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Abstract

Background and aims: Transdermal alcohol content (TAC) data collected by wearable alcohol
monitors could potentially contribute to alcohol research, but raw data from the devices are
challenging to interpret. We aimed to develop and validate a model using TAC data to detect
alcohol drinking.

Design: Model development and validation
Setting: Indiana, USA

Participants: In March-April 2021, we enrolled 84 college students who reported drinking at
least once a week (Median age=20 years, 73% white, 70% female). We observed participants’
alcohol drinking behavior for one week.

Measurements: Participants wore BACtrack® Skyn monitors (TAC data), provided self-reported
drinking start times in real-time (smartphone app), and completed daily surveys about their

prior day of drinking. We developed a model using signal filtering, peak detection algorithm,
regression, and hyperparameter optimization. The input was TAC and outputs were alcohol
drinking frequency, start time, and magnitude. We validated the model using daily surveys
(internal validation) and data collected from college students in 2019 (external validation).
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Findings: Participants (N=84) self-reported 213 drinking events. Monitors collected 10,915
hours of TAC. In internal validation, the model had a sensitivity of 70.9% (95% confidence
interval 64.1%-77.0%) and a specificity of 73.9% (68.9%—78.5%) in detecting drinking events.
The median absolute time difference between self-reported and model detected drinking start
times was 59 minutes. Mean absolute error (MAE) for the reported and detected number of drinks
was 2.8 drinks. In an exploratory external validation among five participants, number of drinking
events, sensitivity, specificity, median time difference, and MAE were 15, 67%, 100%, 45 minutes,
and 0.9 drinks, respectively. Our model’s output was correlated with breath alcohol concentration
data [Spearman’s correlation (95% confidence interval): 0.88 (0.77, 0.94)].

Conclusion: This study, the largest of its kind to date, developed and validated a model for
detecting alcohol drinking using transdermal alcohol content data collected with a new generation
of alcohol monitors. The model and its source code are available as supplementary materials.

INTRODUCTION

Background

In young adults, alcohol use is a preventable risk factor for all-cause deaths (1). For years,
compared to non-college-attending peers, college students report more frequently engaging
in excessive alcohol drinking (2, 3). In 2017, about 54% of American full-time college
students aged 18-22 years reported past-month drinking, 35% reported binge drinking, and
10% reported heavy drinking (4). Each of these rates are higher than those of non-college-
attending-peers (4, 5). Alcohol use is linked to multiple problematic outcomes in the US,
including 1,519 unintentional injury deaths (6), 696,000 assaults, and 97,000 sexual assaults
(7) each year. Further, excessive alcohol use can cause many clinical disorders such as liver
disease, diseases of the central nervous system, and cancer (8).

To study alcohol use among this high-risk population, it is important to have accurate data.
However, traditional approaches of alcohol use data collection are imperfect, especially
because they cannot easily facilitate continuous measurement. Common tools for collecting
alcohol use data include self-report and breathalyzers (9). Both these measurement tools are
considered reliable and are widely used in alcohol research. However, self-reports, while
often cost-effective and useful for large scale prevalence studies, are also prone to recall
bias, social desirability bias, and other types of measurement errors that might influence
validity (10). Breathalyzers theoretically produce more objective data, but mouth alcohol
and shallow breaths may cause inaccurate data (11). Further, breathalyzers cannot be used
to produce continuous data due to their active data collection demands (11). A plausible
alternative to both approaches is measurement of transdermal alcohol concentration (TAC)
to collect objective and continuous alcohol use data passively and unobtrusively. However,
devices to measure TAC remain nascent and need validation. In particular, they need to be
validated against current commonly used measurement tools.

After each drink, around 1% of ingested alcohol is excreted through the skin and sweat
glands (12). This can be measured as TAC and is hypothesized to correspond to blood
alcohol content (BAC). While early TAC sensors were large and sometimes obtrusive
(13), newer, small, wearable alcohol monitors have been designed to be worn on the wrist
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and can potentially collect reliable continuous data for research purposes and for personal
feedback (13, 14). Wearable devices that detect TAC allow passive, objective, real-time, and
continuous measurement of alcohol use (9, 15). Because the data are collected passively and
objectively, measurement errors originating from participants (e.g., recall bias or missing
data) are theoretically removed or minimized (16). Other potential advantages of such
devices include compliance, comfort, high acceptability, and power efficiency (13). Yet,
these wrist-worn alcohol monitors have a limited history of application in the real world,
and even fewer instances of use among college student populations at high risk for extreme
drinking events. Moreover, the TAC data they collect is in the form of a timeseries signal
with “noise,” by which we mean unwanted fluctuations and disturbances in TAC signal that
do not correspond to a change in drinking status (Figure S1). Noise might be present in the
signal, for instance, when individuals wear perfumes or use hand sanitizers. Hence, TAC
data cannot readily be translated to commonly used alcohol use measures, such as alcohol
use frequency and magnitude, using currently available approaches. Validation research and
development of generalizable data processing procedures and models that can translate TAC
data are needed.

Further hindering the transition to broader use of next-generation TAC monitors, nearly

all TAC monitor validation studies have been conducted in laboratory settings using older
monitors (i.e., SCRAM) which collect quasi-continuous data or suffer from high failure rates
(17-20). TAC data produced by the new generation of wearable alcohol monitors is different
in dimension from that produced by older devices. Models and rules developed for older
devices are not applicable to the newer ones. While a small number of validation studies
have been conducted using newer wrist-worn alcohol monitors, those studies were mainly
conducted using early prototypes and in laboratory settings (13, 21), with fewer studies
conducted in the field (22). Two recent studies have developed models for finding drinking
start time (23) and breath alcohol concentration (BrAC) (24) based on TAC data produced
by newer devices. Both models are yet to be validated for use with TAC data collected in

the field and among general populations, such as college students, though one pilot field
validation study found promising results for the latter model (22).

No model has been developed and validated to simultaneously capture drinking frequency,
start time, and magnitude using TAC data collected with newer devices. Model development
and validation studies on new wearable alcohol monitors in naturalistic drinking
environments and among college students are required before researchers can reliably use
these devices to better understand alcohol use in and develop alcohol interventions for
college students (13, 21, 22), especially those who have high-risk drinking patterns (4, 6).

We aimed to 1) develop a model that uses TAC data produced by the new generation of
wearable alcohol monitors to detect alcohol drinking event start time, drinking frequency,
and drinking magnitude, and to 2) evaluate the performance of this model relative to
established alcohol use data collection tools.
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We followed relevant items from the STARD (25, 26) and TRIPOD (27, 28) guidelines when
reporting our findings. The protocol for this study was approved by the Indiana University
Bloomington (IUB) institutional review board (Protocol #2012949660). Participants
provided electronic consent before participating in the study.

Study design

Participants

The study was conducted on the IUB campus, a large Big Ten state school in Monroe
County, Indiana, with more than 33,000 undergraduate students. In this model development
and validation study, we used a weeklong longitudinal prospective study design to collect
alcohol use data.

Inclusion criteria were aged 18 years or older, enrollment in IUB courses in Spring 2021,
living in Monroe County, IN, self-reported alcohol consumption at least once a week, and
good general health. Additionally, because the study’s alcohol sensors connected only to

iPhones, non-iPhone users were excluded during recruitment.

Sampling: We used two sampling techniques; 1) one-stage random cluster sampling
where clusters were IUB Spring 2021 classes and 2) a network sampling technique known
as acquaintance sampling (sampling the friends of randomly selected individuals) (29).
Potential participants were contacted via email. Owing to complexity, sampling is fully
described in supplemental materials (see Sampling in Supplement Material).

Study procedures

In an online survey (REDCap), participants provided electronic informed consent, filled out
a baseline survey about demographics and alcohol use history, and scheduled a baseline
visit. Baseline visits took place on the IUB campus in March-April 2021. Participants

used four tools to collect alcohol use data: wearable alcohol monitors, daily surveys,

an ecological momentary assessment (EMA) methodology, and breathalyzers (Figure 1).
Participants learned about study procedures in a baseline visit. We asked participants to
wear their alcohol monitors most of the time and only take them off/turn them off when
showering or charging the device. To efficiently use our alcohol monitor supply, we divided
participants into three groups and collected data in three consecutive weeks, one week of
data collection per group.

Wearable alcohol monitor

We used BACtrack® Skyn (firmware version 2.0.8) to collect TAC data (30). Skyn was
the first-prize winner of National Institute on Alcohol Abuse and Alcoholism (NIAAA)
Wearable Alcohol Biosensor Challenge in 2016 (31). Skyn is an alcohol monitor with
sensors that collect TAC data in near real-time. The TAC data are indexed in time order
and are stored in secure HIPAA-compliant servers. The device is worn on the wrist with
the sensor on the palm side and connects to an iOS companion app on the user’s iPhone
via Bluetooth. This allows for the wireless transfer of the data from the monitor to the
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servers. Skyn collects one TAC [unit= pg/L(air)] data point every 20 seconds. The data can
be downloaded from the server as a CSV file. We sent prompts to participants to sync and
transfer the TAC data every two days and charge the devices whenever necessary.

Reference standard tests

Covariates

We evaluated the accuracy of TAC data collected with Skyn relative to the data collected
with three separate tools, some of which are arguably the reference standard tests (i.e., the
best available method) in the field (26): daily surveys, an EMA methodology developed
specifically for the current study, and breathalyzers.

Daily Survey—Every day at noon, participants completed an online survey about their
previous day’s drinking, drinking start time, and number of standard drinks consumed
(Figure S2). A standard drink was defined as a drink that contains 14 grams (0.6 fluid
ounces) of alcohol (32). A picture of common standard drinks was included in the daily
survey. To improve the response rate, we sent SMS reminders to non-responders throughout
the day. The validity and reliability of alcohol use data collected in daily surveys have been
established (33, 34), with caveats (as described in the Background) that are mitigated by the
triangulation of reference data collection.

EMA methodology—The EMA methodology was a timesheet survey created on REDCap
(35, 36) to collect real-time drinking start times (37). Each participant worked with the
research team to set up the survey so that the bookmark looked like an app on participants’
phone Home screen. Opening the app revealed a “Now” button that recorded the current
timestamp when pressed. Just before drinking every new alcoholic beverage, participants
opened the app and clicked on the “Now” button to capture the drinking start time for that
beverage. In an internal validation study, this EMA approach performed well relative to both
retrospective self-reports and BrAC data (37). Every timestamp in the EMA app dataset
indicated consumption of one standard drink. Timestamps within 5 hours of each other were
coded as one drinking event and the earliest one of these timestamps was coded as the
drinking event start time.

Breathalyzers—To assess the recall bias of self-reports in our study, we collected
objective BrAC data from a random subsample of 25 participants. This random sample
was selected using the Pandas package in Python; the breathalyzer was given to the next
participant if the randomly selected individual missed their baseline visit appointment. We
used smart, portable BACtrack® C6™ keychain breathalyzers that estimate BrAC level
through exhaled breath and used an iPhone app to store the BrAC readings on the user’s
phone via Bluetooth. We asked participants to record their BrAC readings four times
following their last drink and/or meal, once every 20-30 minutes. The maximum value
among these readings was coded as the event BrAC level.

In the baseline survey, we collected data on sex at birth (female/male), age (18 to =21
years), race (white/other), residence (off-campus/on-campus), year in school (15t to 4t and
5t), Greek membership (yes/no), annual income (2$25,000 vs. <$25,000), and alcohol
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use history (frequency, magnitude, estimated BrAC level after a typical night of drinking).
We used the validated self-report version of USAUDIT questionnaire to measure high-risk
alcohol drinking at baseline (38—40). Higher USAUDIT scores show higher risk. We used a
USAUDIT score of 7 for female and 8 for male participants as the cut-off point for high-risk
drinking. Body mass index (BMI) was measured at baseline visit using a scale and tape
measure (<18.5, 18.5-24.9, 25-29.9, and =30).

Model development (index test)

We developed a model that uses TAC data collected by Skyn to capture alcohol drinking
frequency, start time, and magnitude. Our model consists of three consecutive procedures,
1) TAC data processing, 2) peak detection algorithm, and 3) regression analysis (Figure S3).
We used the EMA app data as a reference standard test when developing the model.

In procedure one, we recoded negative TAC values as zero, and implemented median filter
and moving average consecutively on recoded TAC data to remove the signal noise. Each
peak in the processed TAC signal potentially represents a drinking event. However, a peak
does not always correspond to an alcohol drinking event and could be due to environmental
alcohol exposure, such as cleaning products or even alcohol drink spills. These naturally
occurring environmental exposures provide an important justification for validating these
procedures outside of a lab setting. We expected that the shapes of drinking event peaks
would be different from those of other peaks. Thus, in procedure two, we used a peak
detection algorithm to detect drinking events in the processed TAC data based on peak
properties (e.g., prominence and width) (41). For each detected peak, the algorithm returned
three time points: 1) Left base (which we defined as drinking start time), peak maximum
(point with the maximum TAC value), and right base (last point in the peak timeseries).
Lastly, for each detected peak, we calculated the area under the curve (AUC) from left base
to right base of the detected peak using the composite Simpson’s rule.

In procedure three, we used peak maximum and peak AUC to predict number of standard
drinks consumed in each drinking event. This procedure was only conducted on the true
positive drinking events detected with the peak detection algorithm (i.e., peaks that were
validated with self-report).

Hyperparameter optimization

A parameter that is used for improving the performance of an algorithm is called a
hyperparameter. The process of identifying a good value for hyperparameters is known

as hyperparameter optimization (42, 43). The optimization is mainly done with machine
learning techniques based on pre-determined performance scores. The best hyperparameters
are the ones that result in the best performance score.

Our model had multiple hyperparameters. We performed hyperparameter optimization using
random grid search (also known as randomized parameter optimization) and finetuning

(42, 43). In random grid search, we used group 5-fold cross-validation, an internal
validation technique [GroupKFold (44)], which ensured the same participants were not
included in both training and test sets. Hyperparameter optimization of procedures | and

I was conducted simultaneously. Here, we used the balanced accuracy score, which is the
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arithmetic mean of sensitivity and specificity of the model in detecting drinking events.
Balanced accuracy score prevents inflated performance in imbalanced datasets (45), such as
that in our study. For procedure 111, we conducted a hyperparameter optimization to select
the best regression technique and its best hyperparameters out of four different commonly
used regression techniques (regression technique was itself a hyperparameter in procedure
I11). To quantify performance of procedure 111 in predicting number of standard drinks in
a drinking event we used mean absolute error (MAE) for the paired measures of EMA
app recorded and model predicted number of standard drinks consumed in a drinking
event. Annotated source code and details on model development are available as a Jupyter
Notebook as well as an HTML file in supplemental materials (see Model Development
Source Code.ipynb).

We used Python (version 3.9.1, Python Software Foundation, Beaverton, OR, US) when
developing our model (46). SciPy was used in peak detection (47). We developed our
estimator class for conducting procedures | and Il to be compatible with scikit-learn (48).
All machine learning procedures, including hyperparameter optimization, were conducted
in scikit-learn (49). The final model is available as Python code in supplemental materials
(Final model.ipynb).

Sample size

In pre-hoc power analyses, we estimated the minimum required number of participants to
be 64 in validation analyses and 118 in correlation analyses (see Sample Size Calculation in
Supplemental Material).

Model validation and statistical analysis

In internal validation analyses, we calculated the model performance relative to daily survey
data in 1) detecting drinking events, 2) drinking event start times, and 3) drinking magnitude
(i.e., number of standard drinks consumed in a drinking event).

To quantify model performance in detecting drinking events we reported sensitivity and
specificity measures along with balanced accuracy. Each model-detected peak was counted
as one drinking event in the index dataset. For a detected peak to be considered a true
positive, its left base (start of the peak) needed to be within 5 hours of the self-reported
drinking start time on the daily survey. Participants could report one drinking event start
time in daily surveys. However, more than one peak might form in TAC data when
participants drink intermittently throughout the day. Therefore, in cases where more than
one peak was detected in a drinking day, all peaks in that day were counted as one drinking
event (this occurred for 35 out of 146 accurately detected drinking days). We calculated
sensitivity/specificity and the 95% exact Cls using SAS software, Version 9.4 of the SAS
System for Windows 10 (Cary, NC, USA).

We calculated the absolute time difference between model-detected drinking event start time
and the start time reported in the daily surveys to evaluate model performance in detecting
drinking event start time. This comparison variable could range from 0 to 300 minutes (5
hours), with a value of 0 indicating that the start time in both data collection tools (Skyn
alcohol monitors and daily survey) matched exactly with less than 1 minute of variability.
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To quantify model performance in detecting drinking magnitude we calculated mean
absolute error (MAE) for the paired measures of daily survey self-reported number of
consumed standard drinks in a drinking event and model-predicted number of standard
drinks consumed in a drinking event. We estimated the Spearman’s correlation coefficient
(50) for the continuous measures (number of drinks in daily surveys, peak maximum and
AUC, and BrAC). We used complete case analysis; we included days where =1 TAC data
points were collected, and the corresponding daily surveys were completed.

Exploratory external validation: In 2019, our team had collected alcohol use data from five
IUB students, selected with convenience sampling, using study procedures similar to that
of the current study (51). These five students wore earlier prototypes of Skyn wearable
alcohol monitors and simultaneously reported their alcohol use with daily surveys for five
consecutive days (EMA app and BrAC data were not collected). In a sensitivity analysis,
using this small dataset collected in our 2019 study, we explored our model’s external
validity on TAC data.

Overall, N=84 students participated in our study, n=46 from the random cluster sample
(Figure S5) and n=38 from the Friends sample (Figure S6). Participants were ages 18 to

22 with a median age of 20 years (IQR=2 years). Participants were mostly white (73%),
female (70%), off-campus residents (70%), first year students (32%), non-Greek affiliated
(70%), normal weight (60%), and had an income of less than $25,000 annually (88%). Most
demographics and alcohol use patterns were similar to the general undergraduate population
and to other larger studies among IUB undergraduate students (Table 1) (52).

Descriptive results

Skyn: Alcohol monitors collected 1,964,713 TAC data points (10,915 hours), out of a
maximum possible 2,492,640 (13,848 hours) TAC data points that could have been collected
if the devices were never turned off. Participants wore the monitors for 79% of the data
collection week. On average, each participant provided 23,389 TAC data points (~130 hours)
[Median: 25,553 (142 hours); IQR: 7,602 (105 hours)]. The mean TAC value was 11.17
ug/L(air) (Median: —0.43, IQR: 5.63).

Daily surveys: Out of the 84 participants who completed the baseline visit, three participants
completed their baseline visits on the third day of their data collection week. One participant
opted out of the study on day four of their data collection week, contributing their data

until day three. Out of the 577 daily surveys that we sent out to the participants, 568
(response rate = 98.4%) were completed. Participants self-reported 213 drinking events. On
average, participants self-reported 2.5 drinking events in the data collection week (Median:
2.5, IQR: 1). Five participants self-reported no drinking event and two had 6 drinking events.
The mean value for the total consumed standard drinks by each participant at the end of
data collection week was 13.2 (Median: 9.3, IQR: 12.1). Further, on average, participants
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self-reported consumption of 5.2 (Median: 4, IQR: 5) standard drinks in each of the 213
drinking events.

EMA app: Six participants did not record any drinking event using the EMA app. Overall,
78 participants recorded 206 drinking events. On average, participants recorded 2.6 drinking
events in the data collection week (Median: 3, IQR: 1). Six participants had more than one
drinking event in a day (drinks more than 5 hours apart). The mean value for the total
consumed standard drinks recorded in the EMA app by each participant at the end of data
collection week was 11.0 (Median: 8.0, IQR: 10.5). The mean value for the number of
standard drinks recorded in each of the 206 drinking events was 4.2 (Median: 3, IQR: 3).

Breathalyzer: A total of 142 BrAC readings were recorded by 25 participants in 52

drinking events. On average, breathalyzers recorded a maximum BrAC level of 0.066%
(Median: 0.042%, IQR: 0.082%). The mean for the maximum recorded BrAC levels in each
drinking event was 0.090% (Minimum=0.008%, Median: 0.080%, IQR: 0.099%, Maximum:
0.237%).

Correlation analyses

Spearman’s correlation coefficient between number of standard alcohol drinks consumed
in a drinking event self-reported in daily surveys and AUC for the peaks detected with

our model was moderate and significant [75 (95% Cl): 0.57 (0.45, 0.67)]. Maximum BAC
level in a drinking event was recorded for 32 of the detected drinking events. Among these
32 drinking events, Spearman’s correlation coefficient between the maximum BAC level
recorded using breathalyzers and AUC for the drinking events detected with the model was
strong and significant [75(95% Cl): 0.88 (0.77, 0.94)] (Figure 2).

Model performance

Model apparent performance: Relative to EMA app data, the best-balanced accuracy score
in the model development phase was 84% for procedures | and 1l (true negatives=2064, true
positives=148, false positive=170, and false negative=47). The best MAE score in procedure
I11 was 2.2 standard drinks.

Model performance relative to daily surveys: Participants wore Skyn monitors and collected
one or more TAC data points on 620 days. Each participant completed at least one daily
survey. Overall, both daily survey and TAC data (=1 TAC readings) were available for

543 days. Under the assumption that the self-reported data accurately represented real
drinking events, there were 146 true positives, 249 true negatives, 88 false positives, and

60 false negatives detected by the alcohol monitors (Figure 3). Relative to daily surveys,

the sensitivity of our model in detecting drinking events in TAC data collected by Skyn
alcohol monitors was 70.9% (64.1%-77.0%). Specificity was slightly higher, 73.9% (68.9%
—78.5%), which equals a balanced accuracy score of 72.4%.

Model performance varied at the individual level. Both sensitivity and specificity were
100% for 16 out of 84 (19%) participants. Both sensitivity and specificity were =80% for
n=21 (25%) participants. Sensitivity or specificity was <80% for n=60 (71%) participants.
Sensitivity was zero for 10 (12.0%) participants.
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Drinking start times: This analysis was conducted only on observations with a drinking
event self-reported and detected by the alcohol monitor. The average absolute time
difference between daily survey self-reports and model-detected drinking event start times
was 79 minutes (Median: 59, Q1: 31, Q3: 109 minutes).

Drinking magnitude: Overall, 146 out of the 206 self-reported drinking events were detected
(i.e., the true positives). Our model predicted number of standard drinks consumed in each
of these detected 146 drinking events. The MAE was 2.8, meaning on average the absolute
difference between the self-reported and predicted number of standard drinks consumed in
each of the drinking events was 2.8 drinks.

Model performance (exploratory external validation)

The mean age of participants in the prior study used for external validation was 21.6

years (51). During the five days of data collection, we sent out 25 daily surveys, one per
participant per data collection day. All 25 daily surveys were completed. However, one
participant was not wearing the device for one of the data collection days (no TAC data were
collected) and consequently we removed that daily survey from validation analysis. In the
remaining 24 daily surveys, participants reported drinking at least one drink on 15 days and
no drinking on 9 days.

The overall sensitivity of our mode in detecting drinking events in the exploratory external
validation dataset was 66.7%, and the overall specificity in not detecting any peak for a day
when participants reported no drinking in that day was 100%. Sensitivity was 100% for three
participants, 50% for one participants, and 0% for one participant. Specificity was 100%

for all participants. Mean absolute time difference between the detected and self-reported
drinking event start times for the 10 true positive values was 66 minutes (Median: 45
minutes, Q1: 22 minutes, Q3: 80 minutes). The MAE was 0.91.

DISCUSSION

Limitations

We developed a model to identify drinking events, drinking event start time, and drinking
magnitude using a large TAC dataset collected with Skyn alcohol monitors among a sample
of undergraduate students. We developed the model using EMA data as our benchmark. The
model’s outputs were moderately and strongly correlated with alcohol use data collected
with daily surveys and breathalyzers, respectively. Model performance was comparable

to daily surveys. Similar performance results were obtained in the exploratory external
validation analyses.

First, our sample size was small, we did not reach our calculated sample size for correlation
analyses, and BrAC data were available only for 25 participants. However, the sample size
was larger than other similar studies on wearable alcohol monitors (21, 23, 24, 53) and
exceeded minimum sample size recommendations for validation studies (28). Second, data
collected with our EMA app, daily surveys, or breathalyzers were prone to measurement
error. This could have biased the model performance estimates in either direction. However,
correlation and performance measures were similar when comparing the model to any of
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the reference standard tests. Third, participants could have changed their alcohol drinking
patterns because they knew that their drinking behavior was being observed. However,
alcohol use history reported on the baseline survey and drinking patterns captured using the
reference standard tests in the data collection week were similar, suggesting participants did
not change their alcohol drinking behavior in the week of data collection.

Fourth, more daily surveys were missing on the days when our model detected peaks
compared to days that it did not detect any peaks. This could have biased the true sensitivity
of our model towards worse values. Fifth, Skyn wrist-worn alcohol monitors need to be
worn tightly to produce reliable data. Even though we asked participants to wear the

Skyn monitors snugly, it is possible that they could not comply with this study procedure

all the time, especially given the longer period of our study. This could have caused an
underestimation of the true model performance. Sixth, we did not collect data on compliance
and the compliance proxies that Skyn collects (temperature and motion) are yet to be
validated. Lastly, external validation analysis was exploratory with a small sample size. The
Skyn monitors used in the external validation study were earlier prototypes and different in
firmware from the ones used in the current study. Larger external validation studies using the
more recent version of the device are needed to better understand the external validity of our
findings.

Interpretation

We conducted the first model development and validation study using TAC data produced
by a new generation of wearable alcohol monitors in naturalistic drinking environments.
We identified two other developed models that use TAC data produced by Skyn monitors
to measure alcohol use, 1) changepoint detection model (CPDM) (23) and 2) TSFRESH
and Extra-Trees model (24). When used with TAC dataset, the CPDM model finds the
timestamp(s) when TAC value changes abruptly. The detected timestamp is a potential
alcohol drinking event start time. This model has been used in laboratory setting (21).
However, its performance in detecting drinking events has not been measured in field
studies.

Developed by Fairbairn et al. (24), the TSFRESH and Extra-Trees model was built in Python
programming language on TAC data collected by earlier prototypes of Skyn devices. The
MAE between predicted and true BrAC values was small (MAE: 0.010%) (24) but increased
in an external validation field pilot study (MAE: 0.041%) (22). Our model does not predict
BrAC; instead, it predicts number of standard drinks. Nonetheless, assuming each standard
drink could roughly increase BrAC level by 0.020%, our model accuracy in predicting
drinking magnitude was similar and slightly better than the TFRESH and Extra-Tress model.
Compared to our model, the TSFRESH and Extra-Trees model seemed to have a higher
sensitivity, though the definitions for true/false negative/positive values were different from
that in our study (24). Similar to the strong Pearson correlation between predicted and true
BAC values in Fairbairn et al. study (/=0.9) (24) and an external validation pilot field study
(r=0.8) (22), the correlations between detected AUC and BrAC values in our study were
strong (7=0.88). At the time of our study, we could not evaluate the external validity of the
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TSFRESH and Extra-Trees model in our TAC dataset because this model is not currently
publicly available.

Our model is unable to detect alcohol use at the time participants start drinking because

a peak needs to be formed before our model can detect it. A peak forms hours after
drinking start time. Detecting alcohol use at drinking start time is important particularly
when developing just-in-time adaptive interventions (54) or EMIs (55). With the use of
advanced machine learning approaches (56) it might be possible to improve our model and
account for this limitation by predicting formation of a peak before it is actually formed,
and then use our peak detection model to detect the predicted peak (drinking event) at the
drinking start time. Our model, in its current form, could be used by other researchers when
they aim to passively collect objective and real-time (i.e., EMA) alcohol use data among
their study participants.

Even though we found similar results in a small external validation analysis among five IUB
undergraduate students, the accuracy of our model in other settings and populations remains
unknown. It is possible to include more features (covariates such as BMI, sex, or mealtime)
to improve model’s performance potentially further. Researchers can use our model with
their data or even recalibrate our model to fit their data collection needs. For example, if
specificity of detecting drinking events is more important than sensitivity, researchers can
increase the prominence hyperparameter value in the peak detection algorithm to increase
the model’s specificity.

BACTrack® Skyn wearable alcohol monitors provide high frequency TAC data. We
developed and validated a model to translate the raw TAC data into measures that
approximate commonly known alcohol use measures. Our model can be used for ecological
momentary assessment/intervention of alcohol use, at this time, it cannot be used for EMIs
that aim to deliver an intervention at the time of alcohol drinking. Additionally, it is possible
to recalibrate the model to adjust the model performance. More external validation studies
are needed to better understand the validity of our model and to replicate our findings in
other populations. The developed model is included in supplementary materials.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Allin one online
survey

P N

Endline \

EMA: Ecological Momentary Assessment

*Following the baseline visit scheduler, participants from the random cluster sample
provided names and contact information of 2-3 friends.

Index test: the measurement tool under evaluation (26).

Reference standard test: “the best available method for establishing the presence or absence
of the target condition” (25).

TAC monitoring, EMA app data collection, and breathalyzer readings were conducted in
parallel.
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Figure 1.
Study procedures
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A. number of standard drinks and area under the peak curve
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B. Maximum recorded BAC and area under the peak curve
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Figure 2. Corrélation analysis: model compared to daily surveys and breathalyzers
-Red line shows the linear regression between the x and y axes and its 95% CI. Darker

circles indicate overlapping data points.
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Participants who wore Skyn
N = 84 students

v

Maximum expected TAC data
n =84 x 8 = 672 days

Page 19

No TAC data n = 52 days
-Skyn devices were off , but daily surveys

v

Days that one or more TAC data points

were collected
n = 620 days

» were collected (n = 24)
&Skyn devices were off (n =28)

v

>1 peaks detected in TAC data

n = 261 days

v

No peak detected in TAC data

n = 359 days

!

No daily survey n = 27 days

- We did not send daily surveys (n =7)*
- Missing (n = 20)

No daily survey n = 50 days
> - We did not send daily surveys (n = 45)*
- Missing (n =5)

v

Daily survey
n = 234 days

Daily survey
n = 309 days

Final diagnosis
-Drinking event (n = 146)
-No drinking (n = 88)

-Drinking event (n = 60)
-No drinking (n = 249)

Final diagnosis

Figure 3. STARD flow diagram (model validation)

Reference Standard test: Daily survey, index test: developed model

* By study design, participants could have TAC data on the endline visit days. However, we
did not send daily surveys for these days. Therefore, the maximum number of days that TAC
data could have been collected (672 days) was larger than the maximum number of days
daily surveys could have been collected (588 days).

- For daily survey, the unit of analysis was day.
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Participants’ baseline characteristics collected in an online baseline survey, spring 2021
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Covariate Completed baselinevisit  1UB Undergraduate population, Spring U Serosurvey Study
=84 N =1,2670
N=31,3642
Categorical variables: n (%)
Age
18 years 15 (19.2) 11818 (37.7) 254 (22.2)
19 years 22 (28.2) 258 (22.6)
20 years 20 (25.6) NA 258 (22.6)
21-22 years 21(26.9) NA 374 (32.7)
Missing 6
Female 59 (70.2) 15,673 (50.0) 800 (63.4)
White 61 (72.6) 21,640 (69.0) 975 (77.3)
Year in school
1t 27 (32.1) 4,824 (15.4) 286 (22.7)
ond 27 (32.1) 7,434 (23.7) 284 (22.5)
3 20 (23.8) 7,455 (23.8) 306 (24.3)
4th.gth 10 (11.9) 11,377 (36.3) 384 (30.5)
Off-campus 59 (70.2) NA 850 (67.4)
Greek members (missing = 2) 25 (30.5) NA 303 (24.1)
Income <$25,000 (missing = 1) 73 (88.0) NA NA
Body mass index
Underweight (BMI <18.5) 3(3.6) NA NA
Normal weight (18.5<BM1<24.9) 50 (59.5) NA NA
Overweight (25sBMI<29.9) 25(29.8) NA NA
Obesity (BMI=30) 6(7.1) NA NA
Continuous variables: mean (SD)
BrAC after a typical night of drinking >0.08 51 (60.7) NA NA
High-risk drinking based on USAUDIT 72 (85.7) NA 394 (47.6)6¢
Heavy drinking 53 (63.1) NA NA
No. of days in a week drinking alcohol 25(1.1) NA 2.3(1.2)¢
No. of drinks consumed in a drinking night 5.1 (3.1) NA 4.1(2.3)€
Total number of drinks consumed in aweek  13.7 (12.9) NA NA
Total USAUDIT score 13.1(5.6) NA 8.1(4.3)¢

a Lo . . - . o ] )
Data in this column were retrieved from the following official U website: https://uirr.iu.edu/facts-figures/enrollment/index.html

b'Data obtained from references (52). This study used a random sample of IUB undergraduate population and was conducted in Fall 2020.

Among students who reported drinking at least once a week (i.e., one of the inclusion criteria of the current dissertation study).

dMeasured with AUDIT (AUDIT=8 vs. AUDIT<8)
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IUB: Indiana University Bloomington, NA: Not available
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