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Changes from protocol

Amendment of outcome to
‘charged, cautioned or
convicted’ of an offence. The
previous definition of the
primary outcome was an
offence ‘attributed to” an
individual, which is imprecise
and unstandardised as it
could include an individual
being a ‘suspect’ with little
supporting evidence.

‘Attributed to’ is imprecise, can vary between police force
areas and within forces over time, has a lower threshold
and is susceptible to a range of individual-level biases and
discrimination.

The study is powered based on the anticipated
distribution of the revised outcome.

Increasing timeline of
baseline data from 12m to
24m for primary outcome
and limiting to violence
against the person offences.

To increase statistical power on the basis that this will
provide more data on the study participants’ prior
offending which reduces between group variance and
increases power through greater precision of estimates
while also limiting to violence against the person offences,
which aligns better with the follow-up outcome.

Trial-by-trial statistical model
output not used for meta-
analysis output. Treatment
and control group counts
used instead.

We specified in the protocol we would do this in the event
that the process evaluation illustrated that the pooling
approach to analysis would be unsound. However, we will
not be doing this because running separate models prior
to meta-analysis has not been factored into our power
calculations and it is not necessary to do this to run a
meta-analysis. We wish to present the results about
between-trial variation in outcomes visually in any event.




We will use basic descriptives from each site to populate
the forest plot (treatment and control violence against the
person offence counts, sample size).

Subgroup results reported as
descriptive statistics for
violence against the person
prevalence and frequency.

We originally set out that we would conduct several
subgroup analyses statistically. Instead we will report
descriptive statistics for prevalence and frequency of
violence against the person offences. This is to avoid
issues with multiple hypothesis testing & low statistical
power that would arise if we were to run subgroup
analyses as models.

Not undertaking analysis for
co-offender allocation to
treatment.

The data we have will not allow us to link co-offenders so
it will not be possible to assess the impact (or otherwise)
of treatment allocation on co-offenders not in the trial or
in the trial itself (as we do not have information on co-
accused or co-defendants).

Not undertaking subgroup
analysis for low, medium and
high-risk groups

This measure was derived differently for each trial so
unless the definitions are the same then the results from
this would be uninformative . We will only present trial
x risk-level descriptive statistics for treatment and control.

Not undertaking analysis of
co-offending for violence
against the person

We are interested in co-offending because of the focus on
group involvement in crime — that is any group
involvement in crime —and violence is too narrow a
definition. When coupled with the low statistical power
this analysis would have if it were focused on violence
against the person  alone, we did not think it was worth
pursuing further.

Compliance analysis only at
the individual level, not trial
level

Our definition of compliance is whether those allocated to
the treatment group actually received intervention of any
sort and whether those in control remained in control and
did not receive the intervention. While we can calculate a
trial-level compliance measure from the ground up using
individual compliance data, anything beyond initial
contact is firmly into ‘fidelity’, that is, the ‘how’ of the
intervention rather than ‘whether the intervention was
received or not’.

Changes in sample size
calculations and assumptions
for power simulation

Since the publication of the protocol we have been able to
examine data from a randomly selected subsample of the




cohort that has provided a sample of outcomes upon
which to update our power simulations.

This distribution of the primary outcome was used to
inform the power simulations using a method previously
described in the study protocol and early implementation
reports. The method used in the SAP varied slightly to that
employed previously in that the time 2 outcomes data
was simulated in a different way for the control group. In
the protocol and early implementation report, outcomes
for time 2 (endline) were set to be identical to those of
time 1 (baseline) for both the treatment and control
groups, with time 2 for the treatment group then being
adjusted to reflect the simulated effect size.

The change from the initial run of the power calculations
in the protocol to the SAP is that in the protocol the exact
values for t1 (baseline) were copied to t2 (outcome) for
the control group. In this version, the values for the
control group were allowed to vary (randomly) but the
overall distribution and mean remained the same. This
better reflects the variation at case-level that we observe
in reality. The simulation for the treatment group remains
the same between the protocol and the SAP.

Our updated power calculations in this SAP show that a
sample size of 2,864 would detect a relative reduction of
20% in 79% of trials.

Changes to the control
variables used in the main
intention-to- treat analysis

We will be using trial fixed effects (7 trials in total) instead
of delivery site/team fixed effects (5 sites in total) in the
model. We will also be including month of randomisation,
ethnicity and sex in the intention-to-treat model.
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This document is the statistical analysis plan (SAP) for the Another Chance multicentre
randomised controlled trial. It is an updated version of the analysis plan set out in the study
protocol (Brennan et al., 2023), informed by what we now know about implementation and
information that has influenced the conduct of the analysis for the project (Brennan et al.,
2024).

Youth Endowment Fund ‘Another Chance’ Focused Deterrence programme

Focused deterrence interventions are based on the premise that combining (i) a credible
threat of legitimate, swift, and targeted enforcement measures for those involved in violence
(i.e., increasing the perceived risk of being caught), with (ii) the offer of comprehensive and
tailor-made support, and (iii) a community-based message that violence will not be tolerated
and that desistance is supported, delivered via individuals and organisations involved in
delivery of the programme, will lead to reductions and/or desistance from further violent
behaviour. There is a good deal of evidence for the effectiveness of these types of
programmes when run and evaluated in a US setting and when evaluated using quasi-
experimental designs with intervention at the area level (Braga et al., 2019). Since the
publication of Braga et al.’s systematic review in 2019, randomised controlled trials of focused
deterrence have been implemented (Olphin et al., 2024; Rosenfeld & Vaughn, 2024) but have
been limited by small sample sizes and low statistical power (Olphin et al. 2024). One
international exception is Operation Capesso, a large-scale RCT conducted in Victoria,
Australia (Australian Institute of Criminology, 2023), but the results have yet to be published.

Most US implementations of focused deterrence have promoted the use of ‘call ins’ for gang
members/group violence, which in turn has raised challenges for evaluation (Braga &
Weisburd, 2014; Rosenfeld & Vaughn, 2024). Owing to differences in implementation and
differences in the ability to compel attendance through the threat of revoking parole, UK tests
of focused deterrence have not used call-ins extensively or successfully (Davies et al., 2016).
In the YEF programme, as with most previous UK deliveries of interventions labelled as
‘focused deterrence’, the programme combines an offer of support, which requires voluntary
engagement (i.e. cannot be compelled through parole conditions) and the threat of
enforcement in the face of continued offending, which is conditional, but not voluntary.
Furthermore, the US implementation has focused on adults while the lower age limit for the
YEF programme is 14 years. In the UK, the treatment unit has tended to be individuals rather
than groups, meaning that the intervention mechanism is likely to differ. This means there is
a significant gap between the reported evidence base (Braga et al., 2019) and implementation
in the UK. Again, the lack of rigorous evidence from the UK underpins the need for further
testing.
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Design summary

The Another Chance evaluation is a multicentre, two-arm randomized controlled trial
involving seven interventions delivered across five cities in England. Each intervention has
been designed following the YEF FD framework (Youth Endowment Fund, 2022) and,
consistent with the general ethos of focused deterrence initiatives (Braga et al., 2019),
adapted for local context and team structure. All seven interventions target people aged 14
years and over who have been, or are at risk of being, involved in group violence in the
community.

The evaluation of this intervention is being conducted via a combined randomised controlled
trial (RCT) and implementation and process evaluation (IPE) under a realist framework
(Pawson & Tilley, 1997). Both of these are detailed in the trial protocol (Brennan et al., 2023).
To summarise, the impact evaluation is a multicentre, two-arm randomised controlled trial
implemented across seven trials in five sites. The implementation and process evaluation
cover both what is being delivered, but also the views of those running the interventions and
subject to them, as well as assessing compliance and fidelity in the programme. The
integrated RCT/IPE means that measures from the IPE work will directly inform the analysis
of the RCT but for the purpose of statistical analysis the main contributions from the IPE are
(i) measures of compliance with allocation and (ii) fidelity to programme (for details of the
realist approach see the YEF study protocol - the SAP is concerned with the statistical aspects
of the study).

Each intervention involves an initial search for eligible population based on defined eligibility
criteria, which consists of police data on offending, but may also involve input from statutory
and/or voluntary sector partners. Typically, individuals are then considered by a panel who
draw together intelligence about the individual to inform a strategy for intervention.
Prospective cohort members are contacted individually by the delivery team, usually and
preferably as a face-to-face meeting. At this meeting, a team member communicates to the
individual that their offending behaviour has come to the attention of the police, leading to
the meeting, and that continued offending will result in them being arrested and suffering
legal consequences. They are also informed that, should they wish to avoid these
consequences, they must desist from violence and the programme can offer them support to
desist. If they choose to accept this offer of support, a follow-up meeting is arranged to
identify and coordinate future support. If an individual chooses not to accept the offer of
support, they may be referred to police for enforcement or disruption activity if they continue
to be involved in violence. While eligibility criteria have been consistent since 2023, we are
conscious of the risk of local ‘mission creep’ and net-widening. Our team is completing
qualitative work to understand more about these issues. The protocol for this study was
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registered as ISRCTN11650008 on 4th June 2023 and was updated in June 2025:
https://doi.org/10.1186/ISRCTN11650008.

Target population
The population involved in this study is those aged 14+ years old with a history of offending

and/or at high risk of offending (see protocol for detailed eligibility criteria, which differed

slightly between trials). A further component of the YEF remit is to evaluate the most

promising interventions to prevent violence, of which focused deterrence is one (Abt, 2019).

However, the age profile for focused deterrence interventions typically is those in adulthood

and arguably the intervention will have differing effects at different ages. To ensure that both

components of the YEF remit can be addressed, a pragmatic decision was made to widen the

age limit to include children and adults and to examine differences in intervention effects and

experiences in children and adults as part of the formative evaluation (IPE). Below we set out

the different sites, trial ID numbers and names by which the interventions are known locally.

Table 1: Local delivery sites & trial numbers

Trial Team Site Intervention name Number
number randomised
to date*

1 Leicester, Leicestershire and |Leicester City The Phoenix Programme (553
Rutland Violence Reduction
Network

2 Greater Manchester Manchester City Another Chance 630
Combined Authority Manchester

3 Nottingham Violence Nottingham City & |Another Way 365
Reduction Partnership Nottingham County

4 West Midlands Violence Coventry City CIRV Coventry high risk 214
Reduction Partnership pathway (Trial 1)

5 West Midlands Violence Coventry City CIRV Coventry referral  |343
Reduction Partnership pathway (Trial 2)

6 West Midlands Violence Wolverhampton City [CIRV Wolverhampton 292
Reduction Partnership high risk (Trial 1)

7 West Midlands Violence Wolverhampton City [CIRV Wolverhampton 212
Reduction Partnership referral pathway (Trial 2)

Table note: * date as of 31/12/2024, meaning numbers reported here and those below will not match.
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Design overview

Multicentre, two-arm randomised controlled trial

Unit of randomisation Individual, stratified by offending frequency and age

Stratification variables Number of offences in past two years (tertiles)
(if applicable) Under/over 18 years: binary variable

Perpetration of violent crime attributed to an individual

Variable in the 12 months following randomisation

Primary outcome measure N charges/cautions/convictions for violence against the
(instrument, person offences in local police records and PNC within
o1l Selllde=l (12 months of randomisation

Perpetration of any violent crime in the 24 months

Variable . e
prior to randomisation

Baseline for
primary outcome

measure N charges/cautions/convictions for any violence against
(instrument, the person offence in local police records and PNC
oz el desl - within 24 months prior to randomisation

Involvement in co-offending in the 12 months following
randomisation

Variable(s)

N charges/cautions/convictions for any offence in local
police records and PNC where two or more
perpetrators were charged/cautioned/convicted for a
crime incident within 12 months of randomisation

measure(s)
(instrument,
scale, source)

Involvement in co-offending in the 24 months prior to

Variable L.
randomisation

Baseline for

measure N charges/cautions/convictions for any offence in local
(instrument, police records and PNC where two or more

o-|[5 Sellide=) )l Iperpetrators were charged/cautioned/convicted for a
crime incident in 24 months prior to randomisation

Variable ime-to-offence up to 12 months following
randomisation

measure ime in days between randomisation and first violent
(instrument, offence that resulted in a charge/caution/conviction in
o1l Selilde=) local police records and PNC

Variable Perpetration of violent crime in 24 months prior to
randomisation

NEENIITE N charges/cautions/convictions for any violence against
(instrument, the person offence in local police records and PNC
oc 56l desl - within 24 months prior to randomisation

11



Sample size calculations overview

Protocol

Randomisation

20% relative reduction in 20% relative reduction in
Minimum Detectable Effect Size (MDES) violence against the person | violence against the person
offences. (d = 0.08)* offences. (d=0.08)
level 1
o n/a? n/a
Pre-test/ post-test (participant)
correlations
level 2 (cluster) n/a n/a
level 1
o n/a n/a
Intracluster (participant)
correlations (ICCs)
level 3 (cluster) n/a n/a
0.05 0.05
0.8 0.79°
One-sided or two-sided? Two-sided Two-sided
Average cluster size n/a n/a
intervention 1,250 1,432
Number of
o control 1,250 1,432
participants
total 2,500 2,864

Table notes: @ We based our power calculations on simulated data so we do not use pre/post correlation in the same way. P
Projected randomisation throughput based on simulations in Appendix 1

1 Cohen’s dis presented here for consistency with other YEF studies. However, those studies typically employ
outcomes with an approximately normal distribution, such as the Strengths and Difficulties Questionnaire (Youth
Endowment Fund, 2022). As d relies on the existence of symmetrical standard deviations, its use when data have
a negative binomial distribution and large number of zero counts is not advisable because it does not align with
the assumptions of either d or the underlying data distribution.
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Our sample size calculations were completed a priori and published in the protocol (Brennan
et al., 2023). The calculations were completed using R v4.0.4 (R Core Team, 2021) and the
randomizr package (Coppock, 2024). The conclusion of those calculations, heavily informed
by the use of the YEF focused deterrence framework across all sites, was that in order to
achieve sufficient statistical power for the study it would be necessary to pool data across
sites. Our code was published with the protocol, has been refined to automatically run and
visualise all simulations from a single file, and is included in Appendix 1. Since the publication
of the protocol we have been able to examine data from a randomly selected subsample of
the cohort (described below) that has provided a sample of outcomes upon which to update
our power simulations.

Data on outcomes were requested from sites to help inform the power calculations
documented below. Lists of all cases sent for randomisation until the end of June 2024 were
collated for each trial and 20 cases were randomly sampled from each of the seven trials. This
was so that (i) the overall burden on site analysts was minimised and they could return the
data quickly (each request requires a lookup on PNC and review of files to calculate the
offence outcomes); and (ii) we could be more confident about inferences from the sample
collected rather than asking sites to send back data on a self-selected sample. Site analysts
were provided with this list and a set of instructions for returning information on outcomes
for each case between 1/4/2023 and 31/3/2024.

The distribution of the primary outcome was used to inform the power simulations using a
method previously described in the study protocol and early implementation reports. The
method used here varied slightly to that employed previously in that the time 2 outcomes
data was simulated in a different way for the control group. In the protocol and early
implementation report, outcomes for time 2 (endline) were set to be identical to those of
time 1 (baseline) for both the treatment and control groups, with time 2 for the treatment
group then being adjusted to reflect the simulated effect size:

_{ t;,if x = control }
27ty x d,if x = intervention

where d is a relative reduction effect size. In this iteration, to better reflect natural variation
on the outcome in the absence of an effect for the control group, the same data generating
process was used for t1 and t2, which will generate the same group-level means and overall
distribution for the control group, but will include case-level variation via the use of random
variation in the data-generating process at the individual level (see R code in Appendix 1; code
snippet pasted in footnote below).2 The change from the initial run of the power calculations

2 # Create sample dataset
generate_sample_df <- function(n, d) {

13


https://www.zotero.org/google-docs/?RmG25P
https://www.zotero.org/google-docs/?RmG25P
https://www.zotero.org/google-docs/?PMmxY3
https://www.zotero.org/google-docs/?DjsvuT

in the protocol to the SAP is that in the protocol the exact values for t1 (baseline) were copied
to t2 (outcome) for the control group. In this version, the values for the control group were
allowed to vary (randomly) but the overall distribution and mean remained the same. This
better reflects the variation at case-level that we observe in reality.

Primary outcome: Number of violence against the person offences

The sample outcomes data (n=140) are described in Figure 1. In 79% of cases, there was no
violent offence in the follow-up period. The minimum number of violent offences was 0, the
mean was 0.5 with a standard deviation of 1.28 and a maximum of 7 offences. The
approximate distribution of the data was an over-dispersed Poisson distribution with an
inflated rate of zeroes. Accordingly, the appropriate statistical model to estimate the effect
of a randomised intervention is a zero-inflated negative binomial model.

Figure 1. Distribution of violence against the person (VAP) incidents

Distribution of VAP Incidents

(Mean VAP offences: 0.5

g0- [Prevalence of any VAP: 21 %J

60 -

Count

30-

] 2 4
Number of VAP

The resulting power achieved through different combinations of effect and sample size are
visualised in Figure 2 below. As per the protocol, the viable effect size for the intervention is

tl_outcome <- generate_t1_outcome(n)

risk <- generate_risk(t1_outcome, 0.6)

id <- seq_len(n)

condition <- sample(c(0, 1), replace = TRUE, size = n)

# Generate t2_outcome scaled by 'd' if condition ==
lambda_t2 <- ifelse(condition == 1, d * lambda, lambda)

t2_outcome <- rpois(n, lambda = lambda_t2)

tibble(id, condition, t1_outcome, risk, t2_outcome)
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a relative reduction of 20% (d = 0.08). Under the parameters of the simulations, the analysis
will require approximately 3,000 cases to achieve 80% statistical power. The likely achievable
sample size under the terms of the projected number of cases will give 79% power to detect
a 20% relative reduction in number of charge/cautions/convictions for violence against the
person offences.

Secondary outcome: Co-offending

Outcomes data were also available for the secondary outcome, number of
charge/cautions/convictions for a co-offence, and are presented in Figure 3. This outcome
followed a similar Poisson-type distribution but with a higher frequency of zeroes (84% of
cohort members had no co-offences in the follow-up period) and a lower mean number of
offences: 0.2 with a standard deviation of 0.57 and a maximum of 4. The likely achievable
statistical power under the terms of the projected number of cases is 48% power to detect a
20% relative reduction in the number of charge/cautions/convictions for co-offences in the
cohort.

Secondary outcome: time-to-offence

We have not included a discussion of time-to-offence here as very few reoffended (21%) and
the random sampling means that we had a mix of ‘time at risk’ for reoffending so there would
be little consistency in exposure risk, with the net result meaning even fewer cases could be
included in an event study at this point in time.
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Figure 2. Statistical power across four effect sizes for primary outcome

Statistical power across four effect sizes for primary outcome: number of VAP offences
Based on 1,000 simulated tests per data point
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Figure 3. Distribution of co-offending charges/cautions/convictions
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Primary outcome analysis
Challenges with outcome measurement affecting this trial

The intention of this trial is to look at violent behaviour and whether the focused deterrence
approach, as implemented, can reduce this. We know that official records of conviction
undercount how much crime individuals commit (Cornish et al., 2025) but that the severity of
violent crime is negatively correlated with reporting and, by extension, detection (Brennan,
2019). In order to ensure sufficient sample size, we relied on administrative data, routinely
collected by police as our outcome measure.

The outcome defined in the protocol was that an offence was ‘attributed to’ an individual.
This can be interpreted differently, supported by very different standards of evidence. At the
most permissive interpretation, ‘attributed to’ could mean that, in police crime records or
intelligence logs, an individual was named as a suspect for an offence but was not arrested or
adjudicated for the offence. This low standard of evidence is susceptible to a range of biases,
such as discrimination and, importantly, may not be a sufficiently specific (i.e. having fewer
false positives) measure of the behaviour that the intervention is targeting. At the least
permissive interpretation, ‘attributed to’ could mean that a person formally admitted to or
was found guilty of an offence. The challenge facing the trial is to identify a suitable measure
available in administrative records that is specific enough to truly reflect violent behaviour by
an individuals and sensitive enough to ensure that violent behaviour is captured within the
available 12 month follow-up period.

The first key challenge facing our team, and indeed anyone working on criminal justice
evaluations in the UK at the moment, is that the justice system itself is not working efficiently.
Specifically, there are significant backlogs in the court system that mean more than 70,000
Crown Court cases and 300,000 Magistrates’ Court cases are yet to be heard (House of Lords,
2025; Criminal Court Statistics Quarterly, 2024). In 2024, the median times from offence to
completion for a magistrates’ court and a Crown court case were 182 days and 355 days,
respectively (Commons Library, 2024). This means that criminal justice outcomes data are
systematically ‘right censored’ (Sutherland, 2013) and we may not observe criminal justice
outcomes for cases that need to go to court for trial or sentencing. Simultaneously, there has
been an increased use of diversion from the justice system — codified in ‘outcome 22’ in the
National Crime Recording Standards (Home Office, 2025) — but outcome 22 is not currently
classed as a ‘criminal justice outcome’ but is instead recorded as ‘no further action’ and is not
recorded consistently between forces (McFadzien & Phillips, 2021). This means that cases
may not make it beyond diversionary approaches, even if guilt is admitted, meaning that
those offences would not be ‘counted’ as cautions or convictions on an individual’s criminal
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record. To our knowledge, and barring a change in guidance or legislation, the issue regarding
outcome 22 will remain.

The second issue relates to how we define our outcomes. If we focus solely on convictions
(proven offending) then the systemic issues with the CJS set out in the previous paragraph
seriously limit the overall number of offences. While that issue is equivalent across treatment
and control groups, it has the overall effect of reducing power because in count models, the
total number of outcomes observed is a key determinant of statistical power.

Finally, geographical coverage of data. Police National Computer (PNC) data is national - as
the name suggests - which means it captures (re)offending in and out of a given police force
area. If we rely on local police administrative data that is not PNC, we may not be able to see
all out of area crimes, which can confound the analysis (more detail below).

Therefore, for the purposes of this trial, and in a clarification to the protocol, we will include
violence against the person (VAP) offences that have been ‘charged, cautioned or convicted’,
as our primary outcome. This is to try and ensure a higher overall number of in-scope
outcomes for the trial, thus increasing statistical power. In terms of the timing of the data pull
- this will be roughly six months after the final 12 month follow-up period has completed for
those randomised to allow time for CJS outcomes to be realised and recorded in PNC. In the
event we have to request data earlier, we realise this may induce some right-hand censoring
but that will be equivalised across trial arms and the inclusion of charge data should increase
the overall number of offences with outcomes (as discussed above). We will also request
offences where a person has been arrested in addition to ‘charged, warned or convicted’ in
order to allow us to look at whether there was a differential detection / sanction risk arising
from being included in the FD scheme, or indeed a backfire for those in the control group.

We are applying for PNC access via the National Police Chiefs’ Council (NPCC) in order to
access arrests, charge, warning, caution and conviction data. In the event that we are unable
to access PNC via this route then we will pursue this via the Ministry of Justice, with the
drawback being that Mol's version of PNC only includes crimes with caution or conviction
outcomes (i.e. a smaller number of outcomes than the NPCC version).

Our data sources are preferred in the following order: 1. NPCC PNC data (includes charge
and co-offending information; national in scale), 2. Police data (includes charge
information; local intelligence on co-offending®) and 3. MoJ PNC data (does not include
charge or co-offending information; national in scale). If access to the preferred source is
not available, we will move to the next preferred source.

3 See ‘Secondary outcome analysis’ section for more information on dataset considerations for co-offending.
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The next two subsections (main statistical analyses using PNC and descriptive statistics using
police data) assumes NPCC PNC will be available to us. Otherwise, we will use local police data
for our main analysis, and present pooled descriptive statistics using MoJ PNC.

Main statistical analyses using Police National Computer data

As set out in the trial protocol (Brennan et al., 2023) the main statistical analysis for this trial
will take the form of a pooled approach, where data from all trials will be combined in a
single model, using fixed effects for trial-site specific heterogeneity and strata variables used
in randomisation. The justification for that approach, as opposed to a trial X treatment
interaction term, is that the same underlying intervention framework was planned for all
trials. The use of trial fixed effects also reflects the likely difficulties with generalisability to
other locations and individuals in those locations not in this trial (Senn, 2021; Youth
Endowment Fund, 2021). The implementation of the YEF framework varied, which we have
discussed in depth previously (Brennan et al., 2023, 2024), so we will visually present
between-trial variation via the use of meta-analytical techniques. Forest plots will give a
visual representation of the variation between trials, because each trial has its own treatment
estimate, and how much each trial contributes to precision on the basis of sample size for
each site will also vary (e.g. larger samples have larger symbols in the forest plot). We will use
only basic descriptives from each site to populate the forest plot, rather than any formal
statistical analyses of differences (see Appendix 4 for more detail).

The main results from the project will be based on the intention-to-treat (ITT) analysis for the
primary outcome using pooled data. The statistical model for the intention-to-treat analysis
is set out below in equation 1. The model incorporates variables to account for between-trial
and over-time variation, as well as variables used for stratification and person-level control
variables.

Y = a + B1[treatment] + B2[risk] +S3[adult] + p4[trial] +
B4[time] + B6[ethnicity] + B7[sex] + €

(Eq.1)

In the equation, Y is the outcome — in this case, and for our primary analysis, a count variable
measuring the number of violent offences that have been ‘charged, cautioned or convicted’
in the twelve calendar months following randomisation of that person. The analysis approach
will be based on count outcomes — we intend to use a zero-inflated negative binomial model,
based on the observation that many individuals in the test sample did not have further
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offences in the follow-up period of 12 months post-randomisation and the outcome was over-
dispersed. The model variables are:

- Pl[treatment] will be a binary variable where O=control and 1=treatment and the
coefficient from this variable in the model will be the focal result for the project.

- [B2[risk] is one variable that was used for stratification in each trial. This will be
included in the analysis as n-1 dummy categories, with the reference category being
the category with the largest number of observations from low, medium or high
offending frequency, which was trial-specific (note that not pre-specifying which
category now will not affect the results).

- f3ladult] will be a binary variable for whether an individual is aged 18 years and older
(=1) or a child (=0) at the time of randomisation.

- BA4[trial] will be trial fixed effects - dummy variables for n-1 trials, again with the trial
with the largest number of observations overall as the reference category. We include
this variable because we know, a priori, that trials will differ in their eligibility criteria
and selection processes, so we need to parcel out this variation in our analysis.

- [5[time] will be a variable that captures the year and month since the first
randomisation. This measure will capture seasonal variation as well as any esoteric
shocks during the delivery period. This will be entered as dummy variables for
each year-month, but if there are model convergence problems then we would
aggregate this to year-quarter.

- p6[ethnicity] will be n-1 dummy variables with White as the reference category (since
this is the largest group, to be consistent with how other categorical variables will be
entered in the model), and dummies for Asian, Black, Mixed Heritage, and Other
ethnic minority groups. It may be necessary to combine ethnic categories with small
sample sizes. Based on existing data from the previous reports, 50% white, 30% black,
9% Asian, 9% Mixed, 1% Other (Brennan et al., 2024), we anticipate the need to
combine Other with Asian and/or Mixed Heritage groups for analysis.*

- Wewillalso include a variable for offender sex f7[sex]. This would be a binary variable
with O=male and 1=female, determined by sex at birth if possible to determine this
from available data. It is important to note that the highly imbalanced nature of this
variable creates a risk for model convergence.

- €isthe error term for the model.

We are including both ethnicity and sex in the analysis model because both are associated
with differential risks of offending. Including them has the statistical benefit of increasing

4 This is so that we do not end up with very small groups in the analysis model - that leads to problems with
model convergence and very large standard errors and confidence intervals.
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power (by reducing between-group variation) even if these variables were not part of the
randomisation strategy (Bartlett, 2021; Grizzle, 1982). However, in cases where the variable
is highly imbalanced, such as sex, inclusion of the variable may present modelling challenges.
Again, as previously specified in the protocol, we will use robust standard errors and calculate
95% confidence intervals based on those. The standard error adjustment will be via the
Im_robust package from the ‘estimatr’ package (Blair et al., 2024). We know that standard
error adjustment is sensible given that this helps in the event of model misspecification and
in the face of heterogeneous treatment effects (Cunningham, n.d.; Snijders & Bosker, 2012;
White, 1980). Our model specification will be the same for primary and secondary outcomes.
All intention-to-treat and secondary analyses will be performed using the R statistical
software. Analysis code is provided in Appendix 4.

Descriptive statistics for outcomes after 12 months - Local police records

We will be using the Police National Computer (PNC) data set for our main analysis. Our
rationale for using local police data for outcomes after 12 months is that offences that occur
within a police force area are first collected by local police forces and become available in
police records more rapidly. Police records are then collated by the Ministry of Justice and
form part of the Police National Computer (PNC) data set.

As a data source, the PNC has an advantage over local police records since the outcome unit
of interest is individual offending, whereas local police records are based on offending within
a place (i.e. likely to be geographically bounded). Therefore, offending in area B by an
individual who is involved in a trial in area A may not be included in a data set of local police
records (if area B is not a study area). Moreover, some of this cohort are likely to be involved
in County Lines offending (which involves travel and, potentially, offending outside one’s
home area) and the intervention can seek to reduce this type of exploitation and help
individuals disengage from involvement in a County Lines network. Any missing out-of-force
offences will potentially bias the data and, if the intervention is successful, dilute the effects
of the intervention (i.e. failure to capture out of area offences could undercount offending in
the control group). A recent linkage of police records and PNC found that around 14% of
offences by individuals up to age 21 years occurred outside their resident police force area
(Boyd et al., 2022) and did not appear in the records of the former.

However, as there is an additional administrative stage to PNC collation and additional data-
cleaning is undertaken, PNC data take at least six months to become available. Allowing this
time lag will also allow outcomes (e.g. convictions) to accrue within the PNC.

The trial is being undertaken at a time of intense interest in the use of focused deterrence as
an intervention to prevent violence. Accordingly, quick deployment of preliminary results is
desirable to inform policy being developed in the coming months. To be able to respond to
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this need we will use local police records from each police force area to collate descriptive
statistics on offending outcomes.

Given the interest in obtaining results as soon as possible, the project funders have requested
that preliminary tests of the study hypotheses be undertaken using local police data to
However, producing indicative results by doing preliminary tests of the study hypotheses
using local police data (ahead of the definitive results based on PNC data), has methodological
implications of testing hypotheses more than once, most notably the increased risk of false
positive results. A solution to this risk, known as ‘alpha spending’ is to ‘share’ the p-value
threshold between analyses, increasing the severity of the main statistical test (Demets & Lan,
1994). This has implications for statistical power. For example, sharing the alpha equally
across preliminary and main results would reduce the statistical power in our simulation
(where n = 2,864 and relative risk = 0.8) from 0.786 to 0.705. Spending less on the preliminary
analyses, such as a 25/75 split, reduces the statistical power to 0.761, equivalent to the
contribution of 350 cohort members. A more common approach is to split the alpha in a more
extreme way, e.g. 2/98 (where the alpha is distributed 0.001/0.049). In this case, the power
of the main statistical test is barely affected (0.783), although the power of the preliminary
analyses is considerably reduced: around 44% meaning a high type 2 error rate.

A less quantifiable risk presented by undertaking preliminary analyses in an environment
where results are eagerly awaited is that preliminary analyses are incorrectly taken as
definitive. This is particularly problematic as it allows two sets of results to exist from which
users may choose their ‘preferred’ result even in the presence of statements about the
primacy of one set of results. This has the potential to harm the scientific literature and the
credibility of the trial.

In light of these risks, a compromise we have reached is to conduct only present pooled
descriptive statistics of the treatment and control outcomes using local police data in advance
of the main statistical analyses that will use Police National Computer data. As for local police
data, we will present only pooled descriptive statistics of the treatment and control outcomes
and not statistical tests. Qualitative findings from the IPE may be provided in advance of these
final impact results.

In the event that NPCC PNC is not available to us, we will use local police data for our main
analysis (see previous subsection describing our preferred data source). With the caveat that
there may be some out of area data missing from local records as per Boyd et al. (2022).
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Secondary outcome analysis

We will follow the same model specification as for the primary outcome using Equation 1. The
equation and covariates will be the same in all cases for co-offending (for which we expect to
apply a zero-inflated negative binomial model, similar to the primary outcome) and time-to-
event models (for which we expect to use a Cox proportional hazards model, as outlined in
the protocol). We will report metrics from the specific analysis such as a hazard ratio for the
survival model. Analysis code is provided in Appendix 4.

For the co-offending outcome, it is possible that we will have to rely on local administrative
police datasets. To our knowledge, these datasets will include local intelligence on co-
offending, but with the caveat that out of area offences may be missing. However if this is
available to us via NPCC PNC (our preference for analysing the primary outcome) we will
pursue this route.

Subgroup analyses

We know based on our power calculations and as reported in the protocol that the trial is not
powered for subgroup analyses. As stated on page 101 of our YEF evaluation protocol
(Brennan et al., 2023):

“The study will not be powered for subgroup analyses that rely on null hypothesis
statistical testing because the approach to conducting subgroup analyses in trials is to
run models as interactions between group and treatment. This typically means
requiring a sample size ~x4 times larger than that for the main effect analysis...[W]e
will still undertake subgroup analyses for the different risk groups in each site [sic;
“trial’ is the correct term], and will report point estimates and confidence intervals
but will not report or share p-values with YEF or sites. This will allow an assessment of
the direction and magnitude of effect without the bias of ‘statistical significance’ that
we know, a priori, will be very likely due to chance and not a real effect, even if pre-
specified.”

At the time of writing and with more than 2,800 participants randomised, it is still the case
that subgroup analyses would be underpowered, largely but not exclusively owing to low
base rates of VAP outcomes. As such, undertaking numerous statistical tests for different
subgroups risks chance differences arising through subsetting data or multiple testing and
confusion about which results are reliable. To avoid this, we will undertake exploratory
subgroup analysis (via the use of meta-analytical techniques; see Appendix 4) for different
subgroups based on the classification by individual or delivery characteristics. For all
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subgroup analyses we will report descriptive statistics on the prevalence and frequency of
VAP offences in the 12m post-randomisation. This will consist of the mean / median
depending whether prevalence or frequency (respectively), the range of offences for the
frequency and a measure of dispersion such as standard deviation. We will present these
visually in a forest plot, and will not be undertaking statistical analyses of differences.

Risk subgroups

We pre-specified that we will look at differences for different risk groups in each trial, without
disclosing p-values. So for example we will report on the treatment/control differences for
‘high risk’, ‘medium risk’ and ‘low risk’ groups through sub-setting the data and reporting the
descriptive statistics as set out above. The categories of high, medium and low risk were set
based on tertiles of offending frequency from approximately the first 10% of the cohort in
each trial. As a result, high, medium and low are not comparable across sites. Therefore, we
will produce descriptive statistics across trial and risk level, but will not undertake statistical
analyses of differences.

Adult versus child subgroups

Based on previous research and following discussions with sites, we would expect to see
differential impacts for young people (under 18 at the point of randomisation) versus adults
(aged 18+ at the point of randomisation) and across different levels of future risk of
reoffending (Kilkelly, 2023). As above we will report treatment/control differences across
adult/child subgroups and risk level, but will not undertake statistical analyses of differences.

Ethnic subgroup analysis

The YEF guidance on subgroup analysis makes specific mention of ‘race [sic] and ethnicity’.>
We have routinely collected data on ethnic groups for participants but as above we know the
trial is not powered for this analysis. We will report differences in treatment versus control
means for each of the five ethnic groups classified in our data using the unadjusted prevalence
of VAP post-randomisation and VAP counts.

Subgroup analysis by delivery approach

As reported in the early implementation findings report (Brennan et al., (2024); and see
Appendix 3 on Context-Mechanism-Outcome configurations) the delivery approach varies
between trials. Based on the team’s fieldwork, there is sufficient contextual difference
between the police-delivered CIRV trial and other trials that a police-led vs not police-led

5A guide to race and ethnicity terminology and language | The Law Society
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comparison is justified. Specifically, having police officers act as enforcers and those offering
support is a marked difference to other approaches where these roles are differentiated (or
enforcement is largely absent). We will conduct a police-led vs not police-led comparison to
assess whether there are statistically distinguishable differences between CIRV
(Wolverhampton and Coventry) and other delivery models. To create the police-led vs not
police-led cases for analysis we will use trial IDs to create new grouping variables where
police-led=1 and not police-led=0. We will report treatment/control differences for each
group using the unadjusted prevalence of VAP post-randomisation and VAP counts.

Trial-by-trial analysis

In our protocol (Brennan et al., 2023, p. 17) we set out that we would use the statistical output
from a trial-by-trial analysis to populate a forest plot in the event that there is ‘insufficient
homogeneity’ in delivery to combine all sites in a single ITT model, acknowledging that this
would be ‘likely to suffer from insufficient statistical power’. This approach was also premised
on the idea that there were differences between sites in terms of eligibility criteria and strata
variables used for randomisation. We also explained in the early implementation report
(Brennan et al.,, 2024, p.114) that the evaluation model for Trial 2 in Coventry and
Wolverhampton (Trials 5 and 7 in Table 1 above) is different from the other five trials and is
a risk to the legitimacy of pooling data from the seven trials into a single multi-centred trial.

In a change from the protocol (detailed in the change log at the beginning of this document),
we will present a forest plot to illustrate between-site heterogeneity on the basis of (i) the
unadjusted prevalence and (ii) VAP counts for the treatment and control groups in each trial.
This will allow us to show the extent of variation between sites that the ITT analysis averages
out.

Furthermore, we will not conduct trial-by-trial statistical analyses that adjust for additional
strata used in randomisation. This is because in the case of Nottingham, where urban/rural
cases were supposed to be continuously randomised as separate strata, this in fact only
happened in the three randomisation batches. This meant that only 15 / 365 cases to date
(~5%) were randomised in this way. Second, for Leicester, the initial batch were randomised
according to whether participants were under statutory supervision or not as part of an
agreement for local probation/youth justice services to provide an in-kind contribution to the
project. This was to ensure those working for statutory services had sufficiently high
caseloads. Following the initial randomisation, the throughput of cases meant that an
anticipated issue with low caseloads did not materialise. As such, it was not necessary to carry
on the stratification.
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Further analyses

Our further analysis intends to understand the heterogeneity of treatment effects in this
sample. This will be conducted on an exploratory basis using machine learning techniques
such as Classification And Regression Trees (CART) (Krzywinski & Altman, 2017) to identify for
whom the approach may be most effective for. The results from this analysis will form a
separate publication from the end point YEF report. We are only beginning to work through
the parameters for this analysis now so cannot report more detail here.

In the protocol (p.98) we stated:

"Information on co-offending will be captured as a secondary outcome. It may be
possible to examine patterns in the treatment allocation of co-offenders within the
outcomes data set. This will allow us to describe and potentially adjust for the
relationship between treatment condition and co-offender treatment condition (or
absence from the cohort entirely). The ability to do this rigorously will form part of the
pilot activity and will inform the statistical analysis plan."

However, on the basis of the data we have (and will have) available, it will not be possible to
tie together the allocation groups and who co-offenders are so will not pursue this further.

Interim analyses and stopping rules

As set out in our protocol we conducted interim analyses six months after the trial began as
part of routine reporting to YEF and to fulfil our stopping rule check. The interim analysis
looked at the direction and magnitude of impact without the use of statistical analysis
because of the problem of ‘alpha spending’ (Meurer & Tolles, 2021). That is, we were focused
on absolute differences between treatment and control conditions and had two rules in place
to decide on whether to stop the intervention or stop the trial and roll-out the intervention:

- “In the event that the average impact is negative [equal to or greater than 10
percentage points] then the study will pause intake for one month to allow for options
regarding progression to be tabled and agreed upon.

- If the average impact is positive, the threshold for roll-out to all participants will be
higher. Reoffending prevalence would have to be 15 percentage points lower in the
treatment group than control participants (e.g. 30% in control, 15% in treatment). This
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asymmetry reflects that we want to be more cautious (more sensitive) to negative
effects than positive ones” (Brennan et al., 2023, p. 102).

Our early implementation analyses (Brennan et al., 2024) - reported in Appendix 5 - indicate
that potential harm and potential benefit were within the permitted threshold. For violence
against the person, the absolute difference in the prevalence of reoffending between groups
was four percentage points (21% vs 17%). Therefore, there was no need to stop the ongoing
full implementation of the trial on the grounds of harm or benefit. This position is supported
by the absence of any qualitative evidence that the intervention or the evaluation is causing
harm.

Longitudinal follow-up analyses

Longitudinal analyses of the trial cohort is dependent on follow-on funding, but as previously
set out in the protocol we will prepare for 24 and 36 month post-randomisation follow-ups.
In this event, the analysis models will mirror those used for the main study based on Eq.1. The
long-term follow-ups would be based on the intention-to-treat analysis set out for the primary
and secondary outcomes set out above, with adjustment by outcome for multiple testing
using the (Benjamini & Hochberg, 1995) false discovery rate correction. We will also  include
compliance analysis in the 24- and 36-month post-randomisation follow-up analyses,
following the approach set out here.

Imbalance at baseline

As per our protocol and as reported in the early implementation report, we assessed balance
to date - as randomisation is still happening - using an assessment of the means and
distributions of variables in both groups for each site but have not statistically tested for
differences between groups. Given appropriate randomisation procedures were followed,
any difference between groups at baseline will be due to chance (Brennan et al., (2023, 2024);
see also CONSORT guidance).b In Table 3 we report on the balance on participant
characteristics at baseline for the 1,676 randomised during the early implementation phase.
For the final report, we will report a table of means and standard deviations for all
stratification variables, trials/sites, participant sex, ethnicity and prior offending, split by
treatment and control groups, the data for which will be available at the end of the trial. For
the prior offending variable, following our protocol (p.98), we will show the distribution of

6 http://www.consort-statement.org/checklists/view/32-consort/510-baseline-data.
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this variable by treatment and control group as a graph. Similar to the early implementation
phase and as justified above, we will not be conducting any statistical tests to assess balance.
In the event of imbalance and prior to undertaking any outcome analyses, we will include
imbalanced variables. Imbalance will be defined as a standardised mean difference greater
than our target effect size of a 17% treatment/control difference. That is, we have planned
the trial to detect a 17% difference between treatment and control - if we see baseline
imbalances that large or larger then we will include those variables in the analysis as controls,
provided that they were measured prior to treatment allocation and are otherwise unaffected
by treatment allocation.

Intervention and control group balance

Twenty-seven batches of cohort members were randomised between May and December
2023, totalling 1,676 individuals. Table 3 shows that allocations to treatment and control in
each trial have been successful, in that there have been no randomisation failures in terms of
equal allocation / by level of risk stratification, i.e. we planned for 1:1 allocation to treatment
and control, and that is what we observe.

Table 3. Distribution of random assignment and stratification variables

Control Treatment | Overall
N 847 829 1676
Site (%)
Coventry 163 (19.2) | 156(18.8) | 319 (19.0)
Leicester 223 (26.3) | 220(26.5) | 443 (26.4)
Manchester 195 (23.0) | 199 (24.0) | 394 (23.5)
Nottingham 114 (13.5) | 115(13.9) | 229 (13.7)
Wolverhampton 152 (17.9) | 139(16.8) | 291 (17.4)
Trial (%)
Coventry Trial 1 92(10.9) | 92(11.1) | 184(11.0)
Coventry Trial 2 71(8.4) 64 (7.7) 135 (8.1)
Leicester trial 1 223 (26.3) | 220(26.5) | 443 (26.4)
Manchester trial 1 195 (23.0) | 199 (24.0) | 394 (23.5)
Nottingham trial 1 114 (13.5) | 115(13.9) | 229 (13.7)
Wolverhampton trial 1 102 (12.0) | 102 (12.3) | 204 (12.2)
Wolverhampton trial 2 50(5.9) 37 (4.5) 87 (5.2)
Adult = yes (%) 457 (70.1) | 433(68.7) | 890 (69.4)
Offence frequency (%)
Low 209 (32.1) | 188(29.8) | 397 (31.0)
Medium 223 (34.2) | 213(33.8) | 436 (34.0)
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High* 220(33.7) | 229(36.3) | 449 (35.0)
Table note: *Cut points for low, medium and high were trial specific.

Missing data

Since our protocol was published we have begun the process of requesting outcome data
from the Ministry of Justice. This is a central government department responsible for the
administration of courts, prisons, probation services and attendance centres. The Ministry of
Justice analytical services directorate has access to the Police National Computer (PNC) which
is administered by police forces across England and Wales and has been used extensively for
reconviction studies (Sutherland, 2013). Our decision to pursue central data access was in
part driven by the desire to have a single point of contact and source for the outcome data to
ensure consistency and reduce complexity with data requests. Given this shift to a centralised
administrative database, we anticipate low levels of missingness on outcomes from PNC data.
That said, we know a priori that PNC data will not include out-of-court disposals or community
resolutions because neither of these lead to criminal records. This means that lower level
offences may be resolved with these disposals and those outcomes not included on
individuals” PNC records. We would therefore need to exclude these as unproven offences
but as this will be equivalent between treatment and control conditions the impact should be
symmetrical across arms (i.e. unbiased).

In the event that we do encounter missing data on outcomes, the strategy used depends on
the extent of missingness and whether we know or believe missingness to be Not Data
Dependent (NDD), Seen Data Dependent (SDD) or Unseen Data Dependent (UDD) (Hand,
2020). NDD is ignorable because it is entirely unpredictable (i.e. random) and does not depend
on the values of the data, meaning that complete case analysis will suffice. For SDD this means
we know or understand that missingness is determined by a covariate or covariates - if these
are included in analysis then missingness is ‘as random conditional on those variables’. For
Unseen Data Dependent (UDD) the missingness depends on the value of the missing variable
or on values of data we do not have. In the case of this trial, it might be that everyone with
five offences or more was missing. It is not possible to test whether data are UDD - we have
to make judgments based on our knowledge of the data and the context of the work.”’

To reiterate, we believe the risk of missingness for outcomes is greatly diminished because
we are using a national policing database. However, in the event there is missing data on
outcomes, and again as previously set out in our protocol, we will undertake the following

7 These definitions are akin to the more widely used but less accessible MCAR, MAR and MNAR terms used for
missing data.
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steps for the primary outcome depending on the nature and extent of the missingness. If

there is missingness greater than 5% of the total sample we will explore missingness across

trial arms. To assess whether there are systematic differences between those who we do not

observe outcomes for —and whether factors should be included in analysis — we would model

missingness at follow-up as a zero/one outcome as a function of baseline covariates,

including treatment (i.e., following Equation 1). This will tell us whether a specific variable or

variables predicts missingness.

1.

For less than 5% missingness overall a complete-case analysis should suffice,
regardless of the missingness mechanism (Education Endowment Foundation, 2018).

For between 5-10% missingness our default would be to check results using
approaches that account for missingness that rely on the weaker SDD assumption,
building the SDD conditioning variables from our initial work predicting missingness.
If there was systematic missingness of predictor variables, for example, we use full
information maximum likelihood (FIML) (Education Endowment Foundation, 2018);
for a discussion of FIML vs Ml see Allison, 2012).

In the event that baseline data are unavailable or missing for individuals, those
individuals would be included in the outcome analysis via FIML, rather than sacrifice
statistical power through excluding them.

In the event of more than 10% missing data on outcomes, assuming that is equally
distributed across treatment and control arms, we would first use min-max
imputation. That is, we impute the lowest and highest values as missing values to give
the extreme range of impact that missingness could have. This obviously assumes that
all missing cases fit into these extremes, which is unlikely, but it also provides an
empirical floor and ceiling for treatment effect differences in light of missingness. We
would then also report the FIML result from step two as the main result but use the
min-max approach as sensitivity analyses.

For between 11-20% missing data we would explore the feasibility of using multiple
imputation referring to guidance on missing data analysis (Allison, 2002; Rioux & Little,
2021). Similarly, in the event that we believe data are UDD then imputation would be
necessary to model the result. If imputation is pursued, we will follow guidance such
as (Austin et al., 2021).

For more than 20% missing data on outcomes, particularly if asymmetrical across
treatment arms, the risk of bias is substantial (Sterne et al., 2019), and it would not be
clear which way the bias would run (e.g. towards or away from zero). We would use
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multiple imputation with fifty imputed datasets to estimate the study results but will
caveat substantially regarding interpretation.

Compliance

Compliance means ‘compliance with allocation’ (Ariel et al., 2022) - that is, did those allocated
to treatment actually receive intervention of any sort and did those in control remain in
control and not receive the trial intervention? For this trial, compliance will be measured at
the participant level. The compliance measures created will be used to estimate the complier-
average-causal-effect (CACE; Angrist and Pischke (2009)).

Participant level compliance will be measured by assessing each participant against data
about whether or not they received the intervention message based on process data collected
from site teams. That is, were participants made aware of the programme via an offer of
support and/or deterrence messaging? This will be coded as a 1 where we have evidence they
did, and 0 if they did not. This will mean for some individuals who ‘timed out’ in terms of
eligibility or were uncontactable/untraceable but were allocated to treatment, they will
receive a zero.

For those in the control group, we will use the same coding approach in relation to offers of
support or deterrence activity by the site teams only (i.e. ignoring if other teams intervened
or other services were working with the individual). If control participants received an offer
of support and/or deterrence messaging we will code that as “1”. That will then mean in the
allocation compliance measure they will be coded as “0” i.e. non-compliant with control. (The
guestion might arise about other support sought out or police deterrence/ enforcement
activity for control group members being evidence of ‘non-compliance’. However, both
treatment and control group members can seek additional support at any time and both can
be the focus of additional police activity, so this is equivalised across groups.) The cross-
tabulation between the compliance variable in treatment and control groups that will give us
our overall level of compliance measure as a percentage at the trial level.

For those missing all data on compliance with support or deterrence, we will assume
compliance to allocation and that will inform the CACE analysis (below) as the definitive result.
We will assess the impact of this assumption by also using the opposing assumption of non-
compliance in the CACE. This min-max approach will give us the extreme range that the CACE
analysis can have in the presence of missing compliance data.

The compliance measures created will be used to estimate the complier-average-causal-
effect (CACE) estimate using 2SLS (Angrist & Pischke, 2009). The treatment indicator will be
the instrument (1=treatment, O=control). Following the example set out in (Heiss, 2020) the
treatment indicator is relevant as being told about the offer/threat is highly likely to lead to
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changes in behaviour. It is exclusive because the only way that the programme can cause
changes in violence is through first making the participant aware of the programme and that
only happens via being made aware via random allocation. And finally it is exogenous because
being told about the programme is not related to other things that might cause changes in
offender behaviour or anything else in the model, because it is random.

To estimate the CACE we will use the iv_robust command from the estimatr package (Blair et
al., 2024). We will estimate the result using robust standard errors. Analysis code is provided
in Appendix 4.

Presentation of outcomes

We will report on the offending outcomes in this trial on the basis of (a) raw offence counts
per treatment group (in a table and histogram similar to Figures 1 and 3); (b) relative risk (RR)
from the zero-inflated negative binomial regression models specified above. For time-to-
offence, we will report (a) average (mean) time to first violent offence per treatment group
(in a table and graph illustrating distribution); (b) hazard ratio (HR) from the Cox proportional
hazards model. For RR and HR, these will be reported with the standard errors and test
statistics to three decimal places (rather than thresholds for p-values) and frequentist 95%
confidence intervals for the relative risk based on multiplying the point estimate by 1.96 times
the standard error.
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## ACF1 Focused deterrence multicentre trial power simulations

# Required libraries
library(MASS)
library(tidyverse)
library(broom)
library(summarytools)
library(pscl)

# Constants for the simulation
num_sims <- 1000 # number of simulations to run per iteration
lambda <- 0.5 # mean for outcome distribution

# Define range of 'n' sample sizes and 'd' relative risk effect sizes to be tested

n_values <- seq(250, 3000, by = 250) # set of sample sizes to test (increasing in multiples of
250)

d_values <- ¢(0.9, 0.8, 0.7, 0.6) # set of effect sizes to test

# Set seed
set.seed(123) # set seed to allow reproducible data

# Function to generate Poisson-distributed t1_outcome
generate_t1_outcome <- function(n) {
rpois(n, lambda = lambda)

}

# Function to create risk variable correlated with t1_outcome
generate_risk <- function(tl_outcome, desired_correlation) {

std_dev_noise <- sqrt(1 - desired_correlation?2)

noise <- rnorm(length(tl_outcome), mean =0, sd = std_dev_noise) # random noise
generation

risk <- desired_correlation * t1_outcome + noise # generate risk score that is correlated
with baseline outcome

quantile_breaks <- quantile(risk, probs = ¢(0, 1/3, 2/3, 1)) # split simulated data into tertiles
(low, medium and high)

cut(risk, breaks = quantile_breaks, labels = ¢("low", "medium", "high"), include.lowest =
TRUE) # categorise tertiles

}

# Function to create sample dataset
generate_sample_df <- function(n, d) {
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tl_outcome <- generate_t1_outcome(n) # generate baseline outcomes

risk <- generate_risk(tl_outcome, 0.6) # generate risk

id <- seq_len(n) # generate unique ID

condition <- sample(c(0, 1), replace = TRUE, size = n) # randomly allocation

lambda_t2 <- ifelse(condition == 1, d * lambda, lambda) # create different means for
intervention and control that differ by effect size

t2_outcome <- rpois(n, lambda = lambda_t2)

tibble(id, condition, t1_outcome, risk, t2_outcome) # put columns together

}

# Function to create mean outcomes by allocation
run_model_with_means <- function(n, d) { # create function to run sample simulation with
varying t2 means
sample_df <- generate_sample_df(n, d)
sample_df %>%
group_by(condition) %>%
summarise(
mean_t1_outcome = mean(tl_outcome), # generate mean baseline outcome
mean_t2_outcome = mean(t2_outcome) # generate mean follow-up outcome
)
}

# Function to run zero-inflated Poisson model
run_model <- function(n, d) {
sample_df <- generate_sample_df(n, d) # generate simulated sample
model <- zeroinfl(t2_outcome ~ condition + t1_outcome + risk, data = sample_df, dist =
"poisson") # run model
coefs_df <- coef(summary(model)) # extract model summary
coefs_dfScount["condition", "Pr(>|z])"] # return p-value for intervention covariate

}

# Function to run simulations and get means for t1_outcome and t2_outcome by condition
run_simulations_for_n_d <- function(n, d) {
simulation_means <- map_dfr(1:num_sims, ~run_model_with_means(n, d), .id =
"simulation") # extract means
mean_of_means <- simulation_means %>%
group_by(condition) %>%
summarise(
overall_mean_t1_outcome = mean(mean_t1_outcome), # extract mean outcomes for
baseline by condition
overall_mean_t2_outcome = mean(mean_t2_outcome) # extract mean outcomes for
follow-up by condition
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simulation_results <- map_dbl(1:num_sims, ~run_model(n, d)) # run model and extract p-
values

power <- mean(simulation_results < 0.05, na.rm = TRUE) # power = proportion of p-values
<0.05

list(mean_of _means = mean_of _means, power = power) # print power and means

}

# Run simulations for each combination of 'n' and 'd'
results <- list() # prepare list for results

for (nin n_values) {
for (d in d_values) {
cat("Running simulation for n =", n, "and d =", d, "\n") # Message: what combination is
running now
result <- run_simulations_for_n_d(n, d) # jumaniji! run simulations
results[[paste("n", n, "d", d, sep ="_")]] <- result # extract results
}
}

# Save results
simulation_summary <- tibble( # create tibble of results
n = rep(n_values, each = length(d_values)), # row of n
d = rep(d_values, times = length(n_values)), # row of d
power = map_dbl(results, "power") # populate tiblle with power results

)

# Generate line plot
ggplot(simulation_summary, aes(x = n, y = power, color = as.factor(d), group = d)) + # create
plot aesthetic n on a-axis, power on y-axis, grouped by d to create one line for each iteration
of d
geom_line(size = 1) + # generate line plot
geom_point(size = 2) + # add data points for power corresponding to each iteration of n*d
labs(
title = "Statistical power across four effect sizes for primary outcome: number of VAP
offences", # labels
subtitle = paste("Simulated power for", num_sims, "simulations"),
x = "Sample size",
y = "Power",
color = "Effect size"
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)+
geom_hline(yintercept = 0.8) + # add line to indicate threshold for 80% power
theme_minimal() # make graph nice and clean

# Save the plot to file
ggsave("ACF1_FD_SAP_power_vs_n_for_d_simulations.png", width = 10, height = 6)

# Save simulation results to CSV
write.csv(simulation_summary, 'ACF1_FD_SAP_simulation_results.csv')

#code last run successfully by AS 29/11/2024
#annotated by IB 13/06/2025
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As of June 2024, the trial had a total sample size of 2,085. This is an addition of 2.25 cases per
day across the combined trial for the period January to June 2024, which reflects the

implementation of the mature intervention (see Table Al). At that rate, a further 780
individuals are projected to be identified and randomised in the remaining delivery period
(with randomisation ending 120 days prior. This is projected to result in a final sample size of
2,865 individuals (see Table A2).

Table Al. Study throughput

Trial Launchdate Days active Casestodate Interim period entryrate Interventioncases
Coventry trial 1 06/06/2023 390 190 0.03 95

Coventry trial 2 14/07/2023 352 219 0.46 104

Leicester 22/05/2023 405 463 0.11 230

Manchester 20/07/2023 346 526 0.73 264

Nottingham 20/06/2023 376 298 0.38 148
Wolverhampton trial 1 06/06/2023 390 250 0.25 123
Wolverhampton trial2 29/06/2023 367 139 0.29 62

Total 2626 2085 1026

Table A2. Project full trial sample sizes

Trial Days remaining Projected additional cases Projected total cases
Coventry trial 1 307 9 199

Coventry trial 2 307 141 360

Leicester 307 34 497

Manchester 429 313 839

Nottingham 307 117 415

Wolverhampton trial 1 307 77 327

Wolverhampton trial 2 307 89 228

Total 2271 780 2865
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The Context-Mechanism-Outcome (CMO) configuration (see Figure Al) summarises the
essential variations of programme delivery across different sites, recognising the diverse local
contexts in which the intervention and its components are delivered.

Context

Qualitative data, observation and analysis of programme manuals (Brennan et al, 2024) have
demonstrated that delivery models vary according to the delivery organisation, with the most
significant difference being whether or not the intervention is police-led or not. At the
contextual level, police acting as the referral and cohort identification vehicle, the
intervention planner and the intervention deliverer (navigator) has resulted in differences in
how the programme is conceptualised, led, governed, staffed, resourced and coordinated.

Mechanism

The contextual factors (police-led vs not police-led) have influenced the way in which
deterrence activities and support mechanisms can be delivered and are likely to be received
by cohort members. We observed differences in the coordination, quality and engagement
of support services that are contributing to a more coherent delivery of the focused
deterrence model (Brennan et al, 2024). For example, targeted deterrence and enforcement
(mechanism 1) and individualised support (mechanism 2) are delivered differently if the
individual or organisation delivering the message and offering or providing a person-centred
service is a police officer or not. For example, police officers embodied a credible threat of
consequence that a civilian navigator cannot. We have observed and recorded differences in
how police and civilians introduce the programme and how they deliver the deterrence and
the support messages in early interactions with cohort members. A police officer delivering
the message may strengthen the deterrence mechanism but may simultaneously undermine
the credibility and attractiveness of a person-centred support offer. In terms of community
voice to influence and supporting desistance (mechanism 3), police are unlikely to embody a
cohort member’s community while a civilian navigator can. Furthermore, in cases where a
navigator has lived experience of involvement in violence, they can exemplify the potential
for desistance.

Outcomes

Being at the implementation stage of the intervention and having no prior comparison
between police-led and not police-led interventions, we have no theoretical or empirical basis
on which to differentiate between outcomes according to context and mechanism. Therefore,
our outcomes - violence and co-offending - are homogeneous across all trials.
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Figure Al. In-progress Context-Mechanism-Outcome framework (December 2024)

Contexts

Mechanisms

Proximal outcomes

[Targeted enforcement m;]

Heterogeneity in resource availability, delivery
models (e.g. police-led or not) and community-
police trust: Local context affects how intervention is
delivered and received.

Soft and Hard enforcement} Increased targeted deterrence
activities, which range from soft enforcement (e.g.,
warnings, informal controls) to hard enforcement (e.g.,
tagging, control orders), impact participants' perceptions of
certainty of arrest and punishment.

Mechanism interaction: Effectiveness of deterrence is
reinforced by strong community validation and reliable
individualised support but weakened if community trust is
low or support services are inconsistent.

Progressive behavioural adjustment:
Participants may show partial engagement
with non-violent modifications, relapse and
eventually move toward sustained
engagement with individualised support and
compliance with norms.

[Person-centred support m;]

Variance in resource allocation, coordination,
engagement and spectrum of available support
services: The level and quality of support services
differ between sites. Some areas may have well-
coordinated, resource-rich services, while others are
more fragmented, affecting the effectiveness of
some support mechanisms.

Support variability: The availability of individualised support
packages varies in consistency and depth across sites.
Navigators may provide stronger, more reliable (or credible)
support in some areas, while in others, threats to withdraw
support may be less believable, affecting engagement.
Mechanism interaction: Engagement with support is most
effective when reinforced by effective targeted deterrence
and community engagement but weakened if the
deterrence mechanism is inconsistent or community
involvement is low.

Variance in support engagement:
Engagement with support may fluctuate,
with participants showing partial desistance,
inconsistent engagement, or relapse before
eventually adopting legitimate social norms.

[Community Validation ms]

Decrease in levels of community confidence in local
policing and statutory/non-statutory support
services: Varying degrees of community trust and
involvement influence the strength of community
validation. Areas with higher community
engagement are more likely to see stronger
behavioural compliance and desistance outcomes.

Levels of community engagement: Community involvement
exists on a spectrum (low, medium or high), with varying
degrees of engagement affecting behavioural compliance
and programme legitimacy. Strong community moral voice,
supported by peer and familial influences, plays a key role in
reinforcing prosocial behaviours.

Mechanism interaction: Effective deterrence and support
mechanisms strengthen community validation. If
enforcement is weak or support inconsistent, the
community's influence is undermined, leading to weaker
compliance and outcomes.

Community-driven compliance: Community
validation may lead to a gradual increase in
legitimacy and compliance, with participants
showing partial shifts in social capital and
normative behaviour, moving toward
desistance over time.
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Intention-to-treat

Intention-to-treat analysis code for primary outcome - count of violent offences.
Assuming that there is zero-inflation and that the outcome is over-dispersed.

library(glmmTMB)

model <- glmmTMB(t2_vap ~ condition + t1_vap + risk + ethnicity + sex + (1] trial), ziformula
=~1, family = nbinom2, data = acf1_df)

CACE R Code

In the event of very high levels of compliance the CACE and ITT estimates will be similar (with
perfect compliance they would be identical). However, if we have non-compliance then CACE
and ITT can diverge considerably.®2 We will also add in the same control variables as for the
ITT analysis. Our definition of compliance is whether those allocated to the treatment group
actually received intervention of any sort and whether those in control remained in control
and did not receive the intervention and will be a binary variable.

library(AER)

model_iv <-ivreg(t2_vap ~ complier + t1_vap + risk + ethnicity + sex | condition + t1_outcome
+ risk + ethnicity + sex, data = acf1_df)

Co-offending
library(glmmTMB)

model <- glmmTMB(t2_coof ~ condition + t1_coof + risk + ethnicity + sex + (1| trial), ziformula
=~1, family = nbinom2, data = acfl_df)

Survival model R code

library(dplyr)

8 https://www.rdocumentation.org/packages/estimatr/versions/1.0.4/topics/iv robust
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library(survival)

library(survminer)

# Mutating 'status' based on 't2_vap'in acfl_df

acfl_df <- acfl_df %>% mutate(status = as.numeric(case_when(t2_vap==0~0,t2 vap>0"~
1, TRUE ~ NA)))

# Cox model

cox_model_fixed <- coxph(Surv(time_to_offence, status) ~ condition + t1_vap + ethnicity +
sex + risk + trial, data = acf1_df)

Meta analysis approach

We are primarily using the meta-analysis approach to illustrate between site / between group
variation in treatment effects. We will do this on the basis of unadjusted data (unadjusted for
baseline/ covariates), which will consist of:

Site location/trial.

- Sample size for control & treatment groups based on those randomised.
- Outcomes in control and treatment:

- the number of those who reoffended for basic prevalence.

- the count of offences for those who have reoffended.

Subgroup variables (as detailed above).

That data will be set out in a spreadsheet, inputted into the Comprehensive Meta-Analysis
(CMA) programme (Borenstein et al., 2022) and outputted as forest plots that illustrate the
between-group variation. As above, the intention-to-treatment (ITT) statistical model based
on the PNC data is the definitive result for this trial.
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Figure Al below is the CONSORT diagram for the interim analysis, which covered the period
from intervention initiation (May/June 2023) to December 2023.

| Assessed for eigibiliy (n-1,681,856) |

Excluded (n=1,680,186)
Not meeting inclusion criteria (n= unknown

/ il i s | \

) Allocation

- Case ineligible, n or deprioritised (n=278)
Received intervention messaging (n=290)

« Accepted support offer (n=100)

* Rejected support offer (n=196)

« Referred for disruption/enforcement (n=47)

Allocated to interventior
« Case reviewed' (n=5:

Lost to follow up (give reasons, e.g. died, moved; n=0) FO“OW-UP | Lost to follow up (give reasons, e.g. died, moved; n= 0)
Discontinued intervention (give reasons, e.g. died, moved, lost; n=0)

Analysed (n=)
Excluded from analysis (give reasons, e.g. unavailable data; n= 0)

Analysed (n =) =
Excluded from analysis (give reasons, e.g. unavailable data; n= 0) Ana|v5|s

\ Follow-up and analysis forthcoming

Figure Al. Interim analysis CONSORT diagram

As part of our reporting to YEF we undertook preliminary analysis based on early
implementation data as part of our stopping rules assessment, following the approach set out
in the protocol for the analysis model and reporting of the interim analysis (i.e. not reporting
p-values). In addition, we also reported interim results as blinded when presenting in
meetings with sites and funders. That is, we reported group means and differences but
masked which group was which (and did not give that detail in reports to YEF).

The early implementation analysis was useful in several ways. First, it allowed us to test our
analysis approach in a low-stakes way. Second, it enabled us to talk to stakeholders about the
focus of the interim analysis on informing decisions around trial progress / backfires in a
workshop held in Manchester early in 2024. Third, it illustrated the need to incorporate time
since randomisation in our analysis model (set out above). This is because in some instances
actual intervention contact did not begin until several weeks or months later in some
instances, owing to intentional design (in West Midlands) or capacity constraints (in
Nottingham and Manchester). This means there is a period of time between randomisation
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and intervention that varies between trial and individuals within trial - adding variance and
reducing power (Note that anchoring the analysis around the point that intervention delivery
actually began would introduce substantial bias into estimates because when intervention
begins is non-random and suffers from selection bias, whereas entry into treatment or control
is random.) Finally, the pilot analysis illustrated that trial need to ensure that they reduce their
‘backlog’ of cases before assessing others for randomisation because the initial ‘batch’ of
randomisations for all trial led to over-supply of eligible cases versus capacity to work with
them. The evaluation team put this to sites at the one-day workshop and it was agreed to
change the referral and randomisation approach.

Interim analysis of quantitative data

To conduct our interim analysis of outcomes after up to six months (Brennan et al., 2024;
using data up to December 2023), data were obtained from site analysts on the prevalence
and frequency of two outcomes (violence against the person offences; co-offending
offences). ‘Up to six months’ is important to note because it means those analysed have
different ‘time at risk’ - specifically some might have been randomised the day before we
obtained data, and some might have been randomised six months ago. We took the decision
to analyse everyone because to only include those with six months of data would have meant
a substantially smaller sample size. It should also be noted that the differential time at risk is
equivalised across treatment and control.

As noted above, consistent with best practice, we have blinded the treatment condition in
the data to reduce the risk of premature conclusions being made about the direction or
intensity of treatment effects. It should also be noted that these data were provided in
aggregated form, which prevents statistical testing of differences between the groups and
also prevents the calculation of 95% confidence intervals or calculation of the relationship
between the outcome and any element of the intervention.

The results present a somewhat complicated picture of the outcome at the end of the early
implementation phase. Between the groups, the relative risk of being involved in violence
was 0.85. Conversely, however, the relative reduction in the frequency of violent offences
between the same groups was 0.92 (1/1.08) in the opposite direction. In simple terms,
individuals in condition A were less likely to be involved in violence, but when they were, it
was more frequent. The co-offending outcome presents a similar contradicting story.
Individuals in condition A were less likely to be involved in co-offending, but when they were,
they did so more frequently than individuals in condition B.

Table A3. Distribution of outcomes from early implementation (blinded condition)
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Condition A | Condition B | Relative risk
Violence against the person offences
Prevalence of violence against the person 0.17 0.20 0.85
Rate of violence against the person offences per person | 0.38 0.36 1.08
Co-offending offences
Prevalence of co-offending 0.15 0.15 0.96
Rate of co-offending per person 0.35 0.29 1.20
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