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Teaching creativity is one of the key goals of modern education. Yet, promoting creativity in teaching remains challenging, not least because creative achievement is contingent on multiple factors, such as prior knowledge, the classroom environment, the instruction given, and the affective state of the student. Understanding these factors and their interactions is crucial for successfully integrating creativity in teaching. However, keeping track of all factors and interactions on an individual student level may well exceed the capacity of human teachers. Artificial intelligence techniques may thus prove helpful and necessary to support creativity in teaching. This paper provides a review of the existing literature on creativity. More importantly, the review is distilled into a novel, graph-based model of creativity with three target audiences: Educators, to gain a concise overview of the research and theory of creativity; educational researchers, to use the interactions predicted by theory to guide experimental design; and artificial intelligence researchers, who may use parts of the model as a starting point for tools which measure and facilitate creativity.
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1. Introduction

Fostering creative problem solving in students is becoming an important objective of modern education (Spendlove, 2008; Henriksen et al., 2016). However, psychological research has found that creativity in classrooms is contingent on many contextual variables (Kozbelt et al., 2010; Csikszentmihalyi, 2014; Amabile, 2018), that negative myths regarding creativity are abound (Plucker et al., 2004), and that creativity is in tension with other educational goals like standardization (Spendlove, 2008; Henriksen et al., 2016). As such, it appears highly challenging to successfully integrate creativity in teaching, alongside a wide variety of other educational goals that have to be achieved (Spendlove, 2008).

Artificial intelligence may point a way forward by monitoring and enhancing the creative process in students without putting additional workload on teachers (Swanson and Gordon, 2012; Muldner and Burleson, 2015; Roemmele and Gordon, 2015; Clark et al., 2018; Kovalkov et al., 2020; Beaty and Johnson, 2021). However, for such systems to be successful, we require a model of creativity that can be implemented computationally (Kovalkov et al., 2020). In this paper, we review the existing literature on creativity in learning to provide a starting point for such a model–although our conceptual model must still be translated to a computational version. Few reviews of creativity research have focused on education and none, to our knowledge, have attempted to integrate the research result into a single model. We close this gap in the literature.

More precisely, we develop a conceptual, graph-based model of creativity in learning (see Figure 1), which we distill from prior research from the fields of psychology, education, and artificial intelligence. We design our model with three criteria in mind. It should be

• Comprehensive, in the sense that it includes all variables and interactions that are important for creativity in teaching, according to the existing literature,

• Minimal, in the sense that it does not introduce variables or interactions beyond what has been found in prior literature and restricts itself to variables that are relevant to creativity in teaching, and

• Consistent, in the sense that it remains a valid causal graph without loops or disconnected nodes.


[image: Figure 1]
FIGURE 1
 Our conceptual, graph-based model of creativity. Each student/personality, process, and product corresponds to a replicate of a plate in this graph. Red-colored nodes refer to interventional variables, orange nodes to observable variables, and blue nodes to hidden variables.


We note that there is tension between these goals. Namely, comprehensiveness encourages more nodes, whereas minimality encourages fewer nodes. Comprehensiveness means including nodes and relationships which are in conflict, whereas consistency means avoiding such conflicts. During the construction of our model, we will make note of such tensions and how we chose to resolve them. Thus, we also provide insight into consensus and lack thereof in the literature.

Following the 4P framework of Rhodes (1961), our model has four components, namely the (social) place or press in which creativity occurs, the person who performs a creative task, the creative process itself, and the product of the task. For each component, we distinguish between latent variables, observable variables, and intervention variables. This distinction is useful to design practical strategies for promoting creativity: we can manipulate an intervention variable, monitor observable variables, and thus make inferences regarding the effect of our intervention on latent variables.

Consider the example of a math course. One variable we can intervene upon is the difficulty of a math task. But even this simple intervention may influence creativity very differently, depending on a multitude of factors: if we make a task easy, some students may be bored such that they disengage and submit a basic and uncreative solution. Other students may be motivated to solve a boring task in a particularly creative way to make it interesting. Conversely, a harder task may lead some students to submit particularly unoriginal solutions to solve the task at all, whereas other students may be engaged by the challenge and thus more motivated to find a particularly clever solution.

The purpose of our conceptual model is to make such mechanisms more transparent, to make creative achievement more predictable and, as a result, enable interventions to facilitate creativity. Accordingly, we believe that our proposed model is not only useful for artificial intelligence researchers, but also for teachers and educational researchers to inform their instructional strategy and their study design, respectively.

In this paper, we focus on providing three main contributions:

(1) Reviewing the existing work on creativity in learning,

(2) Distilling a conceptual, graph-based model of creativity in learning from our review, and

(3) Discussion of potential applications and challenges of putting the developed conceptual model into practice.

The paper is structured as follows: First, we provide a detailed discussion on the evolution of creativity definitions and creativity research to date (Section 2). The discussion is intended to show more clearly the multifaceted nature of creativity. Consequently, we discuss prior works on how artificial intelligence techniques have been used to generate creative behaviors in computers and in humans (Section 2). The third section presents the methodologies used for gathering the necessary literature for the conceptual model (Section 3). In the fourth section (Section 4), we present the proposed conceptual model of creativity, in four different creativity plates namely place, person, process, and product. Finally, we discuss limitations and points to future work (Section 5).



2. Background and related work

The roots of creativity research date back at least to the 19th century, when scholars attempted to define creativity philosophically (Runco and Jaeger, 2012). The motivation for such scholarship was to find a shared trait that enabled creative geniuses to achieve works of art and science (Runco and Jaeger, 2012). Accordingly, creativity was mostly seen as an innate trait of a small elite, a gift to create things both useful and beautiful (Runco and Jaeger, 2012). Creativity was defined much broader after the second world war, in attempts to develop creativity tests which quantify creative problem solving skills in the general population (Csikszentmihalyi, 2014). Creativity tests broadly fell into two classes: First, tests that pose creative problem-solving tasks and measure creativity as the success in solving these tasks (e.g., Torrance, 1972; Williams, 1980; Runco et al., 2016). Second, autobiographic surveys which measure creativity as the sum of past creative achievement (e.g., Hocevar, 1979; Diedrich et al., 2018). Importantly, both classes of tests frame creativity as the trait of a person. In the words of Guilford (1950): “creativity refers to the abilities that are most characteristic of creative people”. The implicit view1 of the time seems to be that creativity is an innate property of people that is either present or not, independent of context. This view has been criticized in the decades to come, especially by Amabile (2018) and Csikszentmihalyi (2014), who emphasized that creativity is dependent on a host of contextual factors such as individual motivation, ability to solve a problem from multiple perspectives, the domain in question (Baer, 2010), and who gets to be the judge of creativity. Table 1 shows an overview of creativity definitions in the literature and how they relate to education.


TABLE 1 Definitions of creativity in prior literature.

[image: Table 1]

The current discussion about creativity research is characterized by two aspects: the variety in creativity theories and creativity definitions, and the challenges of applying creativity models for pedagogical implementations. The aspect of pedagogical implementations is important because there still exists potential barriers to computationalize the definitions of creativity. To address this complex phenomenon, we discuss existing works on creativity and works on artificial intelligence for creativity in learning.


2.1. Prior reviews on creativity

Multiple other scholars have already provided reviews of this long research tradition, complementary to our present work. Mumford (2003) summarizes book chapters on creativity, covering multiple theories that existed at the time, as well as empirical findings on the role of factors such as expertise, motivation, affect, situational factors, and development. These findings form one of the bases for our own model.

Cropley and Cropley (2008) propose a theory that divides a creative activity into seven phases, namely preparation, activation, cogitation, illumination, verification, communication, and validation. A key motivation for this phase model is to resolve paradoxes in creativity, e.g., that convergent thinking both hampers and supports creativity. In the phase model, convergent thinking is crucial in the preparation, illumination, and verification phases, but detrimental in the activation phase, where divergent thinking is required. More generally, Cropley and Cropley (2008) relate each phase to the four P's—press, person, process, and product—of Rhodes (1961). Our own work follows the example of Cropley and Cropley (2008) in that we try to provide a consistent model that is compatible with the wider literature. However, our perspective is slightly wider, in that we do not only focus on a single creative activity but an entire course or tutoring system.

Kozbelt et al. (2010) reviewed theories of creativity and classified them into ten different classes, namely developmental, psychometric, economic, process, expertise-based, problem-finding, evolutionary, typological, and systems theories. Given the wide variety of perspectives, they recommend to not attempt a “grand unifying theory” but to include the perspectives relevant to a certain application. We aim to follow this recommendation. In particular, we limit ourselves to theories that apply to creativity in learning, but we aim to be comprehensive for this setting, including the developmental, process, expertise-based, and systems perspective, and we try to be explicit how our model is situated in the broader landscape of creativity research.

Sawyer (2011) reviews neuroscience studies of creativity, especially studies involving EEG, PET, and fMRI recordings. He highlights that neural activation during creative activity is not localized in a certain brain area but involves a wide variety of areas (such as psychological and cognitive areas; Guilford, 1950; Vosburg, 1998; Mumford, 2003; Sawyer, 2006; Runco and Jaeger, 2012; Csikszentmihalyi, 2014; Kaufman, 2016; Zhou, 2018) that are also active during everyday activity (Khalil et al., 2019); that subconscious processes appear to be crucial for creativity, such as mind wandering; and that the importance of domain-specific knowledge is confirmed. Despite this complexity, the work of Muldner and Burleson (2015) indicates that creativity can be detected from EEG signals (in combination with skin conductance and eye tracking) at least for a geometry problem.

Similarly, Zhou (2018) reviews creativity-related studies involving fMRI and EEG signals to assess human brain function while performing creativity-related cognitive tasks. In line with Sawyer (2011)'s findings, the author highlights studies that show neural activities are not limited to a particular region in a human brain, and in fact, some studies (Liu et al., 2012; Takeuchi et al., 2013; Vartanian et al., 2013) show that neural efficiency (i.e., most efficient brain functioning or more focused brain activation) in creative thinking can be attained through cognitive training, as well as targeted training on fundamental cognitive abilities such as attention and working memory (Vartanian et al., 2013). Our review is different because our focus is not neuroscience but, rather, creativity as an outcome of a cognitive process that depends on personal and context variables.

Runco and Jaeger (2012) review the history of creativity research leading up to what they call the standard definition of creativity, namely that creativity combines originality with effectiveness (alternatively: usefulness, fit, or appropriateness). We include this standard definition to define creativity in products, but we also go beyond the standard definition by including place, person, and process in our model.

Finally, Schubert and Loderer (2019) review creativity-related tests and classify them according to their relation to the 4P model (Rhodes, 1961) and their method (self-report survey, expert judgment, psychometrics, and qualitative interview). We incorporate such techniques as observable variables in our model.

Overall, we build upon all these prior reviews but also provide complementary value in our focus (creativity in teaching), our scope (all variables related to a course), and our approach (a graph model).



2.2. Artificial intelligence and creativity

Our goal is to facilitate the construction of artificial intelligence tools that measure and support human creativity. This is in contrast to most prior work in artificial intelligence on creativity, which has been focused on generating creative behavior in computers (computational creativity; Jordanous, 2012; Mateja and Heinzl, 2021). In this field, the work of Boden (1998) has been foundational. Boden understands creativity as three operations on a knowledge base, namely

• Exploration: Computing the knowledge space corresponding to a given domain,

• Recombination: Combining existing ideas in a new context or fashion, and

• Transformation: Giving the knowledge space new rules by which it can be processed (a distant reminder of SWRL rules in OWL, as proposed by Horrocks and Patel-Schneider, 2004).

While these three operations do not necessarily describe creativity in human thinking, we do believe that it can be useful to distinguish between ideas that emerge by insight/illumination and ideas that result from recombining existing ideas. Accordingly, we translate this distinction into our model.

Ram et al. (1995) elaborate Boden's model by discussing the difference between knowledge and thinking. The authors add the task, situation, and strategic control of inference as dimensions and claim that only a combination of these will constitute the basis for thought. We believe that these extensions are suitably covered in our model by the process and person variables.

Similar to the standard definition of creativity, Boden states that creativity requires novelty and a positive evaluation of the creative product (i.e., appropriateness). In terms of novelty, Boden distinguishes between P-creativity (an idea is novel only to myself), and H-creativity (an idea is novel with respect to the entire society). Lustig (1995) suggests to generalize this distinction to “novelty with respect to a reference community”, which is also the view we take.

Jordanous (2012) argues that it is crucial to evaluate computationally generated products with a shared (fair) standard. Just as in human creativity, optimizing for originality alone is insufficient, one also requires a domain-specific usefulness standard. Accordingly, most seminal works in computational creativity have invested much effort into finding domain-specific rules to explore in a way that is more likely to generate appropriate results (Baer, 2010; Colton and Wiggins, 2012). A lesson for our model is that the “appropriateness” measure of creative products needs to be well-adjusted to the task in order to make sure that we do not misjudge creative products. Further, there is debate whether it is sufficient for evaluation to judge the final product or whether the computational process must be included in the evaluation. We account for this by including the process in our model.

Recently, machine learning models and, specifically, generative neural networks have been utilized to generative computationally creative works (DiPaola et al., 2018; Berns and Colton, 2020; Mateja and Heinzl, 2021). This is somewhat surprising as generative models are intrinsically novelty-averse as they are trained to model and reproduce an existing data distribution (DiPaola et al., 2018; Berns and Colton, 2020). Still, by cleverly exploring the latent space of such models, one can generate samples that appear both novel and domain-appropriate, hence indicating creativity (DiPaola et al., 2018; Berns and Colton, 2020). Such an approach searches for novelty between existing works and can, as such, be viewed as recombination (DiPaola et al., 2018), which we also include in our model.



2.3. Artificial intelligence for creativity in education

Using artificial intelligence to measure and support creativity in education is a relatively recent approach. Huang et al. (2010) developed an “idea storming cube” application for collaborative brainstorming which automatically measures creativity by the number of distinct generated ideas. Muldner and Burleson (2015) used biosensors and machine learning to distinguish high and low creativity students in a geometry tasks. Kovalkov et al. (2020, 2021) define automatic measures of creativity in computer programs in terms of fluency, flexibility, and originality, following the work of Torrance (1972). Hershkovitz et al. (2019); Israel-Fishelson et al. (2021) quantify the relation between creativity and computational thinking in a learning environment. Finally, Cropley (2020) highlights the need to teach creativity-focused technology fluency to make use of AI and other novel technologies. Given the relative paucity of such works, we believe there is ample opportunity for further research at the intersection of artificial intelligence, education, and creativity, which we wish to facilitate with our model.




3. Literature search

To scan the literature for relevant contributions, we used two techniques.

First, we performed a snowball sampling (Lecy and Beatty, 2012), meaning we started with the foundational seed papers of Boden (1998) and Runco and Jaeger (2012) and branched out from there, following their references as well as papers that cited them, recursively.

Second, we started a structured keyword search. Here we focused on the application of creativity measurement in the area of learning and formal educational institutions. The keywords used were “creativity AND measure”, “creativity AND analytics”, “creativity AND learning”, “creativity AND tutoring”, as well as “creativity AND [school subject]”. For the list of school subjects we used the German secondary curriculum.

We searched for the keywords in the following data bases (with the number of initial search results in brackets).

• Google Scholar (107)

• ACM digital library (8)

• ScienceDirect (17)

• Elsevier (344)

• IEEE Explore (20)

• Jstor (2)

Note that there are duplicates between the searches.

In order to narrow down the relevant literature for the goal of constructing a model of creativity that is easy to use in the field of educational technologies, content filters were applied. These are not as succinct as the keywords as they usually consist of two or more dimensions that function as decision boundaries whether to keep a paper for the output model or not. For example, we encountered one paper that dealt with creativity as part of design. On the one hand, it fit our lens because it provided a clear and operational definition of creativity. However, it did not satisfy the rule that the creativity definition should be generic regarding the fields of learning.

In the following we provide list of dimensions that were used to filter the literature.

• A general definition of creativity beyond a single domain,

• a clear and well-defined concept of creativity,

• creativity is seen as measurable,

• the concept of creativity does not contradict its use in the learning field, and

• the creativity definition contains either a measurement or a product component.

In the end, 77 papers remained after applying our filters (marked with a * in the literature list). Of these, eight cover artificial intelligence approaches.

Note that it is still possible that interesting related works are not covered because they evaded our particular search criteria. Nonetheless, we aim to be comprehensive and representative. We distill our results into a graph-based model in the following section.



4. A conceptual graph-based model of creativity

In this section, we provide a conceptual, graph-based model of creativity (refer to Figure 1), based on a review of the existing literature. As noted in Section 1, we aim for a model which is comprehensive, minimal, and consistent. To achieve these objectives, we opt for a conceptual, graph-based model (Waard et al., 2009). A graph enables us to include all variables and their relationships, as stated in the literature (comprehensiveness), aggregate variables that fulfill the same function in the graph (minimality), and avoid cycles in the graph (consistency). We keep our model abstract enough to cover a wide range of positions expressed in the literature but specific enough to understand how creativity in learning comes about. Therefore, we model the network structure but avoid quantitative claims regarding the strength of connections.

In particular, we represent a relevant variable x as a node in our graph and a hypothesized causal influence of a variable x on another variable y as an edge/arrow (Waard et al., 2009). We further distinguish between three kinds of variables: Intervention variables (red) are variables that educators can manipulate to influence creativity, namely the curriculum and task design. Observable variables (orange) are variables that we can measure via tools established in the literature, such as sensors, creativity tests, or teacher judgments. Finally, latent variables (blue) are all remaining variables, i.e., those that we can neither directly observe nor intervene on, but which are nonetheless crucial for creativity. Most importantly, this includes the creative process inside a student's mind. Importantly, we only include a node if the respective variable is named in at least one of the 77 papers we reviewed; and we only include an edge if the respective connection is indicated in at least one of these papers. In Figures 2–5, each edge is annotated with the literature it is based on.
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FIGURE 2
 A closer look at the place (or environment) plate. It highlights a (few) external factors that influences an individuals' knowledge and behavior. Citations: A1 (Csikszentmihalyi, 2014; Amabile, 2018), A2 (Runco et al., 2017; Castillo-Vergara et al., 2018).


Finally, we group our variables into plates according to the four Ps of Rhodes (1961), namely place, person, process, and product. We use this particular structure for three reasons. First, the paper of Rhodes (1961) can be regarded as a foundational paper of the field (cited 3,099 times according to Google scholar) such that the basic structure of the four Ps can hopefully be regarded as accepted–we did not find evidence to the contrary, at least. Second, the four Ps comprehensively cover a wide variety of topics and are, thus, well-suited for a literature review. Third, the four Ps provide a well-defined framework which allows us to sort existing work according to scope (from societal to personal) and time scales (from societal change over years to second scale).

Consider the example of a math course. For each relevant social group in our class, we need a copy of the “place” plate that models the respective socialization. For each student, we need a copy of the “person” plate, describing individual domain knowledge and creative affinity. For each learning task and each student, we need a copy of the “process” plate which describes the student's work on this particular task. And finally, for each submitted task solution in the course, we need a copy of the “product” plate.

In the remainder of this section, we will introduce each plate in detail and justify nodes and edges based on the literature.


4.1. Place

In our model, the term “place” or “press” (press was the original word used by Rhodes, 1961) covers environmental factors influencing creativity which go beyond a single learning task or student. Prior work has covered, for example, the social group in which students learn (Amabile, 2018), students' socio-economic status (Hayes, 1989), and the broader culture, where notions of creativity change over decades and centuries (Csikszentmihalyi, 2014). Following this work, we define “place” as the aggregation of all variables outside of a student's individual cognition which may influence their creativity. To make this definition more practically applicable, we introduce two separate nodes in our graph: the learning environment and the socialization.

In more detail, we define the learning environment as the collection of variables that educators or system designers can intervene upon but which go beyond an individual student or task, such as the teaching staff, the access to auxiliary resources, the quality of such resources, and the prior curriculum that the students were exposed to before entering the current course. By contrast, we define the socialization as the collection of variables which we are outside educators' control but nonetheless influence students' creativity beyond a single person or task. While the socialization, as such, is hidden, we can measure proxy variables, such as gender, socioeconomic status, or ethnicity (Runco et al., 2017; Castillo-Vergara et al., 2018), which can also be captured in digital learning environments or intelligent tutoring systems.

While not the focus of this work, we note that students are oftentimes subject of (structural, indirect) discrimination based on such proxy features and special attention must be paid to promoting equity instead of exacerbating existing biases in society (Loukina et al., 2019). For example, one can try to adjust the learning environment to deliberately counterbalance the differential impact of socialization on creativity.

Note that there is no consensus in the literature how strongly different aspects of socialization or learning environment influence creativity. Amabile (2018); Csikszentmihalyi (2014) would argue for a strong influence of socialization, for example, whereas (some) creativity tests (implicitly) assume that it is possible to quantify creative affinity independent of context, in a lab setting (Torrance, 1972; Williams, 1980). Further, the relationship between socialization and observable, easy-to-measure demographic variables is complex and one can argue for different scales (Buchmann, 2002). Our model is abstract enough to accommodate either position: If one believes that socialization has a small or large influence, one can apply a small or large weight to the respective arrow. Similarly, one could fill the “demographic features” node with different scales, depending on which aspects of socialization should be measured.



4.2. Person

In our model, a person is a student who is enrolled in a course or an intelligent tutoring system and has an individual capacity for creative achievement within this course.

A large number of prior works has investigated which personality traits or skills facilitate creativity. For example, Hayes (1989) argues that creative thinking can be broken down into a combination of other skills, like domain knowledge, general education, mental flexibility, different representations of knowledge, and hard work. Hayes (1989) also claims that there is no relation between general intelligence and creativity, after controlling for domain knowledge and education. By contrast, Guilford (1967) argues that intelligence is a necessary but not sufficient condition for creativity, which sparked an ongoing series of empiric studies (e.g., Jauk et al., 2013; Weiss et al., 2020). Beyond intelligence and cognitive skills, there has been ample research on the connection between personality traits, especially openness to experiences and extraversion in the big-five inventory (e.g., Eysenck, 1993; Sung and Choi, 2009; Karwowski et al., 2013; Jauk et al., 2014).

Most tests for of a person's capacity for creativity assess either the amount of past creative achievement via biographic questions (Hocevar, 1979; Diedrich et al., 2018), or confront a person with a specific, psychometrically validated creative task and measure their performance in this task (Torrance, 1972; Williams, 1980; Runco et al., 2016). Such tasks typically consist of a prompt, in response to which a person is asked to come up with as many ideas as possible. The number (fluency), distinctness (flexibility), and novelty (originality) of these ideas is then used as a measure of creativity (Torrance, 1972; Kim, 2006).

Note that all these tests share an implicit assumption, namely that creativity is, to some degree, generalizable. In other words, if a person behaves creatively in one context, this translates to creativity in other contexts. This is in tension with the view that creativity can only be judged in context (Amabile, 2018). Sternberg (2005) proposes an intermediate position: knowledge is domain-specific but there also exist thinking styles and other factors that are domain-general. This view is also mirrored in cognitive science. For example, (Burnard, 2011, p. 141) writes: “Especially important is the notion that creative learning is a mediated activity in which imaginative achievement and the development of knowledge have a crucial role.”, and (Mumford et al., 2011, p. 32) adds: “Knowledge is domain-specific. Moreover, multiple alternative knowledge structures may be employed in creative thought within a domain, schematic, case-based, associational, spatial, and mental model knowledge structures, and these knowledge structures appear to interact in complex ways.” In this quote, Mumford also indicates that domain-specific knowledge and domain-general skills influence the creative process in different ways. We will account for this difference in our process plate later.

In our model, we represent a person—that is, a student—by two nodes, namely domain knowledge and creative affinity. Domain knowledge includes declarative, procedural, and conceptual knowledge for any domain that is relevant to the current course. By contrast, creative affinity includes all variables that vary between people but are domain-general, such as openness to experiences, extraversion, (general) intelligence, and generalized creative capacity. To measure domain knowledge, we suggest domain-specific knowledge tests, which we do not cover here for brevity (refer, e.g., to Schubert and Loderer, 2019). To measure creative affinity, literature suggests personality tests2 and/or creativity tests, as listed above, yielding the graph in Figure 3. In the overall model (Figure 1), we also include incoming arrows that account for possible influence of the (social) context on both domain knowledge and creative affinity.


[image: Figure 3]
FIGURE 3
 A closer look at the person plate. This plate includes variables describing the creative capacity of a single student. We provide examples of such variables from the literature in transparent nodes. Citations: B1 (Hayes, 1989; Sternberg, 2005; Mumford et al., 2011; Schubert and Loderer, 2019), B2 (Eysenck, 1993; Sung and Choi, 2009; Karwowski et al., 2013; Jauk et al., 2014), B3 (Torrance, 1972; Hocevar, 1979; Williams, 1980; Diedrich et al., 2018).


Our model refrains from making any assumptions regarding the weight of each edge or the specific form of the influence because there is no consensus in the literature regarding these questions. Some authors might argue that there is no general “creative affinity” at all, but only context-dependent affinity (Amabile, 2018), whereas some creativity tests would argue that domain-general creative affinity does exist (Runco et al., 2016). There is also professional debate regarding the value of personality tests to measure creative affinity (Schubert and Loderer, 2019), which creativity test is best suited to measure creative affinity (Runco et al., 2016), or how knowledge tests ought to be constructed (Schubert and Loderer, 2019).



4.3. Process

In our model, a process refers to the chain of cognitive activities a student engages in while trying to solve a specific learning task, from receiving the task instructions to submitting a solution attempt.

Researchers have developed multiple theories how the creative process is structured. Rhodes (1961) lists four different steps, namely preparation, incubation, inspiration, and verification. Preparation refers to the pre-processing of input information; incubation to the conscious and unconscious further processing, revealing new connections between known pieces; inspiration to the actual generation of an idea during incubation; and verification to the conversion of a rough idea to a creative product. Cropley and Cropley (2008) splits “incubation” into “activation” (relating a problem to prior knowledge) and “cogitation” (processing the problem and prior knowledge), renames “inspiration” to “illumination”, and adds two new phases at the end, namely “communication” and “validation”. These new phases account for the social context of creativity, namely that a creative product only “counts” if it has been communicated to and validated by other people.

In contrast to these models, Treffinger (1995) argues that creative problem solving does not occur in strict phases but by inter-related activities such as problem-finding and solution-finding. Similarly, Davidson and Sternberg (1984) suggest the following three processes:

1. Selective encoding: distinguishing irrelevant from relevant information,

2. Selective combination: taking selectively encoded information and combining it in a novel but productive way, and

3. Selective comparison: relating new information to old information.

Davidson and Sternberg's view aligns well with Boden's model of artificial creativity (Boden, 1998). In particular, selective encoding can be related to exploration, combination and comparison to recombination, and comparison to transformation. An alternative computational view is provided by Towsey et al. (2001), who argue that creativity can be described as an evolutionary process. From a set of existing ideas, the ones that best address the current problem are selected (selective comparison and encoding) and recombined to form a new set of existing ideas (selective combination), until a sufficiently good solution to the problem is found.

Multiple scholars agree that repurposing and combining prior knowledge is crucial for creativity. For example, Lee and Kolodner (2011) relate creativity to case-based reasoning, where a new problem is compared against a data base of known problems and the best-matching solution is retrieved and adapted to the present case. Such case-based reasoning can be regarded as creative if the relation between the past case and the present case is non-obvious but the solution still works. Similarly, Hwang et al. (2007) argue that creativity is related to making ordinary objects useful in a novel and unexpected way. Sullivan (2011) names this repurposing process “Bricolage” in reference to the work of Levi-Strauss (1966).

There is some disagreement in the literature regarding the creative process. Nonetheless, we aim to provide a model that is as widely compatible as possible while remaining useful. In particular, we include three cognitive processes, namely incubation, recombination, and insight. Incubation refers to processing the existing set of ideas to support idea generation. Recombination refers to generating new ideas by combining existing ones. Finally, insight refers to generating new ideas beyond combination, e.g., via re-purposing. Both recombination and insight generate ideas which the student needs to validate against the problem at hand (Cropley and Cropley, 2008). After validation, the ideas become part of the “idea bundle”, that is, the current working set of ideas that may end up as parts of the solution. Note that our model is compatible both with models that emphasize the order of different phases (Cropley and Cropley, 2008), as well as models which focus more on the different types of operations used to generate creative ideas, without regard for their order (Davidson and Sternberg, 1984; Treffinger, 1995). Across theories, there is broad agreement that ideas can be generated via recombination or insight and that they get filtered or validated before they become part of a solution to a learning task.

The final component of our process model is the affective state. Amabile (2018) argues that the affective state influences creativity, which is confirmed by several empiric studies. For example, Csikszentmihalyi (1996) finds that a positive affective state (such as flow state) is identified in individuals when they are being highly creative; Vosburg (1998) find that positive mood facilitates divergent thinking; and the review of Davis (2009) finds that (moderate amounts of) positive also affect enhances creativity. However, George and Zhou (2002) also point to scenarios where bad mood is related to better creativity outputs, especially when short moments of frustration motivate refinement and improvement (Muldner and Burleson, 2015, as described by), which could be seen as an aspect of incubation. Further, Baird et al. (2012); Sawyer (2011) found that absent-mindedness or mind-wandering are crucial to incubation. Accordingly, we include an arrow form the affective state to incubation, yielding the graph of blue nodes in Figure 4.
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FIGURE 4
 A closer look at the process plate. The nodes represent different stages of the student cognitive process to generate and validate creative ideas, namely insight, incubation, and recombination, as well as the affective state which influences the process and the idea bundle as result of the process. Citations: C1 (George and Zhou, 2002; Sawyer, 2011; Baird et al., 2012), C2 (Rhodes, 1961; Cropley and Cropley, 2008), C3 (Davidson and Sternberg, 1984; Boden, 1998), C4/C5 (Cropley and Cropley, 2008), C6 (Cooper et al., 2010; Blanchard et al., 2014; Muldner and Burleson, 2015; Pham and Wang, 2015; Faber et al., 2018), C7 (Kim, 2006; Huang et al., 2010; Bower, 2011; Sullivan, 2011; Liu et al., 2016), C8 (Amabile et al., 2002; Baer and Oldham, 2006).
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FIGURE 5
 A closer look at the product plate. It describes the creativity of a product in terms of correctness, fluency, flexibility, and originality. Citations: D1 (Runco and Jaeger, 2012), D2 (Torrance, 1972; Huang et al., 2010; Muldner and Burleson, 2015; Yeh and Lin, 2015; Kovalkov et al., 2020, 2021).


In line with Cropley and Cropley (2008); Amabile (1982); Baer (2010), we emphasize that different cognitive skills contribute to different parts of the creative process. For example, domain knowledge is required for both insight and recombination of ideas, whereas creative affinity more broadly may also affect incubation (Burnard, 2011), as summarized in Baer (2010). Within creative affinity, one may also distinguish between divergent thinking, which is crucial for recombination and insight, whereas convergent thinking is crucial for filtering ideas before they get added to the idea bundle (Cropley and Cropley, 2008).

While the process is, in principle, hidden because it occurs inside a student's mind, there do exist approaches to measure different aspects of the creative process as it happens. First, we can monitor a students' affective state via biosignals, as is evidenced by the literature on the detection of mind-wandering via skin conductance (Cooper et al., 2010; Blanchard et al., 2014; Muldner and Burleson, 2015), heart rate (Pham and Wang, 2015), or eye movement (Iqbal et al., 2004; Schultheis and Jameson, 2004; Muldner and Burleson, 2015; Faber et al., 2018). Second, we can indirectly observe how the student's idea bundle develops over time. For one, we can ask students to verbalize their thinking while it happens (“think aloud” protocols). Such techniques are particularly promising for collaborative work where students need to interact and communicate their incomplete creative process with their group partners anyways (Kim, 2006; Huang et al., 2010; Bower, 2011; Sullivan, 2011; Liu et al., 2016). Third, if students work inside a digital learning environment or intelligent tutoring system, we can log student activity and thus gather insight into their process (Greiff et al., 2016).

As an example, consider a simple math multiplication question, such as 25·12. We could now ask the student to write down all intermediate steps they take. One student may apply a long multiplication, which requires the initial insight that long multiplication can be applied, the decomposition into 25·10 and 25·2, the solution of these intermediate steps (250 and 50), and finally the combination to the overall answer (250 + 50 = 300). Another student may connect the multiplication with geometry, draw a rectangle of 25 cm x 12 cm on a grid and count the number of grid cells covered. Finally, another student may recognize that 12 factors as 4·3, work out 25·4 = 100 and 100·3 = 300. In all cases, the different creative process becomes apparent by inspecting an activity log of the intermediate steps the students took.

This example also illustrates how the process is influenced by personal or contextual factors: If a student hasn't learned long multiplication, the first strategy is unavailable. If a student lacks time, or if the learning environment does not supply a grid, the second strategy is unavailable. If a student lacks experience in factorizing or is too stressed, the third strategy is unavailable.

Importantly, we can intervene on the creative process by designing task instruction and/or task environment in a specific way.

For example, Baer and Oldham (2006) found that time pressure influences creativity. In a workplace context, experienced time pressure was generally detrimental for creativity, except for participants with high openness to experience and high support for creativity, who performed best with a moderate level of time pressure. Similarly, Amabile et al. (2002) suggest that moderate levels of time pressure are endogenous within a team project, as it only allows an individual to be positively challenged, in turn triggering creativity. For our multiplication example, we would discourage the second strategy by imposing a strict time limit, which prohibits the time-intensive re-representation via geometry. Conversely, we would encourage the third strategy by providing the prime factorization of 12 as a hint in our instruction.

We aggregate all options of educators/designers to influence how a task is processed in a node we call “task features”. Following the terminology of VanLehn (2006), task features include all aspects of the “inner loop” of our tutoring system, whereas the “learning/environment” in “place” includes the “outer loop”.



4.4. Product

We define a creative product as the result of translating a student's idea bundle into something tangible that can be inspected by a teacher, such as a response to a math question, including a log of all intermediate steps. This translation is lossy: Depending on the task features, a student may be more or less able to translate ideas into a product. Further, even the ideas that do get translated into a product may not be picked up by the sensors of our system because they lie outside our expectations when designing the system. As Hennessey et al. (2011) put it: creativity may be difficult to formalize in all its richness, but people recognize it when they see it. Accordingly, they suggest to assess creativity via a consensual assessment technique (CAT), using the judgment of a panel of human domain experts. Unfortunately, though, a panel of multiple experts is usually not available in education, especially not in automated systems. Accordingly, we turn toward notions of creativity in products that are easier to evaluate automatically.

There is wide agreement that two abstract criteria are necessary for creativity in products, namely novelty and appropriateness (sometimes with different names; refer to Sternberg and Lubart, 1999; Runco and Jaeger, 2012). For example, submitting a drawn flower as solution to an multiplication task is certainly novel, but it is inappropriate for the task. However, if the drawn flower encodes the right answer (e.g., via the number of petals), it is both novel and appropriate, thus counting as creative. Note that both criteria are context-dependent: appropriateness depends on the current learning task and novelty on the reference set to which the current solution is compared (Sternberg and Lubart, 1999; Csikszentmihalyi, 2014; Amabile, 2018). In other words, if all students in a class submit flowers, this representation seizes to be novel.

Creativity tests provide further detail. For example, Torrance (1972) suggests multiple scales including

• Fluency: the number of generated ideas,

• Flexibility: the number of distinct classes of ideas, and

• Originality: the infrequency of ideas compared to a typical sample of students.

These three scales are particularly interesting because they have been applied in recent work on artificial intelligence for creativity in education. In particular, Huang et al. (2010), Muldner and Burleson (2015), and Kovalkov et al. (2020) all use fluency, flexibility, and originality to measure the creativity of student solutions (namely in a collaborative brainstorming task, geometry proofs, and Scratch programs, respectively). The Digital Imagery Test of Yeh and Lin (2015) measures creativity by the amount of unique associations (fluency/flexibility) in reaction to an ambiguous, inkblot-like picture. There is also some evidence that combining measures of fluency, flexibility, and originality with artificial intelligence can approximate human ratings (Kovalkov et al., 2021).

We believe this body of work establishes that at least fluency, flexibility, and originality can be automatically assessed with computational methods and thus introduce these three dimensions as observable nodes in our model. Additionally, we include appropriateness as required by the “standard definition of creativity” of Runco and Jaeger (2012). However, we call our node “correctness” to be more in line with the educational setting.

Returning to our math example, consider an assignment of multiple multiplication questions. We can measure correctness by counting how many answers a student got right; we can measure fluency by counting the number of different strategies the student employed; we can measure flexibility by measuring how different those strategies are; and we can measure originality by counting how often these strategies were used in a typical sample of students with the same amount of prior knowledge on the same assignment.




5. Discussion and conclusion

In this article, we reviewed the research on creativity and distilled a conceptual, graph-based model which captures all crucial variables as well as their relations (refer to Figure 1). This model can serve teachers to get a clearer understanding of creativity and how to measure and facilitate it in the classroom by adjusting task features/instruction. More specifically, Cropley and Cropley (2008) discuss how to improve instruction for creativity based on different phases of the creative process; and several interventions investigate automatic measurement and support for creativity in educational technology (Huang et al., 2010; Muldner and Burleson, 2015; Hershkovitz et al., 2019; Israel-Fishelson et al., 2021; Kovalkov et al., 2021).

The proposed model can also be useful for educational researchers as a basis for study design, that is, which measures to include in a study and which connections to investigate. Finally, we hope to provide a starting point for the construction of artificial intelligence tools that measure and facilitate creativity, e.g., in intelligent tutoring systems. For example, one can use our model as an initial graph for a Bayesian network (Barber, 2012) or a structural causal model (Pearl, 2009). Such an implementation would permit probabilistic estimates for every variable and every individual student at every point in time, thus giving students and teachers a detailed view of creative developments and highlighting individual opportunities for higher creative achievement. We note that some approaches already exist which assess creativity in an educational setting, using AI components. For example, Muldner and Burleson (2015) classify high vs. low creative students from biosensor data, and Kovalkov et al. (2021) estimate the creativity of multimodal computer programs using regression forests.

Still, we acknowledge serious challenges in putting our model into practice. First, while we justified our nodes and edges via literature, we do not provide precise structural equations, as required by a structural causal model; nor probability distributions, as required by a Bayesian network. Any implementation needs to fill our model with “mathematical life” by making reasonable assumptions regarding connection strengths and the relation of incoming influences at each variable. Some of the following questions can help designers who aim to implement our conceptual model for a specific application scenario. Is the broader (social) context crucial in the scenario or are personal variables sufficient to model individual differences? Which knowledge domain is concerned and how can we measure domain-specific knowledge? Is a “generic” creativity affinity plausible in the scenario or is the contextual influence more important? Which aspects of a student's affective state are important for the scenario? Which theory of the creative process appears most plausible; e.g., a phase model or an “unordered model”? None of these questions is easy to answer and answers will require application-specific considerations. Nonetheless, the works cited in this paper can serve as inspiration.

Second, it is technologically challenging to implement a sufficient number of sensors (i.e., the orange nodes in Figure 1) to accurately estimate all latent variables (i.e., the blue nodes) in our model. Some sensors are domain-specific and thus need to be developed for any new domain, such as correctness, fluency, flexibility, and originality (Kovalkov et al., 2020). Further, some of the sensors raise privacy concerns, especially biosignals. As such, it may be pragmatically advisable to limit the number of sensors. However, fewer sensors mean that it may become impossible to estimate (some) latent variables with sufficient certainty. Accordingly, one also needs to consider whether to exclude/simplify some latent variables for pragmatic reasons.

Third, creativity is not value-neutral. If a system judges a student/product as more creative than another, this judgment is value-laden and should not be made lightly. This is especially critical as even a full implementation of our model is unlikely to capture the full richness of creativity, including elements of aesthetic beauty, surprise, and other hard-to-formalize dimensions (Runco and Jaeger, 2012). All that non-withstanding, we believe it is crucial to face the full complexity of creativity and to be explicit where we simplify the model to comply with practical constraints.

Beyond our existing model, further extensions may be useful in the future: First, our process model does not include cognitive load as explicit construct, which is a crucial variable for classroom instruction (Longo and Orru, 2022) and is likely related to creativity (Sun and Yao, 2012). Second, our current model is focused on individual creativity and does not explicitly include group work. If students work in groups, we need to copy the “person” and “process” plate in the model for every group member and draw additional arrows between the idea bundles of the group members, referring to their communication. Third, our model currently does not account for personal development over time. Such an extension would require a copy of the “person” plate for a next time step and drawing arrows from the creative product in the previous time step to the domain knowledge and creative affinity variables in the next time step.

Finally, we note that future work should validate our model beyond its utility as a distillation of the literature: In particular, empiric studies in education may reveal the actual strength of influence between variables; educational researchers should investigate whether the model can be used to assess instruction from the perspective of creativity; educators may validate the model's utility for teaching, and AIEd engineers may extend the model to a full-fledged computational model for practical applications. Such research does not only benefit our model but will deepen our understanding of creativity in education in its own right. As such, we hope that our model will form a symbiotic relationship with future research: being improved and revised by research, but also being useful as a conceptual tool to guide and support research.
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Footnotes

1 Not promoted by Guilford (1950), one should add; his paper already mentions that creativity research should investigate not only how to detect creative potential but how to ensure circumstances in which creative potential can be realized.

2 For brevity, we subsume intelligence tests under personality tests, even though that is inaccurate.
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“Creativity requires both originality and
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butis not sufficient. Ideas and products that

are merely original might very well be useless.
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“Creativity is the production of a novel and
appropriate response, product, or solution to
an open-ended task. Ultimately, a response
or product is creative to the extent that it is
seen as creative by people familiar with the

domain in which was produced.”
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person who comes up with it (P-crati
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Guilford proposed the concept of divergent
thinking and introduced 2 model to measure
divergent thinking, which can be used to measure
students’ divergent thinking skills in education i.e.,
fluency (the ability to produce a great number of
ideas or problem solutions); lexibility (the ability
to simultancously propose a variety of approaches
toa specific problem); originality (the ability to

produce new, original ideas); elaboration (the

ability to systematize and organize the details of an
idea in a head and carry it out).

Torrance’s theory involved tests of divergent
thinking and other problem-solving skills
measured on four scales: Fluency, Flexibility,
Originality, Elaboration, to identify strong areas

and gaps in information during students'learning.

Works produced by students during learning can
be assessed for their creative nature based on both
originality of the students’ work and effectiveness

or the value it holds.

Amabile’s theory suggests there are four main
components influencing creativity which can be
realized in education as well. i.¢., domain-relevant
skills, creativity-relevant processes (cognitive and
personality processes conducive to novel
thinking), and task motivation, and the social
environment.

In education, P-creativity is related to learning
(the student understands something they did not
before). H-creativity can be applied by switching
the reference group to “the classroom” instead of

“the human race”.





OPS/images/feduc-07-1033682-g003.gif





OPS/images/feduc-07-1033682-g004.gif





OPS/xhtml/Nav.xhtml




Contents





		Cover



		A conceptual graph-based model of creativity in learning



		1. Introduction



		2. Background and related work



		2.1. Prior reviews on creativity



		2.2. Artificial intelligence and creativity



		2.3. Artificial intelligence for creativity in education







		3. Literature search



		4. A conceptual graph-based model of creativity



		4.1. Place



		4.2. Person



		4.3. Process



		4.4. Product







		5. Discussion and conclusion



		Author contributions



		Funding



		Conflict of interest



		Publisher's note



		Footnotes



		References

















OPS/images/cover.jpg
& frontiers | Frontiers in Education

A conceptual graph-based
model of creativity in learning





OPS/images/feduc-07-1033682-g001.gif





OPS/images/feduc-07-1033682-g002.gif









OPS/images/crossmark.jpg
(®) Check for updates





OPS/images/logo.jpg
& frontiers | Frontiers in Education





