London
under siege?
Investigating the causes of knife crime in London

Big data report
Group 5:
Alfred Thompson
Matthew Last
William Pepera
Thomas Woodburn
Youngxuan Li
Morteza Naimi

1. Introduction
The major increase in number of knife crimes
in London has become a priority for the London
Metropolitan Police to tackle. London saw a 44%
increase in the number of killings, with more than
150 victims, while the number of knife offences in
capital rose by more than 20% to 14,680 [1]. Although
the majority of police force areas saw rises in knife
crime,
statistics
highlight
that
these numbers are
disproportionately
concentrated
in
London and other
metropolitan areas.

Knife crime is
Exploring the hypothesis of a connection
a difficult topic
between knife crime and total crime
to analyse. The
datasets are limited due to mandated criminal
anonymity ‘trying to find a balance between
providing granular crime data and protecting the
privacy of victims’ [2]. The data anonymity method
table (Appendix C) outlines the precautions taken by
the police. The studies have, therefore, a limitation of
accuracy as we have to extrapolate data from other,
sometimes indirectly related, variables. In order to
build up a more complete data set, the explanatory
analysis uses data from different sources (Appendix
A).

Initially we decided on the hypotheses we wished to
test and then gathered all the data relevant to these,
as well as other supplementary data. We found 88
variables, in areas ranging from demographics to
educational variables, with which could test almost
all the hypotheses.

2.2. Model hypothesis
There are many factors that could be used to
predict the probability of knife crime in a particular
borough in London at a particular time. We found
anecdotal evidence of knife crime being more
common in the summer months and that much of it
is gang orientated.
We used our intuition and anecdotal evidence
to try and narrow down the number of possible
variables to be considered. We hypothesise that the
summer months have a higher rate of crime than
other seasons. Knife crime is expected to have a
strong link with gang activity. We also expected
to see relationships between this type of crime
and variables such as ethnicities of boroughs, the
differing populations of immigrants, different
average educational levels, police presence, ect
(see figure 1 - Appendix B).

2.3. Exploratory analysis

2. Explanatory Analysis
2.1. Introduction
The question we wish to ask is: Why does knife
crime happen? Our main problem with answering
this question is that causal relationships are almost
impossible to explain and require experimentation,
repeated tests and many other precautions to prove.
Therefore a more specific question is should be
answered: What are the differences in borough
demographics that correlate to differing levels of
knife crime? Here a linear regression model is to
be used, with knife crime rate in each borough as its
continuous variable.

A heatmap of reported gang related knife crime in London
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Exploring the hypothesis of a
connection between knife crime and
total crime

Exploring the connection between
gang related knife crime and total
knife crime in each borough

This is not a sample of the possible data, it is aggregate data of the entire population of the area of
interest. For that reason, the data can be considered
fairly representative. This aggregate data will have
come from thousands of individual data points and
which would have been ideal but were unavailable
to us. The small number of data samples increases
the likelihood of random correlations. This needed
to be taken into account when considering the veracity of the reports.

2.4. Model results
We tested all the hypotheses and we have laid
out a table of results for the variables which are
statistically significant when tested individually
using OLS models.
Variable

year

P-value

R-squared

Coefficient

Intercept

Gang related
knife

2015

P > 0.001

0.613

0.1577

2.7379

Crime per
100k

2014

0.003

0.258

0.084

2.1905

Crime per
100k

2015

0.003

0.251

0.0977

3.1022

Net International
Migration

2014

0.018

0.263

0.001

6.7345

Net International
Migration

2015

0.067

0.384

0.0009

5.9483

No qualifications
(education)

2015

0.031

0.366

0.31860

-218.8656

Population
Estimate

2015

P < 0.007

0.217

0.000045

-1.2070

One Bed
(People per
building)

2015

P < 0.001

0.508

0.0004

1.5342

A table showing the results for the statistically significant variables
assessed individually

2.5. Model analysis
2.5.1. Data set analysis
The explanatory analysis uses a wide but shallow
dataset which we have created from numerous
other datasets. There are only 32 data points which
limits the results we can achieve. The quality of
the data comes from the number of variables we
gathered. We recognise the limitations of this data
set. The data, however, covers all the the boroughs
in London.

OLS Model results of analysis of all variables related to benefits

2.5.2 Model conclusion
Seven hypotheses (Appendix B) were shown to
comprise of at least one variable which correlated
with the amount of knife crime in a given borough.
Age, house prices and annual pay had no correlation
with the amount of knife crime.
Gang related knife offences had a strong positive
relationship with the total knife crime, suggesting
that a large proportion of the knife crime in each
borough is gang-related. It can be difficult to
determine if a crime is actually “gang-related”,
however the attitudes of gangs towards violence
would explain the strong correlation.
One would expect that the amount of knife crime in
a borough would have a positive relationship with
the amount of total crime in a borough. Knife crime
is included in the total crime statistics and also that
those with criminal tendencies are likely to commit
a wide array of crimes. This correlation is clear in
the results.
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The net international migration had a strong positive
correlation with the knife crime. This is likely due to
infrastructure constraints as councils do not know in
advance how much migration there will be. Strained
conditions can create frustrations resulting in crime.
Larger populations of individuals with no
qualifications correlates strongly with knife crime.
Those with no qualifications are more likely to turn
to crime or join gangs in order to make a living. This
explanation is furthered by the fact that the level of
education had no impact on knife crime, as long as
they had a qualification.

3.2. Exploratory analysis
To be certain that undersampling is not necessary to
get representative data, we turned all the categories
relating to the object of search into a binary variable
of dangerous weapons and controlled drugs. The
data set seemed reasonably balanced so we felt that
undersampling would not be necessary. We needed,
however, to beat the default value of 64% accuracy
for the model.

Higher population density correlates moderately
knife crime. More “urban” areas of London have
non-residents passing through and are likely to have
weaker community bonds, making prevention of
crime and community policing harder.
More single bedroom properties correlates strongly
with knife crime. This can be explained by socioeconomic conditions.

3. Predictive Analysis
3.1. Introduction
Stop and searches in London are closely linked to
knife crime. They are also one of the main ways
that police try to tackle the rate of knife crime. Only
32% of stop and searches result in further action
being taken [5]. We can provide officers with the
information to help protect them in the field. For
this reason, we want to create a predictive analysis
to predict the likelihood that a stop and search may
reveal an offensive weapon, increasing the danger to
the officer involved.
The data set we use is split into 3 parts. 60% of the
data is training data, we build the model around
this and use it as many times as we can. The second
section is the validation set. This will be used at the
end of each development of the model. It contains
20% of randomly chosen data. Once this is added
to the training set, the model is less likely to be
matching random correlations. The final test set is
the other 5000 points of the data and will only be
used at the end of the model development to help
assess the true accuracy of the model.

Percentage Drug vs. Weapons search as
pct of total stop and search

As shown in Appendix E, we looked at each of the
main variables that we considered in order to make
sure there were no stange distributions in the types
of people being stopped and searched. We found a
large discrepancy in the number of women who were
stopped. For this reason we decided to exclude gender
from our analysis as there was not enough data about
women for it not to skew the results.

3.3. Model hypothesis
To build the predictive model we are considering 11
different variables. We hypothesise a level of importance for each. Outcome is one variable which we
will not include in the analysis as the officer going
into the situation will not know the outcome of the
search until after; this makes it useless for the model.
The week day and age range as well as location are
expected to improve the accuracy of the predictive
model by a significant amount.
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3.4. Model results

3.5.3. Model conclusion

These are the results for the predictive analysis
including the grid coordinate. This is the most
accurate model, using 576 grid squares for locations
in London. This is using the completely unused data
set, ‘test set’ which is 5000 random data points in the
set.

Whilst building the predictive model, we evaluated a
number of different variables. We split the ‘datetime’
format of the date into many other columns in order
to analyse the various components. We analysed
the month of search, day of the week, season, time
(both continuous and binary night and day). We
also looked at the gender, ethnicity and age of the
person searched. These seemed to all very slightly
improve results, but only less than a percent on their
own. When age ranges, ethnicity (as defined by the
officer involved) and day of the week are considered
alongside the grid coordinates, however, the accuracy
of the model increases and the recall of the model
doubles alongside a small increase in the precision.
Whilst the ability for us to use this model as an
explanatory model may be limited by the significance
of the data, we are not explaining in this model,
simply predicting.
Our hypotheses were proven almost totally incorrect.
Whilst the location did make a significant difference,
as we expected, week day and age range made very
little difference to the results.

Model
Confusion matrix
Accuracy:
Precision:
Recall:

objectofsearch ~ agerange +
officerdefinedethnicity + weekday + gridcoordinates
[[1841 115]
[ 703 222]]
0.7160708087469628
0.658753709198813
0.24

3.5. Model analysis
3.5.1. Data sets
The full data set we used (Police Stop and search data)
is over 126,000 data points. There are 9 variables
which we will use to plot the likelihood of an offensive
weapon. All of the data in this data set is categorical
except for latitude and longitude. These will be used
to produce a heatmap of offensive weapon choice
(Appendix D). There are a large number of empty
data points so this needed to be cleared up. The clean
data was still over 90,000 data points.

Model
Confusion matrix
Accuracy:
Precision:
Recall:

Objectofsearch ~ girdcoordinate
[[1891 65]
[ 783 142]]
0.7056577577230129
0.6859903381642513
0.1535135135135135

3.5.2. Model quality

4. Conclusion

Using a 24 by 24 grid the results were more accurate,
but all of the values for P > z were 1 or very close ,
so none of the variables were significant, and their
confidence intervals were very large. “This is clearly
not a good model, as the uncertainty in parameter
estimates are too large in order to yield a plausible
conclusion about the data” [6]. Similarly to other
studies we have analysed, we found that to increase
the accuracy of the model for the predictive analysis,
we used results that, when combined, started
becoming increasingly insignificant.

During these two analyses, our hypotheses were
often proven to be inaccurate and the anecdotal
evidence we found was limited in its veracity. In
explaining correlations in knife crime for each
borough, we found correlations with gang related
knife crime, total crime, immigration, education,
population and size of housing. Whilst stop and
searches, the predictive analysis showed, is best
predicted using location, with a small consideration
to the age range, ethnicity and the day of the week.
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6. Appendices
6.1. Appendix A
1)
Data for ambulance dispatches across all London boroughs (Jan 2010 to April 2018)
[3] - This data includes many different injury categories on a monthly basis for each borough
in London.
2)
The London Borough Atlas [4] - This dataset provides a detailed breakdown of statistics for each borough, covering demographic, economic, social and environmental data. This
can be used to analyse the factors that may contribute to knife crime.
3)
Police Stop and search data [5] - This dataset contains a list of all 126,000 stop and
search instances that happened in London over 2017, including data on why the search was
conducted, date, time and basic personal data.

6.2. Appendix B
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6.3. Appendix C

6.4. Appendix D
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6.5. Appendix E

6.6. Appendix F

6.7. Appendix G
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6.8. Appendix H

6.9. Appendix I
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