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Abstract
Understanding the role of prior knowledge in human learning is essential for pre-
dicting, improving, and explaining competence acquisition. However, the size and 
breadth of this field make it difficult for researchers to glean a comprehensive over-
view. Hence, we conducted a bibliometric analysis of 13,507 relevant studies pub-
lished between 1980 and 2021. Abstracts, titles, and metadata were analyzed using 
text mining and network analysis. The studies investigated 23 topics forming five 
communities: Education, Learning Environments, Cognitive Processes, Nonaca-
demic Settings, and Language. The investigated knowledge was diverse regarding its 
types, characteristics, and representations, covering more than 25 academic and non-
academic content domains. The most frequently referenced theoretical backgrounds 
were the 3P Model, Cognitive Load Theory, and Conceptual Change approaches. 
While our results indicate that prior knowledge is a widely used cross-sectional 
research topic, there remains a need for more integrative theories of when and how 
prior knowledge causally affects learning.

Keywords Educational psychology · Learning sciences · Prestorage · Instruction · 
Research topics

Researchers have hypothesized that prior knowledge is among the strongest deter-
minants of learning (e.g., Greve et al., 2019; Hambrick & Engle, 2002; Moehring 
et al., 2018). Prior knowledge can stimulate interest, guide attention, help interpret 
new information, aid memory encoding, enable logical inference, and guide prob-
lem-solving (Ormrod, 2019). It aids perception, reading comprehension, numerical 
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thinking, and many other competencies that are foundations for success in school, 
work, everyday life, and participation in society (OECD, 2019). Accordingly, 
researchers have concluded that the concept of prior knowledge is central to neuro-
cognitive, psychological, and educational research on learning. In line with previous 
studies, we define prior knowledge as information in a person’s long-term memory 
at the onset of learning (e.g., Alexander et al., 1991; Greene et al., 2016; Kendeou 
& O’Brien, 2015; McCarthy & McNamara, 2021; Simonsmeier, et al., 2021). It can 
include facts, concepts, skills, beliefs, experiences, etc., and relations between these 
knowledge elements (e.g., diSessa et  al., 2004; Medin et  al., 2000). Prior knowl-
edge can be explicit (i.e., conscious and verbalizable) or implicit (i.e., pre-conscious 
and nonverbalizable) (Broaders et al., 2007). In the learning sciences, the term prior 
knowledge includes knowledge that is correct as well as knowledge that is incorrect 
from a normative scientific view (i.e., misconceptions; e.g., Brod, 2021).

The fact that the concept of prior knowledge is relevant in many areas of neuro-
cognitive, psychological, and educational research on learning has positive and neg-
ative implications. A positive implication is that the concept shows where different 
strands of learning research might connect and, perhaps, can be partly integrated. A 
negative implication is that it is almost impossible for a researcher to keep track of 
all new publications relevant to the study of prior knowledge. This makes it difficult 
to evaluate the innovativeness of research questions and projects, write comprehen-
sive reviews of the field, summarize empirical evidence in meta-analyses, develop 
integrative theories of how prior knowledge affects learning, and derive general rec-
ommendations for how teachers should address prior knowledge in their lessons to 
aid learning.

We attempt to mitigate these problems by conducting a comprehensive bibliomet-
ric analysis of studies on prior knowledge and learning. In bibliometric analyses, the 
characteristics of a large number of studies are quantitatively summarized with sta-
tistical methods. Bibliometric analyses are aided by the fact that literature databases 
usually do not only include the name and reference of each study but also categorize 
each study in terms of metadata, for example, key concepts, study designs, investi-
gated age groups, and other characteristics. Additional information can sometimes 
be inferred from the abstracts or article full texts, for example, which words com-
monly appear together in the same contexts. In the present study, we employed bibli-
ometric analyses to summarize the landscape of research on prior knowledge. In the 
following sections, we briefly summarize the scope of research on prior knowledge, 
including recent developments and open questions, before deriving our research 
questions.

The Scope of Research on Prior Knowledge

In the bibliometric analyses presented in this study, we investigated the research 
topics and the theoretical background of the included studies as well as the content 
domains, types, characteristics, and representations of the investigated prior knowl-
edge. We briefly introduce each of these aspects here.
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The research topics in studies on prior knowledge are numerous. Example top-
ics are the roles of prior knowledge in perception, human memory, skill acquisi-
tion, computer-assisted instruction, teacher education, medical training, and expert 
performance. Within each topic, several sub-topics are investigated. For example, 
within research on computer-assisted instruction, researchers investigate sub-topics 
such as the roles of prior knowledge in learning with animations, serious comput-
erized games, online reading training programs, and collaboration in online small-
group learning.

The content domain of the investigated knowledge is often a school subject or 
an academic discipline, such as language, mathematics, or medicine. In a broader 
sense, a content domain is any “clearly defined body of knowledge, skills, abilities, 
aptitudes, or tasks that may be measured with an appropriately constructed test” 
(Colman, 2015, p. 164). So, for example, gardening or football can also be consid-
ered content domains in a broader sense.

Knowledge can be described in terms of knowledge types. A common distinction 
is between declarative and procedural knowledge (e.g., Ullman, 2004). Declarative 
knowledge is verbalizable knowledge about facts and their interrelations. Procedural 
knowledge represents sequences of operators to reach goals, which are the cogni-
tive foundations of skills. Sometimes declarative knowledge is further divided into 
semantic knowledge (also termed conceptual knowledge) about general concepts and 
their interrelations (Rittle-Johnson et  al., 2015) and episodic knowledge about the 
learner’s previous experiences and their situational contexts (Renoult et al., 2019). 
Another common distinction is between explicit knowledge, which is consciously 
accessible and verbalizable, and implicit knowledge, which is not consciously acces-
sible and thus not verbalizable (Batterink et al., 2015). Many other types of knowl-
edge have been proposed, for instance, tacit knowledge, mechanistic knowledge, and 
experiential knowledge (cf. de Jong & Ferguson-Hessler, 1996).

Knowledge can also be described in terms of its characteristics (see de Jong and 
Ferguson-Hessler, 1996, for an overview). Knowledge can be verbal or pictorial. It 
can be domain-general, for example, generic learning strategies, or domain-specific, 
that is, relating to central principles of a domain, such as the concept of force in 
physics or the concept of gene mutation in biology. Knowledge can be concrete, that 
is, tied to the learner’s experiences, or abstract, for instance, the concept of energy 
conservation or the idea of justice (Wiemer-Hastings & Xu, 2005). Knowledge is 
fragmented when there are few interrelations between the knowledge elements in 
long-term memory. It is integrated when there are many connections between 
knowledge elements in long-term memory so that the learner understands how the 
elements interrelate. Procedural knowledge can be automatized to different degrees 
depending on how much it has been practiced. Compared to non-automated proce-
dures, automatized procedures can be carried out faster and with fewer cognitive 
resources that tax working memory capacity (Tenison et al., 2016).

Studies on prior knowledge differ in their theoretical backgrounds. Numerous 
theories and models include assumptions about the effects of prior-knowledge on 
learning (Alexander & Dochy, 1995). Some of these theories and models focus on 
cognitive processes, others on school instruction or developmental patterns. For 
example, in the 3P (presage, process, product) Model of Learning, prior knowledge 
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is conceptualized as part of the presage, which determines how students engage in 
learning processes, for example, deep-level or surface-level learning. These pro-
cesses then give rise to learning outcomes such as facts, skills, or involvement 
(Biggs, 1993). In the Cognitive Theory of Multimedia Learning, prior knowledge 
is recalled from long-term memory and helps to interpret and integrate pictorial 
and verbal information in working memory (Mayer, 2014). Within theories of text 
and discourse comprehension, such as the Construction-Integration model (Kintsch, 
1988) and the Landscape Model (van den Broek et  al., 1999), prior knowledge is 
necessary to understand the explicit words and sentences as well as to integrate 
ideas and generate inferences to build a coherent mental model of the deeper mean-
ing of the discourse (McNamara & Magliano, 2009).

Examples of Recent Developments and Open Questions

Research on prior knowledge is an active field of research. For instance, research on 
prior knowledge has branched out from investigating knowledge in the domains of 
language, mathematics, and science to a broader range of domains, including health, 
computer science, and the social sciences (Simonsmeier, et  al., 2021; Vosniadou, 
2013). There is also increased interest in the relationship between prior knowl-
edge and intelligence (e.g., Schneider & McGrew, 2012). Whereas it has long been 
known that intelligence comprises a fluid and a crystallized component, research-
ers have recently begun to use confirmatory factor analyses to investigate whether 
crystallized intelligence can be modeled as a second-order factor with knowledge in 
different domains as indicators (Watrin et al., 2022).

There is increasing awareness that not only the quantity but also the quality of 
prior knowledge determines learning. For instance, in research on science and math-
ematics learning, it has been suggested that a fragmented structure of knowledge 
can explain many learners’ struggles in concept acquisition and conceptual change 
(diSessa, 2017). As a result of knowledge fragmentation, learners can simultane-
ously hold (incorrect) naive and (correct) scientific concepts in their long-term 
memory. These concepts interfere during recall, and the strength of this interference 
correlates with school achievement (Shtulman & Valcarcel, 2012; Stricker et  al., 
2021). The integration of fragmented knowledge into coherent knowledge structures 
has thus been described as a central goal of school instruction (Linn, 2006).

Relatedly, the Multidimensional Knowledge in Text Comprehension (MDK-C) 
framework describes in detail how the amount, accuracy, specificity, and coherence of 
prior knowledge determine learners’ understanding of texts (McCarthy & McNamara, 
2021). Accordingly, amount refers to how many relevant concepts a reader knows, 
whereas accuracy refers to the extent to which this knowledge is correct or factual 
according to normative views. Specificity refers to the degree to which the knowledge 
is related to information in a target text or discourse. Coherence refers to the intercon-
nectedness between concepts and ideas in prior knowledge. The MDK-C framework 
assumes that prior content knowledge can be represented as a multidimensional mental 
model or semantic network (e.g., comprised of nodes and links). Based on spreading 
activation, information in prior knowledge that is more semantically-related and more 
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interconnected with the new incoming information from a text is more likely to be 
activated and to be activated more quickly. The underlying motivation for the MDK-C 
framework is that providing clearer definitions and boundaries around these four (and 
other) dimensions of prior knowledge will afford more nuanced predictions about how 
knowledge is used during text and discourse comprehension.

In sum, both conceptual change approaches and the MDK-C framework agree that 
knowledge has a network structure that can be coherent or integrated but also incoher-
ent and fragmented in learners. The partly fragmented or incoherent nature of prior 
knowledge has inspired new methodological research. It has been shown that a low 
internal consistency (i.e., a low Cronbach’s alpha) of knowledge tests can naturally arise 
from the heterogeneous nature of the construct and does not necessarily indicate high 
amounts of random measurement error (Stadler et al., 2021; Taber, 2017). Researchers 
are increasingly turning to multivariate methods to statistically model heterogeneous 
knowledge structures and their changes over time, for instance, latent factor models for 
continuous changes (Schneider et al., 2011) or latent transition models for discontinu-
ous changes (Hickendorff et al., 2018). Another notable methodological development 
is the emerging use of brain imaging studies for the investigation of knowledge, for 
instance, fMRI (Gao et al., 2019) and fNIRS (Liu et al., 2019). Brain imaging stud-
ies have made progress in uncovering neural correlates of prior knowledge effects on 
learning (see Brod et al., 2013, for a review).

A recent meta-analysis of how strongly the amount of domain-specific prior knowl-
edge affects learning (Simonsmeier, Flaig, Deiglmayr, et  al., 2021) distinguished 
between two relevant indices that are partly independent of each other: The correlation 
between prior knowledge and posttest knowledge reflects the stability of individual dif-
ferences in knowledge over time. This stability was high (rP

+ = .53) averaging over 
7772 effect sizes. The correlation between prior knowledge and knowledge gains from 
pretest to posttest reflects the effect of prior knowledge on learning something new. 
This effect size was virtually zero (rNG

+ = −.06), averaging over 697 effect sizes. The 
effect sizes followed a normal distribution around this mean and varied strongly from 
rNG

+ = −.94 to rNG
+ = .93. This demonstrates that prior knowledge can have strong 

positive or strong negative effects on learning but that there are also many instances 
of learning where prior knowledge has only a weak or negligible effect. Notably, this 
result might be expected or even hoped for if an intervention were intended to over-
come the impact of prior knowledge, but only a few publications included in the meta-
analysis indicated that this was the aim of the study. Thus, the meta-analytic findings 
indicate that the commonly referred to knowledge-is-power hypothesis in its generality 
is incorrect and that future research needs to identify the conditions under which prior 
knowledge has strong positive, strong negative, or negligible effects on learning and 
how the impact of prior knowledge can be mitigated via instruction or training.

The Current Study

Overall, the effects of prior knowledge on learning have been investigated for dec-
ades and in a multitude of literature strands that continue to evolve. The number and 
breadth of studies on prior knowledge make it difficult for researchers to keep track 
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of new developments and evaluate the merit of ideas for new studies and projects. 
The continuous proliferation of studies renders it challenging to conduct compre-
hensive literature reviews and meta-analyses. It also hampers the derivation of gen-
eral conclusions about how prior knowledge affects learning that can be communi-
cated to practitioners and policy-makers.

To provide a more comprehensive orientation and overview of research on prior 
knowledge, we conducted a bibliometric analysis of the research literature on prior 
knowledge. In bibliometric analyses, a corpus of a large number of publications is 
analyzed quantitatively in an automatized way. This method allowed us to address 
12 research questions (RQs).

The first two RQs are concerned with the detection and analysis of research top-
ics to gain an interdisciplinary overview of prior knowledge research. The topic 
identification also served as an automated eligibility screening tool: Publications 
included by the search query but addressing topics unrelated to prior knowledge 
were removed from the corpus.

RQ 1: What are the main topics of prior knowledge research?
RQ 2: How do research topics relate to each other in terms of semantic similarity?
RQs 1 and 2 targeted publication topics in an exploratory manner. We accompa-

nied this bottom-up approach with frequency analyses of known and theoretically 
relevant terms to further investigate specific contents and theoretical constructs in 
prior knowledge research:

RQ 3: What is the content domain of the investigated knowledge?
RQ 4: What is the frequency of the investigated types, characteristics, and repre-

sentations of knowledge?
RQ 5: What theoretical backgrounds are referred to in the studies?
The next three research questions aim at mapping prior knowledge research from 

a methodological point of view:
RQ 6: Which age groups and educational stages are investigated?
RQ 7: Which measures are employed?
RQ 8: What research designs are used?
The following two research questions address publication outlets for studies on 

prior knowledge. This is important background knowledge for researchers, lecturers, 
and students aiming to inform themselves about where to publish and look for the 
latest research and discussions.

RQ 9: Which journals are the most common outlets of prior knowledge research?
RQ 10: How do journals relate to each other in terms of topical similarity?
Finally, we investigated the scientific disciplines involved in prior knowledge 

research and looked at psychological subfields:
RQ 11: Which scientific disciplines address human learners’ prior knowledge, 

and how do they differ regarding publication output?
RQ 12: Which subfields of psychology address prior knowledge, and how do they 

differ regarding publication output?
This study was preregistered (https:// doi. org/ 10. 23668/ psych archi ves. 4903). In a 

few minor cases, we deviated from the preregistration and whenever we do so we 

https://doi.org/10.23668/psycharchives.4903
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report the reasons. In particular, the research questions are an updated version of 
the research questions preregistered for this study. We have reordered the preregis-
tered research questions. RQ 1 now refers to topics instead of subtopics for a more 
straightforward presentation. We have rephrased RQ 5 to comprise theories as well 
as models. RQs 11 and 12 (formerly: RQ 13) are now stated more precisely with 
respect to either psychological subfields or scientific disciplines. Results on the topi-
cal similarity of disciplines and psychological subfields (formerly: RQ 12; cf. Figure 
S1) are provided in the Electronic Supplementary Material (ESM).

Method

This section outlines how we queried the databases and analyzed the data. The anal-
ysis code can be found in the ESM. Due to copyright reasons, we cannot publish 
the full corpus, but we provide basic bibliographic information and precomputed R 
objects such as document-feature matrix, topic model, and networks.

Data

Our research questions relate to how humans use prior knowledge in learning, not 
how animals use prior knowledge or how computer programs use it in artificial 
intelligence. Therefore, we searched databases for psychological and educational 
research, but no databases for biology or computer science. We gathered publica-
tion records from PsycInfo, PSYNDEX, and ERIC. Initially, we planned to include 
MEDLINE for the medical sciences, as prior knowledge is a common construct in 
patient education. However, after a screening of MEDLINE data, we decided not to 
explicitly include the medical sciences in our analyses. Patient education was also 
addressed in publications indexed in psychological databases and those MEDLINE 
publications not being duplicates did not have an actual focus on prior knowledge in 
learning contexts. The search string included synonyms of prior knowledge listed by 
Dochy and Alexander (1995, p. 227) together with terms indicating learning:

((“prior knowledge” OR prestorage OR “permanent stored knowledge” OR “prestored 
knowledge” OR “knowledge store” OR “implicit knowledge” OR “archival memory” OR 
“experiential knowledge” OR “background knowledge” OR “world knowledge” OR “pre-
existing knowledge” OR “preexisting knowledge” OR “personal knowledge”)

AND
(learn* OR instruct* OR educat* OR development* OR train* OR teach* 

OR school* OR lesson* OR achiev* OR memor* OR acquisition OR practic-
ing OR practice* OR artificial intelligence OR cognitive model* OR categor*)).
ab,ea,fd,fw,hw,id,sh,su,ot,ti.

In addition, we searched the Web of Science using respective discipline filters 
with the following query:

(TS=((“prior knowledge” OR prestorage OR “permanent stored knowledge” 
OR “prestored knowledge” OR “knowledge store” OR “implicit knowledge” OR 
“archival memory” OR “experiential knowledge” OR “background knowledge” OR 
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“world knowledge” OR “pre-existing knowledge” OR “preexisting knowledge” OR 
“personal knowledge”)

AND
(learn* OR instruct* OR educat* OR development* OR train* OR teach* OR 

school* OR lesson* OR achiev* OR memor* OR acquisition OR practicing OR 
practice* OR artificial intelligence OR cognitive model* OR categor*)))

AND
(WC=(Psych*) OR WC=(Education*) OR WC=(“Behavioral Sciences”))
Publications not in the English language or without English translation were 

excluded, as well as research published before 1980 or after 2021. We accessed 
all databases on March 4th, 2022. For PsycInfo, PSYNDEX, and ERIC, 
this search strategy yielded 14,276 results, and for Web of Science 4467. We 
exported all the records (including titles, abstracts, authors, keywords, and meta-
data such as, for instance, year of publication, age group (childhood, adoles-
cence, adulthood), or methodology (quantitative study, literature review, etc.) 
for subsequent bibliometric analysis. Given that we queried four databases, a 
systematic check for duplicates is paramount. Here, we performed a stepwise 
identification of duplicates by making use of digital object identifiers, titles, 
abstracts, and publication year. In case of duplicates, we merged complementing 
information from different databases (see ESM for more details).

Analytical Procedure

Topic Identification

To identify topics of prior knowledge research (RQ 1), we first joined titles, 
abstracts, and keywords to a text corpus. We then preprocessed the text data 
by tokenizing, transforming to lower case, and removing both standard stop-
words (e.g., “the”, “and”) and stopwords for scientific abstracts (“study”, 
“investigated”, “results”)1. The stopword lists are provided in the ESM. Moreo-
ver, punctuation, numbers, symbols, and separators were removed, and finally, 
tokens were lemmatized2.

Next, we employed structural topic modeling (STM; Roberts et  al., 2014) for 
topic identification. In topic modeling, clusters3 of frequently co-occurring terms 
are detected using an unsupervised machine learning algorithm. These clusters 
are referred to as topics. Each publication can be assigned to multiple topics with 

1 In contrast to our preregistration, we did not exclude terms that define the corpus (e.g., “prior” or 
“knowledge”), as keeping them in the topic model did not result in an omnipresence across topics as we 
initially expected.
2 Lemmatization was not performed for controlled keywords (i.e., APA thesaurus, MeSH terms), as they 
are standardized and hence, no morphological variations existed for these terms in the corpus.
3 To be precise: Each topic consists of the full corpus vocabulary but with different term probabilities. 
For topic interpretation, “clusters” defined by the n most probable terms are used (along with inspecting 
the most representative documents). Common practice is to report the top 5 to 10 terms per topic.
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different probabilities because it can include several terms related to differing top-
ics. For instance, a publication about memory processes during online learning will 
have high document4-topic probabilities for the topics about memory and computer-
assisted instruction and low probabilities for the other topics in the model. The spe-
cific topic modeling variant STM considers topic correlations in the topic detection 
process and thus yields well-separated topics—which is of a particular advantage 
given the topical specificity of our corpus (i.e., prior knowledge). In addition, topic 
reliability (i.e., reproducibility of topics across different runs of the algorithm) is 
warranted, as the model initialization is deterministic in STM by using a spectral 
decomposition of the word co-occurrence matrix instead of random initialization.

To find the optimal number of topics, we examined several candidate models 
regarding statistical metrics (i.e., semantic coherence, Mimno et al., 2011; exclusiv-
ity, Bischof & Airoldi, 2012), qualitative investigation of intersubjective topic inter-
pretability, granularity level (semantic broadness vs. specificity), clustering solu-
tions, and topic validity (using database content classification metadata for external 
validation). Based on our experience with comparable corpora, we set the initial 
range to 5–50 topics.

Final Model and Final Sample

Based on the topic quality and our interpretation of topic terms and most representa-
tive publications per topic, we concluded that a model with 25 topics had the best 
overall fit on the data. From this model, we excluded two topics as they revealed arti-
facts of our search query. For instance, some publications did not investigate prior 
knowledge. Still, their abstracts contained phrases such as “This review extends 
prior knowledge of…” or “No background knowledge is needed for studying this 
book.” Leveraging this detection of false positives in our corpus, we removed all 
documents from the corpus that predominantly addressed these artifact topics (i.e., 
document-topic probabilities > .5). By doing so, we removed n = 160 irrelevant 
publications. Totals of N = 13,507 publications and k = 23 topics remained and 
were analyzed further.

Topic Networks

To analyze topic similarity (RQ 2), we used pairwise topic correlations based on 
the document-topic-probability distributions to build a network with topics as nodes 
and their bivariate correlations as edges. Document-topic-probabilities are based on 
the share of terms assigned to the topic. For instance, if the algorithm assigns 40 
of 100 terms in a document to Topic X, the document-topic-probability is 40%. To 
group similar topics, community detection with the multi-level modularity optimi-
zation algorithm (Blondel et  al., 2008) was applied, following the suggestions by 
Yang et al. (2016). With this algorithm, communities are detected by dividing the 

4 In the following, we use “document” as in topic modeling terminology, i.e., text units included in the 
corpus (in our case: abstracts, titles, and keywords of the publication references).
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whole network into subnetworks with many edges within these subnetworks and 
few between them. This “modularity” of the network is found by iteratively optimiz-
ing the results from two phases: First, local communities are found by sequentially 
building communities from node neighbors until there is no more gain in modu-
larity. Second, these communities are aggregated into a network of meta-commu-
nities. These two phases are repeated until a maximum of modularity is reached. 
All networks in our study were visualized using the Fruchterman-Reingold layout 
(Fruchterman & Reingold, 1991). In this force-directed graph drawing algorithm, 
nodes are assumed to repel each other, while edges attract the connected nodes, sim-
ilar to springs. By doing so, the network can be plotted in a two-dimensional space 
with similar nodes being shown near each other.

Frequency Analyses

For counting the content domains (RQ 3), types, characteristics, and representations 
of knowledge (RQ 4), theoretical constructs (RQ 5), and measured (RQ 7), we used 
precompiled lists and/or keywords-in-context analysis (KWIC) for pattern match-
ing. For instance, we inspected the word context for the keyword “theory” to retrieve 
“Sweller’s cognitive load theory”. Age groups and educational stages (RQ 6), study 
research designs (RQ 8), journals (RQs 9 and 10), as well as scientific (sub-)disciplines 
(RQ 11 and 12) were analyzed using database fields. See more details in the ESM.

Results

The results are based on 13,507 analyzed studies. Figure  1 shows the number of 
studies by year and database. The number of publications per year on prior knowl-
edge and learning increased strongly from 1980 to 2021. The increase was more 
pronounced in the psychological literature (i.e., in PsycInfo) than in the educational 
literature (i.e., ERIC). Currently, about 600 new publications on prior knowledge 
are published every year (upper line in Figure 1). The temporal trends follow the 
overall publication increase in the databases: The correlations between prior knowl-
edge publications per year and all database records per year range between r = .87 
(ERIC) and r = .99 (PsycInfo). The respective plots can be found in Figure S2.

Research Question 1: Topics in Prior Knowledge Research

The 23 topics of the final model are listed in Table 1. We labeled the most preva-
lent topic Reading Instruction because the terms characterizing this topic were 
literacy, reading instruction, organizer, strategy, and reading strategies and 
because the publications that are representative of this topic could be subsumed 
under this term. As indicated by our algorithm, a representative example publi-
cation for this topic had the title Building Student Literacy Through Sustained 
Silent Reading. We assigned the labels of the other topics in a similar way. The 
prevalence of this topic was 5.35%. The prevalence indicates the mean share of 
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terms in our corpus relating to this topic and should not be misinterpreted as the 
number of publications on this topic in our database.

The range of topics is very broad. The topics relate to various content domains 
(e.g., language learning, mathematics, science, patient education), educational lev-
els (e.g., preschool, school, higher education), learner populations (e.g., school stu-
dents, teachers, workers, patients, consumers), psychological mechanisms (e.g., per-
ceptions, categorization, memory processes, multimedia learning, comprehension, 
self-regulation, social judgment, communication), and levels of analysis (e.g., brain, 
individual learners, groups, organizations, culture, and society).

Overall, the topic model is a relatively comprehensive representation of the lines 
of prior knowledge research that we know. All dominant themes in prior knowledge 
research that we are aware of are represented in the topic list. All topics listed in 
Table 1 represent well-known and well-investigated strands of the literature on prior 
knowledge. Lines of research investigating knowledge acquisition and learning miss-
ing from the topic list are research on the relation between intelligence and knowl-
edge (Watrin et al., 2022), studies on the acquisition of skills and expert performance 
(Ullén et al., 2015), research on infants’ core knowledge (Spelke & Kinzler, 2007), and 
studies on psychoeducation and psychotherapy (Simonsmeier, et al., 2021). Studies on 
these topics were in our database, but they were so rare that our algorithm did not 
detect them as separate topics. Major general lines of research in the learning sciences 
not on the topic list are personality, motivation, emotion, and interests. Such studies 
are among the publications analyzed in our study. Some of them are highly influential 
and have high citation rates (e.g., Pintrich et al., 1993; Tobias, 1994). However, the 
number of terms relating to these lines of research in our text corpus was so small that 
the topic model did not identify them as topics of research on prior knowledge.

Figure 1  Number of publications on prior knowledge by year and database
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Most topics detected by the algorithm were homogeneous regarding their rep-
resentative terms and publications. The topic that we labeled Social Cognition was 
heterogeneous in that it included terms relating to social judgment, decision-mak-
ing, and consumer choices. The topic Patient Education and Medical Education was 
heterogeneous only in that it included studies on medical education (i.e., the train-
ing of medical professionals) and studies on patient education (i.e., the teaching of 
patients). These two literatures were merged by the algorithm because they use simi-
lar terms notwithstanding the fact that the training of medical professionals and the 
education of patients differ in their content and the required instructional techniques.

All 23 topics in Table 1 have been frequently investigated, but they differ in the 
mean prevalences of terms relating to this topic in our text corpus. The five most 
prevalent topics (i.e., Reading Instruction, Reading Comprehension, Academic 
Achievement, Teacher Knowledge, Self-Regulated Learning) relate to the role of 
prior knowledge in school and related learning settings. Among the relatively less 
prevalent topics were studies on Mathematics Learning, Information Literacy, and 
Preschool education. As shown in Table 1 and Figure 2, a relatively small number 
of studies investigated mathematical knowledge. The reason for the low prevalence 
of the Topic Mathematics Learning is, thus, not a lack of studies on this topic, but 
the fact that mathematical content is oftentimes used to investigate design princi-
ples for effective learning environments, cognitive memory processes, neurocogni-
tive processing of numerical magnitudes in the brain. Thus, these studies might be 
represented by topics other than Mathematics Learning in our topic model. Studies 
on clinical psychology and psychotherapy research were rare (3.2 %; see also Figure 
S3) and thus did not form their own topic in our analyses. Most included studies 
from these subfields investigated psychoeducational questions and are represented 
by the topic Patient and Medical Education.

Research Question 2: Relations Between the Topics

Figure 2 visualizes how the 23 topics relate to each other in terms of similarity. The 
node diameter indicates the topic prevalence. The edge thickness indicates the simi-
larity of the connected topics. A high similarity means that the two topics are similar 
in how frequently they refer to each of the 4,722 terms in our corpus. Each topic is 
somewhat similar to each other’s topic, for example, because they all refer to prior 
knowledge. Only similarities greater than .05 are visualized by edges in Figure 2 to 
aid the interpretation. A high topic similarity could, for example, be due to the fact 
that two topics are integrated on the theoretical level, use related methodologies, or 
cite the same studies.

The community detection algorithm (Fruchterman & Reingold, 1991) indicated 
that there are five communities of topics, each one shown in a differently colored 
shape in Figure 2. The four (blue) rhombi in the middle form a community which 
we labeled Learning Environments. The topics in this community are concerned 
with the multimedia design of learning environments, how learning environments 
can measure and foster self-regulated learning strategies, how achievement can 
be predicted and measured in learning environments, and how learners find and 
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evaluate information in learning environments. This topic community was closely 
related to a second community, which we labeled Education. The topics in this 
community were concerned with school teachers’ knowledge, learning and concep-
tual change in mathematics and science, and social and cultural issues in school. 
It also included two topics on knowledge in higher education. A third community, 
indicated by (green) hexagons, related to the first two communities and was labeled 
Language. It included studies on reading comprehension, reading instruction, and 
foreign language learning. We labeled the fourth community Cognitive Processes. 
It is indicated by (black) triangles and includes research on the (neuro-)cognition of 
memory, explicit and implicit knowledge, prior knowledge in perception and cat-
egorization, social cognition, and related topics. The fifth community, indicated by 
(red) circles, thematized prior knowledge in more practical contexts out of K12-
schools and higher education, for example, in preschools, the health care system, 
and the workplace. We labeled this community Nonacademic Settings.

The network edges between the topic communities indicate that research on 
education is informed by research on the design of learning environments and 
language which are drawing on research on the underlying cognitive processes. 

Figure  2  Topic similarity network with nodes representing the 23 topics. Note. The node diameter is 
proportional to the topic prevalence. The edge thickness indicates the topic similarity. Only edges with 
correlations > .05 are shown. The shapes indicate groups of similar topics as found by a community 
detection algorithm. For details on bivariate correlations, please find an interactive and zoomable version 
of this figure and a table of topic correlations in the ESM
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Research on prior knowledge in nonacademic settings related to some aspects of 
education and cognitive processes, but these links were rare and mostly weak. 
The topic community Nonacademic Settings was not directly linked to the com-
munities Learning Environments and Language. The community Education was 
not directly linked to the community Cognitive Processes.

Research Question 3: Content Domains of Knowledge

At least one content domain could be assigned to 40.83% of the publications included 
in our analyses. More specifically, 32.92% investigated knowledge in only one con-
tent domain, 6.82% in two domains, 0.98% in three domains, and 0.11% in even more 
domains. Figure 3 shows the content domains of the investigated prior knowledge. As 
expected, most studies investigated prior knowledge in the domains of reading, math-
ematics, and science. These are school subjects that provide foundations for learning 
in all other domains. For these reasons, large international student achievement studies 
also focus on these subjects, for example, the tri-annual PISA studies (OECD, 2019). 
Other domains on the list are the subjects of popular study programs in higher educa-
tion (e.g., psychology, engineering, environmental sciences), other school subjects (e.g., 
computer science, art, music, physical education), relate to patient and medical educa-
tion (i.e., medical, health, patient, nursing) or to social issues (i.e., multicultural, social 
studies, citizenship). The frequency of studies addressing STEM (science, technology, 
engineering, mathematics) knowledge was surprisingly low, but this resulted from the 
fact that most studies more specifically stated whether they investigated science knowl-
edge, technology knowledge, and so on. If these numbers were added, STEM would be 
among the two most frequently investigated content domains in our database. Similarly, 
three domains in Figure 3 relate to forms of language learning and reading. Their com-
bined frequency would be above 15%. Knowledge about cultural issues was among the 
five most frequently investigated content domains, which is interesting because this is 
not a common discipline of formal instruction. As shown by Figure 2, the topic Social 
and Cultural Issues relates to four topics: Businesses and Organizations, Communica-
tion, Teacher Knowledge, and Organizational Knowledge in Higher Education.

Research Question 4: Types, Characteristics, and Representations of Knowledge

Table  2 lists the relative frequencies of empirical studies investigating specific 
types, characteristics, and representations of knowledge. A majority of 69% of 
the articles in our database did not mention any of the terms listed in Table 2 in 
their abstracts. Among the 8434 included empirical studies, only 21% explicitly 
stated that they investigated a type, characteristic, or representation of knowledge. 
No single type, characteristic, or representation of knowledge was mentioned in 
more than 4% of the studies. The relatively highest frequencies were found for 
the terms explicit and implicit knowledge, experiential knowledge, conceptual and 
procedural knowledge, and mental representations, for example, scripts, schemas, 
propositions, and mental models.
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Research Question 5: Theoretical Backgrounds of the Studies

As shown in Figure 4, the 3P (presage, process, product) model of learning (used in 
2.69 % of the 13,507 publications in the corpus), Cognitive Load Theory (1.84 %) 
and Conceptual Change approaches (1.51 %) were the most frequently mentioned 
theoretical backgrounds in abstracts, titles, and metadata.

Most studies included in our analysis had a rather atheoretical approach in that they referred 
to neither of the models in Figure 4 in their abstracts, titles, and metadata. Even the most fre-
quently mentioned background, the 3P model, was referred to in only less than 3% of the stud-
ies, that is, in 363 publications. This shows that there is neither one generally used theory of 
prior knowledge, nor a small group of competing theories that dominate the field of learning.

The numbers in Figure 4 might slightly underestimate how frequently the stud-
ies referenced a theory or model. It is possible that studies cite publications about a 
theory without explicitly mentioning the name of the theory. In this case, the refer-
ence to the theory would have been missed by our analysis. However, even when 
figuring in this potential bias, the results still indicate that many publications about 
prior knowledge do not reference specific theories or theoretical models.

Overall, the theories and models in Figure 4 are heterogeneous, ranging from 
theories making very specific statements of how prior knowledge modulates 
learning, for example, the Cognitive Load Theory, to very broad research areas 

Figure 3  Relative frequency of the content domain of the investigated prior knowledge
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that are primarily concerned with other issues that knowledge acquisition and 
only investigate prior knowledge as one of many relevant variables, for instance, 
critical race theory.

Research Question 6: Age Groups and Educational Levels

As shown in Table 3 (upper), most research was conducted with adult subjects (40.71 
% of the 2604 included studies with sample age information). Most participants were 
young adults, primarily because a large amount of research used convenience sam-
ples of students in higher education. Children up to the age of 12 years comprised the 
second-largest share (36.06 %), followed by secondary school children (23.23 %).

A closer look at the participants’ educational levels (Table 3, lower) revealed that 
postsecondary education (e.g., higher education, continuing education) was most 
frequently addressed (46.31 % of the 7812 studies with available information in 
database records), followed by secondary education (29.78 %), elementary educa-
tion (16.59 %), and early childhood education (7.31 %). The hierarchy of educa-
tional levels is based on the ERIC database classification.

Research Questions 7 and 8: Measures and Research Designs

In the 416 database records with available information, the most frequently men-
tioned measures (Figure 5) were of a rather generic nature: fMRI (12.74 %), mul-
tiple-choice test (7.69 %), transfer test (7.45 %), and retention test (6.25 %). The 

Table 2  Percent of publications mentioning a type, characteristic, or representation of knowledge at least 
once

Elements with a share of 0 % are omitted. The asterisks (*) were used to take account of grammatical 
variations. The terms were searched in method descriptions of study abstracts. Please note that these 
results refer to text data (titles and abstracts) and metadata provided by the literature databases: An auto-
mated search in full texts might yield larger shares

Types Characteristics Representations

Implicit 2.30 implicit 2.30 script* 3.55
Experiential 1.92 explicit 0.99 representation* 3.41
Explicit 0.99 domain-specific 0.18 schema* 1.42
Conceptual 0.53 tacit 0.17 brain* 1.06
Procedural 0.30 meta-cognitive 0.11 proposition* 0.55
Semantic 0.21 structur* 0.09 mental model* 0.52
Declarative 0.18 abstract* 0.04 imagery 0.30
Strategic 0.05 integrat* 0.04 neural network* 0.10
Category 0.03 fragment* 0.02 mental image* 0.05
Conditional 0.02 situation* 0.01 semantic network* 0.04
Episodic 0.01 verbal 0.01 production rule* 0.01

deep 0.01
domain-general 0.01
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Figure  4  Theoretical backgrounds most frequently mentioned in study abstracts, titles, or keywords. 
Note. Only terms with a minimum relative frequency of 0.05 % in the corpus are shown

Table 3  Relative frequencies 
of investigated sample age and 
educational levels

Information on sample age was available in n = 2604 database 
records and on educational levels in n = 7812 records, respectively

Category Relative frequency

Sample age
 Childhood (Birth – 12 years) 36.06 %
 Adolescence (13–17 years) 23.23 %
 Adulthood (18 years and older) 40.71 %
Educational level
 Early childhood education 7.31 %
 Elementary education 16.59 %
 Secondary education 29.78 %
 Postsecondary education 46.31 %
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categories of measures in Figure  5 are not mutually exclusive. For example, a 
transfer test can include multiple-choice items. Not all listed assessments opera-
tionalize knowledge. Some are typical predictors or covariates of knowledge, 
for example, the Wechsler adult intelligence scale. It might seem surprising that 
fMRI is the most frequently used measure in prior knowledge research. However, 
its relative frequency was below 13%, and all other operationalizations listed in 
Figure 5 are various types of behavioral measures. Their combined frequencies 
show that more than 85% of the studies on prior knowledge and learning use 
behavioral measures.

Among the study designs (Figure 6), quantitative empirical research was the 
predominant category (42.50% of the 8207 studies with available information on 
research design). The overall share of the qualitative research category is 21.98 % 
(including, e.g., 12.89% interviews, 7.69% unspecified qualitative research, and 
1.51% focus groups). There was only a small number of research syntheses: meta-
analyses comprised 0.43%, systematic reviews 0.35%, and meta-syntheses 0.04% 
of the studies with available information research methodology.

Figure 5  Relative frequencies of measures in studies with available information in the database record (n 
= 416). Note. Only measures with a minimum relative frequency of 1 % are shown
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Research Questions 9 and 10: Journals

The most common publication outlets for prior knowledge research are shown in 
Figure  7. The Journal of Educational Psychology published 1.21 % of all 9,158 
journal publications in the corpus, followed by Learning and Instruction (1.19 %) 
and Computers in Human Behavior (1.05 %). For about 28 % of publications in our 
database, there was no journal title, for example, because they were books (as indi-
cated by metadata in the databases).

Using bivariate correlations (based on mean document-topic-probabilities by 
journal), we further investigated journal similarity of the most common outlets. 
Using a network representation of these correlations and community detection, we 
found the five groups of journals. Based on the included journal titles we labeled 
the categories Learning and Instruction (comprising 10.29% of all journal contribu-
tions), Cognitive Processes (7.17%), STEM learning (4.09%), Language Learning 
(4.08%), and Other Journals (0.90%). These percentages add up to about 27%, as 
we focused on the most common outlets. An interactive and zoomable network visu-
alization of the journal communities (Figure S4) as well as Table S1 with the most 
frequent journal titles is provided in the ESM.

Research Questions 11 and 12: Scientific Disciplines and Subdisciplines

Table 4 shows the relative frequencies of the scientific disciplines of the 13,507 pub-
lications in our corpus. Scientific disciplines other than psychology and education 

Figure 6  Relative frequencies of research designs in studies with available information in the database 
record (n = 8207). Note. Only designs with a minimum frequency of 1 % are shown
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sciences are classified according to Web of Science Research Areas. Only disci-
plines with a minimum relative frequency of 0.2 % of all publications are shown. 
The results in Table 4 are shaped by the fact that we were interested only in studies 
on prior knowledge in human learners. Accordingly, we only searched databases for 
psychological and educational research. We did not search databases for research on 
prior knowledge in computer programs or databases, for example, in artificial intel-
ligence research. We included studies from domains other than psychology and edu-
cation (e.g., from journals on physics or computer science) in our corpus when these 
studies were listed in the (psychological and educational) databases we searched.

Among the included studies, psychology comprised a larger share (64.52%) than 
educational research (35.82%). The most frequently collaborating disciplines were 
communication (2.17%), engineering (1.26%), linguistics (0.77%), and neurosciences 
and neurology (0.70%). Engineering is linked to research on prior knowledge, because 
many systems are designed and built by engineers to be used by humans, for example, 
driver-assistance systems and power plant control stations. The users’ prior knowledge 
needs to be taken into account in the system design to ensure that the users understand 
the systems, can use them effectively and safely, and are satisfied with the product 
(Gopher & Kimchi, 1989; Wickens et al., 2021). Closely related relevant disciplines 
are Human Factors Research and Cognitive Ergonomics. Presumably, physics is listed 
as a discipline in Table 4 because journals for physical research sometimes also pub-
lish articles about how the research findings can be taught in higher education.

Figure 7  Title and ISSN of journals in which studies on prior knowledge are most frequently published. 
Note. Only journals with a minimum relative frequency of 0.5 % are shown
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It was a deliberate decision that our literature search did not include databases for the 
disciplines of computer science and artificial intelligence. The question of how prior 
knowledge about a domain can be formally modeled and used in the design of computer 
software is a relatively large field of research. For example, many studies investigated 
algorithms to detect objects in pictures, for example, tumors in MRI scans or military air-
planes in radar data. Prior knowledge, for example, about typical but irrelevant image arti-
facts or about the appearances of the target object under different conditions, can strongly 
improve these systems. Yet, these studies were excluded from our literature search and are 
thus also not shown in Table 4, because the topics, theories, and methods in this branch of 
research strongly differ from research on prior knowledge in human learners.

The information in our database (i.e., the more fine-grained classifications in 
PsycInfo and PSYNDEX) allowed us to investigate the subdisciplines of Psychol-
ogy. The subfields were derived from the APA classification system and Web of Sci-
ence Research Areas (see the ESM for details). Within psychology, prior knowledge 
is mainly addressed in educational psychology (27.32 % of all publications in our 
corpus), experimental psychology (13.44 %), followed by developmental psychology 
(4.92 %), and clinical psychology (3.2 %); cf. Figure S3). These results agree with the 
results of the topic analysis (Figure 2) and the results of the journal analysis (Table 
S1), which also indicate that educational research on learning and instruction as well 
as cognitive experimental research are central in prior knowledge research.

Discussion

Our bibliometric analysis allowed us to investigate the terms used in the titles, 
abstracts, and metadata of 13,507 publications on prior knowledge and human 
learning. Due to this unusually broad scope of our analyses, the implications of 

Table 4  Disciplines of the 
included studies on prior 
knowledge and their relative 
frequency

Multiple assignments are possible when different disciplines col-
laborate for a publication. Only disciplines with a minimum relative 
frequency of 0.2 % of all publications are shown

Discipline Relative frequency

Psychology 64.52 %
Education Sciences 35.82 %
Communication 2.17 %
Engineering 1.26 %
Linguistics 0.77 %
Neurosciences and Neurology 0.70 %
Behavioral Sciences 0.47 %
Rehabilitation 0.39 %
Computer Science 0.37 %
Health Care Sciences and Services 0.29 %
Psychiatry 0.25 %
Business and Economics 0.21 %
Physics 0.20 %
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our findings are also on a broad and abstract level. There were seven main find-
ings. We discuss these main findings and their implications for theory, practice, 
or research methodology, in turn.

Prior Knowledge Is a Cross‑Sectional Research Topic in Research on Learning.

The first main finding concerned the most common topics in research on prior 
knowledge (Research Question 1). The results indicated that prior knowledge is 
not one research topic among many others; rather, it is a cross-sectional topic that 
has been investigated in the context of 23 research topics and their many subtop-
ics. The 23 research topics (listed in Table 1) cover many major research areas of 
psychology and educational science and related disciplines. Accordingly, prior 
knowledge research has been published in a wide variety of mostly psychological 
and educational journals. Within Psychology, there were topics from all major 
subfields, that is, educational, experimental, developmental, clinical, industrial 
and organizational, health, and social psychology.

These findings support the conclusion that there is a broad interest in the research 
on prior knowledge. This conclusion aligns with qualitative literature reviews stipu-
lating that the influence of prior knowledge on learning is “perhaps one of the most 
influential ideas to emerge in cognitive psychology during the past 25 years” (Ham-
brick & Engle, 2002, p. 339) and that “it would be difficult to find an educational 
study conducted within the past two decades that does not implicitly or explicitly 
acknowledge the powerful impact of one’s existing knowledge base on subsequent 
learning and development” (Dochy & Alexander, 1995, p. 225).

Prior Knowledge Research Can Help to Establish Bridges Between 
Neurocognitive, Cognitive, and Educational Research.

A second main finding was that, in Figure 2, the topic community Education was 
not directly linked to the topic community Cognitive Processes. Instead, the topic 
community Education was linked to the psychological topic community Learning 
Environments, which was linked to the neuro-cognitive topic community Cognitive 
Processes. This finding is plausible because educational studies rarely directly refer 
to (neuro-)cognitive studies and more frequently refer to educational-psychological 
research about learning environments. Educational-psychological studies frequently 
refer to cognitive (and sometimes neuro-cognitive) studies as theoretical back-
grounds. Thus, educational-psychological research connected applied educational 
research and foundational (neuro-)cognitive research in our network.

This pattern mirrors a suggestion made by Bruer (1997) in the seminal arti-
cle “Education and the Brain: A Bridge Too Far.” Bruer argues that research on 
the neurocognitive foundations of learning and on classroom learning differ so 
strongly in their theories, methods, and levels of analysis that neurocognitive 
findings usually do not have direct implications for the design of effective school 
instruction (see Bowers, 2016, for a more recent literature review supporting this 
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argument). Bruer suggests that two bridges are needed to connect neurocognitive 
and educational research: Brain-imaging research on neurocognitive processes 
can inform behavioral psychological research on cognitive learning mechanisms 
and how they can be stimulated by learning environments. This psychological 
research can then inform studies on the design of educational interventions in 
applied settings, for example, school instruction.

Our findings imply that research on prior knowledge is highly useful for building 
such bridges from Neuroscience to Psychology and from Psychology to Education 
because the term prior knowledge is a cross-sectional research topic used in neuro-
cognitive, behavioral psychological, and applied educational research, even though 
these three fields differ in theories and methods. For example, a review of the neuro-
cognitive mechanisms underlying the acquisition and application of prior knowledge 
concluded that the medial temporal lobe and the medial prefrontal cortex play cen-
tral roles in these processes (Brod et al., 2013). This finding has no direct instruc-
tional implications, but it helps to better understand the cognitive processes through 
which humans learn and use abstract knowledge. This understanding can then be 
used to derive hypotheses about how the acquisition of abstract and generalizable 
prior knowledge can be fostered through learning environments and, ultimately, 
through school instruction (e.g., Goldwater & Schalk, 2016). Since there are still 
large gaps between neurocognitive, psychological, and educational research (Hor-
vath & Donoghue, 2016), future research should increase efforts to use the concept 
of prior knowledge to further the integration of these fields.

There Are Potentials for the Further Integration of Research on Prior Knowledge.

If researchers want to use research on prior knowledge to better integrate scien-
tific disciplines, then it is important that research on prior knowledge is integrated 
into itself. Even though research on prior knowledge, in general, is represented 
by a closely interlinked topic network (Figure  2), our findings indicate several 
areas wherein prior knowledge research could profit from better integration of 
literature strands. Such integration would be beneficial because good scientific 
theories explain as many phenomena as possible with as few assumptions as pos-
sible. Integrating previously unconnected lines of research can help to increase 
the explanatory breadth and parsimony of theories. When two topics are uncon-
nected in our network this does not prove that they can and should be integrated, 
only that it might be beneficial to investigate to what extent they might profit 
from a stronger integration.

One area that might profit from a greater integration of topics is research on read-
ing literacy, mathematical literacy, and science literacy. These competencies are 
foundations for solving everyday life problems, work success, and participation in 
society. For example, they are indispensable for understanding payment plans for 
cell phone contracts, information on how to reduce the risk of life-threatening infec-
tions, or the outcomes of elections. For these reasons, about 80 countries triannually 
assess reading, mathematics, and science literacy in hundred-thousands of 15-year-
old students in the PISA study (OECD, 2019). Given this foundational importance 
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of reading, mathematics, and science, we were surprised that these topics were rela-
tively isolated in our topics network (Figure 2). Together, they only had six edges 
connecting them with the other 18 topic nodes in the network. There was not a single 
direct connection between research on reading, mathematics, and science and any of 
the topics in the community Nonacademic Settings (i.e., Businesses and Organiza-
tions, Patient and Medical Education, Communication, and Preschool). Publications 
connecting these topics exist and were in our database (e.g., Elster, 1995), but they 
numbered too few to influence the algorithm constructing the topic network. These 
results indicate that the field of research on prior knowledge can be moved forward 
by better integration of studies on reading, mathematics, and science with studies on 
the design of learning environments and learning in applied settings. One example, 
among many, is the recent demonstration that patient education and communica-
tion can be made more effective by tailoring instructors’ and physicians’ language to 
patients’ prior knowledge and health literacy (Schillinger et al., 2017, 2021).

At least three areas of prior knowledge research, that is, intelligence, infants’ 
core knowledge, and psychoeducation, are not represented in our topic network 
and accordingly are not well integrated with the research topics in our network. 
Prior knowledge is relevant in all three fields. For example, Cattel’s investment 
theory posits that learners invest their general intelligence to acquire crystallized 
intelligence and domain-specific knowledge, all of which influence further learn-
ing (Watrin et al., 2022). Infants’ core knowledge, for example, about objects and 
quantities, manifests as early as the first weeks and months of infants’ lives, long 
before infants understand language (Spelke & Kinzler, 2007). Core knowledge is 
hypothesized to have evolved because it guides attention toward relevant features of 
situations, thus accelerating further learning (Stahl & Feigenson, 2019). Whereas 
many studies show that infants have prior knowledge, only a few studies directly 
investigate how this prior knowledge influences further learning. This might be why 
the term prior knowledge is seldom used in this literature and was not detected as a 
topic by our algorithm. Psychoeducation effectively improves patients’ health and 
well-being and is a component of many psychotherapeutic approaches (Lukens & 
McFarlane, 2006; Simonsmeier, et al., 2021). Previous studies suggest that psychoe-
ducation needs to build on patients’ prior knowledge (Harvey et al., 2014), but more 
research on this question is needed. In sum, the concept of prior knowledge plays 
potentially important roles in the works of literature on intelligence, core knowl-
edge, and psychoeducation, respectively, but these works of literature rarely explic-
itly refer to the prior knowledge literature synthesized in the present study. We see 
it as an important task for future research to better integrate these topics with prior 
knowledge research.

Research on skill acquisition and expert performance were not identified as topics 
in our analyses because the term prior knowledge is rarely used explicitly in these 
contexts. Notwithstanding this fact, these research areas are already well-integrated 
with other areas of research on prior knowledge and learning. The role of prior 
knowledge in the acquisition of skills and expert performance has been investigated 
for decades and is well-understood (Gobet, 2005; Huang et al., 2023).

There is also a need for better integration of prior knowledge research with research 
on non-cognitive (or socio-emotional) learning processes. Empirical findings show 
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that knowledge acquisition is intertwined with motivation (Song et  al., 2015), emo-
tion (Pekrun et al., 2017), and attitudes (Cacioppo et al., 1992). Studies on the relations 
of prior knowledge with these non-cognitive constructs have been published and are 
among the publications analyzed in our study. Some of these publications are highly 
influential and have high citation rates (e.g., Pintrich, 1993; Tobias, 1994). However, 
the number of terms relating to these lines of research in our text corpus was so small 
that the topic model did not identify them as separate topics. We see it as a task for 
future research to better integrate prior knowledge research with these lines of research.

Domain‑Specific Prior Knowledge Is of Domain‑General Importance.

The fact that prior knowledge is a cross-sectional research topic is also reflected by 
the content domains of the investigated knowledge. Our fourth main finding is that 
prior knowledge had been investigated in more than 20 content domains. Among 
them were mathematics, reading, and sciences, which many see as foundational for 
successful learning in all other academic domains (OECD, 2019). There were also 
many other school subjects (e.g., computer science, social studies), topics of study 
programs in higher education (e.g., medicine, psychology, engineering), topics of 
cultural and societal importance (e.g., health, the environment, and social studies), 
and non-academic domains (i.e., art, music, and sex). The meta-analysis by Simons-
meier, et al. (2021) found that the correlations between prior knowledge and learn-
ing outcomes (posttest knowledge or knowledge gains) did not differ or differed only 
minimally between content domains. Overall, we are not aware of any domain where 
domain-specific knowledge is irrelevant to learning in that domain.

How is it possible that domain-specific prior knowledge is relevant for so many 
research topics and in so many content domains, even though they differ so strongly?—A 
likely answer is that learning processes in all of these domains have a common denomi-
nator. This common denominator is the brain with its information-processing architec-
ture which humans use for learning in all domains (Anderson et al., 2004; Sweller et al., 
1998). For example, domain-specific prior knowledge guides attention and supports 
memory encoding. These mechanisms are deeply rooted in the brain and, thus, have 
been observed in numerous content domains (Bellana et  al., 2021; Brod et  al., 2013; 
Kim & Rehder, 2010). Essentially, it is not possible to process information with zero 
prior knowledge, and thus, prior knowledge drives all human processing tasks.

More general reviews of cognitively grounded domain-general principles for the 
facilitation of domain-specific learning processes are given, for example, by Erics-
son et al. (1993; see also Ericsson & Kintsch, 1995), Anderson and Schunn (2000), 
and Schneider and Stern (2010a). In sum, in all domains, domain-specific knowl-
edge affects domain-specific learning processes. In this sense, domain-specific prior 
knowledge is of domain-general relevance for understanding learning. This insight 
has theoretical and methodological implications. It explains why many studies inves-
tigating domain-specific learning processes derive their hypotheses from domain-
general theories (see Figure 4). It also explains why it can be justified to average 
over and compare effect sizes obtained in different content domains to search for 



 Educational Psychology Review (2023) 35:58

1 3

58 Page 30 of 39

domain-general patterns in domain-specific learning processes (e.g., as done in the 
recent meta-analysis on prior knowledge effects; Simonsmeier, et al., 2021).

Many Theories Refer to Prior Knowledge, but There Are No Theories of Prior 
Knowledge.

A fifth main finding is the high importance of prior knowledge for understanding 
learning on a theoretical level. This is demonstrated by the high number of theories 
that refer to prior knowledge effects on learning. Figure 4 lists 28 theoretical back-
grounds used in studies of prior knowledge. These theoretical approaches are highly 
diverse. Some are theories of knowledge acquisition processes, others are more 
general learning theories that are not primarily concerned with knowledge acquisi-
tion, and still others are even more general fields of research not even primarily con-
cerned with learning. This wide variety further supports our Conclusion 1, that prior 
knowledge is a widely used cross-sectional research topic.

However, this theoretical eclecticism also demonstrates that there is not a sin-
gular theory of prior knowledge that is generally used in prior knowledge research 
because it would explain the most relevant phenomena. There is also not a small 
number of competing theories dominating the field. The theoretical approaches 
listed in Figure 4 were not even formulated to explain the effects of prior knowledge 
on learning. They were formulated to explain more general phenomena, for instance, 
multimedia learning, categorization, self-regulation, racism, semiotics, or action 
regulation. They include prior knowledge as one of many variables to explain these 
more general phenomena. Consequently, theoretical insights about the role of prior 
knowledge in learning are fragmented. Researchers trying to predict or explain the 
effects of prior knowledge on learning need to draw insights from various theoretical 
accounts to get the full picture. Our Conclusion 3 was that there is a need to further 
integrate strands of the empirical research literature on prior knowledge. Conclusion 
5 extends this insight by showing that there is also a need for further theoretical inte-
gration of prior knowledge research.

Types, Characteristics, and Representations of Prior Knowledge Affect Learning 
But Are Difficult to Operationalize.

A sixth main finding was that only a minority of studies on prior knowledge and 
learning referred to types, characteristics, and representations of knowledge in 
their titles and abstracts. This finding is surprising because there are good theoreti-
cal reasons and empirical support for the view that the quality of prior knowledge 
sometimes influences learning stronger than the sheer quantity of prior knowledge 
(Brod, 2021; diSessa et al., 2004; de Jong & Ferguson-Hessler, 1996; McCarthy & 
McNamara, 2021). One possible explanation for the relatively infrequent references 
to types, characteristics, and representations of prior knowledge is that they are diffi-
cult to measure. For example, what percentage of a learner’s knowledge in a domain 
is explicit or implicit, conceptual or procedural, fragmented or integrated, abstract or 
concrete? Such a question is difficult to answer because knowledge is a theoretical 
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construct that cannot be directly observed. Knowledge and its properties need to be 
inferred from patterns of overt behavior, for example, answers to test questions. This 
is difficult for two reasons. First, when learners construct the answer to a test ques-
tion, they can combine several pieces of knowledge through reasoning. In particular, 
with realistic, complex learning materials, the number of these pieces of knowledge 
can be high. The pieces can differ in their types, characteristics, and representations. 
This makes it difficult to infer the underlying knowledge from overt behavior. Sec-
ond, when answering a test question, learners do not exclusively use the knowledge 
they already have in their long-term memory. They can derive new conclusions 
through reasoning during answer construction. The characteristics of this spontane-
ously created knowledge are not necessarily the same as the characteristics of the 
knowledge stored in long-term memory. For example, when learners answer a ques-
tion designed to measure procedural knowledge in their long-term memory, they 
can derive new procedures from their conceptual knowledge (Schneider & Stern, 
2010b). When learners can explain the relation between two concepts in a test, it 
remains unclear whether their explanation indicates the integration of these concepts 
in their network of knowledge in long-term memory or whether the participants 
spontaneously created the explanation in response to the test question (diSessa et al., 
2004). Similar measurement problems have been discussed for virtually all types, 
characteristics, and representations of knowledge (e.g., Keren & Schul, 2009; Maie 
& DeKeyser, 2019; Melnikoff & Bargh, 2018).

Researchers are increasingly turning to item-response theory and latent vari-
able modeling to infer the underlying knowledge structures from manifest behav-
ior. However, despite some progress in this area (Ellis & Roever, 2017; Hickendorff 
et al., 2018; Schneider et al., 2011), there are still no psychometrically sound, gener-
ally accepted standard instruments for measuring types, characteristics, and qualities 
of knowledge (see Figure 5). An implication of our findings is that the construction 
of such instruments remains a central challenge for future research on prior knowl-
edge (cf. McCarthy & McNamara, 2021).

There Is a Lack of Experiments Investigating the Causal Effects of Prior 
Knowledge on Knowledge Gains.

The high number of studies on prior knowledge and learning and the high pro-
portion of empirical studies among them make it seem as if the relation between 
prior knowledge and learning was empirically well-investigated. However, this 
is not the case. Less than 10% of the studies surveyed here had an experimen-
tal design (Figure 6). We cannot infer from our data whether these studies were 
experimental investigations of prior knowledge or experimental investigations of 
other variables merely using pre-existing individual differences in prior knowl-
edge as a covariate. Information on this question can be found in the meta-analy-
sis on prior knowledge (Simonsmeier, et al., 2021), where more than 10,000 titles 
and abstracts and 1491 full texts were screened for relevance. Only 493 of these 
studies allowed the empirical investigation of prior knowledge effects on learning 
because they assessed knowledge before and after learning with continuous and 
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objective quantitative measures. Among these studies, not a single one investi-
gated how experimentally induced changes in prior knowledge affected gains in 
knowledge from pretest to posttest.

Therefore, our previous conclusion that prior knowledge is a widely used cross-
sectional research topic should not be misinterpreted as implying the effects of 
prior knowledge on learning are well investigated and well understood. This is not 
the case. Many of the basic cognitive processes underlying knowledge acquisition 
processes are well understood, for example, category learning, executive func-
tions, attention, and the neurobiological bases of memory (e.g., Bisaz et al., 2014; 
Schlegelmilch et  al., 2021; Shing & Brod, 2016). However, the question under 
which conditions and how strongly prior knowledge causally affects learning with 
complex, realistic materials in field settings has not been fully answered yet. The 
question cannot be answered by correlational studies because prior knowledge cor-
relates with intelligence, socio-economic status, interest, and many other variables 
which might induce spurious correlations between prior knowledge and learning 
outcome measures. The question also cannot be answered by studies using posttest 
knowledge as dependent variables because the association of pretest knowledge with 
posttest knowledge merely indicates the stability of differences in prior knowledge, 
not the predictive power of prior knowledge for learning (Simonsmeier, et al., 2021).

Overall, these findings show a dire need for more studies investigating how 
experimentally induced differences in prior knowledge causally affect knowledge 
gains in a subsequent learning phase. Ideally, these studies would be conducted as 
field experiments with complex, realistic materials to preserve the ecological valid-
ity of their findings. In addition, future studies should consider the multidimension-
ality of prior knowledge, going beyond estimates of amounts of knowledge, toward a 
better understanding of how different types and characteristics of knowledge impact 
processing, understanding, and learning.

Limitations of our Approach

We queried the databases via OVID and Web of Science, which offer to search 
in titles, abstracts, and metadata such as keywords. As no full-text search was 
available, we could only detect research papers that included the entities of interest 
(such as “prior knowledge” but also specific theories and models) in these data 
fields. Access to full texts would clearly raise the frequencies of references to 
specific theories such as Kintsch’s Construction-Integration model (Kintsch, 1988). 
This means that our frequency analyses are limited to publications reporting the 
entities of interest “top level” (i.e., titles, abstracts, or keywords) rather than only in 
the manuscript. Therefore, our results underestimate the true number of frequencies. 
Although Google Scholar does perform searches in full texts, it does not have the 
option to export the results and is known to be prone to false positives (e.g., Bramer 
et  al., 2016; García-Pérez, 2010). The recently published and freely accessible 
“General Index” (cf. Else, 2021) might be a data corpus to overcome this limitation. 
However, its quality and eligibility for scientometric endeavors such as the present 
study are yet to be determined. Besides, our study exemplifies the limitations of 
literature databases for content-level frequency analyses and emphasizes the merits 
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of the open science movement: With freely accessible full-text or at least text 
fragments such as n-grams, more insights are possible. Nevertheless, our results 
indicate relations and rankings of various entities and constructs and pave the way 
for future research. For instance, the theoretical constructs detected by our strictly 
bottom-up approach could be the starting point for subsequent top-down reviews of 
theories in the context of prior knowledge.

For our explorative frequency analyses, we used binary checks of indicating terms 
(e.g., “secondary education” is mentioned yes/no) and a semi-automated approach 
of keywords-in-context (KWIC) analysis and selection of valid n-grams (e.g., 
three_p_model) in addition to available database fields (e.g., age groups). While this 
approach is scalable to corpora of any size, it must be noted that it is prone to false 
positives (e.g., the study has a focus on adolescents although both adolescents and 
adults were addressed) or missings due to spelling variants or more indirect men-
tions (e.g., “our sample comprised young learners as well as their parents”; “young 
learners” and “parents” would not have been detected with our pattern-matching-
based approach). If, for instance, the age of participants in empirical studies of prior 
knowledge is of particular interest, manual coding of respective studies would be 
necessary. Therefore, the results of this exploratory bibliometric study should be 
regarded as a general overview of the field, not as an in-depth analysis with definite 
frequencies of theories, sample characteristics, and so on.

Regarding the KWIC approach, abstract passages referring to methods were 
determined using text windows after terms like “METHOD:,” “investigated,” 
“examined”). This of course is an approximation to extracting the concrete method 
sections in scientific abstracts of variable structure as observed in our corpus. While 
several natural language processing approaches for sentence classification have been 
developed (e.g., Gonçalves et al., 2019; Jiang et al., 2019), they were evaluated using 
PubMed records of clinical trials or computer science abstracts. Hence, a generaliz-
able model (or at least trained with abstracts from different scientific disciplines) 
along with ready-to-implement software would be of particular interest to entity rec-
ognition in bibliometric analyses such as the present study.

Finally, our study is limited in that we took a bird-eye perspective on research on 
prior knowledge and learning. We aggregated information from 13,507 publications. 
This forced us to leave out many details of these studies. Thus, the aim of our study 
cannot be to replace the 13,507 publications. Instead, it is our aim to draw attention 
to these original studies and to help our readers to find the original studies most 
relevant for their research. Seen this way, there is no tension between broad research 
syntheses and precise empirical studies. Their respective strengths and weaknesses 
complement each other well.

Conclusion

Bibliometric analysis proved to be a valuable tool for examining studies of prior 
knowledge across multiple domains and disciplines. It provided a relatively unbi-
ased view of the literature because it relies on automated methods of synthesizing 
the vast landscape of literature on the topic. Given the largeness of the research on 
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prior knowledge, it would be impossible to glean the characteristics of the research 
and the connections (and lack thereof) between the disciplines, as well as the gaps in 
the literature without bibliometric analyses. Within a single discipline (e.g., educa-
tion), one might perceive prior knowledge as a relatively well-understood construct. 
By examining the construct from multiple lenses and across multiple pieces of lit-
erature, educators and researchers can glean a broader understanding of prior knowl-
edge and what the construct implies. The findings indicate that prior knowledge is a 
cross-sectional research topic widely referred to in theories of learning and practical 
approaches for improving learning. Prior knowledge is investigated in many strands 
of the neurocognitive, psychological, and educational literature and has the potential 
for better integrating these fields. The findings further highlight the need for bet-
ter integration of theoretical approaches of prior knowledge and learning, the need 
for psychometrically sound measures of types, characteristics, and representations 
of knowledge, and for randomized controlled field experiments testing the causal 
effects of prior knowledge on changes in knowledge over time.
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