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Abstract 
Domestic abuse is one of the most common forms of violence against women. To deliver 
justice, the police must create the conditions for victims to engage safely. Yet many victims 
withdraw from legal action. We ask whether these withdrawals are related to police workload. 
Using detailed administrative data on over 15,000 high-risk domestic abuse cases from a major 
English police force with quasi-random case assignment, we exploit within-officer variation in 
monthly caseloads. Adding ten cases to an officer's workload - the average increase over the 
budget cuts period - raises the probability that the victim withdraws by three percentage points, 
implying around 3,300 additional withdrawals each year in England and Wales. The effect is 
concentrated in high-risk cases, where sustained officer-victim contact matters most, and is 
absent for lower-risk cases and for outcomes not dependent on the victim's cooperation. 
Balance tests, placebo outcomes, and pre-determined workload measures support a causal 
interpretation. Caseload is set by staffing and budgets, making it both a hidden cost of austerity 
and a policy lever. 
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1 Introduction

Domestic abuse is the most prevalent form of violence against women worldwide, with

one in three women experiencing intimate partner violence in their lifetime (World

Health Organization, 2021). In the UK alone, partners or family members are re-

sponsible for nearly half of all women killed each year (Office for National Statistics,

2022). To ensure justice for these victims, the police should create the conditions for

them to engage safely with the investigation. Practitioner evidence shows that sus-

tained officer-victim contact is central to maintaining the engagement (Robinson and

Tregidga, 2007; HMIC, 2014; SafeLives, 2014). Yet many victims withdraw: in the

Greater Manchester, which is our study area, the share of high-risk cases ending in

victim withdrawal rose from 5% to 38% over six years.1 There is little quantitative

evidence on what drives victims to disengage, and what the police can do about it.

We show that the police workload is a driver of victim withdrawal from legal action.

Using uniquely detailed administrative data on over 15,000 high-risk domestic abuse

cases from the Greater Manchester Police (GMP), one of the largest forces in England,

we find that adding 10 cases to an officer’s monthly workload, roughly the average

increase over our study period, is associated with a 3 percentage point (pp) increase

in the probability that the victim withdraws. The relationship is approximately linear

across the workload distribution. The workload channel accounts for about one-tenth

of the total 33 pp rise in withdrawal, but its effect is economically meaningful: a back-

of-envelope calculation implies roughly 3,300 additional victims withdrawing each year

in England and Wales alone. Crucially, workload is a directly policy-adjustable lever

as it is set by the staffing levels.

Our identification relies on quasi-random case allocation and within-officer varia-

tion in caseloads. The same officer handles more cases in some months than others, and

we estimate whether victims assigned during high-workload months are more likely to

withdraw. Case allocation to response officers in GMP follows a centralised dispatch

1The official title of this investigating outcome is the victim does not support (or has withdrawn
support from) police action. Throughout the paper, we refer to the outcome as victim withdrawal or
statement withdrawal for brevity.
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system, where the allocation is driven by shift patterns, patrol geography, and avail-

ability at the moment of the call, rather than officer’s previous outcomes or specific

experience. As a result, conditional on division and time fixed effects, the specific

officer assigned to a given case and that officer’s current workload, is plausibly orthog-

onal to unobserved case characteristics. Though we cannot test this directly, we show

that this holds true for observed case characteristics. Officer fixed effects absorb all

time-invariant differences between officers which were found to be significant in earlier

studies (see e.g. Myhill et al. (2023)). Time fixed effects absorb common trends.

We see three main threats to a causal reading of our results, i.e. that higher

workload causally increases the probability of victim withdrawal. We find evidence

against each of these threats. The first concern is potential sorting, i.e. that busy

officers systematically receive withdrawal-prone cases. We perform two checks speaking

against it: case characteristics do not predict an officer’s workload, and workload does

not predict the case characteristics that matter for withdrawal. The second is reverse

causality: a withdrawal might imply closing a case quicker, which could free the officer

to take on more cases, increasing their workload numbers mechanically. We rule it

out by comparing an officer’s workload in the days before and just after each case.

Workload before the case predicts withdrawal as strongly as workload after it. This is

in-line with persistent busy periods interpretation. If withdrawal increased workload

mechanically, it would only be associated with higher workload after, but not before,

the focal case. The third is an unobserved factor that moves both workload and

withdrawal within an officer over time. We cannot rule it out definitively, but the

pattern argues against it: the effect appears only in high-risk cases, where sustained

contact matters most, and only for victim withdrawal, not for outcomes, such as a

charge, that rely on the strength of evidence. A force-wide shock would move all case

types and all outcomes together, which is not what we find. The pattern instead

points to an engagement mechanism: high-risk cases depend on established contact,

and coercive control, overwhelmingly experienced by women (Stark, 2007), makes any

break in that contact hard to repair. We also show that our result is not an artefact of
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a shared time trend between the workload and the share of withdrawals. Lastly, the

result survives a series of technical checks on the level of clustering and other modelling

choices.

We rest the causal reading on the weight of converging evidence: the within-officer

variation, the quasi-random dispatch, and the threat-by-threat tests that follow. The

ideal identification would instead rely on an exogenous shock that moves officers’

caseloads. We are not aware of one: plausible candidates are either anticipated and

offset by staffing, or too diffuse to affect an individual officer. In the absence of such

shock, our design offers the most credible available evidence on how workload shapes

victim withdrawal.

The increase in workload occurred against the backdrop of UK austerity. Between

2010 and 2019, real-terms spending on policing fell by 25%, with cuts particularly

substantial for forces outside London (House of Commons Library, 2022). Across

Greater Manchester, recorded crime rose by 29% (UK Crime Stats Platform, 2023)

while officer numbers fell by 9% (UK Home Office, 2023), and a response officer’s

average monthly caseload nearly tripled, from 6 to 16 cases. These trends are broadly

representative of the national pattern (National Audit Office, 2018).

Our paper makes two contributions. First, we move the study of police resources

from the extensive to the intensive margin. A large literature asks whether hiring more

officers reduces crime (Chalfin and McCrary, 2018; Mello, 2019); we instead ask how

the workload carried by each individual officer shapes the outcomes of their work. We

also bring a new and policy-relevant outcome to this question. Standard measures of

police performance, such as recorded crime and clearance rates, miss the cases where

a victim drops out. These cases are neither cleared nor recorded otherwise. The share

of victim withdrawals captures this margin. Our setting connects to a wider literature

on workload and performance in public services, including hospitals (Berry Jaeker and

Tucker, 2017), paramedics (Bavafa and Jónasson, 2023), and banking (Xu et al., 2022),

where heavier caseloads degrade the quality of individual interactions. Earlier policing

work found area-level links between workload and crime recording (Maxfield et al.,
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1980; Taniguchi and Salvatore, 2017); we use within-officer variation to investigate the

effect at the level of the individual case.

Second, we document a secondary cost of police austerity, distinct from its effects on

crime or clearance rates: reduced victim engagement in the cases where engagement

is most important. Research on austerity has focused on its political consequences

(Fetzer, 2019; Ponticelli and Voth, 2020; Guriev and Papaioannou, 2022) or on ag-

gregate police resources (Facchetti, 2023). We show that austerity-driven increases in

individual workload change case outcomes through degraded officer-victim contact, so

staffing decisions carry downstream consequences for victim safety that conventional

performance metrics miss.

2 Background and Data

We base our analysis on the population of recorded crimes by Greater Manchester

Police (GMP) from January 2014 to March 2019. We focus on domestic abuse cases

where the female victim is at high risk of future violence (i.e. high-risk cases). The

dataset includes 15,142 such high-risk domestic abuse cases.

This risk assessment comes from the the national “Domestic abuse, stalking and ha-

rassment risk identification, assessment and management model” (DASH) tool (Richards,

2009).2 The questions cover physical violence, coercive control, sexual abuse, stalk-

ing, and threats to dependents. Based on victims’ responses, officers are required to

submit a DASH form, using their professional judgment to allocate a grade of “stan-

dard,” “medium,” or “high” risk, where high risk implies that “There are identifiable

indicators of risk of serious harm. The potential event could happen at any time and

the impact would be serious” as well as “A risk which is life threatening and/or trau-

matic, and from which recovery, whether physical or psychological, can be expected

to be difficult or impossible” (Richards, 2009). High-risk cases are referred to a Multi-

Agency Risk Assessment Conference (MARAC), where police, health, housing, and

victim support agencies share information and construct a coordinated safety plan

2The full list of DASH questions is reproduced in Appendix C.
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(SafeLives, 2023b). The DASH framework was implemented nationally in 2009 and

remained unchanged throughout our study period; the replacement tool (DARA) was

not introduced until 2022.

A features of the DASH process that is relevant to our analysis, is that because

the risk assessment is conducted by the first responding officer, the risk classification

itself may partly reflect officer’s characteristics. Myhill et al. (2023) find that 17% of

the variance in DASH scores across over 118,000 assessments is attributable to officer-

level factors rather than abuse circumstances, with officers differing in question-asking

practices and in their willingness to override victim disclosures. We control for officer

fixed effects throughout the analyses to account for this.

Our variable of interest is the probability of victims not supporting further in-

vestigation, denoted as victim withdrawal. According to the Home Office guidance

on police statistics, this outcome is defined as the victim does not support (or has

withdrawn support from) police action (Home Office, 2016). In practice, this outcome

encompasses cases where the victim actively withdrew their support, as well as in-

stances where the victim ceased to interact with the officer and in that discontinued

active support for further actions. Over the sample period, on average 19% of cases

were closed with this outcome code. Other main categories of domestic abuse out-

comes include Charge / Summons, accounting for 46% of cases during the period, and

Evidential difficulties, representing 29%. Collectively, these three outcomes cover over

94% of all cases.

To quantify an officer’s workload, we use the count of all crimes (and not only high-

risk ones) to which they were designated as an initial responder in a given month. The

average workload was 11.14 cases per month and officer. The workload distribution is

significantly right-skewed, with the 95th percentile at 54 cases — approximately five

times the mean. The 99th percentile is recorded at 113 cases. For our main results,

we truncate the distribution at the 95th percentile to eliminate outliers, resulting in

14,464 observations.3 In the subsequent analysis, we rely on the within-officer workload

3See the Appendix Table A.1 and A.2 for the descriptive statistics for the workload.
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variation over time, and hence our main specification includes only officers we observe

for at least 3 months. The combined effect of the 95th percentile truncation and the

three-month minimum drops approximately 22% of observations. In Appendix G we

show that the results are broadly similar under the 90th and 100th percentile cutoffs

and with the minimum observation period reduced to one month.

Case allocation to initial response officers in GMP follows a centralised dispatch

system. When a domestic abuse call is received, a call handler in the Force Contact

Centre triages and grades the incident, and a dispatcher allocates the nearest avail-

able response officer based on geographic proximity and real-time availability. The

dispatcher does not select officers based on their experience with domestic abuse cases

or their past case outcomes; the allocation is driven by shift patterns, patrol geogra-

phy, and idiosyncratic availability at the moment of the call. The attending officer

secures the scene, separates the parties, administers the DASH risk assessment, gath-

ers initial evidence, and is recorded as the initial investigating officer on the crime

file. For high-risk cases, the investigation may subsequently be referred to a specialist

Public Protection Investigation Unit. The initial response officer, whose workload we

measure, is the officer who attends and conducts the first engagement with the vic-

tim. Consequently, conditional on division and time fixed effects, the specific officer

assigned to a given case and that officer’s current workload is plausibly orthogonal

to unobserved case characteristics. Our balance test in Section 5 provides evidence

supporting this.
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Figure 1: Number of cases by outcome (left axis) and average number of cases per
officer (right axis), monthly. Bottom 95% of workload distribution. Officers observed
for at least 3 months.

The workload of officers, as well as the frequency of statement withdrawal, increased

significantly during our study period from January 2014 to March 2019. Figure 1

illustrates the dynamics of the three largest outcome categories: charges, insufficient

evidence, and victim withdrawal. While the number of cases resulting in charges and

those with insufficient evidence remained relatively steady over time, the number of

victims withdrawing their complaints increased from under 10 to over 100 cases per

month. The figure also charts the average monthly number of crimes per officer, which

nearly tripled throughout the observed period. Figure 1 depicts the data for the lower

95% of the workload distribution for the officers observed for at least 3 months.4

3 Empirical Strategy

3.1 Identification

Our goal is to estimate the effect of officer workload on the probability that a vic-

tim withdraws her complaint. The key challenge is that total workload in general is

4The figures for the full distribution are available in Appendix B.
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not randomly assigned: it reflects both the number of crimes reported and the num-

ber of officers available to handle them. The raw correlation between workload and

withdrawal therefore need not be causal.

To interpret our estimated relationships causally, we rely on the following identify-

ing assumption: once we condition on the officer, time, and area fixed effects and the

case controls, the workload variation that remains within an officer is unrelated to un-

observed determinants of withdrawal. This variation is largely idiosyncratic, reflecting

the timing and routing of cases rather than the features of any one of them, as we

explain next. Demand and staffing differences across divisions also shift caseloads, but

the area, time, and officer fixed effects absorb much of their systematic component,

and our robustness checks add division-by-period effects to absorb the rest.

Importantly, case allocation to response officers in GMP follows a centralised dis-

patch system, where the allocation is driven by shift patterns, patrol geography, and

availability at the moment of the call, rather than officer’s previous outcomes or specific

experience. Hence, it is plausible that conditional on division and time fixed effects, the

specific officer assigned to a given case and, as a result, that officer’s current workload,

is plausibly orthogonal to unobserved case characteristics.

In our analysis, we, first, hold the composition of cases constant. Our data are

unusually rich, so we can control for the features of a case that might shift both

workload and the chance of withdrawal. For each case we observe the crime (its

date, type, response grade, how it was reported, and the source), the victim (age,

gender, ethnicity, and flags for injury, alcohol, and other substances), and the alleged

perpetrator (age, gender, ethnicity, the same flags, and the relationship to the victim).

We also observe the police response, including response time, time spent on the case,

the days taken to close it, and the recording division, and we add the local level of

deprivation. Appendix Table A.2 reports descriptive statistics for all of these variables.

Second, we include officer fixed effects, which absorb every fixed difference across

officers: their experience, skill, case-handling style, and the typical mix of cases they

are assigned. Identification then comes only from variation in an officer’s own workload
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over time. Year fixed effects absorb the force-wide rise in workload and withdrawal and

any change in recording practice; month, day-of-week, and day-of-month fixed effects

absorb calendar patterns; and division fixed effects absorb fixed differences across the

12 GMP divisions. Together they remove the shared upward trend, the differences

between officers, and the fixed differences between places.

Several threats to this assumption remain, and we test each in Section 5. The first

is sorting: if busy officers are handed withdrawal-prone cases, within-officer workload

would track unobserved features of those cases. We test this in both directions, asking

whether case characteristics predict an officer’s workload and whether workload pre-

dicts the characteristics that matter for withdrawal. The second is reverse causality: a

withdrawal closes a case early and frees the officer to take on more, which could raise

their recorded workload. We separate the two by splitting workload into the fortnight

before and the fortnight after each case, since only later workload can respond to the

withdrawal. The third is an unobserved factor that moves both workload and with-

drawal within an officer over time. We cannot rule it out directly, but we show that the

effect is specific in a way a broad confounder is not: it appears only in high-risk cases,

and only for withdrawal, not for outcomes that turn on the strength of evidence. Fi-

nally, workload and withdrawal both rose over the period, so their co-movement could

reflect a shared trend. We absorb division-specific trends with finer fixed effects and

show that the effect holds within each year.

3.2 Estimation

We estimate the following linear probability model:

Wijt = β0 + β1Njt +X ′
itβ2 + γj + νitr + uijt, (1)

where Wijt is a binary variable that indicates if victim i assigned to officer j at time

t withdrew the case. To interpret regression coefficients directly as percentage points,

Wijt is coded to take values 0 and 100 (rather than the conventional 0 and 1). All

coefficients on workload therefore represent percentage-point changes in the probability
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of withdrawal per additional case. Njt measures the workload of officer j at time t,

i.e. the number of cases where officer j is indicated as initial officer in the current

month. β1 is the coefficient of interest. The vector Xit controls for crime, victim,

alleged perpetrator, police response characteristics, and the local level of deprivation.

γj denotes officer fixed-effect. νitr includes area-level fixed-effects (i.e., one of the 12

divisions) and time fixed-effects (accounting for day of the week, day of the month,

month, and year effects). An alternative specification includes month-year fixed effects

to better control for the time trends in workload and withdrawal rates. We also

estimate specifications replacing Njt with a rolling-window workload measure defined

over the 14 calendar days before and after the focal case date to study potential reverse

causality (Section 5).

We cluster standard errors at the division level (12 clusters) throughout, since cases

in the same division share local demand, supervision, and resources. Appendix M

shows that the coefficient remains significant under officer-level clustering.

Beyond the identification checks above, we probe whether the estimate is sensitive

to our inference, fixed-effects, and functional-form choices; we summarise these checks

in Section 5 and report them in full in the Appendix. Because we have only twelve

clusters, conventional standard errors may over-reject, so we re-estimate the headline

specification with a wild cluster bootstrap and under alternative levels of clustering.

We also replace the additive area and time effects with division-by-year and division-

by-month-year interactions, and we relax the linear functional form to check that the

effect is not driven by a threshold. The coefficient is stable throughout.

4 Results

Table 1 summarises the key findings.5. Column 1 presents the estimated relationships

between the probability of complaint withdrawal and the officers’ workload from a

model without controls. A higher workload is positively associated with the probability

of withdrawal, as an additional 10 cases corresponding to a 4.00 percentage point

5Appendix D.1 presents the full table.
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(pp) higher probability of withdrawal. Introducing controls for crime, victim, and

perpetrator characteristics in Column 2, along with area, day, and month fixed-effects

in Column 3, leads to a marginal decrease in the withdrawal rate as our coefficient of

interest. Column 4 presents the results of a panel specification that includes officer

and year fixed-effects. Holding officers’ unobservable characteristics constant within a

given year, an addition of 10 cases to officers’ workload is associated with a withdrawal

rate increase of 2.56 pp.6

Table 1: Workload and the probability of withdrawal

Probability of withdrawal, 0 – 100
(1) (2) (3) (4)

Cross-section Cross-section Cross-section Panel

Panel A: Workload

Number of crimes per officer, 0.400*** 0.362*** 0.335*** 0.256***
current month (0.038) (0.042) (0.049) (0.075)

Panel B: Significant covariates

Crime type
Sexual offences 15.042*** 15.851*** 20.265***

(1.545) (1.552) (2.018)
How reported
To police patrol 11.161*** 11.556*** 9.397***

(2.282) (2.245) (3.023)
Response grade
Priority 3.004** 3.201** 2.321*

(1.055) (1.058) (1.072)
Prompt 0.993 0.908 3.683**

(0.929) (0.887) (1.575)
Victim characteristics
Flag for alcohol 2.772** 2.774** 3.586**

(1.052) (1.123) (1.344)
Flag for injury −6.721*** −6.672*** −5.504***

(0.894) (0.890) (1.157)
Perpetrator characteristics
Age −0.663* −0.640* −0.738**

(0.343) (0.340) (0.309)
Age-squared 0.011** 0.011** 0.011**

(0.005) (0.005) (0.004)
Flag for alcohol −2.980*** −2.824*** −2.567**

(0.819) (0.772) (1.129)

Continued on next page

6With the full workload distribution (no truncation) and the three-month minimum per officer
observation window, the headline coefficient is 0.110 (SE 0.048; Table G.1, Panel C) — smaller in
magnitude, as expected when including officers with extreme caseloads, but statistically significant.
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Table 1 continued

(1) (2) (3) (4)
Cross-section Cross-section Cross-section Panel

Flag for other substances −2.512** −2.547** −1.817**
(0.834) (0.837) (0.761)

Perpetrator relationship
Brother / Father / Son 4.979** 5.736** 3.838*

(1.959) (2.019) (1.883)
Ex-Partner −3.530*** −3.253*** −3.361***

(0.813) (0.784) (0.876)
Month
August 1.385 6.473*

(2.264) (3.208)
September 0.375 7.710***

(1.898) (2.405)
October −0.378 5.582**

(1.518) (1.953)
November 0.667 5.627**

(1.847) (2.502)
December 0.684 5.760***

(1.257) (1.714)
Day of week
Saturday −2.155** −2.744*

(0.905) (1.342)

Number of observations 11,867 11,867 11,867 11,850
R-squared 0.01 0.05 0.07 0.31

Crime, victim and perpetrator X X X
Area, day and month FE X X
Officer and year FE X

Note: Panel A reports the workload coefficient across four specifications with progressively richer
controls. Panel B reports all covariates significant at the 10% level or better in the headline
specification (column 4). Reference categories: violence against the person (crime type), 999 call
(how reported), Immediate (response grade), current partner (perpetrator relationship), January
(month), Sunday (day of week). Perpetrator refers to alleged perpetrator. Singleton observations
are dropped from fixed-effects specifications. Full results including all covariates and two additional
specifications controlling for response characteristics and time spent on the case are presented in
Table D.1 of the Appendix. The dependent variable is scaled 0–100 so that coefficients represent
percentage points. Officer workload is truncated at the 95th percentile. Officers observed for at
least 3 months. Robust standard errors clustered at the division level in parentheses. * p<0.10, **
p<0.05, *** p<0.01

The specifications in Columns 1 to 4 include variables that we believe to be ex-

ogenous to officers’ workload. We consider the result in Column 4 to be our headline

finding. In the Appendix (Table D.1, column 5), we also report a specification that

adds police response characteristics — the response time and the number of days taken

to close the case. These variables are potential mediators affected by workload and in-
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fluencing the victim’s decision to withdraw, and are therefore excluded from the main

table to avoid bad-controls bias. The workload coefficient is robust to their inclusion

(0.240 vs. 0.256; Table D.1, column 5). The results remain qualitatively similar when

controlling for the time an officer spends on the case. This variable is not complete

(missing for 2% of the sample), hence why we do not include it in the main set of

specifications. The results including this variable are available in column 6 of Table

D.1 of the Appendix.

Panel B of Table 1 reports all covariates with coefficients significant at the 10%

level or better in the headline specification, along with their estimates across all spec-

ifications. Victims of sexual offences are 20.27 pp more likely to withdraw compared

to victims of other violence against the person. Crimes reported to police patrol are

9.40 pp more likely to end in withdrawal than those reported via 999 calls. Cases

graded as “Prompt” are 3.68 pp more likely to end in withdrawal than those graded

“Immediate,” and cases graded as “Priority” are 2.32 pp more likely — though the

latter is significant only at the 10% level and only in the panel specification.

Regarding victim characteristics, those under the influence of alcohol are 3.59 pp

more likely to withdraw, while those who suffered an injury are 5.50 pp less likely to do

so. The alleged perpetrator’s age displays an inverse U-shaped relationship with with-

drawal, with coefficients on age (-0.74) and age-squared (0.011) implying a minimum

withdrawal probability at around 35 years old. Victims are less likely to withdraw if

the alleged perpetrator was under the influence of alcohol (reduction of 2.57 pp) or

other substances (1.82 pp). Compared to complaints against current partners, those

against relatives (brother, father, and son) are 3.84 pp more likely to be withdrawn,

while complaints against ex-partners are 3.36 pp less likely to be withdrawn. Seasonal

patterns show higher withdrawal from August to December (5.58–7.71 pp relative to

January at the 5% level for September–December, and 6.47 pp at the 10% level for

August), which may reflect court scheduling pressures, increased family stress during

pre-holiday periods, or the start of the academic year affecting household dynamics.

Cases reported on Saturdays are 2.74 pp less likely to end in withdrawal relative to
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Table 2: Balance test: case characteristics regressed on officer workload

(1) (2) (3) (4) (5) (6) (7)
Sexual Victim Victim Perp Perp Bro/Fa Ex
offence alcohol injury alcohol drugs /Son partner

Number of crimes per officer, -0.001** -0.000 -0.000 -0.001 0.000 -0.000 0.001
current month (0.000) (0.001) (0.001) (0.001) (0.001) (0.000) (0.001)

Number of observations 11850 11850 11850 11850 11850 11850 11850
R-squared 0.296 0.171 0.183 0.187 0.177 0.165 0.183

Note: Each column reports the coefficient on monthly officer workload from a regression of the
column characteristic on workload with officer and year fixed effects. No other controls included.
Officer workload truncated at the 95th percentile. We only include officers that we observe for at
least 3 months. Robust standard errors (depicted in parentheses) clustered at the division level. *
p<0.10, ** p<0.05, *** p<0.01

Sundays.7

5 Robustness checks

5.1 Sorting

A potential threat to causal interpretation of out findings is that some officers systemat-

ically get allocated withdrawal-prone cases. Then within-officer variation in workload

would be accompanied by changes in unobserved characteristics of assigned cases that

are also correlated with withdrawal rates. We cannot test this directly, but we can ask

whether workload is related to the observed case characteristics that are associated

with withdrawal in our main results (Table 1).

We run two complementary checks. In the first, we regress the most relevant

characteristics on officer workload, with officer and year fixed effects. This uses the

same within-officer variation as our main analysis and asks, one characteristic at a

time, whether busy months look different from quiet months in case composition for

the same officer.

7Our findings stay qualitatively similar after expanding the dataset to include officers observed for
at least one month (vs. three), including the top 5% of the workload distribution, and using month-
year fixed effects. See Appendices G and H. We also look at heterogeneity by reporting method,
perpetrator relationship, and season (Appendix E).
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Table 2 presents the results. Across all seven characteristics — the sexual offence

indicator, victim alcohol and injury flags, perpetrator alcohol and drug flags, and the

perpetrator relationship indicators — the coefficients on workload are negligible. The

one statistically significant coefficient is on the sexual offence indicator (column 1),

which is negative and equal to -0.001. A ten-case increase in monthly workload is

associated with a one percentage point decrease in the probability of a sexual offence

case, the opposite of what the selection concern would predict. Applying a Romano–

Wolf stepdown correction for multiple hypothesis testing across all seven outcomes,

this coefficient is no longer significant (adjusted p = 0.252); indeed, no null hypoth-

esis is rejected at the 10% level after correction.8 Since busy months do not differ

from quiet months in observed case composition, systematic selection on unobserved

characteristics is unlikely to account for our findings.

We also test whether workload predicts missingness in key variables (response time,

victim and perpetrator age, and ethnicity recording). If officers under high workload

are less diligent in recording case details, the resulting missingness could bias our

estimates. To assess this, we regress indicators for missing or “Unknown” values on

officer workload, controlling for officer and year fixed effects. Table 3 reports the results

for five missingness indicators: response time missing, victim age missing, perpetrator

age missing, victim ethnicity “Unknown” , and perpetrator ethnicity “Unknown” .

Four of the five indicators show no significant association with workload. The exception

is victim ethnicity “Unknown,” which is negatively associated with workload (-0.002):

officers in busier months are less likely to record victim ethnicity as unknown. This is

the opposite of what a differential-recording concern would predict. We conclude that

workload-driven missingness is also unlikely to bias our estimates.

In the final check, we run the regression the other way around and attempt to

predict officers’ workload itself. We regress an officer’s monthly workload on the full

set of case characteristics at once, again with officer and year fixed effects, and ask

directly whether the cases an officer receives in a busy month differ, in their observable

8We use the Romano and Wolf (2005) stepdown procedure with 1,000 bootstrap replications. All
adjusted p-values exceed 0.25.
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Table 3: Missing data balance test: missingness indicators regressed on officer workload

(1) (2) (3) (4) (5)
Attend Age (vic) Age (perp) Eth. unkn. Eth. unkn.

time (vic) (perp)

Number of crimes per
officer

0.0008 0.0000 −0.0001 −0.0022*** −0.0004
(0.0006) (0.0000) (0.0001) (0.0005) (0.0005)

Observations 11,850 11,850 11,850 11,850 11,850
R-squared 0.29 0.13 0.21 0.17 0.17

Note: Each column regresses a missingness indicator on officer workload with officer and year fixed
effects. No other controls. Robust standard errors clustered at the division level in parentheses. *
p<0.10, ** p<0.05, *** p<0.01

features, from those received in a quiet month. The case characteristics jointly explain

less than half a percent of the within-officer variation in workload, and the coefficients

are economically negligible (Appendix F, Table F.1). The joint test is statistically

significant due to the fact that the large sample makes even small differences detectable:

the implied spread of predicted workload across cases is well under one case against a

workload standard deviation of 11, which is far too small to account for the estimated

effect.

5.2 Reverse causality

Our headline measure is the count of all crimes assigned to the officer in the current

calendar month. It captures both cases assigned before and after the focal domestic

abuse case within that month. To confirm that the effect is not driven by workload

following the focal case, we construct rolling-window measures counting all crimes

assigned to the same officer in the 14 calendar days before and after the focal case

date, excluding the focal day itself.9 The same as the headline workload measure,

these counts are computed on the universe of crimes before restricting to the domestic

abuse sample, so they reflect the officer’s total caseload across all crime types. Officers

with no other cases in a given window are coded as having zero workload for that

9We choose a 14-day window motivated by symmetry with the monthly specification: two 14-day
windows span approximately one calendar month.
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window.10

Table 4 reports the results. Column 1 reproduces the headline monthly result.

Column 2 shows that strictly pre-determined workload, measured in the 14 days before

the focal case, yields a positive point estimate (0.205) that is consistent with the main

finding, though imprecisely estimated. Column 3 reports the corresponding post-case

measure (0.228). The two coefficients are similar in magnitude, which is what we

would expect if workload is persistent: an officer who is busy in the fortnight before a

case tends to be busy in the fortnight after it. This is because workload runs high or

low over weeks rather than from one day to the next, which is also why our selected

headline measure is monthly workload. Reverse causality would instead predict a large

post-case coefficient and near-zero pre-case, since a withdrawal frees capacity only

after the case. The symmetry of the two estimates does not fit that pattern. When we

include both measures in a single regression, a Wald test cannot reject equality of their

coefficients (Column 4), confirming that pre- and post-case workload have statistically

indistinguishable relationships to withdrawal.

5.3 An unobserved third factor

The assumption we cannot test directly is that no unobserved, time-varying factor

moves both an officer’s workload and the decisions of the victims to withdraw. Two

patterns argue against the presence of such factor.

Alternative Risk Levels. A purely mechanical channel, whether through dis-

patch effects, recording practices, or common demand shocks, would affect all case

types similarly. Instead, the effect appears only in high-risk domestic abuse cases,

where the quality of engagement is the most important. We find no effect in cases

qualified as lower risk.

Table 5 reports estimates of equation 1, our headline specification with officer and

year fixed effects and the full set of controls, on four subsamples. Column 1 replicates

our main result for female high-risk domestic abuse victims. Column 2 estimates the

10The results are not sensitive to dropping these observations instead of coding them as zeros.
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Table 4: Rolling-window workload: pre-determined and post-case measures

(1) (2) (3) (4)
Monthly 14d before 14d after Joint

Monthly workload
0.256***
(0.075)

14d before
0.205 0.185

(0.146) (0.155)

14d after
0.228** 0.209**
(0.080) (0.079)

Wald test: before = after F = 0.01
p-value 0.907

Number of observations 11,850 11,850 11,850 11,850
R-squared 0.31 0.31 0.31 0.31

Crime, victim and perp. ch. X X X X
Area, day and month FE X X X X
Officer and year FE X X X X

Note: Columns 1–3 each include a single workload measure. Column 4 includes both the pre-case
and post-case 14-day measures jointly and reports a Wald test for equality of their coefficients.
Rolling windows count all crimes assigned to the same officer in the 14 calendar days before or after
the focal case date, excluding the focal day. All measures are constructed on the universe of crimes
before restricting to the domestic abuse sample. Officers with no cases in a given window are coded
as zero. Robust standard errors clustered at the division level in parentheses. * p<0.10, ** p<0.05,
*** p<0.01

same specification on female domestic abuse victims classified as medium or standard

risk — the same gender and crime type as column 1 but a different risk group. Column

3 covers male domestic abuse victims of medium or standard risk. Column 4 includes

all domestic abuse victims regardless of gender or risk classification.11 In each column

the 95th percentile workload cutoff and the minimum three-month officer observation

requirement are computed within the relevant subsample.

The workload effect is large and statistically significant only for female high-risk

domestic abuse victims (0.256). For female domestic abuse victims of lower risk clas-

sification the coefficient falls to near zero and is insignificant (0.038), and similarly

for male lower-risk victims (-0.020). The estimate for the whole sample of domestic

abuse cases is 0.055 and significant at the 5% level, but driven by the high-risk group.

11The sample of male high-risk domestic abuse victims contains only 94 observations after applying
the workload truncation and minimum observation requirements, making the estimates unreliable.
We therefore do not report this specification.

18



Table 5: Alternative samples

(1) (2) (3) (4)
Women HR Women LR Men LR All DA

Number of crimes per officer, 0.256*** 0.038 -0.020 0.055**
current month (0.075) (0.028) (0.028) (0.019)

Dep. var. mean 18.09 41.31 55.28 41.42
Number of observations 11,850 66,561 16,640 104,164
R-squared 0.307 0.329 0.375 0.309

Note: Each column reports the coefficient on monthly officer workload from the headline
specification (column 4 of Table 1) estimated on different subsamples. Column 1 replicates the main
result for female high-risk domestic abuse victims. Column 2 covers female domestic abuse victims
of medium or standard risk. Column 3 covers male domestic abuse victims of medium or standard
risk. Column 4 includes all domestic abuse victims regardless of gender or risk classification. In
each column the 95th percentile workload cutoff and the minimum three-month officer observation
requirement are computed within the relevant subsample. Robust standard errors clustered at
division level. * p<0.10, ** p<0.05, *** p<0.01

The dependent variable means (reported in Table 5) show that the withdrawal rate

differs substantially across subsamples: 18.09 for high-risk female victims versus 41.31

for lower-risk female victims and 55.28 for lower-risk male victims. The withdrawal

rate is in fact higher in the lower-risk subsamples, so the null effects in columns 2–3

cannot be attributed to a floor effect. Rather, they confirm that the workload effect

operates specifically through the engagement-intensive nature of high-risk cases.

Placebo Outcomes. If the workload effect reflects a genuine causal mechanism,

i.e. reduced officer engagement with the victim, then workload should not affect case

outcomes determined primarily by evidence strength rather than victim cooperation.

This is exactly what we find. Table 6 reports the results. Workload has no effect on

the probability of a charge ( -0.045) or on cases closed as not in the public interest

(-0.005). The null effect on charges indicates that workload is not degrading all aspects

of case quality uniformly; it specifically affects the outcome that depends on sustained

victim cooperation. We note that charges in domestic abuse cases also depend in part

on victim willingness to testify, so they are not fully independent of the engagement

channel. The null effect therefore suggests that the engagement margin affected by

workload operates at the stage of initial victim decision to support police action at all,

rather than at the later prosecution decision.

19



Table 6: Placebo test: effect of workload on alternative case outcomes

(1) (2) (3)
Withdrawal Charge Not in pub. int.

Number of crimes per officer,
current month

0.256*** -0.045 -0.005
(0.075) (0.078) (0.030)

Dep. var. mean 18.09 47.18 1.09
Number of observations 11,850 11,850 11,850
R-squared 0.31 0.28 0.19

Crime, victim and perpetrator ch. X X X
Area, day and month FE X X X
Officer and year FE X X X

Note: Each column reports the coefficient on monthly officer workload from the specification in
column 4 of Table 1, with a different case outcome as the dependent variable. All outcomes are
scaled 0–100. Robust standard errors clustered at the division level in parentheses. * p<0.10, **
p<0.05, *** p<0.01

Workload and withdrawal both rose over the study period, so their relationship

could in principle reflect two series trending together. Two specifications rule this

out. Replacing the additive division and year fixed effects with division-by-month-year

interactions, so that the effect is identified only within a division in a given month with

no trend left, leaves the coefficient almost unchanged at 0.250 (Appendix J, Table J.1).

And when we let the effect vary by year, it is present in every year of the sample

(Appendix K, Table K.1). The relationship is therefore not an artefact of a shared

trend.

5.4 Additional checks

Several further checks, reported in the Appendix, confirm that our result is not an arte-

fact of our inference, fixed-effects or functional-form choices. On inference, with only 12

division-level clusters conventional standard errors may over-reject, so we re-estimate

the headline specification with a wild cluster bootstrap using Webb six-point weights,

which gives a p-value of 0.003 (Appendix L); the coefficient also stays significant at

the 5% level or better under every alternative clustering choice, including officer-level

(1,908 clusters), division-year (67 clusters), and two-way clustering by division and
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year-month (Appendix M, Table M.1). On the fixed-effects structure, replacing the

additive division and year effects with division-by-year interactions leaves the coeffi-

cient virtually unchanged, at 0.244 (Appendix I, Table I.1). On functional form, the

relationship is close to linear: the slopes above and below the median workload are

statistically indistinguishable, so the headline coefficient is not masking a threshold

(Appendix N, Table N.1).

6 Conclusion

We find that an increase of 10 cases in a police officer’s monthly workload is associated

with a three percentage point increase in victim withdrawal in high-risk domestic

abuse cases. The effect is concentrated entirely among female high-risk victims and is

absent for lower-risk cases. Our within-officer identification strategy, combined with

a series of robustness checks provides converging evidence that is consistent with a

causal interpretation. However, we cannot definitively rule out time-varying officer-

level confounders.

The pattern of results points to an engagement mechanism: high-risk cases require

intensive engagement, and the effect appears only where sustained contact matters

most. Unfortunately, we cannot directly observe the engagement process and its qual-

ity. The specific channel through which workload degrades victim cooperation —

whether through the quality of the initial risk assessment or the tone of the interac-

tion — remains an open question for future research using qualitative data or more

granular administrative records.

These findings have direct policy implications. Police officer workload is a measur-

able consequence of staffing decisions, which are in turn shaped by budget allocations.

Unlike other determinants of victim withdrawal — such as the victim-perpetrator re-

lationship or coercive control dynamics — workload is a lever that policymakers can

adjust. SafeLives reports that approximately 110 thousand high-risk female domes-

tic abuse cases are discussed at MARACs annually in England and Wales (SafeLives,
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2023a). Applied to this population, a 3 pp increase implies roughly 3,300 additional

victims withdrawing their complaint each year. Mean workload increased by approxi-

mately 10 cases over our study period, implying a contribution of roughly 2.6 pp from

the workload channel. The remaining 30 pp of the total increase in withdrawal rates is

absorbed by year fixed effects and likely reflects broader institutional changes during

the austerity period. The workload coefficient should therefore be interpreted as the

marginal effect of caseload variation conditional on these trends, not as accounting

for the entire increase. Nevertheless, our findings suggest that the austerity-driven

reduction in police numbers had a secondary cost in reduced victim engagement that

is distinct from its effects on crime rates or clearance rates.

We acknowledge limitations. Our data are from a single police force with a cen-

tralised dispatch system; forces with more decentralised allocation or specialist domes-

tic abuse teams may exhibit different workload-outcome relationships. Future research

could extend this analysis to other forces and crime types — particularly sexual of-

fences and stalking, where engagement is similarly critical — and could explore the

specific mechanisms through which workload affects the officer-victim interaction.
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Appendix

Appendices A and B report descriptive statistics and figures for different parts of

the workload distribution and observation windows, and Appendix C reproduces the

DASH Risk Identification Checklist used to define the high-risk sample. Appendix D

reports the full results behind Table 1, including an additional specification with re-

sponse characteristics, and Appendix E reports the heterogeneity analysis. The re-

maining appendices collect the robustness checks discussed in Section 5: a test of

whether case characteristics predict officer workload (F); estimates under alternative

workload truncation points and minimum observation periods (G); alternative spec-

ifications with month-year (H), division-by-year (I), and division-by-month-year (J)

fixed effects; the year-by-year stability of the workload effect (K); inference with few

clusters via the wild cluster bootstrap (L) and under alternative clustering choices

(M); and tests for nonlinear workload effects (N).
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A Descriptive Statistics

A.1 Officers observed for at least 1 month.

Table A.1: Descriptive statistics for workload variable for officers from bottom 95% of
the workload and for all observations. Officers observed for at least 1 month.

N Mean SD p50 p90 p95 p99

Panel A: Bottom 95% of workload
Number of crimes per officer, current month 14,464 7.44 11.05 5.00 10.00 13.00 73.00

Panel B: Full distribution of workload
Number of crimes per officer, current month 15,142 11.14 23.80 6.00 12.00 54.00 133.00

Table A.2: Descriptive statistics for the cases of officers from bottom 95% of the
workload and for all observations. Officers observed for at least 1 month.

Bottom 95% Full distribution
of workload of workload

Variable Mean SD Mean SD

Victim does not support, share x100 18.67 38.97 19.09 39.3
Number of crimes per officer, current month 7.44 11.05 11.14 23.80
Crime type: Violence against the person 0.84 0.37 0.84 0.37
Crime type: Sexual offences 0.07 0.25 0.07 0.25
Crime type: Robbery 0.01 0.08 0.01 0.08
Crime type: Theft offences 0.02 0.15 0.02 0.15
Crime type: Criminal damage and arson of-
fences

0.06 0.24 0.06 0.24

How reported: 999 call 0.63 0.48 0.63 0.48
How reported: At police station 0.01 0.08 0.01 0.09
How reported: Found by police 0.01 0.11 0.01 0.11
How reported: Other telephone call 0.30 0.46 0.31 0.46
How reported: To ambulance service 0.02 0.13 0.02 0.13
How reported: To police patrol 0.02 0.13 0.02 0.13
How reported: Other 0.01 0.10 0.01 0.10
Reported by: Other 0.26 0.44 0.25 0.44
Reported by: Victim 0.71 0.45 0.71 0.45
Reported by: Missing 0.03 0.18 0.03 0.17
Response grade: Immediate 0.38 0.48 0.37 0.48
Response grade: Priority 0.56 0.5 0.57 0.50
Response grade: Prompt 0.03 0.16 0.03 0.16
Response grade: Missing 0.03 0.18 0.04 0.19
Days until closing 0.73 1.96 0.82 2.13
Response time 312.72 1089.32 354.34 1180.70
Response time missing 0.03 0.18 0.04 0.19

Number of observations 14,464 15,142
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Table A.2: Descriptive statistics for the cases of officers from bottom 95% of the
workload and for all observations. Officers observed for at least 1 month.

Bottom 95% Full distribution
of workload of workload

Variable Mean SD Mean SD

Age (victim) 32.48 10.58 32.46 10.56
Age-squared (victim) 1166.53 837.42 1165.38 835.87
Age missing (victim) 0.00 0.01 0.00 0.01
Flag for alcohol influence (victim) 0.21 0.41 0.21 0.41
Flag for substance influence (victim) 0.04 0.20 0.04 0.20
Flag for injury (victim) 0.37 0.48 0.37 0.48
Number of victims 1.31 0.64 1.31 0.64
Ethnicity (victim): Asian 0.04 0.21 0.04 0.21
Ethnicity (victim): Black 0.03 0.18 0.03 0.18
Ethnicity (victim): Chinese, Japanese Or South
East Asian

0.00 0.04 0.00 0.04

Ethnicity (victim): Middle Eastern 0.00 0.05 0.00 0.05
Ethnicity (victim): Unknown 0.27 0.44 0.27 0.44
Ethnicity (victim): White - North European 0.65 0.48 0.65 0.48
Ethnicity (victim): White - South European 0.01 0.08 0.01 0.08
Age (perpetrator) 33.99 10.21 34.00 10.21
Age-squared (perpetrator) 1259.86 800.55 1259.89 800.37
Age missing (perpetrator) 0.00 0.04 0.00 0.04
Female (perpetrator) 0.02 0.13 0.02 0.13
Flag for alcohol influence (perpetrator) 0.35 0.48 0.34 0.48
Flag for substance influence (perpetrator) 0.18 0.38 0.17 0.38
Flag for injury (perpetrator) 0.08 0.28 0.08 0.27
Number of perpetrators 1.34 0.77 1.34 0.76
Ethnicity (perpetrator): Asian 0.08 0.27 0.08 0.27
Ethnicity (perpetrator): Black 0.07 0.26 0.07 0.26
Ethnicity (perpetrator): Chinese, Japanese Or
South East Asian

0.00 0.03 0.00 0.03

Ethnicity (perpetrator): Middle Eastern 0.01 0.09 0.01 0.09
Ethnicity (perpetrator): Unknown 0.13 0.34 0.13 0.34
Ethnicity (perpetrator): White - North Euro-
pean

0.69 0.46 0.69 0.46

Ethnicity (perpetrator): White - South Euro-
pean

0.01 0.10 0.01 0.10

Relation of perpetrator to victim: Boyfriend /
Husband / Male Partner

0.35 0.48 0.35 0.48

Relation of perpetrator to victim: Brother / Fa-
ther / Son

0.05 0.21 0.04 0.21

Relation of perpetrator to victim: Ex Husband
/ Male Ex Partner

0.51 0.50 0.51 0.50

Relation of perpetrator to victim: Other 0.03 0.17 0.03 0.17
Relation of perpetrator to victim: Missing 0.07 0.25 0.07 0.25
Division: A (North) 0.14 0.35 0.14 0.35
Division: E (New South) 0.13 0.34 0.13 0.34

Number of observations 14,464 15,142
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Table A.2: Descriptive statistics for the cases of officers from bottom 95% of the
workload and for all observations. Officers observed for at least 1 month.

Bottom 95% Full distribution
of workload of workload

Variable Mean SD Mean SD

Division: F (Salford) 0.12 0.32 0.12 0.32
Division: G (Tameside) 0.08 0.28 0.08 0.27
Division: I 0.00 0.02 0.00 0.02
Division: J (Stockport) 0.07 0.25 0.07 0.25
Division: K (Bolton) 0.07 0.25 0.07 0.25
Division: L (Wigan) 0.08 0.28 0.08 0.27
Division: M (Trafford) 0.05 0.22 0.05 0.22
Division: N (Bury) 0.07 0.25 0.06 0.24
Division: P (Rochdale) 0.10 0.31 0.10 0.31
Division: Q (Oldham) 0.09 0.28 0.09 0.29
Deprivation quintile: 1 - most deprived 0.19 0.39 0.19 0.39
Deprivation quintile: 2 0.19 0.39 0.19 0.39
Deprivation quintile: 3 0.19 0.39 0.19 0.39
Deprivation quintile: 4 0.19 0.39 0.19 0.39
Deprivation quintile: 5 0.19 0.39 0.19 0.39
Deprivation quintile: Missing 0.05 0.22 0.05 0.22
Month: Jan 0.10 0.3 0.10 0.29
Month: Feb 0.08 0.28 0.08 0.28
Month: Mar 0.10 0.3 0.10 0.3
Month: Apr 0.08 0.27 0.08 0.26
Month: May 0.08 0.28 0.08 0.27
Month: Jun 0.09 0.28 0.09 0.28
Month: Jul 0.08 0.28 0.08 0.28
Month: Aug 0.07 0.26 0.07 0.26
Month: Sep 0.08 0.27 0.08 0.27
Month: Oct 0.08 0.27 0.08 0.27
Month: Nov 0.08 0.27 0.08 0.27
Month: Dec 0.08 0.27 0.08 0.27
Day of the Week: Sun 0.16 0.37 0.16 0.37
Day of the Week: Mon 0.14 0.35 0.14 0.35
Day of the Week: Tue 0.14 0.35 0.14 0.35
Day of the Week: Wed 0.14 0.34 0.14 0.34
Day of the Week: Thu 0.13 0.33 0.13 0.33
Day of the Week: Fri 0.14 0.35 0.14 0.35
Day of the Week: Sat 0.15 0.36 0.15 0.36
Day of the month: 1 0.04 0.19 0.04 0.19
Day of the month: 2 0.03 0.18 0.03 0.18
Day of the month: 3 0.03 0.17 0.03 0.18
Day of the month: 4 0.03 0.18 0.03 0.18
Day of the month: 5 0.03 0.17 0.03 0.17
Day of the month: 6 0.03 0.18 0.03 0.18
Day of the month: 7 0.04 0.18 0.04 0.18
Day of the month: 8 0.03 0.18 0.03 0.18

Number of observations 14,464 15,142
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Table A.2: Descriptive statistics for the cases of officers from bottom 95% of the
workload and for all observations. Officers observed for at least 1 month.

Bottom 95% Full distribution
of workload of workload

Variable Mean SD Mean SD

Day of the month: 9 0.03 0.18 0.03 0.18
Day of the month: 10 0.03 0.18 0.03 0.18
Day of the month: 11 0.03 0.18 0.03 0.18
Day of the month: 12 0.03 0.18 0.03 0.18
Day of the month: 13 0.03 0.18 0.03 0.18
Day of the month: 14 0.03 0.18 0.03 0.18
Day of the month: 15 0.03 0.18 0.03 0.18
Day of the month: 16 0.03 0.18 0.03 0.18
Day of the month: 17 0.03 0.17 0.03 0.17
Day of the month: 18 0.03 0.18 0.03 0.18
Day of the month: 19 0.03 0.17 0.03 0.17
Day of the month: 20 0.03 0.18 0.03 0.18
Day of the month: 21 0.03 0.17 0.03 0.17
Day of the month: 22 0.03 0.18 0.03 0.18
Day of the month: 23 0.03 0.18 0.03 0.18
Day of the month: 24 0.03 0.18 0.03 0.18
Day of the month: 25 0.03 0.18 0.03 0.18
Day of the month: 26 0.03 0.18 0.03 0.18
Day of the month: 27 0.03 0.18 0.03 0.18
Day of the month: 28 0.03 0.18 0.03 0.18
Day of the month: 29 0.03 0.17 0.03 0.17
Day of the month: 30 0.03 0.17 0.03 0.17
Day of the month: 31 0.02 0.14 0.02 0.14
Year: 2014 0.11 0.32 0.11 0.32
Year: 2015 0.18 0.38 0.18 0.38
Year: 2016 0.19 0.39 0.19 0.39
Year: 2017 0.21 0.41 0.21 0.41
Year: 2018 0.24 0.43 0.24 0.43
Year: 2019 0.07 0.25 0.07 0.25

Number of observations 14,464 15,142

Note: Perpetrator refers to alleged perpetrator.
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A.2 Dataset of officers observed for at least 3 months

Table A.3: Descriptive statistics for workload variable for officers from bottom 95% of
the workload and for all observations. Officers observed for at least 3 months.

N Mean SD p50 p90 p95 p99

Panel A: Bottom 95% of workload
Number of crimes per officer, current month 11,867 7.71 11.02 6 11 13 74

Panel B: Full distribution of workload
Number of crimes per officer, current month 12,466 11.67 24.57 6 13 57 140

Table A.4: Descriptive statistics for the cases of officers from bottom 95% of the
workload and for all observations. Officers observed for at least 3 months.

Bottom 95% Full distribution
of workload of workload

Variable Mean SD Mean SD

Victim does not support x100 18.09 38.5 18.58 38.89
Number of crimes per officer, current month 7.71 11.02 11.67 24.57
Crime type: Violence against the person 0.84 0.36 0.84 0.36
Crime type: Sexual offences 0.07 0.25 0.07 0.25
Crime type: Robbery 0.01 0.08 0.01 0.08
Crime type: Theft offences 0.02 0.16 0.03 0.16
Crime type: Criminal damage and arson of-
fences

0.06 0.24 0.06 0.24

How reported: 999 call 0.64 0.48 0.63 0.48
How reported: At police station 0.01 0.08 0.01 0.08
How reported: Found by police 0.01 0.11 0.01 0.11
How reported: Other telephone call 0.3 0.46 0.31 0.46
How reported: To ambulance service 0.02 0.13 0.02 0.13
How reported: To police patrol 0.02 0.13 0.02 0.13
How reported: Other 0.01 0.1 0.01 0.1
Reported by: Other 0.25 0.44 0.25 0.43
Reported by: Victim 0.72 0.45 0.72 0.45
Reported by: Missing 0.03 0.17 0.03 0.17
Response grade: Immediate 0.38 0.49 0.37 0.48
Response grade: Priority 0.57 0.5 0.57 0.49
Response grade: Prompt 0.03 0.16 0.02 0.16
Response grade: Missing 0.03 0.17 0.03 0.18
Days until closing 0.7 1.88 0.8 2.07
Response time 310.81 1068.13 358.26 1176.53
Response time missing 0.03 0.17 0.03 0.18
Age (victim) 32.43 10.58 32.43 10.56
Age-squared (victim) 1163.95 841.37 1163.33 839.26
Age missing (victim) 0 0.01 0 0.01

Number of observations 11,867 12,466
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Table A.4: Descriptive statistics for the cases of officers from bottom 95% of the
workload and for all observations. Officers observed for at least 3 months.

Bottom 95% Full distribution
of workload of workload

Variable Mean SD Mean SD

Flag for alcohol influence (victim) 0.22 0.41 0.21 0.41
Flag for substance influence (victim) 0.04 0.2 0.04 0.2
Flag for injury (victim) 0.37 0.48 0.37 0.48
Number of victims 1.31 0.64 1.31 0.64
Ethnicity (victim): Asian 0.04 0.2 0.04 0.21
Ethnicity (victim): Black 0.03 0.18 0.03 0.18
Ethnicity (victim): Chinese, Japanese Or South
East Asian

0 0.04 0 0.04

Ethnicity (victim): Middle Eastern 0 0.05 0 0.05
Ethnicity (victim): Unknown 0.26 0.44 0.26 0.44
Ethnicity (victim): White - North European 0.66 0.48 0.65 0.48
Ethnicity (victim): White - South European 0.01 0.08 0.01 0.08
Age (perpetrator) 33.94 10.18 33.95 10.19
Age-squared (perpetrator) 1255.82 797.77 1256.66 797.92
Age missing (perpetrator) 0 0.04 0 0.04
Female (perpetrator) 0.02 0.13 0.02 0.13
Flag for alcohol influence (perpetrator) 0.36 0.48 0.35 0.48
Flag for substance influence (perpetrator) 0.18 0.38 0.18 0.38
Flag for injury (perpetrator) 0.08 0.27 0.08 0.27
Number of perpetrators 1.34 0.77 1.34 0.76
Ethnicity (perpetrator): Asian 0.08 0.27 0.08 0.27
Ethnicity (perpetrator): Black 0.07 0.26 0.07 0.26
Ethnicity (perpetrator): Chinese, Japanese Or
South East Asian

0 0.04 0 0.04

Ethnicity (perpetrator): Middle Eastern 0.01 0.09 0.01 0.09
Ethnicity (perpetrator): Unknown 0.13 0.34 0.13 0.34
Ethnicity (perpetrator): White - North Euro-
pean

0.7 0.46 0.7 0.46

Ethnicity (perpetrator): White - South Euro-
pean

0.01 0.1 0.01 0.1

Relation of perpetrator to victim: Boyfriend /
Husband / Male Partner

0.35 0.48 0.35 0.48

Relation of perpetrator to victim: Brother / Fa-
ther / Son

0.04 0.21 0.04 0.21

Relation of perpetrator to victim: Ex Husband
/ Male Ex Partner

0.51 0.5 0.52 0.5

Relation of perpetrator to victim: Other 0.03 0.17 0.03 0.17
Relation of perpetrator to victim: Missing 0.06 0.24 0.06 0.24
Division: A (North) 0.15 0.35 0.15 0.35
Division: E (New South) 0.13 0.33 0.13 0.33
Division: F (Salford) 0.13 0.33 0.12 0.33
Division: G (Tameside) 0.08 0.28 0.08 0.27
Division: I 0 0.01 0 0.01

Number of observations 11,867 12,466
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Table A.4: Descriptive statistics for the cases of officers from bottom 95% of the
workload and for all observations. Officers observed for at least 3 months.

Bottom 95% Full distribution
of workload of workload

Variable Mean SD Mean SD

Division: J (Stockport) 0.06 0.25 0.06 0.25
Division: K (Bolton) 0.06 0.24 0.06 0.24
Division: L (Wigan) 0.08 0.27 0.08 0.27
Division: M (Trafford) 0.05 0.21 0.05 0.21
Division: N (Bury) 0.07 0.25 0.06 0.25
Division: P (Rochdale) 0.11 0.31 0.11 0.31
Division: Q (Oldham) 0.09 0.28 0.09 0.29
Deprivation quintile: 1 - most deprived 0.19 0.39 0.19 0.39
Deprivation quintile: 2 0.19 0.39 0.19 0.39
Deprivation quintile: 3 0.19 0.39 0.19 0.39
Deprivation quintile: 4 0.19 0.39 0.19 0.39
Deprivation quintile: 5 0.19 0.39 0.18 0.39
Deprivation quintile: Missing 0.05 0.22 0.05 0.22
Month: Jan 0.1 0.3 0.1 0.3
Month: Feb 0.08 0.27 0.08 0.27
Month: Mar 0.1 0.3 0.1 0.3
Month: Apr 0.08 0.27 0.08 0.27
Month: May 0.08 0.28 0.08 0.27
Month: Jun 0.09 0.28 0.09 0.28
Month: Jul 0.09 0.28 0.08 0.28
Month: Aug 0.07 0.26 0.07 0.26
Month: Sep 0.08 0.27 0.08 0.27
Month: Oct 0.08 0.27 0.08 0.27
Month: Nov 0.08 0.27 0.08 0.27
Month: Dec 0.08 0.28 0.08 0.28
Day of the Week: Sun 0.16 0.37 0.16 0.37
Day of the Week: Mon 0.14 0.35 0.14 0.35
Day of the Week: Tue 0.14 0.35 0.14 0.35
Day of the Week: Wed 0.14 0.34 0.14 0.34
Day of the Week: Thu 0.13 0.33 0.13 0.33
Day of the Week: Fri 0.14 0.35 0.14 0.35
Day of the Week: Sat 0.15 0.36 0.15 0.36
Day of the month: 1 0.04 0.19 0.04 0.19
Day of the month: 2 0.03 0.18 0.03 0.18
Day of the month: 3 0.03 0.18 0.03 0.18
Day of the month: 4 0.03 0.18 0.03 0.18
Day of the month: 5 0.03 0.17 0.03 0.17
Day of the month: 6 0.03 0.17 0.03 0.17
Day of the month: 7 0.04 0.19 0.04 0.19
Day of the month: 8 0.03 0.18 0.03 0.18
Day of the month: 9 0.03 0.17 0.03 0.18
Day of the month: 10 0.03 0.18 0.03 0.18
Day of the month: 11 0.03 0.18 0.03 0.18

Number of observations 11,867 12,466
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Table A.4: Descriptive statistics for the cases of officers from bottom 95% of the
workload and for all observations. Officers observed for at least 3 months.

Bottom 95% Full distribution
of workload of workload

Variable Mean SD Mean SD

Day of the month: 12 0.03 0.18 0.03 0.18
Day of the month: 13 0.03 0.18 0.03 0.18
Day of the month: 14 0.03 0.18 0.03 0.18
Day of the month: 15 0.03 0.18 0.03 0.18
Day of the month: 16 0.03 0.18 0.03 0.18
Day of the month: 17 0.03 0.17 0.03 0.17
Day of the month: 18 0.03 0.17 0.03 0.17
Day of the month: 19 0.03 0.17 0.03 0.17
Day of the month: 20 0.03 0.18 0.03 0.18
Day of the month: 21 0.03 0.17 0.03 0.17
Day of the month: 22 0.03 0.18 0.03 0.18
Day of the month: 23 0.03 0.18 0.03 0.18
Day of the month: 24 0.03 0.18 0.03 0.18
Day of the month: 25 0.03 0.18 0.03 0.18
Day of the month: 26 0.03 0.18 0.03 0.18
Day of the month: 27 0.04 0.18 0.04 0.18
Day of the month: 28 0.03 0.18 0.03 0.18
Day of the month: 29 0.03 0.17 0.03 0.17
Day of the month: 30 0.03 0.17 0.03 0.17
Day of the month: 31 0.02 0.15 0.02 0.15
Year: 2014 0.11 0.31 0.11 0.31
Year: 2015 0.19 0.39 0.19 0.39
Year: 2016 0.19 0.39 0.19 0.39
Year: 2017 0.21 0.41 0.21 0.41
Year: 2018 0.24 0.43 0.24 0.43
Year: 2019 0.06 0.23 0.06 0.24

Number of observations 11,867 12,466

Note: Perpetrator refers to alleged perpetrator.
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B Number of different outcomes and cases per of-

ficer for different parts of workload distribution.

B.1 Officers observed for at least 1 month

Figure B.2: Number of cases by outcome (left axis) and average number of cases per
officer (right axis), monthly. Full workload distribution. Officers observed for at least
1 month.

35



Figure B.3: Number of cases by outcome (left axis) and average number of cases per
officer (right axis), monthly. Cases of officers from bottom 95% of workload. All
officers.
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B.2 Dataset of officers observed for at least 3 months

Figure B.4: Number of cases by outcome (left axis) and average number of cases per
officer (right axis), monthly. Full workload distribution. Officers observed for at least
3 months.
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C DASH Risk Identification Checklist

The following 27 questions constitute the Domestic Abuse, Stalking and Honour Based

Violence (DASH) risk identification checklist, as administered by police officers in Eng-

land and Wales (Richards, 2009). Questions 1–24 are shared with the version used by

Independent Domestic Violence Advisors (IDVAs) and partner agencies; questions 25–

27 are police-specific additions relating to children and dependents. Cases scoring 14

or more affirmative responses are classified as high risk. The checklist was imple-

mented nationally in March 2009 and remained in use throughout our study period

(2014–2019).

1. Has the current incident resulted in injury?

2. Are you very frightened?

3. What are you afraid of? Is it further injury or violence?

4. Do you feel isolated from family and friends, that is, does the abuser try to stop

you from seeing friends/family/doctor or others?

5. Are you feeling depressed or having suicidal thoughts?

6. Have you separated or tried to separate from your abuser within the past year?

7. Is there conflict over child contact?

8. Does the abuser constantly text, call, contact, follow, stalk or harass you?

9. Are you currently pregnant or have you recently had a baby in the past 18

months?

10. Is the abuse happening more often?

11. Is the abuse getting worse?

12. Does the abuser try to control everything you do and/or are they excessively

jealous?

38



13. Has the abuser ever used weapons or objects to hurt you?

14. Has the abuser ever threatened to kill you or someone else and you believed

them?

15. Has the abuser ever attempted to strangle/choke/suffocate/drown you?

16. Does the abuser say or do anything of a sexual nature that makes you feel bad,

or that physically hurts you or someone else?

17. Is there any other person who has threatened you or who you are afraid of?

18. Do you know if the abuser has hurt anyone else?

19. Has the abuser ever mistreated an animal or the family pet?

20. Are there any financial issues? For example, are you dependent on the abuser

for money/have they recently lost their job/other financial issues?

21. Has the abuser had problems in the last year with drugs (prescription or other),

alcohol or mental health leading to problems in leading a normal life?

22. Has the abuser ever threatened or attempted suicide?

23. Has the abuser ever breached bail/an injunction and/or any formal agreement

for when they can see you and/or the children?

24. Do you know if the abuser has ever been in trouble with the police or has a

criminal history?

25. Are there any children, step-children who aren’t the abuser’s that live in the

household? Or are there other dependents in the household (e.g., older relative)?

26. Has the abuser ever hurt the children/dependents?

27. Has the abuser ever threatened to hurt or kill the children/dependents?

Source: Richards (2009). See also Turner et al. (2019) and Myhill et al. (2023) for

validation studies.
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D Full results from Table 1 and an additional spec-

ification

Columns 1 to 5 in Table D.1 present full estimation results from Table 1. Column 6

presents the results for an additional specification that controls for the time spent on

the case. This variable is missing for 2% of the sample, that is why we do not include

it in the main set of specifications.

Table D.1: Full results from Table 1 and an additional specification that controls for
the time spent on the case. Cases of officers from bottom 95% of workload. Officers
observed for at least 3 months.

(1) (2) (3) (4) (5) (6)

Number of crimes per officer,
current month

0.400 0.362 0.335 0.256 0.240 0.273
(0.038) (0.042) (0.049) (0.075) (0.081) (0.104)

Crime type:
Violence against the person ref. ref. ref. ref. ref.
Sexual offences 15.042 15.851 20.265 20.112 20.328

(1.545) (1.543) (2.018) (1.985) (1.904)
Robbery -5.221 -5.703 -4.792 -4.695 -4.228

(2.312) (2.253) (2.916) (2.890) (2.954)
Theft offences 0.510 0.616 0.098 0.018 0.041

(1.232) (1.323) (1.250) (1.293) (1.503)
Criminal damage and arson offences -2.263 -2.177 -2.293 -2.191 -2.047

(0.925) (0.972) (1.425) (1.402) (1.458)
How reported:
999 call ref. ref. ref. ref. ref.
At police station -2.875 -2.736 -2.120 -1.969 0.738

(5.097) (5.006) (5.200) (5.317) (5.516)
Found by police -16.415 -15.355 -7.782 -7.539 -7.859

(4.787) (5.222) (4.522) (4.530) (5.665)
Other telephone call -3.803 -3.957 -0.389 -0.589 -0.600

(1.156) (1.175) (0.929) (0.992) (0.914)
To ambulance service -8.134 -6.851 -1.052 -1.046 -0.819

(1.776) (1.731) (2.399) (2.446) (2.749)
To police patrol 11.161 11.612 9.382 9.404 10.231

(2.282) (2.231) (3.009) (3.011) (3.096)

R2 0.01 0.05 0.07 0.31 0.31 0.31
R2 adj. 0.01 0.05 0.06 0.17 0.17 0.16
Observations 11867 11867 11867 11850 11850 11575
Crime, victim and perp. ch. No Yes Yes Yes Yes Yes
Area, day and month FE No No Yes Yes Yes Yes
Officer and year FE No No No Yes Yes Yes
Response characteristics No No No No Yes Yes
Time spent on the case No No No No No Yes
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Table D.1: Full results from Table 1 and an additional specification that controls for
the time spent on the case. Cases of officers from bottom 95% of workload. Officers
observed for at least 3 months.

(1) (2) (3) (4) (5) (6)

Other -0.638 -0.639 -1.646 -1.534 1.598
(9.300) (9.070) (6.222) (6.163) (6.008)

Reported by:
Other ref. ref. ref. ref. ref.
Victim 0.221 0.245 1.259 1.210 1.074

(0.924) (0.938) (0.920) (0.912) (0.875)
Missing 13.560 12.390 4.686 4.559 3.903

(4.420) (4.804) (4.661) (4.767) (5.647)
Response grade:
Immediate ref. ref. ref. ref. ref.
Priority 3.004 3.192 2.320 1.956 1.859

(1.055) (1.065) (1.075) (1.086) (1.072)
Prompt 0.993 0.878 3.670 2.478 2.868

(0.929) (0.892) (1.588) (1.836) (1.881)
Missing 9.259 8.270 3.414 -2.079 -2.684

(4.607) (4.311) (2.797) (2.012) (2.590)
Age (victim) -0.083 -0.075 -0.193 -0.180 -0.230

(0.125) (0.136) (0.148) (0.146) (0.144)
Age-squared (victim) -0.000 -0.001 0.001 0.001 0.001

(0.002) (0.002) (0.002) (0.002) (0.002)
Age missing (victim) -24.172 -26.045 -32.058 -31.569 -30.438

(4.232) (4.007) (7.864) (8.401) (7.910)
Ethnicity (victim):
Asian 1.645 1.915 2.605 2.466 2.084

(1.685) (1.494) (1.696) (1.653) (1.863)
Black -0.458 0.522 1.257 1.225 1.730

(2.187) (1.954) (1.950) (2.035) (1.855)
Chinese, Japanese Or South East
Asian

-3.160 -2.608 2.966 3.206 3.146

(6.582) (6.280) (7.921) (7.922) (7.947)
Middle Eastern 10.472 11.153 13.791 14.015 13.818

(9.105) (9.216) (9.969) (9.793) (9.794)
Unknown 3.134 3.058 0.612 0.609 0.770

(0.806) (0.856) (0.889) (0.919) (0.817)
White - North European ref. ref. ref. ref. ref.
White - South European -7.490 -6.823 -3.924 -3.763 -3.848

(3.279) (3.141) (2.825) (2.784) (2.817)

R2 0.01 0.05 0.07 0.31 0.31 0.31
R2 adj. 0.01 0.05 0.06 0.17 0.17 0.16
Observations 11867 11867 11867 11850 11850 11575
Crime, victim and perp. ch. No Yes Yes Yes Yes Yes
Area, day and month FE No No Yes Yes Yes Yes
Officer and year FE No No No Yes Yes Yes
Response characteristics No No No No Yes Yes
Time spent on the case No No No No No Yes

41



Table D.1: Full results from Table 1 and an additional specification that controls for
the time spent on the case. Cases of officers from bottom 95% of workload. Officers
observed for at least 3 months.

(1) (2) (3) (4) (5) (6)

Flag for alcohol influence (victim) 2.772 2.764 3.586 3.601 3.877
(1.052) (1.107) (1.344) (1.336) (1.370)

Flag for substance influence (vic-
tim)

5.823 6.397 2.858 2.762 2.205

(2.315) (2.428) (2.385) (2.335) (2.382)
Flag for injury (victim) -6.721 -6.672 -5.504 -5.447 -5.378

(0.894) (0.895) (1.157) (1.173) (1.229)
Number of victims -0.403 -0.479 -2.307 -2.459 -2.142

(2.403) (2.403) (2.638) (2.658) (2.840)
Age (perpetrator) -0.663 -0.636 -0.734 -0.732 -0.635

(0.343) (0.338) (0.311) (0.310) (0.256)
Age-squared (perpetrator) 0.011 0.011 0.011 0.011 0.010

(0.005) (0.004) (0.004) (0.004) (0.003)
Age missing (perpetrator) 6.772 9.158 7.062 7.211 8.989

(10.350) (10.111) (12.079) (12.014) (13.243)
Female (perpetrator) 4.401 4.074 2.584 2.214 1.245

(4.089) (4.016) (3.943) (4.004) (3.931)
Ethnicity (perpetrator):
Asian 0.288 0.893 -0.516 -0.505 -0.358

(1.632) (1.611) (1.840) (1.816) (1.987)
Black 0.240 1.968 2.182 2.248 2.396

(1.577) (1.546) (1.422) (1.405) (1.463)
Chinese, Japanese Or South East
Asian

-13.117 -14.339 -12.214 -11.902 -12.138

(6.853) (6.500) (11.341) (11.466) (11.456)
Middle Eastern 2.719 5.159 2.808 2.540 2.936

(4.948) (5.340) (6.118) (5.963) (6.278)
Unknown 3.337 3.150 0.745 0.786 0.819

(1.399) (1.514) (1.590) (1.611) (1.585)
White - North European ref. ref. ref. ref. ref.
White - South European 2.198 2.706 4.517 4.262 4.727

(4.160) (4.277) (3.605) (3.601) (3.925)
Flag for alcohol influence (perpetra-
tor)

-2.980 -2.824 -2.567 -2.517 -2.455

(0.819) (0.787) (1.129) (1.134) (1.141)
Flag for substance influence (perpe-
trator)

-2.512 -2.547 -1.817 -1.750 -2.064

R2 0.01 0.05 0.07 0.31 0.31 0.31
R2 adj. 0.01 0.05 0.06 0.17 0.17 0.16
Observations 11867 11867 11867 11850 11850 11575
Crime, victim and perp. ch. No Yes Yes Yes Yes Yes
Area, day and month FE No No Yes Yes Yes Yes
Officer and year FE No No No Yes Yes Yes
Response characteristics No No No No Yes Yes
Time spent on the case No No No No No Yes
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Table D.1: Full results from Table 1 and an additional specification that controls for
the time spent on the case. Cases of officers from bottom 95% of workload. Officers
observed for at least 3 months.

(1) (2) (3) (4) (5) (6)

(0.834) (0.844) (0.761) (0.770) (0.650)
Flag for injury (perpetrator) -1.660 -1.239 -0.332 -0.276 -0.136

(1.591) (1.604) (1.822) (1.821) (1.908)
Relation of perpetrator to victim:
Boyfriend / Husband / Male Part-
ner

ref. ref. ref. ref. ref.

Brother / Father / Son 4.979 5.736 3.838 3.886 4.166
(1.959) (2.019) (1.883) (1.836) (1.859)

Ex Husband / Male Ex Partner -3.530 -3.253 -3.361 -3.498 -3.385
(0.813) (0.777) (0.876) (0.888) (0.911)

Other -0.916 -0.661 -0.504 -0.506 0.551
(2.751) (2.753) (3.399) (3.500) (3.507)

Missing -2.291 -1.672 -1.588 -1.722 -1.627
(1.945) (1.724) (1.961) (1.920) (2.014)

Number of perpetrators 0.059 -0.072 -0.463 -0.423 -0.692
(2.510) (2.573) (2.602) (2.624) (2.797)

Division:
A (North) ref. ref. ref. ref.
E (New South) -3.721 -7.776 -7.764 -7.781

(0.219) (2.824) (2.768) (2.990)
F (Salford) 1.790 -4.204 -4.081 -3.611

(0.261) (3.341) (3.351) (3.035)
G (Tameside) 2.855 -2.897 -2.779 -1.896

(0.325) (3.938) (3.930) (4.351)
I -24.118 -35.594 -41.578 -39.937

(4.363) (6.354) (6.523) (7.037)
J (Stockport) -2.047 -12.203 -12.305 -11.432

(0.521) (5.119) (5.065) (4.988)
K (Bolton) -6.120 -7.096 -6.990 -6.998

(0.225) (5.688) (5.676) (5.681)
L (Wigan) 8.229 -3.777 -3.101 -7.398

(0.390) (6.611) (6.730) (6.131)
M (Trafford) 0.135 -19.818 -19.520 -18.529

(0.415) (5.967) (5.938) (5.882)
N (Bury) -1.266 -10.996 -10.332 -12.475

(0.403) (4.785) (4.719) (4.875)
P (Rochdale) 7.356 -0.964 -0.670 -0.003

R2 0.01 0.05 0.07 0.31 0.31 0.31
R2 adj. 0.01 0.05 0.06 0.17 0.17 0.16
Observations 11867 11867 11867 11850 11850 11575
Crime, victim and perp. ch. No Yes Yes Yes Yes Yes
Area, day and month FE No No Yes Yes Yes Yes
Officer and year FE No No No Yes Yes Yes
Response characteristics No No No No Yes Yes
Time spent on the case No No No No No Yes
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Table D.1: Full results from Table 1 and an additional specification that controls for
the time spent on the case. Cases of officers from bottom 95% of workload. Officers
observed for at least 3 months.

(1) (2) (3) (4) (5) (6)

(0.310) (4.399) (4.458) (3.941)
Q (Oldham) 4.836 -4.625 -4.541 -3.356

(0.195) (2.165) (2.158) (2.295)
Deprivation quintile:
1 - most deprived ref. ref. ref. ref.
2 -1.630 -1.708 -1.780 -1.170

(0.650) (0.794) (0.795) (0.697)
3 -0.253 -0.512 -0.542 -0.109

(0.835) (0.939) (0.967) (1.063)
4 0.646 -0.184 -0.248 0.171

(0.746) (1.142) (1.157) (1.165)
5 0.568 -0.218 -0.278 0.116

(1.060) (1.027) (1.053) (1.134)
Missing 0.090 1.477 1.498 2.158

(1.289) (1.638) (1.627) (1.641)
Month:
Jan ref. ref. ref. ref.
Feb -1.046 0.101 -0.050 0.151

(1.534) (1.288) (1.285) (1.556)
Mar -0.793 1.322 1.230 1.144

(1.500) (1.851) (1.824) (2.043)
Apr -3.068 1.498 1.353 1.188

(1.508) (2.111) (2.106) (2.130)
May -2.368 2.182 2.053 2.430

(1.326) (1.518) (1.515) (1.725)
Jun -2.330 3.151 2.943 3.004

(1.687) (1.896) (1.944) (1.855)
Jul -0.282 4.384 4.199 4.339

(1.929) (2.641) (2.641) (2.780)
Aug 1.374 6.449 6.218 5.957

(2.276) (3.231) (3.221) (3.272)
Sep 0.393 7.733 7.451 7.491

(1.940) (2.450) (2.449) (2.472)
Oct -0.364 5.595 5.335 5.490

(1.521) (1.953) (1.943) (2.081)
Nov 0.695 5.651 5.462 5.558

(1.848) (2.518) (2.516) (2.533)

R2 0.01 0.05 0.07 0.31 0.31 0.31
R2 adj. 0.01 0.05 0.06 0.17 0.17 0.16
Observations 11867 11867 11867 11850 11850 11575
Crime, victim and perp. ch. No Yes Yes Yes Yes Yes
Area, day and month FE No No Yes Yes Yes Yes
Officer and year FE No No No Yes Yes Yes
Response characteristics No No No No Yes Yes
Time spent on the case No No No No No Yes
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Table D.1: Full results from Table 1 and an additional specification that controls for
the time spent on the case. Cases of officers from bottom 95% of workload. Officers
observed for at least 3 months.

(1) (2) (3) (4) (5) (6)

Dec 0.680 5.761 5.579 5.754
(1.265) (1.729) (1.702) (1.836)

Sun ref. ref. ref. ref.
Day of the week:
Mon 0.681 -0.466 -0.471 -0.958

(0.388) (0.606) (0.637) (0.614)
Tue 1.039 -0.431 -0.485 -0.548

(0.981) (0.835) (0.867) (0.888)
Wed -1.060 -1.995 -1.975 -2.481

(0.854) (1.320) (1.348) (1.219)
Thu 1.087 0.892 0.836 0.700

(1.328) (1.365) (1.391) (1.331)
Fri 0.187 -0.026 -0.033 -0.259

(0.758) (0.816) (0.803) (0.771)
Sat -2.145 -2.729 -2.661 -2.848

(0.908) (1.361) (1.399) (1.204)
Day of the month:
1 ref. ref. ref. ref.
2 1.221 1.752 1.801 1.536

(2.058) (2.079) (2.040) (2.110)
3 -2.073 -1.726 -1.559 -1.257

(1.809) (1.894) (1.879) (2.004)
4 -0.222 0.177 0.312 0.060

(3.055) (3.644) (3.640) (3.502)
5 -2.387 -1.488 -1.418 -1.510

(1.996) (2.119) (2.109) (2.075)
6 -2.130 0.320 0.379 0.863

(2.425) (1.728) (1.653) (1.698)
7 -1.339 0.480 0.587 0.124

(2.037) (2.216) (2.216) (2.621)
8 0.640 0.192 0.322 0.802

(1.993) (2.513) (2.514) (2.460)
9 1.379 1.762 1.826 1.619

(3.126) (2.916) (2.943) (2.774)
10 -2.758 -2.747 -2.524 -2.518

(2.345) (3.173) (3.125) (3.111)
11 1.220 3.223 3.229 3.256

R2 0.01 0.05 0.07 0.31 0.31 0.31
R2 adj. 0.01 0.05 0.06 0.17 0.17 0.16
Observations 11867 11867 11867 11850 11850 11575
Crime, victim and perp. ch. No Yes Yes Yes Yes Yes
Area, day and month FE No No Yes Yes Yes Yes
Officer and year FE No No No Yes Yes Yes
Response characteristics No No No No Yes Yes
Time spent on the case No No No No No Yes
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Table D.1: Full results from Table 1 and an additional specification that controls for
the time spent on the case. Cases of officers from bottom 95% of workload. Officers
observed for at least 3 months.

(1) (2) (3) (4) (5) (6)

(3.227) (3.357) (3.386) (3.668)
12 -0.522 0.292 0.370 0.645

(2.539) (2.867) (2.892) (3.149)
13 -0.345 0.948 1.087 0.543

(2.299) (2.834) (2.762) (2.867)
14 -2.221 -0.718 -0.628 -0.301

(2.042) (2.330) (2.307) (2.444)
15 -0.643 -0.414 -0.505 -1.165

(2.253) (2.087) (2.136) (2.188)
16 -0.836 0.947 1.007 0.679

(2.044) (2.386) (2.368) (2.481)
17 -2.555 -0.123 0.013 0.478

(1.922) (2.731) (2.753) (2.823)
18 -1.096 -0.374 -0.298 0.464

(2.369) (3.165) (3.183) (3.127)
19 -2.044 0.026 0.158 0.125

(1.660) (1.827) (1.865) (1.808)
20 -2.911 -2.975 -2.959 -2.450

(1.602) (2.278) (2.297) (2.224)
21 1.304 1.694 1.888 1.527

(2.241) (2.024) (2.017) (1.669)
22 -1.081 -1.089 -0.871 -0.384

(2.022) (1.879) (1.904) (1.995)
23 1.454 1.826 1.884 1.654

(1.737) (2.121) (2.121) (2.280)
24 1.145 2.708 2.727 2.852

(2.185) (2.529) (2.572) (2.425)
25 -0.702 0.214 0.439 -0.333

(2.008) (1.724) (1.673) (1.781)
26 -0.678 0.328 0.458 0.069

(1.995) (2.893) (2.929) (3.011)
27 1.695 1.601 1.717 1.632

(2.543) (2.998) (3.030) (2.877)
28 0.667 1.584 1.549 1.533

(2.358) (2.696) (2.684) (2.769)
29 -2.069 -2.111 -2.008 -1.720

(2.403) (2.751) (2.741) (2.837)

R2 0.01 0.05 0.07 0.31 0.31 0.31
R2 adj. 0.01 0.05 0.06 0.17 0.17 0.16
Observations 11867 11867 11867 11850 11850 11575
Crime, victim and perp. ch. No Yes Yes Yes Yes Yes
Area, day and month FE No No Yes Yes Yes Yes
Officer and year FE No No No Yes Yes Yes
Response characteristics No No No No Yes Yes
Time spent on the case No No No No No Yes
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Table D.1: Full results from Table 1 and an additional specification that controls for
the time spent on the case. Cases of officers from bottom 95% of workload. Officers
observed for at least 3 months.

(1) (2) (3) (4) (5) (6)

30 1.447 2.529 2.491 2.546
(2.019) (3.334) (3.319) (3.173)

31 -2.461 -1.089 -1.167 -0.764
(1.843) (3.109) (3.139) (3.177)

Year:
2014 ref. ref. ref.
2015 1.175 1.039 1.104

(0.939) (0.931) (1.021)
2016 6.014 5.863 5.981

(1.008) (1.044) (1.023)
2017 16.908 16.573 16.667

(1.858) (1.823) (1.722)
2018 27.425 27.082 27.401

(2.590) (2.521) (2.531)
2019 32.628 32.106 32.124

(3.192) (3.200) (3.182)
Days until closing 0.733 0.712

(0.320) (0.296)
Response time 0.000 0.000

(0.001) (0.001)
Response time missing 6.144 5.873

(3.692) (3.096)
Time spent on case, min 0.000

(0.000)
Constant 15.006 29.214 28.567 38.088 37.983 38.324

(1.319) (5.982) (5.501) (5.565) (5.419) (6.612)

R2 0.01 0.05 0.07 0.31 0.31 0.31
R2 adj. 0.01 0.05 0.06 0.17 0.17 0.16
Observations 11867 11867 11867 11850 11850 11575
Crime, victim and perp. ch. No Yes Yes Yes Yes Yes
Area, day and month FE No No Yes Yes Yes Yes
Officer and year FE No No No Yes Yes Yes
Response characteristics No No No No Yes Yes
Time spent on the case No No No No No Yes
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E Heterogeneity analysis

We reformulate Equation 1 to allow for heterogeneous effects by interacting officers’

workload with the characteristics, Z, that are significantly associated with the with-

drawal probability. We maintain the same set of controls as in the main analysis. We

estimate the following equation:

Wijt = β0 + ΣK
k=1β1kNjtD

k
i + X̃ ′

itβ2 + γj + νitr + uijt, (2)

where Dk
i := 1[Zi = k] and Xit := (X̃it, Zit). The results are presented in Table

E.1.
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Table E.1: Heterogeneity results

(1) (2) (3) (4)

Main results How reported Relation to victim Seasonality
Number of crimes per officer,
current month

0.256 0.284 0.411 0.035
(0.075) (0.099) (0.112) (0.080)

999 call # Number of crimes per
officer

ref.

At police station # Number of
crimes per officer

-0.563
(0.243)

Found by police # Number of
crimes per officer

-0.230
(0.541)

Other telephone call # Number of
crimes per officer

-0.008
(0.081)

To ambulance service # Number of
crimes per officer

-0.404
(0.238)

To police patrol # Number of
crimes per officer

-0.447
(0.209)

Other # Number of crimes per
officer

-0.994
(0.376)

Boyfriend / Husband / Male
Partner # N of crimes per officer

ref.

Brother / Father / Son # Number
of crimes per officer

0.008
(0.258)

Ex Husband / Male Ex Partner #
Number of crimes per officer

-0.185
(0.100)

Other # Number of crimes per
officer

-0.829
(0.156)

Missing # Number of crimes per
officer

-0.149
(0.245)

Aug # Number of crimes per officer
0.527

(0.254)

Sep # Number of crimes per officer
0.401

(0.159)

Oct # Number of crimes per officer
0.319

(0.149)

Nov # Number of crimes per officer
0.528

(0.152)

Dec # Number of crimes per officer
-0.257
(0.228)

R2 0.31 0.31 0.31 0.31
Observations 11850 11850 11850 11850

Note: The omitted interaction base categories (999 call; Boyfriend / Husband / Male Partner) are
marked ref. Standard errors in parentheses clustered at the division level.
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F Predicting Workload from Case Characteristics

This appendix reports the sorting check discussed in Section 5.1. We regress an of-

ficer’s monthly workload on the full set of case characteristics, with officer and year

fixed effects, to see whether the cases an officer receives in a busy month differ in their

observable features from those received in a quiet month. The characteristics jointly

explain less than half a percent of the within-officer variation in workload, and the in-

dividual coefficients are small (Table F.1). The joint test is statistically significant only

because the large sample detects tiny differences: the implied variation in predicted

workload is well under one case, against a workload standard deviation of eleven.

Table F.1: Officer workload regressed on case characteristics

Officer workload

Violence against the person ref.

Sexual offences -0.485
(0.278)

Robbery -0.285
(0.376)

Theft offences 0.064
(0.212)

Criminal damage and arson offences -0.342
(0.232)

999 call ref.

At police station -0.019
(0.581)

Found by police 0.786
(0.802)

Other telephone call 0.171
(0.269)

To ambulance service 0.161
(0.300)

To police patrol -0.291
(0.286)

Other 1.153
(0.922)

Other ref.

Victim 0.126
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(0.094)

Missing -0.671
(0.747)

Immediate ref.

Priority 0.132
(0.141)

Prompt -0.083
(0.418)

Missing 0.413
(0.910)

Age (victim) -0.001
(0.022)

Age-squared (victim) -0.000
(0.000)

Age missing (victim) 1.129
(1.140)

Asian -0.288
(0.241)

Black 0.191
(0.377)

Chinese, Japanese Or South East Asian -0.178
(0.936)

Middle Eastern 0.534
(0.582)

Unknown -0.295
(0.110)

White - North European ref.

White - South European -0.247
(0.564)

Flag for alcohol influence (victim) 0.007
(0.101)

Flag for substance influence (victim) -0.013
(0.217)

Flag for injury (victim) -0.056
(0.089)

Number of victims -0.106
(0.160)

Age (perpetrator) -0.020
(0.020)

Age-squared (perpetrator) 0.000
(0.000)
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Age missing (perpetrator) -0.575
(1.025)

Female (perpetrator) -1.103
(0.562)

Asian 0.037
(0.211)

Black 0.009
(0.168)

Chinese, Japanese Or South East Asian 0.136
(0.738)

Middle Eastern -0.114
(0.904)

Unknown 0.034
(0.126)

White - North European ref.

White - South European 0.107
(0.687)

Flag for alcohol influence (perpetrator) -0.091
(0.117)

Flag for substance influence (perpetrator) 0.080
(0.168)

Flag for injury (perpetrator) 0.205
(0.112)

Boyfriend / Husband / Male Partner ref.

Brother / Father / Son -0.111
(0.301)

Ex Husband / Male Ex Partner 0.015
(0.099)

Other 0.354
(0.459)

Missing -0.180
(0.173)

Number of perpetrators -0.025
(0.112)

1 - most deprived ref.

2 -0.132
(0.141)

3 -0.076
(0.105)

4 0.035
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(0.165)

5 -0.131
(0.155)

Missing -0.138
(0.123)

Joint F -test (all case characteristics) 26.00
p-value 0.000

Within R2 0.0045
Observations 11,850

Note: The dependent variable is the number of cases assigned to the officer in the calendar month.
The regressors are the full set of case characteristics from the headline specification, entered in the
order crime, victim, then alleged perpetrator, with deprivation quintile last; omitted base categories
are marked ref. Officer and year fixed effects are included. Robust standard errors clustered at the
division level in parentheses.
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G Estimates of Equation 1. Different workload and

number of months.

The results in Table 1 are based on a dataset including cases of officers from the

bottom 95% of the workload distribution observed for a minimum of 3 months, as

discussed in Section 2. Expanding the dataset to include officers observed for at least

one month produces qualitatively similar estimates, as shown in Panel B of Table G.1.

Considering outliers by including officers in the top 5% of the workload distribution,

as expected, decreases the magnitude of the coefficients. Nevertheless, the results stay

statistically significant. These results are reported in Panels C and D of Table G.1.
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Table G.1: Estimates of Equation 1. Different workload and number of months.

(1) (2) (3) (4) (5)

Panel A: 95% of workload distribution. Officers observed for at least 3 months
(copies Table D.1)

Number of crimes per officer,
current month

0.400 0.362 0.335 0.256 0.240
(0.038) (0.042) (0.049) (0.075) (0.081)

Number of observations 11,867 11,867 11,867 11,850 11,850
R-squared 0.01 0.05 0.07 0.31 0.31

Panel B: 95% of workload distribution. Officers observed for at least 1 month
Number of crimes per officer,
current month

0.406 0.369 0.345 0.287 0.271
(0.034) (0.035) (0.040) (0.081) (0.088)

Observations 14,464 14,464 14,464 13,341 13,341
R2 0.01 0.05 0.07 0.39 0.39

Panel C: Full workload distribution. Officers observed for at least 3 months
Number of crimes per officer,
current month

0.207 0.189 0.188 0.110 0.100
(0.034) (0.029) (0.025) (0.048) (0.046)

Number of observations 12,466 12,466 12,466 12,466 12,466
R-squared 0.02 0.06 0.07 0.3 0.31

Panel D: Full workload distribution. Officers observed for at least 1 month
Number of crimes per officer,
current month

0.204 0.184 0.181 0.120 0.109
(0.030) (0.027) (0.023) (0.053) (0.052)

Number of observations 15,142 15,142 15,142 14,025 14,025
R-squared 0.02 0.05 0.07 0.39 0.39

Crime, victim and perpetrator ch. X X X X
Area, day and month FE X X X
Officer and year FE X X
Response characteristics X

Note: Standard errors in parentheses clustered at the division level.
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H Estimates of an alternative specification of Equa-

tion 1 with month-year fixed-effects

Columns 4 and 5 in Table 1 present estimation results of Equation 1 that include

additive month and year fixed effects. Table H.1 replicates the findings of Columns 4

and 5 in Table 1 relying on an alternative specification with an interactive month-year

fixed effects.
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Table H.1: Estimates of an alternative specification of Equation 1 with month-year
fixed-effects.

(4) (5)
Panel Panel

Number of crimes per officer, current month 0.247 0.232
(0.074) (0.080)

Crime type: Sexual offences 20.488 20.387
(2.000) (1.975)

How reported: To police patrol 9.390 9.418
(3.056) (3.061)

Flag for alcohol influence (victim) 3.551 3.570
(1.339) (1.343)

Flag for injury (victim) -5.435 -5.376
(1.192) (1.187)

Age (perpetrator) -0.734 -0.731
(0.314) (0.313)

Age-squared (perpetrator) 0.011 0.011
(0.004) (0.004)

Flag for alcohol influence (perpetrator) -2.461 -2.401
(1.149) (1.144)

Flag for substance influence (perpetrator) -1.795 -1.730
(0.761) (0.784)

Relation of perpetrator to victim: Brother / Father / Son 4.013 4.048
(1.800) (1.783)

Relation of perpetrator to victim: Ex Husband / Male Ex Partner -3.385 -3.519
(0.901) (0.912)

R-squared 0.31 0.31
Observations 11850 11850

Crime, victim and perpetrator ch. X X
Area, day FE X X
Officer and month-year FE X X
Response characteristics X

Note: Perpetrator refers to alleged perpetrator. Omitted categories: Crime type — Violence against
the person; How reported — 999 call; Relation of perpetrator to victim — Boyfriend / Husband /
Male Partner. Standard errors in parentheses clustered at the division level.
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I Division-by-Year Fixed Effects

Our headline specification includes additive division and year fixed effects, which ab-

sorb time-invariant geographic differences and force-wide time trends respectively.

However, division-specific time-varying shocks — such as the differential rollout of

crime recording reforms following HMIC inspections — could generate correlated vari-

ation in both workload and withdrawal rates within particular divisions in particular

years. To address this, we replace the separate division and year fixed effects with

division-by-year interactions, absorbing 72 additional fixed effects.

Table I.1 reports the results. The coefficient on workload is virtually unchanged:

0.256 in the baseline (column 1) versus 0.244 in the specification with division-by-

year fixed effects (column 2), and 0.228 when response controls are added (column 3).

The stability of the estimate under this more demanding specification indicates that

division-specific trends do not drive our finding.

Table I.1: Division-by-year fixed effects

(1) (2) (3)
Officer + Year FE Officer + Div × Year FE + Response

Number of crimes per officer,
current month

0.256*** 0.244** 0.228**
(0.075) (0.083) (0.089)

Number of observations 11,850 11,850 11,850
R-squared 0.31 0.31 0.31

Crime, victim and perpetrator ch. X X X
Area, day and month FE X X X
Officer FE X X X
Year FE X
Division × Year FE X X
Response characteristics X

Note: Division-by-year FE absorb division-specific trends (e.g., differential recording reform impacts
across the 12 GMP divisions). Division main effects are subsumed by division-by-year FE in
columns 2–3. Robust standard errors clustered at the division level in parentheses. * p<0.10, **
p<0.05, *** p<0.01
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J Division-by-Month-Year Fixed Effects

The division-by-year specification in Appendix I absorbs division-specific annual trends

but cannot address division-specific monthly demand shocks. If, for example, a crime

wave in one division in a particular month simultaneously raises workload and changes

victim behaviour through neighbourhood instability, the division-by-year fixed effects

would not absorb this variation. To address this concern, we replace division-by-year

interactions with division-by-month-year interactions, absorbing approximately 756

additional fixed effects (12 divisions × 63 months). This is the most demanding fixed

effects specification feasible with our data: the identifying variation comes exclusively

from within-officer differences across cases within the same division-month.

Table J.1 reports the results. The coefficient on workload is 0.250 (column 2), vir-

tually identical to the baseline of 0.256 (column 1), and 0.234 with response controls

(column 3). The standard errors increase modestly (from 0.075 to 0.115), as expected

when absorbing a large number of additional fixed effects, but the coefficient remains

significant at the 10% level. The wild cluster bootstrap p-value for this specification

is 0.008 (Appendix L). The stability of the point estimate under this highly demand-

ing specification substantially mitigates the concern that correlated division-month

demand shocks drive our finding.
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Table J.1: Division-by-month-year fixed effects

(1) (2) (3)
Officer + Year Div × Mo-Yr + Response

Number of crimes per officer,
current month

0.256*** 0.250* 0.234*
(0.075) (0.115) (0.120)

Number of observations 11,850 11,844 11,844
R-squared 0.31 0.35 0.35

Crime, victim and perp. ch. X X X
Day of week and day FE X X X
Officer FE X X X
Year FE X
Div × Month-Year FE X X
Response characteristics X

Note: Division-by-month-year FE absorb division-specific monthly demand shocks. Division,
month, and year main effects are subsumed by the interaction in columns 2–3. Robust standard
errors clustered at the division level in parentheses. * p<0.10, ** p<0.05, *** p<0.01
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K Stability of the Workload Effect Across Years

A concern with our within-officer design is that the workload effect might be driven

by a specific sub-period (e.g. by a structural break associated with a policy change in

a single year) rather than by a stable relationship between workload and withdrawal.

To test this, we interact workload with year dummies (with 2014 as the base year,

excluding 2019 which covers only Q1) and test whether the interaction terms are

jointly zero.

Table K.1 reports the results. The pooled coefficient excluding 2019 (column 1)

is 0.268. In the interaction model (column 2), the base effect for 2014 is -0.118 and

insignificant. This negative but imprecise base effect likely reflects the limited vari-

ation in workload during the early study period: mean caseloads were still low in

2014 (approximately 6 cases per month), providing little power to detect an effect.

As austerity deepened and workloads rose sharply from 2015–2016 onward, the total

effect becomes consistently positive. The year interactions are individually small and

jointly insignificant (F = 0.72, p = 0.596). The total effect for each year (base plus

interaction) ranges from 0.208 (2016) to 0.372 (2017), with all years in the same di-

rection. This confirms that the workload–withdrawal relationship is stable across the

study period and is not driven by a single year or a structural break.
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Table K.1: Stability of workload effect across years

(1) (2)
Pooled Year interactions

Number of crimes per officer,
current month

0.268*** −0.118
(0.082) (0.343)

Workload × 2015 0.376
(0.310)

Workload × 2016 0.326
(0.384)

Workload × 2017 0.489
(0.394)

Workload × 2018 0.363
(0.386)

F -test: interactions jointly zero 0.72
p-value 0.596
Number of observations 11,145 11,145
R-squared 0.32 0.32

Crime, victim and perpetrator ch. X X
Area, day and month FE X X
Officer and year FE X X

Note: Column 2 interacts workload with year dummies (2014 = base). 2019 excluded (partial year,
Q1 only). Robust standard errors clustered at the division level in parentheses. * p<0.10, **
p<0.05, *** p<0.01
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L Inference with Few Clusters

Our standard errors are clustered at the division level, of which there are 12 in Greater

Manchester. With fewer than approximately 20 clusters, conventional cluster-robust

standard errors may over-reject the null hypothesis (Cameron et al., 2008). To ad-

dress this, we implement the wild cluster bootstrap with Webb six-point weights,

which provides valid inference with few clusters. For our headline specification (col-

umn 4 of Table 1), the bootstrap p-value is 0.003 and the 95% confidence interval is

[0.120, 0.431]. For the specification including response characteristics (column 5), the

bootstrap p-value is 0.004 and the 95% confidence interval is [0.086, 0.419]. In both

cases the null hypothesis of zero effect is rejected at conventional significance levels,

confirming that the small number of clusters does not account for our findings.
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M Inference with Alternative Clustering

Table M.1 reports the headline coefficient under alternative clustering choices. Robust

(heteroscedasticity-consistent) standard errors are 0.089, officer-level clustering (1,908

clusters) yields standard errors of 0.092, and division-level clustering (our baseline,

12 clusters) yields 0.075. Division-year clustering (67 clusters) gives 0.086, and two-

way clustering by division and year-month produces 0.079. The coefficient remains

statistically significant at the 5% level or better under all clustering choices.

Table M.1: Standard error sensitivity to clustering level

(1) (2) (3) (4) (5)
Robust Officer Div-year Division Two-way

Number of crimes per officer,
current month

0.256*** 0.256*** 0.256*** 0.256*** 0.256***
(0.089) (0.092) (0.086) (0.075) (0.079)

Number of clusters — 1,908 67 12 12 × 63
Number of observations 11,850 11,850 11,850 11,850 11,850
R-squared 0.31 0.31 0.31 0.31 0.31

Note: All columns report the headline specification (column 4 of Table 1) with different standard
error clustering. “Two-way” clusters simultaneously by division and year-month. Coefficient is
identical across columns; only SEs differ. * p<0.10, ** p<0.05, *** p<0.01
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N Nonlinear Workload Effects

Our headline specification assumes a linear relationship between workload and with-

drawal. If the effect operates through a threshold — for example, if engagement quality

is unaffected until caseloads exceed some critical level — a linear model would aver-

age across a zero effect below the threshold and a positive effect above it, potentially

understating the marginal effect in the policy-relevant range.

We test for nonlinearity in two ways (Table N.1). First, we split the workload

variable at the median (6 cases per month) and estimate separate slopes below and

above it (column 2). The two point estimates are similar — 0.234 below the median

and 0.253 above — and a Wald test cannot reject their equality (F = 0.01, p = 0.93).

The slope above the median is estimated precisely, while the one below is not, since

most of the workload variation lies in the upper half; we therefore cannot distinguish

a constant marginal effect from one concentrated at higher caseloads. We adopt the

parsimonious linear specification, noting that the policy-relevant variation falls in this

upper range, where the effect is clearest.

Second, we replace the continuous measure with quartile dummies (column 3; Q1,

≤4 cases, is the omitted category). The estimated effect rises across quartiles and is

largest, and only individually significant, in the top quartile: 2.94 percentage points

for Q4, against 1.28 for Q2 and 1.24 for Q3. This is what a constant per-case effect

implies, not evidence of a steeper slope at high caseloads: the top quartile spans by far

the widest range of workloads — a mean of 19 cases, against 3 in Q1 — so it carries the

largest level difference even when the effect of each additional case is unchanged. The

four dummies are jointly insignificant (F = 1.05, p = 0.41), so this coarser specification

has little power to detect curvature in either direction, but it is consistent with the

linear estimate.
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Table N.1: Nonlinear workload effects

(1) (2) (3)
Linear Split at median Quartile dummies

Panel A: Workload effect

Workload (continuous)
0.256***
(0.075)

Workload ≤ 6 (median)
0.234

(0.255)

Workload > 6 (median)
0.253***
(0.083)

Q2 (5–6 cases) vs. Q1 (≤4)
1.282

(1.241)

Q3 (7–8 cases) vs. Q1
1.243

(1.179)

Q4 (>8 cases) vs. Q1
2.944*
(1.679)

Panel B: Tests

Wald test: equal slopes (p-value) 0.927
Joint F -test (p-value) 0.408

Number of observations 11,850 11,850 11,850
R-squared 0.31 0.31 0.31

Note: All specifications include crime, victim, and perpetrator controls, area, day, and month FE,
and officer and year FE. Column 1 reproduces the headline linear specification. Column 2 allows
separate linear slopes above and below the median workload (6 cases/month). Column 3 replaces
continuous workload with quartile dummies (Q1 omitted). The joint F -test in column 3 tests
whether Q2, Q3, and Q4 are jointly different from Q1. Robust standard errors clustered at the
division level in parentheses. * p<0.10, ** p<0.05, *** p<0.01
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