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Abstract

Intensive longitudinal data (ILD) are increasingly used to study affect dynamics such as intraindividual
variability and inertia. These parameters are often interpreted as substantive individual differences, yet they may
be biased by stable response style tendencies, in particiular extreme response style (ERS). In the present study,
we investigated whether ERS is systematically associated with affect dynamics estimated from multiple
experience sampling method (ESM) datasets (total N = 1,254). Using a joint Bayesian IRTree—location—scale
modeling approach, we estimated person-specific ERS alongside affective variability and inertia across multiple
ESM datasets and synthesized study-level associations using a meta-analytic approach. We find that higher ERS
is consistently associated with greater intraindividual variability. In contrast, we find no evidence that ERS was
related to affective or emotional inertia. These results suggest that commonly used measures of intraindividual
variability may partly reflect systematic response behavior rather than solely genuine affective fluctuations.
Ignoring ERS may therefore bias variability estimates obtained from location—scale and related multilevel
dynamic models. Overall, this study highlights the importance of accounting for response styles when modeling
affect dynamics and interpreting person-specific variability parameters in ILD research.

Keywords: experience sampling, affect dynamics, variability, inertia, extreme response style, IRTree,

location-scale model, research synthesis



AFFECT DYNAMICS OR RESPONSE BIAS? 3

Affect dynamics or response bias? Extreme response style in daily-life assessments

Introduction

Intensive longitudinal data (ILD) consist of repeated measurements collected within individuals over
time, often several times per day across multiple weeks. In psychological research, ILD are most commonly
obtained using self-report questionnaires administered using the experience sampling methodology (ESM;
sometimes also referred to as ambulatory assessment, AA, or ecological momentary assessment, EMA). Such
data have become increasingly prominent, as they allow researchers to examine not only changes in average
levels of psychological states—such as behavior or affect—but also their moment-to-moment fluctuations and
temporal dynamics in daily life (e.g., McKone & Silk, 2022} Russell et al.,|2007). One domain in which ILD
have been particularly influential is the field of emotional and affective dynamics, which revolved around
moment-to-moment fluctuation in affect over time (e.g., Bos et al.,[2019} Ernst et al.,2021; Koval et al., 2013}
Kuppens & Verduyn, [2017} Trull et al., 2008)).

Affect dynamics are generally conceptualized as indicators of how individuals respond to and adapt to
their environments and everyday events. Importantly, these dynamics show substantial between-person
differences and are often regarded as relatively stable individual characteristics (Bos et al., 2019} Carver, 2015
Smit et al.,[2023). As such, affect dynamics are considered central markers of psychological health, including
constructs such as well-being, emotional flexibility, and self-regulation (Czyz et al.,|2021} Franck & De Raedt,
2007; Hamaker et al.,|2016; Houben et al.,[2015} Koval et al.,[2016; Kuppens et al.,[2007; Maher et al.,[2019;
Rocke & Brose, [2013). Moreover, affect dynamics have been linked to a range of clinically relevant outcomes,
including depressive symptoms, depression recurrence, and substance use (Jenkins et al.,|[2024; Mohr et al.,
2015 Palmier-Claus et al.,|2012; Piasecki et al., 2016; Russell et al.,|2007; Trull et al., 2008}, 2015)). Thus, ILD
have substantially advanced the study of emotional functioning by moving beyond traditional analyses that focus
solely on mean levels of affect or behavior (Ernst et al., 2021} Scott et al.,[2020).

Two of the most widely studied indicators of affect dynamics are intraindividual variability and inertia,
which capture conceptually distinct aspects of emotional functioning and are typically only weakly correlated
(Jahng et al.,|2008; Wang et al.,[2012; Wendt et al., 2020). Intraindividual variability, also referred to as
dispersion, describes the extent to which an individual’s momentary affect deviates from their typical affective
level over time. Inertia, by contrast, reflects the degree to which an affective state predicts subsequent affective
states and is commonly interpreted as an index of emotional carryover or persistence. High inertia has been
associated with reduced emotional adaptability and slower recovery from emotionally challenging situations.
Methodologically, intraindividual variability is commonly operationalized as the within-person standard
deviation across repeated affect ratings, whereas inertia is typically estimated using first-order autoregressive
effects (Bos et al.,|2019; Eid & Diener, |1999; Ferrando, |2014; Hedeker & Mermelstein, 2020; Jongerling et al.,
20155 Koval et al., 2013} 2016; Kuppens et al., 2007; Larsen & Diener, [1987; Wang et al.,2012; Wichers et al.,
2015)).
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However, given that ILD are collected via self-report questionnaires, observed affect dynamics may
reflect not only individuals’ true affective experiences but also systematic differences in how respondents react to
and use measurement instruments and their response scales. In cross-sectional self-report research, such
systematic response tendencies are commonly referred to as response styles: stable individual differences in scale
usage that are largely independent of item content (Adams et al.,[2019; Baumgartner & Steenkamp, 2001; Bolt &
Johnson, |2009; Van Vaerenbergh & Thomas, [2013)). Prominent response styles include extreme response style
(ERS), the tendency to overselect the extreme categories, midpoint response style (MRS), the tendency to prefer
the scale’s midpoint, and acquiescent response style (ARS), the tendency to agree with items regardless of their
content (Couch & Keniston, [1960; Hamilton, |1968; Henninger & Meiser, 2020aj; Paulhus, [1991)).

Among these, ERS is particularly prevalent in self-report data and has been shown to affect the
estimation of trait means, variances, and intercorrelations (e.g., Adams et al.,[2019; Bockenholt & Meiser, [2017;
Bolt et al., 2014} De Jong et al.,[2008; Falk & Cai, 2016; Henninger, |2021; Henninger & Meiser, |2020b}, [2022;
Plieninger, |2017; Plieninger & Heck, 2018; Soland & Kuhfeld, 2020; Ulitzsch et al.,2024). Because response
styles are considered stable person characteristics, which are consistent across measurement occasions and
content domains (Weijters et al., 2010; Wetzel et al.,|2013)), there is growing consensus that accounting for
response style effects is essential for ensuring the quality and validity of self-report data.

In the context of ILD, ERS may pose particular challenges for the measurement of affect dynamics. A
strong tendency to endorse extreme response categories can artificially inflate intraindividual variability. As a
consequence, affect variability or inertia may not solely reflect genuine affective dynamics over time, but may
also partly reflect systematic response behavior, potentially biasing other model estimates, such as regression
coefficients and thereby threatening the validity of subsequent modeling and inference.

Empirical research directly examining the association between response styles and affect dynamics
remains limited, but initial evidence suggests that response tendencies may be associated with variability
estimates. For instance, Baird et al. (2017) showed that response variability in ratings of cartoon characters was
comparable to variability in ratings of participants’ own personality, despite clear conceptual differences between
these constructs. The authors concluded that a substantial proportion of observed variability was likely driven by
response-related measurement artifacts rather than genuine psychological variability. Similarly, Deng et al.
(2018) demonstrated, using psychometric modeling in longitudinal data, that ERS substantially inflated estimates
of variability. However, these studies also exhibit important limitations, including reliance on the same items to
assess both variability and response tendencies (Baird et al.,2017; Deng et al., [2018)), cross-sectional designs
(Baird et al.,|2017), or longitudinal designs with relatively few measurement occasions (Deng et al.,|[2018]).

Recently, Henninger et al. (2025) extended this line of research by examining the relationship between
ERS and affect dynamics—specifically variability and inertia—using data from a controlled experiment. In this
experiment, affect was induced using a probabilistic reward task, allowing for tight control over mean affect

levels. The authors found that ERS, assessed using independent background questionnaires, was positively
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associated with intraindividual variability in repeated affect ratings, whereas no association between ERS and
inertia was observed.

While this study had several strenghts, such as using independent items to assess ERS and a large
sample size that enabled the examination of between-person effects, the controlled experimental nature of the
design limits the generalizability of the findings to naturalistic contexts in which ILD are typically collected. For
example, the very short intervals between measurement occasions in the experimental setup may have induced
fatigue effects (Jangraw et al., 2023} Vanhasbroeck et al.,|2024), and affective experiences in everyday life are
influenced by situational factors that are largely absent in laboratory or experimental paradigms. Consequently,
the association between ERS and affect dynamics observed under controlled conditions may differ from that

observed in daily-life settings.

The present study

The goal of the present study is to extend the work of Henninger et al. (2025)) to naturalistic, real-world
ILD collected in typical experience sampling studies. If ERS and affect dynamics are associated with each other
in data collected in daily life, it would suggest that variability estimates derived from ILD may be systematically
inflated by ERS, with important implications for the interpretation of affect dynamics in psychological research
and the necessity of novel modeling practices to account for response styles in ILD.

Unlike the experimental data used by Henninger et al. (2025) which included a large sample of more
than 1,300 participants and therefore had high statistical power to detect between-person associations, most
individual ESM datasets in naturalistic settings are relatively small, typically around 100 participants. Therefore,
we expect that a single ESM study would lack sufficient power to reliably estimate associations between stable
traits, such as ERS, and affect dynamics. To address this challenge, we will synthesize results from multiple
independent ESM datasets, enabling more precise estimation of between-person associations and increasing the
generalizability of our findings. Across these datasets, we will examine the relationship between ERS and the
previously mentioned two primary indicators of affect dynamics: intraindividual variability and inertia. This
approach allows us to investigate whether the association between ERS and intraindividual variability and
potentially inertia observed in controlled experimental settings also occurs in daily-life assessments.

Based on prior findings and simulation results reported by Henninger et al. (2025)), we first hypothesize
that individuals with higher levels of ERS will exhibit greater intraindividual variability in affective measures
derived from ILD, even after accounting for prior affective states. Accordingly, our primary hypothesis predicts a
positive association between ERS and affective and emotional variability. Second, although Henninger et al.
(2025) found no empirical association between ERS and inertia, their simulation results suggested a small
negative relationship. Therefore, as a secondary hypothesis, we explore whether ERS is negatively associated

with affective inertia in naturalistic ILD.
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Methods

Preregistration

Our hypotheses and analysis plan were preregistered on the Open Science Framework (OSF) prior to
conducting the main analyses Before submitting the preregistration, we collected and cleaned the datasets to be
analyzed and selected the variables (emotion items and background questionnaires) for the main analysis. We did
not run any analysis model on the preprocessed datasets. One exception is the third wave in the data collected by
Erbas et al. (2018) on which we piloted the model. In the analyses reported in this article, we only used data from

the first wave of this study. All deviations from the preregistered analysis plan are documented in Appendix [A]

Datasets

We collected a sample of ten openly available datasets. Datasets were included if they met the following
criteria: (a) emotion items measuring were assessed repeatedly multiple times per day over several days, and (b)
background questionnaires contained constructs conceptually unrelated to affect, allowing us to estimate
trait-level ERS. Deriving ERS from measures independent of affect ensured that ERS estimates were not
confounded with affective states or affect dynamics assessed during the ESM phase.

A major source for suitable datasets was the "Everyday Measures of Temporal Emotions* (EMOTE)
database (Kalokerinos et al., 2023| https://emotedatabase.com/), an open-access repository of experience
sampling data on daily emotions. Additional datasets were obtained from open data repositories or via personal
communication with the original authors. Participants were predominantly healthy adults, often university
students, although several datasets used stratified or targeted recruitment to increase variability in affective
experiences (Erbas et al.,|2018; Haines et al., 2016, Naragon-Gainey et al.,[2023; Niemeijer, [2024). Tableﬂ]

summarizes the included datasets and their key characteristics.

Data preprocessing

The datasets differed with respect to the specific emotions that they assessed, as well as in the response
scales employed (0-100 visual analogue scale vs. 5-point Likert-type scale; see Table[T). To ensure comparability
across datasets, we included only emotions measured in at least three datasets and rescaled all responses to a
common 0-1 scale. ILD responses are treated as continuous variables, regardless of their original scale levels. We
excluded participants with compliance rates below 50% of measurement occasions in the ESM phase (see e.g.,

Dejonckheere et al.,[2019b).

Aggregated affect scores and individual emotion items

A common practice in ILD research is to aggregate individual emotion items into composite scores of
positive affect (PA; e.g., happy, relaxed, calm) and negative affect (NA; e.g., average of sad, angry, stressed) for

each participant at each measurement occasion (e.g., Bos et al., 2019; Hamaker et al., 2016; Hedeker et al.,

Uhttps://osf.io/paxut/overview ?view_only=f03e8e5c50c24e2da342f6fe2bbdal 50
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2009b; Jenkins et al.,[2024; Koval et al., 2013, [2016; Kuppens & Verduyn, 2017; Maher et al.,[2019; Mohr et al.,
2015; Palmier-Claus et al.,|2012; Russell et al.,2007). To align our analyses with these practices, we also
computed such aggregated PA and NA scores. This approach allows us to examine the extent to which ERS is
associated with the estimation of affect variability and inertia in the context of commonly used ILD measurement
practices.

At the same time, analyzing individual emotion items may provide a more detailed view of how
participants use the response scales in ILD and the extent to which ERS plays a role in these measurements.
Aggregating items into PA and NA scores can reduce variability in affect measures (Cloos et al., 2023)) and
potentially mask ERS effects. For example, a participant may report high anger but low sadness at one occasion,
and the reverse at another; combining these items into a single PA or NA score could obscure these fluctuations.

Accordingly, we replicate our analyses using individual items in addition to aggregated PA/NA scores.

Background questionnaires to measure ERS

To measure participants’ ERS, we selected two scales from the background questionnaires available in
each dataset. Questionnaires were included based on the following criteria: (a) use either a 5-point or 7-point
Likert-type response scales, (b) demonstrate adequate internal consistency, and (c) be conceptual independent
from affect measures. For the latter criterion, we ensured that the selected constructs were distinct from the ESM
emotion items. Specifically, we prioritized personality traits, such as the Big Five, which exhitibited low to
moderate correlations with aggregated PA and NA scores. This approach allowed us to derive trait-level
estimates of ERS that were not confounded with the emotion and affect measures collected during the ESM
phase. Using two scales per dataset is recommended for response style modeling, as estimating response styles
across multiple content domains facilitates the separation of substantive trait variance from response style
variances (e.g., Henninger & Meiser, 2020bl 2022 Wetzel & Carstensen, 2017). A detailed overview of the
datasets, included affect measures, selected background questionnaires (along with reasons for inclusion or

exclusion), and all preprocessing scripts is available on OSF as part of the preregistration materials.

Analysis Model

Analogous to Henninger et al. (2025), we employed a joint modeling approach that combines a
psychometric model for ERS with a multilevel location-scale model to examine its relationship with affect
dynamics. Based on the background questionnaire data, ERS was modeled using a two-parameter IRTree model
(Bockenholt, 2012)), which yields latent trait estimates reflecting individuals’ tendencies to provide extreme
responses. These latent ERS trait estimates were incorporated as a between-person predictor variable in a
multilevel location-scale regression model (see Hedeker & Mermelstein, 2020; Hedeker et al.,[2009a; Jongerling
et al., 2015; McNeish, |2021) to assess their association with affect variability and inertia (see Figure E] for a

visualization of the modeling procedure).
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Figure 1

Modeling procedure combining a psychometric IRTree model for ERS with a multilevel location-scale
model for affect and emotion dynamics (variability and inertia). The results from the individual

datasets are synthesized using a meta-analytical approach.

Dataset 1
Data Source Modeling Approach
Participant 1 Participant 2 Participant 3 |RTree mOdeI
==poooo == 0000t = [0oooo Midscale
Two Background |=—=00000 ==00ooor ==poooo .
e J— f— =nooo Synthesize Results
Questionnaires _1 “ : J— H H H _—‘m :HH ' : y
(e.g., Extraversion |=—=nn0n00 =000 ==0o000 et ety Across Datasets
= [poooo —_— =00ooo
and Openness) = \::\ ] _ :: H :: ==0oooo e putnersind - o
ERS .
epl |
Paticipant1 Parici pant2  Particy ipant 3 . -
100 Location-scale model — *
ESM Emotion & N \,j \A Variability o2 :
Items §” \A,‘N\[\\J '\/ )\lt\’\f U\\A! N V\%\ P
Inertia Bip et
B Time !
>
Dataset 2 Dataset 3 Dataset 10 *

Note: IRTree model: Item Response Tree model; ERS: Extreme Response Style; ESM: Experience

Sampling Methodology; p indicates the person with p =1, ..., N.

Psychometric model for ERS

Psychometric models based on Item Response Theory (IRT) can be extended to capture systematic
response tendencies (see Bockenholt & Meiser, |2017; Henninger & Meiser, |2020a, |2022). A widely used
approach is the Item Response Tree (IRTree) model, which decomposes the ordinal responses to Likert-type
items into distinct response processes reflecting both the substantive content dimension (e.g., Extraversion) and
response styles such as ERS and MRS (Bockenholt, 2012; De Boeck & Partchev,2012; Khorramdel &
von Davier, |2014; Meiser et al.,2019; Plieninger & Meiser, [2014).

Figure 2] illustrates the decomposition from 5-point and 7-point rating scales into three response
processes using an IRTree model for response styles. For the 5-point scale ranging from O to 4, the responses are
decomposed into (a) a midscale response process (category 2 vs. categories 0, 1, 3, and 4), (b) an agreement
response process (categories 3 and 4 vs. categories 0 and 1), and (c) an extreme response process (categories 0
and 4 vs. 1 and 2). Each response process is parameterized using a two-parameter logistic (2PL) model, for
which the recoded items (the so-called pseudo-items) serve as indicators. The probability of observing a specific
response category is obtained multiplicatively by traversing the branches of the tree (see Bockenholt, 2012

Plieninger, |2020), for details on IRTree specifications).
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Figure 2

10

Top: IRTree structure for 5-point (left) and 7-point (right) rating scales with midscale, agreement and

extremity response processes. Bottom: Coding scheme for the midscale, agreement, and extremity

response processes into pseudo-items and parameterization using the two-parameter logistic (2PL)

model.
5-POINT RATING SCALE
Midscale (Y1,;)

N

Agreement (Y2;)

0

Extremity (¥3,;)

1

Extremity (Y3,;)

7-POINT RATING SCALE

Midscale (Y1)

1

e

Agreement (Y2;)

0

Extremity (¥3,;)

Extremity (¥3p;)

1 0 0 1 1 0 0 1
1|2 415
Response process Coding scheme for pseudo-items 2PL IRT model
5-point rating scale 7-point rating scale
01 2 3 4 1 2 3 4 5 6
Midscale (Y1) 0 01 0 O 0 01 0 0 O %
Agreement (o) 0 0 - 1 1 00 — 1 1 1 ety S
Extremity (¥3) 10 -0 1 00 -0 01 Tkt

We used responses from the background questionnaires to construct pseudo-items for the agreement,

extremity, and midscale response processes of the IRTree model. Because we selected two scales (e.g.,

Extraversion and Openness) for each dataset, we modeled separate agreement dimensions for of the two traits.

The response style dimensions, the midscale and extremity response processes, however, were modeled jointly

across items from both scales. This model specification follows recommendations in the psychometric literature,

as response styles are typically conceptualized as stable person characteristics that are largely independent of item

content and thus generalize across content domains. Modeling response styles across multiple domains therefore

improves their reliability and validity (e.g., Henninger & Meiser, 2020b, |2022; Wetzel & Carstensen, [2017). The

person parameter associated with the extremity response process 83, was used as a predictor representing the

latent ERS trait, denoted GII,ERS, in the location-scale model estimated within a joint modeling framework.
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Location-scale model using ERS as a predictor variable

To study our hypotheses, we employed a multilevel location-scale model (Hedeker & Mermelstein,
2020; McNeish, |2021; Wang et al.,2012), which simultaneously captures interindividual differences in mean
affect levels, intraindividual variability in affect, and affect inertia. In the model, Level-1 represents repeated
measurement occasions nested within individuals (Level-2).

At Level-1, affect at time point 7 for person p is modeled as a function of a person-specific intercept and

a first-order autoregressive effect (inertia) capturing moment-to-moment dependencies in affect:

Level-1: Yip :ﬁ0p+Blp'y(t—l)p+£fP M

At Level-2, we specify random effects for both the intercept and the autoregressive slope. These

between-person differences in affect levels and inertia are modeled as function of the latent ERS trait:

Level-2 model for location: 2)
Between-person intercept: Bop = Y00+ Yo1 - QllfRS +ugp
Between-person slope of inertia: Bip = Yo+ QIIJERS +uip

To obtain a model-based estimate of intraindividual variability, we allow the Level-1 residual variance
to vary across individuals

&p ~N(0,0;) 3)

These person-specific residual variances are modeled at Level-2 as a function of a fixed intercept, the
latent ERS trait, and a random effect capturing residual between-person differences in variability. The
exponential link ensures that variances are strictly positive and lognormally distributed across individuals

(Hedeker et al., 2008} 2009a):

Level-2 model for variability: GI% =exp(wy + o - GERS + ugp) @

The random effects for affect level (ug)), inertia (u1,), and intraindividual variability (u2,) are assumed

to follow a multivariate normal distribution with zero means and variance-covariance matrix X;:

uop 0 To0
Ulp ~MVN 0], |t1 71 . )
u)p Of {72 712 T2

Both the IRTree model and the location—scale model were estimated jointly within a single modeling
framework, such that uncertainty in the latent ERS trait is propagated to the estimation of affect dynamics. We
estimated separate models for each dataset and for aggregated PA and NA scores, as well as for individual

emotion items (such as happy, relaxed, calm, sad, angry, stressed).
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Model estimation

As in Henninger et al. (2025)), all models were estimated in Mplus 8.6 (L. K. Muthén & Muthén, [2017)
using Bayesian estimation with the default uninformative priors (see Asparouhov & Muthen, [2023; Hamaker
et al., 2018; B. Muthén & Asparouhov,|2012). For the IRTree model, these default priors are normal distributions
with mean 0 and standard deviation 5 for discrimination and difficulty parameters o; and §;, and inverse-Wishart
priors for variances and covariances (IW(1,5) and IW (0, 5), respectively). For the location-scale model,
regression parameters ¥ and ® have univariate normal priors with mean 0 and standard deviation 10'°, and the
variance-covariance matrix of random intercepts and slopes has an improper inverse-Wishart prior IW (0, —5)
(Asparouhov & Muthen, 2023 Leckie et al.,|2014; Rast et al.,2012). Prior sensitivity analyses conducted using
the pilot data (the third wave of Erbas et al.,2018)) confirmed that parameter estimates and inferences were robust
to alternative prior speciﬁcationsE]

We used four MCMC chains with a minimum of 30,000 iterations. The first half of the iterations from
each chain were discarded as burn-in. Convergence was evaluated using visual inspection of Bayesian traceplots,
the potential scale reduction (PSR) statistic, and the effective sample size (ESS; Brooks and Gelman, |1998;
Gelman and Rubin, [1992)). When convergence criteria were not met, a total of 40,000 iterations (half of them as

burn-in) were run.

Effect synthesis across datasets

The Level-2 sample size in these ESM datasets range from N = 70 to N = 303, and consequently
between-person regression coefficients are expected to show a relatively low precision. To obtain more reliable
estimates of the association between ERS and affect dynamics, we synthesized study-specific regression
coefficients using Bayesian hierarchical meta-analytic models using the brms package in R (Biirkner, 2017).
Herein, each study was treated as a cluster providing multiple regression estimates (e.g., for PA and NA or for
different emotions). Study-specific regression coefficients were treated as observations of underlying true effects,
with known sampling variances using the posterior standard deviations obtained from the Bayesian
location—scale models. Between-study heterogeneity was modeled through random intercepts of the datasets.

We used uninformative normal priors for regression coefficients (.#°(0, 10)) and a half-Student-¢ prior

2 We conducted sensitivity analyses for the models for positive affect, negative affect, happy, and sad by varying the prior
specification of the variance—covariance matrices of the latent traits. Specifically, we considered improper inverse-Wishart
priors for the variances and covariances in the IRTree model (/W (1,—5) and IW (0, —5), respectively), as well as proper
inverse-Wishart priors with different degrees of freedom for the variances and covariances of the random effects in the
location—scale model (/W (0,4) and /W (0,5); see Henninger et al., 2025)). Across these specifications, posterior estimates
showed only minor variation, and posterior evidence for the regression effects, remained essentially unchanged. This
indicates that inference was primarily driven by the likelihood rather than the prior and that the results are robust to

reasonable prior choices.
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for between-study standard deviation (Student-t* (0, 10) with df = 3) We additionally conducted subgroup
meta-analytic models for PA and NA, as well as positive and negative emotions to examine whether associations
between ERS and affect dynamics differed by affective or emotional valence.

Models were estimated using Hamiltonian Monte Carlo sampling via Stan (Carpenter et al.,[2017). Four
Markov chains were run for 10,000 iterations each, including 4,000 burn-in iterations and an adaptation target
acceptance rate of 0.99 to reduce divergent transitions. Convergence was assessed using visual inspection of

trace plots, PSR, and ESS.

Software

We used Mplus 8.6 (L. K. Muthén & Muthén, 2017) for the analysis model, and the R packages dplyr,
tidyr, forcats, stringr, and ggplot2 (Wickham, 2016} 20254l 2025b; Wickham et al., 2023} 2024)) for data
cleaning and plotting, kableExtra (Zhu,2024) for creating tables, MplusAutomation (Hallquist & Wiley,
2018) and misty (Yanagida, 2025)) for reading in the models in R and extracting convergence diagnostics and
model coefficients, and the brms (Biirkner, 2017) and metafor packages (Viechtbauer, 2010) for the
meta-analytic results synthesis in R 4.5 (RCoreTeam, [2025). All analysis scripts and Mplus output files are

available on OSF.
Results

Descriptive statistics

We descriptively assessed person-specific mean levels of positive and negative affect, as well as of
positive emotions, and negative emotions, across datasets (see Figure BT]in Appendix [B). Unsurprisingly,
participants reported higher levels of positive affect and positive emotions compared to negative affect and
negative emotions. Considerable intraindividual variability is evident (grey bars indicate the 20% and 80%
person-specific quantiles), alongside plausible differences in mean levels between items—for example, responses
to depressed tended to be lower than responses to tired.

We furthermore evaluated the distribution of person-specific standard deviations for the same affect
measures across datasets (see Figure[B2]in Appendix [B). Across datasets and emotions, most participants exhibit
standard deviations between 0.1 and 0.2 (raw values range from O to 1). Notably, there are substantial
inter-individual differences: some participants show very low variability (around 0.05), whereas others display
high variability (above 0.3). In the datasets by Fried et al. (2022)), Knouse et al. (2024)), and Pavani et al. (2017,
some participants show particularly zero variability in specific negative emotions, indicating that these emotions

did not fluctuate over the course of the study (e.g., sad, angry, and lonely in the dataset by Knouse et al. (2024)).

3 We conducted prior sensitivity analyses using more regularizing (.4 (0, 1)) for regression coefficients and exponential priors

(exp(1)) for the between-study standard deviation. Meta-analytic results remained essentially unchanged.
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Bayesian model evaluation: Location-scale models

We evaluated the Bayesian models by examining traceplots, as well as PSR and ESS values. Bayesian
traceplots indicated good mixing and convergence (see supplementary material on|OSF). All PSR values were
< 1.05, except the models for angry, lonely, and tired for the data by Fried et al. (2022)); further inspection
revelead that these models did not converge, even after increasing the number of iterations to 40,000, and were
therefore excluded from subsequent analyses.

We further evaluated convergence for the parameters of primary interest, namely the regression
coefficients capturing the associations between ERS and affect variability (w;), and between ERS and inertia
(711)- For all retained models, tail ESS for these parameters were > 5,000 and bulk ESS were > 2,000, except for
a small subset of parameterﬂ for which we further increased the number of iterations to 40,000. These values
represent the lowest observed ESS; for the majority of models, both bulk and tail ESS were substantially higher
(Myuik BSS > 7,143; My gss > 15,428). PSR values for these parameters were < 1.02, indicating excellent
convergence. Full ESS and PSR values for regression parameters are provided in Appendix [C]

Two parameters—specifically, the effect of ERS on inertia for sad and lonely in the data by Knouse
et al. (2024)—did not reach adequate ESS even after increasing the number of iterations. Importantly, this dataset
exhibited additional estimation issues (see next paragraph) and was therefore excluded from the primary

meta-analytic models.

Parameters of the location-scale models: Intercepts, variability, inertia, and their variances and
covariances

Figure |3| shows estimates of intercepts, variability, inertia, as well as of the variance of variability and
inertia in the different models, using PA and NA as an example. We can observe the following patterns: (a) the
intercepts are higher for PA than for NA, (b) for the datasets by Knouse et al. (2024) and Pavani et al. (2017), the
variance of intraindividual variability for NA is substantially higher compared to the other datasets, and (c) the
remaining model parameters are highly consistent across the affect variables and datasets. While there is
considerable variance in intraindividual variability, the variance in inertia is very small, suggesting that study
participants did not vary much in their moment-to-moment affective inertia.

The model parameters for the positive and negative emotions are shown in Appendix [D} Similar to PA
and NA, there is substantial variance in intraindividual variability, but only small variance in inertia, indicating
that individuals differ markedly in their emotional variability but little in their emotional inertia.

Figure ] shows the estimated correlations between random effects for intercept, variability, and inertia

for PA and NA. The correlations for the positive and negative emotions, which revealed similar patterns, are

4 Specifically, bulk ESS for the effects of ERS on inertia for sad, lonely, and angry in the data by Knouse et al. (2024) and
anxious in the data by Fried et al. (2022), and the effect of ERS on variability for relaxed in the data by Grommisch et al.

(2020)
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Figure 3

15

Estimates of intercepts, intraindividual standard deviation, inertia, random effect variances of log

variability and inertia for positive and negative affect across datasets. Error bars represent 95%

credible intervals in the Bayesian location-scale models.
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log variability (7)) represents the between-person heterogeneity in intraindividual variance on the log

scale. To interpret this, exp(/T22) gives the proportional change in variability: a person 1SD over the

mean in the random effect for variability would have exp(,/722) times higher with-person variability

than a typical person.

shown in Appendix D] For positive affect, we observe small correlations across datasets. In contrast, for negative

affect, correlations are positive, in particular the correlation between intercept and variability which are moderate

to strong (r ranging from .4 to .6). These correlations indicate that individuals with higher mean levels of affect

also tended to show greater intraindividual variability, a typical pattern in affect dynamic research (e.g., Bos
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Figure 4
Estimates of correlations between random effects for intercept, log variability, and inertia for positive

and negative affect. Error bars represent 95% credible intervals in the Bayesian location-scale models.
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In one dataset (Knouse et al., , however, the correlation between intercept and variability
approached unity, reflecting strong floor effects in the measures of negative emotions, and thus in the aggregated
measure for NA (as can also be seen in Figure[BT|and by the spikes at zero in Figure[B2]in Appendix [B] meaning
no variability was observed for these emotions through the study). These floor effects in the dataset are
potentially due to the lower number of measurement occasions (6 days, 3x/day; see Table[I), which may have

limited the potential occasions at which negative emotions could be observed. Because these floor effects may

5 For bounded rating scales, the association between mean levels and variability is constrained by the scale limits and
typically follows an inverted-U—shaped relation, such that variability is highest at intermediate mean levels and necessarily
decreases as means approach the lower or upper boundaries. In the present datasets, mean affect levels were well below the

upper scale boundary, placing the observations on the ascending (left) portion of this function.
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have compromised the identifiability of random effects in the location-scale model, we report the synthesized
effects excluding the dataset by Knouse et al. (2024) in the main text; results including it are provided in

Appendix [E| for completeness and transparency.

Bayesian model evaluation: Hierarchical meta-analytic models

We examined traceplots, PSR, and ESS values. Traceplots indicated good mixing and convergence (see
supplementary material on OSF). All PSR values were R = 1.00, indicating excellent convergence. All bulk and

tail ESS were > 4,000, indicating adequate Monte Carlo precision for posterior inference.

Primary hypothesis: Association between ERS and intraindividual variability across datasets

Figure [5]shows the estimated associations between ERS and intraindividual variability affect across
datasets from the location-scale models. Figures [6]and [7] present the results for the specific positive and negative
emotions, respectively. Points represent posterior regression coefficients from Bayesian models and the error bars

indicate the 95% credible intervalsE]

Positive and negative affect

For both PA and NA, most datasets show positive associations between ERS and variability. Exceptions
include Haines et al. (2016) for PA, and Naragon-Gainey et al. (2023)) for NA, which show near-zero associations.
The pooled estimate across datasets and affect valences is positive (& = 0.24, SD = 0.08, 95% CI [0.09,0.42)).

In addition, we fitted separate subgroup models for PA and NA to examine whether affective valence
influenced the results. These models likewise yielded positive pooled estimates within each subgroup (PA:

& =0.28, SD = 0.09, 95% CI [0.09,0.46]; NA: @& = 0.21, SD = 0.09, 95% CI [0.04,0.41]). These results
support our main hypothesis that higher ERS is associated with greater intraindividual variability in affect.

It is important to note that the composition of PA and NA scores differs across datasets, as each study
assessed slightly different sets of positive and negative emotions from which PA and NA scores are derived, and

some studies (e.g., Fried et al.,[2022; Naragon-Gainey et al.,|2023)) only assessed negative emotions.

Positive and negative emotions

For positive and negative emotions, we observed patterns similar to those for aggregated PA and NA
scores, with positive associations between ERS and variability in most datasets. The pooled estimate across all
emotions is positive (& = 0.25, SD = 0.08, 95% CI [0.09,0.42)).

For positive emotions (Figure[6), results were largely consistent across datasets, again with the
exception of the dataset by Haines et al. (2016), which showed a negative associations between ERS and
variability of happy and confident. The pooled estimate across datasets for the subgroups of positive emotions is

positive (& = 0.29, SD = 0.09, 95% CI [0.12,0.47)).

6 For robustness and transparency, we report results including the dataset by Knouse et al. (2024) as well as results based on

frequentist meta-analysis in AppendixE} Neither including this dataset nor using a frequentist approach did alter the results.
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Figure 5

Estimated associations between ERS and intraindividual variability for positive and negative affect

across datasets in the location-scale models.

Authors and Year

Estimate [95% CI]

Positive Affect

Cloos et al., 2023 ] 0.42[0.08, 0.83]
Dejonckheere et al., 2019 e 0.10 [-0.28, 0.50]
Erbas et al., 2018 | 0.26 [ 0.01, 0.56]
Grommisch et al., 2020 = 0.40[0.14,0.74]
Haines et al., 2016 ——— -0.09 [-0.56, 0.36]
Niemeijer et al., 2023 —=— 0.38[0.04, 0.77]
Pavani et al., 2017  — 0.56 [0.10, 1.11]
Estimate for Subgroup: Positive Affect <& 0.28[0.10, 0.46]
Negative Affect

Cloos et al., 2023 ] 0.23[-0.13, 0.64]
Dejonckheere et al., 2019 by 0.20[-0.32, 0.73]
Erbas et al., 2018 i 0.25 [-0.07, 0.64]
Fried et al., 2022 F—— 0.56 [-0.05, 1.27]
Grommisch et al., 2020 = 0.33[0.02,0.72]
Haines et al., 2016 p———q 0.15[-0.42, 0.72]
Naragon-Gainey et al., 2023 HH -0.01 [-0.19, 0.16]
Niemeijer et al., 2023 ——— 0.41[-0.02, 0.89]
Pavani et al., 2017 e ——— 0.41[-0.36, 1.27]
Estimate for Subgroup: Negative Affect ’ 0.21[0.04, 0.41]
Overall Estimate & 0.240.09, 0.42]

T T T T 1
-1 0 05 1 15

Observed Outcome

18

Note: Points represent posterior regression coefficients from Bayesian models; error bars indicate 95%

credible intervals.

We observed that the associations between ERS and variability in negative emotions were relatively

consistent within each dataset but slightly more heterogeneous between datasets (Figure[7). Associations tended

to be positive for the datasets of Cloos et al. (2023), Dejonckheere et al. (2019al), Erbas et al. (2018)), Fried et al.

(2022), Grommisch et al. (2020), and Niemeijer et al. (2023), whereas those from Haines et al. (2016)) and
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Figure 6
Estimated associations between ERS and intraindividual variability for positive emotions across

datasets in the location-scale models.

Authors and Year Estimate [95% Cl]

Positive Emotions

Cloos et al., 2023

calm [ 0.55[0.18, 1.01]
relaxed - 0.37[0.04, 0.77]
happy = 0.41[0.03, 0.87]

Dejonckheere et al., 2019

relaxed [ | 0.29 [-0.08, 0.69]
happy ——| -0.01 [-0.43, 0.41]

Erbas et al., 2018

confident - 0.44[0.13, 0.82]
relaxed ‘HH 0.29[0.08, 0.57]
happy = 3 0.11 [-0.14, 0.39]

Grommisch et al., 2020

confident - 0.32[0.01, 0.70]
relaxed | 0.44[0.20, 0.77]
happy = 0.35[0.08, 0.69]
Haines et al., 2016

confident —e— -0.15[-0.71, 0.36]
calm —=—| 0.05[-0.38, 0.47]
happy | -0.14 [-0.64, 0.34]
Niemeijer et al., 2023

relaxed =] 0.39[0.04, 0.79]
happy = 0.40 [ 0.03, 0.81]
Pavani et al., 2017

calm p——eq 0.47 [-0.07, 1.09]
relaxed —— 0.51[0.04, 1.07]
happy — 0.53[0.01, 1.13]
Estimate for Subgroup: Positive Emotions 0 0.29[0.12, 0.46]

-1 0 1

Observed Outcome

Note: Points represent posterior regression coefficients from Bayesian models; error bars indicate 95%

credible intervals.

Naragon-Gainey et al. (2023) were closer to zero or negative. The pooled estimate across datasets for the negative
emotion subgroup was positive (& = 0.21, SD = 0.09, 95% CI [0.04,0.39]). These results again corroborate our

main hypothesis that higher ERS is associated with greater intraindividual variability in individual emotions.
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Figure 7
Estimated associations between ERS and intraindividual variability for negative emotions across
datasets in the location-scale models.

Authors and Year Estimate [95% ClI]

Negative Emotions

Cloos et al., 2023

irritated 0.23[-0.19, 0.68]
tired 0.27 [-0.06, 0.67]
depressed —-0.04 [-0.59, 0.51]
anxious 0.01[-0.56, 0.58]
stressed 0.34 [-0.06, 0.79]
angry 0.34[-0.18, 0.94]
Dejonckheere et al., 2019

stressed 0.26 [-0.23, 0.79]
angry -0.07 [-0.79, 0.63]
sad 0.32[-0.34, 1.04]

Erbas et al., 2018

lonely 0.28 [-0.16, 0.77]
depressed 0.28 [-0.18, 0.81]
stressed 0.23[-0.06, 0.57]
angry 0.05 [-0.40, 0.51]
0.21[-0.21

sad , 0.68]
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Grommisch et al., 2020

stressed 0.25[-0.02, 0.58]
angry 0.37 [-0.05, 0.88]
sad 0.23 [-0.14, 0.66]

Haines et al., 2016

anxious 0.19 [-0.54, 0.93]
angry -0.10[-0.85, 0.62]
sad -0.03[-0.78, 0.70]

Naragon—Gainey et al., 2023

irritated
anxious
sad

0.05 [-0.13, 0.24]
-0.01[-0.21, 0.20]
-0.21[-0.45, —0.01]

Niemeijer et al., 2023

tired 0.24[-0.13, 0.64]

lonely 0.68 [-0.01, 1.45]

anxious 0.25[-0.35, 0.91]

stressed 0.34[-0.06, 0.78]
0 0.02

sad , 1.16]

Pavani et al., 2017
sad

Estimate for Subgroup: Negative Emotions 0 0.21[0.05, 0.38]

-1 0 05 1 15 2

Observed Outcome
Note: Points represent posterior regression coefficients from Bayesian models; error bars indicate 95%

credible intervals.
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Interpretation of effect sizes

Because variability is modeled on the log scale (Equation ), the regression coefficient ; represents the
change in the log variance per unit increase in ERS. Taking the exponential of @; gives the multiplicative change
in variance. To interpret this in terms of the standard deviation, we take the square root of the exponentiated
coefficient:

Proportional change in SD = +/exp(®))

Using the pooled meta-analytic estimate of the PA/NA model @; = 0.24, we obtain
\/W ~2 1.128. This corresponds to an approximate 12.8% increase in the standard deviation of affect or
emotion for a one-unit increase in ERS, providing an intuitive and interpretable effect size. Note that posterior
means of ERS scores ranged from —0.7 to 1.0 averaged across affect/emotions and datasets. Thus, a one-unit
increase in ERS represents a substantial, but plausible change in response style.

Figure [8]shows the estimated percent change in intraindividual standard deviations associated with a
one-unit increase in ERS across datasets and aggregated PA/NA scores or emotion items. For most datasets,
higher ERS was consistently associated with increased variability, with expected changes ranging approximately
from 5% to 35%. Overall, the figure underscores that ERS is systematically associated with larger estimates of
variability across most affective measures, while also highlighting between-study and between-emotion

differences that contribute to heterogeneity in the meta-analytic estimates.
Figure 8
Percent change in intraindividual standard deviations of affect or emotions for one unit increase in ERS

per dataset for PA, NA, as well as positive and negative emotions.
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Secondary hypothesis: Association between ERS and inertia across datasets

Across the aggregated affect scores (PA/NA) and across all individual emotion measures, the regression
coefficients in the individual datasets are close to zero. Analogously, the pooled estimate across datasets is nearly
zero, indicating no association between ERS and inertia (affect: & = —0.01, SD = 0.02, 95% CI [—0.04,0.02];
emotions: @ < 0.01, SD =0.02, 95% CI [—0.03,0.05]; with similar results for the subgroups analyses).
Appendix [F] presents the meta-analytic associations between ERS and inertia for PA and NA, as well as for
positive and negative emotions. These results do not support our secondary hypothesis of a negative association

between ERS and affect or emotional inertia.

Discussion

In the present study, we examined the association between ERS and affect dynamics—specifically
intraindividual variability and inertia—across multiple ESM datasets. For both, aggregated PA and NA scores as
well as individual emotion items, higher levels of ERS were consistently associated with greater intraindividual
variability. In contrast, we found no evidence for an association between ERS and affect inertia. This null finding
appears to be driven, at least in part, by the very small amount of between-person variance in inertia observed
across datasets, limiting the potential for stable response-style differences to explain variation in inertia (see
Figure [3]and Appendix D). These findings were robust across aggregated PA/NA scores and individual emotion
items, across subgroup analyses taking the valence of affect and emotions into account, as well as alternative
modeling approaches (see Appendix [E). Furthermore, though the association between ERS and variability was
largely consistent and positive, there remained heterogeneity in effect sizes across datasets.

Conceptually, these findings suggest that commonly used indicators of intraindividual variability may
partly reflect systematic response behavior rather than purely psychological fluctuations in affect or emotion.
That is, variability in repeated self-reports does not exclusively capture genuine affective dynamics but may also
be influenced by stable individual differences in how respondents use rating scales.

In contrast, the absence of evidence regarding ERS effects on inertia may suggest that temporal
dependencies in affect are less susceptible to response style biases, at least in the datasets examined here. More
generally, the small between-person variance in inertia indicates that individual differences in affective carry-over
may be limited in naturalistic ESM data, reducing the scope for response styles to explain such differences,
specifically their tendency to use extreme categories.

From a methodological perspective, these results have important implications for multivariate and
longitudinal modeling of ILD. If ERS systematically inflates within-person variance, failing to account for
response styles may bias estimates obtained from location—scale models, multilevel dynamic models, or related
approaches that explicitly model intraindividual variability, particularly when variability parameters are
interpreted as stable person characteristics.

By jointly modeling psychometric response tendencies and affect dynamics, as done here, researchers

can potentially obtain more valid estimates of person-specific parameters and improve the interpretability of
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model-based inferences.

Strengths and limitations

This study has several notable strengths. First, by synthesizing results across multiple ESM datasets, we
increased effective between-person sample size, allowing for more precise estimation of Level-2 associations
than would be possible within any single dataset. Second, the joint IRTree—location-scale modeling approach
enabled uncertainty in the estimation of ERS trait levels to be propagated into the analysis of affect dynamics,
reducing bias that could arise from treating ERS estimates as error-free predictors. Third, the consistency of
results across diverse datasets supports the robustness and generalizability of the main findings. Finally, similar
results for aggregated PA/NA scores and individual emotion items indicate that the association between ERS and
variability is not driven by a particular level of aggregation.

Several limitations should be acknowledged. The included datasets were not originally designed to
address the present research questions and therefore varied with respect to emotion measures, scale formats,
sampling designs, and the constructs assessed in background questionnaires. These differences introduced
researcher degrees of freedom, for example, in selecting background scales for modeling ERS, which we
addressed through preregistration.

In particular, ESM emotion items, measurement scales, and sampling schemes differed across datasets,
and not all datasets provided information for all emotion items and valence. As a result, pooled estimates for PA
and NA were based on only partially overlapping sets of emotions. At the same time, such heterogeneity is
characteristic of ESM research and therefore enhances the ecological validity and generalizability of our findings
(see Brose et al., [2020).

Additionally, differences in sampling intensity (e.g., number of days and measurement occasions per
day) may affect the reliability of affect dynamics estimates and contributed to non-convergence in some models.
Excluding non-converged models further reduced the number of datasets included in the final analyses.

The selection of datasets represents a convenience sample drawn from open data repositories and our
research network. Although the included studies varied in design and sample characteristics, they may not be
fully representative of the broader population of ESM studies. To explore the potential impact of study design
heterogeneity, we examined the impact of the number of ESM days, the number of measurement occasions per
day, and the type of ESM response scale (slider vs. rating). We found that none of these key design
characteristics moderated the estimated associations between ERS and intraindividual variability. The absence of
significant moderator effects may again reflect the comparably small number of included studies, which limits
statistical power to detect potential moderation by study design characteristics.

A further limitation is that negative emotion items were right-skewed, leading to positive correlations
between person means and standard deviations. Although such mean—variance associations are typical in ESM
data (e.g., Hamaker et al.,[2018; Mestdagh et al., 2018), they may limit the validity and interpretability of

variability estimates. At the same time, the observed between-person differences in variability and their
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associations with ERS were substantial and psychologically plausible (except for one dataset that was excluded
from further analyses), suggesting that the results are not driven solely by distributional artifacts. We did not
apply transformations or alternative distributional models (e.g., by Lesaffre et al.,[2007), as the joint
IRTree—location-scale model is already complex and challenging to estimate; adding further modeling layers
would have increased the risk of non-convergence while reducing the interpretability of results.

Lastly, we did not explicitly account for unequal sampling intervals or the night gap between
measurement days when modeling inertia (e.g., Berkhout et al.,|2025; Hamaker et al., 2018). As a result, we
treated inertia as having the same interpretation across different sampling schedules, and implicitly assumed that
affective and emotional processes pause overnight and resume the following day. This assumption may not hold
universally and may be more problematic for some datasets than others, given that studies differed in the number
and timing of daily assessments.

However, given the very small between-person variance in inertia observed across datasets, it seems
unlikely that explicitly modeling unequal intervals or night gaps would substantially change the present
conclusions regarding the absence of systematic ERS effects on inertia. Nonetheless, future research may benefit
from incorporating continuous-time or interval-sensitive models to further disentangle substantive temporal

dynamics from measurement-related influences.

Future directions

Several promising avenues for future research follow from the present findings. First, an important next
step is to examine whether ERS biases substantive conclusions about the role of affect dynamics in predicting
psychological outcomes. For example, intraindividual variability has been linked to depressive symptoms and
other forms of psychopathology. Future studies could investigate whether including ERS as a covariate attenuates
or alters the estimated associations between affect variability and such outcomes, thereby clarifying the extent to
which previously reported effects may partly reflect systematic response behavior rather than genuine affective
instability.

Second, although the joint IRTree—location-scale model provides a principled way to account for ERS,
its complexity and computational demands may limit its feasibility for applied and clinical researchers. Future
work could therefore explore simpler approaches to controlling for ERS, such as using manifest ERS indices
derived from background questionnaires (e.g., proportions of extreme responses instead of the latent ERS
estimates from the IRTree model) as covariates in longitudinal multilevel models. Simulation studies could
compare the performance of different strategies, such as latent versus manifest ERS controls, under varying
response-style prevalences.

Third, despite accounting for ERS, substantial unexplained between-person variance in intraindividual
variability remained. Future research should focus on identifying substantive determinants of variability, such as
contextual sensitivity or emotion regulation strategies, while explicitly separating these processes from

response-style effects.
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Fourth, the present study focused on affective experiences, but the association between ERS and
intraindividual variability is likely not limited to this domain. Similar mechanisms may operate for other
constructs commonly assessed using intensive longitudinal methods, such as goal pursuit, cognitive states, or
daily behaviors. Extending this line of research to additional domains would help clarify the generality of
ERS-related biases in ILD modeling.

Finally, the present findings raise broader questions about person-specific data quality in ILD. ERS may
be largely inconsequential for some individuals but highly influential for those with stronger extreme responding
tendencies. Future research could explore person-specific indicators of reliability and validity that help identify
when variability estimates are likely to be contaminated by response styles and when they can be interpreted as

reflecting genuine psychological dynamics.

Conclusion

Taken together, the present findings demonstrate that ERS constitutes a meaningful psychometric
confound in the estimation of intraindividual variability in ESM data, while leaving affect inertia largely
unaffected. These results underscore the importance of accounting for response styles when interpreting
variability parameters in multilevel and dynamic models of ILD. By bridging psychometric modeling and
intensive longitudinal analysis, the present study contributes to more valid and interpretable modeling of affect

dynamics in daily life.
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Appendix A
Deviations from Preregistration

Here, we document any deviations from our preregistered study design and analysis plan.

* On page 6 of the preregistration, we stated that results would be synthesized across studies using the
metafor package in R (Viechtbauer, |[2010). However, to remain within a Bayesian estimation framework,
we instead conducted a multilevel meta-analysis using the brms package (Biirkner,[2017). The metafor
package was subsequently used to create forest plots. Meta-analytic results based on a frequentist are

provided in Appendix [E]

» Table 1 of the preregistration erroneously lists the emotion excited for the dataset by Naragon-Gainey
et al. (2023). This item was not included in the analyses, consistent with our preregistered criterion that

emotions must be assessed in at least three datasets to be included (page 7 of the preregistration).

¢ On page 10 of the preregistration, we stated that we would use the default uninformative prior
distributions implemented in Mplus and described the default inverse-Wishart priors for the IRTree model
as IW(1,4) and IW(0,4) for variances and covariances, respectively. However, the IRTree specification
included two latent agreement dimensions per construct, resulting in a total of four (rather than three)
latent dimensions. Consequently, the default degrees of freedom for the inverse-Wishart priors are df
=4+ 1 =35, such that the actual priors used were IW (1,5) and IW (0,5). These priors reflect the default

Mplus settings and are consistent with our preregistered analysis plan.

* On page 11 of the preregistration, we stated that we would use 4 chains with 5 000 iterations each
(including 2 500 warmup iterations). However, to ensure model convergence and address potential
autocorrelation, we increased the number of iterations to 30 000 (including 15 000 warmup iterations) for

all location-scale models.

» The models for angry, lonely, and tired in the data by Fried et al. (2022)) did not converge even after
increasing the number of iterations to 40000. These models were therefore excluded from subsequent

analyses.

* On page 11 of the preregistration, we stated that if very strong correlations (e.g., r ~ .70) were observed
between random effects for the intercept, inertia, and variability (uop, 1, u2)) in the location-scale
model, we would explore potential remedies such as transformations. We observed such strong
correlations between the random intercept and variability for negative emotions and negative affect in the
dataset by Knouse et al. (2024)), whereas correlations in the remaining datasets were moderate. The
dataset by Knouse et al. (2024) included a relatively small number of measurement occasions (6 days,
3x/day), which may have limited observability of negative emotions and potentially compromised the
identifiability of random effects. Consequently, we excluded this dataset from the primary analyses, but

report results including the dataset for completeness in Appendix [E]
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Appendix B

Descriptive Results
Figure B1
Person means with 20% and 80% quantiles for positive and negative affect (top), positive emotions
(middle), and negative emotions (bottom) across studies.
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Figure B2

Distribution of person standard deviations for positive and negative affect (top), positive emotions

(middle), and negative emotions (bottom) across studies.
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Appendix C
Convergence Diagnostics

Table C1

Potential Scale Reduction (PSR) and Effective Sample Size (ESS) for Regression Parameters

PSRy, PSR@ BulkESSy;, BulkESSw, TailESSy, Tail ESS @

Cloos et al., 2023

Positive Affect 1.00 1.00 10777.92 3631.22 19876.55 10026.80
Negative Affect 1.00 1.00 12995.49 7962.25 23273.70 16166.94
Happy 1.00 1.00 11872.56 4591.02 21567.40 11819.98
Calm 1.00 1.00 5893.50 2846.30 12612.39 8386.22
Relaxed 1.00 1.00 8345.95 4002.86 16139.66 9985.10
Angry 1.00 1.00 9793.78 8020.69 18853.90 15024.34
Stressed 1.00 1.00 10134.04 5529.27 20326.65 14794.18
Irritated 1.00 1.00 9984.14 10137.37 18202.72 18868.26
Anxious 1.00 1.00 10567.72 15688.36 19270.30 27621.23
Depressed 1.00 1.00 10605.25 14505.79 21410.49 23960.18
Tired 1.00 1.00 8778.38 6000.80 16930.19 14252.82

Dejonckheere et al., 2019

Positive Affect 1.00 1.00 7745.45 10412.94 17503.63 26563.01
Negative Affect 1.00 1.00 8646.79 12410.54 20693.93 29025.57
Happy 1.00 1.00 8611.82 10732.55 18699.53 25423.55
Relaxed 1.00 1.00 7542.53 8100.49 17231.48 19902.88
Angry 1.00 1.00 6947.85 14032.22 15029.48 26606.00
Stressed 1.00 1.00 6238.30 10907.87 14983.90 23032.85
Sad 1.00 1.00 9523.96 12576.01 22042.89 27738.28

Erbas et al., 2018

Positive Affect 1.00 1.00 7045.29 3534.62 11302.87 10044.36
Negative Affect 1.00 1.00 4386.98 4618.11 12198.00 10718.41
Happy 1.00 1.00 7423.52 9933.54 14354.10 14854.13
Confident 1.00 1.00 5313.58 2342.76 10681.01 7688.52
Relaxed 1.00 1.00 7448.44 2279.60 15052.39 8308.83
Angry 1.00 1.00 5059.53 13210.14 9747.70 20175.91
Stressed 1.00 1.00 5088.69 5363.38 10726.74 11761.54
Depressed 1.00 1.00 5283.60 4221.50 10633.94 10222.51

Continued on next page
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Table continued

PSRy, PSR@ BulkESSy;, BulkESSw, TailESSy, Tail ESS @

Sad 1.00 1.00 6117.80 8131.33 14150.77 15264.44
Lonely 1.00 1.00 4543.75 6671.21 11041.21 13489.87
Fried et al., 2022

Negative Affect 1.00 1.00 3335.05 3595.85 9767.76 11294.76
Stressed 1.00 1.00 2516.96 3818.84 8282.09 11289.92
Irritated 1.00 1.00 2523.57 3059.03 8189.30 9692.51
Anxious 1.00 1.00 2773.66 6428.65 7142.13 16390.13
Depressed 1.00 1.00 5016.59 4464.82 11121.60 12649.22

Grommisch et al., 2020

Positive Affect 1.00 1.00 13159.08 2800.26 21736.04 9587.39
Negative Affect 1.00 1.00 11703.23 4481.48 21131.47 11555.43
Happy 1.00 1.00 12161.94 3351.84 19239.28 9273.70
Confident 1.00 1.00 9221.08 5129.75 16625.15 13130.75
Relaxed 1.00 1.00 14739.21 2250.95 18940.29 7786.13
Angry 1.00 1.00 7214.92 5589.70 14459.36 13153.30
Stressed 1.00 1.00 13804.56 5402.00 25009.27 15318.60
Sad 1.00 1.00 12539.55 8456.54 22426.34 12700.10

Haines et al., 2016

Positive Affect 1.00 1.00 9498.45 15219.19 21545.09 29433.71
Negative Affect 1.00 1.00 8194.09 12414.58 22653.37 24475.29
Happy 1.00 1.00 7061.36 12589.41 16062.85 24113.09
Calm 1.00 1.00 9552.78 15258.14 21437.34 29243.38
Confident 1.00 1.00 6169.65 13554.54 15398.07 25615.61
Angry 1.00 1.00 7344.64 15215.46 18294.81 29598.69
Anxious 1.00 1.00 7615.18 14204.18 17708.97 30545.17
Sad 1.00 1.00 9790.94 15579.93 26205.01 31483.39

Knouse et al., 2024

Negative Affect 1.00 1.00 2937.37 7688.98 11545.92 17911.32
Happy 1.00 1.00 5764.61 6865.48 14540.02 19408.83
Angry 1.00 1.00 2440.30 9150.12 8524.69 25838.25
Sad 1.01 1.00 582.68 10396.19 7006.98 26681.08
Lonely 1.01 1.00 627.83 11260.77 11321.12 26392.49

Continued on next page
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Table continued

PSRy, PSR@ BulkESSy;, BulkESSw, TailESSy, Tail ESS @

Naragon-Gainey et al., 2023

Negative Affect 1.00 1.00 9575.02 18222.71 11067.10 15998.53
Irritated 1.00 1.00 4247.59 16493.11 6663.27 16954.44
Anxious 1.00 1.00 5919.79 18451.21 9182.97 16693.06
Sad 1.00 1.00 2591.54 2519.58 5657.54 5798.63

Niemeijer et al., 2023

Positive Affect 1.00 1.00 8110.38 5985.39 18298.14 14170.85
Negative Affect 1.00 1.00 3958.31 6211.55 12138.81 18114.15
Happy 1.00 1.00 9111.77 5477.69 19573.76 17093.25
Relaxed 1.00 1.00 4948.40 5675.26 16697.87 15472.35
Stressed 1.00 1.00 3042.52 7778.05 10573.67 20007.73
Anxious 1.00 1.00 3189.50 12976.14 11790.59 22487.60
Sad 1.00 1.00 8761.77 5289.61 18790.54 16648.12
Lonely 1.00 1.00 11313.26 6310.06 23838.93 17770.30
Tired 1.00 1.00 6928.67 8106.31 17121.13 19132.07

Pavani et al., 2017

Positive Affect 1.00 1.00 4988.56 4622.16 12529.42 12756.18
Negative Affect 1.00 1.00 4491.01 8447.61 11972.15 17745.28
Happy 1.00 1.00 6040.71 4351.43 14097.57 11316.06
Calm 1.00 1.00 4213.63 5960.65 11214.45 12952.37
Relaxed 1.00 1.00 4639.40 5484.68 12601.76 14543.31

Sad 1.00 1.00 4352.09 7889.95 11555.49 17805.06
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Appendix D

Model parameters: Intercepts, variability, inertia, and their variances and covariances for emotion items
Figure D1
Estimates of intercepts, standard deviations, inertia, variance of the standard deviation, and variance

of inertia for positive emotions across datasets. Error bars represent 95% credible intervals in the

Bayesian location-scale models.
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Figure D2
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Estimates of intercepts, standard deviations, inertia, variance of the standard deviation, and variance

of inertia for negative emotions across datasets. Error bars represent 95% credible intervals in the

Bayesian location-scale models.
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Figure D3
Estimates of correlations between random effects for intercept, variability, and inertia for positive

emotions. Error bars represent 95% credible intervals in the Bayesian location-scale models.
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Figure D4
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Estimates of correlations between random effects for intercept, variability, and inertia for negative

emotions. Error bars represent 95% credible intervals in the Bayesian location-scale models.
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Appendix E
Robustness checks
Results including the dataset by Knouse et al., 2024
The associations between ERS and variability of emotions in the dataset by Knouse et al. (2024) were
mostly negative, with regression weights ranging from —0.71 to 0.06 for different emotions. Including the
dataset into the Bayesian random-effects meta-analytic model did neither substantially affect the results nor did it

change the overall conclusions.

Table E1

Results including the dataset by Knouse et al., 2024

Estimate SD CILower CI Upper

Variability
Overall 0.22 0.09 0.05 0.39
Affect  poditive 027 0.09 0.07 0.44
Negative 0.18 0.09 0.01 0.37
Overall 0.21 0.08 0.05 0.38
Emotions  poiiive 026 0.09 0.09 0.44
Negative 0.17 0.09 -0.01 0.35
Inertia
Overall 20.01 0.02 -0.04 0.02
Affect  piditive 001 0.02 -0.05 0.03
Negative 20.01 0.02 -0.05 0.03
Overall 0.00 0.02 -0.03 0.05
Emotions  poiive 0.26 0.09 0.09 0.44
Negative 0.17 0.09 -0.01 0.35

Note: SD = posterior standard deviation; CI = credible interval.

Results using frequentist estimation

Here, we provide the results of synthesized study-specific parameter estimates and their associated
uncertainty using frequentist random-effects meta-analytic model from the metafor package in R (Viechtbauer,
2010) excluding the dataset by Knouse et al. (2024)). Herein, each study was treated as a cluster providing

multiple regression estimates (e.g., for PA and NA or for different emotions). We used cluster-robust variance
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estimation with a small-sample correction to obtain confidence intervals and p-values (i.e., CR2 adjustment;

Hedges et al.,|[2010j Tipton, 2015). Posterior study-level effect estimates for the association between ERS and

49

both intraindividual variability and inertia, obtained from the Bayesian location—scale models, were used as point

estimates in the meta-analytic models. The corresponding posterior standard deviations served as the associated

standard errors.

Table E2

Results using a frequentist random-effects meta-analytic model

Estimate ~ SE z-value CILower CIUpper p-value
Variability
Overall 022 0.07 3.30 0.06 037  0.006
Affect  pogitive 028 006 453 0.13 043 0.002
Negative 0.17 0.07 2.27 0.00 034  0.027
Overall 021 0.07 3.09 0.06 036  0.007
Emotions  poiive 028 0.06 453 0.13 043  0.002
Negative 0.17 0.07 2.27 0.00 034  0.027
Inertia
Overall 0.01 001  -0.68 -0.04 0.02  0.262
Affect  pigitive 001 001 -1.03 -0.04 002  0.175
Negative 0.01 002 -033 -0.05 0.04 0377
Overall 0.01 0.02 0.36 -0.03 0.04  0.364
Emotions  piive 0.0l 001 -0.93 -0.03 0.02  0.198
Negative 0.01 0.02 0.50 -0.04 0.05 0317

Note: Results excluding the dataset by Knouse et al., (2024). p-values are one-sided, as we had

a directional hypothesis that higher ERS would be associated with greater variability and lower

inertia. SE = standard error; CI = confidence interval.
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Figure F1

Estimated associations between ERS and inertia for positive and negative affect across studies in the

Appendix F

Association between ERS and inertia across studies

location-scale models.

Authors and Year

Estimate [95% CI]

Positive Affect

Cloos et al., 2023

Dejonckheere et al., 2019

Erbas et al., 2018

Grommisch et al., 2020

Haines et al., 2016
Niemeijer et al., 2023

Pavani et al., 2017

0.02 [-0.07, 0.10]
-0.09 [-0.23, 0.04]
0.02 [-0.07, 0.11]
-0.01 [-0.09, 0.07]
0.01 [-0.15, 0.17]
-0.04 [-0.13, 0.04]
-0.03 [-0.15, 0.09]

Estimate for Subgroup: Positive Affect

Negative Affect

Cloos et al., 2023

Dejonckheere et al., 2019

Erbas et al., 2018

Fried et al., 2022

Grommisch et al., 2020

Haines et al., 2016

Naragon—Gainey et al., 2023

Niemeijer et al., 2023

Pavani et al., 2017

Estimate for Subgroup: Negative Affect

-0.01 [-0.05, 0.04]

-0.01[-0.11, 0.08]
-0.04[-0.18, 0.11]
-0.01[-0.11, 0.10]
0.12 [-0.05, 0.31]
0.01 [-0.07, 0.09]
0.01[-0.17, 0.19]
0.02 [-0.03, 0.07]

-0.11 [-0.22, -0.02]

-0.04 [-0.18, 0.08]

-0.01 [-0.05, 0.03]

Overall Estimate

.

[
-0.3

-01 0 01 02 03 04

Observed Outcome

-0.01[-0.04, 0.02]

50

Note: Points represent posterior regression coefficients from Bayesian models; error bars indicate 95%

credible intervals.
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Figure F2

Estimated associations between ERS and inertia for positive emotions across studies in the

location-scale models.

Authors and Year

Estimate [95% ClI]

Positive Emotions

Cloos et al., 2023

calm —a— -0.05 [-0.15, 0.03]
relaxed bom 0.04 [-0.04, 0.13]
happy - -0.02 [-0.11, 0.07]
Dejonckheere et al., 2019

relaxed —— ~0.06 [0.20, 0.06]
happy | -0.07 [-0.22, 0.06]
Erbas et al., 2018

confident - 0.04 [-0.06, 0.14]
relaxed ] 0.01[-0.07, 0.10]
happy R 0.01[-0.07, 0.10]
Grommisch et al., 2020

confident ] 0.03 [-0.05, 0.12]
relaxed = -0.03 [-0.10, 0.04]
happy = -0.04 [-0.12, 0.04]
Haines et al., 2016

confident [ S 0.09 [-0.06, 0.25]
calm — 0.02[-0.12, 0.16]
happy — 0.05[-0.09, 0.21]
Niemeijer et al., 2023

relaxed e -0.07 [-0.17, 0.01]
happy —e— -0.02 [-0.11, 0.07]
Pavani et al., 2017

calm ] -0.02 [-0.13, 0.09]
relaxed ] -0.03 [-0.15, 0.09]
happy —— -0.00 [-0.12, 0.12]
Estimate for Subgroup: Positive Emotions ‘ 0.00 [-0.04, 0.05]

[ I I I I I 1
-0.3 -01 0 01 02 03

Observed Outcome

Note: Points represent posterior regression coefficients from Bayesian models; error bars indicate 95%

credible intervals.
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Figure F3
Estimated associations between ERS and inertia for negative emotions across studies in the

location-scale models.

Authors and Year

Estimate [95% Cl]

Negative Emotions

Cloos et al., 2023

irritated e -0.03 [-0.14, 0.06]
tired b—a— -0.04 [-0.13, 0.04]
depressed - -0.03 [-0.16, 0.10]
anxious | — 0.03[-0.08, 0.15]
stressed —a— -0.00 [-0.10, 0.09]
angry e -0.05[-0.18, 0.06]
Dejonckheere et al., 2019
stressed by -0.10 [-0.25, 0.04]
angry e | 0.09 [-0.03, 0.23]
sad ——— -0.00 [-0.15, 0.14]
Erbas et al., 2018
lonely ———q 0.04 [-0.06, 0.15]
depressed | 0.01[-0.10, 0.13]
stressed Ea— 0.02 [-0.07, 0.12]
angry ——— 0.05 [-0.05, 0.16]
sad = 0.01[-0.10, 0.12]
Fried et al., 2022
irritated e | 0.21[0.05, 0.40]
depressed } 0.04 [-0.18, 0.28]
anxious b 0.20[0.04, 0.40]
stressed } 0.14 [-0.04, 0.34]
Grommisch et al., 2020
stressed —a— 0.01[-0.07, 0.09]
angry e 0.05 [-0.03, 0.14]
sad | -0.01[-0.10, 0.08]
Haines et al., 2016
anxious e | -0.01[-0.17, 0.15]
angry | 0.03[-0.12, 0.20]
sad f 0.01[-0.17, 0.20]
Naragon—-Gainey et al., 2023
irritated - 0.03 [-0.02, 0.08]
anxious = 0.02 [-0.03, 0.08]
sad F—a— 0.04 [-0.01, 0.11]
Niemeijer et al., 2023
tired ——— -0.04 [-0.14, 0.05]
lonely — e | -0.03 [-0.15, 0.09]
anxious s -0.14 [-0.27, -0.04]
stressed — | -0.17 [-0.28, -0.07]
sad e -0.03 [-0.15, 0.09]
Pavani et al., 2017
sad P -0.03 [-0.16, 0.10]
Estimate for Subgroup: Negative Emotions ‘ 0.01 [-0.03, 0.06]
T T T T 1
-0.4 -0.2 0 0.2 0.4

Observed Outcome
Note: Points represent posterior regression coefficients from Bayesian models; error bars indicate 95%

credible intervals.
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