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Abstract

Despite decades of research considering police misconduct, there is still little consensus on officer characteristics
associated with misconduct, and best practice for detection and prevention. While current research focuses on the
correlates of misconduct among serving police, a small but growing body of research seeks to understand factors
that could improve the accuracy of vetting during the police recruitment process and thereafter. In the wake of
recent high-profile misconduct by police in the UK, there is a renewed focus on whether current vetting processes are
sufficient, and how they might be improved. The present research analyses data from the vetting of a sample of UK
police officers to consider whether current processes accurately identified which officers were high risk for miscon-
duct. Findings suggested that current vetting processes performed poorly at identifying officers at risk of misconduct.
However, police intelligence and criminal history data from the time of recruitment performed very well at identifying
which officers were high risk for serious misconduct later in their career. These findings hold important implications
for how police are vetted, and subsequently selected in the UK. In particular, the importance of integrating police
intelligence, and criminal records data into vetting processes.
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Introduction

Despite decades of research examining police miscon-
duct, there is still little consensus on the officer charac-
teristics associated with misconduct, and best practices
for detection and prevention. The relatively homogene-
ous nature of police, and the lack of variation in char-
acteristics and background, has made the correlates
of police misconduct difficult to elicit (Grant & Grant,
1996). However, as policing agencies have made data
more readily available, the characteristics of misconduct
prone officers have become more clear (Cubitt, 2021;
Cubitt et al., 2022; Gaub, 2020; Gaub & Holtfreter, 2021;
Huff et al,, 2018; Kane & White, 2009; White & Kane,
2013). Analysis of data relating to police misconduct is
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central to the development of effective misconduct pre-
vention processes within policing agencies. However,
at present, the police misconduct literature focuses on
information relating to serving police (eg. complaints of
misconduct, service length, use of force etc.), with lim-
ited research into vetting and recruitment processes.
The present research considers the process of vetting of
police, and examines the types of information that may
be useful in identifying applicants that are at higher risk
of serious misconduct.

Literature review

Characterising misconduct

Research that has considered officers after the point of
recruitment has identified several important characteris-
tics of misconduct prone officers. Despite being overrep-
resented among police, male officers appear more likely
to commit misconduct than women (Gaub, 2020; Greene
et al., 2004; Kane & White, 2009; McElvain & Kposowa,
2008; White & Kane, 2013). Recent research has noted
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that violent crime, financial, and alcohol-related crime
are known to occur among police (Boateng et al., 2021).
Regarding the private lives of officers, there are mixed
findings on whether single or married officers are more at
risk of misconduct; an important consideration given the
conventional wisdom that marriage is a protective factor
against misconduct (Kane & White, 2009; White & Kane,
2013) with recent research finding that divorce was pro-
tective among women (Gaub, 2020). Age of officers, more
specifically being older (Greene et al., 2004; McElvain &
Kposowa, 2008; Rojek & Decker, 2009; White & Kane,
2013) and obtaining some tertiary education (Kane &
White, 2009; Kappeler et al., 1998) are noted as generally
protective against misconduct. Although there is some
evidence to suggest more serious misconduct was equally
prevalent among older officers if they experienced career
stagnation (Cubitt et al., 2020).

Findings relating to the tenure of an officer are par-
ticularly complicated, with some research suggesting
that as tenure progresses, risk of misconduct increased
(McElvain & Kposowa, 2008; Micucci & Gomme, 2005;
Wolfe & Piquero, 2011), while elsewhere longer ten-
ure was found to be either be protective or feature little
effect (Kane & White, 2009; Simpson & Kirk, 2022). In
addition, a nonlinear effect of tenure has been suggested,
with risk high during the probation year, and the period
immediately following, before declining (Harris, 2014;
Stinson et al, 2012). These findings are further com-
plicated by whether misconduct is on-duty, using the
powers of a police officer, or oft-duty, with significant dif-
ferences in the behaviour of officers (Boateng et al, 2021).
The peer group of an officer may also have some sway on
the likelihood of misconduct, with some suggestion of
peer group effects (Quispe-Torreblanca & Stewart, 2019;
Wood et al., 2019; Simpson & Kirk, 2022).

Vetting and pre-recruitment correlates of misconduct

A small but growing body of research addressing organi-
sational characteristics and misconduct has touched
on the initial vetting of police. Huff et al. (2018) found
that “organizational characteristics including pre-hiring
screening, accountability mechanisms and community
relationships are associated with lower levels of agency
misconduct” suggesting that, at least to some extent,
agencies that employed a screening process were less
prone to misconduct. Employment characteristics—both
prior to joining the police, and while employed as a police
officer—are often important predictors of misconduct.
Prior to joining, those with any type of criminal his-
tory, record of discipline, or misconduct in prior careers
were more likely to commit misconduct (Donner, 2019;
Greene et al., 2004; Kane & White, 2009; Simpson & Kirk,
2022). Notably, where agencies employed a background
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investigator to screen applicants, a negative recommen-
dation from that investigator was a risk factor for mis-
conduct, but only within the first 2 years, after which the
effect diminished (Kane & White, 2009; White & Kane,
2013). General employment problems before becoming a
police officer also suggested a higher likelihood of com-
mitting serious misconduct (Greene et al., 2004; Kane &
White, 2009).

Vetting of police in the UK

In the wake of the murder of Sarah Everard by a serv-
ing member of the Metropolitan Police Service in March
2021, the Home Secretary of the UK commissioned His
Majesty’s Inspectorate of Constabulary and Fire & Rescue
Services (HMICERS) to inspect the vetting and counter-
corruption arrangement in policing across England and
Wales (HMICFRS, 2022). As a component, HMICFRS
considered the recruitment process, how recruit vetting
is undertaken, and decisions in response to information
received during vetting. The HMICERS found that, of
the 725 vetting files considered, 131 featured potentially
flawed decisions at the recruitment stage. The report
stated:

“We also found 131 cases where the decision [to
employ staff] was questionable at best. In these, we
found officers and staff with criminal records, or suspi-
cions that they had committed crime (including some
serious crime), substantial undischarged debt, or family
members linked to organised crime. In other cases, offic-
ers and staff had given false or incomplete information
to the vetting unit. We also found officers who, despite a
history of attracting complaints or allegations of miscon-
duct, successfully transferred between police forces. This
is wholly unsatisfactory.

In all these cases, forces had overlooked or downplayed
the matter and cleared the applicants, often without
any rational explanation for doing so. There were occa-
sions when sound vetting rejections had been over-
ruled, with dubious justification. We have concluded that
many aspects of police vetting need to be clarified and
strengthened” (HMICERS, 2022: p.1).

While vetting procedure is a considerable, and ongo-
ing issue within policing agencies, the weak evidence for
vetting practice leaves agencies with an unclear path to
remedy their processes. However, the HMICERS report
identified several important components of the vetting
process which require greater focus, including whether
criminal histories are considered with appropriate
weight, and whether police intelligence sources could be
used more effectively in vetting police. Building on this
report, the present research undertakes an exploratory
analysis to ask (1) using criminal history, and intelligence
information available to police, is it possible to predict
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which officers will commit an act of corruption? We then
consider the effectiveness of the vetting process by exam-
ining whether (2) the issues identified during vetting hold
a relationship with serious misconduct, and if they do,
whether the number of flags raised is an appropriate met-
ric for screening out applicants. Finally, using a sample
of officers who had committed serious misconduct, this
research considered (3) whether there were any typolo-
gies, or whether they were largely a homogeneous group.

Data for this research emerges from the vetting and
misconduct processes a policing agency in the UK,
for the purposes of this research the agency has been
anonymised. The threshold for serious misconduct con-
sidered here was the same as other literature in this
area, that an officer is found to have committed miscon-
duct that was sufficient to be considered for dismissal or
charged with a criminal offence (Kane & White, 2009;
White & Kane, 2013; Cubitt et al., 2020; Cubitt et al,,
2022). If an officer commits an act of gross misconduct,
a panel is convened to consider the facts of the miscon-
duct, and any mitigating submissions by the officer, and
then decides on the sanction to be implemented. For all
officers considered in the present research that commit-
ted an act of serious misconduct, the panel consideration
and sanction process had been completed.

Data description

This study employed a de-identified secondary dataset
featuring information on sworn police available at the
vetting phase of the recruitment process and thereafter.
Variables in these data included whether an officer had
received a substantiated complaint of serious miscon-
duct (binary variable), the age of an officer at the time
of recruitment (continuous variable), whether an indi-
vidual had transferred from a different police agency
(binary variable), the number of issues or flags identi-
fied during the vetting process (continuous variable), and
any conditions placed on the employment of that officer
after recruitment (binary variable). At the point of vet-
ting, questionairres are issued to the applicant to obtain
information that may inform a vetting flag, for example a
flag may be raised if an applicant discloses an association
with an individual that has an history of serious offend-
ing or are the subject of an active investigation. A con-
dition placed on an officer’s employment may include a
non-association clause, for example if an applicant is
associated with a known criminal, it may be that they are
offered employment with police on the condition that
they no longer associate with that individual.

Two further variables were included that described
information that was available to police at the time of vet-
ting, but was not considered during the vetting process
for these officers. These included a variable identifying
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the number of intelligence reports on policing databases
that related to each respective officer (continuous vari-
able). An intelligence report may be recorded when an
incident does not meet the threshold for a criminal
charge, but may be useful or important information for
officers; for example, that an individual may be known
to carry a weapon, or that they are a known associate
of organised crime. The final variable included in these
data was whether an individual had a footprint on the
Police National Computer (PNC) (binary variable), an
operational policing database that shares data across all
law enforcement agencies in the UK (Francis & Cros-
land, 2002). This variable described whether there were
any records on the PNC that related to each respective
officer at the time of recruitment. An incident that results
in a record on the PNC may be as minor as a road traf-
fic offence, through to a more serious criminal offence.
This was coded as a simple binary variable to describe
whether there was, or was not a record on the PNC relat-
ing to this individual.

Data were made available for the 7 years between Jan-
uary 2014 and December 2021. Across this time, 131
officers from this agency received allegations of miscon-
duct that were (1) substantiated, and (2) of the severity
that they resulted in a misconduct hearing. Of these,
data were available the 99 officers whose cases had been
finalised. The remaining officers were in some way still
involved in the misconduct process, via appeal, criminal
charge, or incomplete hearing. To provide an appropri-
ate comparison, the matching methodology used by Kane
and White (2009) and Cubitt et al. (2020) to study police
misconduct was replicated. Each officer that commit-
ted an instance of serious misconduct in these data were
matched to a randomly selected officer from their acad-
emy class that had not. This resulted in a matched dataset
of 198 de-identified officers, half of whom had commit-
ted a substantiated instance of corruption, in the 7 years
from January 2014.

Data limitations

Data entry error is a substantial limitation among polic-
ing agencies around the world. Data entry occurs manu-
ally by typically time-poor staff, resulting in large scale
inaccuracy (Helsby et al., 2018; Cubitt et al., 2020). Data
cleaning, and cross referencing was undertaken prior to
provision of these data to ensure that each feature refer-
enced against each officer was validated. For the purposes
of this research, it is assumed that there is equal confi-
dence in each vetting record, intelligence report, and
PNC report. Ultimately, each of these data emerge from
different sources, and there is no way for researchers to
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evaluate whether there are different degrees of confi-
dence in each.

Methodology

Given the amount of data available, and limited prior
research in this area, this research is best considered to
be a sequence of exploratory analyses. It was first impor-
tant to compare the available data. Summary statistics
were provided for each variable and a simple correlation
analysis was then undertaken. This correlation analysis
had two purposes, first to rule out collinearity for sub-
sequent modelling, and then to consider the basic rela-
tionship between variables. Given the differing structure
of variables employed here, a heterogeneous correla-
tion matrix was produced (Babchishin & Helmus, 2016;
Brown & Benedetti, 1977; McGrath & Meyer, 2006).

Logistic regression

While this was a smaller sample of officers, it constituted
a greater proportion of those that had committed seri-
ous misconduct in the agency considered than had been
available in prior literature (Cubitt et al., 2020). In recent
years, computational analytical methods have become
more common in examining deviance among police,
these have included network analytics (Wood et al., 2019;
Ouellet et al, 2019; Cubitt, 2021), and machine learning
analytics (Helsby et al, 2018; Cubitt et al., 2020; Jain et al.,
2022; Cubitt et al., 2022) to evaluate and predict miscon-
duct. However, neither the data structure or the intention
of the study were suitable for network analyses, while the
volume of the data did not lend itself to machine learn-
ing. In classification tasks machine learning modelling
often outperforms more traditional statistical techniques
when using high dimensional data; where the number of
covariates is large, relative to the sample size (Couronné
et al, 2018), that was not the case in the present research.

The logistic regression is a commonly employed statistical
method using police data (Gaub, 2020; Kane & White, 2009).
Given the sample size available, and the research ques-
tions, this research estimated a logistic regression using the
binary outcome variable of substantiated serious misconduct
among officers, and the previously described explanatory
variables. The intention of this analysis was to consider their
utility in predicting whether an officer posed an unaccepta-
ble risk of serious misconduct.

A Receiver Operating Characteristic (ROC) curve was
used to identify the accuracy of the logistic regression,
through the Area Under the Receiver Operating Char-
acteristic (AUROC) curve. The ROC curve identifies
the true positive rate of classification (y-axis), compared
with the false positive rate (x-axis) at any threshold value.
The AUROC, which we refer to in simple terms as the
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accuracy of the model, represents the probability that a
randomly selected case will be accurately classified.

At this point several validation exercises were under-
taken. Both supervised, and unsupervised logistic regres-
sions were computed using the same data structure to
identify the approach with strongest modelling perfor-
mance, but also to account for any potential overfitting.
Each model performed equally well in this task, we there-
fore report the unsupervised approach, to align with
prior research in this field. To validate the assumption
that the logistic regression was the preferred approach
due to the dimensionality of the data, a random for-
est was then computed using the same data structure,
with a 70% training and 30% testing set (Cubitt et al.,
2020). Model accuracy was compared with the logistic
regression by repeating the ROC curve procedure and
comparing the AUROC. A bootstrap test for statistical
significance between ROC curves was then implemented
to identify whether the difference between accuracy of
the logistic regression and the random forest were statis-
tically significant. These analyses were undertaken using
the statistical analysis software, R version 4.2.0, and the
‘randomForest, ‘dplyr, ‘pROC, ‘PerformanceAnalytics,
and ‘ggplot2’ packages.

Developing typologies - K-medoids

Several methodologies were considered for the devel-
opment of typologies. Given the number and structure
of groupings was unknown prior to analysis, neither a
discriminant function analysis, or supervised cluster-
ing methodology were useful. A latent class analysis was
considered, however, prior research has suggested that
machine learning clustering algorithms may outperform
latent class analyses with similar data (Brusco, Shire-
man & Steinley, 2017). As a result, the k-medoids clus-
tering algorithm was preferred for analysis. K-medoids
is particularly useful in uncovering the existence of
latent groups in complex data (Brennan & Oliver, 2013).
To satisfy the final research question, and uncover any
sub-groups among misconduct prone police, this analy-
sis only considered officers who had committed serious
misconduct, with the remaining officers set aside. The
k-medoids analysis was then implemented as an unsu-
pervised analysis. This analytical process required two
elements prior to analysis, a test of whether these data
were indeed clusterable, and knowledge of the optimal
number of clusters. To do this, the Hopkins statistic
was first computed. A Hopkins statistic of less than 0.5
indicates that the data are more clusterable than not,
however for these data to be meaningfully clusterable a
Hopkins statistic of less than 0.25, indicating a clustering
tendency at the 90% confidence interval, was preferred.
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To identify the optimal number of clusters (k) in
these data, prior to implementation of the k-medoids
algorithm, the elbow method was used. Put simply, the
elbow method groups data into a specified number of
clusters, from k=1 to k=10, and then computes and
presents the average quality of each cluster, allowing
decision on the most accurate model.

Once the number of clusters is specified, k-medoids
randomly selects and plots a centroid from data points
provided, it then iteratively develops clusters (Amer,
2020). The algorithm then recomputes the centroids
to best fit the clusters and repeats the process, thereby
refining the accuracy of the model (Amer, 2020). This
process is repeated until all data points remain in the
same cluster (Amer, 2020; Jain & Dubes, 1988).

To provide a visual representation of the clusters, a Prin-
cipal Component (PC) Analysis (PCA) was computed sepa-
rately. PCA was used to condense several variables into two
vectors, that best described the extent to which individuals
are similar or different. In the PCA cluster plot provided
here, the first and second PCs are selected, and plotted
on the x and y axes, titled Dim1 and Dim2 respectively. In
brackets, on each axis, the proportion of variance accounted
for by each PC is provided.

To assess the performance of k-medoids, the Sil-
houette coefficient was used to evaluate the quality of
clusters (Batool & Hennig, 2021). A silhouette coeffi-
cient is between -1 and 1 (Lleti et al., 2004), a negative
score indicates low confidence in the clustering, while
a positive score indicates that we can be confident in
the accuracy of data attributed to that cluster. This
analysis Analysis was performed using statistical anal-
ysis software R, version 4.2.0, and the ‘dplyr; ‘cluster;,
and ‘factoextra’ packages.

Table 1 Summary statistics for matched sample
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Results

Summary statistics and correlation

The mean age of recruitment marginally differed between
groups, with officers who committed serious misconduct
marginally younger at time of recruitment than those
who did not. Table 1 suggests that the serious miscon-
duct group exclusively did not transfer in from other
policing agencies, while there was a noteworthy rate of
prior policing experience among the comparison group.
Similarly, where conditions were placed on the employ-
ment of officers, these were exclusively in the comparison
group, with none occurring in the serious misconduct
group. However, the serious misconduct group featured
a higher rate of issues or flags identified during vetting,
intelligence reports, and a higher proportion were identi-
fied on the PNC at time of recruitment. To test whether
the serious misconduct group and the comparison group
were significantly different, Wilcoxon rank sum test, and
Chi2 test of independence were implemented respec-
tively depending on variable structure. Statistically sig-
nificant differences were found between groups in the age
at recruitment (p<0.05), number of police intelligence
reports (p<0.01), and presence on the PNC database
(p<0.01) variables.

The correlation analysis suggested that the relationship
between variables was limited. The most notable corre-
lation (Table 2) coefficient was between the number of
issues or flags identified during vetting, and a presence
on the PNC, and (r=0.46, p<0.01). Of the 198 officers
in these data, 116 were flagged as a potential risk dur-
ing their vetting, and of those that were flagged, 58 were
found to commit serious misconduct. While 8.08 percent
of the total sample featured a presence on the PNC, of
the 116 that were flagged during vetting, 13.79 percent
featured a presence on the PNC. Although these vari-
ables were not correlated to the extent that their rela-
tionship may influence modelling, it is important to note
that vetting processes that may raise flags appear entirely
independent of PNC and intelligence checks. To put it

Variables

Serious misconduct

Comparison group Full sample (n=198)

group (n=99) (n=99)

Serious misconduct (response variable) 100% 0% 50%
Age at recruitment (yrs.) 25.07 27.01 26.04
Sex

Male 84.8 859 859

Female 15.2 14.1 14.1
Transferred from another police agency (percent) 0% 18.18% 9.09%
Number of issues or flags identified during vetting (per officer) 1.19 0.86 1.03 (0-4)
Conditions placed on employment at time of recruitment (%) 0% 1.01% 0.51%
Number of police intelligence reports (per officer) 0.56 (0-6) 0.09 (0-3) 033 (0-6)
Presence on the Police National Computer database (%) 12.12% 4.04% 8.08%
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Table 2 Correlation matrix for data on serious misconduct by police officers

Corrupt conduct  — 0.15% —0.32%* 0.15%
Age at recruitment  0.13 —0.11
Transferred from —0.22%*

another police
agency

Number of issues or ~ 0.00

flags identified dur-

ing vetting

—0.07 0.27%* 0.15%
—0.06 0.00 —003
0.23** —0.10 —0.03
0.19%* 046**
Conditions placed —0.03 —0.02

on employment at
time of recruitment

" <0.05,**<0.01

differently, of the 82 officers who did not have flags or
issues raised during their vetting process, 20.73 percent
featured police intelligence reports, and exactly half went
on to commit serious misconduct.

Logistic regression

The logistic regression was estimated alongside the ran-
dom forest for comparison, each model attempted to
predict serious misconduct among these officers. The
prior assumption, that the dimensionality of the data
may result in the logistic regression outperforming the
random forest, held true. The logistic regression featured
an AUROC of 0.8086, outperforming the random for-
est, AUROC=0.7273. However, the difference between
the AUROC of these models did not achieve statistical
significance (p=0.158). An AUROC of greater than 0.7
is considered to represent a noteworthy prediction rate
(Grogger et al.,, 2021), while each model met this crite-
rion, the logistic regression appeared to be a particularly
strong prediction model, suggesting that the variables
included in these data were quite good at discriminat-
ing which officers would and would not commit serious
misconduct. The ROC curve for the logistic regression is
provided as Fig. 1, given that it outperformed the random
forest, this research proceeds in describing the findings
of the logistic regression.

The findings of the logistic regression (presented in
Table 3) suggested that the variables detailing prior expe-
rience as a police officer, and any conditions placed on
the employment of a recruit were not particularly useful.
These occurred so rarely among these data that they were

Number of police  0.12
intelligence
reports
Presence on the Police
National Computer
database
o |
< |
3
© _|
> S
z
85
3
~N
3
o |
3
T T T
1.0 0.5 0.0

Specificity

Fig. 1 Receiver Operating Characteristics Curve for logistic regression
predicting serious misconduct by officers (AUROC = 0.8086)

analytically unreliable. Three variables returned a statisti-
cally significant result, those were the age of an individual
at time of recruitment, the number of police intelligence
reports, and whether an applicant had a presence on the
PNC database. The effect of the age variable was mar-
ginal, however it suggested that as the age of an appli-
cant increased at time of recruitment, the odds that they
would commit serious misconduct marginally decreased.

The findings in relation to police intelligence hold-
ings, and whether a recruit had a presence on the
PNC were particularly important. These results sug-
gest that if there were intelligence reports relating to
an applicant, the odds that officer would commit seri-
ous misconduct were significantly greater than among
applicants who were not associated with any intel-
ligence reports, this effect increased as the number of
intelligence reports relating to the applicant increased.
Finally, recruits who had a presence on the PNC
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Table 3 Logistic regression estimates and odds ratios
Variable Log-odds SE OR
Age at recruitment —0.06 0.028 0.946*

Transferred from another police agency

No (ref)

Yes — 1759 914.742 0.00
Number of issues or flags identified during vetting —-012 0.165 0.888

Conditions placed on employment at time of recruitment

No (ref.)

Yes — 004 4060.556 1.041
Number of police intelligence reports 1.33 0407 3.773**
Presence on the Police National Computer database 1.33 0.771 3.790*%

" <0.05,**<0.01

database prior to joining were at notably higher odds of
serious misconduct. Findings for both of these variables
were statistically significant, suggesting that they may
be particularly useful in the vetting process for recruit-
ment and thereafter.

Typologies

The Hopkins statistic was computed to test the ten-
dency of these data to cluster. Here, the Hopkins statis-
tic returned 0.147, satisfying the threshold value of 0.25

0.5

0.44

0.3 1

0.2

Average silhouette width

0.14

0.01

meaning there was high confidence that these data were
clusterable.

Latent cluster quality and content
The elbow method was implemented (Fig. 2) and sug-
gested that clustering these data into two groups was
appropriate, with a mean silhouette width of 0.51.
Silhouette coefficients for each of the clusters were
computed and provided as Fig. 3. The two clusters were
similar in size, with the first comprising of 52 officers,
and the second comprising of 47. There was marginally
greater confidence in Cluster 1, returning a Silhouette
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Fig. 2 The elbow method to identify the optimal number of clusters
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cluster

.1
2

Fig. 3 Silhouettes for typologies of officers with substantiated allegations of corrupt conduct (mean silhouette width=0.51)

coefficient of 0.62, than Cluster 2 which returned a Sil-
houette coefficient of 0.39.

The characteristics the developed typologies

While the Hopkins statistic and silhouette coefficients
suggested that there could be confidence that these data
were clusterable, Fig. 4 identified that the differences
between groups were likely marginal. It is notable that
the first cluster featured younger officers at the time of
recruitment (see Table 4) who had a marginally greater
mean number of flags identified during the vetting pro-
cess. While the second cluster who were older, with a
mean age of 30.04 years, featured a marginally higher
mean number of intelligence reports on police databases,
and were marginally more likely to have a record on the
PNC database. Although these were discernable groups,
and suggest that there were some differences at the time
of recruitment, the differences were ultimately marginal,
and adhered to the assertion that officers who committed
serious misconduct were largely homogeneous.

Discussion

The evidence base for best practice in vetting police is
limited, however selection of the right officers is central
facet of agency legitimacy and corruption prevention. The
findings of this research held notable similarities to other
work considering misconduct among police. For exam-
ple, it is relatively established that officers with a criminal
history, record of discipline in alternate workplaces, or

prior misconduct at different agencies were more associ-
ated with misconduct (Donner, 2019; Greene et al., 2004;
Kane & White, 2009; Simpson & Kirk, 2022). These were
similar findings to those here, with records on police
databases associated with an increased likelihood of seri-
ous misconduct. Further, Kane and White (2009) and
White and Kane (2013) found that negative recommen-
dations by background investigators prior to employment
was associated with later career ending misconduct. This
is similar to the police intelligence data included in the
present study. Although it does not represent formal
criminal charges, it is an indicator of adverse behaviour,
that the present study has found to be a strong predictor
of serious misconduct.

This research principally set out to consider whether
criminal history and intelligence information available
to police offered an opportunity to improve vetting, and
whether the flags currently developed during vetting
appropriately identified high risk officers. Findings sug-
gested that flags currently used were negatively associ-
ated with serious misconduct among officers. In other
words, officers who did not have issues or flags identified
during vetting were more associated with serious mis-
conduct, than those that did, meaning that these flags
held little practical utility in assessing risk. These flags are
only used during the vetting process, they are not used
to implement ongoing monitoring, and therefore it is
unlikely that the presence of flags would influence offic-
ers to be less likely to commit misconduct after they are
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employed. These flags therefore appear to be poor metric
for decision making during recruitment.

In contrast to current vetting processes, police intel-
ligence databases and PNC records may be essential
sources of information when vetting applicants. Those
that featured in police intelligence records at the time of
their application were significantly more likely to com-
mit serious misconduct than those who did not. Simi-
larly, officers who had any PNC record at the time of
recruitment were also significantly more likely to com-
mit serious misconduct if they were recruited into the
police. These are important findings for the vetting and

recruitment of police, while current methods for flag-
ging officers did not appear to be effective, there is a clear
avenue to improving vetting and recruit selection using
police intelligence, and PNC records.

Finally, the typologies of officers developed through
application of k-medoids identified two clusters among
officers who committed serious misconduct. The prin-
cipal difference between these two groups was age, with
some officers being marginally younger, and some mar-
ginally older at the time they were recruited. The lack of
variation in the background, and characteristics of offic-
ers has, in the past, made characterising misconduct

Table 4 Summary statistics for developed typologies of officers who committed corrupt conduct

Variables Cluster 1 (n=52) Cluster 2 (n=47) Overall serious
misconduct group
(n=99)
Age at recruitment (yrs.) 20.58 30.04 25.07
Gender
Male 82.69% 87.23% 85.9%
Female 1731% 12.77% 14.1%
Transferred from another police agency (percent) 0% 0% 0%
Number of issues or flags identified during vetting (per officer) 1.23 1.15 1.19
Conditions placed on employment at time of recruitment (%) 0% 0% 0%
Number of police intelligence reports (per officer) 0.52 (0-6) 0.62 (0-6) 0.56 (0-6)
Presence on the Police National Computer database (%) 9.62% 14.89% 12.12%




Cubitt Crime Science (2023) 12:8

prone officers difficult (Grant & Grant, 1996). The find-
ings of this analysis supported the assertion that there is
often little material difference between these officers at
the time of recruitment. Here, they were found to be a
relatively homogeneous group.

When considering the vetting of recruits, HMICERS
(2022) provided a relatively simple explanation for why
the current system of flagging officers may be flawed, that
officers were required to proactively disclose their cir-
cumstances and, when doing so, they may provide “false
or incomplete information” (HMICEFRS, 2022: P. 1). The
present research found that officers who were flagged
during vetting were less likely to commit serious miscon-
duct. Using the logic of the HMICERS report, it is possi-
ble that this finding is an artefact of officers being flagged
during vetting simply because they were more honest
than those that were not. In other words, vetting flags
may, at least in part, be inadvertently measuring which
officers had a higher propensity for honesty, and there-
fore current vetting flags may in fact be associated with
more desirable recruits than undesirable. However, even
if this is the case, these flags did not appear to be robust
metrics for vetting decisions. Despite the poor perfor-
mance of current metrics, the findings of this research
support the assertion by the HMICEFERS, that there are
avenues to clarify and strengthen vetting at the recruit-
ment stage. The principal avenue to improve this process
is making police intelligence databases, and PNC records
a core component of vetting, with considerably greater
degree of hesitance in recruiting individuals with records
in either of these domains.

While current definitions of predictive policing focus
on the prediction of crime, often employing hot-spots
analytics, intended to impact and reduce crime volume
(Mohler et al, 2015), it is a similar task that is undertaken
here, instead focusing on the police themselves. There are
therefore similar drawbacks, and considerations to the
implementation of these approaches. Meijer and Wes-
sels (2019) noted that the implementation of these types
of analytics often lead to mixed results, ultimately sug-
gesting that analytical models are often less successful
when practically implemented. Further, it is important
to acknowledge concerns regarding transparency should
such modelling be implemented, and legitimacy among
officers either implementing or subject to the outcomes
of predictions (Meijer & Wessels, 2019). This raises the
importance of false predictions, both positive and nega-
tive. For example, while applicants with a PNC footprint
appear at higher risk for serious misconduct, that does
not mean that all of these applicants will commit an act
of serious misconduct. However, the opposite is also
true, the absence of a record does not ensure a sound
applicant. While these analyses may serve to inform and

Page 10 of 12

refine vetting processes toward greater accuracy, there is
nuance to the implementation, and the agency tolerance
to trade offs between false positives and negatives. Ulti-
mately, these findings may help aid in decision making,
but sole reliance on these variables is likely inadvisable.

Limitations

There were several limitations to this research. As pre-
viously noted, reporting was an important limitation,
however it is particularly important to note here as these
data represent a mix of reported police misconduct and
potential criminal offences. The ability to assess unre-
ported misconduct is limited, however it is likely that
the rates of misconduct are not representative of actual
rate of misconduct committed by police, here this means
that we likely underestimate the actual extent of seri-
ous misconduct as well. In addition to underreporting
misconduct, the underreporting of criminal activity is a
known limitation in criminological study. Two important
variables here related to intelligence, and criminal activ-
ity data held by police, each of which are likely subject to
underreporting. Further, there were several important
variables that were unavailable in the present analysis,
including officer education level, prior employment type,
and duty types undertaken across time. This research was
also not able to consider the type of serious misconduct,
for example whether it was a serious use of force or sex-
ual misconduct, only that it was serious misconduct, and
resulted in a hearing. Future research may benefit from
inclusion of these further variables relating to officers,
and the specific complaint type that was considered to be
serious misconduct.

Early steps were taken in this analysis to identify poten-
tial collinearity using correlation analyses, a validation
exercise was also undertaken to consider the possible
influence of overfitting in the logistic regression. How-
ever, we cannot rule out the influence of confounding
variables. As a result, we do not interpret these findings
with a view toward causality, but toward the relationship
they likely have as indicators of a propensity for serious
conduct.

There are several limitations to the use of k-medoids
in this research. The metrics employed to analyze
k-medoids can be influenced by outliers (Raykov et al,
2016). To address this, the number of clusters were opti-
mized using the elbow method to minimize the influence
of within cluster outliers. Finally, k-medoids assumes
that the number of clusters in the data is known prior to
analysis, this metric is used to evaluate accuracy (Raykov
et al, 2016). Given this research sought to identify latent
sub groups through clustering, this was not the case here.
This limitation was mitigated somewhat by identifying
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the optimal number of clusters and then validating the
cluster ensemble with the silhouette coefficients.

Implications & conclusion

The vetting of police is an exceptionally important avenue
for screening out unsuitable applicants before they go
on to obtain the powers and privilege afforded to sworn
police officers. The findings of this research hold impor-
tant implications for the way that vetting is undertaken,
and the relative importance of the information obtained
during this process. The current process of developing
flags during vetting to identify officers who may be a risk
did not appear to be effective. In fact, those that were
flagged during vetting were less likely to go on to commit
serious misconduct than those that were not. This find-
ing supported the report by HMICERS, which suggested
that the current vetting processes may not be accurate or
sufficient for the task undertaken. However, these find-
ings also suggested that the use of police intelligence and
PNC records may be promising. In totality, the present
study finds that greater consideration should be given
to whether an individual has a record on either of these
databases, than the information that is proactively dis-
closed during vetting. If an applicant features on either of
these sources, policing agencies should carefully consider
whether that applicant is suitable for the powers afforded
to a police officer.
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