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Abstract
Spatiotemporal patterns of repeat victimization in residential burglaries provide valuable 
insights for predictive applications, though they display increased complexity in large, het-
erogeneous environments. When the assumed homogeneous areas near prior burglary sites 
are diminished, the near-repeat pattern becomes restricted. This suggests that burglars may 
shift to other similar regions, driven by opportunity criteria aligned with criminal behav-
iour theories. Under this proposed strategy, certain target areas would remain consistently 
active throughout a burglary wave, leaving behind a detectable "hot trail" on heat maps. 
By applying Principal Component Analysis (PCA) with varimax rotation for dimensional 
reduction, we identified these "hot trails" as weighted groupings of cells, termed burglary 
constellations. Weekly series within these constellations exhibit non-random patterns, 
facilitating predictive modelling. The resemblance between cells and burglary profiles 
in each constellation, along with their spatial representation, offers significant informa-
tion to improve risk prediction and guide preventive policing strategies in large, diverse 
areas. These findings are consistent with recent criminological studies, suggesting a novel 
approach in predictive policing frameworks.
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Introduction

Overview

Predictive policing (Perry et al., 2018) has emerged as an evolving tool aimed at integra-
tion with other prominent policing strategies worldwide, such as intelligence-led policing 
(Ratcliffe, 2008), problem-oriented policing (Borrion et  al., 2020; Goldstein, 1990), and 
evidence-based policing (Brown et al., 2018; Sherman, 1998).

A few years ago, the concept of near-repeat victimization patterns (Farrell & Pease, 
1993; M. Townsley, 2003; Pitcher & Johnson, 2011), along with the flag and boost hypoth-
eses applied to residential burglaries (Farrell & Pease, 2017; Tseloni & Pease, 2003), have 
inspired the development of initial mathematical and statistical models (Mohler et  al., 
2011; Short et al., 2008) and predictive policing software such as “PRECOBS” and “Pred-
Pol” (“PRECOBS Ifmpt—Institut Für Musterbasierte Prognosetechnik”; “Predict Crime | 
Predictive Policing Software | PredPol”). These near-repeat patterns helped define high-
risk areas with elevated chances of repeat incidents following prior burglaries, prompting 
an increase in police presence under the “hot spots” approach, or"put cops on dots"strategy 
(Braga et al., 2019b).

Despite years of trials and implementations, the results have often fallen short of expec-
tations (R. A. Berk, 2021; E. Groff & Taniguchi, 2019; Chainey et al., 2018), leading to 
significant criticism. Some researchers highlight that spatiotemporal patterns are frequently 
presented with minimal theoretical backing, lacking criminological context (EUCPN, 
2017; Kaufmann et  al., 2019). Others emphasize that predictive models can be difficult 
for both officers and the public to understand, raising issues in evaluating their fairness 
and effectiveness (Bennett Moses & Chan, 2018). Additionally, concerns have been raised 
about the limited guidance these models provide for officers on responding to high-risk 
predictions (Ridgeway, 2018), leading to critiques on transparency, potential biases, and 
ethical implications.

From an operational perspective, predictive policing presents several challenges, includ-
ing the need for intensified police presence at specific locations and times, often requir-
ing sustained focus over days, weeks, or longer, and significant allocation of resources. 
This strategy is demanding and necessitates a cultural shift, which may encounter resist-
ance from local police forces due to their reliance on established experience, practices, and 
intuition rather than guidance from a predictive’machine’(Kaufmann et al., 2019; Bennett 
Moses & Chan, 2018).

Despite recent criticisms and the lack of consensus on optimal methods and applica-
tions, research and development in this area persist, yielding a steady stream of new 
proposals.

Literature Review – Optimal Foraging Theory

Optimal Foraging Theory (OFT) (Charnov, 1976; MacArthur & Pianka, 1966), as applied 
to criminal behaviour (Bernasco, 2009), helps explain near-repeat patterns (Johnson et al., 
2009) and may also account for distant crime clusters perpetrated by the same offenders. 
When dealing with serial criminals, the logic of optimizing risks, costs, and benefits pre-
sumably drives them to operate across different territorial areas (or’patches,’in the termi-
nology of Optimal Foraging Theory). Repeatedly targeting a single area diminishes its 
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most attractive opportunities and heightens the risk of detection; therefore, shifting to new 
zones for continued near-repeat burglaries becomes an optimal strategy (Summers et al., 
2010; Halford, 2023a; Johnson, 2014). This behaviour is further enabled by environmen-
tal heterogeneity, which disperses potential targets and complicates the burglars’awareness 
space, resulting in a broader set of victimized zones that adhere to near-repeat patterns.

The metaphor of the animal world derived from OFT offers appropriate concepts to 
explain the described criminal behaviour (Bernasco, 2009; Vandeviver et al., 2023). The 
search for suitable patches to feed, the limited availability of such resources, and the need 
to manage energy efficiently—all while avoiding detection by predators—are crucial 
elements in foraging behavior. Deciding when to abandon a patch and move to another, 
assessing its suitability, and weighing the time and effort required for that movement in 
pursuit of optimal outcomes are equally important. Prior experience and learned knowl-
edge play a key role in shaping these decisions, as does the nature of the environment—for 
instance, whether food is abundant or patchily distributed. These considerations closely 
mirror the patterns observed in the behaviour of serial burglars (Halford, 2023a; Johnson, 
2014). In this comparison, the police play the role of the predator, criminals are the prey, 
and their suitable targets (or victims) are the resources, which, in the case of burglaries, 
are assumed to be located within neighbourhoods—representing the patches—embedded 
within larger regions, which function as the habitats.

In ecology, mathematical models have been developed to describe predator–prey inter-
actions (Lima, 2002), the optimal allocation of energy to a patch before abandoning it—
such as in the Marginal Value Theorem (MVT) (Charnov, 1976) or the concept of giv-
ing-up rate (Halford, 2019)—and the most efficient movement strategies across territory, 
including random walks and Lévy flights (Johnson, 2014; Vandeviver et al., 2023). From 
the perspective of mathematical optimisation, three key elements emerge. In criminolog-
ical terms, these correspond to: decision, referring to whether the offender continues to 
operate in a given area or moves elsewhere; currency, understood as the “energy” or capac-
ity of the burglar to continue offending while evading detection and accumulating loot; and 
constraints, which include the availability of suitable targets, the level of security of homes 
and neighbourhoods, and the presence of law enforcement.

Relying on this framework, we argue that OFT can offer a reasonable explanation for 
the criminal behaviour of serial home burglars and for the geographic dispersion of non-
overlapping hotspots. However, we also highlight key differences in the strategies ulti-
mately adopted by serial burglars, which may diverge from the more’animal-like’logic tra-
ditionally associated with OFT.

Also, certain limitations of the OFT and the rational choice perspective (Clarke & Cor-
nish, 1986) add complexity to this model. Although these frameworks explain aspects of 
criminal behaviour, offenders’decision-making is also shaped by intuition and subjective 
rewards (Rossmo & Summers, 2022). Moreover, rationality and risk perception may be 
distorted by the influence of drugs and alcohol (Rossmo & Summers, 2022) or by emo-
tional factors (Van Gelder, 2013).

This study aligns with research advocating for expanding spatial scales in predictive 
policing, transitioning from microscales to broader, larger-scale approaches (Taylor & Rat-
cliffe, 2020). In this broader perspective, the spatial unit to be determined is no longer 
merely a concentric area (such as a square or circle) but rather a network of interconnected 
spaces. Mathematical and statistical models should evolve to accommodate this added 
complexity, thereby reflecting a more realistic scenario. While predictions may become 
less certain or more indeterminate, they should also gain in utility and better align with the 
common sense, intelligence, and expertise of on-the-ground police forces.
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Research Aim and Hypothesis

Within this framework, this research aims to introduce a novel approach for predicting 
burglaries in Catalonia, where near-repeat victimization models (Farrell & Pease, 1993; 
M. Townsley, 2003) have shown limited applicability (Boqué et al., 2020, 2022). These 
limitations relate to the heterogeneity of residential areas, which are typically small and 
dispersed. This distribution compels criminals to spread their activities across multiple 
areas, either nearby or farther afield.

In Europe, criminal groups involved in burglaries are often internationally composed, 
displaying complex organizational structures and high specialization, with significant 
mobility and itinerancy (Wollinger et al., 2018). Studies on crime journey patterns high-
light various factors that explain why these distances can be relatively long, support-
ing this view with similar arguments. There is broad consensus that specialized groups 
undertake longer journeys to reach areas deemed favourable for burglaries (Van Daele & 
Vander Beken, 2009; Van Deviver et al., 2015). They may target dispersed areas within 
a single operation on the same day. The decision-making process typically involves 
scouting the area a few days in advance, selecting locations based on environmental 
factors, and applying knowledge from previous burglary experiences. Once in the cho-
sen area, they then decide on the specific residence to target (Nee, 2015; Vandeviver 
et  al., 2015). These groups tend to travel via major roads, such as motorways or dual 
carriageways, aiming to offset the added costs of longer journeys with a reduced risk 
of detection and the expectation of higher-value hauls. In remote residential areas, they 
consider that social control is minimal, and they are less likely to be recognized by local 
police (Wim Bernasco & Nieuwbeerta, 2005). Studies also suggest that repeat victimi-
zation remains a viable pattern for explaining the formation of distant crime clusters, 
with criminal groups acting serially, alternating between periods of intense activity and 
inactivity. This inactivity is often justified by the expectation of larger hauls resulting 
from this operational strategy (Michael Townsley & Sidebottom, 2010).

Research further indicates that most near-repeat burglaries are committed by pro-
lific offenders, frequently sharing the same authorship (Wim Bernasco, 2008; Ber-
nasco et  al., 2015; Johnson et  al., 2009). An extension of this hypothesis, within the 
OFT framework, is proposed to explain distant clusters that are repeatedly victimized 
simultaneously.

This perspective supports the notion that each burglary within these distinct areas or 
clusters could be viewed as a replica of the broader criminal initiative, fitting into a unified 
spatiotemporal pattern. It is plausible to assume that environmental heterogeneity reshapes 
the offenders’awareness space (Brantingham & Brantingham, 1995; Wim Bernasco & 
Nieuwbeerta, 2005; Curtis-Ham et al., 2020), generating a more intricate’mental map’with 
dispersed areas across a wide territory that are attractive targets for burglaries. Addition-
ally, this map would include access routes and the optimal modus operandi for each loca-
tion, influenced by the burglars’personal experience and possibly that of other groups (Far-
rell & Pease, 2017; Lantz & Ruback, 2017). Once an area is chosen, offenders select a 
specific residence, often near or similar to previous targets, thus adhering to near-repeat 
victimization patterns (K. J. Bowers, 2005; M. Townsley, 2003).

Within this extensive and intricate network, the spatiotemporal pattern connecting all 
burglaries is referred to as the’all-in-one spatiotemporal repeat pattern’(Fig. 1), which 
integrates near-repeat, shift, and co-occurrence patterns. These all-in-one repeats are 
likely to persist for several weeks, as observed in near-repeat patterns.
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Figure  1 illustrates the’all-in-one’repeat pattern, hypothetically representing 35 home 
burglaries over a three-week period. During week 1, burglaries are dispersed without evi-
dent concentrations. In weeks 2 and 3, a similar spatial distribution appears, showing initial 
clustering involving only two or three close-by burglaries. However, when the three weeks 
are mapped together, four relatively small areas clearly emerge, each repeatedly burglar-
ized and containing 25 of the total 35 burglaries (71%). The all-in-one repeat pattern is 
typically identified only at the end of a burglary streak, making it challenging to detect 
while in progress. Preliminary analyses, such as those presented in this study, are neces-
sary to identify this pattern and use it for preventive purposes. If an effective prevention 
plan had been implemented in the four areas after week 1, the burglaries in weeks 2 and 3 
within these high-concentration zones could potentially have been prevented, amounting to 
18 home burglaries, more than half of the total incidents.

The all-in-one patterns emerge only when repeated multiple times, indicating that the 
same areas are activated and deactivated in parallel throughout the analysis period. If 
detected, these patterns are labelled as’constellations,’supporting the hypothesis that a sin-
gle criminal group is responsible for the burglary streak within each constellation.

Despite these insights and hypotheses concerning criminal behaviour, this study’s data 
are exclusively spatiotemporal, meaning that details related to the criminal acts themselves 
cannot be corroborated and remain as explanatory hypotheses. Nevertheless, it is deemed 
both appropriate and necessary to relate available criminological theory to explain the 
observed patterns.

This article culminates a series of studies exploring the feasibility of predicting home 
burglaries in Catalonia. Two prior studies have been published. In the first (Boqué et al., 
2020), near-repeat victimization patterns were analysed, revealing limited detection at the 
microscale but significant detection at the macroscale. A 5 km grid was used to segment 
the territory, confirming the non-randomness of weekly burglary patterns, which enabled 
prediction within certain cells meeting specific criteria. In a subsequent study (Boqué 

Fig. 1   Illustration of the “all-in-one” spatiotemporal repeat pattern
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et al., 2022), one of the most advanced current prediction methods, the Integrated Nested 
Laplace Approximation (INLA) method, was applied. This method facilitates the resolu-
tion of models with both spatial and temporal dependencies. Starting from a microscale 
approach, using cells ranging from 100 to 500 m, the weekly predictive model proved 
more comprehensive and precise than previous models. However, it revealed that burgla-
ries exhibit both short- and long-distance dependencies, which cannot be fully captured 
by a single model. Models optimized for short distances employ a continuous approach, 
whereas models for long distances require’jumps’and become discontinuous or discrete. 
Building on the previous two studies, this third article proposes a model to account for 
dependencies between burglaries in distant areas, supporting the notion that this may be 
the most effective approach for predicting and preventing home burglaries in geographi-
cally heterogeneous environments, such as Catalonia.

Data and Methodology

Data Setting

Catalonia is a region in Mediterranean Europe, located on the eastern coast of the Iberian 
Peninsula and occupying 5.5% of its land area. It is bordered by the Pyrenees and France to 
the north, the Mediterranean Sea to the east, and Spain to the south and west.

The territory is divided into nine police regions (Fig. 2), each comprising several Basic 
Police Areas (ABP), which are the primary policing units defined by geographical and 

Fig. 2   Police Regions (PR) of Catalonia
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operational criteria and often include multiple municipalities. These regions are geographi-
cally diverse, with the Barcelona Metropolitan Police Region being predominantly urban, 
while the Western Pyrenees Police Region is mountainous and sparsely populated with 
small villages.

The North Metropolitan Police Region (NMPR) (Figs. 2 and 3) was selected for detailed 
study. This region accounts for nearly a quarter of all burglaries in Catalonia and exempli-
fies the environmental heterogeneity of the area.

Covering 1,864 km2 and home to 2.2 million residents, this region encompasses diverse 
areas, including Barcelona suburbs, densely populated towns, extensive industrial zones, 
major motorways, coastal residential and tourist areas, numerous housing estates, as well 
as medium-sized towns and rural regions with scattered villages.

The data used in this study consist of reported forced-entry burglaries in Catalonia for 
the years 2017 to 2019 (see Appendix, Fig. 7), provided by the Catalonian Police Force 
(“Generalitat de Catalunya – Mossos d’Esquadra—Portal Dades Obertes,” n.d.). Each 
report includes UTM coordinates, a time window (usually within a day) during which 
the burglary likely occurred, the type of residence targeted (flat, terraced house, detached 
house or farmhouse), and whether it was a primary or secondary residence.

Methods

The analytical framework for studying these burglaries involved: (1) dividing Catalonia 
into 5 km square cells and weekly time intervals, (2) identifying clusters of cells experi-
encing victimization within the same weeks, (3) analysing the weekly burglary time series 
associated with these clusters, focusing on their non-random properties, and (4) proposing 
a new framework for understanding spatiotemporal burglary patterns based on repeat vic-
timization and a novel predictive algorithm.

Burglary coordinates were projected onto a 5 km grid, analysed by weekly series. In 
2019, burglaries occurred in 79 NMPR cells, with 52 selected for this study based on a 
weekly coefficient of variation (CV) over 0.6 and a weekly average above 0.3, thus 
avoiding excessive global variability from cells with few incidents. These selected cells 

Fig. 3   Map of the North Metropolitan Police Region (NMPR)
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contained 6,692 burglaries, representing 95.8% of all incidents in the region (the remaining 
4.2% were located in the 27 cells not included in the analysis).

Principal Components Analysis (PCA) (Pearson K. 1901; Jolliffe, 2002) was used to 
study the weekly activation patterns across cells, where the variables were the number of 
burglaries per week in each of the 52 selected cells, with 51 values for each week of 2019, 
Cellt

i
= (Bi,1,… ,Bi,51)

t t,i = 1,… , 52 . (Fig. 4).
This data structure aligns with the approach by Berk and MacDonald (R. Berk & Mac-

Donald, 2009) which examines spatial–temporal relationship between several attributes. 
However, here the sole variable is the number of burglaries, with the PCA objective being 
to identify similar temporal profiles among cells.

PCA is a flexible, non-parametric method with minimal data requirements, though 
it assumes independence of observations. Temporal or spatial dependencies may dis-
tort results, creating false correlations. Here, the 5 km cell size largely mitigates spatial 
dependency effects associated with near-repeat patterns, allowing focus on distant correla-
tions between cells. Any correlation that the PCA finds between cells is due to the temporal 
profile of the burglaries.

Beyond the results obtained, once the sets of cells frequently targeted by burglars are 
identified, further explanations can be sought using variables not included in the PCA 
method, such as the geographical profile of the cells or the presence of highways that may 
connect them efficiently.

While absolute criteria are not established, it is generally accepted that if the sum of the 
variance percentages of the principal components exceeds 70% of the total variance, these 
components provide an adequate representation of the overall variance and, by extension, 
the underlying problem or model under study. This threshold is often reached with only a 
few components, allowing the remaining components to be discarded.

For the selected components, the coefficients assigned to each of the 52 cells stud-
ied—also referred to as weights—can be interpreted as indicators of the strength of the 
relationship between each cell and the temporal profile represented by the component, 
proportional to their correlation. These weights may be positive or negative, reflecting 

Fig. 4   Spatiotemporal data matrix (weeks x Cells)
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the direction of correlation with the temporal profile and indicating the most representa-
tive cells for each component in either direction. Cells with near-zero or low absolute 
values contribute minimal information and can be discarded. Among the remaining 
cells, a pattern generally emerges: when there is a high burglary count in cells with pos-
itive weights, there tend to be fewer burglaries in cells with negative weights. This indi-
cates that both sets of cells convey similar information in opposite directions. Therefore, 
in this study, only positive weights are considered, with each component represented by 
a limited number of cells.

To streamline the cell selection process, varimax rotation was applied to minimize 
the number of high-weight cells within each component, improving interpretability. 
This approach yielded’burglary constellations,’representing primary weekly burglary 
activation patterns in the NMPR and associated cell groups likely to experience concur-
rent victimization.

It is important to note that this simplification process preserves the independence of 
the components, even though the correlation between them will be very close to, but not 
exactly, zero. This is because the few cells that may be shared between two components 
are not those with the highest weights in either component.

A burglary in a constellation with *n* cells is defined by a burglary in any constitu-
ent cell, with the total burglaries being the sum across all cells. Constellations thus rep-
resent spatial areas with repeat victimization patterns, providing predictive insights.

To this end, the non-randomness of the weekly series was analysed by transforming 
the weekly burglary counts for a constellation into a binary series of zeros and ones, 
then applying the runs test. Initially, the mean value serves as the threshold or activation 
level: if the number of burglaries is equal to or greater than the threshold, a value of 1 is 
assigned; if lower, a value of 0 is assigned. Using this binary series, the runs test is then 
applied, which can yield one of the following outcomes (with an associated significance 
level): a random series, a non-random series due to an excessive dispersion of zeros and 
ones, or a non-random series due to excessive clustering of zeros and ones. This process 
is repeated for each constellation, using not only the mean as the threshold but also val-
ues slightly above and below the mean.

To validate predictive capability, various activation and deactivation rules for con-
stellations were tested (Table 1) using historical data. For instance, one rule could be 
to activate a constellation during any week in which the number of burglaries exceeds 
the previous year’s weekly average for that constellation, and to deactivate it when the 
number of burglaries falls below this average. In this framework, activating a constel-
lation serves as a prediction that burglaries will remain above average in the following 
week; if this occurs, the prediction is considered successful. Conversely, deactivating 
a constellation implies a prediction of below-average burglaries in the following week.

To conclude, the general probabilistic framework for burglars’decision-making is out-
lined, based on the hypothetical assumption of an all-in-one repetition pattern scenario:

Table 1   Possible rules for 
activation and deactivation of the 
constellations

Activation rule Deactivation rule

Rule 1  > µ  < µ
Rule 2  > µ—σ/2  < µ—σ/2
Rule 3  > µ + σ/2  < µ
Rule 4  > µ + σ/2  < µ—σ/2
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Within the framework of near-repeat victimization and the spatiotemporal point pro-
cesses (Diggle, 2005), we assume that the random variable X, representing the total 
number of burglaries committed by a burglar or a group of burglars within a speci-
fied period in a specific area ( Z1) , follows a Poisson distribution, X ∼ Poiss(λ) , where λ 
denotes the weekly burglary intensity (Boqué et al., 2020).

In the new context of constellations, after a criminal group decides to initiate a wave 
of burglaries within the region, they select specific areas to target (“patch choice” in 

terms of OFT) using a lottery model, such as 
(

Z1 Z2 … Zn

p1 p2 … pn

)

 where Zi represent the 

areas within the constellation and pi denotes the probability of each area being chosen, 
with 

∑n

1
pi = 1 . If Yi denotes the number of burglaries committed by this burglar or 

group within areaZi , then the conditioned distribution Yi∕X = k follows a binomial dis-
tribution with parameters k and  pi . It can be demonstrated through a straightforward 
calculation (Appendix, Lemma), that the number of burglaries in area Zi follows a Pois-
son distribution with a parameter equal to λpi, that is, Yi ∼ Poiss(λpi) . Therefore, within 
each region Zi , the probabilistic framework would align with near-repeat victimization, 
with an intensity proportional to the probability of the group selecting it.

Conversely, by the additive property of the Poisson distribution, the total number of 
burglaries committed by the same criminal group across all selected areas follows the 
Poisson distribution 

∑

Poiss(�pi) = Poiss(�) ∼ X . That is, the group’s overall intensity 
is recovered.

In the case of constellations, as they are extensive areas with a high burglary fre-
quency, the Poisson distributions can be well-approximated by the normal distribution.

This approach positions the proposed model as a natural extension of the near-repeat 
victimization framework within a probabilistic context. Moreover, the model effectively 
captures the average intensities (frequencies) of burglaries across spatial and temporal 
dimensions, even though burglaries tend to occur in non-random, clustered patterns 
(Boqué et al., 2020).

Results

The principal component analysis allowed us to group the original 52 study cells of 
the North Metropolitan Police Region into 19 principal components, explaining 80.9% 
of the total variance in the temporal burglary profiles of these cells. After applying 
varimax rotation, the output includes the contribution percentage of each component 
(Table 2) and the standardized contribution of each cell to each component (Appendix, 
Table 7).

This result was further simplified by excluding cells in each component with rela-
tively low or negative weights. To ensure uniformity, only cells with weights greater 
than 0.1 were selected (Appendix, Table 8). This simplification characterizes each com-
ponent with a small subset of cells, typically between 3 and 10, which concentrate the 
highest positive weights (Table 3, first column). Notably, 2 or 3 cells in each component 
generally hold the largest weights (Table 3, second and third columns).

We refer to these simplified components as"constellations,"which can be represented 
on a map of hot cells, where each cell’s value corresponds to its standardized coefficient 
(or weight) within the component (Fig. 5).



Burglaries Constellations: A New Approach to Deal with…

Using this approach, we calculated the series of burglaries within each constellation by 
summing the incidents in their constituent cells. A statistical summary for 2019 is provided 
in Table 4.

The average number of burglaries in each constellation (μ) is relatively high, with signif-
icant weekly fluctuations, reflected in both the standard deviation (σ) and range, as detailed 
in the rightmost columns. The final column of Table 4 shows threshold values that can be 
reached by the weekly burglary series, which may double the value μ + σ/2. For example, 
in Constellation 1, μ + σ/2 is 43, while the maximum observed value is 90. In some con-
stellations, this threshold value triples the average (μ); for instance, in Constellation 2, the 
average (μ) is 16.9, with a maximum of 51.

Examining the profiles of the cells with the highest positive weights in each constella-
tion, with respect to the environment and the type of house victimized, we observed that 
most cells share specific characteristics (Appendix, Table 9).

For example, in Constellation 1, burglaries predominantly occurred in flats (71.9%) and 
terraced houses (17.1%), mainly primary residences located in suburban areas. In Constel-
lation 2, burglaries primarily targeted detached houses (45.6%) in upper-class residential 
areas or housing estates. Constellation 3 was similar, though the targeted areas were more 
frequently tourist destinations, with properties often serving as secondary residences. Con-
stellation 4 also showed a predominance of burglaries in flats (44.4%) but in upper-class 
residential areas and housing estates. In Constellation 5, burglaries involved detached 

Table 2   Percentage of the 
variance explained by each 
component after applying 
varimax rotation

Principal
Component

% of the
variance

%
accumulated

1 6,3 6,3
2 5,5 11,7
3 5,3 17,0
4 4,7 21,7
5 4,6 26,3
6 4,5 30,8
7 4,3 35,1
8 4,2 39,3
9 4,1 43,4
10 4,0 47,4
11 4,0 51,4
12 4,0 55,4
13 4,0 59,4
14 3,8 63,2
15 3,6 66,8
16 3,6 70,4
17 3,6 74,0
18 3,5 77,5
19 3,4 80,9
Period of analysis: year 2019
Number of cells: 52
Number of weeks: 51
Total burglaries: 6.692
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Table 3   Summary of standardized coefficients weights of PC

Number of cells with standard-
ized weight > 0.1

Number of cells with standard-
ized weight > 0.2

Number of cells with 
standardized weight 
> 0.3

PC 1 9 2 1
PC 2 7 3 1
PC 3 6 2 2
PC 4 4 2 1
PC 5 6 2 2
PC 6 8 2 1
PC 7 4 3 2
PC 8 7 2 1
PC 9 6 2 1
PC 10 8 4 1
PC 11 10 2 1
PC 12 5 2 2
PC 13 5 2 2
PC 14 5 2 1
PC 15 4 3 1
PC 16 5 2 1
PC 17 3 2 2
PC 18 7 2 1
PC 19 7 2 1

Fig. 5   Map representation of the first 9 constellations for the North Metropolitan Police Region (PCs with 
standardized weight > 0.1)
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houses (55.3%) situated farther from Barcelona and major cities, on the periphery of the 
police region. In Constellation 6, urban burglaries were predominant, mostly affecting pri-
mary residences (60%) in the centres of medium-sized towns.

For predictive purposes, we assessed the randomness of weekly burglary series 
within the constellations by applying the runs test to a standardized series. Results indi-
cated that all constellations followed non-random clustering patterns, using the average 
weekly intensity (μ) as a threshold (Fig. 6 and Appendix, Table 10).

Generally, activation thresholds were found within the interval (μ-σ, μ + σ). Specifi-
cally, wave patterns for thresholds greater than μ-σ were observed in 14 constellations, 
thresholds greater than μ-σ/2 in 18 constellations, and thresholds greater than μ + σ/2 in 
all constellations. For the threshold μ + σ, the pattern was observed in all constellations 
except one (Appendix, Table 10).

We analysed the intensity of the weekly repeat pattern in the constellations during 
2019. Table 5 presents the prediction success rate based on the activation rules of the 
constellations, defined as the percentage of weeks in which, when the number of burgla-
ries exceeds the activation threshold, the following week remains above the deactivation 
threshold. For each rule, Table 5 provides an annual descriptive summary of the types 
of runs observed in each constellation, including the number of weeks they are active 
according to the rule, as well as the frequency and duration of the runs.

To assess the stability of the constellations over the years, Rule 4 is taken as a refer-
ence, and the runs that would have been generated in the two preceding years are ana-
lysed. Table 6 provides a summary using the same metrics as Table 5.

Table 4   Statistical summary 
of weekly burglaries in the 
constellations for 2019

Statistical summary of weekly burglaries in the constellations (2019)

Constellations #Cells
(N)

Mean
(μ)

SD
(σ)

Min Max Range

Constellation 1 9 36,0 14,5 18 90 72
Constellation 2 7 16,9 8,5 4 51 47
Constellation 3 6 12,9 6,3 2 33 31
Constellation 4 4 11,7 6,5 4 32 28
Constellation 5 6 7,7 4,4 1 25 24
Constellation 6 8 19,6 7,6 5 45 40
Constellation 7 4 6,4 3,2 1 17 16
Constellation 8 7 19,6 6,4 8 45 37
Constellation 9 6 15,9 6,7 7 36 29
Constellation 10 8 23,2 7,9 14 47 33
Constellation 11 10 22,6 7,4 10 43 33
Constellation 12 5 15,0 6,2 5 36 31
Constellation 13 5 9,4 4,8 1 26 25
Constellation 14 5 4,0 2,6 0 14 14
Constellation 15 4 9,2 4,4 2 19 17
Constellation 16 5 16,3 4,9 7 33 26
Constellation 17 3 5,5 4,6 0 19 19
Constellation 18 7 17,6 6,4 8 38 30
Constellation 19 7 19,0 6,4 8 35 27
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Discussion

This research sought to uncover the spatiotemporal strategies of burglars, who appear to 
operate across extensive, heterogeneous environments. Principal Components Analysis 
(PCA) enabled us to identify what we term’constellations’, groups of cells (areas) that tend 

Fig. 6   Series of values above and below the weekly average of residential burglaries in 2019 for the first six 
constellations

Table 5   Annual descriptive summary of the types of runs based on the activation rules of the constellations

Analysis of burglary runs (2019) Prediction suc-
cess

Annual frequency per constellation (mean)

ACTIVE 
WEEKS

ACTIVE 
RUNS

DURA-
TION OF 
RUNS

Rule 1 (> µ; < µ) 57% 12 5 2 weeks
Rule 2 (> µ—σ/2; < µ—σ/2) 72% 23 7 4 weeks
Rule 3 (> µ + σ/2; < µ) 62% 9 4 3 weeks
Rule 4 (> µ + σ/2; < µ—σ/2) 82% 16 4 4 weeks

Table 6   Stability of the 
constellations over the years 
2017 to 2019

Rule 4 (> µ + 
σ/2; < µ—σ/2)

Prediction
success

Annual frequency per constellation 
(mean)

ACTIVE 
WEEKS

ACTIVE 
RUNS

DURA-
TION OF 
RUNS

2019 82% 16 4 4 weeks
2018 87% 17 4 5 weeks
2017 83% 18 4 5 weeks
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to experience victimization simultaneously.
The observation that weekly burglaries within constellations followed non-random wave 

patterns facilitated predictions based on a system where constellations are activated upon 
surpassing a predefined threshold and deactivated once they fall below another threshold.

According to Rule 1 (Table 5), if the number of burglaries in a constellation exceeds 
the annual mean in a given week, it is likely to do so again the following week in approxi-
mately half of the cases. In such cases, a two-week run would be generated. This pattern 
is expected to occur five times per year. To better capture major burglary waves, a stricter 
activation criterion for constellations can be applied. According to Rule 4 (Table 5), if a 
constellation is activated in a week when the number of burglaries exceeds μ + σ/2, it can 
be guaranteed that in more than 80% of cases, the activation will correspond to a four-week 
run of high values, remaining above μ − σ/2. This reliability stems from the recurring pat-
tern of burglary waves, with consecutive runs of high-frequency burglaries followed by 
runs of lower frequency.

These thresholds are adaptable throughout the year to account for seasonal variations 
and broader crime trends. However, a key limitation in the predictive process lies in accu-
rately identifying the start and end points of these runs. The system requires a significant 
increase in burglaries during one week to trigger activation starting in the second week. 
Nevertheless, the objective of this system is to mitigate high-intensity burglary recurrences 
in the subsequent two to three weeks, thereby breaking the repetition pattern.

These findings support the development of a predictive algorithm structured around the 
following steps:

1.	 Data: Use at least one year of historical burglary data across the study area.
2.	 Spatial and Temporal Structuring: Divide the area into large cells (several kilometres 

wide) and use weekly intervals.
3.	 Detect Constellations: Analyse the temporal profiles of burglaries using PCA to group 

cells with similar activation patterns. Simplify components to derive constellations.
4.	 Evaluate Predictive Capacity: Use the runs test to confirm non-random burglary pat-

terns in each constellation. Exclude constellations lacking this pattern from prediction 
efforts.

5.	 Incorporate Police Intelligence: Describe the geographic profile of each constellation, 
noting building types, temporal patterns, access routes, control points, surveillance, etc.

6.	 First-Week Prediction: Assess burglary counts in each constellation from the prior 
week, focusing on constellations meeting the activation threshold to initiate preventive 
strategies.

7.	 Subsequent Weeks: Continue monitoring active constellations and, based on resources, 
apply preventive strategies to newly activated constellations.

This predictive approach diverges from recent microscale-focused models that have 
sought increasingly narrow spatiotemporal windows. We propose that such models may 
have been limited in scope, as they constrained prediction capability, restricted police oper-
ational flexibility, and overlooked the broader strategic behaviours of burglars. In contrast, 
the constellations-based approach aims to make broader predictions by identifying corre-
lations across distant areas, offering potential insights into the overarching strategies of 
criminal groups.

The proposed algorithm strongly aligns with the six-stage model proposed by Dr. Eric 
Halford in ‘Two Sides of the Same Coin’ – A Proposed Model for Delivering a Whole 
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System Serial Crime Reduction Plan (Halford, 2023b), which is grounded in prior research 
and supported by a robust theoretical framework.

Criminal Behavioural Implications

An important criminological question remains to be explored: understanding the connection 
between observed spatiotemporal patterns and criminal behaviour. We hypothesize that these 
patterns are intentionally generated by criminal groups as an adaptive strategy in heterogeneous 
environments like Catalonia. The consistency of non-random wave patterns across all constel-
lations supports the notion that the same burglars, or at least a significant portion of them, are 
active within each constellation. It seems unlikely that distinct criminal groups would systemati-
cally coordinate to target similar areas in such a structured manner, thereby producing the well-
defined waves observed in this study. If different criminal groups were indeed coordinating or 
communicating to organize and divide burglary areas over upcoming weeks, one might argue 
that, to some extent, they function as a single criminal organization or as one coordinated group 
of burglars.

It is more reasonable to assume that, for example, 2 or 3 active constellations per week are 
targeted independently by 2 or 3 distinct criminal groups. This suggests that each criminal group 
would operate within a specific constellation over several weeks, repeatedly targeting the same 
area and following near-repeat, shift, and co-occurrence patterns. Together, these patterns con-
tribute to the formation of the all-in-one repeat pattern.

The similarity in the profile of residences and victimized environments within each constel-
lation reinforces the assumption that the same burglars are responsible for repeat burglaries in a 
broader sense and on a larger scale. These individuals make relatively long journeys to seek out 
similar targets. This behaviour aligns with studies on specialized international criminal groups 
operating in Europe (Wim Bernasco & Nieuwbeerta, 2005; Nee, 2015; Van Deviver et al., 2015; 
Wollinger et al., 2018), which demonstrate that burglars often travel considerable distances to 
commit crimes. Following the rationale of opportunity theory, these offenders assess risks and 
rewards while tending to revisit places they have previously targeted.

The tendency of co-offenders to target places where their awareness spaces overlap (Lam-
mers, 2018) may also explain the emergence of burglary constellations. Areas most famil-
iar to the majority of burglars are more likely to be repeatedly targeted, gradually becoming 
chronic hotspots over time. Consequently, these areas gain statistical significance and become 
predictable.

The “all-in-one” constellation pattern is further supported by the learning processes and accu-
mulated experience of criminal groups (Bernasco et al., 2015; Nee, 2015). Human behaviour 
may diverge from the animal-based logic of OFT, favouring deliberate strategies – grounded in 
the Rational Choice Theory perspective – over random movement. Rather than engaging in ran-
dom walks or Lévy flights to locate new optimal areas (Vandeviver et al., 2023), offenders may 
rely on a fixed set of familiar zones already identified as suitable for burglary.

In terms of patch choice and the Marginal Value Theorem (MVT), a patch is not aban-
doned by serial offenders when resources are depleted, but only after an entire wave of 
burglaries—lasting several weeks—during which the same patch may be revisited. This 
strategy, developed through years of local offending, involves alternating between patches 
and making seemingly random shifts across known areas to reduce the risk of detection, 
ultimately becoming part of the offender’s modus operandi. It may be seen as an original 
solution to the Decision–Currency–Constraint optimisation problem, as formulated within 
the OFT framework.
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It would be interesting to examine whether any animal species exhibiting temporally 
clustered foraging behaviour has adopted a similar strategy in response to intense predation 
pressure. Conversely, if no such example is found in the animal world, it would be of great 
interest—particularly from a policing perspective—to hypothesise what predator strategies 
may have evolved to counter it.

This approach distinguishes two scale levels corresponding to the decision-making 
stages burglars might undertake. The first stage involves a large-scale decision, effectively 
modelled using cells spanning several kilometres to identify areas that will form constella-
tions. The second stage involves a micro-scale decision, defined by cells of a few hundred 
meters, where near-repeat patterns manifest. A noteworthy aspect is that the large-scale 
decision represents a singular choice that governs multiple successive micro-scale deci-
sions. Research has demonstrated that this large-scale decision is relatively easy to pre-
dict using constellation patterns. As a result, it becomes feasible to forecast which areas 
are likely to experience increased burglary activity in the coming weeks, although without 
having precise knowledge of specific locations or times.

Risk Trigger

Once a burglary wave begins, the location of the initial incidents can be used to identify 
nearby areas—within a few hundred meters—that are at heightened risk of victimization, 
based on near-repeat victimization patterns. Additionally, this method enables the pre-
diction of not only repeat burglaries but also potential first-time burglaries in other areas 
within the constellation. An activated constellation increases burglary risk across all its 
cells from the very first week, regardless of whether these cells have been previously vic-
timized in the current streak.

Police Prevention Strategies

From the perspective of constellations, displacement or shift patterns between constella-
tions cells can also be anticipated when intensive prevention operations are implemented in 
higher-risk cells (Guerette & Bowers, 2009; Ratcliffe & Breen, 2011; Bowers et al., 2011; 
Wang et al., 2019). It is even possible to predict the routes burglars are likely to use, as well 
as optimal locations for setting up police checkpoints to intercept their movements. This 
approach provides a more comprehensive set of information compared to near-repeat pre-
dictions, offering law enforcement refined strategies for preventive action.

Several studies have demonstrated that preventive strategies focused on individual hot-
spots yield highly positive local outcomes and lead to a diffusion of benefits in surrounding 
areas, without causing crime displacement (Braga et al., 2019a, b). Another study suggests 
that"hot spots patrols should be short-term and randomly rotated across hot spots"(Sorg 
et al., 2017), providing insights into effective ways to patrol constellations at risk.

However, the “all-in-one” pattern challenges the OFT concepts of giving-up rate (the 
speed or time it takes for burglars to decide to leave a patch) and giving-up density (the 
amount of resources remaining in a patch when the offender decides to leave). According 
to our hypothesis, during a burglary wave lasting several weeks, there may be temporary 
and seemingly random giving-ups designed to confuse and hinder police prevention strate-
gies. Therefore, these concepts may need to be redefined under this new formulation—con-
ceived globally—so that preventive actions are planned and coordinated across all cells 
within the constellation, to achieve the giving-up of the entire constellation.
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Situational crime prevention measures may also effectively reduce the static risk of burgla-
ries in the long-term. (Addis et al., 2021; Halford et al., 2024). If such prevention measures were 
effective, they would eliminate the possibility of criminals carrying out near-repeat burglaries, 
both in immediate geographical proximity and in more distant areas. Given that repeat patterns 
are a key component in achieving efficiency in the"burglary business,"it would be reasonable 
to expect a dramatic decrease in victimization rates. The risk of detection, combined with the 
logistical costs and effort required to acquire knowledge for each new burglary, would increase 
significantly. Consequently, all burglaries would become"initial"or"first-time"incidents, occur-
ring outside the awareness space (in the broader sense) of criminal groups. While there is an 
optimistically remote possibility that burglars might abandon their activities altogether, such an 
outcome may be considered unrealistic or unattainable. Nevertheless, this remains the goal of 
certain"strike hard"initiatives (Chen & Kurland, 2020).

Geographic Macro‑scale

In this study, structuring the territory into constellations allows for an expanded incorporation of 
new areas into the predictive algorithm. The proposed approach employs 52 cells, each measur-
ing 5 km per side and grouped into 19 constellations. This represents a significant increase com-
pared to the 29 optimal cells—those exhibiting non-random patterns and a coefficient of varia-
tion (CV) within the interval [0.7, 1.3]—included in an individual cell predictive model (Boqué 
et al., 2020). Notably, 95.8% of the region’s burglaries in 2019 occurred within these 52 cells. 
Therefore, implementing effective prevention measures in these areas could substantially reduce 
the overall number of burglaries in the region.

Other studies have analysed spatiotemporal patterns of crime from a broad perspective, incor-
porating concepts such as near-repeat victimization and patterns related to the journey to crime 
and co-occurrence (He et al., 2020; Wang & Zhang, 2020; Wang et al., 2019). Most of these 
studies focus on urban environments in large cities, typically employing methodologies based on 
graph theory, data mining, or machine learning. By analysing the relationships between pairs of 
events based on their spatial and/or temporal proximity, these studies generate networks within 
grid cells, mapping the interactions between them. It is assumed that the results obtained with 
previous methodologies and those proposed in this study would be comparable. The potential 
value of the constellations approach lies in its simplicity—it can be calculated using standard 
tools—and its integration into a broader theoretical framework supported by new hypotheses on 
spatiotemporal patterns and criminal behaviour.

Constellations Stability

Additionally, constellations appear to exhibit long-term temporal stability (Table  6). (Note: 
The initial intention was to project the constellations from 2019 into 2020 and 2021. However, 
COVID-19 caused a drastic shift in crime data, rendering those years unsuitable for analysis. 
Consequently, the preceding years, 2017 and 2018, were used instead to study stability).

It can be observed that the constellations continue to exhibit predictive capacity and a run pro-
file similar to that of 2019 when projected onto the years 2017 and 2018 (Table 6). During these 
years, governed by Rule 4, the constellations demonstrate an activation predictive power exceed-
ing 80%, with an average of four runs per year lasting between 4 and 5 weeks.

This stability may be attributed to the slow rate of change in environmental factors, as well 
as in the profiles of houses, neighbourhoods, and populations. However, the knowledge that 
criminal groups have of these environments, as well as the specialization and type of targets, 
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can evolve over time (Farrell & Pease, 2017; Lantz & Ruback, 2017). For instance, areas that 
are frequently victimized may be abandoned in favour of new ones, leading to correspond-
ing changes in the constellations. Such shifts could also be associated with long-term preven-
tive measures, such as enhanced security protocols, the installation of surveillance cameras, or 
changes to the urban landscape and access routes. Thus, constellations represent a clear exam-
ple of the interaction between dynamic and static burglary risk factors.

Limitations

This study has certain limitations. The crime data utilized originates from events reported 
to the police, which inherently excludes an unknown"dark figure"of unreported crimes. 
However, in the case of burglaries, this figure is relatively low compared to other types of 
crimes. Many unreported burglaries may involve attempted or less severe incidents, and 
given that their spatiotemporal distributions are likely to reflect those of reported burgla-
ries, this limitation does not significantly affect the main conclusions of the study.

Another limitation pertains to the temporal accuracy of reported burglaries. While the 
specific day and time window (morning, afternoon, or night) is generally recorded, in some 
instances the event may have occurred over a broader timeframe, occasionally spanning 
several weeks. Nevertheless, the proportion of such cases is minimal, and the impact on the 
analysis is mitigated by the use of weekly time intervals.

One limitation of this study is the absence of a sensitivity analysis regarding the spatial 
unit used—specifically, the 5 km square grid cells—raising concerns related to the Modi-
fiable Areal Unit Problem (MAUP) (Malleson et al., 2019; Johnson et al., 2007). In this 
case, the choice of cell size was based on prior research conducted in Catalonia (Boqué 
et al., 2020), which showed that smaller distances reduced the ability to detect near-repeat 
patterns. In the present study, the aim was to continue detecting that repeat pattern within 
the cells that were also intended to be linked to one another. The objective was now to 
identify the pattern at a larger scale, involving a high total number of burglaries, which 
may have made it more robust and less sensitive to spatial configuration settings.

However, the results may still be sensitive to parameters such as cell size, shape, and 
grid alignment. Minor adjustments in these factors could influence outcomes depending 
on the geographical characteristics of the study area. Therefore, any replication of this 
methodology in other regions should consider testing alternative grid configurations. A 
simple strategy might involve slightly modifying cell dimensions or shifting the grid, 
while a more refined approach would involve segmenting the territory into irregular 
zones based on homogeneous housing types, geographical features, and urban layout.

Regarding patch choice, this study did not incorporate geographical information lay-
ers into the configuration of the constellations, as it relied solely on the time and place 
data of burglaries. The analysis of similarities in the profiles of residences was conducted 
subsequently, while the geographical environment was interpreted using maps and local 
knowledge of the territory. This approach was adopted deliberately, as the development of 
valid geographic layer configurations for policing and crime analysis should be conducted 
ad hoc, grounded in the principles of crime concentration and opportunity. Historical data 
represents the optimal foundation for such configurations (Bogucki et al., 2020).

Another limitation of this study concerns the lack of empirical data to support the pro-
posed hypotheses on criminal behaviour related to serial crimes and serial offenders. The 
analysis relies exclusively on theoretical reasoning and observed spatiotemporal patterns, 
without access to offender identification in police-resolved cases. This absence limits the 
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ability to empirically validate the crime-linking assumptions underlying the model. None-
theless, previous empirical research on domestic burglars has identified inter-crime dis-
tance and target selection as key indicators for linking burglary events (Halford, 2023a), 
which reinforces the theoretical foundation of our approach. Even so, future research 
should aim to incorporate offender-based data to enable more robust crime-linking analy-
ses and allow for further testing of the proposed spatiotemporal foraging patterns.

Conclusions

Broadening the theoretical framework of predictive models from near-repeat victimization to 
the more general Optimal Foraging Theory (OFT) has expanded the modelling perspectives of 
predictive policing and its implementation, aligning them more closely with recent studies on 
criminal behaviour and, ideally, with the intuition and experience of law enforcement practition-
ers. In this process, the problem to be addressed has become more complex; however, it has been 
demonstrated that simple statistical tools can uncover newly proposed spatiotemporal patterns 
and anticipate burglary risks across vast and heterogeneous territories.

The main innovation of the constellations approach lies in its ability to provide both global 
and local predictions simultaneously—across the entire territory of interest and within specific 
locations that are currently being, or are likely to be, victimized—by integrating the static and 
dynamic components of the phenomenon.

Burglary constellations may reflect burglars’ typical preferences regarding where and 
when they commit their crimes. Their existence might be surprising, as it suggests that bur-
glars repeatedly follow the same crime"program,"targeting the same locations, the same types 
of residences, and likely using the same routes to commit these offenses. Moreover, these 
crime"programs"appear to be consistent or highly similar across different criminal groups oper-
ating within the territory. Consequently, external factors—such as the environment, the type of 
residence, the rationality underlying criminal behaviour, the psychological mechanisms shap-
ing burglars’ awareness spaces, and their tendency to repeat past experiences—may explain the 
existence of constellations in heterogeneous spaces.

Police intelligence can enhance the predictive insights derived from constellations by inter-
preting their representation on the map. This approach offers valuable information for design-
ing preventive strategies, identifying potential routes that burglars might use, understanding the 
profiles of the residences likely to be targeted, and delineating specific high-risk areas within 
cells that require heightened protection. The stability of the constellations provides police forces 
with the necessary time to incorporate this additional intelligence, refining it week by week with 
updated tactical and operational information.

This predictive approach transcends a purely regional perspective. Systematic and planned 
burglary activities across multiple areas simultaneously emerge as the most plausible explanation 
for the spatiotemporal distribution of burglaries observed in Catalonia and, by extension, in other 
heterogeneous spaces common throughout much of Europe. In such environments, the"all-in-one 
repeat"pattern has been proposed as a reference spatiotemporal model.

This model extends the concept of repeat burglaries from nearby areas to distant but similar 
locations previously selected by criminal groups, introducing what could also be described 
as"near-far repeat"patterns. When aggregated by weeks and areas, this pattern tends to con-
form to a simple probabilistic model, akin to a lottery system, aligning with the constella-
tions and their weighted cells. This criminal behaviour is well explained by Optimal Foraging 
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Theory (OFT) and the role of awareness space in offenders and co-offenders, positioning the 
proposed model as a natural extension of the near-repeat victimization model.

Future research should explore this approach in other territories and environments, particu-
larly across Europe. Specifically, the aim should be to confirm, refute, or refine hypotheses 
regarding whether the same offenders or criminal groups are responsible for waves of burgla-
ries within a specific constellation. Additionally, studies simulating criminal behaviour (Birks 
et al., 2012; E. R. Groff et al., 2019) could provide further validation of this approach.

The observed stability of the data, consistently revealing similar Poisson distributions 
for burglary intensity with comparable means year after year, underscores the challenges 
faced by law enforcement in developing effective preventive strategies. The constellation 
approach has the potential to disrupt these dynamics. The findings of this study suggest 
the possibility of breaking criminal groups’ operational patterns in such environments. 
However, there are few precedents and significant uncertainties surrounding this possibility 
(Hardyns & Rummens, 2018; Taylor & Ratcliffe, 2020).

Furthermore, it is important to acknowledge that success in applying these models 
would inherently disrupt current patterns, thereby challenging the accuracy of future pre-
dictive models. Consequently, it seems logical that both the predictive models and method-
ologies must remain flexible, serving as adaptable analytical tools rather than rigid frame-
works. Moreover, active participation from police forces in this analytical and experimental 
process is crucial to ensure operational sensibility, correct interpretation of results, and 
enhanced utility in planning preventive strategies (Hardyns & Rummens, 2018).

This study has demonstrated the potential to enhance crime prediction and prevention by 
incorporating new spatiotemporal patterns and employing cost-free methodologies. These 
tools are not based on artificial intelligence, nor do they need to be, and require only a lim-
ited amount of data to achieve meaningful progress. We advocate for police analysts to build 
upon these findings, refine them further, and implement them in practice wherever feasible.

Appendix

Fig. 7   Weekly Reported Home Burglaries in the North Metropolitan Police Region—NMPR (2017–2019)
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