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Abstract
Background

It remains unclear whether alcohol use disorders (AUDs) can be characterized by speci�c levels of
average daily alcohol consumption. The aim of the current study was to model the distributions of
average daily alcohol consumption among those who consume alcohol and those with alcohol
dependence, the most severe AUD, using various machine learning techniques.

Methods

Data from Wave 1 and Wave 2 of the National Epidemiologic Survey on Alcohol and Related Conditions
were used in the current analyses. Clustering algorithms were applied in order to group a set of data
points that represent the average daily amount of alcohol consumed. Gaussian Mixture Models (GMMs)
were then used to estimate the likelihood of a data point belonging to one of the mixture distributions.
Individuals were assigned to the clusters which had the highest posterior probabilities from the GMMs,
and their treatment utilization rate was examined for each of the clusters.

Results

Modeling alcohol consumption via machine learning technique was feasible. The clusters identi�ed did
not point to alcohol dependence as a separate cluster characterized by a higher level of alcohol
consumption. Among both females and males with alcohol dependence, daily alcohol consumption was
relatively low.

Conclusions

Overall, we found little evidence for clusters of people with the same drinking distribution, which could be
characterized as clinically relevant for people with alcohol use disorders as currently de�ned. 

Introduction
Alcohol use is a major risk factor for burden of disease (1) and alcohol use disorders (AUDs) comprise a
substantial part of the alcohol-attributable disease burden globally (2).  While it is obvious that an
individual who completely abstains from consuming alcohol would not be diagnosed with an AUD – i.e.,
such use is, by de�nition, a necessary and su�cient cause (see (3, 4) for further discussion), there is a
great deal of debate in the literature regarding whether or not these conditions can be characterized by
speci�c levels of daily alcohol consumption.  In both the Diagnostic and Statistical Manual of Mental
Disorders, 5th edition (DSM-5) and the International Classi�cation of Diseases, 11th revision (ICD-11) (5,
6), AUDs are de�ned without any reference to the level of drinking, but rather, are based on a non-speci�c
set of behavioral, social, psychological and physiological criteria (7, 8) – e.g., continuing to drink even
though it is causing trouble with friends/family, and giving up or cutting back on activities that were once
important or interesting in order to drink.  While these de�nitions have been criticized (9, 10), level of
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drinking, as an alternative key criterion, may pose other concerns (see (10, 11) for further discussion),
such as:

What would be the thresholds for minimal level of alcohol use, and for what duration would one need
to consume the respective level of alcohol in order for a diagnosis to be justi�ed?

Would heavy use over time be su�cient for a diagnosis on its own, or would additional criteria, such
as withdrawal or tolerance, be necessary, and should brain function also be considered (8)?

As for thresholds, a similar approach could be used as the one used for hypertension (12).  Even though
blood pressure is a continuous variable, and the higher the blood pressure, the higher the chance for
various disease categories (13), expert committees do not seem to have a problem agreeing on the blood
pressure levels for which an intervention is required (in other words, to determine the threshold, when the
blood pressure level is high enough to be considered a disease; e.g., see (14)).  However, given the modern
techniques available for analyzing distributions, more empirical-based methods may  differentiate
seemingly continuous distributions with only one maximum (15, 16).  When it comes to alcohol use,
these techniques assume that the supposed unimodal distribution is a mixture of different groups of
individuals with different distributions of alcohol use, which can be detected via machine learning
techniques.  For instance, clustering, an unsupervised learning technique, is often used to �nd clusters of
points that appear close together (17, 18).

In the current study, we have taken this approach and have hypothesized that: 1) the (sex-speci�c)
distributions of average daily alcohol consumption among those who consume alcohol can be described
as mixture models and thus, are best represented by more than one distribution; 2) individuals with
alcohol dependence, the most severe AUD, can be characterized by one of these distributions of average
daily alcohol consumption; and 3) that treatment utilization will be associated with distributions of daily
alcohol consumption among individuals with alcohol dependence.  All analyses were sex-speci�c given
 the different body composition and the neurobiological processes of alcohol use and AUDs of males and
females (19), as well as the sex-differences in the quantity and frequency of alcohol use (20) and
treatment utilization rates among individuals with an AUD (21).

Methods

Data Source
The current analysis is based on data from Wave 1 and Wave 2 of the National Epidemiologic Survey on
Alcohol and Related Conditions (NESARC), designed and sponsored by the National Institute on Alcohol
Abuse and Alcoholism, conducted in 2001-02 and 2004-05, respectively.  The NESARC sample represents
the civilian, noninstitutionalized adult population of the United States(22).  The surveys were conducted
using face-to-face, computer-assisted, and in-home interviews.  One randomly selected adult (aged 18
years or older) from each sampled household was invited to participate.  The overall response rate was
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81.0% for Wave 1, for a total sample size of 43,093. Among those, 34,653 (80.4%) were followed-up in
Wave 2 (8,840 participants were lost to follow-up).

The NESARC samples were weighted to adjust for probabilities of selection biases and nonresponse.
Calibration was applied to match the target population based on the 2000 census.  Details regarding to
the sampling, weighting and calibration have been described elsewhere (23, 24).

Measures

Daily alcohol consumption

The NESARC contains detailed questions about the drink types, frequency of drinking, quantity and size
of drinks consumed during the past 12 months.  The amount of pure alcohol in each drink was calculated
using an ethanol conversion factor, which accounts for the proportion of pure alcohol in the different
types of drinks (23, 24).  The average daily volume of pure alcohol consumption in grams during the past
12 months (referred to as daily alcohol consumption herein) was then calculated by dividing the total
alcohol consumption across all drink types by 365.  

Alcohol dependence

Alcohol dependence in the past 12-months was assessed using the Alcohol Use Disorders and
Associated Disabilities Interview Schedule-IV (AUDADIS-IV), based on the criteria of the fourth edition of
the DSM (DSM-IV) (25, 26) .

Treatment utilization

The NESARC de�nes broadly alcohol treatment utilization as “seeking help for alcohol‐related
problems” from at least one of the following: Alcoholics/Narcotics/Cocaine Anonymous, or 12‐step
meeting; family services or other social service agency; alcohol/drug detoxi�cation ward/clinic; inpatient
ward of psychiatric/general hospital or community mental; outpatient clinic, including outreach and
day/partial patient programs; alcohol/drug rehabilitation program; emergency room because of drinking;
halfway house/therapeutic community; crisis center because of drinking; employee assistance program;
clergyman, priest, or rabbi; private physician, psychiatrist, psychologist, social worker, or any other
professional; and any other agency or professional.  Accordingly, for Wave 1, treatment utilization was
considered as the endorsement of any of the above within the past 12-months.  For Wave 2, alcohol
treatment utilization was ascertained using the following question: “Have you gone anywhere or seen
anyone to get help because of drinking since last interview?”

Statistical Analysis
As an exploratory analysis, following traditional �tting of distributions for alcohol use (27, 28), we
evaluated the �t of the Log-Normal, Gamma, and Weibull distributions to determine if the distribution of
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daily alcohol consumption could be appropriately described as unimodal, using the Wave 1 survey.  The
three �ttings were examined using the Kolmogorov-Smirnov test and the null hypothesis was rejected for
all three, which suggested the possibility of a multi-modal distribution.  Given the skewness of the data, a
log-transformation was applied to the daily alcohol consumption variable, and the distribution was
modelled and �tted using the following steps:

1. Density plots

Density plots of daily alcohol consumption were produced and the resulting graphs were used to visually
identify the possible number of modes.

2. Clustering

Clustering algorithms were used to group a set of data points into clusters, so that data points in the
same cluster were more similar to each other than data points in other clusters. The desired number of
clusters was decided using the NBClust package, which simultaneously varies the number of clusters, the
clustering method and the indices to �nd the optimal number of clusters for the data points (29).  When
the indices fail to suggest the best clustering scheme, K-means was used to select the number of desired
clusters (30).

3. Gaussian Mixture Model

Given the number of clusters, Gaussian Mixture Models (GMMs) (18) were used to estimate the likelihood
that a given point belonged to one of a mixture of Gaussian distributions.  The mixture distribution can be
represented by writing the distribution function (F) as a sum:

Where k is the number of clusters, and x represents the data points and weights 

P(x) were assumed to follow Gaussian distributions.  For each distribution, there are two parameters to
describe the shape of the clusters: the mean and the standard deviation.  The parameters were estimated
via the Expectation-Maximization algorithm.  There are two key advantages to using GMMs. Firstly,
GMMs are more �exible in terms of cluster covariance.  Secondly, since GMMs use probabilities, each
data point can have multiple clusters.  Therefore, if a data point is located in the middle of two
overlapping distributions, its class can be de�ned by a mixed membership.  The Bayesian Information
Criterion was used to assess model �t.  Sex-speci�c models were �t and visualized, as well as separate
models for those with alcohol dependence.

Lastly, Wave 2 data were used to test if the respective parameter distributions could be described using
GMMs were consistent with the distributions in Wave 1.  In addition, an analysis using the same
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statistical approach, as described above, was performed on Wave 1 and Wave 2 data combined to
investigate the distributions among those individuals with alcohol dependence in both waves.
 Individuals were assigned to the cluster for which they had the highest posterior probability from the
GMMs. Treatment utilization rate were then calculated for each of the clusters based on lifetime
treatment (seeking treatment prior to Wave 2) or any recent treatment (seeking treatment between 12
months prior to Wave 1 and Wave 2).

Results
There were more females than males in both Wave 1 and Wave 2 (52.1% vs. 47.9%; Table 1).  About 4%
of participants were diagnosed with alcohol dependence in both Waves (3.8% in Wave 1, and 4.4% in
Wave 2.  Among them, approximately two out of three were male and one out of three were female, in
both waves.  The density plots suggested that the daily alcohol consumption data might be coming from
two or more different clusters, which were different for males and females, and for those individuals with
and without alcohol dependence (Figure 1). As expected, male drinkers, as well as males with alcohol
dependence consumed higher amounts of alcohol daily, on average, compared to female drinkers and
females with alcohol dependence, respectively.

 

The log-transformed daily alcohol consumption of all individuals in Wave 1 was best described by a
three-component GMM for both females and males (Figure 2).  The means of the three Gaussian clusters
were 0.03, 0.17 and 3.34 grams per day for females, and 0.03, 0.35 and 7.48 grams per day for males.  In
contrast, a two-component GMM best described the log-transformed daily alcohol consumption for both
females and males with alcohol dependence.  The means of the two Gaussian clusters were 0.28 and
12.82 grams per day for females with alcohol dependence, with only 2.2% of females being included in
the �rst cluster and 97.8% included in the second cluster, and 6.12 and 35.80 grams per day for males
with alcohol dependence, with 16.1% of males being included in the �rst cluster and 83.9% included in the
second cluster. 

Wave 2 yielded similar results to Wave 1 in that the log-transformed daily alcohol consumption of both
females and males was best described by three-component GMMs (with means of 0.03, 0.24 and 4.86
grams per day, and 0.03, 0.34 and 7.48 grams per day, respectively, for the three Gaussian  distributions),
and daily alcohol consumption of males with alcohol dependence being best described by a two-
component GMM (with means of 6.12 and 35.80 grams per day; see Table 2 for details and Table A1 for
corresponding results in drinks per day).  However, in Wave 2, daily alcohol consumption of females with
alcohol dependence was best described by a three-component GMM, with the means corresponding to
3.36, 10.47 and 32.07 grams per day.

Overall, the clusters identi�ed did not point to alcohol dependence as a separate cluster characterized by
a higher level of alcohol consumption.  Among both females and males with alcohol dependence, daily
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alcohol consumption was relatively low, with the highest mean of any cluster being around 32 and 36
grams per day, respectively – i.e., less than three US standard drinks.

 

Lastly, data from Wave 1 and Wave 2 were combined to investigate the sex-speci�c distributions of daily
alcohol consumption for those with alcohol dependence in both waves.  As shown in Figure 3, average
daily alcohol consumption of females with alcohol dependence was best described by a two-component
GMM, while average daily alcohol consumption of males with alcohol dependence was best described by
a three-component GMM.  For females with alcohol dependence in both waves, 3.3% of them belonged to
a cluster with a mean of 0.42 grams per day, while 96.7% of them belonged to a cluster with mean of
16.97 grams per day; de facto indicating the presence of a cluster comprised of the overwhelming
majority of females with alcohol dependence with a mean drinking level of less than two drinks, which is
not even considered heavy drinking (e.g., (31)) 

For males with alcohol dependence in both waves, the means of the three Gaussian clusters were 0.74,
17.01 and 69.99 grams per day, with 1.5%, 39.9%, and 58.6% of males belonging to the respective
clusters.  It is only in this analyses that we identi�ed one cluster that had a similar level of daily alcohol
consumption, on average, as “typical” treatment populations (i.e., a cluster of males with alcohol
dependence in both waves consumed a mean of about 70 grams of alcohol on average per day).  Table 3
shows the characteristics of individuals in each of the clusters, including the percentage who had utilized
treatment, their age at Wave 1 and daily alcohol consumption in grams. Around 36.0% of males in the
third cluster utilized alcohol-related treatment, compared with 21.5% of males in the second cluster.  In
other words, we identi�ed a cluster of males who could be described as those with alcohol dependence
requiring treatment.  Whereas, the �rst, very small cluster among the group of males with alcohol
dependence in both waves, likely consists of people who recently completed treatment, and were still
abstinent. Table A2 shows the further details of those three clusters.

Discussion
A procedure for deriving different distributions of daily alcohol consumption based on a statistical
clustering methodology was presented and explored.  This procedure allowed for the quantitative
comparsion of the distributions between surveys conducted on the same individuals at different time
points.  Overall, we found little evidence for clusters of people with the same drinking distribution, which
could be characterized as clinically relevant for people with AUDs, as currently de�ned.  Before we
discuss the results further, we would like to discuss a few potential limitations of the approach taken.

To begin, the selection of number of clusters was done through calculating multiple indices and the
clustering scheme with the most agreement was adopted.  When the sample size was small, the indices
were less likely to agree with each other.  In the case of algorithm failure and limiting computing
environment, the K-means method was used to choose an appropriate number of clusters.  This method
assumes that all clusters are equally sized and have the same variance.  When analyzing average daily
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alcohol consumption for females and males in the overall sample, the sample sizes were large and the
variances of all clusters were well balanced.  However, the clusters for females and males with alcohol
dependence in both Wave 1 and Wave 2, given the relatively small sample sizes, may not have been
stable enough to be generalizable.

GMMs are primarily used in modeling populations with multiple distributions and have gained
prominence within the model-based clustering framework.  Using GMMs, we are able to identify
occasional drinkers, light drinkers and heavy drinkers.  Given the skewed distribution of daily alcohol
consumption, log transformation was used to make data conform to normality, which was a requirement
for the methodology used.  However, it may be more di�cult to interpret the �ndings that are based on
transformed data with respect to the hypotheses of interest.

Lastly, the study was based on a survey, where the assessment of alcohol consumption was based on
self-reports, which are known to underestimate true consumption levels (32, 33), either due to restriced
sampling frame or due to reporting biases (34).  It is unclear, how these biases impacted the current
�ndings, but it is very likely, that heavy alcohol consumers were not part of the sample (35), which is
exempli�ed by the fact that the homeless, institutionalized, or members of the army living on base were
not included.  Finally, as with all surveys, the NESARC had high, but less than perfect participation rates,
and some loss to follow-up, which could impact the results.

Of all the clusters identi�ed, only the cluster with the highest average daily alcohol consumption among
males with alcohol dependence in both survey waves, showed drinking levels likely seen in treatment
populations in North America (e.g., see (36, 37)), with European samples often showing higher levels (38,
39).  In summary, we did not identify a cluster which could be characterised as AUD among the general
drinking population or individuals with alcohol dependence at one time point only, but did identify a
cluster among males with alcohol dependence in both waves.

There are a few reasons for this result, which is different from other diseases and underlying biomarkers
– for example, blood glucose levels and diabetes (e.g., see (40)).  First, the current criteria for AUDs are
very inclusive (7), and likely do not represent need for treatment intervention, and may not grasp what has
been traditionally understood as “addiction”, often de�ned by treatment populations (4).  Consider the
following: in a treatment-based sample, lifetime alcohol dependence was indeed stable, with
approximately 90.5% for females and 94.7% for males, whereas in a community-based sample the
stability of lifetime alcohol dependence was only 27.5% and 64.7% for females and males, respectively
(41). The most important characteristic that determined diagnostic stability was severity.  Thus, a
diagnosis which by de�nition should not change, was stable in severe, treatment-seeking cases, but not in
general population cases of alcohol dependence, and alcohol dependence is already the more severe AUD
in the DSM-IV.  In other words, measurement of AUD in the general population picks up a lot of very mild
cases that are not necessary indicative of alcohol addiction or problem-drinking. Cases in which
individuals are consuming alcohol more regularly appear relatively mild given that they are often
forgotten by respondents when asked the same questions later. 
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However, the question “why can we not pick up stable groups of heavy or very heavy drinkers (42) with
the current methodology” remains.  We can offer three potential reasons here: �rst, that many people with
severe alcohol dependence fall out of the sampling frame of general population surveys, as they are not
living in households sampled, but are homeless or institutionalized (35).  Second, they may not
participate even if they had been part of the sampling frame (43).  Or, third, people with an AUD do not
distinctively differ in their level of drinking as a subgroup of the general population, which would be in
line of theories such as the one brought forward by Ledermann (15, 16, 44). It would be important to
clarify these questions, even though it is not easy given the curent status of general population surveys
(34).

Conclusions
The machine learning procedure proved feasible for modeling average daily alcohol consumption based
on survey data and allowed for the quantitative differentiation of the distributions among the study
populations. We concluded that AUDs as currently de�ned could not be described by a group of people
based on average level of drinking. This conclusion could re�ect a problem with the underlying de�ntions
which may be too unspeci�c and wide (4). However, it may also re�ect the fact, that people with AUD do
not represent a distinct category with respect to alcohol use, but one group within a continuum of use, as
described by Skog(16) or Lederman (15). The answer to this question not only would increase current
knowledge, but also has practical implications for conceptualizing disease and clinical care.
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Tables
Table 1. Weighted demographic information for Wave 1 and Wave 2
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  Wave 1 Wave 2

  N (%)a N (%)

Gender    

   Females 22,443 (52.1) 18,048 (52.1)

   Males 20,650 (47.9) 16,605 (47.9)

Age    

  ≤20 1,698 (3.9) 0 (0.0)

  20-40 16,358 (38.0) 12,144 (35.1)

  41-70 20,000 (46.4) 17,592 (50.8)

  71+ 5,038 (11.7) 4,913 (14.2)

Alcohol dependence,

past 12-months

1,640 (3.8) 1,521 (4.4)

  Females    521 (31.8)      478 (31.4)

  Males 1,119 (68.2)  1,043 (68.6)

Alcohol treatment utilizationb 246 (0.6) 473 (1.4)

a N is adjusted by the sample weight.

b Alcohol treatment utilization is broadly de�ned as “seeking help for alcohol‐related problems” from at
least one of 13 sources (e.g., health care facilities, alcohol-related programs, family or social services,
employee assistance program or religious services).  

Table 2. Summary of the sex-speci�c Gaussian Mixture Models for drinkers overall, and for individuals
with alcohol dependence using Wave 2 data
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  Females Males Females with alcohol
dependence

Males with alcohol
dependence

N 10,970 11,897 207 364

First component      

           Average daily
consumption (g)

0.03 0.03 3.36 6.12

           Weight 0.06 0.03 0.60 0.16

Second component      

          Average daily
consumption (g)

0.24 0.34 10.47 35.80

          Weight 0.52 0.31 0.29 0.84

Third component      

          Average daily
consumption (g)

4.86 7.48  32.07  n/a

          Weight 0.42 0.66 0.12  n/a

g: grams; n/a: not applicable, as model only yielded two distributions.

Table 3. Cluster descriptions for those with alcohol dependence in both Wave 1 and Wave 2

  N Treatment
utilization,
lifetime (%)

Treatment utilization,
past 12-months at

Wave 1 and/or
between Wave 1 and
Wave 2 (%)

Age (years) at
Wave 1 –
mean (SD)

Average daily alcohol
consumption (g) –
mean (SD)

Females

Cluster
1

4 0.0 0.0 20.98 (5.84) 0.47 (0.25)

Cluster
2

126 31.4 21.5 34.94 (11.34) 25.67 (27.99)

Males

Cluster
1

5 86.3 86.3 31.24 (3.10) 0.75 (0.16)

Cluster
2

131 35.7 21.5 31.31 (11.12) 17.09 (7.50)

Cluster
3

201 55.9 36.0 32.98(12.03) 84.43 (49.46)
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g: grams; SD: standard deviation

Figures

Figure 1

Density plots of daily alcohol consumption (log-transformed) from Wave 1 for (a) all individuals and (b)
those individuals with alcohol dependence, by sex
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Figure 2

Gaussian Mixture Models for (a) females, (b) females with alcohol dependence, (c) males, and (d) males
with alcohol dependence, using Wave 1 data.
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Figure 3

Gaussian Mixture Models for (a) females and (b) males with alcohol dependence in both Wave 1 and
Wave 2


