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* Brief Overview of geospatial data and methods in
epidemiology (5 min)
- Historic example and now
- Geospatial approaches in practice
Exposure assessment
* Geospatial Data and methods case studies (10 min)
- Airborne imagery data,
- OpenStreeMap data,
- Volunteer GIS data
* Examples of model coupling and their applications (10 min)
- Applying in transportation sustainability
- Combining machine learning models with spatial data
* Spatial dimensions in greenspace and health research- a
systematic review (20 min)
- Scale
- Exposure assessment (data, methods)
- The buffering issue
- MAUP and spatial autocorrelation

. Q-A? (I5 min)
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Map 1854
1854 Broad Street cholera outbreak

2020

* What is the average distance from the contaminated pump to the surrounding

locations!?
* What is there now? http://tiny.cc/9j17jz

Data Source: http://blog.rtwilson.com/john-snows-cholera-data-in-more-formats/
Full Story: https://youtu.be/INjrAXGRda4
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|
Geospatial approaches in practice
* Environmental Factors: Pollution sources (e.g., air, water pollution), natural
environment, built environment. Spatial Data dominance!

* External influence measurement: Exposure assessment- a function of location
(proximity) and time (Nieuwenhuijsen, 2009). Spatial Methods dominance!

NO: Pollution Greater London, LAEI,
2016 i .
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lal Data (case studies)

Case study |: Satellite imagery data

Taylor & Francis
oo Foncis Groop

el  European Journal of Remote Sensing

Sentinel-2, I0m, 5 days revisit

= 1 1ssn: (Print) 2279-7254 (Online) Journal homepage: http://www.tandfonline.com/loi/tejr20

The potentials of Sentinel-2 and LandSat-8 data in
green infrastructure extraction, using object based
image analysis (OBIA) method

S M Labib & Angela Harris

Landsat-8, 30m, 15 days revisit

* Low availability of greenspace data in
Dhaka, the existing data are usually
outdated.

* New free satellite data from improved
sensors are available (Sentinel-2, 10m),
Landsat-8 (30m)

*  Which performs better in extracting
greenspace better, what are the issues?
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Geospatial Data (case studies)

Case study |:Satellite imagery data (cont...)

False color Image Objects Classified Map

Overlay with GIS data

Landsat-8
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| Road D Water Structures

S2 55.26

* Applied Object based image analysis.A
semi-automation process
* Sentinel-2 had greater accuracy (71.24

%) in detecting greenspace, buildings; than
Landsat-8 (67.85%)

L8 47.76
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Geospatial Data (case studies)

Case study 2: OpenStreetMap data (a pilot test)

* Largest open access crowdsourced Geo-data

* Global coverage of street network, integrated in Global Roads Inventory Project
(GRIP) dataset.

* Has anonymized GPS tracks up to 2013, global coverage (>21 GB of GPS points)

* Can such GPS data be useful for understanding urban Park usage?

l.cg:'nd
- Iype 1: Highways (5 pea
B 1ype 2: Primary roads sz, 1 ;
- [ type 3: Secondary roads ‘h';';;“"
- Type 4: Tertiary roads 2%
: Iype 5: Local roads
Porto Velho, Brazil

P = =

GRIP global roads dataset
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Source: Meijer et al., (2018)
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— GRIP4 Region6 roads
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-

Data Source: https://www.globio.info/download-grip-dataset
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Case study
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Case study 2: OpenStreetMap data (a pilot test)
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track records.

Some paths and access points are more
used than others

OSM GPS tracks can be used to monitor
activities in greenspace

Issues: (1) No control over how many
tracks available, (2) cleaning and
processing the data are challenging.



Geospatial Data (summary)

* A lot of open, free, easily accessible data sources.

* Platform such as Google Earth Engine, OpenStreetMap have wide verity of Big
Geo-data. GEE for LST:
https://code.earthengine.google.com/229c64e5d3eabc34af203ea2b | acaeb4?noload=t
rue

* Analytical tools such as QGIS, ArcGIS, R-packages, GDAL, GRASS providing
opportunities to analyse Geospatial data with ease.

* Too much data! Need to be careful about using the appropriate data (e.g.
resolution), scale and tools based on purpose! (will discuss more in Part-4)

The Earth Engine Public Data Catalog

N
h s
GD/ GEOS : '
Pﬁ\StGIS rgdal rgeos
& = B rpostgis sf
NSNS \ Yy
N y &/ s/ ‘ RQGIS
Landsat and MODIS Terrain Land Cover Atmospheric WMS . PE',StGIS
Sentinel Daily, NBAR, LST, ... SRTM, GTOPO, NED, ... ~ GlobCover, NLCD, ... NOAA NCEP, OM|, ... mapview § D
Raw, TOA, SR, ... d d ) d .| ; RSAGA N
... and many more, updating daily! p1OtKML i
’ 7 ® ==
> 200 public datasets . RIESES SAGA N
e rstudio- \\ RPyGeo Vs e N
> 5 million images > 5 petabytes of data ¢ ‘ \ Y
- reticulate @esri 4 e V -
Google Earth Engine ArcGIS GRASS v
GRASS
Sources:
* https://geohackweek.github.io/GoogleEarthEngine/0 | -introduction Source: Muenchow et al., (2017)

e https://philippgaertner.github.io/2019/12/earth-engine-rstudio-reticulate/
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What all these Geospatial data, and tools can do in terms of decision making?

Geospatial modelling provides the opportunity to integrate multiple models
(e.g., earth system model, pollution) together.

* A multidisciplinary modelling approach.

/ Modelling \

Spatial Data Model -1 (e.g.Air Outputs
pollution,
Capture greenspace) Mapping
Process Model -2 (e.g Assessing
Manage Exposure) ::1pact .
Relational —— eporting

T Model -3 (e.g. Dec?sion
sustainability, making
health, prediction)

K Model coupling for multidisciplinary /

modelling within GIS framework

14




Geospatial Model coupling

Example studyl: Modelling transportation sustainability

Contents lists available at ScienceDirect

Journal of Environmental Management

journal homepage: www.elsevier.com/locate/jenvman

Research article

Carbon dioxide emission and bio-capacity indexing for transportation 7))

far

activities: A methodological development in determining the sustainability | %=
of vehicular transportation systems

S.M. Labib™", Meher Nigar Neema”, Zahidur Rahaman®, Shahadath Hossain Patwary",
Shahadat Hossain Shakil®

# School of Environment, Education and Development (SEED), University of Manchester, Arthur Lewis Building (1st Floor), Oxford Road, Manchester, M13 9PL, UK
" Department of Urban and Regional Planning, Banglodesh University of Engineering and Technology (BUET), Bangladesh

* Ministry of Law, Justice and Parliamentary Affairs, Government of Banglodesh, Bangladesh

“ Urban Planner, Sheltech (Pvt.) Ltd., Banglodesh

© Economic Growth Office, USAID. U.S. Agency for International Development, American Embassy, Madani Avenue, Dhaka, 1212, Bangladesh

* Transport is a major determinant of global carbon emission, and It is also a
major source of air pollution and related health impact (Woodcock et al., 2009).

* Traffic related carbon emissions correlate with local available bio-capacity of carbon
sequestration.

* Can we combine two components (1) traffic carbon emission,and (2) local
bio-productivity to come up a sustainability rating tool?

15



System-|

System-2

Example studyl: Modelling transportation sustainability (Cont...)

o == == am e e

n
BC = ) Ar*YE=EQF,

Vehicle Activity
(VKT by each

vehicles)

CO2 Emission

-Fuel Types
-Emissivity

-Total Number of
Vehicles for each fuel
type and emissivity

Daily CO2 Emission

Bio-Productive
Area Identification
from Land Cover
types (Image

Classification)

i=1

where,

Bio-Capacity (BC)
-Land cover type
-Yield factor
-Equivalency Factor

Bio-capacity (in global hectare, gha)

Ar; = Area of i land use type (hectare)
YF; = Yield factor i type land use type (ratio of national yield

world average yield)
EQF; = Equivalency factor for i type land use type

Yearly CO2
Emission

h 4

Carbon Uptake
Land (C), in global
Hectare
-Yearly CO2
emission converted

! Emission and
| Bio-Capacity
Index (EBI):
BC/C

16

Where,

i = Type of a pollutant (in this case CO;)

j = Fuels consumed (e.g. CNG, Gasoline)

k = Emitting Vehicular type (Volume survey)
E; = Emissions from pollutant

EFj; = Emission Factor (g/km)

A = Activity level for each pollutant source.

CO2




Example studyl: Modelling transportation sustainability (Cont...)

ﬁ : {
|
5 ‘ s " ‘I‘; | ‘
Ging \\\—-—;@ ‘ X \
Sy
EER b N
Legend
> Shiphode  Ten studied nodes
[: Study Zones
BN 4 Rooc i Dt Chy Do e ... * Ciritical locations on the
Ward_bnd 1 % | i \
Water Bodies ) transport network.

Coordi y : BTMProjection; Ti
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Example studyl: Modelling transportation sustainability (Cont...)

AREA I AREA IT

R N Mu'pur 10 no. (Area I Land covers Mog-bazaar (Area H) Land covers

&
MB4
gas o o m g g ks - > RN

(@ Carbon doxde mission one 624y () Garbion’dioxide Eitssion 1o, 8:57./ddy (a): Built-up: 55.8; Vege: 22.5; Water: 0.15 hectare (1) (b); Built-up: 62.4; Vege: 14.9; Water: 0.94(he)
AREA III AREA IV

E x Motijheel (Area III) Land covers Gulshan 1(Area IV) Land covers

St _ &

un

0% Ealll W Irx == = &%

- 1800
17,104 4
(c) Carbon dioxide emission tone 11.03 /day (d) Carbon dioxide emission tone 12.15/day -
(¢); Built-up: 57.9 Vege: 16.8; Water: 3.7(he) (d); Built-up: 49.7; Vege: 11.1; Water: 17.6 (he)
AREA V
E Shyamoh (Area V) Land covers Legend
Legend ' : Land Use Types
Network Data
carbontond [:J Builtup-Area
—_—
-— - Vegetation
El 4 [ Waterbody
ly Areas
Road within dhaka city :I Smdy Area
. Coordinate System: WGS 1984 UTM Zone 46N
Coordinate System: WGS 1984 UTM Zone 46N Projection: Ti M.
Projection: Transverse Mercator Datum: WGS 1984
0400 160 5 320 Datum: WGS 1368 Units: Meter
L Units: Meter

(e) Carbon dioxide emission tone 12.45/day (&) Built-up: 67.2; Vege: 11.1; Water: 0.2 (he)

Spatially explicit estimated CO2 Remote sensing based land use
emission 18 classification



Geospatial Model coupling

Example studyl: Modelling transportation sustainability (Cont...)

Table 5 N
Emission and bio-capacity Index and Score values for each AOL A
Area Carbon Bio-capacity EBI EBS Color Code
Uptake Land Area (gha) b 4
(gha)
Area I (Mirpur 10)  785.20 269.43 0.343 3 Orange @ o g .
Area IT (Mog bazaar) 987.08 298.06 0.302 4 Red e
Area III (Motijheel) 1269.36 278.20 0.219 4 Red "
Area IV (Gulshan 1) 1398.43 242,60 0.173 4 Red '.
Area V (Shymoli) 1432.89 23391 0.163 4 Red s«-»‘m
Area VI (Technical 1477.91 21792 0.147 4 Red ‘
Maorh)
Area VII (Jatrabari) 1779.99 335.08 0.188 4 Red ‘
Area VI 1868.61 317.41 0.170 4 Red
(Mohakhali)
Area IX (Science lab) 2363.18 285.57 0121 4 Red i
Area X (Farm gate) 2440.20 289.00 0.118 4 Red -

* Emission Bio-capacity Index (EBI) = Carbon Uptake land / Bio-capacity

* Values over One () indicate full sequestration of CO2 with the local bio-capacity.
Expressed in four color rating; Red, Orange, Yellow, Green.

* 9 nodes indicated rating: ““Red”’, implying the CO2 emission is beyond the capacity
to local bio-productive areas to offset the impact.

* Main reasons: Increased motorized traffic volume, poor signal system, low
facilitation for non-motorized vehicles, and overall low availability of greenspace.



Geospatial Model coupling

Example study 2: Modelling Green infrastructure using ML

Contents lists available at ScienceDirect

Environmental Modelling & Software

journal homepage: www.elsevier.com/locate/envsoft

Investigation of the likelihood of green infrastructure (GI) enhancement R
along linear waterways or on derelict sites (DS) using machine learning ey
S.M. Labib

School of Environment, Education and Development (SEED), University of Manchester, Arthur Lewis Building (1st Floor); Oxford Road; Manchester; M13 9PL, UK

* Green Infrastructure (e.g., greenspace, blue space) is associated with ecosystem
services and health in urban areas (Tzoulas et al., 2007).

* Increased presser on urban land use resulted in loss of Gl in cities.

¢ Can we model what would be future scenarios of Gl (along waterways or
existing derelict sites) based on previous trends, applying machine learning models?

* Can we compare ML models with traditional regression based models (i.e.,
logistic regression)!?

20



Example study 2: Modelling Green infrastructure using ML (Cont...)

- - - - - -

/Input Variables

]
Site size

\
I
]
|
I
|
|
I
|
I
}
|
I

Tree Coverage :
I
|
|
I
|
I
|
|
I
]
|
I
|

4
I

-

Same Input

Variables
Existing Training the Models
Greemor | | o~ T, M ——

Trained
Models

Trained
Model Used
for

é

Air Pollution

Prediction
INRN —_— Q
BN ,ziﬁ
00- P e St e e et e e \
Populgti?n? lg?ensity ”’00& ! . - - - - - !

' Predicted Outputs ’

Y
(‘f
;

I
I
I Inputs for
: Training
vl

Building Density

1 : -
% '
!
I
: . Green Plots . Grey Plots D Vacant or derelict Plots

£ Accessibility ,

---------

System |- System 2- System 3-
Modelled or Modelling Prediction using
spatial data trained model
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Geospatial M

Example study 2: Modelling Green infrastructure using ML (Cont...)

(b)

Legend

Proviusty DovelcpedlUT)
Now Budegs
] Manchestr By

0 125 25 5km
e e e S ST

o 125 25
e

5

S
s
)

i 22
Training sties (3916 along waterways, 866 derelict sites)

Legend

I Potential WWC sites

Bl Weter Ways

[] waterway Corridors (wwC)
Manchester Boundary

0 125 25

5kml-

Legend
Potenital Derelict Sites
0 Potenital Derelict Sites

B Water Ways

Manchester Boundary

Prediction sties (150 aTong waterwa;s,
| 12 derelict sites)




Example study 2: Modelling Green infrastructure using ML (Cont...)

h (3 3‘ H (b) }

Legend
Air Pollution
NO2 Concentration

Legend
Canopy Density
KDE Value

— High : 1.03773 — o 347687
I B oo 1 i - i
B water Ways - B water Ways
[ manchester Boundary i [ manchester Boundary
)

Input data from different
spatial data sources, and
modelled NO2 data




Example study 2: Modelling Green infrastructure using ML (Cont...)

Prediction for Waterway corridor plots

!

!* Legend Legend ! § Legend §
Potential Sites WCC Potential Sites WCC :ou:n;-;sm; V.ICC
e
— o
— (ot
Water Ways
=
Waterway Corridors (WWC) gmﬂv Corridors (WWC)
Enmm Manchester Boundary
H I 1
/ / = "~ 71
=
A e =N
b 4 SONCN
4 \\i
o 125 25 0 125 25 smlea " — 0 125 25 gl
ANFIS Prediction; RMSE: 0.29; ANN Prediction; RMSE: 0.28; Logistic Regression Prediction;
79.3% green 80.7% green RMSE: 0.36; 74% green

24



Prediction for Derelict plots

90000 380000 390000
Iy 1 1

(©) ) ) (b) }
J tH 1
Legend Legend Legend
Potential Sites DS Potential Sites DS Potential Sites DS
ANFIS ANN Logistic Regression
B very Low (<0.2) B Very Low (<0.2) I Very Low (<02)
B Low (0.204) B Low (0204) B Low (0.20.9)
Medium (0.4-0.6) Medium (0 4-0 6) Medium (0.4-0.6)
[ Hign (0.6-08) High (0.6-0.8) T High (0.6-0.8)
B very Hgh > 08) B very High (> 08) B very High (> 0.8)
Manchester Boundary Manchester Boundary Manchester Boundary
H H ]
. .
0 05 1 0 05 1 0 05 1
0o 125 28 Skm —_— o 125 25 5 kml— —— 0 125 25 5k —
| NS RS |55 RO R
ANFIS Prediction; RMSE: 0.285; ANN Prediction; RMSE: 0.23; Logistic Regression Prediction;
61.6% green 53.6% green RMSE: 0.35; 34.8% green

* Derelict sites are more likely to become grey areas/buildings, where water
ways corridors plots are more likely to remain or become green areas.
* ML models unable to explain the importance or significance of the input
variables
* Logistic regression models indicated, site size, population density and air
2 pollution are significantly associated with green transformation likelihood.



Geospatial Model (coupling summary)

* Modelling approaches are transferable; can be applied in
different studies, such as built environment- health, air
pollution-health studies

* Different spatial and non-spatial data can be integrated
within the modelling environment.

* Emerging algorithms are being introduced/integrated
frequently.

26
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§nﬁ=i§| Dimensions greenspace & health

Contents lists available at ScienceDirect

environmental

Environmental Research

journal homepage: www.elsevier.com/locate/envres

Review article

Spatial dimensions of the influence of urban green-blue spaces on human R)
health: A systematic review s

S.M. Labib", Sarah Lindley, Jonny J. Huck

Department of Geography, School of Environment, Education and Development (SEED), University of Manchester, Arthur Lewis Building (1st Floor), Oxford Road,
Manchester, M13 9PL, UK

* identify the different data, scales and geospatial methods utilised in studying
greenspace and its relation to human health in urban areas;

* investigate how results vary (e.g., significant vs insignificant, positive vs negative)
according to the type of association between greenspace and health indicators and
their relation to spatial data and methods; and

* identify the limitations and prospects of spatial data and analytics in
representing and associating greenspace and human health.

doi: https://doi.org/10.1016/j.envres.2019.108869 28



https://doi.org/10.1016/j.envres.2019.108869

§nﬂ=i§| Dimgngigng greenspace & health

PRISMA

; J [ldentiﬁcationJ

Database Search (Web of
Science, Scopas., PubMed):
Identified = 5052

2621 duplicates

A

Stage-1
Screening

[

’ [ Eligibility 1

Stage-2: Full
text

Included

Initial Screening (Title-
Abstract- Keywords)/Topic
(n=2431)

2182 articles excluded

>
>

Duplicate Removed

Y

Eligible for Full text
Evaluation after screening (n
= 249)

A

Article Removed based on Stage-1 Criteria:

Inadequate topic

Focus on disease ecology or pollution
based epidemiology

Not original research

Not peer-reviewed

10 articles added

Full text Evaluation (n = 259)

A

166 articles excluded

Snowballing articles

A 4

Final numbers of paper in the
review (n = 93)

29

v

Article Removed based on Stage-2 Criteria:

L1

5

did not use spatially explicit methods
did not directly or indirectly measure or
observe aspects of health

did not focus on applying more than one
spatially explicit methodology




i1al Dimensions greenspace & health

General characteristics of the studies

2018

2016 I
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Z 2014 =
= = Mental Health [ :3
S 2013 =

2012 = =
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2010 W General Health - 16
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0 10 20 30 0 20 40 60 80
N - of Studi N . of Studie

(a) Number of Studies (C) Number of Studies
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§nﬁ=i§| Dimensions greenspace & health

Spatial Scale

Commonly used scales: body,
neighbourhood and
Cityl/districts

e S e S e i .
[ ]

7/ * Neighborhood: (|) egocentric

@
@ e A B e (e.g., a buffer around the home
= NH Boundary B City Centre . H
. Arterial Road g1 I 2 II
Neighbourhood (NH) Scale: Often Connector Road RablicOpen Space ocatl O n) o r ( ) a o C e n t rl C

Body Scale: Immediate administrative zones, such as wards, City or District Scale: Wider geographic area . Larger .

surrounding of the Human  output areas, Zipcode area or buffer adgzinim'ati\'e boundary m;np;gi,s;fg S;‘.e‘,'.a] Ioiizl (e.g,’ us | ng a P re'defn ed

body (e.g. 10-100 m) based (e.g. 500m) boundary from h .

administrative zones such as wards, or neighbourhoods.
home or from neighbourhood centre.

administrative unit)

Egocentric Neighbourhood | * Majority of the studies focused

on ego-centric

neighborhood, applying

City/District [JJi different buffer distances (e.g.,
400, 500, 800 m)

Administrative Neighbourhood -

Scale

Personal .

Not Available I

0 10 20 30 40 50 60 70
Number of Studies
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Commonly used greenspace metrics

* Commonly used Greenspace metrics:
Land use land cover (n =47),
NDVI/EVI/SAVI (n = 36), Canopy
coverage (n = 5), Street view images (n =
3), 3D viewshed (n = 3).

(a) i
Land Cover Types

ﬁ Water |:] Grasses [:\ Built
- Tree Canopy :‘ Forbs and Shrubs

* Land use and Land cover data often
collected at large spatial scale (e.g.,

1:100,000); CORINE, Urban Atlas data
(minimum greenspace size 25ha).

% - * NDVI or satellite image indices often are
Tree Canopies OpenStreet Map

B Conopy Ao — estimated from Low spatial
ST resolution satellite, mostly Landsat
b (30m), and MODIS (250m).

= —— —

T — e Street view data are emerging, only

Roads available along streets.
D Euclidian Buffer 500m

© Crown copyright and database right (2018)

(e) Google Street View 360 Degree Image Greeneries
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Spatially explicit greenspace exposure assessment

(a) Availability

(%) Home

Greenspace/
Greenness (%)

- >70%

<10%

(b) Accessibility

)

() Home

@ Access point
===+ Access Routes

- == Informal Routes
LN “Formal Routes

t Parks/
- u Greenspace

Bl 50-70%
30-50%
10-30%

(© Visibility |
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Availability of greenspace or greenness
in different neighbourhoods (e.g.,
percentage, numbers, mean NDVI, and
area/size). Most common (n = 75).

Accessibility to greenspace from home
(e.g., numbers of accessible parcels,
distance to parcels) (n = 48). Measured
using both shortest distance, and fixed
distance (e.g., 400m).

Visibility of greenspace while travelling
or around the home. Least studied (n

= 6).

Most studies use proximity, and
overly functions in ArcGIS/QGIS.
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Analytical approaches and key results

A mix of subjective (e.g., self reported, GHQ12, SF36) and objective (e.g.,
anthropometric information, GPS tracking) health indicators (e.g., BMI, MVPA).

Most studies based on statistical modelling (e.g., logistic, linear regressions) and
correlation analysis. Very few applied spatial models (e.g., regression with lag)

(2) Scale
Physical Positive: 35
Personal (n = 4)
Physical Negative: 3 —
Health Focus Physical Insignificant: 5
(Physical, Mental,
General) (n =93)

Neighbourhood
Physical Mixed: 16 (n=80)

Mental Positive: 9

Mental Insignificant: 1

Mental Mixed: 8 > City/District (m = 8)

General Positive: 12
.. PR, Not Available (n =1)
Majority of the studies found positive associations at each scale. Mixed or

insignificant associations also observed at all scales.

Neighbourhood scale has more variations in study results, as it is most commonly
used, and there are a lot of variations in conceptualising neighbourhood (e.g.,

different buffer distances).
34



§nﬁ=i§| Dimensions greenspace & health

Analytical approaches and key results (Cont...)

(b) Exposure
Physical Positive: 61
2 = Availability
Studies with Physical Negative: 3 ‘ (n=75)

different health

focus considering
multiple exposure
assessments (n = >

Physical Insignificant: 17

Mental Positive: 22 o ; Accessibility
136) \
(n=48)
Mental Insignificant: 8 =
General Positive: 24 Visibility (n = 6)

Others (n=7)
General Insignificant 1

Majority of the studies found positive associations between health greenspace
exposure.

Mixed associations and insignificant associations observed depending on how the
exposure measured. Such as availability within 400m vs 1600m; the resolution of
spatial data (MODIS vs. Landsat); shortest distance vs. fixed distance.

All visibility exposure studies found significant positive associations.

Absence of integrated approach of modelling exposure. Depends on different
pathways. 35
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#lssue-1 Scale of analysis, distances,and MAUP

(@)

0

© Crown

Generalised Buffer Distance (m)

500
) Meters

(b) #  Home
Roads

[ Euciiian Buffer 300m

[ Euciidian Buffer 500m

[ Network Butfer 500m

[)isoa

250 It
copyright and database right (2018)

>1000
601-1000
301-600

<300

I

No Buffer

o
W

10 15 20 25
Number of Studies

®m General ™ Mental Health

Physical Health

36

Spatial unit of aggregation and
analysis is 2 major concern. It influences
both measurements and associations.

Different buffering approaches (e.g.
Euclidian, Network), and administrative
units produced different exposure
areas, and spatial aggregation of
model inputs.

Physical health focus studies usually

use larger distance than mental
health.
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#lssue-1 Scale of analysis, distances,and MAUP (cont...)

Effects of Aggregation * Varying distances, spatial units, and buffering
a b. ¢ approaches result in Modifiable Areal Unit

2 4 6 1 3 3.5 .

T T o — 375 305 problem- MAUP (scale effect/ aggregation,

T T 3 3 zone effect).

3.75 3.75
e ——— « A ting into larger spatial scale
regating into
X =3.75 X =3.75 X =3.75 ggregating | & p . .
52=2.60 52 =0.50 5% = 0.00 reduce variance, cause inconsistency in the
model.
Effects of Zoning Systems
¢ * b  Studies used larger buffers to measure
4.0 1.0
S greenspace exposure usually found
275 475 45 3.0 . . T o

HEEE 40 367 significance associations, but effect sizes
| become inconsistent, as covariance among

X =3.75 X =3.75 X =3.17 variables affected.

§*=0.93 §=1.04 §*=2.11

* Zoning of the exposure areas also effect the

Source: Dark and Bram, (2007) . ) T
variance, and hence influence the associations.
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#lssue-1 Scale of analysis, distances,and MAUP (cont...)

Source: Chaix et al., (2009)

Buffer (daily path area) Standard deviational ellipse

Minimum convex hull polygon Interpolativn

(g o) VT g
N R/* o e ) |13 ~E e
= 3 e N o
i T S0 ;- 2
: Hlee VAR IRy bty e
AN ‘ > ™ A58 e 2
é I — " v.e | [ -0 Sy
= [ ~— O - o
- :\7c N tf
Assaciation hetween sizefshape of the activity space and levels of physical activity Personalised maps of mavement used for
ualitative analysis
31141151 [26] [1] [12] [31[41[5]1[26] [1][12] 31141 [5] [26] [1] [12]
() D - n\\ Yo ¢
e L] \
3 - & | \ \
-—\ / 1 \
2 ° / ® 5 \
2 rr\/ D ‘r /ﬂ \ °
H g &/ ° _ °
2 (= - ° _
H '\D \\._ el - °
S Quant o e ar wrip o fon berween e ar anchor point(s) and shapelsize of activity space  Environment at geograpliic coordinate of
and destinations and likelihood of active MVPA

travel
(291 [17] [21] [34] [291 [17] [21] [34]

[29] (171 [21][34]

tivity

gV
: {p\,\_ . m\_ B ,.f‘*v\_ - By —
5 g e o Lo Ve Y /7 Lo
i & ¢
H £
&
‘g‘ Quantification of environments Comparison of environments accessible and used on trips from home Environment used on school route
E ac.

cessible on walking routes
[4118] [10] [16] [43] [31] [32] (41181 (10] [16] [43] [31] [32]

[4118] [10] [16] [43] 311 [32]

Fig. 2. Methods used to delineate activity spaces with descriptions of example applications. @ Anchor point (for example: home/work/school /sports club location)

=/« Geo-located movement. 1 Activity space.

Source: Smith et al., (2019)
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Some potential solutions:

* Select an unit of analysis, or buffer
distance that do not cause over
aggregation of exposure or
health variables. Need sensitivity
analysis. [My upcoming paper
detailed with this issue]

* Use a weighted/fuzzy distance
approach, when do not know what

distances more appropriate (Chaix
et al., 2009), for which health focus.

* Use activity space to determine

more realistic exposure area. Smith
et al,, (2019) detailed some sate-of-
the art approaches in activity space
delineation.



spatial Dimensions greenspace & health
#lssue-2 Resolution of images and data capturing scale
* Resolution of the metrics of greenness

can cause misclassification of
greenness, and result in under or over

710 m

Sentinel2 NDVI estimation of exposure.
Value
Bk * Low spatial resolution could also result
| I a0 in insignificant/ mixed association with
30 m health outcomes (also Reid et al., 2018).
* Scale of analysis/ aggregation area
LandSat8 NDVI sensitive to data resolution.
Value
M -85 Some potential solutions:
B * Use the best resolution data available,
currently Sentinel-2 is the better free
250 m option (Part 2, case study |)

* Select an aggregation unit/ exposure
MODISNDVI area/scale that does not over
V;'”i.%l aggregate already misclassified
——— exposure. [My upcoming paper
investigated this for satellite images]
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#lssue-3 Spatial autocorrelation
(a) (c)

5 HEE B
e
IDIMIII H ENEEN

(a) Positive spatial autocorrelation. (b) Spatial
randomness. (c) Negative spatial autocorrelation
(Source: Fortin and Dale, 2009)

(D))

All spatial data usually have some
autocorrelation, mostly positive.

Autocorrelation among observations can
be introduced with overlapping
exposure areas.

Auto-correlated variables usually has less
information, reduced effective sample
size, and vulnerable to Type-| error,
when using in a non-spatial modelling
approach (e.g. linear regression).

Spatial autocorrelation observed in few
greenspace and health studies, most
studies did not checked.

Some potential solutions:

Larger buffer distances produce overlapping
exposure areas, add autocorrelation

40

Test autocorrelation (e.g., Moran 'l)
Apply spatial smoothing, or randomization.

Apply spatially explicit regression (e.g.,
Geographically weighted regression,
Bayesian spatial model), and test application
of ML algorithms (Part 3, example 2).



Take home message

Part-|
* Spatial data and methods are integrated in environmental epidemiological studies
* Environmental exposure assessment frequently dependent on spatial methods.

Part-2

* A lot of spatial data available, can be used in different epidemiological studies.

* Free, open and easy access to big-spatial data via platforms like Google earth
engine, OpenstreetMap. A lot of open access analytical tools available.

Part-3

* Spatial modelling framework provide opportunities to integrate multiple data, and
models

* Adopting new algorithms allowing robust modelling

* Transferable modelling approach

Part-4

* Applying spatial data, methods require careful attention in selecting data types,
scale of analysis,and methods.

* Scale, resolution, MAUP, and autocorrelation can influence the associations
among variables.

* Fine resolution data, appropriate scale, and spatially explicit modelling should be
used environmental epidemiological studies.
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Thank you...
Any Questions!

W @smlabib MANCHESTER
42 1824
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