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A B S T R A C T   

Within the past several decades, scholars have expressed concerns regarding the psychometric properties of 
global, retrospective self-reports of well-being (e.g., life satisfaction scales). This has led to the development of 
purportedly psychometrically superior experiential measures of well-being, such as the day reconstruction 
method. However, relatively few studies have directly compared the psychometric properties of global and 
experiential well-being measures. The present study was a one-month longitudinal design in which we collected 
up to three measures of (1) global well-being and (2) experiential well-being as measured via the day recon-
struction method. These data were used to examine the temporal stability in both types of measures. Moreover, 
we also examined the criterion-related validity of global and experiential well-being by examining their corre-
lations with theoretically-relevant variables. Results indicated that the majority of variance in all well-being 
variables was stable across one month—with global life satisfaction being the most stable and experiential 
negative affect being the least stable. Moreover, in our study, the criterion-related validities for global and 
experiential well-being were similar. These results seem to affirm the reliability and validity of global measures, 
and suggest that global and experiential measures of well-being may have similar psychometric properties.   

1. Introduction 

Subjective well-being is a broad, multifaceted construct that reflects 
a person’s overall evaluation of the quality of their life as a whole. 
Historically, well-being researchers have focused on two separable 
subcomponents of this construct (Diener, 1984; Kim-Prieto et al., 2005; 
Lucas et al., 1996). The first component is an individual’s cognitive 
evaluation of the quality of their life, as reflected in an explicit judgment 
of global life satisfaction. The second component reflects the extent to 
which an individual typically experiences positive and negative affect (e. 
g., Diener et al., 1985; Watson et al., 1988). 

More recently, as can be seen in Fig. 1, researchers have noted that 
these components can be assessed in at least two different ways. The first 
is through global judgments about one’s typical levels of life satisfaction 
or positive and negative affect. The second assessment technique cap-
tures an individual’s reports of momentary, in vivo experiences of posi-
tive and negative emotions (e.g., Kahneman et al., 2004; Shiffman et al., 
2008). Importantly, scholars have shown that global and experiential 
measures of well-being sometimes exhibit distinct patterns of correla-
tions with predictors and outcomes; but it is as yet unclear as to whether 

these different patterns result from differences in the nature of the 
constructs being measured or differences in the reliability and validity of 
the measures used to assess them. Accordingly, the goal of the present 
report was to compare the psychometric properties of these global and 
experiential methods of assessing well-being. 

1.1. A historical perspective on the assessment of well-being 

A defining characteristic of well-being is that it is inherently sub-
jective: People get to decide for themselves whether their lives are 
evaluated positively or negatively (Diener, 1984). Thus, it is not sur-
prising that well-being has historically been studied using self-report 
measures (e.g., Cantril, 1967; Diener et al., 1985). This approach, 
which was initially justified based on face validity and ease of admin-
istration of global measures, has also been shown to result in scores with 
a reasonable degree of reliability and validity (for a review, see Diener 
et al., 2009). 

Despite the initial favorable evidence regarding the psychometric 
properties of global measures, several researchers have argued that 
providing an accurate assessment of global well-being may prove 
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cognitively demanding for respondents (Robinson & Clore, 2002a, 
2007). Specifically, these scholars take the position that the process of 
forming an accurate judgment regarding one’s well-being requires 
mentally aggregating across a considerable amount of relevant infor-
mation, and can therefore force respondents to rely on potentially 
inaccurate heuristics and reduce the validity of global measures, at least 
in some circumstances (Schwarz et al., 1987; Schwarz & Clore, 1983; 
Schwarz & Strack, 1999). Seemingly supporting this perspective, studies 
suggest that participants’ evaluations of well-being can be partially 
influenced by theoretically inconsequential factors, such as current 
mood or fleeting and trivial emotional experiences (e.g., Schwarz & 
Clore, 1983; Schwarz & Strack, 1999). For example, people’s self-reports 
of overall happiness and satisfaction with their life as a whole have been 
shown to vary as a function of the weather (Schwarz & Clore, 1983) and 
whether their favorite soccer team had recently won a game (Schwarz 
et al., 1987). Such findings have prompted conclusions that “reports 
about happiness and satisfaction with one’s life do not necessarily reflect 
stable inner states” (Schwarz et al., 1987, p. 70), and that “there is little 
to be learned from global self-reports of well-being” because they are 
“too context dependent to provide reliable information about a pop-
ulation’s well-being” (Schwarz & Strack, 1999, p. 80).1 

An alternative to global self-reports is to assess an individual’s 
momentary experiences of well-being throughout daily life and then 
aggregate these reports. The basic idea is that a person high in well- 
being will report frequent experiences of positive emotions and rela-
tively infrequent experiences of negative emotions. Moreover, reporting 
one’s in vivo emotions should not require intensive cognitive opera-
tions, and thus individuals should be able to answer questions about 
their current (or recent) felt emotions relatively accurately (Robinson & 
Clore, 2002a, 2002b). Thus, by aggregating emotional experiences, 

cognitive biases can be minimized and researchers can attain an osten-
sibly “objective” assessment of a participants’ well-being (Kahneman, 
1999). This perspective has motivated the development of a number of 
experiential assessment approaches, including the experience sampling 
method (ESM; Shiffman et al., 2008) and, more recently, the day 
reconstruction method (DRM; Kahneman et al., 2004). The DRM is a 
relatively new approach designed to overcome some of the practical 
limitations of ESM, such as the relatively high burden ESM places on 
participants. 

Specifically, in the DRM, participants complete a survey in which 
they reconstruct their entire previous day, listing all activities in which 
they engaged and rating their affective experiences during those activ-
ities. This does not require researchers to purchase costly software or 
equipment or ask participants to install potentially intrusive phone ap-
plications. Moreover, it is less burdensome to participants because it 
does not require them to carry an electronic paging device or suffer 
interruptions during their daily routines. Preliminary evidence suggests 
that, despite the DRM entailing a small degree of retrospective report-
ing, once aggregated across a day, ESM and DRM measures of experi-
ential well-being correlate strongly with one another (Bylsma et al., 
2011; Dockray et al., 2010; Lucas et al., 2016). 

An emerging body of research examining the properties of these 
newer experiential measures (e.g., DRM) has found that global and 
experiential well-being only moderately correlate with one another 
(Hudson et al., 2017, 2020). Perhaps more surprisingly, global and 
experiential measures sometimes show different patterns of correlations 
with theoretically relevant predictors (Diener & Tay, 2014; Hudson 
et al., 2016; Kahneman & Deaton, 2010). For example, greater income is 
associated with higher life satisfaction (to a point) but not daily expe-
riences of happiness (Hudson et al., 2016; Kahneman & Deaton, 2010). 
This has raised questions about the reasons for these discrepancies. 

On the one hand, it may simply be the case that global and experi-
ential well-being reflect fundamentally distinct ways of evaluating one’s 
life—and thus tap different, albeit related constructs (Hudson et al., 
2017; Redelmeier & Kahneman, 1996; Robinson & Clore, 2002a). For 
instance, people’s top-down judgments of how frequently they experi-
ence positive emotions may not match aggregated measures of their 
actual, lived moods and feelings because someone could predominantly 
experience negative affect, yet nevertheless decide that their life as 
whole is satisfying (or vice versa). Similarly, when evaluating the overall 
quality of their lives, individuals may idiosyncratically mentally 
“weight” the importance of different experiences in ways that are 
difficult for researchers to anticipate. For example, a person might 
predominantly experience negative affect during most of their waking 
hours (e.g., at work), but nevertheless conclude that they have high 
levels of global positive affect because they feel mostly positive emotions 
“when it matters” (e.g., in social contexts; outside of work). On the other 
hand, the different patterns of associations between global and experi-
ential well-being may result from differences in psychometric properties 
of the measures used to assess these different components of well-being 
(i.e., some measures may be more reliable or valid than others, resulting 
in stronger associations with predictors and outcomes). 

Resolving the debate regarding the assessment of well-being is 
important for future research because it directly bears on the kinds of 
decisions researchers will make when designing studies and testing 
hypotheses. The goal of the current report was to compare global self- 
report and experiential measures in terms of their convergence, short- 
term stability coefficients over the course of one month, and criterion- 
related validity coefficients. The results of our study provide needed 
data about these two approaches and potentially shed light on the nature 
of the constructs being assessed by these respective techniques. 

1.2. Stability of well-being 

There are often debates in the social and behavioral science as to 
whether specific constructs represent stable, trait-like individual 

Fig. 1. Subtypes of Well-Being, Note. Well-being can be subdivided by two fac-
tors (global vs. experiential; cognitive vs. affective) to produce four separate 
subtypes of well-being. Descriptions of each subcomponent of well-being, along 
with sample measures thereof, are listed in each cell. 

1 It important to note that such studies have historically been underpowered 
to detect typical effect sizes in social psychology, which raises the possibility of 
inflated effect sizes in this literature (Button et al., 2013). Thus, the case against 
global self-reports may not be as strong as portrayed (see Yap et al., 2017). 
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differences or a more transitory states that are heavily influenced by 
situational factors and fleeting moods (Anusic & Schimmack, 2016; 
Fraley & Roberts, 2005; Fraley, Vicary, Brumbaugh, & Roisman, 2011; 
Hudson et al., 2016). Because well-being is supposed to tap one’s eval-
uation of life as a whole, and because relevant life conditions do not 
typically fluctuate from moment to moment, measures of well-being 
should be relatively stable over time. Thus, tests of stability can be 
used to evaluate the validity of any well-being assessment technique. 
Accordingly, by directly comparing the stability of global self-reports 
and experiential measures of well-being, it is possible to evaluate how 
well the two approaches measure stable individual differences. 

To that end, it is important to identify benchmarks for interpreting 
stability coefficients. Existing meta-analyses suggests that test–retest 
stabilities in global self-reported well-being are approximately r = 0.70, 
0.60, 0.50, and 0.35 over 1-, 2-, 5-, and 10-year intervals, respective-
ly—asymptotically approaching a lower-bound of approximately 0.20 to 
0.35 over increasing long intervals (Anusic & Schimmack, 2016; 
Schimmack & Oishi, 2005). Thus, given our study’s short (one month) 
duration, we might expect to observe stabilities in global well-being 
greater than r = 0.70. Far fewer studies have examined stability in 
experiential affect as measured via DRM. Those studies have found that 
the stabilities in experiential well-being are approximately r = 0.65, 
0.50, 0.40, and 0.35 over 2-week, 4-week, 1-year, and 2-year test–retest 
intervals (Hudson et al., 2017, 2020; Krueger & Schkade, 2008). Thus, if 
anything, we might expect to find lower test–retest stability for experi-
ential well-being than global well-being in our study (perhaps approx-
imately r = 0.50), potentially suggesting that experiential well-being is 
more influenced by situational factors (e.g., daily events) than are global 
measures. Notably, lower stability coefficients would suggest that a 
measure is a potentially less-valid indicator of stable individual 
differences. 

As an important methodological note, people’s moment-by-moment 
experienced emotions are influenced by transitory situational factors 
and exhibit very low stability (Epstein, 1979)—but when aggregated 
across time (e.g., across a day), random state-level factors tend to cancel 
out, and individuals’ affective experiences increase in temporal stability, 
capturing more stable individual differences in trait affect (Diener & 
Larsen, 1984; Hudson et al., 2017). Although the ideal measure of 
experiential well-being might be to aggregate individuals’ affect across 
extended periods of time (e.g., weeks or months)—such intensive data 
collection may not be feasible, especially in large-scale survey work 
designed to assess well-being amidst other research goals (e.g., Wagner 
et al., 2007). Moreover, similar logic could be applied to global mea-
sures: To the extent they are influenced by transient situational/mood 
factors (e.g., Schwarz & Clore, 1983; Schwarz & Strack, 1999), repeat-
edly administering global measures should allow these random situa-
tional effects to cancel out, ultimately tapping stable individual 
differences. Thus, both to inform pragmatic research applications of 
DRM and to provide a fair comparison of the relative merits of global 
versus experiential measures of well-being, we collected and aggregated 
only one day’s worth of global and experiential well-being at each time 
point in our study. 

1.3. Criterion-related validity 

The stability of scores across time is a critical consideration when 
evaluating measures of well-being. Another consideration, however, is 
the extent to which observed scores correlate with theoretically relevant 
variables. This is often referred to as the measure’s criterion validity 
(Cronbach & Meehl, 1955). Intuitively, well-being should correlate with 
a wide variety of variables including health (Okun et al., 1984), rela-
tionship status (Lucas & Dyrenforth, 2006), parental status (Nelson 
et al., 2013), employment status (Helliwell, 2003), socioeconomic status 
(Pinquart & Sorensen, 2000), and personality traits such as extraversion 
and neuroticism (Dyrenforth et al., 2010; Heller et al., 2004; Schimmack 
et al., 2002; Steel et al., 2008). As it stands, global self-report measures 

of well-being have been shown to correlate in expected ways with each 
of these variables, albeit the correlations are often small-to-moderate in 
size. 

In contrast to results for global measures, Diener and Tay (2014) 
concluded that, “…Feelings assessed by the DRM do not seem to 
correlate to any degree with important variables such as employment or 
income…. It is an open question whether the DRM shows significant 
correlations with important measures that are not collected in the DRM 
itself” (pp. 259–260). However, the existing database of studies 
including DRM measures of well-being is sparse and additional research 
is needed to evaluate their claim—especially studies that simultaneously 
compares global self-reports and DRM-based approaches. Accordingly, 
in the present study, we directly compared the extent to which DRM 
measures of experiential well-being and global measures correlated with 
personality, health, relationship status, parental status, employment 
status, and income. To the extent that experiential measures are more 
valid indicators of well-being than global ones (Kahneman, 1999; 
Schwarz & Clore, 1983), we should expect the experiential measures to 
have greater criterion-related validities (i.e., greater correlations with 
these external variables) than do the global measures. 

Importantly, it is possible that experiential measures provide a more 
valid assessment of individuals’ underlying well-being—but do so 
alongside more random noise (or vice versa). In other words, it is 
possible, for example, that measures of experiential well-being provide a 
purer (i.e., less systematically biased) assessment of the “true” well- 
being construct than do global measures, but that they also contain so 
much measurement error that it is difficult to detect their correlates 
(Diener & Tay, 2014). To address this possibility, we collected repeated 
measures of global and experiential well-being and separated variance 
in the measures across time into the stable, trait-like constructs under-
lying each measure, in addition to the unique, state variance (which 
includes measurement error) at each occasion. By separately correlating 
the trait- and state-components of each type of well-being with external 
criteria, we were able to test the extent to which the core constructs 
underlying experiential and global well-being predicted external 
criteria, sans any noise due to random measurement error. 

1.4. Overview of the present study 

The present study was a one-month longitudinal study in which 
participants provided up to three waves of data. At each wave, partici-
pants completed three global well-being measures—life satisfaction, 
global positive affect, and global negative affect. Additionally, partici-
pants reported their experiential positive and negative affect from the 
previous day using the DRM. These data were used to evaluate the one- 
month stabilities in self-reported and experiential well-being. Moreover, 
we examined the criterion validities of global self-reports and experi-
ential measures by computing participants’ latent trait scores (across all 
waves) for experiential and global well-being and examining the extent 
to which participants’ latent trait well-being correlated with various 
theoretically relevant criteria. 

Finally, as an important ancillary goal, we also used our data to 
examine to the extent to which two methodological choices might in-
fluence the psychometric properties of the DRM. First, when aggregating 
emotional data across episodes in the DRM, researchers are divided with 
respect to whether it is better to use raw, unweighted averages, as 
opposed to averages in which affect ratings are weighted by episode 
duration (Diener & Tay, 2014; Kahneman et al., 2004). Thus, in the 
present study, we tested the psychometric properties of both unweighted 
and duration-weighted experiential affect composites. 

Second, we examined whether randomly sampling DRM episodes 
might produce different results from administering a comprehensive 
DRM assessment. Namely, in the full DRM, participants list all activities 
in which they had engaged during the prior day, and rate their affective 
experiences in every episode (Kahneman et al., 2004). This process, 
however, can take upwards of an hour to complete—which is untenable 
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for many research contexts, as well as large-scale national surveys (e.g., 
the German Socioeconomic Panel or American Time Use Study). To 
reduce the time required to complete the DRM, researchers have often 
adopted the strategy of asking participants to list all activities in which 
they engaged the prior day, but to rate their affective experiences in only 
a randomly selected subset of the listed activities (e.g., three randomly 
selected episodes; Hudson et al., 2020). The psychometric consequences 
of doing so, however, are not well understood. 

To address this issue, in the present study, participants completed the 
full DRM (i.e., they rated their affective experiences across all reported 
episodes). Our primary analyses examined composites of participants’ 
affective experiences averaged across all episodes. However, to emulate 
research in which DRM episodes were randomly sampled, we also 
created composites of randomly sampled DRM affect by randomly 
selecting three episodes per participant per wave and using only the 
affective ratings from the sampled episodes to form composites. Thus, 
we were able to directly compare the psychometric properties of expe-
riential well-being scores computed using the full DRM versus scores 
based on a randomly sampled subset of DRM episodes. 

2. Method 

2.1. Participants 

The sample was recruited from a list of Michigan residents who had 
previously participated in at least one wave of the Michigan University 
State of the State Survey (SOSS; Michigan State University Institute for 
Public Policy and Social Research, 2015), and who had indicated that 
they would be interested in receiving invitations to participate in other 
studies. Specifically, the SOSS is a quarterly, statewide telephone survey 
of approximately 1000 adult Michigan residents per wave, recruited via 
stratified random sampling procedures (Pierce, 2016). SOSS participants 
can opt-in to receive invitations to participate in additional, external 
studies. The SOSS administration team sent participants who had 
expressed interest in participating in future research an email invitation 
to participate in our study, alongside a link to the study website. Par-
ticipants were offered $20 USD per wave for completing up to three 
waves, plus a $15 USD bonus for completing all three waves (thus, 
maximum compensation for completing all waves was $75 USD); par-
ticipants could opt to receive either Amazon.com credit or a check. All 
study materials were presented online. 

A total of 410 participants responded to the email invitation and 
provided at least one wave of data.2 This sample size afforded more than 
99% power to detect average-sized effects in personality psychology 
(equivalent to r ~ 0.21; Richard et al., 2003) The final sample at Time 1 
was 60% female, with ages ranging from 19 to 92 (M = 52.77, SD =
14.81). The racial composition of the sample was 86% White, 6% Black, 
2% Asian, 2% Native American, and 1% Hispanic. Seventy-four percent 
of participants indicated they were currently involved in a romantic 
relationship, 82% had children, and 53% were employed. 

At Time 1, participants provided their contact information, and were 
later contacted and encouraged to provide two additional waves of data, 
with Time 2 and Time 3 measures collected an average of 17.60 (SD =
4.84) and 33.82 (SD = 6.51) days after Time 1, respectively. On average, 
participants provided 2.31 waves of data (SD = 0.91), with 326 partic-
ipants (80%) completing at least two waves. Attrition analyses revealed 
that only extraversion was related to total waves of data provided (r =
-0.10, 95% confidence interval [CI] [-0.19, -0.01]). No other study 
variables, as measured at Time 1, were significantly related to waves of 
data provided, all |r|s ≤ 0.06. 

2.2. Well-being measures 

All well-being measures were collected at all three time points. 

2.2.1. Experiential well-being 
Participants’ experiential well-being was measured using a variant of 

the DRM (Kahneman et al., 2004). Participants were first asked to 
reconstruct their entire prior day in terms of “scenes” or “episodes” that 
had occurred. Specifically, participants were given relatively open- 
ended instructions to divide their prior day’s morning, afternoon, and 
evening into episodes, “name” each episode, and recorded its start and 
end time. After reconstructing their entire prior day, participants were 
presented with each episode they had defined, and were asked to (1) 
select all activities they had performed during the episode from a pre-
determined list [e.g., commuting, shopping, housework], (2) select with 
whom they were interacting during the episode from a predetermined 
list [e.g., spouse, friend, coworker], and (3) rate the extent to which they 
felt various emotions during the episode: happiness, satisfaction, anger, 
sadness, frustration, and worry. All emotions were rated on a scale from 
0 (not at all) to 6 (very much). We formed daily composites for each 
emotion by averaging ratings across all episodes with equal weighting 
(e.g., we formed a daily happiness composite by averaging ratings of 
happiness across all episodes). Because research indicates that positive 
and negative affect are separable and sometimes independent (Watson 
et al., 1988), we formed separate composites for daily positive affect (an 
average of daily happiness and satisfaction; Time-1 α = 0.89) and daily 
negative affect (an average of daily anger, sadness, frustration, and 
worry; Time-1 α = 0.90). 

Duration-Weighted Affect. Our primary analyses used unweighted 
daily affect composites. That is, participants’ affective ratings for each 
episode within a wave were averaged together with equal weighting to 
form daily composites. Although this practice has been advocated by 
scholars due to its parsimony and potential for accurately capturing 
relevant psychological processes (e.g., happiness in greater numbers of 
self-defined “episodes” may be more psychologically meaningful than 
happiness in fewer, albeit longer episodes [e.g., work]; Diener & Tay, 
2014), others have argued that well-being should be a literal summation 
of momentary affect—and thus affective ratings in DRM episodes should 
be weighted by episode duration when forming overall affective com-
posites (Kahneman et al., 2004). Therefore, in the present study, we also 
created weighted daily affect composites and directly compared their 
psychometric properties to unweighted composites.3 

Randomly Sampled Affect. On average, participants reported 
12.01 DRM episodes (SD = 4.96) per measurement occasion.4 Although 
in our study participants rated their affective experiences across all DRM 
episodes, several prior studies have used abbreviated versions of the 
DRM in which participants listed all episodes that occurred the prior 
day, but rated their affective experiences in only three randomly 
selected episodes (e.g., Hudson et al., 2017). The empirical conse-
quences of randomly sampling episodes in the DRM versus asking par-
ticipants to report on all episodes are not well understood. Thus, in the 
present study we also attempted to address this issue by randomly 

2 Data from these participants are currently be used for several in-preparation 
manuscripts examining associations among well-being, time spent with others, 
activities engaged, personality, and relationship quality. 

3 The weighted composites were created via the following procedure. For 
each individual emotion (e.g., happiness), participants’ rating in each episode 
was multiplied by the episode duration divided by the total duration of all DRM 
episodes reported that wave (i.e., percent of total reported time). These prod-
ucts were then summed within waves to produce, for example, a weighted 
happiness score. The weighted positive and negative emotions were then 
averaged together to form weighted positive and negative affect composites, 
respectively.  

4 Participants reported a similar number of episodes across individual waves. 
A multilevel model revealed that number of reported episodes did not signifi-
cantly vary as a function of wave number—with participants non-significantly 
trending toward reporting 0.24 (95% CI [-0.01, 0.49]) more episodes with each 
passing wave. 
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selecting three episodes per wave per participant.5 We then created 
sampled negative affect and sampled positive affect composites at each 
wave by averaging participants’ ratings across only the randomly 
selected episodes. When randomly sampling episodes, duration- 
weighted composites are less appropriate (see Anusic et al., 2017); so, 
we therefore weighted all three episodes equally in the sampled affect 
composites. We repeated this sampling procedure 10 times to create 10 
sampled positive and negative affect variables per participant per wave. 
For all reported results pertaining to sampled affect, we report the 
average point estimates and confidence interval across the 10 random 
samples.6 

2.2.2. Global affect 
To measure global affective well-being, participants were asked to 

rate the extent to which they had felt various emotions over the past two 
weeks: happy, satisfied, angry, sad, frustrated, and worried. Each 
emotion was rated from 0 (almost never) to 6 (almost always). As with 
experiential well-being, we formed separate composites for global posi-
tive affect (an average of global happiness and satisfaction; Time-1 α =
0.84) and global negative affect (an average of global anger, sadness, 
frustration, and worry; Time-1 α = 0.79). 

2.2.3. Global life satisfaction 
We measured participants’ life satisfaction in two ways. First, par-

ticipants rated their life-satisfaction using the five-item satisfaction with 
life scale (SWLS; Diener et al., 1985). Items (e.g., “I am satisfied with my 
life”) were rated on a scale from 1 (strongly disagree) to 7 (strongly agree) 
and averaged to form a composite (Time-1 α = 0.90). Second, we used a 
single-item life satisfaction measure of the sort that is frequently used in 
large-scale survey work (e.g., the GSOEP; Wagner et al., 2007). Thus, 
participants also rated a single-item scale that read, “All things consid-
ered, how satisfied are you with your life?” This item was rated from 
0 (completely dissatisfied) to 10 (completely satisfied). 

2.3. Criterion variables at Time 1 

All criterion variables were measured at only Time 1. 

2.3.1. Personality traits 
Participants’ personality traits were measured using the 20-item 

Mini-IPIP (Donnellan et al., 2006). The Mini-IPIP contains subscales to 
measure extraversion (e.g., “I am the life of the party”), agreeableness 
(e.g., “I sympathize with others’ feelings”), conscientiousness (e.g., “I 
get chores done right away”), emotional stability (the opposite of 
neuroticism; e.g., “I am relaxed most of the time”), and openness to 
experience (e.g., “I have a vivid imagination”). All items were rated on a 
scale from 1 (very inaccurate) to 5 (very accurate) and averaged together 
to form composites for each big five personality dimension (αs ranged 
0.65 [agreeableness] to 0.77 [extraversion]). 

2.3.2. Health 
Participants were asked to rate their health using a single-item scale 

with options ranging from 1 (poor) to 5 (excellent). Research suggests 
that, although multi-item health measures tend to correlate more 
strongly with criterion variables, single item measures of health are 
nevertheless reliable, valid, and sensitive to within-person variation in 

health across time (Macias et al., 2015; Wu et al., 2013). 

2.3.3. Income 
Participants indicated their total annual household income using a 

scale that ranged from 1 (less than $10,000) to 8 (more than $75,000). 
Intermediate values (e.g., 4) represented ranges (e.g., $20,000 to less 
than $25,000). In all analyses, individuals’ incomes were coded as the 
mean of the range (e.g., 4 [$20,000–25,000] was recoded as $22,500). 
Responses of 1 and 8 were coded as $5,000 and $80,000, respectively. 

2.3.4. Other demographics 
Participants reported their [1] age, [2] relationship status (1 = in a 

committed relationship; 0 = not in a committed relationship), [3] 
parental status (1 = parent; 0 = non-parent), and [4] employment status 
(1 = employed; 0 = unemployed). 

3. Results 

Table 1 provides the descriptive statistics and correlations among all 
study variables at Time 1. Replicating prior research (e.g., Hudson et al., 
2017), experiential measures of positive and negative affect were 
moderately correlated with global self-report measures of positive and 
negative affect (average r = 0.54). We subsequently computed the cross- 
time latent correlations between all well-being variables. This was 
accomplished by creating a single latent factor for each well-being 
variable which captured the shared variance in each measure across 
all three waves (e.g., a “daily positive affect” latent variable was created 
with daily positive affect at Time 1, Time 2, and Time 3 as its indicators). 
The descriptive statistics and correlations for these latent variables are 
presented in Table 2. On a latent/trait level, experiential and global 
affect were highly correlated with one another (average r = 0.77). This 
suggests that, in our study, the experiential and global self-report affect 
measures shared considerable variance. 

3.1. Stability in experiential and global self-report well-being measures 

We next examined the portion of variance in each well-being mea-
sure that was attributable to a constant, trait-like latent variable over the 
course of the study’s duration. To this end, we present two separate, 
albeit highly related statistical analyses. First, Table 3 contains the 
manifest test–retest correlations across each time point. Second, we 
constructed state-trait structural equation models, which capture the 
percent variance in each measure that was attributable to constant, trait- 
like dynamics across the study (Kenny & Zautra, 1995). Given the sta-
tistical similarity of these approaches, we focus our narrative only on the 
latter.7 

As depicted in Fig. 2, in state-trait models, a latent variable is used to 
capture variance shared across all time points. This latent variable is 
interpretable as the portion of variance attributable to a constant and 
unchanging factor over the course of the study (Anusic et al., 2012). The 
residual terms are therefore interpretable as the influence of transitory 
state-level factors. Critically, the state-level residuals capture both 
contextual variance (e.g., “true” state variation in well-being) as well as 
measurement error. It is possible to use second-order latent trait models 
(e.g., models in which latent variables are formed from the scale items at 

5 In total, there were 26 data points for which 3 or fewer episodes were 
provided. In these cases, all episodes provided by the participant at that wave 
were included in all random samples.  

6 The parameter estimates were generally quite consistent across the 10 
random samples. For example, estimates of the trait loading for sampled posi-
tive affect (see Table 4) ranged from 0.76 to 0.80 (SD = 0.01). Similarly, es-
timates of the trait loading for sampled negative affect ranged from 0.74 to 0.77 
(SD = 0.02). 

7 In a pure state-trait model, the model-implied test–retest correlation be-
tween any two measurement occasions, i and j, is the product of their trait 
loadings (i.e., λi × λj). When the trait loadings are constrained to be equal across 
time (as in our study), the implied test–retest correlation between any two time 
points is therefore simply the trait λ2. Not coincidentally, the percent variance 
explained by constant, trait-like dynamics is also λ2. Thus, the percent trait 
variance in a state-trait model is conceptually equivalent to the test–retest 
correlation, constrained to be equal across all possible intervals in the study (e. 
g., T1-T2, T2-T3, T1-T3). 
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each time point) to partition the variance into (1) trait variance, (2) state 
variance, and (3) measurement error. However, such models require at 
least two scale items at each time point to converge—and at least three 
items are recommended (Geiser et al., 2015). Unfortunately, half of our 
scales contained two or fewer items—and one scale contained only a 
single item. Thus, to ensure that our parameter estimates could be 
meaningfully compared across all included measures, we opted for 
simpler models that use manifest composites at each time point instead 
of latent factors. Because the same model—with the same con-
straints—was used across all variables, the estimates from each model 
can be meaningfully compared to one another. Nonetheless, as a result, 
our study likely overestimates the amount of state variance in each 
variable (as measurement error is included in the estimates).8 

In our models, we standardized the trait and state latent factors (and 
all reported parameters are standardized). For parsimony—and to allow 
the trait to be interpreted as the portion of variance that is constant 
across time—we constrained the trait and state loadings to be equal 
across time. One particularly useful feature of this model specification is 
that the squared standardized loadings represent the portion of variance 
in the measures that is attributable to constant, trait-like factors, as 
opposed to malleable state-like factors (plus measurement error). 
Notably, because most of the scales under investigation had two or fewer 
items, all of the SEMs used manifest composites (rather than latent 
factors) at each time point. 

Table 4 contains the estimates of the variance in each well-being 
variable that was attributable to state- and trait- factors. Over the one- 
month study duration, all variables under investigation were remark-
ably stable—with more than half of the variance in each variable 
attributable to trait-like latent variables. Life satisfaction—irrespective 
of whether measured via the SWLS or a single item—exhibited the 
greatest stability, with more than 80% of its variance attributable to a 
constant, trait-like latent variable (SWLS λ2 = 0.86, 95% CI [0.74, 0.98]; 
single-item λ2 = 0.81, 95% CI [0.70, 0.93]). In contrast, experiential 
negative affect was the least stable variable, but nonetheless with the 
majority—57%—of its variance due to trait-like dynamics (95% CI 
[0.47, 0.69]). Notably, experiential negative affect was also the least 
stable variable over a period of two years in Hudson and colleagues’ 
(2017) two-year study of a German sample. The remaining variables in 
our study had similar stabilities—with approximately three quarters of 
their variance attributable to constant, trait-like latent factors. Thus, our 
study suggests that both experiential and global well-being tap primarily 
stable, trait-like constructs. Moreover, with the exception of experiential 
negative affect, experiential and global measures exhibited similar levels 
of stability across one month. 

3.2. Criterion validity of experiential and global well-being measures 

Next, we evaluated how the trait- and state-level components of well- 
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8 Our state-trait models presented in the main text used manifest composites 
at each time point (see Fig. 2). Reviewers requested that, when possible, we run 
models that aggregated items at each time point using latent variables. The 
benefit of such models is that they separate measurement error from “true” state 
variance (whereas manifest composites conflate measurement error and state 
variance). Unfortunately, three of our scales had fewer than three items, and 
thus we could not form latent variables (with unconstrained, free loadings) at 
each time point. Thus, in the main text, we present models with manifest 
composites for all variables (to ensure that results are comparable across var-
iables). However, using latent variables at each time point did not statistically 
significantly affect estimates of the percent trait variance for global negative 
affect (λ2 = 0.80), experiential negative affect (λ2 = 0.64), or the SWLS (λ2 =

0.89). With additional constraints (e.g., requiring all items to have identical 
loadings on the latent factor), it is possible to also construct latent variables 
with only two items. Using these types of models did not statistically signifi-
cantly affect estimates of the percent trait variance for global positive affect (λ2 

= 0.86) or experiential positive affect (λ2 = 0.76). 
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being were associated with various theoretically relevant correlates. As 
depicted in Fig. 3, this involved regressing each criterion variable 
simultaneously onto the stable, trait-like latent component of each well- 
being variable, as well as the Time 1 state component (because the 
criteria were only measured at Time 1).9 Thus, these analyses directly 
compare the extent to which the latent-construct underlying each well- 
being measure was related to criteria, as opposed to any 
measurement-specific state variance (e.g., any occasion-specific factors 

that caused, for example, people to rate their well-being and extraver-
sion more highly would be captured as the correlation between health 
and state well-being, and not the correlation between health and trait 
well-being). We conducted separate analyses for each criterion variable. 
All reported parameters are standardized. 

The results of these analyses are presented in Table 5. It is first worth 
noting that, with a few exceptions, the criteria were generally only 
related to latent trait levels of both experiential and global well-being. 
This suggests that personality traits, for example, were associated with 
people’s typical levels of well-being, rather than concurrent idiosyn-
cratic fluctuations in well-being at a single point in time. In other words, 
each criterion-variable was more strongly related to stable individual 
differences in well-being, rather than to random fluctuations that 
occurred in the same measurement occasion (e.g., “common assessment- 
occasion variance”). 

When specifically considering the trait associations in the upper half 
of Table 5, we found little evidence for differences in the criterion val-
idities of global and experiential well-being. For example, as expected, 
extraversion was associated with both greater global positive affect (β =
0.27, 95% [0.16, 0.37]) and experiential positive affect (β = 0.20, 95% 
CI [0.09, 0.31]), and emotional stability was correlated with both global 
negative affect (β = -0.77, 95% CI [-0.89, − 0.65]) and experiential 
negative affect (β = -0.48, 95% CI [-0.61, − 0.35]). Similarly, as ex-
pected, people with greater health reported greater positive affect both 
globally (β = 0.42, 95% CI [0.31, 0.53]) and experientially (β = 0.32, 
95% CI [0.21, 0.44]) as well as less negative affect, both globally (β =
-0.33, 95% CI [-0.44, − 0.21]) and experientially (β = -0.39, 95% CI 
[-0.52, − 0.27]). Generally, the point estimates for the associations with 

Table 2 
Cross-Time Latent Descriptive Statistics and Correlations for Well-Being Variables.  

Latent Variable M SD Latent Correlations    

1 2 3 4 5 6 7 8 9 

1. Daily positive affect  3.55  1.07  –         
2. Daily negative affect  0.79  0.61  -0.51  –        
3. Global positive affect  4.22  0.87  0.82  -0.62  –       
4. Global negative affect  2.51  0.87  -0.55  0.72  -0.75  –      
5. Multi-item life satisfaction  4.75  1.23  0.67  -0.58  0.87  -0.68  –     
6. Single-item life satisfaction  7.33  1.51  0.72  0.63  0.91  -0.74  0.93  –                

7. Weighted positive affect  3.44  1.05  1.00  -0.51  0.82  -0.54  0.65  0.70  –   
8. Weighted negative affect  0.73  0.64  -0.51  1.00  -0.61  0.77  -0.56  -0.61  -0.54  –  
9. Sampled positive affect*  3.44  1.14  1.00  -0.47  0.80  -0.54  0.66  0.70  1.00  -0.51  – 
10. Sampled negative affect*  0.60  0.64  -0.48  1.00  -0.63  0.73  -0.57  -0.62  -0.51  1.00  -0.47 

Note. Ninety-five percent confidence intervals for correlations in boldface do not contain zero. 
* Statistics for these variables represent the average estimate across all 10 random samples. 

Table 3 
Test-Retest Correlations for Well-Being Variables.  

Variable Time 1 – Time 2  Time 2 – Time 3  Time 1 – Time 3   

95% CI   95% CI   95% CI  

r LB UB  r LB UB  r LB UB 

Daily positive affect  0.70  0.64  0.75   0.77  0.72  0.81   0.66  0.59  0.72 
Daily negative affect  0.54  0.45  0.61   0.70  0.63  0.75   0.50  0.40  0.58 
Global positive affect  0.78  0.74  0.82   0.81  0.76  0.84   0.72  0.66  0.77 
Global negative affect  0.71  0.66  0.76   0.74  0.68  0.78   0.69  0.63  0.75 
Multi-item life satisfaction  0.84  0.81  0.87   0.88  0.85  0.90   0.87  0.84  0.90 
Single-item life satisfaction  0.79  0.74  0.83   0.84  0.80  0.87   0.81  0.76  0.84  

Weighted positive affect  0.60  0.52  0.67   0.73  0.67  0.78   0.58  0.50  0.65 
Weighted negative affect  0.57  0.49  0.64   0.70  0.63  0.75   0.51  0.41  0.59 
Sampled positive affect*  0.59  0.51  0.66   0.67  0.60  0.73   0.56  0.42  0.60 
Sampled negative affect*  0.54  0.45  0.61   0.67  0.60  0.73   0.52  0.42  0.60 

Note: CI = confidence interval; LB = lower-bound; UB = upper-bound. 
95% CIs for coefficients in boldface do not include zero. 
* Statistics for these variables represent the average estimate across all 10 random samples. 

Fig. 2. State-Trait Model of Well-Being.  

9 All models fit well, all CFIs > 0.97, RMSEAs < 0.07. 
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experiential well-being fell within the confidence intervals for the as-
sociations with global well-being (and vice versa)—suggesting that 
global and experiential well-being did not exhibit substantially different 
patterns of criterion validity. Indeed, the average absolute association 
between global well-being and the criteria examined (β = 0.20) was 
nearly identical to the average absolute association between the criteria 
and experiential well-being (β = 0.19).10 

3.3. Duration-weighted experiential affect 

Thus far, our analyses of experiential well-being used composites in 
which participants’ affective ratings within a wave were averaged across 
all episodes with equal weighting. For our next series of analyses, we 
examined whether using duration-weighted composites might produce 
different results. As can be seen in Table 2, on a latent level, the 
duration-weighted composites were correlated perfectly with the un-
weighted composites. This may suggest that the only difference between 

these two weighting methods is random/measurement error. However, 
as can be seen by comparing the “daily affect” and “weighted affect” 
rows in Tables 3-4, the duration-weighted positive affect composite was 
slightly less stable (trait λ2 = 0.64, 95% CI [0.53, 0.75]) than was the 
unweighted positive affect composite (trait λ2 = 0.71, 95% CI [0.60, 
0.83]). In contrast, the weighted and unweighted negative affect com-
posites were nearly identical in terms of stability (both trait λ2s = 0.57- 
0.58). 

Finally, using duration-weighted versus unweighted affective com-
posites did not substantially affect the pattern of criterion validities. The 
average absolute correlation between the criterion variables and expe-
riential affect was identical—|r| = 0.19—irrespective of whether the 
duration-weighted or unweighted DRM composites were used. Thus, 
neither weighted nor unweighted affective composites had systemati-
cally higher criterion correlations. With the exception of duration- 
weighted and unweighted negative affect predicting openness (respec-
tive correlations: r = 0.06, 95% CI [-0.07, 0.18]; r = -0.07, 95% CI 
[-0.19, 0.06]; Δr = 0.13), all individual criterion correlations for 
weighted versus unweighted affective were within Δr = ± 0.06 of each 
other. 

3.4. Randomly sampled experiential affect 

Finally, we examined the extent to which forming composites of 
experiential affect based on three randomly sampled DRM episodes (as 
opposed to all DRM episodes) influenced our findings. To clarify 

Table 4 
Trait- and State-Level Variance in Well-Being.  

Well-Being Variable Trait  State   

95% CI  95% CI   95% CI  95% CI  

λ LB UB λ2 LB UB  λ LB UB λ2 LB UB 

Daily positive affect  0.84  0.77  0.91  0.71  0.60  0.83   0.54  0.51  0.57  0.29  0.26  0.33 
Daily negative affect  0.76  0.69  0.83  0.57  0.47  0.69   0.65  0.62  0.69  0.43  0.38  0.47 
Global positive affect  0.88  0.81  0.95  0.77  0.66  0.89   0.48  0.45  0.50  0.23  0.20  0.25 
Global negative affect  0.84  0.78  0.91  0.71  0.60  0.83   0.54  0.51  0.57  0.29  0.26  0.32 
Multi-item life satisfaction  0.93  0.86  0.99  0.86  0.74  0.98   0.38  0.36  0.40  0.14  0.13  0.16 
Single-item life satisfaction  0.90  0.84  0.97  0.81  0.70  0.93   0.44  0.41  0.46  0.19  0.17  0.21  

Weighted positive affect  0.80  0.73  0.87  0.64  0.53  0.75   0.60  0.57  0.64  0.36  0.32  0.41 
Weighted negative affect  0.76  0.69  0.84  0.58  0.48  0.70   0.64  0.61  0.68  0.42  0.37  0.46 
Sampled positive affect*  0.78  0.71  0.85  0.60  0.50  0.71   0.63  0.60  0.67  0.40  0.36  0.45 
Sampled negative affect*  0.75  0.68  0.82  0.57  0.47  0.68   0.66  0.62  0.69  0.43  0.38  0.48 

Note. CI = confidence interval; LB = lower-bound; UB = upper-bound. 
All parameter estimates are standardized; because of how the model is specified, λ2 represents the proportion of variance in each variable that is attributable to trait- or 
state-level dynamics; 95% CIs for coefficients in boldface do not include zero. 
* Statistics for these variables represent the average estimate across all 10 random samples. 

Fig. 3. State and Trait Components of Well-Being Predicting Criterion Variables.  

10 Using second-order latent models (for variables for which it was possible) 
did not significantly change these results. As a representative example, for trait 
multi-item life satisfaction, the standardized associations with age, extraver-
sion, agreeableness, conscientiousness, emotional stability, openness, health, 
relationship status, parental status, employment status, and income were 0.10, 
0.25, 0.10, 0.16, 0.43, 0.00, 0.45, 0.22, 0.15, -0.01, and 0.32, respectively 
(compare with the numbers in the top half of Table 5). 
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Table 5 
Regressions Predicting Criteria from Trait and State Components of Well-Being Simultaneously.   

Trait  

Daily PA  Daily NA  Global PA  Global NA  Multi-item LS  Single-item LS   

95% CI   95% CI   95% CI   95% CI   95% CI   95% CI 

Criterion β LB UB  β LB UB  β LB UB  β LB UB  β LB UB  β LB UB 

Age 0.27 0.15 0.38  -0.10 -0.23 0.02  0.16 0.05 0.27  -0.33 -0.45 -0.22  0.10 -0.01 0.20  0.17 0.07 0.28 
E 0.20 0.09 0.31  -0.20 -0.32 -0.07  0.27 0.16 0.37  -0.12 -0.23 -0.01  0.23 0.13 0.34  0.26 0.15 0.36 
A 0.08 -0.03 0.20  0.02 -0.11 0.14  0.16 0.05 0.26  -0.03 -0.14 0.08  0.11 0.01 0.21  0.13 0.03 0.24 
C 0.32 0.20 0.44  -0.22 -0.34 -0.09  0.18 0.08 0.29  -0.13 -0.24 -0.03  0.15 0.05 0.25  0.21 0.11 0.31 
S 0.41 0.29 0.52  -0.48 -0.61 -0.35  0.56 0.44 0.67  -0.77 -0.89 -0.65  0.49 0.38 0.59  0.51 0.40 0.62 
O -0.03 -0.14 0.08  0.06 -0.07 0.18  0.01 -0.09 0.12  -0.01 -0.12 0.10  0.00 -0.09 0.10  0.00 -0.10 0.11 
Health 0.32 0.21 0.44  -0.39 -0.52 -0.27  0.42 0.31 0.53  -0.33 -0.44 -0.21  0.50 0.40 0.61  0.46 0.35 0.57 
In Relationship 0.11 -0.01 0.22  -0.10 -0.22 0.03  0.08 -0.03 0.18  0.00 -0.11 0.11  0.24 0.13 0.34  0.15 0.05 0.26 
Is Parent 0.18 0.06 0.29  -0.12 -0.25 0.00  0.14 0.03 0.24  -0.07 -0.18 0.04  0.16 0.06 0.26  0.12 0.02 0.22 
Is Employed -0.15 -0.26 -0.03  -0.05 -0.18 0.07  -0.03 -0.13 0.08  0.13 0.02 0.24  -0.02 -0.12 0.08  -0.06 -0.16 0.04 
Income 0.12 0.00 0.23  -0.20 -0.33 -0.08  0.26 0.15 0.37  -0.15 -0.26 -0.03  0.33 0.22 0.43  0.23 0.12 0.34   

State  

Daily PA  Daily NA  Global PA  Global NA  Multi-item LS  Single-item LS   

95% CI   95% CI   95% CI   95% CI   95% CI   95% CI 

Criterion β LB UB  β LB UB  β LB UB  β LB UB  β LB UB  β LB UB 

Age -0.03 -0.16 0.11  -0.06 -0.20 0.07  -0.01 -0.14 0.13  0.06 -0.07 0.19  0.09 -0.05 0.22  0.06 -0.08 0.19 
E 0.03 -0.11 0.16  0.04 -0.09 0.17  0.03 -0.10 0.16  -0.03 -0.16 0.10  -0.07 -0.20 0.07  -0.10 -0.24 0.03 
A 0.11 -0.03 0.24  -0.05 -0.19 0.08  0.14 0.00 0.27  -0.18 -0.32 -0.05  0.05 -0.08 0.19  0.06 -0.07 0.20 
C -0.07 -0.20 0.06  0.07 -0.07 0.20  0.08 -0.05 0.21  -0.02 -0.15 0.11  -0.02 -0.15 0.12  -0.08 -0.22 0.05 
S 0.05 -0.09 0.19  -0.05 -0.18 0.09  0.16 0.03 0.29  -0.31 -0.44 -0.18  0.14 0.00 0.27  0.13 0.00 0.26 
O -0.03 -0.16 0.11  -0.09 -0.22 0.05  -0.01 -0.14 0.12  0.04 -0.09 0.17  0.02 -0.12 0.15  -0.01 -0.14 0.13 
Health -0.08 -0.22 0.05  -0.01 -0.14 0.12  0.13 0.00 0.26  0.01 -0.12 0.14  0.11 -0.02 0.25  0.13 0.00 0.26 
In Relationship -0.04 -0.17 0.10  0.04 -0.10 0.17  0.10 -0.03 0.23  -0.04 -0.17 0.09  0.10 -0.03 0.23  0.09 -0.03 0.22 
Is Parent 0.03 -0.10 0.17  0.10 -0.03 0.24  0.03 -0.11 0.16  -0.08 -0.22 0.05  0.08 -0.06 0.21  0.10 -0.03 0.24 
Is Employed -0.02 -0.15 0.12  0.01 -0.13 0.14  0.08 -0.06 0.21  -0.04 -0.17 0.09  0.00 -0.13 0.14  0.00 -0.13 0.13 
Income 0.00 -0.14 0.13  0.04 -0.10 0.17  0.09 -0.05 0.22  -0.03 -0.16 0.10  0.15 0.01 0.28  0.12 -0.02 0.25 

Note. PA = positive affect; NA = negative affect; LS = life satisfaction; CI = confidence interval; LB = lower bound; UB = upper bound; E = extraversion; A = agreeableness; C = conscientiousness; S = emotional stability; O 
= openness. The “In Relationship,” “Is Parent,” and “Is Employed” variables were dummy coded (0 = no, 1 = yes). All parameter estimates are standardized. 95% CIs for parameters in boldface do not include zero. 
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terminology, we use sampled affect to refer to composites of affect from 
three randomly sampled DRM episodes, and daily affect to refer to 
composites of affect across all DRM episodes. To generate point esti-
mates for sampled affect, we repeated the sampling procedure a total of 
ten times (and thus created, e.g., 10 sampled positive affect variables). 
In all tables, we report the average parameter estimates and confidence 
interval bounds across all ten samples. 

As can be seen in Table 2, on a latent level, sampled affect correlated 
perfectly with daily affect (rs = 1.00). This is precisely what would be 
expected given a large enough sample size and true random sampling of 
episodes. Specifically, from a classical test theory perspective, affect in 
each episode should reflect a combination of an individual’s “true 
score,” as well as truly random error (including both occasion-specific 
error and measurement error) (Lord & Novick, 1968). Thus, the theo-
retical expected value of affect in any given single episode is simply the 
person’s true, latent affective well-being. Moreover, this is true irre-
spective of the number of episodes aggregated together; aggregating 
across increasingly large numbers of episodes does not change the ex-
pected value of the composite. Of course, this is true in practice only with 
sufficient sample sizes for random errors to mutually cancel across ob-
servations. Our analyses suggest that a sample size of 410 individuals 
with 3 episode ratings each was sufficient for the latent correlations 
between latent affect as measured via all versus randomly sampled DRM 
episodes to reach unity. 

Nevertheless, as can be seen in Table 4, sampled positive affect was 
less stable across time (trait λ2 = 0.60, 95% CI [0.50, 0.71]) than was 
daily positive affect (trait λ2 = 0.71, 95% CI [0.60, 0.83]). This, how-
ever, was not true for negative affect (both trait λ2s = 0.57, 95% CI 
[0.47, 0.69]). These findings suggest that sampling fewer DRM episodes 
per measurement occasion has the potential to less reliably tap stable 
individual differences in at least experiential positive affect. This likely 
reflects that, with greater number of DRM episodes rated, random 
measurement error in the composite tends to mutually cancel to a 
greater degree, producing better estimates of participants’ latent trait 
experiential affect. 

Finally, the correlations between latent trait sampled affect and 
external criteria were largely identical to the correlations between latent 
trait daily affect and external criteria. For example, the average absolute 
correlation between sampled positive affect and the criteria (β = 0.19) 
was nearly identical to the average absolute correlation between daily 
positive affect and the criteria (β = 0.20), and the maximum difference 
in any specific criterion-correlation was Δr = 0.03 (e.g., daily positive 
affect correlated β = 0.32 with conscientiousness, whereas sampled 
positive affect correlated on average β = 0.29 with conscientiousness). 

4. Discussion 

Scholars have called for direct comparisons of the psychometric 
properties of experiential well-being and global well-being (Diener & 
Tay, 2014). The purpose of the present study was to address this lacuna 
and directly compare the one-month temporal stability and criterion 
validity of global self-reported and experiential well-being measured via 
DRM. In general, our findings converged on the conclusion that global 
and experiential measures of affect are quite similar in terms of their 
temporal stabilities and criterion-related validities, at least for the var-
iables we considered. 

Before discussing stability and criterion validity, it is important to 
note that global and experiential affective measures appeared to tap 
similar constructs in our study. Indeed, on a latent level, global and 
experiential positive affect correlated r = 0.82 with one another, and 
global and experiential negative affect were correlated r = 0.72. This 
suggests that the constructs captured by our global and experiential 
affect measures were quite similar to one another (albeit the correlation 
was not perfect). Notably, this represents a point of divergence from 
previous studies. For example, we previously found that the latent cor-
relations between global and experiential affect were less than r = 0.50 

(Hudson et al., 2017). 
One potential explanation for this discrepancy could be design and 

sample differences between our two studies. For example, Hudson and 
colleagues (2017) studied a German sample three times across two 
years, and their measures of global and experiential affect contained 
different emotions (e.g., their measure of global positive affect consisted 
of a single emotion—happiness—whereas the experiential measure of 
positive affect contained multiple emotions). In contrast, in the present 
study, we examined a sample from Michigan across one month, and our 
global and experiential measures contained the same emotions. Any of 
these differences—or others (including sampling error)—may explain 
why we found that global and experiential measures are very similar to 
one another, whereas previous research has found greater divergence in 
these measures. 

4.1. Stability in well-being 

We examined the temporal stability in global self-report and expe-
riential well-being over one month. Our findings indicated that global 
self-report and aggregated daily experiential measures of affect were 
remarkably similar in their test–retest stabilities. Approximately 75% of 
the variance in global self-reported positive and negative affect, as well 
as experiential positive affect was attributable to constant, trait-like 
latent variables. This translates into an average weighted test–retest 
correlation of r = 0.75. Experiential negative affect was relatively less 
stable than these other three variables with only approximately 60% of 
its variance attributable to a trait-like latent variable (which translates 
into an average weighted test–retest correlation of r = 0.60). Nonethe-
less, this is still a relatively large degree of stability. Thus, at least across 
one month, we found little evidence for differential stability in global 
versus experiential well-being. 

It is important to note, however, that the observed stabilities in our 
study—including the percent variance explained by trait-like force-
s—represent only the portion of variance in each well-being variable 
that was constant across the study’s duration (i.e., one month) (Anusic 
et al., 2012). Indeed, test–retest stabilities tend to decline over 
increasingly long test–retest intervals (Fraley et al., 2011; Fraley & 
Roberts, 2005). This occurs because situational forces, although not 
especially strong at any given occasion, can accumulate over time. 
Likewise, developmental influences that exhibit autoregressive properties 
and thus carry-over from one wave can also be present. These processes 
reflect slow changes that are hard to distinguish from trait variance in 
short-term studies. That is, autoregressive variance that has not fully 
decayed across the study’s duration will be captured by test–retest 
correlations or state-trait models as unchanging trait variance (Anusic 
et al., 2012). Thus, long-term longitudinal studies are needed to 
completely distinguish between completely stable factors, slow- 
changing developmental or autoregressive trait factors (e.g., Kenny & 
Zautra, 2001), and state factors. 

All told, long-term studies with multiple assessments allow re-
searchers to obtain multiple estimates of test–retest stability over 
varying intervals and to identify the full range of possibilities for un-
derstanding stability and change (Fraley et al., 2011; Fraley & Roberts, 
2005). The current study provides only one data point on this important 
issue. Nonetheless, meta-analyses already suggest that, in durations of 
less than one year, the stability of global well-being is approximately r =
0.70—and that its stability asymptotically approaches approximately r 
= 0.20–35 over indefinitely long periods of time (Anusic & Schimmack, 
2016; Schimmack & Oishi, 2005). Our finding that global well-being has 
one-month test–retest stabilities exceeding r = 0.70 is well aligned with 
these meta-analyses. 

In contrast, fewer studies have examined temporal stability in 
experiential well-being as measured via DRM. Prior studies suggest that 
the stabilities for experiential well-being are approximately r = 0.65, 
0.50, 0.40, and 0.35 over 2 weeks, 4 weeks, 1 year, and 2 years, 
respectively (Hudson et al., 2017, 2020; Krueger & Schkade, 2008). We 

N.W. Hudson et al.                                                                                                                                                                                                                             



Journal of Research in Personality 98 (2022) 104230

11

found that the one-month stabilities for positive and negative affect 
were r = 0.71 and r = 0.57, respectively. These average to approxi-
mately r = 0.65—and thus mostly align with prior findings. Notably, 
these estimates of stability may have been inflated (as compared to 
global ratings) due to the fact that people rated their affect across 
multiple episodes. Nevertheless, these findings mirror those of Hudson 
and colleagues (2017)—who also found that, over a period of two years, 
global and experiential affect exhibited similar stability, with the 
exception that experiential negative affect was much less stable than any 
other type of well-being. Collectively, these findings may indicate that 
experiences of negative affect are both somewhat relatively rare (see 
descriptive statistics in Tables 1-2) and situationally-driven—whereas 
global patterns of negative affect may be more attributable to trait-like 
forces, such as individuals’ levels of emotional stability. 

Importantly, it is likely that our study underestimated the true sta-
bility in the well-being measures across time. Namely, most of our well- 
being scales contained two or fewer items (and one scale contained only 
a single item). As a consequence, we were unable to use latent variables 
to separate measurement error from state-level/contextual variation in 
well-being across all measures. Thus, our estimates of the portion of 
state variance in each measure are likely inflated by the presence of 
measurement error. Future research should employ affective measures 
with at least three items to be able to explicitly model measurement 
error and obtain more accurate estimates of the trait and state variance 
in each well-being measure. 

4.2. Criterion validity of well-being 

In addition to identifying patterns of stability overtime, we also 
examined the criterion validity of both global self-report and experien-
tial measures of well-being. In our study, global and experiential affec-
tive measures exhibited very similar patterns of correlations with 
theoretically important criterion variables (cf. Diener & Tay, 2014). 
Both were related to personality traits, health, and socioeconomic status 
in theoretically predictable ways. Moreover, the sizes of the correlations 
were similar across experiential and global measures. This suggests the 
global self-reports and DRM-based experiential reports aggregated 
across up to three days have similar patterns of correlation with the 
external variables we investigated. 

Our combined findings regarding stability and the criterion validity 
of experiential and global well-being measures suggest that experiential 
and global measures may function similarly to one another. Thus, our 
study indicates that DRM experiential measures are not necessarily su-
perior to global measures (cf. Kahneman, 1999; Schwarz & Strack, 
1999). Rather, both types of measures may provide similar information 
and might be equally valid. These findings should be replicated—but 
raise questions as to whether DRM experiential measures are necessarily 
desirable replacements for global self-reports, especially when consid-
ering their greater administration costs (e.g., the DRM can take upwards 
of an hour to complete; Kahneman et al., 2004). 

Of course, it is possible that aggregating even additional reports of 
experiential emotional information could result in more a stable, accu-
rate, and valid measure of participants’ well-being—and potentially 
greater prediction of theoretically important criteria (Diener & Larsen, 
1984). Such designs, however, may be infeasible—especially in large- 
scale survey work addressing multiple research aims. Moreover, the 
same logic may apply to help bolster the predictive validity of global 
measures. If global measures are truly contaminated by mood effects 
(Schwarz et al., 1987; Schwarz & Strack, 1999), it seems that collecting 
multiple measures of global well-being over short-periods of time and 
averaging them together should similarly cause any random, situational 
effects to mutually cancel, producing a more reliable estimate of well- 
being. 

4.3. Consequences of weighting and sampling DRM episodes 

As a final ancillary goal, we examined the psychometric conse-
quences of two common methodological choices entailed in the DRM: 
(1) using duration-weighted versus unweighted affective composites, 
and (2) using abbreviated versions of the DRM in which participants rate 
affective experiences across only a subsample of reported episodes. 

With respect to the former, scholars are divided regarding the 
optimal way to weight affective ratings in DRM episodes when forming 
composites. On one hand, some have argued that an individual’s 
“objective” well-being should be the summation of his/her moment-by- 
moment experiences—and thus affective ratings in the DRM should be 
weighted by episode duration when composites are formed (i.e., re-
ported emotions from longer episodes should “count more” in the 
overall composites; Kahneman, 1999; Kahneman et al., 2004). In 
contrast, other have argued that it may be more appropriate to used 
unweighted affective composites when analyzing data from the DRM (i. 
e., affective ratings from each episode are weighted equally irrespective 
of episode duration; Diener & Tay, 2014). This argument is based on the 
ideas that time may subjectively seem to pass more quickly or slowly for 
individuals during different episodes based on the activities in which 
they are engaged—and moreover, the psychological importance of any 
given moment may vary independently of real and/or perceived passage 
of time (Csikszentmihalyi, 1990). For example, an individual might 
perceive the holistic experience of riding a rollercoaster to be extremely 
positive, despite entailing upwards of 30–60 min of neutral affect while 
queuing, followed by perhaps only 90 s of intense positive affect while 
riding. Thus, the events that individuals freely choose to separate into 
self-defined episodes while completing the DRM may give better clues as 
to their psychological importance than the literal time devoted to those 
events. 

Nevertheless, our findings suggested that the method used to weight 
DRM episodes when forming affective composites was largely immate-
rial. In terms of reliability, duration-weighted composites of experiential 
positive affect were slightly less stable than unweighted composi-
tes—but this was not true for experiential negative affect. In contrast, 
duration-weighted and unweighted affective composites were nearly 
identical in terms of their criterion validities. Thus, at least in our study, 
different choices regarding weighting of DRM episodes did not influence 
the psychometric properties of the measure. 

Finally, with respect to using abbreviated versions of the DRM, the 
original “full” version of the DRM asks participants to list all activities in 
which they had engaged the prior day, and to rate their affective ex-
periences in all episodes—which can take upwards of an hour (Kahne-
man et al., 2004). To increase the DRM’s feasibility in common research 
contexts, researchers have created abbreviated DRM tasks in which 
participants list all activities in which they engaged, but only rate af-
fective experiences for a few—usually three—randomly selected epi-
sodes (e.g., Anusic et al., 2017). 

To emulate these shortened measures and explore their psychometric 
properties, we randomly selected three DRM episodes per participant 
per wave and used affective ratings in only these sampled episodes to 
form composites of experiential well-being. We repeated this random 
sampling procedure a total of 10 times—to create 10 “sampled affect” 
variables per participant per wave. Our results indicated that, on 
average across the ten random samples, as compared with the full DRM, 
experiential positive affect measured with the shortened DRM was 
slightly less stable across the span of one month. This indicates the 
presence of increased measurement error in shortened DRM asses-
sments—which may somewhat reduce their ability to detect stable, trait- 
like individual differences in well-being as compared with the full- 
length DRM. Nevertheless, the patterns of correlations with external 
criteria were largely identical across the full and shortened versions of 
the DRM. This seems to indicate that, on average, randomly sampling 
DRM episodes should be expected to produce similar patterns of results 
to administering a full version of the DRM. 
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Indeed, this consistent with classical test theory (Lord & Novick, 
1968). Namely, a person’s affective rating in any given single DRM 
episode reflects their “true” level of trait affect plus random error (e.g., 
situation-specific variance, measurement error). Thus, the expected 
value of affect within a single DRM episode is equivalent to the expected 
value of affect in an aggregation of any number of DRM episodes. 

That said, random errors only mutually cancel in the long run (i.e., 
with many observations). Thus, affect in any single DRM episode may 
provide a somewhat unreliable estimate of individuals’ true trait levels 
of well-being. As an example of this principle, averaging across the 10 
randomly sampled positive affect variables, the average correlation 
between sampled positive affect and agreeableness was r = 0.07 
(compare to a correlation of r = 0.08 between for the full DRM positive 
affect composite). Yet in the individual random samples drawn, the 
correlation between agreeableness and sampled positive affect varied 
anywhere from r = 0.02 to r = 0.11. Thus, although studies that rely on a 
shorted version of the DRM in which affect is sampled from random 
episodes should not be expected to produce systematically biased corre-
lations—the estimates from such studies may be more susceptible to 
random fluctuation than the estimates from studies that collect 
comprehensive DRM measures. In other words, aggregating across fewer 
DRM episodes may have the potential to increase Type I or Type II error 
rates—but not in any sort of systematic fashion. 

That said, this conclusion must be tempered by the fact that our study 
did not experimentally randomize participants to complete the full 
version of the DRM versus an abbreviated version (instead, we randomly 
selected episodes reported by participants who had all completed the 
full DRM). Thus, there may be psychological processes that unfold while 
completing the full DRM versus an abbreviated version that might create 
differences between the measures. For example, when completing the 
full DRM, participants may experience fatigue or reactance, potentially 
compromising the quality of their data. Future research might consider 
experimentally manipulating whether participants complete either the 
full DRM versus an abbreviated version and examine whether there are 
any differences in the psychometric properties of the measures. 

4.4. Conclusion 

Scholars have argued that global measures of well-being may 
fundamentally lack validity and that experiential measures may repre-
sent a more optimal way of assessing well-being. Our study does not 
provide strong support for such a perspective. Instead, our findings 
suggest that global self-report and experiential measures of well-being 
from the DRM are more similar than different. Thus, well-being re-
searchers may wish to increase their skepticism of sweeping critiques of 
self-report global measures. This study is, however, far from the last 
word on the topic—and future research should continue to directly 
compare and contrast global and experiential measures of well-being. 
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