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A B S T R A C T   

A key question in creativity research concerns whether creativity is best understood as domain-specific or 
domain-general (Baer & Kaufman, 2005). Yet, the literature is plagued with insufficiently defined notions of 
domain specificity and generality of creativity. For example, researchers have alternatively discussed domain- 
generality as either a positive manifold (i.e., positive interdomain correlations), or as a unidimensional factor 
model (e.g., Ivcevic, 2007), without acknowledging the difference or providing a justification for their particular 
choice. We argue that there are diverse ways to conceptualize domain generality and specificity, with different 
implications (Kan et al., 2019). We propose to unscramble confusions in the literature by defining taxonomy of 
models that imply a general factor, domain specific factors, both, or neither. We review statistical frameworks 
used to test and compare them, examine their implications, and invite creativity researchers to clarify how they 
conceptualize and formalize generality and specificity in their research. 
Statement of educational relevance: A clear representation of how creativity is structured across domains is 
fundamental to the understanding of how creativity is to be learned and trained. Notably, the existence of a 
general creativity implies that creativity might be learned and trained in general (i.e., across multiple domains), 
while domain specificity implies that it might be learned primarily at the domain (or subdomain) level. Beyond 
the traditional framing of this question as a dichotomy or continuum of generality-specificity, we argue that there 
are in fact many types of conceptual and statistical models for understanding the structure of creativity across 
domains, which have different implications.   

1. Introduction 

One of the great debates in creativity research concerns the structure 
of creativity across domains: Is creativity domain general or domain 
specific? For example, does a person's musical creativity tell us about 
their literary or scientific creativity? Is there such a personal charac
teristic as general creativity? Our aim with the current paper is not so 
much to directly address this question – there are already comprehen
sive and up to date accounts of the state of theory and empirical research 
on the topic (Baer, 2015; Kaufman et al., 2017). Instead, we want to 
discuss lacks and discrepancies in the definition of the problem itself. 
More specifically, we argue that domain generality – and thus neces
sarily its (seemingly) opposite proposition, domain specificity – are not 
sufficiently defined, and that this lack of clarity prevents well-defined 
hypotheses to be tested empirically and discussed theoretically. Our 
objective is threefold: 1) to pinpoint the lack of clarity in definitions of 

domain generality and specificity, 2) to propose a clearer approach by 
defining by a set of empirically testable models that represent different 
theoretical hypotheses, and 3) to discuss frameworks that may allow to 
test these models and compare them. In the remainder of this intro
duction, we will present first the domain generality-specificity debate 
and its relevance to creativity research. 

1.1. One of the great debates of creativity research 

The domain-generality-specificity debate is a key debate in creativity 
research. We could probably trace its origin in the first research that 
considered whether creative and artistic abilities are separate from other 
forms of mental ability (e.g., Binet, 1908). Debates on the domain 
generality of creativity have been linked from the start to similar debates 
on the general factor of intelligence. For example, the (hypothetical) 
general factor of intelligence is commonly referred to as g, and the 
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(hypothetical) general factor of creativity is sometimes referred to as c 
(Baer, 2012). In intelligence research, debates on the existence of g have 
also been central for over a century (e.g., Spearman, 1904) and are still 
vivid (Van Der Maas et al., 2006). 

More generally, the question of whether a general psychological 
attribute can explain most of the behaviors of a domain (e.g., academic 
achievement, creativity, job performance) is central to many fields of 
psychology. For example, if we examine the debate on general intelli
gence, we find that the main theoretical implication of a potential 
general factor is its very study and discussion. Indeed, if there is no 
general intelligence, there is no study to be made of it, and the term itself 
might disappear, to the benefit of a study of other specific attributes – 
those referred to as primary (mental) abilities in the famous Thurstone- 
Spearman debate (Spearman, 1939; Thurstone, 1938). In other words, 
debates on the existence of a general factor shape how a domain of in
dividual attributes is studied (how we study its relations with its pre
dictors, how we study its outcomes, how tests are constructed and 
analyzed, etc.). 

1.2. Implications for measurement 

Much like in other fields, the domain general-specific debate has 
important implications for the measurement of creativity. On a practical 
level first, the domain generality of creativity is a base assumption in 
many general models of personality or vocational interests. For example, 
measures of openness often comprise facets or communalities of items 
referring to individual characteristics such as imaginativeness and 
aesthetic appreciation (Christensen et al., 2019), but these facets, 
although more specific than openness, remain general in terms of 
creativity domains (e.g., there is no musical imagination or literature 
appreciation facet). Likewise, Holland's (1997) model of vocational in
terests discusses and measures one's Artistic (A) inclination in general. If 
there is no such thing as general creativity (or general artistic creativity), 
then such measures would be measuring an inexistant construct. Second, 
some degree of domain generality is assumed in most measures of 
creativity themselves (e.g., Barron & Welsh, 1952; Mednick, 1968; 
Torrance, 1966), which do not necessarily measure creativity in general, 
but still often purport to measure at least some relatively broad domain 
of creativity (e.g., figural creativity, musical creativity). 

Other researchers have regarded general creativity as a collection of 
behaviors that are viewed – and perhaps only socially constructed 
(Westmeyer, 1998) – as creative. This is the idea that creativity may 
exist as a domain of behavior, but not as an explanatory variable. This 
view has important implications for measurement, as both classical and 
modern test theory relies on the causal theory of measurement, which 
would then be rejected. General creativity measurement (or perhaps 
scoring is here a more appropriate term) might still however be possible, 
through using some form of weighted composite score (e.g., Christensen 
& Golino, 2021). 

However, from a conceptual viewpoint, the most common psycho
metric procedures (e.g., factor analysis, item response theory, sum/ 
average scoring, Cronbach's α) are based on the causal theory of mea
surement – i.e., reflective measurement – according to which latent, 
unobserved person attributes are assumed to cause behaviors (i.e., item 
scores) (Markus & Borsboom, 2013). Consequently, if such an attribute 
as general creativity is hypothesized to exist as an explanation for cre
ative behaviors, then it is conceptually consistent to attempt to build 
measurement devices that will allow to infer a person's general crea
tivity. Such instruments would require generating items with minimal 
domain specificities or that cover domains broadly enough – either 
through some form of latent variable modeling (e.g., traditional factor 
analysis, item-response theory modeling), or through the classical test 
theory set of axioms (i.e., through sum/average scoring). Conversely, if 
we do not assume such an explanatory factor to exist, attempting to 
estimate a person's general creativity becomes conceptually inconsis
tent; we would be attempting to measure an attribute that we posit does 

not exist. Thus, one might abandon measuring general creativity and 
measure creativity at the level(s) at which one posits that a common 
factor exists instead. 

We shall note here that a number of psychometric and conceptual 
advances – such as the bifactor model (Holzinger & Swineford, 1937; 
Reise, 2012), multi-trait multi-method models, and latent state-trait 
models (Steyer et al., 1999) – allow general/stable aspects of an attri
bute to be measured while specific/state aspects are accounted for. 
These methods have notably been used in creativity research (Barbot 
et al., 2016; Zandi et al., 2022), which has demonstrated that creativity 
in general can be modeled and estimated, while domain effects are also 
modeled and estimated (and controlled for). From these different ap
proaches, we can conclude that, if the presence of a general creativity 
latent explanatory variable may be a necessary assumption to measure 
general creativity, it does not imply that domain specificities cannot be 
accounted for and measured within the same model. 

1.3. Implications for trainings and intervention research 

Beyond measurement, there are also implications of the general- 
specific debate for research and practice. As Baer (2012) noted, crea
tivity trainings are largely based on the assumption that general crea
tivity exists. Indeed, creativity trainings usually focus on a limited 
number of domains, and therefore usually assume that the enhanced 
skills resulting from the training will permeate into creativity in other 
aspects. Yet, if creativity tasks or domains are independent, then at
tempts to train creativity as a whole would instead require to provide a 
training for every possible domain of creativity. Further, the inquiry of 
how individual differences, motivational aspects and environmental 
factors influence creativity would be impacted. If a general creativity 
factor exists, then these factors could be studied as having effects on 
creativity in general, which then would impact creative behaviors. But, 
if general creativity does not exist, then the individual and situational 
factors that play a role in creativity would in fact need to be studied 
separately for each domain. The specialization-differentiation hypoth
esis (Barbot & Tinio, 2015) has for example been presented as an 
alternative explanation for correlations between some creativity tasks, 
that does not rely on a general creativity factor, but instead, on the 
activation of skills from specializing in a domain. According to this 
hypothesis, resources specific to a particular creative domain can, to 
some extent, transfer to domains with similar task demands, which 
would explain positive correlations across creativity domains without 
necessitating the existence of a general creativity factor. 

1.4. A multilevel and complex question 

The generality-specificity debate is relevant at different levels of 
creativity. For example, zooming in on domains and subdomains, one 
may discuss if there is such an attribute as general creativity, as general 
artistic creativity, as general musical creativity, as general jazz music 
creativity, or as general piano jazz music creativity. Certainly, the 
generality-specificity debate receives most of its spotlight when it comes 
to a general c factor, but it is in fact just as relevant (although perhaps 
not as important) at different levels of inquiry within the field of crea
tivity psychology. The Amusement Park Theory (APT; Baer & Kaufman, 
2005), for example, provides a description for how these different levels 
(general creativity requirements, general thematic areas, domains, 
micro-domains and tasks) are articulated and interweaved. 

We shall note here that researchers (Plucker & Beghetto, 2004) have 
rejected the dichotomy and advocated for a more hybrid position be
tween generality and specificity, on the account that, in any case, the 
components involved in creativity themselves have domain general and 
domain specific aspects. Consequently, the problem of generality- 
specificity would then not appear as a dichotomy, but rather as a con
tinuum from fully domain general (i.e., no specific factors) to fully 
domain specific (i.e., no general factor). Further, it has been advanced 
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(Stevenson et al., 2021) that creativity fundamentally requires intelli
gence (which can be used in several domains) and expertise (which is 
domain specific), which explains how creativity is probably both general 
and specific at the same time. 

The problem however is that even if we accept that creativity may 
best be trained or measured as both general and specific (and thus 
decide that the general/specific debate is an archaic dichotomy that 
should be avoided), this does not automatically lead to optimal training 
strategies, nor measurement methods. For this, some kind of theory- 
based decision on how creative potential and behaviors are conceptu
ally structured is crucial. That is, an explicit measurement model is vital 
(Borsboom, 2006). We argue that, a non-decision, albeit conceptually 
reasonable, remains hardly operationalizable for measurement and 
research purposes. 

2. The confusing definitions of domain generality-specificity 

As mentioned above, to optimally study the causes and antecedents 
of creativity and/or its specific domains requires a theory-based decision 
on whether the items/tasks measured in a study should be conceptual
ized and statistically modeled as domain general or domain specific. It 
goes without saying that different decisions on conceptualization and 
modeling can result in different conclusions. Unfortunately, as we will 
see, researchers are often not very explicit in such decisions and they 
often implicitly use various underlying assumptions for how domain 
generality and specificity in creativity manifests itself in the data 
structure. In what follows, we will discuss how in the literature crea
tivity researchers hold various implicit definitions of domain generality 
and specificity, and how those definitions guide their research approach. 

In most contemporary research in creativity that discusses the issue, 
domain generality is defined through its prediction of “positive corre
lations among the levels of creativity exhibited by individuals in 
different domains” (Baer, 2012, p. 19). Domain specificity being 
considered as the opposite of domain generality, it then predicts the 
opposite, meaning no (or low) correlations (Baer, 2012; Ivcevic, 2007). 
Evidently, this definition of domain generality is based on the eventual 
empirical consequences of what is defined. Indeed, if there is such a 
thing as domain general creativity, then it would imply that creative 
behaviors should be correlated across domains, and therefore observing 
creative behaviors being correlated across domains would indicate the 
existence of domain creativity. For this reason, in the remainder of the 
article, we refer to this as a consequentialist definition of domain- 
generality/specificity. The consequentialist approach defines domain 
generality as a positive manifold (Bartholomew et al., 2009; Van Der 
Maas et al., 2006) phenomenon. The positive manifold, a term generally 
used in research on g, refers to the presence of (positive) correlations 
among tasks/items/domains. Here, translating to creativity, the positive 
manifold would manifest itself as correlations between creativity mea
surements across domains. Domain general creativity is – according to 
the consequentialist definition discussed in this section – defined as that 
which produces (or would produce) a positive manifold of creative 
behaviors. 

One explanatory hypothesis for a positive manifold phenomenon is 
the existence of a common explanatory factor of the tasks/items/do
mains (although we will later explain that it is only one of the possible 
explanations). However, a positive manifold may also appear from one 
or several common causes that we important during the development of 
a particular expertise but cease to be important over time. Consider how 
general cognitive abilities are essential for acquiring domain-specific 
knowledge and skills. However, once an individual achieves a certain 
level of expertise, the importance of these general abilities in fostering 
creativity could diminish. Then, a positive manifold of creative behav
iors may appear because of how the expertise was acquired, but these 
behaviors may not have a substantial common cause anymore. 

Nevertheless, we note that most researchers are trained – if not hard- 
wired – whenever they see a positive manifold (generally represented in 

a correlation matrix with mostly positive correlations between items/ 
tasks), to proceed to some application of a common factor model, which 
assumes that an unobserved (i.e. latent) attribute causes responses to the 
tasks or items. This assumption is relatively explicit in the factor analytic 
and the item response theory modeling traditions, but is in fact also 
made, albeit implicitly, when using more routine procedures, such as 
Cronbach's alpha or sum/average scoring. In fact, this assumption is so 
omnipresent that it is frequently assumed (again, not necessarily 
explicitly) without prior testing (Borsboom, 2006). Like many psycho
metric decisions (Borsboom, 2006; Myszkowski & Storme, 2019), this 
“default” assumption is generally made to satisfy practical imperatives 
(e.g., computing scores, estimating reliability) – and this is certainly not 
specific to creativity research. 

Although it is hard to trace its origins, it is possible that the conse
quentialist definition of domain generality is more of an involuntary 
approximation than an intentional definition. Summarizing the question 
of domain generality to positive correlations might simply be the 
symptom of a more general reluctance of researchers to understand and 
investigate the structure of tests and test batteries, perhaps due to some 
discomfort in certain psychometric techniques – which is not specific to 
creativity research (Borsboom, 2006) – or some concern regarding their 
outcomes (e.g., poor fit indices) or feasibility (e.g., low sample size, 
software unavailability). This is unfortunate, because, as we will next 
discuss, a positive manifold often suggests that there is some structure 
underlying the task scores, but it does not (at least directly) show pre
cisely what the exact nature of this structure is. It may be the common 
factor model, but not necessarily. 

More recently, a number of researchers have been more explicitly 
using a factor analytic approach to the problem, to directly identify the 
statistical cause of potential correlations between creativity tasks (e.g., 
Qian et al., 2019). Since this approach specifies domain generality as a 
common explanatory attribute that causes creative behaviors, this could 
be called a causalist definition of domain general creativity. In this 
approach, if domain-general creativity exists, one should be able to 
identify a single explanatory attribute that explains a complete set of 
creative behaviors (i.e., item scores). In other words, evidence for 
domain generality is tied here more explicitly to whether a general 
latent attribute realistically causes creative behaviors – which may be 
approached theoretically, empirically, or both. It is effectively a direct 
application of the causal theory of measurement. In practice, evidence to 
support domain generality would be found through some method of 
factor analysis (e.g., exploratory factor analysis, confirmatory factor 
analysis, item-response theory modeling) indicating that a single factor 
is a plausible explanation for creative behaviors across domains. 

Unfortunately, although the factor analytic approach in theory al
lows testing richer conceptualizations of creativity, a lot of the research 
that addresses domain generality / specificity of creativity tends to test 
for the presence of a single latent factor structure – possibly comparing 
such a structure with a correlated domain factors model – disregarding 
potentially more complex structures, such as structures that combine 
domain specificity with domain generality (i.e., bifactor models). 
Although more in line with our proposition to use a modeling approach, 
studies often fail to consider the full spectrum of possibilities. For 
example, second order factor models (e.g., Kapoor et al., 2021) and/or 
bifactor models (e.g., Kapoor et al., 2021; McKay et al., 2017) may not 
be investigated. The use of a narrow scope of models in the exploration 
of the structure of creativity may restrict the identification of potentially 
important factors or dimensions that contribute to creative behaviors, 
and lead to skewed conclusions and psychometric applications. 

2.1. The problem of equating a positive manifold with domain generality 

In the literature, there is an almost automatic equating of the positive 
manifold with a common factor, with both definitions often used 
interchangeably. For example, Ivcevic's definition (2007, p. 272), which 
is commonly referred to (Baer, 2012), bundles together the positive 
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manifold (“high intercorrelations”) and the common factor(s) hypoth
esis (“common set of psychological descriptors”). Certainly, the exis
tence of a common explanatory attribute (i.e., the causal definition) 
implies a positive manifold (i.e., the consequentialist definition): as Baer 
points out (2012, p. 19), “the theory that creativity is domain-general 
therefore predicts positive correlations among the levels of creativity 
exhibited by individuals in different domains”. In other words, a c 
domain-general factor would, indeed, lead to a positive manifold. 

So, where is the problem in interchanging the two definitions? In a 
nutshell, the existence of a positive manifold does not necessarily imply 
a general factor (Van Der Maas et al., 2006). In fact, a positive manifold 
may be observed both in the presence as well as in the absence of a 
general factor. Therefore, if a domain general factor is inferred directly 
from a positive manifold, then several alternate (and often plausible) 
explanations for the positive manifold are ignored. For example, several 
common latent factors may exist (instead of one) that may themselves be 
correlated (i.e., a correlated-factors model), leading to a positive 
manifold – a researcher observing positive correlations might in this 
case be looking at the manifestation of several specific factors. 

Another possible issue is that researchers may find themselves in the 
seemingly incongruent situation of observing a positive manifold but 
failing to observe a general factor. In this situation, a researcher or 
reader might either conclude that creativity is domain specific (because 
of the absence of a common factor), or conclude that creativity is domain 
general (because of the positive manifold), thus creating two contra
dictory interpretations of one result. Further, a positive manifold implies 
that creative tasks/domains influence one another, while a common 
factor model implies that the general factor is not caused by its mani
festations. Therefore, if one is to design a training, a positive manifold 
would imply that training a domain would tend to impact the others, 
while, assuming a common factor model, one would only alter creativity 
in other domains if they were training the general factor itself (and, 
consequently, its domains). Thus, the two definitions make different 
implications as to how trainings shall be designed or might work when 
they do. 

In addition, confusion regarding what defines domain generality 
(and its counterpart, specificity) leads to confusion about what an 
empirical result indicates or not. The stricter causal definition of domain 
generality invites researchers to conclude to research specificity more 
often than the more permissive consequentialist definition, because the 
common factor model is one among several explanations of a positive 
manifold. Finally, both the causalist and consequentialist definition 
insufficiently specify how general creativity (if any), domain specific 
factors and tasks are configured, and thus what they represent. For 
example, in the causalist definition (where general creativity is repre
sented as common factor), if one assumes that creativity is both general 
and specific, then one could imagine that the general factor is a common 
cause for domain-specific creativities, which themselves cause creative 
behaviors/items (e.g., McKay et al., 2017). But, alternatively, one could 
imagine that domain-factors cause behaviors/items, while general 
creativity (e.g., Myszkowski & Storme, 2021) – or perhaps specific 
abilities that themselves are caused by a common factor of creativity (e. 
g., Barbot et al., 2016) – directly cause(s) behaviors/items. In this 
example, the scores derived from these different approaches are not only 
different, but they also have different interpretations (DeMars, 2013). In 
the consequentialist definition, similar uncertainties occur. For example, 
if domain generality is retained per this definition, then one would 
expect a positive manifold, but should it be observed at the behavior/ 
item level, or at the domain level? 

3. Expanding the general-specific dichotomy: towards a 
modeling approach 

A possible solution would be for researchers to settle on a clear 
approach for what is specifically meant by domain generality, and what 
constitutes its evidence. In line with recent research involving various 

modeling approaches to generality and specificity (e.g., Barbot et al., 
2016; McKay et al., 2017), we argue that there are different ways to 
articulate domain generality and specificity, beyond a dichotomy or a 
continuum between generality and specificity. Instead, we argue that we 
should clearly define a set of plausible structural models that are 
empirically testable and comparable, and that represent relations (and 
non-relations) between observed tasks (i.e., measured creative behav
iors) and various factors (specific and general). Hopefully, evidence in 
favor of one or some of these models may help us more clearly articulate 
the relations between domain general creativity (if any), domain- 
specific factors and observable behaviors. 

Before presenting the model taxonomy, we shall note that, while we 
consider that we present here a clearer set of models that are plausible 
and interpretable than has been presented before, using statistical 
modeling alone to make decisions on the structure of a set of tasks is 
itself imperfect, notably for the reason that different models can be 
equivalent (for example, in structural equation modeling, a model with 
two correlated specific factors would be equivalent statistically to a hi
erarchical model). Thus, we want to clarify that we do not argue that 
statistical modeling itself is the only way to explore the structure of 
creativity (or of particular domains/subdomains), even though we think 
that it provides a clearer way to describe and investigate the structure of 
creativity than general-specific dichotomy. 

Below, we present these different models conceptually. The presen
tation of the different models assumes a usual measurement situation for 
creativity, with a number of tasks (i.e., item scores, behaviors) possibly 
indicated by domain-general creativity and/or specific factors. Impor
tantly, although we aim to provide an adaptable set here, but this set 
does not represent all measurement paradigms. For example, there may 
be situations involving rater effects, or more nested levels of generality- 
specificity to consider (e.g., general creativity, domain, subdomain and 
item), which we do not discuss here. 

To note, we present here structural models, not response models. 
Depending on the item characteristics, these models may notably be 
empirically examined from a traditional (i.e. linear) factor analytic 
framework (in general, using a structural equation modeling package), 
an item-response theory framework (in general, using an item response 
theory package) and/or general purpose latent variable modeling soft
ware. Also, we do not discuss the distribution of the latent variables 
involved. For simplification, and without loss of generality, we will as
sume tasks that yield continuous item scores that are well approximated 
by normal distributions, that potentially indicate latent factors that are 
themselves normally distributed, and we assume that all relations be
tween variables are linear. To note, for several instruments used in 
creativity research, this approximation may be largely inaccurate – such 
as, for example, for binary response scales (e.g., Mednick, 1968), for 
count responses (e.g., Myszkowski & Storme, 2021), or for some ordinal 
scales (e.g., Carson et al., 2005) – which may impact the feasibility of 
estimating a number of these models. 

There is nothing to be inferred from the order of presentation of the 
models, although we attempted to describe them from the simplest to 
the most complex. The models are presented (in relatively minimal 
forms, showing few items and domains) as path diagrams in Fig. 1. In all 
diagrams, task scores (e.g., an originality score at a figural divergent 
thinking task) are noted X1,X2, etc., general creativity (if any) is noted C, 
and domain facets or specific factors (if any) are noted D′,D′′, etc. 

3.1. Models with no specific or general creativity factor 

We will first discuss some models that do not assume the existence of 
latent explanatory variables for task scores. 

3.1.1. Independent tasks model (ITM) 
One first plausible model is a model where the item scores are 

completely independent from one another, and are not explained by any 
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common factor – specific or general. This model implies no effect from a 
general factor or specific factor, and thus does not assume the existence 
of any explanatory latent variable. This model is often a model of in
terest in confirmatory factor analysis, for the reason that it is tradi
tionally used as baseline model (i.e., worst model possible) for 

incremental fit indices (e.g., comparative fit index, Tucker-Lewis index). 

3.1.2. Correlated tasks model (CTM) 
In this model, all item responses are directly related to one another, 

and no item is explained by a specific or general factor. Again here, this 

Fig. 1. Diagrams representing the classification of models.  
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model does not assume the existence of any explanatory latent variable. 
However, in comparison with the previous model, this model suggests 
that a person's creativity for a given tasks affects (directly) their crea
tivity for all other tasks. This is also a model of interest in confirmatory 
factor analysis, in which it is the saturated model (i.e., best model 
possible, perfect fit), and the distance to this model is used for the 
computation of absolute fit indices (e.g., χ2 test, root mean square error 
of approximation). 

3.1.3. Variations 
We may imagine variations of this model. Notably, we may imagine a 

model in which certain task scores are related to one another, while 
some are not. In this model, a person's creativity for a given task may 
affect their creativity for some other tasks. Depending on the type of 
item, various methods may be used to estimate empirically which re
lations between tasks may be considered as spurious and which may not, 
and various methods may be used to interpret the outcome of this 
relation filtering process. In general, this set of tools falls under the 
category of network psychometric modeling (see Isvoranu et al., 2022 
for an introduction). 

3.2. Models with only specific factors 

In this section, we present models that assume the existence of spe
cific domain effects, represented by explanatory latent variables, but no 
domain general factor. 

3.2.1. Independent domains model (IDM) 
In this model, task scores are explained by a set of latent explanatory 

variables that represent specific factors, while the scores are locally in
dependent (i.e., uncorrelated). The specific factors are themselves un
correlated as well. Under the consequentialist definition, this model 
would be representative of domain specificity. 

3.2.2. Correlated domains model (CDM) 
Like previously, in this model, task scores are explained by a set of 

latent variables that represent specific factors with locally independent 
scores. Unlike previously, however, the specific factors are assumed to 
correlate with one another, instead of being independent. Under the 
consequentialist definition, this model, if it accurately represents some 
data, would present evidence in favor of domain generality. It would 
however not be sufficient if using a causalist definition of domain 
generality. 

3.2.3. Variations 
These models may be extended, notably by including certain local 

dependencies between tasks, which would typically be identified either 
from theory, using modification indices in structural equation modeling, 
or using a network model approach to specify a network of residuals 
(Epskamp et al., 2017). In addition, certain domains may be correlated 
while some are not, and similarly, these relations may be identified from 
theory (e.g., we hypothesize that certain domains are related because 
they are similar in some way), using modification indices, or using a 
network model approach (Epskamp et al., 2017). Finally, some domains 
may be thought to potentially affect tasks that are theoretically from 
another domain (e.g., a verbal domain factor could affect a scientific 
creativity task that involves writing a scientific report), and these re
lations (generally referred to as cross-loadings) may also be specified. 

3.3. Models with a general factor 

Finally, we present here a set of models that imply a general factor, 
whether they imply the existence of domain specific factors or not. 

3.3.1. Domain-general model (DGM) 
In this model, task scores are all, across domains, directly explained 

by a single explanatory latent variable. Under the causal definition of 
domain generality, this model, if empirically supported, supports 
domain-generality. 

3.3.2. Domain-mediated model (DMM) 
This model is a hierarchical model, in which specific domains explain 

the tasks, and are themselves explained by a general (second-order) 
factor. This model, if empirically supported, suggests the existence of a 
general factor, which predicts task scores indirectly through domain 
factors. Thus, here, domains serve as mediators for the effect of the 
general factor. In personality research terms, we could refer to domains 
here as facets of creativity. 

3.3.3. Domain-controlled model (DCM) 
This model is essentially a bifactor model (Holzinger & Swineford, 

1937; Reise, 2012) (also discussed as a multidimensional compensatory 
model in item response theory) where all tasks are explained by a 
common general factor, while each task is also explained by a specific 
domain factor. This model, if empirically supported, indicates the exis
tence of both a general factor and specific factors (under the causalist 
definition). Here, the general factor directly causes the task scores, while 
domain-specific factors are statistically controlled for (as opposed to 
being mediators in the previously discussed model). In other words, 
domains are represented as extraneous (i.e., nuisance, shared variance) 
variables. 

3.3.4. Variations 
Here, several variations may be imagined for these models. First, like 

explained before, one may explore potential local dependencies between 
the tasks themselves. Second, some correlations between specific factors 
may be explored as well. Third, cross-loadings may be used to represent 
domains that might influence the task of another domain. Like discussed 
previously, these modifications may be justified theoretically or be the 
result of empirical explorations (modification indices, exploratory factor 
analyses, network models, etc.). 

4. Comparing models empirically: frameworks and software 

Although we do not aim to provide a tutorial on estimating these 
models and comparing them empirically, we will briefly discuss how this 
might be achieved. First, it appears relatively clear, from the path dia
grams and the description, that a number of the models presented here 
include latent variables. Thus, the estimation of all of these models re
quires a modeling framework that can estimate latent variables. In 
addition, several latent variables need to be specified in some of these 
models. Further, because it is probably unrealistic – particularly in 
creativity measurement (Myszkowski & Storme, 2021) – to assume that 
latent variables will predict with equal strength all of their indicators 
(items or domains), a modeling framework that allows for freely esti
mated factor loadings (in classical test theory this is often referred to as a 
congeneric model, while in item-response theory the terms generalized 
and non-Rasch models are more common) is also required. At this point, 
candidate frameworks essentially include (generalized) structural 
equation modeling and item-response theory – which can be seen as 
different approaches to the same class of models (e.g., Mellenbergh, 
1994). 

In general, item-response theory software tend to be more focused on 
(large scale) test construction, and therefore it is frequent that, in this 
approach, a unidimensional model is aimed at and/or assumed from the 
start, or that the focus is more the choice of an appropriate response 
function (e.g., one-parameter logistic vs. two-parameter logistic) than 
the number of factors and their structure (which is the focus here). Thus, 
unfortunately, many item response theory modeling software packages – 
with exceptions (e.g., Chalmers, 2012) – are limited in the structures 
that can be investigated, and they also often tend to limit the possibility 
to add local dependencies. Conversely, the structural equation modeling 
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framework tends to focus more on factor structure and often easily al
lows to add local dependencies. Unfortunately, this may come at the cost 
of not always having many options in terms of item response distribu
tions and models, beyond linear/gaussian and logistic/binomial 
(Myszkowski, 2021). 

In spite of item response limitations, the (generalized) structural 
equation modeling framework easily allows to estimate and compare 
models, using various estimation methods and fit indices or comparison 
statistics, depending on the item distribution – in many cases (Gaussian 
and categorical outcomes), the “full range” of fit indices (comparative fit 
index, root mean squared error of approximation, etc.) is available, 
although fewer indices may be available for other distributions (e.g., 
Myszkowski & Storme, 2021). Once all models are specified, they can 
therefore be compared and ranked, and conclusions can be drawn from 
these model comparisons. 

We shall note that some of the variations of the models presented 
here require to explore and decide on retaining certain local de
pendencies (or correlations between factors) while discarding others (i. 
e., creating a sparse network of local dependencies). While there are 
some tools in structural equation modeling (and item response theory) 
that may be used here, such as using modification indices to respecify a 
model stepwise, it risks overfitting datasets. Currently, this process of 
selecting and discarding relations between variables is much more 
developed in the network psychometrics framework (Isvoranu et al., 
2022). Fortunately, the frameworks of latent variable modeling and 
network modeling tend to be more and more compatible (see Kan et al., 
2020, for example). 

5. Discussion 

Over the years, research on the domain generality of creativity has 
yielded mixed results. While a number of studies indicate that domain 
general cognitive processes, such as general mental ability (Kim, 2008), 
and domain general traits, such as openness (Feist, 1998), tend to 
positively predict creativity across domains, other studies have found 
that creative behaviors tend to not be well summarized with a single 
factor (e.g., Kaufman, 2012). Certainly, acquiring sufficiently wide- 
ranging evidence that would accurately quantify to what extent crea
tivity is general and to what extent it is specific is not easily feasible 
across all possible domains of creativity. However, our approach has 
important applications at the more local levels that many creativity 
researchers are interested in (e.g., at the level of a domain, a subdomain, 
or a particular study). What we offer is that in such applications re
searchers can consider a more complete array of possible models that 
conceptualize and formalize statistically the relations between different 
creative outcomes. Even though the scope of one particular study at a 
more local level of creativity may not allow much generalization, such 
studies can still advance the field by using a clear measurement model, 
and over time, with cumulative evidence, could still inform theory for
mation about how creativity is structured. We hope to have demon
strated that the array of possible models goes beyond discussing the 
general-specific dichotomy or continuum and has concrete applica
tions for creativity researchers. 

We advance here that the definition of what constitutes a case of 
domain generality or a case of domain specificity is unclear. The main 
reason, in our opinion, is that it is unclear whether a positive manifold (i. 
e., positively correlated creative behaviors) is a sufficient condition for 
domain generality, or whether evidence for an underlying (causal) 
latent variable (i.e., a general c creativity factor) is necessary. Impor
tantly, the former may exist without the latter (Kan et al., 2019; Van Der 
Maas et al., 2006), while creativity researchers regularly use the two 
arguments interchangeably. Further, as we are discussing simulta
neously domain-general creativity (i.e., c), domain-specific factors and 
creative behaviors themselves, the combination of these levels implied 
by the domain-general and the domain-specific hypothesis is vague. For 
example, does the domain-general hypothesis indicate that domain- 

specific factors are themselves caused by c, or does it indicate that c 
causes creative behaviors directly, controlling for domain specificities? 

We discussed how to solve these ambiguities by expanding the 
traditional general-specific dichotomy into a series of clearly defined, 
testable and comparable models, which represent different ways that 
one may interpret domain generality and/or domain specificity. We first 
defined models that do not assume the existence of domain general or 
specific factors – creative behaviors, directly reinforcing one another 
(independent tasks model, or ITM) or not (dependent tasks model, or 
DTM). Then, we discussed models that assume the existence of domain 
specific factors but not of a domain general factor – the independent 
domains model (IDM) and the correlated domains model (CDM). Finally, 
we discussed models with a domain general factor (C), where either the 
general factor explains creative behaviors with no domain specific factor 
(domain-general model, or DGM), the general factor explains creative 
behaviors through the domains (domain-mediated model, or DMM), or 
the general factor explains the creative behaviors, controlling for 
domain-specific factors (domain-controlled model, DCM). We then 
discuss how one may approach the comparison of these models, and 
notably explain the various requirements for testing these hypotheses. 
Currently, (generalized) structural equation modeling is likely the most 
flexible approach to test these different models, although network psy
chometrics might provide additional tools to explore variations of these 
models (especially regarding local dependencies and correlations be
tween latent variables), while multidimensional item response theory 
might provide more options in terms of item response models. 

Although researchers have discussed why creativity is probably 
partly both general and specific, they have mainly discussed how 
different levels of creativity are related to with one another conceptually 
(Baer & Kaufman, 2005; Plucker & Beghetto, 2004), but have not pro
posed how to translate these propositions into testable models. In other 
words, admitting creativity as both domain general and specific does not 
provide us with a clear measurement model that we can use to estimate 
(and thus, predict, and train) creativity and its domains. Although we 
did not solve this question here, we hope to have presented a clearer 
array of possibilities. While many of these models may be seen as 
compromises between domain generality and specificity, we think that 
the psychometric approach to the question which we provide here does 
not really use a sliding scale of domain generality vs. specificity. Instead, 
we present the two (generality and specificity) as not even mutually 
exclusive propositions, as our classification indicates that there are some 
models that support domain generality (in our opinion, these would 
simply be the models where there is a general factor), some models that 
support domain specificity (these would be the models with domain- 
specific factors), some models that support both simultaneously (with 
different roles of specific domains, as controls or mediators), and some 
models that do not support either (these would be the models with no 
general nor specific factors). For example, the psychometric model ul
timately selected by Kaufman (2012) indicates 5 domain specific factors 
explaining item scores and no general factor, which corresponds to the 
independent domains model. 

While we presented different types of models that can be used to 
study the structure of creativity across domains, it can be argued that, 
since both causalist and consequentialist definitions have been used and 
interchanged for domain generality (Ivcevic, 2007), and since these 
different definitions lead to generality being supported by a different set 
of models (for example, a correlated domains model presents domain 
generality per the consequentialist definition, but not per the causalist 
definition), then discussions (on a given dataset or in general) regarding 
the structure of creativity across domains should perhaps avoid the 
terminology of general and specific. Instead, we suggest that discussions 
and empirical investigations are more precisely specified as measure
ment models. It can be further argued that the terminology used in our 
model taxonomy, because it still employs “general” and “specific”, re
mains flawed. 

Although we present an approach to the general-specific question 
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that uses various structural models, it should be noted that this approach 
has some caveats that researchers should be mindful about. First, in 
many situations, some models may be easier to estimate on a given 
dataset than others. Notably, bifactor models (i.e., a domain-controlled 
model here) frequently fail to converge in estimation, or lead to anom
alous results that can cause interpretation issues (Eid et al., 2017). 
Second, there are several situations in which two types of models that 
are theoretically different could nevertheless be statistically equivalent 
and produce the same fit indices. This would be the case, for example, 
for a domain-general model with three tasks versus a correlated tasks 
model with the same three tasks. These two models would produce the 
same fit indices. Thus, there are situations in which two different 
theoretical models may not be empirically comparable. Further, it is 
probable that, in a number of datasets, several of the proposed models 
provide a good fit (e.g., if nested, they may not significantly differ in fit, 
and if non nested, they may have similar fit indices). In such situations, 
from a purely statistical – that is, data driven, perspective – one would 
have to retain several models, with possibly contradictory in
terpretations. Further, some models presented, because of their higher 
complexity, will necessarily have better fit than others (for example, the 
correlated domains model cannot be outperformed by the domain gen
eral model in terms of chi-square in a structural model). This calls for an 
approach to model fit that penalizes model complexity in some way, and 
that would therefore not automatically favor more complex models. 
Finally, beyond the models differing in structure, the interpretation of 
the latent factors that are estimated differs as a function of the model 
considered. Notably, specific factors in a bifactor model have a different 
interpretation than facets in a second-order (i.e., domain general 
model). Therefore, the meaning of what a general factor or what a 
domain factor is depends on the model considered. 

Another limitation of the approach presented here is that it focuses 
on creativity as generalizable (or not) across domains of application, but 
it does not address how different abilities and skills may be configured. 
For example, we did not discuss how abilities like divergent thinking and 
intelligence, as well as personality traits and acquired skills from 
expertise may be structured, nor if the same structure of abilities, traits 
and skills would be expected to manifest across domains. Thus, in a 
sense, we only present how a person's creative products may be struc
tured, leaving aside how a person's creative resources may be structured. 
In a given model, it is however possible to assume a particular config
uration for creative skills, traits and/or abilities in a particular way (e.g., 
with a hierarchical structure), while domain effects are controlled for (e. 
g., Barbot et al., 2016). 

As we pointed, general-specific debates may occur at different levels 
in creativity research. The taxonomy of models presented here may 
therefore be used differently in different contexts. For example, in a 
dataset with only artistic creativity tasks, we may consider artistic 
creativity to be a general factor, and subdomains of artistic creativity 
(music, painting, etc.) to be domains. Alternatively, in a dataset with 
artistic and non-artistic creativity tasks, we may consider artistic crea
tivity to be a domain. In situations where the two approaches are 
possible, researchers should carefully define and clarify what is intended 
to be the level of the general factor and the level of the domain factors on 
the basis of theory. 

Whether our classification is sufficiently exhaustive or not, we think 
that research on the topic still needs to progress in its methods and its 
theory. Regarding its methods, we propose that future research shall test 
a more extensive pool of candidate structural models, beyond simply 
acknowledging the presence or absence of correlations between items, 
or the goodness of fit of a unidimensional model. Regarding theory, 
much like in intelligence research (Kan et al., 2019), it appears to us that 
a mutualist perspective, where creative behaviors (or domains) would 
(at least to some extent) directly reinforce one another and create a 
positive creativity manifold – as opposed to being caused by a general c 
factor – is a perspective that remains largely unexplored, and that may 
explain why some creative domains or some creative behaviors might 

form clusters, without necessarily being caused by some more or less 
general latent attributes. 
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