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Article

Heralding a new area of psychological inquiry into the con-
cepts of happiness and well-being, Diener (1984) introduced 
a three-part formulation for “subjective well-being” (SWB), 
comprising individuals’ evaluations of their lives overall 
(referred to as life satisfaction, or LS), along with their posi-
tive and negative affective (PA and NA, respectively) experi-
ences. This tripartite formulation is among the most widely 
employed approaches to studying well-being (Disabato 
et  al., 2016; Martela & Sheldon, 2019). However, despite 
thousands of research studies examining SWB, uncertainty 
remains concerning its structure, that is, how LS, PA, and NA 
together comprise, reflect, or define the construct of SWB. 
To address this issue, the present work draws on findings 
from three national-level samples which together comprise 
the largest and long-running longitudinal studies in which all 
three SWB components are assessed at multiple waves. 
Using a random-intercept cross-lagged panel model 
(RI-CLPM; Hamaker et al., 2015), prominent conceptualiza-
tions of the tripartite structure of SWB were evaluated in the 
same analytic model. Findings provide important new 
insights concerning the structure of SWB, particularly with 
respect to a hierarchical conceptualization, in which SWB is 
conceptualized as an underlying sense of well-being and 
operationalized by a latent factor indicated by LS, PA, and 

NA; and a causal system approach, in which PA and NA are 
considered to be inputs to LS.

The Uncertain Tripartite Structure of 
SWB

Studies conducted over the past 40 years have produced an 
enormous amount of empirical evidence concerning SWB. 
Much of this research has focused on individual differences 
in SWB and has provided important information concerning 
several fundamental issues, including measurement; stability 
and change; correlates, predictors, and outcomes; as well as 
interventions and applications (Diener et  al., 1999, 2018). 
One consistent theme to emerge from this research is that 
higher (vs. lower) levels of SWB are linked with more posi-
tive indicators of functioning across a variety of domains 
(e.g., mental, physical, interpersonal, economic; Eid & 
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Abstract
To inform the tripartite structure of subjective well-being (SWB), national longitudinal studies from the United States, 
Germany, and Australia were used to estimate random-intercept cross-lagged panel models (RI-CLPM) in which between- 
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Cross-lagged effects were observed among all three SWB components, rather than unidirectional from PA and NA to LS. 
The present findings provide valuable new insights concerning the tripartite structure of SWB between and within individuals 
over extended periods of time.
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Larsen, 2008; Sheldon & Lucas, 2014). With good reason, 
therefore, many individuals aspire to live a happy and satis-
fying life (Balestra et al., 2018; Diener, 2009).

Despite the enormous amount of research that has been 
conducted, however, fundamental issues concerning SWB 
have yet to be resolved, including with respect to its struc-
ture, that is, how its three main components together com-
prise, reflect, or define the construct of SWB. The structure 
of SWB has been conceptualized and operationalized in 
multiple ways and these various conceptualizations have 
fundamental, and yet somewhat conflicting, implications 
(for a detailed review, see Busseri & Sadava, 2011). One 
common approach is to conceptualize SWB as a broad area 
of inquiry encompassing LS, PA, and NA (Joshanloo, 2016; 
Kapteyn et al., 2015; Lucas & Diener, 2015). From this per-
spective, any study providing information about at least one 
of its three components provides information about SWB. 
Accordingly, even if all three components are assessed in 
the same study, analyses usually focus on each component 
separately (Helzer & Jayawickreme, 2015; Joshanloo, 
2016; Luhmann et  al., 2016). This separate components 
approach is widely employed and is also the most com-
monly used approach to synthesizing SWB-related findings 
(e.g., Anglim et  al., 2020; Buecker et  al., 2023; Zell & 
Lesick, 2022).

In contrast, according to the causal systems conceptual-
ization, PA and NA serve as inputs to LS (Costa & McCrae, 
1980; Schimmack et al., 2002; Schimmack & Oishi, 2005). 
From this perspective, individuals rely on their affective 
experiences when evaluating their lives overall, consistent 
with models emphasizing the role of affective reactions and 
emotional tendencies in shaping global life evaluations (e.g., 
Costa & McCrae, 1980; Schwarz & Clore, 1983; Watson & 
Tellegen, 1985; Willroth et al., 2020). Supporting evidence 
would indicate that PA and NA predict (or lead to) changes in 
LS over time (positively and negatively, respectively), but 
that LS is not an input to PA and NA (Jayawickreme et al., 
2017; Jovanović & Joshanloo, 2022; Luhmann & Kalitzki, 
2018).1

Alternatively, from a hierarchical construct perspective, 
SWB refers to an underlying sense of well-being reflected in 
individuals’ evaluations and emotional experiences of their 
lives (Campbell et  al., 1976; Diener et  al., 1995; Larsen 
et al., 1985). Accordingly, studying SWB requires estimating 
a latent SWB factor indicated by LS, PA, and NA (e.g., 
Chmiel et al., 2012; Molnar et al., 2009; Olesen et al., 2015).2 
Knowledge concerning SWB would thus accrue from exam-
ining the characteristics, correlates, predictors, and conse-
quences of such a latent factor. Importantly, a latent SWB 
factor would not be expected to explain all of the variation in 
its components, given that LS, PA, and NA are not consid-
ered to be interchangeable (Busseri, 2018; Busseri & Sadava, 
2011). Thus, in addition to focusing on their underlying com-
monality, the variance in each component that is independent 

of the latent tendency is also important (Busseri, 2015; 
Busseri et al., 2007; Busseri & Erb, et al., 2023).

Despite the conflicting assumptions that these prominent 
approaches entail, most research on SWB adopts just one 
particular structural conceptualization, typically without 
acknowledging, justifying, or addressing the implications of 
this choice. This state of affairs is problematic because con-
clusions concerning basic issues such as the associations 
between SWB and demographic factors (such as age, sex, 
and income) or personality traits may vary substantially 
depending on which structural conceptualization is employed 
(Busseri, 2015, 2023; Savahl et al., 2021; Suar et al., 2019). 
Furthermore, as we review later, studies directly examining 
competing structural conceptualizations of SWB have pro-
duced important evidence concerning the viability of the 
various prominent approaches.

Evaluating the Structure of SWB Using 
a Longitudinal Approach

Understanding the associations among LS, PA, and NA is 
critical to informing the structure of SWB. Such information 
is most commonly available from studies in which individual 
differences in SWB are assessed in terms of self-reports of 
LS, PA, and NA at a single point in time (e.g., Joshanloo, 
2016; Keyes et al., 2002; Savahl et al., 2021). Findings from 
such cross-sectional research are helpful for describing the 
directions and magnitudes of the correlations among the 
three SWB components in various samples, populations, and 
contexts. With respect to the structure of SWB, however, 
such studies cannot inform the viability of the key assump-
tion of the causal systems conceptualization—that is, that PA 
and NA serve as inputs to LS, but not vice versa. Cross-
sectional studies also cannot inform how well structural con-
ceptualizations (including a hierarchical approach) account 
for other key aspects of SWB, including stability and change 
(Sheldon & Lucas, 2014). Rather, empirical evaluation of 
structural conceptualizations is needed based on the associa-
tions among LS, PA, and NA within and across time. To this 
end, longitudinal studies in which LS, PA, and NA are 
assessed together at multiple time points are of paramount 
importance.

Although SWB has been examined in multiple longitudi-
nal studies, typically researchers have examined links 
between LS, PA, or NA (rather than all three components) 
and other variables of interest separately (Santos & 
Grossmann, 2021; Tian et  al., 2014; Wu et  al., 2020). 
Accordingly, such findings inform the individual compo-
nents of SWB but ignore the associations among SWB com-
ponents that are central to the causal systems and hierarchical 
conceptualizations. Other longitudinal studies have exam-
ined predictive associations among LS, PA, and NA (e.g., 
Busseri, 2015; Casas & González, 2022; Spindler et  al., 
2016). Such studies have provided evidence for cross-lagged 
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effects among all three SWB components, rather than the 
unidirectional effects from PA and NA to LS as hypothesized 
by the causal systems conceptualization. Longitudinal stud-
ies have also been used to model the covariation among the 
three SWB components by estimating a latent SWB factor 
indicated by LS, PA, and NA at two or more waves 
(Joshanloo, 2018; Lin & Yi, 2019; Molnar et al., 2009). In 
such studies, researchers have examined links between a 
latent SWB factor and other variables of interest (e.g., social 
well-being, psychological well-being, and alcohol use, 
respectively).

Whereas longitudinal studies typically adopt one struc-
tural conceptualization of SWB, a small number of studies 
have examined various structural models for SWB within the 
same sample. For example, Busseri (2015) and Metler and 
Busseri (2017) reported results based on longitudinal designs 
comprising two waves separated by various time intervals 
ranging from one week to one decade. Contrary to the causal 
system approach, both studies indicated inconsistent cross-
lagged effects among all three SWB components, including 
effects from LS to PA and NA over time, rather than positive 
and negative unidirectional effects from PA and NA (respec-
tively) to LS. Furthermore, each study found substantial 
loadings from LS, PA, and NA on a latent SWB factor at each 
wave, and strong correlations between latent SWB factors 
across waves. Together, these findings provide much stron-
ger support for conceptualizing SWB as a hierarchical con-
struct than as a causal system. Indeed, evidence to date in 
support of a causal system in which PA and NA influence LS, 
but not vice versa, appears to be limited to cross-sectional 
analyses in which PA and NA are specified as predictors of 
LS (e.g., Schimmack, 2008; Schimmack et al., 2002, 2005). 
It may thus seem surprising that this particular structural 
model continues to be widely used despite the lack of stron-
ger supporting evidence, for example from studies based on 
longitudinal (or experimental) designs in which the hypoth-
esized unidirectional effects from PA and NA to LS are 
directly tested alongside possible bidirectional effects.

Importantly, however, even in longitudinal studies com-
paring structural approaches, the hierarchical and causal sys-
tems conceptualizations have been examined in separate 
statistical models, thus preventing joint evaluation of the 
main features of each structural approach within the same 
model. This limitation is noteworthy because the main fea-
tures of these two prominent structural conceptualizations 
are not necessarily incompatible or mutually exclusive (as 
noted by Busseri & Newman, 2022). For example, it is pos-
sible that there exists both a general tendency toward higher 
(vs. lower) SWB, as reflected in a latent SWB factor, as well 
as causal (or predictive) connections from PA and NA to LS 
over time. Furthermore, longitudinal studies comparing 
structural conceptualizations of SWB to date have been 
based on just two waves of data (e.g., Busseri, 2015; Metler 
& Busseri, 2017). Methodological research has indicated 
that longitudinal analyses based on just two (vs. three or 

more) waves have important limitations with respect to 
accounting for stability in each variable of interest. In par-
ticular, longitudinal analyses estimated using two waves of 
data may produce estimates of auto-regressive and cross-
lagged effects that are biased with respect to the magnitude 
and direction of each effect (Berry & Willoughby, 2017; 
Hamaker et  al., 2015). Indeed, CLPMs may even produce 
spurious cross-lagged effects under a variety of realistic sce-
narios (Lucas, 2023). The solution to such limitations is to 
employ alternative statistical models based on multiple (i.e., 
three or more) waves of data.

An Integrative Approach to Evaluating 
the Structure of SWB

The RI-CLPM (Hamaker et  al., 2015) is a state-of-the-art 
approach that accounts for stability across multiple waves 
through specifying a latent random intercept factor for each 
variable of interest. These latent random intercepts represent 
individual differences in the stable (i.e., trait-like) aspects of 
each variable. Independent of such between-individual sta-
bility, wave-specific variation in each variable is used to esti-
mate within-individual associations within time (representing 
wave-specific covariation) and across time using auto-
regressive and cross-lagged effects between adjacent waves 
(representing “carry-over” and “spill-over” effects, respec-
tively; Mulder & Hamaker, 2021). The RI-CLPM thus allows 
researchers to account for between-individual differences in 
the stable aspects of each variable of interest, along with both 
wave-specific and across-wave variation and covariation 
based on within-individual variability in each variable over 
time.

Estimates of auto-regressive and cross-lagged effects in 
RI-CLPM are generally smaller in magnitude (and less con-
sistent in statistical significance) than corresponding esti-
mates based on the traditional CLPM (Hamaker et al., 2015; 
Hudson et al., 2019 see also Orth et al., 2024). Such differ-
ences arise in part because standard CLPMs do not fully 
account for stability in each variable reflected in the underly-
ing commonality across multiple waves (Hamaker, 2023; 
Lucas, 2023). In contrast, such underlying commonality is 
directly addressed in a RI-CLPM via the latent random inter-
cept factors. A RI-CLPM approach has been employed in a 
growing number of studies to address issues and constructs 
of interest to a wide range of researchers in social and per-
sonality psychology, including personality stability and 
change (Costa et  al., 2019), links between self-esteem and 
depression (Orth et  al., 2021), psychopathic traits (Zettler 
et al., 2021), daily life events (Maciejewski et al., 2021), and 
social environment (Krauss et al., 2020).

With respect to present purposes, using a RI-CLPM would 
permit joint evaluation of the main features of the causal sys-
tems and hierarchical conceptualizations of the structure of 
SWB over extended periods of time in the same statistical 
model. Specifically, in longitudinal studies comprising three 
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or more waves, a RI-CLPM could be used to estimate simul-
taneously a CLPM—that is, auto-regressive and cross-lagged 
effects among LS, PA, and NA critical to testing the causal 
systems model, and a hierarchical model—that is, latent 
SWB factors indicated by LS, PA, and NA. Such an integra-
tive approach would yield direct evidence concerning the 
key features of these structural conceptualizations, and thus 
would provide valuable new information concerning the 
structure of SWB. In particular, at both the “between-indi-
vidual” and “within-individual” levels, loadings from LS, 
PA, and NA on latent SWB factors would directly inform the 
viability of a hierarchical conceptualization in which SWB is 
operationalized as a latent factor. Furthermore, at the within-
individual level, findings concerning the cross-lagged effects 
would directly inform the viability of a causal systems con-
ceptualization in which PA and NA are thought to be inputs 
(i.e., positive and negative, respectively) to LS, but not vice 
versa. Thus, employing such an approach would inform the 
viability of each structural conceptualization of SWB, 
including the possibility of undercovering evidence in sup-
port of both models, that is, a latent tendency indicated by 
LS, PA, and NA, as well as unidirectional cross-component 
predictive effects from PA and NA to LS.

For example, recently Busseri and Quoidbach (2022) 
used a RI-CLPM to evaluate a large-scale experience-sam-
pling study of French adults based on momentary reports of 
LS, PA, and NA. Whereas this study examined four assess-
ments of SWB encompassing an average of 25 days, Busseri 
and Newman (2022) examined the structure of daily SWB in 
a large sample of American university students who provided 
daily ratings of LS, PA, and NA for 14 days. Notably, both 
studies provided robust support for a hierarchical conceptu-
alization of the structure of SWB, including strong loadings 
on a higher-order latent SWB factor from the (between-level) 
random intercept factors for LS, PA, and NA and strong load-
ings on the daily latent SWB factors from the (within-level) 
daily ratings of LS, PA, and NA. However, contrary to the 
causal systems model, the (within-level) cross-lagged effects 
from PA and NA to LS were inconsistent in magnitude, direc-
tion, and statistical significance—rather than consistent uni-
directional effects from PA and NA (positive and negative, 
respectively) to LS. Together, therefore, these two studies 
provide direct evidence based on a joint examination of com-
peting structural conceptualizations of momentary and daily 
SWB in the same analytic model. Notably, results provided 
strong support for the main features of the hierarchical con-
ceptualization and yet little support for the causal systems 
approach.

Critically, however, these studies were based on momen-
tary or daily reports of SWB across a relatively short period 
of time (i.e., less than 1 month and 2 weeks, respectively). 
Momentary or daily reports of SWB are not synonymous 
with the type of global ratings of LS, PA, and NA that are 
typically collected in longitudinal studies of SWB based, for 
example, on annual assessments over multi-year periods. 

Furthermore, momentary (or daily) ratings are (at least) 
moderately correlated with, but are empirically distinct from 
global assessments (Anusic et al., 2017; Lucas et al., 2021; 
Newman et al., 2021) and may be based on different types of 
information (e.g., episodic vs. semantic; Robinson & Clore, 
2002). In addition, estimates of stability and change in SWB 
are likely to vary as a function of the length of time across 
which such estimates are derived (Sheldon & Lucas, 2014). 
At present, therefore, it is unclear whether findings concern-
ing the structure of SWB based on momentary and daily rat-
ings apply over longer periods of time. Indeed, it is possible 
that evidence based on an integrative analytic approach, like 
a RI-CLPM using data from large-scale, long-term longitudi-
nal studies, would suggest that an optimal approach for con-
ceptualizing and studying SWB over time would encompass 
features of both the hierarchical and causal systems models.

Thus, a critical next step to informing the structure of 
SWB would be to estimate a RI-CLPM based on longitudinal 
studies encompassing multiple assessments over extended 
periods of time. Such an approach would provide valuable 
new information concerning the structure of SWB based on 
associations among LS, PA, and NA both between and within 
individuals, and both within and across time. Testing the 
structure of SWB within and across time using the same ana-
lytic model as previous studies but based on different types 
of repeated-measures designs (e.g., Busseri & Newman, 
2022; Busseri & Quoidbach, 2022) would provide an impor-
tant opportunity to evaluate the reliability and robustness of 
previous results. Such findings would thus also provide new 
insights with respect to conceptualizing, studying, and (ulti-
mately) understanding SWB as a tripartite construct.

The Present Work

The primary goal of the present work was to further inform 
the structure of SWB using data from large-scale longitudi-
nal studies from three countries: the United States, Germany, 
and Australia. Each of these longitudinal studies encom-
passed thousands of individuals assessed at multiple waves 
separated by annual intervals or longer, and over periods of 
up to two decades. Together, these three studies represent the 
world’s largest and longest-running national longitudinal 
studies in which all three components of SWB are assessed 
at multiple waves. Notably, whereas the German and 
Australian studies were based on annual assessments, in the 
American study the survey waves were each separated by 9 
or 10 years. Prominent theoretical models of SWB emphasis 
the possibility of shorter-term deviations in individuals’ typi-
cal SWB levels (e.g., Cummins, 2014), as well as longer-
term changes, for example, in reaction to major life events or 
experiences (e.g., Sheldon & Lyubomirsky, 2019). Given 
this, although the optimal timing for assessing the structure 
of SWB over time may vary depending on one’s research 
goals, the three longitudinal studies examined in the present 
work provide an important opportunity to test the structure of 
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SWB based on durations encompassing up to two decades, 
based on relatively shorter (i.e., one year) and extended (i.e., 
one decade) temporal separation. Such design features 
should thus be sensitive to both relatively quicker and slower 
changes in SWB over time (Sheldon & Lucas, 2014).

The designs of such studies permitted an integrative sta-
tistical model based on a RI-CLPM, combining key features 
of the hierarchical and the causal systems structural concep-
tualizations of SWB. The following hypotheses were derived 
based on previous longitudinal studies examining structural 
conceptualizations of SWB (Metler & Busseri, 2015; Busseri 
& Newman, 2022; Busseri & Quoidbach, 2022). At the 
“between” level, moderate to strong loadings were expected 
within each SWB component on their respective latent ran-
dom intercept factors (indicating moderate to strong stability 
in LS, PA, and NA over time; Hypothesis 1), along with 
strong loadings from the three latent random intercept fac-
tors on a higher-order latent SWB factor (indicating moder-
ate to strong stability in SWB over time; Hypothesis 2). At 
the “within” level, moderate to strong loadings were expected 
from the wave-specific LS, PA, and NA variables on each 
wave-specific latent SWB factor (Hypothesis 3). In contrast, 
cross-lagged predictive effects among SWB components 
were expected among all three components, albeit inconsis-
tent in direction and statistical significance, rather than indi-
cating consistent unidirectional predictive effects from PA 
(positive) and NA (negative) to LS (Hypothesis 4).

Method

Transparency and Openness

We report how we determined sample size, all data exclu-
sions, and all measures analyzed from each sample examined 
in the present study. Data and study materials from the 
Midlife in the United States Study (MIDUS, Sample 1) are 
publicly available at http://midus.wisc.edu/. Data and mate-
rials from the German Socio-Economic Panel (GSOEP, 
Sample 2) are available at https://www.diw.de/en/soep. Data 
and materials from the Household Income and Labor 
Dynamics in Australia study (HILDA, Sample 3) are avail-
able at https://melbourneinstitute.unimelb.edu.au/hilda. 
Multiple studies have employed each of these datasets in pre-
vious publications (see http://midus.wisc.edu/findings/index.
php; https://www.diw.de/en/diw_01.c.626116.en/research_
at_the_soep.html; https://melbourneinstitute.unimelb.edu.
au/hilda/publications); however, none have evaluated com-
peting structural models of SWB based on all three compo-
nents across multiple waves. In the present work, data were 
analyzed using Mplus software, version 8 (Muthén & 
Muthén, 1998–2017); analysis code is available as online 
supplemental material at https://osf.io/r768h/?view_only=08
3d69ed3214441bbae69a0d3723f683. Methods and analyses 
were not pre-registered.

Participants and Procedures

Sample 1—Midlife in the United States (MIDUS).  The MIDUS 
study is a large-scale longitudinal survey of American adults 
(Brim et al., 2004). Telephone interviews and self-report sur-
veys were employed at each of the three waves, each sepa-
rated by roughly 9 years: Wave 1 in 1995/96, Wave 2 in 
2004/05, and Wave 3 in 2013/14. The baseline (Wave 1) 
MIDUS sample comprised 7,108 participants. Present analy-
ses were based on the 6,203 participants who completed the 
SWB measures (described below) at Wave 1, of whom 3,795 
also completed the measures at Wave 2, and 2,537 completed 
the measures at Wave 3 (note that 2,367 participants pro-
vided ratings for all three SWB components at each wave). 
Across all three waves, data for a total of 68% of the expected 
SWB measures were available from the 6,203 participants in 
the analysis sample (see Supplemental Table 1 for details 
concerning the amount of observed vs. missing data, per 
sample). A sensitivity power analysis indicated that this sam-
ple size provided a power of .80 to detect as statistically sig-
nificant (α = .05, two-tailed) a correlation of .04 (absolute 
value) or greater. Demographic information is summarized 
for each sample in Table 1.

Sample 2—German Socioeconomic Panel (GSOEP).  The 
GSOEP study is a nationally representative longitudinal sur-
vey of German adults (Goebel et al., 2019). The GSOEP is a 
household-based panel which, beginning in 1984, employs 
face-to-face interviews in annual assessments of individuals 
16 years and over in each household. Data from Waves 24 
through 36 were examined in the present work. Whereas LS 
has been assessed at each wave, measures of PA and NA 
were included beginning in Wave 24 (2007). At Wave 24, the 
survey comprised 19,837 individuals. The present analysis 
was based on the 19,723 participants who completed the 
SWB measures (described below) at Wave 24, of whom 
between 6,328 and 17,773 also completed the measures at 
subsequent waves (5,421 participants provided ratings for all 
three SWB components at all 13 waves). Across the 13 
waves, a total of 60.3% of the expected SWB measures were 
available from the 19,723 participants in the analysis sample. 
A sensitivity power analysis indicated that this sample size 
provided a power of .80 to detect as statistically significant 
(α = .05, two-tailed) a correlation of .02 (absolute value) or 
greater.

Sample 3—Household Income and Labor Dynamics in Australia 
(HILDA).  The HILDA study is a nationally representative 
longitudinal survey of Australian adults (Wooden & Watson, 
2007). HILDA is a household-based panel which, beginning 
in 2001, employs telephone interviews, face-to-face inter-
views, and self-report surveys in annual assessments of indi-
viduals 15 years and over in each household. Data from 
Waves 1 through 20 were examined in the present work. At 
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Wave 1, the survey comprised 19,914 individuals. The pres-
ent analysis was based on the 12,937 participants who com-
pleted the SWB measures (described below) at Wave 1, of 
whom between 6,153 and 11,306 also completed the mea-
sures at subsequent waves (3,529 participants provided rat-
ings for all three SWB components at each wave). Across the 
20 waves, a total of 64.0% of the expected SWB measures 
were available from the 12,937 participants in the analysis 
sample. A sensitivity power analysis indicated that this sam-
ple size provided a power of .80 to detect as statistically sig-
nificant (α = .05, two-tailed) a correlation of .03 (absolute 
value) or greater.

Measures

Exact item wording for each SWB measure from each sam-
ple is provided in Supplemental Table 2.

Life Satisfaction.  In all three longitudinal studies, LS was 
measured using a single rating of one’s current life overall, 
ranging from 0 = worst life possible/completely dissatisfied 
to 10 = best life possible/completely satisfied (based on 

Kilpatrick & Cantril, 1960). Thus, in each sample higher 
scores indicated higher LS.

Positive and Negative Affect.  In the MIDUS (Sample 1), PA 
and NA were each assessed using six items pertaining to the 
frequency of one’s affective experiences in the past month 
(e.g., cheerful, sad), each rated on a scale from 1 = all of the 
time to 5 = none of the time (Mroczek & Kolarz, 1998). Sep-
arate scores for PA and NA were computed by averaging the 
six relevant ratings separately at each wave and reverse scor-
ing the PA items (αs ranged across waves from .90 to .91 for 
PA, and from .83 to .86 for NA).

In the GSOEP (Sample 2), PA was assessed with a single-
item rating of happiness, and NA was assessed using three 
items (anger, worried, and sad), each rated using a scale from 
1 = very rarely to 5 = very often, based on how often the 
individual experienced each feeling over the last 4 weeks 
(Schimmack, 2009). NA ratings were averaged separately at 
each wave. Higher scores indicate more frequent PA and NA, 
respectively (for NA, αs ranged across waves from .66 to .68).

In the HILDA (Sample 3), PA and NA were assessed 
using four and five items, respectively, based on the 

Table 1.  Demographic Information by Sample.

Sample MIDUS (Sample 1) GSOEP (Sample 2) HILDA (Sample 3)

Age, in years  
  Mean (SD) 46.89 (12.93) 48.95 (17.49) 43.36 (17.55)
  Range 20–75 18–98 15–99
Sex  
  Female 52.5% 52.4% 52.9%
  Male 47.6% 47.6% 47.1%
Race/ethnicity  
  Caucasian 90.8% n/a n/a
  Black, African American 5.1% n/a n/a
  Other 4.1% n/a n/a
Marital status  
  Married (or defacto) 67.8% 60.0% 64.2%
  Single n/a 23.8% n/a
  Separated/divorced 15.5% 9.5% 8.5%
  Widowed 5.0% 6.6% 4.7%
  Never married 11.7% n/a 22.7%
Education  
  High school education (minimum) 89.9% 87.5% 39.2%
  Post-secondary (at least some) 62.5% 25.5% 25.6%
Employment status  
  Currently employed 62.9% 54.3% 61.5%
  Full-time n/a 38.4% 41.7%
  Part-time n/a 11.1% 19.9%
  Not employed 36.5% 42.3% 38.5%
Household income  
  Annual (mdn) $55,000 USD €25,200 EUR $20,959 AUD

MIDUS = Midlife in the United States Study; GSOEP = German Socio-Economic Panel; HILDA = Household Income and Labor Dynamics in Australia 
study; SD = standard deviation.
Note. Ns = 6,203 (MIDUS), 19,723 (GSOEP), and 12,937 (HILDA). n/a = information not available from the original study.
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frequency of one’s affective experiences in the past 4 weeks 
(e.g., happy, down in the dumps), each rated on a scale from 
1 = all of the time to 6 = none of the time (Ware & 
Sherbourne, 1992). Separate scores for PA and NA were 
computed by averaging the relevant PA (reverse-scored) and 
NA ratings at each wave (αs ranged across waves from .84 to 
.88 for PA, and from .82 to .86 for NA). Thus, in each sam-
ple, higher scores indicated more frequent PA and NA.

Model Specification and Estimation Details

As shown in Figure 1, a RI-CLPM was estimated in each 
sample. The specifications for this model (Model 1) were 
based on specifications employed by Busseri and Newman 
(2022; modified from Mulder & Hamaker, 2021) to test an 
integrative RI-CLPM for the structure of SWB-based LS, 
PA, and NA. At the “between” level, latent intercept factors 
were estimated for LS, PA, and NA, with fixed loadings of 1 
for all corresponding scores (e.g., in Sample 1, fixed load-
ings of 1 for Wave 1, Wave 2, and Wave 3 LS scores on the 
latent LS intercept factor). These latent intercept factors rep-
resent individual differences in the stable (trait-like) variance 
in LS, PA, and NA over time (the loadings on these latent 

intercepts would inform Hypothesis 1). The three latent 
intercept factors were specified as loading onto a latent 
higher-order SWB factor; variance was fixed to 1 for identi-
fication purposes. This latent higher-order SWB factor repre-
sents individual differences in the stable (trait-like) variance 
in SWB over time. Loadings from the three latent random 
intercepts were freely estimated to allow for differences in 
the extent to which each component was reflective of the 
higher-order latent SWB factor (the loadings on this higher-
order latent factor would inform Hypothesis 2).

At the “within” level in Model 1, the LS, PA, and NA 
scores from each wave were specified with residual (error) 
variance terms fixed to 0, and a latent time-specific variable 
was estimated corresponding to each score and wave (e.g., a 
latent Wave 1 LS variable was indicated by the Wave 1 LS 
rating and the variance for the Wave 1 LS rating was fixed to 
0). This specification decomposes the variation in each 
repeatedly measured variable into two orthogonal sources: 
(a) between-individual and (b) within-individual variation 
(Hamaker et  al., 2015). Residual variances were estimated 
for each wave-specific latent variable and constrained to 
equality within each SWB component across waves. The 
wave-specific latent LS, PA, and NA variables were 

Figure 1.  Random Intercept Cross-Lagged Panel Model (RI-CLPM).
Note. SWB = subjective well-being; LS = life satisfaction; PA = positive affect; NA = negative affect; RI = random intercept; HO = higher-order; W = 
wave; X = highest wave included. Not shown for ease of presentation but specified as part of the model testing are: residual variances in each wave-
specific LS, PA, and NA score (fixed to 0) and residual variances in each wave-specific latent LS, PA, and NA variables.
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specified as loading onto a wave-specific latent SWB factor; 
variance was fixed to 1. These latent variables and latent 
SWB factors represent wave-specific variability in SWB and 
its components. Loadings from the wave-specific latent LS, 
PA, and NA variables on the latent SWB factor were freely 
estimated across components (but constrained to equality 
within components, across waves) to allow for differences in 
the extent to which each wave-specific component was 
reflective of the wave-specific latent SWB factor (the load-
ings on the wave-specific higher-order latent factors would 
inform Hypothesis 3).

Also at the within level, auto-regressive and cross-lagged 
predictive effects were estimated between the wave-specific 
latent LS, PA, and NA variables from one occasion to the 
next. The auto-regressive effects inform whether wave-spe-
cific experiences of each SWB component “carry-over” to 
the subsequent wave; cross-lagged effects inform whether 
wave-specific experiences of LS, PA, and NA “spill-over” 
from one component to the other components by the subse-
quent wave (the cross-lagged effects which would inform 
Hypothesis 4).

Note that the wave-specific means were constrained to be 
equal across waves within each SWB component, as were 
the variances for each of the wave-specific latent variables, 
along with the loadings of the corresponding latent SWB 
components on the wave-specific latent SWB factors, and 
the corresponding auto-regressive effects and cross-lagged 
effects. In total, 24 parameters were estimated in the 
RI-CLPM. As demonstrated by Busseri and Newman (2022), 
with such specifications and constraints in place, the 
RI-CLPM provides parameter estimates that are identical to 
those derived from a multi-level model (estimated using 
dynamic structural equation modeling, or DSEM, to allow 
for latent factors; Asparouhov et  al., 2018) comprising 
between-level and fixed (rather than random) within-individ-
ual effects. Missing values were imputed using FIML.

Note that imposing such constraints (vs. freely estimating 
effects within each wave and for each adjacent pair of waves) 
provides more robust estimates of the parameters of interest, 

provided that such stationarity constraints are tenable 
(Hamaker, 2023; Hamaker et al., 2015; Mulder & Hamaker, 
2021). Such constraints also permit a more straightforward 
interpretation of the within- and between-level effects based 
on their comparability with level-1 (within, fixed) and level-2 
(between) effects estimated in multi-level models with latent 
variables (e.g., using DSEM, Asparouhov et al., 2018). For 
exploratory purposes, the RI-CLPM was also re-estimated in 
each sample without such equality constraints imposed 
(Model 2). Doing so provided a test of the suitability of the 
stationarity and consistency assumptions in Model 1, as well 
as the robustness of the present findings in a model assuming 
stationarity and consistency (Model l) versus a model in 
which such constraints were not imposed (Model 2).3

Results

Descriptive statistics for the three SWB measures at each 
wave are shown by the sample in Supplemental Table 3. 
Correlations are shown in Supplemental Table 4. In each 
sample, correlations among the SWB components were sta-
tistically significant, moderate to large in magnitude, and in 
the expected directions (i.e., positive correlations between 
LS and PA; negative correlations between LS and NA, and 
between PA and NA).4

As summarized in Table 2, in each sample the RI-CLPM 
model provided a good model fit. As shown in Table 3, at the 
between-individual level, in each sample each latent inter-
cept factor had statistically significant and strong loadings 
from the corresponding wave-specific LS, PA, or NA scores 
in the expected directions (in support of Hypothesis 1). 
Squaring these factor loadings indicates that roughly half of 
the variance in the LS, PA, and NA scores was explained by 
the between-individual (vs. within-individual) portion of the 
models, ranging across samples from 46% to 52% of the 
variance in the LS ratings, 45% to 56% of the variance in the 
PA scores, and 46% to 56% of the variance in the NA scores. 
Also at the between level, in each sample, statistically sig-
nificant and strong loadings were observed for all three latent 

Table 2.  Model Fit Information by Sample.

Sample Model χ2 (df), p value CFI RMSEA, p close fit SRMR

MIDUS (Sample 1) Model 1 183.18 (30), p < .001  .990 .029, p > .999  .053
  Model 2 6.55 (3), p = .087 > .999 .014, p > .999  .007
GSOEP (Sample 2) Model 1 6487.32 (795), p < .001  .978 .019, p > .999  .035
  Model 2 3622.94 (588), p < .001  .988 .016, p > .999  .028
HILDA (Sample 3) Model 1 19707.88 (1866), p < .001  .957 .027, p > .999  .058
  Model 2 10145.34 (1533), p < .001  .979 .021, p > .999  .042

CFI = comparative fit index; RMSEA = root mean square error of approximation; SRMR = standardized root mean squared; MIDUS = Midlife in the 
United States Study; GSOEP = German Socio-Economic Panel; HILDA = Household Income and Labor Dynamics in Australia study.
Note. Ns = 6,203 (MIDUS), 19,723 (GSOEP), and 12,937 (HILDA). In Model 1, the wave-specific means were constrained to be equal across waves within 
each SWB component, as were the variances for each of the wave-specific latent variables, along with the loadings of the corresponding latent SWB 
components on the wave-specific latent SWB factors, and the corresponding auto-regressive effects and cross-lagged effects; Model 2 did not include 
these equality constraints.
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random intercept factors on the higher-order latent SWB fac-
tor, and in the expected directions (in support of Hypothesis 
2). Squaring these latter factor loadings indicated that the 
higher-order latent SWB factor—reflecting individual differ-
ences in stable (trait-like) SWB over time—explained sub-
stantial between-individual variance in the latent LS, PA, and 
NA intercept factors, ranging from 45% to 98% for LS, 48% 
to 94% for PA, and 36% to 72% for NA.

At the within-individual level, in each sample statistically 
significant and moderate to strong loadings from the wave-
specific latent LS, PA, and NA variables were observed on 
the wave-specific latent SWB factors (see Table 3), and in 
the expected directions (in support of Hypothesis 3). Squaring 
these factor loadings indicated that the wave-specific latent 
SWB factors—reflecting wave-specific experiences of 
SWB—explained substantial within-individual variance in 
the latent LS, PA, and NA variables, ranging from 12% to 
32% for LS, 24% to 50% for PA, and 25% to 42% for NA. 
Also at the within level, in each sample, the auto-regressive 
effects—reflecting carry-over effects within SWB compo-
nents across adjacent waves—were statistically significant 
(see Table 3). Cross-lagged effects—reflecting spill-over 
effects between SWB components across adjacent waves—
were moderate in magnitude (on average) but were inconsis-
tent in direction and statistical significance, and did not 
indicate a unidirectional flow of (positive and negative, 
respectively) predictive effects from PA and NA to LS (thus 
supporting Hypothesis 4). Nonetheless, abstracting across all 
three samples, there was some evidence for cross-lagged 
effects among all three SWB components, wherein higher 
LS, higher PA, and lower NA at one wave each predicted 
higher LS, higher PA, and lower NA (respectively) at the 
subsequent wave.

Notably, these findings were based on a RI-CLPM that 
was specified with equality constraints comparable to a 
multi-level model comprising orthogonal between- and 
within-level effects (as detailed earlier). For exploratory pur-
poses, the RI-CLPM was re-estimated in each sample with-
out such equality constraints imposed (Model 2). As shown 
in Table 2, the overall model fit was superior for Model 2 
with respect to the chi-square tests, but comparable between 
Model 1 and Model 2 with respect to comparative fit index 
(CFI), root mean square error of approximation (RMSEA), 
and (in two of three samples) standardized root mean squared 
(SRMR) indices. Furthermore, with few exceptions, findings 
from Model 2 were consistent with results from the con-
strained models (Model 1); see Table 4 for parameter esti-
mates from Model 2. The main difference in results between 
models was that in each sample, the auto-regressive and 
cross-lagged effects were less consistent across waves in 
magnitude, direction, and statistical significance in the 
unconstrained model (Model 2) compared to the constrained 
model (Model 1), providing further support for Hypothesis 4 
in terms of the lack of unidirectional within-level effects 
from PA and NA to LS over time. Results concerning the 

other main features of the model—including loadings for LS, 
PA, and NA on the latent SWB factors at the between and 
within levels—were consistent across models, thus provid-
ing additional support for Hypotheses 1, 2, and 3.

Discussion

Support for a Hierarchical Structural 
Conceptualization of SWB

The present results provided strong support for a hierarchical 
conceptualization of SWB over the long term, in which LS, 
PA, and NA are indicators of an underlying (latent) sense of 
well-being—both with respect to stable (i.e., trait-like) indi-
vidual differences in LS, PA, and NA, and in terms of within-
individual variability in these experiences over time (thus 
supporting Hypotheses 1, 2, and 3). Such support was con-
sistent across all three samples and over periods of up to 20 
years. Nonetheless, the latent SWB factors (whether esti-
mated at the between- or within-level) did not account for all 
of the variations in LS, PA, and NA. Some of this residual 
variation is likely a reflection of measurement error (i.e., ran-
dom and wave- or component-specific). Even if so, it appears 
that some meaningful variation in LS, PA, and NA is par-
tially independent of the latent SWB factors. Furthermore, in 
each sample, within-individual auto-regressive effects were 
observed for each SWB component (with the exception of 
LS in Sample 1), suggesting some carry-over within LS, PA, 
and NA from one wave to the next. Such findings highlight 
the importance of considering both the underlying common-
ality shared between LS, PA, and NA, as well as aspects of 
LS, PA, and NA that are unique from an underlying sense of 
SWB (Busseri et al., 2007; Busseri & Sadava, 2011).

In addition, the present findings provided limited support 
for a causal systems model of SWB in which higher PA and 
lower NA are assumed to be primary inputs to greater LS. In 
particular, in support of Hypothesis 4, the cross-lagged 
effects did not reveal a unidirectional flow of predictive 
effects from PA and NA at one wave to LS at a subsequent 
wave (and not vice versa). Similar conclusions were reached 
in recent studies evaluating the structure of momentary and 
daily SWB using RI-CLPMs (Busseri & Newman, 2022; 
Busseri & Quoidbach, 2022). That is, these studies provided 
robust support for the hierarchical structure of SWB (i.e., 
moderate to strong loadings from LS, PA, and NA on latent 
SWB factors at the between and within levels), along with 
unique variability in LS, PA, and NA, as well as somewhat 
inconsistent (i.e., in direction, magnitude, and statistical sig-
nificance) cross-lagged effects, rather than consistent unidi-
rectional effects from PA and NA (positive and negative, 
respectively) to LS. Taken together with the present findings, 
therefore, it appears that a hierarchical structural conceptual-
ization may be viable with respect to understanding individ-
uals’ experiences of SWB over random moments, daily 
experiences, annual assessments, and decades.5
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Nonetheless, within-level cross-lagged effects have been 
observed among all three SWB components in each study to 
date employing RI-CLPMs to evaluate the tripartite structure 
of SWB (i.e., Busseri & Newman, 2022; Busseri & Quoidbach, 
2022; along with the present work). Based on the empirically 
derived benchmarks proposed by Orth et  al. (2024), such 
cross-lagged effects can be considerate moderate in magni-
tude (on average), ranging from small to large depending on 
the SWB component and sample. Together, the available evi-
dence thus suggests that cross-over effects among all three 
SWB components need to be accounted for (both in terms of 
empirical model testing and theoretical model building) to 
fully describe the structure of SWB—including the within-
individual temporal dynamics among LS, PA, and NA implied 
by such effects. Indeed, all three studies to date employing a 
RI-CLPM approach to examine the structure of SWB (i.e., 
Busseri & Newman, 2022; Busseri & Quoidbach, 2022 the 
present work) have provided evidence of a pattern of cross-
lagged effects in terms of the signs/directions of such effects 
(leaving aside the statistical significance of such effects, 
given differences in sample sizes) which are consistent with 
typical associations observed among SWB components (i.e., 
positive for LS-PA, negative for LS-NA and PA-NA). 
However, given the limited number of studies examining 
such issues, further work is needed to replicate this pattern of 
crossed-lagged predictive effects using different types of 
repeated-measures designs, including multi-wave longitudi-
nal and experimental designs, along with an analytic model 
that separates between- and within-level variation in LS, PA, 
and NA, both within and across time.

Generalizability Across Three Samples

The general patterns of findings were highly consistent 
across the three national longitudinal studies. Nonetheless, 
there were some notable differences. With respect to 
Hypothesis 2, at the between-individual level, the strongest 
loadings on the higher-order latent SWB factor were from PA 
and NA in Sample 1 (MIDUS, the United States) and Sample 
3 (HILDA, Australia), but from LS in Sample 2 (GSOEP, 
Germany). Furthermore, with respect to Hypothesis 3, at the 
within-individual level, the relative pattern of loadings on 
the wave-specific latent SWB factors varied by sample. In 
Sample 1 and Sample 3, the strongest loading was from PA, 
whereas in Sample 2 the relative strength of the loadings was 
more consistent across components.

Such differences between samples might reflect unique 
aspects of each national study. For example, research has 
revealed cultural differences in the meaning of the terms 
“happy” and “happiness,” including an emphasis on luck and 
good fortune in many cultures including Germany, rather than 
pleasant affective experiences, as is more typical in the United 
States (Oishi et al., 2013). Differences between German and 
American samples have also been observed when testing sca-
lar invariance based on responses to multi-item scales, 

particularly with respect to the NA component of SWB, 
including items used in each of the samples examined in the 
present work (Jovanović et al., 2022). Consequently, differ-
ences observed in the present study between findings based 
on the PA and NA components of SWB in the GSOEP sample 
compared to the other samples may reflect, at least in part, 
cultural differences in participants’ interpretation of the term 
happiness as well as the various NA-relevant items.

There may also be cultural differences in individualism, 
which may impact the relative importance and frequency of 
affective experiences in America (Sample 1) and Australia 
(Sample 3), compared to Germany (Sample 2; Diener & Suh, 
1999; Westerhof & Barrett, 2005). Furthermore, a multi-item 
measure of PA was used in Sample 1 and Sample 3, whereas 
a single-item measure was employed in Sample 2. Other 
considerations include factors that might influence the over-
all amount of stability in SWB over time, such as social, eco-
nomic, historical, or political events (Diener et  al., 2013) 
across the various years encompassed by the three national 
studies. Future studies could seek to further inform the struc-
ture of SWB by systematically exploring such issues related 
to national-level differences in culture, measurement, and 
socio/political/historical events.

Implications

The present findings have important implications concerning 
various aspects of studying and understanding SWB. 
According to a hierarchical conceptualization, a full under-
standing of SWB requires understanding both the common-
ality among, and the unique variance in, LS, PA, and NA. 
Examining SWB from this perspective requires assessing all 
three components to estimate and study the commonality 
among LS, PA, and NA, as well as their unique aspects. Such 
an approach will allow researchers to examine the correlates, 
predictors, and potential consequences of such a latent fac-
tor, along with testing the potential limits of the generaliz-
ability of a latent SWB factor (e.g., across samples, locations, 
experiences, etc.). Such steps are also necessary for under-
standing the unique aspects of LS, PA, and NA, as reflected 
in associations involving the unique variances in LS, PA, and 
NA (i.e., independent of a latent SWB factor) in relation to 
other variables of interest. For example, given the growing 
interest in identifying positive psychological interventions 
that could help individuals boost their well-being (e.g., Folk 
& Dunn, 2023; Heintzelman et al., 2020), such an approach 
can be used to assess whether an intervention impacts indi-
viduals’ underlying SWB as a latent factor and/or impacts 
the unique aspects in LS, PA, or NA. This approach would 
provide valuable information concerning the potential 
shorter- versus longer-term changes in SWB following the 
intervention. To that end, the present findings also suggest 
that addressing the potential within-level auto-regressive and 
cross-lagged predictive effects among all three SWB compo-
nents may also provide additional insights concerning 
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experimental interventions aimed at positively impacting 
one or more of the SWB components.

Furthermore, with respect to systematic efforts aimed at 
synthesizing knowledge about SWB, major meta-analyses 
typically summarize findings concerning LS, PA, and NA 
separately (e.g., Anglim et  al., 2020). Consequently, it 
remains unclear from such meta-analyses how, for example, 
factors such as basic aspects of personality relate to an under-
lying sense of well-being as reflected in a latent SWB factor, 
as well as whether any aspects of personality have unique 
associations with LS, PA, or NA independent of a latent 
SWB factor. More generally, from the perspective of a hier-
archical conceptualization of SWB, synthesizing and tabu-
lating information requires an approach in which SWB is 
examined both with respect to the underlying commonality 
among LS, PA, and NA, as well as the unique aspects of its 
three components. As the number of meta-analyses examin-
ing the components of SWB in relation to other variables and 
phenomenon grows, such an approach would provide valu-
able information concerning links with SWB as a hierarchi-
cal construct, rather than with respect to (just) its 
components.

Notwithstanding the consistent support for a hierarchical 
conceptualization of SWB identified in each of the studies 
examined in the present work, information is needed con-
cerning predictors of a latent SWB factor to shed light on 
what accounts for individual differences in an underlying 
sense of SWB. Such considerations would include factors 
that might be relatively stable over time (e.g., personality 
traits and characteristics, socioeconomic conditions) and 
those that vary (e.g., positive and negative life events). Such 
research could seek to inform both the predictors of stability 
in SWB and the occasion-specific experiences of SWB. 
Equally important would be evaluating the correlates and 
predictors of the unique aspects of each SWB component.

In addition, research is needed to better understand the 
potential carry-over and spill-over effects between assess-
ment periods as reflected in the cross-lagged effects among 
all three SWB components. For example, research informing 
the potential sources of such lagged effects would provide 
helpful information concerning potential interventions aimed 
at boosting (or modifying) SWB, even if such changes are 
short-term, rather than long-lasting. Toward these ends, each 
of the three longitudinal studies examined in the present 
work contains dozens of variables beyond the SWB compo-
nents, including demographics, socioeconomic conditions, 
life events, physical and mental health, interpersonal func-
tioning, personality traits, and other individual differences. 
Thus, there remains ample opportunities to explore such 
issues in future studies.

Limitations

Given that the present findings were based on subsamples of 
the full samples from each longitudinal study, results may 

not generalize to all participants from each sample, nor to all 
individuals living in the respective countries upon which the 
longitudinal studies are based. Furthermore, it is unclear 
whether similar findings would be obtained based on partici-
pants from other nations around the world. Recent meta-
analyses have found robust evidence for the pattern of 
correlations among LS, PA, and NA predicted by the hierar-
chical conceptualization of SWB based on studies encom-
passing tens of thousands of participants, conducted in 
multiple countries around the world (Busseri, 2018; Busseri, 
2023). Such findings, in combination with the present longi-
tudinal results, are consistent with the possibility that a hier-
archical structure for SWB is generalizable around the world. 
However, further work is needed, particularly multi-wave 
longitudinal studies from non-Western nations (e.g., 
Joshanloo, 2018), before stronger conclusions can be drawn 
about the universality of the structure of SWB.

The use of single-item LS ratings in each of the samples 
examined in the present work precluded evaluation of the 
reliability of the resulting assessments (but see Jovanović & 
Lazić, 2020). In future work, it would be valuable to repli-
cate the present findings in large-scale longitudinal samples 
in which multi-item ratings were employed for each compo-
nent of SWB. Doing so would also allow for estimating a 
measurement model for each wave-specific assessment of 
LS, PA, and NA using latent factors, rather than observed 
scores, to account for measurement error. Such an approach 
may provide more robust estimates of the various parameters 
of interest, both at the between- and within-individual 
levels.

Another limitation concerning measurement is that in the 
GSOEP study, PA is assessed using a single-item rating of 
happiness (as noted earlier), in contrast to the multi-item 
scales employed to assess PA in the other two samples. 
Consequently, the variance in PA may have been constrained 
in the GSOEP, relative to the other two samples. Furthermore, 
although the single-item PA rating from the GSOEP has been 
shown to be highly correlated with a multi-item measure of 
affect (Schimmack, 2009), whether this single-item rating of 
happiness is comparable to either of the multi-item ratings of 
PA employed in the other two samples is unclear, thus poten-
tially limiting the generalizability of the present findings. 
More generally, the measurement of all three SWB compo-
nents differed across studies, making the direct comparison 
of results across samples difficult. This variability in mea-
surement also limits conclusions concerning the precise 
parameter estimates for the various effects estimated in the 
present work. Thus, future longitudinal studies based on a 
common set of multi-item measures for LS, PA, and NA 
(e.g., Diener et  al., 1985, 2009) would be extremely 
valuable.

In addition, the timing of the SWB assessments (i.e., 
approximately 9 years between waves in the MIDUS, annual 
assessments in the GSOEP, and HILDA) was determined by 
the organizations responsible for conducting the national 
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longitudinal studies. The consistency of the present findings 
supporting a hierarchical structure for SWB across temporal 
intervals provides compelling evidence in support of the 
generalizability of the present findings. Nonetheless, it is 
unclear which temporal interval or spacing between assess-
ments is optimal for evaluating structural conceptualizations 
of SWB. This issue may be particularly relevant to evaluat-
ing the causal systems model, given the presumption that 
affective information and emotional reactions influence 
global life evaluations. The optimal temporal interval for 
testing the implied temporal dynamics has yet to be deter-
mined and is in need of further research. At present, how-
ever, the cumulative empirical evidence encompassing 
experimental, longitudinal, daily diary, and experience sam-
pling methodologies across multiple different time scales 
(e.g., Busseri, 2015; Busseri & Newman, 2022; Metler & 
Busseri, 2017) provides limited evidence of the unidirec-
tional causal flow implied by this model.

Finally, the statistical models examined were consistent 
with the analytic approach employed in recent research 
examining the structure of SWB using RI-CLPMs (based on 
Mulder & Hamaker, 2021) to test an integrative statistical 
model combining the main features of the hierarchical and 
causal system models for the structure of SWB (i.e., Busseri 
& Newman, 2022; Busseri & Quoidbach, 2022). However, 
the present methods and statistical modeling were not pre-
registered. Thus, it would be valuable in future studies exam-
ining the structure of SWB to pre-registered the intended 
analytic approach to provide greater transparency and confi-
dence in the findings. Furthermore, other analytic approaches 
are available for estimating within-level auto-regressive and 
cross-lagged predictive effects (e.g., lag-2 and lag-3 effects), 
and for estimating both between- and within-level effects 
more generally (e.g., Lüdtke & Robitzsch, 2022). Employing 
the same analytic model across multiple studies, samples, 
and research designs (i.e., the present work along Busseri & 
Quoidbach, 2022; with Busseri & Newman, 2022) provides 
an important opportunity to test the reliability and robustness 
of the findings. However, alternative statistical models might 
also have been evaluated (e.g., Rohrer & Murayama, 2023; 
Zyphur et al., 2020), including models that incorporated both 
time-invariant and time-varying predictors and confounders 
of the associations among LS, PA, and NA. Thus, further 
work is needed to determine whether other integrative statis-
tical models could provide additional insights (if not more 
robust findings) concerning the structure of SWB within and 
across time.

Conclusion

Competing and conflicting conceptualizations of Diener’s 
(1984) tripartite formulation of SWB have proliferated, cre-
ating inconsistencies with respect to how SWB is defined, 
conceptualized, measured, and analyzed, as well as how 

SWB-related findings are interpreted, synthesized, and 
applied. The present work provides compelling new evi-
dence from three multi-year, long-term, national longitudinal 
studies and is based on a state-of-the-art statistical approach 
(RI-CLPM; Hamaker et al., 2015). In support of a hierarchi-
cal conceptualization of SWB, across samples there was 
strong evidence for a latent SWB factor, both at the between-
individual level (reflecting trait-like stability in individual 
differences) and at the within-individual level (reflecting 
occasion-specific experiences and within-individual varia-
tion over time). Cross-lagged effects among SWB compo-
nents were moderate in magnitude overall (ranging from 
small to large) and suggested links among all three compo-
nents, rather than unidirectional effects from PA and NA to 
LS (contrary to the causal systems model). Thus, the present 
work demonstrates how the tripartite structure of SWB could 
be studied using longitudinal designs to better understand 
both stable (between-individual) differences and time-vary-
ing (within-individual) aspects of this fundamental human 
experience.

Author’s Note

The findings presented in this work have not previously been dis-
seminated by the author. There has been no prior dissemination by 
the author, in whole or in part, of the data or narrative interpreta-
tions of the research appearing in this manuscript (e.g., through 
conferences or meetings, posting on a listserv or website, or through 
academic social networks.)

Declaration of Conflicting Interests

The author(s) declared no potential conflicts of interest with respect 
to the research, authorship, and/or publication of this article.

Funding

The author(s) disclosed receipt of the following financial support 
for the research, authorship, and/or publication of this article: This 
research was supported by an Insight Grant from the Social Sciences 
and Humanities Research Council of Canada to the first author.

Ethics Statement

The data examined in the present work were drawn from anony-
mized, publicly available datasets. Accordingly, ethics clearance 
from the first author’s Research Ethics Board was not required, as 
detailed in Article 2.4 of the governing ethics policy, the Tri-
Council Policy Statement: Ethical Conduct for Research Involving 
Humans—TCPS 2 (2018), available here: https://ethics.gc.ca/eng/
tcps2-eptc2_2018_chapter2-chapitre2.html.

Open Science Statement

The methods, hypotheses, and analyses reported in the present work 
were not preregistered. We describe all measures examined in each 
sample; no other measures were examined and not reported. Sample 
1: Data and study materials available from the Midlife in the United 
States Study (MIDUS) are publicly available at: http://midus.wisc.

https://ethics.gc.ca/eng/tcps2-eptc2_2018_chapter2-chapitre2.html
https://ethics.gc.ca/eng/tcps2-eptc2_2018_chapter2-chapitre2.html
http://midus.wisc.edu/


2280	 Personality and Social Psychology Bulletin 51(11)

edu/. Sample 2: Data and materials from the German Socioeconomic 
Panel (GSOEP) study are available at: https://www.diw.de/en/soep. 
Sample 3: Data and materials from the Household Income and 
Labor Dynamics in Australia (HILDA) study are available at: 
https://melbourneinstitute.unimelb.edu.au/hilda. The analysis code 
is available at https://osf.io/r768h/?view_only=9c06fe9e3f9d41369
79b84c15ae732d9.

ORCID iD

Michael A. Busseri  https://orcid.org/0000-0001-8110-8213

Supplemental Material

Supplemental material is available online with this article.

Notes

1.	 The unidirectional flow of effects presumed by the causal 
systems model (i.e., from PA and NA to LS) cannot be ade-
quately evaluated using covariance-based approaches such as a 
RI-CLPM. Rather, direct tests require experimentally manipu-
lating PA and NA to gauge the impact on LS (e.g., Metler & 
Busseri, 2017, Study 2). Nonetheless, we refer to the “causal” 
systems model in the present work to maintain consistency with 
previous studies, recognizing the theoretical nature of the pre-
sumed underlying causal mechanism.

2.	 Researchers have also examined SWB by combining LS, PA, 
and (reverse-scored) NA into a composite score (e.g., Elliot 
et  al., 2011; Jiang et  al., 2015; Thomas et  al., 2021). To jus-
tify such an approach, researchers typically report moderate to 
strong loadings from LS, PA, and NA on a single principle com-
ponent—consistent with the key feature of hierarchical concep-
tualization of SWB. A composite score provides a parsimonious 
summary with respect to individual differences in overall levels 
of SWB. Furthermore, depending on the strength of the correla-
tions among the three components, a composite SWB score can 
provide a valid (yet imperfect) proxy for a latent SWB factor. 
For example, in the present samples, a unit-weighted composite 
SWB score was very highly correlated with a latent SWB factor 
indicated by LS, PA, and NA: rs = .84 (MIDUS, Wave 1), .85 
(GSOEP, Wave 24), and .83 (HILDA, Wave 1). From the per-
spective of a hierarchical conceptualization, employing a com-
posite SWB score would be preferable to examining just one or 
two components, and/or to ignoring the underlying commonal-
ity among LS, PA, and NA. However, as reviewed by Busseri 
and Sadava (2011), a composite SWB score has several disad-
vantages compared to using a latent SWB factor. In particular, 
it is unclear how findings concerning the correlates, predictors, 
or outcomes associated with a composite SWB score apply to 
either the common variance shared among the three components 
or to any of the individual components, including specific links 
between any of the three components and other variables inde-
pendent of a latent SWB factor.

3.	 These two models (i.e., Model 1 and Model 2) were the only 
statistical models tested prior to submission of the present work 
for peer review. As part of the peer review process, an additional 
model was tested in which the latent higher-order SWB factors 
at the between- and within-levels were replaced with correla-
tions among the latent random intercepts for LS, PA, and NA 

at the between-level, and correlations among the latent wave-
specific LS, PA, and N variables at the within-level—consistent 
with a more typical RI-CLPM that does not include higher-order 
latent factors (Mulder & Hamaker, 2021). This third model 
(Model 3) had identical statistical fit to Model 1, and all of the 
estimated auto-regressive and cross-lagged effects in Model 3 
were identical to those in Model 1 (see Supplemental Table 5). 
The consistency of the parameter estimates between these mod-
els demonstrates that the cross-lagged effects (a main feature 
of the causal systems model) presented in the main text were 
robust. That is, such findings were not impacted by the inclusion 
of the higher-order latent SWB factors (a main feature of the 
hierarchical conceptualization) in Model 1.

4.	 The threshold for determining statistical significance for a given 
model parameter estimate was p < .05 in all analyses. Exact 
p values and 95% confidence intervals are reported for each 
parameter estimate in Tables 3 and 4. With respect to evaluating 
the magnitudes of the various model parameters, please note the 
following: (1) Thresholds for describing the magnitudes of cor-
relations were based on the empirical benchmarks provided by 
Funder and Ozer (2019), that is, small (weak) = .10, moderate 
= .20, and large (strong) = .30 or greater in absolute magnitude; 
(2) Given that the square root of a correlation can be used to 
determine a pair of equal-sized standardized factor loadings on 
a common factor, the square root of the correlation benchmarks 
were used as the thresholds for describing the magnitudes of 
the standardized factor loadings, that is, small (weak) = .32, 
moderate = .45, or large (strong) = .55 or greater in absolute 
magnitude; (3) Thresholds for describing the magnitudes of 
the (within-level) standardized cross-lagged predictive effects 
were based on the empirical benchmarks provided by Orth et al. 
(2024), that is, small = .03, moderate = .07, and large = .12 or 
greater in absolute magnitude.

5.	 In recent years, some researchers have studied SWB using a 
“bifactor” model in which each of the item ratings from LS, PA, 
and NA scales are modeled as reflections of a latent general SWB 
factor; independent of this general factor, separate (uncorrelated) 
latent factors for LS, PA, and NA are specified as having loadings 
on the corresponding within-scale items (Daniel-Gonzalez et al. 
2020; Jovanovic, 2015; Yang et al., 2021). This approach thus 
decomposes the covariation among all items into four orthogo-
nal sources: general SWB, LS, PA, and NA. Critically, such an 
approach makes several fundamental assumptions about SWB, 
including that LS, PA, and NA are (i) most appropriately opera-
tionalized by first removing the variance they share with each 
other and with the general SWB factor; and (ii) thus LS, PA, and 
NA are actually orthogonal, that is, unrelated to each other and 
to an underlying sense of SWB. Yet thousands of studies have 
employed scale scores for LS, PA, and NA which are employed 
as stand-alone measures without modeling the shared variance 
across all items from all three components, or without first resid-
ualizing the unique variance in each item from the underlying 
commonality across items before computing component-specific 
scale scores. From the perspective of Diener’s (1984) tripartite 
conceptualization, therefore, a bifactor model constitutes a major 
conceptual and empirical reorientation to studying SWB, the 
assumptions and implications of which have yet to be explicitly 
acknowledged or justified by researchers employing such an 
approach.

http://midus.wisc.edu/
https://www.diw.de/en/soep
https://melbourneinstitute.unimelb.edu.au/hilda
https://osf.io/r768h/?view_only=9c06fe9e3f9d4136979b84c15ae732d9
https://osf.io/r768h/?view_only=9c06fe9e3f9d4136979b84c15ae732d9
https://orcid.org/0000-0001-8110-8213


Busseri	 2281

References

Anglim, J., Horwood, S., Smillie, L. D., Marrero, R. J., & Wood, J. 
K. (2020). Predicting psychological and subjective well-being 
from personality: A meta-analysis. Psychological Bulletin, 
146(4), 279–323. https://doi.org/10.1037/bul0000226

Anusic, I., Lucas, R. E., & Donnellan, M. B. (2017). The validity of 
the day reconstruction method in the German socio-economic 
panel study. Social Indicators Research, 130(1), 213–232. 
https://doi.org/10.1007/s11205-015-1172-6

Asparouhov, T., Hamaker, E. L., & Muthen, B. (2018). Dynamic 
structural equation models. Structural Equation Modeling: A 
Multidisciplinary Journal, 25(3), 359–388.

Balestra, C., Boarini, R., & Tosetto, E. (2018). What matters most 
to people? Evidence from the OECD better life index users’ 
responses. Social Indicators Research, 136(3), 907–930. 
https://doi.org/10.1007/s11205-016-1538-4

Berry, D., & Willoughby, M. T. (2017). On the practical inter-
pretability of cross-lagged panel models: Rethinking a devel-
opmental workhorse. Child Development, 88(4), 1186–1206. 
https://doi.org/10.1111/cdev.12660

Brim, O. G., Ryff, C. D. & Kessler, R. C. (Eds.). (2004). How 
healthy are we? A national study of well-being at midlife. 
University of Chicago Press.

Buecker, S., Luhmann, M., Haehner, P., Bühler, J. L., Dapp, L. C., 
Luciano, E. C., & Orth, U. (2023). The development of subjec-
tive well-being across the life span: A meta-analytic review of 
longitudinal studies. Psychological Bulletin, 149(7–8), 418–
446. https://doi.org/10.1037/bul0000401

Busseri, M., Sadava, S., & DeCourville, N. (2007). A hybrid model 
for research on subjective well-being: Examining common-and 
component-specific sources of variance in life satisfaction, 
positive affect, and negative affect. Social Indicators Research, 
83(3), 413–445. https://doi.org/10.1007/s11205-006-9028-8

Busseri, M. A. (2015). Toward a resolution of the tripartite structure 
of subjective well-being. Journal of Personality, 83, 413–428. 
https://doi.org/10.1111/jopy.12116

Busseri, M. A. (2018). Examining the structure of subjective well-
being through meta-analysis of the associations among positive 
affect, negative affect, and life satisfaction. Personality and 
Individual Differences, 122, 68–71. https://doi.org/10.1016/j.
paid.2017.10.003

Busseri, M. A., & Erb, E. M. (2023).  The happy personality revis-
ited: Re‐examining associations between Big Five personality 
traits and subjective well‐being using meta‐analytic struc-
tural equation modeling. Journal of Personality. https://doi.
org/10.1111/jopy.12862

Busseri, M. A., & Newman, D. B. (2022). Happy days: Resolving 
the structure of daily subjective well-being, between and within 
individuals. Social Psychology and Personality Science, 15(1), 
80–92. https://doi.org/10.1177/19485506221125416

Busseri, M. A., & Quoidbach, J. (2022). The structure of everyday 
happiness is best captured by a latent subjective well-being fac-
tor. Journal of Research in Personality, 96, Article 104177. 
https://doi.org/10.1016/j.jrp.2021.104177

Busseri, M. A., & Sadava, S. W. (2011). A review of the tripar-
tite structure of subjective well-being: Implications for con-
ceptualization, operationalization, and synthesis. Personality 
and Social Psychology Review, 15, 290–314. https://doi.
org/10.1177/1088868310391271

Campbell, A., Converse, P. E., & Rodgers, W. L. (1976). The qual-
ity of American life: Perceptions, evaluations, and satisfac-
tions. Russell Sage Foundation.

Casas, F., & González, M. (2022). Do relationships between sub-
jective well-being scales change over time? Analysis of a lon-
gitudinal sample. Current Psychology, 41, 3525–3538. https://
doi.org/10.1007/s12144-020-00865-3

Chmiel, M., Brunner, M., Martin, R., & Schalke, D. (2012). 
Revisiting the structure of subjective well-being in middle-
aged adults. Social Indicators Research, 106(1), 109–116. 
https://doi.org/10.1007/s11205-011-9796-7

Costa, P. T., Jr., & McCrae, R. R. (1980). Influence of extraversion 
and neuroticism on subjective well-being: Happy and unhappy 
people. Journal of Personality and Social Psychology, 38(4), 
668–678. https://doi.org/10.1037/0022-3514.38.4.668

Costa, P. T., Jr., McCrae, R. R., & Löckenhoff, C. E. (2019). 
Personality across the life span. Annual Review of 
Psychology, 70, 423–448. https://doi.org/10.1146/annurev-
psych-010418-103244

Cummins, R. A. (2014). Can happiness change? Theories and evi-
dence. In K. M. Sheldon & R. E. Lucas (Eds.), Stability of hap-
piness (pp. 75–97). Academic Press.

Daniel-González, L., de la Rubia, J. M., & García-Cadena, C. H. 
(2020). Structure analysis of subjective well-being. Salud 
Mental, 43(3), 119–127.

Diener, E. (1984). Subjective well-being. Psychological Bulletin, 
95, 542–575.

Diener, E. (2009). The science of well-being: The collected works 
of Ed Diener. Springer.

Diener, E., Diener, M., & Diener, C. (1995). Factors predicting the 
subjective well-being of nations. Journal of Personality and 
Social Psychology, 69, 851–864. https://doi.org/10.1037/0022-
3514.69.5.851

Diener, E., Emmons, R. A., Larsen, R. J., & Griffin, S. (1985). The 
satisfaction with life scale. Journal of Personality Assessment, 
49(1), 71–75. https://doi.org/10.1207/s15327752jpa4901_13

Diener, E., Oishi, S., & Ryan, K. L. (2013). Universals and cul-
tural differences in the causes and structure of happiness: A 
multilevel review. In C. L. M Keyes. (Ed.), Mental well-being: 
International contributions to the study of positive mental 
health (pp. 153–176). Springer. https://doi.org/10.1007/978-
94-007-5195-8_8

Diener, E., Oishi, S., & Tay, L. (2018). Advances in subjective 
well-being research. Nature Human Behaviour, 2(4), 253–260. 
https://doi.org/10.1038/s41562-018-0307-6

Diener, E., & Suh, E. M. (1999). National differences in subjective 
well-being. In D. Kahneman, E. Diener, & N. Schwarz (Eds.), 
Well-being: The foundations of hedonic psychology (pp. 434–
450). Russell Sage.

Diener, E., Suh, E. M., Lucas, R. E., & Smith, H. L. (1999). Subjective 
well-being: Three decades of progress. Psychological Bulletin, 
125(2), 276–302. https://doi.org/10.1037/0033-2909.125.2.276

Diener, E., Wirtz, D., Tov, W., Kim-Prieto, C., Choi, D., Oishi, S., 
& Biswas-Diener, R. (2009). New well-being measures: Short 
scales to assess flourishing and positive and negative feel-
ings. Social Indicators Research, 97(2), 143–156. https://doi.
org/10.1007/s11205-009-9493-y

Disabato, D. J., Goodman, F. R., Kashdan, T. B., Short, J. L., & 
Jarden, A. (2016). Different types of well-being? A cross-cultural  

https://doi.org/10.1037/bul0000226
https://doi.org/10.1007/s11205-015-1172-6
https://doi.org/10.1007/s11205-016-1538-4
https://doi.org/10.1111/cdev.12660
https://doi.org/10.1037/bul0000401
https://doi.org/10.1007/s11205-006-9028-8
https://doi.org/10.1111/jopy.12116
https://doi.org/10.1016/j.paid.2017.10.003
https://doi.org/10.1016/j.paid.2017.10.003
https://doi.org/10.1111/jopy.12862
https://doi.org/10.1111/jopy.12862
https://doi.org/10.1177/19485506221125416
https://doi.org/10.1016/j.jrp.2021.104177
https://doi.org/10.1177/1088868310391271
https://doi.org/10.1177/1088868310391271
https://doi.org/10.1007/s12144-020-00865-3
https://doi.org/10.1007/s12144-020-00865-3
https://doi.org/10.1007/s11205-011-9796-7
https://doi.org/10.1037/0022-3514.38.4.668
https://doi.org/10.1146/annurev-psych-010418-103244
https://doi.org/10.1146/annurev-psych-010418-103244
https://doi.org/10.1037/0022-3514.69.5.851
https://doi.org/10.1037/0022-3514.69.5.851
https://doi.org/10.1207/s15327752jpa4901_13
https://doi.org/10.1007/978-94-007-5195-8_8
https://doi.org/10.1007/978-94-007-5195-8_8
https://doi.org/10.1038/s41562-018-0307-6
https://doi.org/10.1037/0033-2909.125.2.276
https://doi.org/10.1007/s11205-009-9493-y
https://doi.org/10.1007/s11205-009-9493-y


2282	 Personality and Social Psychology Bulletin 51(11)

examination of hedonic and eudaimonic well-being. Psychological 
Assessment, 28(5), 471–482. https://doi.org/10.1037/pas0000209

Eid, M. & Larsen, R. J. (Eds.). (2008). The science of subjective 
well-being. Guilford Press.

Elliot, A. J., Thrash, T. M., & Murayama, K. (2011). A longitu-
dinal analysis of self-regulation and Well-Being: Avoidance 
personal goals, avoidance coping, stress generation, and sub-
jective well-being. Journal of Personality, 79(3), 643–674. 
https://doi.org/10.1111/j.1467-6494.2011.00694.x

Folk, D. P., & Dunn, E. W. (2023). How can people become hap-
pier? A systematic review of preregistered experiments. 
Annual Review of Psychology, 75(1), 467–493. https://doi.
org/10.1146/annurev-psych-022423-030818

Funder, D. C., & Ozer, D. J. (2019). Evaluating effect size in psy-
chological research: Sense and nonsense. Advances in Methods 
and Practices in Psychological Science, 2(2), 156–168. https://
doi.org/10.1177/2515245919847202

Goebel, J., Grabka, M. M., Liebig, S., Kroh, M., Richter, D., 
Schröder, C., & Schupp, J. (2019). The German socio-eco-
nomic panel (SOEP). Journal of Economics and Statistics, 
239(2), 345–360. https://doi.org/10.1515/jbnst-2018-0022

Hamaker, E. L. (2023). The within-between dispute in cross-lagged 
panel research and how to move forward. Psychological 
Methods. Advance online publication. https://doi.org/10.1037/
met0000600

Hamaker, E. L., Kuiper, R. M., & Grasman, R. P. (2015). A cri-
tique of the cross-lagged panel model. Psychological Methods, 
20(1), 102–116. https://doi.org/10.1037/a0038889

Heintzelman, S. J., Kushlev, K., Lutes, L. D., Wirtz, D., 
Kanippayoor, J. M., Leitner, D., Oishi, S., & Diener, E. 
(2020). ENHANCE: Evidence for the efficacy of a comprehen-
sive intervention program to promote subjective well-being. 
Journal of Experimental Psychology: Applied, 26(2), 360–383. 
https://doi.org/10.1037/xap0000254

Helzer, E. G., & Jayawickreme, E. (2015). Control and the “good 
life” primary and secondary control as distinct indicators of 
well-being. Social Psychological and Personality Science, 
6(6), 653–660. https://doi.org/10.1177/1948550615576210

Hudson, N. W., Lucas, R. E., & Donnellan, M. B. (2019). 
Healthier and happier? A 3-year longitudinal investiga-
tion of the prospective associations and concurrent changes 
in health and experiential well-being. Personality and 
Social Psychology Bulletin, 45(12), 1635–1650. https://doi.
org/10.1177/0146167219838547

Jayawickreme, E., Tsukayama, E., & Kashdan, T. B. (2017). 
Examining the within-person effect of affect on daily satisfac-
tion. Journal of Research in Personality, 71, 27–32. https://doi.
org/10.1016/j.jrp.2017.08.008

Jiang, J., Song, Y., Ke, Y., Wang, R., & Liu, H. (2015). Is disci-
plinary culture a moderator between materialism and subjec-
tive well-being? A Three-Wave longitudinal study. Journal of 
Happiness Studies, 17(4), 1391–1408. https://doi.org/10.1007/
s10902-015-9649-1

Joshanloo, M. (2016). Factor structure of subjective well-being 
in Iran. Journal of Personality Assessment, 98(4), 435–443. 
https://doi.org/10.1080/00223891.2015.1117473

Joshanloo, M. (2018). Longitudinal associations between sub-
jective and psychological well-being in Japan: A four-
year cross-lagged panel study. Personality and Individual 

Differences, 134, 289–292. https://doi.org/10.1016/j.
paid.2018.06.033

Jovanović, V., & Joshanloo, M. (2022). The contribution of posi-
tive and negative affect to life satisfaction across age. Applied 
Research in Quality of Life, 17(2), 511–524. https://doi.
org/10.1007/s11482-020-09903-5

Jovanović, V., Joshanloo, M., Martín-Carbonell, M., Caudek, C., 
Espejo, B., Checa, I., & Żemojtel-Piotrowska, M. (2022). 
Measurement invariance of the scale of positive and negative 
experience across 13 countries. Assessment, 29(7), 1507–1521.

Jovanović, V., & Lazić, M. (2020). Is longer always better? A com-
parison of the validity of single-item versus multiple-item mea-
sures of life satisfaction. Applied Research in Quality of Life, 
15, 675–692.

Kapteyn, A., Lee, J., Tassot, C., Vonkova, H., & Zamarro, G. 
(2015). Dimensions of subjective well-being. Social Indicators 
Research, 123(3), 625–660. https://doi.org/10.1007/s11205-
014-0753-0

Keyes, C. L. M., Shmotkin, D., & Ryff, C. D. (2002). Optimizing 
well-being: The empirical encounter of two traditions. Journal 
of Personality and Social Psychology, 82(6), 1007–1022. 
https://doi.org/10.1037/0022-3514.82.6.1007

Kilpatrick, F. P., & Cantril, H. (1960). Self-anchoring scaling: 
A measure of individuals’ unique reality worlds. Journal of 
Individual Psychology, 16, 158–173.

Krauss, S., Orth, U., & Robins, R. W. (2020). Family environ-
ment and self-esteem development: A longitudinal study from 
age 10 to 16. Journal of Personality and Social Psychology, 
119(2), 457–478. https://doi.org/10.1037/pspp0000263

Larsen, R. J., Diener, E., & Emmons, R. A. (1985). An evaluation 
of subjective well-being measures. Social Indicators Research, 
17, 1–17. https://doi.org/10.1007/BF00354108

Lin, W. H., & Yi, C. C. (2019). Subjective well-being and fam-
ily structure during early adolescence: A prospective study. 
Journal of Early Adolescence, 39(3), 426–452. https://doi.
org/10.1177/0272431618770785

Lucas, R. E. (2023). Why the cross-lagged panel model is almost 
never the right choice. Advances in Methods and Practices in 
Psychological Science, 6(1), 25152459231158378.

Lucas, R. E., & Diener, E. (2015). Personality and subjective well-
being: Current issues and controversies. In M. Mikulincer, P. 
R. Shaver, M. L. Cooper, & R. J. Larsen (Eds.), APA handbook 
of personality and social psychology, Volume 4: Personality 
processes and individual differences (pp. 577–599). American 
Psychological Association. https://doi.org/10.1037/14343-026

Lucas, R. E., Wallsworth, C., Anusic, I., & Donnellan, M. B. 
(2021). A direct comparison of the day reconstruction method 
(DRM) and the experience sampling method (ESM). Journal of 
Personality and Social Psychology, 120(3), 816–835. https://
doi.org/10.1037/pspp0000289

Lüdtke, O., & Robitzsch, A. (2022). A comparison of different 
approaches for estimating cross-lagged effects from a causal 
inference perspective. Structural Equation Modeling: A 
Multidisciplinary Journal, 29(6), 888–907. https://doi.org/10.
1080/10705511.2022.2065278

Luhmann, M., & Kalitzki, A. (2018). How animals contribute to 
subjective well-being: A comprehensive model of protective 
and risk factors. The Journal of Positive Psychology, 13(2), 
200–214. https://doi.org/10.1080/17439760.2016.1257054

https://doi.org/10.1037/pas0000209
https://doi.org/10.1111/j.1467-6494.2011.00694.x
https://doi.org/10.1146/annurev-psych-022423-030818
https://doi.org/10.1146/annurev-psych-022423-030818
https://doi.org/10.1177/2515245919847202
https://doi.org/10.1177/2515245919847202
https://doi.org/10.1515/jbnst-2018-0022
https://doi.org/10.1037/met0000600
https://doi.org/10.1037/met0000600
https://doi.org/10.1037/a0038889
https://doi.org/10.1037/xap0000254
https://doi.org/10.1177/1948550615576210
https://doi.org/10.1177/0146167219838547
https://doi.org/10.1177/0146167219838547
https://doi.org/10.1016/j.jrp.2017.08.008
https://doi.org/10.1016/j.jrp.2017.08.008
https://doi.org/10.1007/s10902-015-9649-1
https://doi.org/10.1007/s10902-015-9649-1
https://doi.org/10.1080/00223891.2015.1117473
https://doi.org/10.1016/j.paid.2018.06.033
https://doi.org/10.1016/j.paid.2018.06.033
https://doi.org/10.1007/s11482-020-09903-5
https://doi.org/10.1007/s11482-020-09903-5
https://doi.org/10.1007/s11205-014-0753-0
https://doi.org/10.1007/s11205-014-0753-0
https://doi.org/10.1037/0022-3514.82.6.1007
https://doi.org/10.1037/pspp0000263
https://doi.org/10.1007/BF00354108
https://doi.org/10.1177/0272431618770785
https://doi.org/10.1177/0272431618770785
https://doi.org/10.1037/14343-026
https://doi.org/10.1037/pspp0000289
https://doi.org/10.1037/pspp0000289
https://doi.org/10.1080/10705511.2022.2065278
https://doi.org/10.1080/10705511.2022.2065278
https://doi.org/10.1080/17439760.2016.1257054


Busseri	 2283

Luhmann, M., Necka, E. A., Schönbrodt, F. D., & Hawkley, L. C. 
(2016). Is valuing happiness associated with lower well-being? 
A factor-level analysis using the Valuing Happiness Scale. 
Journal of Research in Personality, 60, 46–50. https://doi.
org/10.1016/j.jrp.2015.11.003

Maciejewski, D., van Sprang, E., Spinhoven, P., & Penninx, 
B. (2021). Longitudinal associations between negative life 
events and depressive symptoms—A 9-year longitudinal 
study on between-person and within-person effects and the 
role of family history. Journal of Personality and Social 
Psychology, 121(3), 707–721. https://doi.org/10.1037/
pspp0000381

Martela, F., & Sheldon, K. M. (2019). Clarifying the concept 
of well-being: Psychological need satisfaction as the com-
mon core connecting eudaimonic and subjective well-being. 
Review of General Psychology, 23(4), 458–474. https://doi.
org/10.1177/1089268019880886

Metler, S., & Busseri, M. A. (2017). Further evaluation of the tri-
partite structure of subjective well-being: Evidence from lon-
gitudinal and experimental studies. Journal of Personality, 85, 
192–206. https://doi.org/10.1111/jopy.12233

Molnar, D. S., Busseri, M. A., Perrier, C. P., & Sadava, S. W. 
(2009). A longitudinal examination of alcohol use and sub-
jective well-being in an undergraduate sample. Journal of 
Studies on Alcohol and Drugs, 70(5), 704–713. https://doi.
org/10.15288/jsad.2009.70.704

Mroczek, D. K., & Kolarz, C. M. (1998). The effect of age on posi-
tive and negative affect: A developmental perspective on hap-
piness. Journal of Personality and Social Psychology, 75(5), 
1333–1349. https://doi.org/10.1037/0022-3514.75.5.1333

Mulder, J. D., & Hamaker, E. L. (2021). Three extensions of the ran-
dom intercept cross-lagged panel model. Structural Equation 
Modeling: A Multidisciplinary Journal, 28, 638–648. https://
doi.org/10.1080/10705511.2020.1784738

Muthén, L. K., & Muthén, B. O. (1998–2017). Mplus user’s guide 
(8th ed.).

Newman, D. B., Schwarz, N., & Stone, A. A. (2021). Global reports 
of well-being overestimate aggregated daily states of well-
being. Journal of Positive Psychology, 16(3), 407–416. https://
doi.org/10.1080/17439760.2020.1725608

Oishi, S., Graham, J., Kesebir, S., & Galinha, I. C. (2013). Concepts 
of happiness across time and cultures. Personality and Social 
Psychology Bulletin, 39(5), 559–577.

Olesen, M. H., Thomsen, D. K., & O’Toole, M. S. (2015). Subjective 
well-being: Above neuroticism and extraversion, autonomy 
motivation matters. Personality and Individual Differences, 
77, 45–49. https://doi.org/10.1016/j.paid.2014.12.033

Orth, U., Clark, D. A., Donnellan, M. B., & Robins, R. W. 
(2021). Testing prospective effects in longitudinal research: 
Comparing seven competing cross-lagged models. Journal 
of Personality and Social Psychology, 120(4), 1013–1034. 
https://doi.org/10.1037/pspp0000358

Orth, U., Meier, L. L., Bühler, J. L., Dapp, L. C., Krauss, S., Messerli, 
D., & Robins, R. W. (2024). Effect size guidelines for cross-
lagged effects. Psychological Methods, 29(2), 421. https://doi.
org/10.1037/met0000499

Robinson, M. D., & Clore, G. L. (2002). Belief and feeling: 
Evidence for an accessibility model of emotional self-
report. Psychological Bulletin, 128(6), 934–960. https://doi.
org/10.1037/0033-2909.128.6.934

Rohrer, J. M., & Murayama, K. (2023). These are not the effects you 
are looking for: Causality and the Within-/Between-Persons dis-
tinction in longitudinal data analysis. Advances in Methods and 
Practices in Psychological Science, 6(1), 251524592211408. 
https://doi.org/10.1177/25152459221140842

Santos, H. C., & Grossmann, I. (2021). Cross-temporal explora-
tion of the relationship between wisdom-related cognitive 
broadening and subjective well-being: Evidence from a cross-
validated national longitudinal study. Social Psychological 
and Personality Science, 12(4), 506–516. https://doi.
org/10.1177/1948550620921619

Savahl, S., Casas, F., & Adams, S. (2021). The structure of chil-
dren’s subjective well-being. Frontiers in Psychology, 12, 
Article 650691. https://doi.org/10.3389/fpsyg.2021.650691

Schimmack, U. (2008). The structure of subjective well-being. In M. 
Eid, & R. J. Larsen (Eds.), The science of subjective well-being 
(pp. 97-123).The Guilford Press.

Schimmack, U. (2009). Measuring wellbeing in the SOEP. 
Schmollers Jahrbuch, 129(2), 241–249. https://doi.org/10.3790/
schm.129.2.241

Schimmack, U., Diener, E., & Oishi, S. (2002). Life-satisfaction is 
a momentary judgment and a stable personality characteristic: 
The use of chronically accessible and stable sources. Journal 
of Personality, 70, 345–384. https://doi.org/10.1111/1467-
6494.05008

Schimmack, U., & Oishi, S. (2005). The influence of chroni-
cally and temporarily accessible information on life sat-
isfaction judgments. Journal of Personality and Social 
Psychology, 89(3), 395–406. https://doi.org/10.1037/0022-
3514.89.3.395

Schwarz, N., & Clore, G. L. (1983). Mood, misattribution, and 
judgments of well-being: Informative and directive func-
tions of affective states. Journal of Personality and Social 
Psychology, 45(3), 513–523. https://doi.org/10.1037/0022-
3514.45.3.513

Sheldon, K. M. & Lucas, R. E. (Eds.) (2014). Stability of happi-
ness: Theories and evidence on whether happiness can change. 
Elsevier.

Sheldon, K. M., & Lyubomirsky, S. (2019). Revisiting the Sustainable 
Happiness model and pie Chart: Can happiness be successfully 
pursued? The Journal of Positive Psychology, 16(2), 145–154. 
https://doi.org/10.1080/17439760.2019.1689421

Spindler, G., Stopsack, M., Aldinger, M., Grabe, H. J., & Barnow, S. 
(2016). What about the “ups and downs” in our daily life? The 
influence of affective instability on mental health. Motivation 
and Emotion, 40(1), 148–161. https://doi.org/10.1007/s11031-
015-9509-7

Suar, D., Jha, A. K., Das, S. S., & Alat, P. (2019). The structure and 
predictors of subjective well-being among millennials in India. 
Cogent Psychology, 6(1), Article 1584083. https://doi.org/10.1
080/23311908.2019.1584083

Thomas, B., Clegg, K., Holding, A. C., & Koestner, R. (2021). 
From the good life to good living: A longitudinal study investi-
gating the relationship between good-life coherence and moti-
vation, goal progress and subjective well-being. Journal of 
Happiness Studies, 23(5), 1887–1900. https://doi.org/10.1007/
s10902-021-00476-0

Tian, L., Chen, H., & Huebner, E. S. (2014). The longitudinal 
relationships between basic psychological needs satisfac-
tion at school and school-related subjective well-being in  

https://doi.org/10.1016/j.jrp.2015.11.003
https://doi.org/10.1016/j.jrp.2015.11.003
https://doi.org/10.1037/pspp0000381
https://doi.org/10.1037/pspp0000381
https://doi.org/10.1177/1089268019880886
https://doi.org/10.1177/1089268019880886
https://doi.org/10.1111/jopy.12233
https://doi.org/10.15288/jsad.2009.70.704
https://doi.org/10.15288/jsad.2009.70.704
https://doi.org/10.1037/0022-3514.75.5.1333
https://doi.org/10.1080/10705511.2020.1784738
https://doi.org/10.1080/10705511.2020.1784738
https://doi.org/10.1080/17439760.2020.1725608
https://doi.org/10.1080/17439760.2020.1725608
https://doi.org/10.1016/j.paid.2014.12.033
https://doi.org/10.1037/pspp0000358
https://doi.org/10.1037/met0000499
https://doi.org/10.1037/met0000499
https://doi.org/10.1037/0033-2909.128.6.934
https://doi.org/10.1037/0033-2909.128.6.934
https://doi.org/10.1177/25152459221140842
https://doi.org/10.1177/1948550620921619
https://doi.org/10.1177/1948550620921619
https://doi.org/10.3389/fpsyg.2021.650691
https://doi.org/10.3790/schm.129.2.241
https://doi.org/10.3790/schm.129.2.241
https://doi.org/10.1111/1467-6494.05008
https://doi.org/10.1111/1467-6494.05008
https://doi.org/10.1037/0022-3514.89.3.395
https://doi.org/10.1037/0022-3514.89.3.395
https://doi.org/10.1037/0022-3514.45.3.513
https://doi.org/10.1037/0022-3514.45.3.513
https://doi.org/10.1080/17439760.2019.1689421
https://doi.org/10.1007/s11031-015-9509-7
https://doi.org/10.1007/s11031-015-9509-7
https://doi.org/10.1080/23311908.2019.1584083
https://doi.org/10.1080/23311908.2019.1584083
https://doi.org/10.1007/s10902-021-00476-0
https://doi.org/10.1007/s10902-021-00476-0


2284	 Personality and Social Psychology Bulletin 51(11)

adolescents. Social Indicators Research, 119(1), 353–372. 
https://doi.org/10.1007/s11205-013-0495-4

Ware, J. E., Jr., & Sherbourne, C. D. (1992). The MOS 36-item 
short-form health survey (SF-36): I. Conceptual framework 
and item selection. Medical Care, 30, 473–483. https://doi.
org/10.1097/00005650-199206000-00002

Watson, D., & Tellegen, A. (1985). Toward a consensual structure 
of mood. Psychological Bulletin, 98(2), 219–235. https://doi.
org/10.1037/0033-2909.98.2.219

Westerhof, G. J., & Barrett, A. E. (2005). Age identity and sub-
jective well-being: A comparison of the United States and 
Germany. The Journals of Gerontology Series B: Psychological 
Sciences and Social Sciences, 60(3), S129–S136. https://doi.
org/10.1093/geronb/60.3.S129

Willroth, E. C., John, O. P., Biesanz, J. C., & Mauss, I. B. (2020). 
Understanding short-term variability in life satisfaction: The 
Individual Differences in Evaluating Life Satisfaction (IDELS) 
model. Journal of Personality and Social Psychology, 119(1), 
229–248. https://doi.org/10.1037/pspp0000261

Wooden, M., & Watson, N. (2007). The HILDA survey and its con-
tribution to economic and social research (so far). Economic 
Record, 83(261), 208–231. https://doi.org/10.1111/j.1475-
4932.2007.00395.x

Wu, X., Gai, X., & Wang, W. (2020). Subjective well-being and 
academic performance among middle schoolers: A two-wave 
longitudinal study. Journal of Adolescence, 84, 11–22. https://
doi.org/10.1016/j.adolescence.2020.07.011

Yang, K., Yan, W., Jia, N., Wang, Q., & Kong, F. (2021). 
Longitudinal relationship between trait gratitude and subjec-
tive well-being in adolescents: Evidence from the bi-factor 
model. The Journal of Positive Psychology, 16(6), 802–810. 
https://doi.org/10.1080/17439760.2020.1818812

Zell, E., & Lesick, T. L. (2022). Big five personality traits and 
performance: A quantitative synthesis of 50+ meta-analyses. 
Journal of Personality, 90, 559–573. https://doi.org/10.1111/
jopy.12683

Zettler, I., Moshagen, M., & Hilbig, B. E. (2021). Stability and 
change: The dark factor of personality shapes dark traits. 
Social Psychological and Personality Science, 12(6), 974–983. 
https://doi.org/10.1177/1948550620953288

Zyphur, M. J., Allison, P. D., Tay, L., Voelkle, M. C., Preacher, 
K. J., Zhang, Z., Hamaker, E. L., Shamsollahi, A., Pierides, 
D., Koval, P., & Diener, E. (2020). From data to causes I: 
Building a general Cross-Lagged Panel model (GCLM). 
Organizational Research Methods, 23(4), 651–687. https://doi.
org/10.1177/1094428119847278

https://doi.org/10.1007/s11205-013-0495-4
https://doi.org/10.1097/00005650-199206000-00002
https://doi.org/10.1097/00005650-199206000-00002
https://doi.org/10.1037/0033-2909.98.2.219
https://doi.org/10.1037/0033-2909.98.2.219
https://doi.org/10.1093/geronb/60.3.S129
https://doi.org/10.1093/geronb/60.3.S129
https://doi.org/10.1037/pspp0000261
https://doi.org/10.1111/j.1475-4932.2007.00395.x
https://doi.org/10.1111/j.1475-4932.2007.00395.x
https://doi.org/10.1016/j.adolescence.2020.07.011
https://doi.org/10.1016/j.adolescence.2020.07.011
https://doi.org/10.1080/17439760.2020.1818812
https://doi.org/10.1111/jopy.12683
https://doi.org/10.1111/jopy.12683
https://doi.org/10.1177/1948550620953288
https://doi.org/10.1177/1094428119847278
https://doi.org/10.1177/1094428119847278

