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Evaluating the causal impact of individual alcohol

licensing decisions on local health and crime using natural

experiments with synthetic controls

Frank de Vocht1,2,3 , Cheryl McQuire1 , Alan Brennan2,4, Matt Egan2,5, Colin Angus2,4 ,

Eileen Kaner2,6, Emma Beard2,7 , Jamie Brown2,7 , Daniela De Angelis2,8,9, Nick Carter10,

Barbara Murray11, Rachel Dukes12, Elizabeth Greenwood12, Susan Holden12, Russell Jago2,13 &

Matthew Hickman1,2

ABSTRACT

Background and Aims Given the costs of alcohol to society, it is important to evaluate whether local alcohol li-

censing decisions can mitigate the effects of alcohol misuse. Robust natural experiment evaluations of the impact

of individual licensing decisions could potentially inform and improve local decision-making. We aimed to assess

whether alcohol licensing decisions could be evaluated at small spatial scale by using a causal inference framework.

Design Three natural experiments. Setting and participants Three English local areas of 1000–15000 people

each. Intervention and comparator The case study interventions were (i) the closure of a nightclub following re-

views; (ii) closure of a restaurant/nightclub following reviews and (iii) implementation of new local licensing guid-

ance (LLG). Trends in outcomes were compared with synthetic counterfactuals created using Bayesian structural

time–series. Measurements Time–series data were obtained on emergency department admissions, ambulance

call-outs and alcohol-related crime at the Lower or Middle Super Output geographical aggregation level.

Findings Closure of the nightclub led to temporary 4-month reductions in antisocial behaviour (�18%; 95% cred-

ible interval � 37%, �4%), with no change in other outcomes. Closure of the restaurant/nightclub did not lead to

measurable changes in outcomes. The new licensing guidance led to small reductions in drunk and disorderly behav-

iour (nine of a predicted 21 events averted), and the unplanned end of the LLG coincided with an increase in domes-

tic violence of two incidents per month. Conclusions The impact of local alcohol policy, even at the level of

individual premises, can be evaluated using a causal inference framework. Local government actions such as closure

or restriction of alcohol venues and alcohol licensing may have a positive impact on health and crime in the imme-

diate surrounding area.

Keywords Alcohol licensing, Bayesian analysis, counterfactuals, crime, natural experiments, public health, synthetic

controls.
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INTRODUCTION

There is extensive literature that describes a relationship

between location-based interventions in the alcohol envi-

ronment, such as changes in alcohol outlet density or in

the hours that alcohol can be sold and alcohol-related con-

sequences on crime and health [1,2].

The costs of alcohol to the United Kingdom have been

estimated to be somewhere between 21 and 52 billion

pounds in 2016 [3]. Local authorities in England have

powers to influence local alcohol environment by contrib-

uting to the licensing process and control the enforcement

of existing licenses and can thereby help in mitigating the

impact of alcohol on society, although they cannot, for ex-

ample, set levels of tax [4]. Licensing legislation requires

that all licensing decisions examine evidence about specific

outlets or local authorities, yet most published or usable ev-

idence exists for larger spatial aggregates which typically

cannot demonstrate causal links between individual out-

lets and harmful outcomes [3]. This gap in the availability

of evidence of effectiveness around individual premises is

an important limitation to local licensing decisions (e.g. re-

voking licenses or reductions of trading hours). Legal ad-

vice to practitioners in licensing departments with respect

© 2020 The Authors. Addiction published by John Wiley & Sons Ltd on behalf of Society for the Study of Addiction Addiction

RESEARCH REPORT doi:10.1111/add.15002

This is an open access article under the terms of the Creative CommonsAttribution-NonCommercial License, which permits use, distribution and reproduction
in any medium, provided the original work is properly cited and is not used for commercial purposes.

https://orcid.org/0000-0003-3631-627X
https://orcid.org/0000-0003-0127-8015
https://orcid.org/0000-0003-0529-4135
https://orcid.org/0000-0001-8586-1261
https://orcid.org/0000-0002-2797-5428
https://orcid.org/0000-0001-9864-459X
mailto:frank.devocht@bristol.ac.uk
http://creativecommons.org/licenses/by-nc/4.0/


to cumulative impact zones and other licensing activities

indicated that formal evaluations of the actual impact of

changes to policy could be important to supplement case

law and other sources of evidence in licensing hearings.

The availability of quantitative evaluations at small

temporal–spatial scales, ideally linked to single premises,

would thus be beneficial.

The implementation of local licensing policies or licens-

ing actions such as the closure of specific venues generally

results from political processes. The timing of these deci-

sions makes it difficult for research teams to influence

when and where these are implemented (or in some

situations it would be unethical to do so) and as such

evaluations using randomized controlled trial (RCT)

designs are not possible. Natural experiments (and other

quasi-experimental designs) offer the opportunity to evalu-

ate such interventions [5]. The UK Medical Research

Council define natural experiments broadly as studies that

divide population into exposed and unexposed groups, but

where the allocation to these groups was not under the

control of the research team [6]. The strength of the infer-

ences that can be made from natural experiments rely

largely on the plausibility that the intervention could be

considered to be allocated ‘as-if randomized’; i.e. although

not controlled by the research team they can be considered

random, for example due to ‘the forces of nature’ [7,8]. In

such circumstances, natural experiments can generate es-

timates of effects comparable in causal interpretation to

those from controlled trials, while they have the added ben-

efits of avoiding the artificial setting common to trials

which can improve their external validity [8]. Another

benefit is that they can be conducted using routinely

collected data, which (i) enables relatively quick evalua-

tions at low cost as the relevant data are already being

collected when an intervention is introduced (and hence

pre-intervention data is already available) and (ii) in

addition to the evaluation of planned public health inter-

ventions also allows for the evaluation of (unplanned)

withdrawal of such interventions [9].

We aimed to utilize the benefits from natural experi-

ments to assess the possibility of evaluating the impact of

local alcohol licensing interventions on health and crime

at small geospatial levels up to single premises and their im-

mediate surroundings. To do so, herewe compare temporal

trends to their counterfactuals which, because these are by

definition unmeasurable, are estimated by using synthetic

controls [10]. The synthetic controls are calculated using

Bayesian structural time–series, a methodology that was

previously shown to be beneficial in the evaluations of alco-

hol policies at the Local Authority level [4]. Specifically, we

developed three case studies together with local practi-

tioners to evaluate the impact of two licensing decisions

and the introduction and subsequent defunding of new

guideline documentation on health and crime in their

immediate vicinity, with the aim to directly support local

council practice.

METHODS

Case studies

Based on the outcomes of a work-shop with practice

partners from Local Councils, Public Health England and

academic colleagues, three cases from different regions in

England were selected for inclusion in the study and

developed. These included (i) the closure of a venue follow-

ing a licensing committee review, (ii) the closure of two

colocated venues following review and (iii) where new lo-

cal licensing guidance and increased inspections were

established (iiia) and subsequently defunded and

restructured (iiib), providing two intervention points for

analyses. Outcomes were selected prior to analyses for each

of the case studies through discussions between local gov-

ernment officials and the research team and included

time–series of reported numbers of specific crimes and

health outcomes, covering a pre- and post-intervention pe-

riod. Data were obtained by the practice partners from

existing collaborations, including multi-agency groups,

and included recorded numbers of calls for service from

police records classified based on national criteria based

on locations of the incidents, hospital admissions data

based on the home address of the individuals and ambu-

lance data based on the location of the incidents. Counts

were aggregated to lower layer super output geographical

areas (LSOA; 1000–3000 people) for the first two case

studies and middle-layer super output areas (5000–

15000 people) for case study 3 [11]. More details of each

case study are provided in the Supporting information.

Counterfactuals

The measured time–series were compared to the counter-

factual time–series, which are the potential outcomes in

the case the intervention had not been introduced [12]

and the difference interpreted as the effect of the interven-

tion. Counterfactual series were constructed by synthetic

controls methods [10] using the weighted average of the

outcome variable from a group of local control areas (de-

scribed in the Statistical methodology). Control areas were

areas at the same geospatial level selected from the same

Local Authority and were selected by the practice partners

as comparable to the case area. We limited the selection of

control areas to those from the same Local Authority in

this study because (a) at such small geographical-level lo-

cal practitioners would be best placed to select comparable

controls and (b) these areas would be subject to similar

trends resulting from policies and priorities within the Lo-

cal Authority. In addition, by limiting the selection of areas

to the same Local Authority this would facilitate future

2 Frank de Vocht et al.

© 2020 The Authors. Addiction published by John Wiley & Sons Ltd on behalf of Society for the Study of Addiction Addiction



local use of the methodology. A possible limitation of selec-

tion by local practitioners may be the risk of implicit or ex-

plicit bias in the selection of the controls, but the

complexity of how these are combined to create synthetic

counterfactualsmitigates the impact of this. Each synthetic

control was based on different combinations of the selected

control areas (ranging from two to six), depending on the

case study.

Statistical methodology

Bayesian structural time–series have been described in de-

tail elsewhere [13,14], but in brief are state-space models

that can incorporate trends, seasonality and regression

components. Two linked equations describe (a) how the

outcomes are related to an underlying latent state, and

(b) how the latent state changes over time. The errors of

different state components are assumed to be normally dis-

tributed with a mean of zero and independent of each

other. The regression component of the model enables the

inclusion of covariates. To develop the synthetic controls,

a spike-and-slab prior was placed on the regression coeffi-

cients, where the ‘spike’ determines the probability that a

covariate (here, the time–series of the outcome in a control

area) has a non-zero coefficient based on independent

Bernoulli distributions and the ‘slab’ is a weakly informa-

tive Gaussian prior with a large variance. We used

Bayesian model averaging across all combinations of

predictors to construct an outcome time–series from the

covariate time–series [15]. The posterior predictive density

is a joint distribution over all data points [14], and the pos-

terior distribution of the model parameters was estimated

using a sequence of Gibbs sampling steps from a Markov

chain with a stationary distribution; i.e. stochastic search

variable selection [16]. The posterior distribution of the

time–series can then be projected forward using the regres-

sion component of the model. The difference between the

measured and projected (or forecasted) time–series can be

interpreted as the effect of the intervention. The 95%

Bayesian credible interval (CrI) provides an estimate of

the precision of average and cumulative effects over the

forecasting time horizon and posterior tail area probabili-

ties, calculated as the samples where the CrI of the

cumulative effect excluded zero, are interpreted as classical

P-values [13]. One minus the posterior tail area probability

can also be interpreted as the probability of a causal effect

[17].

Individual model specifications were required for each

case study and outcome combination because of differ-

ences in the data with respect to length of the time–series,

number of control sets, temporal variability and other tem-

poral patterns (such as seasonality). Each initial model was

based on a random walk plus noise, or local-level, model

and sequentially other structures—autoregressive of order

1 [AR(1)] model, local-linear time trends and additional

seasonal components [18] were assessed. Common to all

analyses were the following specifications: expected ex-

plained variance was set to 90%, and priors for the mean

of each outcome and its standard deviation were defined

as the arithmetic mean of the outcome in the

pre-intervention period and 10% of its standard deviation,

respectively, and the upper limit for the standard deviation

was set to 200% of that of the pre-intervention time–series.

Model evaluation was conducted graphically based on

plots, and statistically using root mean square errors for

the pre-intervention (training) time-period (partial)

autocorrelation plots and Ljung–Box tests to assess

independent distribution of residuals and precision of coun-

terfactual estimates (standard deviation of forecasts). Mar-

kov Chain Monte Carlo samples (10000) were used and

convergence evaluated using Geweke and Raftery & Lewis

diagnostics.

Falsification tests in which different implementation

dates (temporal falsification) and replacement of case areas

by control areas (spatial falsification) were also conducted

to strengthen causal inference [19].

Bayesian structural time–series models were

implemented using the bsts [18] and CausalImpact [17]

packages in R (version 3.2.4).

The analysis planwas not pre-registered and the results

should therefore be considered exploratory in nature.

RESULTS

Case study 1: closure of a nightclub

This nightclub was opened in September 2011 but was

put under review by local government following concerns

about crime and antisocial behaviour at the premises,

and eventually forced to close in September 2013 (see

OSM). Time–series of reported incidents of crime (all of-

fenses), specifically antisocial behaviour, and ambulance

call-outs and emergency admissions to hospital for alco-

hol (i.e. the outcome data) from 2010 to September

2014 (12 months post-closure) were used to evaluate

the intervention, but incident counts from one to four

were not provided because of identifiability concerns,

and these were imputed using random imputation with

equal inclusion probabilities. Evaluation of 12-month

follow-up was modelled based on a semi-local linear trend

model with two seasonal components (12 months and

four seasons) and 4-month follow-up (see below) based

on a local level with seasonal components [18]. The re-

sults for all outcomes are shown in Fig. 1. There was little

evidence of a longer-term impact at 12 months on any of

the selected outcomes as a result of the closure of the

venue (Table 1). Graphical observation of the temporal

patterns was indicative of an initial, but temporary, re-

duction in the incidence of reported incidents of antisocial
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behaviour. Post-hoc analyses of this pulse impact (i.e. the

shortest period of impact [20]) indicated a 4-month im-

pact of �18% (95% CrI = �37%, �4%), equating to

60 averted incidents. Falsification tests indicated that this

was specific to the time-point and the area of closure of

the venue (as summarized in Table 1).

Figure 1 Case study 1: evaluation of closure of a venue following a licensing committee review. Impact of post-hoc 4-month evaluation highlighted at

top left [Colour figure can be viewed at wileyonlinelibrary.com]

Table 1 Case study 1 evaluation of the impact of closure of a venue following review on selected outcomes, and results of temporal and

spatial falsification tests for observed effects.

Evaluation of the 12-month impact of the closure of the venue

Outcome 12-month average impact 95% CrI Posterior tail-area probability

Anti-social behavioura +8% �63%, +49% 0.36

Crime (all offences)
1

+4% �69%, +77% 0.45

Ambulance call-outsb �9% �36%, +20% 0.22

Emergency Admission to hospital for alcoholb �19% �155%, +113% 0.39

Post-hoc evaluation of 4-month impact

Outcome 4-month average impact 95% credible interval Posterior tail-area probability

Anti-social behaviour �18% �37%,�4% 0.01

Temporal falsification testsc

Antisocial behaviour 4-month average impact 95% CrI Posterior tail-area probability

6 months earlier �7% �22%, +16% 0.15

6 month later �9% �46%, +17% 0.31

Spatial falsification testsd

Area 2 +11% �44%, +69% 0.32

Area 3 �39% �109%, +47% 0.10

Area 4 �20% �158%, +77% 0.43

aMonthly number of reported events; bquarterly number of events; cthe time-point of the intervention was artificially moved forwards or backwards; deach

control area was artificially assigned as the intervention area. CrI = credible interval.
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Case study 2: closure of a restaurant and cocktail bar

Both co-located premises were closed in November 2016

following a licence review brought by the police on the

grounds of crime and disorder related to the premises.

Time–series of reported incidents of crime (all offences)

and antisocial behaviour specifically were available for

2015–17. AR(1) models with linear local trend and

monthly seasonal components were used to model the

counterfactuals, and the results for the closure of the

venues are shown in Fig. 2. Uncertainty is large as a result

of the low numbers of incidents in these LSOAs, and based

on point estimates and precision there was little indication

of a measurable effect on the incidence of reported antiso-

cial behaviour or crime incidents in the subsequent

12-month period.

Case study 3a and b: local licensing guidance

In 2012 the introduction of new statutory guidance facili-

tated the development of Local Licensing Guidance (LLG)

for specific areas which was taken up for a designated area

within an urban conurbation. The LLGwas in place during

2013/14, during which there was active engagement, in-

cluding additional inspections of venues, by Public Health

locality teams. However, as a result of budget cuts and

changes to resource allocation there were no more active

follow-ups after the 12-month period.

Time–series of monthly reported incidents of drunk and

disorderly behaviour, sexual offences, antisocial behaviour

and domestic violence were available for the period

2008–14. Different model specifications were required to

best model the temporal patterns of each outcome: drunk

and disorderly behaviour was modelled on an AR(1)

autoregressive model with amonthly seasonal component,

sexual offences on a local level model with a monthly sea-

sonal component and antisocial behaviour and domestic

violence both on a semi-local linear time trend and a

monthly seasonal component. The results of the introduc-

tion of the LLG (3a) are shown in Table 2 and Fig. 3, and

suggest weak evidence for a reduction in the incidence of

reported drunk and disorderly behaviour incidents [12-

month impact of �42% (95% CrI = –109%, +23%) com-

pared to the counterfactual]. This, however, corresponds

to fewer than one averted incident per month (95% CrI = –

2, +0.3) on average. Falsification tests indicated that this

weak evidence of effect was specific to the time-point as

well as to the area (with the exception of one neighbouring

area, where a comparable effect was observed).

Results of the evaluation of the impact of defunding and

restructuring of the LLG initiative (3b) are shown in

Table 3 and Fig. 4. Strong evidence of a reduction in anti-

social behaviour events compared to the counterfactual

was observed, which was thought to be related change of

the role of the Community Safety Manager at the same

time, which contributed to a loss of engagement with the

local community and businesses and a reduction in the

number of incidents reported. Indeed, falsification tests in-

dicated this change was not specific to the time-point or

area in which the LLG initiative was defunded. There was

also moderate evidence of an increase in reported incidents

of domestic violence of +11% (�10%, +35%), which cor-

responds to two additional incidents per month. Falsifica-

tion tests indicated that the increase happened at

approximately the same time as the withdrawal of public

health, and was also not observed in any of the other areas.

DISCUSSION

The analyses presented in this paper highlight that it is pos-

sible to quantitatively evaluate the small-area impact of lo-

cal changes to the local alcohol environment up to the level

of single premises and their immediate surroundings in a

robust manner through synthetic control methodology.

Our single case studies did not (and would not be expected

to) result in large effects, and they are implemented in com-

plex local systems [21]. Hence, the quantitative results we

report in this study should be appraised in conjunction

with local information about implementation and context

from local practice partners. As such, the evidence from

these natural experiments contribute to the evidence of ef-

fects of local licensing policies at the Local Authority level

in England [4,22,23] and is also in agreement with results

from natural experiments looking at effects of choices in

the alcohol environment more broadly [24–26].

In case study 1 there was strong evidence for an imme-

diate, but relatively short-term, impact of closure of the

venue on the incidence of reported antisocial behaviour,

but not for local crime rates, emergency admissions to hos-

pital for alcohol or for ambulance call-outs. For that imme-

diate 4-month period, the impact equated to 15 incidents

(95% CrI = –3 to – 30 incidents) averted per month, or

60 in total. However, this 4-month pulse impact was de-

fined post hoc and therewas no evidence of impact after this

period. Falsification tests provided reassurance that the ob-

served impact could be ascribed to the closure of the venue,

although weak evidence of an observed effect in one of the

control areas highlight the complex setting, with many ad-

ditional exogenous factors affecting these local systems.

Feedback from the practice partner indicated that a reduc-

tion in antisocial behaviour after closure of the venue

conformed to their expectations, given that this was one

of the main reasons that resulted in its closure. However,

there is no clear explanation why this would have returned

to the normal level after the initial pulse.

In case study 2 there was little evidence that closure of

the venues had resulted in measurable effects on reported

incidents of crimes or antisocial behaviour in the area

Natural experiments of alcohol licensing 5
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immediately surrounding the venues. The influence of

high variability and exogenous factors that affect the

time–series (here the sudden reduction in recorded antiso-

cial behaviour in the year prior to the closure of the

venues) complicated statistical inferences. There may not

have been direct effects on the immediate vicinity of the

venues, because these were located in the connecting area

between two night-life focal points in the conurbation and

thus any effects (if these occurred) would have been

observed elsewhere.

Case study 3 described weak to moderate evidence of a

small impact on the incidence of reported drunk and disor-

derly behaviour in the area following the introduction of

LLG, corresponding to approximately one to two averted

events per month compared to the counterfactual. Compa-

rable effects were observed in some adjacent areas as well

which, the local practitioners indicated, also received addi-

tional inspections by the Public Health team in that period,

providing additional weight to the evidence for a small ef-

fect as a result of the LLG. The subsequent defunding and

Figure 2 Case study 2: evaluation of the impact of closure of two venue on themonthly incidence of reported antisocial behaviour and crimes in the

immediate local area [Colour figure can be viewed at wileyonlinelibrary.com]
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restructuring of the LLG provided moderate evidence that

this had resulted in a small increase in incidents of domes-

tic violence of approximately two additional incidents

monthly compared to the counterfactual. In interpreting

these effects, it is important to note that these small-scale

interventions do not occur in a vacuum and, as a

consequence of the restructuring process other work being

carried out at the time, including work on domestic vio-

lence, also changed, which may have contributed to the

observed excess incidents of domestic violence.

Figure 3 Case study 3a: evaluation of the introduction of the Local Licensing Guidance and increased inspections [Colour figure can be viewed at

wileyonlinelibrary.com]

Table 2 Case study 3a: evaluation of the impact of new LLG and increased inspections on selected outcomes, as well as results of temporal

and spatial falsification tests for observed effects.

Monthly number of reported incidents 12-month average impact 95% Credible Interval Posterior tail-area probability

Drunk and disorderly behaviour �42% �109%, +23% 0.10

Sexual offences +5% �95%, +90% 0.44

Antisocial behaviour �12% �95%, +36% 0.40

Domestic violence +0.7% �28%, +30% 0.48

Temporal falsification for drunk & disorderly

behavioura
12-month average impact 95% Credible Interval Posterior tail-area probability

6 months earlier �1% �95%, +91% 0.49

6 months later �27% �115%, +61% 0.27

Spatial falsification for drunk & disorderly

behaviourb
12-month average impact 95% CrI Posterior tail-area probability

Control area 1 �9% �64%, +43% 0.36

Control area 2 �53% �119%, +14% 0.06

Control area 3 �46% �183%, +89% 0.23

Control area 4 +27% �106%, +156% 0.33

Control area 5 +329%c
�148%, +821% 0.08

Control Area 6 �64% �196%, +60% 0.15

aThe time-point of the intervention was artificially moved forwards or backwards. bEach control area was artificially assigned as the intervention area. cThis

percentage is misleading because it is based on very small incidence. CrI = credible interval; LLG = local licensing guidance.

Natural experiments of alcohol licensing 7
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These analyses illustrate the difficulties of the statistical

modelling in these highly localized settings, with low num-

bers of events, high temporal variability and relatively

small expected effect sizes (if any). The Bayesian structural

time–series approach allows, in theory, for an accurate

modelling of counterfactual time–series but may have

benefited from longer time–series to increase statistical

power, and also suffers when no events occur on many

time-points. Moreover, these natural experiments occur in

a complex systems setting, but these analyses are based

on traditional linear evaluations of cause and effect [21].

For example, the pulse effect observed in case study 1

may be the result of an unknown feedback loop not taken

into account by the method. Comparable control areas

were selected from the same local authorities in all cases

and had varying distances to the case areas. The main as-

sumption of this approach is that the correlations between

outcomes prior to the evaluated intervention remain the

same in the post-intervention period. Although there was

little evidence of spillover effects, which have been reported

in geographical studies of alcohol [27], but not in England

in previous analyses [22], some evidence of spatial cluster-

ing was observed, such as in study 3 where the falsification

test highlighted similar effects of the introduction of LLG in

a neighbouring area. Most unobserved confounding fac-

tors, such as macro-economic changes and specific local

policies or priorities, are in theory accounted for because

the synthetic controls were based on weighted combina-

tions of comparable control areas from the same Local

Authority and/or are unlikely to change significantly over

these time–periods such as, for example, area-level demo-

graphics or deprivation. However, residual confounding

cannot be excluded because the researchers were not in

control of the randomization process. Generally, the use of

synthetic controls has advantages over other analytical

methods for natural experiments [10], but regardless of

the analytical method the stronger the argument is that

the allocation of the intervention and the selection of

Table 3 Case Study 3b: evaluation of the impact of defunding and restructuringof LLG on selected outcomes, as well as results of temporal

and spatial falsification tests for observed effects.

Outcome 12-month average impact 95% CrI Posterior tail-area probability

Drunk and disorderly behaviour �37% �213, +123% 0.31

Sexual offences �8% �152%, +138% 0.46

Antisocial behaviour �61% �109%,�19% 0.01

Domestic violence 11% �10%, +35% 0.14

Falsification tests for antisocial behaviour

Temporal falsificationa
,b 4 month average impact 95% CrI Posterior tail-area probability

3 months earlier �3% �33%, +24% 0.43

3 months later �41% �79%,�4% 0.01

Spatial falsificationa
,c 4 month average impact 95% CrI Posterior tail-area probability

Control area 1 �6% �79%, +62% 0.44

Control area 2 �24% �119%, +71% 0.31

Control area 3 �49% �112%, +19% 0.07

Control area 4 �38% �124%, +42% 0.2

Control area 5 �42% �131%, +46% 0.17

Control area 6 �43% �95%, +9% 0.05

Falsification tests for domestic violence

Temporal falsification testa
,b 4-month average impact 95% CrI Posterior tail-area probability

3 months earlier 4% �21%, 36% 0.42

3 month later �0.20% �22%, 23% 0.48

Spatial case areaa
,c 4 month average impact 95% CrI Posterior tail-area probability

Control area 1 7% �14%, 28% 0.25

Control area 2 6% �18%, 34% 0.32

Control area 3 �5% �19%, 12% 0.27

Control area 4 �6% �32%, 22% 0.32

Control area 5 �3% �38%, 31% 0.42

Control area 6 25% �36%, 72% 0.15

a3 months instead of 6 months temporal falsification was a priori selected to minimize the effects of the introduction of the LLG and additional inspections,

which overlaps with the earlier temporal falsification test. This allowed for 4-month impact periods which, for consistency, were also used for the spatial fal-

sification tests; bthe time-point of the interventionwas artificially moved forwards or backwards; ceach control areawas artificially assigned as the intervention

area.

CrI = credible interval; LLG = local licensing guidance.
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control areas may mimic a random process (as-if random-

ization), the less likely that the results may be significantly

confounded [7].

The main strengths of this study were that these analy-

ses demonstrate that in local policy interventions where

randomized controlled trials (RCTs) are not possible,

natural experiments in which as-if randomization enables

assignment on observed and unobserved factors [28] can

be a valuable alternative for robust evaluation if sufficient

data are available [6]. Moreover, this study indicates that

comparisons to counterfactuals can be performed at small

area-levels with low numbers of incidents, although with

the expected effect sizes in these case studies, moderate

strength of the evidence was the maximum achievable

[29]. The comparison to the counterfactual was an impor-

tant strength of the current methodology, with advantages

over other alternative methods for the evaluation of natu-

ral experiments such as pre–post designs or interrupted

time–series [6,10] (note that there are alternative statisti-

cal methods to the Bayesian structural time–series that en-

able comparison to controls). Specific strengths related to

the use of Bayesian structural time–series include the in-

clusion of subjective knowledge to defining the priors, the

inclusion of posterior uncertainty about the covariates in

the model and their coefficients, the accommodation of se-

rial autocorrelation and cross-sectional and longitudinal

heterogeneity and the inclusion of Bayesian model averag-

ing to mitigate issues around selection of covariates and

overfitting [14].

To our knowledge, these were the first studies in which

the effect of small-scale interventions, at the levels of indi-

vidual premises in two of the case studies, were evaluated

using a quantitative method that enabled robust compari-

son to counterfactuals. The use of thismethodology to con-

duct small-scale evaluation has the potential to bridge the

gap between the predominantly data-orientated approach

by public health teams and the need for contextualized

evidence for presentation to councillors [30], at least in

principle. However, the small effect sizes and complex

modelling provide moderate evidence of effects, at best.

Although in this study we used this analytical framework

in the context of evaluation of the impact of local alcohol

(licensing) policies, it is a general framework for evaluation

of natural experiments, and as such is likely to be also ap-

plicable to the evaluation of natural experiments and other

quasi-experimental in the broader public health setting.
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