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Abstract

Technological and digital progress benefits physical activity (PA) research. Here we compiled 

expert knowledge on how Ambulatory Assessment (AA) is utilized to advance PA research, i.e., 

we present results of the 2nd International CAPA Workshop 2019 “Physical Activity Assessment - 

State of the Science, Best Practices, Future Directions” where invited researchers with experience 

in PA assessment, evaluation, technology and application participated. First, we provide readers 

with the state of the AA science, then we give best practice recommendations on how to measure 

PA via AA and shed light on methodological frontiers, and we furthermore discuss future 

directions. AA encompasses a class of methods that allows the study of PA and its behavioral, 

biological and physiological correlates as they unfold in everyday life. AA includes monitoring of 

movement (e.g., via accelerometry), physiological function (e.g., via mobile electrocardiogram), 

contextual information (e.g., via geolocation-tracking), and ecological momentary assessment 

(EMA; e.g., electronic diaries) to capture self-reported information. The strengths of AA are data 

assessment that near realtime, which minimizes retrospective biases in real-world settings, 

consequentially enabling ecological valid findings. Importantly, AA enables multiple assessments 

across time within subjects resulting in intensive longitudinal data (ILD), which allows unraveling 

within-person determinants of PA in everyday life. In this paper, we show how AA methods such 

as triggered e-diaries and geolocation-tracking can be used to measure PA and its correlates, and 

furthermore how these findings may translate into real-life interventions. In sum, AA provides 

numerous possibilities for PA research, especially the opportunity to tackle within- subject 

antecedents, concomitants, and consequences of PA as they unfold in everyday life. In-depth 

insights on determinants of PA could help us design and deliver impactful interventions in real-

world contexts, thus enabling us to solve critical health issues in the 21st century such as 

insufficient PA and high levels of sedentary behavior.

Keywords

ambulatory assessment; physical activity; ecological momentary assessment; experience sampling; 
best practices; future directions

In the past decades, physical activity (PA) research benefitted tremendously from 

technological and digital progress that facilitated objective PA measurement via pedometers, 

accelerometers, and other wearable devices (Troiano, 2005). While past epidemiological 

research heavily relied on retrospective questionnaire assessments to address critical issues 

such as the prevalence and economic burden of physical inactivity worldwide (e.g., Ding et 

al., 2016; Lee et al., 2012), recent research utilizes smartphone data to shed light on PA 

inequalities around globe (Althoff et al., 2017). The methodological advantages of digital 

technologies offer a large potential for scientific endeavors above and beyond associative 

epidemiological research questions.
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PA measurement and surveillance studies mainly use cross-sectional study designs and 

gather between-subject data. For example, between-subject data can reveal how the health 

status differs between people with higher or lower levels of PA or sedentary behavior, for 

example. These information are important in order to better understand the negative impact 

of sedentary behavior on human health (Ekelund et al., 2019). However, if one wants to 

know why a person engages in PA at a certain time of the day or in a certain context (e.g. 

what makes an individual exercise on Thursday at 18:00 or at the gym compared to what 

makes her or him skip the exercise session), between-subject data is limited in gaining 

insights into what determines PA engagement within-persons. To answer these questions, a 

promising approach is intensive longitudinal data (ILD), which can be obtained from 

frequently repeated within-subject measurements with a high timely density (e.g., daily or 

subdaily) in real-life settings. The methodological, statistical, and empirical differences 

between within- and between-subject effects are described as the “ecological fallacy” 

(Robinson, 1950; Zawadzki et al., 2017). The fact that between- and within-subject 

relationships may be different becomes obvious when stressing the example of the 

relationship of PA with blood-pressure: more physically active persons show habitually 

lower blood-pressure (negative between-subject correlation), but within-persons PA 

increases blood-pressure (e.g., when a person climbs stairs; positive within-subject 

correlation (Kamarck et al., 2003)). Novel within-subject insights about what drives PA 

promise critical insights for future PA interventions. Put to the extreme and drawing from 

examples used above: only if one knows about the reasons that hindered a person from 

exercising at the gym on Thursday at 18:00, this issue can be treated appropriately.

In order to collect such intensive longitudinal datasets in real-time, a group of methods often 

called Ambulatory Assessment (AA) is very well suited. Following the definition from the 

Society for AA (Society for Ambulatory Assessment, n.d.), AA is described as an umbrella 

term that encompasses a wide range of methods to study individuals’ real-life processes 

gathering ecological valid data on the behavioral, biological and physiological level 

(Fahrenberg et al., 2007; Trull & Ebner-Priemer, 2013). Importantly, AA collects intensive 

longitudinal datasets near or in real-time, providing the data necessary to model dynamic 

within-person processes and minimizes retrospective and heuristic biases. Thus, the usage of 

AA methods allows to bypass several challenges of traditional methods, such as interviews, 

questionnaires, the artificial (laboratory) setting or the reliance on retrospective self-reports. 

AA can provide the method to unravel within-subject antecedents and consequences of PA 

as they unfold in everyday life in naturalistic settings. Consequentially, it may be used to 

inform about the physiological and psychological drivers of PA, which in turn can better 

inform public health and policymakers on strategies to promote PA.

AA comprises the monitoring of PA, but is not just limited to ambulatory movement 

assessments (e.g., walking), since this group of methods also includes the monitoring of 

physiological function and environmental parameters using various sensors (e.g., 

accelerometers, geolocation tracking, or mobile electrocardiogram), experience sampling 

method (ESM; e.g., paper-and-pencil diaries) and ecological momentary assessment (EMA; 

e.g., electronic diaries (e-diaries); Stone & Shiffman, 1994). In particular, AA enables: 1) the 

capture of multiple assessments across time and consequentially allows for the model and 

analysis of within-subject processes such as effects of physical behavior on mood (Dunton, 
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Huh et al., 2014; Giurgiu, Koch, Ottenbacher et al., 2019; Kanning et al., 2015; Koch et al., 

2018; Reichert et al., 2017), (2) the assessment of data near real-time that comes with 

minimized retrospective biases, (3) the assessment of data in real-life thereby enabling 

researchers to collect contextual information that can influence PA and behavior (e.g., 

daytime, social contact, location characteristics), and (4) the capture of additional 

information on participants’ daily life using a rich set of methods.

The benefits of AA are well highlighted in the literature (Trull & Ebner-Priemer, 2013) and 

there are several examples that emphasize the importance of studying human behavior such 

as PA in everyday life. For instance, the “white coat effect” means that the assessment of 

blood pressure measured in-hospital versus in everyday life does not strongly correlate and 

often leads to missed diagnoses and consequently poor medical treatment (Salles et al., 

2008). The reason for a high ecological validity of real-world assessments is that human 

behavior follows unique characteristics. Accordingly, humans’ ability to recall emotions, 

thoughts, and behaviors is limited (Mehl & Conner, 2012; Trull & Ebner-Priemer, 2013). For 

example, people remember events more accurately if theyoccurred recently (recency effect), 

are personally relevant (affective valence effect), and are significant and unusual (memory 

effect) (Mehl & Conner, 2012; Trull & Ebner-Priemer, 2013). Potentially due to these 

effects, meta-analyses in adults (Prince et al., 2008) and children (Adamo et al., 2009) have 

shown a shared variance between self-reported and device-based measured PA of less than 

16 percent, indicating that both approaches do indeed measure distinct features of PA. 

However, even though device-based measures of PA provide more consistent results, it is 

important to mention that self-reports can add unique information such as type of activity 

(e.g., walking or playing tennis) or movement quality (walking with pain or painless walk) 

(Skender et al., 2016).

In practice, many AA studies use smartphones(Trull & Ebner-Priemer, 2013), additionally 

offering access to a large variety of sensor data (e.g., on geolocations, social contacts and 

interactions, weather conditions, phone calls, messages). These tools allow researchers to 

ask participants repeatedly in real-time and in everyday life about their experiences (e.g., 

mood, stress) and behavior (e.g., PA). More sophisticated methods are the triggered e-diaries 

(i.e., event-contingent EMA or context-sensitive EMA (Intille, 2007), which ask participants 

to report their current behavior, thoughts and feelings at predefined moments or contexts of 

interest, manually-initiated or sensor-informed automatically-initiated. For example, Ebner-

Priemer et al. (2013) developed activity-triggered e-diaries: a real-time algorithm running on 

an accelerometer triggered e-diary prompts every time participants’ PA was heightened or 

reduced compared to predefined thresholds (Ebner-Priemer et al., 2013). This approach has 

been shown to prevent missing episodes that are of interest, which may happen when using 

traditional time-based designs (such as triggering every hour). Moreover, it has been found 

to maximize the assessment of within-subject variance of interest (Ebner-Priemer et al., 

2013) and has been shown to be feasible in several studies (Dunton et al., 2016; Dunton, 

Dzubur et al., 2014).

In this consensus paper, we compile knowledge from various experts in the field of PA and 

AA research to provide a summary of the current state of the AA science for the 

measurement of PA, in addition to best practice recommendations including methodological 
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frontiers, and future directions. In particular, this consensus paper will expand on triggered 

diaries, psychometric properties, latest technological developments, geolocation tracking, 

and the usage as well as the translation of AA to real-life interventions. In each of these 

sections, readers are given information about what to consider when starting a PA research 

endeavor using AA and about what is already feasible with these different AA tools. 

Moreover, readers are also provided with existing frontiers and progress to be expected in 

the upcoming years.

This paper is a result of the 2nd International CAPA Workshop 2019 “Physical Activity 

Assessment - State of the Science, Best Practices, Future Directions”, where invited 

researchers with experience in PA assessment, evaluation, technology and application 

participated in topics of either PA questionnaires, accelerometers, or ambulatory assessment. 

The goals of the workshops were to discuss and create consensus statements on best 

practices for application and future directions for research of each methodology. 

Specifically, the workshop participants were informed that the aim of the resultant special 

issue is to motivate practitioners to use state-of-the art PA assessments. The second aim is to 

motivate the researchers to innovatively progress PA and SB assessment research. The 

current consensus paper is one of three papers in this special issue derived from the 

workshop and is focusing on the discussion of AA.

Best Practice Recommendations and State of the Science

Overall, AA methods to assess PA and related variables of interest encompass self-report, 

observational, and physiological/behavioral (including device-based) methods. Self-report 

AA methods comprise increasingly digitized ESM (historically using paper-and-pencil 

diaries) and EMA (via e-diaries) (Trull & Ebner-Priemer, 2013). Observational methods 

comprise, for example, data from video cameras or geolocation-tracking. Physiological/

behavioral AA encompasses device-based methods that continuously monitor current PA 

behavior, e.g., via accelerometry or heart rate assessment.

There are manifold challenges when planning AA studies and landmarks are not yet 

categorized clearly. To provide support for researchers in planning AA investigations, 

landmark decisions occurring are summarized in Figure 1.

Subjective Measures of Ambulatory Assessment: E-Diary Self-Reports

Recent EMA approaches most often use smartphones, which entail e-diaries to query people 

for their PA behavior and related variables of interest. While traditional self-report 

questionnaires on PA rather represent a remembering or “believing self”(that is people report 

on their past PA as they recall it), ESM and EMA are less prone to recall biases and rather 

represent an “experiencing self” (Reis, 2012), because subjects are asked during or 

immediately after the behavior of interest. EMA can be combined with device-based 

methods (e.g., accelerometers and geolocation tracking) to assess the frequency, duration, 

intensity, and context of PA (Von Haaren-Mack et al., in press). Moreover, EMA and ESM 

can capture additional self-report information about PA, which is difficult to capture through 

device-based measures, for example, the type of PA conducted and the perceived exertion, or 
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how much weight is carried. In sum, ESM and EMA are less prone to response biases than 

traditional self-report measures such as paper and pencil questionnaires, but ESM and EMA 

can be more burdensome for the participants.

Capturing Different Variables of Interest Using e-Diaries in Real-Life

EMA self-reports on PA can refer to PA itself and to experiences associated with PA 

(Shiffman et al., 2008). For PA, its occurrence, type (e.g., swimming, weight lifting, yoga) 

(Knell et al., 2017), duration, and contexts/domain (such as leisure time, work, commute) 

are features that can be assessed (Knell et al., 2017). Further variables related to PA and of 

interest for PA researchers can refer to health behaviors (e.g., nutrition or drug consumption) 

(Bruening et al., 2016; Morgenstern et al., 2014), context (e.g., environment, social 

interactions), cues and barriers (e.g., affect, mood, intentions and self-efficacy) (Dunton et 

al., 2007) (Niermann et al., 2016). Beyond these aspects, variables with important 

implications for clinical research, e.g., related to symptoms such as stress, anxiety (Wilhelm 

& Roth, 1998), pain (Spenkelink et al., 2002), or fatigue (Kop et al., 2005) may also be of 

interest. Capturing all these information is a strength of self-report measures.

Item Selection—EMA studies are characterized by multiple repeated assessments across 

time, thus standardized PA questionnaires in their entirety are not feasibly to be used due to 

their length and wording (this refers to retrospective PA events, e.g., “In the last two 

weeks, ...”) (Mehl & Conner, 2012; Trull & Ebner-Priemer, 2013). When assessing PA in 

EMA studies, it is useful to apply items/questions that are based on existing theoretical 

concepts of PA (Caspersen et al., 1985; Pettee Gabriel et al., 2012) and to search for items/

questions which have been tested for psychometric properties in previous EMA studies 

(Knell et al., 2017). Importantly, one should ask for the subject’s current state (or very recent 

state) instead of asking to recall their state over an extended period of time, especially if one 

is interested in variables known to change rather quickly such as mood (Mehl & Conner, 

2012; Trull & Ebner-Priemer, 2013). Furthermore, it is reasonable to conduct pre-tests prior 

to the final decision for an instrument regarding items of each questionnaire and each 

prompt, e.g., determine whether participants can easily understand the item (Bowden et al., 

2002). For general questionnaire selection guidance please refer to Nigg et al. (2020, within 

this issue).

Psychometric Properties—Reliability and validity are two central requirements by 

which the psychometric properties of virtually all psychological assessments are typically 

evaluated. Reliability refers to the degree by which the obtained measurements are free of 

measurement error. In classical test theory (CTT), reliability is defined as the proportion of 

true score variance to observed variance, which is the sum of true score variance plus error 

variance (e.g., McDonald, 1999). Validity can be examined from multiple perspectives (see 

terms such as content validity, construct validity, or criterion-oriented validity; Cronbach & 

Meehl, 1955), but in its most basic form, validity refers to what degree the measurement is a 

good approximation of the construct it attempts to measure. To that end, theoretical 

considerations play a central role in determining the validity of measurement, and statistical 

indicators (e.g., correlations with external criteria to which the construct should be related) 

are often used to support these considerations.
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AA data typically has a multilevel structure with repeated measurements nested within 

individuals. This allows to examine relations among constructs on at least two levels: 

between-persons (e.g., are persons who engage in more PA happier on average?) and within-

persons (e.g., is a person happier when (s)he engages in more PA than (s)he usually is?). 

Importantly, between-person and within-person relations of constructs are statistically 

independent, showing that because an association has been found on the between-person 

level, this does not guarantee that it will also hold true in the within-person level or vice 

versa (see e.g., (Hamaker, 2012; Molenaar, 2004; Voelkle et al., 2014). From the statistical 

independence of these two levels of analyses it follows that reliability (which is often 

examined as internal consistency, i.e. a measure depending on inter-item correlations) and 

validity also need to be examined separately for the within-person and between-person level. 

There are several introductory articles on this topic (e.g., Brose et al., 2019; Cranford et al., 

2006; Geldhof et al., 2014; Nezlek, 2017; Wilhelm & Schoebi, 2007).

Here, we aim to stress that it is paramount importance to examine reliability and validity, 

specifically for the level of interest to the research question (see also Brose et al., 2019). For 

example, if a researcher is interested in the question of whether there is a within-person 

effect of PA on mood (is a person happier when (s)he engages in more PA than when (s)he 

usually does?), (s)he needs to ensure that both measures of PA and mood reliability and 

validly capture within-person changes in these two constructs. Establishing reliability and 

validity on the between-person level does not provide evidence for reliability and validity on 

the within-person level. For constructs that are assessed using several indicators (e.g., a 

questionnaire that assesses PA with three items at each measurement occasion), estimators 

of reliability can be obtained using for instance multilevel extensions of the widely popular 

internal consistency estimates Cronbach’s α and McDonald’s ω (see Geldhof et al., 2014). 

These within-person reliability estimators (as well as comparable estimators; e.g., Cranford 

et al., 2006; Nezlek, 2017) assess the extent to which items supposedly assessing the same 

construct (e.g., “How physically active have you been today?”; “How do you rate the 

intensity of your physical activity today?”; “For how long have you been physically active 

today?”) and co-vary on the within-person level. With increasing within-person correlations 

among these items (i.e., on days when a participant indicates higher scores on item 1, (s)he 

is also more likely to indicate a higher response on item 2 and item 3), internal consistency 

will become larger (closer to the theoretical maximum of 1), and the measure would be 

deemed reliable on the within-person level from the perspective of CTT. To the extent that 

items are uncorrelated, the reliability estimator will tend to zero.

This demonstrates that multilevel a and w (as well as the alternative approaches listed above) 

share a crucial assumption regarding the underlying measurement model: only if the 

measurement follows a reflective measurement model (i.e., a latent variable “predicts” 

responses on the single indicators), measures of internal consistency are reasonable 

estimates of measurement’s reliability. In case the measurement model would be better 

described by a formative measurement model (in which the indicators “predict” the latent 

variable), internal consistency estimators are no valid approximations for the reliability of 

the measurement (see Edwards & Bagozzi, 2000) for a comparison of reflective and 

formative measurement models). Considering the example of intensity and duration of PA: it 

seems reasonable that these two items do not necessarily positively co-vary on the within-
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person level (e.g., a person might not necessarily exercise longer on days when (s)he 

exercises more intensely). In this case, the within-person correlation of these two items tends 

to zero confirming low reliability for the measure, meaning the reliability estimate has been 

derived from an inappropriate measurement model. Rhemtulla et al. (2019) illustrate 

potential biases that arise when reflective measurement models are applied as default in 

cases when a formative measurement model might be more appropriate.

In sum, the reliability and validity of psychological assessments have been discussed in the 

literature for decades, but the implications of these discussions for AA data have only 

recently received thorough attention. In these designs, it is important to examine reliability 

and validity separately for the levels of interest (within-person/between-person) and to report 

results on these measurement properties accordingly. Geldhof et al. (2014) provide 

annotated Mplus code to estimate multilevel α and ω; an alternative estimation approach in 

the framework of generalizability theory using the psych package in R illustrated in a 

tutorial by (Revelle & Wilt, 2019). If applicable to the research context, these multilevel 

reliability estimates should be reported for all relevant constructs. However, researchers 

should be aware of the assumptions underlying widely used reliability estimators (positive 

inter-item correlations resulting from a reflective measurement model) and should carefully 

consider whether these assumptions are reasonably tenable in the context of the respective 

work and discuss resulting reliability estimators accordingly.

Device-based Measures of Ambulatory Assessment

Accelerometry—Accelerometry is based on continuous and real-time measurement and 

recording of movement-induced raw acceleration signals over a specific period of time. 

Accelerometers register intensity and duration of single- or multi-axial accelerations and 

convert this raw data into manufacturer- and model-specific outcome metrics. For detailed 

information on accelerometry for PA research, please refer to Burchartz et al. (2020, within 

this issue) and to Von Haaren-Mack et al. (in press).Burchartz et al. (2020, within this issue) 

reflects the authors’ expert consensus on the topic of accelerometry for movement behavior 

assessment include highly relevant discussions on recording movement behaviors, while 

using different metrics and the impact of study design and technical decision on data 

collection with accelerometers. EMA approaches have widely been combined with 

accelerometers (e.g., Giurgiu, Koch, Ottenbacher et al., 2019; Koch et al., 2018; Niermann et 

al., 2016; Reichert et al., 2016, Wunsch et al., 2019). For example, combining PA 

measurement in real-life with e-diaries repeatedly assessing psychological variables such as 

mood enables an ecologically valid investigation of within-subject processes across time. A 

combination of accelerometers with e-diaries can also have very practical implications; for 

example, it can help to instruct participants to wear the sensor (thus fostering adherence) and 

to record nonwear time via self-reports (on the e-diary).

Contextual Measures via Geolocation Tracking—Besides other methods for the 

sessment of contextual variables such as (body-) cameras or self-reports with e-diaries, 

geolocation tracking offers new and interesting possibilities specifically for PA measurement 

and for PA research in general. In combination with geo-informatic methods, geo-location 

data allows for the characterization of PA types in more detail: PA can be located, for 
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example, workouts at the gym versus gardening (Reichert et al., 2017). Moreover, 

geolocation tracking can help investigate contextual influences, such as to address how 

different city environments may influence PA (Althoff et al., 2017). It can be used to trigger 

EMA assessments in certain locations (Törnros et al., 2016), for example, every time a 

participant enters the gym. It can also help to guide PA interventions, such as routing people 

through green areas in cities thus potentially increasing PA and enhancing well-being (Tost 

et al., 2019).

One important opportunity may be to incorporate contextual influences into PA research. 

Human behavior is critically influenced by context variables (Reichert et al., 2020). People 

will behave differently if they are together with peers compared to being alone, during the 

summer holiday compared to being at work in winter, or when exposed to traffic noise 

compared to a situation without traffic noise for example. All kinds of context variables 

potentially influence human PA. One also needs to consider that people may choose to go to 

certain environments that enable them to perform intended behaviors, referred to as selective 

mobility bias (Fong et al., 2018). For example, one might only want to exercise in a gym 

environment, despite having a park nearby their home. One other related methodological 

issue is the uncertain geographic context problem (Kwan, 2012), which highlights the 

concern that being in close proximity to an environment does not always equal to actually 

spending time in that environment. Fortunately, technological advances allow us to assess 

contextual characteristics through the use of geolocated measures. Existing data sets on all 

kinds of contextual parameters, e.g., on land use, average noise level, and potentially on 

average noise pollution can be incorporated simply by intersecting tracked positions by 

available spatial layers. While measurements from sensors attached to the participant would 

provide a better indicator for the current exposure to environmental effects, information on 

average environmental conditions could act as a proxy if sensors are not available or 

temporarily dysfunctional.

Furthermore, measurements from, e.g., accelerometers can be interpreted more thoroughly if 

the position can be mapped to the type of building or land use. Accordingly, accelerometer 

signals from inside gyms or sports pitches could thereby be distinguished, e.g., from signals 

at home, in shopping malls or in green spaces. Here, freely available datasets such as 

OpenStreetMap provide a rich set of context information. A well-established set of 

geoinformation algorithms allows to derive additional layers of information, e.g., the 

distance to locations such as green spaces, gyms, or noisy streets, visibility of locations such 

as green spaces, water bodies or scenic outlooks, and the steepness of the terrain or the 

shadiness of the current position. Spatial explicit information from social media provides 

additional information. Examples are the crowdedness or emptiness of a location estimated 

by the number of tweets at this position, and the presence of sign of physical disorder such 

as abandoned cars or graffiti based on an analysis of georeferenced imagery from data 

sources such as Google Street View®, Mapillary® or Flickr® (e,g., Quinn et al., 2016; 

Rzotkiewicz et al., 2018). Such kind of spatial data in AA has been used for estimation of 

travel mode or activity (e.g., Brondeel et al., 2015; Jansen et al., 2017; Stewart et al., 2016; 

Stewart et al., 2018).
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However, several other options exist to incorporate geoinformation and geoinformatics in 

AA for PA research. For example, survey triggering could be implemented under 

consideration of the current position (e.g., distance to the position of last survey, land use, 

noise level, indoor/outdoor). Törnros et al. (2016) and Dorn et al. (2015) have utilized land 

use information to trigger surveys, ensuringthat land use classes of interest (e.g., urban green 

spaces) are represented sufficiently in the sample (Dorn et al., 2015; Törnros et al., 2016). 

Indeed, intervention strategies could profit from information on the context of the current 

location: is the current location suitable for a specific type of PA or is there a suitable 

location nearby? Routing offers further potential to be explored: in addition to proprietary 

services such as Google Maps®, Apple Maps® or Bing Maps® specialized open source 

services such as the OpenRouteService are available which offer specialized options for 

pedestrian, bicycle or even wheelchair routing (Mobasheri et al., 2017; Zipf et al., 2016). 

Routing algorithms could be used to suggest a route to the closest location suitable for an 

intended exercise session. The suggested route could potentially also consider factors such 

as noisy streets or greenness along the route (Novack et al. 2018). Routing algorithms could 

also be used to expose participants to environmental stressors or distresses –by routing them 

along a noisy street, a green route or through a quiet neighborhood – and measure the 

effectiveness of such treatments by triggering surveys prior to and after this intervention.

Physiological Methods—AA allows for the objective measurement of physiological 

parameters in everyday life. For example, Electrocardiography (ECG) can be a useful 

instrument in assessing different parameters concerning the heart. One of the most 

commonly used ECG parameters is heart rate (HR), which can yield information about 

physical or psychological stress and is often used as an immediate feedback method during 

PA (Dunton et al., 2005). Besides HR, heartrate-variability (HRV) is a parameter which has 

increasingly become popular during the last decade among sport and exercise scientists 

(Ludyga et al., 2019). Using HRV makes it possible to assess the activation of the 

parasympathetic nervous system in a non-invasive way. This information can be used to 

detect symptoms of overtraining early or to detect the point in time where the physiologic 

systems is most adaptive for training stimuli (Brosschot et al., 2007; Dunton, Huh et al., 

2014; Hynynen et al., 2006). In addition, electrodermal skin conductance (EDA) can also be 

included in PA assessment to measure changes in physiological arousal (Poh, Swenson, 

Picard, 2010), as well as picture the sympathetic activity of the nervous system, and 

furthermore for long term measurements (Poh, Loddenkemper et al., 2010). However, data 

quality of such recordings has been discussed controversially. Moreover, blood pressure 

(BP) can be assessed in real-life settings and is a valuable parameter. For instance, BP is 

utilized among hypertension patients to monitor and adjust PA duration and intensity as is 

best for the current intra-individual condition. The measurement of 24 hours ambulatory BP 

has become a common parameter for both diagnosis and intervention (Wilhelm et al., 2012). 

Moreover, ambulatory cortisol assessments can be linked to PA to study the link between 

daily stress and PA (for details refer to Dunton et al., 2015). Nevertheless, it needs to be 

mentioned that all of these physiological methods require additional specialist equipment 

and produce large amounts of data that needs to be pre-processed and analyzed by experts or 

expert-developed algorithms to properly interpret the data.
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Combination and Integration of Distinct Measures

Combining the above-mentioned measures can help to unravel correlates of PA and their 

complex interrelatedness in real-life. In a feasibility study, Ben-Zeev et al. (2015) provided 

participants with smartphones and a wide range of sensors and software that enabled the 

continuous tracking of geospatial activity (via geolocation-tracking), PA (via accelerometry), 

sleep duration (via device-usage information, for example accelerometer inferences, ambient 

sound features, and ambient light levels) and speech duration (via microphone and speech 

detection algorithms. The researchers found that sensor-derived sleep duration and 

variability in geospatial activity was associated with daily stress levels and showed 

associations between changes in symptoms of depression and sensor-derived speech 

duration, geospatial activity, and sleep duration.

One further advantage of AA for PA research is the capability to combine the strengths of 

different assessment methods of PA and minimize the inaccuracies of a single assessment 

method. For example, while accelerometers have been shown to be an inaccurate assessment 

of specific activities (e.g. cycling, swimming), self-report measurements suffer from low 

reliability and validity according to recall difficulties (Jekauc, 2009; Jekauc et al., 2014). 

The inaccuracies of both methods could be overcome by combining them using AA. 

However, only few studies used this method combination to improve measurement 

properties of PA assessment. However, triangulation of multiple measures is complex and 

could lead to misinterpretation of PA as many of the independent measures have noted 

limitations. A simple combination might not eliminate these inaccuracies, therefore raising 

the need to control for them (e.g. reporting bias, reactivity, non-wear-time, etc.).

Finally, many of the above-described methods are integrated in commercial smartphones or 

commercially available sensors that combine different types of measures (e.g., the movisens 

LightMove 41 or the ActiGraph wGT3X-BT2, combining measurements of light intensity 

and composition and triaxial movement acceleration, which enables the assessment of wake- 

and sleep-times; or the EcgMove 43, which combines cardiovascular measures with 

accelerometry) and can be readily used in AA studies.

Sampling Design and Triggered E-Diaries

The sampling design is a highly critical part of AA studies since it directly influences the 

data and can impact results. For example, if a researcher is interested in within-subject 

associations of PA and mood, and if the sampling design leads to queries for mood only in 

phases of inactivity (which may happen by chance if participants are prompted every hour), 

this results in restricted PA variance in the data. Thus, the researcher will not be able to 

detect an association between PA and mood just because of an inappropriate sampling 

scheme leading to a false-negative finding.

1https://www.movisens.com/en/products/light-and-activity-sensor/
2https://www.actigraphcorp.com/actigraph-wgt3x-bt/
3https://www.movisens.com/en/products/ecg-sensor/
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If designing a sampling strategy, first, the wave duration (i.e., the number of waves or 

measurement bursts, for example, three monitoring periods/year) and the monitoring period 
(i.e., the number of days/wave) should be defined. Second, one has to choose whether 

individuals should respond to queries that are self-initiated (event-based) or prompted (fixed 

or random time intervals) or triggered by sensor data (Ebner-Priemer & Trull, 2009; Trull & 

Ebner-Priemer, 2013). The moments of assessment should be representative of an 

individual’s experience. Thus, the aims of the study will guide the decision for the sampling 
strategy (Shiffman et al., 2008). While event-based sampling focuses on particular events or 

episodes (e.g., discrete exercise sessions), time-based sampling with fixed and/or random 

time intervals schemes aim to capture the entire experience (e.g., how exercise intentions 

vary over time) (Liao et al., 2016; Shiffman et al., 2008). Researchers can either use one 

sampling or combine. For instance, if a high outcome variance is of particular interest, a 

combined sampling scheme may be a promising approach. (i.e., event-based sampling with 

random intervals), whereas a pure event-based design might be the sampling of choice if 

researchers are interested to gain more information about a specific event (e.g., social 

context of PA or emotions during PA). Third, the prompt frequency, which is the number of 

prompts per day and wave depends on the time frame, during which one expects the 

outcome to change. In previous studies, the time-frame varied from 15 minutes to 4 hours in 

PA studies (Liao et al., 2016; Romanzini et al., 2019). The prompt frequency could also just 

be once per day (in daily diary studies) and depends heavily upon what burden can be 

tolerated by participants, which varies across sub-populations. Since there are various types 

of PA, the specific research question guides the sampling design: it makes a difference 

whether one is interested in PA that are rather sporadic (e.g., climbing stairs), longer 

enduring episodes (e.g., exercise sessions) or both. In addition, characteristics of the target 

group (e.g., children and youths, working adults, older adults, patients, etc.) may force 

researchers to adapt the schedule (Maher et al., 2018; Wen et al., 2018). Moreover, the act of 

answering an e-diary can be difficult during exercise sessions itself (i.e., individuals may not 

carry phones with them or be able to stop and answer while exercising). This can be a major 

source of missing data and thus constitutes a limitation of this kind of assessment. 

Accordingly, researches should consider prompting e-diary questions, for example directly 

prior to and after exercise sessions.

Since sampling strategy has a significant impact on the data, Ebner-Priemer et al. (2013), 

developed and applied triggered e-diaries (e.g., activity- and GPS-triggered e-diaries can be 

utilized to improve the number of assessments during episodes of interest). In comparison to 

non-triggered time- and event-based designs, triggered e-diaries are connected to external 

devices such as accelerometers or geolocation-tracking-systems and trigger participants in 

situations of interest. This approach improves the assessment of within-subject variance of 

interest and minimizes participants’ burden (Dorn et al., 2015; Ebner-Priemer et al., 2013; 

Törnros et al., 2016).

To illustrate this, triggered e-diaries have been successfully used to investigate whether 

prolonged sedentary behavior is negatively associated with health outcomes (triggering in 

phases of sedentary behavior using accelerometer data; Giurgiu, Koch, Plotnikoff et al., 

2019) and can be applied to study whether the environmental context moderates the 
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association between PA and well-being (e.g., triggering if participants access green spaces 

using geolocation data; Törnros et al., 2016).

Given the rapid digital progress, researchers now have the opportunity to collect data in 

ways that were inconceivable one or two decades ago, which enables them to assess more 

parameters objectively, continuously, and apply them to triggered e-diaries (e.g., glucose 

values in the blood). Moreover, a combination of random and triggered diaries is a 

promising approach to assess constructs of interest in special (triggered) situations and in 

general (random) situations to analyze differences. Finally, triggered e-diaries provide a 

sophisticated approach for just in time interventions in real-life. For instance, if a situation of 

interest is associated with an unhealthy behavior (e.g., sitting longer than 30 minutes), this 

situation can be defined as a situation of interest, which triggers the intervention (Myin-

Germeys et al., 2016).

Reactivity, Compliance and Participant Burden

Researchers need to consider that measurement reactivity, defined as the potential of a 

behavior or experience to be affected by the assessment (Shiffman et al., 2008). This may be 

driven by the motivation and opportunity for subjects to take control of the behavior 

(Korotitsch & Nelson-Gray, 1999). Regarding reactivity to the measurement of PA, the work 

of Clemes et al. (2008; Clemes & Parker, 2009) revealed that wearing a sensor can indeed 

influence PA behaviour. In particular, Clemes et al. (2008) compared the number of steps 

measured in a week where participants were not aware that their steps were recorded to a 

week where the same participants were informed that their steps were counted. The number 

of steps increased significantly in the second condition (M = 9541, SD = 3186 steps/day vs. 

M = 11385, SD = 3763 steps/day) (Clemes et al., 2008). However, in a subsequent study, 

Clemes and Deans (2012) found that measurement reactivity does not persist over time; in 

their sample of adults, pedometer recorded steps returned to normal after one week of 

measurement, even if participants recorded the steps in a daily diary. Scott et al. (2014) 

specifically examined different methods for dealing with reactivity to tracking PA with 

accelerometers and pedometers in adolescents. Their findings suggested that hiding the 

results of the measurements from participants could combat reactivity. Importantly, hiding 

measurement results for the day only was not enough; rather, a longer time span (e.g., week) 

was necessary. Accordingly, feedback on PA (via smartphone or on the accelerometer) may 

cause reactivity, thus researchers may consider not giving feedback to limit reactivity.

Compliance, defined as participants’ adherence to the assessment protocol (Shiffman et al., 

2008) and usually parameterized as accelerometer wear time and percentage of EMA 

prompts answered, is another source of potential bias that can be influenced by the sampling 

design (Liao et al., 2016). EMA can be applied to increase accelerometer wear-time and to 

improve the reporting of non-wear times as described in Burchartz et al. (2020, within this 

issue). Previous EMA studies investigating PA have shown relatively high compliance rates, 

e.g., ranging up to 96% (Liao et al., 2016; Maher et al., 2018). Reasons for missing data and 

non-compliance should be reported in publications (for reporting guidelines see Liao et al., 

2016; Trull et al., 2019). To reduce this non-compliance, researchers should consider how 

rapidly the target phenomenon is expected to change, use the fewest number of prompted 
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surveys possible to answer the questions or interests (for EMA; Dunton, 2017), and aim to 

use sensors that are as convenient as possible (e.g., small accelerometers attached to the 

wrist). If participants are able to install EMA software on their own smartphone this usually 

comes with increased compliance (carrying a second study-smartphone is often 

problematic), but researchers have to be aware of potential technical incompatibilities, 

especially if smartphone and sensors are thought to communicate with each other.

Technological Advancement and its Potential Use in Ambulatory 

Assessment Extending the Assessment Battery: Acoustic Signals, Ambient 

Light Detection and Biomarkers

Ongoing technological and digital progress offer numerous possibilities for future real-life 

assessment of parameters potentially impacting human PA. In the following, selected 

parameters and possibilities for their real-life assessment will be reviewed. First, to 

parameterize social contact and interaction, nearby Bluetooth device detection, RFID are 

already in use, while so-called electronically activated recorders (EAR) to sample acoustic 

information of participants in their daily life have been already applied two decades ago 

(Lammers et al., 2008). Nowadays, voice recording via smartphones is no problem at all 

from the hardware perspective (Xu et al., 2013) and new algorithms for voice recognition are 

being developed. However, in this context data privacy is an open issue. Second, daylight 

exposure is positively related to overall health and sleep quality (Boubekri et al., 2014), and 

thus a parameter of interest to researchers. The usage of ambient light sensors allows to 

objectively measure daylight exposure of participants and to gain knowledge on their wake- 

and sleep-times (Gaston et al., 2012). Third, continuous measurement of biomarkers started 

with invasive glucose sensors in 1954 when Leland C. Clark invented the “Clark electrode”, 

which was able to measure oxygen/ glucose in different solutions (Wang & Lee, 2015). 

Today there are a variety of non-invasive sensors categorized as transdermal and optical 

sensors (Wang & Lee, 2015). Fourth, cortisol is an important biomarker related to PA. While 

a continuous measurement is thus far not feasible, participants can already be triggered via 

EMA to measure cortisol at multiple times a day and is possible to provide participants with 

real-time feedback of the cortisol level on their smartphone application (Choi et al., 2014).

AA Research Contributing to Ecological Momentary Interventions (EMI) 

Fostering PA

As described above, the question of what drives PA everyday life can only be answered 

using intensive longitudinal within-subject data. Once a set of the most important 

momentary antecedents of PA has been established, the critical step will be to translate these 

findings into ecological momentary interventions (e.g., Heron & Smyth, 2010) fostering PA. 

If successful, AA research might enable the development of tailored behavioral interventions 

that are automatically provided over mobile devices at the time and in the place where 

needed. In this way, AA research may contribute to advances in future ecological 

momentary interventions that fosters everyday PA, and thereby support human somatic and 

mental health, and solve one critical issue of humankind in the 21st century namely the high 

Reichert et al. Page 14

Psychol Sport Exerc. Author manuscript; available in PMC 2021 September 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



levels of physical inactivity. In the following section, we approach the issue on how to 

translate findings from AA research on PA into ecological momentary interventions (EMI) 

from a psychological perspective of behavior change and provide an example of an already 

existing EMI.

It has been stated in numerous well-established theories that the initiation and execution of 

any purposive (or functional) behavior requires the initial existence of an intention to act, or 

at least some kind of positive attitude towards the aspired behavioral outcomes (e.g., Ajzen, 

1991; Bandura, 1986; Carver & Scheier, 1982; Noar & Zimmerman, 2005; Prochaska & 

DiClemente, 1983; Webb & Sheeran, 2006). However, while many people strive to maintain 

a healthy lifestyle (e.g., being physically active, exercising regularly, or to sustaining a 

healthy diet), they often fail to act in line with their intentions (e.g., Armitage & Conner, 

2001; Rhodes & Bruijn, 2013; Webb & Sheeran, 2006). Research has often investigated the 

intention-behavior relationship, comparing the behavior of individuals with different 

strengths of intention whereby intentions and behavioral outcomes are usually measured at 

once (prospectively and/or retrospectively) (Webb & Sheeran, 2006). This kind of research 

demonstrated a strong association between the intensity of intentions and the execution of 

corresponding behavior (e.g., Sheeran, 2002).

However, meta-analytical exploration revealed that the temporal stability of an intention has 

a considerable influence on whether the desired behavior is realized (Cooke & Sheeran, 

2004; Noar & Zimmerman, 2005; Sheeran & Abraham, 2003). Only a few studies examined 

the intention-behavior relationship at the within-person level considering time-dependent 

changes in participant’s intentional strength. Those studies reveal that time-dependent 

within-person variability of intentions predict the realization of health behavior in daily life, 

with higher accuracy than between-person differences in intentions (e.g., Conroy et al., 

2013; Inauen et al., 2016; Kiene et al., 2008; Maher et al., 2016; Maher et al., 2017).

In addition, when testing the effectiveness of interventions aimed at increasing PA, it is 

necessary to not only consider whether participants’ activity levels are increasing (e.g., via 

accelerometer measurements), but to also differentiate whether the behavior recorded in 

everyday life was actually intended. To assess potential intervention effects accurately, it is 

necessary to ensure that observed behavioral changes (the occurrence of PA) occurred 

intentionally. For this purpose, the combination of accelerometer data and e-diaries appears 

suitable to capture participants’ behavior depending on their individual training schedule or 

their individual intentions for active exercises.

Mechanisms involved in the realization of health behavior (such as PA) are theoretically 

conceptualized as within-person processes. It is presumed that peoples’ momentary 

(cognitive, affective, motivational) capacities can be influenced by situational determinants 

and context-variables, which may in turn influence behavioral intentions as well as their 

actual realization (Brand & Ekkekakis, 2018; Brand & Schweizer, 2015; Ekkekakis, 2017; 

Jekauc et al., 2015; Jones et al., 2018; Sheeran et al., 2005). Moreover, desired and 

undesired behavior can be automatically triggered by environmental stimuli eliciting specific 

stimulus-response patterns that are learned or based on previous experience (Aarts & 

Dijksterhuis, 2000; Bargh & Ferguson, 2000; Strack & Deutsch, 2004; Wood et al., 2002). 
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Increasing evidence suggests that unconscious cognitive, affective, and motivational 

processes have a significant influence on health-related behavior and PA (Calitri et al., 2009; 

Conroy & Berry, 2017; Jones et al., 2018). Little research has been conducted on the 

conditions under which PA (or health behavior in general) is regulated by intentional or 

automatically operating cognitive-affective processes (e.g., implicit attitudes or habits) in 

everyday life. However, there is evidence that under critical conditions (e.g. short-term 

limitations of cognitive capacity or low self-control), automatic or unconscious processes 

can gain predominance and trigger behavior that is against an individuals’ intention (e.g., 

Conner et al., 2007; Friese & Hofmann, 2009; Hofmann et al., 2009). Future studies using 

AA methodology could provide additional insight into the conditions under which 

intentional and non-intentional processes determine the occurrence or absence of PA (or 

health behavior in general) in everyday life.

Once these processes and interdependencies are understood, effective real-time interventions 

can be developed. Such interventions can be deployed in the form of microrandomized trials 

(Klasnja et al., 2015) or within-person encouragement designs (Schmiedek & Neubauer, 

2019). The former might be relevant when the core focus of an intervention is on increasing 

a concrete behavior (e.g., PA), whereas within-person encouragement designs can be helpful 

when the goal of an intervention is not (only) the change in behavior, but also an 

improvement in a distal outcome (e.g., momentary fatigue).

The ongoing real-life exercise intervention of the H2020-funded European project 

“Comorbid Conditions of Attention-deficit/hyperactive disorders (CoCA)” to prevent 

comorbid obesity and depression in patients with Attention-deficit/hyperactive disorders 

(ADHD) (Mayer et al., 2018) is one of the few outstanding examples that demonstrates 

current technological possibilities for real-life exercise interventions and provides us with 

frontiers to be undertaken in the future. In CoCA project, participants use a mobile-Health 

(mHealth) system’ comprising a smartphone and an accelerometer on the wrist, both 

connected via Bluetooth low energy and a commercial software tool4 including 

questionnaires, exercise videos, reminders, and motivational phrases to increase adherence 

with the exercise intervention.

The highlights of the CoCA exercise intervention include aerobic and strengthening exercise 

instructions provided through custom-made exercise videos on the smartphone. They are 

individually and automatically adapted every one and a half weeks in terms of the difficulty 

and intensity of the exercise program. As shown in Figure 2, automatic feedback is realized 

via WIFI connection and real-time analyses on the server providing participants with their 

training progress such as the percentage of watching and executing the strengthening videos 

and with distinct PA outcomes as quantified by the accelerometer (see Mayer et al., 2018).

Discussion and Recommendations

This consensus paper summarizes the current state of AA for PA research and provides 

recommendations for best practices. AA offers enormous opportunities for researchers to 

4https://www.movisens.com/en/products/movisensxs/
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capture a rich amount of data – from behaviors, physiological, psychosocial, and cognitive 

states, to social interactions and built environments, all in the context of a person’s daily life.

While associations between a physically active lifestyle and health outcomes (Kirchner & 

Shiffman, 2016; Schlicht et al., 2013) can be researched using AA (an issue tackled in many 

epidemiological studies), the strength of this group of methods is that it enables researchers 

to examine the dynamic patterns of change in PA together with contexts, emotional states, 

beliefs, attitudes, and perceptions in real-life (Dunton, 2017). Since PA and the latter aspects 

vary intra-individually, within-subject investigations may examine temporal trends (Wilhelm 

et al., 2006), dose-response relations, and reciprocal associations between PA and 

psychological variables (e.g., stress, emotions, self-concept, motives and barriers to being 

physically active) (Niermann et al., 2016), and research questions may target within-person 

intervention effects of PA.

When using AA such as triggered e-diaries, researchers need to:

• assess the variable of interest (e.g., PA, sedentary behavior, environmental 

factors) objectively and continuously and with the possibility of feedback (i.e., a 

technical interface such as Bluetooth Low Energy (BLE)) in daily life,

• Define, in which situations they want to assess the constructs of interest (e.g., 

special activity threshold, time of sedentary behavior, special kind of 

environmental areas like green spaces), and

• develop a trigger algorithm or use a developed trigger software to facilitate 

assessment during these defined situations.

Given the many advantages in AA, the number of PA research studies that utilize this type of 

assessment has been increasing exponentially in the past few years. While multilevel 

modeling is now widely used in data collected from EMA to disaggregate the within- and 

between-person effects, less attention has been given to the psychometric properties when 

designing and reporting the EMA survey items. In this consensus paper, the importance of 

examining the reliability and validity separately for within- and between-person levels was 

given special attention. All authors highly encourage future EMA studies to include results 

on these measurement properties when reporting findings.

Limitations of AA

The technology for AA is rapidly developing. Integrating data from multiple assessment 

sources allows researchers to tackle different predictors and consequences of PA related 

behaviors, and it offers a unique opportunity to tailor interventions on those behaviors. The 

current consensus paper presents some examples of linking EMA and accelerometry to 

enhance both behavioral assessment and intervention. Of course, there are also challenges 

that merit discussion. First, researchers should balance participant burden. To achieve a high 

level of adherence, researchers may tailor the sampling scheme by reducing the number of 

items or the number of study days (Trull et al., 2019) or make use of unobtrusive 

assessments via sensors (Exler et al., 2015). Translated into practice, rerearchers should 

rather ask few EMA questions on few assessment points, gather valid data and use 
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unobtrusive real-life measures instead of overstraining participants. Put simply, if many 

questions are being asked, the frequency of prompts should be reduced and vice versa. For 

example, eight to ten prompts per day in a wave with up to seven days have been employed 

successfully in several studies with healthy samples and these studies showed good e-diary 

compliance on average > 80% (Koch et al., 2018; Reichert et al., 2016; Reichert et al., 

2017). Second, as more researchers are relying on technologies in their studies, the potential 

privacy concerns and data security need special attention, especially when studying 

vulnerable populations such as children and clinical populations. Most research institutions 

have their own guidelines and regulations for participant privacy and data security. In 

addition to following the institutional guidelines, it is also important to assess and evaluate 

participants’ concerns regarding technology and privacy. This information would be very 

useful to inform the development of future studies, especially when scaling up to larger 

populations. Third, in comparison to traditional methods such as paper-pencil 

questionnaires, the usage of technical devices (e.g., accelerometers and smartphones) is 

relatively expensive and associated with considerable data management and pre-processing 

issues, which are time-consuming.

Lastly, researchers need to be mindful about technological challenges that may arise while 

utilizing AA. For example, technological challenges for connections issues such as the 

limited stability of Bluetooth connections (distance between the smartphone and the 

accelerometer currently needs to be less than ten meters), and limited mobile network 

coverage in rural places. There are also challenges of a limited battery life of the 

accelerometer and smartphone. However, ongoing technological and digital progress will 

improve these limitations concurrently leading to a decline in sensors and smartphone costs.

Implications for sport and exercise psychology research

The use of AA opens promising avenues for sport and exercise psychology research. For 

example, AA studies can foster insights how sport, exercise and psychological variables 

(such as motivation, mood, rumination, self-esteem) are associated with each other across 

time in everyday life. Put simple, AA can help to answer questions such as ‘How do people 

feel before/during/after sports compared to before/during/after exercise in their everyday 

life?’, ‘Which factors drive sport and exercise engagement?’. For the latter example, AA is 

perfectly suited since it allows to capture contextual influences (such as nearby green spaces, 

social interactions) and therewith enables to take into account individual perceptions of the 

context when researching sport and exercise. Moreover, AA enables to research the 

congruency of objective to subjective perception. Researchers can make use of this, if 

interested in exercise addiction for example, to compare the subjectively perceived amount 

or intensity of sport and exercise with objectively measured parameters such as duration or 

energy expenditure of sport and exercise in real life.

Conclusion

In sum, the ongoing development of innovative technical features in AA provides numerous 

possibilities for PA research, especially the chance to tackle within-subject antecedents and 

consequences of PA as they unfold in everyday life. In therapy settings, very close 

Reichert et al. Page 18

Psychol Sport Exerc. Author manuscript; available in PMC 2021 September 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



monitoring, communication, and interaction between physicians, therapists, and patients are 

already feasible and the integration of interventions into the everyday life of patients comes 

with the large advantage of independence of sparse appointments. In future, in-depth 

insights about the drivers of PA can inform within-subject real-life interventions. Such 

interventions may be able to increase PA levels sustainably, for example by triggering at the 

time and in the place where needed. Therewith, one critical issue of humankind in the 21st 

century, namely the high levels of physical inactivity, which comes with a high individual 

and societal health burden, may be tackled.
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Highlights

Ambulatory Assessment enables to

• study physical activity’s correlates (e.g., behavioral, biological) in REAL-

LIFE

• assess data near REAL-TIME, WITHIN-PERSONS across multiple 

assessments

• minimize retrospective biases for ECOLOGICAL VALID FINDINGS

• unravel within-subject ANTECEDENTS, CONCOMITANTS, and 

CONSEQUENCES of PA

• design and deliver impactful INTERVENTIONS in REAL-WORLD contexts
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Figure 1. 
Landmark Decisions in Designing an Ambulatory Assessment Study on PA

Note. This graph is adapted and modified from „Getting started. Launching a study in daily 
life” by T.S. Conner and B.J. Lehmann, 2012, in: M.R. Mehland T.S. Conner, Handbook of 

research methods for studying daily life, New York, London: The Guilford Press.(T. S. 

Conner & Lehman, 2012).
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Figure 2. 
Ambulatory Assessment in combination with real-time analyses and interventions.

Note. Ambulatory Assessment can be combined with real-time analyses (MovisensXS 

platform, https://xs.movisens.com) to enable triggered real-time e-diary prompts and real-

life interventions. The graph is adapted from the Journal Current Opinion in Psychology 

(Reichert et al., 2020) and reprinted with permission from Reichert and colleagues.
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