Combining GIS and Statistics: Data
Visualization to Communicate
Findings



Cyber attack

Lakers Playoff Game @Washington DC

@Staples Center

Power Outage HR Incident, Conference
@Eugene area locations @Phoenix City Center

Everything
Armed Protester
h ap p ens somew h @@  @sSeattleDistribution

Center

New Starbucks Amazon Prime Machine down
@Downtown Phoenix Route Disruption @San Francisco P&DC

@Reno & Irvine Locations

Winter Weather

@Washington DC Nearest Food truck

Landing @ Salt Lake International Airport



What are
Spatial
Statistics?




Spatial Statistics are a set of
exploratory techniques for
describing and modeling
spatial distributions,
patterns, processes, and
relationships.
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Spreadsheets
Data or Information?
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When you look at a spreadsheet...




You ask for more

N

* Mean

* Standard Deviations

* Min and Max
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Same goes for maps!
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https://arcg.is/0KPLGj

ArcGIS Connection with
Open Source Libraries



Enterprise & Online

Navigating the Python Ecosystem

Jupyter Notebook

Desktop -
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Sample Use Case:

Developing a Weather Repositor



http://lnr.maps.arcgis.com/apps/webappviewer/index.html?id=5e073cad18a94821b1beee6e37381852

0

R: A widely used statistical programming language
More than 10,000 Packages
Expand Workflows
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Sample Use Cases:

Precd 0 Seaqre pcatlq

* Ingesting / Analyzing Multidimensional Scientific Data

 Modeling Vacancy Rates in DC -- from Baltimore Vacancy Data


https://esrifederal.maps.arcgis.com/apps/MapJournal/index.html?appid=911e86db5f534c6b92908f72a383a342

Clustering, Prediction &
Classification



Subjectivity
of Maps




The map as data

High Priority 911 Calls in Baltimore
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The map as data

High Priority 911 Calls in Baltimore
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Where are the hot spots? Where is the variation greater?



The map as data

High Priority 911 Calls in Baltimore

Where are the hot spots? Where is the variation greater?



The subjectivity of visual pattern analysis

Natural

Breaks
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Where are the hot spots? Where is the variation greater?



ing the subjectivity
Turning the map into information
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Is there a PATTERN?
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z-scores
p-values
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Hot Spot Analysis

given a set of weighted features, identifies
statistically significant hot spots and cold
spots using the Getis-Ord Gi* statistic



...how do we know if it’s
SIGNIFICANTLY

different???
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Density-based Clustering

finds clusters based on feature locations
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Cluster 1
Cluster 2
Cluster 3
Cluster 4
Cluster 5

Noise



DBSCAN — defined distance

HDBSCAN -_seif adjusting
OPTICS - multi-scale
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A Density Based Clustering Approach
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https://arcg.is/PS4HX

Models

Representative
generalizations used for
prediction

»



Why model |

\—

Use information we have

to predict information we

don’t have

Which areas
are most
contaminated?
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What drives
sales?

-

-

-

\.

Which

buildings will

fail inspection?
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What will the
weather be like
tomorrow?
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When we can’t
trust a model

Mimics training dataset ™
and models noise instead w

of generalizing a trend

X




Divorce Rate in Maine vs Per Capita
Consumption of Margarine

= Divorce rate in Maine
m Per capita consumption of margarine (US)
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Number People Who Drowned by Falling into a
Swimming-Pool vs Number of Nicolas Cage Films

= Number people who drowned by falling into a swimming-pool
m Number of films Nicolas Cage appeared in

130 - Q o 4
118 -
)
= ! )
w 1054 -3 E
S T
O ¢
O 93 - y
80 -1

1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009

tylervigen.com Correlation: 0.666004



IVlany ways to
model

Generalized Linear Regression |_
Geographically Weighted Regression =

—t—
Forest-based Classification and Regression *‘1,



Generalized

Linear
Reqression

Modeling linear relationships




Three model types

e (Gaussian — continuous
 Logistic — binary
e Poisson — count



Gaussian
Ordinary Least Squares



Dependent Variable

FABXBKr . BAFE

What are you trying to predict or
understand?



Variables

Socio

Economic Lifestyle Spatial

Cultural  Environmental

Exploratory

2. Completeness
3. Significance
4. Bias

5. Performance

N9
3

h 4

Creates Output
Diagnostic Report




Geoqgraphicall
Weighted
Reqgression

Exploring spatial variation




each
feature
gets a
separate
equation
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Residuals Condition Number Predictions



Forest-based

Classification &
Reqgression

Predicting using machine learning




Training

!d H ” variable to predict

Breed
/Size k
Color
Fur
Ears
Tail
Age
Weight

w .




Decision Tree




Forest

Random subset of data and variables used in each tree



Forest

- @ e
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Potential Applications/Where it’s used Today

New Cases of
Lead Poisoning in Children in NYC,
1995 - 2000

Number of Children

Diagnosed with Lead Poisoning
By City Council District

) 322-500
> 501 - 1,000

@ 1,001 - 1,500

@ 1,501 - 2,000

<&@ 2,001 -3,152

\_~
ﬂoudle«-ﬂnlr‘dm obtained from the NYC Department of Health preliminary

data, as of July, 2001 at the ZIP Code level. NYPIRG converted this data to the

City Council District level. This might lead to some discrepancies between the

numbers shown by the Dent. of Health, and those shown on this map. ——— -

Crop Yield Housing Lead
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STANFORD UNIVERSITY




Data Visualization



Why visualize data?

Convert slow reasoning tasks
into fast perception tasks

g‘i
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Good Viz vs Bad Viz
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Visualizations to support
spatial analysis

Distributions and frequency
Category comparisons
Relationships and correlations

Change over time or distance



When a map (alone)
isn’t the best option...



When a map (alone)
isn‘t the best option...




Comparison of unemployment rate by State
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When a map (alone)
isn’t the best option...
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Comparison of unemployment rate by State

When a map (alone)
isn’t the best option...
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Key Takeaways

Something happens
Everywhere

Open Source paired
with COTS can
enhance workflows

Data Visualization &
Messaging drive
qguick decisions




Learn ArcGIS

R Bridge
ArcGIS Pro
Spatial Statistics Page



https://learn.arcgis.com/en/projects/analyze-crime-using-statistics-and-the-r-arcgis-bridge/lessons/install-the-r-arcgis-bridge-and-start-statistical-analysis.htm
https://r-arcgis.github.io/
https://pro.arcgis.com/en/pro-app/
https://spatialstats.github.io/

Questions?

Kristen Hocutt- Khocutt@esri.com

Lu Zhang- |.zhang@esri.com
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