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Abstract

Objective: Mobile health tracking technologies have burgeoned, offering objective health
information to consumers on an unprecedented scale. But opportunities to directly test effects of
such monitoring have been limited. Low-cost mobile breathalyzers are one tool commonly
employed for blood alcohol concentration (BAC) assessment. The current study explores
outcomes linked with BAC tracking technologies, examining effects on alcohol use and self-

estimation in a large US-based sample.

Methods: Participants (N=32,179) include individuals who voluntarily purchased a mobile
breathalyzer and provided repeated (=3) adlib readings from 2016-2022. A paired smartphone
application prompted a BAC self-estimate (“guess”) before displaying measured BAC levels.
Analyses included observations collected during active consumption (BAC>0.00%) from
breathalyzer users who opted to share anonymized data. Breathalyzer users displaying inattentive
patterns of guessing were excluded from self-estimation analyses. The final dataset comprised

787,393 BAC readings and 387,643 self-estimates.

Results: Across participants, the accuracy of BAC guesses increased by 2.38% over the course
of breathalyzer use. Associations between breathalyzer use and BAC levels varied significantly
according to participants’ initial drinking levels, b=-0.0062, 95%CI [-0.0065, -0.0059]. Among
heavy drinking participants, BAC levels decreased on average from 0.106% to 0.096%, whereas
the reverse trend emerged for lighter drinking participants (0.058% to 0.067%). A similar
interaction emerged for BAC underestimation, 56=-0.0058, 95%CI [-0.0066, -0.0049], with odds

of underestimation decreasing among heavy and increasing among light-drinking participants.



Conclusions: Results indicate promise for mobile BAC tracking technologies as a low-impact
intervention with the potential to decrease drinking among individuals who drink heavily—a
population particularly susceptible to alcohol-related problems. In contrast, inverted trends
emerged for light drinking individuals, highlighting the need for empirical research in the fast-

moving landscape of digital health.



Introduction
Alcohol is the seventh leading contributor to death and disability in the world.! In the

United States, alcohol was implicated in 37.7% of traffic fatalities in 2010, and, from 1995-2019,
was responsible for 37% of fall injuries, 24% of firearm injuries, and 21% of suicides.?
Neurocognitive impairment of executive function occurs as a result of alcohol consumption,
causing impulsive decision-making and prioritization of immediate rewards over delayed
consequences.>* Impulsiveness and greater willingness to perform risky acts, such as drunk
driving, are characteristics of people who inaccurately self-estimate, especially underestimate,
their blood alcohol concentration (BAC).>® As a result, increasing awareness of consumption
levels is considered integral to effective prevention and treatment efforts. Interventions for
alcohol use disorder (AUD) frequently involve alcohol consumption self-monitoring to enhance
clients’ motivation for change, identify high-risk situations, and support behavior modification.”:

Recent technological advances have laid the groundwork for new methods of investigating
and treating AUD.”!° Consumer-facing network-connected devices and smartphone applications
are promising tools for gathering objective, physiological data with high ecological validity.>!'!!2
Mobile breathalyzers are one such recently popularized instrument. They offer a well-validated
proxy for BAC in the form of breath alcohol measurements, aiding self-monitoring by providing
external cues to assess intoxication.!®!* Though the effects of breathalyzer use alone have not
been extensively studied, early research on breathalyzer-integrated telehealth programs found
some success in reducing alcohol use,'* attrition,'* and relapse.!> Moreover, the use of
breathalyzers can facilitate self-reflection about intoxication during alcohol consumption and
thus create opportunities for drivers to reconsider driving drunk.>!¢ Such opportunities may be

especially valuable for individuals with heavier drinking patterns, including those who regularly



consume alcohol at or above the binge consumption threshold (>0.08% BAC).!” This
population—comprising individuals who tend to experience relatively impoverished internal
signals for triggering awareness of excessive consumption—is one especially likely to
experience negative consequences from alcohol intoxication.!®! Specifically, individuals who
consume alcohol at heavy levels experience muted physiological and subjective effects from
alcohol, including blunted activity in the amygdala, nucleus accumbens, and the prefrontal
cortex, often in aggregate called tolerance.?*! Thus, given diminished internal signals, external
cues to intoxication like BAC self-monitoring emerge as particularly important for this
population.'® However, prior research on the effects of BAC feedback has been characterized by
methodological limitations, including predominantly laboratory-based interventions, limited time
periods for self-assessment, and small heavy drinking samples (e.g., N=15; see > for a review).
The promise of new technology calls for science to match the pace of a rapidly shifting digital
landscape, including research exploring the consequences of BAC self-monitoring on a larger
scale.

The current study analyzes BAC levels and BAC self-estimates within a large dataset of
mobile breathalyzer users. We examine breathalyzer data from participants’ everyday drinking
contexts in a dataset spanning 6 years, tracing patterns in BAC levels and BAC self-estimates as
they emerge within and across individuals. We focus on active drinking episodes (BAC>0.00%)
as epochs most relevant to understanding self-perceptions of intoxication and associated harms.
Hypotheses for this research were pre-registered prior to analysis:

doi.org/10.17605/OSF.IO/ER9UH. We predicted that participants would provide more

underestimates than overestimates. We further predicted that participants’ BAC levels would

decrease and BAC self-estimation accuracy would increase with repeated breathalyzer use.
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Finally, we predicted the effects of repeated breathalyzer use would diverge significantly among
heavier vs. lighter drinking individuals. Specifically, given diminished baseline internal cues to
intoxication available to heavy drinking individuals, as well as legal and social reference points
of intoxication (e.g., 0.08% BAC for driving), we predicted the effects of BAC self-monitoring
over time would give rise to greater reductions in BAC levels, more pronounced increases in
BAC estimation accuracy, and greater reductions in underestimation tendencies among
individuals who drink heavily.
Method

Participants

Participants in this study represent individuals residing in the United States who
purchased a smartphone breathalyzer and provided BAC readings between the years 2016 and
2022. The dataset consists of 787,393 measurements taken from 32,179 unique breathalyzer user
accounts. Readings were taken in naturalistic contexts. Participants provided an average of 39.67
(SD=76.49) total breathalyzer readings over the course of 7.34 (SD=10.94) months of
breathalyzer use. The current research is the first scientific report to issue from this participant
sample (although see?’ for a driving mortality analysis employing data collected before 2017).
All participants indicated consent for their de-identified data to be stored and used for research
purposes. Location data revealed that a plurality of participants resided in California (13.97%),
followed by Texas (7.72%), Colorado (6.84%), and Florida (4.79%). No individual user data,
aside from location, was collected from this anonymous sample. Of participants, 38.9%
(N=12,509) were classified as demonstrating initial heavy consumption patterns, consistent with

binge drinking behavior (see also data analytic plan). Broad demographic information for a



cross-section of breathalyzer users as provided by the device manufacturer (BACtrack) is
presented in supplemental materials (Figure S1).
Procedure

The study explores effects of adlib alcohol monitoring, with participants selecting times
and locations for breathalyzer self-assessment. Breathalyzers employed by study participants are
pocket-sized (47-57g) devices designed to pair with participants’ iPhone or Android smartphones
via Bluetooth. Devices represent the full line of commercially available smartphone-integrated
breathalyzers manufactured by the company BACtrack (i.e., BACtrack Mobile, C6, C8, and Vio
devices), with retail costs for these devices typically ranging between $45-$150. BACtrack
breathalyzers are in widespread use, available for purchase via online and physical retail outlets
(e.g., Amazon, Walmart, CVS), and demonstrating comparable accuracy for assessing blood
alcohol levels to evidential-grade breathalyzers. Research suggests that BACtrack Mobile
devices display excellent reliability with police-grade breathalyzers (» = 0.916).2* Prior to
employing the breathalyzer, users are prompted to create an account via the BACtrack portal,
linking individual user breathalyzer data across different smartphone and breathalyzer devices.

The smartphone application guides participants through the process of supplying a breath
sample. In preparation for supplying a BAC reading, participants are required to undergo a wait
period, in the course of which time they provide a BAC self-estimation (i.e., they “guess” their
BAC level). The mobile application then instructs participants to blow into the breathalyzer until
the displayed meter is filled. Information related to the time, date, and location of the BAC
reading is automatically recorded together with the reading. After viewing BAC levels,
participants are given the opportunity to indicate whether the reading was taken at least 15

minutes after the last sip of alcohol, so indexing mouth alcohol contamination. Finally,



participants are prompted to report whether the breath samples originated from themselves or
someone else. Participants indicate their agreement for anonymous data sharing via toggle switch
available within the mobile application settings, which can be switched on and off at any point.
Data analysis plan

All code required for replicating dataset exclusions, statistical analysis, and figure

creation is available at doi.org/10.17605/OSF.IO/ER9UH. The dataset comprised observations

recorded between January 1, 2016, and February 28, 2022, reflecting the date at which BACtrack
had accumulated sufficient data to permit appreciable sharing and the date of the research team’s
data use request, respectively. Primary analyses focused on positive BAC readings, with 0.00%
BACs readings excluded. This exclusion was applied for several reasons including: 1) the study
aims pertain to understanding severity of intoxication (vs. alcohol consumption frequency); 2)
the rate of BAC self-assessment during sobriety was relatively low; and 3) the task of “guessing”
BAC during sober moments was judged qualitatively different (i.e., less difficult). In addition,
BAC readings marked by breathalyzer users as invalid were excluded, as were readings judged
as supplied by institutional (vs. individual) users and observations from individuals who supplied
insufficient BAC readings for longitudinal analysis (N<2). For analyses specifically involving
BAC guesses (vs. BAC levels), we also excluded breathalyzer users whose entries pointed to an
inattentive or haphazard approach to providing BAC guesses, operationalized as those who
consistently (>50% of instances) entered BAC guesses of 0.00% during moments of active
consumption (BAC > 0.02) (see Figure 1). This resulted in a subsample of 18,800 participants
(387,643 observations) employed for self-estimation analyses, compared to 32,179 participants
(787,393 observations) for BAC level analyses. A full flow chart of study exclusions is provided

in Figure 1.
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Models evaluated the effects of repeated breathalyzer self-assessment and heavy drinking
status on BAC level, self-estimation accuracy, and self-estimation pattern (i.e., odds of
underestimation). Repeated breathalyzer self-assessment was operationalized as the order of
BAC readings, ranked according to time stamps, within de-identified BACtrack user accounts.
For primary analyses, participants were considered as exhibiting heavy drinking patterns if the
average BAC of the first third of their supplied readings exceeded 0.08%. Alternative heavy
drinking definitions are also explored in sensitivity analyses. Since the passage of time (e.g.,
age/maturity) is confounded with repeated breathalyzer self-assessment, time (i.e., days elapsed
since first breathalyzer self-assessment) was included as a covariate in all models. BAC self-
estimation accuracy was operationalized as the absolute difference between BAC level and BAC
self-estimation, or as the inverse of estimation error. Given floor effects associated with BAC
guesses at lower intoxication levels, and thus naturally higher accuracy at lower levels of
consumption, all models exploring accuracy as outcome also integrated BAC level as covariate.
Where absolute difference analyses reached significance, robustness checks repeated analyses
substituting adjusted percent difference scores as outcome.

Analyses were conducted using multilevel models accounting for the clustering of
observations within participants.?> To account for non-normally distributed outcomes,
generalized mixed models assuming a Poisson distribution and over-dispersed residuals were
employed for BAC accuracy and BAC level analyses. Logistic models were employed in
analyses predicting odds of underestimation, whereas standard linear models were used in
predicting adjusted percent difference scores, which followed a normal distribution. Subject-
level intercepts and slopes for the ranked assessment number variable were treated as random in

all analyses. For other within-subject factors, all components were first estimated as random,



adopting a maximal model structure, with results derived from the most complex model structure
that reached convergence reported below.2® As study hypotheses pertain to overall patterns of
change, linear (vs quadratic/cubic) slopes were the focus of analysis, although sensitivity
analyses explored the longevity of effects across epochs of breathalyzer self-assessment. Effect
size estimates are provided in the form of Event Rate Ratios (ERR) for Poisson models and as
Odds Ratios (OR) for logistic models. Change over the course of breathalyzer self-assessment
was calculated by centering the ranked assessment number variable at the first and last (average
maximum # readings across users) breathalyzer usage and, where relevant, calculating adjusted
percent difference across the interval.
Results

Descriptives

See Figure 2 for sample descriptives. In the final sample used in BAC level analysis,
mean BAC level was 0.078% (SD=0.057). Across the full course of breathalyzer usage, the
average BAC among heavy drinking individuals was 0.101% (SD=0.061) and 0.061%
(8§D=0.048) among light drinking individuals. For observations used in self-estimation analyses
(see Figure 2), the average absolute difference between BAC level and BAC self-estimation was
0.040% (SD=0.043). Of BAC self-estimates, 29.4% were above and 70.6% were below the
measured BAC level.
Repeated breathalyzer self-assessment

Results indicated that, across the full sample of breathalyzer users included in the dataset,
repeated breathalyzer self-assessment predicted increases in the accuracy of BAC self-estimation
(i.e., decreases in BAC estimation error): absolute difference, 5=-0.0008, ERR=0.9992, =-7.65,

p=<.0001, 95% CI [-0.0010, -0.0006]; adjusted percentage difference, b=-0.0406, =-9.24,



p<.0001, 95% CI [-0.0492, -0.0320] (see Figure 3). Over the full course of using the
breathalyzer, the average breathalyzer user increased their BAC self-estimation accuracy by
2.38%. Repeated breathalyzer self-assessment was also linked with slight increases in BAC
levels across all individuals who consumed alcohol in the sample, 5=0.0006, ERR=1.0006,
=7.72, p<.0001, 95% CI[0.0005, 0.0008]. Further, models examining self-estimation pattern
indicated that participants were more likely to underestimate their BAC level with repeated BAC
self-assessment, h=0.0023, OR=1.0023, =9.44, p<.0001, 95% CI[0.0018, 0.0028] (see Table
S1). Of note, however, analyses indicated effects of repeated breathalyzer use were further
moderated by participants’ initial drinking levels (see below).
Initial heavy drinking levels

Models indicated a significant interaction between initial individual drinking levels and
repeated BAC self-assessment in predicting BAC levels, 5=-0.0062, ERR=0.9938, t=-37.53,
p<.0001, 95% CI [-0.0065, -0.0059] (see Table S2). Repeated breathalyzer self-assessment was
associated with decreased BAC levels among heavy drinking participants, b=-0.0026,
ERR=0.9974, =-19.80, p<.0001, 95% CI [-0.0028, -0.0023], and increased BAC levels among
light drinking participants, »=0.0036, ERR=1.0036, =30.61, p<.0001, 95% CI[0.0034, 0.0038]
(see Figure 4). Over the full course of using the breathalyzer, from initial to final self-
assessment, BAC levels for the heavy drinking participants decreased, on average, from .106%
to .096%. In contrast, the average light drinking participant’s BAC level increased from .058%
to .067%.

Results indicated a significant interaction between initial individual drinking levels and
repeated breathalyzer self-assessment in predicting odds of BAC underestimation, b=-0.0058,

OR=0.9942, t=-12.66, p<.0001, 95% CI [-0.0066, -0.0049]. Among heavy drinking participants,



repeated breathalyzer self-assessment was associated with decreasing odds of BAC
underestimation, b=-0.0010, OR=0.9991, =-2.68, p=.0074, 95% CI [-0.0016, -0.0003]. The
opposite trend was observed among light drinking participants with increasing odds of BAC
underestimation, »=0.0048, OR=1.0048, =14.91, p<.0001, 95% CI [0.0042, 0.0054]. Whereas,
at the initiation of BAC self-assessment, heavy drinking participants tended to underestimate
their BACs to a greater extent than lighter drinking participants, 5=0.2745, OR=1.3159, t =17.72,
p<.0001, 95% CI[0.2441, 0.3048]; by the end of self-assessment, this difference was
significantly smaller, »=0.0978, OR =1.1027, =6.67, p<.0001, 95% CI [0.0690, 0.1265] (see
Table S2).

In contrast, self-estimation accuracy increased (i.e., error diminished) for both heavy, b=-
0.0011, ERR=0.9989, =-7.56, p<.0001, 95% CI [-0.0013, -0.0008], and light drinking
participants, 5=-0.0005, ERR=0.9995, =-3.91, p<.0001, 95% CI [-0.0008, -0.0003]. A
significant interaction indicated that heavy drinking participants demonstrated a larger increase
in self-estimation accuracy compared with light drinking participants, 5=-0.0005, ERR=0.9995,
t=-2.77, p=.0056, 95% CI [-0.0009, -0.0002]. Of note, however, this interaction did not replicate
in robustness checks using an adjusted percentage difference accuracy index (see Table S2).
Sensitivity analyses

Sampled breathalyzer users self-selected contexts for breathalyzer readings; thus, it is
possible that BAC levels and BAC guesses would change not only with repeated breathalyzer
use but also the time/context selected for self-assessment. Therefore, all models reaching
significance were repeated, integrating contextual covariates (weekend/weekday; time of day;
holiday; season) as a form of robustness check. Core results remained consistent in direction and

significance level after the inclusion of contextual covariates.



For the purposes of primary analyses, we operationalized heavy drinking individuals
according to average BAC levels observed within the first third of supplied breathalyzer
readings. This operationalization was one aimed at reflecting users’ initial drinking levels (all

supplied =3 readings) while mitigating noise linked with operationalizations hinging on a single

(initial) BAC reading. However, as a robustness check, analyses were repeated defining heavy
drinking individuals as individuals displaying: 1) BAC >0.08% at initial reading; 2) Average
BAC >0.08% across all readings provided. All models remained consistent in significance level
and direction with these alternative heavy drinker definitions, with the exception of a single null
finding obtained for the latter of these operationalizations in predicting overall BAC levels—a
finding potentially attributable to the lack of sensitivity to change over time intrinsic to this
particular heavy drinking definition, as well as potential redundancy between predictor and
outcome (see Table S3).

Further, we tested the longevity of effects, exploring the extent to which significant
effects were driven by early changes versus endured across epochs of breathalyzer use. Notably,
interactions between initial drinking levels and breathalyzer self-assessments remained
significant for BAC level and estimation pattern outcomes in models where the first 5 and 15
user-supplied BAC readings were excluded from analysis. In contrast, effects for accuracy
appeared to emerge primarily within the first phase of breathalyzer use (see Table S4). Finally,
key models were re-estimated using binomial rather than Poisson distributions to assess the
robustness of distribution-related assumptions, and results remained consistent in magnitude,
direction, and significance-level (see Table S5).

Discussion



Exploring observations from a large-scale dataset spanning six years, we investigated
associations between BAC self-monitoring and drinking among mobile breathalyzer users
who supplied readings across a range of real-world drinking environments. Results indicated
that individuals tend to underestimate their BAC levels (69.6%), with the average difference
between true BAC levels and BAC “guesses” amounting to the equivalent of two standard
drinks (0.04% BAC). Breathalyzer self-monitoring was associated with significant increases
in BAC estimation accuracy, with the accuracy of BAC guesses among all participants
increasing by 2.38% over the course of breathalyzer use. In contrast to findings for
estimation accuracy, which emerged as consistent in direction across heavy and light
drinking individuals, associations between breathalyzer use and BAC levels varied
significantly depending on initial drinking levels. Among heavy drinking individuals, BAC
levels decreased from 0.106% to 0.096% over the course of BAC self-assessment, whereas
the reverse trend emerged among lighter drinking individuals (0.058% to 0.067%). A similar
pattern emerged in models examining BAC underestimation frequency, with heavy drinkers
decreasing while light drinkers increased their odds of BAC underestimation over the course
of breathalyzer self-assessment. All effects remained significant after parsing effects of the
frequency of breathalyzer self-assessment from the passage of time, as well as models
integrating covariates aimed at capturing potential changes in the context of self-assessment.

While opportunities for BAC self-monitoring in everyday drinking contexts have
burgeoned in recent years, empirical research has not consistently kept pace. Research examining
effects of BAC self-monitoring was mainly conducted several decades in the past, characterized
by predominantly laboratory-based feedback training programs,?’-*® fixed alcohol dosing

regimens,?’ and inadequately powered between-participant designs.?? Using these methods,



results of prior studies indicate effects of BAC self-assessment frequently fail to extend beyond
the period of laboratory training.?? In the decades since this research was originally conducted,
technology has emerged permitting the assessment of BAC feedback in field contexts over the
longer term.”!? In the present study, we examined a large sample of individuals engaging with
novel mobile health technology, and, using these new methods, we found that gains from BAC
self-monitoring also extend to real-world environments.

Individuals displaying heavy drinking patterns have long represented a population of
interest in the assessment of BAC self-monitoring programs.?®=° Those who drink heavily are
more likely to experience negative consequences from alcohol, including across legal, health,
economic and social domains.?*!? In addition, heavy drinking individuals report fewer acute
physiological and psychological effects of consuming alcohol,!®!*33 and thus, in light of the
dearth of interoceptive feedback, may derive particular benefit from externally-assisted programs
of self-monitoring.>* Thus, these individuals have the potential to evince particular gains in
response to BAC-feedback training. Prior studies, however, have found mixed effects, with gains
for heavy drinking individuals often failing to endure beyond the training context.?> As noted
above, prior studies have relied overwhelmingly on laboratory-based designs featuring fixed-
dosing training procedures.?>*® One limitation of this prior research is neglect of the contexts in
which habitual alcohol use occurs, which could serve as cues that prime the body for
consumption—automatically triggering physiological drives towards homeostasis—and thus
subjective effects of the same dose of alcohol can vary dramatically across contexts.?!*> For this
reason, physiological sensations experienced in response to drinking in the lab can diverge
substantially from those experienced in the pub.**> Such context-dependent acute alcohol effects

are likely to be especially pronounced for heavy drinking individuals, among whom learned



associations between drinking and context are likely to be especially well established.?!*
Further, given ethical and practical constraints impacting laboratory dosing procedures, alcohol
doses administered within lab-based training procedures are likely to represent an atypical (i.e.,
mild) intoxication experience for this population.”!'? In sum, while theory points to heavy
drinking individuals as a population likely to benefit from BAC training, prior research has failed
to offer support for such predictions, a disconnect that may be due to effects of atypical
laboratory contextual and dosing procedures employed in these studies.

Findings of the current study, which examined BAC feedback delivered in everyday
drinking contexts in response to ad-lib consumption, indicate BAC self-assessment is linked with
decreasing BAC levels among heavy drinking individuals. These declines are accompanied by a
diminished tendency to underestimate BAC, presenting the possibility that the decreasing
tendency towards BAC underestimation may underlie reduced consumption. Such results
indicate promise for BAC self-monitoring programs among a population in particular need of
alcohol use intervention—individuals exhibiting heavy drinking patterns and thus particularly
likely to experience negative consequences as a result of alcohol intoxication.'®** When
provided objective BAC feedback, individuals who consume alcohol at higher levels may be
alerted to their level of consumption, thus increasing attentiveness to the physical, social, and
legal consequences of overconsumption

In contrast, effects of repeated self-assessment among lighter drinking individuals
emerged as more complex, with breathalyzer self-assessment being linked to increases in BAC
levels. One potential explanation for such results might be found in the familiar anchor point
BAC (0.08%) linked with driving legality in the US—an anchor point that also represents a

common motive driving independent BAC self-assessment for many.!*! Among some



individuals, BAC self-assessment may lead to the recognition that their intoxication level
regularly exceeds this 0.08% threshold whereas, among others (e.g., lighter drinking
individuals), that they might consume additional drinks before exceeding this limit. Thus, results
present the possibility that BAC self-assessment increases alcohol consumption for some. As
digital health and consumer-driven interventions gain increasing popularity, findings of the
current study point to the importance of empirical research to directly evaluate outcomes of these
novel approaches, including studies powered to explore how effects might vary across
individuals.®!?

Limitations of this research should be noted. Breathalyzer users examined here selected
times for self-assessment. An advantage of this design is the potential to observe effects of BAC
feedback within real-world drinking contexts in response to habitual consumption patterns.
However, effects for both heavy and light drinking individuals might be influenced by a
combination of factors, including not only effects of repeated BAC self-assessment but also
(potentially) evolving choices surrounding contexts for self-assessment. Although results of the
current research were unchanged with the inclusion of a variety of measured contextual
covariates, the potential for influence by unmeasured factors remains. In addition, the sample of
participants examined in this study reflects a self-selecting group who purchased a breathalyzer
for individual use. Though a large population in their own right, these individuals may have
characteristics that set them apart from general populations, and thus the generalizability of
results here to other groups awaits further investigation. Additionally, the current investigation
targets BAC readings taken during active drinking episodes. Results of this study carry
information surrounding drinking quantity and extremity of intoxication, whereas any potential

effects of BAC self-assessment on alcohol use frequency await future study. Further, participants



in the current study were not explicitly informed of their exact level of accuracy/inaccuracy, but
rather the temporal proximity between the time at which they provided a guess and the time at
which readings were supplied was judged as facilitating internal comparison. Finally, there
remains a possibility that the trends observed in this study are explained by a reversion to the
mean among heavy and light-drinking individuals. However, given covariates included in
models (i.e., passage of time) and results of robustness checks (i.e., alternative heavy drinker
operationalizations comprising all readings), such an explanation seems unlikely as a primary
explanation for observed effects.

In sum, recent years have seen a proliferation of tools available for technology-
assisted mobile health interventions. Findings suggest that optimism surrounding the
potential of these interventions should be accompanied by rigorous empirical investigation,
as effects can emerge as complex and variable across individuals. Future research might
explore semi-randomized sampling of responses from health monitoring tools in real-world

contexts.
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Figures

Figure 1. Data Preprocessing Pipeline

Note. Final Data Set 1 was used to examine study aims related to BAC level; Final Data Set 2 (i.e., “sub-sample™)

was used to examine study aims related to BAC self-estimation accuracy (for details, see Data analysis plan).

Readings with Valid Dates and Time: Readings were excluded if the associated date or time (hour, minute, second)
was missing. Individual Users: BACtrack breathalyzers are purchased for use within both personal and institutional
settings. Accounts linked with >1,000 BAC readings were judged as reflecting institutional users and excluded from

analysis. Valid Readings: Readings were excluded if potentially produced by user or device error (Reading with =

0.3 BAC), submitted at the same date and time (Duplicate Readings: the lowest BAC level reading is preserved in
each set of duplicates), or participants did not wait 15 minutes since the last consumption of alcohol before
submitting the breath sample, which elevated risk of reading contamination by mouth alcohol (Contaminated
Readings). Readings Supplied by Self: Readings were excluded if marked by users as supplied by or for a friend.
Readings with Positive BAC: Analyses focused on positive BAC readings (BAC>0.00%) for several reasons
including; a) primary study aims centered around understanding intoxication extremity vs. consumption frequency;
b) the task of guessing BAC during moments of sobriety was judged as substantively different; ¢) rate of sampling
during sober moments was relatively sparse, and thus 0.00% readings were judged as comprising a non-

representative sample of moments of sobriety. Users with < 2 Readings: Users were required to supply at least 3
readings for longitudinal analysis. Inattentive Guesses: Participants were excluded if they guessed a BAC of 0 in

over half of the instances in which their BAC was actually above 0.02.

Alt text: Vertical flow diagram of exclusion criteria to create BAC level analyses dataset and a smaller BAC self-

estimation accuracy dataset.



Figure 2. Descriptive Statistics

A. Geographic distribution of breathalyzer readings

Alt text: A map of the United States with red dots representing locations of reported BAC readings.

B. Distributions of BAC level, BAC guess, and estimation types

Alt text: Colored dots represent each BAC at different BAC levels and self-estimations, also depicted as a pie chart

and frequency bars.



Figure 3. Repeated Breathalyzer Self-Assessment Predicted Increased BAC Self-estimation

Accuracy

Note. Error bar represents 95% confidence interval for the median self-estimation error (adjusted
percentage difference). Values displayed in the above figure are estimated directly from raw data
(vs trend lines derived from multilevel models). Figure illustrates change across 40 instances of
BAC feedback, which was the average number of breathalyzer self-assessments across
participants in the larger dataset.

Alt text: A bar graph of median BAC self-estimation error across BAC self-assessment, with 95% confidence

interval as error bars.



Figure 4. Initial Drinking Level (Light vs. Heavy) Moderated Relationship between

Repeated BAC Self-assessment and Both BAC Levels and BAC Underestimation

Note. Error bar represents 95% confidence interval for the median BAC level. Blue bars and
trendline represent participants who initially consumed alcohol at light levels. Purple bars and
trendline represent participants who initially consumed alcohol at heavy levels. Values displayed
in the above figure are estimated directly from raw data (vs trends derived from multilevel
models). Figure illustrates change across 40 instances of BAC feedback, which was the average
number of breathalyzer self-assessments across participants in the larger dataset.

Alt text: A double bar graph of median BAC on top of two trendlines of underestimation patterns across BAC self-

assessments, split by heavy/light drinking.
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