
to analyze and interpret them (Kukla, 1989). Furthermore, pace
Yarkoni, theory cannot be read off of empirical data: theory
needs to be developed, which requires a set of skills different
from that of the experimenter. Like many other sciences, psychol-
ogy needs specialized theorists whose work visibly contributes to
experimental research (MacKay, 1988).

Let us close by calling attention to important similarities
between the generalizability crisis and the replication crisis.
Both have been with us for quite some time and both involve
widespread violation of fundamental and well-known principles
of scientific investigation. It is fairly obvious, for example, that
the findings of a single small study may very well be false pos-
itives, especially after some p-value hacking. It is equally obvi-
ous that the inferences we draw from obtained data should be
warranted. Arguably, researchers do not need Yarkoni to edu-
cate them about the need for conservative conclusions: they
know the rules – they just do not follow them. This suggests
that we should explore measures focused on changing the
research culture (Nosek, Spies, & Motyl, 2012). But although
many practices advocated by the open science movement,
such as data sharing and improved quality of reporting
(Hensel, 2020; Miłkowski, Hensel, & Hohol, 2018), can help
to enhance both reproducibility and generalizability (the latter,
by enabling high-quality re- and meta-analysis), it is also nec-
essary to strengthen theorizing and work toward consistently
incorporating theoretical results into experimental research.
Without that, psychology will be a headless rider doomed to
face ever new crises.
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Abstract

Improving generalization in psychology will require more expan-
sive data collection to fuel more expansive statistical models,
beyond the scale of traditional lab research. We argue that citi-
zen science is uniquely positioned to scale up data collection
and, that in spite of certain limitations, can help to alleviate
the generalizability crisis.

Yarkoni argues that common statistical practices in psychology
fail to quantitatively support the generalizations psychologists
care about. This is because most analyses ignore important
sources of variation and, as a result, unjustifiably generalize
from narrowly sampled particulars.

Is this problem tractable? We are optimists, so we leave aside
Yarkoni’s suggestions to “do something else” or “embrace qualita-
tive research,” and focus instead on his key prescription: the adop-
tion of mixed-effects modeling to estimate effects at the level of a
factor (e.g., stimulus), to be interpreted as one of a population of
potential measurements, licensing generalization over that factor.

Yarkoni is correct that far too few studies do this. In our field
of the psychology of music, many inaccurately generalize, for
example, from a single musical example to all music; or from a
set of songs from a particular context (e.g., pop songs) to all
songs; or from the music perception abilities of a particular subset
of humans to all humans.

Consider the “Mozart effect”: a notorious positive effect of
listening to a Mozart sonata on spatial reasoning that was over-
generalized to “all Mozart” and eventually “all music.” While
replicable under narrow conditions, the original result was, in fact,
specific to neither spatial reasoning, Mozart, nor music generally –
the effect was the result of generic modifications to arousal and
mood (Thompson, Schellenberg, & Husain, 2001).

Modeling random effects for stimuli and other relevant factors,
however, brings with it a substantial challenge: researchers will
need far more stimuli and participants, sampled more broadly
and deeply, and with far more measures, than is typically practi-
cal. Psychologists already struggle to obtain sufficient statistical
power for narrowly sampled, fixed-effect designs (Smaldino &
McElreath, 2016).
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How, then, can we alleviate the generalizability crisis? We
think citizen science can help.

Citizen science refers to a collection of research tools and prac-
tices united by the alignment of interests between participants and
the aims of the project, such that participation is intrinsically moti-
vated (e.g., by curiosity in the topic) rather than by extrinsic factors
(e.g., money or course credit). The results are studies that cheaply
recruit thousands or even millions of diverse participants via the
internet. Studies take many forms, ranging from “gamified” experi-
ments that go viral online, such as our “Tone-deafness test” (current
N > 1.2 million; https://themusiclab.org); to collective/collaborative
field reporting, such as New Zealand’s nationwide pigeon census
(the Great Kererū count, https://www.greatkererucount.nz/).

The potential of citizen science is staggering. For example, the
Moral Machine Experiment (Awad et al., 2018) collected 40 mil-
lion decisions from millions of people (representing 10 languages
and over 200 countries) on moral intuitions about self-driving
cars. Such massive scale enabled the quantification of cross-coun-
try variability in moral intuitions, and how it was mediated by
cultural and economic factors particular to each country, with
profound real-world implications.

Further, when citizen science is coupled with corpus methods,
generalizability across stimuli can be effectively maximized. We
previously investigated high-level representations formed during
music listening, by asking whether naïve listeners can infer the
behavioral context of songs produced in unfamiliar foreign socie-
ties (Mehr et al., 2018, 2019). Each iteration of a viral “World
Music Quiz” played a random draw of songs from the Natural
History of Song corpus, a larger stimulus set that representatively
samples music from 86 world cultures.

As such, the findings of the experiment – that listeners made
accurate inferences about the songs’ behavioral contexts – can be
accurately generalized (a) to the populations of songs the stimulus
subsets were drawn from (e.g., lullabies); (b) more weakly, to
music, writ large (insofar as the subpopulations of songs repre-
sented by those categories sample from other categories); and
(c) to the population of listeners from whom our participants
were drawn (i.e., members of internet-connected societies). All
of these factors can be explicitly modeled with random effects.

The same reasoning applies to studying subpopulations of par-
ticipants (measured in terms of any characteristic) and even subsets
of corpora. For example, in a study of acoustic regularities in infant-
directed vocalizations across cultures, we model random effects of
listener characteristics, speaker/singer (i.e., the producers of the
stimuli) characteristics, and stimulus categories of interest (e.g.,
infant-directed vs. adult-directed speech). This is only possible
with large datasets (in our case, nearly 1 million listener judgements;
Hilton, Moser, et al., 2021). Other under-used analyses also become
more practical with big citizen-science data, including radical ran-
domization (Baribault et al., 2018), prediction with cross-validation
(Yarkoni & Westfall, 2017), and matching methods for causal infer-
ence (Stuart, 2010).

Citizen-science methods are limited, however, by the need to
factor in participants’ interests and incentives; the need to avoid
factors that might dissuade participation (e.g., clunky user inter-
faces, boring time-consuming tasks), which can require graphic
design and web development talent for “gamification” (e.g.,
Cooper et al., 2010); the risks of recruiting a biased population
subset (i.e., those with internet access; Lourenco & Tasimi,
2020); and the trade-offs between densely sampling stimuli
across- versus within-participants, given the typically short dura-
tion of citizen-science experiments.

Indeed, while our efforts to recruit children at scale online via
citizen science show promising results (Hilton, Crowley de-
Thierry, Yan, Martin, & Mehr, 2021), rare or hard-to-study pop-
ulations may be difficult to recruit en masse (cf. Lookit, a platform
for online research in infants; Scott & Schulz, 2017). As Yarkoni
notes, alternative approaches like multisite collaborations (e.g.,
ManyBabies Consortium, 2020) could be calibrated to maximize
generalizability across stimuli rather than directly replicating
results with the same stimuli.

All that being said, thanks to a growing ecosystem of open-
source tools (e.g., de Leeuw, 2015; Hartshorne, de Leeuw,
Goodman, Jennings, & O’Donnell, 2019; Peirce et al., 2019); the
availability of large-scale, naturalistic corpora from industry part-
ners (e.g., Spotify Research; Way, Garcia-Gathright, & Cramerr,
2020); and calls for collaborative, field-wide investment in citizen-
science infrastructure (Sheskin et al., 2020) – addressing these
limitations has never been easier.

As such, we think that citizen science can play a useful role as
psychologists begin to address the generalizability crisis.
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Abstract

Yarkoni’s paper makes an important contribution to psycholog-
ical research by its insightful analysis of generalizability. We sug-
gest, however, that broadening research practices to include field
research and the correlated use of both converging and comple-
mentary observations gives reason for optimism.

We agree with Yarkoni’s thesis that there is a “generalizability cri-
sis” and that the mapping between verbal theoretical constructs
and measures and models is the source of many difficulties. In
particular, the limited variation in procedures, stimuli, contexts,
and measures represents a significant challenge to generalizability.
Yarkoni summarizes these concerns by suggesting that “a huge
proportion of the quantitative inferences drawn in the published
psychology literature are so weak as to be at best questionable
and at worst utterly nonsensical.”

Although Yarkoni’s arguments are compelling, we don’t fully
agree with the somewhat gloomy picture he paints. The generaliz-
ability crisis creates something of a paradox: If generalization
claims are on such shaky grounds, why is it that many phenomena
are so robust that they make for reliable classroom demonstrations
and/or have been shown to have substantial practical significance?

With respect to the former, examples include a number of
judgment and decision biases identified and analyzed by
Kahneman, Tversky, Fischhoff, Slovic, Loewenstein, Weber, and
others (e.g., availability heuristic, loss aversion, framing effects,
quantity insensitivity). With respect to the latter, Cialdini
(2009a, 2009b) has demonstrated simple but effective manipula-
tions that increase environmentally friendly behaviors (e.g.,
hotel guests reusing towels). Similarly, implementing changes
default assumptions (Thaler & Sunstein, 2008) has been shown
to facilitate policy goals such as increasing organ donation.

Field versus lab

We suggest that attention to the field is a critical factor supporting
both relevance and generalizability. Those involved in lab research
usually aim to demonstrate the presence of a particular effect, and
tend to be motivated to create a specific environment or context
to observe it. Lab researchers have an unlimited number of levers

to establish conditions which will maximize the chances for
observing desired effects. Rigorous control procedures can be
implemented that are not feasible outside the lab. But this precise
control may be exactly what limits generalizability.

Field researchers face the opposite problem. They typically
work in environments which can be changed very little, and
with populations they rarely can preselect. Field/applied research-
ers are routinely motivated to search for effects and manipulations
which are robust enough to work in their specific context. Field
research may operate as a “generalizability filter” separating tenu-
ous effects from interventions with a higher chance for success.

Judgment and decision-making research may have benefited
from the fact that much of it has been done in business schools.
Business school faculty rarely have access to a “subject pool” and
they tend to rely on both studies in classrooms and in the field.
The participants in business school studies often are students
who have experience in the business world and are seeking
MBAs (or PhDs). This is just one factor that serves to increase
the likelihood that research by business school faculty will make
connections with corporate contexts.

Consider, for example, “sunk cost” effects. Sunk costs refer to
situations where commitment of resources is continued and esca-
lated beyond any rational considerations because one doesn’t
want to “waste” the prior investment. This is sometimes referred
to as “throwing good money after bad.” The interest in sunk cost
effects originated with real-world examples. But a careful analysis
of generalizability suggests that there are other situations where
the opposite of sunk cost effects can be shown (prematurely with-
drawing an investment just before it starts to pay off; e.g.,
Drummond, 2014; Heath, 1995). Instead of undermining the
sunk costs construct, such findings invite attention to what factors
are associated with each type of outcome. For instance, sunk cost
effects for money may be different from sunk cost effects for time
(Cunha, Marcus, & Caldieraro, 2009; Soman, 2001).

Field research may also serve as a direct test of generalizability of
lab findings. For example Hofmann, Wisneski, Brant, and Skitka
(2014) used text messaging at varied times to assess everyday moral
and immoral acts and experiences. They found moral experiences
to be common and, they observed both moral licensing and moral
contagion, effects that previously had been shown in lab studies.

This interplay between lab and field is useful to both. Although
generalizability is important, it could be argued that variability is
even more fundamental. At the heart of social science is the
search for patterned variation, variation that our theories seek
to understand. Attention to the field may serve to increase atten-
tion to potential interactions and undermine a main effect focus.

Field as a source of complementary evidence

As Yarkoni notes, conceptual replications (as opposed to exact
replications) put assumptions of generalizability to the test and
represent an effective research strategy. They also are a key tool
in establishing construct validity (e.g., Grahek, Schaller, &
Tackett, 2021), linking theory and measures.

Field observation offers a complementary form of converging
measure that can be an important research tool. For example, lab
studies suggesting that participants see nature as incompatible
with human presence (nature is pristine and humans can enjoy
it but are not part of it) can be complemented by analyses
using Google images. For example, a search of images for “ecosys-
tems” found that humans were present only two percent of the
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