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additional steps to prepare the data. The data sets used in this study are made available through
the respective data-holding institutions. We are not allowed to make the data publicly available,
but on the OSF, we provide information about how researchers can request these data for
research purposes. On the OSF, for each study, we also share the relevant questionnaires as study
materials.
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Abstract

How does personality change when people get older? Numerous studies have investigated this
question, overall supporting the idea of so-called personality maturation. However,
heterogeneous findings have left open questions, such as whether maturation continues in old age
and how large the effects are. We suggest that the heterogeneity is partly rooted in
methodological issues. First, studies may have failed to recover age effects, as they did not
stringently separate within-person changes from confounding between-person differences.
Second, items supposedly belonging to the same trait may show different individual trajectories,
thus rendering results sensitive to the specific set of items used. We analyzed panel data from
Australia (N = 15,268; Study 1), Germany (N = 22,833; Study 2), and the
Netherlands (N = 10,163; Study 3) to investigate age trends in the Big Five on the levels of both
scores and items. We applied a fixed effects approach that incorporates only within-person
changes over time. Developmental trends in the Big Five scores were generally moderate to large
and broadly confirmed personality maturation at younger ages. At older ages, maturation
consistently continued for Neuroticism, whereas we found mixed evidence for such changes in
Conscientiousness and Agreeableness. Furthermore, in each study, individual items showed age
trends that diverged from the rest of the corresponding trait; and these differential patterns could
be partly replicated across the three studies. Our results highlight the importance of items in the
study of personality development and provide an explanation for previously unaccounted for
variability in age trends.

Keywords: personality development, mean-level change, Big Five, panel studies, fixed

effects modeling
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Using Within-Person Change in Three Large Panel Studies to Estimate Personality Age
Trajectories

How does personality change across the life span? Numerous studies have tried to answer
the question of how traits develop with age (e.g., Anusic et al., 2012; Ashton & Lee, 2016;
Donnellan & Lucas, 2008; Graham et al., 2020; Lucas & Donnellan, 2009, 2011; Marsh et al.,
2013; Milojev & Sibley, 2017; Soto et al., 2011; Soto & John, 2012; Specht et al., 2011;
Srivastava et al., 2003; Terracciano et al., 2005; Wortman et al., 2012). As summarized in
comprehensive meta-analyses by Roberts et al. (2006) and more recently by Bleidorn et al.
(2022), there is strong evidence of a pattern in young adulthood referred to as the maturity
principle of personality development (e.g., Bleidorn et al., 2021; Caspi et al., 2005; Roberts et
al., 2008; Roberts & Nickel, 2017)—that is, with respect to the Big Five personality traits,
Neuroticism decreases, whereas Conscientiousness and Agreeableness increase.

Such maturational processes in personality are commonly explained by a social
investment perspective (Bleidorn et al., 2013; Roberts et al., 2005; for a different account, see,
e.g., McCrae et al., 2000; see also Specht et al., 2014). In adulthood, individuals are expected to
commit to normative-conventional roles (e.g., as a romantic partner, parent, or employee; Lodi-
Smith & Roberts, 2007) that, in turn, elicit personality development. However, the principle of
social investment has been challenged, as the expected changes in personality after such role
transitions have not emerged consistently across empirical studies (e.g., Asselmann & Specht,
2021; den Boer et al., 2019; Denissen et al., 2019; Deventer et al., 2019; Kramer et al., 2022;
Specht et al., 2011; van Scheppingen et al., 2016; for an overview, see Bleidorn et al., 2018).

Further, whether or not personality maturation ends at a certain age remains unclear. In

general, the maturation process is assumed to occur between young and middle adulthood (e.g.,
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Bleidorn et al., 2013), mirroring the predominantly investigated age groups in this field of
research (Bleidorn et al., 2021; Roberts et al., 2006). Changes in personality past middle
adulthood are viewed as “very gradual and modest” (Costa et al., 2019, p. 430). Nonetheless, a
continuing pattern of maturation has sometimes been found up to old age (e.g., Lucas &
Donnellan, 2011; Wortman et al., 2012)—but results have been rather heterogeneous, with some
studies even reporting the opposite age trend after middle adulthood (de-maturation; i.e.,
increases in Neuroticism as well as decreases in Conscientiousness and Agreeableness; e.g.,
Graham et al., 2020; Marsh et al., 2013).

Beyond these inconsistencies, studies have also disagreed about the magnitude of
maturational change, with some even failing to support the predicted maturational development
of personality in single dimensions. For example, Lucas and Donnellan (2011) and Specht et al.
(2011) found a rather flat age trajectory for Neuroticism instead of the expected decrease.
Similarly, Lucas and Donnellan (2011) reported that Agreeableness remained stable throughout
young and middle adulthood with increases happening only at the oldest ages. Challenging the
maturity principle even further, some studies have found maturity-opposed age trends in large
age-heterogeneous samples: an increase in Neuroticism (Donnellan & Lucas, 2008), a decrease
in Conscientiousness (Graham et al., 2020), and a decrease in Agreeableness (Milojev & Sibley,
2017; Specht et al., 2011).

Uncertainty regarding the development of personality with age exists not only for
Neuroticism, Conscientiousness, and Agreeableness but also for Extraversion and Openness.
Within the framework of the maturity principle, these two traits have often been somewhat
neglected. In general, they are supposed to show less pronounced developmental patterns

(Bleidorn et al., 2013). But, again, heterogeneous trends have been reported for both traits across
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studies. For Extraversion, some studies found no or only very small age-related changes across
adulthood (e.g., Soto et al., 2011), whereas other studies reported a pronounced downward trend
that was even comparable in magnitude to the changes in the maturity-related traits (e.g., Marsh
et al., 2013). Different aspects of Extraversion were found to show different developmental
patterns that could potentially explain some of the heterogeneity in the reported age trends. The
Social Dominance facet of Extraversion showed marked age-related increases, whereas
trajectories for the Social Vitality facet were rather flat (Roberts et al., 2006). For Openness,
some studies reported an increase across adulthood (e.g., Soto et al., 2011), whereas other studies
found a decrease (e.g., Wortman et al., 2012). The exact definition of Openness is controversial,
as the content of this trait tends to vary by theory and questionnaire (John, 2021; Schwaba et al.,
2018; Schwaba, 2019; see also Saucier, 1992), pointing to the possibility that varying
conceptualizations of Openness might explain diverging developmental trends across studies
(Costa et al., 2019).

In summary, there is general agreement that personality changes across the life span.
Meta-analyses have quantified these changes as medium to large, with effects of about 0.5 to
1 standard deviation across traits (e.g., Bleidorn et al., 2022; Roberts et al., 2006). But beyond
this general agreement that personality matures in some way, the specific age trajectories
reported for personality across studies vary considerably. This view was corroborated by
Bleidorn et al.’s (2022) meta-analysis, which found for mean-level personality trends substantial
between-study heterogeneity that has remained largely unexplained. One explanation for
heterogeneity in mean-level trends is of course true substantive variability—maybe personality

development does look different in different places at different times. However, before such
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substantive variability can be concluded, the possibility that heterogeneous findings result from
heterogeneous methodologies should be ruled out.
Methodological Considerations of Age Differences in Mean Levels of Personality

The literature on personality change across the life span is large. Therefore, and perhaps
unsurprisingly, different methodological approaches and various statistical models have been
applied. Accordingly, differences in the methodologies may explain at least some of the
uncertainty in the age trajectories (for a similar argument, see Costa et al., 2019). Here, we focus
on two key aspects: the successful identification of age effects as well as measurement
invariance in personality. Failing to address these issues appropriately can introduce biases into
individual studies, and importantly, these issues cannot be resolved simply by collecting more
extensive data or by pooling estimates in meta-analyses.
Identifying Age Effects on Personality

A central challenge in the study of personality development is determining how to
effectively separate actual age effects from cohort effects, which may confound any associations
with age observed in the data. In purely cross-sectional designs (and regardless of sample size;
e.g., Soto et al., 2011), age effects are confounded with cohort effects: A person who is 10 years
older was born 10 years earlier. This confounding is a substantial problem because there is more
and more evidence that year of birth affects personality (e.g., Brandt et al., 2022; Jokela et al.,
2017; Smits et al., 2011; see also Hulur, 2017). In an intriguing study covering nearly 80% of the
male Finnish population born between 1962 and 1976, Jokela et al. (2017) found cohort effects
on personality traits comparable in magnitude to the so-called Flynn effect, the well-known
increase in cognitive abilities across cohorts (Flynn, 1984, 1987). Across traits, the cohort

differences in personality reported by Jokela et al. (2017) amounted to small-to-medium effects
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(with changes ranging from 0.2 to 0.6 standard deviations relative to the earliest year of birth).
Age trajectories that are based on cross-sectional data are therefore an indistinguishable blend of
such cohort effects and the age effects of interest, a fact that has been widely acknowledged by
the authors of the affected studies (e.g., Donnellan & Lucas, 2008; Soto et al., 2011).

Thus, a priori, we cannot assume that age trajectories that were estimated on a single
wave of cross-sectional data will recover the age effects of interest. In principle, age effects are
conceptualized on the within-person level, that is, on an individual level, they capture the
contrast between a person at a given age and the same person at a different age; on the
population level, they capture the average of such individual-level age effects. Although in
principle, it is possible to recover such average age effects from a repeated cross-sectional design
(see Fitzenberger et al., 2022; lon et al., 2022), longitudinal data are the preferred approach.
With the help of longitudinal data, researchers can compare the same person at different ages.
This comparison is still not guaranteed to recover the age effects of interest, as age is confounded
with period: The same person 10 years older is observed 10 years later, and historical
circumstances can change a lot in that time. In principle, the age-period-cohort conundrum
cannot be solved by simply adding more (longitudinal) data or more complex statistical models
(see Glenn, 2003; see also A. Bell & Jones, 2014). But an age trajectory that is pieced together
from purely within-person comparisons is no longer confounded by cohort effects, and thus,
fewer assumptions are necessary to interpret it as a reflection of actual age effects.

However, just because a study uses longitudinal data does not guarantee that its results
exclusively rely on within-person comparisons. The data simultaneously contain between-person
and within-person information, and depending on the statistical model employed, both can affect

the estimated age trajectories. In studies on personality development, longitudinal data are
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typically analyzed by means of latent growth modeling (LGM; e.g., Specht et al., 2011) or
multilevel modeling (MLM; e.g., Graham et al., 2020; Terracciano et al., 2005). Both approaches
often have limitations in practice.

In the case of LGM, age trends in the intercepts (representing between-person
differences) and slopes (representing within-person changes) are required to follow a function
that is either prespecified (e.g., linear, quadratic, or cubic) or estimated on the underlying data
(so-called latent basis modeling). The resulting age trajectories, though, might be substantially
biased if individuals’ age trends deviate from the functional form (Wu & Lang, 2016). Thus,
when there are interindividual differences in the intraindividual change patterns of personality,
LGM will not necessarily successfully recover the average age trajectory.!

In MLM, usually parametric functions reflecting effects of age on personality are
included in the model with random intercepts and random slopes for individuals (e.g., Graham et
al., 2020; Terracciano et al., 2005). However, random intercepts are not sufficient to fully control
for between-person differences (Townsend et al., 2013), and thus, estimates in the typical
implementation of MLM represent an indistinguishable blend of within-person and between-
person information (Curran & Bauer, 2011). Therefore, age trajectories may still be confounded
with cohort effects. This issue is especially relevant if analyses explicitly include cases that
provide only cross-sectional information (e.g., Graham et al., 2020) and the extent to which
developmental trajectories represent actual age effects remains unclear.

By contrast, fixed effects modeling (FEM) allows researchers to extract within-person

information that is completely separated from between-person variation in the data (Boyce et al.,

L In addition, with respect to the presentation of the results, the slopes in LGM represent only piecewise changes in
personality as a function of age (see, e.g., Specht et al., 2011; see also Lucas & Donnellan, 2011; Wortman et al.,
2012). To obtain a cohesive mean-level trajectory across the life span, the slopes would need to be integrated, which
is not typically done in this research tradition.
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2013; for a general introduction to FEM, see Allison, 2009; Angrist & Pischke, 2009; McNeish
& Kelley, 2019). As only within-person changes are captured, all time-constant factors
(including between-person confounds) are partialized out (Briderl & Ludwig, 2015; McNeish &
Kelley, 2019). Thus, FEM is a good match for research on developmental trajectories of
personality, where within-person changes with age are of interest, and so-called between-person
effects, such as the confounding influence of cohort, are considered nuisances. Although FEM is
widely used in the econometric literature, it is rarely applied in psychological research in its
original form (McNeish & Kelley, 2019).

However, LGM, MLM, and FEM do not necessarily represent distinct classes of
statistical approaches (Zyphur et al., 2020). LGM and MLM can be translated into each other so
that they lead to identical results (see, e.g., Curran, 2003). Similarly, it is possible to translate
FEM into the LGM framework (Allison, 2009; Allison et al., 2017; Andersen, 2022). And after
person-mean centering, estimates from MLM are identical to FEM (A. Bell & Jones, 2015;
Hamaker & Muthén, 2020; McNeish & Kelley, 2019). Despite these statistical overlaps, a certain
approach may be more suitable than the others for addressing a particular research question. For
example, when data cover the life span, LGM is cumbersome to implement because each year of
age results in an additional observed variable (see Curran, 2003). Similarly, to obtain within-
person estimates for many predictor variables in the MLM framework (e.g., when age-dummies
are used for life span data, as in the present studies), repeated person-mean centering is
necessary, whereas FEM provides such estimates without any additional preparation (for an
illustration, see https://osf.io/uycx6/ and Table S21 in the Supplemental Materials). This extra

step may be one of the reasons why MLM with person-mean centering has not yet been used (as
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far as we know) to study the effects of age on personality, despite multiple articles advocating
for its use (Hamaker & Muthén, 2020; Wang & Maxwell, 2015).

Even if within-person trends are correctly separated from between-person trends,
additional methodological challenges come along with the use of longitudinal data to examine
age differences in personality (see also Kratz & Briiderl, 2021). Issues such as selective dropout
and panel conditioning effects are additional sources of bias. For example, researchers should
avoid excluding individuals with incomplete longitudinal data, as this might lead to an overly
healthy sample (Seifert et al., 2022), which in turn means that average age trajectories of
personality will be biased because changes in health are correlated with changes in personality
(which might particularly be an issue for older age groups; Kornadt et al., 2018; Luo et al., 2022;
Mueller et al., 2018). Further biases are possible. For example, studies have suggested that there
may be an initial elevation bias (Anvari et al., 2022; Arslan et al., 2021; Shrout et al., 2018; but
cf. Cerino et al., 2022): Participants seemingly overreport constructs at their first assessment in
longitudinal studies. Such a bias would in turn distort age trajectories because participants will
be youngest at this (biased) initial assessment.

Measurement Invariance

A second key methodological aspect of the mean-level development of personality is
whether individual items that supposedly measure the same personality dimension follow the
same trend. This question is usually addressed from the perspective of measurement invariance
(Vandenberg & Lance, 2000; see also Nye et al., 2016): Is the latent personality construct
comparable across age, so that observed age differences can be attributed to the underlying
construct rather than to the particular indicators? Because we were interested in mean-level

changes, there is a need to demonstrate metric invariance (i.e., assuming equal item factor
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loadings across age) and additionally scalar invariance (i.e., assuming equal item intercepts
across age) in personality across age in order to draw valid conclusions (Widaman et al., 2010).

Even though measurement invariance is such a crucial prerequisite, it is often not
stringently tested in studies on personality development. According to a recent meta-analysis on
personality development, tests of measurement invariance were part of only approximately 30%
of the studies (Bleidorn et al., 2022). When measurement invariance is examined, metric
invariance is usually supported; but for scalar invariance, results are less unequivocal, as much
more marked losses in model fit are typically observed (e.g., Lucas & Donnellan, 2011; Milojev
& Sibley, 2017; Wortman et al., 2012; see also Brandt et al., 2020). Researchers sometimes
argue that measurement invariance is given when the model assuming scalar invariance fits the
data sufficiently well (e.g., Specht et al., 2011). However, such a conclusion is not necessarily
valid because a good overall model fit may still be observed even when the model fit decreases
drastically after equality constraints are included for item intercepts, calling scalar invariance
into question.

What does a lack of measurement invariance across age mean on a substantive level? A
lack of metric invariance (i.e., varying item factor loadings) indicates that the same item
indicators represent the personality trait to varying degrees across the life course. If some
commensurable construct exists across the life course, the implication would then be that some
indicators would become more or less suitable, thus pointing to measurement issues (e.g.,
partying might no longer be a good indicator of Extraversion in old age). Taking the items at face
value and insisting that they do represent the construct would instead imply that the meaning of

the construct changes with age (e.g., partying may measure something different than
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Extraversion in old age). In any case, a lack of metric invariance precludes straightforward
substantive comparisons.

A lack of scalar invariance (i.e., varying item intercepts) indicates that age changes in the
latent trait alone are not sufficient for explaining age changes in the respective items. Thus,
individual items do not follow the age trajectory of the latent factor in proportion to their
respective factor loading—instead, their age trajectory may be steeper or flatter or may exhibit a
different shape altogether. Again, such differences can be interpreted in different ways.
Assuming that all age effects on items must be mediated through some latent trait, differences in
the item trends may point to subfactors that show different age trajectories (e.g., the splitting of
Extraversion into the Social Dominance and Social Vitality facets; Roberts et al., 2006).
Focusing instead on the items, different trends may simply suggest that beyond the age changes
in the latent trait, something else induces age changes in the items (e.g., partygoing may decline
with age, regardless of Extraversion, because there are fewer opportunities or because of health
issues). In other words, not all age changes in the items are mediated by the latent construct
(Borsboom, 2023; Paulewicz & Blaut, 2022). In any case, a lack of scalar invariance indicates
that considering only developmental trends on the trait level misses part of the picture. Thus, age
trends should be examined on the subordinate item level where trajectories are likely to differ
(Marsh et al., 2013; Méttus et al., 2015; Wicherts & Dolan, 2010).

Previous studies have shown that when different items are used to measure a particular
Big Five personality trait, these different items can show heterogenous mean-level patterns with
age (e.g., Lucas & Donnellan, 2009; Mdttus & Rozgonjuk, 2021), although personality
development is typically examined only for mean scores (e.g., Graham et al., 2020). Similarly,

when items that cover similar aspects were bundled into facets, distinct developmental trends
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were found for the facets of a trait (e.g., Jackson et al., 2009; Roberts et al., 2006; Schwaba et al.,
2022; Soto et al., 2011; Terracciano et al., 2005). Therefore, developmental trends in the mean
levels of the Big Five may depend on which personality items were selected. The fact that the
same personality trait is often measured with different items in different studies may at least
partially explain why developmental patterns vary considerably across studies.

The Present Studies

Numerous previous investigations have resulted in partially compatible, partially
contradictory conclusions regarding the mean-level development of personality. The extent to
which heterogeneity in results can be attributed to genuine substantive differences in personality
development as opposed to differences in methodology, models, and measures remains unclear.
To clarify the situation, we analyzed and contrasted results across three studies, consistently
applying what we consider the most sensible model specifications and explicitly taking into
account questions of measurement invariance.

We relied on three large panel studies: the Household, Income and Labour Dynamics in
Australia (HILDA; Study 1) Survey; the German Socio-Economic Panel (SOEP; Study 2); and
the Dutch Longitudinal Internet Studies for the Social Sciences (LISS; Study 3) Panel. These
data offered several advantages: First, they provided longitudinal personality data that spanned
up to 14 years. Second, the large sample sizes allowed us to detect even small changes with
adequate precision. Third, the participants were diverse with respect to age and other
characteristics (e.g., education, income, and marital status), such that we were able to estimate
age trends that covered the entire adult life span and were representative of a broader population.
To overcome the analytical limitations of previous studies, we used fixed effects

modeling (FEM) with age dummies to obtain flexible nonparametric developmental trajectories
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that were based solely on within-person changes (thus not confounded with between-person
differences in personality) and could recover the average trajectory even in the presence of
heterogeneous development. We furthermore explicitly tested for measurement invariance, and
because we detected relevant violations, we investigated item-level trajectories. Finally, to get a
better understanding of the extent to which separating within-person change from between-
person differences matters for substantive conclusions, we additionally ran standard multilevel
modeling (MLM) analyses and contrasted the results with our main findings. These results are
reported after Study 3.

In each study, personality was assessed with the Big Five traits (i.e., Neuroticism,
Extraversion, Conscientiousness, Agreeableness, and Openness). Each panel study covered 12 to
14 years of personality development. In total, we analyzed longitudinal data from more than
48,000 individuals. Analyzing three samples from different countries allowed us to assess the
robustness of our results.

General Statistical Approach

The HILDA (Study 1), SOEP (Study 2), and LISS (Study 3) studies share essential
features: all three are panel studies with Big Five personality measures. We kept the analysis
strategies across all studies as parallel as possible to maximize comparability. Accordingly, we
first present the general methodological approach and later explain some study-specific points.
For each of the three studies, informed consent was obtained from participants by the respective
responsible institution. Ethical approval was not required for our research, as we analyzed

existing and fully anonymized data.
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Fixed Effects Modeling

To estimate mean-level age trajectories of personality that were informed solely by
within-person information, we applied fixed effects modeling (FEM; Allison, 2009; Briderl &
Ludwig, 2015; Hamaker & Muthén, 2020; McNeish & Kelley, 2019). We ran separate analyses
for each dependent variable, that is, for each of the Big Five mean scores but also for every
single item in isolation. Reversed items were recoded so that higher values indicated higher
construct expression. Following recommendations (Briderl & Ludwig, 2015; Cameron & Miller,
2015), we used panel-robust standard errors for FEM (as proposed by Arellano, 1987) to account
for serial correlation and heteroscedasticity.

We used dummy-coded age (separate dummies for each year of age, with the youngest
age as the reference group) as the focal predictor of interest. As FEM is based on within-person
variation only, all time-constant variables (e.g., cohort and sex, but also unobserved
characteristics) are implicitly controlled for. However, time-varying variables may still bias the
results; therefore, we included additional controls (in the General Discussion section, we
consider the conditions under which FEM can recover unbiased age trajectories). First, we added
a dummy variable that indicated the participants’ first wave of personality data (1 = first wave,

0 = all other waves). We did so to control for a potential initial elevation bias (Anvari et al.,
2022; Arslan et al., 2021; Shrout et al., 2018), which is a tendency to overreport a certain
construct at the first assessment in longitudinal surveys and which may bias age trajectories.

Second, we controlled for changes in the mode of data collection within participants
(self-report questionnaire vs. interview) that occurred for roughly 20% of the participants in
Study 2 (SOEP). Interviews have been reported to be more susceptible to response biases than

self-report questionnaires (e.g., social desirability; Richman et al., 1999; see also Ausmees et al.,
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2022), leading to personality levels that vary by the mode of data collection (e.g., more socially
desirable personality ratings in interviews; for an examination with SOEP data, see Donnellan &
Lucas, 2008; Hilgert et al., 2016; Lang et al., 2011). Thus, because changes in mode might bias
the age trajectory of personality, in Study 2, we additionally included dummy-coded information
about the mode for each wave (1 = self-report questionnaire, 0 = interview). Mode changes were
not an issue in Study 1 (HILDA) or Study 3 (LISS), as personality was always assessed with
self-report questionnaires. These control variables were included in the FEM without explicitly
modeling person-specific deviations from the average effect, a practice that is sufficient for
controlling for potential confounds of the average age effects (but for how to relax this
assumption in FEM, see Ruttenauer & Ludwig, 2023).

To facilitate the interpretation of the results across studies, the dependent variables were
transformed into T-scores before being entered into the models (see, e.g., Donnellan & Lucas,
2008). For this procedure, we standardized the data to obtain a mean of 50 and a standard
deviation of 10 at the participants’ second observation (because the first observations were
potentially distorted by an initial elevation bias; e.g., Shrout et al., 2018). Accordingly, the
estimated within-person changes in personality are interpreted relative to the personality
differences across participants. We applied Cohen’s (1988) conventional criteria to interpret the
effect sizes and determined that a difference of 2 T-score units equaled a small effect, a
difference of 5 units a medium effect, and a difference of 8 units a large effect. We primarily use
these labels to quantify the maximal differences in mean scores observed across the life span;
when comparing our results with other studies, it should be kept in mind that the magnitude of

change needs to be considered relative to the time span that was covered (e.g., a change of
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2 T-score units across 1 year is much more dramatic than a change of 2 T-score units across
10 years; see Funder & Ozer, 2019).

As FEM uses only longitudinal information to make estimates, only participants who
answered all the items for the same personality trait in at least two waves of measurement were
included in the analyses. However, beyond this minimal requirement, participants with missing
data at some measurement occasions were still included. Due to the sparse number of
participants at the oldest ages, we limited the estimation to years of age for which we had at least
30 observations in order obtain sufficiently precise estimates (for similar restrictions, see, e.g.,
Donnellan & Lucas, 2008; Specht et al., 2011). Inclusion criteria were applied separately for the
Big Five dimensions, potentially resulting in different sample sizes for different traits. In
Study 2 (SOEP), observations with missing information on the mode of data collection were
excluded, which applied to roughly 0.5% of observations from participants with at least two
measurements (with a total of 74,128 to 74,714 observations, depending on the trait). We used an
ordinary least squares (OLS) approach to obtain the parameter estimates, which is standard for
FEM (A. Bell & Jones, 2015; Briderl & Ludwig, 2015; McNeish & Kelley, 2019).

Tests of Measurement Invariance

In order to be able to interpret age trends in personality mean scores as age trends in the
underlying personality traits, measured constructs have to be comparable across age.
Accordingly, there is a need to establish scalar measurement invariance, which is a prerequisite
for meaningful mean-level comparisons of latent constructs (e.g., Widaman et al., 2010; see also
Meredith, 1993). A lack of scalar measurement invariance suggests that items are showing

heterogeneous age trends (M6ttus et al., 2015).



WITHIN-PERSON PERSONALITY TRAJECTORIES 19

In our case, invariance should be tested across both years of measurement and years of
birth, as age is defined by both (age = date of measurement — date of birth). We used a structural
equation modeling (SEM) framework to test for metric and scalar measurement invariance
simultaneously across years of measurement and years of birth. Specifically, we used local
structural equation modeling (LSEM; Hildebrandt et al., 2009, 2016; Olaru, Schroeders,
Hartung, & Wilhelm, 2019), as this technique allowed us to continuously estimate parameters
across birth years. Therefore, we did not need to artificially categorize the birth year variable (as
would be necessary for multiple-group SEM,; see, e.g., Lucas & Donnellan, 2011; Wortman et
al., 2012), thus avoiding the accompanying loss of information (MacCallum et al., 2002). For
each value of the continuous variable (in LSEM terminology, for each focal point), the sample is
weighted: Participants with a birth year that matches the focal point of interest receive the largest
weight (i.e., 1); the more a participant’s birth year deviates from the focal point, the smaller the
weight. We used a Gaussian kernel function, which is commonly used so that the weights around
a focal point follow a normal distribution. The standard deviation of this distribution (referred to
as bandwidth) regulates how influential the data points surrounding a focal point are; we used a
bandwidth factor of h = 2, which is recommended (Hildebrandt et al., 2016; Olaru, Schroeders,
Hartung, & Wilhelm, 2019) and most commonly used (e.g., Ghnambs & Schroeders, 2020; Olaru
& Allemand, 2022; Seifert et al., 2022; Wagner et al., 2019).

For the measurement invariance analyses, we included the same observations as in FEM
analyses (for an exception, see Study 3). To avoid unstable parameter estimates and estimation
issues (e.g., nonpositive definite covariance matrices or Heywood cases), we restricted the range
of focal points (i.e., birth years) so that a minimum of n = 30 participants were continuously

observed across the whole span of focal points. Participants with birth years outside this range of
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focal points still contributed to the estimation (with weights corresponding to their distances
from the focal points of interest). We used a joint estimation approach, which allowed us to
implement invariance constraints across birth years, and a full information maximum
likelihood (FIML) estimator to include participants with missing data.? The analyses were
performed separately for Neuroticism, Extraversion, Conscientiousness, Agreeableness, and
Openness.

To test for measurement invariance, we estimated and compared models with
increasingly strict equality constraints. In a baseline model, each wave of measurement was
represented as a separate latent factor. The number of manifest indicators per factor ranged from
three to six items, depending on trait and study. All latent factors were allowed to covary with
each other. Residual variances of identical items were allowed to covary across time (see, e.g.,
Little, 2013). This model was estimated for each focal point (i.e., each birth year) in LSEM.
First, to test for metric measurement invariance, we restricted the baseline model by placing
invariance constraints on the factor loadings simultaneously across years of measurement and
years of birth. Then, to test for scalar measurement invariance, we additionally constrained the
item intercepts to be equal across both years of measurement and years of birth.

The comparative fit index (CFI), root mean square error of approximation (RMSEA), and
standardized root mean square residual (SRMR) were obtained as common model fit indices
(e.g., Kline, 2016) across the range of focal points. It is common practice to evaluate fit indices
with Hu and Bentler’s (1999) quasi-canonical cutoffs (CFI > .95; RMSEA < .06; SRMR <.08),

albeit this practice is not without criticism (e.g., McNeish & Wolf, 2023). To test for

2 In particular, FIML estimation allowed us to include participants who took part in some but not all waves of
measurement in the measurement invariance analyses. These participants were also included in the FEM analyses
without the need to apply any specific estimator because the underlying data table is structured in the long format
(i.e., each measurement wave is a separate row, and only rows with missing variables are excluded).
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measurement invariance, we evaluated differences in the fit indices between consecutive models.
We primarily used the Cheung and Rensvold (2002) criterion of ACFI = .01 to probe for metric
and scalar measurement invariance, which is arguably the most widely used criterion, although
recommendations disagree about the cutoff values and even about which fit indices should be
used (e.g., Chen, 2007; Meade et al., 2008; Rutkowski & Svetina, 2014; see also Putnick &
Bornstein, 2016). If measurement invariance is not given, single items may exhibit unique age
trends and, thus, they might not be meaningfully represented by a composite (Marsh et al., 2013;
Meredith & Horn, 2001). To examine the substantive impact of this potential developmental
heterogeneity, differences across the age trends of individual items should be inspected when
measurement invariance cannot be established (see, e.g., Méttus et al., 2015).
Additional Analyses
Comparing Fixed Effects Modeling With Standard Multilevel Modeling

With the present FEM approach, we relied exclusively on within-person changes to
estimate age trends in personality. However, research has yet to determine the extent to which
these trajectories are actually distinct from the more common analyses of longitudinal data with
multilevel modeling (MLM) in studies on personality development (e.g., Graham et al., 2020;
Terracciano et al., 2005) that incorporate both within-person and between-person information in
the estimates (Curran & Bauer, 2011). To investigate the matter, we reanalyzed our data for the
Big Five scores by replacing FEM with MLM.

As is typically done to analyze longitudinal data, we implemented MLM with random
intercepts for individuals without person-mean centering (e.g., Graham et al., 2020; Terracciano
et al., 2005). The methodology was kept as close as possible to our main analyses with FEM:

First, we used the same individuals and observations. Second, we included age as a categorical
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variable in the regression models. Third, we added the same control variables to the models
(i.e., dummy-coded first wave [Studies 1 to 3] and response mode [Study 2]), without random
slopes for individuals as in the FEM analyses. The results of these analyses are presented after
Study 3.

Quantifying the Similarity of Item Trajectories Across Studies

To quantify the similarity of the item trends (within and across the three studies), we
calculated the Frechet distance (Fréchet, 1906; see also Alt & Godau, 1995; Genolini et al.,
2016) as a descriptive measure for each pair of items that were used to measure the same
personality trait. We explain and report these analyses in more detail in the Supplemental
Materials (see Figures S20 to S24).

Within-Person Factor Structure

Our FEM approach focuses on intraindividual information; however, the Big Five were
derived in a way that they primarily describe interindividual differences (e.g., Beck & Jackson,
2020; John, 2021). Thus, the question arises whether they are a suitable taxonomy for
investigating within-person changes. To address this concern, we tested whether the same factor
structure of personality held on the between-person and within-person levels using multilevel
confirmatory factor analysis (MLCFA; Geldhof et al., 2014; Muthén, 1994; for more details, see
the Supplemental Materials).

When we analyzed the individual Big Five dimensions in separate MLCFA models, an
identical factor structure for the between-person and within-person levels was generally
supported in all three studies (see Table S19 in the Supplemental Materials). However, when we
analyzed all five traits in a combined model to test the five-factor structure with MLCFA, the fit

of the models was unsatisfactory in all three studies (see Table S20 in the Supplemental
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Materials; for similar results, see Grosz, 2020). MLCFA simultaneously tests the factor structure
on the between-person and within-person levels, so misfit could result from either level. We thus
conducted separate tests of the five-factor structure for both the between-person and within-
person levels. On the between-person level, the model fit was not satisfactory, whereas on the
within-person level, the fit was overall better, albeit not entirely satisfactory (see Table S20 in
the Supplemental Materials). In particular, analyzing the levels separately did not markedly
improve the fit. This indicates that the source of model specification lies within the levels
(particularly in the between-person level) rather than in differences between the levels.

These results, indicating a lack of strong support for the Big Five factor structure, are not
very surprising given that previous confirmatory tests of the Big Five factor structure in cross-
sectional data typically failed (Marsh et al., 2010). However, the finding that the Big Five factor
structure seemed to fit relatively better on the within-person level was unexpected given that
these personality traits have been derived to describe differences between individuals (e.g., Beck
& Jackson, 2020; John, 2021). Taken together, to the extent that the Big Five are considered a
suitable description of interindividual differences, they may be considered an at least equally
suitable description of intraindividual differences, at least in the context of our three studies.
Transparency and Openness

All analyses were performed in R (Version 4.1.2) using the RStudio environment
(Version 2022.02.0+443). For FEM, we used the plm package (Version 2.6-0; Croissant &
Millo, 2008); and for LSEM, we used the sirt package (Version 3.12-41; Robitzsch, 2022). A
comprehensive list of all the R packages we used can be found on the Open Science

Framework (OSF) at https://osf.io/8rjex/.



WITHIN-PERSON PERSONALITY TRAJECTORIES 24

All analysis scripts for all studies are publicly available on the OSF. Due to the data
protection policies of the responsible institutions, we are not allowed to share the data sets we
used in our studies. However, all data sets (i.e., the HILDA, SOEP, and LISS data) can be
requested directly from the responsible institutions (for details on data access, see the OSF). Our
analysis scripts include all the steps needed to prepare the data, and thus, any researchers with
access to the original data sets should be able to reproduce our findings. Further, for each study,
we share the relevant questionnaires as study materials on the OSF.

Our analyses were not preregistered, but to replicate our findings, the same methodology
was applied across three independent data sets, severely restricting room for any “favorable”
result-driven analytical decisions (whatever might be considered “favorable” in the case of
primarily descriptive age trends in personality). Adhering to the Journal Article Reporting
Standards (JARS; Appelbaum et al., 2018; Kazak, 2018), we report how we determined our
sample size, all data exclusions (if any), all manipulations (not applicable), and all measures in
the studies.

Study 1: Household, Income and Labour Dynamics in Australia (HILDA) Survey
Method
Design and Participants

The HILDA Survey is an Australian panel study covering a broad range of individual,
social, and economic topics. The first wave of measurement was initiated in 2001 with a large
national probability sample of Australian households, and additional waves were conducted
annually. In 2011 (11" measurement wave), the original sample of households was replenished
with a top-up sample of additional households (Watson & Wooden, 2013). In 2005, 2009, 2013,

and 2017, each household member who was at least 15 years of age was asked to fill out a
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personality questionnaire. For a general introduction to the HILDA Survey, see the article by
Watson and Wooden (2012; see also Summerfield et al., 2018; Watson & Wooden, 2021).

The HILDA data are available for research purposes—and have frequently been used in
various research fields. In personality psychology, several studies have already examined the
mean-level development of personality across the life span with HILDA data (Lucas &
Donnellan, 2009; Wortman et al., 2012; see also Cobb-Clark & Schurer, 2012). However, these
studies included only one or two waves of personality data and did not use FEM as the data-
analytical approach. In the present study, we used General Release 17.0 of the HILDA data
(Department of Social Services & Melbourne Institute of Applied Economic and Social
Research, 2018). A list of publications using the HILDA data is available at
https://melbourneinstitute.unimelb.edu.au/hilda/publications.

Overall, our analyses included N = 15,268 participants. An average of 3.02 measurement
points of personality (SD = 0.89) were included per participant. Participants’ mean age (across
the measurement waves included for the respective participant) was 45.22 years (SD = 18.07).
Based on our selection criteria, the youngest age we included was 15, and the oldest was 91. The
proportion of female participants was 53.35%. As we performed the analyses separately for the
Big Five, there was some variation in sample size across traits ranging from 15,009 to 15,168
(see Table 1; for trait-specific sample descriptions, see Table S2 in the Supplemental Materials).
Measures

In 2005, 2009, 2013, and 2017, the self-completion questionnaire contained an identical
list of 36 adjectives to assess personality with items measuring the Big Five traits. Thirty of these
items were a selection of Saucier’s (1994) Mini-Markers, which, in turn, are a subset of

Goldberg’s (1992) items (for more details, see Losoncz, 2009). Seven items each were intended
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to measure Neuroticism, Conscientiousness, Agreeableness, and Openness; eight to measure
Extraversion. Participants were asked: “How well do the following words describe you?” and
could respond on a 7-point scale ranging from 1 (does not describe me at all) to 7 (describes me
very well).

However, the full list of adjectives frequently exhibited unsatisfactory psychometric
properties, and a reduction in the number of items has been recommended and frequently used
(e.g., Losoncz, 2009; Seifert et al., 2022; Summerfield et al., 2018; Wortman et al., 2012).
Accordingly, for the present analyses, we used a subset of items consisting of four items for
Extraversion; five each for Conscientiousness, Agreeableness, and Openness; and six for
Neuroticism. This subset is identical to Seifert et al. (2022) where semantic (e.g., avoiding
redundant items) and psychometric criteria were applied to reduce the items (for a detailed
description of the selection procedure, see Seifert et al., 2022, Supplemental Materials). For
transparency and comprehensiveness, we additionally present results for the excluded items in
the Supplemental Materials in Table S4 and Figures S1 to S5.

In the present sample, satisfactory internal consistencies were found across waves; for
Neuroticism (a=.76 to .77; ® = .80 to .82), Extraversion (o.= .67 t0 .70; ® = .69 t0 .72),
Conscientiousness (a=.78; o = .80 to .81), Agreeableness (o =.751t0 .76; ®» = .81 to .84), and
Openness (a= .70 to .73; o = .74 to .75; for wave-specific results, see Table S3 in the

Supplemental Materials).
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Results
Measurement Invariance

We applied the LSEM framework to test for measurement invariance across years of
measurement and years of birth (because both dimensions define years of age). Such invariance
is a prerequisite for valid interpretations of age trends in personality mean scores. The results of
these analyses are presented in Table 1.

In general, model fit was only negligibly impaired when the factor loadings were set to
equality (i.e., assuming metric invariance) and, across the Big Five, ACFI was consistently
below .01. Accordingly, the results provided evidence for metric invariance in personality in
HILDA. However, additionally imposing equality constraints on the item intercepts (i.e.,
assuming scalar invariance) yielded a much more marked loss in model fit. The fit worsened,
especially for Openness and Agreeableness (with a ACFI of around .02), and to a lesser extent,
for Extraversion and Neuroticism (with a ACFI of around .01). Hence, unlike metric invariance,
scalar invariance could not be established in HILDA.

This result implies that different items may exhibit different mean-level age trends; and
this developmental heterogeneity may be missed when focusing solely on the age trend in the
mean score. Thus, in the following FEM analyses, we contrasted the results for the mean scores

with the results for the single items.
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Table 1

Fit Indices for Testing for Measurement Invariance (Ml) for the Big Five in the Household,

Income and Labour Dynamics in Australia (HILDA) Survey

28

Model n CFlI RMSEA SRMR

Neuroticism 15,083

Baseline 977 .027 .033

Metric MI 973 .028 .040

Scalar Ml .960 .033 .044
Extraversion 15,014

Baseline .988 .030 .025

Metric Ml .986 .030 .031

Scalar Ml 976 .037 .043
Conscientiousness 15,075

Baseline .968 .038 .037

Metric MI .966 .037 .041

Scalar Ml .959 .039 .042
Agreeableness 15,168

Baseline .981 .029 .037

Metric MI 979 .029 .042

Scalar Ml .959 .038 .052
Openness 15,009

Baseline .982 .030 .030

Metric Ml .980 .030 .035

Scalar Ml .956 .042 .048

Note. Personality was assessed in 2005, 2009, 2013, and 2017. For each trait, focal points

(representing birth years) ranged from 1926 to 1998. Metric Ml requires the same factor loadings

across both years of measurement and years of birth. Scalar M1 additionally requires the same

item intercepts across both years of measurement and years of birth. CFl = comparative fit index;

RMSEA = root mean square error of approximation; SRMR = standardized root mean square

residual.
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Age Trajectories

We used FEM to estimate Big Five mean-level trajectories that are only informed by
within-person changes. To control for a potential initial elevation bias, we included a dummy
variable indicating the wave in which a participant filled out the personality questionnaire for the
first time. In the present sample, at their first measurement point, participants tended to respond
to an item with stronger agreement, notwithstanding whether agreement on an item indicated
higher or lower construct expression (i.e., results indicated a negative effect for recoded items
and a positive effect for nonrecoded items; for more detailed results, see Table S4 in the
Supplemental Materials). The impact of the first wave was small but consistent, supporting the
inclusion of the first-wave dummy to remove any potential bias that may have been present.
However, in a robustness check in which we removed the dummy, the developmental trends did
not change substantively (for a contrast of the age trajectories, see Figures S1 to S5 in the
Supplemental Materials).

Figure 1 depicts the resulting age trajectories for the mean scores (left panel) and the
corresponding underlying items (right panel). Note that the depicted starting point of the

trajectories is a weighted mean of model-implied intercepts.®

3 As only within-person changes are considered in FEM, the intercept is arbitrary and, therefore, typically dropped.
However, for the visualization of the age trajectories, we computed an intercept replacement representing the level
from which the changes occur (in our case: the youngest age as the reference group): The model-implied intercepts
for each individual (the so-called individual fixed effects) were averaged with weights according to the number of
waves in which an individual appeared in the analyses. For a consistent display of results across studies, age
trajectories are plotted up to age 89 (for the full age range and unsmoothed trajectories, see the Supplemental
Materials).
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Figure 1
Within-Person Mean-Level Age Trajectories for the Big Five Scores (Left Panel) and the
Corresponding Items (Right Panel) in the Household, Income and Labour Dynamics in

Australia (HILDA) Survey
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First, considering the Big Five mean scores (see the left panel in Figure 1), we found
distinct age-related changes throughout the adult life span: a decrease in Neuroticism and
Extraversion (the latter plateaued roughly between ages 40 and 70), an increase in
Conscientiousness and Agreeableness, as well as a rather flat inverted U-shaped pattern in
Openness (peaking between ages 50 and 60). Changes in personality across the life span were
moderate to large, ranging in magnitude from about 6 to 8 T-score units.

Second, these developmental patterns in the mean scores were only partly mirrored on the
item level (see the right panel in Figure 1; for the excluded items, see Figures S1 to S5 in the
Supplemental Materials). For example, for Agreeableness, the item “Harsh” (recoded)
distinctively declined until age 40 (meaning that up to age 40, people increasingly agreed that
harsh described them well), whereas the remaining items for Agreeableness increased until
age 40. Similarly, in the case of Openness, “Imaginative” decreased, whereas all other items
initially increased, followed by a plateau or a small decrease. Regarding Extraversion, “Lively”
exhibited a strong age-related decline, but the trajectories for the other items were rather weak.
For Neuroticism and Conscientiousness, their development with age was comparably
homogenous across items.

Summary

We used an Australian sample to examine how the Big Five traits change with age, taking
into account only within-person information. Thereby, with decreases in Neuroticism and
increases in Conscientiousness and Agreeableness, we found evidence for the maturity principle
of personality development (e.g., Roberts & Nickel, 2017). However, both measurement
invariance analyses and FEM showed that the age trends for the individual items that were

subsumed under the same trait differed, sometimes even considerably. Aggregating the items
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into mean scores may thus discard important between-item heterogeneity in development.
Furthermore, the results imply that estimated age trajectories for the Big Five scores may depend
on the sample of items, as items can apparently not be arbitrarily exchanged.

Study 2: German Socio-Economic Panel (SOEP)
Method
Design and Participants

The SOEP is a household-based panel study from Germany with annual measurement
waves. Focusing on life course trends, it covers a broad range of objective and subjective
information—including numerous psychological variables, such as personality. The Big Five
were measured in 2005, 2009, 2013, 2017, and 2019 for every household member who was at
least 16 years of age. The survey began in 1984 with a random sample of households, and over
time, several additional samples have been added to the survey. Of these samples, all were
included in our analyses for which at least one 4-year retest interval of personality was covered.*
More general information on the SOEP is provided by Goebel et al. (2019; see also Giesselmann
et al., 2019; Schroder et al., 2020).

The SOEP data can be accessed for scientific purposes and have been widely used
(Goebel et al., 2019)—including several studies on personality development across the life span
(Donnellan & Lucas, 2008; Graham et al., 2020; Lucas & Donnellan, 2011; Specht et al., 2011;
see also Fitzenberger et al., 2022). However, none of these studies have included the five waves
of personality data that are available to date, and none of them implemented FEM. In the present

study, we used Version 36 (EU Edition) of the SOEP data (Liebig et al., 2021). For a list of

4 Three samples were excluded, as the relevant data were provided only for adolescents in these samples.
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publications using the SOEP data, see
https://www.diw.de/en/diw_01.c.789503.en/publications_based on_soep_data__soeplit.html.

A total of N = 22,833 participants were included in our analyses. On average,
3.27 measurement points (SD = 1.16) were used to measure personality per participant.
Averaging participants’ age across the respective waves in which they took part, participants had
a mean age of 50.28 years (SD = 18.06). Following our inclusion criteria, the youngest age for
which we considered personality measurements was 16, the oldest 93. The proportion of female
participants was 52.74%. Conducting the analyses separately for the Big Five resulted in slightly
varying sample sizes across traits (see Table 2; for trait-specific sample descriptions, see
Table S5 in the Supplemental Materials).
Measures

The Big Five were measured in 2005, 2009, 2013, 2017, and 2019. Participants were
presented with several statements that followed the phrase “I am someone who ...” (e.g., “I am
someone who works thoroughly™). Participants were asked to rate how well these items
described them on a 7-point scale ranging from 1 (does not apply at all) to 7 (applies perfectly).
Each personality dimension was assessed with three items that were identical across waves. In
2009, a fourth item was added to measure Openness. We removed this additional item from the
mean score to ensure comparable interpretations of the factors across time (but results for this
item are reported in the Supplemental Materials Table S8 and Figure S10). The items were
selected from the Big Five Inventory (John & Srivastava, 1999; see also Benet-Martinez & John,
1998) and were translated into German (for the original wording, see Table S6 in the

Supplemental Materials). For more details on the Big Five measure that was used in the SOEP,
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see Gerlitz and Schupp (2005; see also Dehne & Schupp, 2007; Hahn et al., 2012; Richter et al.,
2017).

Due to the few and deliberately heterogeneous items (Gerlitz & Schupp, 2005), internal
consistencies for the Big Five measure that was used in the SOEP were low (e.g., Seifert et al.,
2022; Wagner et al., 2019). Internal consistencies were also low in our data analytic sample; for
Neuroticism (a = .60 to .66; » = .63 to .68), Extraversion (o. = .67 to .69; ® = .69 t0 .72),
Conscientiousness (a = .63 to .66; » = .66 to .68), Agreeableness (a.= .51 to .54; ® = .55 t0 .59),
and Openness (o = .61 to .63; ® = .62 to .64; for wave-specific results, see Table S7 in the
Supplemental Materials). Different assessment modes were used to collect the personality data—
from self-completion questionnaires to telephone and (partly computer-assisted) in-person
interviews—and for 19.20% of the included participants, the mode changed between waves.
Because susceptibility to social desirability may be more pronounced in interviews (Richman et
al., 1999; see also Ausmees et al., 2022), the assessment mode has the potential to lead to biased
estimates of personality change among participants for whom the mode changed. To account for

this possibility, we controlled for assessment mode in our analyses.
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Results
Measurement Invariance

To test the Big Five for measurement invariance, we applied LSEM. The resulting fit
indices are reported in Table 2. Residual variances of each item were allowed to covary across
waves, but for Agreeableness, we had to fix the residual covariances of the item “Is considerate
and kind to others” to 0 to avoid nonpositive definite residual covariance matrices (the same
constraint was applied in the analyses by Seifert et al., 2022; see also Lucas & Donnellan, 2011).

Across traits, the model fit was only slightly impaired in general when the factor loadings
were constrained to equality (i.e., assuming metric invariance), and ACFI was consistently
below .01. Hence, as in Study 1, metric invariance was supported for personality. Further setting
the item intercepts to equality (i.e., assuming scalar invariance) was followed by a pronounced
loss in model fit (for each trait, ACFI was above .01), especially for Neuroticism, Openness and
Conscientiousness. Thus, in accordance with Study 1, scalar invariance could not be established.

The measurement invariance analyses suggested that the single items in the SOEP might
not develop in a uniform manner across age; and, thus, the age trend seen in the mean score
might not be representative of the underlying items. Consequently, we present developmental

trajectories on both the mean-score and item levels.
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Table 2
Fit Indices for Testing for Measurement Invariance (MI) for the Big Five in the Socio-Economic

Panel (SOEP)

Model n CFlI RMSEA SRMR

Neuroticism 22,727

Baseline .994 .020 .015

Metric M1 991 .022 022

Scalar Ml .962 .041 .037
Extraversion 22,722

Baseline .993 .022 .024

Metric MI .987 .029 .040

Scalar Ml 975 .037 047
Conscientiousness 22,639

Baseline .990 .024 027

Metric Ml .985 .027 .033

Scalar Ml .954 .043 .046
Agreeableness ? 22,716

Baseline .986 .023 021

Metric MI .984 .023 .023

Scalar Ml .966 .031 .031
Openness 22,593

Baseline .996 .016 012

Metric MI .995 .016 .017

Scalar Ml 974 .036 .037

Note. Personality was assessed in 2005, 2009, 2013, 2017, and 2019. Focal points (representing
birth years) ranged from 1923 to 2000 for Neuroticism, Conscientiousness, Agreeableness, and
Openness; and from 1920 to 2000 for Extraversion. Metric MI requires the same factor loadings
across both years of measurement and years of birth. Scalar M1 additionally requires the same
item intercepts across both years of measurement and years of birth. CFl = comparative fit index;
RMSEA = root mean square error of approximation; SRMR = standardized root mean square
residual.

&Residual covariances of one item across waves were fixed to 0 to avoid nonpositive definite

residual covariance matrices.
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Age Trajectories

Mean-level age trends in the Big Five were estimated with FEM so that only changes
within individuals were considered. Parallel to Study 1, we controlled for the first wave to
account for a potential initial elevation bias. To account for mode changes in the SOEP, we
additionally included a dummy variable that indicated whether the personality data in each wave
were collected by means of a self-report questionnaire or an interview.

Across traits, we found that participants tended to indicate higher construct expression
when they provided personality data for the first time. That is, in the first wave, respondents
agreed more strongly with items that were aligned with the underlying trait, and they disagreed
more strongly with items that were worded in the opposite direction (contrasting Study 1, in
which respondents agreed more strongly regardless of the direction of the item; for more detailed
results, see Table S8 in the Supplemental Materials). Furthermore, when participants filled out a
self-report questionnaire instead of being interviewed, they tended to indicate higher values on
Neuroticism and lower values on the remaining Big Five traits (this trend held for both items and
mean scores; for more details, see Table S8 in the Supplemental Materials). These effects were
small to moderate, supporting our decision to control for the first wave and the mode (for a
demonstration of how these controls affected the age trajectories, see Figures S6 to S10 in the
Supplemental Materials). The resulting age trajectories for the mean scores (left panel) and the

corresponding items (right panel) are presented in Figure 2.
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Figure 2
Within-Person Mean-Level Age Trajectories for the Big Five Scores (Left Panel) and the

Corresponding Items (Right Panel) in the Socio-Economic Panel (SOEP)
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On the level of mean scores (see the left panel in Figure 2), we found different life span
trends for the Big Five: Neuroticism decreased, Extraversion and Agreeableness increased
slightly (with some deviation from this pattern after age 80), Conscientiousness followed an
asymmetrical inverted U-shaped pattern (i.e., the increase was steeper than the decrease) with a
peak between ages 40 and 50, Openness first increased but then markedly decreased starting
around age 70. Age effects were comparatively large for Neuroticism (which showed a change
across the life course of around 8 T-score units) and Conscientiousness (which showed increases
and decreases of around 8 T-score units), whereas the effects for the other three dimensions were
much smaller, with changes of about 3 to 4 T-score units.

However, these trends were only partly present on the item level, and item-specific trends
emerged (see the right panel in Figure 2). For example, regarding Neuroticism, the item
“Worries often” indeed drove the mean-score decline, which was much less pronounced for the
remaining items. The (recoded) responses to “Is relaxed, handles stress well” even increased in
old age. Thus, despite the mean-level decrease in Neuroticism, individuals reported being less
relaxed and less able to handle stress well with age. In the case of Agreeableness, “Can forgive”
declined, whereas the other items increased. The Openness item “Values artistic, aesthetic
experiences” increased with age, but the opposite occurred for “Has a vivid fantasy,
imagination.” Regarding Conscientiousness, the item “Is rather lazy” (recoded) declined
somewhat less strongly in old age than the remaining items. Thus, in old age, individuals
reported substantially lower levels of Conscientiousness overall, but the increase in self-reported
laziness was quite weak. For Extraversion, the items developed relatively homogenously with

age, with very little change overall.
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Summary

Using data from Germany, we examined the robustness of the results from Study 1. We
were able to replicate some of the age trends for the mean scores: Neuroticism decreased,
Agreeableness increased, Openness increased and then decreased. Again, especially in young
adulthood, we found evidence for the maturity principle of personality development (e.g.,
Bleidorn et al., 2021). But as in Study 1, our measurement invariance and FEM analyses showed
that these mean-score trends did not consistently represent the item trends. Again, the results
underscore the idea that the age trajectories for the Big Five scores depend on the underlying
items.

Study 3: Dutch Longitudinal Internet Studies for the Social Sciences (LISS) Panel

Method
Design and Participants

The LISS Panel is a survey from the Netherlands that collects information on diverse
topics including several psychological variables. It is based on a probability sample of
households drawn from the population register. We included a total of 12 waves in the present
study: Personality was measured eight times in the full sample (i.e., in 2008, 2009, 2011, 2013,
2014, 2017, 2019, and 2020) and four times for any participants who had not completed their
participation in the respective previous year (i.e., in 2010, 2012, 2015, and 2018). Each panel
member at least 16 years of age could provide personality data. Across the years, several
refreshment samples of additional households were added to the initial sample. For more details
on the LISS, see Scherpenzeel (2011; see also Scherpenzeel & Das, 2011).

The LISS data can be accessed for scientific purposes and have already been used for

research in personality psychology (e.g., Beck & Jackson, 2022; Denissen et al., 2019; Schwaba
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et al., 2018)—but studies have yet to investigate the mean-level development of personality
across the life span with these data. Personality data in the LISS are released wave-wise (e.g.,
Marchand, 2018, 2019, 2020); for transparency and reproducibility, we provide information
about the file versions we used on the OSF. A list of publications using the LISS data can be
found at https://www.dataarchive.lissdata.nl/publications.

A total of N = 10,163 participants were included in the analyses. The sample size did not
vary across traits (potentially due to not allowing missing responses on items in the online
questionnaire). Individuals were excluded from the analyses if they provided missing or unclear
information on relevant variables (e.g., varying year of birth, which affected n = 111 of the
approximately 28,000 individuals who are listed in the LISS data overall). On average,

4.50 measurement points (SD = 2.21) were included per participant for personality. Averaging
participants’ age across the respective waves in which they took part, participants had a mean
age of 47.44 years (SD = 18.10). Based on our inclusion criteria, the youngest age for which we
considered personality measurement was 16, the oldest 89. The proportion of female participants
was 54.67% (for n = 19 of the included participants [0.19%], information on gender was
ambiguous).

Measures

In an online self-report survey, personality was measured in each wave with the 50-item
International Personality Item Pool (IPIP) Version of the Goldberg (1992) markers for the Big
Five personality traits. Each trait was intended to be measured with 10 items. Items consisted of
short statements (e.g., “Feel little concern for others™), and participants rated how well these

statements described themselves on a 5-point scale ranging from 1 (very inaccurate) to 5 (very
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accurate). For an overview of the items, including the original Dutch wording, see Table S9 in
the Supplemental Materials.

However, when we tested a unidimensional model, we found unsatisfactory properties for
each trait when we used the full version of the personality questionnaire (for more details, see
Tables S10 to S14 in the Supplemental Materials), the same as previous studies that used these
data (Schwaba & Bleidorn, 2018; see also Schwaba et al., 2018). Therefore, we included only six
items for each trait. The process of item selection with detailed psychometric results is reported
in the Supplemental Materials. We furthermore present results for the excluded items in the
Supplemental Materials (see Table S17 and Figures S11 to S15).

For the subset of included items, we found satisfactory internal consistencies in the
present sample across waves for Neuroticism (o = .75 to .85; o = .79 to .87), Extraversion
(a=.77t0 .82; ® = .80 to .85), Conscientiousness (a. = .68 t0 .73; » = .71 to .78), Agreeableness
(a=.7110.78; ®» = .73 to .81), and Openness (o = .62 to .69; » = .67 to .74; for wave-specific
results, see Table S15 in the Supplemental Materials).

Results
Measurement Invariance

We again used LSEM to test for measurement invariance but had to make adjustments
because of the planned missingness design of the LISS. To avoid estimation issues, we restricted
the measurement invariance analyses to the eight waves in which personality was assessed in the
full sample (leading to a somewhat lower sample size of n = 9,512 participants for each trait).

The resulting fit indices from the measurement invariance analyses are reported in Table 3.°

5 As larger model sizes might impair the sensitivity to detect measurement invariance (Cao & Liang, 2022), we
conducted additional analyses with a subset of five waves (i.e., 2008, 2011, 2014, 2017, and 2020), thereby
increasing comparability with Studies 1 and 2 (which included four and five waves, respectively). These analyses
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Table 3

Fit Indices for Testing for Measurement Invariance (Ml) for the Big Five in the Longitudinal

Internet Studies for the Social Sciences (LISS) Panel

43

Model n CFlI RMSEA SRMR

Neuroticism 9,512

Baseline 962 .025 .032

Metric MI .960 .025 .040

Scalar Ml 953 .026 .041
Extraversion 9,512

Baseline 970 .024 .032

Metric MI .968 .024 .041

Scalar Ml .959 027 .044
Conscientiousness 9,512

Baseline 957 .024 .036

Metric Ml 955 .024 .041

Scalar Ml 943 027 .046
Agreeableness 9,512

Baseline 954 .024 .029

Metric MI .952 .024 .035

Scalar Ml 942 .026 .039
Openness 9,512

Baseline .958 .023 .036

Metric Ml .956 .023 .039

Scalar Ml .950 .024 .041

Note. Personality assessments were included for 2008, 2009, 2011, 2013, 2014, 2017, 2019, and

2020. For each trait, focal points (representing birth years) initially ranged from 1930 to 2002 but

were restricted to 1933-2002 for Conscientiousness and to 1931-1994 for Openness to avoid
nonpositive definite factor covariance matrices. Metric M1 requires the same factor loadings

across both years of measurement and years of birth. Scalar M1 additionally requires the same

item intercepts across both years of measurement and years of birth. CFl = comparative fit index;

RMSEA = root mean square error of approximation; SRMR = standardized root mean square

residual.

led in general to similar conclusions as the analyses that were based on eight waves (for more detailed results, see
Table S16 in the Supplemental Materials).
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For each trait, requiring the factor loadings to be equal (i.e., assuming metric invariance)
caused at best a slight impairment in model fit. Hence, resembling Studies 1 and 2, metric
invariance was supported for personality. Additionally imposing equality constraints on the item
intercepts (i.e., assuming scalar invariance) went along with a more marked loss in model fit that
was relatively comparable across traits. However, as these decreases in model fit were weaker
than in Studies 1 and 2, and mostly below the criterion of ACFI = .01 suggested by Cheung and
Rensvold (2002), we interpret this result as an ambiguous finding on scalar measurement
invariance. To ensure that we did not potentially miss divergent patterns, and to ensure that this
study was parallel to Studies 1 and 2, in the subsequent FEM analyses, we thus again
additionally present results for the item level.

Age Trajectories

Personality age trajectories were estimated with FEM. All 12 waves of personality data
were used for the analyses (thus, N = 10,163 participants were included). As in Studies 1 and 2,
we controlled for the first wave to account for a potential initial elevation bias in personality;
and, similar to Study 2, we found that participants tended to report higher construct expression if
they provided personality data for the first time (for more detailed results, see Table S17 in the
Supplemental Materials). Due to a small but consistent effect of the first wave on personality,
which had the potential to bias the age trajectories, we controlled for the first-wave dummy.
However, removing the dummy did not alter the developmental trends substantively (for a
contrast of the age trajectories, see Figures S11 to S15 in the Supplemental Materials). Age
trajectories for the mean scores (left panel) and the subordinate items (right panel) are presented

in Figure 3.
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Figure 3
Within-Person Mean-Level Age Trajectories for the Big Five Scores (Left Panel) and the
Corresponding Items (Right Panel) in the Longitudinal Internet Studies for the Social

Sciences (LISS) Panel
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Regarding trends that occurred on the mean-score level throughout the adult life span
(see the left panel in Figure 3), Neuroticism and Extraversion decreased by approximately
8 T-score units (with minor deviations from this general pattern at older ages for Neuroticism);
Conscientiousness developed in an inverted U-shaped fashion but held fairly steady between
ages 30 and 70 (increasing by roughly 8 T-score units and decreasing by about 4 T-score units);
Agreeableness exhibited no pronounced age-related changes besides a slight increase at the
youngest ages we observed and a dip at around 80 years (each covering approximately 2 T-score
units); Openness increased until age 25 by around 4 T-score units and declined afterwards by
roughly 6 T-score units.

For Conscientiousness, the items followed the mean-score trend quite homogeneously,
but for all other traits, the individual items diverged (see the right panel in Figure 3; for the
excluded items, see Figures S11 to S15 in the Supplemental Materials). Regarding Neuroticism,
the item “Worry about things” had a steeper age-related decline than the remaining items (which
further showed some developmental heterogeneity in old age). A similar pattern emerged for
Extraversion, for which the amount of decline varied considerably across items with the most
pronounced age trend for “Liven things up” and a rather flat trajectory for “Am quiet around
strangers” (recoded). For Agreeableness, the recoded item “Insult people” increased, whereas the
remaining items tended to decrease with age. For Openness, “Am full of ideas” and “Am quick

to understand things” declined to a greater degree after midlife than the other items.
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Summary

In Study 3, we were able to replicate some of the general mean-score age trends that we
found in both Studies 1 and 2 (i.e., a decrease in Neuroticism and an inverted U-shape for
Openness), or in one of them (i.e., the decline in Extraversion as in Study 1 and the inverted
U-shape for Conscientiousness as in Study 2). Whereas decreasing Neuroticism and (at least in
young adulthood) increasing Conscientiousness are in line with the maturity principle of
personality development (e.g., Caspi et al., 2005), we found comparatively weak evidence for
such changes in Agreeableness. Additionally, Study 3 replicated a general result that was also
present in Studies 1 and 2: the heterogenous age trends in the items.

Additional Analyses: Comparing Fixed Effects Modeling With Standard Multilevel
Modeling

With FEM as our analytical approach, we relied exclusively on within-person changes to
estimate age trends in personality. To better understand the extent to which separating within-
person change from between-person differences is important for substantive conclusions, we
reanalyzed our data for the Big Five scores with standard multilevel modeling (MLM), where
estimates incorporate both within-person and between-person information (Curran & Bauer,
2011).

The resulting age trajectories from MLM for the Big Five scores are presented in Figure
4. For ease of comparison, Figure 4 furthermore contains the FEM-based score trends from
Figures 1 to 3. In some cases, age trends from MLM and FEM were similar, but in other cases,
the two approaches diverged. Most strikingly, in Study 2, MLM indicated nearly no age-related
changes for Neuroticism, whereas FEM showed a pronounced decline across the life span.

Relevant differences between the developmental trajectories from MLM and FEM were also
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present for the remaining Big Five traits; for Extraversion (Studies 2 and 3), Conscientiousness
(Study 2), Agreeableness (Study 3), and Openness (Studies 1 and 2). The additional inclusion of
participants with only one personality assessment—participants who had to be excluded from the
FEM analyses—did not affect the age trajectories that resulted from the MLM analyses (see
Table S18 and Figure S19 in the Supplemental Materials).

Discrepancies between the results from MLM and FEM can be traced back to differences
in the sources of information the approaches use to estimate the personality age trajectories. For
illustration, imagine the following case: Individuals from earlier born cohorts exhibit higher
levels of Neuroticism, so that purely from a between-person perspective, an increase appears
with age. At the same time, however, there is a decrease in the trait within individuals as they get
older. These contradictory between-person and within-person age trends would be mixed in
analyses with MLM, resulting in a rather flat developmental trajectory for Neuroticism. By
contrast, FEM would indicate a decrease with age, as here, only the within-person changes are
considered. A very similar case might be present for Neuroticism in Study 2 (see the middle

panel in Figure 4), where MLM and FEM are in stark conflict.
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Figure 4
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In general, any between-person differences in personality that are not due to true age
effects might explain why trajectories based on MLM differ from FEM estimates. Thereby,
discrepancies between the two modeling approaches grow with the size of the non-age-related
between-person effects in the data. For further comparison, we computed additional analyses to
estimate personality age trajectories that consider only between-person information (for more
details, see the Supplemental Materials). As expected, the trajectories from MLM generally fell
in the middle of between-person and FEM trends. In Studies 1 and 2, the trajectories from MLM
were somewhat closer to between-person trends than to FEM, whereas in Study 3, the
trajectories from MLM and FEM tended to resemble each other (see Figures S16 to S18 in the
Supplemental Materials). This difference might be due to the fact that Study 3 had a larger
number of assessments per individual, and consequently, more within-person information was
available than in Studies 1 and 2.

Taken together, age trends derived from FEM and MLM do not necessarily converge.
Researchers interested in developmental processes should be aware that if they analyze
longitudinal data by using the standard method of implementing MLM, relevant within-person
effects will be inseparably blended with potentially confounding between-person effects. As the
actual age trajectory of interest will be obscured, such an approach might result in misleading
conclusions. Instead, we recommend FEM as a straightforward approach for extracting
unblended within-person effects.

General Discussion

The numerous studies examining the mean-level development of personality with age

have failed to draw a conclusive picture, as substantial heterogeneity in the reported trajectories

has been observed. These inconsistencies may have occurred in part because, in previous
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research, within-person changes were not strictly separated from between-person differences in
personality; thus, reported age effects may have been confounded with cohort effects. This issue
cannot automatically be resolved by relying on longitudinal data, as common statistical models
for such data in psychology do not clearly separate between- from within-person information or
may lead to biased estimates if developmental patterns vary between individuals.

By contrast, in our studies, age trajectories were informed only by within-person changes
in personality, and they can correctly recover average patterns even in the presence of
heterogeneous trajectories. We analyzed panel data from Australia (HILDA; Study 1),

Germany (SOEP; Study 2), and the Netherlands (LISS; Study 3), so we were able to gauge the
robustness and generalizability of the results across independent samples.
Personality Age Trajectories Across Studies

Much in line with the maturity principle of personality development (e.g., Roberts &
Nickel, 2017), when we compared the age trajectories across the three samples, we consistently
found that Neuroticism declined throughout adulthood. Previous studies have typically reported a
similar developmental pattern for young and middle adulthood (e.g., Bleidorn et al., 2022; cf.
e.g., Specht et al., 2011) but have not been conclusive about whether the decline continues in
older ages (e.g., Wortman et al., 2012) or ceases (e.g., Graham et al., 2020). Further, we found
that the decline in Neuroticism was generally mirrored on the item level. Here, items measuring
the tendency to worry (included in Studies 2 and 3) showed the most pronounced downward
trends with age; and quantifying the similarity of individual item trajectories with the Fréchet
distance indicated that worry items were more similar to each other than to other items from the

same trait in the same study (see Figure S20 in the Supplemental Materials). Thus, if studies
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include items that tap into the general tendency to worry, they might find steeper declines in
Neuroticism with age.

Extraversion in adulthood showed inconsistent trends across studies: A slight
increase (Study 2) versus a clear decline (Study 3) versus a pronounced decrease followed by a
plateau (roughly around age 40; Study 1). However, in all studies, we found a decline in the
oldest ages, starting at about age 80. Unsystematic age patterns for Extraversion have been
reported before (e.g., Marsh et al., 2013; Soto et al., 2011) with different trends for different
aspects of the trait (Roberts et al., 2006). Thus, heterogeneity in developmental patterns might be
explained by differences in questionnaire content; and our data supported this idea. We
consistently found marked age-related declines in Extraversion items assessing vitality (e.g.,
“Lively” in Study 1 and “Liven things up” in Study 3) and comparatively weak trends in the
other items. This finding was corroborated by our Fréchet distance analyses, which showed that
the developmental trends of the vitality items were typically more similar to each other than to
the remaining Extraversion items within a study (see Figure S21 in the Supplemental Materials).
Study 2 did not contain any items that captured this aspect of vitality, perhaps explaining why no
decline was observed in this sample. Intriguingly, our consistent and marked age-related declines
in vitality differed from meta-analytic results by Roberts et al. (2006), where age effects for the
Social Vitality facet of Extraversion were comparatively weak.

For Conscientiousness, in each sample, we found a steep increase until about age 30; a
result that was in line with previous evidence (e.g., Bleidorn et al., 2022; cf. Graham et al., 2020)
and the maturity principle of personality development (e.g., Bleidorn et al., 2021). This very
clear pattern was also consistently reflected on the item level. In middle adulthood, trait levels

either remained stable (Study 2) or continued to increase (but somewhat less strongly than in
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young adulthood; Studies 1 and 3). At older ages, Conscientiousness sharply decreased in
Study 2 (see, e.g., Marsh et al., 2013), but the decrease was much less pronounced in Study 3 and
fairly nonexistent in Study 1. Item-level trends at these higher ages also became less consistent
with the exception of items pertaining to work (e.g., “Works thoroughly” in Study 2 and “Am
exacting in my work” in Study 3; the latter item not contributing to the mean score), which
showed pronounced declines at older ages. The Fréchet distances indicated that the work-related
items developed in a similar manner, while they exhibited different developmental patterns
compared to the work-unrelated items (the latter also exhibited similar developmental trends; see
Figure S22 in the Supplemental Materials). The work items were included in the mean score only
in Study 2 and this may explain why Study 2 showed a much more noticeable decline in
Conscientiousness in old age. This trend also suggests that whether a study finds a decline in
Conscientiousness in old age depends on whether the items are linked to the work context (which
becomes less relevant after retirement) or whether they refer to Conscientiousness in a more
general manner (more applicable to life beyond work). We recommend that researchers be
careful about using contextualized personality measures for studies that include participants from
across the age span. Changes in life circumstances may affect item responses and, as pointed out
in the section on measurement invariance, this allows for different interpretations. For example,
one could either conceptualize a subfactor of Conscientiousness that declines with retirement and
measure it intentionally, or one could assume that the effects of life circumstances on those items
are independent of Conscientiousness and are thus a nuisance to be avoided.

In each sample, in accordance with the maturity principle once again (e.g., Caspi et al.,
2005), increases in Agreeableness were found until roughly age 30 (e.g., Bleidorn et al., 2022; cf.

Lucas & Donnellan, 2011). Beyond age 30, Agreeableness continued to increase in Study 1 and
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to a lesser extent in Study 2, whereas it did not change in Study 3. On the item level, we
consistently observed that the items with the strongest age increase could be summarized under
the kindness facet (Study 1: “Kind,” “Sympathetic”; Study 2: “Is considerate and kind to others,”
“Is sometimes a bit rude to others” [recoded]; Study 3: “Insult people” [recoded]). The remaining
items showed less pronounced age trends, and many of them even decreased with age (e.g.,
Study 1: “Harsh” [recoded]; Study 2: “Can forgive”; Study 3: “Take time out for others”; for a
measure of similarity of the item trends, see Figure S23 in the Supplemental Materials). These
findings suggest that, for Agreeableness in particular, item choice will strongly determine
whether one finds a pronounced increase with age (Study 1) or whether patterns cancel each
other out and result in much flatter trajectories (Studies 2 and 3). It may even be possible to
select Agreeableness items in a manner that leads to a decrease with age. These different patterns
for things that are usually subsumed under the “Agreeableness” label may also be substantively
interesting. For example, one could speculate that general kindness is mostly adaptive (or, at
least socially desirable) and is thus indeed a sign of a “mature” personality, whereas forgiving
others and taking time out for others indiscriminately can backfire.

In line with previous research, the Openness age trajectories tended to diverge across the
three samples (e.g., Soto et al., 2011; Wortman et al., 2012). In Study 1, Openness increased
until roughly age 60, followed by a decline. In Study 2, Openness initially did not change but
started to increase from age 30 to age 70 and then sharply declined. In Study 3, Openness
initially sharply increased, peaked between ages 30 and 40, and declined afterwards. One could
describe the patterns as an inverted U-shape, but such a description would obscure the fact that
the studies completely disagreed about the timing of the change, except for the decline in oldest

age (which has varied somewhat in size across studies; see also Bleidorn et al., 2022). The
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specific item content may partly explain these divergences, which is particularly suggestive
given the generally somewhat vague conceptualization of Openness (Costa et al., 2019; John,
2021; Schwaba, 2019). First, we did find that items covering the aspect of being imaginative
consistently declined with age (e.g., “Has a vivid fantasy, imagination” in Study 2 and “Have a
vivid imagination” in Study 3; the latter item not contributing to the mean score). Second,
Study 3 actually included items that may tap into self-reported aspects of intelligence—“Am
quick to understand things” may reflect processing speed and indeed showed an age trajectory
that mirrored fluid intelligence (increase in young adulthood followed by a continuous decline);
“Have a rich vocabulary” may reflect crystallized intelligence and indeed showed the matching
age trajectory (increase until midlife followed by a rather stable plateau; e.g., McArdle et al.,
2002; Salthouse, 2019). For the remaining Openness items, developmental changes were
typically rather small in magnitude (for a measure of similarity of the item trends, see Figure S24
in the Supplemental Materials).

To summarize, we did find clear evidence for the maturity principle of personality
development (e.g., Caspi et al., 2005; Roberts & Nickel, 2017). Most prominently, Neuroticism
decreased throughout adulthood in all samples, regardless of the choice of items. Furthermore,
Conscientiousness increased until age 30 in all samples, once again regardless of the items.
Agreeableness also increased until age 30 across samples, mostly driven by the items that tapped
into kindness. But how large these changes are (e.g., how strongly Agreeableness increases),
how the other Big Five traits (i.e., Extraversion and Openness) behave, and what happens beyond
middle age is a more complex story (see, e.g., Bleidorn et al., 2022; Roberts et al., 2006). All in

all, the changes that were observed in personality across the entire life span were generally
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moderate to large, a finding that is in line with meta-analytic estimates (e.g., Bleidorn et al.,
2022; Roberts et al., 2006).

Our findings suggest that the apparent heterogeneity (see also Bleidorn et al., 2022) does
not (only) reflect sample idiosyncrasies or irreducible differences between countries but can
(also) be explained by differences in item choice: Single items show developmental patterns that
differ from the trait to which they supposedly belong. Dissimilar item trajectories within a trait
were also reflected by the Fréchet distance, a quantitative measure of similarity (for more details,
see Figures S20 to S24 in the Supplemental Materials). At the same time, high similarity was
found with the Fréchet distance for items with similar content across studies (e.g., items tapping
into the tendency to worry). However, the replication of differential item patterns across studies
was not possible for all cases. Either particular items were not surveyed across different studies
(e.g., something like “being quick to understand things” was assessed only in Study 3), or these
items showed no empirically consistent pattern across different studies, although they were
similar in content (e.g., “Talkative” in Study 1 and “Is communicative, talkative” in Study 2).

Altogether, a narrow focus on trait mean scores might lead researchers to miss important
parts of the picture, and our results support calls to examine personality development below
domain levels (e.g., Mdttus & Rozgonjuk, 2021). Thus, the present findings are in line with the
rising interest in so-called “personality nuances,” which refer to individual items, or groups of
very similar items, as the most specific units in the personality hierarchy (McCrae, 2015;
McCrae & Mottus, 2019). For example, studies have found that personality nuances are stable
and heritable, that they show interrater agreement (Mattus et al., 2017, 2019), and that they are
valid predictors of life outcomes beyond traits and facets (Stewart et al., 2022). Nevertheless,

from a theoretical point of view, it would be preferable to investigate age trajectories on the facet
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level, where multiple personality nuances are integrated into a particular aspect of a
superordinate and more general Big Five trait (McCrae, 2015; McCrae & M@ttus, 2019).
Compared with individual items, facets have the advantage that they can be measured with less
error and can also be modeled as a latent variable. Numerous studies have demonstrated the
utility of personality facets (e.g., Anglim et al., 2020; Paunonen & Ashton, 2001) and, indeed,
different facets of the same Big Five trait have shown unique developmental trends (e.g.,
Schwaba et al., 2022; Soto et al., 2011). However, it should be ensured that the items constituting
a personality facet develop homogenously with age too (e.g., by testing for measurement
invariance on the facet level; see, e.g., Olaru et al., 2022); and it requires a more detailed
assessment of personality as typically conducted for the kinds of large panel studies that we used
in the present investigation.
Interpreting the Trajectories as Age Effects

The developmental trends for the Big Five personality traits presented in our studies were
informed only by changes that occurred within persons across time. Thus, the estimated age
effects were controlled for all constant confounding variables, including cohort effects on
personality (e.g., Jokela et al., 2017). Of course, this is an important advantage over cross-
sectional studies (e.g., Soto et al., 2011) but also over studies that analyzed longitudinal data in a
way that includes differences within and between individuals (e.g., Graham et al., 2020; see also
Curran & Bauer, 2011); in both cases, observed age trajectories may be confounded with cohort
effects.

However, in our analyses that were based only on within-person information, time-
varying variables may also still bias the results. We thus controlled for two variables that could

potentially induce associations between age and reported personality that do not reflect
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associations with actual personality: changes in response mode and initial elevation bias (Anvari
et al., 2022; Arslan et al., 2021; Shrout et al., 2018). In Study 2, the only one of our studies in
which a change in response mode was possible, we found systematic effects of the assessment
mode on personality levels. This effect could be explained by a stronger susceptibility to socially
desirable responding in interviews than in self-report questionnaires (Richman et al., 1999; see
also Ausmees et al., 2022). Concerning initial elevation bias, response patterns seemed to be
systematically affected by the first wave in general, but the specific effects varied by study:
higher item agreement in Study 1 and higher construct expression in Studies 2 and 3 (leaving the
exact nature of the bias somewhat obscure; see also Cerino et al., 2022). In any case, by
controlling for changes in response mode and initial elevation bias, we were able to determine
that our age trajectories were not biased by these variables.

However, other time-varying variables may still bias results, and period effects are
especially relevant in the context of age trajectories. Period effects cannot be controlled for as
easily as changes in response modes and initial elevation bias because age, cohort, and period
effects cannot be captured simultaneously (the so-called “identification problem”; e.g., A. Bell,
2020). If two of the three variables are given, the third is logically determined as
age = period — cohort. Whether period effects are problematic for analyses depends on the
assumed shape of such effects. For example, a linear period effect—everybody becomes more
conscientious from year to year—would not be distinguishable from a linear age effect, even in
within-person data. But one could also imagine more shock-like period effects, such as economic
crises that affect personality or at least change how individuals describe their personality. Such
period effects would tend to be less problematic, as we observed multiple cohorts of

individuals—thus, the period effect will affect personality ratings of people at different ages,
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avoiding the perfect confounding of age and period. However, period effects in general have
received comparably little attention in the study of personality development.

Furthermore, the longitudinal time span of the analyzed panel data was shorter than a life
span, such that aging patterns had to be estimated across different cohorts. To actually piece
together within-person changes as a cohesive life span trajectory, we must assume that a person’s
cohort does not interact with their age. Cohort may affect a person’s general level of personality
but not age-related changes, such that they can be meaningfully integrated into a common
trajectory (what is called “linkage” or “convergence”; R. Q. Bell, 1953; Miyazaki &
Raudenbush, 2000; Sliwinski et al., 2010; see also Mirowsky & Kim, 2007). If, instead, age
effects systematically vary across cohorts, merging the individual pattern results in a trajectory
that represents a (by-cohort) weighted average of the different age effects. To comprehensively
test whether cohort modifies the effects of age, longitudinal data spanning longer time intervals
would be necessary; these could again be analyzed within the FEM framework by examining the
interaction between year of birth and age (McNeish & Kelley, 2019). Fortunately, recent
research drawing on such more extensive longitudinal data suggests that aging patterns in
personality may be comparable across cohorts (Brandt et al., 2022) so that cohort effects may be
only a minor issue in the identification of unbiased age effects.

Limitations and Outlook

We investigated personality development based on the rather general framework of Big
Five traits, and the measures included in the studies were rather short. Thus, our sample of
personality items is certainly not comprehensive in covering all facets of the Big Five, let alone
of personality in the general sense. The data analytic approach we champion could be applied to

more extensive Big Five measures and to measures capturing other domains of interindividual
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differences (e.g., values, goals, and interests; Kandler et al., 2014) to paint a more
comprehensive picture of personality development. Likewise, even though there were items with
similar content in the panel studies we included, it would be insightful to see if age trajectories
are similar across samples if identical personality questionnaires are used.

Furthermore, one could combine the different Big Five measures from multiple panel
studies (e.g., HILDA, SOEP, and LISS) and assess them in an age-heterogenous sample,
preferably in a longitudinal design. These data would allow researchers to quantify the extent to
which variance is shared between items from different personality questionnaires and how this
overlap leads to convergence (or divergence) in the age-related item trends.

In addition, we relied on self-report measures, which may provide a limited perspective.
In particular, age differences in personality seem to be contingent on social desirability to some
extent (Ausmees et al., 2022), and other-reports might be less susceptible to such response
tendencies (Richman et al., 1999). Thus, to move from a rather descriptive to a more mechanistic
understanding of the mechanisms that underlie developmental changes in personality, it would
be fruitful to contrast developmental patterns of personality across different sources of
information.

Lastly, like so many studies in the field, we relied on samples from countries that are
typically described as “western, educated, industrialized, rich, and democratic” (“WEIRD”;
Henrich et al., 2010a, 2010b; for a critical examination of the term, see Clancy & Davis, 2019),
which is a general issue in psychological research (Arnett, 2008; Thalmayer et al., 2021; see also
Lin & Li, 2023). Thus, we cannot speak to the question of whether the developmental patterns

we observed can be considered universal.
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Conclusion

The present study investigated age trajectories for the Big Five traits using a statistical
approach that was exclusively based on within-person changes. By using such an approach, we
were able to avoid between-person confounding (e.g., cohort effects), leading to the better
identification and a more reliable estimation of age effects. With decreases in Neuroticism and
increases in Conscientiousness as well as in Agreeableness, the results confirmed the so-called
personality maturation in younger adulthood but also showed that single items can show
different developmental trends even when they pertain to the same personality dimension. This
tendency may provide a partial explanation for the heterogeneous findings in previous studies.

To better recover age effects, we recommend that future research should routinely
investigate personality development by analyzing longitudinal data with statistical models that
rely on only within-person changes. In addition, age trajectories should be examined not only at
the level of broad personality dimensions but also at the level of facets and items, as these may
exhibit distinctly different aging patterns. We believe that these two straightforward steps could
move the field toward a more cumulative mode of science—and broaden and refine the field’s

understanding of personality development.
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