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Abstract 

Background  Calls for service are a major driver of police activity, yet their role in shaping the neighbourhood distri-
bution of police use of force remains under-explored. Understanding where and why force is used requires examining 
how these calls cluster spatially—and how police interpret and respond to them.

Methods  Using administrative data from an English police force (2018–2021), we analyse how neighbourhood char-
acteristics—including mental health prevalence, racial composition, socioeconomic deprivation, residential instability, 
and crime rates—predict patterns of police deployment and use of force. We link call-for-service records with force 
incident data to trace the process from (a) call initiation to (b) priority grading, (c) TASER-equipped officer deployment, 
and (d) eventual use of force.

Results  Calls for service are concentrated in disadvantaged neighbourhoods with elevated mental health 
need. These areas are also more likely to experience police use of force (including TASER). Yet public demand 
is refracted through institutional filters—such as call grading and officer deployment decisions—that concentrate 
how and where force is ultimately applied.

Conclusions  Police use of force does not result from isolated actions, but from a sequence of decisions that com-
pound the existing spatial clustering of public calls for service. Structural disadvantage, mental health distress 
and operational decision-making interact to concentrate force in already over-burdened communities. Addressing 
disproportionate use of force requires reform not only of police practice, but also of the upstream social conditions 
that generate repeated crisis response.
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Introduction
The use of force remains one of the most scrutinised 
aspects of contemporary policing. Each encounter—
whether involving physical restraint, baton strikes or 
TASER deployment—raises critical questions about 

necessity, proportionality and legitimacy. In the United 
Kingdom (UK), research shows that Black individuals 
and other ethnic minority groups are disproportion-
ately subjected to TASER use (Dymond et al. 2024). This 
disparity reflects deeper structural inequalities in how 
policing is distributed—inequalities that are especially 
pronounced in areas marked by deprivation and disad-
vantage, where racialised and economically marginal-
ised communities face heightened exposure to coercive 
police practices (TASERD, 2023; Bradford, 2017; Vomfell 
& Stewart, 2021; Suss & Oliveira, 2023). Similar patterns 
are evident in the United States (US), where neighbour-
hood characteristics such as poverty, crime and racial 
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composition strongly predict both police presence and 
use of force (Lawton, 2007; Lee et al., 2010; Nouri, 2021; 
Roberts, 2004; Terrill & Reisig, 2003).

Understanding when and where police use force 
requires attention to the broader geography of police 
activity—including how deployments are patterned 
across neighbourhoods and how officers interpret the 
situations they encounter. A growing body of research 
highlights mental health as a key factor: communities 
marked by elevated psychological distress tend to expe-
rience more frequent police presence, which in turn 
increases the likelihood of force being used. In the US, 
areas with high rates of psychiatric crisis and substance 
misuse often see intensified police activity (Jindal et  al., 
2022; McLeod et  al., 2020). In the UK, Kyprianides and 
Bradford (2024) found that mental health prevalence pre-
dicted police presence even after controlling for crime 
and deprivation. These findings suggest that police are 
not merely responding to criminal incidents—they are 
increasingly drawn into managing broader social and 
health-related crises, with mental health functioning as a 
key attractor of routine deployment.

Yet, the growing recognition of the link between men-
tal health and police presence has not been matched by 
a clear understanding of the mechanisms through which 
these patterns emerge. One crucial but under-explored 
factor is calls for service, arguably one of the primary 
drivers of police activity. Much of the existing literature 
focuses on officer-initiated encounters such as street 
stops, overlooking the fact that many police–public 
interactions are reactive, triggered by calls from mem-
bers of the public. Since force can only be applied when 
officers are physically present, the volume and nature of 
these calls likely shape both where and how often force 
is used. Neighbourhoods that generate more calls, par-
ticularly those involving violence, domestic disputes 
or mental health crises, may experience more frequent 
deployments and greater opportunities for force to be 
applied. This raises a key but under-examined question: 
how do calls for service cluster spatially, and to what 
extent do these patterns help explain the geographic con-
centration of police use of force?

In this study, we examine how the neighbourhood 
distribution of calls for service relates to the spatial pat-
terning of police use of force, with a particular focus on 
TASER deployment. Our approach draws on the frame-
work proposed by Guarnera et  al. (2024), who argue 
that disparities in the justice system can emerge not 
from isolated decisions, but from sequences of institu-
tional actions that cumulatively reinforce disadvantage. 
While our analysis does not explicitly focus on bias, we 
do test a parallel dynamic in the geography of coercive 
policing. Specifically, we ask: (1) are calls for service 

disproportionately concentrated in structurally disad-
vantaged neighbourhoods with elevated mental health 
need?; (2) are these calls filtered through organisational 
processes—such as call grading and the deployment of 
TASER-equipped officers—that shape the intensity of 
the response?; and (3) is force ultimately applied in the 
very neighbourhoods where this institutional sequence 
begins?

We find that police use of force is not explained solely 
by crime rates or officer discretion, but by a cumula-
tive process that begins the moment a call for service is 
made. This process includes decisions about call grading 
and whether to dispatch TASER-equipped officers, and is 
shaped by patterns of public demand, organisational pri-
orities and neighbourhood-level conditions—particularly 
mental health distress. At each stage, structural disad-
vantage and institutional practice appear to reinforce one 
another, such that the final distribution of force reflects 
not just isolated encounters, but the layered interaction 
of demand, deployment and context. As such, our study 
offers a focused, empirical application of Guarnera et al.’s 
(2024) framework—it illustrates how structural condi-
tions and institutional routines combine to produce spa-
tial disparities in coercive policing.

The rest of the paper proceeds as follows. We begin by 
reviewing existing research on police use of force and 
calls for service, drawing on routine activity theory and 
the social ecology of crime and deprivation. We then 
describe our data, methods and empirical findings. We 
show how routine policing practices can explain unequal 
outcomes, not through overt discrimination, but through 
a compounding sequence in which neighbourhood disad-
vantage, mental health need, public demand and institu-
tional response interact to predict the spatial distribution 
of force. We conclude by reflecting on the study’s limita-
tions and outlining directions for future research.

Police use of force
In 2022/23, police in England and Wales recorded 
958,356 use of force tactics across 659,372 incidents 
(Home Office, 2023a, 2023b). “Restraint”, including hand-
cuffing, accounted for 63% of all tactics, with handcuff-
ing alone representing nearly half of all reported force 
actions. The second most common category, “unarmed 
skills”, made up 23% of tactics and included techniques 
such as escorting, distraction strikes, and pressure 
point locks. Our focus in this study on the weapons 
used by police, particularly Conducted Energy Devices 
(CEDs), which includes TASER, and during the same 
period, 34,687 instances of “less-lethal” weapon use were 
recorded, 97% of which involved a CED (33,351). By 
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comparison, firearms accounted for fewer than 1% of all 
force tactics (5890).

CEDs warrant distinct empirical attention for four 
main reasons. First, public opinion research suggests that 
weapon use is viewed as less acceptable than unarmed 
force (Kyprianides et  al., 2021). Second, CEDs, particu-
larly TASER, are now by far the most commonly used 
police weapons in England and Wales. Third, TASER 
deployment raises specific concerns about racial and eth-
nic disparities. Fourth, the rarity of firearms use in Brit-
ish policing—there were just 11 discharges of a firearm in 
2022/23—makes it difficult to conduct meaningful analy-
sis in that domain.

The number of officers authorised to carry and use 
CEDs in England and Wales has risen steadily over the 
past two decades (Elliott-Davies & Glorney, 2024). This 
expansion has fuelled ongoing debate, largely due to pro-
nounced racial disparities in CED use (HMICFRS, 2021; 
Home Office, 2022; Independent Office for Police Con-
duct, 2021). Data from the year ending 31 March 2023 
show that individuals from Black ethnic groups were sub-
ject to police use of force at three times the rate of White 
individuals, while Black individuals were 4.6 times more 
likely to be involved in a TASER deployment (Home 
Office, 2023a, 2023b).

Despite these disparities, much existing research 
focuses on individual and organisational factors, often 
overlooking the broader ecological contexts in which 
force is used. Do officers deploy force—particularly 
TASERs—differently across neighbourhoods? If so, 
which neighbourhood characteristics explain those pat-
terns? The answers to these questions remain unclear. 
An overlooked factor is spatial variation in calls for ser-
vice and it is to this that we now turn.

Calls for service
Calls for service are a key catalyst for police action (Lang-
ton et  al., 2023).1 In 2012/13, for example, there were 
19.2 million incidents recorded by police in England 
and Wales, the majority initiated by public calls (College 
of Policing, 2015). Over eight million of these were 999 
emergencies, with 38% eliciting an immediate or prior-
ity response, 42% resolved by telephone, and the remain-
der scheduled for later attendance. As Ashby (2020: 
1055) observes: “servicing the demand produced by 

calls for service consumes a large part of available police 
resources.”

Despite the volume of calls for service, few UK-based 
studies have examined the types of neighbourhoods that 
generate them or how they shape the spatial distribution 
of police activity. Calls for service, police presence and 
local characteristics such as crime and socioeconomic 
deprivation are likely to be strongly correlated. Yet, deci-
sions made at the call-handling stage play a crucial role 
in shaping how calls translate into field operations. In the 
UK, call handlers determine grades of seriousness, add 
contextual notes and decide which calls are prioritised, in 
what order, and by which officers (Simpson, 2021).

The relationship between calls for service and police 
response emerges from a dynamic interplay of social, 
economic and cultural factors. These include individ-
ual and neighbourhood-level tendencies to contact the 
police (Sampson & Bartusch, 1998; Xie & Baumer, 2019), 
internal police practices and resource allocation (Davies 
& Bower, 2020; Lum et al., 2022) and broader structural 
pressures that shape the incidents police are asked to 
handle (Dau et al., 2023). This leads to a central question: 
how do these various factors predict neighbourhood-
level patterning of calls for service and, in turn, the use 
of force?

Gaps in the literature: neighbourhood structure, 
mental health and policing
Recent US-based research highlights the importance of 
ecological context in shaping police activity, particularly 
the use of force. Studies consistently find that geographi-
cal and socio-demographic factors—such as crime rates, 
deprivation, population density, and ethnic composi-
tion—predict both the frequency and nature of police 
interactions (Lawton, 2007; Lee et al., 2010; Nouri, 2021; 
Roberts, 2004; Terrill & Reisig, 2003). Miller et al. (2024: 
3), for example, analysed police use of force during ser-
vice calls across a range of incident types—including 
domestic disputes, disorder, mental health crises, alarm 
responses, and crime follow-ups—while controlling for 
neighbourhood characteristics such as concentrated dep-
rivation, ethnic composition, violent crime, residential 
instability, and response time.

Despite this substantial body of work, key gaps and 
inconsistencies remain. The role of community-level 
factors in explaining the spatial clustering of police use 
of force is still contested, as is the extent to which inci-
dent type shapes officer behaviour (MacDonald et  al., 
2003). Much of the existing research either examines use 
of force in broad terms or focuses exclusively on severe 
incidents, often neglecting less-lethal tactics such as 
TASER deployment. Moreover, the literature remains 

1  While calls for service constitute a major source of police demand, they 
represent only a portion of the overall picture, which also encompasses pro-
active policing, internal obligations (such as administrative tasks) and “fail-
ure demand” resulting from incomplete or incorrect actions (Laufs et  al., 
2021). Both reactive and proactive police activities are distributed geo-
graphically based on these diverse demands—and on how officers choose 
to respond.



Page 4 of 19Ali et al. Crime Science           (2025) 14:15 

predominantly US-centric, with limited attention to 
other jurisdictions—including the UK.

International research—though still largely US-based—
also suggests that police activity is disproportionately 
concentrated in places and among populations affected 
by mental health conditions (Kyprianides & Bradford, 
2025). Certain locations  such as social service agencies, 
hospitals, homeless shelters, low-rent hotels, and alcohol 
retailers  frequently serve as focal points for police pres-
ence, often involving individuals in mental distress (Hal-
let et al., 2021; Hodgkinson & Andresen, 2019; Koziarski, 
2023; Tartaro et  al., 2024; Vaughan et  al., 2016). These 
sites may draw police attention for reasons beyond men-
tal health alone, increasing the likelihood of encounters 
for everyone using them. At the same time, behaviours 
associated with mental illness could provoke police inter-
vention regardless of location, leading to disproportion-
ate contact with these groups (Hodgkinson & Andresen, 
2019; Koziarski et al., 2022; Livingston, 2016). In the UK, 
the limited availability of alternative services has exacer-
bated this pattern, often casting the police—frequently 
described as the “service of last resort”—in a default 
crisis response role. This has prompted reform initia-
tives such as the Right Care, Right Person model (Home 
Office, 2023a, 2023b).

These behavioural, ecological and structural dynamics 
suggest that neighbourhoods with elevated mental health 
need may generate higher volumes of calls for service 
and, in turn, more frequent police deployments, both of 
which could increase the likelihood of force being used. 
Yet UK-specific empirical evidence remains sparse. One 
of the few national-level studies, by Kyprianides and 
Bradford (2024), found that local mental health preva-
lence at the LSOA level outside London was associated 
with stop and search activity. This relationship persisted 
even after controlling for ethnicity, age, deprivation, 
crime rates and service availability. Within London, 
by contrast, stop and search was more closely linked to 
crime rates and ethnic diversity. While this work under-
scores the relevance of area-level mental health in shap-
ing frontline police practices, it did not examine calls for 
service as a potential upstream driver, nor did it extend to 
other forms of police contact such as deployment deci-
sions or use of force.

We also test an interaction effect between mental 
health and deprivation. While we have some data on 
how deprivation and mental health each relate to police 
activity, to our knowledge no research has tested whether 
these factors interact (in a statistical sense) to predict 
police response. There are however intuitive—if neces-
sarily speculative—reasons to consider such interactions. 
We are in exploratory territory, so we note that interac-
tion effects could plausibly operate in either direction. 

On one hand, in more deprived neighbourhoods, vis-
ible signs of mental distress may be seen by residents—
and anticipated by officers—as symptomatic of broader 
instability, prompting higher-risk grading and more pre-
cautionary deployments, including TASER-equipped 
units. On the other hand, in less deprived areas, the same 
behaviours may appear more anomalous or disruptive in 
an otherwise orderly setting, similarly triggering concern 
and escalated response. In both cases, police responses 
to mental health-related incidents may be influenced 
by officers’ explicit and implicit understandings of what 
local communities perceive as threatening or unaccepta-
ble, and therefore what the appropriate police response 
is.

Theoretical framing
We examine the geographical distribution of police use of 
force in the UK through the lens of two influential crimi-
nological frameworks: routine activities theory (Cohen & 
Felson, 1979) and the social ecology of crime and depri-
vation (Shaw & McKay, 1942; Sampson & Wilson, 1995). 
We address how force becomes concentrated in specific 
neighbourhoods, and whether the spatial patterning of 
police activity—shaped significantly by calls for service—
structures this distribution, including TASER deploy-
ment. The destinations to which officers are sent, the 
organisational processes determining their deployment, 
and the decisions made upon arrival, may all influence 
the likelihood that force is used in ways that accrue and 
compound across time and place.

Routine activities theory highlights how use of force 
is a spatially and temporally specific event, only occur-
ring when officers and members of the public converge 
in time and space. Miller et  al. (2024) offer one of the 
clearest empirical applications of routine activities the-
ory to police use of force. Analysing administrative data 
from Cincinnati, they model the likelihood of force dur-
ing service calls using situational, organisational and 
neighbourhood-level variables. Rather than treating force 
as spontaneous or exceptional, they locate it within the 
structured rhythms of routine police work, particularly 
call triage and dispatch. Their research demonstrates 
how organisational decisions,such as call grading, unit 
assignment and whether to dispatch weapon-carry-
ing officers  materially predict the probability of force. 
Their findings support the idea that structure,  patterns 
of deployment, decision-making and neighbourhood 
exposure  governs the conditions under which coercion 
occurs, beyond just individual intent.

The co-location of officers and members of the public 
is central to our study. For force to be used, both must 
be present in the same space at the same time. Impor-
tantly, social ecology perspectives explain why incidents 
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generating police intervention are not evenly distributed. 
When officers are more frequently summoned to certain 
neighbourhoods, particularly those characterised by high 
levels of deprivation, crime and mental health need resi-
dents in these areas are likely to face disproportionate 
exposure to policing, including the potential for force. 
The causal pathways underlying these dynamics from the 
volume and nature of calls for service, through call grad-
ing and TASER-equipped officer deployment, to the final 
decision to use force will be complex and multifaceted. 
Officers are not simply dispatched and then mechanically 
apply force, nor are police organisations passive respond-
ers to demand: they make strategic decisions about 
resource allocation.

Although a full account of these institutional pathways 
exceeds our scope, we begin from the premise that force 
is rarely a discrete or isolated event. Rather, it represents 
the cumulative outcome of sequential operational deci-
sions, shaped by agency priorities, dispatch protocols, 
resource constraints and unit-level cultures. Yet within 
this complexity emerge clear patterns, grounded in the 
empirical reality that police are more active in areas with 
greater levels of crime, deprivation and health or social 
need (Kyprianides & Bradford, 2024; Suss & Oliveira, 
2023).

Our framework suggests that observed patterns of 
force at the neighbourhood level stem substantially from 
how police respond to public demand. Neighbourhoods 
with high levels of deprivation, crime and mental health 
challenges generate more calls for assistance. This initial 
concentration of demand is then filtered through deci-
sions made during call handling, as dispatchers assess 
urgency and assign priority. These choices—whether 
explicit or tacit—may reinforce the concentration of 
police resources in already heavily policed areas, amplify-
ing the clustering of force.

The type of personnel and equipment dispatched adds 
another crucial dimension to this dynamic. Not all UK 
officers carry TASERs, and even fewer are authorised 
to use firearms. The decision to send TASER-equipped 
officers may be influenced by perceptions of risk, poten-
tially resulting in disproportionate deployments to 
particular neighbourhoods. This means some areas 
experience not only more frequent police presence but 
also greater exposure to coercive tools simply due to the 
nature of the response.

Ultimately, then, whether force is used depends on the 
interaction between officers and members of the pub-
lic,  encounters shaped by the full sequence of decisions 
leading up to them, from the initial call to the presence 
of TASER-equipped personnel. This integrated theo-
retical approach allows us to examine how use of force 
may reflect not only crime levels or officer discretion but 

also broader institutional mechanisms that systemati-
cally direct police presence and tactics toward particular 
neighbourhoods, with mental health challenges serving 
as a previously underexamined factor in this process.

The current study
To investigate the neighbourhood-level predictors of 
police demand and use of force (Lum, 2011), we inte-
grate police-reported use of force records with calls for 
service data, including response priority grades, using 
Lower Layer Super Output Area (LSOA) geo-codes. Our 
analysis focuses on data from a single English police force 
over a 4-year period (January 2018 to December 2021), 
allowing us to examine how key neighbourhood charac-
teristics shape multiple stages of police deployment and 
force application. We assess how factors such as mental 
health prevalence, racial composition, concentrated dep-
rivation, residential instability and crime rates predict: (a) 
the volume of public calls for police service, (b) the prior-
ity response grades assigned to these calls, (c) the likeli-
hood of deploying TASER-equipped officers and (d) the 
frequency of police use of force.

Beyond conventional neighbourhood indicators—
such as deprivation, crime rates, residential stability and 
demographic composition—we also incorporate the 
Small Area Mental Health Index (SAMHI) (Daras K, 
Barr B 2021). Unlike individual mental health measures, 
SAMHI captures area-level mental health as a broader 
social, economic and environmental phenomenon, 
reflecting how neighbourhood conditions shape collec-
tive well-being. By estimating the effects of structural fac-
tors such as crime and deprivation at each stage of the 
process, we can assess whether mental health prevalence 
plays an independent role in shaping police demand, 
response prioritisation and the application of force. We 
can also test whether SAMHI interacts with deprivation 
to predict key outcomes. This approach offers a more 
comprehensive account of how social and environmen-
tal conditions contribute to neighbourhood disparities in 
police interactions.

We have six research questions:
RQ1: What neighbourhood characteristics are associ-

ated with calls for police service? How do police service 
demands vary across LSOA?

RQ2: What neighbourhood characteristics are asso-
ciated with levels of priority given to calls for police 
service?

RQ3a: What neighbourhood characteristics are associ-
ated with police resource allocation, specifically deploy-
ing TASER-equipped units?

RQ3b: Do mental health and deprivation interact to 
predict the dispatch of TASER-equipped units?
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RQ4a: Within calls involving TASER-equipped officers, 
what neighbourhood characteristics are associated with 
incidents that involve the use of force and/or TASER use?

RQ4b: Do mental health and deprivation interact to 
predict incidents that involve the use of force and/or 
TASER use?

Methodology
Data
We constructed a dataset using multiple data sources, 
primarily derived from police administrative records 
from a single police force area in England.2 This force 
area, which is one of the largest in the country in terms 
of geographical coverage, includes both densely popu-
lated urban centres and sparsely populated rural regions 
with diverse policing demands. The first dataset con-
sisted of calls for service spanning 1 January 2018 to 31 
December 2021, comprising 1,411,462 observations. This 
dataset included contextual information such as the date 
and time the call was received, the initial incident grade 
and type, geographical location and resource allocation 
details.

For the same 4-year period, we also obtained man-
datory self-reported use of force records (N = 20,094). 
These records capture detailed information, including the 
characteristics of the individuals involved, officer demo-
graphics, and the tactics employed. The calls for service 
dataset was matched with use of force records using a 
unique identifier provided by the police agency’s analyst. 
A successful match was achieved for 10,298 use of force 
records, representing 51.25% of use of force incidents ini-
tiated by a call for service. This matching rate highlights 
that approximately half of all use of force incidents arise 
from proactive or other policing activities rather than 
calls for service.

After linking the police administrative datasets, 
we integrated them with census-based measures at 
the LSOA level. LSOAs, introduced by the Office for 
National Statistics following the 2001 Census, are small, 
standardised geographical areas designed for statisti-
cal reporting. In England there are 33,755 LSOAs, each 
typically containing between 400 and 1200 households, 
with a resident population ranging from 1000 to 3000 
people. The police force area under examination encom-
passes approximately 1000–1500 LSOAs.3 However, 
due to changes in LSOA classifications over time and 

inconsistencies in merging data with other sources used 
in the analysis, some LSOAs were excluded. The final 
dataset includes data for 1,310,574 observations across 
1166 LSOAs, representing 90–95% of the total LSOAs 
within the force’s operational territory. Figure  1 pre-
sents the distribution of calls for service across the 1166 
LSOAs and highlights the variability in demand for police 
resources within the force area. Although call volume is 
a count variable, the distribution is heavily right-skewed 
with large values across LSOAs. We applied a log trans-
formation to address this skew, which supported the use 
of OLS. Model diagnostics indicated that key assump-
tions were reasonably met. Figure 1 shows the raw distri-
bution, while Figure S1 (in the supplementary materials) 
shows the log-transformed version, which demonstrates 
an approximately normal distribution and justifies the 
modelling approach (Fig. 2).

Outcome measures
We model the relationship between service demands 
made by members of the public, subsequent police clas-
sification of seriousness of each call, employment of 
TASER-carrying officers, use of force and their associa-
tion with neighbourhood-level factors, including area-
level mental health (see figure 2) . There are four outcome 
measures:

1.	 Total number of calls for service per LSOA.4

Fig. 1  Total number of calls for service per LSOA

2  The data for this study was originally collected as part of the TASER and 
Social, Ethnic, and Racial Disparities research project, commissioned by the 
College of Policing and funded by the National Police Chiefs’ Council and 
the Mayor’s Office for Policing and Crime.
3  To anonymise the police force, we do not report the precise number of 
LSOAs.

4  Although a call for service may involve emergency requests directed to fire 
and rescue or ambulance services, we focus on calls made to the police ser-
vice.
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2.	 Priority level assigned to calls by call handlers using 
the National Call Grading System (2005). Under this 
system, Grade 1 represents an emergency response 
requiring immediate attendance, Grade 2 indicates 
a priority response requiring the earliest practicable 
attendance, Grade 3 involves a scheduled or planned 
response, and Grade 4 entails a resolution with-
out deployment.  Dummy variables were created for 
Grades 1 and 2, with Grades 3 and 4 combined as the 
reference category. 

3.	 Resource allocation decisions based on the nature 
of the incident as reported by the caller. These deci-
sions include whether the situation warrants the 
deployment of TASER-equipped units. To capture 
this, we include a binary variable, where 0 represents 
no deployment and 1 represents the deployment of 
TASER-equipped officers.

4.	 Use of force by responding officers, operationalised 
using dummy variables to represent three categories: 
any use of force excluding TASER, TASER use in any 
mode, and no use of force, which serves as the ref-
erence category. Any use of force excluding TASER 

includes the use of physical force such as restraint 
tactics, unarmed skills and the use of other equip-
ment, such as batons or irritant sprays. However, it is 
most often handcuffing.

Key neighbourhood predictors

•	 Black Resident Population: The ethnic composi-
tion of LSOAs is calculated as the percentage of the 
resident population identifying as Black or Black 
British, based on 2021 census estimates. A higher 
percentage indicates greater ethnic diversity or het-
erogeneity within the LSOAs.

•	 Small Area Mental Health Index (SAMHI): This 
index, which reflects the mental health needs of 
the resident population within each LSOA, is con-
structed using data from multiple sources, includ-
ing NHS records of mental health-related hospital 
attendances, prescribing data for antidepressants, 
Quality and Outcomes Framework statistics on 
depression, and Department for Work and Pen-

Fig. 2  Analytical process for modelling police demand and responses (the results for outcome variables 1, 2, 3 and 4 are in Tables 2, 3, 6 and 7 
respectively)
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sions data on incapacity benefits and employment 
support allowance claims related to mental illness 
(Daras & Barr, 2021). We use the 2019 SAMHI 
measure, as it falls midway within the study period 
and predates the COVID-19 pandemic, providing a 
representative baseline unaffected by the pandem-
ic’s impact on mental health.

•	 Concentrated Deprivation: A census-based measure 
that captures household deprivation within LSOAs, 
derived from the 2021 “Households by Deprivation 
Dimensions” data. It includes four dimensions: edu-
cation, employment, health, and housing.

•	 Residential Turnover: A measure of residential 
mobility within LSOAs that is calculated as the per-
centage of individuals who changed residence within 
the United Kingdom in the preceding year. Data are 
sourced from the Migrant Indicator 2021 census 
dataset.

•	 Single-Headed Households: This census-based meas-
ure captures the proportion of lone-parent house-
holds with at least one dependent child within each 
LSOA, based on the Household Composition 2021 
census dataset.

•	 Response priority & incident threat: We construct a 
categorical variable that combines the assigned call 
grade with a binary indicator of whether the reported 
incident5 was recorded as a violent or non-violent 
crime. Violent crime is defined as any offence involv-
ing physical force or the threat of force against a per-
son, including but not limited to assault, robbery, and 
sexual offences. Non-violent crime refers to offences 
that do not involve direct harm or threat to a per-
son, such as theft, criminal damage, and drug-related 
offences. This variable was then recoded into a series 
of dummy variables capturing all combinations of 
call grade and incident type. The resulting categories 
are: Grade 1–Violent, Grade 1–Non-Violent, Grade 
2–Violent, Grade 2–Non-Violent, Grade 3 or 4–Vio-
lent, and Grade 3 or 4–Non-Violent, which serves as 
the reference category.

Control variables
We include   five additional neighbourhood-level con-
trol variables to account for structural and demographic 

differences across LSOAs. First, we include a census-
based measure of the number of residents within each 
geographical area, which we log-transform to normalise 
the distribution. Second, we include a measure of crime6 
using the crime domain index from the 2019 Index of 
Multiple Deprivation. The crime decile ranks local areas 
from the highest to the lowest crime prevalence and 
divides them into ten groups. We reverse the order for 
ease of interpretation, so 1 indicates areas with the low-
est crime rates and 10 represents areas with the highest 
crime prevalence. Although this data pertains to 2016–
2018, it serves as a structural measure of crime within 
neighbourhoods. Third, we control for the percentage of 
the LSOA population aged 15–34, as this demographic 
group is most frequently targeted by police, and fourth, 
we include the percentage of the population identify-
ing as male. Both measures were derived from the 2021 
census. Finally, we include population density, calculated 
as the number of residents per square kilometre in each 
LSOA, based on 2021 census estimates.

Analytical strategy
First, to examine how calls for service vary with neigh-
bourhood structural characteristics (RQ1), we fit two lin-
ear regression models.7 The first includes the percentage 
of Black residents, concentrated disadvantage, residential 
turnover, single-parent households, and crime decile. 
The second model adds SAMHI. To account for potential 
confounding factors,  we control for the log-transformed 
total resident population,  the percentage of the popula-
tion aged 15–34, the percentage of male residents, and 
population density per square mile in each of our models.

Second, we examine the prioritisation of reported inci-
dents, focusing on how neighbourhood structural char-
acteristics are associated with the assigned opening call 
grade (RQ2). The same neighbourhood-level factors and 
controls are included as in the previous step, with men-
tal health prevalence added in the second model. Using 
multinomial logistic regression, we model call grading8 
as the dependent variable, with three categories: grade 1 

5  Incident type refers to the category assigned by the call handler at the time 
of the call and is drawn from over 200 possible classifications. We do not 
include incident type as a separate predictor in the models due to the broad 
distribution of violent incidents across all call grades.
6  To assess the robustness of our findings, we re-ran all models using 
police-recorded crime rates (from data.police.uk, 2017–2020) as an alterna-
tive specification. The results remain largely consistent and are presented in 
the supplementary materials.

7  We tested the two models using three different specifications: (1) a lin-
ear model of the calls for service rate per 1,000 residents; (2) a linear 
model of log-transformed calls for service rate; and (3) a negative bino-
mial model. AIC comparisons indicated that both linear models provided 
better fit than the negative binomial model. The linear rate model had an 
AIC of 17,102.76, compared to 17,183.35 for the negative binomial model. 
The log-transformed linear model offered substantially better fit than 
both (AIC = 1,186.87). BIC values followed the same pattern, with the 
log-transformed OLS model (BIC = 1,247.61) outperforming both the 
rate-based OLS model (BIC = 17,163.50) and the negative binomial model 
(BIC = 17,244.08). Based on these results, we present the OLS model using 
the log-transformed dependent variable as our main specification.
8  Calls with unknown grades (N = 31,682, 2.40%) are included in the refer-
ence category. Sensitivity tests were conducted to examine the implications 
of this approach, with the results discussed in the supplementary materials.
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(emergency), grade 2 (priority), and grades 3 and 4 (rou-
tine or scheduled responses).

Third, we analyse resource allocation by examin-
ing the deployment of TASER-equipped units and their 
association with neighbourhood characteristics (RQ3a). 
This stage involves five binary logistic regression mod-
els, all using TASER-equipped officer deployment as the 
dependent variable. Models 1 and 2 include the same 
neighbourhood-level factors and control variables as in 
previous models, with SAMHI added in Model 2. Model 
3 introduces the Priority Level and Threat variable (a set 
of dummies combining call grade and incident violence). 
Model 4 incorporates all predictors into a fully specified 
model. To answer RQ3b, Model 5 adds an interaction 
term between deprivation and SAMHI to assess their 
combined effect on TASER-equipped officer deployment.

Fourth, we narrow the focus to incidents involving 
TASER-equipped officers to examine the factors associ-
ated with use-of-force outcomes, and specifically  TASER 
use (RQ4a). Prior research suggests that the presence of 
TASER-equipped officers can alter situational dynam-
ics, increasing the likelihood of force being used (Ariel 
et al., 2019). By restricting the analysis to these incidents, 
we aim to isolate the neighbourhood- and incident-level 
factors driving these outcomes. As in the previous stage, 
we estimate five multinomial logistic regression models. 
Model 1 includes neighbourhood-level factors and con-
trols. Model 2 adds SAMHI. Model 3 incorporates the 
Priority Level and Threat variable. Model 4 combines 
all predictors into a full model, and Model 5 includes an 
interaction between deprivation and SAMHI (to answer 
RQ4b).

Finally, we assess multicollinearity using Variance Infla-
tion Factors (VIFs). Most predictors fell below the con-
ventional threshold of 5, though a few exceeded it. In 
the fully specified models, VIFs for the population aged 
15–34 and residential turnover ranged from 5.5 to 9.1—
highest in the multinomial model. These suggest mod-
erate collinearity, particularly between age and mobility 
measures, but none crossed the typical concern threshold 
of 10 (O’Brien, 2007). Given the theoretical relevance of 
these variables and model stability, all were retained. Full 
diagnostics are available on request.

Before presenting the results, it is important to note 
that we employ a step-wise regression approach, pro-
gressively adding covariates to illustrate how key predic-
tors change as additional controls are introduced. This 
strategy is intended to provide transparency regarding 
how different factors predict the spatial and social pat-
terning of calls for service, police response grades and 
use of force. Given the dynamic and context-dependent 
nature of these factors, no single model can fully encap-
sulate the complexities of real-time geography. Instead, 

by presenting a sequence of models, we allow readers 
to assess the extent to which different variables shape 
observed patterns. While omitted variable concerns are 
always present in observational research, our approach 
helps clarify how various factors relate to one another, 
without making strong assumptions about causality. This 
provides a nuanced understanding of police activity and 
its spatial distribution while also maintaining transpar-
ency in our model-building process.

Results
Descriptive statistics
Table  1 shows the descriptive statistics of the outcome 
variables.9 The force area received just over 1.3 million 
calls for service in 2018–2021, Of these 11% were classi-
fied as high priority (Grade 1: 15-min response time) by 
call handlers. Some 35% were graded with the next level 
of priority (Grade 2: 60-min response time). Officers were 
dispatched in just over one-third (36%) of the calls for 
service, with 21% of those cases involving a Taser officer. 
Force was used in only a small proportion of calls (0.7%) 
and TASERs were used in incidents associated with just 
0.1% of calls. In cases where an officer was dispatched, 
over half involved a TASER-equipped officer, although 
the use of TASER remained infrequent, highlighting that 
TASER deployment does not necessarily correspond to 
frequent utilisation.

Multivariate analysis
RQ1: What neighbourhood characteristics are associated 
with calls for police service?

Table 2 uses Linear regression to model the occurrence 
of calls for service within  LSOAs. In Model 1, where 
the dependent variable is the log-transformed count of 
calls for service, key predictors reveal that areas with 
larger Black populations are associated with an increase 
in expected calls for service (b = 0.06, p < 0.001). Calls 
for service are also significantly more frequent in neigh-
bourhoods with higher levels of deprivation (b = 0.18, 
p < 0.001), higher crime (b = 0.34, p < 0.001), and greater 
residential turnover (b = 0.08, p < 0.001), even after 
adjusting for baseline population levels, captured through 
a log-transformed measure of total resident population.

When mental health prevalence (as measured by 
SAMHI) is added in Model 2, the results remain largely 
consistent, with similar coefficient estimates across pre-
dictors. Importantly, mental health prevalence emerges 
as a statistically significant predictor of calls for service 
(b = 0.05, p < 0.01). Interestingly, population density 

9  Full descriptive statistics and the correlation matrix for all outcome and 
predictor variables are provided in the supplementary materials, including 
commentary.
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shows a negative association with calls for service in 
both models, controlling for other variables (b = − 0.14, 
p < 0.001). This suggests that, all else being equal, calls for 
service are more frequent in less densely populated areas.

RQ2: What neighbourhood characteristics are associated 
with the levels of priority given to police calls for service?

Table  3 presents the results from multinomial 
logistic regression models predicting the priority 
level assigned to calls for service.  In Model 1,   prior-
ity responses (Grades 1 and 2) tend to originate from 
neighbourhoods characterised by residential instabil-
ity, crime and demographic factors. In Model 2, which 
includes mental health prevalence, Grade 1 responses 
are more likely in areas with higher proportions of sin-
gle-headed households (OR = 1.06, p < 0.001), higher 
crime(OR = 1.08, p < 0.001), larger populations of young 
people (OR = 1.06, p < 0.001), larger male populations 

(OR = 1.02, p < 0.001) and higher total resident popula-
tion  (OR = 1.12, p < 0.001). Turning to Grade 2, men-
tal health prevalence is a significant positive predictor 
(OR = 1.01, p < 0.01), even after controlling for neigh-
bourhood characteristics such as deprivation, crime 
rates, and residential turnover. Notably, both Grade 1 
and Grade 2 responses are negatively associated with 
population density (OR = 0.97, p < 0.01). The negative 
association between Grade 1 and Grade 2 responses 
and densely populated areas suggests a systematic de-
prioritisation of incidents in high-demand, highly pop-
ulated areas due to constrained resources (Bannister 
et al., 2025).

To set the scene for the remaining analyses, Tables 4 
and 5 show that (a) that TASER-equipped officers are 
much more likely to be sent to Grades 1 and 2 calls and 
(b) that use of force (including TASER) is much more 
likely to result from a response to Grades 1 and 2 calls.

RQ3a: What neighbourhood characteristics are asso-
ciated with the deployment of TASER-equipped units?

Table 6 provides results from binary logistic regression 
models predicting the likelihood of TASER-equipped 
officers being dispatched following a call for service. 
Across all models, neighbourhood characteristics remain 
consistent predictors. In Models 3 and 4, high-priority 
calls involving both violent and non-violent crimes are 
strongly associated with TASER-equipped officer deploy-
ments (Grade 1 Violent crime: OR = 2.27, p < 0.001; 
Grade 1 Non-Violent crime: OR = 2.65 p < 0.001; Grade 
2 Violent crime: OR = 2.43, p < 0.001; Grade 2 Non-Vio-
lent: OR = 3.08, p < 0.001; Grade 3 and 4 Violent crime: 
OR = 1.27, p < 0.001).

Table 1  Breakdown of key variables

N Percentage (%)

Calls for Service (All) 1,310,574 100

Call Grade 1 151,953 11.6

Call Grade 2 468,039 35.7

Call Grade 3 184,384 14.1

Call Grade 4 474,915 36.2

Call Grade Unknown 31,283 2.4

Officer(s) Dispatched 474,517 36.2

TASER Officer Dispatched 275,813 21.0

Use of Force (exc. TASER) 8615 0.7%

TASER 918 0.1%

Table 2  Linear regression predicting log-transformed calls for service

Bold values indicate statistical significance at any of the alpha levels

Model 1 Model 2

Coefficients CI p Coefficients CI p

Intercept  − 0.89  − 1.89–0.11 0.080  − 0.93  − 1.92–0.06 0.067

Black Resident Population 0.06 0.03–0.10  < 0.001 0.07 0.04–0.10  < 0.001

Concentrated Deprivation 0.18 0.14–0.21  < 0.001 0.15 0.11–0.19  < 0.001

Residential Turnover 0.08 0.04–0.13  < 0.001 0.09 0.05–0.14  < 0.001

Single-headed households  − 0.02  − 0.06–0.02 0.242  − 0.03  − 0.06–0.01 0.202

Crime decile 0.34 0.30–0.37  < 0.001 0.32 0.29–0.35  < 0.001

Aged 15–34 Resident Population 0.01  − 0.05–0.06 0.826 0.01  − 0.05–0.06 0.758

Male resident population 0.02  − 0.01–0.05 0.249 0.02  − 0.01–0.04 0.257

Population Density  − 0.14  − 0.18– − 0.11  < 0.001  − 0.14  − 0.18– − 0.11  < 0.001

Total Resident Population (log) 1.04 0.91–1.18  < 0.001 1.05 0.91–1.18  < 0.001

SAMHI index 2019 0.05 0.01–0.08 0.005

Observations 1166 1166

R^2 0.63 0.63

Adj. R^2 0.63 0.63
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Table 3  Multinomial logistic regression predicting incident response (reference category: all other call grades)

Bold values indicate statistical significance at any of the alpha levels

Model 1 Model 2

Odds Ratio CI P Odds Ratio CI P

Grade 1
 Intercept 0.10 0.08–0.12  < 0.001 0.09 0.07–0.12  < 0.001
 Black Resident Population 0.99 0.98–1.00 0.003 0.98 0.97–0.99  < 0.001
 Concentrated Deprivation 0.98 0.97–0.99  < 0.001 1.00 0.99–1.01 0.851

 Residential Turnover 0.95 0.94–0.96  < 0.001 0.94 0.93–0.95  < 0.001
 Single-headed households 1.06 1.05–1.07  < 0.001 1.06 1.05–1.07  < 0.001
 Crime decile 1.07 1.06–1.07  < 0.001 1.08 1.07–1.09  < 0.001
 Aged 15–34 Resident Population 1.06 1.04–1.08  < 0.001 1.06 1.04–1.08  < 0.001
 Male resident population 1.02 1.01–1.03  < 0.001 1.02 1.01–1.03  < 0.001
 Population Density 0.96 0.95–0.97  < 0.001 0.96 0.95–0.96  < 0.001
 Total Resident Population (log) 1.12 1.08–1.16  < 0.001 1.12 1.09–1.16  < 0.001
 SAMHI index 2019 0.96 0.95–0.96  < 0.001

Grade 2
 Intercept 1.19 1.01–1.39 0.033 1.19 1.02–1.39 0.030
 Black Resident Population 1.02 1.01–1.02  < 0.001 1.02 1.01–1.02  < 0.001
 Concentrated Deprivation 0.99 0.99–1.00 0.088 0.99 0.98–1.00 0.007
 Residential Turnover 1.01 1.00–1.02 0.172 1.01 1.00–1.02 0.069

 Single-headed households 1.06 1.05–1.06  < 0.001 1.06 1.05–1.06  < 0.001
 Crime decile 1.03 1.03–1.04  < 0.001 1.03 1.03–1.04  < 0.001
 Aged 15–34 Resident Population 1.04 1.03–1.05  < 0.001 1.04 1.03–1.05  < 0.001
 Male resident population 1.02 1.02–1.03  < 0.001 1.02 1.02–1.02  < 0.001
 Population Density 0.97 0.97–0.98  < 0.001 0.97 0.97–0.98  < 0.001
 Total Resident Population (log) 0.93 0.91–0.95  < 0.001 0.93 0.91–0.95  < 0.001
 SAMHI index 2019 1.01 1.00–1.01 0.007

N 1,310,574 1,310,574

R2/R2 adjusted 0.001/0.001 0.001/0.001

Table 4  Conditional distribution of Taser officer dispatched by Call Grade

Taser officer dispatched Grade 1 Grade 2 Grades 3 and 4 Row Total

No 24,659 (16.1%) 186,864 (39.1%) 641,534 (91.8%) 853,057 (64.1%)

Yes 128,218 (83.9%) 290,763 (60.9%) 57,633 (8.2%) 476,614 (35.9%)

Column Total 152,877 (100%) 477,627 (100%) 699,167 (100%) 1,329,671 (100%)

Table 5  Conditional distribution of Taser use and use of force (ex.Taser) by Call Grade

Category Grade 1 Grade 2 Grades 3 and 4 Row Total

No force used 147,494 (96.5%) 474,011 (99.2%) 698,632 (99.9%) 1,320,137 (99.4%)

Use of force (ex. Taser) 4799 (3.1%) 3321 (0.7%) 496 (0.07%) 8616 (0.7%)

Taser 584 (0.4%) 295 (0.1%) 39 (0.01%) 918 (0.07%)

Column Total 152,877 (100%) 477,627 (100%) 699,167 (100%) 1,329,671 (100%)
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In Model 4, even after controlling for priority grade 
and the incident type, neighbourhood characteristics 
such as concentrated deprivation (OR = 1.03, p < 0.001), 
single-headed households (OR = 1.02, p < 0.001) popu-
lation density (OR = 1.06, p < 0.001), and mental health 
prevalence (OR = 1.01, p = 0.001) are significant posi-
tive predictors. These findings suggest that, beyond the 
clustering of high-priority responses and incident types, 
certain neighbourhood characteristics seem to contrib-
ute independently to the likelihood of TASER-equipped 
deployments.

RQ3b: Do mental health and deprivation interact to 
predict the dispatch of TASER-equipped units?

In Model 5, we include interaction effects between dep-
rivation and mental health. Contrary to expectations, we 
find a negative interaction between these factors and the 
likelihood of TASER officers being dispatched following 
a call for service (OR = 0.98, p < 0.001). This suggests that 
calls for service from deprived areas with a higher preva-
lence of mental healths need are less likely to result in the 
deployment of a TASER-equipped officer, compared to 
calls for service from deprived areas with a lower preva-
lence of mental health issues. We return to this finding in 
the limitations and future research section at the end of 
the paper.

RQ4a: Following the deployment of TASER-equipped 
officers, what neighbourhood characteristics are associ-
ated with incidents involving use of force or TASER use?

Table  7 uses multinomial logistic regression to exam-
ine the use of force (excluding TASER) and TASER use, 
focusing on calls involving TASER-equipped officers. In 
Model 2, mental health prevalence is introduced as a pre-
dictor. Adding this variable makes concentrated depriva-
tion a significant negative predictor of both use of force ( 
OR = 0.88, p < 0.001) and TASER use (OR = 0.86, p < 0.05). 
Additionally, larger Black populations become significant 
positive predictors of TASER use (OR = 1.13, p < 0.05). In 
Models 3 and 4, Grade 1 Violent and Non-Violent, Grade 
2 Violent and Non-Violent, and Grade 3 and 4 Violent 
Crime are incorporated into the analysis. Combined, pri-
ority levels and incident types, whether violent or non-
violent, strongly predict the use of force and TASER 
deployment.

For Grade 1 Violent Crime calls, the odds of use of 
force increase (OR = 1.51, p < 0.001), as do the odds of 
TASER use (OR = 1.57, p < 0.001). Similar patterns are 
observed for Grade 1 Non-Violent Crime, with increased 
odds of use of force (OR = 1.41, p < 0.001) and TASER 
(OR = 1.56, p < 0.001). Grade 2 Violent crime calls show 
similar patterns for both force (OR = 1.29, p < 0.001) and 
TASER use (OR = 1.32, p < 0.001). The increased in odds 
of force is shown when looking at Grade 2 Non-Violent 
crime (OR = 1.15, p < 0.01).??

In Table 7, a negative partial correlation between con-
centrated deprivation and both police use of force and 
TASER use is evident across all models and warrants 
further discussion. While this might seem counterintui-
tive, it does not mean deprivation is unimportant. On the 
contrary, deprivation seems to be central to the overall 
process. Calls for service are heavily concentrated in dis-
advantaged areas with high mental health needs, placing 
these neighbourhoods at the front line of police response. 
That demand is then shaped by operational decisions—
such as response grading and TASER deployment—that 
reinforce patterns of police presence, even if, at this stage 
in the process, deprivation is negatively correlated with 
use of force.

RQ4b: Do mental health and deprivation interact to 
predict incidents that involve the use of force and/or 
TASER use?

In the final model, we introduce interaction effects 
between concentrated deprivation and mental health.  
Again, the interaction effect between deprivation and 
mental health is negative, and this is for both the use of 
force (OR = 0.94, p < 0.001) and TASER use (OR = 0.94, 
p > 0.05), albeit only the first interaction effect is statis-
tically significant. As with RQ3b, we turn to this in the 
limitations and future research section.

Overall, then, if use of force incidents arising from 
calls for service were evenly distributed across neigh-
bourhoods, we would expect a corresponding uniform-
ity in each preceding decision point—from the public’s 
initial call to the dispatch of TASER-equipped officers 
to the incident itself. But our study did not find this kind 
of uniformity. Instead, our findings suggest a cumulative 
layering effect, with policing demand and use of force 
rooted in structural inequalities, operational decisions 
and repeated exposure to police presence in disadvan-
taged areas. We found that police demand and response 
clustered in neighbourhoods with already high levels of 
poor mental health, crime, structural disadvantage and 
residential instability. These areas also had younger pop-
ulations and a larger proportion of Black or Black Brit-
ish residents. Crucially, the relationship between mental 
health prevalence and decisions made at each stage of the 
process remained consistent even after controlling for 
other neighbourhood characteristics. This suggests that 
mental health challenges play a distinct role in shaping 
police activity, independent of other structural factors.

Discussion and conclusions
Despite extensive research on police use of force, the role 
of calls for service in predicting where, when and against 
whom force is applied has received comparatively lit-
tle attention. Force can only be used where officers are 
physically present, and while many deployments result 
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from public calls, few studies have examined how these 
calls are geographically distributed, how they inform 
operational decisions like priority grading and officer 
allocation, and how they function as an unseen driver of 
neighbourhood disparities in police use of force.

Drawing on routine activity theory (Cohen & Felson, 
1979) and the social ecology of crime and deprivation 
(Shaw & McKay, 1942; Sampson & Wilson, 1995), our 
findings show that police—at least in one English police 
force—are drawn to high-demand areas where structural 
disadvantage and mental health distress create oppor-
tunities for intervention. These context characteristics 
predicted not only where police go but also how they 
respond—including whether TASER-equipped officers 
are dispatched. What emerged was a layered structure 
of disparity: disadvantaged neighbourhoods generated 
more calls, received higher priority gradings, and were 
more likely to have TASER-equipped officers deployed—
culminating in a higher likelihood of force being used. 
This process unfolded not through any single act of dis-
cretion, but via a chain of decisions made by institutions 
and publics alike.

This dynamic is rooted in routine activity theory, which 
emphasises how institutional routines shape the oppor-
tunity structures within which force encounters occur 
(Lum, 2011; Miller et al., 2024). It also echoes key insights 
from the social ecology tradition, which links structural 
disadvantage and community disorganisation to concen-
trated policing and enforcement (Nouri, 2021; Sampson 
& Wilson, 1995). Together, these frameworks suggest 
that use of force is not merely the outcome of individ-
ual choices, it is also the product of institutional logics 
embedded in structurally unequal environments.

Although our study does not directly examine dis-
proportionalities in use of force—such as racial dispari-
ties—our findings contributes to this broader debate, 
illustrating how the effect of disadvantage on police 
activity becomes compounded through routine, sequen-
tial decision-making. Our results align with the cumu-
lative disadvantage framework advanced by Guarnera 
et al. (2024), which posits that disparities arise not from 
isolated acts of bias but from institutional processes that 
unfold over time. In our case, the sequence began with a 
public decision to call the police; call handlers assigned a 
priority level, shaping the urgency and type of response; 
a further decision was made about whether to dispatch a 
TASER-equipped officer; and finally, the attending officer 
decided whether and how to use force. At each stage, 
neighbourhood-level characteristics—particularly depri-
vation and mental health need—predicted the decisions 
made. The result was a pattern of geographic inequality 

in force application that arises through institutional rou-
tines, even in the explicit absence of overt bias at any one 
point.

Our findings on mental health deserve specific com-
ment. They suggest that calls for service reflect systemic 
gaps in public health and social care provision—plac-
ing police in the role of de facto crisis responders—with 
the use of force reflecting not a direct response to crime 
but a consequence of institutional overreach and policy 
failure elsewhere (Kyprianides & Bradford, 2024, 2025). 
Addressing these upstream drivers requires more than 
procedural reform, we would argue; it demands a broader 
rethinking of how public services allocate responsibil-
ity and risk. Two policy implications follow from this. 
First, improved mental health services in high-need areas 
could reduce the reliance on police as frontline respond-
ers, thereby lowering the risk of force. Second, call-han-
dling protocols could be refined to better assess mental 
health need and triage appropriate non-police responses 
where feasible.

Limitations
Several limitations should be acknowledged. First, around 
half of all recorded use of force incidents occurred out-
side the calls for service framework—highlighting the 
need for further research on proactive and discretionary 
policing. Second, our analysis of call priority relies on the 
initial grading by call handlers and does not account for 
subsequent reclassifications once officers arrive. Third, 
while we document strong associations between neigh-
bourhood conditions and policing decisions, we do not 
make causal claims—our findings are exploratory and 
should be interpreted as such. Fourth, there is a risk of 
ecological fallacy: neighbourhood-level patterns do not 
necessarily reflect individual experiences.

Finally, we have presented a pattern of compound-
ing effects that unfold in a broadly linear fashion. This 
reflects both an effort to simplify what is likely to be an 
iterative and non-recursive process and, to some extent, 
a real feature of how police responses ‘escalate.’ Our find-
ings suggest that in areas with greater mental health chal-
lenges, at every stage—from call volume to call grading to 
officer deployment—the likelihood of TASER being used 
is elevated. However, in practice, this process is unlikely 
to be entirely linear. Decision-making by call handlers, 
resource constraints and officer discretion all introduce 
the potential for feedback loops and divergence from a 
strictly sequential model. As always, statistical modelling 
provides an approximation of complex social processes, 
illuminating some aspects while inevitably obscuring 
others.
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Future research
We see two key avenues for future lines of enquiry. First, 
our findings on the role of mental health warrant closer 
examination. As outlined in our theoretical framing, we 
approached the interaction between mental health need 
and deprivation as exploratory, recognising that the 
interaction effect could plausibly go in one of two direc-
tions. We found that the link between mental health need 
and both TASER-equipped officer deployment and use of 
force was weaker in more deprived neighbourhoods than 
it was in less deprived ones. This is consistent with one of 
the mechanisms we proposed: that in less deprived areas, 
signs of mental distress may be perceived as more anom-
alous or disruptive, prompting greater public concern 
and more escalated police responses. By contrast, similar 
behaviours in more deprived contexts may be viewed as 
more routine, and thus less likely to elicit a heightened 
police response.

Further research is needed to replicate this finding and 
to empirically investigate the mechanisms that might 
underpin it—including whether officers and call handlers 
interpret mental distress as more problematic in com-
munities less accustomed to such behaviour, and respond 
more readily (or more coercively) out of a perceived obli-
gation to maintain public order or reassure local resi-
dents. Scholars should also examine more closely what 
area-level indicators of mental health capture in this 
context. While we interpret the observed association as 
reflecting officer responses to individual-level mental 
health distress, this remains an assumption. The aggre-
gate measure may also reflect broader neighbourhood 
dynamics or institutional patterns of service demand.

Second, longitudinal studies should explore how 
repeated exposure to high-intensity calls shapes both 
community–police relations and officer decision-mak-
ing over time. Frequent encounters involving coercive 
tactics—particularly where concentrated in specific 
areas—may erode public trust, reinforce perceptions 
of over-policing, and influence residents’ willingness 
to report incidents or cooperate with police. For offic-
ers, regular exposure to high-stakes or ambiguous situa-
tions may foster desensitisation, risk aversion or reliance 
on heuristics that shape future responses. Future work 
could examine whether such cumulative exposure leads 
to behavioural adaptation, emotional burnout or shifts 
in tactical preferences—especially in neighbourhoods 
marked by persistent vulnerability or high demand.

Complementary qualitative research should also 
provide essential insight into how these dynamics are 
experienced in practice, on the ground. Interviews or eth-
nographic work with officers, call handlers and residents 

could illuminate how decisions around call grading, unit 
deployment and escalation are influenced by prior expe-
rience, organisational context and community expec-
tations. In particular, researchers could attend to how 
perceptions of fairness, risk and legitimacy evolve among 
both frontline practitioners and the communities they 
serve under sustained conditions of operational pressure.

Final words
To conclude, our findings highlight the need for a holis-
tic, process-based understanding of police use of force. 
By tracing how calls for service trigger a sequence 
of decisions—from incident prioritisation, TASER-
equipped deployments, to the application of force—we 
show how structural disadvantage, mental health distress 
and institutional routines combine to concentrate force 
encounters in already disadvantaged neighbourhoods. 
This challenges the idea that force is simply a reactive 
response to criminality. Our study shows that operational 
choices actively shape the geography of police interven-
tion and reproduce spatial inequalities.

For policymakers, the implication is clear: disparities in 
policing are not always traceable to individual moments 
of bias or misconduct. Often, they are the result of rou-
tine decisions made within structurally constrained sys-
tems. Reform efforts must therefore address not just 
what happens at the point of contact, but the upstream 
decisions and institutional logics that bring officers into 
contact with particular communities in the first place.

Finally, the cumulative disadvantage framework offers 
a powerful lens for understanding how seemingly neutral 
institutional processes can entrench inequality (Guarnera 
et  al., 2024). To produce more equitable policing out-
comes, we must reform not only frontline practices, but 
the broader systems through which public safety is deliv-
ered, especially in communities where mental health 
need and structural disadvantage intersect. Understand-
ing police use of force as the outcome of layered insti-
tutional processes, rather than isolated incidents, opens 
new pathways for designing fairer, more responsive mod-
els of public safety.

Supplementary Information
The online version contains supplementary material available at https://​doi.​
org/​10.​1186/​s40163-​025-​00258-6.

Additional file 1.

Acknowledgements
We thank the anonymous English police force for providing the data and the 
National Police Chiefs’ Council and London’s Mayor’s Office for Policing and 
Crime for funding the wider project

https://doi.org/10.1186/s40163-025-00258-6
https://doi.org/10.1186/s40163-025-00258-6


Page 18 of 19Ali et al. Crime Science           (2025) 14:15 

Author contributions
Ali and Oware did the data analysis and writing up of the methods and results 
section; all contributed to the conceptualisation, writing and editing of the 
manuscript.

Funding
This work was supported by the Economic and Social Research Council [grant 
number ES/P000622/1] and the National Police Chiefs’ Council and London’s 
Mayor’s Office for Policing and Crime.

Data availability
Unfortunately, they are not publicly available because of the agreement put in 
place with the English police force.

Declarations

Competing interests
None.

Received: 6 January 2025   Accepted: 8 August 2025

References
Ariel, B., Lawes, D., Weinborn, C., Henry, R., Chen, K., & Sabo, H. B. (2019). The 

“less-than-lethal weapons effect”: Introducing Tasers to routine police 
operations in England and Wales. Criminal Justice and Behavior, 46(2), 
280–300. https://​doi.​org/​10.​1177/​00938​54818​811375

Ashby, M. P. (2020). Changes in police calls for service during the early months 
of the 2020 coronavirus pandemic. Policing: A Journal of Policy and Prac-
tice, 14(4), 1054–1072.

Bannister, J., Adepeju, M., & Ellison, M., (2025). Is the policing prioritisation of 
and response to crime equitable? An examination of frontline policing 
deployment to incidents of violence-against-the-person. In Handbook on 
Crime and Inequality. Edward Elgar Publishing.

Bradford, B. (2017). Stop and Search and Police Legitimacy. Routledge.
College of Policing (2015). College of Policing Analysis: Estimating Demand on 

the Police Service.
Cohen, L. E., & Felson, M. (1979). Social change and crime rate trends: A routine 

activity approach. American Sociological Review, 44(4), 588–608. https://​
www.​jstor.​org/​stable/​20945​89

Daras, K., & Barr, B. (2021). Small Area Mental Health Index (SAMHI) [Open Data-
set]. Place-Based Longitudinal Data Resource. https://​doi.​org/​10.​17638/​
datac​at.​liver​pool.​ac.​uk/​1188

Dau, P. M., Vandeviver, C., Dewinter, M., Witlox, F., & Vander Beken, T. (2023). 
Policing directions: A systematic review on the effectiveness of police 
presence. European Journal on Criminal Policy and Research, 29(2), 
191–225.

Davies, T., & Bowers, K. (2020). Patterns in the supply and demand of urban 
policing at the street segment level. Policing and Society, 30(7), 795–817.

Dymond, A., Boyd, K. A., & Quinton, P. (2024). Police use of TASER: Multi-level 
predictors of firing and drawing in one-to-one use of force incidents. 
Police Quarterly, 27(2), 213–241. https://​doi.​org/​10.​1177/​10986​11123​
11881​49

Elliott-Davies, M., & Glorney, E. (2024). Police use of TASER: A systematic review 
of potential decision factors, including officer crewing levels. The Police 
Journal: Theory, Practice and Principles, 97(3), 578–611.

Guarnera, L. A., Perillo, J. T., & Scherr, K. C. (2024). Bias in the justice and legal 
systems: Cumulative disadvantage as a framework for understanding. 
Law and Human Behavior, 48(5–6), 329–337.

Hallet, N., Duxbury, J., McKee, T., et al. (2021). Taser use on individuals expe-
riencing mental distress: An integrative literature review. Journal of 
Psychiatric and Mental Health Nursing, 28(1), 56–71.

HMICFRS (2021). Disproportionate use of police powers—a spotlight on stop and 
search and the use of force.

Hodgkinson, T., & Andresen, M. A. (2019). Understanding the spatial patterns of 
police activity and mental health in a Canadian city. Journal of Contempo-
rary Criminal Justice, 35(2), 221–240.

Home Office (2022). Police Use of Force Statistics, England and 
Wales: April 2021 to March 2022: Data Tables. https://​
www.​gov.​uk/​gover​nment/​stati​stics/​police-​use of 
force-statistics-england-and-wales-april-2021-to-march-2022.

Home Office (2023). Draft Community Scrutiny Framework: National Guidance 
for Community Scrutiny Panels.

Home Office (2023). Policy paper: National Partnership Agreement: Right Care, 
Right Person (RCRP). Available at: https://​www.​gov.​uk/​gover​nment/​publi​
catio​ns/​natio​nal-​partn​ershi​pagre​ement-​right-​care-​right-​person/​natio​
nal-​partn​ership-​agree​mentr​ight-​care-​right-​person-​rcrp (accessed 5 
November 2024).

Independent Office for Police Conduct (2021). Review of IOPC cases involving 
the use of TASER 2015–2020.

Jindal, M., Mistry, K. B., Trent, M., et al. (2022). Police exposures and the health 
and well-being of Black youth in the US: A systematic review. JAMA Pedi-
atrics, 176(1), 78–88. https://​doi.​org/​10.​1001/​jamap​ediat​rics.​2021.​2929

Koziarski, J. (2023). The spatial (in)stability of mental health calls for police 
service. Criminology & Public Policy, 22(2), 293–322.

Koziarski, J., Ferguson, L., & Huey, L. (2022). Shedding light on the dark figure 
of police mental health calls for service. Policing: A Journal of Policy and 
Practice, 16(4), 696–706.

Kyprianides, A., & Bradford, B. (2024). Intersections between policing and 
mental health at the neighbourhood level: Evidence from England. 
International Journal of Police Science & Management, 27, Article 
14613557241293004.

Kyprianides, A., & Bradford, B. (2025). Policing and mental health: A rapid evi-
dence assessment of the patterning of police activity. The Police Journal, 
2025, Article 0032258X251318210.

Kyprianides, A., Yesberg, J. A., Milani, J., Bradford, B., Quinton, P., & Clark-Darby, 
O. (2021). Perceptions of police use of force: The importance of trust. 
Policing: An International Journal, 44(1), 175–190.

Langton, S., Ruiter, S., & Verlaan, T. (2023). Describing the scale and composi-
tion of calls for police service: A replication and extension using open 
data. Police Practice and Research, 24(5), 523–538.

Laufs, J., Bowers, K., Birks, D., & Johnson, S. D. (2021). Understanding the con-
cept of ‘demand’ in policing: A scoping review and resulting implications 
for demand management. Policing and Society, 31(8), 895–918.

Lawton, B. A. (2007). Levels of nonlethal force: An examination of individual, 
situational, and contextual factors. Journal of Research in Crime and Delin-
quency, 44(2), 163–184.

Lee, H., Jang, H., Yun, I., Lim, H., & Tushaus, D. W. (2010). An examination of 
police use of force utilizing police training and neighbourhood contex-
tual factors: A multilevel analysis. Policing: An International Journal of Police 
Strategies & Management, 33(4), 681–702.

Livingston, J. D. (2016). Contact between police and people with mental disor-
ders: A review of rates. Psychiatric Services, 67(8), 850–857.

Lum, C. (2011). The influence of places on police decision pathways: From call 
for service to arrest. Justice Quarterly, 28(4), 631–665.

Lum, C., Koper, C. S., & Wu, X. (2022). Can we really defund the police? A nine-
agency study of police response to calls for service. Police Quarterly, 25(3), 
255–280.

MacDonald, J. M., Manz, P. W., Alpert, G. P., & Dunham, R. G. (2003). Police use 
of force: Examining the relationship between calls for service and the 
balance of police force and suspect resistance. Journal of Criminal Justice, 
31(2), 119–127.

McLeod, M. N., Heller, D., Manze, M. G., & Echeverria, S. E. (2020). Police interac-
tions and the mental health of Black Americans: A systematic review. 
Journal of Racial and Ethnic Health Disparities, 7, 10–27.

Miller, J., Guthrie, S., & Piza, E. L. (2024). Examining use of force outcomes in 
police calls for service: Evidence from Cincinnati. Crime & Delinquency. 
https://​doi.​org/​10.​1177/​00111​28724​12986​87

Nouri, S. (2021). Police use of force at street segments: Do street-level charac-
teristics matter? Journal of Criminal Justice, 77, Article 101862.

O’Brien, R. M. (2007). A caution regarding rules of thumb for variance inflation 
factors. Quality & Quantity, 41(5), 673–690.

Roberts, A. (2004). The use of force. The UN Security Council, 2004, 133–152.
Sampson, R. J., & Bartusch, D. J. (1998). Legal cynicism and (subcultural?) toler-

ance of deviance: The neighbourhood context of racial differences. Law & 
Society Review, 32(4), 777–804.

https://doi.org/10.1177/0093854818811375
https://www.jstor.org/stable/2094589
https://www.jstor.org/stable/2094589
https://doi.org/10.17638/datacat.liverpool.ac.uk/1188
https://doi.org/10.17638/datacat.liverpool.ac.uk/1188
https://doi.org/10.1177/10986111231188149
https://doi.org/10.1177/10986111231188149
https://www.gov.uk/government/statistics/police-use
https://www.gov.uk/government/statistics/police-use
https://www.gov.uk/government/publications/national-partnershipagreement-right-care-right-person/national-partnership-agreementright-care-right-person-rcrp
https://www.gov.uk/government/publications/national-partnershipagreement-right-care-right-person/national-partnership-agreementright-care-right-person-rcrp
https://www.gov.uk/government/publications/national-partnershipagreement-right-care-right-person/national-partnership-agreementright-care-right-person-rcrp
https://doi.org/10.1001/jamapediatrics.2021.2929
https://doi.org/10.1177/00111287241298687


Page 19 of 19Ali et al. Crime Science           (2025) 14:15 	

Sampson, R. J., & Wilson, W. J. (1995). Toward a theory of race, crime, and urban 
inequality. In J. Hagan & R. D. Peterson (Eds.), Crime and Inequality (pp. 
37–56). Stanford University Press.

Shaw, C. R., & McKay, H. D. (1942). Juvenile delinquency and urban areas. 
University of Chicago Press.

Simpson, R. (2021). Calling the police: Dispatchers as important interpreters 
and manufacturers of calls for service data. Policing: A Journal of Policy and 
Practice, 15(2), 1537–1545.

Suss, J. H., & Oliveira, T. R. (2023). Economic inequality and the spatial distribu-
tion of stop and search: Evidence from London. British Journal of Criminol-
ogy, 63(4), 828–847. https://​doi.​org/​10.​1093/​bjc/​azac0​69

Tartaro, C., Sahin, N. M., & Onat, I. (2024). A spatial analysis of mental health-
related calls for service in Atlantic City, New Jersey. Police Practice and 
Research, 26, 1–17.

TASERD (2023). TASER and social, ethnic and racial disparities research pro-
gramme. Available at: https://​www.​ucl.​ac.​uk/​secur​ity-​crime-​scien​ce/​sites/​
secur​ity_​crime_​scien​ce/​files/​TASERd_​report_​13_​dec_​2023.​pdf (accessed 
5 November 2024).

Terrill, W., & Reisig, M. D. (2003). Neighbourhood context and police use of 
force. Journal of Research in Crime and Delinquency, 40(3), 291–321.

Vaughan, A. D., Hewitt, A. N., Andresen, M. A., et al. (2016). Exploring the role of 
the environmen-tal context in the spatial distribution of calls for service 
associated with emotionally disturbed persons. Policing, 10(2), 121–133.

Vomfell, L., & Stewart, N. (2021). Officer bias, over-patrolling and ethnic dispari-
ties in stop and search. Nature Human Behaviour, 5(5), Article Article 5.

Xie, M., & Baumer, E. P. (2019). Crime victims’ decisions to call the police: Past 
research and new directions. Annual Review of Criminology, 2(1), 217–240.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

https://doi.org/10.1093/bjc/azac069
https://www.ucl.ac.uk/security-crime-science/sites/security_crime_science/files/TASERd_report_13_dec_2023.pdf
https://www.ucl.ac.uk/security-crime-science/sites/security_crime_science/files/TASERd_report_13_dec_2023.pdf

	The compounding effect: how neighbourhood dynamics shape police deployment and use of force
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 

	Introduction
	Police use of force
	Calls for service
	Gaps in the literature: neighbourhood structure, mental health and policing
	Theoretical framing
	The current study
	Methodology
	Data
	Outcome measures
	Key neighbourhood predictors
	Control variables
	Analytical strategy

	Results
	Descriptive statistics
	Multivariate analysis

	Discussion and conclusions
	Limitations
	Future research
	Final words

	Acknowledgements
	References


