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Summer School

Wellington

Time Session

9.00 am Introductions, purpose of GIS

9.30 am S1: Generating covariates — Tutorial 3
10.30 am Morning break

11.00 am S2: Point and area pattern analysis

11.30 pm Tutorial 4 — Kernel density

12.30 pm Lunch break

1.30 pm S3: Interpolation and spatial autocorrelation
2.15 pm Tutorial 5 — Spatial autocorrelation

3.00 pm Afternoon break

3.30 pm S4: Considerations for regression modeling
4.15 pm Al and geospatial developments

4.45 pm Discussion/questions, your own work

5.00 pm

Finish 2
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Summer School

Welcome announcements Wellington

e Useful information
* QOrientation — bathrooms, lunch & refreshments

Keeping to time

Evaluation forms

Certificates of attendance

Special room requirements - computer lab

Introductions
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Emergency EVaCuatlon Summer School

Wellington

Mein Street

Link Block Levels 4,5,6,7,8and 9(D,E, F, G,H &) Exit through to WSB, use the stairs down to level 3 and exit
through Vibe (The Health Deli) Café.

WSB levels 5,7,8and 9 (E, G &)) Use the stairs down to level 3 and exit through Vibe (The Health
Deli) Cafe.
Lecture theatre (Nordmeyer) Exit down the stairs and use the fire exit opening out to
the exterior of the building and report to carpark near
Ambulance bay.
Ask Otago and Level 3 (C) link Exit through the main entrance by Askotago and report to
carpark near Ambulance bay.
Prefabs Exit through doors and gather in the main car park at front of
building.
Hanson Street Exit through doors and gather on street at front of building.
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Considering postgraduate study? Summer School
Wellington

Talk to us about the options available at our

3 campuses
Wellington | Dunedin | Christchurch

* Certificate in Public Health
* Diploma in Public Health

* Master of Public Health
 PhD

To find out more, ask at the registration desk, pick up
a brochure or visit otago.ac.nz/publichealth 5
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Access UO_GUEST

UO_GUEST is the network available for use by visitors to the University of Otago who do not have eduroam access, and provides
internet access.

How do I access the UO_GUEST network

To access the UO_GUEST network:

1. Select the UO_GUEST network from the list of available networks on your device. A webpage should open automatically with the
login screen. If not, open a web browser manually and the page should open.

2. Click on the Don'’t Have an Account? link on the login screen and follow the prompts to create a new account. If you already

hawve an existing UO_GUEST account, enter your login details here. You will be required to provide a working email address and
contact phone number.

3. Your UO_GUEST credentials will be emailed to the account provided. You will need to be able to access your email to collect
your password. Once you have received your username and password, click the Sign On button.

4. You are required to read and accept the University network regulations. You will be unable to access the internet until this is
done.

5. After you click Accept you will be redirected to the ITS Visitor Network Access page, and you should now be able to access the
internet.
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Welcome! Haere mai! SHintos  chool

Wellington

e Goals for today:

* To understand which spatial tools and techniques are
available for addressing epidemiological questions,
health care service decisions, etc.

* To apply some spatial tools using data

*To be%ln to think of ways of applying these tools and
spatial thinking to the work you already do

* To provide resources for further learning
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Primary purposes of GIS Summer School

Wellington

e Record and store information DAY 1

* Present information and communicate findings DAY 1
* Generate geographic covariates

* Analyse locational distributions and spatial patterns
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Generation of geographic covariates Welngton

* Key concept: where we live affects our lives and our
health

* We often extract information from GIS to be used in
other software programs for statistical analyses (eg,
regression in Stata or R)

* This gives us information about places or spatial patterns
* Helps us characterise exposures

* Helps us account for non-independence in our
observations
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Summer School

Analyse location and patterns Wellington

* Cholera outbreak

» 1854 - London MEQEMWK

* Unknown source

* Mapped locations of patients
& water pumps

* Intervention
10
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Wellington

Generation of geographic covariates

* As epidemiologists or public health practitioners,

* We often think about exposures at the individual-
level (eg, genetics, behaviour)

* GIS helps us assess exposure at a larger scale (eg,
air pollution) and across a population, which can
be assigned to individuals

11 9
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. . . Summer School
Generation of geographic covariates Wellington
* As epidemiologists or public health practitioners

* We often think about exposures at the individual-level
(eg, genetics, behaviour)

e GIS helps us assess exposure for individuals at larger
scales (eg, air pollution)

* Based on where they live, work, attend school

* Based on where they spend their time (GPS tracking
data)

12



Public Health

Summer School
Wellington

Generation of geographic covariates

* Generate variables which describe:
* Neighbourhood context
* Work environment
* Exposure to environments (built, physical, social)

* Variables are then used to:
* Assess exposure (assign to individuals or to areas)
e Assess health (usually to areas)

* Variables used in regression analyses, for example:
* Land use regression to predict air pollution
* Access to greenspace and depression
* Neighbourhood walkability and CVD

13
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Example: Neighborhood conditions and Summer School
. . ellington
the microbiome

* Little is known about the potential influence of
neighborhood environments on the bacterial &
archaea communities that live in and on the human
body -- the microbiome

* Unigue opportunity — partnership with Medical
Examiner’s Office in Wayne County (Detroit)

* In a city with declining population, vacant lots,
abandoned buildings, but also grassroots ‘greening’
programs

14 11
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Example: Neighborhood conditions and Summer School
the microbiome ~
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Example: Neighborhood conditions
and the microbiome

e Significant clustering
of composition
(genera) of the
microbiome for all
anatomical regions
except the rectum

Bl

s

Public Health
Summer School

Wellington
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Example: Neighborhood conditions and Summer Schoo
the microbiome

* Microbial biodiversity
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Wellington

Section 1:
Generating spatial
covariates

18
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Making geographic calculations Wellington

 We want to know the number of cancer cases within 200
metres and 500 metres of green space in the Hamilton. We
also want to know the distance from cases’ home locations
to the nearest oncology clinic.

* Say we got the data for cancer cases from the New Zealand
Health Survey, green space data from aerial imagery and
we geocoded the addresses of clinic locations.

* You could make these calculations using spatial tools.

19
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B Uﬁe I Wellington

Boundaries placed around
areas (polygons), lines or
points

Euclidean

Network

_—

May use a centroid or point
as centre

Set radius

Then euclidean or network
buffering technique used to
assign buffer at given
distance from centre point

Source: Oliver et al. International Journal of Health Geographics 2007 6:41.

20
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Making geographic calculations Wellington

* We want to know the number of cancer cases living
within 200 metres and 500 metres of green spaces in
Auckland.

* Make buffers around green spaces.

* Join the case locations (points) to the greenspaces.
Use a sum function within this tool.

* We end up with the sum of cases within 200
metres and 500 metres of each greenspace.

21



Public Health
Summer School

Wellington

Making geographic calculations

e Other useful calculations:
* Calculate the area of a polygon

* Proportion of a neighbourhood occupied by
greenspace

 Calculate distance from point to a point or polygon
e Distance from home to nearest oncology clinic
* Calculate number of SAls within each SA2

* You can select units (m, mile, km)
* Many tools available — cannot cover all of them

22
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Making geographic calculations Wellington

* Before measuring any distances or calculating scale,
ArcPRO must be configured to report measurements in
units of the user's choice

e ArcPRO must be told what units the data are stored in

* Without knowing what the units are, it is impossible to
calculate scale or to perform any measurements. For this
reason, you should a/lways know the projection and
coordinate system of any datasets you are using.

20
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Coordinate systems Wellington

. ?eoqraphic Coordinate System - uses an angular unit of measure
e.g.

atitude and longitude), a prime meridian and a datum based
on a spheroid

. Pro%'ected Coordinate Systems converts the latitude and longitude
that fall on the 3-D surface of the earth onto a 2-D surface for use

i N G IS (important for distances

* In NZ, the two most common projections are :
* New Zealand Map Grid
* New Zealand Transverse Mercator

24 21
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Making geographic calculations Wellington

* Checking/setting coordinate system

* You can always right click a dataset title in the table of
contents

* Properties
* Source > Spatial reference

* Predefined > Geographic Coordinate Systems > World WGS 1984

22
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Projection used in tutorials S et

Wellington
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Making geographic calculations Wellington

* You can make calculations on an un-projected
dataset — but less realistic without curvature of the
earth

e Still, all projections distort map properties (which is
why there are so many; to reduce bias in some
places, bias in other areas are increased).

24
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Making geographic calculations T A

* We are not covering all:
* Projection systems
* Transformations
* Bias

* |n these tutorials, all the data are in the same

projected coordinate system — NZ Transverse
Mercator

25
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Special considerations — health or sensitive Summer School
data ellington

* When working with health data, we may be
required by data providers (and ethics) to
consider:

* Preserving anonymity of survey participants
 Rarity of event (infantile astrocytoma)
 Stigmatism of places or population groups

* We can effectively and ethically do this:
e Jitter individual point locations

» Aggregate to larger population/geographic
unit

29
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Jittering Wellington

* Lots of different options (refer to course book)

e Paul A. Zandbergen, “Ensuring Confidentiality of Geocoded Health Data: Assessing Geographic Masking Strategies for Individual-Level Data,”
Advances in Medicine, vol. 2014, Article ID 567049, 14 pages, 2014. doi:10.1155/2014/567049

 Complex algorithms to shift point locations but
maintain similar pattern

* More important if then using points for analysis or
sharing

* Simple method available = BONUS tutorial 3
* Should not use new locations for spatial analysis

27
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TUtO rl d | 3 Wellington

* You will be learning a few tools now:
e Buffer
e Sum points within polygon
* Distance calculation

* BONUS MATERIAL: jittering sensitive data

28
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Tutorial 3 — buffers, sum points and s
distance

A. What might be the scientific significance of using
different buffer sizes?

For discussion

32 29
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Tutorial 3 — buffers, sum points and Summer Schod
distance

B. For any given park (greenspace), what it the highest
number of obesity cases within 200 metres, 500 metres?

C. How close is the nearest food outlet, of all the obesity
cases? How far is the greatest distance?

D. Why would a health researcher be interested in
knowing this information? Would this be an exposure or
an outcome and why (provide a scenario)?

33 30
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Tutorial 3 — buffers, sum points and Summer School
distance

B. For any given park (greenspace), what it the highest
number of obesity cases within 200 metres, 500 metres?

200m=5, 500m=15

C. How close is the nearest food outlet, of all the obesity
cases? How far is the greatest distance?

0.0003km, 264.151km

D. Why would a health researcher be interested in
knowing this information? Would this be an exposure or
an outcome and why (provide a scenario)?

34
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Morning break - | Summer School

Wellington




Public Health
Summer School

Wellington

Section 2: Point and
area pattern analysis

36
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Point and area pattern analysis Wellington

* Geographers use points and areas (or polygons) to
examine patterns

e Can be done descriptively (e.g., mean center of
points)

e Or inferentially

37 34
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Statistical pattern recognition Wellington

* Involves calculating a statistic (e.g. spatial cluster statistic,
autocorrelation statistic, etc.) that quantifies a relevant aspect of
spatial pattern data.

* This might be

* a health outcome (e.g. case/control locations, incidence or
mortality rate)

e exposures (e.g. exposure to agricultural pesticides)
* risk factors (e.g. smoking prevalence)

* The numerical value of this statistic is then compared to the
distribution of that statistic’s value under a null spatial model.

e This provides a probabilistic assessment of how unlikely an
observed spatial pattern is under the null hypothesis (p-value).

38 35
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Clustering Wellington

Visualisation, descriptive recognition
* Map display - eye-balling technique, Kernel density functions

Statistical pattern recognition — most common method

* Statistics quantifying an observed spatial pattern — compare the
expgc;ced and observed spatial distribution under a null spatial
mode

* Provides probabilistic assessment that an observed spatial pattern
is not just random chance variation from the expected pattern

39
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Clustering Wellington

* Event-based (point locations of cases)

* Population-based (rate of cases/population at risk, usually within
polygons)

* Field-based (continuous distribution over space eg, air pollutant highs,
usually raster)

Applications

* Disease surveillance

e Exposure assessment

Crime hotspots/coldspots

Traffic crashes

Zoonotic infections — hotspots of contact

40
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Defining nearest neighbours Wellington

 Many approaches
* Nearest based on adjacency
* Nearest based on a set distance (within 5 miles)

* Nearest k neighbours (useful when working across rural
and urban)

* Use spatial weights to indicate strength of
‘neighbourliness’
* Inverse-distance

* Inverse distance squared

41



Nearest neighbour analysis

 Compare each
distance to nearest
neighbour to the mean
for all points.

 Compare the mean
observed distance to
some expected mean
distance (eg the
distance expected for a
random distribution)

Coordinates and Mearest Neighbor Information for

Example*

Point X Y NN NND
A 1.3 [ok:] E 304

B 3.2 a4 [ 2.00

G 33 B4 B 2.00

0 56 38 E 1.36

E 48 27 [a} 1.36
F 84 74 G 4,21

G 0.4 34 o 382
SUM 18,69

whera NN = nearest neighbor
WNND = nearest neighbor distance
NND 18,69
ND = b = —— = 2.67

mn

7

* Bew fgure 14.1 for gragh of poinl kealians

Public Health
Summer School

Wellington

2

o e

FIGURE 14.1
Location of Points for Neares! Neighbar Problem

42
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Nearest neighbour analysis Wellington

* This value of 2.67 must be compared to a theoretical point
distribution. R

* Perfectly (or purely) dispersed
* Perfectly random
e Perfectly clustered

B

6l

s

2+

plb— e
4

* If this example was perfectly random (n= 7 points)...
NND, = L__=-_1 _=1.89

2 /Density  2V0.07
e But this value will vary based on the number of points, etc

* So, we calculate a standardized nearest neighbour index (R) 43
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Nearest neighbour analysis Summer School

Wellington

R= MVD - 267 =741

NND_  1.89
We compare this value to a continuum.

Dispersed ﬁ Clustered
R=2.149 R=15 R=1.0 R=0.5 R=0

perfectly dispersed more dispersed random clustered overlapping points

(perfectly clustered)
44
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Nearest neighbour analysis Summer School

Wellington

We can also use the R value to test the null
hypothesis that the observed nearest neighbour
pattern is equal to a random distribution.

To do this, we calculate:

Z — NND—-NND n GNND — 0.26136
oNND and Jn(Density)

__ 2.67—1.89 __ 0.26136
/ = —NND and oNND = oo

7 =978 =209

" 0.373

Then, we can use a z-table to find the
corresponding p-value for this z-statistic.

45
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Nearest neighbour analysis Summer School

Wellington

Z =222 =209

0.373

p = 0.018

However, we need to consider
whether we have a one-tailed or
two-tailed hypothesis.

46
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Nearest neighbour analysis — one- kbl ¢
. . Wellington
tailed vs two-tailed

* Two-tailed hypothesis |
* We think our distribution is not R —

random. So we simply test the pimay bt otarin et a o Pl

procass has generated a point pattenn

null hypothesis that the Requrements a0 Assmtons:

1. Random sample of points from a population

observed pattern = a random il
patte rn FF:EE = NN, (point patiern is random)

Ha: NNO + NNDp {point patiern is not random)
Ha: NNT' > W&y (point patiern is more dispersed

* One-tailed hypothesis o e

Hy: NND < NNDg (point patiern is more clustered than

* We think our distribution is _—
clustered (or dispersed). .~ WD - WD,

e Think about the tails on the
continuum.

random

47
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Nearest neighbour analysis Summer School

Wellington

Since we did not have a clear theory
about the hypothesized distribution a
priori, we use a two-tailed test.

p=0.018 *2 =0.036

So we conclude that the observed
distribution is significantly different
from a random distribution.

48
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Nearest neighbour analysis Summer School

Wellington

* Can also use quadrants
superimposed on points

Quadrat Mapping

Quadrat counts Quadrat counts

to assess patterns 0 is | %) 1 ||t LI
Ve A B . % 0:0 i 00 a8 j ¢ 0.0

. ' " :'i"' il [0 0:0:0:0:1% 588 :151:0:1s

o @ P e %o o 9, ";""""6"""""0‘5""'. """"""

* Which compares 2 | wry ol gt e, | [T 0 g I 50

_,__..._’,__Z_._°.':'-g;_..'i".ei"?’_‘:£f_'__;__l?sﬁ;. 0:0:0:2 ﬂ: . 040 g e

L] ] ] [ ul B’.“ e 2 zoso , : °°, - - ° _n?“‘{s: gw 1-,6 - o“ oq—

variability of points Ry VIR oo | RN CHRIC Vi

! ' “og00 1o A ) B st b . B0 ) Bk .

I in eachecet! T ;:'"L'"'?"LT"‘" """"""""""" 0 11:1:0:2 #5335 0:8:0
within each cell o, LB | S
’ 5'“. oq -."., ’2 % prifer B : ,;{ l%".‘

- R I AT W e 4908 (B 0ATI ALY a2

* This approach can lead A BRSOl C O A R

t < . i‘? ; ® . oo !‘ 1 u&: 3] wvag'gbn "e e n”"l'v' .\‘o""’.'&n

2 it 252 T8 o Y P

to issues (e.g., if cells are
different sizes)
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Quadrant maps Wellington

 Classic approach

* analogy to employment of sampling frames in field
surveys
Partition study region into equal-area subregions
called quadrants

* Approach 1: completely tile the study area with non-
overlapping quadrants
e Approach 2: randomly position n quadrants in the region

e Count number of points in each subregion; divide by
guadrant area to obtain frequency counts

 Summarizes the distribution - sort of a 2-D histogram

50
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Quadrant maps Wellington

* Advantages:

* Point pattern essentially transformed to areal
data

* Many analysis techniques exist for such data

* Disadvantages:
* Much information is lost
* No obviously ideal quadrant size

51
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De NS |ty Wellington

* A measure of intensity — exposure to features of the
built environment

* Relates to accessibility

e Sum (count) of features within specified area
(buffer) (e.g. fast food outlet per km?)

* Count per population/geographic area
e Kernel density

* Continuous measures assume: linear relationship
between feature and health outcome

52
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Kernel density Wellington

* An extension of the quadrant approach

* |[dea: Pass a moving window (quadrant) over the
region. Assign weights to points falling within
the window according to how close to the
center of the window they are

* Theory: Intensity estimation of spatial point
pattern is similar to estimating a bivariate
probability density

* Must have population data, not sample data

53
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V  volume surrounding x

p(x) = Niwhere N total #examples
k #examples inside V

Kernel density

e Similar to histogram
* Bin width and starting point = limitations
umpiness’

» Kernel density overcomes this ‘b
e But is still subject to width issues - Relies on defining the

interpolation interval (1km)

%
%
e
KRR
%

Tatess
290

. |/Auckland City
<{ I 1185 25-100% dual diagnosis|

] Excluded MBs (pop<30)
1

] Water
{Kernel Density

[ 0.00-056
[ 0.57-1.67

2555

%
20!
050008

Thus, a zero indicates

that there were no
outlets within one '
kilometre. —_——
A
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Kernel density Wellington

 Calculates a magnitude per unit area from point [or
line] to fit a smooth surface =

Search radius

/
Grid cell
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Kernel density Wellington

* The bandwidth determines the radius, and is critical
to the performance of the kernel

* Setting large bandwidth lessens influence of nearby
points on kernel

 Setting small bandwidth gives poor notion of overall
intensity
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Kernel Maps

Changing the bandwidth (here, sigma for a Gaussian kernel) has a major effect on the kernel.

Bandwidth (sigma) = 0.01 Bandwidth (sigma) = 0.03 Bandwidth (sigma) = 0.05 Bandwidth (sigma) = 0.10
; “ : g
f
§
g 8 8
g
g El
2 g § 8
g g 8
o o o
Bandwidth (sigma) = 0.15 Bandwidth (sigma) = 0.30 Bandwidth (sigma) = 1.0
8 e
B
]
g
8 g
) g -]
Al &
A a
©

54



diggle.bw Public Health

Summer School
Wellington

Kernel density

20 30 40 50

M(o)

* Optimal bandwidth
minimizes mean squared .
error (using criteria by
Peter Diggle)

0 10

Bandwidth (sigma) = 0.2246

0.0
800

-0.2

800

* Qutput is a smoothed,
continuous [raster] surface
of the phenomenon of
interest -] |

400

-0.6

-0.8
200
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Pattern analysis Wellington

* Suppose we want to understand patterns in the rates
of anxiety across CAUs in Northland

* We could use area pattern analysis to determine if
there appears to be area-level exposures leading to
high levels of anxiety

* Or whether there is a perfectly even distribution of
anxiety across the TLA

59
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Clustering Wellington

* Often a way of reducing data

* Grouping — by characteristics and/or location

* Maximize within group similarity, and among group
similarity minimized

* Reduce information on the whole set of N

observations to information about k groups of nearly
similar entities (where hopefully k < N)

60



Maximizes within-
cluster
homogeneity, thus
inference based on
cluster
membership

Cluster Techniques

Sequential

Exclusive Each enttty tn Nonexclusive
one cluster only

Recursive sequence

‘ Simultaneous

qf operaﬁom

A4 . .
Achieve maximim

Public Health

Summer School
Wellington

Each entity in

one or niore clusters

‘ Single nonrecursive

operation

Arrange clusters in

hierarchy;

| relationships among

* clusters defined

| Nonhierarchical | thin-culstor ‘ Hierarchical ‘
[ bomqgeneifj/
A4 \/
Agglomerative Divisive Agglomerative ‘ Divisive
Build groups Break z}z{o groups Build groups Break z'ml‘o groups
A v \A % v
Polythetic Monothetic ‘ ‘ Polythetic ‘ ‘ Monothetic ‘
Consider all Consider one Consider all Consider one
variables variable variables variable

61
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Cluster Techniques

ﬁ\ Each eniily in Nonexclusive Each entity in
one cluster only one or more clusters

Recursive sequence

Sequential : ‘ Simultaneous ‘ Single HnonTecirsIve
qf operations gperation
\ 4 . . L Aprrange clusters in
Noald hical Achieve maximim T hical Lyerarchy;
onhierarchica it . erarchic . .
| ﬂ;‘fbm—m@fﬂ | lerarclh ‘ Wionships among
* + ormqgeneity + | + clusters defined
} .. . L. Often used in
Agglomerative Divistve Agglomerative ‘ Divistve geographic analyses —
Buzld groups Break into groups Build groups  Break into groups dendrogram
+ + ¢ + * ¢ (counties within states)
Polythetic Monothetic ‘ ‘ Polythetic ‘ ‘ Monothetic ‘
Consider all Consider one Consider all Consider one
variables variable variables variable
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Clustering Wellington

* Identify outliers — by leaving them in solitary or small
clusters; possible remove from further analyses

* Eliminate noise — by clustering similar entities without
exact similarity
* So many methods....
* Maximum likelihood clustering
* Minimum variance partitioning
 Composite clustering
e K-means clustering

e Often must define number of allowable clusters (cut-off)
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Clustering of non-spatial data Wellington
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Hierarchical clustering in non-spatial data [z

 Dendrograms

e

B e c
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Cluster analysis of spatial data Wellington

* Goal of cluster detection is to uncover interesting patterns in multivariate data
space and to classify observations into groups based on their internal similarity
or external distinction

* One area of similarity/dissimilarity is spatial location
* Lots of techniques have been developed; many can be grouped (clustered?!)

into various sorts:

* Hierarchical Methods: begin with one large group and iteratively divide
this down into subgroups, or alternatively begin with each observation in
its own grou‘o and iteratively merge them up. Either approach results in a
multiple-scale classification tree

* Partitioning Methods: assign objects into a particular number (k) of groups

* These approaches typically consider the overall variance of the objects as being
the sum of the within-group variance and the between-group variance

* A good result will minimize within-group while maximizing between-group
variation 63
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If interested... SaTScan (free) Wellington

* Cluster detection method
e Can assess space or space-time clusters
e Uses circles of varying sizes (cylinders if including time)
* Compares risk within versus outside circle

* Most likely cluster -> circle with maximum likelihood
(more than expected number of cases)

* Hot and cold spots
e Background population-at-risk

* No pre-specified cluster size
e Can take confounding into account
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Example: Clustering of pneumoccocal
pneumonia

e Christchurch, New Zealand

* Devastating earthquakes 2011-2012
* Hundreds of lives lost

* Almost entire central city destroyed

Public Health

Summer School
Wellington
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Example: Clustering of pneumoccocal Rl v
pneumonia

* Areas most affected by damage were also the
poorest areas

Wellington
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Example: Clustering of pneumoccocal Shaa ot

pheumonia Wellington

* Liquefaction — wet then air borne
* For many months

70
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Example: ;Iustering of pneumoccocal S e
pneumonia

LIQUEFACTION SEVERITY
(23 Feb to 1 March 2011)

Minor (primarily roads affected)

N
5 kilometres

Low to moderate

* Liquefaction ejecta Moderate o severe

|| Census area uni

Mcleans
Island
Templeton ~'

Cathedral ‘
[ J S%lare

(CBD)
@® Hagley Park

@ St Albans East
@ Avonside

@ Dallington

® Travis

® Sydenham
@Ensors

® Hoon Hay
@Riccarton

e A source of
airborne dust

<

Source of the liquefaction data:
Cubrinovski (2011)
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Example: Clustering of pneumoccocal Summer School
. ingt
pneumonia s

* The etiology of pneumococcal pneumonia (PP) is well-
known.

* Some events may increase its incidence.

* Natural disasters may worsen air quality, a risk factor for
PP.
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Example: Flustering of pneumoccocal Summer School
pneumonia
* Data

* Cases

* Population at risk

* Age composition of neighbourhoods (older
people more susceptible)

e Deprivation status of neighbourhoods (poor areas
tend to have higher rates)

Liquefaction data (spatial)
53 in the pre-earthquake months (22.5 months)
44 in the post-earthquake months (16 months).
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Example: Clustering of pneumoccocal ‘?’,\;‘i'?ﬁ!‘.i‘,?fs“fﬁoou
. ington
pneumonia —

Monthly pneumococcal pneumonia notification rates from October 2008 to December 2011

Pre-earthquake time period Post-earthquake time period

= Canterbury
= New Zealand

Source: Canterbury District Health Board. 4 Sept 2010 29 Feb 2011 13 June 2011
earthquake earthquake earthquake




Example: Clustering of pneumoccocal Sprslaool 1
. Wellington
pneumonia —

e Results

* Space-time cluster same as post EQ models

* Increased relative risk in the fully-adjusted post-earthquake
compared to the pre-earthquake cluster

* Long-term impacts of ejecta inhalation? Seismic activity continues

PRE-EARTHQUAKE MODEL

POST-EARTHQUAKE MODEL
(Oct 2008 - Aug 2010)

(Oct 2008 - Dec 2011)
(Sept 2010 - Dec 2011)

MoOST LIKELY CLUSTER
MoOST LIKELY CLUSTER MoOST LIKELY CLUSTER CAUSs included: 63
CAUs included: 51 CAUs included: 63 Time Period: July 2010 to Nov 2011
Number of cases: 38 Number of cases: 35 Number of cases: 41
Expected cases: 22.99 Expected cases: 21.33 Expected cases: 18.99
Relative risk: 3.31 Relative risk: 4.13 Relative risk: 3.01
P-value: 0.018 P-value: 0.021 P-value: 0.022

-

CLUSTER ANALYSIS 'X

N
| | Census area unit 10 kilometres 75

I Most likely cluster
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Challenges of cluster analysis Wellington

* Link between a causal factor (perhaps a point source)
and a disease cluster has been extremely difficult to
substantiate in court

* disease etiology often not fully understood
* lack of proof of causation - only correlation
e difficulty modeling underlying population at risk

e variation of results when spatial resolution is
changed (coming later)

* clustering at a particular place may be due to chance
e event locations may not indicate site of exposure
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Clustering Wellington

* Typically, one uses geographical statistical programs
(ArcPRO, SaTScan, Geoda) to calculate these
statistics

* Although some ‘conventional’ statistics programs
offer add-ons or packages — increasingly common

e R
e Stata

77
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Kernel density in ArcPRO Wellington

* Under Spatial Analyst = Kernel Density

* The kernel function is based on the quadratic kernel
function described in Silverman (1986, p. 76,
equation 4.5)

819263 29%2'3 2
S

3427168
* 816200 [Jo-52

53-108
1483000 ER L E 106 - 159
[15a-212
[ 21z -265
[ z85-319
] =12 -372
B 7z 425
B 4e5 -4

M City

o
2218400
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Kernel density in ArcPRO

Geoprocessing

v X

> | Fund Tools

S

Favorites Toolboxes Fortal

b Multidimension Tools
b Network Analyst Tools
I [BiE Network Diagram Tools
b Parcel Tools
b [&eE Public Transit Tools
[ Reality Mapping Tools
b Server Tools
B Space Time Pattern Mining Tools
4 Spatial Analyst Tools

b ﬂ;l{nndltional

4 & Density

Ef calculate Kemel Density Ratio

“’"\ Kernel Density

Geoprocessing
© Kernel Density

Parameters Environments

Input point or polyline features
Auck_Gambling

Population field

MNONE

Output raster
KemelD_AuckGambling

Output cell size

50

Search radius

Area units

Square kilometers

Output cell values
Densitias

Method

Plamar

Input barrier features

Public Health

Summer School
Wellington
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Tutorial 4 — kernel density Summer School

Wellington

A. How close is the nearest gambling outlet to another
one? How far is the greatest distance between
outlets?

* Nearest
e Farthest

80
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Tutorial 4 — kernel density Summer School

Wellington

A. How close is the nearest gambling outlet to another

one? How far is the greatest distance between
outlets?

* Nearest = Om (in the same building, at the same
address)

e Farthest = 1474m

81
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Tutorial 4 — kernel density Summer School

Wellington

B. Is the distribution normal? Is there a positive or
negative skew?

82
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Tutorial 4 — kernel density Summer School

Wellington

B. Is the distribution normal? Is there a positive or
negative skew?

TOWN TA X Y NOTES NEAR_FID f NEAR_DIST
Remuera Auckland City 2671336 | 8472989 25| T02.801035
Papatoetoe Auckland City 2674751 | 64705159 97 T06.402963
Panmure Auckland City 2675484 | 84TT2E
Orakei Auckland City 2672760 |52a137 Statistics of Auck_Gambling >
Orakei Auckland City 2673098 | 548083
Auckland Auckland City 2654727 | 64793  Feld
Kingsland Auckland City 2865043 | 547988 NEAR - o
Avondale Auckland City | 2660610 | 647684 = Frequency Distribution
IMount Roskil Auckland City | 2865621 | 647807 Statistics: 150
Mt Roskil Auckland City 2065374 (647502 |Count: 219
Wt Roskill Auckland City 264703 | 547434 Mi”il_"'lumf 0
Parnel Auckland City | 2661551 | 64750¢ g‘:ﬂ’:‘mumlﬁ% 100
Penrose Auckland City 2672070 | 647515 Meaﬁ: 225.?1.6638
Glen Innes Auckland City | 2675234 |64797¢ |Standard Deviation: 318 688571 50
Wt Eden Auckland City 2ERTE4S | 647841 |Mulls: 0
Epsom Auckland City | 2668544 | 64773 0 ———
Pt Chevalier Auckland City 2882351 | 648114 0.0 46280 9359 1403.9
Mount Wellington Auckland City 2674189 | 647534 234 702.0 11609
5t Heliers Auckland City 2678332 | 548078
Glendowie Auckland City 2677720 | 648035y T e L]
Blockhouse Bay Auckland City 2862355 | 6474625 193 14?4.299?‘3-3|
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Wellington

C. Were some outliers eliminated? What is the
difference between the two raster datasets? Which
might be most appropriate? Why?

KB 84
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Tutorial 4 — kernel density Wellington

C. Were some outliers eliminated? What is the difference
between the two raster datasets? Which might be most
appropriate? Why?

Yes, the outlets at the positive tail were not included.

This created tighter areas of high density and more areas
of low density.

The most appropriate dataset would depend on the
purpose of the research.
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Wellington

D. Across both raster datasets, are there notable areas
of high density? Low density?

KB 86
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Tutorial 4 — kernel density s !

D. Across both raster datasets, are there notable areas
of high density? Low density?

Notice the “edge effects”. It
can be useful to use a spatial
extent larger than your data
points to reduce edge
effects.

87
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Tutorial 4 — kernel density Wellington

D. Across both raster datasets, are there notable areas
of high density? Low density?

88



Public Health

Tutorial 4 — kernel density Summer School

Wellington

E. What could these raster datasets be used for in
health research?
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Tutorial 4 — kernel density S S

F. How is the kernel density result different when we
use data on the number of machines?

KB 90
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Tutorial 4 — kernel density Welloerme o

F. How is the kernel density result different when we
use data on the number of machines?
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Summer School

Wellington

Section 3:
Interpolation and
kriging
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Kernel density Wellington

* Note that when we used this technique, we had
population data on gambling outlets (we knew all of
them across the study area)

* We used this technique to describe the pattern of
outlets (or machines), on a continuous surface
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Sampled data Wellington

* We may seek to use a data of sampled locations to
model, and predict attribute values at unknown
locations

* This is a way of interpolating values across a surface

* To do so, we need to consider both first and second
order spatial trends
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Why use interpolation? Wellington

- To estimate values where there are no data
- Visualisation of complex point data
- Analysis of trends over space and time

96
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First order v second order spatial trends Wellingor

* First order
* Relates to patterns across the study area

* E.g. south-north increase in average
temperatures across a region

e Often varies with spatial and temporal scale
* Can be modeled using trend surface analysis

* *in practice, we often assume this is not the case, unless clear scientific reason it may exist
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First order v second order spatial trends vl

 Second order

e Pattern attributed to interaction effects among
elements in the pattern

* Alternatively, it is what is left of the pattern once first
order variation or trend effects have been removed

* Against some background trend, the second order
effects are more localized variations in pattern
intensity

* E.g., tree density changing with elevation is a first-
order effect, while trees clustering due to seed
dispersal is a second-order effect
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Interpolation methods Wellington

1) Inverse distance weighting and Spline interpolation tools are
deterministic interpolation methods

* Directly based on the surrounding measured values or on
specified mathematical formulas that determine the
smoothness of the resulting surface.

2) Kriging is based on statistical models that include autocorrelation
(statistical relationships among the measured points)

* So, can both produce a prediction surface and the uncertainty
or accuracy of the predictions

* Heaps...We will cover practical applications but | can give you
material with equations and theory

i Other fU rther I’eadlngl http://pro.arcgis.com/en/pro-app/tool-reference/3d-analyst/comparing-interpolation-

methods.htm



http://pro.arcgis.com/en/pro-app/tool-reference/3d-analyst/comparing-interpolation-methods.htm

Public Health

Summer School

Krl 8 | n g Wellington

* Based on the idea that closer points are more similar

* Kriging uses a statistical model to weight sample
points

* Models values based on the spatial autocorrelation
between points

* The model produces an error surface on the
estimated values
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Kriging A

* To predict values at un-sampled locations, given the
weighted average of sampled locations ‘in the
neighbourhood’

* Defining neighbourhood

 Similar to regression analysis (squared error
prediction)

* Form of Bayesian inference
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Kr| g | n g Wellington

* Kriging involves a two-step process:

1) Creation of the variograms and covariance
functions to estimate the statistical dependence
(spatial autocorrelation) values that depend on the
model of autocorrelation (fitting a model)

2) Prediction of the unknown values
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Step 1: Semivariogram Wellington

* Calculate squared difference between the values for each
point.

* Example, pairing of red point with all other measured locations. Repeat for each point.
Define the ‘neighbourhood’ for such comparisons.



Step 1: Semivariogram

 Estimation of spatial dependence
* Things closer together are more similar

Semivariance

&
™ [ ]
L}
[ ] » @
se 0% o ° o
L o ° .'
e ® s® o ® . a o
M
o
Distance

Empirical semivariogram graph example

Public Health
Summer School

Wellington
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Step 2: Fitting a model to the semivariogram KZEEE

* The empirical semivariogram provides information
on the spatial autocorrelation of datasets

* However, it does not provide information for all
possible directions and distances

* It is necessary to fit a model—a continuous function
or curve—to the empirical semivariogram

e Similar to fitting a regression line in linear regression
modeling
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Step 2: Fitting a model to the semivariogram RRIEES

* The ArcPRO Kriging tool provides the following chooses for
modeling the empirical semivariogram:

* Circular embvaronce

* Spherical . c Lt
* Exponential e
* Gaussian - C
* Linear g

Distance

* The selected model influences the prediction of the unknown values

* Tip: the steeper the curve near the origin, the more influence the closest
neighbours will have on the prediction. As a result, the output surface will
be less smooth. Each model is designed to fit different types of
phenomena more accurately.
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Making predictions Wellington

* Kriging forms weights from surrounding measured values
to predict values at unsampled locations

* Sampled values closest to the unsampled locations have
the most influence

* Weights for the surrounding sampled points come from
the semivariogram

* This creates a continuous surface of predicted values



Public Health

Summer School
Wellington

Primary types of kriging

* Ordinary
* most widely used
e assumes the constant mean is unknown

 Universal

e assumes that there is an overriding spatial trend
in the data (e.g., prevailing wind) that can be
modeled by a deterministic function

* should only be used when you know there is a
trend in your data and you can provide a
scientific justification
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Assumptions of kriging Wellington

* Assumes that the spatial variation in the phenomenon
is statistically homogeneous throughout the surface

* The same pattern of variation can be observed at all
locations in the study area

* This hypothesis of spatial homogeneity is fundamental
to the regionalized variable theory

e Think about assumptions about homoscedasticity in
regression modeling
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Further reading Summer School

Wellington

This is a brief introduction, if you wish to use this method, | recommend further
reading

Burrough, P. A. Principles of Geographical Information Systems for Land Resources
Assessment. New York: Oxford University Press. 1986.

Heine, G. W. "A Controlled Study of Some Two-Dimensional Interpolation
Methods." COGS Computer Contributions 3 (no. 2): 60-72. 1986.

McBratney, A. B., and R. Webster. "Choosing Functions for Semi-variograms of Soil
Properties and Fitting Them to Sampling Estimates." Journal of Soil Science 37:
617—-639. 1986.

Oliver, M. A. "Kriging: A Method of Interpolation for Geographical Information
Systems." International Journal of Geographic Information Systems 4: 313-332.
1990.

Press, W. H., S. A. Teukolsky, W. T. Vetterling, and B. P. Flannery. Numerical Recipes
in C: The Art of Scientific Computing. New York: Cambridge University Press. 1988.

Royle, A. G., F. L. Clausen, and P. Frederiksen. "Practical Universal Kriging and
Automatic Contouring." Geoprocessing 1: 377-394. 1981.
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Example - Kriging Wellington

* We have climate data from California. We are
interested in whether we can estimate average
monthly temperatures from weather stations
scattered throughout the state

* We will do universal kriging to create a continuous
surface with monthly mean temperature across the
entire state of California
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Example - Kriging Wellington
CA MNTM: Universal Kriging Surface

 We created a surface of

estimated average R E— W o
temperature 4600000 7
. kS — a0
* We now can have an idea of 4400000 |
L)
how monthly temperatures 4200000 ~ 40
differ across the state i
4000000 30
3800000 — - 20
] = o

400000 800000 1200000
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Example - Kriging Wellington

* Lab evidence suggests that natural sounds (eg, birdsong)
appear to have positive effects on health

e Stress (recovery from stress) — cortisol, heart rate variability, skin
conductance

* Sleep
* Pain intensity
* Recovery from surgery

* We wanted to know if everyday soundscapes also affect
health
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Example - Kriging Wellington

* So, we collected audio recordings at
locations in Detroit

* Deployed units for one week

* Listened to hours of recordings over 4
days (dawn and dusk chorus)

* |dentified bird and insect calls
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Blue Jay,
(Cyanocitta cristata)

=
o =

L - I = T B - - R 7=

(=
o
=}

LA m:s6:39:21.387 6:39:24 6:39:26 6:39:28 6:39:30 6:39:32 6:39:36 6:39:38 6:39:40 6:39:42 6:39:44
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Norther Flicker,
(Colaptes auratus)

L - = T B - - B =

o
(=]
o

khz mis7:13:45.97 7:13:47.997:13:48.9977:13:49.997:13:50.9977:13:51.997:13:52.9977:13:53.997:13:54 9977:13:55.9977:13:56.997:13:57.9977:13:58.9977:13:59.9977:14:00.997:14.01.997 1
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Example - Kriging Wellington

» Kriged surface of bird species count

* Assigned values to study participant’s home location
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Example - Kriging Wellington
_ Perceived Stress
Largest effect — blighted lots Score
. : _ Std B P
Slmllar. effect size for: Bird species 028 0.038
marital status age 0.02 0.915
neighborhood deprivation female -0.08  0.554
bird i length residency 0.13 0.868
SPecies employed 0.02 0.293
For every bird species, decrease in ma”':d or partnered %'322 g'gz
PSS of over 1 point own home 0. :
p_ _ blighted lots within 100m 0.42 0.017
Ref: normal in this pop ~7 blighted structures within
High stress = 27-40 100m 0.16  0.255
crime -0.13 0.311

Our mean =17
neighborhood deprivation -0.32 0.646
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Summary of interpolation objectives

1. Identify significant first-order trends across study
area

2. Characterize local (second-order) variability
3. Establish factors that "explain" these trends
4. Predict values of z at unmeasured locations
5. Attach uncertainty estimates to such predictions
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Spatial autocorrelation Wellington
* What is it?
* Spatial autocorrelation measures the Moran's Index
degree to which one object is similar to Frimeary Objective: - \dommey sioniicant spale peterms wiin
other nearby objects OR things near Requiremants and Aseummptiors:
one another have contrasting values. | [ Minimu of (20) googapi eaturae
Global Moran’s | (Index) measures spatial  tnalraiosae
autocorrelation. Hypothoses:
, o L. Ha : Allnhute;.ralu&sarerandnml:.rd:;t.rihmedacmss
* Global Moran’s | can be classified as positive, e — e
negative and no spatial auto-correlation. Calres i e sdyaren
* Positive = similar values cluster together | ™
. _ . . [ = n 3(x —.f_](-lj ‘—f)
* Negative = dispersion S TG
* Just like Pearson’s or Spearman’s rerpreaton: |
s5UMINg a significant p-value:
* Inferential spatial statistic 1S 0 oaanvd pam vy |
i I= 0 {obsarved patterm is clustered) i |

o]
12T
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Moran’s | Index (Global) Wellington

* Evaluates both the pattern of the geographic locations
and the attribute values to determine clustering across a
study area

e Can be applied to points and polygons
e Attributes can be interval/ratio or ordinal
* |dentifies each pair of neighbouring locations across a
study area and compares attributes

* More to come..

e Can define nelghbours as those sharing a border, or
adjacent

* Rook vs queen contiguity

121
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Spatial autocorrelation Wellington

* We have positive, negative and no autocorrelation

TR TR VI
L A L B

Dispersed - 2= Clustered

* Null hypothesis: the attribute being analyzed is
randomly distributed across the study area

* P-values indicate accept or reject null
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Spatial autocorrelation Wellington

* Why does it matter?

e Statistics rely on observations being independent
from one another. If autocorrelation exists, then
this violates the assumption. A nuisance

* Analyzing clusters and dispersion. Of interest
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Spatial Autocorrelation Wellington

Global statistic

values is clustered, dispersed, or random. -

* Measures whether the pattern of feature

 Compares the difference between the mean of the target
feature and the mean for all features to the difference between
the mean for each neighbour and the mean for all features.

* For more information on the equation, see ESRI online help

124


http://resources.arcgis.com/en/help/main/10.1/index.html
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Spatial autocorrelation Wellington

* Positive spatial autocorrelation
* Global Moran’s | values near +1
* Indication of clustering

e Ex: Elevation values; Moran’s | = 0.60, z = 4.95,
p<0.01 that pattern is random

Clustered Image Spatial Autocorrelation
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Spatial autocorrelation Wellington

* Negative spatial autocorrelation
* Global Moran’s | values near -1
* Indication of dispersion

e Ex: Elevation values; Moran’s | =-1.00, z=-7.59,
p<0.01 that pattern is dispersed

Checkerboard Pattern: Spatial Autocorrelation
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Wellington

I=0=random distribution
|<O=Values dispersed
O<I=Values clustered

Clustered Dispersed Random

21.4-24.8
[ 249-28.3

30577 - 40052 379-417

i s18-470

Median income I 10052 - 49528 Percent female Percent age 25-40 —
0 49528 - 59003 B 471 - 407 i 26.4-276
B 59003 - 68479 B 408-51.1 B 277 -207
B 68479 - 77955 Il s12-536 B 208363
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Spatial autocorrelation Wellington

* Global Moran’s | yields one value for entire study area (does not
tell you the location of clusters)

* May also be interested in patterns within a subset of the study
area
* Are there pockets of spatial autocorrelation?
* Often called hotspot analysis

* We can find clusters at the local level (and determine their
location)...

Local Moran’s |

* More complex space-time scan statistics (for Bernoulli or
Poisson distributions, eg cases)

Lots of other techniques (recommend SaTScan)
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Anselin Local Moran’s | Wellington

e Local statistic

* Measures the strength of patterns for each specific feature.

 Compares the value of each feature in a pair to the mean
value for all features in the study area.

* See ESRI online help for the equation.
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http://resources.arcgis.com/en/help/main/10.1/index.html
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Anselin Local Moran’s | Wellington

* Positive | value:
* Feature is surrounded by features with similar values, either high or low.

* Feature is part of a cluster.
 Statistically significant clusters can consist of high values (HH) or low values (LL)

* Negative | value:
* Feature is surrounded by features with dissimilar values.

* Feature is an outlier.
 Statistically significant outliers can be a feature with a high value surrounded by

features with low values (HL) or a feature with a low value surrounded by
features with high values (LH).
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Anselin Local Moran’s | Wellington

-0.883 - -0.734
.9 - 13, | -0.733--0.153 | -1.645-1.645
B 13.1-193 I 0.152-0.101 B > 1645

Il 194-255 B 0.102-0.391
I 256-317 I 0.392- 0.809
I 0810 1.445
B 1.446-3.220

Census tracts | values Z-scores

for percentage
65 and above
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Spatial Neighbourhoods and Weights KRS

* Neighbourhood = area in which the GIS will compare the target
values to neighbouring values

Neighbourhoods are most often defined based on adjacency or
distance, but can be defined based on travel time, travel cost, etc.

.- You can also define a cutoff distance, the amount of adjacency
(borders vs. corners), or the amount of influence at different
distances

. A table of spatial weights is used to incorporate these definitions
into statistical analysis.
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Distance Models Wellington

* Inverse distance — all features influence all other
features, but the closer something is, the more
influence it has

* Distance band — features outside a specified distance
do not influence the features within the area

e Zone of indifference — combines inverse distance and
distance band
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Adjacency MOdels Summer School

Wellington

* K Nearest Neighbours — a specified number of
neighbouring features are included in calculations

* Polygon Contiguity — polygons that share an edge or
node influence each other

 Spatial weights — specified by user (ex. Travel times
or distances)
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Types of Contiguity ekl

Wellington

* Rook = Share edges

* Bishop = share corners

* Queen = share edges or corners

e Secondary order contiguity = neighbour of

neighbour
Rooks Case Bishops Case Queen’s (Kings) Case
A P A ¥
<t | > < | e
| -
v Xy

Image from: http://www.lpc.uottawa.ca/publications/moransi/moran.htm
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Spatial autocorrelation Wellington

* We believe that the location of alcohol outlets might
influence crime in the neighbourhood

* It is possible that people who are consuming alcohol,
late into the night may be prone to engage in criminal
behaviours, particularly near outlets

e We want to test whether there is an association
between the amount of alcohol outlets and the crime
rate

 What’s our dependent variable?
 What is one of the assumptions of regression analysise
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Tutorial 5 — spatial autocorrelation Summer School

Wellington

A. What are the results? How do you interpret these
results; what are your conclusions?
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Tutorial 5 — spatial autocorrelation

Spatial Autocorrelation Report

Significance Level
(p-walue)
0.01

Moran’'s Index: 0.209389
Z-score: 28.383457 =8
p-value: 0.000000

!
aEnoooe

|

—

Significant Significant

Critical Valua
(z-score)
= -2.58
-2.58--1.96
-1.96 --1.65
-1.65 - 1.65
1.65-1.96
1.96-2.58
=258

Given the z-score of 28.3834569179, there is a less than 1% likelihood that this clustered

pattern could be the result of random chance.

Public Health

Summer School
Wellington

138



Public Health

Summer School

Tutorial 5 — spatial autocorrelation Wellington

Global Moran's I Summary

Moran's Index: 0.209389

Expected Index:
Variance:
Z-score!

p-value:

-0.000716
0.000055
28.383457

0.000000

Dataset Information

Input Feature Class:
Input Field:
Conceptualization:
Distance Method:
Row Standardization:
Distance Threshold:
Weights Matrix File:

Selection Set:

test2

AVGALLCRIM
INVERSE_DISTANCE
EUCLIDEAN

False

725.2600 Meters
None

False
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Tutorial 5 — spatial autocorrelation Summer School

Wellington

B. Did the analysis using k-nearest neighbours change
your conclusions?
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Tutorial 5 — spatial autocorrelation Summer Schod

B. Did the analysis using k-nearest neighbours change
your conclusions?

No.

Global Moran's | Summary
Moran's Index:  0.202361
Expected Index: -0.000716
Vanance: 0.000765
Z-5COrE; 15.813303
p-value: 0.000000
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Tutorial 5 — spatial autocorrelation A ochodl

Wellington

B. Did the analysis using k-nearest neighbours change
your conclusions?

Here, we are treating spatial autocorrelation as a
nuisance.
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Tutorial 5 — spatial autocorrelation Summer School

Wellington

C. Are there significant clusters?
D. Outliers?
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Tutorial 5 — spatial autocorrelation o S

C. Are there significant clusters?
D. Outliers? Y W

= = I"! »
e
e : S S N 7
=] L S ST b4
Mot Significant o,
High-High Cluster QX Ar
B High-Low Outli PN,/ W 9
gh-Low Outlier ,‘ I‘/ (

M Low-High Qutlier

Low-Low Cluster 144
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Tutorial 5 — spatial autocorrelation Wellington

E. Do you see any patterns worth exploring?
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Tutorial 5 — spatial autocorrelation Wellington
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Tutorial 5 — spatial autocorrelation Wellington

F. Can you think of three possible next steps or
limitations in terms of answering your original
research question?
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Tutorial 5 — spatial autocorrelation Summer School

Wellington

F. Can you think of three possible next steps or limitations
in terms of answering your original research question?

Limitation: Assumptions of independence in outcome
variable not met.

Next steps: Could look at overlap in clustering of alcohol
outlets. Could look at whether the count of alcohol outlets
with 200m of a H-H cluster has significantly more alcohol
outlets than buffers around L-H clusters.
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Afternoon break Wellington

Central Turkey
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Wellington

Section 4:
Considerations for
regression modeling

150
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Topics to consider in your own e
regression modeling

e Spatial autocorrelation, nested units, complex
sampling and regression

* Ecological fallacy
* Modifiable Area Unit (MAUP) problem
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OLS regression assumptions, scientific steps RIS

Dependent variable measured continuous/quantitative
Observations of are independent of one another [sampling, theory]
The relationship is linear [scatterplot, Pearson’s correlation, theory]
Data show homoscedasticity [scatterplot and white’s test]
Residuals: [residual plot, map]

a) have a mean of zero (there is no systematic misspecification or
bias in the population regression equation)

b) show homoskedasticity and are uncorrelated;
c) have a fairly normal distribution

R
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What does ‘independent observations’ mean’? i

* The value of one observation does not affect the value of other
observations

* Non-independent observations can make your statistical test give too
many false positives

* Usually, this is violated when samples are taken too close in space or time

* Example:

* You want to know whether calico cats have a different mean weight
than black cats

* You get five calico cats, five black cats, weigh them, and then fit a
regression to test whether cat color predicts weight

* |f the five calico cats are all from one litter, and the five black cats are
all from a second litter, then the measurements are not independent

* Some cat parents have small offspring, while some have large
* This is the result of clustered sampling [hierarchical regression] s;
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What does ‘independent observations’ mean? [l

 The most common violation of this assumption in regression is in time series
data, where Y has been measured at different times

* Example:

. Biologi.sts have counted the number of moose on Isle Royale, a large
island in Lake Superior, every year

* Moose live a long time, so the number of moose in one year is not
independent of the number of moose in the previous year, it is highly
dependent on it; if the number of moose in one year is high, the
number in the next year will probably be Fretty high, and if the number
of molcl)se is low one year, the number will probably be low the next year
as we

* This non-independence, or "autocorrelation," can yield significant
results, even when the null hypothesis of no relationship between time
and Yis true

e If both X and Y are time series—for example, you analyze the number of

wolves and the number of moose on Isle Royale—you can also get a
"significant” relationship between them much too often. -
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What does ‘independent observations’ mean? e

Wellington

* What about ‘spatial autocorrelation’?

 Can occur when you measure a variable at locations that are close enough
together that nearby locations will tend to have similar values

* Example:

* You want to know whether the abundance of dandelions is associated with
the level of phosphate in the soil

. ]\c/_mlecount dandelions and measure soil phosphate in 1 m? quadrants in a
ie

* However, if one quadrant has a lot of dandelions, its neighbouring quadrants
will also have a lot of dandelions, for reasons that may have nothing to do
with phosphate (seed spread)

* Similarly, soil composition changes gradually across most areas, so a
quadrant with low phosphate will probably be close to other quadrants that
are low in phosphate

* It would be easy to find a significant correlation between dandelion _
abundance and phosphate concentration, even if there is no real relationship
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Modeling options Wellington

* |f sampled from the same units (school, hospital, .
neighbourhood), include a random error term for that unit

= hierarchical modeling
* Must also evaluate spatial dependence in the residuals

* |f the residuals are spatially autocorrelated, this indicates
that the model is misspecitied

e Either:

* improve model by adding (and perhaps removing)
variables

* use a regression model that accounts for spatial
autocorrelation
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Complex sampling Wellington

* Clusters — often geographic units

* Weights

* Svy code in Stata

* Sometimes limited post-estimation commands, etc.
* Eg, New Zealand Health Survey
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Spatial error Summer School

* Errors across two geographic units are correlated

e Assumption of OLS violated
 Uncorrelated errors

X, X,

* Indicates omitted covariates
* Affects inference YVily j
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Spatial lag Wellington

» Dependent variable in one place is affected by
independent variables in neighbouring places

* Assumptions of OLS violated - )
* Uncorrelated errors | |
* Observations are independent V r*y]-

* Estimates biased R i

Events in one place predict likelihood of simila
in neighbouring places

F 3
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Lag v error Wellington

* One spatial dependence identified
e Use theory to inform choice

* |s spatial dependence of interest (in terms of the
relationships between places) or simply a nuisance
in the data?



| . Sﬂmimer School
Many types of geographic regression R

modeling

* Just like non-spatial statistics, heaps of options
depending on the data and the intention

Wellington

* Not going into all options
* Generalized Least Squares
e Simultaneous Autoregressive Models (SAR)
e Conditional Autoregressive Models (CAR)
* Empirical Bayes Estimation
* Geographically weighted regression (GWR)
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Example: Spatial regression 1 Summer School

Wellington

 We have data on all heart attack rates across 190
districts in England in 2017

* We want to fit a regression to predict MI:
* lung cancer rates -
e age composition .
* neighbourhood deprivation ?

g @
g -
o
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Example: Spatial regression 1 Summer School

Wellington

e Fitted v residuals

Residuals vs Fittad
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Example: Spatial regression 1 Summer School

Wellington

e Fitted v actual

Fitted vs. Actual

T
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Example: Spatial regression 1 Summer School

Wellington

60000

* Map of residuals

50000

40000

20000 30000

10000

T T T T T
10000 20000 30000 40000 50000

* Are the residuals autocorrelated?
 Moran's | =0.26, p-value <0.001
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Example: Spatial regression 1 Wellington

* What are the implications?
 What should we do next?
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Example: Spatial regression 2 Summer School

Wellington

* We were interested in whether there are
neighbourhood characteristics which might relate to

* Higher than expected premature mortality rates
* Lower than expected premature mortality rates
* Among Maori
e Step 1 — build a robust model to predict premature
mortality rates

* Indep vars: NZDep, Background population
(offset)
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Example: Spatial regression 2 Summer School

Wellington

* First, our data were compiled for each CAU

* We were concerned about possible non-
independence of death counts within the same
District Health Board

e differences in healthcare services between DHBs
that could impact survival, particularly with
injuries and acute causes of death in those in
younger age groups
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Example: Spatial regression 2 S e

* So, we utilised a multi-level model (each CAU was
‘nested’ in a DHB)

* Intra-class correlation coefficient (ICC) was used
to assess non-independence

e cluster robust standard errors to account for it
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Wellington

* We were also concerned that neighbouring CAUs
might also be more similar to one another in terms
of death counts and the drivers of premature death

* To rule out the potential for our regression analyses
to lead to spatially correlated errors (at smaller
scales than DHB level and specifically for CAUs

neighbouring one another), we calculated the
Moran's | statistic
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Example: Spatial regression 2 Summer School

Wellington

* Moran's | Statistic 0.158, p=0.001

* Conclusion?

* What would you do next, based on this statistic and
the theoretical relationships?
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Example: Spatial regression 2 Wellington

* We then generated a spatial weights matrix to calculate
the weighted average of all neighbouring values for
premature death for all CAUs

* This spatial lag variable was then treated as an
independent variable in the regression model

 After fitting the model, we generated deviance
residuals for each CAU and ranked them from high to
low to examine trends across these neighbourhoods
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Example: Spatial regression 2 Summer School

Wellington
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Ecological fallacy Summer School

Wellington

* Definition: is a logical fallacy in the interpretation of
statistical data where inferences about the nature of
individuals are deduced from inference for the group
or area within which the individuals belong

e Exposure: measured at area level

e Qutcome: measured at area level

174
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Ecological fallacy Summer Schoo

e For each US state, we have:
* the literacy rate
* the proportion of the population born outside

the US o oo oo
* Correlation = 0.53 o ; o |
* Higher % immigrants = Higher literacy rates
* We also have a sample of individuals: e . r:_oo
* Correlation =-0.11 ol
* Fallacy: P
* The positive correlation at the state level was X - X

because immigrants tended to settle in states where
the native population was more literate.

1950 "Ecological Correlations and the Behavior of Individuals". American Sociological Review 15 (3): 351-357.

175
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Ecological fallacy Wellington

e Cannot make inference:
e About individuals

e Can make inference:
* About areas or neighbourhoods

* Ex: High density of fast food outlets in
neighbourhoods was associated with higher
neighbourhood rates of obesity
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Does passport ownership prevent Public Health

Summer School

diabetes? Wellington

e Exposure: passport ownership by state

KB 177
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Does passport ownership prevent diabetes? Summer School

Wellington

* Qutcome: diabetes prevalence by county

Diabetes prevalence by county

178
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Conclusion? Wellington

Diabetes pravalence by county

- Does this mean that if | own a passport, | can prevent developing
diabetes?

KB 179
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Conclusion? Woellington

* Higher levels of passport ownership in states with
higher income

* Having the money to travel also usually means
having access to healthy foods and sufficient
health insurance

 Correlation v causation, other factors, no biological
pathway

* No inference at individual-level
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Ecological studies Wellington

* Limitations

* Observations made at the group level may
not represent the exposure-disease
relationship at the individual level

* Risk of ecological fallacy

e Can’t control for some potential
confounding factors

* Correlation does not equal causation
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GIS # ecological study Wellington

* We do not have to conduct an ecological study if using GIS!

* |f we have:
* Individual-level outcome data (eg, BMI)

. Geo%raphic covariate characterising exposure (eg,
neighbourhood walkability)

* We could test whether one’s neighbourhood walkability
is associated with individual BMI

* May need to account for shared neighbourhoods
through hierarchical modeling
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MAU P Wellington

* Modifiable area unit problem
* Unit (scale) of aggregation impacts results

 Scale effect
* Census meshblock, Census area unit (CAU)

» Aggregation effect
* How neighbouring units are aggregated together

183
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Aggregation/Grouping

Scale

184
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MAUP — Scale Summer School

ses1 | ses2 [ ses3 M sesa M sess ) ses datasuppression

* What happens as our units become larger areas?

Shuurman N, Bell N, Dunn JR, Oliver L. Deprivation Indices, Population Health and Geography: An
Evaluation of the Spatial Effectiveness of Indices at Multiple Scales, J Urban Health. 2007 84(4): 591-603.
(refer to course book)

185



Public Health

Summer School

MAUP — Aggregation/Grouping Wellington

22

20
18
16 ——
14 Il
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10 T T T T
8
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4
2
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OCT OMCT mDA
FIGURE 4. Percent “Fair or Poor™ Self-rated health by quintiles of VANDIX index for Dissemination

Area (DA), Census Tradts (CT), and rezoned Census Tracts (MCT). 1 = least deprived SES quintile; 5 =
most deprived SES quintile.

*Note that CT and MCT are roughly same scale unit

* Do our conclusions change?
186
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MAU P Summer School

Wellington

e Selection of scale of unit should be based on
e Or

What is a neighbourhood?
At what scale would processes/exposures of interest be operating?

Sometimes those are not available — so one option is a sensitivity analysis
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Wellington

Free opportunities to continue learning

* https://www.gislounge.com/learn-gis-for-free/

* Visit my website for Stata code
(spacehealthandcommunity.org)


https://www.gislounge.com/learn-gis-for-free/

Public Health
. Summer School
Al and geospatial developments

* Geospatial Artificial Intelligence
(GeoAl)

* Machine learning, deep learning,
and computer vision within GIS

Artificial Intelligence

* Imagery analysis and extraction of
data (eg, objection detection)

* Performing geospatial analysis
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Example: semantic segmentation Wellington
* geodl R package

Pixel-level classification (a) o) V=

Satellite or streetlevel =\-E% . ﬁ\\%i
imagery can be used ,’ K , ‘ﬁ“i
: 'v: :‘ ..

S‘o’ v y
| (e D
- Woodland - Water - Road

Supervised training deep
learning

0TAN

re
1e%
0

Output is same imagery data
where the pixel is a category:

Ba C kg rO U n d, b U I I d I n g, Source: Maxwell AE, Farhadpour S, Das S, Yang Y
(2024) geodl: An R package for geospatial deep learning
d I d d semantic segmentation using torch and terra. PLOS ONE
WOO a n ’ Wate rl O r roa 19(12):e0315127. https://doi.org/10.1371/journal.pone.

0315127 190
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Al and geospatial developments Wellington
* Predictive modeling of crime hot spots

* Provide datasets of historic crime location, day of crime,
weather, parks, etc.

* ST-ResNet with LSTM processing

Actual Crime (December 31, 2016) 30 Ours (December 31, 2016) 2 Absolute Error (December 31, 2016) Source: Shahmoradi, N.,

Alesheikh, A.A., Jafari,

25 A. et al. Hybrid ST-
ResNet and LSTM

20 approach for precise
crime hotspot

15 prediction. Sci Rep 15,
40754 (2025).

10 https://doi.org/10.1038
/s41598-025-24559-7

5

0
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Al and geospatial developments Wellington

* Applications:
* Pedestrian infrustructure maintenance
* Disaster response and prevention

e Caveats and concerns
* Can peretuate or exacerbate biases
* Deepfake geography
e Can just be wrong... need to monitor and validate
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Discussion

Your own
applications?
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Please feel free to
email us!

Thank you

More time to work on tutorials
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