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AbstrACt
Objective This study aims to quantify the extent to which 
people’s use of tobacco products varies by local areas 
(city ward and village) across India and the variation in this 
clustering by tobacco products.
Design Cross- sectional study.
setting and participants Data on 73 954 adults across 
2547 city wards and villages were available for analysis 
from 30 states and 2 union territories in India.
Primary and secondary outcome measures We 
included as primary outcomes self- reported any tobacco 
use, current cigarette smoking, current bidi smoking, 
current smokeless tobacco use and a derived variable for 
dual use describing respondents who engaged in both 
smoking and smokeless tobacco use.
results The median risk of an individual using tobacco 
was 1.64 times greater if a person hypothetically moved 
from an area of low to high risk of tobacco use (95% CI: 
1.60 to 1.69). Area- level partitioning of variation differed 
by tobacco product used. Median ORs ranged from 1.77 
for smokeless tobacco use to 2.53 for dual use.
Conclusions Tobacco use is highly clustered 
geographically in India. To be effective in India, policy 
interventions should be directed to influence specific local 
contextual factors on adult tobacco use. Where people 
live in India influences their use of tobacco, and this 
association may be greater than has been observed in 
other settings. Tailoring tobacco control policies for local 
areas in India may, therefore, provide substantial public 
health benefits.

IntrODuCtIOn
Four- fifths of the world’s current smokers 
reside in low/middle- income countries 
(LMICs), creating enormous societal and 
public health challenges.1 The number of 
deaths from tobacco- related causes and loss 
of productivity are rapidly increasing in these 
often resource- poor settings.2 3

The latest Indian Global Adult Tobacco 
Survey (GATS 2016-17) found that nearly 
30% of all Indian adults use tobacco.4 Addi-
tionally, the widespread use of smokeless 
tobacco presents a complex challenge for 
health systems and tobacco control because 
of its strong relationship with oral cancerous 

and precancerous lesions.5 Despite a nation-
wide smokeless tobacco ban implemented 
in 2013–2014, 20% of all tobacco users are 
smokeless tobacco users.4 Added to this, the 
burden of tobacco use in India is dispropor-
tionally high among socially disadvantaged 
people.6–8

There is consistent evidence that local 
social and policy contexts shape patterns of 
tobacco use.9 Multilevel studies (that simulta-
neously examine individual- level and group- 
level determinants of health) from The 
Netherlands, Australia, South Africa, Mexico, 
Scotland, India, the USA and the UK suggest 
evidence of an association between area- level 
contextual factor (such as social disadvantage 
and local policy environments) and smoking 
at the individual level.10–22 For example, a 
study of Indian high school students from 
Mumbai reported the density of tobacco 
vendors around schools was associated with 
increased tobacco use by students.23

Notably, the majority of multilevel studies 
on tobacco use to date investigate associa-
tions between specific area- level exposures 
and tobacco use (the specific contextual 
effect). Such models are used simply as an 
extension of single- level regression models 

strengths and limitations of this study

 ► First time application of multilevel analysis to quan-
tify variations in tobacco use among local areas in a 
low- and middle- income country.

 ► Multiple measures were estimated (intraclass cor-
relation coefficient, median OR and discriminatory 
accuracy) that corroborated the importance of local 
areas in determining tobacco use.

 ► Large and nationally representative data on tobacco 
use were analysed.

 ► Individual- level policy and economic variables were 
excluded to avoid the atomistic fallacy.

 ► Lacking area- level variables restricted analysis of 
their role in area variations in tobacco use.
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enabling them to handle group- level variables as expo-
sures and covariates. Variation in tobacco use across 
contexts (general contextual effects) can also be exam-
ined using multilevel models. Yet, this aspect of multi-
level analysis has been underused in research to date.24 25 
Using this approach, it is possible to describe the extent 
of geographic inequalities in tobacco use drawing atten-
tion to underlying contextual drivers unaddressed 
through individually directed interventions.26–29 This is 
important information. Tobacco control interventions 
targeting specific area- level exposures will only be effec-
tive if areas share significant interindividual variation in 
tobacco use.24 25

To redress this important gap in evidence, this study 
aims to quantify the extent to which people’s use of 
tobacco products varies by local areas (city ward and 
village) across India and the variation in this clustering by 
tobacco product.

MethODs
study population
Data on tobacco use in India was obtained from the 
GATS-2 conducted in 2016 and 2017. GATS-2 is a multi-
country household tobacco prevalence survey designed 
to support the implementation of tobacco control within 
study countries.4 Participants eligible for the survey were 
non- institutionalised individuals aged 15 years and older. 
The survey applied a multistage sampling procedure with 
different sampling hierarchies for urban and rural areas. 
For urban areas, city wards were the primary sampling 
unit from which census enumeration blocks, and then 
households, were selected. In rural areas, the primary 
sampling units were villages, from which households were 
selected. A total of 73 954 adults across 2547 city wards 
and villages were available for analysis from 30 states and 
2 union territories in India. The response rate was 93%.4

Data collection
GATS-2 collected data using household and individual 
questionnaires developed in English and translated into 
19 regional languages. The interviewer- administered 
questionnaires collected data on demographic char-
acteristics, tobacco smoking, smokeless tobacco use, 
secondhand smoke, socioeconomic position, media and 
knowledge, attitude and perceptions related to tobacco 
use. More details on sampling procedures and methods 
of data collection are published elsewhere.4 30 31

Outcomes
We included as primary outcomes self- reported any 
tobacco use, current cigarette smoking, current bidi 
smoking, current smokeless tobacco use and a derived 
variable for dual use describing respondents who engaged 
in both smoking and smokeless tobacco use. Participants 
were asked ‘On average, how many of the following prod-
ucts do you currently smoke each day?.4 30 31 We categorised 
those who reported smoking one or more manufactured/

rolled tobacco in paper/leaf as current cigarette smokers. 
Similarly, we identified those who reported smoking one 
or more bidi as current bidi smokers. Regarding smoke-
less tobacco use, participants were asked ‘Do you currently 
use smokeless tobacco on a daily basis, less than daily or 
not at all?’4 30 31 We recorded those answering ‘daily’ or 
‘less than daily’ as yes for current smokeless tobacco use. 
Those identified to be both current smokers (cigarette or 
bidi) and current smokeless tobacco users were identified 
as dual users. Therefore, we created five binary variables 
including any tobacco use, current cigarette smokers, 
current bidi smokers, current smokeless tobacco users 
and dual users.

Geographic level of aggregation (local areas)
Individuals from urban areas were clustered within city 
wards and those in rural areas were clustered within 
villages. In urban areas, city wards are the units for local 
government operations in India, responsible for essen-
tial community services including healthcare, education, 
housing, transport and so on.32 In rural areas, villages 
make up the boundary for local panchayat (traditional 
local self- governance).32

Covariates
To account for compositional differences in populations 
within area- level clusters, we included individual- level 
demographic characteristics: age (as a continuous vari-
able), sex and socioeconomic position (education: no 
formal education/less than primary/primary/ secondary 
or more; occupation: unemployed/labourer/housewife, 
retired, student/self- employed/private/government; and 
household- level wealth: quintiles, 1=lowest, 5=highest) as 
covariates in the multilevel regression models. These vari-
ables were selected based on a previous study.7

statistical analysis
We performed statistical analyses using Stata V.15.0 
(Statacorp). We used survey commands to account for 
the complex survey design and to perform the weighted 
descriptive analysis. We plotted the prevalence and 95% 
CIs for any tobacco use and for different types of tobacco 
use to visually examine their variation by local areas. We 
fitted multilevel logistic regression models with random 
intercepts for local areas and fixed slopes with individ-
uals nested in city wards or villages, respectively. Multi-
level models operationalise studying population- level 
variations in health outcomes by examining the extent 
of clustering in health outcomes that exists at the group 
or contextual level.24 33–37 Using intraclass correlation 
coefficients (ICCs) and median ORs (MORs), we decom-
posed the variance in tobacco use at the city ward or 
village level. The ICC is expressed as a percentage and 
is interpreted in these analyses as the share of interin-
dividual variation in health outcomes that exists at the 
group level. For example, an ICC of 8% at the village 
level means that of all the individual- level variation in 
tobacco use among rural areas, 8% is attributed to the 
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Table 1 Descriptive characteristics of the sample 
(n=73 954)

Variable Categories Percentage

Age (years) 15–30 41.7

31–45 29.7

46–60 17.7

61–75 8.9

≥76 1.8

Sex Male 51.1

Female 48.9

Wealth Poorer 23.4

Poor 36.5

Middle 15.0

Rich 12.2

Richer 12.9

Education No formal education 26.4

Less than primary 9.2

Primary 28.2

Secondary or more 36.2

Occupation Unemployed 4.3

Labour 21.2

Housewife/retired/
student

44.1

Self 19.4

Private 8.3

Government job 2.7

Area of residence Urban 34.5

Rural 65.5

Tobacco use Non- user 72.2

Cigarette smoking 1.3

Bidi smoking 4.6

Smokeless tobacco use 18.6

Dual use (smokeless 
tobacco use+smoking)

2.8

Bidi+cigarette 0.5

Weighted percentages (using survey weights).

village level. The higher the individual correlation in 
health outcomes within a context, the more relevant is 
the context for understanding individual differences in 
the health outcome.25 We estimated the MOR, which 
describes the area- level variance as an OR, as the median 
value of the distribution of ORs obtained when two indi-
viduals with the same covariate values are picked from 
two different areas, comparing the one from the higher 
prevalence area with the one from the area with lower 
prevalence.24 36 38 In the absence of any area- level varia-
tion, the MOR is equal to 1. We estimated both MORs 
and ICCs for binary outcomes as the partition of variance 
between different levels does not have the same intuitive 
interpretation as a linear model.24 38 We estimated ICCs 
and MORs from intercept- only models to examine the 
presence of clustering and heterogeneity between areas 
in the outcomes of tobacco use.

We also applied an alternate method to examine 
the relevance of area- level contexts for tobacco use by 
comparing discriminatory accuracies obtained from fitted 
single- level and multilevel logistic regression models. The 
area under the receiver operating characteristic curve was 
constructed by plotting the true- positive fraction (sensi-
tivity) against the false- positive fraction (1–specificity). It 
measures the ability of the model to classify individuals 
with and without the outcome and takes a value between 
0.5 and 1.0 where 1.0 is perfect discrimination and at 0.5 
covariates have no predictive power.24

We did this in three stages. First, we fitted a single- level 
logistic regression model with tobacco use as the outcome 
and included individual- level covariates (age, sex, educa-
tion, household wealth and occupation) (model A). The 
ability of this model to classify tobacco use was quantified 
using the area under curve (AUC). Next, we fitted a multi-
level logistic regression model (model B) for tobacco use 
that included the same individual- level covariates. In addi-
tion to quantifying the change in the AUC from Model A, 
MORs and ICCs were estimated from model B to examine 
the general contextual effect of areas. Finally, we added 
area of residence and states in model C as area- level covari-
ates to examine any changes in AUC, MOR and ICCs.

We assessed goodness of fit by estimating the changes in 
the deviance information criterion (DIC). All models were 
fitted separately for each type of tobacco use (cigarette 
smoking, bidi smoking, smokeless tobacco use and dual use) 
to determine any differences in variations in tobacco use 
according to different types of tobacco use. We performed 
a sensitivity analysis to examine clustering in tobacco use 
in city wards and villages within states by fitting three- level 
hierarchical models: individual nested within city wards and 
villages nested within states.

Patient and public involvement
No patients or public were involved in this study.

results
We analysed data for 73 954 individuals (99.9%) out of 
74 037 survey participants. We did not analyse data on 83 
participants due to missing covariates data. Table 1 shows 
the descriptive characteristics of the sample according 
to residence status. Twenty- eight per cent of adults used 
tobacco products. The prevalence of smokeless tobacco 
use was 18.6% (table 1). Plots for prevalence and 95% CI 
for any tobacco use and different types of tobacco use by 
local areas showed substantial variations (online supple-
mentary appendix).

Intercept- only models (null models with no covariate 
adjustment) estimated 22% (95% CI: 20% to 24%) of any 
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Figure 1 Area under the receiver operating characteristic 
(ROC) curve for tobacco use plotted separately for single and 
multilevel logistic regression models.

Table 2 Multilevel logistic regression models for any 
tobacco use among Indian adults (n=73 954 individuals 
nested in 2547 city wards and villages)

Model A
Estimate
95% CI

Model B
Estimate
95% CI

Model C
Estimate
95% CI

AUC 0.79 0.86 0.86

AUC change 0.07 0

Variance 0.87
(0.80 to 0.94)

0.27
(0.24 to 0.30)

ICC 21%
(20 to 22)

8%
(7 to 9)

MOR 2.43
(2.35 to 2.52)

1.64
(1.60 to 1.69)

DIC 71 171.7 66 619.6 64 702.3

DIC change −4552.1 −1917.3

Model A: single- level logistic regression model (covariates 
included: age, sex, area of residence, education, occupation and 
wealth). Model B: multilevel logistic regression model (covariates 
included: age, sex, education, occupation and wealth). Model C: 
multilevel logistic regression model (covariates included: age, sex, 
education, occupation, wealth, and area of residence and states). 
Reference group: no tobacco use.
AUC, area under curve; DIC, deviance information criterion; ICC, 
intraclass correlation coefficient; MOR, median OR.

tobacco use was clustered at the city ward and village level. 
Cigarette smoking was clustered at 31%, bidi smoking 
at 28%, dual use at 40% and smokeless tobacco at 36%, 
respectively (estimates not reported in the tables). For 
each outcome, the AUC increased when multilevel logistic 
regression models were fitted. The AUC increased to 0.86 
in model B as compared with 0.79 in a single- level logistic 
regression model (model A) implying the presence of a 
general contextual effect and the ability to better classify 
individuals according to tobacco use (figure 1). Changes 

in AUC were highest for smokeless tobacco use 11% 
compared with 2% for cigarette smoking (tables 2 and 3).

After including all individual- level covariates, the 
proportion of variance attributable to the areas remained 
at 21% (95% CI: 20% to 22%) (table 2). Correspondingly, 
the MOR was 2.43 (95% CI: 2.35 to 2.52). These results 
suggest that the median odds of tobacco use are more 
than double for two individuals with the same covariates 
when comparing the one from city ward or village with 
high tobacco use to the other from a city ward or village 
with low tobacco use. Including the area of residence and 
state in model C substantially reduced the estimates of 
the proportion of variance attributable to areas and the 
respective MORs. The proportion of variance for any 
tobacco use reduced from 21% to 7.6% and the corre-
sponding MOR from 2.42 to 1.64. Sensitivity analysis 
confirmed our findings of high clustering in any tobacco 
use within city wards or villages from the same state 
(online supplementary appendix, pp. 21).

The decrease in DIC values between the single- 
levelmodels and multilevel models including covariates 
suggested better model fit (table 2).

Among the different types of tobacco use, the highest 
ICC (22%; 95% CI: 19% to 26%) and MOR (2.53; 95% CI: 
2.32 to 2.74) were for dual use and the lowest for SLT 
use (ICC: 10%; 95% CI: 9% to 11% and MOR: 1.77; 
95% CI: 1.71 to 1.83) (table 3). Similar to any tobacco use, 
substantial reductions in estimates of ICC and MOR were 
observed on inclusion of state and area of residence in 
model C compared with model B.

DIsCussIOn
We found substantial variation in tobacco use across local 
areas in India. Individual- level social and demographic 
characteristics were not able to explain the high area- 
level variations in tobacco. Including states and areas of 
residence explained substantial area- level variation in 
tobacco use. However, the remaining variation in tobacco 
use was still high, indicating the importance of local 
areas. The degree of area- level variation in tobacco use 
differed according to the types of tobacco products. Dual 
use (smoking and smokeless) had the highest geographic 
clustering.

strengths and limitations
This study had several strengths and limitations. To the 
best of our knowledge, this is the first study from LMICs 
that has studied variation in tobacco use at the local area 
level using a nationwide representative data.4 By using 
different measures (ICC, MOR and AUC), we not only 
inform the extent of variation but we comprehensively 
examine the degree of clustering, the heterogeneity in 
outcomes among areas as well as the ability of local areas 
to classify individuals according to tobacco use.24 33–36 This 
study also has limitations. We did not incorporate policy 
and economic variables related to tobacco use available 
in the GATS 2016–2017 in our analysis because the policy 

https://dx.doi.org/10.1136/bmjopen-2019-033178
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Table 3 Multilevel logistic regression models for different 
types of tobacco use among Indian adults (n=73 954 
individuals nested in 2547 city wards and villages)

Model A
Estimate
95% CI

Model B
Estimate
95% CI

Model C
Estimate
95% CI

Cigarettes (n=54 648)

  Variance 1.44 0.53

(1.19 to 1.70) (0.38 to 0.68)

  ICC (%) 30 14

(27 to 34) (11 to 18)

  MOR 3.14 2.00

(2.83 to 3.46) (1.81 to 2.20)

  DIC 10 630.4 10 175.0 9480.5

  DIC change −455.4 −694.5

  AUC 0.68 0.70 0.69

  AUC change 0.02 −0.01

Bidi (n=56 814)

  Variance 1.53 0.65

(1.33 to 1.72) (0.53 to 0.76)

  ICC (%) 32 16

(29 to 35) (14,19)

  MOR 3.25 2.15

(3.01 to 3.49) (2.01 to 2.30)

  DIC 18 822.5 17 680.8 16 765.4

  DIC change −1141.7 −915.4

  AUC 0.89 0.95 0.94

  AUC change 0.06 −0.01

Smokeless Tobacco (n=66 089)

  Variance 1.46 0.36

(1.34 to 1.59) (0.31 to 0.40)

  ICC (%) 31 10

(29 to 33) (9 to 11)

  MOR 3.17 1.77

(3.01 to 3.32) (1.71 to 1.83)

  DIC 56 207.3 51 179.1 48 915.1

  DIC change −5028.1 −2264.0

  AUC 0.76 0.87 0.86

  AUC change 0.11 −0.01

Dual use (n=55 522)

  Variance 2.41 0.95

(2.09 to 2.72) (0.78 to 1.12)

  ICC (%) 42 22

(39 to 45) (19 to 26)

  MOR 4.39 2.53

(3.96 to 4.82) (2.32 to 2.74)

  DIC 14 335.7 12 989.8 12 045.9

  DIC change −1345.9 −943.9

Continued

Model A
Estimate
95% CI

Model B
Estimate
95% CI

Model C
Estimate
95% CI

  AUC 0.88 0.96 0.95

  AUC change 0.08 −0.01

Model A: single- level logistic regression model (covariates 
included: age, sex, area of residence, education, occupation and 
wealth). Model B: multilevel logistic regression model (covariates 
included: age, sex, education, occupation and wealth). Model 
C: multilevel logistic regression model (covariates included: 
age, sex, education, occupation, wealth, area of residence and 
states). Reference group: no tobacco use.
AUC, area under curve; DIC, deviance information criterion; ICC, 
intraclass correlation coefficient; MOR, median OR.

Table 3 Continued

and economic variables were the respondent’s percep-
tions rather than objective measures of availability and 
implementation of policies in local areas and because 
these data were only gathered from smokers. The non- 
ecological nature of these variables could lead to falsely 
attributing individual- level measures to area levels (the 
atomistic fallacy).37

Discussion in context of current evidence
Our findings of high variations in tobacco use among 
local areas is new. A multilevel study on societal determi-
nants of tobacco use from Scotland found no evidence 
of clustering in tobacco use at the area level.18 Other 
multilevel studies have not presented measures of vari-
ance, which limits comparisons.10–22 Our findings indi-
cate much higher clustering of tobacco use at the area 
level than has previously been reported, suggesting that 
local area contexts and contextual determinants are 
highly relevant in India. Such variations, we speculate in 
the absence of data and available literature,10–22 may be 
due to differences in the availability and implementation 
of tobacco control policies, social environment (depriva-
tion, area- level mean income, area- level income inequality 
and social capital) and shared cultural and social norms 
regarding tobacco use among people within an area.

Tobacco- specific variations in the values of ICC and 
MOR highlight potential differences in the relevance 
of contexts by type of tobacco product used. Evidence 
from other studies suggests that although wealthier and 
more educated individuals have higher odds of cigarette 
smoking than their disadvantaged counterparts, disadvan-
taged individuals have higher odds of bidi smoking and 
smokeless tobacco use.6 7 Our study highlights the pres-
ence of both individual and geographic socioeconomic 
inequalities in tobacco use by products. For example, we 
observed a higher effect of individual social and demo-
graphic characteristics in smokeless tobacco use when 
compared with cigarette smoking and bidi smoking for 
contextual effects (change in ICC from 36% in the null 
model to 10% in the adjusted model). In addition, the 
proportion of variation for all types of tobacco use was 
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markedly explained by adding states into the model. 
This emphasises the role of cultural and regional diver-
sity within India in determining tobacco use.39 Both ICCs 
from the three- level hierarchical models and ORs esti-
mated from regression models confirmed the pivotal role 
played by states in geographic inequities in tobacco use in 
India (see the online supplementary appendix).

research and policy implications
Given the role of contexts in shaping individual health 
behaviours, this study builds a framework for operation-
alising contextual thinking in tobacco control activities, 
particularly in LMICs where social norms and cultural 
aspects may differ from high- income countries. High 
general contextual effects of local areas for tobacco use 
necessitates a thorough examination of factors at the 
area level that may be causally associated with individual 
tobacco use as well as those which can explain the high 
variations in tobacco use among local areas. This may 
only be possible if either data on individual- level tobacco 
use are linked with small area characteristics or if future 
population- based surveys collect both area- level and 
individual- level data relevant to tobacco use. Given the 
findings from our study, in future GATS surveys should 
consider the opportunities to comprehensively study both 
individual- level and area- level determinants of tobacco use 
within India and in other LMICs. First, it would be helpful 
if wards and villages were identifiable in future versions of 
GATS so that researchers and policy- makers can link in 
area- level covariates (social, policy, economic and phys-
ical environment) to examine their effects on tobacco 
use. Second, it would be useful if the administrative levels 
at which tobacco- related policies are implemented were 
recorded, allowing the examination of variation in tobacco 
use across multiple levels of geographical hierarchy. This 
would further help policy- makers compare clusters from 
an intervention perspective. Finally, identification of city 
wards and villages would also allow linking data to rele-
vant area- level social, demographic, economic and policy 
variables increasing the ability to simultaneously examine 
area- level and individual- level determinants of tobacco 
use. Furthermore, current findings build the platform 
for more robust population- based studies that collectively 
examine area- level and individual- level determinants of 
tobacco use in India and other LMICs.

This study has several policy implications. Our findings 
confirm that context plays an important role in deter-
mining the use of tobacco. India’s Cigarettes and other 
Tobacco Products Act (COTPA) is a national law, which is 
in line with the WHO’s Framework Convention on Tobacco 
Control. States at the subnational level are responsible for 
implementing various tobacco control policy measures 
under COTPA. Comparison of GATS-2 and GATS-1, and 
household surveys, has highlighted changes in the preva-
lence of tobacco use due to differential implementation 
of these measures.40 41 States are also allowed to develop 
context- specific information, education and communica-
tion resources to match the local needs.41 42 Therefore, 

health promotion and tobacco control interventions must 
be designed for contexts and applied contextually rather 
than being individually oriented.9 43 There is the poten-
tial to enhance National Tobacco Control Program’s 
(NTCP) implementation at city ward, village and block 
level as well.41 NTCP is rolled out in 612 districts across 36 
states/union territories in India and has a three- tier struc-
ture: National-, State- and District Tobacco Control Cell. 
District Tobacco Control Cells are established to train 
key stakeholders; information, education and commu-
nication activities; school programmes; monitor tobacco 
control laws; strengthen cessation facilities and coordi-
nate tobacco control activities with Panchayati Raj (tradi-
tional local self- governance).42 High local- area variations 
in tobacco use reported in our study imply extending this 
structure more locally to city wards and villages to maxi-
mise public health benefits. Finally, our use of the multi-
level approach in this study advances a ‘proportionate 
universalism’ approach suggesting tobacco control inter-
ventions applied nationally should be scaled according 
to local area- level disadvantage to reduce geographic 
inequalities.

COnClusIOns
Where people live in India influences their use of 
tobacco, and this association may be greater than has 
been observed in other settings. Tailoring tobacco control 
policies for local areas in India may, therefore, provide 
substantial public health benefits.
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