On Autoregressive Component of Crime Time Series

Kayvan Nejabati Zenouz*

2214 Dec, 2021

Abstract

Investigating patterns in crime numbers has been a topic of research for more
than a century. Naturally, results of such research will have crucial impact, not
least to effective policing, efficient allocation of resources, but ultimately can
lead to saving human lives. Multiple studies have established seasonal patterns
in crime numbers. However, a suitable minimal modelling framework for un-
derstanding and forecasting crime numbers has not been agreed upon. In this
paper, we study the time series behaviour of monthly crime numbers in the UK.
For the aggregate monthly crime numbers, we propose several suitable dynamic
linear models, with at most 6 parameter estimates, which explain over 82% of
variations in the data, provide robust seasonality indicators, and perform with
low mean absolute percentage forecasting error. Next, we validate the models
through residual analysis, investigate the relative importance of each parameter,
discuss the effect of pandemic, and make comparison to auto ARIMA models. Fi-
nally, we explore the applicability of our modelling framework to other datasets of
crime and to individual crime types and show that crime patterns acquire historic
behaviour proportionate to the number of crimes.
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1 Introduction 2

1 Introduction

Enhancing an economy while considering the restrictions on resources and the need
for constant maintenance of an orderly society mean that great efforts are required in
optimizing the allocation of resources; in particular when under provision of a certain
resource can also have devastating effects on human lives.

Efficient control and reducing the number of crimes in a society has been a topic
of utmost importance throughout the history, however, policing resourcing are as ever
either under strain, creating a need for optimisation, or a suitable allocation of these
resources can lead to further efficiencies being made, and thus benefiting the society
and enhancing the economy.

To this end, in order to provide sufficient policing, a sound understand of criminal
behaviour is needed, which has been carried through by the criminologists over the
centuries and with great care.

Recently, with the digital age and then the age of data, more and more criminology
researchers have begun to focus on learning from the data of crimes and to create
mathematical understanding of patterns they exhibit, with an aim to forecast future
events, and thus be able to allocate sufficient resources.

Over the past two decades, data has changed the way of human life and with it
we have developed sophisticated methods in creating meaning from large collection of
observations useful information which would have been lost in the past or gathered
without effective processing power.

Consequently, the aim of our manuscript is to add and strengthen the current lit-
erature in understanding variations of criminal activities over time through the use of
statistical analysis.

We discuss our first result from an ongoing investigations, which aims to understand
the patterns in data relating to the crimes recorded in the UK by different policing forces
and for each crime category and ultimately provide reliable long term forecasts.

Our main results show that dynamic linear models (DLM) of a certain kind, also
known autoregressive distributed lag (ADL) models, can suitably model the monthly
crime numbers and provide reliable forecasts. In partciular, we show that models with
at most 5 or 6 parameter estimates can be both statistically valid and provide signifi-
cant forecasting capability. We compare these to automatically selected autoregressive
integrated moving average (ARIMA) models and also apply our selected ADLSs to other
datasets to further test their modelling and forecasting features as well as validity.

Several questions remain as to why these particular models or choice of parameters
provide such powerful predictive ability. We go further to investigate if the proposed
model structures can form a valid framework for different categories of crimes and for
numbers recorded by different forces and show that aggregate crime time series can
acquire systematic behaviours whereas the constituent time series may not, however,
there is evidence that the aggregate crime time series with larger numbers overall are
composed of more systematic constituent time series.

The rest of the manuscript is organised as follows. In Section [2] we conduct a
literature review on existing and relevant previous studies. In Section [3| we provide a
summary of our main results and discuss the significance of our modelling framework.
In Section {4 we discuss the data used and provide visual information, and look at
the basic theory of ADL and ARIMA models. In Section |5 we discuss our modelling
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2 Literature Review 3

framework, choose a best one, validate it, and create forecasts for crime numbers using
several models for 20 months in the future. We shall also use apply our framework to
the crime dataset from Chicago and crime types data and discuss their applicability.
Finally, Section [6] we conclude our studies and discuss future related works.

2 Literature Review

Current literature in the usage and applications of ARIMA models as well as time series
decomposition in studying the temporal behaviour of crimes is relatively developed and
is known to fall into the category of predictive policing [KRAL20]. However, systematic
modelling procedures or governing best minimal models are often not agreed upon, or
not fully investigated for either the total or each category of crime.

One of the most relevant early studies is by [MLP12], where authors use a variant
of the classical time series decomposition in understanding seasonal cycles in crime
numbers on a dataset from 88 US cities covering years from 1977 and 2000. They
conclude all major crime rates have similar seasonal cycles. They also discuss the
advantage and disadvantage of using ARIMA models in studying the seasonality in
crime.

The authors use models with at least 12 parameter estimates and use the same
model for each category and each area. Their main investigation is not creating a best
model for a certain category, but to determine the seasonality characteristics of their
data, e.g., in which months the crimes are higher or lower.

More recently and with crime data in the UK the authors of [LDE21] investigated
whether the first lockdown has had an effect on the number of crimes for each category.
They use the R package forecast [HKO08] with automatically selected ARIMA models
based on minimizing AIC for each category of crime. They compare the forecasts from
the models to the observed data and show that in several categories forecast is higher
than the observed values, aiding them to suggest that the lockdown may have induced
a sharp, short-term decline in crime.

The authors do not study the details of each time series for each category of crime,
the mathematical significance of the models, or the statistical validity of their models,
they only use these models to arrive at their conclusions. Particularly, if such declines in
crime numbers is observed, how can we construct models which account for the decline
and produce reliable forecasts going forward.

In [CYS0§| authors study a dataset relating to property crime in one city of China.
Their results show that property crime x; over ¢ in weeks may be suitably modelled
with models of type

Ty = BO + Bll’tfl + € with € N(O, 0'2).

In this case the crime numbers is not seasonal, e.g., with 12 months periodic cycles,
which indicates that different categories of crime or data from other locations may
require different ARMIA modelling and have different seasonality behaviours.

The authors do not discuss whether this model applies to other categories of crimes.

In fact it would be useful to know if there is a natural clustering of crime types according
to the ARIMA models they are best described by.
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Related ideas are also discussed in [BZBT18] where the authors investigate crime
data for San Francisco, US, and Natal, Brazil. They divide the regions into subregions
and apply time series decomposition to crime time series for each subregion to produce
time series feature and ultimately arrive at a spatio-temporal forecasting for crime
numbers.

In [CCT16] the authors also apply auto ARIMA models to the number of crimes
in Chicago and create models with above 80% accuracy of forecasting for two years.
They consider the number of crimes per week and decide that the time series is best
modelled by ARIMA(1,1,1)(0,1,2)s,.

They do not consider modelling their data through distributed lag models or make
any comparisons. We note that although their ARIMA model fits the data fairly closely,
on forecasting it always overestimates. This is the issue with ARIMA models as they
do not naturally allow for a linear trend in their description, and their data in this case
does have a negative linear trend.

In fact, we apply our models and partially reproduce their results see Subsection
and also can account for the overestimation through ADL modelling. Furthermore,
auto ARIMA models do not often present an enlightening simple structure as they may
change with the modelling window.

Likewise, there are numerous other studies on the crime forecasting either through
other sophisticated methods, or only applying time series methods and use the results
and applications for example see [WYB719]. In [MWWT12] the authors use ADL models
to related drug related crimes to the usage of drugs.

3 Summary of the Results

We shall briefly discuss our main results in this section. Let us denote by C; the
aggregate number of crimes in all categories recorded over a particular month ¢ which
is in the range Jan 2014-Sep 2021. The time parameter is suitably translated into a
numerical value of

?
t=2014+ —, +1=0,...,92.
+ 127 ? ) Y

We assess several dynamical linear models (also known as autoregressive distributed
lag models [cf. [LST4]) for C; that fit the dataset particular well (see Section [j] for reasons
why). The main candidates we consider in this paper are

Cy = Bo + it + 201 + B3Ci—12 + & (
Ci = Bo+ Bit + BoCy1 + B3C 12 + BaCi13 + €& (
Ci = 0o+ b1z + 5201 + B3C 12 + BaCioa + B5Ct 05 + & (
Ci = Bo + Bit + B2Cy1 + B3C 12 + B1Ci24 + B5Ci 25 + € (

where ¢, ~ N(0,0?) for all £. In equation number (3) we set z = 0 if ¢ lies in Jan
2014-Feb 2021 and z = 1 if ¢ lies in Mar 2021-Sep 2021, the "lockdown” (after-)effect.
Then f; coefficients for ¢+ = 0, ..., 5 are estimated through maximum likelihood method
via dynlm [Zei09] package, Dynamic Linear Regression, of R.

Our results show that although 4 models above can be valid when fitting on the
dataset, equations number (3) and (4) seem to provide the best models with highest
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R?, above 82%, lowest mean absolute percentage trend error (MAPTE), at most 2.6%,
model (4) can be tested to show relatively low mean absolute percentage forecast error
(MAPFE) on a two years validation set, and they have low AIC in comparison to other
models.

We use a publicly available dataset on crimes in UK, excluding Manchester Police
Force (data for this force is missing since Jun 2019), to estimate the coefficients fy, ..., B5
for model number (4). Fitting the same models to the subset of data Jan 2014—Jun
2019, which includes Manchester, will have similar discussion. The coefficient estimates,
their significance, and their relative importance is given in the table below.

Table 1: Coefficient Information for Model of Type (4)

Coefficient Estimate  Std. Error t value Pr(>[t|]) Rel R?
Bo 11215834.289 4314213.761 2.600 0.012 -
b1 -5551.842 2147.330  -2.585 0.012 7.2
B2 0.597 0.091  6.578 0.000 37.2
B3 0.309 0.119 2.604 0.012 28.1
Ba 0.605 0.120  5.034 0.000 3.4
Bs -0.518 0.108 -4.813 0.000 6.6

Rel R? in the above table corresponds to what percentage of the variation in data
is explained by each parameter; the numbers are calculated from ANOVA table for the
model, a ratio of sums of squares corresponding to the parameter divided by the total
sums of square.

The significance of [3; indicates a declining trend in overall crime numbers, which
may be a result of the "lockdown” or maybe a genuine decline in crimes numbers as a
result of other factors or a combination of both.

The seasonality indicators are picked up by s, 83, 85, B4 according to their impor-
tance in the ANOVA. Rounding the estimates to one decimal place from Table [l above,
the equation creating the model trend is given by

Cy = 11215834.3 — 5551.8t 4 0.6C;_1 4 0.3C;_12 + 0.6C_24 — 0.5C;_95 + €.

In this case we had expected that crime to be yearly seasonal, so lag 12 is justified,
but it is not clear why the other lags are significant, particularly lags 1,25, or 13, or in
fact 24. We see that the model accounts for large cycles in data, for example high in
July to July by the coefficient of C;_15, and also month to month variations through the
coefficient of C';_;. The question remains if the other coefficients have significant inter-
pretations, may be excluded or not, or why lags of 24 and 25 are significant suggesting
two-year cycles in data.

We can fit the same model (4) to a subset of data for validation purposes. We can
use the modelling window Jan 2014—Sep 2019, keeping 24 months for validation data
(using this subset the 8; coefficient will no longer be significant as a parameter estimate,
however it will still carry significant weight in the ANOVA). Then forecasting from the
model we find the MAPFE is 3.4%.

Forecast stays close to the validation data. Here, (; is providing a decrease in
numbers at each month and including it for long therm may be unreasonable, although
it seems to perform well on the 2 years forecast. In fact fitting the model without linear
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4 Data and Method 6

trend to the data before pandemic (before Mar 2020) is both valid and has 89% value
for R? with 2% value for MATPE.

Hence, 31 seems to be indicating either a ”lockdown” decrease or a genuine decline,
or a combination of both, in crimes numbers, which seems to occurred just preceding
or around Mar 2020 (which may not also be easily modelled with an auto ARIMA).

The ADL models can be compared to auto ARIMA models, the comparison leads to
a better MAPTE for auto ARIMA, but lower MAPFE for ADL. Also the auto ARIMA
may change rapidly as the modelling window changes, whereas ADL can be kept the
same allowing one to gain a better theoretical understanding of the patterns involved.

Number of Monthly Crimes Training set and Model Number of Monthly Crimes Training set, Model, Validation, and Forecast

&
& Month
Month
ADL Forecast- ARIMA Forecast— Training
ADL Modele Training ADL Model < ARIMA Model = Validation

The ADL models on graphs above are produced by equations of type (4). Dashed
lines on the graphs indicate when the first Lockdown began Mar 2020. The auto
ARIMA in the right hand side is produced by an ARIMA(1,0,1)(1,1,0);2 which is
automatically selected to minimise AIC. See also [CCT16], ARIMA models tend to
over(under)estimate if there seems to be a trend in data. Trends or sudden changes in
data however can be accounted for by ADL models.

We further show that similar type ADL models can be compared to ARIMA models
for a crime dataset in Chicago and also for time series of different types of crime in
UK. In Section [5| we shall introduce the concept of historicity and show that crime time
series tend to acquire historic behaviour as described by model (4) more often as the
total number of crimes increase.

4 Data and Method

During the past decade data relating to criminal activities investigated by the police
in the UK has been gathered and made publicly available in |https://data.police.uk/|
The immediate available data corresponds to monthly records for crimes in 45 different
police forces where each police force records crimes for 14 different categories, the data
is monthly updated.

There is an archive for the past data, including it the range of available data is
Jan 2014-Oct 2021. The master dataset constructed by collating all the individual .csv
files contains 47,978,692 observations on 12 variables: Crime ID, Month, Reported by,
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4 Data and Method 7

Falls within, Longitude, Latitude, Location, LSOA code, LSOA name, Crime type, Last
outcome category, and Context.

Now one set of analyses may concern with understanding the number of crimes per
month for Falls within and Crime type, thus this results in 630 ”independent” time
series, 45 times series for all crimes numbers recorded by Falls within, 14 times series if
counted by Crime type, and a total time series of all Crime type and all Falls within. The
results of this paper are mainly on the data related to the latter time series. Subsequent
investigation then focus on any of the other time series.

Several concerns deserve to be mentioned in analysing the data above. First to
note is that, out of 45 police forces, Manchester Police Force, which records the second
highest number of crimes, has stopped providing data since July 2019. Similarly, West
Midlands Police, the third largest recorder of crimes has stopped providing data since
Mar 2021.

Number of Monthly Crimes for each Force
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50000

Numbers

30000

ﬁ}\\\ q>\\° L\}\\'1 »\W}\ L@f’

N ¥ @Ionth R >
-+ Avon and Somer -+ Dorset -e= Humberside -= North Yorkshire Surrey
-+ Bedfordshire -+ Durham -+ Kent -+~ Northamptonshi Sussex
- C -+~ Dyfed-Powys -+~ Lancashire -+ Northern Ireland Thames Valley
- -o- Essex -+ Leicestershire=~ Northumbria Transport
- -=- Gloucestershire -+~ Lincolnshire -+~ Nottinghamshire-+- Warwickshire
- a -=- Greater Manchest -+ Merseyside South Wales ~+ West Mercia
-+ Cumbria -=- Gwent -+ Metropolitan South Yorkshire -~ West Midlands
-+~ Derbyshire -=- Hampshire -+ Norfolk Staffordshire -+ West Yorkshire
-+ Devon Cornwall -= Hertfordshire -+ North Wales Suffolk -+ Wiltshire

Hence, we shall exclude Manchester Police Force in our analysis in Section |5 and
assume that lack of data from West Midlands Police has negligible overall effect, and
will not exclude West Midlands Police, however our analysis and models remains robust
with or without the inclusion of these forces. Other similar issues with data supply exist
but are negligible; for example, British Transport Police has data missing for Jan 2016—
Jan 2018. Authors of have discussed further details on the accuracy of the
data available in particular in spacial dimension.

The second issue is the possible drop, or not, in crime numbers due to lockdown and
pandemic, and if so how would the model provide useful forecast when the validation
set includes data from lockdown period. There seems to have been a change in the
numbers for different categories of crimes as also indicated by [LDEF2I], some raising,
anti-social behaviour or possession of weapons, and many falling, though on the total
crime number these seem to manifest as a smooth drop.
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4 Data and Method 8

There are essentially three distinct ways to fit a total model. This is because we
may assume that the effect of lack of data from Manchester Police Force or lockdown
effect cannot be neglected. Manchester Police Force has not provided data since Jun
2019 and we may assume the lockdown effect started in Mar 2020.

Therefore, one setting is to only use the data from Jan 2014-Jun 2019 so Manch-
ester can be included. The second setting is to exclude Manchester Police Force data
altogether, assume the lack of data from West Midlands Police since Mar 2021 is negli-
gible, also the effect of lockdown is natural and use data Jan 2019—-Sep 2021. The third
setting is to use data excluding Manchester from Jan 2014-Feb 2020.

Number of Monthly Crimes
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Time Series Decomposition, ARIMA, and ADL Models

There are various ways of understanding the behaviour of a time series, we shall briefly
review these without going into details. Let us consider a times series given by {z; :
t =1,..,n}. The classical time series decomposition splits the time series depending
on the whether it is additive or multiplicative through

=T, + S; + € or xp = T;.S,€,

into trend, seasonal, and error components.
Another way to understand time series is through autoregressive integrated moving
average (ARIMA) models. In this exposition an ARIMA(p,d, q)(P, D, Q),, is given by

$(B)®(B™) (1 — B)* (1 = B™” z, = § + 0(B)O(B™)w; with w; ~ wn(0, %)

where Bz, = x,_; is the backshift operator, p, P are the orders of the polynomials
o(B), (B™) respectively, ¢,Q are the orders of the polynomials 6(B),©(B™), the
positive integers d, D are coefficients of differencing respectively, m is the seasonality,
and 9§ is a drift parameter [cf. [SS17, p 140]. The values w; are usually taken as mean
zero white noise from a distribution with constant variance o?. Some examples, which
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4 Data and Method 9

are used in this paper, are given below.

ARIMA(1,1,1)(0,1,2)s52

(1-¢:B)(1=B) (1= B?)z;=(1—6,B) (1 - 6,B”+ 0,B") w,

ARIMA(1,0,1)(1,1,0)12

(1-¢:B)(1—®B"%) (1-B"?)z,=(1-6B)w,

ARIMA(2,1,0)(1,1,1)12

(1-¢1B—¢B%) (1-®B”)(1-B)(1-B%)z,=(1-06:B")w,

ARIMA(0,1,1)(2,1,2)12

(1-®B” - ®,B8*)(1-B) (1-B?) 2z, =(1-6,B) (1 — ©,B% — 0,8*) w,
The left hand side of these equations is called the autoregressive (of order (p, P)) process
and the right hand side is called the moving average (of order (g, Q)).

Alternatively, one may only study the autoregressive part of the time series or
investigate the effect of one time series on another. This can be achieved through
Dynamical Linear Models (DLM) or also known as Distributed Lag Models (DLM).

A basic dynamical linear model for two time series z;,z; with linear trend may be
represented by

xy = Bo+ it + PoTi—p, + Bolipy, + o+ Bl + N12—g + VoZimgy T VsZimgo T Wy
xy = Bo+ Pt + ZﬁiniIt + Z%’B%Zt + wy
i=2 j=1

for some (non-zero) coefficients f;,7; where ¢ = 0,...,7,j = 1,...;s. We may assume
O<p<pp<-<p<nand0<q <@ < - <¢qg <nand w, ~wn(0,0%) we
usually require w; ~ N(0, 0?) be i.i.d, independent and identically distributed.

For such series, or any times series with an autoregressive part, we may define the
(maximum) memory of z; by

M(-rt) = max(pra QS)
and the history intensity of x; by

H(x;) = Zpi + qu‘-
i=1 j=1

We see that M(z;) is the minimum length of data we need in order to construct one
piece of z; and H(x;) is the composition of the minimum historical information needed
in order to construct x;. Finally, we recall that the absolute energy of a time series is
given by

n

AE(z) =Y |,

t=1
As an example, for

Cy = Bo + it + B2Ci1 + B3C1—12 + B1C1—24 + B5Ci—a5 + €

we have M(Cy) = 25 and H(C}) = 62 and if C; is given by ARIMA(1,0,1)(1,1,0)2,
we have M(C;) = 25 and H(C;) = 75. If C; is positive, then AE(Cy) is the sum of
numbers C; for all t.
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5 Results and Discussions

We shall work for the remainder of this section mainly with data excluding Manchester.
We shall keep four months validation points so the training data is from Jan 2014-May
2021. The dashed black lines on the graphs show when the first lockdown started in
Mar 2020.

We note the number of crimes have been somewhat stabilising in trend, then during
the pandemic and afterwards they have decreased in smooth trend. It is not clear
whether there was a one off drop in the number of crimes during and after the lockdown
or the drop was linearly graded and continuing. A Mann-Kendall test for trend has
p-value of less than 0.05 indicating presence of a trend, however an augmented Dickey-
Fuller p-value of less than 0.05 shows that the time series is stationary.

In general the number of crimes seem to reach it’s peak in July and trough in
February as also studied by [MLP12] using a different dataset. However, there seems to
be local maximums in March and October, and local minimums in April and September.

Number of Monthly Crimes in UK Excluding Manchester Crime Numbers over Months

S « &

& IS
Month

2014 — 2016 — 2018 — 2020
Training » Validation 2015 — 2017 — 2019 — 2021

The autocorrelation function indicates most significant positive lags 1 and 12 and
perhaps 24, and partial autocorrelation function indicate negative significant lags at 13
and 25.
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We note that a classical time series decomposition would require around 12 parame-
ter estimates, and would be a method of modelling for this data, however we investigate
the models with smaller number of parameters which may even provide a better and
more elegant understanding of the data.

As such and partially informed by the ACF and PACF graphs, we look for autore-
gression distributed lag models of the kinds given by

Cy = Bo + it + B2Ci1 + B3C1_12 + €
Cy = Bo + bt + B2Ci1 + B3C—12 + BsCi13 + €
Cy = Bo + b1z + B2Ci—1 + B3C1_12 + B1Ci_o4 + B5Ci_a25 + €

(

(

(
Cy = Bo+ it + B2Ci-1 + B3C1-12 + BaCi24 + B5C1—25 + & (
where ¢, ~ N(0,0?) for all £. In equation number (3) we set z = 0 if ¢ lies in Jan
2014-Feb 2021 and z = 1 if ¢ lies in Mar 2021-Sep 2021, the ”lockdown” effect.

The coefficients 3; for 2 = 0, ..., 5 are estimated through maximum likelihood method
via dynlm package of R. We fit the models (1), (2), (4) with or without the linear trend.
We believe the effect of lockdown has created a significant decrease in numbers making
fB1 a negative estimate in all models and significant in all for the period ending Sep
2021. If the modelling period is changed to pre Mar 2021, then ; estimate will no
longer be of significance, although it will carry significant weight in the ANOVA.

A table summarising regression models information is provided below. The valida-
tion is done on 4 months and model (3) has been evaluated with z = 1 for forecasting.

Table 2: Comparison of Several Models

Model Trend Lagl Lag2 Lag3 Lagd R?> AIC MATPE MAFPE

(4) t 1 12 24 25 838 1431 2.52 1883
(3) z 1 12 24 25  83.6 1432 2.48 5.17
(4) - 1 12 24 25 819 1436 2.59 5.42
(2) t 1 12 13— 809 1724 2.80 6.18
(2) - 1 12 13— 802 1725 2.90 6.71
(1) t 1 12 - — 805 1750 3.00 7.97
(1) - 1 12 - — 788 1755 3.10 9.63

We see that the final two models (3) and (4) are the best out of the 7 and the
performance of these two is almost the same, except model (4) has lower forecasting
error on 4 months validation set. Both of these models have similar properties on the
training set and same validity. We have shown coefficient estimate for model (4) with
trend ¢ in Section [2| using the full range of data.

In short term forecasting for future numbers model (3) will give a one off drop for
the number of crimes for months after the pandemic rather than a continual decline in
crimes in time as given by (4), in longer term forecasting (4) may not provide reasonable
estimates as numbers will continue to decline to zero, however on two years forecasting
the decline is reasonably slow.

The coefficient estimate table for both models (3) and (4) with trend ¢ is given
below.
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Table 3: Model of Type (3)

Coefficient ~ Estimate Std. Error t value Pr(>[t|) Rel R?

Bo 40524.189  29129.053 1.391 0.169 -
B1 -16328.955 6579.747  -2.482 0.016 1.0
B2 0.568 0.100 5.695 0.000 43.8
B3 0.233 0.120 1.943 0.057 28.2
Ba 0.677 0.128 0.266 0.000 3.8
Bs -0.538 0.110 -4.893 0.000 6.8

Table 4: Model of Type (4) with ¢

Coefficient Estimate  Std. Error t value Pr(>[t|]) Rel R?
Bo 11170521.538 4282192.129 2.609 0.012 —
B -5532.836 2131.363  -2.596 0.012 9.6
B2 0.569 0.099 5.777 0.000 35.7
B3 0.319 0.121 2.641 0.011 30.3
Ba 0.615 0.125 4.929 0.000 3.3
Bs -0.492 0.117  -4.212 0.000 5.0

Model of type (4) can be applied to data pre pandemic whereas models of type (3)
cannot, so if we didn’t know the pandemic was coming, then in fact it’d be better to
use a model of the form (4). In the summery of our main result Sections [3| we have
shown the forecasting capability of models of type (4) when pulled back to earlier date
range.

We believe that models of type (4) are going to provide a better short term future
forecast. We shall validate model (4) and forecast for the next two years using several
different models.

The diagnostic checks show no major autocorrelations and obvious pattens on the
residuals. The Shapiro-Wilk normality test has p-value 0.72, no evidence for rejecting
the normality of residuals. Breusch-Godfrey test for serial correlation of order up to 24
has p-value 0.07, no evidence that heteroscedasticity is present in the residual. Finally,
Box—Pierce has p-value 0.2, so no evidence for rejecting the independence of residuals.

Further checks show no alarming major model violation of normality of residuals.
Providing some indication that the residuals are independent white noise from a normal
distribution with constant variance.
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5 Results and Discussions 13

Now depending on what we assume about the drop in crime numbers whether it
is lasting, i.e., z = 1 for the foreseeable future, or not z = 0, the forecast for overall
crimes numbers may take different looks as shown below.
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We have also plotted an auto ARIMA model, generated by ARIMA(2,1,0)(1,1,1);2.
Perhaps the assumption that the one off drop in the number of crimes being lasting is
not necessary realistic, we may argue that z = 0 is a better approximation. However,
by trying different validation sets, it appears that models with a linear trend or with
z and forecasting z = 1 perform better on forecasting. We have already provided a
forecasting graph for models of type (4) in Section [3| for a different validation set.

It is not immediately clear why the particular lags 1,12,13 or 1,12,24,25 provide
such a predictive capability. Crime is known to be seasonal, the main contribution
to the crime in UK by category is Anti-social behaviour which is seasonal, so we may
expect lags at 12 or 24 account for large variations, but it appears that lags 1,13,25
provide control over smaller variations.

In all models we have lags 1,12 which are the first and second largest contributors
in explaining the overall variability in data, however, lags 13,24,25 seem to provide
more accuracy in forecasting. We note that when lag 24 and 25 are present parameter
estimate for lag 13 becomes insignificant, hence it has been excluded in some models.

Note, the linear trend is providing a reduction in the number of crimes per month,
so it appears that the inclusion of trend helps with a downforce in forecasting, especially
recently with pandemic decrease, the parameter helps to explain significant variations
in the data, but the parameter estimate for trend may not always be significant as the
range of date for modelling changes.
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5.1 Comparison with Chicago Crime Data

We can apply the same model (4) to crime data from Chicago (data available in
https:/ /data.cityofchicago.org/), results shown below [cf. [CCT16]. Although the va-
lidity of model (4) here may be further investigated (after applying the model a large
lag is left in the residuals at lag 24) the model matching the data and forecast from
the model remain reasonable even for long periods and stay closer to the validation in
comparison to an auto ARIMA.

Number of Monthly Crimes Training, Model, and Forecast
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The ARIMA model is generated by ARIMA(0,1,1)(2,1,2);2. We note that, the
crime composition of data from Chicago is different to the UK; for example, in Chicago
the major contributor to crime is theft, whereas it is anti-social behaviour in the UK,
however, the graph above shows that the same ADL may have the capability to produce
reasonable forecasts for two completely different crime datasets. We note that here the
ARIMA model seem to produces the amplitudes better than the ADL in forecasting.

5.2 Models for Different Crime Types

We can apply our models to see how they fits for time series in UK split by crime type.
Note, it does appear that after lockdown the time series behaviour of several crime
types have changed; for example, see anti-social behaviour, criminal damage and arson,
or theft from a person.
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Number of Monthly Crimes for each Crime Type (Manchester Excluded)
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We apply our models to aggregate crime type time series data, excluding Manch-
ester, and data prior to lockdown, period Jan 2014-Feb 2020. An interesting question
for investigation would be how to model the effects of lockdown and produce reliable
forecast for after the lockdown period since there has been a noticeable change in the
behaviour of time series for certain crime types, as also discussed by authors in [LDF21].

In general we fit three types of models, without trend, with lags 1,12, 13 type one,
1,12,24, 25, type two, 1,12,13,24, 25, type three, and select the most suitable model
to each crime type. A summary of selected models is given below. In all these models
the coefficients for lags 1,12,24 are positive and 13,25 are negative. The lags selected
perform well in explaining the variations in data, almost comparable to auto ARIMA
in terms of mean absolute percentage error.

Crime Type L1 L2 L3 L4 L5 R? MAPE AE((E%) AutoARIMA MAPEA
Anti-social behaviour 1 12 13 24 25 94.2 3.5 9872507 (0,0,4)(0,1,1)[12] wd 3.2
Violence and sexual offences 1 12 13 24 25 97.3 2.4 8174551 (1,0,0)(0,1,1)[12] wd 2.0
Criminal damage and arson 1 12 - 24 25 58.4 2.9 3261576 (0,1,4)(0,1,1)[12 1.8
Other theft 1 12 13 - - 82.1 2.3 3064100 (3,1,0)(0,1,1)[12 1.7
Vehicle crime 1 12 13 24 25 84.5 2.6 2419141 (0,1,1)(0,1,1)[12 2.0
Burglary 1 12 13 24 25 76.2 2.6 2402495 (0,1,0)(0,1,1)[12 1.8
Shoplifting 1 12 13 - - 59.8 3.2 2122849 (2,1,0)(0,1,1)[12 2.1
Public order 1 12 13 - - 97.7 3.4 1743177 (0,1,0)(1,1,0)[12 3.0
Drugs 1 12 - 24 25 863 4.2 927043 (0,1,2)(2,0,0)[12 3.4
Theft from the person 1 12 13 24 25 87.5 4.3 540040 (2,1,0)(1,1,0)[12 3.6
Bicycle theft 1 12 13 24 25 92.4 5.4 538920 (1,0,0)(0,1,1)[12 4.1
Other crime 112 - 24 25 889 3.9 478145  (2,1,0)(0,1,1)[12 2.6
Robbery 112 - 24 25 947 3.4 388539  (0,1,1)(2,0,0)[12 3.3
Possession of weapons 1 12 - 24 25 92.2 3.5 204709 (0,1,1)(1,1,0)[12 3.3

These give further evidence on the tendency of crime time series to be explainable
by lags in the set {1,12,13,24,25}, though it is not clear why some time series have
one year cycle and for some others a two year cycle fits better. We note that all 14
categories of time series above can be modelled with significant lags only using 1,12, 13.
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5.3 History Intensity and Average Significant Lags

We may study the properties of the time series for each crime type further by studying
the constituent time series which make up the total time series for each crime type.
Note that time series for each crime type is the sum of time series over Falls Within
which has 45 different levels (including Manchester). In general, if a time series z; is a
sum of smaller times series say
m,n
Ty = Z I‘?]

1,j=1

so for each 7, j we have a time series x;”, and we can sum over 7 or j to have marginal
aggregates so
n m
i 4,3 J _ i,J
xt—g Ty anda:t—g 7.
] i

For example, in our this manuscript our aggregate time series is the sum of Crime
Type, say i, and Falls Within say j. To each :cij we can associate an auto ARIMA or
a dynamical linear model or just a best autoregressive component ARC (xij ) and thus
a memory M, ; = M(z}?) and a history intensity H;; = H(z}”).

Now suppose by a way of investigation we know that H;; € {a, ..., a4}, this is an
ordered set of positive integers. For each i we can count over j the number of time
series with H; ; = a, and let that number be n;,. Then create the weighted average

k
_1 N pQy
AH/L — Zf—l 2

Y

which shows the tendency of a time series to have longer memory intensity or have
constituent time series which had a higher tendency to have history intensity made of
{ag, ..., ap}.

Next we fit models of type 1,12,13 and 1,12,13, 24,25 to each of the individual
14 x 45 = 630 time series, and select the model in which average historicity is higher,
i.e., some of the significant lags is larger.

The result of this analysis in the current dataset shows that in general anti-social
behaviour and violence of sexual offences have constituent times series which are more
regular over Falls Within, whereas robbery and theft from the person have on average
less regular constituent time series.

Furthermore, it appears that AE;, the absolute energy AE; = AE(x!) of a time
series, has a positive correlation with AH;, with significant Spearman’s rank correlation
p = 0.646. In a regression we have

AH; = 12.18 + 0.00000266 AE; + € with € ~ N(0,02),

with R? = 83%. Therefore, the average historicity over sub-time series increases as the
absolute energy of the total time series increases, and also crime types may be organised
according to their average historicity values as seen on the left graph below.
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Average Historicity for each Crime Type Average Historicity vs Absolute Energy for each Crime Type
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In simple terms it means that as the total number of crimes increases, the historical
information afforded by the sub-time series increase. However, it should be noted that
the two largest type of crime, antisocial behaviour and violence of sexual offences, seem

to have a significant influence in creating this correlation as seen on the right graph
above.
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The graph above should the four time series for crime types with low AH and two
with high AH. The time series for crime types with higher AH should have more
regular seasonal constituent time series.

Repeating this procedure for Fualls Within produces similar graph, but a weaker
correlation. Note in investigating individual time series by crime type and force, data
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from Manchester can be included.

Average Historicity for each Force Average Historicity vs Absolute Energy for each Force
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Again this provides some statistical evidence that crime patterns acquire historic
behaviour as the number of crimes increase. The crime time series for four forces, two
from each extreme ends, is provided below.
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The city of London has the lowest crime numbers, and the pattern in its time series
is barely visible, on the other hand the rest of the crime time series have move visible
cycles.
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6 Conclusions and Future Work
We have tested the validity of an autoregressive distributed lag model of the type
Cy = Po + bit + B2C-1 + B3C-12 + BaCi24 + B5C1-25 + €

in explaining the variations is monthly crime numbers in the UK. The model is simple,
statistically valid, has a high R? value, and can provide reasonably low forecasting
errors. Most of the variation is absorbed by lags 1,12, and there seems to be a negative
trend after taking into account the contribution by lags when using the largest possible
modelling window.

We have compared our results from the models above to auto ARIMA models and
showed that ADL models can provide further degrees of flexibility in forecasting; at
the same time they can be robust, easier to interpret, and be kept fixed over datasets.
It is clear that for long term forecasting the auto ARIMA models tend to stay on the
same path without a trend, however ADL model can take into account sudden drops or
trends in data. We have tested the ADL model above on a crime dataset from Chicago
to show that it also preforms reasonably well and can account for trends where an auto
ARIMA may not.

This was the first step, as we have only modelled the aggregate numbers. The results
here goes to show that auto ARIMA models may not necessarily be the best option
when it comes to crime forecasting, one for their inflexibly in accounting for trends
suitably, but also they can rapidly change as the modelling window changes, offering
no overall understanding over the patterns.

Next we tested models of type

Cy = Bo + 52011 + BsCi—12 + BaCi_13 + B5C1—04 + BsCr_25 + €

in understanding the behaviour of sub-time series by crime type and by force and
showed that they can model the categories close to auto ARIMA models. It is not clear
that the same ADL model is valid for different categories of crimes or data from other
countries adhere to the same model. For example, it is certainty not the case that same
type of models perform as well for anti-social behaviour violence or drugs as for the
aggregate numbers. We have selected the best models using only the lags in the model
above for the all 14 categories of crimes type and further investigated into how crime
time series seem to acquire such seasonal behaviour.

The framework of this paper shows that a simple governing modelling structure
provides a significant understanding over crime times series and explains universal be-
haviours in these types of data. Although many questions remain, one possible next step
is to study what best models each category of crime, give also the effect of pandemic,
and produce reliable forecasts.
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