Spatial significance hotspot mapping
using the NNI and GI* statistic
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Overview

A The value of significance testing

I Example: using the NNI to determine when to produce
a hotspot map

A Quick review of common hotspot mapping
techniques

A Using the Gi* statistic to identify patterns of
spatial significance
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The value of significance testing

Statistical significance
A 95%, 99%. 99.9%

A E.g. 99%: 1 in 100 chance that the observation
would have just occurred naturally

l.e. what we are observing is extremely unusual
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The value of significance testing

When can | use a hotspot mapping technique ...?

... Er, when there are hotspots present!

A 12, 15, 20, 35, 42, 50 crimes ...?
Nearest Neighbour Index (NNI)
A Identifies if there is statistical evidence of clustering, and

therefore hotspots, in point data

I How much data do | need before | can use a technigue that maps
where the hotspots are?

A Interpretation of result:
I If NNI = 1; point data is randomly distributed
I If NNI < 1; point data shows evidence of clustering
I If NNI > 1; point data is uniformly distributed

A Statistical significance measure: Test statistic (Z-score)
and P value to indicate if result is statistically significant



The value of significance testing
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When can | use a hotspot mapping technique ...?

A NNI: software ’
I CrimeStat
I ArcGIS Spatial Statistics Tools i DEMO

Residential burglary in Camden and Islington, London
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The value of significance testing
When can | use a hotspot mapping technique ...?

A Nearest Neighbour Index

i Tests for statistical evidence of clustering N[NNI statistically significant
evidence of clustering?
Random: NNI = 1; Uniform: NNI > 1; Clustered: NNI < 1 [1day 20 1.29 No
2 days 34 1.03 Mo
3 days 52 1.02 Mo
1week 105 0.82 Yes:0.0004; =99.9%
2weeks 222 0.69 Yes:0.0000; =99.9%
1 month 470 0.62 Yes:0.0000; =99.9%

1 week
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2 weeks
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Review of common techniques

Hotspot mapping techniques

Point map

Grid
thematic
map
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Thematic map
of geographic
administrative
units

Kernel
density
estimation
map

A Best for location,
size, shape and
orientation of
hotspot

A 9outof10

intelligence
professionals
prefer it
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Kernel density estimation

Examples of KDE in presentations from the UK Crime Mapping Conference, 2010
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Comparing KDE to other methods

.1.‘ -
A Results from research FEI W :
oo . . ‘ \ 3 . i~ .' » . :
i Prediction Accuracy Index % \'("I § .
Chainey,S.P., Tompson,L., Uhlig,S. (2008). - - rx ) N
The utility of hotspot mapping for predicting FR e To hatsmsic o o Mompot s
spatial patterns of crime. Security Journal e R T

Table 6 PAI values for different hotspot mapping techniques

Hotspor mapping technique Average PAI (01/01/2003) Average PAI (13/03/2003)
Spatial ellipses 250 m 1.74 2.25
Spatial ellipses 500 m 1.24 1.52
Spatial ellipses HSD 1.69 2.03
Thematic mapping of output areas 1.91 2.38
Thematic mapping of grids 250m 2.00 2.34
Thematic mapping of grids HSD 2.06 2.63
Kernel density estimation 2.90 341

Values in bold indicate the highest values and values in italics indicate the lowest PAI values. Results are present-
ed for each of the dates when hotspot maps were generated. These results show that KDE consistently produced
the best hotspot maps for predicting future events.



Comparing KDE to other methods

Table 7 PAI values for different hotspot mapping techniques, by crime type
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Hotspot mapping technique Residential burglary Street crime Theft from vehicle  Theft of vehicle
(a) PAI values calculated from the 1 January 2003 measurement date

Spatial ellipses 250 m 1.38 2.36 2.18 1.65
Spatial ellipses 500 m 1.34 1.46 1.54 0.82
Spatial ellipses HSD 1.43 245 2.12 1.29
Thematic mapping of 1.10 4.20 1.17 1.18
output areas

Thematic mapping of grids 1.70 4.04 1.82 1.37
250m

Thematic mapping of grids 1.68 3.46 232 2.06
HSD

Kernel density estimation 2.31 4.68 2.29 2.32
(b) PAI values calculated from the 13 March 2003 measurement date

Spatial ellipses 250 m 1.32 2.59 2.15 293
Spatial ellipses 500 m 1.31 1.40 1.55 1.82
Spatial ellipses HSD 1.29 2.63 2.63 1.59
Thematic mapping of 1.25 3.32 2.93 2.01
output areas

Thematic mapping of grids 1.67 3.58 243 1.66
250m

Thematic mapping of grids 1.95 4.14 2.55 1.89
HSD

Kernel density estimation 2.33 4.59 3.66 3.05

Values in bold indicate the highest values and values in italics indicate the lowest PAI values. These results show
that KDE consistently produced the best hotspot maps for predicting spatial patterns of crime for all crime types,

and that in some cases STAC was not the worst performer. Instead, thematic mapping of output areas generated
the lowest PAI values for residential burglary, and in one case for theft from vehicles.
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Figure 4. Hotspot maps generated from 3 months of residential burglary input data (measurement date of the
1 January 2003) using (a) STAC, (b) thematic mapping of output areas, (c) grid thematic mapping and (d) KDE.

Each map is shown with its PAI value, based on 1 month of measurement data.
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KDE weaknesses:. smoothes between areas
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KDE weaknesses: attention drawn to the big
b I 0 b S Burolasy isterots
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KDE weaknesses: how many hotspots?!

A Thematic thresholds to apply? Hotspot legend
A Left to the whims and fancies of the map producer M High density

A Trial and error, experimentation, experience, whatever
Suits your circumstance Low density

One main hotspot Lots of hotspots!




Local Indicators of Spatial Association
(LISA statistics)
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LISA statistics

A Identify the local association between an
observation and its neighbours, up to a specified
distance from the observation

A LISA statistics help inform the nature of the local
distribution of crime
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LISA statistics

A Requires data to be aggregated to some form of
geographic unit (e.g. count of crime per Census block, grid cell)
I Adjacency/contiguity (i.e. which neighbours to consider)
A Units within a specified radius




LISA statistics

ALocal Moranéds | and L

I Compare if the value for each observation is similar
to those that neighbour it

I Effecti vely produce Mor a
cell

A Giand Gi*

I Compare local averages to global averages

A Application of a spatial significance test
I Where are the really unusual patterns of spatial association?
i What 6s hot and whatoés not hot ?

i ldentifies if local pattern of crime is (statistically) significantly
different to what is generally observed across the whole study
area

A Gi and Gi* have become the most popular amongst crime
analysts
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and GI* statistics

@
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GI and Gi* statistics

AWhat 6s the differen

Gi*?

Gi* statistic includes the value of the point in
its calculation

Gi excludes this value and only considers the
value of its nearest neighbours (within d)
against the global average (which also does
not include the value at site i)

A Gi* is the more popular of the two
statistics because It considers all values
within d

A Equation: ¢ (a) =

2 wi(d)x; — Wi'x*
s*{[(nS};) — W2/ (n— 1)}'/*

UCL Ji

L JI Jando
of Crime Science

| D

9,
o Institute g

ce bet wee
0|0 |2 |12
116 |6 |22
G |92]1 9 | 2] 2
1912|1111 1|1
0|10 (|13

for all j, x; #0
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GI* statistic

A Does local spatial association exist?

I Lots of high counts of crime close together
A Gi* values will be positive for each cell

I Lots of low counts of crime close together
A Gi* values will be negative for each cell

A Software

I Rook 6s Ca s ein ®nwersity of Qtthwa)
I ArcGIS 9.2 and above (Spatial Statistics Toolkit)



GIi* statistic
An example

A Calculating the Gi* statistics for our 16x16
matrix dataset

Parameters:

A Lag distance i distance at which we wish
to explore local spatial association

I Cell size for this example is 125m

I Set lag distance to 177m - all immediate
surrounding cells for each cell will be
considered

i.e. the distance to cells in a diagonal direction from
each cell of interest is 177m (by Pythagoras theorem)

A Lags i if we calculate our statistics
against a lag of 1 then we only consider
nearest neighbours within one lag distance
of each point

I Alag of 4 for our 16x16 matrix will calculate

Gi* values within a distance d of 177, 354,
531, 708 i.e. multiples of 177
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of Crime S

cience

1|/1|1(5(0 |0 |0 (1 (0|0 |0 (0|0 |0 |3 |2
0|3|0f(0((6|1|0 (1 (1|0 |0 (0|0 |0 |13
5|0|0 |00 |1 |9 (5|0 |0 |3 (0|0 |1]|0(1
1/4|0(2 (0|5 |0 (0|0 |1 |1 (0|0 |0 |02
1/0|2 (3|0 |3 |6 (01 )|2|0 (0|0 |1|5(0
3|5|0(4(0 |0 |0 (21|21 (1|0 |0 |10
0|0 |1 (1|8 |1 |66 (|2|2|0(1]|0|1]|2(0
0|2 |2 (2|4 |6 |12(9 (2|2 |3 (6|2 |0 |02
0|0 |3 (8 (5|1 |2 (11 |1]|5(0]|0]|0]|2]|2
112 |42 (1|0 |1 (0 (1|3 |00 ]|2]|3 |02
414|100 |1 |1 (10|21 (4]|2]|1]|6]4
1|/1|0 (0|0 |0 |0 (0|1 |4|5(2]|2|6 |10
o|oj|jo |20 |0 |1 (02|61 (3|0 |4|0(0
1/1|0(0 (0|0 |0 (0|0 |2 |00 |13|0 |0 (0O
o|oj|jo0of1 (1|0 |0 (0O (1|4 |6 (0|2|0|0(0
0|8|2(6(0|0 |0 (4 (3|1 |4(7|0|0|0(0O




UCL Jill Dandc wrxnm:e“g’:

>L Jill Dando Ins
of Crime Science

GIi* statistic
An example

ARun Rookods Case

A Excel spreadsheet is populated with Gi* Z scores
statistics for each point, and for each lag
I The Gi * statisti eGii*s( dl)iost ed und:
i Gi iGd (&2 6

A Cell 120

I This is the point with the value of 9 in the eighth column of the
eighth row

Gi* value =
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Gi* statistic
An example
Input data for Excel

A Coordinates for my grid cell centroids
A Value for each grid cell

A B C :

; £31262 169187 ] 1(1|5|0o|o|0of1|0|0o|0o|0f0|0 (3|2
o|(3|(o|of6|1|0|[1|1|(0o|0o|0f0o|0(|1]3
§ gg}ggg 12332; g s(of(o|o|o|1|9|[5|0of0o|[3|0f0o|1|[0]1
4 5315R2 168812 1 1/4|0|2 (0|5 |0|0|0 (1|1 |0]|0 (0|02
b 531562 168688 1 1(0|2|3|0o|3|6|0|1|2|0|0 |0 (1[50
b 531562 168562 3 |3|s|ofafo|o|o|2[af2[1|[1|ofo|1]0
7 531562 168438 0 oo |1 |18 |1(|6|6|2|2]|0|1|0|1|[2]0
g gg:ggg 1223;2 g 02|22 |4|6 12|99 |2(|2|3|6|2]|00]2
10 531562 168063 1 o|(o (3|8 (|5 |1 |2[1]|1(1]|5]|0|0]|0|2]2
11 5315R2 167937 4 1 (2 (4|2 (1|01 |01 (3|0]|0|[2]|3|[0]2
12 531562 167613 1 g|af(1|o|o|a|a|1|o|2]|1|a|2|1]|6]|4
13 531562 167687 0 1(1|(0|ofo|o|o|o0o|1|a|5|2|2]|6[1]0
14 531562 167563 1 o(ofo|2|o|o|1|0|2(6|1|3|0|a|[0]0
15 531562 167438 0
16 E31562 167313 0 1(/1|(0|o|o|o|o|0o|o|(2|0 013|000
17 531688 169187 1 o|o|0|1(1|0 |0 |0 |1 (4|6 0|2 (0|0])0
18 L31688 169063 3 o(s8|2|6|ofo|0o|a|[3|1|a|[7 (00|00
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GIi* statistic
An example

Video clip on my YouTube channel showing use of Rooks Case to

calculate Gi* statistic in Excel
http://youtu.be/s1cNp-YI3yo



http://youtu.be/s1cNp-YI3yo
http://youtu.be/s1cNp-YI3yo
http://youtu.be/s1cNp-YI3yo
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GIi* statistic
An example

ARun Rookods Case

A Excel spreadsheet is populated with Gi* statistics for each
point, and for each lag
I The Gi * statisti eGii*s( dl)iost ed und:
i Gi iGd (&2 6

A Cell 120
I This is the point with the value of 9 in the eighth column of the
eighth row R AR
1 6 2
Gi* value =4.1785 1@ BE
1 1 1
I GI* value is positive o[1]01]3

I In relative terms (to the pattern across the whole study area),
lots of cells with high counts of crime close together
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GI* statistic

A Gi* results are Z scores

I Z scores indicate the place of a particular value in a dataset
relative to the mean, standardized with respect to the standard

deviation
I Z =0 Iis equivalent to the sample/data mean
I Z<O0is avalue less than the mean
I Z>0is avalue greater than the mean

A Recall: Gi* compares local averages to global

averages

I ldentifies if local pattern of crime is different to what is generally
observed across the whole study area

A Z score is used extensively in determining
confidence thresholds and in assessing statistical
significance
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Statistical significance

A Z score values for levels of statistical significance:

I 90% significant: >= 1.645
I 95% significant: >= 1.960
I 99% significant: >= 2.576
I 99.9% significant: >= 3.291 (if a cell has this value, then something

exceptionally unusual has happened at this location in terms of the spatial
concentration of crime)

Universal Z score values: the same values apply, regardless
of crime type the location of your study area, the size of your
study area.

A Cell 120 - point with the value of 9 in the eighth column of
the eighth row
I Gi*value =4.1785
I Greater than 99.9% significant
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GI * stati sti c¢c and Rooh

Operational steps

1. Create a grid in my GIS
2. Calculate a count of crime per grid cell

3. Export data in to Excel format (e.g. xls, csv)
I X, Y, count
I Open in Excel

Run Rookos Ciiiu
Import results to my GIS aoooog j
Join my results to my grid

Thematically map the results (using the Z score
statistical significance threshold values)

I RO RO
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Another example - study area

London Metropolitan Police: Camden and Islington BCUs
Hotspots of robbery from a person (street robbery/mugging)
S g ¥ o -~ g 5 L% x@f/}'

A

b

a3

CIRT S22 W

i

Y
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GI* statistic and ArcGIS

Operational steps

1.

Create a grid

2. Calculate a count of crime per grid cell
3.
4. Display and interpret the results (using the Z

Run Gi *: OHoiGewits Aamrad y

score statistical significance threshold values)
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Step 1: Create a grid

ArcGIS

Av9.3 or | ower: use Hawt:t
some other grid creating tool

Av1i0o: ofishne r -

A Grid cell size? | =2 4
I Good starting point: divide |

shorter side of MBR by 100 f=——iss=Sut o0 afot

Very important: we need to COOkIe cut our
grid cell lattice to our study area
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Step 1: Input data i creating a grid (7om cells)

Video clip on my YouTube channel showing how you can use
Hawths Tools in ArcGIS 9.3 or lower to create a user defined grid:
http://youtu.be/sNH42FEnYIkO



http://youtu.be/sNH42FnYlk0
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Step 2: Input data1 count of crime

Join Data |

=3

A A ( ; I S Join lets you append additional data to this layer's attribute table so you can,
rC for example, symbolize the layer’s features using this data.

What do you want to join to this layer?

II. G eog rap h ical Iy I.Jnin data from another layer based on spatial location LI
refe r‘e n Ced g ri d I atti Ce 1. Choose the layer to join to this layer, or load spatial data from disk:

I@ Camden and Islington ROBBERY _font_point ;I ﬁl

(g e O d a.ta.b aS e fi I e O r 2. You are joining: Points to Polygons

I
i
Select a join feature class above. “ou will be given differert ‘

S h ape fi | e) options based on geometry types of the source feature class and

the join feature class.

T I I ¥ Each ill be: gi of th ic attributes of
| Count of crime In each I part et ol i . rd & cout i showng how oy

points fall inside it.

g rl d Ce | I How do you want the attibutes to be summarized?
[T Average [ Minimum [~ Standard Deviation
A Do this by performing a CSm T Meimm [ Varance
. . h . ™ Each polygon will be given all the attributes of the point that is
closest to its boundary, and a distance field showing how close
J O I n agal nSt t e g rld the point is (in the units of the target layer).
Ce | IS d ata Mote: A point falling inside a polygon is treated as being closest to
the pohygon, (i.e. a distance of {).
3. The result of the join will be saved into a new layer.
Specify output shapefile or feature class for this new layer:
IC:\Tlaining\GAM\GiStar‘\D‘ime data*C_and_|_Raobbeny_Grids® El ‘
About Joining Data QK | Cancel |




UCL Jill Dando “r‘f-’-li{li%?“’f
of Crime Science

Step 2: Input data1 count of crime

Video clip on my YouTube channel showing how to generate a count
of the number of crimes for each grid cell in ArcGIS:
http://youtu.be/XVgswGaBANhS8



http://youtu.be/XVqswGaBAh8
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Step 3: Running GI*

A ArcGIS 3 o e I e

g @ Help |i
I Spatial Statistics Fetbay Jomr < @ | DistanceBandor

Input Field

TOOIbOX>Mappi ng | Count_ =~ Specifies a distance cutoff

value. Features outside the

e e specified Distance Band or
u S e rS IC:‘l,Training‘l.GAM‘l,GiSIar‘l,Crime data\GiStar_Robbery_ ﬂ Threshold Distance are
ignored in the hot spot

. Conceptualization of Spatial Relationships analysis. The value entered

I H O‘t S pot An aIySiS | Fixed Distance Band =l for this parameter should

Dt M be in the units of the Input

= .s . - - Feature Class’ coordinate
(Getis 1 Ord GI¥) e S| syaem Theeisone
Standardization exception. If the Output
IN _I Coordinate System
LIL] one - N _ .
environment variable is set,

I L ag d i Stan Ce (kn own Distance Band or Threshold Distance the value entered for this

[too parameter should be in the

in ArcGIS as Distance ! B e come

Self Potential Field (optional) system set in that

Band Or ThreShOId | ;l enviranment A value of zero

indicates that no threshold

D Istan Ce) Weights Matrix File {optional) J distance is applied. This is
=

m

only valid with the "Inverse
Distance” and "Inverse

A Why 10om’> - Distance Squared” spatial

« | 1 | b conceptualizations_This
parameter has no effect
0K I Cancel Environmerts... | << Hide Help | when "Palygon Contiguity”
and "Get Spatial Weights 57




Step 3: Running GI*

Lag distance (ArcGIS: Distance Band or Threshold distance)

A Want to include all immediate neighbours in
calculation

A Calculated in relation to cell size
A SQRT((70*70)+(70*70)) = 98.99
I 70 1s the cell size we chose
AWedl |l round it up to 10C¢C

Immediate neighbours: no more, no less
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Step 3: Running GI*

Video clip on my YouTube channel showing how to enter settings
Into ArcGIS for running Gi*:
http://youtu.be/pA EXNf|OcM



http://youtu.be/pA_FXNfj0cM
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Step 4: Displaying and interpreting the results

A Gi* results are Z score values

A Use these to determine thematic class values
I 90% significant: >= 1.645

I 95% significant: >= 1.960

I 99% significant: >= 2.576

I 99.9% significant: >= 3.291
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Step 4: Displaying and interpreting the results

Thematic class values:

A 90% significant:
>=1.645

A 95% significant:
>=1.960

A 99% significant:
>=2.576

A 99.9% significant;
>= 3.291

:

,
rerenes (B

General | Source | Selection | Digplay Symbology | Fields | Definition Guery' Labels | Joins & Relates |
| Show:
Feat |Dra'lr quantities using color to show values. Import... |
Categories — Fields Classification
Quantities Value: IGiZ1[H] LI Manual
i Graduated colors ;
.. Graduated symbols Mormalization: Inone d Classes: |5 vI ﬂl
Proportional symbols
i Dot density Color Ramp: I _j
Charts
Multiple Attibutes  |-M20l|_Range | Label |
-1.335510 - 1.645000 -1.335510 - 1.645000
1.645001 - 1.560000 1.645001 - 1.560000

I 1560001 - 2.576000 1.960001 - 2.576000
I 2576001 - 3.251000 2 576001 - 3291000
— | 2251001 - 28 626400 3.291001 - 28 626400

[~ Show class ranges using feature values
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Step 4: Displaying and interpreting the results

Video clip on my YouTube channel
of legend thematic threshold selection for KDE, how to enter
thematic thresholds for Gi* using Z score statistical significance
values and display the results in ArcGIS:
http://youtu.be/ypRJNB19T]|0

S


http://youtu.be/ypRJhB19Tj0




