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Background



Motivating question

• Crime drop in Scotland and elsewhere (van Dijk and Tseloni, 2012, 
McVie et al., 2020)



Motivating question



Motivating question

• One of the big questions: has crime fallen for all groups in society 
equally? (Hunter and Tseloni, 2016; McVie et al., 2020)

• Measuring changing victimization inequality can help target crime 
prevention measures and (maybe?) also help figure out why crime has 
fallen

• We focus on Scotland as a case study of the crime drop



Dimensions of inequality

• Not just finances – we need to look across multiple dimensions (Hunter 
and Tseloni, 2016)

• Literature is pretty fragmented, but important variables include age, 
gender, ethnicity, disability, area characteristics (deprivation and 
region), financial hardship and tenure (see variously Nilsson and 
Estrada, 2004; Hunter and Tseloni, 2016; Herranz de Rafael and 
Fernández-Prados, 2019; Ganpat et al., 2020; Grove et al., 2012; Rossetti 
et al., 2016)



Measuring victimization inequality

• No consensus about how best to do this!
• We use the ratio of estimated victimization rate in reference socio-

demographic group to victimization rate in comparison group/s
• Benefits: this measure is (reasonably…) easy to understand and it lets us 

show both this ‘inequality’ measure and the estimated victimization 
rates themselves, which gives necessary context to the inequality 
estimates (Spiegelhalter, 2017)

• Costs: it’s quite convoluted to calculate (we’ll come to this in a second…)



Measuring victimization inequality

• Today we focus on adjusted victimization rates after controlling for all 
the other variables we examine to focus on possible drivers of 
victimization inequality and secondary prevention

• (In the work-in-progress paper we argue that unadjusted rates are more 
relevant for victim support/tertiary victimization prevention, and also 
that it’s useful to compare the two different measures)



Data and methods
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Data and regression model specification

• Data: combined SCJS sweeps from 2008/09-2017/18
• Outcome: number of victimizations (all crime types)
• Predictors: age, gender, ethnicity, disability, SIMD, urban/rural, financial 

hardship, tenure
• Linear time trend for survey year and interactions between survey year 

and each predictor
• Fit in R with the {survey} package using weighted-least squares and a 

quasipoisson link function to account for overdispersion
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Average predictive comparisons

• Taking one predictor at a time, make a ‘counterfactual’ copy of each 
person in the pooled dataset where they have every possible level of 
that (categorical) predictor

• Use the fitted regression model to make a predicted victimization rate 
for each counterfactual person (and the original data), keeping all other 
predictors at their observed values

• For each level of the predictor of interest, take the average predicted 
victimization rate

• For rationale, see Gelman and Pardoe (2007)
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Sample parameters

• Average predictive comparisons take only the model’s point estimates –
but we need to account for the uncertainty in our estimated parameters

• Simulate 1,000 sets of parameters from the model’s variance-
covariance matrix (see King et al. 2000)

• For each of these 1,000 parameters, calculate the average predictive 
comparison

• This gives us 1,000 estimated victimization rates for each socio-
demographic group in each year

• Calculate the ratio of victimization rate for each comparison group 
relative to the reference group, then calculate mean and standard error 
across simulations



Results
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Not much change in inequality
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Can’t draw a firm conclusion?
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Discussion



What have we learned?

• There’s a big age component to the crime drop. We see this in 
convictions data too (Matthews and Minton, 2018). This has to be a 
fundamental part of how we understand the crime drop

• Victimization has not fallen as quickly for those experiencing financial 
hardship compared to others. Poverty ‘penalty’ getting stronger?

• Conditional on our model and assumptions, there’s a lot of uncertainty 
about victimization trends for minority ethnic people in Scotland. This is 
a serious failing of our current understanding of victimization in 
Scotland



Reflections and future directions

• All else being equal, fewer victims of crime mean that it’s harder to 
understand victimization through the SCJS, particularly for minority 
groups

• Would different methods help? Any kind of hierarchical/regularizing 
model may improve estimates, but weighting makes things 
complicated

• Maybe pooling data between SCJS and CSEW would help?
• We’ve focused on the average victimization rate, but could extend to a 

location/scale model to explore changes in victimization concentration 
over time



Thank you!

@U_Inequalities | @benmatthewsed
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