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Abstract

Biosensors have been developed to measure transdermal alcohol concentration (TAC), but 

converting TAC into interpretable indices of blood/breath alcohol concentration (BAC/BrAC) is 

difficult because of variations that occur in TAC across individuals, drinking episodes, and 

devices. We have developed mathematical models and the BrAC Estimator software for calibrating 

and inverting TAC into quantifiable BrAC estimates (eBrAC). The calibration protocol to 

determine the individualized parameters for a specific individual wearing a specific device requires 

a drinking session in which BrAC and TAC measurements are obtained simultaneously. This 

calibration protocol was originally conducted in the laboratory with breath analyzers used to 

produce the BrAC data. Here we develop and test an alternative calibration protocol using drinking 

diary data collected in the field with the smartphone app Intellidrink to produce the BrAC 

calibration data. We compared BrAC Estimator software results for 11 drinking episodes collected 

by an expert user when using Intellidrink versus breath analyzer measurements as BrAC 

calibration data. Inversion phase results indicated the Intellidrink calibration protocol produced 

similar eBrAC curves and captured peak eBrAC to within .0003%, time of peak eBrAC to within 

18 minutes, and area under the eBrAC curve to within .025% alcohol-hours as the breath analyzer 

calibration protocol. This study provides evidence that drinking diary data can be used in place of 

breath analyzer data in the BrAC Estimator software calibration procedure, which can reduce 

participant and researcher burden and expand the potential software user pool beyond researchers 

studying participants who can drink in the laboratory.
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1. Introduction

1.1 Background

The alcohol research and treatment communities have long recognized the potential value of 

being able to passively obtain continuous quantitative measures of alcohol levels of people 

drinking in naturalistic settings. This is viewed as an improvement from methods that rely on 

breath analyzers and drink diaries, which have either heavy subject burden or large time gaps 

between assessment points, hinder naturalistic drinking behavior, and may not be accurate 

even when individuals are trying to be compliant (e.g., breath analyzer readings being too 

high due to mouth alcohol or too low due to not taking deep lung breaths; drink diaries being 

inaccurate due to not knowing the alcohol content of a drink or the amount consumed). In a 

recent series of Challenges in 2016 and 2017 on Wearable Alcohol Biosensors, NIAAA 

(2016, 2017) requested the development of biosensor technology to give researchers 

additional tools for studying the effects of alcohol and to give consumers valuable personal 

data. They emphasized the importance of these biosensors being quantitative, well-calibrated 

devices if they are to be used effectively to objectively measure of alcohol consumption.

To date, the alcohol biosensors with the most promise for doing this have been those 

measuring transdermal alcohol concentration (TAC), the amount of alcohol diffusing 

through the skin. The measurement of TAC has been shown to be relatively easy to measure 

via electrochemical sensors placed on the skin (Swift & Swette, 1992). Several TAC devices 

have been available to the legal system and to alcohol researchers for decades (e.g., AMS 

SCRAM®, Giner WrisTASTM) and others are under development with the intent to be 

commercially available to the public (e.g., BACtrack Skyn®, Milo PROOFTM). An often 

overlooked, yet critical issue for these devices, is that the raw TAC data they record do not 

consistently relate to breath and blood alcohol concentrations (BrAC/BAC) across 

individuals, devices, and environmental conditions (see Figure 1; Swift, 2000; 2003; Swift & 

Swette, 1992). Unlike a breath analyzer, which relies on a relatively simple model that is 

reasonably robust across people (Dominick, 1990; Labianca, 1990), the transport and 

filtering of alcohol by the skin is physiologically more complex and based on a number of 

factors that differ across individuals (e.g., skin layer thickness, tortuosity) and drinking 

episodes within individuals (e.g., temperature, skin hydration), as well as across devices (e.g. 

hardware variations; Dumett et al., 2008; Leffingwell et al., 2013). Addressing this 

variability in the TAC-BrAC/BAC relationship is difficult, but necessary to produce 

interpretable estimates of alcohol in the body (Webster & Hampton, 2007a, 2007b). Thus, 

the development of a reliable and valid processing system for converting TAC into 

quantitatively and temporally accurate estimates of BrAC (eBrAC) is needed to allow for the 

passive, accurate, and precise monitoring of alcohol consumption patterns and levels in 

naturalistic settings (Barnett, 2014; Dougherty et al., 2012; Karns-Wright et al., 2017; Swift 

& Swette, 1992).

With the development and dissemination of such a quantitative processing system, alcohol 

researchers would be able to obtain eBrAC from TAC data at the required resolution for 

advancing a great variety of experimental and analytic studies on alcohol-related 

phenomena, including studies aimed at understanding differences between social and 
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problem drinkers, acute and long-term consumption and consequences, progression of 

drinking (e.g. initiation, harmful use, dependence), symptomatology of dependence (e.g., 

sensitization, craving, tolerance, withdrawal), evaluation of clinical interventions, and 

development of prevention programs. This system also could help clinicians and physicians 

monitor patients in personalized prevention and treatment efforts and be an important 

component of precision medicine. Finally, being able to quantitatively monitor real-time 

alcohol levels is now recognized as broadly applicable to lay individuals monitoring their 

own personal health and for public safety.

1.2 Prior development of a TAC-BrAC physics/physiological-based model and BrAC 
Estimator conversion and consolidation software

Over the past decade, our research team has been developing a data analysis system to 

accompany TAC devices that produces quantitative eBrAC from TAC data (Dai, Rosen, 

Wang, Barnett, & Luczak, 2016; Dumett et al., 2008; Rosen, Luczak, Hu, & Hankin, 2013; 

Rosen, Luczak, & Weiss, 2014). We developed a two-step mathematical modeling process 

(calibration, inversion) based upon a first principles forward model consistent with human 

physiology for the transport and filtering of alcohol from the blood through the skin to the 

TAC device, and its inversion back to the blood/breath (Banks & Ito, 1997; Curtain & 

Salamon, 1986; Gibson & Rosen, 1988; Pritchard & Salamon, 1987). In the calibration 

phase of the modeling process, simultaneously-collected TAC and BrAC data from a single 

drinking episode are used to determine the individualized parameter values of the forward 

model for a particular person wearing a particular TAC device (i.e., the “person-device 

pair”). Then, in the inversion step of the modeling process, the individualized parameters 

determined in the calibration phase are used to invert the model and produce eBrAC from 

the TAC data of all subsequent drinking episodes without requiring any additional BrAC 

data.

These models have been compiled in our BrAC Estimator software program (Luczak & 

Rosen, 2014). The software uses simultaneously-collected TAC and BrAC data from a 

calibration drinking episode to choose optimal values for the model parameters for a person-

device pair (calibration phase), and then uses these individualized parameter values to invert 

TAC into eBrAC for all subsequent drinking episodes during which the TAC device is worn 

(inversion phase). The software produces as output an eBrAC data point for every TAC 

reading (placed in the original data file as a new column), plots of the TAC and eBrAC 

curves, and summary scores for each drinking episode, including peak eBrAC, time of peak 

eBrAC, and area under the drinking curve, AUC. We refer to this system as a BrAC 

estimator, but the system will produce eBAC if the models are calibrated with BAC data 

instead of with BrAC data.

1.3 Prior data collection protocols for obtaining the calibration data

In our original calibration data collection protocol, the simultaneously-collected BrAC (via a 

breath analyzer) and TAC (via the biosensor device) data are obtained during a laboratory 

alcohol administration session (Fairbairn et al., submitted; Luczak & Rosen, 2014; Luczak, 

Rosen, & Wall, 2015). We showed this laboratory calibration protocol produced well-fitting 

curves in the calibration phase, and in the inversion phase produced peak eBrACs that were 
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on average within .01mg% alcohol of peak BrACs, within 30 minutes for time of peak, and 

within .01–.02mg% alcohol-hours for AUC of breath analyzer readings taken by an expert 

user at 30-minute intervals during 11 drinking episodes (Luczak & Rosen, 2014, Rosen et 

al., 2014). This calibration procedure, however, requires a full day in the laboratory and thus 

has high researcher and subject burden. In addition, this procedure would not be appropriate 

in some circumstances (e.g., with individuals trying to abstain) and would not feasible for 

lay users and clinicians/physicians who do not have access to an alcohol administration 

laboratory and medical-grade breath analyzers.

In a recent study (Dai et al., 2016), we investigated if we could use alternative methods to 

obtain the BrAC data required to calibrate the model for the person-device pair that would 

be less burdensome than our original calibration data collection protocol. We replaced the 

breath analyzer BrAC data obtained in the laboratory with an estimated BrAC calculated 

from drinking diary data of a single controlled drinking episode (note that this is also an 

“estimated BrAC”, but to distinguish such methods from the eBrAC derived from the 

software we will refer to this as “calculated BrAC”). This was done by using six well-

established relatively simple linear models (Carey & Hustad, 2002; Forrest, 1986; Lewis, 

1986; Matthews & Miller, 1979; NHTSA, 1994; Watson, Watson, & Batt, 1981) and a 

dynamic nonlinear Michaelis-Menten model for the enzyme catalyzed metabolism of 

ethanol in the liver (Goudar, Sonnad, & Duggleby, 1999) to convert the diary-recorded 

number of standard drinks into calculated BrAC using the same dataset as in Luczak and 

Rosen (2014). We then tested how using these seven sets of calculated BrAC in place of the 

breath analyzer data altered the calibration and inversion phase results. Our results indicated 

that using the non-linear physiological-based models to convert the drinking diary data into 

calculated BrAC most closely approximated the breath analyzer BrAC curve and resulted in 

only minimal degradation of the parameter estimates in the calibration phase. When these 

drinking diary-produced calibration parameters were used to invert 10 subsequent drinking 

sessions in the inversion phase, they provided values close to those obtained using the breath 

analyzer-produced calibration parameters—capturing on average peak BrAC to within 

0.003% alcohol, time of the peak to within 17 minutes, and AUC to within 0.01% alcohol–

hours.

1.4 Current study

In the current study, we tested whether we could further reduce the burden of the calibration 

data collection protocol by using drinking diary data obtained and converted into a 

calculated BrAC curve via a smart phone app Intellidrink. This would provide an alternative 

calibration data collection procedure that would make it possible for a lay user to enter 

drinking data in real-time during a drinking session of his/her choice. Furthermore, if the 

phone app were automatically synchronized with the output from the TAC device and 

directly entered as the calibration data into the BrAC Estimator software, this would also 

reduce researcher/administrator burden. Here we report on our efforts to create such an 

integrated data collection and processing system. To test how well this alternative calibration 

data collection protocol worked, we compared the calibration and inversion output results of 

the BrAC Estimator software when using this new data collection protocol compared with 
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when using the laboratory breath analyzer data collection protocol that we used in Luczak 

and Rosen (2014).

2. Materials and Methods

2.1 Creating an integrated data collection system

The Intellidrink smart phone app uses Widmark equations (Forrest, 1986; Watson et al., 

1981) to model alcohol absorption, metabolism, and elimination and calculate BrAC. One 

author (RW) modified the Intellidrink app to have the wireless transmission of the data go 

directly to the BrAC Estimator software. The app requires the user to enter basic 

demographic data once and then for each drinking episode to enter the type of alcohol, 

number of standard drinks consumed and times at which they were consumed, and estimated 

fullness of stomach. Figure 2 shows three screen shots of the app to provide examples of 

how data are entered into the app, displayed by the app, and exported for this study.

The BrAC Estimator software has previously been described in detail (Luczak & Rosen, 

2014). Three authors (ZD, IGR, and CW) modified the software to be compatible with 

Intellidrink. The software also was modified to automatically use the episode with the breath 

analyzer or Intellidrink data as the calibration episode and to automatically identify all 

drinking episodes. For each episode identified, as in prior versions, the software output 

includes comprehensive reports and plots of eBrAC signal and summary measures including 

peak, time of peak, and AUC. The software also writes back to the TAC data file a new 

column of eBrAC data for every raw TAC data point.

2.2 Data

We used the same dataset we previously showed produced well-fitting models when 

calibrated with breath analyzer data (Luczak & Rosen, 2014, Rosen et al., 2014) and when 

calibrated with a paper drinking diary data entered into a non-linear model (Dai et al., 2016). 

This dataset was obtained from a single expert subject, which enabled us to test the model fit 

and software output using highly accurate breath analyzer and drinking diary data without 

individual- and device-level variation; this means differences in the software output were 

only due to BrAC calibration data and episode-level variations.

We briefly describe the dataset (see Luczak & Rosen, 2014 for additional details). One of 

the authors (SEL) wore a WrisTAS™ 7 sensor set to take readings every 5 minutes over an 

18-day period. The first drinking episode was a standard laboratory calibration session with 

alcohol consumed evenly over the first 15 minutes of the session designed to reach a peak of 

approximately .050%, and the next 10 episodes were naturalistic drinking episodes in the 

field. During drinking episodes, she maintained a real-time drinking diary and collected 

breath measurements with an Alco-sensor IV (Intoximeters, Inc., St. Louis, MO) at 30-

minute intervals (15-minute intervals in the first two episodes). Table 1 shows the alcohol 

types, consumption levels and durations, and data obtained for the 11 drinking episodes.

Another author (AH) entered the drinking diary data into the Intellidrink app for all drinking 

episodes. In the actual protocol of the new calibration method, this information would be 

entered by the drinker in real time for a single drinking episode of his/her choice (and no 
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breath analyzer data would be required). Because we were testing the accuracy of this 

protocol in this study, we entered diary data for all 11 episodes to examine how each episode 

performed as the calibration episode. Person-level data entered once into the app included 

age, height, weight, gender, and drinking frequency (rare, occasional, frequent). Episode-

level data included the type of alcohol (wine, beer, liquor) and percent alcohol (if known), 

stomach content (empty, half, full), drinking start time, and cumulative standard drinks 

consumed at each time point recorded in the diary. The data were then synthesized in the 

BrAC Estimator software by importing the downloaded TAC excel file and Intellidrink .csv 

file and running the software program in automatic mode.

2.3 Data analysis

We denote the output from the BrAC Estimator software calibrated with raw breath analyzer 

data as the “eBrACraw” method and the output calibrated with Intellidrink app as the 

“eBrACapp” method. To compare these two calibration methods, we examined the BrAC 
Estimator software outputs of the eBrAC plots and the absolute differences in the summary 

scores of Peak (% alcohol), Time of Peak (hours), and AUC (% alcohol-hours) between the 

two methods (eBrACraw - eBrACapp). We also report the differences between the output of 

these two calibration methods and the raw breath analyzer data (“BrAC”); to calculate the 

AUC of the BrAC, we fit the data points to a smooth piecewise polynomial curve (Schultz, 

1973). For additional reference, we include the raw TAC data from the biosensor (“TAC”) in 

the tables and figures. We calculated pair-wise t-tests and correlations among the three sets 

of values (from BrAC, eBrACraw, eBrACapp), recognizing that any statistics for only 10–11 

scores should be interpreted with caution.

3. Results

3.1 Calibration phase

Table 2 shows the Peak, Time of Peak, and AUC values for BrAC, eBrACraw, eBrACapp, and 

their mean differences from one another when each of the 11 episodes was used as the 

calibration session. Example plots of the curves are shown in Figure 3 for Episode 1 where 

eBrACraw and eBrACapp Peak matched closely and for Episode 5 where the summary scores 

were the most discrepant.

Peak eBrAC—Peak eBrACapp was on average within .002 (+/−.004% alcohol) of Peak 

eBrACraw and the two were correlated at .97 (p < .001). The two peak values differed by 

more than .005, the reliability level of the breath analyzer, only in Episodes 5 (.011%) and 

11 (.006%). The mean difference from Peak BrAC was significant for eBrACapp (.005%, p<.

05), but not for eBrACraw (.002%).

Time of Peak eBrAC—Time of Peak eBrACapp on average was within 19 minutes (.32 

hours +/− .28 hours, p<.01) of Time of Peak eBrACraw and the two were correlated at .95 

(p<.001). The difference in Time of Peak was under 30 minutes, the time between BrAC 

readings, for all but Episodes 1 (35 minutes) and 5 (46 minutes). The mean difference from 

Time of Peak BrAC was significant for eBrACapp (26 minutes, p<.01), but not for eBrACraw 

(7 minutes).
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Area Under eBrAC Curve—The AUC eBrACapp on average was within .027 (+/− .025% 

alcohol–hours, p<.01) of AUC eBrACraw and the two were correlated at .99 (p<.001). The 

AUC difference was over .050 only in Episode 5 (.095). The mean difference from AUC 

BrAC was significant for eBrACapp (.033% alcohol–hours, p<.01), but not for eBrACraw (.

006% alcohol–hours).

3.2 Inversion phase

We then used the model calibrated with Episode 1, the laboratory drinking session that was 

the calibration episode in the original protocol, to invert the TAC data for each of the 

subsequent 10 drinking episodes (see Table 3). Example plots of the curves are shown in 

Figure 4 for Episode 11 where eBrACraw and eBrACapp Time of Peak matched closely and 

for Episode 4 where they were more discrepant.

Peak eBrAC—Peak eBrACapp was on average within .0003 (+/−.004% alcohol) of Peak 

eBrACraw and the two were correlated at .99 (p < .001). Peak values differed by more than .

005 only in Episode 5 (.006%). The mean difference from Peak BrAC was not significant 

for either eBrACapp (.007%) or eBrACraw (.007%).

Time of Peak eBrAC—Time of Peak eBrACapp was on average within 18 minutes (.30 

hours +/− .17 hours, p<.001) of Time of Peak eBrACraw and the two were correlated at .97 

(p<.001). The difference in Time of Peak was less than 30 minutes in all episodes. The mean 

difference from Time of Peak BrAC was significant for eBrACapp (30 minutes, p<.05), but 

not for eBrACraw (12 minutes).

Area Under eBrAC Curve—The AUC eBrACapp on average was within .025 (+/− .027% 

alcohol–hours, p<.05) of AUC eBrACraw and the two were correlated at 1.00 (p<.001). The 

AUC difference was over .050 only in Episode 5 (.089). The mean difference from AUC 

BrAC was not significant for either eBrACapp (.034% alcohol–hours) or eBrACraw (.009% 

alcohol–hours).

4. Discussion

4.1 Main findings

Results of this study indicate that using a real-time calibration protocol that only requires the 

user to enter drinking diary data into a commercially available smartphone app for a single 

drinking episode produces relatively similar results in the BrAC Estimator software as using 

a highly regimented laboratory alcohol administration with breath analyzer data obtained by 

trained research staff. The accuracy of the eBrAC output, however, did show some 

degradation when using the smart phone calibration method compared with the eBrAC 

laboratory method, moreso for time of peak than the actual peak value. The amount of 

quantitative precision required for each research question will vary, so researchers will need 

to weigh the costs and benefits of obtaining detailed laboratory calibration data to provide 

more accurate output versus a simpler calibration procedure that produces some additional 

variability but has lower burden and risk. For lay users and clinicians for whom laboratory 
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calibration with medical-grade devices is not an option, this new protocol integrated into a 

hybrid data analysis system makes it possible to use the BrAC Estimator software.

We previously showed that 32 participants were willing and able to record drinking diary 

data on smart phones as part of a larger real-time assessment battery over a 2-week period of 

naturalistic drinking (Luczak et al., 2015). We were not able to obtain accurate field breath 

analyzer BrAC data to compare with the real-time drinking diary data so we could not 

determine the accuracy of the diary data, but the results of the diary compliance were very 

promising. In the Intellidrink app calibration protocol examined in this study, the actual 

protocol would allow the user to choose the episode to record a drinking diary, which should 

help maximize the likelihood of obtaining accurate self-report data (e.g., when drinking 

known quantities of alcohol such as bottles of beer, in a private setting, with people who are 

tolerant of interruptions to socializing). Testing how accurate the diaries are from typical 

device wearers will be done in future studies.

4.2 Study limitations and future directions

The results of this study should be viewed within its limitations, including utilizing a single 

expert user to collect the data, low-to-moderate alcohol consumption that resulted in low-to-

moderate BrACs, and relatively short periods of drinking. This study does not prove that the 

models or the drinking diary calibration procedure work across individuals. How these 

results from a single expert subject fit with additional subjects, higher alcohol quantities, and 

more varied patterns of drinking (i.e., fast/slow and short/long temporal patterns of 

consumption) needs to be determined. Future research will test the BrAC Estimator 
calibration methods using more varied consumption patterns and peak BrACs, as well as 

participants who vary on factors such as skin thickness, height, weight, gender, ethnicity, and 

age. Obtaining these data would allow us to conduct sensitivity analyses and examine 

within- and between-subject covariates that affect model fit.

Several modifications to the models and protocols also may enhance the system. It is 

possible the field drinking diary method could be improved by incorporating non-linear 

models (e.g., Dai et al, 2016). In addition, the BrAC Estimator calibration scheme could be 

adapted such that if drinking diary were available from multiple drinking episodes, the 

software could incorporate all available data to produce more accurate estimates. There also 

is a need to establish a baseline model (i.e., population-based parameters) when no 

individual-level calibration data are available. Finally, the software currently inverts an 

episode once it has the TAC data, but we plan to test models that use machine learning and 

auto-regressive moving average models to generate real-time eBrAC, which could be 

displayed to individuals wishing to view their eBrAC during drinking episodes.

This study used a TAC device and currently these are the most well-established alcohol 

biosensor devices, but the conversion models and software system in the BrAC Estimator 
software are applicable to any biosensor device, with some adjustment, that measures 

alcohol content in the body using optical, thermal, infrared, chemical, or electronic 

technology. As bioengineering companies develop biosensor devices that are more reliable, 

precise, durable, inexpensive, and appealing to the wearer, this need to adapt various forms 

of alcohol biosensor data into meaningful eBrAC becomes even more critical. Our end goal 
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for this research program is to produce a single smart phone app that automatically 

integrates alcohol biosensor data, drinking diary calibration data, and the BrAC Estimator 
software to produce eBrAC signals and summary scores, which would be a powerful tool for 

researchers, clinicians, and lay users who wish to unobtrusively obtain quantified alcohol 

consumption levels in naturalistic settings. Producing this system as a stand-alone program 

as well as a plug-in for other software (e.g., health monitors, intervention smart phone apps) 

would maximize the versatility of this technology.

4.3. Conclusions

The development of an integrated system that converts TAC into continuous measures of 

eBrAC and produces drinking episode summary scores makes it possible for researchers to 

obtain reliable, quantitative eBrACs in naturalistic settings. Here we showed that calibrating 

the BrAC Estimator software models using drinking diary data entered into the Intellidrink 
app produced relatively similar results as using breath analyzer data obtained in the 

laboratory. Thus, using this type of hybrid data collection system becomes a potential 

alternative method for calibrating the software model to the individual when it is not 

possible to do so in a laboratory setting. To be able to obtain eBrAC with this simplified 

calibration method would greatly reduce participant and researcher burden, expand the 

utility of TAC biosensors to non-researchers, and improve the ease of using the BrAC 
Estimator software. This important step in the development of the BrAC Estimator software 

expands its use as a tool for passively monitoring naturalistic alcohol consumption.
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Figure 1. Corresponding BrAC (red crosses) and TAC (black crosses) data for two drinking 
episodes
TAC is delayed compared with BrAC in both episodes, but TAC reaches a higher percent 

alcohol than BrAC in the left panel and a lower percent alcohol in the right panel, indicating 

the lack of a consistent relationship between BrAC and TAC data.
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Figure 2. Screenshots of the Intellidrink app
Drinking diary is entered by drink type or actual brand of alcohol (left panel) and the 

program calculates a BrAC curve (center panel). The app was modified to export the 

calculated BrAC curve directly into the BrAC Estimator software (right panel) to be used 

with simultaneously-collected TAC data to calibrate the model and produce the 

individualized parameter values for the person-device pair (i.e., the eBrACapp method).
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Figure 3. Calibration results
Plots shown for Episode 1 in the left panel, where the two calibration data-collection 

methods (eBrACraw from breath analyzer data shown in red solid line, and eBrACapp from 

Intellidrink app drinking diary data shown in purple dashed line) capture Peak within .001 of 

one another, and for Episode 5 in the right panel, which had the largest Peak discrepancy 

between the two calibration methods at .011.
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Figure 4. Inversion results using Episode 1 as the calibration session
Differences in Peak eBrACs for the two calibration methods (eBrACraw from breath 

analyzer data shown in red solid line, and eBrACapp from Intellidrink app drinking diary 

data shown in purple dashed line) only differed by .001–.006 in all episodes, whereas the 

difference in Time of Peak eBrAC for the two calibration methods was short in Episode 11 

at 3 minutes shown in the left panel and longer in Episode 4 at 29 minutes shown in the right 

panel.
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