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Abstract: This study assessed change in self-reported Big Five personality traits. We conducted a coordinated integrative data analysis using data from 16 longitudinal samples, comprising a total sample of over 60 000 participants.
We coordinated models across multiple datasets and fit identical multi-level growth models to assess and compare the
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and openness. Non-linear models suggested late-life increases in neuroticism. Meta-analytic summaries indicated that
the fixed effects of personality change are somewhat heterogeneous and that the variability in trait change is partially
explained by sample age, country of origin, and personality measurement method. We also found mixed evidence for
predictors of change, specifically for sex and baseline age. This study demonstrates the importance of coordinated
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INTRODUCTION
Overview
Questions remain regarding personality change in adulthood
(especially in midlife and older adulthood), despite many
studies over many decades. Recent work has embraced a
more nuanced perspective than earlier approaches, which
whipsawed from one extreme perspective (personality is unstable for nearly everyone) in the 1970s (Mischel, 1969, 1977),
to its opposite (personality is stable for nearly everyone) in
the 1980s and 1990s (Costa & McCrae, 1980, 1986). Over
the last 10–15 years, a more integrative view has emerged,
recognizing that personality does change, but likely in systematic ways, and that in any population or sample there will
almost certainly be individual differences in change; that is,
while some individuals may change, others may remain stable
(Roberts & Mroczek, 2008).
Recent work has also focused on antecedents to
(Allemand, Job, & Mroczek, 2019; Bleidorn et al., 2013;
Mroczek & Spiro, 2003; Mühlig-Versen, Bowen, &
Staudinger, 2012) or consequences of (Graham &
Lachman, 2012; Human et al., 2013; Mroczek & Spiro, 2007;
Steiger, Allemand, Robins, & Fend, 2014; Turiano
et al., 2011) personality change during middle and older
adulthood. However, it is useful to step back from efforts to
predict and explain personality change and carry out conﬁrmatory work that circles back to fundamental questions of
how personality changes. The current study aimed to address
four basic research questions. First, what are the basic patterns of overall change for each of the Big Five traits, particularly in older adulthood? Second, are there individual
differences in variations around those overall trajectories
(Nesselroade & Baltes, 1979)? Third, if there are variations,
what factors are associated with individual differences in personality change? Last, we posed a fourth question addressing
issues of reproducibility, replicability, and generalizability
(Condon, Graham, & Mroczek, 2017). With the use of the
language of multi-level (or mixed effects) modelling, the ﬁrst
question addressed the issue of ﬁxed effects (average
change), whereas the second two addressed random effects
(individual variation around that average). Speciﬁcally, the
second question concerned individual differences in rate of
change, and the third question addressed predictors of these
differences. We focused on sex and baseline age as variables
that may be associated with individual differences in personality change, using 16 large longitudinal samples that were
primarily comprised of midlife and older adults.
The fourth question is more meta-scientiﬁc in nature.
Given that there is great heterogeneity of related ﬁndings in
research on personality change, how can we enhance the reproducibility, replicability, and generalizability of our own
ﬁndings? Using a methodological approach designed to enhance and inform replicability and drawing upon the data
sharing network of the Integrative Analysis of Longitudinal
Studies of Aging and Dementia (IALSA) project (Hofer &
Piccinin, 2009), we identiﬁed 16 longitudinal samples that
included at least three occasions of personality assessment.
Within each study, we independently estimated personality
© 2020 European Association of Personality Psychology

trait trajectories using the multi-level model (MLM) for
change (Singer & Willett, 2003), and then we summarized
and synthesized the average trajectories applying
meta-analytic techniques. This form of separate, but coordinated, modelling within each study is known as coordinated
analysis and is a type of integrative data analysis (Hofer &
Piccinin, 2009). This technique is similar to individual participant data meta-analysis, which is being used increasingly in
medicine and epidemiology to synthesize evidence across
studies (Riley, Lambert, & Abo-Zaid, 2010). This approach
produces a group of replications (more accurately, a group
of identical models ﬁt to different samples) that otherwise
would be very difﬁcult to obtain owing to the extended data
collection period of long-term longitudinal data. Additionally, a coordinated analysis preserves the separate ﬁndings
across samples, permitting assessment of heterogeneity in effect sizes that may be due to sample differences (e.g. country
of origin, age of sample, and measurement differences) or
even to differences in true effect sizes across studies. This
also permits an evaluation of the generalizability of the ﬁndings across varying samples, an issue we have discussed
elsewhere in more detail (Mroczek, Graham, Turiano, &
Oro-Lambo, 2019; Mroczek, Weston, & Willroth, 2019).
Thus, in addition to our substantive questions regarding the
functional forms of the overall trajectories of Big Five traits,
individual differences in trajectories, and predictors of
change, our fourth question was more methodological,
addressing whether we could identify between-sample
variation in either overall patterns or individual differences
in change.
Overall trajectories and current theoretical models of
personality development
Overall or general patterns of personality change are nomothetic, or variable centred. These patterns capture how a given
trait changes over time in a given sample, in contrast to how
different persons change with time. They may be termed
‘meta-trajectories’ when they refer to population-level
estimates of change (Mroczek, Graham, et al., 2019). One
of the more prominent theories of nomothetic or
population-level trajectories is the neo-socioanalytic theory
with its corollaries, the social investment principle, and the
maturity principle (Roberts & Mroczek, 2008; Roberts,
Walton, & Viechtbauer, 2006; Roberts, Wood, &
Caspi, 2008; Roberts, Wood, & Smith, 2005). These ideas
posit that trait changes in adulthood tend to reﬂect an increase in socially acceptable characteristics (i.e. maturity)
and a successful transition into adult roles that require additional responsibility (i.e. social investment: parenthood and
work promotions) (Caspi, Roberts, & Shiner, 2005; Roberts
et al., 2006, 2005; Roberts & Mroczek, 2008). Personality
changes in young to mid-adulthood that are predicted by this
theory include increasing conscientiousness, extraversion,
openness, and agreeableness in young adulthood, along with
declining neuroticism. Similarly, Denissen et al. (2013) proposed that norm-based reference values that operate via
self-regulation strategies can bring about normative change
such as that described by the maturity principle. This theory
Eur. J. Pers. 34: 301–321 (2020)
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suggests that self-regulatory strategies are guided by social
norms, as well as by personal values thus providing an
explanation for both overall population-level trajectories
(e.g. increasing conscientiousness) and variation around
such overall trajectories (e.g. individual differences in rate
of conscientiousness change). In essence, both the
neo-socioanalytic (Bogg, Voss, Wood, & Roberts, 2008)
and self-regulation (Denissen, van Aken, Penke, &
Wood, 2013) theories argue that personality change is driven
by the societal or cultural norms that govern adulthood roles,
although Denissen et al. (2013) added personal values and
expectations as a second set of inﬂuences.
However, the trait trends described above (decreasing
neuroticism and increasing conscientiousness) are not consistent throughout older adulthood, suggesting that the above
theories may be under-speciﬁed. One of the most theoretically compelling explanations for these personality trends
in later life involves the concept of Baltes (1997) and Baltes
and Baltes (1990) of selection, optimization, and compensation (SOC; (Kandler, Kornadt, Hagemeyer, & Neyer, 2015;
Mueller et al., 2019). The Baltes theory posits that development includes both gains and losses across most of the
lifespan, whereby older adulthood is typically characterized
by more losses. In order to optimize development in older
adulthood, individuals must automatically or intentionally
compensate for increasing losses and select by restricting
domains and goals (Baltes, 1987). The SOC theory of developmental regulation may help to explain trait trends that appear to decelerate or even reverse in later life (Kandler
et al., 2015; Mueller et al., 2016). For example, developing
and maintaining a career and relevant skills may become less
of a priority (or not a priority at all) in older adulthood and
retirement. Thus, behaviours associated with accomplishing
those goals are no longer needed and are ‘selected out’,
thereby exerting downward pressure on traits such as conscientiousness that are associated with these behaviours.
Similarly, the need to be vigilant against health risks in late
life, alongside ﬁnancial uncertainty when living on ﬁxed or
limited income, may promote selection and optimization
processes that increase neuroticism. Perhaps the most
obvious example involves extraversion, in which older adults
select and pare down their social circles (Carstensen,
Isaacowitz, & Charles, 1999), allowing optimization of affect
and behaviour. In turn, a smaller, but higher-quality, social
network compensates for the loss of large (but lower quality)
social networks typically seen in young adulthood and
midlife.
Consistent with the broad array of theories described
above, several studies that examined traits over different
ages, or estimated overall trajectories (using either MLM or
latent trajectory models), found that during the emerging
adult and midlife years, agreeableness, conscientiousness,
openness, and extraversion tend to increase and neuroticism
tends to decrease (Lucas & Donnellan, 2011; Marsh,
Nagengast, & Morin, 2013; Roberts et al., 2006, 2008). After
midlife, these overall trajectories shift somewhat, with various studies showing decreases in most of the Big Five traits
(Berg & Johansson, 2013; Kandler et al., 2015; Lucas &
Donnellan, 2011; Mõttus, Johnson, Starr, & Deary, 2012;
© 2020 European Association of Personality Psychology
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Roberts & Mroczek, 2008). Some of these studies show that
decreases occur mainly in older adulthood, particularly after
age 65 or 70 (Mõttus, Johnson, & Deary, 2012; Mroczek &
Spiro, 2003). These ﬁndings also align with meta-analyses
of mean-level change in traits (Roberts et al., 2006), which
indicate that certain traits (e.g. conscientiousness and emotional stability) increase in younger adulthood, whereas
others (e.g. agreeableness) only change in older adulthood.
Interestingly, when the neo-socioanalytic (especially its
maturity principle) and the SOC theories are combined, we
would expect age-related average curvilinear personality
change. Some traits may increase in the earlier part of adulthood, before decreasing in older adulthood. Several of the
studies we analysed included four or more occasions, which
allowed estimation of quadratic trajectories, and several
studies had a wide age range. Thus, we were able to utilize
several of these theoretical perspectives to guide our analysis
plan to comprehensively test the different ways in which
personality traits change in mid to late adulthood.
Individual differences in trajectories and lifespan
developmental theory
Although overall patterns of change along with theories that
explain them are important, individual differences that surround these overall trajectories may enable a more accurate
and comprehensive description of personality change over
time. Both SOC and Denissen’s self-regulation theory imply
such individual variation. But can we empirically identify
individual variation in trajectories around those population
trajectory estimates? Even when overall patterns are
well-replicated (e.g. decreasing neuroticism in adulthood),
to what extent do individuals vary around that
population-level trajectory, especially with respect to individual differences in rate of change, or slope? Large estimates of individual variation in rate of change tell us that
the overall sample trajectory describes only a fraction of
people, such that many individuals deviate from the average.
Previously, many researchers had argued that personality is
ﬁxed and unlikely to change once adulthood is reached,
commonly citing the popular William James quote that
personality is set like plaster after age 30 (Costa &
McCrae, 1980, 1986; McCrae & Costa, 1994). In general,
a given collection of personality trajectories has historically
been assumed to show very little variation around the
population-level trajectory (meta-trajectory), thereby indicating stability. However, consideration and estimation of individual variation around such trajectories form a key tenet of
lifespan developmental theory (LDT) (Baltes, Reese, &
Nesselroade, 1977), which posits that development (including personality development) is a lifelong process and that
both general patterns and individual differences around these
patterns are critical for understanding development of any
particular variable over the lifespan (Baltes, 1987; Baltes,
Lindenberger, & Staudinger, 2006). As such, theories that focus on meta-trajectories, such as the maturity principle, are
not mutually exclusive with LDT. The neo-socioanalytic theory, self-regulation theory, and SOC can explain the shape of
the population-level trajectories, with self-regulation theory
Eur. J. Pers. 34: 301–321 (2020)
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and LDT explaining individual differences around those
overall patterns at the within-person level.
Existing literature examining adult personality change
has reported estimates of individual variation that, in almost
all cases, are consistent with the LDT principle of individual
differences in person-level change (Berg & Johansson, 2013;
Bleidorn, Kandler, Riemann, Angleitner, & Spinath, 2009;
Helson, Jones, & Kwan, 2002; Mroczek, Almeida, Spiro,
& Pafford, 2006; Mroczek & Spiro, 2003, 2007; Pedersen
& Reynolds, 1998; Roberts et al., 2006; Terracciano,
McCrae, Brant, & Costa, 2005; Vaidya, Gray, Haig,
Mroczek, & Watson, 2008; Vecchione, Alessandri,
Barbaranelli, & Caprara, 2012). However, systematic inquiry
of consistency in individual differences in change is warranted, given the varying interpretations of the literature,
and a coordinated analysis approach is aptly suited to investigate these cross-sample differences and similarities.

METHODS
One goal of this project was to apply techniques designed to
enhance replicability of results to longitudinal research on
personality development across adulthood using existing
data. Researchers across many ﬁelds are currently focused
on enhancing replicability and reproducibility, and encouraging open science practices (Condon et al., 2017; Nelson,
Simmons, & Simonsohn, 2018; Vazire, 2018; Weston,
Graham, & Piccinin, 2019). However, many of the shifts in
research practices have focused on experimental sub-ﬁelds
of psychology, leaving longitudinal researchers with more
limited options regarding how to enhance the replicability
of their ﬁndings. Given that longitudinal research often relies
on large extant datasets, p-hacking and publication bias are
concerns, and many published longitudinal studies may have
capitalized on chance as a result.
With these issues in mind, we developed an analytic plan
to replicate results within a set of analyses, chieﬂy through
achieving model harmonization for optimal comparability
across multiple distinct samples. This enabled us to approximate wide-scale replicability of results by applying the same
analytic techniques to multiple samples in a controlled manner. The ﬁrst step in this procedure was to identify the type of
models we wanted to test. To examine stability and change
of traits across time, we estimated MLMs for change in personality traits, using both linear slopes and (when appropriate, given the available data) quadratic slopes. To test
predictors of personality change, we utilized a slopes-asoutcomes modelling technique to predict slopes from covariates of interest. Before ﬁtting any models, we wrote analysis
scripts in R, and we subsequently identiﬁed longitudinal
studies that had the requisite data to ﬁt those models (the
minimum data required were three measurement occasions
of at least one of the Big Five personality traits). Prior to
analysis, we also identiﬁed sex and baseline age as predictors
of change upon which to focus. See Table S1 for descriptive
statistics, including reliability estimates (Cronbach’s alpha)
for all traits.
© 2020 European Association of Personality Psychology

Samples
We used the framework of the IALSA to identify participating longitudinal studies of aging that met study eligibility.
IALSA is a platform for facilitating replication of analyses
in multiple studies using longitudinal data (Graham
et al., 2017; Hofer & Piccinin, 2009). Longitudinal research
requires years of data collection and substantial ﬁnancial
resources, thereby creating signiﬁcant pragmatic barriers to
replication. The IALSA network facilitates data access for
researchers to test longitudinal models in a multi-study
framework, allowing for conceptual replication. While direct
replication is not feasible in this context, conceptual replication demonstrates the robustness and generalizability of
effects across diverse methodologies and measures.
The current study used a coordinated analysis approach,
which preserves measurement and sample heterogeneity,
while allowing examination of the strengths and similarities
in associations across studies (Hofer & Piccinin, 2009). A
coordinated analysis is different from a pooled analysis,
which has strict harmonization requirements (usually identical measures) and merges each study’s data into a single
dataset, thereby producing one set of models (Curran
et al., 2008). Pooled analysis assumes homogeneity across
datasets and a single true effect size underlying all studies.
This is often an untenable assumption (Borenstein, Hedges,
Higgins, & Rothstein, 2010); and coordinated analysis, by
analysing each dataset separately and then synthesizing
afterward, does not make this assumption. We identiﬁed 16
samples that achieved our data requirements, allowing analysis using multi-level growth models; see Table 1 for basic
study-level descriptions.
The Berlin Aging Study
The Berlin Aging Study (BASE) began in 1990 in Berlin,
Germany. Neuroticism, extraversion, and openness were
assessed using six items each, selected from the NEO-FFI
(Costa & McCrae, 1985a, 1985b) at baseline, with reassessment at four additional occasions (ﬁve total measurements)
over the following 13 years (Wagner, Ram, Smith, &
Gerstorf, 2016). A total of 516 (Mage = 84.92, SDage = 8.66,
50% female) participants completed at least one measurement of personality. There were 132 individuals who completed three or more measurements and 83 who completed
four or more measurements.
The Berlin Aging Study-II
The Berlin Aging Study-II (BASE-II) data used in the current
report came from older adults (age range 60–84 at personality baseline) residing in the greater Berlin (East and West),
Germany metropolitan area (Bertram et al., 2013; Gerstorf
et al., 2016; Mueller et al., 2016). Starting in 2009, a total
of 1276 (Mage = 67.68, SDage = 3.73, 50% female) participants completed at least one measurement of personality.
There were 957 individuals who completed three or more
measurements and 671 participants who completed four or
more measurements of the full Big Five personality traits
using a short version of the Big Five Inventory (BFI-S; John
Eur. J. Pers. 34: 301–321 (2020)
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Table 1. Study descriptions
Study

Country

Scale

BASE
BASE-II
EAS

Germany
Germany
USA

NEO-FFI
BFI-S
IPIP

HRS
ILSE
ILSE.Y
LASA
LBC1936
MIDUS
NAS
OCTO
SATSA
SLS
SOEP
WLSG
WLSS

USA
Germany
Germany
Netherlands
UK
USA
USA
Sweden
Sweden
USA
Germany
USA
USA

MIDI
NEO-FFI
NEO-FFI
DPQ
IPIP
MIDI
EPI-Q
EPI-Q
EPQ (NE) and NEO-PI (O)
NEO-PI-R
BFI-S
BFI 4a and 5a
BFI 4a and 5a

Year
1990–93
2009
1993
2006–
2008
1994
1994
1992
2006
1994
1975
1991
1984
2001
2005
1992
1993

& Srivastava, 1999; Lang, John, Lüdtke, Schupp, &
Wagner, 2011).
The Einstein Aging Study
The Einstein Aging Study (EAS) is a sample of older, ethnically diverse, community-residing individuals from the
Bronx. Data collection began in 1993, with rolling enrolment. At study entry, participant age ranged from 70 to
99 years, with follow-up occasions every 18 months (Katz
et al., 2012). Although some participants have as many as
16 measurement occasions of personality, most have 3 to 5.
A total of 342 (Mage = 77.54, SDage = 4.99, 60% female) participants completed at least one measurement of personality,
using adjectives from the International Personality Item Pool
(IPIP) (Goldberg, 1992). There were 214 individuals who
completed three or more measurements and 179 participants
who completed four or more measurements.
The Health and Retirement Study
The Health and Retirement Study (HRS) is a nationally representative longitudinal panel study of over 20 000 adults
who were surveyed every 2 years starting in 1992 (Juster &
Suzman, 1995; Sonnega et al., 2014). Half of the sample
completed a personality assessment in 2006, and the second
half completed personality in 2008. The full Big Five was
assessed using adjectives from the Midlife Development
Inventory (Lachman & Weaver, 1997). A total of 14 513
(Mage = 68.50, SDage = 10.50, 59% female) completed at
least one measurement of personality. There were 8869 individuals who completed three or more measurements.
Interdisciplinary Longitudinal Study of Adult Development
The Interdisciplinary Longitudinal Study of Adult Development (ILSE and ILSE.Y) is a representative sample of 1390
individuals from two cohorts (1930–1932: older adults in
their early 60s when ILSE was launched; 1950–1952:
middle-aged adults in their early 40s at baseline) in
Germany (Sattler et al., 2015). For ILSE, three measurements
of the full Big Five (NEO-FFI; Costa & McCrae, 1988) were
© 2020 European Association of Personality Psychology

Followup

Interval

Measurement
occasions

Age

N (baseline)

13
5
22

1
2
1

5
4
16

85
68
78

516
1276
342

8
12
12
9
12
20
36
6
27
5
12
19
19

4
6
6
3
3
10
3
2
3
1
4
9
9

3
3
3
4
4
3
11
4
7
4
4
3
3

68
62
44
70
70
47
51
83
60
63
47
53
53

16 056
488
500
2627
1033
6409
1645
496
1971
1541
21 040
7718
4129

collected in 1994, 1998, and 2006. A total of 485
(Mage = 62.50, SDage = 0.96, 48% female) completed at least
one measurement of personality. There were 306 individuals
who completed three or more measurements (Allemand,
Schaffhuser, & Martin, 2015; Allemand, Zimprich, &
Martin, 2008). The younger cohort (ILSE.Y) was also
included in this project, containing 496 (Mage = 43.78, SDage = 0.91, 48% female) who completed at least one measurement of personality and 328 individuals who completed three
or more measurements.
Longitudinal Aging Study of Amsterdam
The Longitudinal Aging Study of Amsterdam (LASA) is a
nationally representative cohort sample of 5132 older adults
in the Netherlands. Of the Big Five traits, neuroticism was
the sole trait collected in this sample, assessed using the
neuroticism scale from the DPQ (Luteijn, Starren, & van
Dijk, 2000). Four measurements of neuroticism were taken
in 1992, 1995, 1998, and 2001 (Huisman et al., 2011). A
total of 2111 (Mage = 69.75, SDage = 8.57, 52% female)
participants completed at least one measurement of personality. There were 1662 individuals who completed three
measurements and 1267 who completed four measurements.
Lothian Birth Cohort 1936
The Lothian Birth Cohort 1936 (LBC) consists of surviving
participants of the 1947 Scottish Mental Health Survey.
The 1936 cohort was recruited between 2004 and 2007 by
identifying individuals from the original (1947) cohort who
were residing in Edinburgh and the surrounding areas. In
total, 1091 participants entered the study. Personality traits
were measured using 50 items from the IPIP when participants were 67–71 years old in 2006 and then three times
more in 2008, 2012, and 2016 for a total of four measurement occasions (Deary, Gow, Pattie, & Starr, 2012). A total
of 950 (Mage = 69.51, SDage = 0.84, 50% female) completed
at least one measurement of personality. There were 680
individuals who completed three measurements and 528
individuals who completed four measurements.
Eur. J. Pers. 34: 301–321 (2020)
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Midlife in the United States
The Midlife in the United States (MIDUS) study is a national
sample of 7108 adults, with a baseline age range of 28 to
74 years. The initial wave of measurement began in 1994–
1995, and two additional waves of data collection took place
in 2004–2005 (N = 4963) and in 2013 (N = 3294) (Brim,
Ryff, & Kessler, 2004). The Midlife Developmental Inventory (adjectives) was used to assess the full Big Five traits
(Lachman & Weaver, 1997). A total of 6265 (Mage = 46.80,
SDage = 12.90, 53% female) completed at least one measurement of personality. There were 2717 individuals who completed three measurements.
VA Normative Aging Study
The VA Normative Aging Study (NAS) is a US Department
of Veterans Affairs study, focused on the medical and
psychosocial aspects of aging among men. The original
sample consists of 2280 men living in Boston. At the ﬁrst
measurement occasion of personality, they had an age range
of 30–78 years, with follow-up visits every 3–5 years. A
total of 1645 (Mage = 51.40, SDage = 9.20, 0% female)
completed at least one measurement of the Eysenck (EPI-Q,
Floderus, 1974; based on Eysenck & Eysenck, 1968, EPI)
personality scale beginning in 1975. A total of 1423
individuals completed three measurements and 1255 who
completed four measurements (Bosse, Ekerdt, &
Silbert, 1984).
The Origin of Variance in the Oldest-Old: Octogenerian
Twins
The Origin of Variance in the Oldest-Old: Octogenerian
Twins (Octo-Twin) study includes 351 Swedish twin pairs
(702 individuals) aged 80 years and older (80–97). Baseline
interviews occurred between 1991 and 1993 (McClearn
et al., 1997). Four additional waves of data were collected
at 2-year intervals. Extraversion and neuroticism were
assessed at the ﬁrst four occasions using a shortened, 19item, version of The Eysenck Personality Inventory (EPI-Q;
Eysenck & Eysenck, 1968). A total of 469 (Mage = 83.17,
SDage = 2.89, 64% female) completed at least one measurement of personality. There were 213 individuals who completed three measurements and 122 who completed four
measurements.
Swedish Adoption/Twin Study of Aging
The Swedish Adoption/Twin Study of Aging (SATSA)
began in 1984 on adults aged 26–93 years, with the
objective of studying the genetic and environmental factors
associated with aging (Pedersen et al., 1991). Personality
traits (neuroticism, extraversion, and openness) were
assessed seven times between 1984 and 2010, using the
NEO-PI (Costa & McCrae, 1985a, 1985b) inventory for
openness and EPQ (Eysenck, 1975) for neuroticism and
extraversion. A total of 1925 (Mage = 59.80, SDage = 13.96,
58% female) participants completed at least one measurement of personality. There were 1438 individuals who
completed three measurements and 1407 who completed
four measurements.
© 2020 European Association of Personality Psychology

Seattle Longitudinal Study
The Seattle Longitudinal Study (SLS) began in 1956 to
study psychological development in adulthood (Schaie,
Willis, & Caskie, 2004). The full Big Five personality
traits were assessed at four measurement occasions, beginning in 2001, using the NEO-PI-R Personality Inventory
(Costa & McCrae, 1992). A total of 1541 (Mage = 63.21,
SDage = 15.61, 56% female) completed at least one measurement of personality. There were 785 individuals who
completed three measurements and 639 who completed
four measurements.
German Socio-Economic Panel
The German Socio-Economic Panel (SOEP) is an ongoing
annual longitudinal study that began in 1984 with approximately 15 000 private households in Germany (Goebel
et al., 2018; Headey, Muffels, & Wagner, 2011; Wagner,
Joachim, & Schupp, 2007). A total of 21 030 (Mage = 47.40,
SDage = 17.58, 52% female) completed at least one measurement of personality, using a shortened version of the BFI
personality inventory (John & Srivastava, 1999; Lang
et al., 2011). There were 19 076 individuals who completed
three measurements and 13 229 who completed four
measurements.
Wisconsin Longitudinal Study
The Wisconsin Longitudinal Study (WLSG/WLSS) contains two samples used in the current project. The ﬁrst
(WLSG) is a sample of Wisconsin residents who graduated
from high school in 1957. Data collection was started in
1957, and participants were reassessed periodically over
the following decades. Personality assessment was added
to the study protocol in the early 1990s, providing personality data using the BFI personality inventory (John,
Donahue, & Kentle, 1991) in 1992, 2003, and 2011. Age
at personality assessment baseline ranged from 51 to 56.
A total of 6720 (Mage = 53.23, SDage = 0.64, 53% female)
participants completed at least one measurement of personality and 5154 individuals completed three measurements.
The second sample (WLSS) is composed of siblings of
these graduates. Data collection for the sibling sample began in 1975, and personality data for these participants
(N = 4804) were collected in 1993, 2004, and 2011 (Herd,
Carr, & Roan, 2014; Sewell, Hauser, Springer, &
Hauser, 2003). A total of 3987 (Mage = 53.27, SDage = 7.32,
53% female) completed at least one measurement of personality and 2853 individuals completed three
measurements.
Measures
Personality
All studies contained at least a subset of the Big Five,
assessed via different but reliable and validated measures of
the Big Five. The IPIP (Goldberg, 1992) was used to develop
the measures for all ﬁve traits in the LBC1936 and EAS.
Goldberg’s adjectives were also used to create the
Midlife Development personality inventory, which was used
in the MIDUS and HRS (Lachman & Weaver, 1997). The
Eur. J. Pers. 34: 301–321 (2020)
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Eysenck measures (Eysenck, 1975; EPI-Q, EPQ; Eysenck &
Eysenck, 1968) were used to measure neuroticism and extraversion in Octo-Twin, NAS, and SATSA. The NEO (Costa Jr
& McCrae, 1992) was used to assess the Big Five in ILSE,
BASE (NEO-FFI), SLS (NEO-PI-R), and SATSA (NEO-PI;
Openness only), while LASA measured neuroticism using
the neuroticism scale from the DPQ (Huisman et al., 2011).
A BFI-S (John et al., 1991; John & Srivastava, 1999; Lang
et al., 2011) was used to assess the Big Five in the BASEII, SOEP, and WLS samples. Each of the scales is measured
in different units, with most on a 1–5 scale, but some used a
1–30 scale (sum scores). We transformed personality for
comparability by converting each trait to a 1–10 scale. We
then calculated the baseline mean and standard deviation of
the transformed scale, standardized the transformed scores
on the basis of these new baseline statistics, and ﬁnally,
added back the baseline mean. For example, hypothetically,
for a score of 3.5 on a Likert-type 1–5 scale, this would mean
that this score would be converted to 6.25
[10 * (value max/max min)]. If this hypothetical sample
had a transformed mean of 5 (SD = 2), then this score would
be standardized {[(value
mean)/SD] + mean} for a new
score of 5.625. The units are interpreted in standard deviation
units, and the mean is on a 1–10 scale. For the duration of
this paper, ‘baseline’ refers to the initial assessment of personality for each study.
Age
The time metric in our trajectory models was chronological
age, centred at 60 and divided by 10 (to convert to change
per decade). Centred age was squared for use in models estimating quadratic change. See Figure S1 for the distribution
of age across all samples.
Predictors
Sex and baseline age were used as predictors of personality
change across studies. Each study used predictors from the
same measurement occasion as the ﬁrst personality assessment, to address the question of whether baseline predictor
‘status’ was prospectively associated with subsequent
personality change. All predictors were added into separate
models. Studies with less than 5% prevalence of a given
predictor were dropped from those particular models.
Models including health events, marital status, and retirement status as predictors of personality change are provided in the supplemental material (https://osf.io/xqmfw/?
view_only=126dbaafa46043038688e04bdcc23899).1
Sex
All studies coded baseline sex in a binary manner such that
1 = female and 0 = male.
1

We were not able to effectively account for anticipation effects or the timing
of events in a coordinated manner across so many studies in a way that
would be comparable and informative. As such, models including health
events, marital status, and retirement status as predictors of personality
change are not reported in the current manuscript, but interested readers
may view the results from these models in the Supporting Information. See
Tables S7–S16, S23–32, S39–S38, S55–S64, and S71–S80 and Figures
S10–S27, S34–55, S62–S83, S90–S110, and S118–S138.
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Baseline age
To explore whether personality change varied as a function
of baseline age group, each study created a binary variable
indicating whether a participant was over or under age 60
at study baseline, coded as 1 = 60 or over at baseline and
0 = under 60 at baseline. Individual studies had varying start
years (1975–2009) with the majority being in the early
1990s, and a range of mean ages at baseline (average baseline age range = 44–85). Adding baseline age group as a
level 2 predictor gave us a rough estimate of whether birth
cohort in a given study start year (or more accurately, age
group) could account for differences in personality trajectories within each study. The visualization of these trajectories
across studies will give an illustration of age group differences in these trajectories, regardless of the year in which
baseline age was assessed.
Data analysis
Individual study analyses
We used MLMs for change, also known as individual growth
or individual trajectory modelling (Raudenbush &
Bryk, 2002; Singer & Willett, 2003), to estimate trajectories
of each personality trait in each sample. To provide a baseline for comparing subsequent models, we ﬁrst tested
intercept-only (unconditional means) models, expressed as
Yti = π 0i+εti, where Y is personality trait at a given measurement occasion t for person i. This is a function of a
person-level intercept (level of trait), plus the within-person
residual. The variance, τ, is used in conjunction with the residual to calculate the intra-class correlation coefﬁcient
(ICC), or ρ. This is the ratio of between-person variance to
total variation in each trait. We then ﬁt a linear growth model
(level 2 model) with the ﬁxed-slope only, and next, we ﬁt the
linear growth model with both the ﬁxed and random slopes.
Likelihood ratio tests compared these two models so as to assess whether adding the random slopes improved model ﬁt
and thus whether there were individual differences in linear
change. Next (for studies with 4+ measurement occasions)
quadratic growth models were ﬁt to assess non-linear
change. We did this by squaring the time-metric (age) and
entering this into the model. Lastly, using linear growth
models, a series of slopes-as-outcomes models were ﬁt, each
with one of the above described predictors. Each predictor
was added individually into separate models. The interaction
of the binary predictor by the linear time metric (age) was
calculated and added to the linear growth model.
All studies tested all models are based on data availability.
Participants were included in the models if they had, at minimum, the initial assessment of personality. For a given trait,
there were a total of six possible models (Intercept-Only,
Fixed-Slope, Fixed+Random Slope, Quadratic Change, and
two Slopes-As-Outcomes models). Because there were so
many models estimated across the ﬁve traits and 16 studies,
we included the most relevant model results in the main manuscript, and we put all other models in the supplemental material, available on OSF. All scripts and output ﬁles from
this and prior drafts of this paper are available here (https://
osf.io/xqmfw/?view_only=126dbaafa46043038688e04bdcc
Eur. J. Pers. 34: 301–321 (2020)
DOI: 10.1002/per

308

E. K. Graham et al.

23899). Analyses were completed using R (R Core
Team, 2014), including the packages lme4 (Bates, Mächler,
Bolker, & Walker, 2015), metafor (Viechtbauer, 2019), and
ggplot (Wickham et al., 2019). Our analyses were not preregistered, as the planning stages of this project took place before pre-registration was common practice. In the results below, we report the plots for the linear and quadratic
trajectories of each trait, as well as a selection of moderators.
These plots include an average effect that is weighted by sample size. For interested readers, plots with the unweighted averages are available in the supplemental material (https://osf.
io/xqmfw/?view_only=126dbaafa46043038688e04bdcc
23899).
Meta-analyses
We estimated a meta-analytic summary for linear, quadratic, and predictor models, to summarize the average effect across individual studies (e.g. linear slope estimate for
neuroticism across samples; sex by extraversion slope estimate across samples). Each meta-analysis included an
overall effect (weighted by sample size), with corresponding standard errors/conﬁdence intervals, as well as estimates of heterogeneity (I2, Q) (Borenstein, Higgins,
Hedges, & Rothstein, 2017). We used the signiﬁcance test
of the Q statistic to guide our decision to report the
study-level moderators of heterogeneity. For this project,
three study-level moderators were considered: average
baseline age (over or under 60), country that the study
was based in, and personality scale used. We used
random-effects models to meta-analyse each set of
estimates.

Table 2. Meta analytic summary of slope estimates
Model
Neuroticism
Linear
Quadratic
Sex
Base Age
Extraversion
Linear
Quadratic
Sex
Base Age
Openness
Linear
Quadratic
Sex
Base Age
Conscientiousness
Linear
Quadratic
Sex
Base Age
Agreeableness
Linear
Quadratic
Sex
Base Age

b

SE

Z

p

CI.lb

CI.ub

0.05
0.10
0.01
0.11

0.02
0.03
0.00
0.03

2.54 0.011
3.35 <.001
3.14 0.002
3.21 0.001

0.09
0.15
0.02
0.04

0.01
0.04
0.00
0.18

0.09
0.04
0.00
0.09

0.02
0.09
0.01
0.02

3.69 <.001
0.46 0.645
0.65 0.517
5.51 <.001

0.13
0.14
0.02
0.12

0.04
0.22
0.01
0.06

0.09
0.07
0.00
0.12

0.02
0.03
0.01
0.02

4.07 <.001
2.15 0.032
0.19 0.851
6.27 <.001

0.13
0.14
0.02
0.15

0.05
0.01
0.02
0.08

0.05
0.02
0.02
0.18

0.02
0.03
0.01
0.01

2.88 0.004
0.74 0.459
1.37 0.169
14.62 <.001

0.09
0.07
0.04
0.21

0.02
0.03
0.01
0.16

0.02
0.03
0.00
0.10

0.02
0.09
0.01
0.02

1.05 0.296
0.28 0.777
0.14 0.890
4.27 <.001

0.02
0.16
0.02
0.14

0.07
0.21
0.02
0.05

a

Within each trait, each line represents the meta-analytic estimates for the
slopes from each model across the studies (weighted by sample size), for
the coefﬁcients (b), standard errors (SE), Z test (Z), and 95% conﬁdence intervals (CI.ub, CI.lb).
b
Base Age = Age at baseline (±60); these lines are the meta-analytic summaries for the age × baseline age interaction.
c
Sex: Female = 1, male = 0; these lines are the meta-analytic summaries for
the age × sex interaction.
d
Full model summaries for the individual studies can be found in the
Supporting Information.

RESULTS
Summaries for all individual study models, including tables,
ﬁgures, and full meta-analytic summaries are included in the
Supporting Information. For brevity, the main manuscript includes a table of the meta-analytic slope estimates for each
model type (e.g. linear, quadratic, and predictors; Table 2)
and key ﬁgures.
The results reported below are organized by model.
First, we describe the level 1 (intercept-only) models by
reporting the between-study range of the ICC, which provides a proportion of between-person and within-person
variability in repeated personality trait measurement, and
related heterogeneity estimates for each trait. We then describe the trajectory models (linear and quadratic) by trait.
When heterogeneity estimates for the growth trajectory
models were substantial, predictor and subgroup analyses
are warranted; we therefore added study-level moderators
(age, country, and personality measurement) to the models
to test if any of these predictors accounted for
between-study variability. For each trait, we present a
ﬁgure illustrating either the linear or non-linear trajectories,
depending on which model was a better overall ﬁt for a
given trait. The trajectory ﬁgures not presented in the main
manuscript can be found in the Supporting Information.
Lastly, we discuss the slopes-as-outcomes models, and we
© 2020 European Association of Personality Psychology

describe the extent to which each predictor accounts for individual differences in change for each trait. Given the
large number of analyses, we used a more conservative alpha (α = .01) to evaluate statistical signiﬁcance. For each
of these models, there is a table, a ﬁgure, and a metaanalysis. All of these results can be found in the
Supporting Information, organized by trait.

Intercept-only models
Neuroticism
The ICC from the intercept-only model for neuroticism
ranged across the 16 samples from 0.57 to 0.84 (Table S2).
The meta-analytic summary indicates that the average ICC
across studies is B = 0.68 (se = 0.02), with substantial heterogeneity (I2 = 99.09, Q = 2855.39, df = 15, p ≤ .001).
Extraversion
Of the 15 studies with extraversion data, the ICC ranged
from 0.62 to 0.86 (Table S18). The meta-analytic summary
indicates that the average ICC across studies is B = 0.72
(se = 0.02), with heterogeneity estimates of (I2 = 99.40,
Q = 3782.33, df = 14, p ≤ .001).
Eur. J. Pers. 34: 301–321 (2020)
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Openness
Of the 13 samples with openness data, the ICC ranged from
0.59 to 0.88 (Table S34). The meta-analytic summary indicates that the average ICC across studies is B = 0.70
(se = 0.02), with heterogeneity estimates of (I2 = 99.54,
Q = 4775.56, df = 12, p ≤ .001).
Conscientiousness
Of the 11 studies with conscientiousness data, the ICC
ranged from 0.53 to 0.84 (Table S50). The meta-analytic
summary indicates that the average ICC across studies is
B = 0.67 (se = 0.03), with heterogeneity estimates of
(I2 = 99.53, Q = 4013.80, df = 10, p ≤ .001).
Agreeableness
Of the 11 studies with agreeableness data, the ICC ranged
across these studies from 0.51 to 0.80 (Table S66). The
meta-analytic summary indicates that the average ICC across
studies is B = 0.64 (se = 0.02), with heterogeneity estimates
of (I2 = 99.16, Q = 2121.47, df = 10, p ≤ .001).
The ICCs indicate that across all studies and traits, half
to over three-quarters of the total variation across persons
and measurement occasions were between-person variation
(individual differences in levels of trait). The remainder of
variation is true trait change, plus variance due to measurement error. Variation in personality traits across individuals
and occasions is not simply due to differences in level
among persons but also includes variation over measurement occasions (across time) within persons, suggesting
within-person change.
Average trajectories
Neuroticism
Results from the linear growth models for neuroticism indicate that neuroticism changes over time. The likelihood ratio
of the ﬁxed (Table S3) versus random (Table S4) slope
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models indicate that, for most studies, there are individual
differences in change. Across studies, there was a linear effect of age for all but ﬁve samples (ILSE.Y, LBC1936,
Octo-Twin, SOEP, and LASA; Table S4). Most studies
showed a decrease in neuroticism, with few showing an increase. The meta-analytic estimate for these models was not
statistically signiﬁcant (p > .01) but suggests a pattern of decline over time (Figures S2 and S3) (B =
0.05, 95%
CI = [ 0.09, 0.01], p = .011). Because the meta-analysis
also showed substantial heterogeneity (I2 = 98.67,
Q = 1013.31, df = 15, p ≤ .001), moderators were added to
account for this variability. Age and country did not account
for the heterogeneity in neuroticism trajectories, but personality scale did, indicating that estimates of change in neuroticism were likely varying owing to measurement differences.
Ten studies had sufﬁcient data to estimate quadratic
growth models for neuroticism (Table S5). Of these, three
showed evidence for non-linear change. See Figure 1 for visualization of the quadratic trajectory. The thick black line indicates the overall average pattern, which suggests that
neuroticism declines in early adulthood and increases again
in older adulthood. See also Figures S4 and S5 for these ﬁgures in colour and with the unweighted average slopes. The
meta-analysis suggests an overall quadratic effect
(B =
0.10, 95% CI = [ 0.15, 0.04], p = .001), although
there is also signiﬁcant heterogeneity (I2 = 95.50,
Q = 239.32, df = 9, p ≤ .001). Neither country nor scale
accounted for any of the heterogeneity, but age did. This result suggests that as average sample age increases, neuroticism slopes become less steep, indicating that the trajectory
for neuroticism may be better described as a U-shaped trend.
Extraversion
Results from the linear growth models for extraversion indicate that extraversion changes over time. The likelihood ratio
of the ﬁxed (Table S19) versus random (Table S20) slope
models indicates that, for many studies, there are individual

Figure 1. Quadratic trajectories of neuroticism. The thick black line indicates the average trajectory weighted by N. At the individual study level, several studies
showed evidence of a U-shaped curve, and the meta-analytic average was signiﬁcant (p < .001).
© 2020 European Association of Personality Psychology
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differences in change for all studies except with the exception of BASE, BASE-II, EAS, and Octo-Twin. Across studies, the linear effect of age was statistically signiﬁcant
(p < .001) for over half of the studies, and these effects
showed a consistent pattern of decline (Table S20). This
was conﬁrmed in the meta-analytic summary, showing an
overall decrease in extraversion (B =
0.09, 95%
CI = [ 0.13, 0.04], p ≤ .001). See Figure 2 for a visualization of linear effects. The thick black line depicts the overall
average trajectory, weighted by N, which shows an overall
pattern of decline. The meta-analysis also showed signiﬁcant
heterogeneity (I2 = 99.07, Q = 431.15, df = 14, p ≤ .001).
Neither age, nor country, nor scale accounted for the variability in extraversion, suggesting that the detected heterogeneity
is likely due to an untested moderator. The ﬁgure suggests
that the older samples have somewhat steeper slopes than
younger samples. See also Figures S30 and S31 for these ﬁgures in colour and with the unweighted average slopes.
Nine of the studies had sufﬁcient data to estimate quadratic growth models for extraversion. Three of the nine
studies showed evidence for a non-linear trajectory of extraversion (Table S21). The meta-analytic summary does not
conﬁrm this, showing a non-signiﬁcant average effect
(B = 0.04, 95% CI = [ 0.14,0.22], p = .645), which may
be due to the smaller effects in the larger studies (e.g. SOEP).
See Figures S32 and S33. There was also high heterogeneity
(I2 = 99.71, Q = 293.48, df = 8, p ≤ .001) in the quadratic estimate. Neither country nor age accounted for any of the heterogeneity, but scale did. This result suggests that studies
using the IPIP more frequently showed signiﬁcant quadratic
estimates (LBC, EAS). Overall, this indicates that the trajectory for extraversion over time may be better described as a
linear trend.
Openness
Results from the linear growth models for openness indicate
that openness changes over time. The likelihood ratio of the

ﬁxed (Table S35) versus random (Table S36) slope models
indicate that, for most studies, there are individual differences in change, with the exception of BASE-II, EAS, ILSE,
and SLS. There was a linear effect of age for most studies,
and all trends showed a pattern of decline (Table S36). This
was supported in the meta-analytic summary, showing a decrease in openness (B =
0.09, 95% CI = [ 0.13, 0.05],
p ≤ .001). See Figure 3 for a visualization of linear effects.
The thick black line depicts the overall average trajectory,
weighted by N, which shows a pattern of decline. The
meta-analysis also showed signiﬁcant heterogeneity
(I2 = 98.84, Q = 607.99, df = 12, p ≤ .001). The ﬁgure suggests
that the older samples are less consistent in the pattern of
decline than the younger samples. However, the tests of
between-study moderators did not account for variation in
these effects, suggesting the possibility that the effects
estimated may be are due to some other untested moderator.
See also Figures S58 and S59 for this ﬁgure in colour and with
the unweighted average slopes.
Seven of the studies had sufﬁcient data to estimate quadratic growth models for openness (Table S37). Of these,
three showed evidence for non-linear change. The pattern
depicted in the individual studies suggests that openness
may be somewhat stable through middle adulthood and then
decrease more sharply through older adulthood, although the
older samples appear to have less consistency. The
meta-analytic summary of the quadratic slopes was not signiﬁcant (B =
0.07, 95% CI = [ 0.14,
0.01],
p = .032). Based on the ﬁgure (Figures S60 and S61), we tentatively conclude that the effects from the older samples are
the estimates that deviate the most from the average
trajectory.
Conscientiousness
The linear growth models for conscientiousness indicate that
conscientiousness changes over time. The likelihood ratio of
the ﬁxed (Table S51) versus random (Table S52) slope

Figure 2. Linear trajectories of extraversion. The thick black line indicates average trajectory weighted by N. At the individual study level, many showed
evidence of decline, and the meta-analytic average was signiﬁcant (p < .001).
© 2020 European Association of Personality Psychology
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Figure 3. Linear trajectories of openness. The thick black line indicates average trajectory weighted by N. At the individual study level, most showed evidence
of decline, although the meta-analytic average was signiﬁcant (p = .001).

models indicate that, for most studies, there are individual
differences in change with the exception of BASE-II, EAS,
and ILSE.Y. Results from the linear growth models for conscientiousness are more mixed than the other traits thus far.
Several showed evidence of decline (WLSS, WLSG, HRS,
EAS, and LBC1936), while others showed a weaker effect
(p > .01) but still in the negative direction (ILSE, BASE-II,
and SLS). Only SOEP showed a signiﬁcant increase in conscientiousness (Table S52). See Figure 4 for a visualization,
indicating an overall pattern of declining conscientiousness
over time. The meta-analytic summary supports this interpretation, with an overall signiﬁcant slope (B =
0.05, 95%

CI = [ 0.09, 0.02], p = .004). This result was highly heterogeneous (I2 = 97.72, Q = 884.99, df = 10, p ≤ .001), and
adding study age to the meta-analysis accounted for a significant amount of the variation in linear slope. See also
Figures S86 and S87 for these ﬁgures in colour and with
the unweighted average slopes.
Five of the studies had sufﬁcient data to estimate quadratic growth models for conscientiousness. Of these, two
showed signiﬁcant curvature (SLS and SOEP). The pattern
depicted in the individual studies suggests that conscientiousness increases through younger and middle age and then
decreases in older adulthood (Table S53, Figures S88 and

Figure 4. Linear trajectories of conscientiousness. The thick black line indicates average trajectory weighted by N. At the individual study level, many showed
evidence of decline, although the meta-analytic average was signiﬁcant (p = .004).
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S89). The meta-analytic summary of the quadratic estimate
was not signiﬁcant (B =
0.02, 95% CI = [ 0.07,0.03],
p = .459).

Agreeableness
The linear growth models for agreeableness were the least
consistent of the ﬁve traits across individual studies. The
likelihood ratios of the ﬁxed (Table S67) versus random
(Table S68) slope models indicate that, for approximately
half of the studies, there are individual differences in
change. Seven of the 11 studies showed evidence for signiﬁcant (p < .01) change in agreeableness; however, two
of these studies showed decreasing agreeableness (HRS
and BASE-II), while the other ﬁve showed increasing
agreeableness (ILSE.Y, SLS, SOEP, WLSG, and WLSS).
Two more (EAS and ILSE) showed an increase, but with
p > .01. The last two (LBC1936 and MIDUS) showed
an average decrease, but with p > .01 (Table S68). The
linear pattern depicted in Figure 5 shows this mix of ﬁndings, and the meta-analytic summary was not signiﬁcant
(B = 0.02, 95% CI = [ 0.02,0.07], p = .296). From these
results, we tentatively suggest that agreeableness may increase over time, although not all samples replicate this
ﬁnding. See Figures S114 and S115.
Five of the 11 studies had sufﬁcient agreeableness data
to estimate quadratic growth models for agreeableness (Table S69, Figures S116 and S117). Of these, two showed
signiﬁcant curvature (SLS and SOEP), but in opposite directions. The average pattern suggests that agreeableness
may be relatively stable in younger adulthood and increase
during older adulthood, although the individual studies do
not show consistent patterns, and the meta-analytic summary was not signiﬁcant (B = 0.03, 95% CI =
[ 0.16,0.21], p = .777).

Predictors of change
Sex
Adding sex to the linear growth models for neuroticism
yielded primarily null results with one exception (SOEP, Table S6). The overall pattern suggests that female participants
may have slightly higher overall neuroticism levels and
slightly steeper decreases, which was supported by
the meta-analytic summary (B =
0.01, 95% CI =
[ 0.02,0.00], p = .002), and no observed heterogeneity (I2
= 0.00, Q = 18.35, df = 14, p = .191); see Figure 6 and
Figures S6 and S7.
Adding sex to the linear growth models for all other traits
yielded predominantly null results with a few exceptions.
The overall trajectory pattern is very similar for male and female participants, and this is conﬁrmed by the meta-analytic
summary for extraversion (B = 0.00, 95% CI = [ 0.02,0.01],
p = .517; Table S22, Figure S34 and S35), openness
(B = 0.00, 95% CI = [ 0.02,0.02], p = .851; see Table
S38, Figure S62 and S63), conscientiousness (B =
0.02,
95% CI = [ 0.04,0.01], p = .169; see Table S54, Figures
S90 and S91), and agreeableness (B = 0.00, 95%
CI = [ 0.02,0.02], p = .890; see Table S70, Figure S118
and S119).

Baseline age
Neuroticism
Adding baseline age to the linear neuroticism models yielded
signiﬁcant (p < .01) effects at the individual study level for
all but one study (Table S17), and this is conﬁrmed by the
meta-analytic summary (B = 0.11, 95% CI = [0.04,0.18],
p = .001), although there is high heterogeneity across samples (I2 = 93.84, Q = 173.55, df = 7, p ≤ .001). These effects
indicate that individuals who were under 60 at study baseline

Figure 5. Linear trajectories of agreeableness. The thick black line indicates the average trajectory weighted by N. At the individual study level, most showed
evidence of decline, although some showed an increase. The meta-analytic average was not signiﬁcant (p = .296).
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Figure 6. Linear trajectories of neuroticism, moderated by sex. The thick black line indicates the average trajectory weighted by N. Female participants show
slightly steeper decreases in neuroticism.

Figure 7. Linear trajectories of neuroticism, moderated by baseline age. The thick black line indicates average trajectory weighted by N. At the individual study
level, all showed evidence that being over 60 at baseline was associated with decreasing neuroticism, and the meta-analytic average was signiﬁcant (p < .001).

experienced overall decline in neuroticism, while those 60
and over tended to have ﬂatter neuroticism slopes; see
Figure 7. The meta-analytic moderator results show that sample age accounts for some of the between-study variability.
Extraversion
Adding baseline age to the linear extraversion models yielded
signiﬁcant effects for all but one study as well (Table S33, Figure S56 and S57), and this is conﬁrmed by the meta-analytic
summary (B =
0.09, 95% CI = [ 0.12,
0.06],
© 2020 European Association of Personality Psychology

p ≤ .001), and moderate heterogeneity (I2 = 60.10,
Q = 12.84, df = 5, p = .025). These results suggest that
while the overall pattern for both younger and older adults
is that of decline, the decline is somewhat steeper for older
adults; see Figure 8.
Openness
Adding baseline age to the linear openness models yielded
signiﬁcant effects for all but one study (Table S49, Figures
S84 and S85), and this is conﬁrmed by the meta-analytic
Eur. J. Pers. 34: 301–321 (2020)
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Figure 8. Linear trajectories of extraversion, moderated by baseline age. The thick black line indicates average trajectory weighted by N. At the individual study
level, all showed evidence that being over 60 at baseline was associated with decreasing extraversion, and the meta-analytic average was signiﬁcant (p < .01).

Figure 9. Linear trajectories of openness, moderated by baseline age. The thick black line indicates average trajectory weighted by N. At the individual study
level, all showed evidence that being over 60 at baseline was associated with decreasing openness, and the meta-analytic average was signiﬁcant (p < .001).

summary (B = 0.12, 95% CI = [ 0.15, 0.08], p ≤ .001),
and moderate heterogeneity (I2 = 67.10, Q = 11.68, df = 4,
p = .020). These effects suggest that while there is an overall
pattern of decline for both younger and older adults, this decline is steeper for older adults; see Figure 9.
Conscientiousness
Adding baseline age to the linear conscientiousness models
yielded signiﬁcant effects for all studies (Table S65, Figures
S112 and S113), and this is conﬁrmed by the meta-analytic
© 2020 European Association of Personality Psychology

summary (B =
0.18, 95% CI = [ 0.21,
0.16],
p ≤ .001), and lack of observed heterogeneity (I2 = 0.00,
Q = 2.02, df = 3, p = .568). The plot suggests that conscientiousness increases somewhat for individuals who were under 60 at baseline but declines for individuals who were
older at baseline; see Figure 10.
Agreeableness
Adding baseline age to the linear agreeableness models
yielded effects for all but one study (Table S81,
Eur. J. Pers. 34: 301–321 (2020)
DOI: 10.1002/per

Personality Change

315

Figure 10. Linear trajectories of conscientiousness, moderated by baseline age. The thick black line indicates average trajectory weighted by N. At the individual study level, all showed evidence that being over 60 at baseline was associated with decreasing conscientiousness, and the meta-analytic average was significant (p < .001).

Figure 11. Linear trajectories of agreeableness, moderated by baseline age. The thick black line indicates average trajectory weighted by N. At the individual
study level, all showed evidence that being over 60 at baseline was associated with decreasing agreeableness, and the meta-analytic average was signiﬁcant
(p < .001).

Figures S139 and S140), and this is conﬁrmed by the
meta-analytic summary (B =
0.10, 95%
CI = [ 0.14, 0.05], p ≤ .001), and moderate heterogeneity
(I2 = 68.02, Q = 8.38, df = 3, p = .039). These results indicate
that agreeableness increased among individuals who were
younger at baseline, and either stabilized or decreased among
older individuals see Figure 11.
© 2020 European Association of Personality Psychology

DISCUSSION
The current study had two major goals, one substantive and
one methodological. The substantive aim was to examine
the extent of change in the Big Five personality traits and
whether sex and age at baseline were prospectively associated with these changes. The second was to demonstrate
Eur. J. Pers. 34: 301–321 (2020)
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the utility of the coordinated analysis approach for enhancing
replication efforts in long-term longitudinal research, an area
where replication is typically quite difﬁcult. This approach
allows for conceptual replications of effects using longitudinal existing data and can help accelerate the accumulation of
knowledge garnered from expensive long-term longitudinal
datasets. Using the infrastructure of the IALSA and coordinated analysis (Graham et al., 2017; Hofer & Piccinin, 2009),
we identiﬁed 16 longitudinal samples in which Big Five personality traits were measured three or more times, providing
an opportunity to examine up to 16 replications of personality trait trajectories. Using MLMs for change (Singer &
Willett, 2003), we identiﬁed patterns of overall change and
of individual variation in change for the Big Five personality
traits across a wide expanse of adulthood. In sum, we found
evidence for personality change in midlife and older adulthood in ways that are consistent with theory. We also detected individual differences in change, which is also
consistent with theory. However, clear and unambiguous
evidence for predictors of change was not found, although
relatively few individual difference factors were examined.
Synthesis of linear and quadratic models
Our consideration of overall trajectories (sample level and
meta-trajectories) showed personality change over time for
most of the Big Five Traits. Of the ﬁve traits, the models
for extraversion and conscientiousness suggested that a linear pattern of decline best describes the data. Both of these
traits show a steady (to a lesser degree for conscientiousness)
decrease over time. For conscientiousness, while the quadratic model term was not signiﬁcant, evidence from the
baseline age models suggests that the decreasing pattern of
conscientiousness is most evident among individuals who
were over 60 at baseline. This is also consistent with several
theories, including self-regulation theory, neo-socioanalytic
theory (especially the maturity principle), and the SOC
model (Baltes & Baltes, 1990; Denissen et al., 2013; Marsh
et al., 2013; Roberts et al., 2006), such that individuals are
stable or increasing in conscientiousness through early and
middle adulthood but may be unknowingly ‘selecting’ out
of trait-typical behaviours (e.g. reducing the number of hours
spent at their workplace) in older adulthood as the social demands on them begin to wane.
Neuroticism showed evidence for U-shaped change, and
we can infer that neuroticism decreases through most of
adulthood but may begin to increase again in older age. This
is conﬁrmed by both the quadratic models and linear models
including baseline age as a predictor and is consistent with
literature suggesting that increasing neuroticism in older
adulthood may be a reﬂection of an increasing anxiety regarding onset of terminal diseases and approaching mortality
(Baltes, 1987; Mueller, Wagner, & Gerstorf, 2017). Openness remains somewhat stable through middle adulthood before decreasing in older age. Agreeableness is the only trait
that did not yield a signiﬁcant linear or quadratic effect. This
could be due to study-level differences (including possible
study differences in true effect size; e.g. Borenstein
et al., 2010), or due to a true overall null effect: perhaps
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agreeableness is, in fact, relatively stable on average over
the course of adulthood, although our analyses do reveal
individual differences in agreeableness trajectories over time.
Our ﬁndings are consistent with much of the prior
literature, suggesting that most or all traits decline over time
(Berg & Johansson, 2013; Kandler et al., 2015; Lucas &
Donnellan, 2011; Mõttus, Johnson, Starr, & Deary, 2012;
Roberts & Mroczek, 2008), and we found some evidence
for non-linear change as well (see both the curvilinear results
and baseline age predictor models). Our ﬁndings are inconsistent with recent work suggesting positive age differences
in agreeableness and conscientiousness, and negative
differences in neuroticism (Bleidorn et al., 2009; Soto, John,
Gosling, & Potter, 2011). However, the Soto et al. (2011)
study was cross-sectional and did not test within-person
change. The Bleidorn et al. (2009) report used a single small
sample and a different modelling approach and should be
interpreted within the context of other work (such as the
current study). Additionally, several of the datasets included
in the current study have published estimates of personality
change, for example, the GSOEP (Lucas & Donnellan, 2011),
NAS (Mroczek & Spiro, 2003), BASE-II (Mueller
et al., 2016), LASA (Steunenberg, Twisk, Beekman, Deeg,
& Kerkhof, 2005), and ILSE (Allemand et al., 2015).
Differences could be attributed to updated data (e.g. for
NAS), or different modelling approaches (e.g. MLM vs.
SEM), as well as different covariates and moderators.
Individual differences in personality change
There was evidence for individual differences in change in
most traits across most samples. For the vast majority, there
was support for the lifespan development principle of individual differences in intra-individual change (Baltes, 1987)
as well as self-regulation theory (Denissen et al., 2013), both
of which predict individual variation in trajectories. Not everyone changes at the same rate, nor in the same direction
(Mroczek & Spiro, 2003). This idea forms the basis of our efforts to identify predictors of personality change, and also indicates that the concept of individual differences applies to
rate and direction of change, in addition to level or amount
of a trait. Further, even if the models suggest only a small
amount of intra-individual variation in slopes, we can still
test predictors of variation.
Synthesis of predictor models
We tested a number of predictors of change to assess whether
sex or age at baseline could reliably account for the
within-study individual differences in change. We observed
minimal evidence that sex accounted for individual differences. For most traits, the meta-analytic summary was null,
with the exception of neuroticism. For neuroticism, it appears
that female participants have slightly steeper declines in neuroticism than male participants. For the baseline age models,
there was consistent evidence for an effect both at the individual study-level and in the meta-analytic summaries for
all traits. This suggests that personality change may occur
differently among younger and older adults. The differing
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patterns in linear change among younger and older adults, as
evidenced by the baseline age predictor models, are
consistent with the theories discussed above, such as
neo-socioanalytic theory, self-regulation, and the SOC model
(Baltes & Baltes, 1990; Denissen et al., 2013; Marsh
et al., 2013; Roberts et al., 2006). According to these theories, there is a clear beneﬁt to having higher levels of conscientiousness, openness, agreeableness, and extraversion in
younger and middle adulthood. As social demands begin to
wane in older adulthood, so might these traits. Our ﬁndings
support these theories. Similarly, the ﬁndings for neuroticism
indicate that older individuals increase in neuroticism more
than younger adults. This is consistent with the idea that, as
a person ages, becomes more likely to develop serious
conditions, and becomes more aware of their mortality, neuroticism increases as part of the heightened anxiety surrounding these new realities.
Variation in trajectories over samples
We observed statistical heterogeneity, as assessed by I2 and
Cochran’s Q, across samples, and we attempted to account
for this variability using four study-level factors: sample
age (average, at baseline), country, and personality scale.
These analyses yielded mixed results. Even with a
cross-study sample size of over 60 000, we were relatively
low powered at the study level (maximum N = 16) to reliably
account for variation in trajectories, and this became more
apparent as the studies without a given variable, or measurement of a certain personality trait, were not included in the
meta-analysis. A distribution of effects (in both magnitude
and direction) is to be expected in any replication project,
and the current study is no exception. Calculation of the average effect for each model helps to reduce this remaining
uncertainty, and using identical variable transformations
and harmonized models strengthens our conﬁdence in these
average estimates. However, heterogeneity is still widespread in our results and is not fully accounted for by our
study-level moderators. The three most likely reasons for
between-study heterogeneity are untested moderators, random variation due to measurement error, and variation in true
effect sizes across studies due to different underlying populations. The latter reason is the basis of random-effects metaanalysis (Borenstein et al., 2010), which does not assume
that there is one true effect size in the population, and that
different studies (because of variation on so many characteristics such as country of origin, age at entry, etc.) have different true effect sizes. Further, several personality scales were
used to assess traits across our studies, and the measurement
differences in these scales could be partially driving variation
in a way that was not detected by our tests.
The value of coordinated analysis
These ﬁndings demonstrate the value of coordinated analysis
as a technique for synthesizing long-term longitudinal ﬁndings over a shorter time frame than otherwise would be the
case if each study published its own single-study analysis
(some have called this technique coordinated replication,
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such as Duggan et al., 2019). Technically, coordinated analysis is not a replication study in the strict sense but rather a
method that provides an initial set of multi-study ﬁndings
that can be thought of as a set of replicates or as a synthesized
group of ﬁndings centred around a common research question. It establishes a moderate-sized group of replications,
along with synthesized products such as meta-trajectories,
both of which enhance the robustness of future work.
Coordinated analysis has the additional advantage of
preserving the heterogeneity in trajectories, as well as permitting analyses that identify factors that explain differences
across samples. While we found limited evidence for
between-study factors explaining variation in effects, future
research should examine this further. Pooling of data is an alternative technique and can be quite valuable (Jokela
et al., 2014) but presents unique challenges with respect to
data harmonization and therefore tends to use smaller subsets
of studies (or downplays the issue of harmonization).
Perhaps a bigger concern of pooled analysis is that it assumes
a common true effect size underlying all of the included studies. By coordinating models across multiple datasets, we
preserve the heterogeneity of the studies. By aligning with
the assumptions of the random-effects model (Borenstein
et al., 2010), coordinated analysis allows the possibility of
not one but many true effects. This touches on the issue of
generalizability and the relationship between replicability
and generalizability. Similarities in results across studies are
an indication not only of replicability but also of generalizability. By contrast, single-study analysis has its own challenges. Any one of the samples used here could have
comprised a publication on its own, with some claiming
given trait increases, others claiming a decrease, and still
others claiming no change at all. Add to this the inclusion
of predictors, and the single-study publication possibilities
from the current study could have yielded wildly different
stories. This has the potential to sow great confusion and to
send future researchers down ultimately fruitless pathways.
The method used in this project thus demonstrates the utility
and importance of coordinated analysis in enhancing the
synthesis of ﬁndings across studies and in evaluating their
replicability and generalizability.
Limitations and future directions
The samples used in the current study were primarily
WEIRD (White, Educated, Industrialized, Rich, and Democratic) (Henrich, Heine, & Norenzayan, 2010). As such, we
cannot be conﬁdent that our results would translate to other
cultures. An additional limitation of the current study is that
we relied solely on self-reported measures of personality.
This mono-method approach is limiting (Costa, McCrae, &
Löckenhoff, 2019), and future studies could execute a similar
coordinated analysis of personality change using informant
reports. It is also possible that the number of measurement
occasions (i.e. test effects) could be partially responsible for
differences in the trajectories. We added a measurement occasions variable to the meta-analysis as a study-level moderator, and we found that measurement occasions did not
account for any of the observed heterogeneity. These
Eur. J. Pers. 34: 301–321 (2020)
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additional analyses can be found in the Supporting Information. Also, the datasets used were somewhat asymmetrical;
some were panel studies including individuals from across
the entire adult lifespan, and others were focused solely on
older adulthood. We used the datasets available as part of
the IALSA network that had the requisite data for our analyses, and while IALSA is fairly comprehensive in its coverage
of age-focused studies, it does not contain all available panel
studies. The implications of this are that our selection of
studies was unintentionally biased. We recommend that researchers with access to other panel data with longitudinal
personality data to compare the trajectories reported in the
current paper to those in their own data, to further enrich
our understanding of personality change across the full adult
lifespan.
Additionally, future research using ‘time-to-death’ as a
temporal metric could yield theoretically interesting results
(Wagner et al., 2016). In most trajectory models, chronological time in the form of time-in-study or age is the preferred
time metric. However, in studies where most participants
are midlife or older a reverse time metric, time from death,
is an alternative that has led to interesting results in the area
of cognitive aging (Gerstorf, Ram, Lindenberger, &
Smith, 2013). Such alternative time metrics could be examined with respect to personality trajectories. Measurement
differences are also a limitation. Some have found that different scales (e.g. BFI vs. NEO) measure certain traits (e.g.
agreeableness) in categorically different ways and capture
very different individual characteristics (Miller, Gaughan,
Maples, & Price, 2011). This being said, we acknowledge
that the comparability of a given trait is limited by the scale
used to measure it. However, in the context of a coordinated
analysis, these measurement differences (as well as all
study-level differences) are not strictly a liability: they can
be considered an asset as well. Consistency in results in spite
of study-level differences adds to the generalizability of the
results (Hofer & Piccinin, 2009). To limit our models to only
a single measurement approach would constrain the external
validity of our ﬁndings.

CONCLUSION
Across 16 diverse longitudinal samples of aging adults, we
observed change in the Big Five personality traits. Linear
models suggest that conscientiousness, extraversion, and
openness decline on average over time, while agreeableness
is relatively stable. Quadratic models pointed to potential
late-life increases in neuroticism. Nearly all samples showed
individual differences in change for all ﬁve traits. Age of
samples, country, and scale account for some of the variations in sample trajectories.
This coordinated analysis makes three primary contributions to the ﬁeld. The ﬁrst contribution is empirical. We
brought to bear a great deal of data to address continuing
controversies regarding personality development over the
lifespan. The second contribution is methodological and centres on replication and current concerns regarding reproducibility and robustness. We used a multi-study framework
© 2020 European Association of Personality Psychology

that by its very nature was designed to evaluate and promote
replicability. This is particularly important at this point in the
history of our science, given the need for greater credibility
in many areas of psychology and other ﬁelds. Third, our
analyses support current theory in lifespan personality development, as our ﬁndings are somewhat consistent with the
Baltes theory of selection, optimization, and compensation
(SOC), self-regulation theory (Denissen et al., 2013), and
neo-socioanalytic theory (Roberts et al., 2008). Speciﬁcally,
traits differed in patterns of change with age. However, people change differently on different traits, personality is not
stable for everyone across the lifespan (but is for some people), and accounting for or explaining these changes is difﬁcult. Overall, in addition to improving our understanding of
typical personality development across the adult lifespan, as
well as highlighting the prevalence of individual differences
in personality trajectories, this research highlights the
strengths and feasibility of a coordinated analysis approach.
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