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Systematic reviews and meta-analyses are a chance for a field to take stock and see what is now known (Hunt, 1997). Articles are searched for, then gathered, and then coded into a common metric, allowing for statistical analysis. Inevitably, for any meta-analysis of a decent size, the effect sizes from all these studies are not the same: variation around the mean is the norm (Steel et al., 2015). Part of this is due to sampling error, where the random chance draw of participants or data points accounts for fluctuations. However, even after accounting for the uncertainty associated with finite sample size, there is residual variance—the leftovers. Like culinary leftovers, they can seem like an afterthought, and some have argued they are of no great importance (LeBreton et al., 2017). However, accounting for them is foundational to the advancement of our science.

This leftover variance goes by a variety of names, from tau to the REVC (Random Effects Variance Component). It reflects the possible outcomes or the sizes of your effect sizes, the range of which is called credibility or prediction intervals. Basically, if a study was redone within the confines of what was done before, it effects size should be within these intervals. Credibility intervals are often broad and can cross the correlational Rubicon of zero, where effect sizes fail to even directionally generalize. Accounting for this variation can be all too important. Without it, each of our studies is simply a snapshot frozen in time, speaking to what happened in that particular moment in that specific setting, which may or may not happen again or at least not to the same extent (Yarkoni, 2022). On the other hand, if we can identify the sources of variation, we have a pathway to a mature science that can make precise predictions based on diagnosis or assessment alone. It can tell you when and where a finding is applicable and to who. For example, a medical treatment might cure some and kill others, so best if we could predict that variation. Unfortunately, we often can't. In the sobering words of Flake et al. (2022): “any statistical model estimated from any study has so many omitted sources of variance that the estimates are likely meaningless” (p. 33).

When a meta-analysis is conducted, a moderator analysis tries to account for this variation in effect sizes. Along these lines, we have advanced statistical methodology quite far, moving from simply subgroup analysis, where we compare the effect sizes of two group and see if one is bigger, to souped-up multiple regression schemes using continuous variables and sophisticated weighting (Steel et al., 2021). Despite these statistical refinements, often meta-analysts find that the moderators they want are not in the literature obtained (Steel et al., 2015). Aside from type of measure, studies typically confine their reporting to the thin gruel of participant age, gender ratio, student status, and nation. If you see an abundance of meta-analyses that use culture as a moderator, well there is a reason. Despite meta-analyses being invaluable summaries, and often used for precisely that, journals insist on new theory being tested. With a paucity of moderators available, they can link nation to national culture and that comes with the requisite theory. Still, the end result is that we still largely do not know what moderates relationships.

Consequently, we as a field are in a bind. Our studies do not properly contextualize themselves and our sample descriptions, comprising mostly of easily obtained demographics, have become a mostly empty ritual. Often, they are not the moderators we are looking for. Furthermore, it is not even clear how a study should be contextualized, how it should be described. To advance as a field, we need to know our boundary conditions, that is when an effect or a conclusion will hold. This is our Grand Challenge.

There are a variety of ways of establishing of boundary conditions, as per the 38 commentaries associated with Yarkoni's (2022) review “The Generalizability Crisis”. Qualitative review articles on established moderators and their expected impact are invaluable, especially if accompanied by sufficient theoretical explanation. Ideally, this would lead to exact recommendations of how studies should be described. For example, if studies routinely linked employees' jobs to their O*NET occupational codes and their organization's Standard Industrial Classification Codes or equivalent (even in a supplementary file), this would be tremendous boon to the field. Also, social or technological forecasting proposals or papers regarding how we could account for the variation or what could be achieved once we have prediction would provide legitimacy and motivation for the endeavor. These can include efforts toward Community Augmented Meta-Analysis (CAMAs) or mass replication efforts (e.g., Visser et al., 2022). For example, combining moderator search with meta-analytic structural equation modeling (MASEM) allows us to predict validity coefficients without a local validation study and build instantly personnel selection systems that are costless and of high quality (Steel et al., 2010).

Finally, as fodder for our former efforts, empirical articles testing when differences matter would be invaluable. This can range from field experiments to surveys. As for their focus, there are a variety of decompositions of these moderators, from Cattell's (1966) ten-dimensional system to simpler schemes used to organize meta-analyses (e.g., PICO, SPIDER, SPICE). To highlight possible contributions, the three fundamental dimensions of Cattell's Data Box/Cube will suffice (Revelle, 2009): People, Measurements, and Occasions (see Figure 1).
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FIGURE 1
 Cattell's Data Box/Cube.



People

When does the specifics of a sample make a difference? It can of course. Relatively recently, heart disease in women was more frequently mis-diagnosed than men as research favored male only samples and women's heart attacks can present differently (Lancet, 2019). The decades it took to establish this highlights our need. In the other direction, we often hypothesize differences where there may be none and act as it has already been proven. As an example of exemplary branding, we have Western, Educated, Industrialized, Rich and Democratic nations or WEIRD (Henrich et al., 2010). It emphasizes that historically a preponderance of research was conducted in the United States, and due to cultural differences, results may not generalize. Or they might. In general, theories of cultural determinism encounter the core problem that the variation within cultures overwhelmingly swamps the variation between. In other words, we shouldn't use “country averages to act as proxies for cultural values of individuals or small groups from these countries” (Taras et al., 2016, p. 483). It helps explain why across 125 samples testing 28 classic findings there was little evidence of WEIRD cultures being a moderator (Klein et al., 2018). This isn't to say that cultural values aren't important for national lines of research (Steel et al., 2018), but we have limited insight regarding when national values are relevant for individual and group behavior (Schimmelpfennig et al., under review)1.

Specifically for the field of organizational behavior, we have our own bias against using student samples in lieu of full-time employees. In fact, many business-themed journals have warning against substitution (e.g., Bello et al., 2009), justified as a threat to validity, which may or may not manifest. For example, we could easily have two identical groups, but described in different terms. There are employees who are upgrading their education as MBA students and there are MBA students who are paying for classes by working full-time. Characterize your sample as the former and it is publishable in many journals but not as the latter. Alternatively, we could sample students 1 week prior to graduation or a week after employment. During that brief hiatus, have there really been substantive changes? Furthermore, students are hardly a monolithic group and differences among them can be due to tuition cost, degree program, and type of degree, just as there can be socio-economic, occupational, and experiential effects. As Taras et al. (2023) conclude, “Rather than automatically rejecting student samples, we should take a more nuanced approach and establish the boundary conditions of their generalizability, a long, long overdue task” (p. 10).



Measurements

The jingle-jangle or commensurability problem is endemic. We have incompatible measures that go by the same name (i.e., jingle) and functionally identical ones that go by different names (i.e., jangle). Reviewed by Bosco et al. (2015) under the heading “Tower of Babel,” this is major impediment to scientific advancement, hampering efforts toward functionally taxonomies. For example, Taras et al. (2023) examined seven cultural value scale, finding that results can completely invert, switch from positive to negative, for a variety of findings depending on the scale used. After sampling error, method variance is typically the largest contributor to fluctuations in effect sizes (Kammeyer-Mueller et al., 2010).

This problem of construct and measurement proliferation will only intensify as there are considerable incentives to creating new measures. Consider the popular success of the GRIT measure, which is essentially a conscientiousness clone (Credé et al., 2017; King and Wright, 2022). Ideally, cleaning up constructs and their associated measures should exceed the pace of creating them, which is possible. Meta-analyses or single studies can tackle multiple measures at the same time, showing what is compatible and what should be kept separate. Validation efforts can be shared among those functionally identical. For example, Park et al. (2020) considered differences among personality measures and Richard et al. (2009) sorted indices of organizational performance. There is also opportunity for consolidation. As Taras et al. (2023) review, researchers can pick and choose individual items from multiple scales to create the best overall version. These efforts should culminate into taxonomic work that organizes a broad range of constructs. Presently, as reviewed by Steel et al. (2021) “The multiplicity of overlapping terms and measures creates a knowledge management problem that is increasingly intractable for the individual researcher to solve” (p. 30).



Occasions

Occasions or conditions can be seen as the context under which the study was conducted. It is essentially why field experiments' results differ from those conducted in the lab. In the laboratory, we have control and can eliminate sources of “error” (i.e., influential aspects that are not the focus of study) but field experiments, being immersed in the extraneous, provide realism and can confirm the robustness of an effect in a complex and intertwined world. Given all that can occur contextually, this is the broadest of the categories and partially overlaps with the former two. The nature of demographic groups can change over time, such as generational effects, though they are often confused with maturation (Steel and Kammeyer-Mueller, 2015). Also, the meaning or interpretation of a scale can shift. The original Eysenck Personality Questionnaire, for example, would ask “Do you lock up your house carefully at night?” as an indicator of psychopathy (Eysenck et al., 1985), which may have been a reasonable indicator if it was the 1950s and you lived in a small town in Britain.

The most ubiquitous way of capturing occasions is time, which encapsulates zeitgeist's entirety. This is often studied under the terms of validity degradation (Keil and Cortina, 2001) and the decline effect (Schooler, 2011). That our findings age-out is such a common phenomenon so we should expect what was once a dependable relationship may be no more. We have a sufficient body of research that longitudinal investigation should be routine, often called cross-temporal meta-analysis (Rudolph et al., 2020).



Conclusion

For Grand Scientific Challenges, this issue of generalizability is core. Hume discussed it as the philosophical Problem of Induction, as per “There can be no demonstrative arguments to prove, that those instances, of which we have had no experience, resemble those, of which we have had experience” (Hume, 1739-1740/1888, p. 89). Contrast this with Matt and Cook (2009) grappling with the limitations of scientific conclusions, that is “the issue is how one can justify inferences to these novel universes of persons, treatments, outcomes, setting and times on the basis of findings in other universes” (p. 513). In short, how do we know what generalizes? Though there can be no definitive solution, we can make plausible steps toward shrinking our uncertainty. Afterall, for us to have an applied science, we need to understand when our findings apply.
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Footnotes

1Schimmelpfennig, R., Spicer, R., White, C. J., Gervais, W., Norenzayan, A., Heine, S., et al. (under review). A problem in theory and more: measuring the moderating role of culture in Many Labs 2. PsyArXiv. doi: 10.31234/osf.io/hmnrx
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