1.00 
 

Latent Transition Probabilities Based on the Estimated Model:  

T2 Classes (Rows) by T3 Classes (Columns) 

Class      

  C1 C2 C3 C4 

C1  Misconceptions 
profile 1.00 .000 .000 .000 

C2  Fragmented 
profile .049 .786 .165 .000 

C3  Indecisive 
profile .000 .000 .856 .144 

C4  Scientific 
profile .000 .000 .000 1.00 

 

 

 

 



Environmental and Learner-Related Determinants of Knowledge Acquisition 198 

Latent Transition Probabilities Based On the Estimated Model:  

T3 Classes (Rows) by T4 Classes (Columns) 

Class      

  C1 C2 C3 C4 

C1  Misconceptions 
profile .630 .000 .037 .000 

C2  Fragmented 
profile .000 .867 .133 .000 

C3  Indecisive 
profile .000 .039 .765 .196 

C4  Scientific 
profile .000 .000 .000 1.00 
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Appendix H: Examples of all three Types of Tasks (Study 3) 

Example Task „Chunking“: 

Wild horses 

Two groups of children participate in the study. The children in one of these groups (Group 

A) are twelve year-olds, who know little about horses in general. The children in the other 

group (Group B) are eight year-olds, who know a lot about horses in general. The two groups 

do not differ in terms of the children’s intelligence and the number of boys and girls in the 

group. All participants read a simple text about wild horses that teaches them what kinds of 

species exist, where they are found and what they need to live. Afterwards, the children are 

asked to answer questions assessing their knowledge and comprehension, based on the text 

from memory. 

 

How sure are you that each of the following statements is correct or incorrect? 

 Definitely  
incorrect 

 Definitely  
correct 

Group A will perform markedly better than Group B because they 
have four more years of practice in reading and remembering from 
texts than the younger children. 

o o o o o o o 

Group B will perform markedly worse than Group A, because the 
children are on a lower stage of cognitive development and therefore 
cannot process information so well. 

o o o o o o o 

Group B will perform markedly better than Group A because 
they have more prior knowledge and therefore can store 
information from the text in a more structured way.  

o o o o o o o 

Group A will perform markedly worse than Group B because the 
memory of twelve year-olds is partly impaired already due to 
hormonal changes during puberty.   

o o o o o o o 

Both groups will perform almost equally well because they have 
read the same text with the result that each person has memorized 
the same information. 

o o o o o o o 

There barely will be any difference between the two groups because 
their intelligence is similar and therefore they can process 
information almost equally well. 

o o o o o o o 
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Example Task „Interference“: 

Font Sizes 

In one study the participants are presented with 50 pairs of simple numbers successively on a 

computer screen, for example 4 and 9. One number is always presented in a smaller font size 

and the other one in a larger font size. The participants’ task for each pair of numbers is to 

answer as quickly as possible whether the left or the right number is presented in a larger font 

size. For half of the participants (Group A) the number with the larger numeric value (e.g. 9) 

is always presented in a larger font size and the number with the smaller numeric value (e.g. 

4) in a smaller font size. For the other half of the participants (Group B) the number with the 

smaller numeric value (e.g. 4) is always presented in a larger font size and the number with 

the larger numeric value (e.g. 9) in a smaller font size. It is analyzed how many milliseconds 

participants in Group A and Group B need on average to evaluate which one of the two 

numbers is presented in a larger font size. 

 

How sure are you that each of the following statements that is correct or incorrect? 

 Definitely  
incorrect 

 Definitely  
correct 

Group A will be markedly faster than Group B because the 
numeric values and font sizes in Group B provide the brain with 
contradicting information. 

o o o o o o o 

Group B will be markedly slower than Group A because people are 
used to larger numeric values being presented in larger font sizes 
than smaller numeric values in everyday life. 

o o o o o o o 

Group B will be markedly faster than Group A because it is more 
distinct when numeric values and font sizes do not match and 
therefore it is remembered more easily. 

o o o o o o o 

Group A will be markedly slower than Group B because the task of 
Group B is more unusual and therefore more interesting and 
motivating. 

o o o o o o o 

Both groups will perform almost equally fast because the brain 
processes numeric values and font sizes independently.   

o o o o o o o 

There barely will be any difference between the two groups because 
the task is about font sizes only and the participants will pay no 
attention to the numbers. 

o o o o o o o 
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Example Task „Source Monitoring“: 

Europe 

Participants in a study know little about the European economic system. They read a text on 

the topic “Should all Europeans be allowed to live and work anywhere in the European Union 

without restrictions?” Participants are told that the author of the text is a participant in a 

casting show for singing talents and has little expertise in politics. The arguments in the text 

are partly true and partly incorrect. 

The participants rate, right after reading the text, how convincing the arguments are (Test 1). 

One month later, they are presented with the arguments a second time without announcement 

and again, they are asked again how convincing they find the arguments (Test 2). 

How sure are you that each of the following statements is correct or incorrect? 

 Definitely  
incorrect 

 Definitely  
correct 

The arguments will be judged to be clearly more convincing in Test 1 
than in Test 2 because they will be more available in memory during 
Test 1. 

o o o o o o o 

The arguments will be judged to be clearly less convincing in Test 2 
than in Test 1 because the participants will be less impressed by the 
author’s fame. 

o o o o o o o 

The arguments will be judged to be clearly more convincing in Test 2 
because participants will have spent more time thinking about the topic 
and will assume a more positive attitude.  

o o o o o o o 

The arguments in Test 1 will be judged to be clearly less convincing 
than in Test 2 because participants will be more likely to remember 
in Test 1 that the arguments were from an author with little 
expertise in politics.  

o o o o o o o 

The arguments are judged in a comparable way in both tests because the 
arguments did not change in the meantime.  

o o o o o o o 

The judgment of the arguments will barely differ between the two tests 
because attitudes towards political topics are embedded deeply in 
memory. 

o o o o o o o 
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