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Abstract 

Predicting future trends in crime from historical crime data dates to the 19th century 

and training machine algorithms with data to learn like humans can be traced back to 

the mid-20th century. The exponential increase in data generation in the early 21st 

century resulted in enormous volumes of Big Data that are too complex for traditional 

database management systems and software technologies to process effectively. The 

need to solve the Big Data ‘problem’ and the reduced cost of parallel computing and 

memory lead to increased adoption of Machine Learning (ML) in various sectors. 

Predictive analytics have been successfully applied in the commercial sector to predict 

consumers’ behaviours, grade credit risks, and prevent fraud. Predictive analytics have 

also been successfully applied in the healthcare sector to predict the growth of cancer 

and the risk of serious diseases. In the UK, predictive mapping programs and 

individual risk assessment programs have been deployed by various police services. 

Due to the high prevalence of repeat incidents in domestic abuse (DA), this research 

examined the potential use of historical crime data to analyse patterns and identify the 

likelihood of DA victims being revictimized. A framework for predicting repeat 

victimisation of DA victims using ML was proposed and 2 years historical DA victims’ 

crime data with specified characteristics were used to train ML models based on 

logistic regression classification algorithm. An evaluation of the trained ML models 

was conducted, and the best performing ML model was deployed as a web service.  
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1 Introduction 

1.1 Background 

The researcher actively supported vulnerable and intimidated victims, and prosecuted 

offenders of domestic abuse (DA) crimes as an investigator within the Community 

Safety Unit, part of the Safeguarding unit (now Public Protection) of the Metropolitan 

Police Service (MPS) for about 3 years. Reflections on his experience of repeatedly 

dealing with almost the same individuals and similar crime types influenced the 

decision to research this area of policing. The preferred term for this phenomenon is 

repeat victimisation or revictimization and it is broadly defined as the “same thing, 

done under the same circumstances, probably by the same people, against the same 

victim” (Elkin, 2019) or narrowly as “the recurrence of crime against the same target” 

(Farrell, 2010). 

Repeat victimisation is significantly more prevalent in DA than in other crime types 

(McLean, 2005). According to DA charity SafeLives, "85% of victims sought help five 

times on average from professionals in the year before they got effective help to stop the 

abuse" (SafeLives, 2015). 

Figure 1 Prevalence of DA in year ending March 2020                     (ONS, 2020) 
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Domestic Abuse (DA is defined as: 

“Any incident or pattern of incidents of controlling, coercive, threatening 

behaviour, violence or abuse between those aged 16 or over who are, or have been, 

intimate partners or family members regardless of gender or sexuality. It can 

encompass, but is not limited to, the following types of abuse: psychological, 

physical, sexual, financial, emotional” (Home Office, 2013).  

The Crime Survey for England and Wales revealed that “an estimated 2.3 million adults 

aged 16 to 74 years experienced domestic abuse” for the 12-month period to year ending 

March 2020 (ONS, 2020).   

The Home Office Homicide Index listed 357 victims of domestic homicides in England 

and Wales between the year ending March 2017 and year ending March 2019. This 

represents 28% of all homicide victims during this period (ONS, 2020). Domestic 

homicides usually start off as incidents of low-level crime before escalating, and most 

of the victims and perpetrators of domestic homicides would have passed through the 

criminal justice system before.  

Figure 2 Domestic homicide between March 2017 and March 2019                               (ONS, 2020) 

Advances in Machine Learning (ML) and Big Data analytics have transformed the 

predictive power of various domains like the financial, retail, and healthcare sectors, 

but not so much in policing, especially in the UK (Babuta, 2017). There is a lack of 

research in this area even though the College of Policing in the UK predicted that 

advances in Artificial Intelligence (AI) and workforce automation are some of the 

transformative technologies that would have a major impact on policing in the next 20 

years. This research aims to contribute to this body of work through the assessment 

of the benefits and limitations of ML and Big data analytics in predictive policing. 
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1.2 Aims 

Repeat victimisation is one of the major factors used in grading the risk of harm to DA 

victims using the Domestic Abuse, Stalking and Honour Based Violence (DASH) risk 

identification checklist. The degree of repeat victimisation also has a significant impact 

on how the risks to DA victims are managed using the RARA model (Richards, 2009). 

Remove the risk: arrest and seek to remand domestic abuser in custody 

Avoid the risk: re-housing/sheltering domestic abuse victims 

Reduce the risk: compilation of safety plans for victims, referral to the Multi-Agency 

Risk Assessment Conference (MARAC) for a multi-agency response 

Accept the risk: continued multi-agency planning and DASH risk assessment. 

Identifying repeat victimisation of DA victims is usually part of reactive criminal 

investigations, via reports made to safeguarding partners, and through crime surveys. 

This research will suggest that identification of repeat victimisation could be a 

proactive tool such as a predictive individual risk assessment program.   

1.3 Objectives 

Predictive analytics models will be trained using ML in the Cloud to analyse repeat 

victimisation of DA victims.  This research will examine the potential use of historical 

crime data to analyse patterns and identify the likelihood of DA victims being 

revictimized. This will assist police and other safeguarding partners to take preventive 

steps to mitigate against future abuse.  

The scope of this research is limited to data relating to DA victims in London and 

historical crime dataset from the largest police service in the UK, the Metropolitan 

Police Service (MPS) will be employed. The objectives of the research are to: 

1. Examine the barriers towards adoption of predictive analytics in policing 

2. Evaluate possible methods for analysing repeat victimisation of DA victims 

3. Assess the benefits and limitations of data analytics in predictive policing 

4. Implement a predictive analytics framework using ML in the Cloud. 

Objectives 1 and 2 were achieved through the review of existing literature from 

academia, government sources, and police about the research area. Objectives 3 and 4 
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were achieved using historical DA crime data to train ML algorithms to create 

predictive models, evaluating the performance of the models, and deploying the best 

model as a web service. 

1.4 Work done and results 

This research proposes a framework for predicting repeat victimisation of DA victims 

by employing ML to evaluate the relationships between 7 chosen characteristics of DA 

victims. The research collected quantitative historical DA crime data from the MPS via 

a Data Sharing Agreement (DSA) for research purposes. The research data was 

analysed using Power Bi data visualisation tool.  

70% of the anonymised crime dataset was used to train predictive models using Azure 

ML. The remaining 30% of the anonymised crime dataset was used to test the 

predictive models. The trained models were evaluated using statistical evaluation 

metrics from Azure ML and the best performing model deployed as a web service. 

1.5 Key findings 

Analysis of the research data and evaluation of the ML models showed that: 

1. The rate of DA victimisation increases in victims aged between 30 and 40  

2. DA victims disproportionately suffers from violent crimes, but the prevalence 

of violent crimes does not significantly influence the rate of repeat victimisation 

3. Women are significantly more victimised and suffers more repeats 

4. Training ML algorithms with more quality data features and more data points 

improves their predictive capabilities. 

1.6 Structure of the report 

This report is structured into 6 parts with Chapter 1 introducing the background of the 

research topic, the main aims and objectives of the research, a summary of research 

tasks and key findings. Chapter 2 reviews existing literature relating to repeat 

victimisation, repeat victimisation in DA, predictive policing, and evolution of ML. 

Chapter 3 presents the design of the research and research methods employed, 

collection of research data, and data analysis. Chapter 4 proposes a framework for 

predicting repeat victimisation of DA victims using ML. In Chapter 5, trained ML 
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models were evaluated, and the best model was deployed as a web service. Chapter 6 

summarises the achievements and limitations of the research and recommendations 

for future research. Professional, legal, social, and ethical factors considered during the 

research were documented in Chapters 2 to 5. 
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2 Literature review 

2.1 Introduction 

This chapter critically reviewed existing literature from academia, government 

sources, and police about the research area. The chapter also discusses ethical factors 

considered during the literature review process. 

2.2 Repeat victimisation 

Repeat victimisation was first commented on by Johnson et al (1973) and Zeigenhagen 

(1976). Sparks et al (1977), Sparks (1981) and Hindelang et al (1978) all theorised the 

phenomenon by suggesting that “bad luck or chance” is unlikely to be the root cause of 

repeat victimisation (Farrell & Pease, 1993). Gottfredson (1984) investigated the 

distribution of repeat victimisation in the British Crime Survey of 1984. Pease (1988) 

further developed Gottfredson’s hypothesis and theorised that repeat victimisation 

“can improve the efficiency and effectiveness of crime prevention practice”. Farrell 

(2010) termed this theory as the most important theory of repeat victimisation to date. 

In the UK, crime scientist, Professor Graham Farrell and forensic psychologist and 

criminologist, Professor Ken Pease contributed significantly to research into repeat 

victimisation, with over 100 publications between them relating to this subject area.  

Review of 9 different research methods into repeat victimisation by Farrell (1992) 

demonstrated “very similar patterns in the distribution of victimisation” and that 

preventive actions can be taken to avert repeat victimisation once victimisation is 

relatively likely. Farrell & Pease (1993) discussed the limitation in training and 

research into repeat victimisation, despite the awareness of the phenomenon by 

police, victim support, and other stakeholders. Both scholars theorised 7 major 

reasons for this apathy: (Farrell & Pease, 1993).  

1. Repeat victimisation is less prevalent in low crime areas compared to areas 

with higher crime rates. Albeit this is not applicable to certain crime types like 

DA, which has high prevalence of repeat victimisation in all areas of society. 

2. The complexity of estimating the degree of repeat victimisation and typical 

research methods employed resulting in underestimation. 
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3. Inefficiency in identifying repeat victimisation by police due to transfer of 

investigative responsibilities from one police unit to another and/or from one 

officer to the other. 

4. Inadequate statistical systems employed by police does not effectively detect 

repeat victimisation. 

5. Reluctance of key stakeholders to openly acknowledge the degree of repeat 

victimisation, so as not to alarm the public about fear of crime. 

6. The characteristics of most repeat victims and their underlying vulnerabilities. 

7. Overlooking the high degree of repeat victimisation at an individual level, but 

rather focus on high crime areas to prevent the risk of blaming victims for 

allowing themselves to be revictimized. 

Although these observations were made by Farrell and Pease over 28 years ago, most 

if not all the arguments are still valid today based on this researcher’s own experience.  

Farrell & Pease (1993) further opined that repeat victimisation could not be 

understood without adequate understanding of the concepts of crime prevalence, 

crime incidence, and crime concentration. For a specific period, crime prevalence 

refers to the estimated count of victims at risk of victimisation; crime incidence refers 

to the estimated count of crime that victims are at risk of; and crime concentration 

refers to the estimated count of “crimes per victim” (Farrell & Pease, 1993). 

In 1995/96, the UK Home Office specified repeat victimisation as a Key Performance 

Indicator (KPI) for police services in England and Wales. The 43 territorial police 

services and the British Transport Police were tasked with the development of robust 

systems for the identification of repeat victims of local crimes. This mandate was 

further expanded in 1996/97 to include the development of strategies for the 

identification, reduction, and evaluation of repeat victims of significant offences 

(Hanmer, et al., 1999). 

Farrell (2010) disagreed with earlier scholars by asserting that some repeat 

victimisation might be expected to occur in small amount by chance. Farrell (2010) 

highlighted two main explanatory theories of “non-chance” repeat victimisation by 

applying Pease (1998) Flag theory (attractive or vulnerable targets are frequently 

revictimized) and Boost theory (being a victim of crime enhances the likelihood of 
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being revictimized). Farrell & Pease (2017) further developed this into the FBI theory 

by including the Interaction theory (“interaction of multiple suitable targets and 

potential offenders generates a higher crime rate”) resulting in some targets or places 

being overly revictimized (Farrell & Pease, 2017). 

Farrell & Pease (2017) argued that repeat victims of crimes are significantly more 

victimised than non-repeat victims. 

Figure 3 Repeat victimisation in England and Wales                   (Farrell & Pease, 2017) 

Farrell & Pease (2006), Grove et al (2012), and Grove & Farrell (2012) all highlighted 

the advantages of preventing repeat victimisation, with the overall conclusion that 

stopping repeat victimisation can reduce crime incidence (Farrell & Pease, 2017). 

2.3 Repeat victimisation in DA 

Studies have shown that before the first attendance to a DA crime by police, “numerous 

assaults of escalating violence are likely to have taken place” (Hanmer, et al., 1999).  

In 1997, the UK Home Office Police Research Group (PRG) commissioned a project to 

reduce repeat victimisation of DA victims in the Killingbeck Division of West Yorkshire 

Police. The Killingbeck project research methodology was modelled on the works of 

Lloyd et al (1994) and Anderson et al (1995). Lloyd et al (1994) studied domestic 



14 
 

violence in Merseyside, with the sole focus on victims. Lloyd et al (1994) work showed 

that after the initial police attendance to a DA incident/crime, 35% of households were 

re-attended within five weeks, and 45% of those households re-attended the second 

time were re-attended a third time within five weeks. Anderson et al (1995) 

researched property and vehicle crime in Huddersfield by employing routine activity 

theory to develop a response to repeat of property and vehicle crime. Routine activity 

theory states that for crime to occur, there must be a suitable victim, the absence of 

capable guardian, and the presence of a motivated offender. So, the removal of one or 

more of these crime elements will deter crime (Hanmer, et al., 1999).   

The Killingbeck project adopted the works of Lloyd et al (1994) and Anderson et al 

(1995) to develop a three-tiered model for graded police response to DA repeat calls. 

Figure 4 Domestic abuse repeat victimisation model                      (Hanmer, et al., 1999) 
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The research methods adopted by the Killingbeck project differs from Lloyd et al 

(1994) by focusing on both victims and offenders. The Killingbeck project model, like 

Anderson et al (1995) aim to decrease DA victims’ suitability, demotivate offenders, 

and provide capable guardianship. The Killingbeck project achieved reduced repeat 

victimisation of DA victims amongst other achievements (Hanmer, et al., 1999).  

Detective Chief Superintendent Maxwell McLean was the head of the Criminal 

Investigation Department at Killingbeck Division during the Killingbeck project. 

McLean (2005) opined that DA victims are significantly more repeatedly victimised 

than any other victims of other crime type and that “early structured intervention” 

reduces the occurrence of repeat victimisation in DA. McLean (2005) also implied that 

there was “100% under-recording rate” of DA crimes by the police. McLean (2005) 

recommended that recorded DA crime figures should be doubled when devising DA 

crime prevention plans locally and that “it is likely to be necessary to multiply by eight 

or nine” when producing national figures for DA crimes (McLean, 2005).  

Shorrock et al (2020) examined the rate of repeat victimisation within Multi-Agency 

Safeguarding Hubs (MASH). MASH was set up to reduce victimisation in England and 

Wales through early identification and intervention. Shorrock et al (2020) studied 

7,753 referrals made to a MASH site by police and identified 28% as being repeat 

referrals, with DA accounting for 49% of the repeat referrals. The repeat referrals were 

further investigated to identify why certain DA victims were prone to repeat 

victimisation, by analysing the characteristics of the victims and suspects of 80 

randomly selected cases. The victims’ characteristics are presented in Figure 5 below: 

Figure 5 Victim characteristics of MASH case studies                  (Shorrock, et al., 2020) 
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Figures for repeat victimisation of DA victims are not included in the official crime 

statistics by the ONS. Figure 6 below shows the percentage of repeat DA cases referred 

to the Multi-Agency Risk Assessment Conference (MARAC), a meeting where high-risk 

DA cases are discussed by “representatives of local police, probation, health, child 

protection, housing practitioners, Independent Domestic Violence Advisors (IDVAs) and 

other specialists from the statutory and voluntary sectors” (Devon County Council, n.d.) 

Figure 6 Repeat DA cases discussed at MARAC                           (ONS, 2020) 

 

2.4 Predictive policing 

Most authors reviewed so far agreed that early intervention reduces repeat 

victimisation and early intervention is only possible if repeat cases are identified early. 

Predictive analytics can aid this early identification process by using ML to analyse the 

significant amount of digital data collated from disparate sources during routine 
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policing activities. The use of historical data to map crime patterns have been in use 

since the 19th century. In the UK, detectives from the Metropolitan Police Service 

employed pattern recognition techniques to prevent and solve crimes as far back as 

1842 (Bachner, 2013).  

Bachner (2013) suggested that data analytics techniques used in the commercial 

industry to predict consumer behaviours could be employed by police for predictive 

analysis of crime. Bachner (2013) categorised the major analytics techniques used in 

predictive policing into 3: analysis of space, analysis of time and space, and analysis of 

social networks.  

Pearsall (2010) opined that police services can become less reactive by effectively 

anticipating, preventing, and responding to future crimes through analysis of 

historical data from different sources. Pearsall (2010) emphasised that predictive 

policing is not designed to replace other tried and tested policing models, “instead, it 

borrows from the principles of problem-oriented policing, community policing, evidence-

based policing, intelligence-led policing and other proven policing models” (Pearsall, 

2010). 

Babuta (2017) highlighted the effectiveness of predictive analytics in “hot-spot” 

policing and projected that the adoption of big data technologies will expand the 

capabilities of predictive crime mapping technology in UK policing by allowing limited 

resources to be efficiently managed, by targeting areas with high propensity to crime. 

Babuta (2017) also suggested that predictive analytics could be employed to identify 

risks of victimisation at an individual level, although the evidence of success is less 

defined in this area mainly due to lack of research on the algorithms deployed. Babuta 

(2017) research was conducted in 3 phases, review of existing literature from various 

sources on how police use data; conducting semi-structured interviews with 25 

serving police officers and staffs, and 5 subject matter experts from the IT sector and 

academia; and concluding with a half-day workshop to discuss his research findings 

with “representatives from five police forces, as well as the Home Office, College of 

Policing and academia” (Babuta, 2017). Identified barriers to the full 

adoption/implementation of big data analytics by UK police services are reliance on 
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legacy IT systems, fragmented databases, lack of investment in new technology, legal 

and ethical issues relating to the use of police data (Babuta, 2017). 

Babuta & Oswald (2019) assessed the risk of bias that could arise through the adoption 

of predictive analytics programs by police services in England and Wales. 

Figure 7 Predictive policing risks                            (Babuta & Oswald, 2019) 

Babuta & Oswald (2019) suggested that the implementation of a new of code of 

practice for the adoption of predictive tools in policing will mitigate the risks 

identified. The new code should aim to standardize model design, testing, deployment, 

and continuous evaluation. The new code should also define roles and responsibilities 
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of key stakeholders and regulatory bodies, and “establish standard processes for 

independent ethical review and oversight to ensure transparency and accountability” 

(Babuta & Oswald, 2019). 

Minocher & Randall (2020) argued against the increasing use of predictive policing in 

the United States. They opined that predictive policing is not a new policing model, but 

an evolved part of “long-practised” big data surveillance to monitor and control 

(Minovher & Randall, 2020).  The reliance of predictive policing on historical crime 

data often led police to target “communities that have historically been subject to over-

policing, creating a confirmation feedback loop” (Richardson, et al., 2019).  

Couchman (2019) also argued against the implementation of predictive policing by UK 

police services, citing lack of human oversight in machine decision making, possible 

discriminatory practices against minority groups due to training machines with biased 

crime data, lack of transparency about how ML algorithms make predictions, and 

infringement on individual privacy and freedom of expression.  Couchman (2019) 

categorised the usage of predictive analytics in UK policing into two: predictive 

mapping programs and individual risk assessment programs. As of 2018, predictive 

policing programs have been implemented by at least 14 UK police services 

(Couchman, 2019).  

Figure 8 Predictive policing by UK Police services                   (Couchman, 2019) 
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Durham Constabulary employed supervised ML algorithms in its Harm Assessment 

Risk Tool (HART) to classify individuals into low, medium, or high risk of committing 

an offence in the future (Urwin, 2016). Avon and Somerset Constabulary Qlik Sense 

program also used similar algorithms to assess individuals’ likelihood of offending, re-

offending, victimisation, and being revictimized (Dencik, et al., 2018).  

2.5 ML advancement 

Training machine algorithms with data to learn like humans is not a new science, with 

the modern history of ML traceable to the mid-20th century. Rosenblatt (1957, 1959, 

1960) organised a group of scientists to build a machine that could recognise letters of 

the alphabet (Fradkov, 2020). The perceptron machine was based on the nervous 

system of human beings and modern artificial neural networks (ANN) are based on 

perceptron’s technique of converting analog signals to discrete signals. Novikoff 

(1962) further developed the perceptron framework by defining “the conditions for the 

convergence of a perceptron learning algorithm in a finite number of steps” (Fradkov, 

2020). 

Over the years, scientists worked on various machine learning algorithms based on the 

deterministic, statistical, and stochastic approaches. This resulted in the creation of 

ML algorithms such as the support vector machine (SVM), MDM, and Bregman 

divergence, support-vector networks, amongst others (Fradkov, 2020). 

The exponential increase in data generation in the early 21st century resulted in 

enormous volumes of data, often referred to as Big Data due to being too large and 

complex for traditional database management systems and software technologies to 

process effectively (Ghosh & Nath, 2016). The need to solve the Big Data ‘problem’ and 

the reduced cost of parallel computing and memory lead to the increased adoption of 

ML and the creation of modern algorithms such as the deep neural networks (DNN) 

(Fradkov, 2020). 

2.6 Ethical considerations 

The main ethical factor considered during the literature review process is the impact 

of the researcher’s deliberate bias (SAGE, 2021). Some form of bias is always present 

in a research project, but it is important to avoid deliberate bias that could introduce 
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systematic error into the research process to obtain a specific outcome (Pannucci & 

Wilkins, 2010). 

The impact of the researcher’s bias was managed through the presentation of 

alternative viewpoints that does not necessarily align with the researcher’s 

background, vested interests, or the research aims and objectives (Kumar, 2011). 

2.7 Conclusion 

The benefits and limitations of predictive analytics in policing was reviewed in this 

chapter. There is limited research into the adoption of predictive analytics in DA, but 

Hampshire Constabulary presented a proof of concept of an ML model for predicting 

repeat victimisation in DA in 2019. The model plan to use datasets from completed 

DASH risk assessments and historical crime data from Hampshire Constabulary NICHE 

system to predict the likelihood of repeat victimisation.  

Example data points from DASH and NICHE that the proposed framework planned to 

use include victim’s age and gender; offender’s age, gender, offending history, warning 

signs; seriousness of offence, and DASH risk assessment rating (Terzis, et al., 2019).  

Figure 9 Hampshire Constabulary DA Tool                               (Terzis, et al., 2019) 

The framework proposed in this research is like the Hampshire Constabulary DA tool 

framework, albeit the dataset used is solely from historical crime data, and the data 

points assessed are victim focused and limited to certain variables.  
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3 Research methodology 

3.1 Introduction 

This chapter discusses the research philosophy and design adopted based on the 

research aims and objectives.  The chapter also touches on the research strategy 

adopted, data collection methods employed, data analysis, and ethical and legal factors 

considered during data collection and analysis. 

3.2 Research philosophy and design 

This research followed the research onion systematic approach of conducting 

research. The first layer of the research onion followed was the adoption of the 

positivism research philosophy by proposing a solution with a clear theoretical focus; 

applying natural sciences to the study of social factors; and utilizing quantitative 

approaches to test a hypothesis (SAGE, 2021). 

The second layer of the research onion employed entails the formulation of the 

research theory and following a deductive research approach by testing the theory 

that predictive analytics can be utilized to analyse repeat victimisation of DA victims 

(Lazar, et al., 2017). The hypothesis was tested using historical crime data and test 

results was analysed, and the theory revised accordingly.  

Based on best practice, this research study “contain elements of descriptive, 

correlational and explanatory research” (Kumar, 2011). The research attempts to 

conduct a systematic description of the phenomenon of repeat victimisation in DA; 

aims to establish the relationships between DA victims’ characteristics that increases 

the risk of repeat victimisation; and attempts to clarify the relationship between 

certain DA victims’ characteristics with a view to predicting the likelihood of repeat 

victimisation (Kumar, 2011). 

3.3 Research approach 

This research adopted the quantitative approach by collecting historical DA crime 

data, quantifying the information within the data, and utilizing mathematical models 

to analyse the data to support or refute the research theory (Wiliams, 2007). The 

research was conducted in three phases: 
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1. Collection, cleansing, and analysis of historical DA crime data from police 

records 

2. Supervised training of ML models with the anonymised historical DA crime 

data, using classification algorithms to create predictive models 

3. Finally, testing the predictive models with untrained historical DA crime 

datasets, evaluating the metrics of the trained models, and deploying the best 

performing model.  

3.4 Research data collection 

Adequate quality data is required to effectively train fairly accurate ML models (Hillier, 

2021). The selection of data variables for this research was based on the DA victims’ 

characteristics documented in the ONS Domestic abuse victim characteristics, England, 

and Wales: year ending March 2020. Due to the sensitivity of domestic abuse 

investigations, the required data features could not be sourced from publicly available 

datastores, via survey or through any other data collection means. Without these key 

variables, it will be practically impossible to achieve the research’s key objectives. 

A request was submitted to the researcher’s employer, the Metropolitan Police Service 

(MPS) to obtain anonymised dataset from the MPS Crime Record Information Systems 

(CRIS) documenting the specified DA victims’ characteristics between March 2019 and 

March 2021. A Data Sharing Agreement (DSA) between the researcher and the MPS 

allowed the specified data to be collected for research purposes. 

Data features considered Data features collected/used 

• Age 

• Sex 

• Crime type  

• Same household as suspect 

• Disability 

• Employment status 

• Repeat DA victim in the last 12 months   

• Education 

• Religion 

• Ethnicity 

• Marital status 

• Household structure 

• Household income 

• Age 

• Sex 

• Crime type  

• Same household as suspect 

• Disability 

• Employment status 

• Repeat DA victim in the last 12 

months  

Table 1 Historical DA crime data features 
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The specified DA crime datasets was extracted from the MPS CRIS with the date set 

between 01/04/2019 and 31/03/2021. The marital status, household structure, 

education, and household income variables could not be obtained as they are not held 

within the MPS CRIS. DA crime reports were identified using the following flags: 

• DV - Domestic Incident 

• DI - DV LGBT Relationship         

• DX - Domestic Incident Resolved       

To obtain the Same household as suspect variable, the suspect and the victim address 

variables was added to the result, causing some duplications/over counting. To obtain 

the Repeat victim of DA in the last 12 months the victim reported crime in the last 12 

months variable was added to the result, generating some 2018/19 dataset that was 

not within the scope of this research. All the steps described above were completed on 

a secure MPS system. 

3.5 Research data cleansing        

The research data was cleansed and anonymised using Microsoft excel on the MPS 

system. The total data samples collected was 200,190. A total of 21,086 data samples 

generated for year 2018/19 were removed as it is not within the scope of the research. 

To prevent data over-counting, 1,262 duplicates were removed from the research data. 

Some collected data features like victim and suspect address, disability code, religion, 

religion description, ethnic appearance description, brough, crime report recorded date 

were removed from the research data to limit the processing of personal and special 

category data and prevent the risk of training ML algorithms with bias data as 

commented upon by various writers like Babuta & Oswald (2019), Minocher & Randall 

(2020), and Couchman (2019). 

To remain within the scope of DA definition, 3,662 data samples with Age 0-15 were 

removed from the research data. For brevity and ease of analysis, data features 

headings were abbreviated to ct = crime type; a = age; s = sex; sh = same household as 

suspect; d = disability; es = employment status; y = repeat DA victim in the last 12 

months. 
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3.5.1 Research data anonymisation 

The crime type feature was aggregated into: Burglary: burglary residential; Criminal 

Damage: criminal damage to a dwelling, criminal damage to MV, other criminal 

damage; Other Notifiable Offences: other notifiable; Robbery: personal property; 

Sexual Offences: rape, other sexual; Theft & Handling:  MV interference & tampering, 

other theft, other theft person, theft/taking of MV; Violence Against the Person: 

assault with injury, common assault, harassment, serious wounding, other violence 

The disability feature was grouped into Physical Impairment: blind, partially sighted, 

deaf, speech; Mental Impairment: learning difficulty, mental health issue; Other. 

The employment status feature was aggregated into Employed; Unemployed: 

housewife, househusband, retired, schoolgirl, schoolboy, student, unemployed. 

Figure 10 Research data showing distinct and unique values             Power BI 

Microsoft Power BI data analysis and visualisation tool was employed to analyse the 

research data in section 3.6 below. 
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3.6 Research data analysis 

The count of the of 2019/20 data samples was 84,953 and the count of the 2020/21 

data samples was 89,227. Thus, the anonymised research data samples obtained 

totalled 174,180. Factoring in the removed Age 0-15 samples, the 2019/20 data 

samples collected matches the 89,888 number recorded by the ONS for DA related 

crimes reported to the MPS in year ending March 2020 (ONS, 2020). The 2020/21 data 

are yet to be published by the ONS at the time of writing this report.  

3.6.1 Age 

The rate of DA victimisation increases in victims between the age of 30 and 40 as 

shown in the chart below. It is refreshing to note that the rate of victimisation tapers 

off with increasing age of the victims, due to the added vulnerabilities of elderly 

victims. 

Figure 11 Age distribution of DA victims in London from 2019-2021 crime data           Power BI 

There is no major deviation noted from the age distribution of DA victims and the 

pattern of repeat victimisation. 

Figure 12 Age distribution of victims in relation to y              Power BI 
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3.6.2 Crime type 

The research data shows that DA victims disproportionately suffers from violent 

crimes than other crime types. The reason for this might be linked to the intimate 

nature of the relationships between DA victims and abusers. 

Figure 13 Crime types experienced by DA victims in London between 2019 and 2021           Power BI 

Surprisingly, the prevalence of violent crime types does not necessarily impact the rate 

of repeat victimisation. The total number of DA victims that have suffered violent 

crimes and have not been revictimized is significantly more than the amount of DA 

victims that have been repeat victims. 

Figure 14 Count of y by crime type (ct)               Power BI 
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3.6.3 Disability and employment status 

The disability and employment status of DA victims are not routinely collected by the 

MPS when DA crimes are reported and/or investigated. This resulted in significant 

number of blanks in the disability and employment status variables, making it almost 

impossible to perform any meaningful analysis on these variables and their potential 

influence on the rate of repeat victimisation. 

The distribution of the disability and employment status variables are shown in the 

charts below: 

Figure 15 Disability distribution in DA victims in London between 2019 and 2021           Power BI 

 

Figure 16 Employment status of DA victims in London from the 2019-2021 crime data            Power BI 
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3.6.4 Sex 

“Women were more likely than men to be victims of domestic abuse” (ONS, 2020). The 

research data confirmed this known fact as shown in Figure 17. More than 74.3% of 

the DA victims identified as female as opposed to 25.5% who identified as male. The 

composition of the 0.14% DA victims that are listed as unknown on the MPS CRIS 

cannot be easily ascertained. It is unclear if they are DA victims that identified as non-

binary, or they simply did not state their gender at the time of reporting.  

Figure 17 Gender of DA victims in London from the 2019-2021 crime data            Power BI 

The rate of repeat victimisation followed the same trend, with 79.7% female DA 

victims constituting the overall number of revictimized victims. Male DA victims 

constituted 20.2%, and DA victims with unknown/unstated gender constituted 0.1% 

of the overall number of victims who have experienced DA in the past. 

Figure 18 Count of y by sex (s)                Power BI 
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3.6.5 Household composition 

The research data shows that 30.7% of DA victims live in the same household as the 

perpetrator, with 69.3% not residing with the abuser. 

Figure 19 DA victims residing with the abuser          Power BI 

 

In terms of the prevalence of repeat victimisation, 73.4% of DA victims not residing in 

the same household as the abuser makes up the overall number of victims that have 

suffered repeat victimisation.  26.3% of DA victims residing with the abuser 

constituted the overall number of victims that have been previously victimised. This is 

interesting as the rate of repeat victimisation is often linked with the regular 

interaction of victims and offenders (Farrell & Pease, 2017). It is expected that residing 

in the same household should facilitate this interaction  

Figure 20 Count of y by living arrangement (sh)              Power BI 
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3.7 Ethical and legal considerations 

The research employed historical crime dataset from the researcher’s employer, the 

Metropolitan Police Service (MPS), so professional standards relating to requesting 

data from the MPS in the correct manner was adhered to. This is evidenced by the Data 

Sharing Agreement (DSA) between the researcher and the MPS. 

The researcher also adhered to the MPS Information Code of Conduct by protecting 

the confidentiality, integrity and availability of historical crime dataset obtained 

throughout the research lifecycle. Research data was anonymised and further treated 

to remove any unwanted variables before use (Kumar, 2011). 

The research did not infringe on any intellectual property by adequately referencing 

ideas that are not the researcher’s own, and referencing services and platforms used 

e.g., Microsoft Azure Cloud platform, Power BI, etc. (GOV.UK, 2021). 

The processing of personal data for research purposes is not considered to be 

incompatible with the initial collection purposes under the General Data Protection 

Regulation (GDPR) and Data Protection Act (DPA) 2018, but adequate safeguards were 

still implemented to ensure limited processing of data in a secure and safe 

environment (Information Commisioner's Office, 2018).  

3.8 Conclusion 

Analysis of the research data confirmed some known DA facts such as women being 

disproportionately victimised than men and DA victims being more subjected to 

violent crimes (ONS, 2020). In terms of feature importance, the age and sex features 

have more impact on the likelihood of repeat victimisation than the other variables. 
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4 Proposed predictive framework 

4.1 Introduction 

The proposed framework was not designed to replace the DASH risk assessment tool 

or police officers’ professional judgement when dealing with DA victims. It is proposed 

to compliment the decision-making process of police officers using historic DA crime 

data to predict future trends or behaviours. 

4.2 Proposed ML framework 

Predictive analytics was employed to evaluate the relationships between the listed DA 

victim characteristics in Table 1 i.e., age, sex, crime type, same household as suspect, 

disability, and employment status to determine the impact it has on the predictor 

feature y, whether a DA victim have been a repeat victim of DA in the last 12 months. 

The evaluation of these historic DA crime data features by ML algorithms lead to the 

creation of predictive models, which when fed new data can predict the likelihood of a 

DA victim being revictimized. 

Figure 21 Predictive analytics tasks               Adapted from (Hillier, 2021) 

The predictive accuracy of any ML model often relies on the use of adequate training 

datasets and “the depth of analysis and the assumptions made when programming the 

algorithm” (Hillier, 2021).  

4.2.1 Classification or regression? 

ML algorithms that are commonly employed in predictive analytics are classification 

and regression. Classification is a supervised ML task whereby models learn from 
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training data and use the acquired knowledge to classify new data into categories 

based on the patterns discerned from the training data. Regression is also a supervised 

ML task that train models using training data, but unlike classification algorithms 

where the predicted values are categorical, regression algorithms predict “continuous, 

real-value quantities” (Hillier, 2021). This research will employ logistic regression 

classification algorithm as the question it attempts to answer has a yes or no answer: 

will a DA victim be re-victimized? 

4.2.2 Model development 

The development of ML model is traditionally a costly, time-consuming, and resource-

intensive exercise that requires significant domain knowledge (Microsoft, 2021). 

Advancements in Cloud Computing have made these tasks a lot easier for data 

analysists and enthusiasts like the researcher. Cloud service providers (CSP) like 

Google, Amazon, and Microsoft offers infrastructure as a service (IaaS), software as a 

service (SaaS) or platform as a service (PaaS) ML solution that does not require 

significant domain knowledge or time to produce efficient and fairly accurate 

predictive models. 

CSPs offer computer programming-based service, no-code visual service, and 

Automated Machine Learning (AutoML) solutions. This research considered using 

Azure AutoML to develop predictive models but opted for the no-code Azure ML 

Designer platform instead, to have an overall oversight of the decision-making process 

and prevent the risk of bias (Babuta & Oswald, 2019). Azure Cloud platform was 

chosen because it is readily accessible to the researcher via the student subscription 

from Northumbria University. 

4.2.3 ML algorithm 

This research created, trained, validated, tested, and evaluated 3 predictive models 

based on logistic regression classification algorithm to analyse and learn from existing 

patterns that are deemed accurate when recorded. Logistic regression was chosen as 

it is the most suitable algorithm for evaluating the relationships between the selected 

data features and their possible impact on the predictor feature y (Microsoft, 2021). 
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4.3 Azure ML workspace 

Figure 22 Azure ML workspace                              (Microsoft, 2021) 

Azure ML workspace provides a “centralized place” for managing the resources used 

to train and deploy ML models; storing assets created when using Azure ML; and 

accessing other dependencies by the Azure ML workspace (Microsoft, 2021).  

Azure ML workspace can be set up and accessed programmatically in various ways: 

via Azure Command-Line Interface (CLI), Azure Software Development Kit (SDK), 

Terraform, Azure Resource Manager (ARM) templates (Körner & Waaijer, 2020).  This 

research opted for the no-code Azure Machine Learning Studio user interface (UI). 

Figure 23 Azure ML studio                Microsoft Azure 
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Figure 24 shows the resource group of this research, with the newly created da_ml_ws 

ML workspace.   

Figure 24 Research project resource group              Microsoft Azure 

The LD7083_Research_Project resource group also include the following Azure 

resources that will be used by the da_ml_ws ML workspace: 

• Azure Key Vault: damlws2528015529 is responsible for the secure storage and 

access to secrets such as “API keys, passwords, certificates, or cryptographic 

keys” that are used by da_ml_ws and ML compute targets (Microsoft, 2019). 

• Azure Storage account: damlws3172112739 is the default datastore for 

storing the research data and datasets created from it by da_ml_ws. 

• Azure Application Insights: damlws8533154459 is the service that stores 

monitoring information about trained and deployed ML models. 

Figure 25 da_ml_ws ML Workspace               Microsoft Azure Machine Learning 

See Appendix C for detailed step-by-step snippets showing the creation of da_ml_ws 

ML workspace. 
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4.4 Research data to the cloud 

The anonymised research data was securely uploaded to the newly created 

damlws3172112739 datastore via Microsoft Azure Storage Explorer. The research data 

was uploaded to Azure Blob storage as if offers efficient access to the data from other 

Azure services and from the researcher’s local machine  (Körner & Waaijer, 2020). 

Datasets that will be created during the ML model training will be “a reference to the 

data source location along with a copy of its metadata” (Microsoft, 2021). The creation 

of references and not copies of the research data will preserve its integrity and 

improve the performance of the ML workflow. 

Figure 26 Research data in the cloud                  Microsoft Azure Storage Explorer 

4.5 ML Pipelines 

ML pipelines are employed to create and manage the ML processes like “data 

preparation, model training, model deployment, and inference/scoring” (Microsoft, 

2021). The first pipeline, da-ml-pipeline-1 was created via Azure ML designer. 

Figure 27 Pipeline creation                 Microsoft Azure Designer 
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4.6 Computes 

A machine or set of machines is required to run ML training scripts and host ML service 

deployments. Azure ML offers two cloud-based virtual machines (VM) that can be 

utilized for ML tasks: compute instance and compute clusters (Microsoft, 2021). A 

compute instance is a single VM that can be used for small scale ML training and 

deployment tasks, whilst compute clusters are usually deployed for large scale ML 

productions due to them being “cluster of VMs with multi-node scaling capabilities” 

(Microsoft, 2021). 

A compute instance, da-ml-compute was created as its suitable and adequate to train 

and deploy ML models within the scope of this research project. 

4.7 ML tasks 

4.7.1 Research data exploration and preparation 

Analysis of the research data using descriptive data exploration is considered “one of 

the most important steps in an ML project” (Körner & Waaijer, 2020). Better 

understanding of the research data before performing any other ML tasks will guide 

and define the data cleaning task to employ, the feature engineering process to follow, 

and the adequate ML algorithm to select that is better suited to predict the likelihood 

of a DA victim being revictimized (Körner & Waaijer, 2020).  

Körner & Waaijer (2020) proposed 3 data exploration tasks that could be carried out 

to derive useful insights from the research data and assess the relationship between 

the data and the predictor variable: analysis of the data distribution, analysis of the 

predictor variable influence, and analysis of the prediction task difficulty. 

4.7.1.1 Data distribution analysis 

Analysis of the research data types indicate that the only numerical data (Integer) is 

the age (a) feature. The same household (sh) and predictor variable y are recognised as 

Boolean, whilst the remaining variables are recognised as String. This analysis 

necessitated the need to employ the Edit Metadata module in Azure to specify that the 

String data be treated as multiclass categorical data.  

See the research data types as displayed by Microsoft Azure Designer in Appendix D. 
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The Summarize Data module was employed to generate a descriptive statistics report, 

allowing the research data to be further analysed to check for unique values, missing 

values, minimum and maximum values, mean, median, mode, range, skewness, etc. 

Figure 28 Descriptive statistics of uncleaned research data            Microsoft Azure Designer 

No meaningful insights could not be gleaned from Figure 28 due to the significant 

number of missing values and overwhelming amount of categorical data. To improve 

the opportunity of deriving insights from the research data, the Clean Missing Data 

module was employed to remove data rows with blank values and the Convert to 

Indicator Values module was used to “convert columns that contain categorical values 

into a series of binary indicator columns” (Microsoft, 2020).  

Figure 29 Cleaned data descriptive statistics              Microsoft Azure Designer 
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The removal of the missing data significantly reduced the count of the research data 

from 174,180 to 1,574. Conversion of categorical features to indicator values increased 

the overall count of data features from 7 to 18. The overall quality of the cleaned data 

is better, and some meaningful insights can be gleaned from the regenerated 

descriptive statistics report shown in Figure 29. 

4.7.1.2 Analysis of the predictor variable influence 

The Filter Based Feature Selection module was used to check the features that are more 

predictive of the target column. The Chi squared method was chosen as it is best suited 

for computing feature importance for categorical columns, unlike the Pearson 

correlation method which is used solely for numeric features (Microsoft, 2020). 

Figure 30 Features importance rankings              Microsoft Azure Designer 

The age feature is ranked as the best feature with predictive capabilities, whilst ct-

Burglary is ranked as the feature with the least predictive power. 

4.7.1.3 Analysis of the prediction task difficulty 

The analysis of the research data distribution and feature importance provided an 

estimate of the possible prediction task difficulties that might be encountered (Körner 

& Waaijer, 2020).  

Based on these analysis, 3 predictive models were created: 

1. Model 1: employed all data features with blank rows removed 

2. Model 2: excluded d and es features due to the significant number of blanks 

3. Model 3: excluded sh feature due to its undue influence on y 
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4.7.2 Model 1 development 

4.7.2.1 Select ML Algorithm 

The Two-Class Logistic Regression module was chosen as the ML algorithm as the 

question the DA ML predictive tool seeks to answer has two possible values: Yes or No.  

Figure 31 Logistic regression ML algorithm              Microsoft Azure Designer 

The single parameter used was derived from the results obtained from employing the 

Tune Model Hyperparameters module to obtain the optimum parameter of the model 

using parameter sweep.  

Figure 32 Hyperparameters sweep results              Microsoft Azure Designer 
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4.7.2.2 Split research data 

The Split Data module was used to divide the research data into 70% training data and 

30% untrained data that will be used to test and evaluate the model.  

Figure 33 Cross validation                 Microsoft Azure Designer 

The Randomized split function was enabled to randomly select the training and test 

data. The Stratified split function was enabled to ensure both the training and test 

datasets contain representative values of the Age feature due to its high unique value 

count: 81.  
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4.7.2.3 Train ML model 

The Train Model module was used to train the model, and the Explanations option was 

enabled to grant access to Azure metrics used to evaluate “the model performance, 

dataset and feature importance” (Microsoft, 2021).  

Figure 34 ML model training                Microsoft Azure Designer 

The Cross Validate Model module was employed to evaluate the variability and assess 

the reliability of the training dataset to the trained model (Microsoft, 2020). 

Figure 35 Cross-validated model evaluation results             Microsoft Azure Designer 
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4.7.2.4 Score and evaluate model 

The Score Model module was employed to make predictions using the trained Model 1 

and untrained test data. The Evaluate Model module was employed to evaluate the 

performance of the trained model.  

See Appendix E for architecture diagram of Model 1. 

4.7.3 Model 2 training 

The same principles and techniques employed during Model 1 training was followed 

to create Model 2 with the disability (d) and employment status (es) features excluded.  

See Appendix G for the architecture diagram of Model 2. 

4.7.4 Model 3 training 

The importance attached to the same household (sh) feature when making predictions 

does not align with the initial analysis conducted on the research data, with the 

proportion (49.5%) of DA victims not residing in the same household as the abuser 

being revictimized compared to the proportion (36.5%) of victims residing in the same 

household. 

Model 3 was trained without the sh feature, following the same principles and 

techniques employed in developing the previous models.  

See Appendix I for the architecture diagram of Model 3. 

4.8 Social, ethical, and legal considerations 

Anonymised research data extracted from the MPS was stored on an encrypted USB 

dive before being transferred to the Cloud using Northumbria’s University OneDrive 

platform as it is secure, and password protected.   

Azure Cloud Services were employed to develop the proposed framework and conduct 

experiments with data in the Cloud. OneDrive and Azure are both Microsoft’s 

platforms that guarantee the encryption of data in transit and at rest.  The researcher’s 

Northumbria University student account was used for both services, to further ensure 

the integrity of the research. 
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Research data will be permanently destroyed after concluding the research and degree 

results are published by the University and the proposed framework will not be 

misused post-implementation (SAGE, 2021). 

All anonymised information were processed fairly in a manner people would expect 

and it was used solely for the research and not for any other purposes (Information 

Commisioner's Office, 2018). 

The information processed was proportionate, limited, and necessary for the specific 

research purposes. Safeguards were implemented to ensure that the research project 

does not breach any Computer Misuse Act (CMA) by ensuring only authorised access 

and modifications to the project's systems, programs, and data (Kumar, 2011). 

4.9  Conclusion 

Despite the researcher’s limited domain knowledge in data analytics and ML 

authoring, 3 ML models with varying predictive capabilities were successfully trained. 

An evaluation of the ML models trained was conducted in Chapter 5 and the best 

performing model was deployed as a web service and tested accordingly. 
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5 ML Models evaluation and deployment 

5.1 Introduction 

The predictive power of the ML models was evaluated using some of Azure metrics 

designed for evaluating binary classification models: accuracy, precision, and recall.  

Accuracy is the measure of the goodness of the ML models “as the proportion of true 

results to total cases” (Microsoft, 2020). Precision is the proportion of the ML models’ 

true positive predictions over all the positives predictions (Brownlee, 2020). Recall is 

the measure of the proportion of the ML models’ true positive predictions that was 

correctly identified (Google, 2021).  The closer to 1 the metrics are, the better the ML 

model’s performance (Microsoft, 2021). 

Accuracy = TP+TN/(TP+TN+FP+FN) 

Precision = TP/(TP+FP)  

Recall = TP/(TP+FN) 

True Positive (TP): result of ML model correctly making a positive prediction 

False Positive (FP): result of ML model incorrectly making a positive prediction 

True Negative (TN): result of ML model correctly making a negative prediction 

False Negative (FN): result of ML model incorrectly making a negative prediction 

 

 

 

 

 

 

 

 

 

 

 

Figure 36 Explanations of TP, FP, FN, TN       Adapted from (Google, 2021) 

True Positive (TP): 

Reality: DA victim is likely to be 

revictimized 

Outcome: ML predicts DA victim is 

likely to be revictimized 

False Positive (FP): 

Reality: DA victim is unlikely to be 

revictimized 

Outcome: ML predicts DA victim is 

likely to be revictimized 

False Negative (FN): 

Reality: DA victim is likely to be 

revictimized 

Outcome: ML predicts DA victim is 

unlikely to be revictimized 

True Negative (TN): 

Reality: DA victim is unlikely to be 

revictimized 

Outcome: ML predicts DA victim is 

unlikely to be revictimized 



46 
 

5.2 Model 1 performance 

Model 1 performed reasonably well despite the significant reduction in training and 

test data due to the removal of significant number of blanks.   

 

 

 

 

 

 

 

 
 
Figure 37 Model 1 performance metrics and classification outcome           Microsoft Azure Designer 

5.2.1 Model 1 feature importance 

The top 4 features used by Model 1 when making predictions are same household (sh), 

sex-Female (s-F), age (a), and employment status-Employed (es-Employed). 

Figure 38 Model 1 top 4 features               Microsoft Azure Designer 
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Below is the dependence plot showing the relationships between sh in Model 1 and the 

corresponding importance of the feature across the dataset. See Appendix F for the 

dependence plots of the remaining top features of Model 1. 

 

 

 

 

 

 

 

 

Figure 39 Dependence plot of sh in Model 1              Microsoft Azure Designer 

5.3 Model 2 performance 

Model 2 performed worse than Model 1 even though it was trained with much more 

data than Model 1, albeit with lesser data features.  

The accuracy of Model 1 improved with the exclusion of the disability (d) and 

employment status (es) features, but the precision and recall scores were greatly 

impacted, leading to the depletion of true positive predictions. 

 

 

 

 

 

 

Figure 40 False probability metrics of Model 2                               Microsoft Azure Designer 
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Figure 41 True probability metrics of Model 2                                        Microsoft Azure Designer 

5.3.1 Model 2 feature importance 

The top 4 features used by Model 2 differs slightly from Model 1 top 4 features with 

sex-Female (s-F) being the prominent feature, followed by same household (sh), age (a), 

and sex-Male (s-M). 

Figure 42 Model 2 top 4 features               Microsoft Azure Designer 

The dependence plots below showed the relationship between Model 2’s prominent 

feature s-F and the corresponding importance of the feature across the dataset. See 

Appendix H for the dependence plots of other Model 2’s top features. 
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Figure 43 Dependence plots of s-F in Model 2              Microsoft Azure Designer 

5.4 Model 3 performance 

Model 3 was trained with more data points than Model 1 but with 1 less data feature. 

Model 3 performed similarly to Model 1, but far better than Model 2. It can be inferred 

that having more quality data features and more data points will improve the 

predictive capabilities of the ML models. 

 

 

 

 

 

 

 

 

 

 

Figure 44 Model 3 performance metrics and prediction probabilities                            Microsoft Azure Designer 
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5.4.1 Model 3 feature importance 

The top 4 features employed by Model 3 are age (a), sex-Female (s-F), crime type-

Violence Against the Person (ct-Violence Against the Person) and employments status 

(es-Employed). The feature importance of Model 3 aligned better with the initial 

analysis of the research data. For instance, a is the sole numerical feature and the only 

feature with unique value count (81) that is more than 2. It is well established that ML 

algorithms make better predictions when trained with numeric data (Körner & 

Waaijer, 2020) 

Figure 45 Model 3 top 4 features               Microsoft Azure Designer 

Below is the dependence plot of a in relation to the corresponding importance of a 

across the dataset. See Appendix J for other dependence plots of Model 3’s top features. 

Figure 46 Dependence plots of feature a in Model             Microsoft Azure Designer 
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5.5 Best Model deployment 

Model 3 was considered the best ML model out of the 3 models trained and evaluated. 

An inference pipeline was created, and Model 3 was deployed as a web service, where 

it can be consumed and make predictions when fed new DA victims’ data. See 

Appendices K and L for the inference pipeline architecture and web service endpoint 

of Model 3.  

The deployed Model 3 made a True and False predictions when feed new data via the 

web service endpoint. 

Figure 47 True prediction from deployed model 3             Microsoft Azure Designer 
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Figure 48 False prediction from deployed model 3             Microsoft Azure Designer 

5.6 Ethical considerations 

The impact of the researcher’s deliberate bias was taken into consideration during the 

ML models’ evaluation process (SAGE, 2021). The evaluation was conducted critically 

based on the initial analysis performed on the research data and figures from Azure 

evaluation metrics. The researcher’s background, vested interests or preferences were 

discounted when conducting the evaluation (Kumar, 2011). 

5.7 Conclusion 

The predictive capabilities of the ML models trained and deployed in this project can 

be improved with more quality data points and features. The work done contributed 

to the body of knowledge in the field of predictive analytics and policing and showed 

that predictive analytics can be employed as an independent risk assessment tool to 

identify DA victims that are at risk of revictimization.  
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6 Conclusions and recommendations 

6.1 Project evaluation 

The main objective of this research was to propose a framework for predicting the 

likelihood of repeat victimisation of DA victims, due to the high prevalence of repeat 

incidents in DA. Most scholars reviewed agreed that early intervention by 

safeguarding partners reduces the rate of repeat victimisation and preventive 

measures can only be implemented with early identification of repeat cases (Farrell, 

2010). 

A review of existing literatures from academia, government sources, and police about 

the research area was conducted to examine the barriers towards the adoption of data 

analytics in policing and to evaluate possible methods for analysing repeat 

victimisation of DA victims.  

The research examined the relationship between 6 characteristics of DA victims: age, 

sex, crime type, same household as suspect, disability, employment status, and the impact 

they have on the predictor feature y, being a repeat DA victim in the last 12 months. 

Microsoft Azure ML services were utilised to train ML models in the Cloud using 2 

years historical DA crime data obtained from the Metropolitan Police Service (MPS). 

Three fairly accurate ML models were trained, and their performances were evaluated 

using industry standard evaluation metrics. The best performing Model 3 was 

deployed as a web service, and it successfully made predictions when fed new DA 

victim’s data. 

6.2 Research limitations 

ML models were trained with 2 years historical DA victims’ crime data with specified 

characteristics, but it is a known fact that the more quality data ML algorithms are 

trained with, the better their predictive capabilities  (Brownlee, 2019). 

Secondly, the data points used to train ML models were limited to 7 features that are 

readily collated by the MPS. Incorporating the 27 questions of the DASH risk 

assessment as proposed by the Hampshire Constabulary DA tool framework would 

have generated more data points and better predictions (Terzis, et al., 2019). Using 
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data from DASH was considered during the data collection stage, but it was not 

pursued due to the research project’s time constraints as DASH data can only be 

retrieved from the MPS CRIS manually. 

Finally, the research data employed is victim focused as it did not consider the 

influence DA offenders have on the prevalence of repeat victimisation. 

6.3 Recommendations 

Based on the findings in this research, it is recommended that: 

1. The crime recording systems of UK police services should consistently collate 

key victims’ characteristic like disability and employment status and any other 

key indicators of vulnerability. A consistent recording of these features will 

provide quality data to train ML algorithms with, instead of the significant 

number of blanks observed in the data used in this research. 

2. Further research is required to assess the benefits and limitations of the 

adoption of predictive analytics in assessing the risk of repeat victimisation of 

DA victims. 

3. Any future research and/or predictive analytics implementation in DA should 

consider incorporating data from the 27 DASH risk assessment questions 

routinely answered by DA victims. 
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Appendix C – ML workspace creation 
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Appendix D – Research data types 
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Appendix E – Model 1 architecture diagram 
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Appendix F – Model 1 feature importance 
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Appendix G – Model 2 architecture diagram 
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Appendix H – Model 2 feature importance 
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Appendix I – Model 3 architecture diagram 
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Appendix J – Model 3 feature importance 
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Appendix K – Model 3 deployment 
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Appendix L – Model 3 web service endpoint 

 

 

 

 

 

 


