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Abstract  

Aims: While nationally representative alcohol surveys are a mainstay of public health monitoring, they underestimate consumption 

at the population level. This paper demonstrates how to adjust individual-level survey data using aggregated alcohol per capita 

(APC) data for improved individual- and population-level consumption estimates. 

Design and Methods: For the period 1984–2020, data on self-reported alcohol consumption in the past 30 days were taken from 

the Behavioral Risk Factor Surveillance System (BRFSS) involving participants (18+ years) in the United States (US). Monthly 

abstainers were reallocated into lifetime abstainers, former drinkers, and 12-month drinkers using the 2005 National Alcohol Survey 

data.  To correct for under-coverage of alcohol use, we triangulated APC and survey data by upshifting quantity (average 

grams/day) and frequency (drinking days/week) of alcohol use based on national- and state-level APC data. Results were provided 

for the US as a whole and for selected states to represent different drinking patterns. 

Findings: The corrections described above resulted in improved correspondence between survey and APC data. Following our 

procedure, national estimates of alcohol quantity increased from 45% to 77% of APC estimates. Both quantity and frequency of 

alcohol use were upshifted; by upshifting to 90% of APC, we were able to fit trends and distributions in APC patterns for individual 

states and the US. 

Conclusions: An individual-level dataset which more accurately reflects the alcohol use of US citizens was achieved. This dataset 

will be invaluable as a research tool and for the planning and evaluation of alcohol control policies for the US. The methodology 

described can also be used to adjust individual-level alcohol survey data in other geographical settings. 
 

 

Introduction 

Data from nationally representative surveys provide a 

foundation for public health surveillance to investigate 

trends in alcohol consumption in different 

sociodemographic subgroups and the general population. In 

almost all cases these surveys underestimate the overall level 

of consumption (Kilian et al., 2020; Midanik, 1988; 

Midanik, 1982). To correct for this under-reporting, the 

usual method used in epidemiological studies to estimate the 
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burden of disease and mortality attributable to alcohol use 

(such as comparative risk assessments) involves the 

triangulation (i.e., combination) of alcohol per capita 

consumption (APC) and survey data (Manthey et al., 2019; 

Rehm et al., 2007); i.e. an upshifting of survey responses.  

APC is considered the most reliable indicator for the overall 

level of alcohol consumption in a jurisdiction (Gmel & 

Rehm, 2004).  However, as it is mainly derived from social 

statistics (sales data, or production figures; Poznyak et al., 

2013; Rehm et al., 2007), it only provides one measure of 

alcohol consumption volume, and does not allow for 

disaggregation into drinking patterns by different 

sociodemographic groups. This disaggregation must be done 

using population surveys (Manthey et al., 2019; Rehm et al., 

2007) with survey data being used as a second indicator for 

level of drinking and to inform patterns of drinking across 

population subgroups.  Survey estimates therefore need to be 

corrected to obtain realistic and representative alcohol use 

models for the general population (Rehm, Kilian, & 

Manthey, 2021; Rehm, Kilian, Rovira, et al., 2021). By 

triangulating APC and survey data, we can address both of 

their limitations and achieve a more accurate and 

representative estimate of alcohol consumption including 

that of different population subgroups.  Triangulation is the 

standard procedure used in aggregate-level modelling 

(Manthey et al., 2019), and has been used to adjust drinking 

data for the United States (US) at the aggregate level, 

whereby drinking variables are adjusted for demographic 

subgroups and not for individuals (Subbaraman et al., 2020). 

For policy modelling methods for which the unit of analysis 

is the individual, such as microsimulation, an adjusted 

individual-level dataset is required. Currently, a method 

does not exist to triangulate population-based surveys with 

APC data at the individual level. Microsimulation 

techniques have been introduced into the social sciences to 

understand if and how individual-level processes and 

interactions between individuals can better explain macro-

level phenomena (Epstein & Axtell, 1996; Gilbert & 

Troitzsch, 1999).  While such techniques hold promise, their 

application in alcohol research to date has been modest (for 

exceptions, see Giraldo et al., 2017; Gorman et al., 2006; 

Julien et al., 2020; Julien et al., 2021; Probst et al., 2020; Vu 

et al., 2020) and have tended to assess theory-focused 

hypotheses, usually based on artificial and small 

populations. They have yet to be used more widely in 

epidemiology or policy-modeling applications. However, 

the accuracy, empirical foundation, and representativeness 

of the input data is paramount for the usefulness of the model 

(e.g., Katikireddi et al., 2014); this requires an adjusted 

individual-level dataset. 

This article describes how to construct an adjusted 

individual-level dataset that can be used for microsimulation 

modelling, the generation of macro-level consumption 

patterns to be used in model calibration and validation, and 

in the more conventional epidemiological modelling of 

alcohol-related harm. Accordingly, this contribution 

describes the process of triangulation of survey data to build 

an adjusted dataset based on identifiable individual drinking 

groups to be used in the modelling of the effects of alcohol 

control policies in the US, and in individual US states. 

Methods 

Behavioral Risk Factor Surveillance System (BRFSS) 

data 1984–2020 

The Behavioral Risk Factor Surveillance System (BRFSS) 

is a state-based surveillance system of telephone surveys that 

collects data from US residents in 50 states and Washington 

DC regarding their health-related risk behaviors, chronic 

health conditions, and use of prevention services. It is the 

largest continuously conducted annual cross-sectional 

telephone survey system for alcohol use currently operating 

in the US (Centers for Disease Control, 2019). The BRFSS 

is notable for being the only state and nationally 

representative alcohol use dataset for the US that is freely 

available and covers the period from the 1980s to the present 

day; all other surveys either do not cover extended periods 

of time with annual surveys, and/or are not representative at 

the state and national level. However, long-term estimates of 

alcohol use are important in determining exposure risk for 

chronic conditions such as liver cirrhosis. Data collected 

from each state can then be pooled to produce nationally 

representative estimates. Accordingly, the BRFSS allows for 

consistency and comparability between states, and for the 

whole country.  We used BRFSS data collected between 

1984 and 2020 and the available sample (after removing 

missing alcohol consumption and demographic data) was 

11,764 in 1984 and 330,446 in 2020. Sample sizes available 

in each year and detailed information about missing data in 

the BRFSS are available in the Supplementary Material 

(Tables S4 – S5).  

BRFSS Alcohol Consumption Data 

We included all adults (18 years of age or older) from the 

BRFSS data who answered telephone interview questions on 

the frequency and quantity of their alcohol consumption.  

We used the two core alcohol questions in the BRFSS to 

assess alcohol consumption among US adults.  The first asks 

respondents: ‘During the past 30 days, how many days per 
week or per month did you have at least one drink of any 

alcoholic beverage?’  The second asks about the quantity of 
alcohol consumed: ‘On the days when you drank, about how 
many drinks did you drink on average?’. We first calculated 
average daily alcohol consumption by multiplying the 

number of drinking-days in the past month by the average 

number of drinks per drinking day, and then dividing this 

product by 30.  To convert this into average grams of pure 

ethanol consumed per day we multiplied it by 14 grams, as 

per the US standard drink size (National Institute on Alcohol 

Abuse and Alcoholism [NIAAA], 2020). For illustration 

purposes to compare unadjusted and adjusted estimates, 

alcohol consumption was also categorized into the following 

four categories defined by the World Health Organization 

(WHO; World Health Organization, 2000): Abstainers 

(previous 12 months), Category I (up to 20 [women] or 40 

[men] grams per day), Category II (21–40 [women] or 41–
60 [men] grams per day), Category III (41–60 [women] or 

61–100 [men] grams per day) and Category IV (61+ 

[women] or 101+ [men] grams per day).  

National Alcohol Survey (NAS) Alcohol Consumption 

Data 
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The 2005 National Alcohol Survey (NAS; Alcohol Research 

Group, 2019) is a nationally representative survey consisting 

of 6,919 Computer Assisted Telephone Interviews (CATI) 

sampled using a Random Digit Dial (RDD) to landline 

phones. The target population of NAS surveys was the 

noninstitutionalized household adult population of the US 

and sampled adults aged 18 and older from 50 US States and 

Washington DC. Details about NAS series are reported 

elsewhere (Kerr et al., 2009; Kerr et al., 2013).  

Data Sources for Alcohol Per Capita  

APC data for the US and for individual states were based on 

surveillance reports by the NIAAA for 1977–2020 (Slater & 

Alpert, 2020). The surveillance reports use sales data for 

alcoholic beverages collected by the Alcohol Epidemiologic 

Data System for individual states and from the National 

Alcohol Beverage Control Association alongside reports 

from beverage industry sources. Per capita consumption is 

calculated using denominators from US Census population 

data. APC data were converted from liters per year to grams 

per day by assuming a density of 793 g/L (WHO, 2018).  

Issues with the BRFSS in the estimation of individual-level 

alcohol consumption 

The BRFSS has two major problems when used to generate 

estimates of individual-level alcohol use. First, it does not 

provide an estimate for past-year abstainers given its time-

frame of 30 days (as noted above, yearly data are necessary 

for triangulation), and it does not separate past year from 

lifetime abstainers (for more details on categories of 

abstainers, see Manthey et al., 2019). Distinguishing 

between categories of abstainers is important, as these are 

differentially linked to burden of disease: past-year 

abstainers often quit drinking for health reasons and have 

higher health risks relative to lifetime abstainers (Rehm, 

Gmel, et al., 2017; Rehm, Sherk, et al., 2017). Second, as 

with almost all surveys, the BRFSS underestimates drinking 

by heavy drinkers and persons with alcohol use disorders in 

part due to its sampling frame, which excludes or 

underrepresents military personnel, institutionalized 

populations, or people with transient housing including the 

homeless (Shield & Rehm, 2012). In addition to sampling 

biases, survey estimates of level of consumption in a 

population may be affected by individual answering 

behaviours, including choosing not to respond to a survey, 

memory bias (Nguyen-Louie et al., 2016), problems in 

conceptualising own drinking behaviour based on standard 

drinks (Bond et al, 2014), and the tendency to present oneself 

in a positive light as a non-heavy drinker i.e., social 

desirability bias (Davis et al., 2010). The steps taken to 

address some of these limitations are outlined below.  

Standard Procedures of Triangulation 

Due to the above noted issues with the BRFSS individual-

level survey data, triangulation was necessary to generate 

more realistic annual estimations of drinking behavior for 

the US and individual states. Triangulation refers to the 

combination of several data sources and is required due to 

the limited time frame of the BRFSS survey data, and the 

documented under-recording of drinking behavior in 

surveys. The standard procedures of triangulation are 

outlined in Figure 1.  

Figure 1 

Standard Procedures of Triangulation 

 

 

Steps to Adjust the BRFSS Survey Data Distinguishing Between Categories of Abstainers 
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We separated the group of 30-day abstainers as identified by 

the BRFSS between 1984 and 2020 into three subgroups: 

lifetime abstainers, abstainers over the past 12 months, and 

drinkers who drank in the past 12 months but abstained in 

the previous 30 days. To identify these subgroups, we used 

the 2005 NAS, described above, which distinguished 

between lifetime, past-year, past 30-day abstainers and 

current drinkers.  Specifically, the distributions of each 

subgroup from the 2005 NAS (Tables S1 – S3) by age group 

(18–34, 35–64, and 65+ years), sex, and race/ethnicity 

(White, Black, Hispanic, and Other) were used to allocate 

the population of BRFSS 30-day abstainers to a new 

subgroup using proportional sampling. Within each age, sex 

and race/ethnicity subgroup, individuals were randomly 

assigned to one of three new subgroups such that the NAS 

proportions matched the simulated proportions of 

individuals in each category. Cumulative probabilities were 

calculated using the proportions in Table S2. For each 

BRFSS individual, a random number between 0 and 1 was 

sampled and compared to the category specific cumulative 

probability to assign a new drinking category.  

Underestimation of Heavy Drinkers 

Heavy drinkers excluded from usual household surveys can 

be divided into two categories: (a) the non-institutionalized 

civilian population (e.g. homeless individuals) and (b) 

institutionalized non-civilian populations, including military 

personnel who seem to have developed a drinking culture 

that is distinct from the civilian population (Shield & Rehm, 

2012). Before triangulation we needed to adjust APC for 

groups that are excluded from the survey data (including 

active-duty military personnel and state and federal prison 

populations) but which contribute to the APC data. Between 

1984 and 2020, these special populations constituted 

roughly 1% each of total US population (range 0.98% to 

1.23%; Western & Travis, 2014). By assuming that these 

populations drink 50% more than the general population 

(Shield & Rehm, 2012), a downward adjustment to the APC 

was made with a uniform scale of 150% on the proportion of 

special populations (i.e., the adjusted APC = APC grams/day 

– [APC grams/day x 0.98% x 1.5]). 

Standard procedures of triangulation are based on the 

average level of consumption (e.g., Rehm et al., 2010), 

without accounting for the individual level frequency and 

quantity that make up individual drinking patterns and serve 

as the foundation for average levels of alcohol use. To 

correct for the underestimation of heavy drinkers, the 

quantity of alcohol consumption (in average grams/day) 

from the BRFSS was upshifted to adjusted APC data. The 

proportion of drinkers in revised BRFSS data (corrected for 

overestimation of abstainers and for exclusion of military 

personnel and prisoners) was applied to BRFSS drinking 

data to calculate per capita consumption of the BRFSS 

cohort. To upshift the consumption distribution, a correction 

of 90% to adjusted APC was used, given that some of the 

alcohol sold is not consumed due to broken containers or 

containers being incompletely consumed (WHO, 2018).  A 

ratio (r) was calculated by dividing the 90% adjusted APC 

by BRFSS average per capita consumption  for each year, to 

quantify the magnitude of underestimation of the BRFSS. 

The squared cube root of this ratio was multiplied by the 

frequency of alcohol consumption (fnew =  fold * r2/3) and 

quantity (in grams/day; qnew = qold * r2/3) to create upshifted 

estimates. The upshifted frequency and quantity were 

curtailed to 30 days per month, and 200 grams/day, 

respectively (Gmel et al., 2013). A cube root of the ratio was 

used to allocate heavier drinkers a larger upshift, as heavier 

drinkers are thought to more commonly under-report their 

alcohol use (Boniface et al., 2014). 

Scope of Results Presented 

We present results not only for the US as a whole but also 

for five selected states: Colorado (CO), New York (NY), 

Minnesota (MI), Tennessee (TN), and Texas (TX). These 

states were selected to present the heterogeneity of US 

drinking cultures as they included “wet” (CO, MI), 
“moderate” (NY, TX) and “dry” (TN) states (Kerr, 2010).   

Software Used 

All analyses were performed in R (R Core Team, 2013), and 

code to generate adjusted data is available open-source at 

https://bitbucket.org/r01cascade/improved_individual_esti

mates/src/master/. 

Results  

Re-Allocating Drinking Status in the BRFSS  

Adjusted distributions of 30-day abstainers are shown for 

Colorado, New York, Minnesota, Tennessee, and Texas in 

Figure 2. Initial estimates for 30-day drinking prevalence for 

the US ranged from 35.3% (1996) to 50.7% (1986) for 

women and 51.4% (1996) to 67.3% (1984) for men. After 

reallocating drinking status, annual prevalence of 12-month 

drinking for the US ranged between 60.0% (1996) and 

71.0% (1984) for women and 69.8% (1996) and 79.6% 

(1984) for men. Tables S6 – S7 provide estimates for each 

year and state. The adjusted distributions were a good fit to 

the observed proportions from the National Alcohol Survey 

data (Table S8).  

Comparison of Alcohol Grams Per Day in Adjusted and 

Unadjusted BRFSS Data 

The adjusted data showed a clear elevation of coverage rates, 

moving closer to the numbers seen in APC data. Coverage 

(the proportion of APC consumption recorded in the survey) 

of the unadjusted and adjusted BRFSS to alcohol per capita 

(APC) sales data is displayed in Figure 3 and Tables S9 – 

S10 for the US and individual states. For the US, initial mean 

coverage was 45% (SD = 4%) which increased to 77% (SD 

= 2%) in the adjusted dataset for the US. A comparison of 

the mean grams per day observed in the initial BRFSS data 

compared to the adjusted data showed a smooth yet elevated 

curve (Figure 4) with state-level data showing similar trends 

(Figure S1).  In sum, the results showed that we were able to 

establish an adjusted individual-level dataset and estimate 

annual population-level consumption that were consistent 

with both APC levels and the BRFSS survey distributions. 

Figure 2 

https://bitbucket.org/r01cascade/improved_individual_estimates/src/master/
https://bitbucket.org/r01cascade/improved_individual_estimates/src/master/
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Adjusted Distributions of 30-Day Abstainers 

 

Note: 30-day abstainers were re-allocated into lifetime abstainers, former drinkers and 30-day abstainers (annual drinkers) in the BRFSS 1984-

2020 for Colorado, Minnesota, New York, Tennessee, and Texas. Data are missing in years where alcohol use data was not collected in the BRFSS 

in that state in that year (see Supplementary Material and (Yi et al., 2003) for details of available annual alcohol use data for each state). 

 

Figure 3 

Mean Coverage Rate Averaged Over Time (1984-2020) in US States: : Comparing past-30 days drinking volume among drinkers 

in initial and adjusted BRFSS and APC data 

Note: Coverage refers to the proportion of APC consumption recorded in the survey data. 

 

Comparison of Levels of Alcohol Use 

The prevalence of individuals in each alcohol consumption 

category was compared for initial and adjusted data (Figure 

5). Table 1 shows the proportion of individuals (averaged 

over time) in each alcohol consumption category for the US 

based on calculations using the initial and adjusted data. Due 

to representing monthly drinking behavior, annual 

prevalence of abstainers was higher in the initial data with a 

mean of 40.7% (men) and 56.0% (women) which reduced to 

26.0% (men) and 34.5% (women) in the adjusted data. The 

largest relative changes were observed in the heaviest 

drinking category IV (60+ [women] and 100+ [men] 

grams/day), increasing by 0.6 percentage points for women 

(from 0.2% to 0.8%) and 1.2 percentage points for men 

(from 0.6% to 1.8%). Similarly, Table 2 shows initial and 

adjusted mean prevalence for frequency of drinking days. 
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The largest increases were seen for the highest category (25–
30 drinks/month), increasing by 2.9 percentage points for 

women (from 3.3% to 6.2%) and by 6.2 percentage points 

for men (from 8.5% to 14.7%).

 

Figure 4 

Comparison of Initial and Adjusted BRFSS Data Compared to Initial and Adjusted APC Sales Data on Alcohol Consumption 

in the United States 1984-2020 

 

Note: Adjusted BRFSS refers to the final adjusted value for the BRFSS after performing the upshifting procedure. Adjusted APC refers to the final 

adjusted value for APC after correcting for special populations and applying the 90% correction recommended by WHO. 

Figure 5 

Proportion of Individuals in Each Alcohol Consumption Category in Initial and Adjusted BRFSS Data  

 
Table 1 
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Mean Proportion (1984-2020) of Individuals in each 

Category of Alcohol Consumption in the US in Initial vs 

Adjusted BRFSS Data  

  Initial Adjusted  

Sex Category 

Mean 

(%) 

SD 

(%) 

Mean 

(%) 

SD 

(%) 

 

Ratio 

Women Abstainer1 56.0 2.2 34.5 1.6 0.6 

Women I 40.6 1.8 58.1 1.7 1.4 

Women II 2.6 0.6 5.0 0.5 1.9 

Women III 0.5 0.2 1.6 0.3 3.2 

Women IV 0.2 0.1 0.8 0.2 4.0 

Men Abstainer1 40.7 2.3 26.0 1.7 0.6 

Men I 54.6 1.7 63.8 1.4 1.2 

Men II 2.8 0.6 5.2 0.8 1.9 

Men III 1.3 0.4 3.2 0.5 2.5 

Men IV 0.6 0.2 1.8 0.3 3.0 

Note: Ratio represents the relative change from the initial to the 

adjusted proportion and is calculated by dividing the initial 
proportion by the adjusted proportion.  
1In the initial data abstainer refers to 30-day abstainer and after 

adjustment refers to 12-month abstainer.  
 

Table 2 

Mean Proportion (1984-2020) of Individuals by Categories 

of Alcohol Consumption Frequency in the US in Initial vs 

Adjusted BRFSS Data 

Sex 
Drinking 

frequency 

(days per 

month) 

Initial Adjusted Ratio 

 

Mean 

(%) 

SD 

(%) 

Mean 

(%) 

SD 

(%)  

Women 1-5 49.6 2.9 38.8 2.5 0.8 

 6-10 6.4 0.8 11.6 0.6 1.8 

 11-15 3.2 0.7 4.5 1.5 1.4 

 16-20 1.8 0.5 2.0 1.2 1.1 

 21-25 1.2 0.3 2.2 0.7 1.8 

 25-30 3.3 0.9 6.2 1.6 1.9 

Men 1-5 42.7 3.3 29.9 2.3 0.7 

 6-10 10.4 1.0 14.1 1.0 1.4 

 11-15 6.2 0.9 7.1 2.4 1.1 

 16-20 3.7 0.7 3.7 2.3 1.0 

 21-25 2.5 0.5 4.4 1.4 1.8 

 25-30 8.5 2.0 14.7 2.6 1.7 

Note: Ratio represents the relative change from the initial to the 

adjusted proportion and is calculated by dividing the initial 

proportion by the adjusted proportion. Drinking frequency is 
presented in categories, but the procedure was performed on 

continuous frequency data.  Consumption frequency is number of 

drinking days per month. 

Discussion 

The triangulation procedures described above improve 

estimates for state- and national-level alcohol consumption 

patterns. The procedure identified allows for the adjustment 

and upshift of the frequency of drinking and grams per day. 

This decomposition for the individual level, to our 

knowledge, has been achieved here for the first time. Using 

this new methodology, we can show not only matching 

trends to APC over time for the entire US, but also for 

individual states selected for separate policy modeling.  

Given that our method accounts for heavier drinkers 

underestimating their consumption in surveys more than 

lighter drinkers (Boniface et al., 2014), our estimates can 

suggest how much heavy drinking is currently being 

underestimated in the BRFSS survey. After applying our 

adjustment, the prevalence of individuals drinking in the 

heaviest drinking categories (over 60 or 100 mean grams per 

day for women and men, respectively) increased 

approximately three- to four-fold. When applying these 

proportions to the total US adult (18+) population in 2020 

(Ruggles et al., 2020) this would result in an additional 

1,520,493 men and 784,970 women in the US population 

drinking at the most hazardous levels.  

The procedure in this article can be adapted to produce 

comparable estimates for alcohol exposure in different 

jurisdictions.  However, it is based on several assumptions 

that require further discussion.  First, it assumes that the APC 

is an ideal estimate for overall consumption level (Gmel & 

Rehm, 2004), an assumption which seems reasonable for the 

US and the individual states given extant literature (Poznyak 

et al., 2013; Subbaraman et al., 2020). Second, it may be 

reasonable to suspect that much of the difference between 

the survey’s results and the APC is due to alcohol consumed 

by relatively small groups of heavy drinkers not covered by 

the usual representative surveys, such as the homeless, the 

institutionalized, or military personnel (Gmel & Rehm, 

2004; Rehm, 1998). If this reasoning is correct, then 

relatively little error is introduced by assuming that surveys 

can validly estimate abstainer rates.  In this exercise, military 

personnel were excluded by the BRFSS as a special 

population as it constituted under 1% of the general 

population.  By assuming these populations drink 50% more 

than the general population (Shield & Rehm, 2012), a 

downward adjustment to the APC was made. Further, we 

used the standard US drink definition of 14 grams, however 

the study period ranges back to 1984 where standard drinks 

may have contained less alcohol (Turner, 1990). The 

decision to cap grams per day at 200 grams, rather than an 

alternative amount could have impacted the results. 

However, we expect any impact of different capping 

thresholds to be minimal as after performing the upshift less 

than 1% of individuals in each year consumed over 150 

grams per day.  

Finally, an argument can be made that the current procedure 

may lead to an overestimation of alcohol-attributable 

burden, as relative risks used to estimate burden are based 

on similar subjective assessments to surveys. While the goal 

of the current article was not to estimate burden, recent 

research has shown that the upshifting may be justified 

(Stockwell et al., 2018). Further research to determine 

improved methods of upshifting for estimating alcohol-
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attributable burden is necessary (Parish et al., 2017; Rehm, 

2017). 

A further limitation concerns individual-level heterogeneity 

in under-reporting, for example by different socio-

demographic subgroups, and there is currently no evidence 

to suggest how groups might differentially under-report 

alcohol consumption. Therefore, while we produce 

representative results at the national- and state-level, 

microsimulation and other modeling methods using this data 

should exercise caution when producing subgroup 

summaries by socio-demographic indicators.  

This work has important implications for future 

epidemiological research efforts and for informing 

policymaking.  As almost all surveys fail to estimate the real 

consumption level of a population accurately, modelling is 

necessary, and is possible, as our research has shown. The 

adjusted individual-level US and state-level dataset is a 

useful research tool to aid planning and evaluation of alcohol 

control policies for the US. The method described is 

available open-source and can be applied in other 

jurisdictions to achieve more realistic individual- and 

population-level estimations of alcohol use.  
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