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Abstract
Lee et al. (2019) recently proposed a number of quantitative modeling techniques and practices culminating with a recommendation for the creation of registered model reports. In addition to increasing transparency, trust, and robustness of modeling
practices, registered model reports seem likely to increase the visibility and dissemination of quantitative models to researchers
from other scientific disciplines (including other behavioral and non-behavioral sciences). In addition to the recommendations
proposed by Lee et al. (2019), interdisciplinary communication and collaboration will be improved if researchers include the
function of the quantitative model within registered model reports. Here, the function of a quantitative model refers to the
contexts (e.g., questions, data types) and goals (e.g., description, prediction, exploration) surrounding the scientist’s use of a
model. Explicitly specifying the function of a model will allow for more accurate and fair tests of quantitative models and
appropriate tests of model generalizability to novel research questions.
Keywords Quantitative analyses . Interdisciplinary collaboration . Verbal behavior . Language

I love quantitative modeling of behavior and I’m not a cognitive scientist. I admit to thoroughly enjoying the moment
where a curve defined by a simple equation snaps into place
on top of the data following parameter estimation (Nevin
2008). It is awesome (in all the original meaning of the word)
that the seeming complexity of an organism’s experience can
be described by quantitative relations between a few independent and dependent variables. My guess is that readers of this
journal feel a similar exhilaration when modeling.
Also, my guess is the readers of this journal use quantitative models for many different purposes. Thus, though I support the key ideas put forth by Lee et al. (2019), I would add an
additional recommendation that registered modeling reports
include the function of the researcher’s modeling behavior.
Creating registered reports of quantitative models developed
by cognitive scientists may increase the visibility of the
models as well as the frequency that non-cognitive scientists
(such as myself) contact the models. Explicitly stating the
function of a quantitative model may allow for the more accurate evaluation of quantitative models, easier tests of model
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generalizability, and more effective interdisciplinary communication and collaboration. I now turn to what is meant by a
functional description of modeling.

A Functional Description of Modeling
All models specify relations among dependent variables and
one or more independent variables. These relations are often
specified using words (verbal models) or mathematics (quantitative models). Verbal models have the benefit of interpretability to the mathematically uninclined or researchers from
outside the discipline where a model is derived. Quantitative
models have the benefits of increased precision in describing
phenomena, more specific predictions, easier falsifiability of
theory, and unification of diverse phenomena (Dallery and
Soto 2013).
Nevertheless, both words and mathematics are instances of
human behavior (Marr 2015), and all behavior has some function (Baum 2018)—some reason why the behavior occurs.
Thus, to really understand a quantitative model, researchers
also need to know the contexts in which it should (and should
not) be used, and the scope and type of answers that plausibly
result from using the model. The context, modeling behavior,
and modeling outcomes form a single, functional unit (Fig. 1).
Scientists cannot separate the use of a model to describe or
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Fig. 1 Visual model of a functional description of quantitative modeling.
Many aspects of quantitative modeling are influenced by the context and
outcomes that surround quantitative modeling. Modeling outcomes then
influence future instances of quantitative modeling. Registered model

reports are likely to have greater utility if they include the context (e.g.,
questions, data types) and intended outcomes (e.g., description,
prediction, exploration) for which a model was designed

interpret data, or the act of deriving a new model, from the
context and goals surrounding the behavior of modeling.

behavior at the individual level cannot be contained in
group-level descriptions (Regenwetter and Robinson 2017).
Similarly, delay discounting is a common finding where increasing the delay to some event (e.g., receiving money) reduces the present value of that event (e.g., Odum 2011). A
quantitative model of the relations between environmental
variables of delay, outcome amount, and individual behavior
has been robustly supported by research (e.g., McKerchar and
Renda 2012; Vanderveldt et al. 2016). But these descriptions
of environment-behavior relations at the individual level provide no indication of the neurobiological mechanisms of
discounting, nor provide a rationale for why delay discounting
differs between groups of people (e.g., between substance
users and non-users; Amlung et al. 2017).
The specific context and research goals in each scenario
above will likely influence the modeling behavior of the scientist. The scientists have found themselves with a particular
set of data, in a particular context, and seeking answers to a
particular question. Explicitly identifying the context and outcomes sought (or plausible) is important because the particular
function of modeling may change: what constitutes “good
modeling practices,” appropriate evaluation of a model, appropriate attempts to generalize a model, how free-parameters
are interpreted, the conditions in which a model should be
compared to data, and which models can be legitimately
compared.

Some Factors That May Influence
the Function of Modeling
The function of quantitative modeling can vary depending on
the question. Lee et al. (2019) note they tend to focus on
psychological models where parameters can be interpreted
as unobservable constructs. This differs from measurement
models aimed at developing probability estimates of psychological processes and tests of model assumptions (e.g.,
Erdfelder et al. 2009). Both of these functions differ from
quantitative modeling in my research focused on descriptions
of environment-behavior relations, interpretation of controlling variables at the environment-behavior level (Moore
2015), and how parameters within these models are
interpreted (MacCorquodale and Meehl 1948). All three functions described thus far differ from a fourth function of quantitative models in maximizing predictive accuracy (e.g., some
machine learning and statistical models; Durstewitz et al.
2019; Walsh et al. 2018; Zhou et al. 2018). Finally, all of these
differ from a fifth function identified by Lee et al. (2019) in
exploratory modeling and attempts to learn some new relationship between variables in collected data.
The function of quantitative modeling can also vary depending on the object and level of study. For example, quantitative models may focus on describing behavior at the group
level or at the individual level (Regenwetter and Robinson
2017). This distinction is important. For example, cumulative
prospect theory is used to describe the choice between two
risky alternatives, and estimated group parameters often indicate that a majority of participants overweight small probabilities for gains (Tversky and Kahneman 1992). But it would be
absurd to say quantitative models that describe a proportion of
participants also describe individual responding. By definition, a proportion of a sample means that some participants
are not engaged in the same processes and an account of

Some Benefits of Including Modeling
Function in Registered Modeling Reports
Quantitative modeling can be difficult and researchers may
read broadly outside their home discipline for inspiration,
helpful tools, and novel approaches. For example, Newton’s
laws of motion were used as inspiration to study and model
changes in operant behavior (e.g., Nevin et al. 1981, 1983;
Hubbard 2017). A model that describes how individual members of a group of conspecifics distribute across patches with
different resource densities (e.g., Fretwell and Lucas 1970;
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Kraft et al. 2002) bears a striking similarity to a model that
describes how individual responses in an organism’s behavioral repertoire distribute across response options with different reinforcer densities (e.g., Herrnstein 1961, 1970). And,
models that identify patterns of optimal decision-making can
aide our understanding of where and how humans behave suboptimally (e.g., Chaturvedi et al. 1993; Kolodner 1991; Meyer
et al. 2014). In addition to inspiration and translation to novel
domains, some researchers are bridging modeling domains in
hybrid fashion such as using machine learning to guide cognitive modeling (e.g., Agrawal et al. 2019) or learning cognitive models using machine learning (e.g., Chaplot et al. 2018).
Creating registered modeling reports will likely increase
the accessibility and dissemination of quantitative models
from a variety of disciplines. The languages of mathematics
and computation (Marr 2015) provide a common language for
researchers with varied backgrounds and experiences to communicate about the world and take advantage of the work
conducted in other scientific domains. Additionally, the human ability of metaphors (e.g., Skinner 1957; Stewart and
Barnes-Holmes 2001) may allow researchers to draw connections and analogies between a model from one discipline and a
phenomenon from their own discipline. As demonstrated
above, this can lead to tremendous benefits for a scientific
domain when done well.
But shared language and metaphor can be a double-edged
sword. On one hand, shared language may allow models to be
easily used in novel settings which may aid direct tests of
prediction and generalization of models to novel problems.
On the other hand, without understanding the function and
underlying assumptions of a model, it may be used inappropriately and falsely rejected as ineffective. Researchers from
varied disciplines are more likely to fairly test and generalize a
model if a registered model report includes information on the
function of the model, the conditions under which it performs
well, the conditions under which it performs poorly, and what
models serve similar functions and can be used for legitimate
comparison. One can envision a future where a variety of
behavioral, cognitive, and artificial intelligence models are
catalogued in a single location based on function and with
links to relevant tests of validation and generalization.
Researchers and industry professionals could then peruse
and identify the most appropriate model based on the context
and goals of their research question, explore related families of
models from multiple scientific disciplines, and extend past
research in novel directions—all classified by a model
function.

Conclusion
I enthusiastically support the key ideas set forth by Lee et al.
(2019). I agree that preregistering models, postregistering

models, undertaking detailed evaluations of models, and creating registered model reports will likely improve the transparency, trust, and robustness of quantitative models describing human and non-human behavior. Importantly, registered
model reports seem likely to bring researchers from noncognitive science disciplines into greater contact with the
quantitative and computational models derived by cognitive
scientists. These researchers may be seeking inspiration, tools,
or approaches to help solve problems in their own disciplines.
Thus, to the recommendations set forth by Lee et al. (2019), I
add a suggestion to include explicit statements of the function
of quantitative models in registered model reports. Including
the function of the quantitative model relative to the type of
question and object of study will aide in effective interdisciplinary communication and collaboration, and also will allow
for accurate and fair tests of model prediction and generalizability to novel research questions beyond the model’s original function.
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