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Social Media Analytics and GeoAI

• Today, Social Media such as Twitter, Reddit, and Facebook, have 
become de facto global communication channels to disseminate 
news, entertainment, and one’s self-revelations. 

• This session will demonstrate Social Media preprocessing techniques, 
the use of Natural Language Processing to augment the data, and 
geospatial analysis of this data using GeoAI.



Social Media Analytics

• And now, Anthony…



GeoAI

• Brief Discussion
• Discrete Global Grid Systems

• Types of Geospatial Data Analytics

• Types of GeoAI

• Two Examples:
• “Real-time“, descriptive / diagnostic, spatial-temporal analysis of Tweets

• Historic, predictive, spatial-temporal analysis of Tweets



Discrete Global Grid Systems

• What is a Discrete Global Grid (DGG)?

• A Discrete Global Grid (DGG) consists of a set of regions that form a 
partition of the Earth’s surface, where each region has a single point 
contained in the region associated with it. Each region/point 
combination is a called a cell. Depending on the application, data 
objects or values may be associated with the regions, points, or cells 
of a DGG. A Discrete Global Grid System (DGGS) is a series of discrete 
global grids, usually consisting of increasingly finer resolution grids 
(though the term DGG is often used interchangeably with the 
term DGGS).



Discrete Global Grid Systems

Quadrilateral Hexagonal Triangular



Discrete Global Grid Systems

• DGGS Resources

• Southern Terra Cognita Laboratory

• OGC Specification

• Uber H3

https://www.discreteglobalgrids.org/information/
http://docs.opengeospatial.org/as/15-104r5/15-104r5.html
https://eng.uber.com/h3/


Discrete Global Grid Systems - H3



Discrete Global Grid Systems - H3

Each hexagon has a unique index value at a specific resolution
At this location, at resolution 8, the hexID = 8829a1d719fffff



Discrete Global Grid Systems - H3

At this location, at resolution 9, the hexID = 8929a1d7193ffff
The three points here could be “tagged” with this value



Discrete Global Grid Systems - H3



Discrete Global Grid Systems - H3

• What do those resolutions mean?

• For example:
• Resolution 7: City District

• Resolution 8: City Neighborhood

• Resolution 9: 4-8 city blocks

• Resolution 10: A city block or less

.

.

• Resolution 15: Less than one square meter



Discrete Global Grid Systems - H3 - San Diego

• H3 - San Diego H3 resolution example - Python notebook

• Link



Discrete Global Grid Systems - H3 - San Diego

Example location - Petco Park (San Diego, CA) Google Maps (longitude = -117.157, latitude = 32.708)



Discrete Global Grid Systems - H3 - San Diego

San Diego H3 resolution example



Discrete Global Grid Systems - H3 - San Diego

San Diego H3 resolution example



Discrete Global Grid Systems - H3 - San Diego

San Diego H3 resolution example



Types of Geospatial Data Analytics



Types of Geospatial Data Analytics



Types of Geospatial Data Analytics



Types of Geospatial Data Analytics



Types of GeoAI



Types of GeoAI



GeoAI - Machine Learning



GeoAI - Machine Learning



GeoAI - Machine Learning



GeoAI - Machine Learning



GeoAI - Deep Learning



GeoAI - Deep Learning

Object Detection - Swimming Pools Classification - Land Cover Type



Types of GeoAI

• GeoAI Resources

• Medium website: GeoAI - thoughts about where AI and GIS intersect

• Spatial Analysis and Data Science at the 2020 Esri User Conference

• GeoAI: Vertical Use Cases using AI with ArcGIS

• Spatial Analysis and Data Science

• Geographic Data Science Lab 

• Geographic Information Systems and Science

• Geographic Data Science with PySAL and the PyData Stack

• Geocomputation with R

https://medium.com/geoai
https://www.esri.com/arcgis-blog/products/arcgis-pro/announcements/spatial-analysis-and-data-science-at-the-2020-esri-user-conference/
https://www.esri.com/content/dam/esrisites/en-us/about/events/media/UC-2019/technical-workshops/tw-9271-1014.pdf
https://www.esri.com/en-us/arcgis/products/spatial-analytics-data-science/overview
https://github.com/GDSL-UL/Teaching_Links
https://andrewmaclachlan.github.io/CASA0005repo/index.html
https://geographicdata.science/book/intro
https://geocompr.robinlovelace.net/


“Real-time“, descriptive / diagnostic,
spatial-temporal analysis of Tweets

• Study Area - San Diego, CA

• Spatial Resolution - H3 resolution 7, 8, and 9

• Time Period - late December 2019 (hence, “real-time” in quotes)

• Data Sets
• Twitter

• San Diego Calls for Service (public safety data)

https://data.sandiego.gov/datasets/police-calls-for-service/


“Real-time“, descriptive / diagnostic,
spatial-temporal analysis of Tweets

• Workflow (in brief)
• Tag data (Tweets and Calls for Service) with H3 index values

• Link Tweets and Calls for Service using H3 index

• Purpose
• Proof-of-concept linking live data

• Visualize data using various techniques

• Examine data in an exploratory / drill-down approach



Tweets

Calls for Service

“Real-time“, descriptive / diagnostic,
spatial-temporal analysis of Tweets



“Real-time“, descriptive / diagnostic,
spatial-temporal analysis of Tweets



“Real-time“, descriptive / diagnostic,
spatial-temporal analysis of Tweets



“Real-time“, descriptive / diagnostic,
spatial-temporal analysis of Tweets



Historic, predictive,
spatial-temporal analysis of Tweets

• Study Area - San Diego, CA

• Spatial Resolution - H3 resolution 9

• Time Period - late December 2019

• Data Sets
• Twitter
• CalEnviroScreen 3.0 (CES3)  Indicators in CalEnviroScreen are measures of 

either environmental conditions, in the case of pollution burden indicators, 
or health and vulnerability factors for population characteristics indicators.

https://oehha.ca.gov/calenviroscreen/report/calenviroscreen-30


Historic, predictive,
spatial-temporal analysis of Tweets

• Workflow (in brief)
• Tag data (Tweets) with H3 index values

• H3 - San Diego H3 hexagons example - Python notebook

• ArcGIS - San Diego tabulate intersect example - Python notebook 

• Append Tweets data set with CES3 Indicators using H3 index

• Purpose
• Examine relationships between “NLP-ed” Tweets and CES3 data

• Predict Emotion (Happy, Neutral, Sad) based on CES3 Population Characteristics



Historic, predictive,
spatial-temporal analysis of Tweets

CES3 Indicators:

Pollution
Exposures

Environmental Effects

Pollution Characteristics
Sensitive Populations

Socioeconomic Factors



Historic, predictive,
spatial-temporal analysis of Tweets

• H3 - San Diego H3 hexagons example - Python notebook

• Link



Historic, predictive,
spatial-temporal analysis of Tweets

San Diego H3 hexagons (resolution 7)



Historic, predictive,
spatial-temporal analysis of Tweets

San Diego H3 hexagons (resolution 8)



Historic, predictive,
spatial-temporal analysis of Tweets

San Diego H3 hexagons (resolution 9)



Historic, predictive,
spatial-temporal analysis of Tweets

San Diego H3 hexagons (resolution 10)



Historic, predictive,
spatial-temporal analysis of Tweets

CES3 - Poverty Attribute - Census Tracts



Historic, predictive,
spatial-temporal analysis of Tweets



Historic, predictive,
spatial-temporal analysis of Tweets

CES3 - Poverty Attribute - San Diego H3 hexagons
tabulate intersect



Historic, predictive,
spatial-temporal analysis of Tweets

• ArcGIS - San Diego tabulate intersect example - Python notebook

• Link



Historic, predictive,
spatial-temporal analysis of Tweets



Historic, predictive,
spatial-temporal analysis of Tweets



Historic, predictive,
spatial-temporal analysis of Tweets



Historic, predictive,
spatial-temporal analysis of Tweets

CES3 - Poverty Attribute - San Diego H3 hexagons (resolution 7)
tabulate intersect



Historic, predictive,
spatial-temporal analysis of Tweets

CES3 - Poverty Attribute - San Diego H3 hexagons (resolution 8)
tabulate intersect



Historic, predictive,
spatial-temporal analysis of Tweets

CES3 - Poverty Attribute - San Diego H3 hexagons (resolution 9)
tabulate intersect



Historic, predictive,
spatial-temporal analysis of Tweets

CES3 - Poverty Attribute - San Diego H3 hexagons (resolution 10)
tabulate intersect



Historic, predictive,
spatial-temporal analysis of Tweets

CES3 - Poverty Attribute - Census Tracts - H3 Hexagons (resolution 10)



Historic, predictive,
spatial-temporal analysis of Tweets

CES3 - Poverty Attribute - San Diego H3 hexagons (resolution 9)

Resolution 9: 4-8 city blocks

Petco Park



Historic, predictive,
spatial-temporal analysis of Tweets

• Forest-based Classification and Regression



Historic, predictive,
spatial-temporal analysis of Tweets

• Forest-based Classification and Regression

• Many decision trees are created, called an ensemble or a forest, that 
are used for prediction.

• Each tree generates its own prediction and is used as part of a voting 
scheme to make final predictions.

• Final predictions are not based on any single tree but rather on the 
entire forest.



Historic, predictive,
spatial-temporal analysis of Tweets

• Forest-based Classification and Regression

• The use of the entire forest helps avoid overfitting the model to the 
training dataset,

• as does the use of both a random subset of the training data and a 
random subset of explanatory variables in each tree that constitutes 
the forest.



Historic, predictive,
spatial-temporal analysis of Tweets

Dependent
Variable

Independent
Variables



Historic, predictive,
spatial-temporal analysis of Tweets

Independent
Variable

Independent
Variable

Independent
Variable

Dependent
Variable



Historic, predictive,
spatial-temporal analysis of Tweets



Historic, predictive,
spatial-temporal analysis of Tweets



Historic, predictive,
spatial-temporal analysis of Tweets

• Forest-based Classification and Regression



Historic, predictive,
spatial-temporal analysis of Tweets

• Forest-based Classification and Regression



Historic, predictive,
spatial-temporal analysis of Tweets

• Forest-based Classification and Regression - Model Parameters

• Predict Emotion (Happy, Neutral, Sad) based on CES3 Population Characteristics

• 90 training / 10 validation split, 100 trees, 100 iterations

Model 1 Variables Model 2 Variables Model 3 Variables

Unemployment Unemployment Poverty

Poverty Poverty Asthma

Linguistic Isolation Housing Burden Cardiovascular Disease

Housing Burden

Educational Attainment



Historic, predictive,
spatial-temporal analysis of Tweets

• Forest-based Classification and Regression - Results

Model 1 Model 2 Model 3

Emotion Actual Predicted %_Correct Actual Predicted %_Correct Actual Predicted %_Correct

Happy 266 176 66.16541353 269 204 75.83643123 269 195 72.49070632

Neutral 280 421 150.3571429 280 433 154.6428571 280 400 142.8571429

Sad 261 210 80.45977011 263 175 66.53992395 263 217 82.5095057

Under

Under

Over



Historic, predictive,
spatial-temporal analysis of Tweets

• Forest-based Classification and Regression - Results

Model 1 Variables Importance Model 2 Variables Importance Model 3 Variables Importance

Unemployment 21% Unemployment 36% Poverty 34%

Poverty 18% Poverty 29% Asthma 35%

Linguistic Isolation 17% Housing Burden 35% Cardiovascular Disease 31%

Housing Burden 22%

Educational Attainment 21%



Historic, predictive,
spatial-temporal analysis of Tweets

• Forest-based Classification and Regression - Model 1 Actual



Historic, predictive,
spatial-temporal analysis of Tweets

• Forest-based Classification and Regression - Model 1 Predicted



Live Demo

• Demonstration using ArcGIS Insights

• Demonstration using ArcGIS Pro


