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1 |  INTRODUCTION

1.1 | Domains

Among the key topics in personality research is linking 
personality differences with life outcomes (Ozer & Benet- 
Martinez, 2006; Roberts et al., 2007). This allows researchers 
to assess how personality differences may impact upon peo-
ple's lives, both positively and negatively, and can potentially 
inform interventions (Bleidorn et al., 2019). Most of this re-
search has employed broad trait domain models such as the 
Five Factor Model (FFM; McCrae & John,  1992), the Big 
Five (Goldberg, 1990) or HEXACO (Ashton & Lee, 2020), 
collectively referred to as the Big Few (Mõttus et al., 2020). 
For example, those high in the Neuroticism domain and 
low in the Conscientiousness domain are more likely to 

make poorer health choices such as smoking and drug abuse 
(Bogg & Roberts, 2004), whereas those high in the Openness 
and Agreeableness domains are more likely to behave pro- 
environmentally (Soutter et al., 2020) and those high in the 
Extraversion domain show a higher tendency to stick to po-
litical party loyalties (Bakker et al., 2016). Such associations, 
often highly replicable (Soto, 2019), are so well documented 
that we do not need to review them here in more detail.

But despite the undeniable value of the Big Few- outcome 
associations, aided by their parsimony and intuitiveness, this 
research also has limitations. For example, the associations 
are generally small in magnitude, particularly when the out-
comes are not broad personality- like constructs themselves 
such as subjective well- being or self- esteem. Although small 
effect sizes are recognized as a general feature of psycho-
logical research, possibly for very good reasons (Goetz 
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et  al.,  2020), the overall degrees to which outcomes are 
linked with personality differences may sometimes be un-
derestimated because researchers have rarely explored ways 
of maximizing personality traits' predictive accuracy; this 
may require looking beyond the Big Few alone and focus-
ing on the combined predictive value of many traits (Mõttus 
et  al.,  2020). Although the best possible prediction from a 
collection of variables does not necessarily correspond to 
the strongest possible individual trait- outcome associations 
because traits partly overlap, often it is exactly the overall 
degrees to which personality traits and outcomes are linked 
that researchers care about, rather than the effect sizes of in-
dividual traits.

Moreover, the Big Few- based relations often lack spec-
ificity (discriminant validtity), as disparate outcomes show 
similar combinations of trait- associations (Seeboth & 
Mõttus,  2018). Specifically, there is a pervasive pattern of 
positive correlations between “success” outcomes and “pos-
itive” trait domains (Agreeableness, Conscientiousness, 
Extraversion, Openness and Emotional Stability; Allik 
et  al.,  2010) and negative correlations between those same 
domains and less desirable outcomes. For example, most of 
the Big Few domains are similarly associated with such di-
verse outcomes as longevity (Graham et al., 2017), neighbor-
hood quality (Jokela, 2009) and pro- environmental behavior 
(Soutter et  al.,  2020). Arguably, at least in some situations 
personality trait- outcome associations could be more mean-
ingful if they better distinguished among outcomes, beyond 
just being linked with them. Again, this may require look-
ing beyond the Big Few alone, in particular because, given 
the magnitudes of the domain- outcome associations and the 
pervasive intercorrelations among the domains themselves, 
these patterns may sometimes do little more than reflect the 
among- domain and among- outcome correlations.

1.2 | Facets

Personality traits are organized hierarchically (Condon 
et al., 2020), with the Big Few domains subsuming narrower 
characteristics such as aspects (DeYoung et  al.,  2007) or 
facets (Ashton & Lee, 2020; McCrae & Sutin, 2018). Given 
that the LOOPR (Soto,  2019) data set used here was only 
designed to measure domains and facets, we do not focus on 
the aspect- traits here. Facets are not just stylistic variations 
in how people express their personality domains (McCrae & 
Costa,  2010), but traits in their own rights, with variances 
that are uniquely heritabile and converge across methods 
(Jang et al., 1998; Mõttus et al., 2014). To improve personal-
ity traits' predictive power and specificity, therefore, many 
researchers use facets to explore which parts of broader trait 
domains have stronger outcome- associations. Indeed, do-
mains' associations may often conceal stronger and more 

diverse association patterns if facets of the same domain have 
different associations with an outcome, especially when in 
opposite directions (Mõttus, 2016).

For example, the Deliberation and Order facets of the 
Conscientiousness domain had stronger associations with 
Task Performance in workplace environments, whilst 
Dutifulness and Self- discipline facets had stronger associa-
tions with Job Dedication; facets explained up to 24% more 
variance in job performance than the Conscientiousness 
domain (Dudley et  al.,  2006; for similar observations see 
Judge et al., 2013). Likewise, subjective well- being was more 
strongly associated with facets than domains, with up to 15% 
more explained variance (Anglim & Grant, 2016). As another 
example, Vainik and colleagues (2019) observed that facets 
could explain over 400% more variance in body mass index 
(BMI) than domains.

Not considering facets may not only limit personality 
traits' predictive power and their ability to distinguish be-
tween outcomes, but also confound researchers' ability to 
interpretate the associations. For example, when only some 
facets of a domain are linked with an outcome, is it appro-
priate to generalize the associations to the whole domain or 
should researchers focus their interpretations on the specific 
facets involved (Mõttus, 2016)? The choice may depend on 
individual researchers' preferences for the most “pleasing” 
solution to the bandwidth- fidelity dilemma (Cronbach & 
Gleser, 1957; Yarkoni, 2020), but it can only help to make 
well- informed decisions about it when the ways in which as-
sociations generalize across facets to their domains are well 
documented.

1.3 | Nuances

But facets are not the most specific units of personality vari-
ance. They consist of partly overlapping, partly distinct nar-
row traits, nuances that are not exchangeable and may be 
combined in different ways to form different facets (Condon 
et al., 2020; McCrae, 2015).

Condon and colleagues (2020) defined nuances as “the 
lowest level at which patterns of responses to questionnaire 
items continue to have reliable specific variance” (p. 925). 
Often, individual items can be considered as measures of 
unique nuances, as most items contain reliable specific vari-
ance. However, definitionally the nuance level is broader than 
that of individual items as there are also likely to be sets of 
items that contain no reliably distinct information from one 
another and thus can be considered alternative indicators of 
the same nuance. For example, the Trust facet of Big Five 
Inventory (Soto & John, 2017) contains four items. The first 
three, “Tends to find fault with others”, “Has a forgiving na-
ture, and “Is suspicious of others' intentions” likely each mea-
sure a different nuance that we could label “judgemental”, 
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“forgiving” and “suspicious”, but the fourth item, “Assumes 
the best about people” may well reflect (in reverse) the same 
nuance as the third (“suspicion”).

Evidence supporting nuances as unique units of personal-
ity assessment comes from observations that individual items 
of a personality inventory, intended to represent specific be-
havioral, cognitive, motivational and affective aspects of per-
sonality, often meet formal criteria of personality traits such 
as agreement among raters (Mõttus et  al.,  2014), stability 
across time, and heritability (Mõttus, Kandler, et al., 2017; 
Mõttus et al., 2019), beside distinct developmental trends 
(Mõttus & Rozgonjuk, 2021) and cultural differences (Achaa- 
Amankwaa et al., 2020). This is true even when the variance 
that nuances share (i.e., the variance that constitutes facets 
and domains) has been removed, suggesting that many if not 
most items represent unique traits beyond the facets and do-
mains they were intended to indicate.

Unsurprisingly, then, nuances are often uniquely related 
to outcomes (e.g., Elleman et al., 2020; Mõttus, Bates, et al., 
2017; Revelle et al., 2021; Wessels et al., 2020). Sometimes 
only a few nuances drive the observed associations (e.g., nu-
ances somehow similar to the outcome), such as two eating- 
related nuances in the Impulsivity facet driving the association 
with Neuroticism and BMI (Terracciano et al., 2009). In many 
cases, however, many more nuances are involved in the asso-
ciations; it is just that how they are related to the outcomes is 
not well aligned with how they are typically aggregated into 
facets and domains. For example, income disparity was pos-
itively associated with Openness and negatively associated 
with Agreeableness and Conscientiousness (Elleman et al., 
2020). However, it was items referring to liberal beliefs, anti- 
authoritarian attitudes, beliefs in self- exceptionalism and 
lower concern for abiding by rules that were most strongly 
associated with income disparity, suggesting that nuances be-
yond domains can contribute to understanding the outcome.

In what may be the most thorough study on the incre-
mental predictive value of nuances yet, Seeboth and Mõttus 
(2018) used the National Child Development Study, with 
over 8000 UK participants, assessed with 50 items from the 
International Personality Item Pool (Goldberg, 1999). Forty 
outcomes were considered, such as use of the internet, racial 
attitudes, and income. Most associations were longitudinal, 
with personality traits measured five years prior to outcomes. 
On average, the collective associations of life outcomes with 
the 50 items, reflecting nuances, were around 30% stronger 
than associations with domains; items out- predicted domains 
for 37 of the 40 outcomes. The incremental predictive value 
of nuances was not due to model over- fitting (simulations 
indicated that had the associations been driven by domains, 
domain- based models would have had stronger associations 
than nuance- based models) nor content overlap (no outcome 
had directly corresponding nuances). However, this study did 
not consider facets, so it remains unclear how much of the 

nuances' incremental predictive value over domains could be 
accounted for by the unmeasured facets.

Not all studies have provided evidence for nuances' incre-
mental associations. Mõttus, Bates and colleagues (2017) ob-
served no significant incremental correlations of items with 
life satisfaction. Life- satisfaction is a very broad outcome; it 
is possible that personality trait- outcome associations may be 
strongest when the breadth of the personality measure matches 
that of the outcome (Asendorpf et  al.,  2016). However, 
Seeboth and Mõttus (2018) found that both broad and narrow 
outcomes were most strongly predicted by items to similar 
degrees. Alternatively, non- significant item- outcome associ-
ations, after controlling for domains, may not mean lack of 
relations per se: it is possible that, rather than an outcome's 
relations with personality traits being at the level of broad 
domains, they may pertain to very many individual nuances, 
so that the individual associations are too small to be statisti-
cally significant (Seeboth & Mõttus, 2018). If so, this would 
mirror prevalent observations in the genetics of many behav-
ioral traits (Plomin & von Stumm, 2018): variation in each 
of them can be correlated with many thousands of genetic 
variants, so that even with extremely small and mostly sta-
tistically non- significant individual effect sizes, collectively 
they account for a substantial proportion of trait variance. 
This would also be consistent with the increasing realization 
that most effect sizes are indeed very small in psychological 
research (Goetz et al., 2020). Such small associations can be 
addressed with large samples and, as one solution, by testing 
nuances' collective associations with outcomes rather than 
focusing on individual trait- outcome associations.

1.4 | Disadvantages and benefits of 
facet-  and nuance- specific analyses

Linking outcomes with facets and especially nuances means 
forgoing the parsimony and simplicity of the domains- based 
analyses, which may be prohibitive in some cases such as 
for public engagement, as well as off- putting for research-
ers with strong a priori preferences for parsimony. Also, 
there is currently no commonly agreed facet taxonomy for 
the Big Few traits, with different instruments such as BFI- 2 
(Soto & John, 2017), NEO Personality Inventories (McCrae 
& Costa,  2010), and HEXACO including different sets of 
facets for the same domains, or at least labeling them dif-
ferently. Even more worryingly, there has been almost no 
work on taxonomizing and measuring nuances yet (Condon 
et al., 2020), hampering accumulation of a comparable body 
of research on their links. In fact, research into the possible 
value of nuances has so far only used items of existing ques-
tionnaires designed for other purposes. Observations from 
such work may not only be poorly comparable across studies 
that use different questionnaires, but also underestimate the 



170 |   STEWART ET Al.

incremental value of nuances: after all, Big Few question-
naires have been carefully designed not to measure anything 
but the core features of the Big Few domains (and their facets 
where applicable) and not to cover the full range of possible 
nuances within these domains or beyond them. So, even evi-
dence that some of their items contain unique nuance infor-
mation has been “against the odds”.

However, that something is not yet available does not 
mean that it cannot be in principle, or that it should not be. 
As ever more of such against- the- odds evidence accumulates 
for nuances' potential incremental value for various purposes, 
the stronger the case becomes for ultimately developing 
nuance- level measurement models: if items not designed to 
measure specific facets and domains predict outcomes better 
than those facets and domains, it is likely that yet more accu-
rate prediction could be achieved with bespoke assessments 
of nuances. In fact, a call for developing bottom- up taxon-
omies and assessment tools for nuances has already been 
issued (Condon et al., 2020): a widely agreed taxonomy of 
nuances is no less possible in principle than a widely used 
Big Few taxonomy, even though we may not be accustomed 
to think in these terms yet. Although the universe of nuances 
is potentially large, it is plausible that a manageable pool of 
them, say between 100 and 200, will provide a sufficiently 
useful sample (Condon et al., 2020) that could be widely used 
to produce just as cumulative research as we have now for 
broad personality domains. As a corollary, a consensual and 
useful taxonomy of nuances will also help to systematize the 
content of facets and domains, thereby helping to mitigate 
their jingle- jangle confounds and potentially increasing their 
predictive value as well (Condon et al., 2020). That is, a con-
sideration of more nuanced associations would not replace 
work based on domains and facets, but supplement and even 
improve it.

Facet-  and nuance- level observations could help re-
search in several ways, especially once such associations 
are documented with bespoke and widely used measures. 
As discussed, they can provide more accurate assessments 
of the overall predictive powers of personality traits for life 
outcomes (Mõttus et al., 2019, 2020), not to mention bet-
ter prediction of those outcomes. Individual differences re-
searchers take great pride in this power already, because it is 
a unique role of this field (e.g., Deary et al., 2010; Roberts 
et al., 2007). However, surprisingly few studies to date have 
systematically explored the upper limits of this power, for ex-
ample by employing modern machine learning principles; in 
fact, most of the existing research is not even predictive but 
correlational, where the “predicted” observations are used in 
model creation (Mõttus et  al.,  2020). Only deliberately at-
tempting to maximize prediction while mitigating challenges 
such as over- fitting by not using the predicted observations 
in model creation (Yarkoni & Westfall, 2017) can show how 
strongly personality differences may truly matter beyond 

personality traits themselves. Maximizing prediction is also 
desirable when personality traits are used for consequential 
decisions such as employee selection (Lievens, 2017) or mar-
keting decisions (Matz et  al., 2016): there is no reason not 
to use nuances for these purposes where they demonstrably 
improve predictive accuracy.

Secondly, facets and nuances can help to explain how 
individuals scoring similarly in a domain may end up with 
different outcomes; that is, they can better discriminate 
among outcomes. Neuroticism, for example, has been asso-
ciated with BMI (Sutin & Terracciano, 2016), but also with 
Aggressiveness (Barlett & Anderson,  2012). At the facet 
level, however, the two outcomes have different associations: 
for BMI, the only relation is often with the Impulsiveness 
facet of the Neuroticism domains (Sutin et al., 2011), while 
for Aggression the strongest relation tends to be with the 
Angry Hostility facet of the same domain (Jones et al., 2011). 
Individuals differing considerably in just these two facets 
could have similar domain scores, but experience different 
BMI and aggressiveness “outcomes.” Furthermore, over-
lap can occur between the facets of different traits, showing 
how combinations of facets can have an increased predictive 
power. For example, Aggresiveness has also been linked 
with Agreeableness facets (e.g., Altruism and Compliance) 
(Dam et al., 2018), as well as with facets such as Warmth 
(Extraversion domain) and dutifulness (Conscientiousness 
domain) (Jones et al., 2011).

Third, knowing when smaller elements within domains 
drive the domain's associations with outcomes and which 
ones those are can help us to interpret the domain- level as-
sociations more accurately. For example, that specifically the 
Impulsivity facet drove Neuroticism's correlation with BMI 
suggests that it is not some general tendency toward negative 
emotionality and/or emotional instability that can contribute 
to being overweight but a lack of constraint, perhaps even 
primarily in food consumption; if so, this is hardly breaking 
news (but see Arumäe et al., 2020, on reverse causality).

Fourth, and relatedly, observations based on facets and nu-
ances can shed light on the general structural architecture of 
personality trait- outcome associations (Mõttus et  al.,  2020; 
Seeboth & Mõttus, 2018). As one possibility, they may gen-
erally be driven by a few broad mechanisms such as those 
that also contribute to facets and nuances coalescing into 
domains: this “latent trait” scenario, probably what many 
studies intuitively assume, would be consistent with facets 
and nuances not predicting outcomes better than domains. If 
interventions are envisioned, they could then well target the 
broad domains (Bleidorn et al., 2019). As another possibility, 
however, trait outcome- associations may be largely driven 
by numerous specific mechanisms, as would be evidenced 
by facets and especially nuances out- predicting domains. 
Strikingly, Seeboth and Mõttus (2018) found that removing 
the Big Five variance from the Big Five items had no effect 
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on their ability to predict outcomes, suggesting that there was 
as much outcome- related personality variance beyond the 
Big Five as there was in the Big Five, even in items designed 
to measure the Big Five in the first place. In this case, differ-
ent intervention strategies may be needed (e.g., focusing on a 
few key nuances relevant to an outcome) or cost- efficient in-
terventions may even appear less achievable due to the large 
number of associations that would have to be.

Finally, facet-  and nuance- specific observations may 
help to identify potentially trivial personality- outcome 
links. For example, Subjective Well- being (SWB) correlates 
with Neuroticism and Extraversion, but these associations 
are driven (in opposite directions) by the Depression and 
Cheerfulness facets, respectively, that already contain items 
similar to SWB items (Schimmack et  al.,  2004). Studies 
using other facets have observed that the Extraversion- SWB 
association was entirely driven by the Energy Level facet that 
contains items about being active and enthusiastic, whereas 
Assertiveness and Sociability facets could play no roles at 
all. Of course, a correlation between low enthusiasm and low 
well- being is hardly surprising (Danner et al., 2020; Margolis 
et al., 2020).

1.5 | A common- method problem

A problem that could plague trait- outcome research is com-
mon method overlap: when both traits and outcomes are as-
sessed with the same (generally self- report) method, shared 
response tendencies could confound them, by inflating them 
as well as reducing the distinguishability of personality traits 
and outcomes. For example, McCrae (2015) has estimated 
that over a third of variance in personality scales (and there-
fore possibly in many self- report scales assessing outcomes) 
represents rater- specific response tendencies, many of which 
would be shared by ratings of both personality traits and out-
comes. Indeed, controlling the substantial shared variance 
among domains (Van der Linden et al., 2010) often results in 
much weaker outcome correlations (Laidra et al., 2007; Soto, 
2021), possibly because some of these confounding factors 
are removed. To the extent that this applies and the associa-
tions due to method overlap are not of substantive interest, 
there will be correlations between personality domains and 
outcomes even in the absence of any substantially interest-
ing associations; as a result the true incremental predictive 
values of facets and nuances may appear smaller than they 
are because the true null hypothesis is correlations above zero 
(say, domains and facets respectively explain 10% and 20% 
of variance in an outcome; when the null hypothesis due to 
shared method confounds is 5% of variance explained by de-
fault, then facets explain more than twice substantively in-
teresting variance in the outcome). It is therefore desirable to 
remove the common method variance as much as possible. 

It is of course possible that removing the common variance 
might only influence the domain- outcome correlations, but 
not the power that a collection of domains has in predicting 
outcomes, just as removing all the Big Five variance (and the 
common method effect) from items may not decrease their 
combined predictive power (Mõttus & Rozgonjuk,  2021; 
Seeboth & Mõttus, 2018); this is an empirical question.

1.6 | The present research

To investigate the predictive powers of domain- , facet- , 
and nuance- level personality traits further, we replicated 
Seeboth and Mõttus (2018) comparing nuances' associa-
tions with a wide range of life outcomes with those of FFM 
domains and facets. Using a different sample, different per-
sonality inventory and different set of outcomes from those 
of Seeboth and Mõttus (2018), we tested their claim that 
models including personality nuances as predictors lead to 
stronger personality- outcome associations than those limited 
to domains. Constructive replications of this kind can provide 
stronger evidence for the tested hypotheses than any direct 
replication could (Lykken,  1968). We tested three hypoth-
eses, preregistered on the Open Science Framework (https://
osf.io/x7ebs/):

1. Associations between facets and outcomes tend to be 
stronger than associations between outcomes and do-
mains, even with the facets residualized for the domains, 
indicating that facets provide a higher predictive power 
than domains.

2. Associations between items (indicators of nuances, be-
sides domains and facets) and outcomes tend to be 
stronger than associations between facets and outcomes, 
even with items residualized for the facets (and thereby 
for domains), indicating that nuances provide a higher 
predictive power than both facets and domains.

3. As observed by Seeboth and Mõttus (2018), the breadth of 
outcomes (as rated by multiple judges) does not influence 
the predictive powers of personality traits for them or the 
degree to which narrower traits out- predict broader ones.

Importantly, these hypotheses pertain to the collective (ag-
gregated) associations of domains, facets and nuances with 
the outcomes (i.e., correlations of all domains, all facets or 
all items with outcomes) rather than individual trait- outcome 
associations. Even very small correlations can produce 
relatively accurate predictions when aggregated (Mõttus 
et al., 2020). By training and testing the models in seperate 
sample partitions, we tested personality traits' predictive pow-
ers in a way that accounted for both model over- fitting and 
the fact that more complex models can a priori capture more 
variance (Stachl et al., 2020; Yarkoni & Westfall, 2017).

https://osf.io/x7ebs/
https://osf.io/x7ebs/
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Unlike Seeboth and Mõttus (2018), we used the Big Five 
Inventory– 2, which assesses 15 facets, whereas the personality 
measure used by Seeboth and Mõttus did not assess facet- level 
traits. But many of our outcomes were psychological constructs 
themselves (e.g., gratitude, well- being, identity formation), 
whereas most of the outcomes of Seeboth and Mõttus were 
more “objective,” directly observable characteristics (e.g., ed-
ucation, BMI) and/or behaviors (e.g., volunteering). Therefore, 
due to the stronger links between personality traits and a priori 
somewhat personality- related outcomes, we expected stronger 
associations than had been observed by Seeboth and Mõttus. 
Any such greater predictability would not necessarily be sub-
stantively interesting, however, as it could merely reflect greater 
confounding by response tendencies and content overlap.

Besides comparing outcome- predictive powers of do-
mains, facets and items, we also compared the specificities 
of these predictions, that is, their discriminant validities. For 
this, we correlated the prediction of each outcome with not 
just the outcome itself but with other outcomes as well, and 
compared these cross- predictions for domains, facets and 
items. For many purposes it may be desirable that models 
combine the highest possible predictive accuracy for one 
outcome with low predictive accuracies for others, so that 
the predictions are maximally outcome- specific. These anal-
yses, not present in Seeboth and Mõttus (2018), were not 
pre- registered, but we expected items to allow for the highest 
predictive specificities and domains the lowest.

To estimate the degree to which common method overlap 
might have contributed personality trait- outcome associa-
tions, we ran additional (not pre- registered) analyses in which 
each item had been residualized for the sum of all other items 
prior to aggregating them into scales and any further anal-
yses (Neuroticism items were keyed as Emotional Stability 
beforehand, so that higher scores on all items reflected the 
socially desirable trait direction). Because BFI- 2 scales have 
the same number of items keyed the same way, their sum rep-
resents the shared variance of all traits to the same degree and 
can be considered an index of general response tendencies, 
or a general personality factor (GFP), which we deemed sub-
stantively uninteresting in this study.

2 |  METHODS

2.1 | Participants

We used data from the Life Outcomes of Personality 
Replication Project (LOOPR Project; Soto, 2019). This pro-
ject recruited 6,126 US adults, who completed the BFI- 2 and a 
battery of outcome measures adapted from previous research 
on trait- outcome associations. Due to the large total number 
of outcomes, the testing materials were split into two surveys 
(Survey 1 and Survey 2), with each survey including the BFI- 2 

and a subset of outcome measures. Soto (2019) used quota sam-
pling to ensure that the samples were similarly representative 
of the US population in sex and ethnicity. Participants were re-
cruited and assessed through the Qualtrics online survey plat-
form and paid approximately $3 per survey. A total of 3,109 
participants completed Survey 1, and whilst 3,017 participants 
completed Survey 2. He assured a minimum of 3,000 partici-
pants per survey to provide similarly high statistical power to 
detect even small trait- outcome associations. The large, basi-
cally representative sample, hierarchically structured personal-
ity measure, and broad range of outcome measures made the 
LOOPR Project's data well suited for our purposes.

2.2 | Measures

As noted, personality traits were assessed using the BFI- 2 (Soto 
& John, 2017). This 60- item survey measures the Big Five per-
sonality domains, as well as three facets per domain, with 12 
items per domain and 4 items per facet. Each item is a short, 
easy- to- understand phrase (e.g., “Keeps things neat and tidy,” 
“Tends to be quiet”) with the common item stem “I am some-
one who…” Individuals rate the extent to which they agree with 
each item on the typical 5- point Likert scale version. In the com-
bined LOOPR sample, internal consistencies (Cronbach's al-
phas) for the BFI- 2 domain scales were .83 for Extraversion, .79 
for Agreeableness, .86 for Conscientiousness, .89 for Negative 
Emotionality, and .81 for Open- Mindedness. For the BFI- 2 
facets, the alphas were .77 for Sociability, .53 for Compassion, 
.78 for Organization, .72 for Anxiety, .67 for Esthetics, .67 for 
Assertiveness, .70 for Productivity, .78 for Depressiveness, 
.64 for Curiosity, .64 for Energy, .61 for Trustworthy, .66 for 
Responsibility, .78 for Volatility and .64 for Creativity.

Outcome constructs and measures for the LOOPR Project 
were selected from a landmark review of the personality- 
outcome literature (Ozer & Benet- Martinez, 2006). In total, 
83 outcome variables were assessed, using questionnaire 
measures adapted from the studies they had reviewed. To pro-
vide sufficient statistical power for the present research, we 
excluded outcome measures completed by fewer than 3000 
participants, resulting in 53 outcomes for the main analyses. 
Information about all the LOOPR outcome measures, includ-
ing their sources, numbers of items, sample sizes, and alphas, 
is available at https://osf.io/jn7ck/.

3 |  OUTCOME BREADTHS 
VERSUS SPECIFICITIES

All authors of this article, and six other individuals, all of 
whom had at least master's degrees in, rated each outcome's 
specificity on a 5 point scale, with 1 being extremely specific 
and 5 being extremely broad. Risky driving was rated as the 

https://osf.io/jn7ck/
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most specific outcome (m = 1.61) whilst life satisfaction was 
rated the broadest outcome (m = 4.82). The individual- rater 
intraclass correlation (ICC) of the ratings provided for the 
53 outcomes was .27, whilst the ICC of the average ratings 
across all raters was .80 (Table S1).

4 |  ANALYSIS

4.1 | Pre- registered analyses

Our main analyses followed those of Seeboth and Mõttus 
(2018). To avoid overestimating trait- outcome associations 
due to over- fitting, the entire dataset was combined into one, 
before repeatedly splitting it into two random subsamples: 
training (67%) and validation (33%). In the training samples, 
we set up elastic net regression models (Zou & Hastie, 2005) 
for each outcome (with 10- fold cross- validation and shrinkage 
parameter that minimized cross- validation error within these 
folds) with either the Big Five domains, their 15 facets, the 
residuals of the facets (i.e., the facet scores after controlling 
for the Big Five domains), the 60 items or the residuals of the 
items (controlling for the Big Five facets and thereby domains) 
as predictors. We obtained the residuals from linear models 
wherein each facet/item was regressed on all 5 domains/15 
facets, excluding the facet/item being residualized from the do-
main/facet at the time to avoid residualizing it on itself.

Though ordinary regression can over- fit coefficients 
(Yarkoni & Westfall, 2017), an elastic net regression instead 
shrinks coefficients toward 0 and produces more conserva-
tive models, which lessen the possibility of over- fitting co-
efficients. The elastic net regression model treats highly 
correlated predictors similarly, either including or excluding 
all of them from model and estimating which combination 
produces the greatest predictive power (Waldmann et  al., 
2013; Zou & Hastie, 2005). We then fit the trained models in 
the validation samples to predict each outcome and correlated 
these predicted outcome scores with their observed values to 
calculate prediction accuracies for domains, facets, facet resid-
uals, items, and item residuals, respectively (we squared the 
correlations to show the percentage of explained variance). 
We repeated the procedure 100 times in random training- 
validation sample splits and report the means and standard de-
viations of these estimates across the splits. We also correlated 
the outcomes' breadth ratings with the degrees to which the 
outcomes were predicted by domains, facets and items to esti-
mate how outcomes' breadth can influence predictability.

4.2 | Exploratory analyses

After pre- registering the project, it occurred to us to test 
the outcome- specificities, or discriminant validities, of 

the predictions. For this, we correlated the predicted value 
(from elastic net models using domains, facets or items as 
predictions) of each outcome with the observed values of 
other available outcomes. These cross- predictions had to be 
calculated separately for Surveys 1 and 2 because most par-
ticipants did not overlap between them, and mutual cross- 
predictions (correlation between the prediction of outcome 
x and observed outcome y, and vice versa) were averaged. 
Because the strongest prediction models for any one outcome 
(e.g., those based on items) were a priori likely to show the 
strongest cross- predictions, and the other way around, we 
normalized the cross- predictions by dividing them by the 
geometric means of the predictive accuracies for both vari-
ables involved in the models specifically trained for them (so 
that the diagonal of the cross- prediction matrix contained 1s). 
We calculated the averages and medians of all normalized 
cross- predictions (squared correlations) for domains, facets 
and items. Drawing parallels with widely- calculated genetic 
correlations, Hang and colleagues (2021) call such cross- 
predictions “personality correlations” between outcomes, 
whereas Revelle and colleagues (2021) call them “persome 
correlations”.

We also examined the potential effects of the general fac-
tor of personality (GFP), likely representing general rating 
tendencies, on the prediction accuracies, given that this had 
previously been observed to explain 20%– 60% of domain 
variances (Van der Linden et al., 2010). Besides correlating 
each outcome with GFP, we also residualized domains for it 
by regressing each item for GFP (excluding the item being re-
sidualized at the time from the GFP) prior to calculating do-
main scores. As for facets and items, our main analyses that 
residualized them for domains/facets already controlled GFP.

We repeated both procedures 100 times in random 
training- validation sample splits.

5 |  RESULTS

5.1 | Aggregated associations of item, facet 
and domain models

Figure 1 and Table S2 (in the Online Supplement; https://osf.
io/x7ebs/ the percentages of variance in outcomes for which 
the three different levels of the personality trait hierarchy 
accounted.

The 53 outcomes varied considerably in how well personal-
ity traits predicted them. For example, Existential Wellbeing, 
Negative Temperament and Forgiveness were the most accu-
rately predicted outcomes (>45% of variance explained by 
facets and nuances), while Heart Disease, Substance Abuse 
and Conventional Interests were the least predictable out-
comes (<3% of variance explained at any level).

https://osf.io/x7ebs/
https://osf.io/x7ebs/
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On average, domains, facets and items accounted for 
16.6%, 18.0% and 20.9% of variance in the outcomes, with 
respective medians of 13.4%, 14.8%, and 20.1%. Comparing 
the models at the level of individual outcomes, facets ex-
plained on average 14.0% more variance than domains 
(Mdn  =  9.5%) and items 23.5% more variance than fac-
ets (Mdn = 13.7%); items explained on average 42% more 

variance than domains (Mdn  =  24.3%). When facets were 
residualized for domains (and thereby also GFP), they still 
accounted for 18.0% of variance in the outcomes, on average 
(Mdn  =  14.7%), so removing the variance of the Big Five 
from its facets had virtually no effects on their predictive va-
lidities, on average. When items were residualized for fac-
ets (and thereby for domains and GFP), they accounted for 

F I G U R E  1  Variance accounted for in each outcome by domains, facets, and nuances [Color figure can be viewed at wileyonlinelibrary.com]

https://onlinelibrary.wiley.com/
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20.0% of variance in outcomes, on average (Mdn = 19.3%), 
so residualizing the Big Five items for both the Big Five and 
its facets had only small effects on their predictive validities. 
Examining the results for individual outcomes revealed that 
for 2 outcomes (4%) facet- level traits were the strongest pre-
dictors whereas for 51 outcomes (96%) item- level traits (nu-
ances) out- predicted both domains and facets.

These observations supported our first and second 
hypotheses— that facet- level traits would generally out- 
predict the Big Five domains and nuances would out- predict 
facets— and this held regardless of whether the higher- order 
variance was removed from facets and nuances or not.

5.2 | Outcome breadth

To test whether outcomes' relative breadths were related to 
their predictabilities from domain- , facet- , and nuance- level 
traits, we correlated the average breadth scores given by the 
11 raters for the outcomes with their average predictabilities 
at each of the 3 levels. The non- significant correlations were 
r =  .06, .07, and .08 for domains, facets, and nuances, re-
spectively, supporting our third (null) expectation. That is, 
outcome breadth was not involved in the extent of associa-
tion with domain- , facet- , or nuance- level personality traits, 
contradicting Asendorpf et al.'s (2016) proposal. Narrower 
traits tend to out- predict broader ones for relatively broader 
or narrower outcomes.

5.3 | Not pre- registered analyses

Item- based predictions had the highest outcome- specificities 
(discriminant validities), with average absolute cross- 
predictions of .31 (Mdn = .28) in Survey 1 and .24 (Mdn = .14) 
in Survey 2. Domains had the lowest specificities, with aver-
age absolute cross- predictions of .45 (Mdn = .45) in Survey 
1 and .34 (Mdn =  .21) in Survey 2, and facets were in be-
tween, with average cross- predictions of .40 (Mdn = .40) in 
Survey 1 and .28 (Mdn = .17) in Survey 2. For clarification: 
average cross- predictions were higher than average predic-
tive accuracies because they were normalized in relation to 
the predictive accuracies of models for their own “target” 
outcomes (see the Analysis section above). Thus, item- level 
models provided not only the most accurate but also the most 
outcome- specific predictions.

Partialling the GFP from the BFI- 2 items had substantial 
effects on the psychometric properties of its scales. For ex-
amples, the Cronbach's alphas of the domain scales (based 
on the combined sample of both surveys) decreased from 
the average of .84 (Mdn  =  .83, range  =  .79 to .89) to .67 
(Mdn = .67, range = .60 to .76), and those for the facet scales 

from the average of .68 (Mdn = .67, range = .53 to .78) to .50 
(Mdn = .50, range = .29 to .68). The correlations among the 
Big Five domains changed even more dramatically, with the 
average absolute correlation of .38 (Mdn = .39, range = .15 
to .52) decreasing to −.24 (Mdn  =  −.23, range  =  −.52 to 
−.02). Expectedly, the correlations of the Big Five domains 
with the outcomes also decreased, with the average absolute 
correlation across all outcomes and all domains decreasing 
from .20 (Mdn = .17) to .11 (Mdn = .09). This decrease was 
in part because the outcomes that previously overlapped with 
the Big Five domains most showed strongest decrease in the 
strength of their correlations after residualizing GFP, indicat-
ing that this general variance had played an especially large 
role in their original associations (Figure S1) and consistent 
with the observation that the GFP was involved in many out-
comes too (Table S4).

Strikingly, however, residualizing items of the Big Five 
for GFP before aggregating them into the domain scales had 
almost no effect on how well the domains collectively pre-
dicted the outcomes, with an average explained variance of 
16.5% (Mdn  =  13.5; see Figure S2 and Table  S2), almost 
identical to the 16.6% before controlling GFP. This suggested 
that although individual domain- outcome correlations were 
substantially inflated by their common GFP variance, it was 
not this common variance that drove their aggregate predic-
tive power.

5.4 | Some examples of item- specific 
associations

Figure S3a,b (Online Supplement; https://osf.io/x7ebs/) il-
lustrate the relations between the items, grouped by facets 
and domains, and the individual outcomes. We generated 
three plots for each outcome using the Manhattan function 
in Psych R package (Revelle et al., 2021): correlations with 
raw items, with items residualized for GFP, and finally with 
items residualized for the Big Five domains and their facets 
(and hence GFP). It is not our purpose here to address each 
outcome's relations with specific items, but we outline a few 
general observations. Often removing GFP from items and/
or Big Five facets reduced trait- outcome association magni-
tudes, but in many cases the associations became stronger; 
sometimes even more items were significantly (corrected 
using Holm method (Holm, 1979)) associated with outcomes 
after residualizing than before. Sometimes, associations 
flipped between positive and negative, varying with whether 
and how items had been residualized; sometimes associations 
became more homogeneous within domains and facets, and 
sometimes the opposite. Overall, (a) most outcomes were 
still correlated with several, and sometimes even nearly all, 
items after the items had been residualized for the GFP and 

https://osf.io/x7ebs/


176 |   STEWART ET Al.

the Big Five, and (b) outcomes that were most strongly asso-
ciated with outcomes before any residualizing were also most 
strongly correlated with them after residualizing.

So, removing the general variance as well as the Big Five 
domains from items did change their correlations with out-
comes, but often quite unpredictably. This may suggest that 
while in some cases some of the more broadly defined vari-
ance that items were designed to capture “for” the Big Five 
domains and their facets could have contributed to the items' 
predictive power, some of it could also have suppressed the 
models' abilities to indicate the items' full predictive powers, 
thus resulting in different variance predicting outcomes be-
fore and after residualizing items for higher- order variance.

One specific example is how the item- level associations 
with Identity Foreclosure could be represented and inter-
preted. (Figure  2). Items from several facets and domains 
were linked with Identity Foreclosure, although within facets 
items' correlations varied, often even in direction; suggest-
ing that Identity Foreclosure may be highly “poly- nuanced” 
in its relations with personality traits. This observation per-
sisted when the models controlled the GFP and the Big Five 
and their facets. Helping to profile someone high in Identity 
Foreclosure, among the most closely related items were (from 
ten different facets): “Is full of energy”; “Is outgoing, socia-
ble”; “Has difficulty imagining things”; “Avoids intellec-
tual, philosophical discussions”; “Has few artistic interests”; 
“Rarely feels anxious or afraid”; “Feels little sympathy for 
others”; “Feels secure, comfortable with self”; “Starts argu-
ments with others”; “Assumes the best about people (reverse 
scored)”. Sometimes other items from the same facets had 
opposite associations with it, such as “Rarely feels excited 
or eager” (same facet as “Is full of energy”) or “Is inventive, 
finds clever ways to do things” (same facet as “Has difficulty 
imagining things”). This pattern paints a nuanced picture of 

someone high in Identity Foreclosure: shrewd yet unimagina-
tive; energetic yet not eager; incurious, not introspective, and 
somewhat aloof from others.

For criminal behavior, an example of a more specific out-
come, the five strongest correlations were with “Sometimes 
behaves irresponsibly”, “Starts arguments with others”, “Has a 
forgiving nature (reverse scored), “Can be cold and uncaring”, 
and “Leaves a mess, doesn't clean up”, with correlations from .20 
to .27. These items are spread across BFI- 2 facets and domains, 
and it would not be easy to create one overarching trait from 
them; yet they outline someone who might behave criminally.

6 |  DISCUSSION

We compared personality traits' predictive powers at the do-
main, facet, and nuance levels, finding support for three pre- 
registered hypotheses. First, facets of the Big Five domains 
had greater predictive power than did the domains them-
selves, even when the Big Five variance had been removed 
from the facets. Second, nuances— assessed through indi-
vidual questionnaire items— had still more predictive power, 
even when facet and domain variances were removed from 
the nuances. Third, these patterns held equally for both broad 
and narrow life outcomes, contradicting Asendorpf et al.'s 
(2016) hypothesis that outcomes' breadths are related to their 
predicatabilities from personality traits. Notably, we used a 
modeling approach— elastic net regression— that penalizes 
overly complex models (Zou & Hastie,  2005) and trained 
and validated our models in independent samples. We were 
therefore quite confident that the greater predictive powers of 
facet and nuance traits did not simply reflect the larger num-
bers of nuance and facet traits, and therefore greater risks of 
capitalizing on chance.

F I G U R E  2  Manhattan plots. Each point represents a correlation for a single item with Identity Foreclosure (raw item scores; items after 
removing the general variance, GFP; items after removing the Big Five and their facets' variance). Items are grouped according to their facets 
and domains; A = Agreeableness, C = Conscientiousness; E = Extraversion; ES = Emotional Stability (inverse of Neuroticism); O = Openness. 
Dashed lines indicate the significance threshold after Holm correction of multiple testing



   | 177STEWART ET Al.

Our pre- registered research replicated the methods and 
observations by Seeboth and Mõttus (2018), using a dif-
ferent subject sample and investigating different outcomes. 
However, our models accounted for much more variance; do-
main models accounted for 16.6% of variance (vs. 4.2%), and 
nuance- based models explained 20.9% (vs. 5.5%). Plausibly, 
this was because many of our outcomes were psychological 
constructs similar to personality traits (or, arguably, person-
ality traits themselves), whereas their's tended to be directly 
observable behaviors (volunteering) and outcomes (BMI). 
Additionally, we investigated facet- based models, which ac-
counted for 18% of variance, on average. Our general obser-
vation that narrower traits out- predicted broader ones also 
replicated other studies (Elleman et al., 2020; Revelle et al., 
2021; Wessels et al., 2020).

Although we expected that the self- report method overlap 
between personality traits and outcomes would contribute to 
their associations, we observed that removing the general self- 
reported personality trait variance, the so- called GFP, from 
personality trait ratings had no effects upon the model's predic-
tive powers, despite generally lower correlations between the 
outcomes and individual personality domains. Removing the 
GFP as well as the Big Five and its facets' variance from items 
had varying effects on their outcome correlations. In many 
cases, these removals did not attenuate the correlations to non- 
significance and sometimes the item- outcome correlations 
were stronger after higher- order variance had been removed. 
Besides indicating that personality trait- outcome associations 
are often nuanced, this suggested that individual trait- outcome 
correlations do not indicate much about the combined predic-
tive power of a set of variables (Mõttus et al., 2020): in many 
cases, several small individual associations can amount to com-
paratively accurate predictions when combined. This means 
that descriptive findings (correlations) are different from the 
predictive power of the variables involved, underscoring the 
need to not confound the two, as is commonly done.

Finally, the predictions provided by facets and especially 
nuances were more outcome- specific than those provided by 
domains, suggesting that nuances had higher discriminant va-
lidities too. That is, nuances' incremental predictive accuracy 
apparently arose because they predicted outcomes' distinctive 
aspects rather than what the outcomes shared (e.g., their so-
cial valence). We expect that outcome- specificity if often a 
useful feature of representing the involvement of personality 
in these outcomes.

6.1 | Prediction strength

It may be tempting to dismiss the incremental predictive va-
lidities of facets and nuances over domains because the gains 
have been too small to offset the loss of parsimony. Indeed, 

we do not argue against using domains to represent per-
sonality trait- outcome associations, for sometimes simplic-
ity is paramount, such as for public engagement, and some 
researchers may a priori prefer parsimon more than others. 
However, there are strong arguments for not dismissing 
our observations and their implications outright and for all 
purposes.

The degrees to which items, indicators of nuances ne-
sodes facets and domains, had stronger outcome associa-
tions were admittedly not extensive (e.g., average 21% for 
items vs. 18% for facets vs. 17% for domains). But, as noted, 
this pattern was “against the odds” in that BFI- 2 items had 
not been intended to measure nuances: the instrument was 
carefully designed to measure nothing but the Big Five and 
their facets. During its development, potential items that ap-
peared to measure something beyond the Big Five and their 
facets were removed, along with their interstitial contents. 
Therefore, our observations likely underestimated the po-
tential aggregated predictive power of nuances that could be 
achieved with broader item sets. In other words, our obser-
vations just give a glimpse of what could be achieved, and 
should motivate further research into how to use nuances to 
cover personality trait space more comprehensively (Mõttus 
& Rozgonjuk, 2021; Mõttus et al., 2020).

Another argument for the potential usefulness of nuanced 
predictions is their higher discriminant validities. Like per-
sonality traits, outcomes differ in social desirability and often 
their predictions may be largely driven by this valence— what 
is desirable in personality traits predicting what is desirable 
in outcomes; for evidence, see the correlations between the 
GFP and outcomes in Table S3. When this boosts apparent 
predictive power, it is not particularly informative. Facet-  and 
nuance- based models may provide more information, es-
pecially when common variance is identified and removed, 
about distinctive relations between personality traits and out-
comes. It may help explain why people with similar Big Few 
domain scores often experience very different life outcomes, 
and the other way around.

To the extent that personality- outcome associations are 
indeed poly- nuanced (which is a feature for us as people, not 
a “bug”), it may well be that future predictive research will 
progress by iteratively exploring which combinations of pre-
dictor traits maximize the overall and distinctive predictive 
accuracies of particular outcomes, by systematically trying to 
eke out every bit of incremental value. Uncovering 3%- 4% of 
predictive power, coupled with greater prediction specificity, 
would then not be something to be sniffed at, especially if it 
turns out that the higher limits of outcomes' predictabilities 
are often relatively models (say 25%). This is a route already 
established in some scientific fields, such as quantitative ge-
netics where more outcomes are known to be highly poly- 
genetic (e.g., Plomin & von Stumm, 2018).
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6.2 | Why?

Why did items, being markers of nuances on top of meas-
uring facets and domains, out- predict the domains and 
facets? As one possibility, this was due to the extra informa-
tion contained within the nuances, beyond the information 
that the items shared with other items designed to meas-
ure their higher- order traits— the “true scores” according 
to standard psychometric training. For example, the BFI- 2 
(Soto & John, 2017) contains the Extraversion domain and 
Sociability facet items “Is outgoing, sociable” and “Is talka-
tive”. Actively good listeners tend to be “sociable” but may 
not be “talkative” themselves, and people who often talk “at” 
others may often not be seen as very “sociable,” for example. 
As a result, ability and willingness to listen can have unique 
relevance for a range of outcomes, beyond Sociability and 
Extraversion more broadly.

But the observation that residualizing items for the Big 
Five and their facets did not attenuate their predictive accuracy 
at all is also consistent with a more radical explanation: it is 
often exactly this unique information in items— personality's 
“details” — that is mostly relevant for why people differ in 
their life outcomes, rather than the more readily interpreta-
ble, familiar and easily assessed domain/facet variance that 
we usually rely on. If so, nuances do not only provide extra 
details; instead, they provide the whole of the predictive 
power, giving facets and domains their predictive powers, 
too. In some cases, broader measures may in fact suppress 
unique and outcome- relevant information in items, markers 
of nuances, as evidenced by item- outcome associations often 
even strengthening once the lower- dimensional variance is 
removed. The possibility that the unique information in nu-
ances is the actual link between personality traits and out-
comes may seem radical and perhaps uncomfortable; it does 
suggest that much personality research to date may, in some 
ways, have misrepresented the links.

In any case, it is very plausible that many life outcomes 
are not directly linked with one or two broad domains but 
with multitudinous nuances. That is, by sampling from a 
wide range of items, each relating to specific behaviors and 
cognitions, more accurate accounts than currently available 
may be achieved. Properly doing such work requires the be-
spoke tools for comprehensively assessing personality traits 
at all levels of the trait hierarchy (Condon et al., 2020).

6.3 | On nuances, again

Re- iterating for emphasis, we do not equate nuances with 
items per se: items are markers for broader personality 
traits such as the Big Few domains, but also markers for nu-
ances within and beyond the domains. But many items do 
represent unique nuances, narrow traits with all the formal 

trait- properties, even though some are overlapping to the ex-
tent that they refer to the same nuance (Condon et al., 2020). 
Therefore, item- specific research does not imply creating 
more traits; instead, it means capturing more already- existing 
trait variances.

However, where single items do capture unique nuances, 
associations based on them still need to have descriptive— 
and therefore intuitive— value as well as be comparable 
across studies. We thus think that future research should 
strive to operationalize nuances with items that do not refer 
to specific behaviors in specific situations, but to more 
situation- general, though specific behavioral traits. This can 
help researchers avoid the gap between items' contents and 
the labels that they ascribe to them, which is the causes of the 
notorious jingle- jangle fallacy plaguing psychometric scales. 
Items like “Prefers to be alone”, “Believes that others have 
good intentions”, or “Feel jealous when hearing about oth-
ers' successes” can be interpreted as referring to distinct, if 
correlated, traits that are applicable to many circumstances 
and to some degree to everyone regardless of their time and 
location (DeYoung, 2015). In contrast, just what “Enjoys va-
cationing in Las Vegas” taps is much less clear (and many 
may never even have considered going there or would have 
any opportunity to); hence such items should be avoided for 
measuring nuances.

We believe that future research that uses appropriately 
measured nuances can accumulate descriptive observations 
at least as well as broad trait- based research— maybe even 
more, if the jingle- jangle and social desirability problems 
with current measures can be better avoided for nuances. 
Moreover, we also believe that the complexity of nuanced 
findings can be dealt with by developing novel methods 
for organizing, summarizing, and visualizing observations 
and identifying interpretable patterns from them (Mõttus 
et al., 2020; Revelle et al., 2021). Geneticists and neuroscien-
tists routinely work with very large numbers of observations, 
having developed tools for extracting meaningful patterns 
and drawing intelligible conclusions from them. Why could 
personality researchers not try this too?

6.4 | Breadth

Some have suggested that outcome's and predictors should 
align: the more specific the outcome, the stronger the asso-
ciations with more specific traits (Asendorpf et  al., 2016). 
We also tested this, as did Seeboth and Mõttus (2018). Again, 
our findings were consistent with Seeboth and Mõttus (2018) 
in that there were no relations between outcomes' specifici-
ties and the degrees to which they were predicted by either 
domains, facets or items. In other words, our findings suggest 
that the differences in prediction strengths between outcomes 
were due to the types the behaviors they represented, rather 
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than how specific versus broadly aggregated these behav-
iors appeared to be. Moreover, nuances tend to out- predict 
broader traits regardless how specific or broad the outcomes 
are.

6.5 | Limitations & future research

Our research had a number of important strengths, including 
its large sample size, its hierarchical assessment of person-
ality traits at the domain, facet, and nuance levels, its large 
and diverse set of life outcomes, and its use of quantitative 
methods that prevent model over- fitting. However, it also 
had some important limitations that highlight directions for 
future research. Perhaps the biggest lay with the measured 
outcomes that we considered. It can be argued that some of 
them, such as forgiveness and gratitude, may be better un-
derstood as aspects of personality themselves, rather life out-
comes. As such, it can be questioned whether our results were 
representative of relations between items and outcomes, or 
between items and other would- be (groups of) items. For ex-
ample, the survey used similar items such as: “I am someone 
who is temperamental, gets emotional easily” as a measure 
of Neuroticism (Domain) and “My mood sometimes changes 
for example, from happy to sad, or vice versa without good 
reason” as a measure of Negative Temperament (outcome). 
This is not a problem unique to our particular study, of course, 
although Seeboth and Mõttus (2018) reported no direct over-
laps between their personality test items and outcomes. Once 
future research can address this concern by applying the 
methods used in this study, but to different sets of outcomes 
and inventories, we can get a more detailed picture of the “re-
alism” of nuance relations. For example, we could progress 
by identifying if nuances are similarly valuable in alternative 
models, such as HEXACO (Ashton & Lee, 2020) or the MPQ 
(Tellegen, 2003).

Further to this, investigating nuances beyond the Big Few 
in models may help to divulge what constitutes a strong pre-
dictive nuance. Should two items of rather similar content 
show similar predictive strengths among various models, this 
would suggest that the nuance they share has good predictive 
validity, and should be considered in constructing measure-
ment tools down the line. Conversely, should particular nu-
ances be repeatedly observed to have little predictive validity, 
they would be best excluded from future inventories. It may 
even be that outcome- relations will (again) become the pri-
mary concern of psychometrics, with inventories developed 
to reliably investigate individuals' potentials to experience 
particular outcomes.

As another major limitation, our definition of a nuance 
here was an item of an inventory specifically designed not to 
measure nuances. The BFI- 2 was carefully crafted to provide 
the most optimal measurements of the Big Five domains, 

each defined through three facets (Soto & John, 2017). But 
the ways in which people think, feel, and behave can be 
described in many more ways— and apparently these ways 
uniquely matter for life outcomes. Therefore, future research 
needs to pursue the most comprehensive yet manageable sets 
of nuances, perhaps by returning to an Allportian method, 
and identifying the many— and most distinctive— patterns 
in which individuals behave, rather than just the major ways 
(Big Few domains). By then applying these wider nuance 
sets to predict outcomes, we can identify the best sets to 
understand particular outcomes (e.g., Elleman et al., 2020). 
For example, one set of nuances may be the best predictor of 
gambling addictions, whilst another set is the best predictor 
of BMI. One step which could go toward achieving this is 
publication of item- specific data, even when they are not the 
focus of interest (Mõttus et al., 2020).

7 |  CONCLUSION

In sum, our study extended previous research on personality- 
outcome associations. In general, facet traits predicted life 
outcomes more strongly than did broad, domain- level traits 
like the Big Five, and even narrower nuance traits out- 
predicted facets. On average, shifting from domain- level to 
nuance- level traits led to about 25% improvement in predic-
tion accuracies. This suggested that although broad, domain- 
level traits can provide rough sketches of how personality 
traits relate with life outcomes, narrower facet-  and nuance- 
level traits are needed to provide more complete pictures. 
Nuances- based predictions also have higher discriminant 
validity.

It is exactly the prediction of behavior, some argue, 
that should be psychology's main goal (e.g., Yarkoni & 
Westfall, 2017). To do so, we urge looking at nuances, rather 
than focusing solely on domains, or even facets. Whilst this 
requires more intricate models, the extra variance they can 
explain is a beneficial trade- off in some, if not many, circum-
stances. We stress that we do not argue against the use of 
domains or facets. Clearly, both do have predictive powers, 
as this study and others have indicated. Rather, we argue that 
nuances add another “tool” to the “box” psychology uses to 
understand how personality contributes to life outcomes, and 
we have only begun realize this tool's value. As further evi-
dence emerges of these benefits, we call for the most com-
monly used personality measures to adapt to a hierarchical 
taxonomy that is actively designed to span the full personality 
trait space at various breadths that link to outcomes: domains, 
facets, and nuances, with each level intentionally considered 
important in its own right. The road to such assessment 
frameworks has already been mapped by Condon and col-
leagues (2020), now the onus is on personality researchers 
to build it!
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