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A B S T R A C T   

Background: Ecological momentary assessment (EMA) has become a popular method of gathering information 
about participants as they go about their daily lives. However, participant non-compliance, especially non- 
random compliance, in EMA is a concern. Better knowledge of the moment-to-moment factors that predict 
prompt non-response can inform the design of strategies to mitigate it. 
Method: We used data from a general population young adult (n = 260) EMA study, ‘decades-to-minutes’ (D2M) 
and fitted dynamic structural equation models (DSEMs) to explore a range of candidate momentary predictors of 
missing the next prompt. 
Results: We found that higher levels of stress, overall negative affect, and the specific negative affective state of 
‘upset’ at a given prompt predicted a greater likelihood of missing the next prompt. However, no other specific 
affective states, alcohol use, experiencing social provocations nor aggressive behaviour predicted missing the 
next prompt. 
Limitations: The primary limitation of the present study was a lack of information on predictors concurrent with 
missed prompts. 
Conclusions: Findings point to the potential value of gathering information on momentary negative affect 
(especially feeling upset) and stress to help inform strategies that intervene to prevent application disengagement 
at optimal moments and to feed into strategies to mitigate bias due to non-random non-response in EMA studies.   

Ecological momentary assessment (EMA) has become a popular 
method of capturing participants' experiences as they play out in the 
course of daily life, including momentary events, cognitions, emotions, 
and behaviour (Bolger and Laurenceau, 2013). These techniques have 
become especially popular within mental health research (e.g., Russell 
and Gajos, 2020), where they are used to examine daily life symptoms 
and functioning; proximal predictors of symptoms; and provide more 
ecologically valid measures of mental health-relevant phenotypes such 
as negative affect, emotional lability and emotional reactivity (e.g., 
Beute and de Kort, 2018; Murray et al., 2021, 2022; Speyer et al., 2021). 
However, missing data are near inevitable in EMA designs (Williams 
et al., 2021). They reduce the available observations and correspond-
ingly reduce statistical power and precision. They can also introduce 

bias into parameter estimates if the missingness is related to the phe-
nomena under study, for example, if in a mental health study feeling 
stressed at a given moment makes it more likely that a prompt will be 
missed (Cursio et al., 2019; Sun et al., 2021). 

Knowledge of the predictors of responding to prompts is valuable for 
informing strategies to improve response rates (Ottenstein and Werner, 
2022) and mitigate any bias resulting from non-random missingness. For 
example, this can provide insights into the mechanisms, including the 
psychological mechanisms, that underlie non-response. They can also be 
used to predict for whom and when non-response is likely and this fa-
cilitates mitigation strategies. These strategies might include tailored 
protocols for and/or oversampling of participants at high risk of drop- 
out, tailoring of prompt timing and frequency, and ‘just-in-time’ 
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compliance interventions to promote compliance when response pat-
terns indicate an upcoming prompt is at high risk of being missed (see e. 
g., Nahum-Shani et al., 2018 for an overview of just-in-time intervention 
principles). It might also inform strategies that send surveys to partici-
pants in a way that maximises the information obtained while mini-
mising the burden placed on participants (Ponnada et al., 2022). Despite 
the value of knowledge of prompt-wise predictors only a handful of 
studies to date have examined this issue (Rintala et al., 2020). 

Previous research on predictors of EMA compliance has provided 
some initial insights into the factors that are related to compliance 
(Jones et al., 2019; Rintala et al., 2019; Vachon et al., 2019; Wen et al., 
2017; Williams et al., 2021). A number of respondent characteristics 
that are related to lower overall EMA compliance (i.e., number of 
prompts completed) have been identified, including being male, a pol-
ysubstance user, lower in self-control, higher in aggression, de-
linquency, and smoking (Messiah et al., 2011; Murray et al., 2022c). On 
the other hand, higher levels of self-injury and a tendency to feel moral 
shame (i.e., shame in response to feeling that one has done something 
wrong) have been found to be associated with higher compliance 
(Murray et al., 2022c). The evidence on whether mental health status is 
related to compliance in EMA is mixed, with some studies finding lower 
compliance among those with a mental health diagnosis or higher levels 
of mental health symptoms and others finding no significant relation 
(Gershon et al., 2019; Rintala et al., 2019; Silvia et al., 2013; van Gen-
ugten et al., 2020). 

Other studies have explored EMA study design factors that are 
related to compliance (Colombo et al., 2018; Ono et al., 2019; Ottenstein 
and Werner, 2022; Smyth et al., 2021; Vachon et al., 2019; Wen et al., 
2017; Wrzus and Neubauer, 2022); however, they have found that few 
design factors are predictive of compliance. In a recent meta-analysis of 
477 articles, Wrzus and Neubauer (2022) found that studies that offered 
financial incentives had better compliance than those that did not; 
however, beyond this, the effects of design characteristics (e.g., dura-
tion, prompts per day) were minimal. In a recent experimental design, 
Eisele et al. (2022) found that EMA questionnaire length but not 
increased sampling frequency reduced overall compliance with an EMA 
protocol. 

Only a handful of previous studies have addressed ‘prompt-level’ 
predictors of non-response in an EMA context, i.e., predictors based on 
the momentary data gathered in the EMA surveys themselves. The few 
studies that have been conducted have mostly focused on temporal ef-
fects such as the impact of time-of-day or days into the survey rather 
than on time-varying features of the individual such as their cognitions, 
affect, and behaviour (Ponnada et al., 2022). This leaves an important 
gap because non-random missingness with respect to these features at 
the prompt level can bias the estimate of the within-person relations 
between constructs. For example, if prompts are more likely to be 
missing when a person is feeling stressed, the relations between stress 
and other factors measured in the EMA (e.g., greenspace, noise pollu-
tion, aggression exposure) may be distorted. Though there has been little 
research on this to date, the idea that momentary states impact the 
ability and/or willingness to complete EMA measures has strong face 
validity (Rintala et al., 2020). 

There are a range of states that may be relevant for compliance in 
EMA. For example, research in depression, including EMA research, has 
shown that low mood is often associated with a lack of motivation and 
reduced behavioral activity (Kim et al., 2013), which could result in a 
reduced likelihood of responding to an EMA prompt. Indeed, though 
they did not find significantly reduced compliance rates in this group, 
van Genugten et al. (2020) found that individuals with affective disor-
ders tended to report increased EMA burden across prompts compared 
to controls who were remitted or unaffected. This points to the possi-
bility that experiencing disturbances of affect can make EMA engage-
ment more challenging. Similarly, characteristics of subjective stress, 
such as a sense of being overwhelmed by tasks (Cohen et al., 1983) may 
imply a reduced capacity to complete the task of responding to an EMA 

prompt. Indeed, though it is not known whether prompt-level stress 
impacts EMA compliance specifically, previous research has shown that 
higher levels of stress at a given prompt are associated with behaviours 
consistent with reduced capacity, such as more sedentary parenting 
behaviours (Dunton et al., 2019). Substance use is another state which 
could impact prompt-wise compliance due to the effects of acute 
intoxication, which could distract respondents from and reduce their 
capacity for EMA engagement. Indeed, a recent meta-analysis suggested 
that individuals who have a substance use disorder show lower 
compliance in EMA than controls (Jones et al., 2019) and may partly 
reflect greater periods of intoxication among high substance users. 
Finally, given that participation in EMA research relies to an extent on 
prosocial actions of participants (giving their time to a research study), it 
is also relevant to consider whether feeling hostile or aggressive may be 
associated with reduced motivation to comply in a given moment. Some 
previous research has suggested that individuals who are generally more 
aggressive or antisocial have lower overall compliance in EMA (Murray 
et al., 2022c); however, whether variation in momentary aggression or 
hostility impacts prompt-level responding is yet to be investigated. 

Despite the possibility that momentary states can influence non- 
response, only a limited range of prompt-level predictors of compli-
ance have been examined in previous studies. These studies have typi-
cally used data available at one prompt to predict non-response at the 
next. Silvia et al. (2013) examined affective predictors of non-response 
at the next prompt in a sample of 450 young adults who completed an 
EMA study with an 8-daily prompt schedule for 7 days. The authors 
examined state happiness, relaxation, enthusiasm, sadness, anxiety, fa-
tigue, current activity, and whether respondents were with others as 
predictors of non-response at the subsequent prompt. Only enthusiasm 
was a significant predictor, with higher levels predicting a lower like-
lihood of response at the next prompt. The authors interpreted these 
findings as suggesting that whether or not participants respond to a 
prompt is mostly not driven by their daily experiences. Sokolovsky et al. 
(2014) examined momentary predictors of compliance in a sample of n 
= 461 9th and 10th grade smokers. They examined affect (happy, 
relaxed, cheerful, confident, accepted, angry, frustrated, irritable, sad, 
and stressed), social context (with friends or not), location (home, 
school, or other), and hunger as predictors of non-response at the next 
prompt. They found that only higher levels of positive affect and being 
outside the home were associated with lower next-prompt compliance. 
More recently, Rintala et al. (2020) examined predictors of next-prompt 
non-response in a pooled sample of 1318 participants unaffected and 
affected by mental health issues. They examined positive affect, nega-
tive affect, activity stress, social stress, event pleasantness, location, 
being disturbed by a prompt, being active, being physically tired, being 
physically unwell, being hungry, tobacco use, alcohol use, and medi-
cation use as predictors of next-prompt non-response. They found that 
feeling disturbed by a prompt, being outside the home, and medication 
use were associated with lower next-prompt compliance. Finally, in a 
study of n = 110 binge eating disorder patients, Williams-Kerver et al. 
(2021) found that lower positive affect and lower hunger signals were 
associated with missed prompts. 

The current study builds on these initial findings to examine prompt- 
level predictors of next-prompt non-response in the 2-week ‘Decades-to- 
Minutes’ (D2M) EMA study (Murray et al., 2022a). D2M is an EMA study 
embedded within the longitudinal Zurich Project on Social Development 
from Childhood to Adulthood (z-proso) study, and was designed to 
provide insights into the daily life profiles of individuals differing in 
dimensions such as mental health, self-regulation, and aggression. 
Prompt-level predictors of non-response available in the study were: 
stress, negative affect, provocations, aggressive behaviour, and sub-
stance use. While there has been limited research to date to inform 
predictions, we hypothesised based on the arguments provided above 
that higher levels of all of these predictors would be associated with 
lower next-prompt compliance. 
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1. Methods 

1.1. Ethics 

Ethical approval for D2M was received from the University of Zur-
ich's Faculty of Arts and Social Science's Ethics Committee. 

1.2. Data collection 

The EMA protocol was first piloted in an n = 25 sample of similar age 
and background to the study sample. After minor modifications to the 
protocol based on the findings from the pilot, the main data collection 
phase was implemented. It involved EMA data collection over a two- 
week period. Participants were recruited to the D2M sub-study at the 
age 20 main data collection wave of z-proso. After providing informed 
consent, those who agreed to participate in D2M downloaded an EMA 
application to their smartphones. The application was provided by 
LifeData Corp LLC. Through this application, participants received no-
tifications four times per day at quasi-random intervals between 10 am 
and 10 pm over a 14-day period. Specifically, the day was divided into 
four equal-sized blocks and the prompts were randomised within each of 
those blocks. This was to ensure that prompts were distributed across the 
day for all participants on all days. Respondents were permitted to 
respond to a prompt no more than 2 h after it is issued after which point 
it would become unavailable. The average time between prompts across 
all notifications and participants was 8 h and 10 min (including the 
overnight lags). The notifications directed them to the EMA surveys. 
Incentives were provided for participation and were scaled to level of 
compliance. Participants could receive up to a maximum of 50 CHF 
(approximately equivalent to 50USD) if they achieved a compliance rate 
(where compliance is defined as above) of >70 % over weeks 1 and 2 of 
the study. This incentive structure was selected based on encouraging 
sustained engagement over the course of the study; however, 70 % 
rather than a higher percentage was set as the threshold to avoid par-
ticipants feeling pressure to respond in situations where it may not be 
safe to do so (e.g., while driving). Overall, 56 prompts were planned (4×
per day over 14 days). The average number of prompts completed by 
participants (after excluding those who did not respond at all) was 34. 
The EMA data collection was implemented by the Decision Science 
Laboratory (DeSciL) at the ETH Zurich: https://www.descil.ethz.ch/. 

1.3. Participants 

Participants were n = 260 (100 male; 160 female; median age = 21) 
participants from the Decades-to-Minutes (D2M) study (Murray et al., 
2022; Murray et al., 2022a). D2M is a sub-study of the longitudinal 
Zurich Project on Social Development from Childhood to Adulthood (z- 
proso) study (Ribeaud et al., 2022). Z-proso is based in Zurich, 
Switzerland and began in 2004 when participants were entering primary 
school, aged 7. Participants were then followed up at ages 8, 9, 10, 11, 
12, 13, 15, 17 and 21. Following the age 20 wave of data collection, a 
convenience sub-sample of the broader cohort took part in a two-week 
burst of EMA. These are the sub-sample of participants used in the 
current study. 

1.4. Measures 

Compliance was measured on a dichotomous scale. Prompts where 
the participant completed the entire survey were coded ‘1’ and prompts 
where the participant did not respond or initiated but did not complete 
the survey were coded ‘0’. To be coded as completed, it was necessary 
for a respondent to have progressed to the end of the survey. However, it 
was not necessary for them to have completed all items within that 
survey as participants were allowed to skip individual questions. 

All other measures were based on self-reported EMA prompt data 
and asked participants to report on the previous 30 min. We included all 

available prompt-level predictors for which there was suitable data 
available. 

Stress was measured using an abbreviated 4-item version of the 
Perceived Stress Scale (PSS) (Cohen et al., 1983) adapted for a momentary 
timescale. The items referred to feeling a lack of control over the 
important things in one's life, feeling nervous and stressed, feeling un-
able to cope with all the things one has to do, and feeling that difficulties 
were piling so high that the respondent could not overcome them. An-
swers were on the same 5-point Likert-type scale as the PANAS-X items 
(see below), from ‘extremely’ to ‘very slightly or not at all’ (the highest 
response option was presented to participants first because piloting 
suggested that this minimised burden). A previous psychometric study 
in the current sample has supported the within- and between-person 
factorial validity, internal consistency reliability, and convergent val-
idity of this scale, as well as between-person gender measurement 
invariance (Murray et al., 2022b). 

Negative affect was measured using an abbreviated version of the 
negative affect scale of the expanded Positive Affect Negative Affect 
Schedule (PANAS-X) (Watson and Clark, 1999). Only the ‘afraid’, 
‘scared’, ‘hostile’, ‘guilty’, ‘ashamed’, ‘upset’, and ‘distressed’ items 
were included because other items either overlapped with other EMA 
measures (e.g., the PSS) or were judged less relevant for the thematic 
focus of D2M. Respondents recorded the extent to which they felt each of 
these affective states on a 5-point Likert-type scale from ‘extremely’ to 
‘very slightly or not at all’. 

Substance use was measured using two items capturing alcohol use 
and cannabis use. Participants were asked whether they had: i) 
consumed alcohol and ii) consumed cannabis. Responses were recorded 
on a binary ‘yes’ versus ‘no’ response scale. For the present study we used 
only alcohol use due to the low number of instances of cannabis use 
(Murray et al., 2022). 

Provocations were measured using a 4-item scale developed by the 
team designed to capture situations and events that are proposed to 
elicit aggressive reactions according to contemporary aggression the-
ories (Borah et al., 2021; Murray et al., 2022). Items refer to insults, goal 
pursuit interference, anger rumination, and experiencing an attempt to 
start a conflict. Responses were recorded on a 4-point scale from ‘strongly 
agree’ to ‘strongly disagree’. 

Aggressive behaviour was measured using the 4-item Aggression-ES-A 
(Murray et al., 2022). The Aggression-ES-A was developed and validated 
by the study team and is an abbreviated version of the Aggression-ES 
(Borah et al., 2021). The items refer to losing one's temper, deliberately 
insulting someone, encouraging others to think badly of someone they 
didn't like, and shouting at someone. Responses are recorded on a 4- 
point Likert-type scale from ‘strongly agree’ to ‘strongly disagree’. Previ-
ous research has supported the within- and between-person factorial 
validity, internal consistency reliability, gender invariance, and 
convergent validity of the scale. 

1.5. Statistical procedure 

Data were analysed using two-level dynamic structural equation 
models (DSEMs) in Mplus (Asparouhov et al., 2018). These models, as 
applied to intensive longitudinal data are discussed in detail in McNeish 
and Hamaker (2020). Briefly, the two-level DSEM can be used to model 
the within-person autoregressive and cross-lagged (lag-1) relations be-
tween variables and allows for individual-specific random effects for 
these. The random effects for intercepts and slopes can then be covaried 
at the between-person level. Here, however, based on initial conver-
gence difficulties for two-level DSEM with saturated between-person 
structures, we used a modelling strategy of treating the prompt-level 
candidate predictors of compliance as time-varying predictors at the 
within-person level. We then regressed compliance at each time point on 
the previous time predictor values, as well as the predictor values on 
their previous time point values. A random effect for the predictor 
intercept was included unless otherwise indicated by small variances for 
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this parameter. Time was modelled by converting the time at which each 
prompt was issued into a time variable counting the number of hours 
since a common origin point. Time intervals were then specified to be 4 
h and missing values used in cases where observations were further 
apart. A four-hour interval was chosen as it provided an optimal trade- 
off between theoretical interpretability and levels of missingness. 
Models were estimated using Bayesian estimation in Mplus version 8.4 
(Muthén and Muthén, 2015). The default diffuse priors were specified, 
and the median of the posteriors used for point estimates. Convergence 
was based on a potential scale reduction (PSR) value for this model of 
<1.05. Missingness and attrition were dealt with using a Bayesian 
estimator which imputes missing data during the MCMC estimation. 
This is done by sampling missing values from the relevant conditional 
posterior distribution, constructed based on other available data and the 
specified parameters in the model. Like full information maximum 
likelihood (FIML) estimation provides unbiased parameter estimates 
under an assumption of ‘missing at random’ (Rubin, 1976). 

2. Results 

Descriptive statistics are provided in Table 1. These suggest overall 
low levels of stress, negative affect, aggression, provocations and sub-
stance use as indicated by mean levels close to the end-point of the 
response scales indicating lower levels. Overall, after excluding partic-
ipants that did not respond at all, there were 5734 prompts with fewer 
than 2 responses, of which 4376 prompts that were classified as ‘not 
completed’. Of the prompts not completed, 4283 were not responded to 
at all, implying that majority of incomplete sessions were never initi-
ated. There were 8577 prompts that were completed giving an overall 
prompt completion rate of 66.2 %. No compliance thresholds were 
imposed. Of the prompts completed, the average response latency (time 
between a prompt being issued and completed) was 25 min and 8 s. The 
average number of prompts completed for the n = 255 who provided 
data (i.e., after excluding those who did not respond at all) was 34 (SD =
15.9), ranging from 1 to 56 of a possible 56. Attrition is visualised in 
Fig. 1, modelled using a Kaplan-Meier survival model. Attrition, in 
contrast to momentary non-compliance, was defined in terms of drop-
ping out entirely from the study, i.e., providing no further EMA data 
after the drop-out point. The median prompt number at drop-out was 47. 

The within-person effects of each prompt-level predictor on prompt- 
wise compliance using time-varying covariates DSEMs are provided in 
Table 2. Full model results for each model are provided at: https://osf. 
io/t5vwu/. 

In these models, stress, overall negative affect and the specific af-
fective state of ‘upset’ were significantly related to next-prompt 
compliance. The direction of the effects of stress, overall negative 

affect and feeling upset were such that lower levels of these states were 
associated with increased compliance. Specific affective states other 
than ‘upset’ (i.e., ‘afraid’, ‘scared’, ‘hostile’, ‘guilty’, ‘ashamed’, ‘dis-
tressed’), alcohol use, provocations, and aggressive behaviours were not 
significantly related to missing versus completing the next prompt. 

3. Discussion 

The purpose of the present study was to explore prompt-level af-
fective and behavioral predictors of non-response at subsequent prompts 
in EMA studies. This is important for establishing whether missingness is 
random with respect to momentary states and for informing strategies to 
mitigate any associated bias, including strategies for improving 
compliance. We found that higher levels of stress, overall negative 
affect, and the specific negative affective state of ‘upset’ at a prompt 
were associated with poorer next-prompt compliance in a general pop-
ulation EMA study. However, specific negative affective states other 
than ‘upset’, experiencing provocations, aggressive behaviour, and 
alcohol use were not associated with poorer compliance at the next 
prompt. 

Our findings add to previous research which has identified only a 
handful of prompt-level predictors of compliance (e.g. Rintala et al., 
2020). For example, Silvia et al. (2013) found that of a range of pre-
dictors tested, enthusiasm was the only affective state to predict missing 
the next prompt in a young adult sample, while Sokolovsky et al. (2014) 
found that only positive affect and being outside the home predicted 
missing the next prompt in a 9-10th grader smoker sample. Notably, the 
latter found that neither feeling sad nor stressed were related to missing 
the next prompt, which may suggest that the relations identified in the 
present study are particular to adulthood. 

The relations between next-prompt compliance and stress and 
negative affect provide insights into the momentary mechanisms influ-
encing compliance in EMA. The relation with stress likely reflects that 
feeling busy or overwhelmed reduces capacity to complete prompts; 
while the relation with low mood may reflect attenuated motivation to 
engage with an EMA application. These relations may be particularly an 
issue in studies aiming to illuminate the daily life processes underlying 
stress and negative affect (e.g., Kou et al., 2020; Mennis et al., 2018; 
Speyer et al., 2021), which typically rely on an assumption of missing-
ness being random with respect to these outcomes. In these studies, the 
available observations may not only be reduced, but bias may also occur 
in the parameter estimates. Potential solutions to this issue may include 
gathering passive data such as data from wearables, smartphone appli-
cation use (e.g., social media application posts), and location that may 
be predictive of stress and negative affect to compensate for the missing 
information (see e.g., Torous et al., 2021). For example, previous studies 
have suggested that information on location and actigraph-derived sleep 
information could be informative about stress and/or affective state 
(Beute and de Kort, 2018; Mennis et al., 2018; Shen et al., 2022). 
Including previous- (or next-) prompt information on markers of nega-
tive affect and stress in a missingness model (e.g., as an auxiliary vari-
able in a multiple imputation model) if is not otherwise accounted for in 
the model could also help reduce bias. 

Another solution informed by prompt-wise predictors of non- 
compliance could be to design ‘just-in-time’ interventions or other 
momentary-tailored strategies to mitigate the risk of lost prompts during 
times of negative affect and stress. Just-in-time interventions are based 
on using available data to provide an intervention at the moment it is 
most needed (Nahum-Shani et al., 2018). For example, in the context of 
reducing non-compliance, respondents could be offered further 
encouragement when previous response patterns or passively collected 
data predict a high likelihood that a prompt will be missed. The prompt 
could alternatively be delayed to a more optimal moment where a 
response is more likely. Similarly, previous research has suggested that 
feedback can help respondents remain engaged with mental health 
smartphone applications (Melcher et al., 2022) and data on moments in 

Table 1 
Descriptive statistics.   

N observations Mean Variance Min Max 

Stress 8615 4.503 0.650 1.000 5.000 
Negative affect 8631 4.697 0.308 1.000 5.000 
Afraid 8630 4.534 0.726 1.000 5.000 
Scared 8625 4.798 0.392 1.000 5.000 
Hostile 8621 4.812 0.360 1.000 5.000 
Guilty 8621 4.778 0.428 1.000 5.000 
Ashamed 8619 4.769 0.438 1.000 5.000 
Upset 8616 4.606 0.721 1.000 5.000 
Distressed 8616 4.583 0.747 1.000 5.000 
Provocation 8645 3.835 0.145 1.000 4.000 
Aggression 8669 3.922 0.069 1.000 4.000 
Alcohol use Yes = 354, No = 8294 
Prompts completed Yes = 8572, No = 4303 

Note. Higher scores here represent lower levels of the state. The possible score 
range for afraid, scared, hostile, guilty, ashamed, upset, and distressed is 1–5. 
The possible score range for stress is 1–5. The possible score range for provo-
cation and aggression is 1–4. 
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which respondents are at higher risk of disengaging could inform the 
optimal form and timing of that feedback. (Ponnada et al., 2022). 
However, further research is required to illuminate the optimal strate-
gies for using information about disengagement risk because some 
seemingly intuitive strategies may have counter-productive effects. For 
example, there is some evidence that simply sending more notifications 
could contribute to digital overload and exacerbate non-compliance 
(Smith et al., 2021). The optimal use of data on non-compliance risk 
will also depend on the purpose/context. For example, in research 
contexts if information on non-compliance risk is used to influence 
prompt timing this could produce biased sampling of behaviour and 
potentially distort findings by, for example, leading to an under- 
sampling of behaviours associated with low mood states. Similarly, if 

it triggers an intervention such as an increased incentive to encourage 
participation it could influence participant's reporting in the future if 
participants learn that they can earn an enhanced incentive by signalling 
low mood state. 

Our findings may also generalise to enhancing compliance in 
ecological momentary interventions (EMIs). EMIs are an increasingly 
popular method for delivering interventions, especially mental health 
interventions at scale, to increase their accessibility to a wider popula-
tion (Balaskas et al., 2021). However, achieving sustained engagement 
with EMIs has proven to be challenging with, for example, one analysis 
suggesting that the average number of uses of popular applications is as 
low as 5 (Baumel et al., 2019). Indeed, given the challenges in sustain-
ably engaging users, research into improving adherence to mental 
health applications was highlighted as a key future direction in a recent 
review of the mental health application literature (Torous et al., 2021). 
Our findings underline the potential value of gathering information on 
stress and negative affect (especially feeling upset), through passive or 
active data collection methods to help predict application disengage-
ment and inform preventive interventions to reduce drop-out at the right 
moment. 

It is also important to acknowledge; however, some non-compliance 
in EMA and EMIs is inevitable, so efforts to improve the information 
gained about these missed prompts will also be important to mitigate 
any bias. For example, future research could explore the ability of 
passively collected data, e.g., meta-data or sensor information from the 
smartphone such as GPS co-ordinates, application use e.g., phone 
checks, app usage, instant message receipts (Insel, 2017); voice tone; or 
wearable-based information such as accelerometery or heart rate to 
predict missingness and missing data values (see e.g., Torous et al., 2021 
for an overview of passive data collection possibilities). Sun et al. 
(2021), for example, used electronically activated recorder (EAR) de-
vices to obtain unobtrusive audio recordings of participants and linked 
coded features (e.g., activities, locations, emotional expressions) from 
the recordings to missingness. They, however, found that there was little 
correlation between the features coded and missingness. Using GPS 

Fig. 1. Survival curve across the 56 prompts of the study.  

Table 2 
Momentary predictors of compliance parameter estimates and 95%CIs full 
sample.  

Predictor Point estimate SD 95 % credible interval (CI) 

Lower Upper 

Within-person time-varying covariate effects on compliance 
Stress  − 0.077a  0.032  − 0.141  − 0.018 
Overall negative affect  − 0.089a  0.044  − 0.181  − 0.015 
Afraid  − 0.038  0.028  − 0.090  0.026 
Scared  − 0.043  0.042  − 0.130  0.044 
Hostile  − 0.037  0.038  − 0.112  0.041 
Guilty  − 0.040  0.036  − 0.115  0.025 
Ashamed  − 0.052  0.036  − 0.111  0.018 
Upset  − 0.051a  0.026  − 0.101  0.000 
Distressed  − 0.038  0.027  − 0.097  0.012 
Alcohol use  0.038  0.054  − 0.040  0.155 
Provocations  − 0.102  0.057  − 0.212  0.003 
Aggressive behaviour  − 0.053  0.081  − 0.213  0.100 

Note. 
a 95 % CI does not include 0. Predictors and compliance outcome are coded 

such that negative regression coefficients reflect that lower levels of a given state 
are associated with better compliance. 
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location also holds considerable promise as a wide range of character-
istics about a person's current context can be ascertained through link-
age to geospatial information system (GIS) databases (Mennis and Yoo, 
2018).The use of informant reports in yoked designs (Rosen et al., 
2013), i.e., where EMA prompts are linked between two respondents, 
could also be valuable for gaining information about missed prompts. 
These techniques are promising for predicting non-compliance risk and 
missing prompt data because they do not rely on the participant's active 
engagement with an EMA application and so can be available even when 
participants miss a prompt. However, many of these methods place 
additional continuous burden on participants by, for example, requiring 
them to wear/carry additional devices and/or install additional appli-
cations on their phone. Finally, future studies could also explicitly ask 
participants about the reasons for missing prompts to gain further 
insight within EMA designs. Similarly, greater user involvement by 
taking a co-design approach (see e.g., Pavarini et al., 2019) could help 
identify and mitigate barriers to prompt-wise EMA/EMI study engage-
ment in the design phase. 

Overall, however, the set of candidate prompt-level compliance 
predictors that were evaluated in our study and that have been evalu-
ated in previous studies remains very limited and further research would 
therefore be valuable to expand the set of predictors examined. Previous 
research has, for example, suggested that at the respondent level, indi-
vidual differences in antisocial traits such as delinquency and psy-
chopathy have been related to overall EMA compliance (Murray et al., 
2022c). Thus, corresponding antisocial ‘states’ such as antisocial affec-
tive states (e.g., anger, anger ruminations, violent ideations) may 
deserve further attention as momentary predictors (of note, however, in 
the current study there was no significant relation between either hostile 
affective states and aggression and next-prompt response). Other 
prompt-level predictors that would merit further evaluation in future 
studies could include contextual predictors such as respondent location 
and associated environmental features such as noise, activity, and 
company; physical health symptoms, and medication use. 

3.1. Limitations 

It is important to consider the limitations of the current study. First, 
we had only four prompts per day meaning that the intervals between 
prompts might exceed the optimal interval for optimising the detection 
of prompt-level predictor effects on compliance. Future studies could 
examine prompt-level predictors of compliance in EMA datasets that 
include shorter intervals between prompts and/or exploit variations in 
prompt intervals to illuminate the time course over which negative 
affect and stress impact non-compliance Similarly, future studies could 
examine the cumulative effects of negative affect and stress over pre-
vious prompts on non-compliance. Second, comparisons of the D2M sub- 
sample with the main z-proso cohort from which it is drawn suggest that 
D2M is somewhat selective relative to z-proso. For example, previous 
analyses have suggested that participants in D2M are higher in stress and 
lower in aggression than the main sample (though they show little dif-
ference on a range of other characteristics). This selectivity may impact 
the generalisability of the findings. Relatedly, we observed relatively 
low levels of and limited variability in negative affect, stress, aggression 
and provocation which likely reflects that the sample is community- 
ascertained and relatively healthy. This may have resulted in reduced 
power to detect associations in some prompt-level predictors due to 
range restriction. It is possible that in clinical samples or in samples 
enriched with individuals with mental health diagnoses there would be 
greater variation in these variables and thus greater power to detect 
associations with prompt-level predictors. Future research into prompt- 
level predictors in such samples would be valuable. Third, we used a 
quasi-random schedule of prompts in order that participants could not 
begin to anticipate the arrival of prompts (which may lead to alterations 
in their behaviour). This, however, means that to facilitate a DSEM 
analysis approach which uses fixed time windows, it was necessary to 

code our data such that we introduced additional missingness (Aspar-
ouhov and Muthén, 2022). Implicit in this is the simplifying but likely 
false assumption that days and nights are equal. 

4. Conclusion 

Prompt-level stress and negative affect (especially feeling upset) 
reduce the chances that a respondent will complete the next prompt. 
Tracking these variables in EMA and EMIs may, therefore, be helpful for 
predicting non-compliance and informing just-in-time interventions for 
improving engagement with smartphone-based applications for data 
collection and intervention. 
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