
Integrating Intensive Longitudinal Data (ILD) to Inform the 
Development of Dynamic Theories of Behavior Change and 
Intervention Design: A Case Study of Scientific and Practical 
Considerations

Lindsey N. Potter1,2,‡, Jamie Yap3,4,‡, Walter H. Dempsey3,4,5, David W. Wetter1,2, Inbal 
Nahum Shani3,4

1Center for Health Outcomes and Population Equity (Center for HOPE), Huntsman Cancer 
Institute, Salt Lake City, UT, USA

2Department of Population Health Sciences, University of Utah, Salt Lake City, UT, USA

3Institute for Social Research, University of Michigan, Ann Arbor, MI, USA

4Center for Methodologies for Adapting and Personalizing Prevention, Treatment, and Recovery 
Services for SUD and HIV (MAPS Center), University of Michigan, Ann Arbor, MI, USA

5Department of Biostatistics, University of Michigan, Ann Arbor, MI, USA

Abstract

The increasing sophistication of mobile and sensing technology has enabled the collection of 

intensive longitudinal data (ILD) concerning dynamic changes in an individual’s state and context. 

ILD can be used to develop dynamic theories of behavior change, which in turn, can be used 

to provide a conceptual framework for the development of just-in-time adaptive intervention 

(JITAIs) that leverage advances in mobile and sensing technology to determine when and how to 

intervene. As such, JITAIs hold tremendous potential in addressing major public health concerns 

such as cigarette smoking, which can recur and arise unexpectedly. In tandem, a growing number 

of studies have utilized multiple methods to collect data on a particular dynamic construct of 

interest from the same individual. This approach holds promise in providing investigators with 

a significantly more detailed view of how a behavior change processes unfold within the same 
individual than ever before. However, nuanced challenges relating to coarse data, noisy data, 
and incoherence among data sources are introduced. In this manuscript, we use a mobile health 

(mHealth) study on smokers motivated to quit (Break Free; R01MD010362) to illustrate these 

challenges. Practical approaches to integrate multiple data sources are discussed within the greater 

scientific context of developing dynamic theories of behavior change and JITAIs.
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1. Introduction

The increasing sophistication of mobile and sensing technology has enabled the collection 

of rich and granular data about an individual’s state and context. Intensive longitudinal data 

(ILD) has been defined as “sequential measurements on five or more occasions during which 

a change process is expected to unfold” (Bolger & J.P., 2013). These data can be collected 

through a variety of methods (ecological momentary assessment [EMA], wearable sensors, 

etc.). ILD is increasingly used to inform the development of dynamic theories of behavior 

change, by investigating how behaviors, emotions and other experiences change in daily life. 

Further, there is growing interest in developing just-in-time adaptive interventions (JITAIs) 

that leverage ILD about an individual’s state (e.g., mood, behaviors) and context (e.g., 

location, presence of other people) to match intervention delivery (e.g., the type, timing, 

intensity) to the rapidly changing needs of individuals in real-world settings (Nahum-Shani 

et al., 2018).

While sophisticated digital data collection protocols offer tremendous opportunities 

for behavioral theory development and intervention design, they also involve practical 

challenges to data curation—defined as “any activity devoted to selecting, organizing, 

assessing quality, describing, and updating data that result in enhanced quality, 

trustworthiness, interpretability, and longevity of the data” (Rhee et al., 2006). Many of 

these challenges relate to the growing use of multiple methods to collect ILD on a particular 

dynamic construct of interest from the same individual. Examples include measuring 

medication adherence with smart pill bottles, e-prescribing software, and electronic health 

records (Toscos et al., 2020); tracking step count with both a small activity tracker worn 

on the wrist (e.g., Jaw Bone Up Move) and an app installed on the mobile phone (e.g., 

Google Fit; Klasnja et al., 2016; Klasnja et al., 2019); assessing alcohol use with an ‘active 

task’ prompting participants to observe and then recall pattern sequences displayed on their 

mobile phone and a timeline follow-back survey (Rabbi et al., 2018; Rabbi et al., 2017); and 

measuring psychological distress via button presses performed by participants on a wearable 

worn on the wrist and corroborated against check-in surveys by study staff (Kleiman et 

al., 2019). Within the field of smoking cessation, when and how often cigarette smoking 
occurred was inferred using a smoking detection algorithm (Nakajima et al., 2020; Saleheen 

et al., 2015), EMAs, and surveys administered during in-person clinic visits (Break Free; 

R01MD010362).

The use of multiple methods to obtain information from the same individual (i.e., the use 

of multiple data sources) provides a significantly more detailed view of how a behavior 

change process unfolds within the same individual than ever before. Indeed, various authors 

have noted that combining information on the same individual obtained from multiple data 

sources can enable more accurate inference on a construct of interest, particularly when 
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one data source can be used to supply information that is not present in another, or when 

measurement error is present in one or more data sources. Yet, to-date, advancements 

in inferential approaches used to combine information on the same individual obtained 

from multiple data sources have been developed for and applied to a cross-sectional (i.e., 

measured at only one occasion) health outcome (He et al., 2014; Lohr & Raghunathan, 

2017; Schenker & Raghunathan, 2007; Schenker et al., 2010; Schifeling et al., 2019). 

However, ILD introduces unique complexities and challenges beyond those presented by 

cross-sectional data. As such, articulating practical considerations that are necessary to 

curate ILD from the same individual but obtained from multiple data sources serves as a 

foundational step towards capitalizing on such information to advance behavioral theory 

and intervention design. This manuscript highlights practical considerations in curating 

ILD from multiple sources of data collection. For illustration, we use Break Free – an 

observational study that sought to examine the influence of intrapersonal and contextual 

factors on smoking lapse among African American smokers.

2. The motivating study: Break Free – Eliminating tobacco disparities 

among African Americans

Tobacco use is the leading cause of preventable death and disease and is responsible 

for nearly one in five deaths in the United States (Mokdad et al., 2004; Samet, 2013). 

Although rates of tobacco smoking have declined between 1965 and 2018 (42% and 13.7%, 

respectively; Creamer et al., 2019), about 40 million people in the United States still smoke 

(Drope et al., 2018). Many smokers have a desire to quit, and over half have attempted 

to quit for at least a day in the prior 12 months (Ahluwalia et al., 2018; Dube et al., 

2009). However, nearly 95% of quit attempts are unsuccessful (Babb et al., 2017), with 

more than half of smokers experiencing their first lapse (i.e., a smoking event following 

initial cessation that does not meet definition of relapse [i.e., return to regular smoking 

following a period of abstinence; Piper et al., 2019)]) within about a week of their quit 

attempt. Many smokers experience a series of failed quit attempts before achieving long-

term smoking cessation success (Hughes et al., 2004; Zhou et al., 2009). Moreover, there 

are striking inequities in tobacco cessation, with African American being less likely to 

successfully quit than those in other racial and ethnic groups (Kulak et al., 2016; Stahre 

et al., 2010). Importantly, there is strong empirical evidence to suggest that smoking lapse 

is highly predictive of relapse (Garvey et al., 1992; Kenford et al., 1994; Piper et al., 

2019) and that states of vulnerability (i.e., conditions that represent high risk) for a lapse 

and states of receptivity (i.e., conditions representing ability and motivation to engage in) 

to a specific intervention, may be dynamic. For example, vulnerability to a lapse may 

occur during moments of distress or when encountering a cue to smoke (e.g., tobacco 

retail outlet; Watkins et al., 2014) and receptivity to a mobile-based intervention (e.g., 

recommendation to use medication) may depend on dynamic factors like context (e.g., being 

around others or alcohol use; Pacek et al., 2018). JITAIs, particularly those designed to be 

offered to individuals when they are in a state of vulnerability for lapse, and receptive to 

an intervention, hold promise for smoking cessation. However, existing empirical evidence 

is often insufficient to inform the selection and adaptation of interventions in a JITAI. For 

example, it is unclear what constellation of static and dynamic factors represent a state of 
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vulnerability for lapse as well as under what conditions smokers attempting to quit are more 

receptive to specific intervention options (Nahum-Shani et al., 2021). These gaps motivate 

studies – such as Break Free – involving ILD on smoking lapse and predictors of lapse in 

real-time, real world settings (Nahum-Shani et al., in press).

A total of 303 participants were enrolled in the Break Free study. Eligible participants 

reported smoking at least 3 cigarettes per day (biochemically verified using expired carbon 

monoxide of 6 parts per million or higher) and were motivated to quit smoking within 

the next 30 days. All participants were offered approximately 6 weeks of nicotine patch 

therapy. Those who reported contraindication for the nicotine patch (e.g., heart attack, 

angina, cardiac arrhythmia, uncontrolled hypertension, skin allergies or chronic skin disease) 

were not enrolled. Participants were provided with a smartphone and AutoSense sensors 

(Ertin et al., 2011) for 14 contiguous days (4 days pre-quit through 10 days post-quit). 

AutoSense consists of a wearable device worn on the left wrist and right wrist, a wearable 

device worn around the chest, and accompanying smartphone software (mCerebrum). These 

devices collect a variety of data near-continuously, such as skin and ambient temperatures, 

electrocardiography, respiration, galvanic skin conductance, wrist acceleration, and wrist 

orientation (Ertin et al., 2011). Smoking and stress detection algorithms on the smartphone 

use data from these wearable devices to detect when a participant may have experienced 

stress or smoking (Nakajima et al., 2020; Saleheen et al., 2015).

The smartphone’s software was designed to deliver 4 Random EMAs per day for 14-days; 

such EMAs are so-called because their delivery schedule is based on selecting a moment of 

time from pre-defined contiguous blocks of time (say, 8:00 am – 12:00 pm) according to 

a uniform probability distribution. In addition, some participants may have also received 

Event-Contingent EMAs; such EMAs are so-called because their delivery schedule is 

contingent on smoking and stress algorithms identifying moments of the day when smoking 

and stress is likely to have occurred. All EMAs asked participants about smoking behavior, 

urge, mood, and other contextual, interpersonal, and cognitive factors. For simplicity, the 

remainder of this case study focuses on Random EMAs only. Participants were also asked 

to self-report smoking abstinence during several in-person clinic visits, such as whether 

they smoked on the day of the visit, in the last 7 days, and whether there had been a 

period of time that they had returned to regular smoking following a period of abstinence 

(i.e., smoked consecutively for 7 days). Further, the smartphone was GPS-enabled and thus 

collected near-continuous GPS data (every ~3 seconds). Although participants can report 

contextual information in EMAs (e.g., whether smoking is allowed in their current location), 

GPS provides real-time spatial mapping at a level of granularity not possible with EMA data 

alone. Such information may be important for predicting vulnerability to smoking lapse. 

Taken together, the Break Free study provides snapshots of when and how often cigarette 

smoking occurred through a combination of EMAs, a smoking detection algorithm, and 

sensing technology on the smartphone. Table 1 and Figure 1 present the measures in Break 

Free and the study time frame as it pertains to ILD collection within the 14-day period, 

respectively.
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3. Case study

Suppose that investigators identify the following scientific question to inform the 

development of a JITAI for smoking cessation: What combination of stable (e.g., socio-

economic status, baseline motivation to quit, etc.) and dynamic factors (e.g., urge, cigarette 

availability) measured up to time t influence the likelihood of lapse between time t and time 

t+1 (e.g., cigarette smoking within the next minute, hour, or day from time t)? The length 

of time between time t and time t+1 is chosen by the investigator, perhaps based on existing 

empirical evidence and theories of behavior change regarding the timing of a proximal effect 

of a risk factor on smoking lapse. This scientific question can help investigators identify 

tailoring variables, or information about when to intervene, to be used in a JITAI targeting 

the proximal outcome of smoking lapse (Nahum-Shani et al., 2018). However, because 

multiple data sources in the Break Free study provide information about cigarette smoking, 

to answer the scientific question, investigators have the opportunity to simultaneously use 

multiple data sources (i.e., not one at a time, but altogether at the same time) to inform 

the development of a JITAI. In the remainder of this section, we will describe practical 

issues investigators need to consider (Section 3.1), and approaches investigators may use to 

integrate information on the same individual obtained from multiple data sources (Section 

3.2). Figures 2 and 3 may be used to supplement examples in Sections 3.1 and 3.2

3.1 Towards ILD Data Integration: Practical Issues to Consider

Studies that collect ILD often involve considerable participant burden. For example, in the 

Break Free study, participants were prompted to complete up to 40 Random EMAs over 14 

days. Over the course of 14 days, they were also asked to wear three pieces of equipment 

(i.e., wearable devices worn on the left and right wrists and a device worn around the chest) 

at all times, except when sleeping or showering. Although the use of ILD holds promise in 

capturing nuanced person-specific changes in stable and dynamic factors (e.g., how risk of 

lapse might fluctuate over the course of a day for a specific individual), the likelihood of 

missing data due to participant non-compliance (e.g., non-response to EMA, neglecting to 

wear the wearable devices) remains a significant and well-documented challenge in mHealth 

studies (e.g., see Ji et al., 2018; Nelson et al., 2020; Rabbi et al., 2018). However, much 

less attention has been given to significant challenges that may arise when integrating 

information on the same individual obtained from multiple data sources. Indeed, issues 

relating to coarse data, noisy data, and incoherence across data sources, can plague mHealth 

studies, but there is a dearth of literature on how investigators may deal with these three 

issues. In what follows, we define coarse, noisy, and incoherent data more precisely and then 

provide illustrative examples of how these issues can arise in the Break Free study. While 

we discuss these challenges in the context of the Break Free study, they are relevant to any 

investigation that focuses on leveraging ILD from multiple data sources to measure how a 

particular dynamic construct unfolds over time on the same individual.

3.1.1 Measurements of risk of lapse—Table 1 displays the various data sources 

used to obtain information about cigarette smoking in the Break Free study. Notably, the 

EMA items concerning cigarette smoking are illustrative of trade-offs faced when designing 

studies seeking to collect measurements relating to health behaviors that can emerge 
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rapidly and occur at irregularly-spaced bouts, such as cigarette smoking. For example, 

considerations relating to burden may play a significant role in study design. In the Break 

Free study, even if participants report to have smoked several cigarettes in an EMA, they 

are only asked to report when the first and most recent cigarette were smoked in terms of 

pre-defined intervals of time, relative to the timing of the current EMA (e.g., 0–2 hours ago, 

2–4 hours ago, etc.). Although it may appear desirable to ask participants to report the actual 

time-of-day when they smoked each cigarette, doing so imposes more burden on participants 

who smoke more heavily than those who to taper their smoking. Further, asking participants 

to provide information on all occurrences of cigarette smoking is akin to asking participants 

to engage in self-monitoring (Snyder, 1979). While there is strong evidence showing that 

self-monitoring can substantially reduce the risk of adverse health outcomes (McBain et al., 

2015), self-monitoring every cigarette may not always be feasible in the real-world among 

individuals undergoing a quit attempt.

To start, suppose we had information about the truth regarding when a participant smoked. 

Figure 2 panel A shows that they smoked 2 cigarettes after waking (e.g., at approximately 

6:05 and 6:15 am), 1 cigarette after lunch (e.g., at approximately 12:35 pm), and 1 cigarette 

in the afternoon (e.g., at approximately 5:50 pm). Each example presented below is self-

contained (with the exception of Example 9, which builds upon concepts described in prior 

examples).

3.1.2 Coarse Data—Coarse data (Heitjan & Rubin, 1991) are collected when 

measurements come in the form of a time interval, say [a, b], which contains the time-of-day 

when the construct of interest (e.g., cigarette smoking) occurred. Example 1 will focus on an 

EMA at 6:00 pm, during which the participant reported that they smoked 4 cigarettes since 

the last assessment. Further, they reported to have smoked the first and most recent of these 

cigarettes 10–12 hours ago and 0–2 hours ago, respectively. Based on their self-reports, the 

participant smoked 4 cigarettes between 6:00 am – 6:00 pm, but the actual time-of-day when 

they smoked each individual cigarette is unknown to the investigator (Figure 2 panel B).

3.1.3 Noisy Data—Noisy data can arise when self-reported (e.g., in an EMA) or 

detected (e.g., via a detection algorithm) values of the construct of interest differ from 

the actual values. In other words, we say that measurement error has occurred. In the Break 

Free study, measurement error can occur either when cigarette smoking is not detected by 

the detection algorithm (i.e., false negatives), or when the detection algorithm erroneously 

classifies a moment of time as a moment of smoking when smoking did not in fact 

occur (i.e., false positives). Additionally, measurement error can occur when participants 

mis-report the time when they smoked. Example 2 (Figure 2 panel C) illustrates this by 

showing that in an EMA at 6:00 pm, the participant reported to have smoked 4 cigarettes, 

the first and most recent of the 4 cigarettes 4–6 hours ago and 0–2 hours ago, respectively. 

In this case, the 4 cigarettes would have been erroneously reported to have occurred between 

12:00 pm – 6:00 pm, rather than between 6:00 am and 6:00 pm.

Measurement error may also occur in more subtle ways. Example 3 focuses on two of the 

four EMAs that were delivered on a particular day. Observe that the EMA items begin with 

the verbal cue, ‘since the last assessment.’ In this way, the participant is (indirectly) asked to 
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(a) identify which EMA prior to the current EMA they view to be their ‘last assessment’; (b) 

recall the time of day when their ‘last assessment’ occurred; (c) recall when and how often 

cigarettes were smoked between their ‘last assessment’ and the current EMA; (d) and finally, 

report the time when they smoked the first and most recent cigarette (i.e., the first and most 

recent of the four cigarettes in example 1). In other words, correct reporting in (d) relies on 

correct antecedent recall of facts surrounding (a) to (c). Suppose that in an EMA at 6:00 pm, 

the participant reported smoking 4 cigarettes, with the first and most recent occurring 10–12 

hours ago and 0–2 hours ago, respectively. If the most recent EMA the participant completed 

prior to 6:00 pm on the present day was at 11:30 pm yesterday, then there is no measurement 

error. In other words, the participant correctly reported that (i) they smoked 4 cigarettes 

between the previous and current EMA; and that (ii) these 4 cigarettes were smoked between 

6:00 am – 6:00 pm (Figure 2 panel D).

Now, suppose that the participant misremembered when they completed the previous EMA 

and thought that it took place at 8:30 am on the current day (rather than at 11:30 pm on the 

previous day). In this case (Figure 2 panel E), the participant erroneously reported smoking 

4 cigarettes between the (misremembered) previous and current EMA, instead of reporting 

2 cigarettes only. Further, although the reported time remains correct for 2 of the 4 actual 

cigarettes smoked (the two cigarettes that were actually smoked between 8:30 am – 6:00 

pm), this misremembered interval (i.e., 8:30 am – 6:00 pm) is substantially less coarse than 

what should have been recalled by the participant had all facts surrounding (a) to (c) been 

correctly remembered.

3.1.4 Incoherence between Data Sources—Combining information from multiple 

data sources can enable more accurate inference on a construct of interest (e.g., how risk of 

lapse might fluctuate over the course of a day) when one data source can be used to supply 

information that is not present in another, or when measurement error is present in one or 

more data sources. Example 4 illustrates how information supplied by different data sources 

can paint an incoherent picture of the construct of interest. Suppose in an EMA at 6:00 pm, 

the participant reported that they smoked 1 cigarette; further, they reported to have smoked 

this cigarette 0–2 hours ago (i.e., between 4:00 pm and 6:00 pm). If the most recent EMA 

the participant completed prior to 6:00 pm on the present day was at 1:00 pm on the same 

day, it means that no cigarette was reported to have been smoked between 1:00 pm and 

4:00 pm. However, the detection algorithm might indicate that smoking occurred at 1:45 pm 

and 5:50 pm (Figure 2 panel F). In this case, incoherence among data sources is observed. 

Without making assumptions about the relative validity of each data source or considering 

additional information, it is unclear how investigators might proceed.

3.2 Towards ILD data integration: Working with ILD, even in the presence of coarse, 
noisy, and incoherent data sources

The integration of information from multiple data sources can be viewed from within a 

missing data framework (Lohr & Raghunathan, 2017). ILD from different data sources may 

supply information about times when smoking occurred that is not present in another data 

source. One approach to integrating ILD collected from multiple data sources might be to 

develop multivariate models to impute the value of the desired construct at the time-scale 
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required to answer the pre-specified scientific questions; this is conceptually analogous 

to integrating cross-sectional data from multiple data sources. However, another approach 

is through the use of decision rules, which investigators can specify based on practical 

considerations and existing evidence. Decision rules can express the specific conditions in 

which a particular value will be designated for the variable of interest, and can be described 

with IF-THEN statements. A simple example of where a decision rule might be used is in 

surveys asking individuals to report whether they are currently pregnant; at the same time, 

the sex of the same individual is available in a national registry (e.g., a census bureau) 

accessible to researchers conducting the survey. Suppose that individual A reported to be 

pregnant, but data obtained from a national registry indicates that this individual is a male. 

In this case, researchers may invoke the rule ‘IF sex = male, THEN pregnant = FALSE; 

ELSE pregnant=self-reported sex’ when integrating information from the survey and the 

national registry. In this simple example, the researcher assumes that if data from the survey 

and national registry are incoherent, then data from the survey is erroneous. In the following 

examples, we illustrate how decision rules might be used with ILD from studies such as 

Break Free.

Example 5 focuses on when investigators are using EMAs only to designate the timing of 

cigarette smoking. Recall that participants reported when they smoked cigarettes in EMAs 

using the following response options: 0–2 hours, 2–4 hours, 4–6 hours, 6–8 hours, 8–10 
hours, 10–12 hours, more than 12 hours1 (Table 1). A Mid-Point Rule may be used to 

designate the timing of smoking when there is no other available evidence to suggest that 

smoking may have occurred at a different time. Consider a scenario in which a participant 

received an EMA at 8:00 am and 6:00 pm on a single day. First, suppose that at 6:00 

pm, the participant reported smoking 1 cigarette ‘0-2 hours ago’ (i.e., between 4:00 and 

6:00 pm). Investigators may designate the timing of that cigarette to be at the mid-point 

of the two-hour interval that the participant reported smoking (i.e., 5:00 pm). On the other 

hand, if the participant reported at 6:00 pm that they smoked 2 cigarettes since the last 

assessment, and the first was ‘4–6 hours ago’ (i.e., between 12:00 pm – 2:00 pm) and the 

most recent was ‘0–2 hours ago’ (i.e., between 4:00 pm – 6:00 pm), investigators may 

designate the time of the first and most recent cigarette to be at the mid-point of the first and 

most recent two-hour intervals reported (i.e., 1:00 pm and 5:00 pm, respectively). Finally, 

if the participant reported at 6:00 pm that they smoked more than 2 cigarettes since the 

last assessment, then the remaining cigarettes (other than the first and most recent) may be 

evenly distributed between the mid-points of the first and most recent two-hour intervals 

reported. For example, if the first cigarette was reported to have been smoked ‘4–6 hours 

ago’ (i.e., between 12:00 – 2:00 pm) and the most recent cigarette was reported to have been 

smoked ‘0–2 hours ago’ (i.e., between 4:00 – 6:00 pm), the three cigarettes are taken to 

have occurred at 1:00 pm, 3:00 pm, and 5:00 pm. Our rule designates 3:00 pm as the time 

when the second of the three cigarettes was smoked because 3:00 pm is at the mid-point 

of 1:00 pm and 5:00 pm. Figure 3 Panel A displays how the timing of cigarettes would 

be designated for each of the scenarios above. A decision rule that considers EMA data 

1In practice, investigators might consider what thresholds to designate the earliest possible cigarette time when “more than 12 hours” 
is selected by the participant (e.g., a longer interval such as ‘12-24 hours,’ a shorter interval such as “12–14 hours,” or an interval 
bounded by the most recent EMA prior to the current EMA).
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to designate timing of cigarette smoking is displayed in Table 2, Example 5. However, as 

we discuss below, a more complex decision rule can be specified by considering available 

information about the individual’s smoking patterns.

Example 6 focuses on incorporating additional information about dynamic factors that may 

influence cigarette smoking. For example, given prior research suggesting that proximity to 

tobacco retail outlets may serve as a contextual cue to smoke by increasing urge to smoke, 

information on a participant’s location coinciding with the time period between EMAs may 

be used to supply information on the time of day when the participant could have smoked 

(Watkins et al., 2014). Consider a scenario where a participant received an EMA at 6:00 

pm and reported that they smoked 3 cigarettes since the previous EMA, which occurred at 

11:30 pm on the prior day. They reported that the first cigarette was smoked ‘10–12 hours 

ago’ (i.e., between 6:00 am – 8:00 am) and that the most recent cigarette was smoked ‘0–2 

hours ago’ (i.e., between 4:00 pm – 6:00 pm). A Mid-Point Rule would lead to designating 

7:00 am, 12:00 pm, and 5:00 pm as times for each cigarette. However, suppose that that 

GPS data revealed that the participant was within 1 mile of a tobacco retail outlet between 

10:00 am – 11:00 am and 2:00 pm – 3:00 pm. Investigators might leverage time-granular 

information on proximity to a tobacco retail outlet to supplement information reported in 

EMA. For example, cigarette times could be evenly distributed between the time frame 

when the participant was first within close proximity (e.g., within 1 mile of a tobacco outlet) 

and the time when they were no longer within close proximity to a tobacco retail outlet 

(e.g., more than 1 mile away from a tobacco outlet). In this example, the designated cigarette 

times would be 10:00 am, 12:30 pm, and 3:00 pm (see Figure 3, Panel B). We designated 

12:30 pm as the time when the second of the three cigarettes were smoked because 12:30 

pm is at the mid-point of 10:00 am and 3:00 pm. A decision rule that could be used to 

consider EMA and GPS data to designate timing of cigarettes smoked is displayed in Table 

2, Example 6.

Example 7 focuses on a scenario where EMA and detection algorithm data are available. 

Suppose that a participant completed 3 EMAs in one day at 7:00 am, 12:00 pm, and 1:45 

pm. Suppose that in the EMA at 1:45 pm, the participant reported smoking 0 cigarettes 

since the last assessment, yet the detection algorithm indicated that smoking occurred at 

12:30 pm. Further, suppose that in the EMA at 12:00 pm, the participant reported smoking 

1 cigarette ‘0–2 hours ago’ (i.e., between 10:00 am and 12:00 pm), yet the detection 

algorithm indicated that a cigarette was smoked at 9:00 am. In this scenario, there is 

incoherence between the detection algorithm and the EMA. Without additional information, 

it remains unclear how investigators might devise a decision rule to reconcile incoherent 

information across data sources. One approach to reconcile incoherent information is to 

consider existing knowledge about the precision of each data source. For example, empirical 

evidence suggests that the detection algorithm attains a minimal false positive rate of 

cigarette smoking of 1/6 per day (Nakajima et al., 2020; Saleheen et al., 2015). On the other 

hand, prior evidence (Shiffman et al., 1997) suggests increased imprecision in self-reported 

information when individuals are asked to recall occurrences of smoking that occurred more 

distally compared to more proximally. As such, investigators might weigh the validity of 

information on cigarette smoking obtained via the detection algorithm versus self-reported 
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in EMA depending on the time between EMAs. In Example 7, the participant is being asked 

to recall smoking between 7:00 am and 12:00 pm (a 5-hour time frame) and between 12:00 

pm and 1:45 pm (a 1 hour and 45-minute time frame). One possibility is that investigators 

might weigh the validity of the detection algorithm as greater than self-report when there 

was a 5-hour time frame between EMAs, and thus designate cigarette time to be 9:00 am 

only (Figure 3 panel C). A decision rule that considers EMA data and detection algorithm 

data to designate timing of cigarettes smoked is displayed in Table 2, Example 7.

Example 8 focuses on a scenario when information from the detection algorithm and 

measurements of data quality of data collected from sensors are available. Integration 

of these data may increase our confidence in the information supplied by the detection 

algorithm. Suppose the detection algorithm detected that a cigarette was smoked at 6:00 

am only. Suppose also that data quality was high between 5:00am and 7:45am, that data 

quality was low between 7:46 am and 12:00 pm, and that data quality was high between 

12:01 pm and 6:30 pm (note that when data quality is low, the detection algorithm would 

not produce a label output, as if the detection algorithm was ‘paused’). Investigators may 

then be more confident that a cigarette was likely to have been smoked at 6:00 am, and that 

no cigarettes were likely to have been smoked between 5:00 am to 5:59 am, between 6:01 

am to 7:45 am, or between 12:01 pm and 6:30 pm (i.e., other times with high data quality 

but no cigarettes were detected). Further, without any additional information (e.g., from 

EMA) investigators cannot ascertain whether or not any smoking occurred when data quality 

was low (i.e., between 7:46 am – 12 : 00 pm; Figure 3, panel D). As shown in subsequent 

examples, additional available data sources (e.g., from EMA) could be integrated with data 

quality and detection algorithm data to improve our confidence in the designated smoking 

times. A decision rule that considers data quality and detection algorithm data is displayed in 

Table 2, Example 8

Example 9 builds upon prior concepts and considers a scenario when an investigator might 

wish to integrate three or more data sources (e.g., EMA, detection algorithm, and data 

quality). Suppose a participant answered EMAs at 4:00 am, 10:00 am, and 8:00 pm; further, 

they reported smoking 2 and 5 cigarettes ‘since the last assessment’ via the 10:00 am and 

8:00 pm EMAs, respectively. Further, suppose that data quality was low between 4:00 am 

and 10:00 am, but high between 10:01 am and 8:00 pm. A decision rule that considers 

EMA data, detection algorithm data, and data quality is displayed in Table 2, Example 9. 

Figure 3, Panel E displays the result of applying this rule to the scenario we described in 

the current example (Example 9). The rule builds on the line of reasoning in Example 8 

by solely relying on EMA data when data quality is low. On the other hand, this rule also 

builds on the line of reasoning in prior examples during times when data quality is high, 

by (1) considering how investigators may distribute cigarettes differently depending on the 

time between EMAs (e.g., greater or less than 4 hours); and additionally (2) considering 

whether there were any detected smoking times before the mid-point of the two-hour 

interval reported for the first cigarette or after the mid-point of the two-hour interval for 

the most recent cigarette. Importantly, Example 9 illustrates that rather than removing 

measurements when there is conflicting information from any given source, integrating 

information from multiple data sources may improve the precision of the measurement of 
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a construct of interest (in this case, cigarette smoking). This is critical for understanding 

dynamic mechanisms of change and under what conditions an individual may be vulnerable 

to smoking and require intervention.

5. Discussion

mHealth studies increasingly utilize multiple types of mobile and sensing technology to 

collect rich and granular ILD from the same individual over time. This data is vital for 

gaining a better understanding of how behavior change processes as they unfold in real-time, 

real-world settings, and plays a key role in the development of JITAIs. However, resource 

constraints (e.g., even state-of-the-art sensors can yield noisy data) and practical hurdles 

(e.g., participant burden) present challenges for using study designs that leverage the use 

of multiple data sources to measure constructs of interest. As our examples show, these 

considerations go beyond the important issue of missing data (e.g., due to participant non-

compliance), to the equally important issues of coarseness, noise, and incoherence among 

data sources. In this way, the case study and examples herein fill a critical gap in the 

literature by illustrating how challenges can arise in real studies, and by offering decision 

rules as a practical starting point that investigators may consider when integrating multiple 

sources of ILD from mHealth studies. Filling this gap is a foundational first step towards 

measuring constructs at the level of granularity required to inform dynamic theories of 

behavior change and to construct interventions that adapt to an individual’s changing needs 

and context (Collins, 2006; Collins & Graham, 2002; Riley et al., 2015). Indeed, “a major 

gap that hinders the development of efficacious JITAIs lies in the static nature of existing 

behavioral and intervention theories and the lack of temporal specificity of theories that are 

more dynamic in nature” (Nahum-Shani et al., 2018).

The case study described in this manuscript illustrates the use of decision rules to combine 

information on the same individual obtained from multiple data sources. However, the 

choice of a final rule requires tapping into expertise from a broad range of disciplines 

beyond the social, behavioral, and health sciences (e.g., data science, computer science) and 

gathering consensus among such diverse disciplines. While this process can be challenging 

and time consuming, it has the potential to improve the reliability and validity of the 

constructs of interest, particular when data sources complement each other (i.e., when one 

data source may supply information not present in another source). To improve scientific 

rigor, investigators may consider using sensitivity testing to explore the robustness of 

conclusions drawn from the pre-specified data analytic plan, had another decision rule 

been invoked instead. For instance, investigators could imagine invoking alternative decision 

rules that are incrementally more “extreme” (or less “extreme”) in one direction up to 

a point when the conclusion of the initial data analysis is overturned, which is akin to 

the delta adjustment method in missing data literature (Mallinckrodt et al., 2013). As a 

concrete sketch, in Example 5, investigators may opt to conduct sensitivity testing to test 

the robustness of results across designated smoking times using a decision rule implying 

that (i) cigarettes smoked are clustered around one particular point in time (i.e., one large 

cluster only); (ii) some cigarettes smoked are clustered around an earlier time while the 

remaining cigarettes clustered around a later time (i.e., two moderately sized clusters); (iii) 

cigarettes smoked were evenly distributed (i.e., many small clusters). Each of these could 
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be viewed as alternative but plausible scenarios wherein the robustness of initial results 

could be tested. The specific scenario(s) in which results of sensitivity testing disagree with 

the results of the main analysis could prompt further inquiry and motivate future research. 

To promote rigor and transparency, developing and disseminating documentation to capture 

these decision rules and their underlying assumptions should also be an integral part of the 

scientific process (Nahum-Shani et al., 2021; Yap, 2019). Indeed, “good documentation is 

paramount to effective data use” and enables reproducibility within the scientific community 

(Vardigan et al., 2008).

This manuscript focused on how investigators can leverage ILD from existing studies, 

particularly within the mHealth setting. However, the principles illustrated can be applied to 

the design of new ILD studies, such that they have applications for any study investigating 

dynamic mechanisms of change, especially those utilizing a digital data collection protocol 

involving multiple sources of information. Additionally, the examples in this case study, 

which illustrate issues relating to noise, coarseness, and incoherence between data sources 

in ILD studies, can be used to guide the development of study designs and procedures 

to minimize these challenges. For example, investigators may design studies that make it 

possible for participants to corroborate information collected via sensors (see (Toscos et al., 

2020). Even though these features introduce new challenges beyond those presented here, 

investigators may still build upon principles presented herein to inform the design of new 

studies.

Finally, when investigators wish to integrate a larger number of data sources, devising 

decision rules to account for every possible challenge relating to coarseness, noise, and 

incoherence among data sources may be infeasible. Investigators may need to develop 

multivariate models to impute the value of the desired construct at the time-scale required to 

answer their pre-specified scientific questions; as noted earlier, this approach is conceptually 

analogous to existing work on integrating cross-sectional data from multiple data sources 

(He et al., 2014; Lohr & Raghunathan, 2017; Schenker & Raghunathan, 2007; Schenker et 

al., 2010; Schifeling et al., 2019). Extending these approaches to accommodate ILD is an 

important direction for future research.
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Figure 1. 
Participant ILD collection period in the Break Free study
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Figure 2. 
Examples illustrating practical issues to consider in ILD integration
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Figure 3. 
Examples of working to integrate ILD in the presents of coarse, noisy, and incoherent data 

sources
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