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a b s t r a c t 

Alcohol-related violence is a well-documented public health concern, where various in- 

dividual and community-level factors contribute to this relationship. The purpose of this 

study is to examine the impact of a significant policy change at the local level, which 

privatized liquor sales and distribution. Specifically, we explored the relationship between 

alcohol and violence in Seattle, WA, 2010–2013, via hierarchical spatio-temporal disease 

mapping models. To measure and map this complex spatio-temporal relationship at the 

census block group level ( n = 567 ), we examined a variety of models using integrated 

nested Laplace approximations and used the deviance information criterion to gauge 

model complexity and fit. For each additional off-premises and on-premises alcohol outlet 

in a given census block group, we found a significant increase of 8% and 5% for aggravated 

assaults and 6% and 5% for non-aggravated assaults, respectively. Lastly, our maps showed 

variation in the estimated relative risks across the city of Seattle. 

© 2016 Elsevier Ltd. All rights reserved. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

1. Introduction 

Alcohol-related violence is a well-documented public

health concern ( Gruenewald et al., 2006, Scribner et al.,

2010, Watts and Rabow, 1983, Zhu et al., 2004 ), where

various individual and community-level factors contribute

to this relationship. These factors range from sociodemo-

graphic characteristics such as age, race/ethnicity, and in-

come to neighborhood characteristics like vacant units,

retail space, public transportation, and risky retailer den-

sity ( Grubesic et al., 2013 ). Various geographic scales have

been considered, including census block groups ( Grubesic

and Pridemore, 2011 ), census tracts ( Zhu et al., 2004 ), ZIP

codes ( Gruenewald et al., 2006 ), and neighborhoods ( Britt

et al., 2005 ). Even though these scales vary in size, their
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general findings suggest that areas that have more alco-

hol outlets or greater alcohol outlet density tend to have

higher rates of violence. Work to date, however, has pri-

marily been cross-sectional, thus offering little insight into

how a change over time in the number of alcohol outlets

in a particular region will affect violence. 

Longitudinal studies, and in particular, natural exper-

iments, allow for a formal assessment of a discontinu-

ous change, such as privatizing alcohol sales. These studies

are more robust and generally allow for causal infer-

ence in changes in such alcohol-related harms as violence

( Livingston et al., 2007 ). Recent research has examined

the spatio-temporal relationship between alcohol outlets

and violence. In particular, researchers examined how in-

creased license fees, additional enforcement staff, and ex-

panded powers for the alcohol license board addressed the

proliferation of problem alcohol outlets believed to be the

source of assaultive violence in the city of New Orleans
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( Xu et al., 2012 ). Their findings suggested that the imple- 

mentation of the policy was associated with a significant 

decrease in the positive relationship between assaultive vi- 

olence and off-premises alcohol outlet density. A second 

longitudinal study focused on 581 California ZIP codes over 

a 6 year period ( Gruenewald and Remer, 2006 ). This study 

examined the relationship between hospital discharges re- 

lated to violent assaults and alcohol availability as well 

as other sociodemographic characteristics. The researchers 

found that an average reduction of only one bar in each of 

the ZIP codes analyzed would have resulted in 290 fewer 

violent assaults per year across the 581 areas examined 

in their study; the average population in the study re- 

gion comprised 234,344 persons over the 6 years of the 

study. Another study, which focused on the impact of addi- 

tional alcohol outlets in a given area, assessed the state of 

Pennsylvania, which is currently considering a move away 

from an Alcohol Beverage Control state to a privatized al- 

cohol distribution system ( Grubesic et al., 2012 ). Here, re- 

searchers focused on the city of Philadelphia and estimated 

that an additional 1115 outlets could possibly open in the 

event of privatization. Should this happen, the tremendous 

increase in outlets in Pennsylvania could lead to an in- 

crease in negative health, crime, and other related harms. 

Therefore, more evidence is needed to determine the in- 

fluence of significant alcohol-related policies on the re- 

lationship between alcohol and violence, and, in partic- 

ular, the impact of additional alcohol outlets in a given 

area. 

In 2012, Initiative 1183 [I-1183] was passed in the 

state of Washington, privatizing wholesale distribution 

and retail sales of liquor. Although state and local 

government agencies would continue strictly regulating 

the distribution and sale of liquor, the passing of I- 

1183 allowed for a significant increase in the num- 

ber of alcohol outlets throughout the state. The over- 

arching goal of our study was to: determine the effect 

I-1183 has on alcohol availability in the city at the cen- 

sus block group level, and characterize the policy’s effect 

over time on the relationship between alcohol outlets and 

violence. We concentrated on the city of Seattle between 

the years 2010 and 2013, in an effort to focus on a more 

urban setting, and to capture the alcohol-violence relation- 

ship before and after the implementation of I-1183. To as- 

sess this relationship, we use hierarchical spatio-temporal 

disease mapping models in a Bayesian statistical frame- 

work ( Lawson, 2013 ). Using integrated nested Laplace ap- 

proximations (INLA), we were able to measure and map 

the global and local impact of I-1183, while also taking into 

consideration the various sociodemographic and neighbor- 

hood characteristics of the city of Seattle on violence. 

In this paper, we first describe the datasets and their 

sources used to characterize alcohol outlets, violence, and 

the various sociodemographic and neighborhood measures 

used at the census block group level. Next, we detail the 

different modeling frameworks used for our analysis. Our 

results are then presented, after describing our model se- 

lection criterion. We also include maps of Seattle, to illus- 

trate the spatial risk of violence during the study period. 

Lastly, we discuss our findings, policy implications, as well 

as potential future work. 
2. Materials and methods 

2.1. Data 

This study combined data from three different sources, 

which are each outlined in detail below. The various data 

sources allowed us to gain the most accurate depiction of 

alcohol outlets and violence, as well as sociodemographic 

and neighborhood characteristics. 

2.2. Units of analysis 

Our spatial unit of analysis was at the census block 

group level, which is the smallest geographical unit for 

which the United States Census Bureau publishes sam- 

ple data. For Seattle, WA, we examined 567 census block 

groups. During 2010, Seattle had a population of 608,660 

residents, where each census block group, on average, had 

1272 residents. Our temporal unit of analysis was year and 

ranged from 2010 to 2013, which was two years before the 

implementation of I-1183 and two years after. 

2.3. Alcohol outlet data 

Seattle, WA, alcohol outlets for 2010–2013 were ob- 

tained from the Washington State Liquor and Cannabis 

Board (WSLCB), formerly the Washington State Liquor Con- 

trol Board. The Board’s primary function is the licensing of 

alcohol outlets, as well as the enforcement of the state’s al- 

cohol, tobacco, and cannabis laws. Alcohol outlets are clas- 

sified into two primary categories: off-premises and on- 

premises. Off-premises alcohol outlets are able to sell beer 

and/or wine in bottles, cans, and original containers for 

off-premises consumption. Under I-1183, off-premises out- 

lets include retailers with at least 10,0 0 0 square feet, gen- 

erally comprising grocery stores and warehouse clubs. On- 

premises alcohol outlets include restaurants, bars, taverns, 

and nightclubs. Active alcohol outlet addresses were suc- 

cessfully geocoded, 99.8%, using a hybrid method, where 

details of this approach are noted elsewhere ( Murray et al., 

2011 ). As the primary independent variables of interest, 

both off-premises and on-premises alcohol outlets were re- 

tained as counts in each census block group in each year. 

2.4. Violence data 

Violence data, both aggravated and non-aggravated as- 

saults for 2010–2013, were obtained from the Seattle Police 

Department (SPD). The SPD uses Uniform Crime Reporting 

( FBI. Uniform Crime Reports 2010 ) definitions for all re- 

ported crimes in the city. Aggravated assaults are “an un- 

lawful attack by one person upon another for the purpose 

of inflicting severe or aggravated bodily injury. This type 

of assault usually is accompanied by the use of a weapon 

or by means likely to produce death or great bodily harm. 

Simple assaults are excluded.” Non-aggravated assaults are 

“assaults or attempted assaults where no weapon was 

used or no serious or aggravated injury resulted to the 

victim.” Incident reports, which indicated the occurrence 

of either aggravated or non-aggravated assaults, were ex- 

tracted from the publicly available SPD’s crime data portal 
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( Seattle Police Department 2014 ). Although the SPD reports

the total number of personal crimes to the public, which

includes assaults, the SPD only makes available to the pub-

lic a subset of incident reports reflective of these crimes

due to privacy issues. According to the SPD’s Data Release

Rules, “Narratives, remarks, text, entities and descriptions

may contain personal, juvenile, and national security infor-

mation and are not released to the public.” Assaults were

ultimately geocoded previously by the SPD, and are the

official geographic information of record. As the primary

dependent variables of interest, both aggravated and non-

aggravated assaults were retained as counts in each census

block group in each year. 

2.6. Sociodemographic and neighborhood data 

Sociodemographic and neighborhood data from 2010

were obtained from Environmental Systems Research In-

stitute’s (ESRI) Updated Demographics database ( ESRI

Demographics 2010 ). For each census block group, we ex-

amined various measures that are known to confound

the relationship between alcohol and violence ( Zhu et al.,

2006 ). We included the percentage of the population aged

15–29 years, and households with an annual income be-

low $15,0 0 0, which is a measure of socioeconomic status.

Other neighborhood characteristics included the percent-

age of vacant units, a density measure for public trans-

portation stops, in addition to whether the census block

group was in the downtown Seattle area. All density mea-

sures were standardized to the square mileage of each cen-

sus block group. We measured the percentage of black,

female-headed households, which was operationalized as

a factor variable in an effort to address multicollinearity.

To capture the racial and ethnic diversity of Seattle, we

considered a diversity index, which ranged from 0 (least)

to 100 (most diverse). The diversity index ( ESRI. Major

Trend Revealed in Census 2010 ) is defined as the likeli-

hood that two persons, selected at random from the same

area, would belong to a different race or ethnic group.

The index calculations accommodate up to six single race

groups and ethnicity: White, Black, American Indian or

Alaska Native, Asian, Native Hawaiian or Pacific Islander,

some other race, and Hispanic or Latino. Finally, since the

presence of non-alcohol retailers has been shown to im-

pact the relationship between alcohol and violence signifi-

cantly ( Grubesic et al., 2013 ), we considered two additional

measures. The first measure was a location quotient (LQ)

for commercial land use, which compares the proportion

of commercial land use in each block group to the propor-

tion of commercial land use in the entire city of Seattle.

The second was a measure of risky retailers, which may

also increase violence. This measure was operationalized

as a density, and was a function of the number of check

cashing stores, pawnshops, and convenience stores within

each census block group. 

2.7. Analysis 

To determine the spatio-temporal relationship between

alcohol outlets and assaults, we used a variety of spatio-
temporal disease mapping models. We assumed the num-

ber of assaults, in census block group i ( i = 1 , . . . , 567 )

and in year t ( t = 2010 , 2011 , 2012 , 2013 ) , were Pois-

son distributed with intensity E it λit , where λit is the

relative risk of assault. The number of aggravated and

non-aggravated assaults was modeled separately. The ex-

pected number of assaults is a constant and proportional

to the population size for each census block group ( Waller

et al., 2007 ). Specifically, E it = R t ∗ n i , where R t is the ob-

served number of aggravated or non-aggravated assaults

over the entire population for a specific year t , and n i is the

total population size based on 2010 estimates for each cen-

sus block group. As originally proposed ( Bernardinelli et al.,

1995 ) and recently presented ( Blangiardo et al., 2013 ), the

linear predictor of our first parametric model (referred to

as M1) had the following form: log ( λit ) = β0 + u i + v i +
( β1 + δi ) t , where β0 is the intercept and represents the

overall assault risk, and u i and v i represent the structured

and unstructured census block group-specific random ef-

fects, respectively. Both spatial effects are assumed to fol-

low an intrinsic Gaussian Markov random field (IGMRF)

( Rue and Held, 2005 ), where the joint prior density is de-

fined as π(u | σ 2 
u ) ∝ exp (−1 / 2 σ 2 

u u 

T R u u ) and π( v | σ 2 
v ) ∝

exp (−1 / 2 σ 2 
v v T R v v ) , and R represents the structure ma-

trix. For the unstructured spatial effects, R v is sim ply the

identity matrix; whereas, for the structured spatial ef-

fects, the diagonal entries of R u represent the number

of adjacent neighbors for census block group i and the

off-diagonal entries are indicators of whether two census

block groups are neighbors. The parameter β1 character-

izes the overall linear trend in assaults, while δ describes

the interaction between space and time. Each δi can be in-

terpreted as the differential time trend, and allows for a

measurement of the specific departure in each area from

the overall time trend captured in β1 . To avoid multi-

collinearity, time was mean-centered. While the first para-

metric model assumed an unstructured differential tempo-

ral trend for each census block group, defined again using

an IGMRF, we also assessed a second parametric model

(M2), but with a structured differential trend instead. 

To relax the linearity constraint on the differential tem-

poral trend present in the parametric models (M1 and M2),

we specified a nonparametric dynamic temporal trend

( Knorr-Held, 1999 ), such that: log ( λit ) = β0 + u i + v i + γt +
φt , where the overall intercept ( β0 ) and the structured

( u i ) and unstructured ( v i ) spatial effects are specified just

as in M1 and M2. The new parameters γ t and φt repre-

sent the structured and unstructured temporal effects, re-

spectively. The structured temporal effects are assumed to

have either a random walk of order 1 (M3) or of order 2

(M4), such that γt | γt−1 ∼ N( γt−1 , σ
2 
γ ) or γt | γt−1 , γt−2 ∼

N( 2 γt−1 + γt−2 , σ
2 
γ ) , respectively. The unstructured tem-

poral effect was assumed to have an exchangeable prior

distribution, φt ∼ N( 0 , σ 2 
φ
) . 

We then examined a number of space-time interaction

based models, which extended our initial models but

allowed for a combination of structured and unstructured

spatio-temporal effects. The basic form of the various

interaction models was specified as: log ( λit ) = β0 +
u i + v i + γt + φt + δit , where all parameters are defined
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similarly as in M3 and M4, except that the new parameter, 

δ, follows a Gaussian distribution. The precision matrix 

of this Gaussian distribution is given by τ δR δ , such that 

τδ = 1 /σ 2 
δ

is a scalar for the precision and R δ is the struc- 

ture matrix that defines the spatio-temporal dependence. 

We examined four specific interaction models (Types I, 

II, III, and IV), commonly used in spatio-temporal disease 

mapping settings ( Knorr-Held, 1999 ). Models 5 and 6 as- 

sumed a Type I interaction between the unstructured spa- 

tial ( v i ) and temporal ( φt ) effects, but varying the random 

walk assumption, respectively, for the structured temporal 

effects ( γ t ). Models 7 and 8 assumed a Type II interaction 

between the structured temporal ( γ t ) and unstructured 

spatial ( v i ) effects. Models 9 and 10 assumed a Type III 

interaction between the unstructured temporal ( φt ) and 

structured spatial ( u i ) effects. Finally, Models 11 and 12 as- 

sessed the more complex Type IV interaction between the 

structured spatial ( u i ) and temporal ( γ t ) effects. Further 

details about the various interaction models considered 

are provided elsewhere ( Knorr-Held, 1999 ). All models 

considered were fully adjusted for both types of alcohol 

outlets and various sociodemographic and neighborhood 

characteristics; each model included these as fixed effects, 

where their corresponding coefficients, α, were of primary 

interest. 

Utilizing integrated nested Laplace approximations 

(INLA) ( Rue et al., 2009 ), we were able to investigate these 

spatio-temporal disease mapping models in a Bayesian sta- 

tistical framework. INLAs are a method for approximate 

Bayesian inference, and, in general, there are three stages 

considered. Stage one focuses on the observational model, 

stage two focuses on the latent Gaussian field, and the final 

stage focuses on hyperparameters, which are not always 

assumed Gaussian. Because it is not possible to compute 

the posterior distributions analytically, often times, Markov 

chain Monte Carlo algorithm (MCMC) methods have been 

used. Due to several limitations in the use of MCMC meth- 

ods, however, and with these models having assumed 

latent Gaussian fields, the INLA approach was ex- 

tremely attractive. Although the INLA approach is an 

approximation-based method, it is quite accurate, avoids 

estimation in the presence of significant Monte Carlo error, 

and minimizes computational time ( Rue and Held, 2005, 

Rue et al., 2009 ). 

To complete the Bayesian statistical framework, we as- 

sumed various prior distributions for the parameters of 

interest. All α and β coefficients were assumed to have 

traditional, weakly informative priors, such that α, β ∼
Normal (0, 10 3 ). For the unstructured and structured spa- 

tial and temporal precision components, we chose to as- 

sume fairly non-informative prior distributions, such that 

τ v , τ u , τγ , τφ , τδ ∼ Gamma (1, 0.5). To assess sensitivity to 

prior distributional assumptions for the spatial and tem- 

poral variability, we also considered two other prior dis- 

tributional settings for our final model. Parallel to others 

( Carroll et al., 2015 ), we assumed moderately informative 

spatial variance components, and considered Gamma (2, 1) 

as well as Gamma (1, 1), instead of the traditional non- 

informative setting. 

To compare the various spatio-temporal models, we 

used the deviance information criterion (DIC) which is a 
measure of both model complexity and fit and is analo- 

gous to the Akaike information criterion (AIC) in the tra- 

ditional frequentist statistical framework ( Jin et al., 2005 ). 

The INLA approach computes the DIC, which is defined 

as DIC = D̄ + p D , where D̄ is the posterior mean of the 

deviance and p D is the number of effective parameters. 

Models that fit well have the smallest DIC score, which 

implies a small D̄ and a small p D . In considering an impor- 

tant difference in DIC, there have been suggestions based 

on AIC criterion that models receiving values within 1-2 

of the best deserve consideration, while 3–7 have consid- 

erably less support ( Burnham and Anderson, 1998 ). If DIC 

values are similar, a more complex model may fit better 

than a simpler one, but will have less precise parameter 

estimates; therefore, the best choice will be some interme- 

diate degree of complexity ( Kéry, 2010 ). 

3. Results 

Fig. 1 shows the reported aggravated and non- 

aggravated assaults, as well as the number of off-premises 

and on-premises alcohol outlets in Seattle, WA, 2010–2013. 

Overall, between 2010 and 2013, non-aggravated assaults 

increased 74%. More serious crimes, captured in aggravated 

assaults, also appeared to increase over time, but with an 

increase of 42% over the study period. The number of off- 

premises alcohol outlets increased in a relatively linear 

fashion to a total of 635 outlets of this type in the city 

of Seattle by 2013. A similar increase in on-premises alco- 

hol outlets was apparent: in 2013, there were as many as 

1760 outlets present. Basic descriptive statistics for the so- 

ciodemographic and neighborhood characteristics of Seat- 

tle are presented in Table 1 . On average, each census block 

group has a commercial LQ of 1 and about 6% vacant units. 

The overall diversity index in the city’s 567 census block 

groups is 50, indicating that for two randomly selected 

people, there is a 50% chance they would be of different 

races. In addition, public transportation stop density is ap- 

proximately 20 stops per square mile, and the average per- 

centage of household incomes below $15,0 0 0 is only 9%. To 

further describe the distribution of the sociodemographic 

and neighborhood characteristics, histograms are presented 

in Supplementary Fig. 1. 

We also examined the correlation between all sociode- 

mographic and neighborhood characteristics using a vari- 

ance inflation factor (VIF) ( Chatterjee and Hadi, 2015 ), 

where all VIFs were less than 2.0 (results presented in Sup- 

plementary Table 1 ), indicating minimal multicollinearity. 

Lastly, Supplementary Fig. 2 includes maps of these char- 

acteristics to display their spatial correlation, and Supple- 

mentary Table 2 displays the results of the corresponding 

test statistic and p-value via the Moran’s I using the 

Monte-Carlo approach ( Florax and Folmer, 1992 ). All 

sociodemographic and neighborhood characteristics dis- 

played significant evidence of autocorrelation. 

DIC values for the parametric and nonparametric mod- 

els are provided in Table 2 , separately for aggravated and 

non-aggravated assaults. For both measures of violence, the 

nonparametric models seem better suited compared to the 

parametric models. Specifically, the space-time interaction 

models, which assumed both unstructured space and time 
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Fig. 1. Temporal trends in the number of reported aggravated and non-aggravated assaults and off-premises and on-premises alcohol outlets for Seattle, 

WA 2010–2013. 

Table 1 

Descriptive statistics for Seattle, WA census block groups ( n = 567 ) ∗

Minimum Maximum Mean SD 

Commercial location quotient 0.0 0 0 20.290 0.996 8.211 

% Vacant units 0.0 0 0 0.259 0.063 0.090 

Diversity index 10.400 93.400 50.080 27.931 

% Household income < $15,0 0 0 0.0 0 0 0.654 0.088 0.246 

Public transportation stop density 0.0 0 0 147.900 19.520 55.412 

% Age 15–29 years 0.057 0.885 0.224 0.297 

Risky retailer density 0.0 0 0 36.530 1.717 14.654 

Black, female-headed households (factor) -2.193 4.152 0.0 0 0 2.112 

Downtown Indicator ( N , %) Yes 29 (5.115) No 538 (94.885) 

∗ SD = standard deviation 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(Type I), appeared to have a better fit for both types of

violence. Regardless of the random walk specification, M5

and M6 have the best balance between goodness of fit and

model simplicity, although their effective number of pa-

rameters is larger compared to the other models. There-

fore, we chose to focus on M5 for both non-aggravated and

aggravated assaults as our final models. We also assessed

the DIC values for the various prior distributional assump-

tions to determine sensitivity for our final models; all DIC

values were comparable. 

Table 3 presents the posterior estimates for the fixed

and random effects of Model 5, for both aggravated and

non-aggravated assaults. In addition to the posterior mean

and standard deviation, we also present a column labeled

“RR” for the estimated relative risk, and the correspond-
ing 95% credible intervals. For aggravated assaults, there

is a positive relationship between both off-premises and

on-premises alcohol outlets. Specifically, the estimated av-

erage relative risk is 1.077, indicating that for every addi-

tional off-premises alcohol outlet in a given census block

group, the risk of aggravated assault increases by approx-

imately 8%. Similarly, aggravated assaults increase by ap-

proximately 5% for each additional on-premises alcohol

outlet. Census block groups that have more commercial

properties and larger percentages of vacant units tend to

have significantly higher risk of aggravated assault. For

non-aggravated assaults, the trends are similar to the more

serious crimes, but additional significant relationships are

evident. For each additional off-premises and on-premises

alcohol outlet, the risk of non-aggravated assaults increases
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Fig. 2. Posterior mean for the census block group-specific relative risks (left), R R i = exp ( u i + v i ) , and the posterior probability of exceeding 1 (right), p ( RR i 
> 1 | y ), in Seattle, WA, 2010–2013 via Model 5 for aggravated (top panel) and non-aggravated (bottom panel) assaults. 

Table 2 

Summary of model selection criterion: DIC (Deviance Information Criterion), pD (effective number of parameters), 

and D̄ (deviance) for aggravated and non-aggravated assault models ∗ . 

Aggravated assaults Non-aggravated assaults 

Model type DIC pD D̄ DIC pD D̄ 

Parametric 

M1: Parametric (EXCH) 5031 381 4650 6879 507 6372 

M2: Parametric (CAR) 5023 350 4674 6893 471 6421 

Nonparametric 

M3: Differential (RW1) 5035 306 4729 6963 385 6579 

M4: Differential (RW2) 5034 305 4729 6961 383 6578 

M5: Space-time I (RW1) 5011 411 4600 6826 597 6228 

M6: Space-time I (RW2) 5010 410 4601 6826 595 6231 

M7: Space-time II (RW1) 5034 307 4727 6961 385 6575 

M8: Space-time II (RW2) 5032 307 4725 6960 386 6574 

M9: Space-time III (RW1) 5024 356 4669 6852 525 6327 

M10: Space-time III (RW2) 5024 356 4668 6851 525 6326 

M11: Space-time IV (RW1) 5033 306 4727 6961 384 6576 

M12: Space-time IV (RW2) 5032 305 4727 6959 383 6576 

∗ EXCH = exchangeable; CAR = conditional autoregressive; RW1 = random walk of order 1; RW2 = random walk of 

order 2. 
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Table 3 

Posterior estimates of Model 5 for aggravated and non-aggravated assaults ∗ . 

Aggravated assaults Non-aggravated assaults 

Parameter Mean SD RR 95% CI Mean SD RR 95% CI 

Fixed effects 

Intercept −1.344 0.314 0.261 (0.141, 0.482) −1.309 0.283 0.270 (0.155, 0.470) 

Off-premises outlets 0.074 0.021 1.077 (1.033, 1.122) 0.059 0.019 1.061 (1.022, 1.101) 

On-premises outlets 0.045 0.006 1.046 (1.033, 1.059) 0.049 0.006 1.050 (1.038, 1.063) 

Commercial location quotient 0.134 0.042 1.144 (1.053, 1.243) 0.118 0.039 1.125 (1.042, 1.216) 

% Vacant units 0.107 0.045 1.113 (1.019, 1.216) 0.121 0.042 1.128 (1.039, 1.225) 

Diversity index 0.500 0.085 1.648 (1.396, 1.946) 0.432 0.072 1.540 (1.337, 1.774) 

% Household income < $15,0 0 0 0.095 0.054 1.099 (0.988, 1.223) 0.152 0.050 1.165 (1.055, 1.285) 

Public transportation density 0.091 0.052 1.095 (0.989, 1.212) 0.120 0.047 1.127 (1.027, 1.236) 

Downtown 0.236 0.241 1.266 (0.789, 2.033) 0.166 0.221 1.181 (0.765, 1.822) 

% Age 15–29 years 0.111 0.057 1.117 (0.998, 1.250) 0.060 0.050 1.062 (0.963, 1.170) 

Risky retailer density 0.080 0.043 1.083 (0.995, 1.179) 0.056 0.040 1.058 (0.977, 1.145) 

Black, female-headed households (factor) -0.035 0.062 0.966 (0.856, 1.090) -0.026 0.055 0.974 (0.875, 1.085) 

Random effects (Precision, τ = 1 / σ 2 ) 

Unstructured spatial τv 2.162 1.900 

Structured spatial τu 2.163 4.191 

Unstructured temporal τγ 3.344 1.323 

Structured temporal τφ 3.848 2.525 

Unstructured space-time τδ 16.596 11.579 

∗ SD = standard deviation; RR = relative risk; CI = credible interval 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

by an average of 6% and 5%, respectively. Similar to the

more serious crimes, census block groups with more com-

mercial properties and larger percentages of vacant units

appears to have more non-aggravated assaults. In addition,

those same census block groups with more access to public

transportation, more diverse populations, and more house-

holds with an annual income less than $15,0 0 0 also tend

to experience more non-aggravated assaults. The census

block group-specific random effects are also presented in

Table 3 . The unstructured and structured spatial and tem-

poral precision terms are relatively small for both aggra-

vated and non-aggravated assaults, indicating more spatial

heterogeneity present in Seattle, after adjusting for the al-

cohol outlets as well as the various sociodemographic and

neighborhood characteristics. However, there appears to be

less spatio-temporal variability in both types of assault, as

suggested by the larger unstructured space-time precision

terms. 

Fig. 2 presents a further exploration of the spatial risks

of both aggravated and non-aggravated assaults: the pos-

terior mean for the census block group-specific relative

risks, as well as the posterior probability of these rela-

tive risks exceeding 1. The top panel of Fig. 2 displays

the spatial risks of aggravated assaults, after adjusting for

the presence of off-premises and on-premises alcohol out-

lets, as well as the various sociodemographic and neigh-

borhood characteristics considered, in addition to the map

of the exceedance probabilities for aggravated assault risk.

A number of contiguous census block groups in the south-

central portion of Seattle display increased risk, as char-

acterized by a spatial relative risk greater than 1, as well

as posterior probabilities above 0.8. The northwestern por-

tion of Seattle also displays increased risk of aggravated as-

sault. Similarly, the bottom panel of Fig. 2 displays maps

related to non-aggravated assaults, where increased risks

in the south-central portion of the city are also apparent.

Several larger census block groups along the eastern border
of Seattle display increased risk of non-aggravated assault

as well. 

Although we initially compared the overall DIC values

for the various models considered, we also considered the

patterns of local DIC by census block group for Model 5.

The local DIC for aggravated and non-aggravated assaults

in Seattle, WA in 2010 and in 2013 is mapped in Fig. 3 . The

overall pattern in local DIC values show evidence of spa-

tial variation in DIC, with higher DIC values more apparent

along the south-western borders of the city. Plotting these

DIC values allows for the diagnostic visualization of our fi-

nal model, where we focus on the spatial consideration of

local DIC statistics for model selection and goodness-of-fit

evaluation ( Wheeler et al., 2010 ). 

4. Discussion 

Assessments of the spatio-temporal relationship be-

tween alcohol and violence have gained much attention

in recent decades. While there is a consistent positive as-

sociation between alcohol outlets and violence, even after

adjusting for various sociodemographic and neighborhood

characteristics, longitudinal studies examining how this re-

lationship changes over time are essential in fully charac-

terizing this relationship. Our study assessed the spatio-

temporal relationship between alcohol and violence in

Seattle, WA 2010–2013 during the implementation of I-

1183, which privatized alcohol sales and distribution. We

characterized violence separately as aggravated and non-

aggravated assault, as opposed to an overall measure of

assault. Similarly, alcohol outlet was operationalized sep-

arately as off-premises and on-premises. We were able

to measure and map the spatio-temporal relationship to

gauge the impact of I-1183. As both off-premises and

on-premises alcohol outlets increased, the risk of assault

also increased, even after adjusting for various sociodemo-

graphic and neighborhood characteristics. 
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Fig. 3. Local DIC (Deviance Information Criterion) for Model 5 for aggravated (top panel) and non-aggravated (bottom panel) assaults in Seattle, WA 2010 

and 2013. 
The spatio-temporal aspect of our study allowed us 

to formally examine if the observed increase in alcohol 

availability directly impacted violence, even after adjust- 

ing for sociodemographic and neighborhood characteris- 

tics. While our spatio-temporal models did not include an 

overall fixed temporal component, it did include a random 

temporal and spatio-temporal component allowing us to 

estimate the relationship between alcohol and violence for 

every year in our study. Due to the longitudinal design 

of our study, our findings lend themselves to examining 

the causal association between alcohol availability and vio- 

lence, both before and after the implementation of I-1183. 

To our knowledge, this is the first study to examine 

this spatio-temporal relationship in Washington after 

the passage of I-1183, where violence and alcohol are 

uniquely identified to further explain this often-dynamic 

relationship. Our study also has notable strengths. First, 
the positive relationship we estimated between alcohol 

and violence is consistent with other spatio-temporal 

studies and adds to an increasing body of research con- 

cerning alcohol-related violence ( Gruenewald and Remer, 

2006, Popova et al., 2009, Zhang, 2015 ). In addition to 

the common confounders of this relationship, such as 

the presence of vacant units, household incomes below 

$15,0 0 0, and race/ethnicity captured in a diversity index, 

we also considered the presence of non-alcohol retailers. 

We found that census block groups with more commercial 

properties were at an increased risk of both types of 

violence considered. Although we also measured the role 

of potentially risky retailers, including pawnshops and 

check cashing facilities, we did not find any significant 

effects. Next, we considered various hierarchical Bayesian 

models to assess this spatio-temporal relationship using 

INLA. Although many alcohol and violence based studies 
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use the traditional MCMC approach to estimate parameters

of interests ( Britt et al., 2005, Xu et al., 2012, Zhu et al.,

2006, Yu et al., 2008 ), we chose INLA for its many features.

In contrast to MCMC, this method avoids estimation in

the presence of significant Monte Carlo error, minimizes

computational time ( Rue and Held, 2005, Rue et al., 2009 );

in addition, this approximation method is quite accurate.

Lastly, our work adds to a growing body of literature that

assesses the impact of policy on alcohol-related violence

( Xu et al., 2012, Yu et al., 2008 ). In looking at the effect of

privatization, we were able to further examine the impact

of a substantial alcohol-related policy on both aggravated

and non-aggravated assaults. Through these natural exper-

iments, researchers can thoroughly assess both the spatial

and temporal trends in alcohol availability and violence.

For instance, our study found that areas with more vacant

units and higher percentages of homes with an annual

income less than $15,0 0 0 also tend to have significantly

more assaults, in the presence of both types of alcohol

outlets. In creating polices around alcohol outlet licensing,

these specific neighborhood characteristics should, at the

very least, be considered. 

Although our study benefits from the longitudinal na-

ture of our spatio-temporal data, it has a few limitations.

First, assessing the effect of privatization over a 4-year pe-

riod, 2010–2013, may not fully capture the magnitude of

the policy impact. Since the policy became effective in

2012, there may be a lag in how this policy impacts vio-

lence or any other alcohol related harm, although, we saw

immediate, significant increases in alcohol outlets in 2012

and 2013. While our research attempts to overcome the

challenges of cross-sectional studies, future assessments

of this spatio-temporal relationship in the city of Seat-

tle should incorporate additional years. Another concern

involves unmeasured confounders. We found that even

before the implementation of I-1183, violence increased

between 2010 and 2011; therefore, the causal relation-

ship between the policy and violence is not valid during

these years and it is quite possibly a function of other

unmeasured individual and/or neighborhood level charac-

teristics. A third concern involves the generalizability of

our results to the entire state of Washington, which I-1183

impacts. While our study focused on a more urban set-

ting, the Seattle-based census block groups considered are

far from a random sample from the entire state; there-

fore, making generalizations about the impact of I-1183

on the relationship between alcohol and violence is chal-

lenging. Our analysis, nonetheless, includes a variety of so-

ciodemographic characteristics, with somewhat of a range,

such age, household income, and diversity. Lastly, due to

privacy concerns, the SPD does not release a complete

inventory of aggravated and non-aggravated assault data

for public use and/or analysis. Only 40–60% of the data

are actually made available for inspection. That said, we

observed significant increases in both aggravated and

non-aggravated assaults over the study period, closely

mimicking the increases reported via publicly available

incident reports. Further, although these observed in-

creases are drawn from the smaller number of pub-

licly available assault incident reports, our findings re-

main consistent with other studies that have pursued
research in this domain. Namely, increases in alcohol out-

lets and alcohol availability are associated with increases

in violence. 

In considering next steps, we would like to examine the

impact of Initiative 502, which defined and legalized small

amounts of marijuana-related products for adults over the

age of 21, in the state of Washington on the already docu-

mented association between alcohol outlets and violence.

This policy was also implemented in 2012, similar to I-

1183. Comparable to the role of alcohol outlets in commu-

nities, marijuana dispensaries may also increase availabil-

ity, subsequent use/misuse of marijuana and may also be

located in neighborhoods that already display a positive re-

lationship between alcohol and violence ( Mair et al., 2015 ).

Further examining this association would provide more ev-

idence of the role both alcohol and marijuana play on

violence. In addition to examining the impact of legaliza-

tion of marijuana, we would also like to consider the im-

pact of the changes in the various sociodemographic and

neighborhood measures, as opposed to using those mea-

sures captured by the US Census in only 2010. The use of

projections is increasingly becoming popular ( Kanaroglou

et al., 2009, Preston et al., 20 0 0, Smith and Shahidullah,

1995, Smith et al., 2006 ); therefore, exploring the tempo-

ral impact of these measures using these projections would

provide a more clear examination of their influence on vi-

olence. Lastly, we would like to examine the impact of

alcohol outlets using spatially varying coefficient models

( Wheeler et al., 2010 ). These models expand on our cur-

rent spatio-temporal models, but looks at the impact of al-

cohol outlets varying in each census block group, as op-

posed to finding one overall impact of alcohol outlets on

violence. 

Finally, our study’s findings suggest that the relation-

ship between alcohol and violence is complex; however,

capturing this relationship over time in a spatial context

is necessary to fully examine this association. More lon-

gitudinal studies are essential to provide evidence of the

causal relationship between alcohol outlets and violence

in the presence of significant policy changes. These addi-

tional studies could provide important insights to guide

policy decisions regarding alcohol outlets in other commu-

nities, especially in those other states considering priva-

tizing liquor sales and distribution, such as Pennsylvania,

Utah, Virginia, and North Carolina. 
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