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▪ DA = 20% of all calls to Essex police

▪ Homicides, catastrophic injury, serial, children

▪ Perpetration less understood than victimisation

▪ Limited resources to commission 

services/research

▪ DA = an umbrella category for a variety of 

distinct crimes

▪ Where to start? What to prioritise?

▪ Police data systems = rich longitudinal 

datasets

▪ New machine learning techniques identify 

hidden patterns in police-recorded data

▪ Essex police & ECDA support

▪ Interdisciplinary research team @UniEssex 

▪ Home Office £££ for perpetrator research

2



Slide

Research questions

▪ Are there distinct ‘clusters’ (profiles) of domestic abuse suspects in 

Essex?

▪ What can these tell us about local typologies of abuse?

▪ Are there opportunities for intervention/commissioning/research to 

address abuse and prevent harm?
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The data

Longitudinal database 2016-2020

Domestic abuse incidents, suspect & victim data (59 

variables)

16,491 suspects, 40,488 observations

NB: Essex 1 of 4 forces rated ‘outstanding’ for crime 

recording, HMICFRS, 2019.
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The method

▪ Agglomerative hierarchical clustering: 3 different 

methods for producing clusters: (AHC ‘average’, 

‘Ward’s’ and ‘Complete Link’) + Association 

Rules Analysis for rigour

▪ Interpretation of results by tech team & DA 

subject matter experts

▪ Exploring local implications through qualitative 

interviews & workshop
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Unsupervised machine learning

▪ Power: finds ‘hidden’ patterns and structures in very large datasets, across multiple variables 

simultaneously, fast. Analyse DA as a whole, without artificially conflating crime types.

▪ Insight: produces ‘clusters’ of suspects & victims (as much in-group similarity as possible and 

as different from other clusters as possible)

▪ Explorative: 

−Reveal opportunities for cross-cutting services

−Reveal as-yet-unknown or underappreciated risk

−Confirm/challenge hypothesis-driven research without starting from controversial assumptions
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Data features & limitations

▪ Police-recorded DA 

▪ 4 years - limited capture of repeat/serial perpetration

▪ 59 variables cleaned to 12 variables: gender; age; nationality; 

suspect/victim overlap; N. crimes; crime-type; nature of abuse; N. 

victims; risk-level.

▪ Excluded victim self-harm, presence of children, harassment, coercive 

control.
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• Overwhelmingly male-to-female 
IPV

• Violent, serial & repeat 
offending

• Medium/high risk

• Overwhelmingly female-
to-male IPV

• 50% violent crimes 50% 
non-crimes

• Few offenses & victims
• 60-70% suspects also 

victims
• Standard risk

Avg. 45% of total data

Avg. 12.5% of total data

Avg. 11.5% of 
total data

N=40,488 (suspect-
crimes). Circles not 
at scale.

• Majority male-to-
female- only 10% IPV

• Suspect younger, 
victim older

• Violent, serial &  
repeat

• 60% suspects also               
.  victims

• Male-to-female IPV
• Victim & suspect younger  

(<32)
• Multiple offenses 
• Violent Crime
• Higher risk than average 

47% of cluster 
group data  

Cluster Group 1: Male-to-
female repeat and serial 

IPV
Cluster Group 2: Female-

to-male IPV
Cluster Group 3: 
Familial abuse
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Implications

Female cluster

- Police-recoded female IPV different enough from 

other DA to be distinct cluster

- Confirms need to investigate suspect/victim 

overlap 

- No local services for male victims apart from 1 

male IDVA pilot

- No probation programme for female perpetrators

- Local perpetrator services lack basis in evidence 

& best practice

- Repurposing for-men provision does not work

Young people & IPV

- Empirical confirmation of distinctiveness of YP 

IPV 

- YP have distinctive vulnerabilities, 

dependencies, needs

- Complex transition from childhood to adulthood 

affects decision-making, understanding of 

relationship & engagement with services

- No specialist local services (CYP IDVA) in Essex 
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Main takeaways

Value of our approach

• Quantitative analysis of ‘domestic abuse’ often very broad or very narrow in 

focus

• Rigorous baseline analysis of recorded DA perpetration in all its forms

• Identifies potential issues & shortcomings in police data for correction

• Support police & local commissioning bodies make informed decisions for 

research & investment

• Next steps: Adolescent DA project and Female Suspects



Thank you
kdhadj@essex.ac.uk
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