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Online Searching and Social Media to Detect Alcohol
Use Risk at Population Scale
Elissa R. Weitzman, ScD, MSc,1,2,3 Kara M. Magane, MS,1 Po-Hua Chen, MD, MPH,4
Hadi Amiri, PhD,5 Timothy S. Naimi, MD, MPH,6 Lauren E. Wisk, PhD1,2,7

Introduction: Harnessing engagement in online searching and social media may provide complementary information for monitoring alcohol use, informing prevention and policy evaluation, and
extending knowledge available from national surveys.

Methods: Relative search volumes for 7 alcohol-related keywords were estimated from Google Trends
(data, 2014−2017), and the proportion of alcohol use−related Twitter posts (data, 2014−2015) was
estimated using natural language processing. Searching/posting measures were created for all 50 U.S.
states plus Washington, D.C. Survey reports of alcohol use and summaries of state alcohol policies
were obtained from the Behavioral Risk Factor Surveillance System (data, 2014−2016) and the Alcohol
Policy Scale. In 2018−2019, associations among searching/posting measures and same state/year
Behavioral Risk Factor Surveillance System reports of recent (past-30-day) alcohol use and maximum
number of drinks consumed on an occasion were estimated using logistic and linear regression, adjusting for sociodemographics and Internet use, with moderation tested in regressions that included interactions of select searching/posting measures and the Alcohol Policy Scale.

Results: Recent alcohol use was reported by 52.93% of 1,297,168 Behavioral Risk Factor Surveillance System respondents, which was associated with all state-level searching/posting measures in
unadjusted and adjusted models (p<0.0001). Among drinkers, most searching/posting measures
were associated with maximum number of drinks consumed (p<0.0001). Associations varied with
exposure to high versus low levels of state policy controls on alcohol.

Conclusions: Strong associations were found among individual alcohol use and state-level alcohol-related searching/posting measures, which were moderated by the strength of state alcohol policies. Findings support using novel personally generated data to monitor alcohol use and possibly
evaluate effects of alcohol control policies.
Am J Prev Med 2020;58(1):79−88. © 2019 American Journal of Preventive Medicine. Published by Elsevier Inc.
All rights reserved.

INTRODUCTION

A

lcohol use is associated with leading causes of
morbidity and mortality, including among
youth.1,2 Excessive drinking is associated with
$249 billion annually in the U.S. (counting losses from
workplace productivity and motor vehicle crashes and
costs from healthcare treatment, law enforcement, and
criminal justice); binge drinking—4 to 5 or more drinks
on one occasion for female/male adults3—accounts for
77% of these costs.4 The magnitude and costs of alcoholrelated problems make it especially vital to identify
trends and leverage points for preventive interventions.
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Existing surveys routinely monitor alcohol use behaviors
throughout the U.S.,5−7 providing prevalence estimates
among school-based and household samples8−10 and
enabling characterization of disorders, comorbidities,
and treatment patterns.11,12 These invaluable resources
are, however, resource intensive, and may be constrained
to households with a landline telephone or availability/
willingness to participate in an interview. They also may
be less informative for detecting patterns and problems
over short time periods or small geographies.
Monitoring approaches that harness population
engagement in online searching and social media may
offer complementary information about alcohol use.
Termed “infodemiology” or “infoveillance,”13 these
approaches include tracking content entered into online
search platforms and published through social media.
Using them, researchers have been able to illuminate
health attitudes and beliefs as well as disease incidence
and spread, delivering timely insight into diverse phenomena, including sentiments toward health-protective
behaviors (e.g., vaccination),14,15 outbreaks of infectious
disease (e.g., inﬂuenza),16,17 and health problem awareness relevant to evaluating public health campaigns.18,19
Engagement with online searching and social media is
ubiquitous,20,21 and alcohol-related searching and posting patterns may elucidate alcohol use at national, state,
or local levels at ﬂexible time scales. Online searching
about alcohol use has been shown to predict state-level
changes in alcohol-induced death rates in the U.S.22
Temporal patterns of social media posting about alcohol
use are similar to known daily and holiday drinking patterns.23 Source locations of Twitter posts about alcohol
correspond to alcohol outlet density.24 Plus, college student survey reports about alcohol use correspond to content on their social media proﬁles.25 Promising ﬁndings
do not yet conﬁrm the correspondence among structured survey measures and alcohol-related searching
and posting at a population level, nor do they shed light
on whether the ambient policy environment moderates
associations, which would support using these data for
program and policy evaluation.
This study sought to test whether annual state-based
measures of alcohol use derived from alcohol-related
online searching and posting would be associated with
individual-level alcohol use reported by same-state participants in a structured, U.S. survey composed of population-based surveys of all 50 states and Washington,
D.C. Alignment between these measures would constitute important evidence for using web-based big data as
complementary sources of information for monitoring
alcohol use behaviors. Further, this study sought to
ascertain whether associations among state-level searching/posting and individually reported measures of

alcohol use would vary in the context of state alcohol
policies. Strong policy controls on access to alcohol and
beverage pricing and promotion are associated with
reduced levels of heavy alcohol use and harms (e.g.,
accident and injury reports).26−28 It is not known
whether these patterns hold in analyses that employ
searching/posting measures. Here, individual reports of
alcohol use in a U.S. national survey were hypothesized
to be associated with state-level measures of alcohol
searching/posting, with associations additionally hypothesized to be sensitive to policies with attenuation in
the setting of high policy controls.

METHODS
Study Sample
This study tested whether individual reports of alcohol use measured for subjects from the 50 U.S. states and Washington, D.C.
surveyed in the Behavioral Risk Factor Surveillance System
(BRFSS) were associated with state-level measures of online
searching and social media posting about alcohol and used measures drawn from the Alcohol Policy Scale (APS)29 to test whether
associations would change in the context of variations in the state
alcohol policy environment. Each surveyed individual in BRFSS
for the 2014, 2015, and 2016 survey years was assigned their state’s
value for alcohol-related keywords or Twitter posting measures
for the year in which they completed their survey (BRFSS participants from a given survey year who completed their survey in the
subsequent calendar year were assigned relative search volumes
[RSVs] from that subsequent year) and their state’s APS value
(consistent over time). This study was reviewed by the Boston
Children’s Hospital IRB and deemed exempt.

Measures
Search activity metrics for alcohol-related keywords were derived
from the Google Trends (GT) application, an online, public, keyword research tool. GT computes the RSV for a speciﬁed term,
deﬁned as the number of searches for the speciﬁed term relative
to the total number of searches. RSVs are displayed on a 0−100
scale, with 100 representing the highest RSV for that term. RSVs
are normalized to account for areas with high Internet search
activity and differences in the population of searches. RSVs can be
calculated for a speciﬁed location (e.g., Alabama) and time (e.g.,
2016).30 Using GT, RSVs were generated for the following alcohol-related keywords for the 50 U.S. states and Washington, D.C.:
alcohol, alcoholic, alcoholism, drinking, beer, liquor, and wine.
Keywords were selected to encompass the major beverage categories of alcohol and a parsimonious set of action and problem
descriptors.
A computer classiﬁer was developed that identiﬁed ﬁrst-person
reports of alcohol use in Twitter posts (tweets). The classiﬁer,
which had an area under the curve performance of 92%,31 was
developed following a standard process in which a random sample
of 10,000 tweets were manually labeled and used to train a classiﬁer. The classiﬁer was run on a Twitter data set consisting of
16 million geo-spatially tagged tweets posted from the contiguous
U.S. for the January 2014−December 2015 period, which contained at least 1 of 600 alcohol-relevant keywords generated by
www.ajpmonline.org
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expanding a previously used list and drawing on terms in online
alcohol dictionaries (e.g., www.onlineslangdictionary.com) and
the word2vec toolkit (Mikolov et al., 2013. Distributed Representations of Words and Phrases and their Compositionality. In:
Advances in Neural Information Processing Systems 26 [NIPS
2013]). This keyword-matched data set was drawn from the full
Twitter ﬁrehose of all geo-spatially tagged tweets posted during
the described period. After labeling all 16 million tweets using this
classiﬁer, state-speciﬁc summary measures were created to reﬂect
the proportion of all tweets in a state that were identiﬁed as referring to ﬁrst-person alcohol consumption by the classiﬁer. The
2014 and 2015 BRFSS respondents were assigned the Twitter proportion from their state; 2016 BRFSS respondents were not
assigned a Twitter proportion owing to the lack of temporal overlap between the 2 data sources.
Survey reports of alcohol use were obtained using data from the
2014, 2015, and 2016 BRFSS (including all 50 states and Washington, D.C.).32 Alcohol use outcomes were past-30-day use (recent
use) and maximum drinks on an occasion during the past 30 days
(maximum drinks) among those who reported recent use. The
BRFSS asked: During the past 30 days, how many days per week or
per month did you have at least one drink of any alcoholic beverage
such as beer, wine, a malt beverage, or liquor? Individuals who
consumed alcohol on ≥1 day in the past 30 days classiﬁed as
recent users and those reporting 0 days of alcohol consumption in
the past 30 days as nonusers. The BRFSS also asked: During the
past 30 days, what is the largest number of drinks you had on any
occasion? Participants reported number of drinks (continuous) or
don’t know/not sure or refused. For recent use, participants who
responded don’t know/not sure (n=9,434) or refused (n=8,552)
and participants who were missing responses (n=53,051; 5.2% of
the total sample) were dropped from the analytic sample. For
maximum drinks on an occasion, participants who responded
don’t know/not sure (n=17,077) or refused (n=3,772) or were missing responses (n=3,928) were recoded to the weighted median of
each variable. Responses were Winsorized above the 99th percentile.33−35 Sociodemographic variables included the following: sex,
age (in years), race, ethnicity, urbanicity, education, marital status,
past-30-day Internet use (any vs none), and BRFSS survey year.
Measures of U.S. state alcohol policy environments as of 2011
were based on APS scores.29 The APS is a state by year−level measure of the relative restrictiveness of the alcohol policy environment, based on 29 alcohol policies developed based on expert
nomination, efﬁcacy, and implementation rating and prospectively validated against BRFSS data for people aged ≥18 years.
Higher APS scores, representing more restrictive state policy environments, have been found to be associated with lower odds of
binge drinking among adults and lower odds of drinking and
binge drinking among underage youth.27,29

Statistical Analysis
Analyses were conducted in 2018−2019 using Stata, version 15.
Statistical signiﬁcance was considered at p<0.05. Analyses
accounted for the complex sampling design of BRFSS and applied
sampling weights. Summary statistics were computed to characterize the study sample overall and by recent use. Differences in
sociodemographic characteristics, online searching/posting, and
policy were compared by recent use using chi-square tests and
t-tests, as appropriate. Univariate and multivariable logistic
January 2020
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regression models were used to estimate individual odds of recent
use among BRFSS respondents as independently predicted by
state-level RSVs or Twitter metrics in a series of regression analyses where the association of each keyword RSV or Twitter metric
was modeled separately, adjusting for individual sociodemographic factors and Internet use. Maximum number of drinks was
modeled similarly using linear regression. For regression analyses,
RSVs and Twitter metrics were standardized to represent the
change in odds of any recent use, or the change in the b-coefﬁcient for the maximum number of drinks consumed, at the individual level predicted by an SD increase in the level of searching
or Twitter posting at the state level. A second set of regressions
examined the interaction of selected online searching/posting
measures with state alcohol policy scores; predicted margins and
their associated 95% CIs were plotted to depict the interactions
visually. Select RSVs illustrative of different dimensions of interest
in alcohol use (i.e., the product beer and the problem alcoholism)
were interacted with state alcohol policy scores, and plots are
shown for these RSVs and Twitter to illustrate results and aid
interpretation. A sensitivity analysis evaluated associations among
BRFSS measures and state-level RSVs estimated at the month level
(i.e., BRFSS respondents were assigned an RSV for their state that
corresponded to their interview month and year; Appendix Table 1,
available online).

RESULTS
Overall, of the ﬁnal, weighted sample, 52.93% of BRFSS
respondents were recent alcohol users; recent use was
associated with all demographic characteristics
(p<0.0001; Table 1). GT RSVs, Twitter prevalence, and
the APS were also associated with recent use in bivariate
analyses (p<0.0001).
In adjusted analyses, all RSVs and the Twitter measure were positively associated with recent use (for all,
p<0.0001; Table 2), with the RSV for beer showing the
largest effect and liquor showing the smallest effect; there
was a 3%−17% adjusted increase in participants’ odds of
reporting recent use for an increase of 1 SD in RSV at
the state level. There was a 6% increase in the odds of
recent use associated with exposure to higher prevalence
of state-level tweeting about alcohol use. Results were
similar for estimates of these associations at the state/
month level (Appendix Table 1, available online).
In adjusted analyses, alcohol, drinking, alcoholic, alcoholism, and beer were positively associated with maximum number of drinks on an occasion (all RSVs except
for liquor p<0.0001; Twitter, p=0.97). The RSV for wine
was negatively associated with maximum number of
drinks on an occasion (p<0.001). Results were similar
for estimates of these associations at the state/month
level (Appendix Table 1, available online).
The magnitude of associations among state-level
RSVs and Twitter metrics and individual survey reports
of alcohol use varied by levels of alcohol control policies.
For example, whereas higher RSVs were associated with
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Table 1. Associations Among Sociodemographic Characteristics of BRFSS Respondents’ Online Searching/Posting Measures
by BRFSS Alcohol Use
Recent alcohol usea
Variable
Total N (unweighted)
Total % (weighted)
Sociodemographics
Sex, %
Female
Male
Age, years,c mean (SD)
Race, %
White only
Black or African American
American Indian or Alaskan native
Asian
Native Hawaiian or other Paciﬁc Islander
Other race only
Multiracial
Unknown
Ethnicity, %
Hispanic
Non-Hispanic
Urbanicity, %
Urban
Periurban
Suburban
Rural
Unknown
Education, %
Never attended school or only kindergarten
Grades 1‒8
Grades 9‒11
Grade 12 or GED
College 1‒3 years
College ≥4 years
Unknown
Marital status, %
Married
Divorced
Widowed
Separated
Never married
A member of an unmarried couple
Unknown
Internet use, past 30 days, %
Any
None
RSV (tabulated at the person-level from state-year estimates)
Alcohol, mean (SD)
Drinking, mean (SD)
Alcoholic, mean (SD)

p-valueb

Total

Yes

No

1,297,168

662,080
52.93

635,088
47.07

51.46
48.54
47.18 (17.89)

46.93
59.29
45.50 (16.63)

53.07
40.71
49.06 (19.10)

73.97
12.15
1.67
4.91
0.31
2.48
1.66
2.85

55.54
46.09
43.95
43.22
49.34
45.88
52.36
43.18

44.46
53.91
56.05
56.78
50.66
54.12
47.64
56.82

14.87
85.13

45.67
54.20

54.33
45.80

16.69
9.83
5.27
7.39
60.82

49.70
52.45
49.84
40.42
55.68

50.30
47.55
50.16
59.58
44.32

0.28
4.41
9.11
28.06
31.21
26.63
0.30

32.18
29.18
34.77
46.10
55.95
67.17
33.41

67.82
70.82
65.23
53.90
44.05
32.83
66.59

50.88
10.81
6.86
2.52
23.85
4.53
0.56

54.80
51.03
35.32
46.13
54.49
59.80
43.62

45.20
48.97
64.68
53.87
45.51
40.20
56.38

82.69
17.31

57.63
30.50

42.37
69.50

82.16 (6.23)
81.14 (6.30)
73.94 (7.49)

82.41 (6.20)
81.33 (6.27)
74.16 (7.52)

81.89 (6.25)
80.93 (6.31)
73.69 (7.45)

<0.0001

<0.0001
<0.0001

<0.0001

<0.0001

<0.0001

<0.0001

<0.0001

<0.0001
<0.0001
<0.0001

(continued on next page)
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Table 1. Associations Among Sociodemographic Characteristics of BRFSS Respondents’ Online Searching/Posting Measures
by BRFSS Alcohol Use (continued)
Recent alcohol usea
Variable
Alcoholism, mean (SD)
Beer, mean (SD)
Liquor, mean (SD)
Wine, mean (SD)
Twitter, mean (SD)
Alcohol policy score, mean (SD)

Total

Yes

No

p-valueb

57.59 (9.77)
68.90 (11.65)
41.51 (12.23)
67.41 (12.63)
46.86 (3.60)
43.92 (6.32)

58.04 (9.77)
69.68 (11.52)
41.77 (12.29)
68.16 (12.22)
46.98 (3.56)
43.72 (5.88)

57.07 (9.74)
68.02 (11.71)
41.23 (12.12)
66.57 (13.05)
46.73 (3.62)
44.14 (6.79)

<0.0001
<0.000 1
<0.0001
<0.0001
<0.0001
<0.0001

a

The percentages shown are weighted.
All statistics calculated at the individual level.
c
Age in BRFSS collapsed above 80 to meet the criteria for public release.
BRFSS, Behavioral Risk Factor Surveillance System; RSV, relative search volume.
b

Table 2. Associations Among State-Level Google RSV, Twitter Alcohol Posting Prevalence, and BRFSS Alcohol Use Reports
Variable

Recent alcohol use
OR (95% CI)

Maximum number of drinks on an occasion
B (95% CI)

Alcohol-related searching/posting measures, unadjusted modelsa
Alcohol
1.10 (1.10, 1.11)
Drinking
1.08 (1.07, 1.08)
Alcoholic
1.08 (1.07, 1.08)
Alcoholism
1.15 (1.14, 1.16)
Beer
1.17 (1.16, 1.18)
Liquor
1.06 (1.05, 1.07)
Wine
1.14 (1.13, 1.15)
Twitter
1.09 (1.08, 1.11)
Alcohol-related searching/posting measures, adjusted modelsb
Alcohol
1.09 (1.08, 1.09)
Drinking
1.08 (1.08, 1.09)
Alcoholic
1.07 (1.06, 1.07)
Alcoholism
1.12 (1.11, 1.13)
Beer
1.17 (1.16, 1.18)
Liquor
1.03 (1.02, 1.04)
Wine
1.17 (1.16, 1.18)
Twitter
1.06 (1.05, 1.07)

0.04 (0.03, 0.06)
0.10 (0.08, 0.11)
0.10 (0.08, 0.11)
0.03 (0.01, 0.05)
0.03 (0.01, 0.05)
0.04 ( 0.05, 0.02)
0.13 ( 0.15, 0.11)
0.01 ( 0.02, 0.03)
0.04 (0.02, 0.05)
0.09 (0.08, 0.11)
0.08 (0.07, 0.10)
0.04 (0.02, 0.05)
0.05 (0.04, 0.07)
0.01 ( 0.02, 0.01)
0.05 ( 0.07, 0.04)
0.00 ( 0.02, 0.02)

a
Unadjusted models adjust only for individual RSV or Twitter and are standardized to reﬂect the odds of individual use per a 1-SD (at the state-level)
increase in RSV or Twitter.
b
Adjusted models adjust for individual RSV or Twitter, age, sex, race, ethnicity, education, marital status, urbanicity, Internet use, and survey year; and
are standardized to reﬂect the odds of individual use per a 1-SD (at the state-level) increase in RSV or Twitter.
BRFSS, Behavioral Risk Factor Surveillance System; RSV, relative search volume.

greater probability of recent use, the strength of that
association varied across values of the APS. As an illustration, in Figure 1a−c, for recent use, the strength of
the association is greatest in states with higher policy
controls/enforcement and possibly low ambient supply
(i.e., there is greater dispersion among the curves at high
versus low APS values). Additionally, RSVs had a stronger association with maximum number of drinks in
states with less restrictive policies, as illustrated in
Figure 2a−c.
January 2020

DISCUSSION
Drinking behaviors reported by individuals in a nationally
representative survey were associated with alcohol-related
online searching/posting measures. Similar results were
seen for a subset of RSVs and for the Twitter measure in
relation to reports of the maximum number of drinks consumed on an occasion among recent drinkers. Analyses
were robust across 2 approaches for creating state-level
measures of alcohol searching/posting from personally
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Figure 1. Adjusted predicted probability of recent alcohol use for Behavioral Risk Factor Surveillance System respondents at different levels of exposure to state Alcohol Policy Score (APS) and state posting/searching measures. (a) Predicted probabilities, with
associated 95% conﬁdence intervals (CIs), of recent alcohol use by APS and Twitter posting (10th, 50th, and 90th percentile values)
output from covariate-adjusted logistic regression models. (b) Predicted probabilities, with associated 95% CIs, of recent alcohol use
by APS and online searching about beer (10th, 50th, and 90th percentile values) output from covariate-adjusted logistic regression
models. (c) Predicted probabilities, with associated 95% CIs, of recent alcohol use by APS and online searching about alcoholism
(10th, 50th, and 90th percentile values) output from covariate-adjusted logistic regression models.
RSV, relative search volume.
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Figure 2. Adjusted predicted mean maximum number of drinks consumed on a single occasion for Behavioral Risk Factor Surveillance System respondents at different levels of exposure to state Alcohol Policy Score (APS) and state posting/searching measures.
(a) Predicted means, with associated 95% conﬁdence intervals (CIs), of the maximum number of drinks by APS and Twitter posting
(10th, 50th, and 90th percentile values) output from covariate-adjusted linear regression models. (b) Predicted means, with associated 95% CIs, of the maximum number of drinks by APS and online searching about beer (10th, 50th, and 90th percentile values)
output from covariate-adjusted linear regression models. (c) Predicted means, with associated 95% CIs, of the maximum number of
drinks by APS and online searching about alcoholism (10th, 50th, and 90th percentile values) output from covariate-adjusted linear
regression models.
RSV, relative search volume.
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generated data gleaned from 2 platforms using multivariable regression to adjust for the effects of participant sociodemographic characteristics and past-30-day Internet use.
Findings support the use of online search activity and
social media data as complementary sources of information about alcohol use and constitute an important proof
of concept for extension to the monitoring of alcohol use
approaches to health surveillance developed to track sentiments and infectious disease.36−39
Alcohol use varies in relation to a range of individual
and environmental factors.40,41 Tracking trends in alcohol
use is complex,42 as population estimates are inﬂuenced by
age, period, and cohort effects that encompass the cumulative impacts of demand- and supply-side contexts bearing
on consumption.43 This complexity challenges program
and policy evaluation. Harnessing the volume and velocity
of online data may aid efforts to identify and explain shifting patterns of use. A growing number of studies provide
support for this enterprise, including studies of the temporal patterns in posting about alcohol on Twitter, which are
higher on weekends than weekdays, during late night/early
morning hours, and on holidays,23,44 consistent with
known patterns.45,46 Further, surveys of community-residing and social media−engaged adolescents and young
adults in Australia found strong positive associations
among drinking risk and self-reported patterns of liking
and following alcohol-related social media brands.47,48
This study builds on these investigations and provides the
ﬁrst report of the extent to which individual drinking
reported in a national survey is associated with state-level
alcohol searching/posting derived from independently collected, personally generated electronic data. As alcohol
use−related preventive interventions may be local or
regional,49,50 impacts of these efforts may be missed if their
effects on alcohol use beliefs or behaviors are benchmarked
against state or national data and on annual or longer
timelines. Harnessing online searching/posting as complementary sources of information may be highly signiﬁcant
to evaluations that are focused on detecting patterns over
brief time intervals, including in small areas, such as cities
or counties, for which population-based surveys are not
informative. Indeed, sensitivity analyses suggest that associations are similar though attenuated when modeled for
exposure to monthly search activity (Appendix Table 1,
available online).
Although individual patterns of alcohol use varied in
relation to measures drawn from ambient patterns of
alcohol-related online searching and posting (individual
risk rises with increases in these measures), associations
varied for different search terms and behaviors. For example, searching for wine was positively associated with
recent use and negatively associated with maximum number of drinks consumed on an occasion among recent

drinkers. Perhaps not surprisingly, this was not found for
beer, for which high-volume consumption may be more
typical. Associations also differ in the context of exposure
to varying strengths of state alcohol policies. The
approach overall is informative, including for surveillance
of heavy alcohol use, and ﬁnds protective effects of strong
alcohol policies on both outcomes, even where ambient
measures of searching/posting are high. Findings are consistent with studies using national survey data where the
state-level prevalence of binge drinking among adults predicted individual binge drinking among college students,
with relationships moderated by strong state alcohol control policies.51 This study provides additional evidence
that alcohol control policies moderate consumption,
including by constraining the volume of alcohol consumed even among participants from states with high levels of online searching/posting about alcohol. This is an
especially noteworthy ﬁnding as heavy consumption,
including high levels of per-occasion consumption as
measured by the maximum number of drinks consumed,
predicts harms,52 making it an important target of prevention. Still, patterns are nuanced, as seen in the higher
probability of recent use for individuals exposed to high
levels of searching/posting measures and stronger policies
in the illustrative cases. This pattern may reﬂect imposition of controls in response to heavy demand/use. Longitudinal work is needed to clarify these issues.

Limitations
Limitations apply. First, BRFSS is subject to recall and
reporting biases; however, BRFSS measures of alcohol
and substance use have been found to be moderately
valid and reliable.53 Second, a limited number of drinking outcomes were investigated. Future studies could
include other measures, harms, or comorbidities. Third,
personally generated searching/posting data have limitations around correctly inferring meaning from unstructured text, understanding the quality and transparency
of algorithms, and accounting for the potential that differential Internet access and use may introduce bias and
inﬂuence ﬁndings.54 Steps to limit validity threats were
taken by triangulating across multiple data sources and
search terms, which strengthens the plausibility of
results, even where insight is impeded into search term
algorithms used to generate RSVs via a third party (Google), a known constraint.55 Differential Internet access
could introduce bias; however, the GT platform normalizes RSV estimates for this.30 The natural language processing method used to generate the Twitter measure
employed a high-performance classiﬁer.31 Per standard
practice, this classiﬁer was implemented on a very large
keyword-enriched, though nonpopulation representative, data set. Fourth, both spatial and temporal overlap
www.ajpmonline.org
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across all data sources (BRFSS, GT, and Twitter) was
achieved for all spatial and all RSV analyses; temporal
overlap was achieved for Twitter analyses for 2014 and
2015 only.

CONCLUSIONS
Strong associations were found among state-level
searching/posting measures of alcohol use and individuals’ alcohol consumption reported over 3 years of a
national health survey. Findings were robust across 2
different approaches to operationalizing alcohol measures from personally generated data. Findings support
using search activity and social media data to complement traditional public health monitoring of alcohol use
and auger well for future efforts to extend traditional
health surveillance systems toward use of online searching/posting to improve understanding of alcohol use
and its prevention at population scale.
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