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field-detected increases in negative affect precede smoking lapses 
(Minami et al., 2011; Shiffman and Waters, 2004). Stress queries using 
EMAs predicted smoking within 4 h of a lapse, particularly in combi
nation with other risk factors (Businelle et al., 2016b), and stress-related 
EMAs can be used to trigger tailored interventions (Businelle et al., 
2016a). 

Creating a system to index stress that does not rely solely on self- 
report requires access to psychophysiological signals. Cardiovascular 
indices of stress are well characterized (al’Absi et al., 1997; Hellhammer 
et al., 2009). Cardiovascular responses to stress differ between chronic 
smokers and nonsmokers (al’Absi et al., 2013; al’Absi et al., 2003; Childs 
and de Wit, 2009; Girdler et al., 1997; Roy et al., 1994; Tsuda et al., 
1996). For example, chronic smokers show blunted cardiovascular stress 
responses relative to nonsmokers (Wiggert et al., 2016), though in 
moderate to heavy smokers at rest, HR is higher than nonsmokers 
(Cagirci et al., 2009; Yuksel et al., 2016). Following cessation, resting 
HR decreases for successful abstainers (Harte and Meston, 2014; Stein 
et al., 1996; Yotsukura et al., 1998). In a study using ambulatory 
monitoring devices in the natural environment, HR was associated with 
cocaine use (Kennedy et al., 2015). This has not been directly tested with 
tobacco use. 

In this study, we used AutoSense, a wearable system that collects 
multiple measures, including electrocardiography, respiration, galvanic 
skin conductance, skin and ambient temperatures, and 3-axis acceler
ometer motion sensing ((Ertin et al., 2011). When combined with a 
smartphone hosting accompanying software (called mCerebrum; see 
https://mhealth.md2k.org/), the sensors in AutoSense allow for two-way 
communication between the wearer and the system for EMA delivery 
and recording. Further, the computing power of the smartphone and 
proprietary software allows recording and processing of the incoming 
data. AutoSense has been used in over 25 published analyses of mobile 
sensor data, including smoking (Ali et al., 2012; Saleheen et al., 2015) 
and physiological activity related to stress (Hovsepian et al., 2015; 
Plarre et al., 2011; Sarker et al., 2016). cStress is a computational stress 
model that is calculated based on physiological and subjective data 
collected by AutoSense. cStress has been field-tested in three studies that 
show very promising initial results. In a recent validation trial of cStress, 
recall was 89%, false positives were 5%, and the accuracy was 72% 
when compared with self-reports (Hovsepian et al., 2015). PuffMarker is 
a computational model to detect cigarette smoking behavior from 
AutoSense and wrist sensors that are used to track arm movements. Using 
only respiration patterns and arm movements from 6-axis inertial sen
sors to distinguish smoking from walking or eating, puffMarker dem
onstrates 96.9% accuracy and 1.1% false positives (Saleheen et al., 
2015). These works establish feasibility and reliability of obtaining the 
markers of stress and smoking from wearable sensors. 

The purpose of this study was to examine the relationship between 
stress and smoking lapse in the field environment at the actual, precise 
time of lapse. Whether stress, as indexed by cStress, is associated with 
smoking lapse as indexed by puffMarker, has not been directly tested in 
the field. Based on the relevant literature, we hypothesized that greater 
levels of stress would lead to a lapse. We also anticipated that an increase 
in cardiovascular activity (i.e., heart rate) would signal an impending 
smoking lapse. Another purpose was to replicate the feasibility of puff
Marker with additional sample to the previous report (Saleheen et al., 
2015). We expected that those who were classified as lapsers would have 
greater levels of tobacco exposure (as assessed by carbon monoxide; CO) 
than those who were classified as abstainers. In addition, in light of the 
literature showing associations between stress, craving, and relapse 
(al’Absi et al., 2005; Morrell et al., 2008), we explored the relationship 
between cStress and self-reported craving. 

2. Methods 

2.1. Overview of the study design 

This study included multiple laboratory visits. They were: 1) on-site 
medical screening; 2) pre-quit field session (wearing AutoSense for 24 h 
while particpants smoked on their own pace); 3) quit field session 
(wearing AutoSense during the first 72 h of smoking cessation); 4) post- 
cessation visit. 

2.2. Participants 

Participants initiated contact with study staff as instructed by 
recruitment flyers placed around the University of Minnesota on the 
Duluth and Minneapolis campuses and by postings on social media or 
online classifieds (Craigslist). A preliminary phone screening was fol
lowed by an on-site medical screening to assess eligibility. Recruited 
smokers were accepted if they had a strong desire to quit (≥ 4 on a 5 
point scale), smoked a minimum of 5 or more cigarettes per day, re
ported no current nor prior history of significant medical or psychiatric 
care, drank <2 alcoholic beverages per day, and had normal sleep pat
terns (no shift work, bed between 9:00 PM and 12:00 AM and awake 
between 6:00 AM and 8:00 AM). Pregnant women and those with cur
rent medical or psychiatric care were excluded. The Institutional Review 
Board of the University of Minnesota approved of, and provided over
sight for, the consent forms signed by all participants. Although 76 
chronic smokers completed data collection, puffMarker lapse was not 
available for 10 participants due to lapses that occurred after the final 
AutoSense wear period but before the final lab visit. Given this, data are 
presented for the 66 participants with both puffMarker lapse and EMA 
recordings from the AutoSense system. The average age of this sample 
was 37.6 years (SD = 12.2). They had a BMI of 29.6 (SD = 8.9) and 
completed 13.5 years of education (SD = 1.9). Approximately half (n =
32; 49%) of the sample was women. They smoked an average of 15.3 
cigarettes per day at baseline (SD = 7.2). The mean score on the 
Fagerström Test for Nicotine Dependence (FTND; Heatherton et al., 
1991) was 4.0 (SD = 2.2), suggesting that these smokers were moder
ately dependent on nicotine. 

2.3. Measures 

2.3.1. Self-report and physiological measures in the field using AutoSense 
All participants were carefully instructed on the wear and use of 

AutoSense. The system includes a chest band, fit with a strain gauge, for 
measurement of respiration, a two-lead electrocardiogram (ECG), and a 
3-axis accelerometer. Two inertial sensors, in the form of wrist-bands, 
with 3-axis accelerometer and 3-axis gyroscope were also worn on 
each wrist. Signals from the 3-accelerometer placed on the chest were 
used to screen high physical activity. That is, if the majority of ten- 
second window inside the minute was classified as moderate-to-high 
activity, that entire minute was labeled as physical activity and 
removed from the analysis (Hovsepian et al., 2015). We adapted 
methods that focused on threshold-based approach to detect physical 
movement (Rahman et al., 2014). As a result, we limited the application 
of cStress to data with no or low physical activity intervals. ECG was 
sampled at 128 HZ and Respiration was sampled at 21.3 HZ (Hovsepian 
et al., 2015). R-R intervals (interbeat interval) were extracted from ECG 
and respiration cycles were extracted from respiration measurements. 
These were then used to compute 51 features from 1 min worth of 
measurements. Features computed from ECG signals included: mean R-R 
interval, 80th percentile of R-R intervals, variance of R-R intervals, 
quartile deviation, low frequency power (LF: 0.1–0.2 Hz), medium fre
quency power (MF: 0.2–0.3 Hz), high frequency power (HF: 0.3–0.4 Hz), 
and HF:LF ratio. Respiration-related features included: breath rate; 
mean inspiration: expiration (IE) ratio; median IE ratio; median stretch; 
and inspiration minute volume (Hovsepian et al., 2015). We used three 
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steps to retain valid signals (e.g., each minute of data was examined for 
ECG data that retained standard characteristic morphologies, automated 
detection of R peaks of the QRS complex, and normalization of the R-R 
intervals to remove any components due to subject or session (Hovse
pian et al., 2015). We conducted a laboratory study administering 
validated stress tasks to collect data on the ‘ground-truth’ of stress 
response (Hovsepian et al., 2015). Participants wore Autosense device 
for continuous measurement of physiological and subjective measures 
throughout the study. A standardized lab stress protocol with clear onset 
of stressors enabled to create a fine-tuned model of physiological stress 
response (Hovsepian et al., 2015). Selected discriminative features were 
then used to train a machine learning model to produce stress likelihood 
in each minute of data. These features were used to develop the cStress 
algorithm that was used to compute cStress scores for each participant. 

Each participant was given a smart phone that continuously received 
and recorded sensor data from AutoSense. It was also used for prompting 
self-report assessments using EMAs (see below). Technical details of the 
system, algorithm development, and validation for cStress and puff
Marker can be found elsewhere (Ertin et al., 2011; Hovsepian et al., 
2015; Saleheen et al., 2015). Briefly, raw data were streamed from the 
AutoSense sensors to the smartphone and stored for later uploading. The 
data were then culled for missing or incomplete signal epochs and the 
cStress and puffMarker algorithms were applied to produce minute-to- 
minute output values. cStress uses ECG and respiration measurements, 
described above, when not confounded by significant physical activity 
(detected by accelerometers in AutoSense chest band). Data classified as 
physical activity were removed in light of previous studies reporting 
potential confounding effects of physical activity on the link between 
cardiovascular measures and stress (Kamarck et al. 2012). puffMarker 
uses respiration features (described above) collected from the AutoSense 
chest band and hand-to-mouth movements captured via 6-axis inertial 
sensors (3-axis accelerometers and 3-axis gyroscopes) worn on wrists 
(Saleheen et al., 2015). Outputs included a binomial variable for puff
Marker (smoking detected yes/no; Saleheen et al., 2015) and the prob
ability (p) that the minute represents a stressed response for cStress; 
probability range of 0–100. The puffMarker classifier of individual puffs 
on lab data has been shown to have excellent cross-validation with 
96.9% accuracy in the recall rate and a false positive rate of 1.1% 
(Saleheen et al., 2015). From the output of this puff detection model, a 
smoking lapse event was identified if four or more puffs are detected in 
close proximity. 

Self-report assessments using EMAs, installed on the smart phone 
first asked whether participants were available for responding to ques
tions or whether they preferred a delay (e.g., due to driving). Twelve 
random prompts were sent daily to record recent smoking with the 
question “How many cigarettes have you had since the last prompt?”. A 
zero response was classified as no smoking and responses with one or 
higher were classified as smoking. These prompts also included mood 
items related to positive affect and distress (items were adapted from 
Lundberg and Frankenhaeuser, 1980) as well as withdrawal symptoms 
and craving (Minnesota Withdrawal Scale (MNWS); Hughes and Hat
sukami, 1986). Other questions asked contextual information and cur
rent behavior (not reported here). The phone also logged user response 
patterns, such as the number of EMAs that were completed but delayed 
and the amount of time required to complete an EMA. 

2.3.2. Self-report measures collected in the laboratory (baseline measures) 
Questionnaires regarding demographics (sex, age, and education), 

history of smoking, drug and alcohol use, and caffeine consumption 
were collected at a pre-cessation on-site medical screening session. 
Smoking history included age at smoking onset, average cigarettes per 
day, and years smoking at the current rate. Severity of smoking de
pendency was assessed using the FTND (Heatherton et al., 1991). 
Expired carbon monoxide (CO) was measured using Bedfont Micro+
monitors (coVita, Haddonfield, NJ). A questionnaire to assess each 
user’s personal experience with the AutoSense device was also 

administered. This form included statements about participants’ expe
rience during data collection (e.g.,“It was easy to enter my response 
today”), phone usage (e.g., “The phone interfered with my social in
teractions”), and chest band usage (e.g., “The chest band caused physical 
discomfort today.”). Participants responded with one of four options: 
Strongly agree, Agree, Disagree, and Strongly Disagree. 

2.4. Procedures 

The pre-quit and quit lab visits began between noon and 1:00 PM to 
control for diurnal variability. The first day of pre- and quit labs con
sisted of reviews of smoking history, study procedures, and training for 
use of AutoSense. Participants left that afternoon with instructions on 
using the system, including EMA prompt responses, and they were 
required to wear the AutoSense system until bedtime, when AutoSense 
was removed and recharged overnight. The next morning, the system 
was put on immediately upon waking and worn until they returned to 
the lab later that day. During the pre-quit field session, participants were 
able to smoke at their own pace. After the pre-quit session, participants 
set a quit day and agreed that the start of their 72-h abstinence was to 
begin when they came to their lab visit on their quit date. There were 
approximately two weeks between the pre-quit and the second (post- 
quit) sessions; and participants were allowed to smoke ad libitum during 
this interim period. For the next 72 h following that second visit, the 
participants were encouraged to remain abstinent and they returned to 
the laboratory each day for psychosocial support and to assess potential 
problems with the use of AutoSense. Smoking lapse was reviewed at each 
visit and lapsers were encouraged to re-start their abstinence. Self- 
reported measures and CO samples collected in post-quit visits were 
used to determine smoking abstinence. On the final day of the 72-h 
period, AutoSense was returned to the laboratory, participants were 
debriefed, and they were compensated for their time and effort. 

2.5. Data reduction and analysis 

2.5.1. Signal processing & algorithm calculation 
The first smoking episode (lapse) was unobtrusively identified using 

the puffMarker algorithm. Given that the puffMarker designation used 
here was restricted to the first lapse, we avoid the term “relapse” due to 
its very specific clinical definitions and meaning (Hughes et al., 2003) 
that are not captured in this analysis of the first lapse. Consistent with 
our previous procedures (Hovsepian et al., 2015), we retained for 
analysis only those minutes throughout recording that had no missing 
nor distorted signals and no evidence of high physical activity (e.g. ex
ercise), as measured by the magnitude of accelerometers in AutoSense 
worn around the chest. From the total time of acceptable recordings, the 
raw probability that each a minute represented a stress state (range 
0–100) was computed for each participant. In addition, AutoSense 
recorded HR per minute over the entire recording period using raw ECG 
waveforms. 

2.5.2. Assessing baseline smoking measures as a function of lapse 
classification by puffMarker 

For descriptive purposes, the puffMarker assigned lapse groups were 
compared using t-test on smoking variables (FTND, cigarettes per day, 
CO) to characterize these smokers. In all cases, omnibus tests of signif
icance were set at p < .05. 

2.5.3. Assessing changes in subjective mood and withdrawal symptoms 
(EMA) as a function of lapse classification by puffMarker 

All continuous variables were assessed for normality and log- 
transformed as needed prior to analysis. We used MANOVA models to 
assess positive affect, distress, withdrawal symptoms, and craving from 
the EMAs across time. Grouping variables included assessment of puff
Marker lapse status (abstain/lapse) and sex (male/female). 
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