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Abstract
Background Previous research suggests that there is a 
bidirectional relationship between incidental affect (i.e., 
how people feel in day-to-day life) and physical activity 
behavior. However, many inconsistencies exist in the 
body of work due to the lag interval between affect and 
physical activity measurements.
Purpose Using a novel continuous-time analysis para-
digm, we examined the temporal specificity underlying 
the dynamic relationship between positive and negative 
incidental affective states and moderate-to-vigorous 
physical activity (MVPA).
Methods A community sample of adults (n  =  126, 
Mage  =  27.71, 51.6% Male) completed a 14-day ambu-
latory assessment protocol measuring momentary posi-
tive and negative incidental affect six times a day while 
wearing a physical activity monitor (Fitbit). Hierarchical 

Bayesian continuous-time structural equation modeling 
was used to elucidate the underlying dynamics of the re-
lationship between incidental affective states and MVPA.
Results Based on the continuous-time cross-effects, 
positive and negative incidental affect predicted subse-
quent MVPA. Furthermore, engaging in MVPA pre-
dicted subsequent positive and negative incidental affect. 
Incidental affective states had a greater relative influence 
on predicting subsequent MVPA compared to the recip-
rocal relationship. Analysis of the discrete-time coeffi-
cients suggests that cross-lagged effects increase as the 
time interval between measurements increase, peaking at 
about 8 h between measurement occasions before begin-
ning to dissipate.
Conclusions The results provide support for a recur-
sive relationship between incidental affective states 
and MVPA, which is particularly strong at 7–9 hr time 
intervals. Future research designs should consider these 
medium-term dynamics, for both theory development 
and intervention.

Keywords  Continuous-time · Dynamic · Incidental 
 affect · Physical activity

Introduction

The physiological and psychological health benefits as-
sociated with moderate-to-vigorous intensity physical 
activity are extensive [1–3]. While most adults perceive 
physical activity to be essential for their health [4], glo-
bally, the proportion of individuals who fail to meet 
international guidelines for physical activity is high and 
is rising in high-income countries [5]. In response to the 
low to moderate predictive power of rational/cognitive 
approaches to changing physical activity behavior, recent 
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theoretical and intervention efforts have focused on af-
fective factors that might bolster health-enhancing be-
havior, generally, and physical activity, in particular [6].

In line with contemporary definitions of  affect [7], 
in the behavioral medicine domain, affect is defined 
as: “an evaluative neurobiological state that manifests 
in: (1) coordinated patterns of  physiological (e.g., re-
lease of  hormones, increased heart rate) and involun-
tary behavioral (e.g., facial expression, vocalization) 
changes, and (2) subjective experiential feelings (e.g., 
the phenomenal experience of  pleasure, anger, embar-
rassment, etc.)” [8] [(p1268)]. Moreover, affect is dy-
namic, constantly varying in response to internal (i.e., 
interoceptive) and external (i.e., contextual) stimuli [9]. 
To date, a multitude of  theories have been used to ex-
plain how affect, and affect-related constructs, influ-
ence physical activity behavior [6]. A recent conceptual 
framework that considers the full breadth of  affective 
factors implicated in physical activity behavior change 
corresponds to the integrative framework proposed by 
Williams, Rhodes, and Conner [8]. As part of  this in-
tegrative framework, Williams and colleagues empha-
sized the importance of  distinguishing between integral 
and incidental affect [8, 10].

Integral affect refers to one’s affective response during 
or immediately following a given behavior (e.g., how one 
feels while being physically active) that is experienced in 
the context of that behavior [8, 10, 11]. In contrast, inci-
dental affect is the affect one feels in day-to-day life that 
is not experienced in the context of the behavior under 
investigation (e.g., physical activity) but may influence or 
be influenced by that behavior [8, 10, 11]. Specifically, 
Williams and colleagues note that affect is “pervasive and 
ongoing and thus, outside the context of the target be-
havior, [affect] exists as incidental affect both before and 
following the target behavior” [8] [(p1273)]. On the basis 
that individuals spend most of their time not engaging in 
moderate-to-vigorous physical activity (i.e., 99% of their 
time) [12], it is imperative to examine the affective states 
experienced in daily life that predict subsequent physical 
activity, as well as the longer-term, diffuse effects that 
engaging in physical activity has on subsequent affective 
states (i.e., incidental affect).

Within the physical activity domain, evidence suggests 
that incidental affect is both an antecedent and outcome 
of physical activity behavior [13–18]. Specifically, sev-
eral studies have found that individuals who experience 
higher levels of positive incidental affect (or less negative 
incidental affect) are more likely to be physically active 
[13–15, 19, 20]. Evidence also suggests that many indi-
viduals also experience increased positive and decreased 
negative incidental affect following a bout of physical 
activity [13, 15, 20]. Moreover, these effects have been 
observed regardless of whether positive and negative 
affect were operationalized as opposite ends of a single 

bipolar dimension, or two separate unipolar dimensions 
[13, 19–22].

Recent health behavior theories have proposed re-
cursive feedback loops between affective constructs and 
physical activity [23]. For example, the broaden-and-build 
loop in the upward spiral theory of lifestyle change de-
scribes how more positive (and less negative) affective 
states facilitate engagement in health-enhancing behav-
iors, which in turn feedback to bolster future affective 
states; thus, promoting health behavior change [23]. 
Specifically, as an antecedent, it is theorized that more 
positive (and less negative) incidental affect allows people 
to expand their resources, thus encouraging approach 
behaviors, such as physical activity. In turn, engagement 
in physical activity is theorized to be associated with sev-
eral acute biological (e.g., release of neurotransmitters), 
psychosocial (e.g., self-efficacy, social support), and be-
havioral (e.g., improved sleep) adaptations to further 
bolster affective processes [24–26].

However, despite empirical evidence and theoretical 
postulates regarding the reciprocal relationships between 
incidental affect and physical activity, studies on the re-
lationships between these two constructs typically focus 
on one direction or the other, without directly testing the 
potential dynamic and reciprocal interplay between the 
two constructs simultaneously [14, 16–18]. For example, 
in a review by Liao and colleagues [15], the purported 
“bidirectional” relationships highlighted between inci-
dental affect and physical activity behavior were based 
on separate studies or separate analyses within the same 
study. These unidirectional analytic models cannot ad-
equately test the potential recursive, affective processes 
underlying physical activity behavior. Additionally, by 
modeling these effects separately, researchers cannot as-
certain the relative influence of each variable on each 
other [13, 27]. Knowing the relative influence of these 
effects can be instrumental in identifying which variable 
is driving dynamic relationships between constructs to 
identify, for example, a relatively better target for inter-
vention [27].

To address this limitation, a recent study simultan-
eously examined within-day reciprocal relationships be-
tween structured exercise and incidental affect across six 
months among a sample of low-active, overweight/obese 
adults [13]. Emerson and colleagues [13] observed that a 
one standard deviation unit increase in incidental affect 
earlier in the day was associated with a 79% increase in 
the odds that an individual would engage in a structured 
walking-for-exercise session (as assessed by a binary 
measure) at some point later the same day. Furthermore, 
individuals rated their incidental affect later in the day as 
being more positive on days when they were physically 
active compared to days when they were not. Moreover, 
by simultaneously modeling this reciprocal relationship, 
the authors concluded that the influence of incidental 
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affect on whether a participant was engaged in struc-
tured exercise was twice that of the effects of exercise on 
later incidental affect [13].

Although additional evidence has supported this dy-
namic relationship, there have been inconsistencies in the 
methods, analyses, and findings across studies. For ex-
ample, in a study looking at acute effects of incidental 
affect on physical activity, feeling acutely more posi-
tive, less negative, and less tired than one’s usual levels 
were associated with more minutes of objectively meas-
ured physical activity in a subsequent 15-min window; 
however, these associations were not found when a 
subsequent thirty minute window was sampled [14]. 
Furthermore, spending more minutes in physical activity 
than one’s usual level was not associated with changes 
in subsequent positive or negative affect [14]. Similarly, 
a recent study demonstrated that increases in affective 
arousal were associated with greater engagement in phys-
ical activity over the following 120  min [18]. However, 
affective arousal did not significantly predict subse-
quent physical activity for the 5- or 60-minute intervals. 
Moreover, changes in affective valence were not related 
to changes in physical activity behavior at any interval 
and no significant effects were observed for physical ac-
tivity predicting subsequent affective valence or arousal.

Similar inconsistencies were also found in the review 
by Liao and colleagues [15]. Of the six studies that exam-
ined the association between positive affect and subse-
quent physical activity, three studies found a significant 
positive relationship, two found no relationship, and one 
found a significant negative association. Within the same 
review, of the eleven studies that examined the associ-
ation between physical activity and subsequent positive 
affect, eight of these studies found a significant, positive 
relationship, and three did not find a significant relation-
ship. Although the examples above correspond to the 
bidirectional associations between physical activity and 
positive affect, it should also be noted that inconsisten-
cies were even greater in the literature when examining 
the association between physical activity and negative 
affect [15].

One factor that may explain the inconsistencies in 
these findings is the time interval between the incidental 
affect and physical activity measurements (i.e., lead-lag 
time). In the studies described above, the length of time 
between when incidental affect and physical activity 
were assessed varied from 15 min to 24 h between assess-
ments [13–15, 18]. In modeling methods commonly used 
to examine the lagged relationships between variables 
(such as the cross-lagged panel model or other “discrete-
time models”), the interpretation of an effect can only 
be generalized to the specific lag examined, thus making 
comparisons of effects across different studies that used 
different measurement intervals inappropriate [28, 29]. 

Differences in effects between studies may be due to dif-
ferences in lag rather than actual differences in the dy-
namic psychological process of interest [29, 30].

This lag problem becomes further complicated in 
studies using ambulatory assessment designs, as inci-
dental affect and physical activity measurements are often 
taken at unequal intervals [31, 32]. For example, to avoid 
participant reactivity (i.e., when participants change 
their natural behavior in anticipation of a prompt), 
a commonly used ambulatory assessment method is 
known as a signal-contingent design where participants 
are “pinged” (i.e., prompted to provide a response in 
situ) at random, or within a pseudorandom interval (e.g., 
a participant will receive a random “ping” within a 4 hr 
block) [33]. Accordingly, based on the (pseudo)random 
nature of the prompts, the time intervals will be unequal 
both within- and between-participants. Although these 
unequal time intervals are beneficial from a study design 
perspective, the resultant unequal time intervals within 
and between participants violate the equal sampling 
interval assumptions of most dynamic discrete-time 
modeling frameworks.

To address modeling challenges associated with these 
unequal sampling intervals, a common approach is for 
researchers to aggregate responses to create an average 
level of affect or physical activity observed over a par-
ticular time frame. For example, in the study described 
earlier by Emerson et al. [13], that examined the bidir-
ectional relationships between physical activity and in-
cidental affect, incidental affect was assessed multiple 
times a day at pseudorandom times (i.e., participants 
were prompted to respond to a survey at a random time 
within a predetermined three-hour block) during waking 
hours. However, within the analysis, physical activity 
was operationalized as a binary indicator (whether a 
participant exercised that day or not), and the average 
incidental affect scores reported before/following each 
physical activity bout was compared to the average in-
cidental affect scores before/following the same time of 
day on a nonexercise day. Accordingly, although nu-
anced information was collected regarding incidental af-
fect and physical activity behavior, the treatment of the 
data resulted in a loss of richness of the temporal speci-
ficity underlying these dynamic relationships.

Accordingly, there is a pressing need to examine how 
the bidirectional relationship between physical activity 
and incidental affect dynamically changes over time, as 
a function of the time interval under consideration. In 
addition to addressing the methodological shortcomings 
of previous research examining this bidirectional rela-
tionship (e.g., aggregating affect at a day level, assessing 
physical activity as a binary outcome, not accounting for 
unequal intervals), there are also theoretical and applied 
advantages to elucidating the temporal specificity of this 
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relationship. From a theoretical perspective, it has been 
argued that theories in health psychology need to expli-
citly incorporate temporal theoretical postulates with 
regard to the definition of constructs, the relationships 
between constructs, and the explanation for these rela-
tionships [34]. With regard to previous research, each 
result of the lagged relationships between affect and 
physical activity may accurately portray the effect of in-
cidental affect on physical activity (or vice versa) for a 
specific time interval. However, considering these inter-
vals separately only represents a “snapshot” of the dy-
namic psychological processes of interest [32]. Instead, 
by exploring how the dynamic relationships between in-
cidental affect and physical activity evolve and vary as 
a function of the time interval, we can better derive a 
complete picture of the dynamic system under study [27, 
32]. Empirical evidence regarding the temporal specifi-
city of these processes can, in turn, be used to inform 
future theoretical postulates, which can help to facilitate 
an iterative process of theory construction that explicitly 
accounts for temporal considerations [35].

From an applied perspective, researchers spend a con-
siderable about of time and resources designing behavior 
change interventions. However, a wrongly chosen time 
interval might result in a null effect of the intervention, 
despite the fact that the intervention may have effectively 
changed the desired outcome during other time intervals 
[34]. Furthermore, if  it is known, when physical activity 
has an optimal effect of increasing positive incidental af-
fect, this information can be leveraged by prompting in-
dividuals to raise awareness of these “feel-better effects” 
at the optimal time interval [11].

Purpose

The current study aims to test the continuous bidirec-
tional relationships between device-assessed moderate-
to-vigorous physical activity (MVPA) and incidental 
affect and to explore the temporal specificity underlying 
the bidirectional relationship between incidental affect 
and MVPA. Specifically, in line with previous literature 
[13, 15] and theory [8, 23], it is hypothesized that (1) 
having more positive incidental affective states and less 
negative incidental affective states will be associated with 
more subsequent minutes spent in MVPA, and (2) more 
minutes spent in MVPA would be associated with more 
subsequent positive incidental affective states and less 
negative incidental affective states. Exploratory ques-
tions regarding the temporal specificity of this dynamic 
process include: (1) how long after the measurement of 
incidental affect is there the largest effect for predicting 
subsequent MVPA, (2) how long after a bout of MVPA 
is there an optimal effect of boosting individuals’ inci-
dental affect, and (3) how long are the theorized positive 

effects on incidental affect maintained after a bout of 
MVPA?

Methods

The study used data derived from the Ambulatory 
Assessment of Personality, Ecological Context, and 
Stress Study (AAPECS; https://osf.io/m3p4v/). Overall, 
the AAPECS project used ambulatory assessment tech-
niques (e.g., smartphone administered surveys, wear-
able technology) to study the daily dynamic processes of 
stress and responses to that stress, and how levels of per-
sonality and psychopathology amplify or dampen those 
processes. The AAPECS dataset contains data from 311 
individuals (aged 18–40  years; 53% female). Informed 
consent was obtained from all individual participants in-
cluded in the study. Participants were recruited between 
2016 and 2018, both online and through posted flyers 
posted throughout Pittsburgh, Pennsylvania, for a study 
of personality, daily stress, and social interactions. Due 
to the smartwatch being added later in the AAPECS 
study protocol only the final n = 176 (59%) participants 
who were registered in the study were invited to wear a 
smartwatch that assessed ambulatory psychophysiology 
(e.g., heart rate, sleep, activity levels) for 14  days. Due 
to technological difficulties, smartwatch data were only 
available from 126 participants. Only the methods per-
tinent to the present study are discussed. Ethical approval 
for the AAPECS study procedures was granted by the 
University of Pittsburgh. Further approval was obtained 
by the University of British Columbia’s Behavioral 
Research Ethics Board. The present study was pre-
registered through OSF (https://doi.org/10.17605/OSF.
IO/FXJWZ) prior to receiving the data from the data 
custodian (BMS).

Participants

All participants were between the ages of  18 and 40 
and were not currently receiving treatment for psych-
osis or a psychotic disorder. Preliminary screening was 
used to recruit a (roughly) gender-balanced sample and 
to ensure adequate representation of  a range of  per-
sonality pathology and interpersonal problems. The 
sample was also selected to balance individuals who 
had received recent mental health treatment (within 
the past year) with those who had not. Individuals 
were pre-screened using items from the Inventory of 
Interpersonal Problems – Personality Disorder Scales 
[36] and were recruited in an approximately 1-1-1 rep-
resentation of  low, moderate, and high levels of  inter-
personal difficulties within gender, treatment status, 
and the overall sample.
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From the larger community sample (n = 311), 4.5% of 
participants (n = 14) were excluded for failing to com-
plete a minimum of 10 randomly prompted surveys 
during the ambulatory assessment protocol resulting 
in a final n of  297. The present study concerns a sub-
sample of 126 individuals for whom detailed MVPA 
data were available using the Fitbit Blaze. Participants in 
the subsample ranged in age from 18 to 40 (M = 27.41, 
SD = 6.51) and the subsample was 48.4% female. Most 
participants identified as White (77.0%), 12.7% identi-
fied as Black or African American, 7.9% as Asian, and 
4.8% as multiracial or “Other.” Two individuals did not 
indicate their racial identity. 59.7% (n = 75) of the sample 
had a lifetime history of mental health treatment, 62.7% 
(n = 47) of which were currently receiving treatment at 
baseline. All other demographic information is presented 
in the Electronic Supplementary Material 1.

Procedure

Participation in the AAPECS study was comprised of 
two phases—a lab session and an ambulatory assess-
ment and passive sensing protocol. Participants first 
completed a baseline laboratory session, which consisted 
of an interview conducted by trained clinicians and a 
battery of self-report questionnaires. At the end of this 
three- to five-hour session, participants received instruc-
tion from a research assistant regarding the ambulatory 
assessment procedures and the smartwatch device (Fitbit 
Blaze). Ambulatory assessments began the day after the 
baseline assessment. The length of the assessment period 
was 14 days. The ambulatory assessment prompts were 
delivered six times per day during an approximately 
12-hour time window corresponding to the partici-
pants’ typical waking hours using MetricWire [37]. As 
the ambulatory assessment schedule was tailored to each 
participant prompts could be delivered at any hour of 
the day (see Electronic Supplementary Material 2 for a 
breakdown of the frequency of observations by hour). 
Blocked random intervals were set so that a minimum 
of 90 min passed between surveys, and participants were 
given 20 min to initiate a response to each one.

Participants were provided with Fitbit Blaze 
smartwatches during the laboratory session to track 
various physiological measures, including heart rate, 
physical activity, and sleep. Additionally, participants 
could receive ambulatory assessment prompts on the 
watch, although the questionnaires had to be answered 
using a smartphone. Participants typically used their 
own Android or iOS smartphone for the ambulatory 
assessments upon which a laboratory member would 
download the study applications (i.e., MetricWire, 
Fitbit). Laboratory-owned Android smartphones were 
also available, allowing individuals without compatible 
devices to participate.

All participants received $50 for the baseline assess-
ment session. Those who answered 90% or greater of 
the surveys during the ambulatory assessment period 
earned an additional $110 (14-day ambulatory assess-
ment). This amount was prorated by week for those who 
completed less than 90% of the surveys overall. Surveys 
completed in later weeks of the study were valued higher 
in the prorated compensation model. The final pay-
ment was contingent upon the return of the smartwatch 
(and, if  applicable, the laboratory-owned smartphone). 
Additionally, for every 100 participants, a draw was con-
ducted for an iPad Mini. Chances of winning increased 
with the number of surveys answered.

Measures

Moderate-to-vigorous physical activity

For this study, MVPA was operationalized as a super-
ordinate term comprised of any body movement re-
sulting in increased energy expenditure. Specifically, 
MVPA encompassed both moderate-to-vigorous daily 
lifestyle activities (e.g., active transportation, occupa-
tional MVPA) and structured exercise/leisure-time phys-
ical activity [3]. MVPA was assessed using a smartwatch 
(Fitbit Blaze). Participants were instructed to wear the 
watch during daily life and sleep, only taking it off  to 
charge and when bathing or swimming. Two band sizes 
were available to accommodate a range of participant 
wrist circumferences. Height, weight, and gender in-
formation were gathered from participants and entered 
into the consumer web interface to calibrate the device. 
Although previous research has indicated that consumer 
wearables may overestimate the number of steps taken 
per day, the number of active minutes generated by Fitbit 
devices are comparable with the minutes of MVPA gen-
erated by accelerometers over 7  days [38]. MVPA was 
further operationalized as bouts of time lasting longer 
than 10 min collected by the smartwatch (i.e., multiple 
bouts of MVPA that occurred within a given day were 
treated separately, rather than collated on a daily or 
weekly level). In the most recent US physical activity 
guidelines [39], a bout is no longer restricted to physical 
activity lasting longer than 10 min. Nevertheless, MVPA 
bouts were operationalized in this study as lasting longer 
than 10 min as the Fitbit algorithm counts active min-
utes only if  they last 10 min or longer [40].

Incidental affect

The momentary positive and negative incidental affect 
items used in the ambulatory assessment protocol were 
drawn from the Positive and Negative Affect Schedule 
(PANAS) [41, 42]. Although the PANAS traditionally 
includes 20 adjectives, in the present study, for the mo-
mentary scale, 8 adjectives were selected [43]. Positive 
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incidental affect was represented by four items—Happy, 
Confident, Content, and Excited. Negative incidental af-
fect was assessed using four items—Ashamed, Nervous, 
Sad, and Angry. Participants were asked questions in the 
following form: “How [ADJECTIVE] do you feel right 
now?”

Although the PANAS traditionally asks participants 
to rate each adjective on a five-point Likert scale (1—Not 
at All to 5—Extremely), ratings were made on a visual 
analog scale from 0 (Not at All) to 100 (Extremely). To 
ensure the affect measured in the present study was in-
cidental affect, rather than the affect experienced while 
engaging in physical activity (i.e., affective response), the 
time of day that participants responded to the affect as-
sessments was cross-referenced with the MVPA data. Any 
affect measures that co-occurred with a bout of MVPA 
were excluded from analyses in the present study, as such 
indicators reflect integral and not incidental affect. The 
within-person reliability of change coefficients [44] (i.e., 
the ability to detect systematic within-person changes 
over the study) for the positive and negative incidental af-
fect scales were RC = 0.83 and RC = 0.64, respectively. The 
between-person reliability coefficients (i.e., the person-
level averages of observations across the entire study) 
for the positive and negative incidental affect scales were 
RKF = 0.99 and RKF = 0.99, respectively. Based on recom-
mendations by Nezlek [45], it was determined that in this 
study, the responses to both the positive and negative af-
fect scales demonstrated acceptable reliability.

Data Analysis

A total of 8,335 responses to random prompts were 
collected over the course of the study, with an average 
of 66.15 (SD = 15.04, range 19–91) surveys completed 
per participant. Regarding physical activity, a total of 
2,545 bouts of MVPA lasting longer than ten minutes 
were recorded by the smartwatches, with an average of 
20.04 (SD  =  17.26, range 0–91) bouts completed per 
participant. All missing data were considered missing at 
random. Specifically, from a continuous-time perspec-
tive, missing data are interpreted as reflecting unequal 
time intervals between measurements. Under the assump-
tion of missing at random, missing data are equivalent 
to fewer discrete measurement occasions [46]. All of the 
time points of measurement were converted to represent 
elapsed time relative to the study’s start date (i.e., mid-
night of the first full day participants wore the Fitbit), 
coded as t = 0. Data were standardized and grand-mean 
centered to facilitate model convergence [47].

To test our primary hypotheses, Bayesian hierarchical 
continuous-time structural equation models (CT-SEM) 
were fit using the ctsem package [47], which interfaces 
to Stan [48] in the R 4.0.5 environment [49]. Specifically, 
CT-SEM uses stochastic differential equations (i.e., 

computing a derivative) to compute the change in a 
variable (e.g., incidental affect/MVPA) across an infini-
tesimally short interval (Δt → 0). We computed two bi-
variate process models for the present study; the first 
examined the relationship between positive incidental 
affect and MVPA and the second between negative inci-
dental affect and MVPA.

Based on our pre-registered analyses (https://doi.
org/10.17605/OSF.IO/FXJWZ), we intended to compute 
latent variables for positive and negative incidental affect 
using each individual affect item as manifest indicators. 
However, in line with previous limitations of CT-SEM 
analyses, the proposed analysis was ultimately too compu-
tationally burdensome [30] (estimated runtime was more 
than 2 months). Instead, the positive affect items were 
summed to create one positive incidental affect manifest 
indicator, and the negative affect items were summed to 
create a negative incidental affect manifest indicator [41]. 
As required by the ctsem software, the summated posi-
tive and negative manifest indicators loaded on latent 
positive and negative affect variables, respectively, with 
scores ranging from 0 to 500. A  single indicator latent 
variable was also created for MVPA to account for meas-
urement error. See Electronic Supplementary Material 3 
for the full equations estimated.

In line with previous recommendations for Bayesian 
models, we used the default burn-in (50% of the chain), 
the default aggregation statistic (mean of the chain), and 
the default priors [50]. The priors were “weakly inform-
ative for typical conditions in the social sciences” [51] 
[(p9)]. We ran each Bayesian model (i.e., the positive and 
negative incidental affect models) using a NUTS (No 
U-Turn sampler) with four chains and 10,000 iterations 
per chain [52]. As a convergence statistic, we report the 
potential scale reduction factor R̂ [52, 53]. As a precision 
statistic, we report the effective sample size [52, 53]. See 
Electronic Supplementary Material 4 for a description of 
and the complete code to run and test both models.

The auto- and cross-effects from the drift matrix are 
of primary interest to address the hypotheses. Auto-
effects reflect the stability (or persistence) of incidental 
affect and MVPA over time. Cross-effects describe the 
reciprocal effects of one variable on the other. Based on 
the drift coefficients, we computed the autoregressive 
and cross-lagged effects for any time interval Δt, from 
immediately after to 48 hours later. Consistent with pre-
vious recommendations [54] the terms auto-effect and 
cross-effect represent the continuous-time parameters, 
whereas autoregressive and cross-lagged effect represent 
the discrete-time parameters. From the discrete-time 
cross-lagged effects, we also determined the time interval 
where the dynamic processes reached their peak effects 
and the discrete-time coefficients at those maximum or 
minimum time intervals [55]. In interpreting the model 
outputs, we assessed the parameter’s posterior mean in 
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relation to its posterior standard deviation (SD) and 
posterior 95% Bayesian credibility intervals (BCI). With 
95% credibility, the BCI indicates the probability that 
the parameter falls between the lower (2.5%) and upper 
(97.5%) limits. Specifically, if  zero did not fall within the 
upper or lower limits of the BCI of the parameter, then 
we concluded that the nonzero parameter estimate was 
not due merely to sample fluctuations, thus is relevant 
for interpretation.

Results

Run time and RAM usage of the Bayesian estimation 
needed approximately 20 GB RAM and 9  days and 
3  h of runtime for the MVPA and positive incidental 
affect model and 10 days and 16 h for the MVPA and 
negative incidental affect model, on an Intel i9-10900T 
(4.60 GHz Turbo) CPU of a 64-bit Windows OS, with 
64 GB RAM. As a check on the estimation process, 
all parameters had a minimum of 800 effective sam-
ples (range 866.42–20149.00 effective samples) and an 
R̂ of  1.00, indicating adequate model convergence and 
precision. Additionally, based on the prediction model 
by Hecht and Zitzmann [56, 57] using N = 126, T = 19 
(the minimum number of prompts completed by a par-
ticipant), and standardized peak effect set to 0.05 (the 
smallest standardized peak effect observed), our post 
hoc analysis suggests we had a sufficient sample size to 
reliably estimate the continuous-time cross-lagged dy-
namics between affect and physical activity behavior 

(estimated “power” for standardized peak cross-lagged 
effect = 1.00). It should be noted, however, that “power” 
typically pertains to frequentist, not Bayesian estimation 
methods [58]. The posterior means, standard deviations, 
and 95% BCI estimates of the means of the population 
distributions presented in Tables 1 and 2 are represented 
by Figs. 1 and 2 for the positive affect and negative inci-
dental affect models, respectively.

Descriptive Statistics

The person means for weekly minutes of MVPA ranged 
from 0 to 1045.50 min (M = 189.11, SD = 184.38 min). The 
person means for average length of MVPA bouts ranged 
from 10.0 to 43.5 min (M = 17.91, SD = 5.37 min). For 
incidental affect, the person means ranged from 32.01 
to 353.27 (M = 185.61, SD = 55.29) for positive affect, 
0.69–190.78 (M = 51.04, SD = 40.93) for negative affect.

Positive Incidental Affect Model

The population means for the T0 mean parameters in 
Table 1 represent the relationship between the partici-
pants’ initial states and subsequent states throughout the 
latent process [50]. A negative T0 mean denotes that the 
initial state of the process was lower than future states, 
whereas a positive value indicates that the initial state 
was higher. For positive incidental affect, the results indi-
cate that there was no substantial increase or decrease in 
the overall level of (the latent indicator of) positive affect 

Table 1.   Means, Standard Deviations, and Posterior Credibility Intervals for the Means of Estimated Population Distributions of the 
Bivariate Relationship Between Positive Incidental Affect and MVPA. 

Dependent process

 Positive affect MVPA

Parameter Est. SD BCI [2.5%, 97.5%] R̂ Neff Est. SD BCI [2.5%, 97.5%] R̂ Neff 

T0 Mean −0.18 0.12 −0.41 0.05 1.00 3138.24 0.42 0.10 0.23 0.62 1.00 8185.71

Continuous-Time Intercept 0.01 0.01 −0.003 0.03 1.00 5525.37 −0.02 0.01 −0.03 −0.02 1.00 7620.70

Manifest Variance 0.51 0.01 0.49 0.51 1.00 3569.78 0.92 0.01 0.91 0.94 1.00 13033.51

Between-subject parameter    

 MVPA −0.96 0.03 −0.99 −0.89 1.00 201000 – – – – – –

Drift parameters    

 Positive Affect −0.06 0.01 −0.08 −0.04 1.00 3669.82 0.25 0.06 0.14 0.35 1.00 2291.00

 MVPA 0.02 0.01 0.01 0.04 1.00 6563.25 −0.31 0.03 −0.38 −0.24 1.00 8190.03

Diffusion parameters    

 Positive Affect 0.04 0.01 0.03 0.07 1.00 2714.23 – – – – – –

 MVPA −0.03 0.01 −0.04 −0.02 1.00 2625.62 0.04 0.01 0.02 0.06 1.00 9690.15

Note: N = 126; Est. = mean of the chain; BCI = Bayesian credibility interval; R̂ = potential scale reduction factor; Neff = effective sample 
size; MVPA = minutes of moderate-to-vigorous physical activity; between-subject parameter is the raw population correlation between 
the continuous-time intercepts; diffusion parameters are of the regular variance-covariance matrices.
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over time, with the 95% BCI encompassing 0 (M = −0.18, 
SD = 0.12, 95% BCI [−0.41,0.05]). In contrast, for MVPA, 
the results for the mean T0 were positive, indicating that 

participants` MVPA levels decreased throughout the 
study (M = 0.43, SD = 0.10, 95% BCI [0.23, 0.62]). The 
continuous-time intercepts represent the average process 

Fig. 1. Posterior mean and 95% credibility intervals for the standardized discrete-time autoregressive effects (i.e., persistence of MVPA 
(indicated by the solid, red line) and positive incidental affect (PA; indicated by the dot-dashed, purple line) and the cross-lagged effects 
(i.e., association between MVPA and positive affect at the subsequent time point (indicated by the long-dashed, blue line), and between 
positive incidental affect and MVPA at the subsequent time point (indicated by the short-dashed, green line)) at time interval lengths up 
to 48 hours. Please see the online version for the color version of the figure.

Table 2.   Means, Standard Deviations, and Posterior Credibility Intervals for the Means of Estimated Population Distributions of the 
Bivariate Relationship Between Negative Incidental Affect and MVPA.

Dependent process

 Negative affect MVPA

Parameter Est. SD CI [2.5%, 
97.5%]

R̂ Neff Est. SD CI [2.5%,97.5%] R̂ Neff 

T0 Mean 0.22 0.10 0.02 0.42 1.00 1462.49 0.40 0.10 0.21 0.60 1.00 9769.51

Continuous-Time 
Intercepts

−0.01 0.006 −0.02 0.002 1.00 3346.25 -0.02 0.01 −0.03 −0.001 1.00 8114.44

Manifest Variance 0.52 0.01 0.50 0.54 1.00 1742.62 0.92 0.01 0.91 0.94 1.00 12313.07

Between-subject parameters    

 MVPA 0.92 0.09 0.66 0.98 1.00 19327 – – – – – –

Drift parameters    

 Negative Affect −0.04 0.01 −0.06 −0.03 1.00 1995.94 −0.30 0.04 −0.39 −0.23 1.00 7925.38

 MVPA −0.02 0.01 −0.04 −0.002 1.00 3824.27 −0.19 0.06 −0.30 −0.06 1.00 921.59

Diffusion parameters    

 Negative Affect 0.03 0.01 0.02 0.06 1.00 1150.47 – – – – – –

 MVPA 0.03 0.01 0.01 0.04 1.00 866.42 0.04 0.01 0.02 0.06 1.00 8699.31

Note: N = 126; Est. = mean of the chain; BCI = Bayesian credibility interval; R̂ = potential scale reduction factor; Neff = effective sample 
size; MVPA = minutes of moderate-to-vigorous physical activity; between-subject parameter is the raw population correlation between 
the continuous time intercepts; diffusion parameters are of the regular variance-covariance matrices.
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means for positive incidental affect and MVPA, thus are 
not of substantive interest for the present study (because 
they were grand-mean centered and standardized in data 
processing). The manifest variance was relatively larger 
for MVPA than positive incidental affect, which points 
to larger observed within-person variability for MVPA.

The drift parameters in Table 1 are of particular 
interest in this study. The drift parameters reflect the 
direct instantaneous (Δt → 0)  temporal relationships 
between MVPA and incidental affective states [59]. The 
parameters of positive incidental affect on subsequent 
positive incidental affect and MVPA on subsequent 
MVPA represent the auto-effects. Auto-effects are inter-
preted as the relationship a variable has with its own rate 
of change [59]. The closer the estimates are to zero, the 
longer the changes persisted over time. Additionally, a 
negative estimate reveals a diminishing auto-effect effect 
over time (i.e., reverting to baseline), whereas a positive 
estimate represents an explosive process (i.e., acceler-
ating away from baseline over time [50]. As evidenced in 
Table 1 and Fig. 1, positive incidental affect (M = −0.06, 
SD = 0.01, 95% BCI [−0.08, −0.04]) was relatively more 
persistent over time, compared to MVPA (M = −0.31, 
SD = 0.04, 95% BCI [−0.38, −0.24]).

To assess the bidirectional dynamic relationship be-
tween incidental positive affect and MVPA over time, we 
first evaluated the off-diagonal drift matrix parameters 

representing the cross-effects in Table 1. The cross-effects 
represent instantaneous (Δt → 0) temporal relationships 
between the two variables. A  positive cross-effect indi-
cates that an increase in the level of one process predicts 
an increase in the rate of change in the other process, and 
thus an instantaneous increase in the level of the other 
process [59]. As hypothesized, the results indicate that 
positive incidental affect predicted a subsequent increase 
in the minutes in which participants engaged in MVPA 
(M = 0.25, SD = 0.06, 95% BCI [0.14, 0.36]). Additionally, 
the results also support the hypothesized reciprocal rela-
tionship, such that engaging in more minutes of MVPA 
predicts a subsequent boost in positive incidental affect 
(M = 0.02, SD = 0.06, 95% BCI [0.01, 0.04]).

As the continuous-time auto-effects and cross-effects 
are not easily interpretable by themselves [50, 54], Fig. 
1 illustrates the discrete-time effects derived from the 
parameters in the drift matrix. As illustrated in Fig. 1, 
both discrete-time autoregressive effects demonstrated an 
exponential decay as the time lag between measurement 
occasions increased [60]. From Fig. 1, it can be inferred 
that the discrete-time cross-lagged coefficients increase 
as the lag interval increased until the cross-lagged effects 
reached a peak at 7.21  h of lag between measurement 
occasions. After reaching the peak, the strength of the 
cross-lagged relationships begins to dissipate. With re-
spect to MVPA predicting subsequent positive affect, the 

Figure 2. Posterior mean and 95% credibility intervals for the standardized discrete-time autoregressive effects (i.e., persistence of MVPA 
(indicated by the solid, red line) and negative incidental affect (NA; indicated by the dot-dashed, purple line) and the cross-lagged effects 
(i.e., association between MVPA and negative affect at the subsequent time point (indicated by the long-dashed, blue line), and between 
negative affect and MVPA at the subsequent time point (indicated by the short-dashed, green line)) at time interval lengths up to 48 
hours. Please see online version for the color version of the figure.
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effect completely dissipated (i.e., the 95% BCI crossed 
0) 45 h following a change in MVPA. In contrast, posi-
tive affect was still predictive of subsequent MVPA at lag 
intervals greater than 48 h.

At its peak, the cross-lagged coefficient of positive 
affect predicting subsequent MVPA was 0.56, meaning 
that a one standard deviation unit increase above an in-
dividuals’ typical positive affect level resulted in a 0.56 
standard deviation unit increase in their MVPA 7.21 h 
later, controlling for shared sources of change. While it 
reached its peak effect at the same time interval, the influ-
ence of MVPA on subsequent positive affect was much 
smaller, with the peak cross-lagged coefficient being 0.05. 
Moreover, positive incidental affect had a greater relative 
influence on predicting subsequent MVPA compared to 
the reciprocal relationship across all lag intervals.

The diffusion parameters in Table 1 help to further 
elucidate the temporal relationships between positive in-
cidental affect and MVPA. Specifically, results from the 
diffusion covariance matrix of positive affect on posi-
tive affect (M = 0.04, SD = 0.01, 95% BCI [0.03, 0.07]) 
and MVPA on MVPA (M = 0.04, SD = 0.01, 95% BCI 
[0.02, 0.06]) demonstrate that each of these latent pro-
cesses were influenced by random (i.e., unpredictable) 
fluctuations over time. The diffusion matrix covariation 
between the two latent processes represents the within-
person correlation of random changes in these latent 
processes. In the present study, the relationship between 
positive incidental affect and MVPA provided evidence 
that the random changes in positive incidental affect 
and MVPA share some common causes (M  =  −0.03, 
SD = 0.01, 95% BCI [−0.04, −0.02]). Finally, the between-
person estimate of the standardized temporal correlation 
between positive incidental affect and MVPA in Table 1 
indicates that average levels of positive incidental affect 
were negatively correlated with average levels of MVPA 
(M = −0.96, SD = 0.03, 95% BCI [−0.99, −0.89]). That 
is, participants who had higher average levels of positive 
incidental affect tended to engage in fewer minutes of 
MVPA overall.

Negative Incidental Affect Model

The population means for the T0 mean parameters for 
both negative incidental affect (M  =  0.22, SD  =  0.10, 
95% BCI [0.02, 0.60]) and MVPA (M = 0.40, SD = 0.10, 
95% BCI [0.21, 0.60]) suggest that levels of negative inci-
dental affect and MVPA decreased over the course of the 
study among participants. Like the positive incidental af-
fect model, the manifest variance was relatively larger for 
MVPA than negative incidental affect, reflecting larger 
observed within-person variability for MVPA.

The drift parameters are presented in Table 2 and il-
lustrated in Fig. 2. Similar to the positive incidental 

affect model, the auto-effect of negative incidental af-
fect (M  =  −0.04, SD  =  0.01, 95% BCI [−0.06, −0.03]) 
was relatively more persistent over time compared to 
the auto-effects of MVPA (M = −0.30, SD = 0.04, 95% 
BCI [−0.39, −0.23]). With regard to cross-effects, con-
sistent with our hypotheses, neither of the 95% BCI 
contained zero, revealing that higher levels of negative 
incidental affect were negatively related to subsequent 
minutes of MVPA (M  =  −0.19, SD  =  0.06, 95% BCI 
[−0.30, −0.06]), and that more minutes of MVPA were 
related to lower levels of subsequent negative incidental 
affect (M = −0.02, SD = 0.01, 95% BCI [−0.04, −0.01]). 
As further illustrated in Fig. 2, the discrete-time cross-
lagged effects for both latent processes decreased over 
time until reaching a minimum at approximately 8.64 h 
of lag between measurement occasions before beginning 
to make their way back toward zero. With respect to 
MVPA predicting subsequent negative affect, the effect 
completely dissipated (i.e., the 95% BCI crossed 0) 30 h 
following a change in MVPA. In contrast, negative affect 
was still predictive of subsequent MVPA at lag intervals 
greater than 48 h.

At its minimum, for a given individual a one standard 
deviation unit increase in the negative affect above their 
usual level predicted a 0.48 standard deviation unit de-
crease in their MVPA, 8.64 h later, controlling for shared 
sources of change. For the reciprocal relationship, the 
minimum cross-lagged parameter was much smaller 
(−0.05). Additionally, across all lag intervals, the in-
fluence of negative incidental affect predicting subse-
quent MVPA was relatively stronger than the reciprocal 
relationship.

Mirroring the positive incidental affect model, the dif-
fusion variance parameters in Table 2 indicate that both 
negative incidental affect (M  =  0.03, SD  =  0.01, 95% 
BCI [0.02, 0.06]) and MVPA (M = 0.04, SD = 0.01, 95% 
BCI [0.02, 0.06]) were influenced by random fluctuations 
over time. There was also a within-person covariance 
of random changes in these latent processes, suggesting 
that the random changes in these two processes share 
common causes (M = 0.03, SD = 0.01, 95% BCI [0.01, 
0.04]). Finally, the between-person parameter of tem-
poral correlations between negative incidental affect 
and MVPA suggests that, on average, individuals with 
higher levels of negative incidental affect also had higher 
overall MVPA levels (M  =  0.92, SD  =  0.92, 95% BCI 
[0.65, 0.99]).

Discussion

In this study, we sought to examine the continuous bi-
directional relationships between device-assessed MVPA 
and incidental affect. In line with our a priori hypotheses 
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and previous literature [13, 15], the results indicated that 
having more positive incidental affective states was as-
sociated with more subsequent minutes spent in MVPA, 
and more minutes spent in MVPA was associated with 
more subsequent positive incidental affective states. 
Similarly, the results suggest that having more negative 
incidental affective states was associated with fewer sub-
sequent minutes spent engaging in MVPA. More min-
utes spent in MVPA was associated with less negative 
subsequent incidental affective states. Accordingly, these 
findings support contemporary, dynamic theoretical 
postulates concerning feedback loops occurring between 
affective states and health-enhancing behaviors [23].

The majority of theorizing around the role of inci-
dental affect in relation to health behavior change has 
focused on its role as a determinant of behavior, with uni-
directional causal pathways [8, 10]. Instead, identifying 
dynamic structures, such as feedback loops, can assist in 
identifying processes that maintain physical (in)activity. 
Based on the results of this study, an individual with 
high levels of negative affect on a given day, tends to en-
gage in low levels of MVPA that day, and high negative 
affect the following day. While the present study focused 
on a bivariate case of interactions between incidental 
affective states and MVPA, the mechanisms underlying 
physical activity behavior are highly complex and inter-
connected [61, 62]. Accordingly, future theorizing (and 
the analytical models used to test such theories) should 
continue to explicitly account for recursive, dynamic re-
lationships where multiple affective, cognitive and behav-
ioral factors simultaneously reinforce or suppress each 
other over time [61].

Also consistent with previous research [13], in the 
current study, the influence of positive and negative 
incidental affective states on subsequent MVPA was 
relatively more robust than the effects MVPA had on 
subsequent negative or positive incidental affective 
states. After accounting for the interconnectedness be-
tween variables, determining which direction of a recip-
rocal relationship is relatively stronger is instrumental 
for providing direction for future intervention research. 
Specifically, balanced against the evidence of recursive 
relationships between incidental affect and physical ac-
tivity, the influence of incidental affective states on sub-
sequent MVPA seems to be the driving process of the 
recursive relationship. Therefore, attempting to change 
an individual’s incidental affect (i.e., increasing positive 
incidental affect or decreasing negative incidental affect) 
appears to be a particularly viable intervention target to 
bolster physical activity.

An additional purpose of the present study was to 
explore the temporal specificity of the dynamic recip-
rocal relationship between incidental affect and MVPA. 
The findings derived from this study indicate that peak 

cross-lagged effects for high positive incidental affect 
and low negative incidental affect predicting subse-
quent MVPA occur approximately 8 h prior to a bout 
of MVPA. A similar length interval was also observed 
in the opposite direction (i.e., MVPA predicting sub-
sequent affect). This eight-hour lag interval is severely 
underrepresented in the extant literature. For example, a 
large proportion of studies examining the lagged effects 
occurring between physical activity and incidental affect 
use acute lag intervals (i.e., 5–120 min) [14, 18]. Another 
collection of studies examine the bidirectional relation-
ships between affect and physical activity at a day level 
(i.e., positive incidental affect on one day predicting 
physical activity engagement the following day) [13, 63]. 
As illustrated in Figs. 1 and 2, both acute- and day-level 
intervals may result in underestimating the bidirectional 
relationships occurring between incidental affect and 
physical activity behavior.

From a study design perspective, this eight-hour 
interval appears to warrant future investigation. 
Furthermore, if  future research provides additional sup-
port for this eight-hour interval, then, for example, this 
interval could be used to facilitate the development of 
just-in-time interventions to foster positive incidental 
affect (or ameliorate negative incidental affect) before 
a planned bout of physical activity (particularly when 
individuals are particularly vulnerable to diminished af-
fective states) [11, 64].

Although not of primary interest, there are several 
other notable findings from the present study. In both the 
positive and negative incidental affect models, there was 
an overall trend of MVPA levels decreasing throughout 
the study. This finding may be an artifact of initial par-
ticipant reactivity to wearing the smartwatch. With 
regard to future research, this finding has two key im-
plications. First, this finding suggests the need for run-in 
periods in intensive longitudinal designs for participants 
to become familiar with the assessment methods and 
produce more stable assessments [65]. Second, even when 
using short-term, intensive longitudinal, observational 
designs (i.e., when MVPA or the psychological processes 
underling MVPA are not being intervened upon) where 
no systematic changes would be anticipated, we recom-
mend researchers choose a data analysis method that can 
accommodate nonstationarity.

Another notable finding pertains to differences be-
tween the between-person and within-person levels of 
analysis [66]. In the present study, when examining the 
differences occurring within an individual over time, it 
was observed that when individuals experienced better 
affective states than their average levels, this predicted 
subsequent increases in their engagement in MVPA (i.e., 
a positive relationship). In contrast, when examining 
the same data from a between-person perspective, it was 
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observed that individuals who, on average, had lower 
positive incidental affect and higher negative incidental 
affect were more physically active, compared to other in-
dividuals with higher average levels of positive incidental 
affect and lower negative incidental affect (i.e., a negative 
relationship). The first implication of this finding is that 
when researchers are interested in examining dynamic 
psychological processes occurring within an individual, 
it is imperative that the study design and selected ana-
lysis aligns with changes occurring within an individual 
[66, 67].

Although this negative between-person correlation 
contradicts the typical positive relationship observed be-
tween positive affective states and physical activity be-
havior [3], there are several possible explanations for why 
it was observed. The first rationale aligns with the “affect 
regulation” theoretical perspective of the relationship be-
tween incidental affect and physical activity behavior [11]. 
From an affect regulation perspective, individuals engage 
in behaviors that they anticipate will modify their cur-
rent affective state (i.e., they report engaging in MVPA as 
an affect improvement strategy). As such, it is plausible 
that, in this sample, individuals who had lower average 
levels of positive incidental affect (and higher negative 
incidental affect) engaged in more physical activity on 
average to enhance their positive affect that day as a form 
of homeostasis. A second potential explanation corres-
ponds to the type of MVPA participants were engaging 
in. In the present study, the smartwatch captured MVPA 
broadly and was not delimited to leisure-time physical 
activity or planned exercise behaviors. It has been pre-
viously demonstrated that occupational physical activity 
has less positive and more negative psychological ef-
fects compared to leisure-time physical activity [68]. In 
this sample, 55.5% of participants were employed either 
full-time or part-time. However, we did not collect data 
regarding the type of occupation. Accordingly, though 
speculative, it is possible that more active individuals 
were engaging in more occupational physical activity. 
Finally, it is also possible that this negative correlation 
is a statistical artifact that is limited only to this sample 
of individuals. Therefore, an important future direction 
is to explore if  and under what conditions this negative 
between-person correlation holds.

Limitations

Balanced against the novel insights provided by 
Hierarchical Bayesian CT-SEM, there are also limita-
tions to acknowledge. First, it is well established that hier-
archical CT-SEM is very computationally intensive [30, 
54]. Accordingly, CT-SEM analyses are typically limited 
to modeling two to three dynamic processes [30]. Within 
the context of the present study, though our preregistra-
tion intended to use a dynamic measurement model to 

account for measurement error in each individual affect 
item, this was infeasible as it would take months for the 
model to run. Instead, we summed the positive and nega-
tive affect items, and measurement error was accounted 
for in the summated positive and negative incidental af-
fect manifest indicators.

A second limitation to address concerns the 
operationalization of incidental affect. Specifically, 
within their integrated framework, Williams and col-
leagues [8] distinguish between postbehavior affective re-
sponse and incidental affect following physical activity 
behavior. The postbehavior affective response is posi-
tioned as a “direct result of the target behavior [11]”. In 
contrast, postbehavior incidental affect is suggested to 
occur “outside the context of the target behavior (even 
if  it is partially determined by the target behavior [13] 
(p131)]”. Accordingly, it has been suggested that there is 
a need for further conceptual clarity between these two 
constructs to answer questions such as, “how quickly 
does the acute affective response to physical activity dis-
sipate and when is affect measured postphysical activity 
no longer considered influenced by the target behavior 
(and thus no longer considered affective response)? [11] 
(p8)]”. As illustrated in Fig. 2, MVPA has an influence 
on subsequent affective states greater than 30 h following 
a bout of physical activity. Accordingly, it still remains 
unclear when post-behavior affective response dissipates 
to become incidental affect. Thus, our post-MVPA in-
cidental affect measure may be a blend of both integral 
(i.e., postbehavior affective response) and incidental af-
fect constructs.

A final limitation pertains to how heterogeneity was 
accounted for through hierarchical CT-SEM. Previous 
research suggests that there is heterogeneity among in-
dividuals in the affective processes that underlie physical 
activity [69]. A strength of a hierarchical CT-SEM ana-
lysis is that population mean distributions related to all 
parameters serve as hyperpriors to inform person-specific 
parameter distributions for all parameters estimated 
(thus accommodating deviations among individuals in 
the sample) [50]. However, although CT-SEM allows for 
quantitative differences between individuals in the param-
eters of this model, the qualitatively different relationships 
between incidental affect and physical activity between 
participants are not easily interpretable [70]. That is, 
without supplementing the current analysis with cluster 
models [70] or recursive partitioning [71], we cannot as-
certain whether particular subgroups of individuals 
differed in the functional forms of their dynamic relation-
ships. For example, while some individuals may engage in 
MVPA as a form of “affect regulation,” other individuals’ 
dynamic relationships may be better explained by “affect 
congruency” [11] theoretical perspectives (e.g., on average, 
individuals who experience more positive incidental af-
fective states engage in more MVPA).
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Relatedly, CT-SEM analyses contain a stochastic ele-
ment (i.e., the diffusion matrix), which partitions out 
variance associated with random fluctuations in both 
incidental affect and MVPA. This stochastic element 
also quantifies variability that is shared by common 
causes between the two variables. As evidenced by the 
diffusion matrix covariation in both the positive and 
negative affect models, some observed fluctuations in 
incidental affect and MVPA share common causes. In 
the physical activity domain, many other affective, cog-
nitive, behavioral, and contextual factors are theorized 
to influence physical activity that fluctuate over time 
[72]. Accordingly, a critical next step for elucidating the 
continuous-time dynamics underlying physical activity 
and incidental affect would be identifying what factors 
(i.e., time-invariant or time-varying covariates) are as-
sociated with the shared fluctuations between the two 
variables.

Taken together, by identifying covariates associated 
with differences in effects between individuals (i.e., ob-
served heterogeneity) and using analytical methods that 
accommodate qualitative differences in dynamics (i.e., 
mixture or recursive partitioning models), researchers 
will be able to identify subgroups of individuals who dis-
play similar affective dynamics. Knowledge of the unique 
affective dynamics underlying subgroups, in turn, has the 
potential to elucidate subpopulations where a physical 
activity intervention is beneficial or for whom it fails to 
work [73].

Conclusion

The results of  the present study complement and build 
upon previous research examining the bidirectional 
relationships between incidental affective states and 
MVPA. Additionally, this study demonstrates that 
the use of  continuous-time modeling is an innova-
tive approach to provide nuanced insights into the af-
fective dynamics underlying physical activity behavior. 
Particular insights revealed in this study include: (1) 
the existent of  an eight-hour lag between incidental af-
fective states and MVPA when the predictive relation-
ships are strongest (both for affect predicting MVPA 
and vice versa), (2) the cross-lagged effects tend to per-
sist to some extent over 30 h, and (3) the relationship 
between incidental affect states and MVPA differ de-
pending on whether within- or between-person effects 
are considered.

Supplementary Material

Supplementary material is available at Annals of Behavioral 
Medicine online.

Acknowledgements Funding for this research was provided by 
the Canadian Institutes of Health Research Vanier Fellowship 
awarded to the first author and the National Institute of Mental 
Health (L30 MH101760), the University of Pittsburgh’s Clinical 
and Translational Science Institute, which is funded by the 
National Institutes of Health Clinical and Translational Science 
Award program (UL1 TR001857), and grants from the University 
of Pittsburgh Central Research Development Fund and a Steven 
D. Manners Faculty Development Award from the University of 
Pittsburgh University Center for Social and Urban Research.

Compliance with Ethical Standards

Authors’ Statement of Conflict of Interest and Adherence to Ethical 
Standards Authors Geralyn R. Ruissen, Mark R. Beauchamp, Eli 
Puterman, Bruno D. Zumbo, Ryan E. Rhodes, Benjamin A. Hives, 
Brinkley M.  Sharpe, Julio Vega, Carissa Low, and Aidan G.  C. 
Wright declare that they have no conflict of interest. All proced-
ures, including the informed consent process, were conducted in 
accordance with the ethical standards of the responsible com-
mittee on human experimentation (institutional and national) and 
with the Helsinki Declaration of 1975, as revised in 2000.

Primary Data The data reported in the current study were part of 
a larger program of  research designed to use ambulatory assess-
ment techniques (e.g., smartphone administered surveys, wear-
able technology) to study the daily dynamic processes of  stress 
and responses to that stress, and how levels of  personality and 
psychopathology amplify or dampen those processes. Findings 
related to the dynamic associations between emotion-based im-
pulsivity and internalizing and externalizing psychopathology 
related to this dataset have been previously published elsewhere 
[43]. The findings related to the present study have not been pre-
viously published elsewhere. The authors have full control of  all 
primary data and agree to allow the Journal to review data if  
requested. 

Authors’ Contributions G.R.R. conceptualized the current study 
and data analysis. C.A.L. and A.G.C.W. contributed to the con-
ceptualization and study design of the larger AAPECS study. 
A.G.C.W., B.M S., and C.A.L. collected the data. B.M.S., B.A.H., 
and J.V. processed the data and performed preliminary statistical 
analyses. G.R.R. performed and interpreted the primary statistical 
analysis. G.R.R. and M.R.B. were involved in writing the first draft 
of the manuscript. All authors contributed to manuscript revision, 
read, and approved the submitted version.

Ethical Approval All procedures performed in this study were in 
accordance with the ethical standards of our institutional research 
ethics committee and with the 1964 Helsinki declaration and its 
later amendments or comparable ethical standards. Slight devi-
ation from this concerned informed consent, as explained below, 
but this was approved by our ethics committee.

Informed Consent Consent was obtained from all individual parti-
cipants included in the study. 

References

1. Pedersen  BK, Saltin  B. Exercise as medicine—Evidence for 
prescribing exercise as therapy in 26 different chronic diseases. 
Scand J Med Sci Sports. 2015;25(Suppl. 3):1–72. doi:10.1111/
sms.12581.

1296 ann. behav. med. (2022) 56:1284–1299

https://doi.org/10.1111/sms.12581
https://doi.org/10.1111/sms.12581


2. Rebar  AL, Stanton  R, Geard  D, Short  CE, Duncan  MJ, 
Vandelanotte C. A meta-meta-analysis of the effect of physical 
activity on depression and anxiety in non-clinical adult popu-
lations. Health Psychol Rev. 2015;9(3):366–378. doi:10.1080/17
437199.2015.1022901.

3. Rhodes  RE, Janssen  I, Bredin  SSD, Warburton  DER, 
Bauman AE. Physical activity: Health impact, prevalence, cor-
relates and interventions. Psychol Health. 2017;32(8):942–975. 
doi:10.1080/08870446.2017.1325486.

4. Martin  SB, Morrow  JR, Jackson  AW, Dunn  AL. Variables 
related to meeting the CDC/ACSM physical activity guide-
lines. Med Sci Sports Exerc. 2000;32(12):2087–2092. 
doi:10.1097/00005768-200012000-00019.

5. Guthold R, Stevens GA, Riley LM, Bull FC. Worldwide trends 
in insufficient physical activity from 2001 to 2016: A pooled 
analysis of 358 population-based surveys with 1·9 million 
participants. Lancet Glob Health. 2018;6(10):e1077–e1086. 
doi:10.1016/S2214-109X(18)30357-7.

6. Williams  DM, Rhodes  RE, Conner  MT, eds. 
Affective Determinants of Health Behavior. Oxford, 
UK: Oxford University Press; 2018. doi:10.1093/
oso/9780190499037.001.0001 

7. Russell  JA. Core affect and the psychological construc-
tion of emotion. Psychol Rev. 2003;110(1):145–172. 
doi:10.1037/0033-295X.110.1.145.

8. Williams DM, Rhodes RE, Conner MT. Conceptualizing and 
intervening on affective determinants of health behaviour. 
Psychol Health. 2019;34(11):1267–1281. doi:10.1080/0887044
6.2019.1675659.

9. Barrett LF. The theory of constructed emotion: An active in-
ference account of interoception and categorization. Soc Cogn 
Affect Neurosci. 2016;12(1):1–23. doi:10.1093/scan/nsw154.

10. Williams  DM, Evans  DR. Current emotion research in 
health behavior science. Emot Rev. 2014;6(3):277–287. 
doi:10.1177/1754073914523052.

11. Stevens CJ, Baldwin AS, Bryan AD, Conner MT, Rhodes RE, 
Williams  DM. Affective determinants of physical activity: 
A conceptual framework and narrative review. Front Psychol. 
2020;11:3366. doi:10.3389/fpsyg.2020.568331.

12. Clarke AE, Janssen I. A compositional analysis of time spent 
in sleep, sedentary behaviour and physical activity with all-
cause mortality risk. Int J Behav Nutr Phys Act. 2021;18(1):25. 
doi:10.1186/s12966-021-01092-0.

13. Emerson JA, Dunsiger SI, Williams DM. Reciprocal within-
day associations between incidental affect and exercise: An 
EMA study. Psychol Health. 2018;33(1):130–143. doi:10.1080/
08870446.2017.1341515.

14. Liao  Y, Chou-Ping  C, Huh  J, Leventhal  AM, Dunton  GF. 
Examining acute bi-directional relationships between affect, 
physical feeling states, and physical activity in free-living 
situations using electronic ecological momentary assess-
ment. J Behav Med. 2017;40(3):445–457. doi:10.1007/
s10865-016-9808-9

15. Liao  Y, Shonkoff  ET, Dunton  GF. The acute relationships 
between affect, physical feeling states, and physical activity 
in daily life: A  review of current evidence. Front Psychol. 
2015;6:1–7. doi:10.3389/fpsyg.2015.01975.

16. Haas  P, Schmid  J, Stadler  G, Reuter  M, Gawrilow  C. 
Zooming into daily life: Within-person associations between 
physical activity and affect in young adults. Psychol Health 
2017;32(5):588–604. doi:10.1080/08870446.2017.1291943.

17. Flueckiger  L, Lieb  R, Meyer  AH, Witthauer  C, Mata  J. 
Day-to-day variations in health behaviors and daily func-
tioning: Two intensive longitudinal studies. J Behav Med. 
2017;40(2):307–319. doi:10.1007/s10865-016-9787-x.

18. Kim J, Conroy DE, Smyth JM. Bidirectional associations of 
momentary affect with physical activity and sedentary behav-
iors in working adults. Ann Behav Med. 2020;54(4):268–279. 
doi:10.1093/abm/kaz045.

19. Schultchen D, Reichenberger J, Mittl T, et al. Bidirectional re-
lationship of stress and affect with physical activity and healthy 
eating. Br J Health Psychol. 2019;24(2):315–333. doi:10.1111/
bjhp.12355.

20. Pannicke  B, Reichenberger  J, Schultchen  D, Pollatos  O, 
Blechert  J. Affect improvements and measurement concord-
ance between a subjective and an accelerometric estimate 
of physical activity. Eur J Heal Psychol. 2020;27(2):66–75. 
doi:10.1027/2512-8442/a000050.

21. Schöndube  A, Kanning  MK, Fuchs  R. The bidirectional 
effect between momentary affective states and exercise dur-
ation on a day level. Front Psychol. 2016;7:1414. doi:10.3389/
fpsyg.2016.01414.

22. Liao  Y, Chou  CP, Huh  J, Leventhal  AM, Dunton  GF. 
Associations of affective responses during free-living physical 
activity and future physical activity levels: An ecological mo-
mentary assessment study. Int J Behav Med. 2017;24(4):513–
519. doi:10.1007/s12529-016-9626-z.

23. Van  Cappellen  P, Rice  EL, Catalino  LI, Fredrickson  BL. 
Positive affective processes underlie positive health behaviour 
change. Psychol Health. 2018;33(1):77–97. doi:10.1080/088704
46.2017.1320798.

24. Chan JSY, Liu G, Liang D, Deng K, Wu J, Yan JH. Therapeutic 
benefits of physical activity for mood: A  systematic review 
on the effects of exercise intensity, duration, and modality. J 
Psychol. 2019;153(1):102–125. doi:10.1080/00223980.2018.147
0487.

25. Kandola A, Ashdown-Franks G, Hendrikse J, Sabiston CM, 
Stubbs  B. Physical activity and depression: Towards under-
standing the antidepressant mechanisms of physical activity. 
Neurosci Biobehav Rev. 2019;107:525–539. doi:10.1016/j.
neubiorev.2019.09.040.

26. Lin TW, Kuo YM. Exercise benefits brain function: The mono-
amine connection. Brain Sci. 2013;3(4):39–53. doi:10.3390/
brainsci3010039.

27. Kuiper RM, Ryan O. Drawing conclusions from cross-lagged 
relationships: Re-considering the role of the time-interval. 
Struct Equ Model. 2018;25(5):809–823. doi:10.1080/10705511.
2018.1431046.

28. Williams  DM, Rhodes  RE, Conner  MT. Overview of af-
fective determinants of health behavior. In: Williams  DM, 
Rhodes RE, Conner MT, eds. Affective Determinants of Health 
Behavior. Oxford, UK: Oxford University Press; 2018:1–18. 
doi:10.1093/oso/9780190499037.003.0001

29. Hamaker EL, Kuiper RM, Grasman RPPP. A critique of the 
cross-lagged panel model. Psychol Methods. 2015;20(1):102–
116. doi:10.1037/a0038889.

30. Voelkle MC, Gische C, Driver CC, Lindenberger U. The role 
of time in the quest for understanding psychological mechan-
isms. Multivariate Behav Res. 2018;53(6):782–805. doi:10.1080
/00273171.2018.1496813.

31. de  Haan-Rietdijk  S, Voelkle  MC, Keijsers  L, Hamaker  EL. 
Discrete- vs. continuous-time modeling of unequally spaced 
experience sampling method data. Front Psychol. 2017;8:1–19. 
doi:10.3389/fpsyg.2017.01849

32. Ryan  O, Kuiper  RM, Hamaker  EL. A continuous time ap-
proach to intensive longitudinal data: What, why and how? 
In: van Montfort K, Oud JHL, Voelkle MC, eds. Continuous 
Time Modeling in the Behavioral and Related Sciences. 
Cham, Switzerland: Springer International Publishing; 2018. 
doi:10.1007/978-3-319-77219-6_2

ann. behav. med. (2022) 56:1284–1299 1297

https://doi.org/10.1080/17437199.2015.1022901
https://doi.org/10.1080/17437199.2015.1022901
https://doi.org/10.1080/08870446.2017.1325486
https://doi.org/10.1097/00005768-200012000-00019
https://doi.org/10.1016/S2214-109X(18)30357-7
https://doi.org/10.1093/oso/9780190499037.001.0001
https://doi.org/10.1093/oso/9780190499037.001.0001
https://doi.org/10.1037/0033-295X.110.1.145
https://doi.org/10.1080/08870446.2019.1675659
https://doi.org/10.1080/08870446.2019.1675659
https://doi.org/10.1093/scan/nsw154
https://doi.org/10.1177/1754073914523052
https://doi.org/10.3389/fpsyg.2020.568331
https://doi.org/10.1186/s12966-021-01092-0
https://doi.org/10.1080/08870446.2017.1341515
https://doi.org/10.1080/08870446.2017.1341515
https://doi.org/10.1007/s10865-016-9808-9
https://doi.org/10.1007/s10865-016-9808-9
https://doi.org/10.3389/fpsyg.2015.01975
https://doi.org/10.1080/08870446.2017.1291943
https://doi.org/10.1007/s10865-016-9787-x
https://doi.org/10.1093/abm/kaz045
https://doi.org/10.1111/bjhp.12355
https://doi.org/10.1111/bjhp.12355
https://doi.org/10.1027/2512-8442/a000050
https://doi.org/10.3389/fpsyg.2016.01414
https://doi.org/10.3389/fpsyg.2016.01414
https://doi.org/10.1007/s12529-016-9626-z
https://doi.org/10.1080/08870446.2017.1320798
https://doi.org/10.1080/08870446.2017.1320798
https://doi.org/10.1080/00223980.2018.1470487
https://doi.org/10.1080/00223980.2018.1470487
https://doi.org/10.1016/j.neubiorev.2019.09.040
https://doi.org/10.1016/j.neubiorev.2019.09.040
https://doi.org/10.3390/brainsci3010039
https://doi.org/10.3390/brainsci3010039
https://doi.org/10.1080/10705511.2018.1431046
https://doi.org/10.1080/10705511.2018.1431046
https://doi.org/10.1093/oso/9780190499037.003.0001
https://doi.org/10.1037/a0038889
https://doi.org/10.1080/00273171.2018.1496813
https://doi.org/10.1080/00273171.2018.1496813
https://doi.org/10.3389/fpsyg.2017.01849
https://doi.org/10.1007/978-3-319-77219-6_2


33. Himmelstein  PH, Woods  WC, Wright  AGC. A com-
parison of  signal- and event-contingent ambulatory as-
sessment of  interpersonal behavior and affect in social 
situations. Psychol Assess. 2019;31(7):952–960. doi:10.1037/
pas0000718.

34. Scholz  U. It’s time to think about time in health psych-
ology. Appl Psychol Heal Well-Being. 2019;11(2):173–186. 
doi:10.1111/aphw.12156.

35. Borsboom  D, van  der  Maas  HLJ, Dalege  J, Kievit  RA, 
Haig  BD. Theory construction methodology: A  prac-
tical framework for building theories in psychology. 
Perspect Psychol Sci. 2021;16(4):756–766. doi:10.1177/ 
1745691620969647.

36. Morse  JQ, Pilkonis  PA. Screening for personality dis-
orders. J Pers Disord. 2007;21(2):179–198. doi:10.1521/
pedi.2007.21.2.179. 

37. MetricWire Inc. MetricWire. 2021. www.metricwire.com/. 
Accessed September 1, 2021.

38. Brewer  W, Swanson  BT, Ortiz  A. Validity of Fitbit’s active 
minutes as compared with a research-grade accelerometer 
and self-reported measures. BMJ Open Sport Exerc Med. 
2017;3(1):e000254. doi:10.1136/bmjsem-2017-000254.

39. Piercy KL, Troiano RP, Ballard RM, et al. The physical ac-
tivity guidelines for Americans. JAMA 2018;320(19):2020–
2028. doi:10.1001/jama.2018.14854. 

40. FitBit. What are active minutes? Published 2020. https://
help.fitbit.com/articles/en_US/Help_article/1379. Accessed 
February 1, 2020.

41. Watson  D, Clark  LA, Tellegen  A. Development and valid-
ation of brief  measures of positive and negative affect: The 
PANAS scales. J Pers Soc Psychol. 1988;54(6):1063–1070. 
doi:10.1037/0022-3514.54.6.1063.

42. Watson D, Clark LA. The PANAS-X: Manual for the Positive 
and Negative Affect Schedule-Expanded Form. 1999. http://
www2.psychology.uiowa.edu/Faculty/Clark/PANAS-X.pdf. 
Accessed January 13, 2022.

43. Sperry SH, Sharpe BM, Wright AGC. Momentary dynamics 
of emotion-based impulsivity: Exploring associations with 
dispositional measures of externalizing and internalizing 
psychopathology. J Abnorm Psychol. 2021;130(8):815–828. 
doi:10.1037/abn0000720.

44. Cranford JA, Shrout PE, Iida M, Rafaeli E, Yip T, Bolger N. 
A procedure for evaluating sensitivity to within-person 
change: Can mood measures in diary studies detect change 
reliably? Personal Soc Psychol Bull. 2006;32(7):917–929. 
doi:10.1177/0146167206287721.

45. Nezlek  JB. A practical guide to understanding reliability in 
studies of within-person variability. J Res Pers. 2017;69:149–
155. doi:10.1016/j.jrp.2016.06.020.

46. Oud JHL, Voelkle MC. Do missing values exist? Incomplete 
data handling in cross-national longitudinal studies by means 
of continuous time modeling. Qual Quant. 2014;48(6):3271–
3288. doi:10.1007/s11135-013-9955-9.

47. Driver  CC, Oud  JHL, Voelkle  MC. Continuous time struc-
tural equation modeling with R package ctsem. J Stat Softw. 
2017;77(5):1–35. doi:10.18637/jss.v077.i05.

48. Stan Development Team. RStan: the R interface to Stan 
[Computer software]. R package version 2.21.3. https://
mc-stan.org/

49. R Core Team. R: A  language and environment for statistical 
computing [Computer software]. Vienna, Austria: R Foundation 
for Statistical Computing; 2021. https://www.r-project.org/

50. Driver  CC, Voelkle  MC. Hierarchical Bayesian continuous 
time dynamic modeling. Psychol Methods. 2018;23(4):774–
799. doi:10.1037/met0000168.

51. Hecht  M, Hardt  K, Driver  CC, Voelkle  MC. Bayesian 
continuous-time Rasch models. Psychol Methods. 
2019;24(4):516–537. doi:10.1037/met0000205.

52. Gelman  A, Carlin  JB, Stern  HS, Dunson  DB, Vehtari  A, 
Rubin DB. Bayesian Data Analysis. 3rd ed. Boca Raton, FL: 
CRC Press; 2013. doi:10.1201/b16018

53. Zitzmann S, Hecht M. Going beyond convergence in Bayesian 
estimation: Why precision matters too and how to assess it. 
Struct Equ Model. 2019;26(4):646–661. doi:10.1080/10705511.
2018.1545232.

54. Hecht M, Voelkle MC. Continuous-time modeling in preven-
tion research: An illustration. Int J Behav Dev. 2021;45(1):19–
27. doi:10.1177/0165025419885026.

55. Kuiper  RM. Phi-and-Psi-Plots and Find DeltaT [Shiny app 
software]. Published online 2018. https://utrecht-university.
shinyapps.io/phi-and-psi-plots_and_find_deltat/. Accessed 
September 1, 2021.

56. Hecht  M, Zitzmann  S. Exploring the unfolding of dynamic 
effects with continuous-time models: Recommendations con-
cerning statistical power to detect peak cross-lagged effects. . 
Struct Equ Model. 2021;28(6):894–902. doi:10.1080/10705511.
2021.1914627.

57. Hecht  M, Zitzmann  S. Sample size recommendations for 
continuous-time models: Compensating shorter time series 
with larger numbers of persons and vice versa. . Struct Equ 
Model. 2021;28(2):229–236. doi:10.1080/10705511.2020.17790
69.

58. Gelfand AE, Wang F. A simulation-based approach to Bayesian 
sample size determination for performance under a given 
model and for separating models. Stat Sci. 2002;17(2):193–
208. doi:10.1214/ss/1030550861.

59. Ryan O, Hamaker EL. Time to intervene: A continuous-time 
approach to network analysis and centrality. Psychometrika 
2021; doi:10.1007/s11336-021-09767-0. 

60. Ariens S, Ceulemans E, Adolf JK. Time series analysis of in-
tensive longitudinal data in psychosomatic research: A meth-
odological overview. J Psychosom Res. 2020;137:110191. 
doi:10.1016/j.jpsychores.2020.110191

61. Heino  MTJ, Knittle  K, Noone  C, Hasselman  F, 
Hankonen N. Studying behaviour change mechanisms under 
complexity. Behav Sci (Basel) 2021;11(5):77. doi:10.3390/ 
bs11050077.

62. Rhodes  RE. The evolving understanding of  physical ac-
tivity behavior: A  multi-process action control approach. 
In: Elliot  AJ, ed. Advances in Motivation Science. Vol 
4.  Cambridge, MA: Academic Press; 2017. doi:10.1016/
bs.adms.2016.11.001

63. Fredrickson  BL, Arizmendi  C, Van  Cappellen  P. Same-day, 
cross-day, and upward spiral relations between positive affect 
and positive health behaviours. Psychol Heal. 2020;36(4):444–
460. doi:10.1080/08870446.2020.1778696.

64. Nahum-Shani  I, Smith  SN, Spring  BJ, et  al. Just-in-time 
adaptive interventions (JITAIs) in mobile health: Key com-
ponents and design principles for ongoing health behavior 
support. Ann Behav Med. 2018;52(6):446–462. doi:10.1007/
s12160-016-9830-8. 

65. Zawadzki MJ, Scott SB, Almeida DM, et al. Understanding 
stress reports in daily life: A coordinated analysis of factors 
associated with the frequency of reporting stress. J Behav Med. 
2019;42(3):545–560. doi:10.1007/s10865-018-00008-x.

66. Molenaar  PCM, Campbell  CG. The new person-specific 
paradigm in psychology. Psychol Sci. 2009;18(2):112–117. 
doi:10.1111/j.1467-8721.2009.01619.x.

67. Collins  LM. Analysis of longitudinal data: The integration 
of theoretical model, temporal design, and statistical model. 

1298 ann. behav. med. (2022) 56:1284–1299

https://doi.org/10.1037/pas0000718
https://doi.org/10.1037/pas0000718
https://doi.org/10.1111/aphw.12156
https://doi.org/10.1177/1745691620969647
https://doi.org/10.1177/1745691620969647
https://doi.org/10.1521/pedi.2007.21.2.179
https://doi.org/10.1521/pedi.2007.21.2.179
http://www.metricwire.com/
https://doi.org/10.1136/bmjsem-2017-000254
https://doi.org/10.1001/jama.2018.14854
https://help.fitbit.com/articles/en_US/Help_article/1379
https://help.fitbit.com/articles/en_US/Help_article/1379
https://doi.org/10.1037/0022-3514.54.6.1063
http://www2.psychology.uiowa.edu/Faculty/Clark/PANAS-X.pdf
http://www2.psychology.uiowa.edu/Faculty/Clark/PANAS-X.pdf
https://doi.org/10.1037/abn0000720
https://doi.org/10.1177/0146167206287721
https://doi.org/10.1016/j.jrp.2016.06.020
https://doi.org/10.1007/s11135-013-9955-9
https://doi.org/10.18637/jss.v077.i05
https://mc-stan.org/
https://mc-stan.org/
https://www.r-project.org/
https://doi.org/10.1037/met0000168
https://doi.org/10.1037/met0000205
https://doi.org/10.1201/b16018
https://doi.org/10.1080/10705511.2018.1545232
https://doi.org/10.1080/10705511.2018.1545232
https://doi.org/10.1177/0165025419885026
https://utrecht-university.shinyapps.io/phi-and-psi-plots_and_find_deltat/
https://utrecht-university.shinyapps.io/phi-and-psi-plots_and_find_deltat/
https://doi.org/10.1080/10705511.2021.1914627
https://doi.org/10.1080/10705511.2021.1914627
https://doi.org/10.1080/10705511.2020.1779069
https://doi.org/10.1080/10705511.2020.1779069
https://doi.org/10.1214/ss/1030550861
https://doi.org/10.1007/s11336-021-09767-0
https://doi.org/10.1016/j.jpsychores.2020.110191
https://doi.org/10.3390/bs11050077
https://doi.org/10.3390/bs11050077
https://doi.org/10.1016/bs.adms.2016.11.001
https://doi.org/10.1016/bs.adms.2016.11.001
https://doi.org/10.1080/08870446.2020.1778696
https://doi.org/10.1007/s12160-016-9830-8
https://doi.org/10.1007/s12160-016-9830-8
https://doi.org/10.1007/s10865-018-00008-x
https://doi.org/10.1111/j.1467-8721.2009.01619.x


Annu Rev Psychol. 2006;57(1):505–528. doi:10.1146/annurev.
psych.57.102904.190146.

68. White RL, Babic MJ, Parker PD, Lubans DR, Astell-Burt T, 
Lonsdale  C. Domain-specific physical activity and mental 
health: A meta-analysis. Am J Prev Med. 2017;52(5):653–666. 
doi:10.1016/j.amepre.2016.12.008.

69. Rosmalen  JGM, Wenting  AMG, Roest  AM, de  Jonge  P, 
Bos EH. Revealing causal heterogeneity using time series ana-
lysis of ambulatory assessments: Application to the association 
between depression and physical activity after myocardial in-
farction. Psychosom Med. 2012;74(4):377–386. doi:10.1097/
PSY.0b013e3182545d47

70. Bulteel  K, Tuerlinckx  F, Brose  A, Ceulemans  E. Clustering 
vector autoregressive models: Capturing qualitative differences 

in within-person dynamics. Front Psychol. 2016;7:1540. 
doi:10.3389/fpsyg.2016.01540.

71. Brandmaier  AM, Driver  CC, Voelkle  MC. Recursive 
partitioning in continuous time analysis. In: van Montfort K, 
Oud  JHL, Voelkle  MC, eds. Continuous Time Modeling in 
the Behavioral and Related Sciences. Cham, Switzerland: 
Springer International Publishing; 2018:259–282. 
doi:10.1007/978-3-319-77219-6_11

72. Dunton  GF. Sustaining health-protective behaviors such as 
physical activity and healthy eating. JAMA. 2018;320(7):639. 
doi:10.1001/jama.2018.6621.

73. Ridenour  TA. Precision strategies as a timely and unifying 
framework for ongoing prevention science advances. Prev Sci. 
2019;20(1):110–114. doi:10.1007/s11121-019-0988-8.

ann. behav. med. (2022) 56:1284–1299 1299

https://doi.org/10.1146/annurev.psych.57.102904.190146
https://doi.org/10.1146/annurev.psych.57.102904.190146
https://doi.org/10.1016/j.amepre.2016.12.008
https://doi.org/10.1097/PSY.0b013e3182545d47
https://doi.org/10.1097/PSY.0b013e3182545d47
https://doi.org/10.3389/fpsyg.2016.01540
https://doi.org/10.1007/978-3-319-77219-6_11
https://doi.org/10.1001/jama.2018.6621
https://doi.org/10.1007/s11121-019-0988-8

