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Abstract

Since the 1990's geographers have called for a qualitative GIScience. While several
attempts have been made to achieve a qualitative GIS, limiting factors such as data
volume and methods have held the realization of such a system back. However,
important changes in the last decade have made it possible to achieve this goal. Social
media datasets are available for download that contain coordinate metadata and
gualitative data about the experiences of individuals. Big data infrastructures make it
possible to harvest, store, and find data expressed on specific phenomena researchers
wish to study. Natural language processing methods make it possible to understand the
context in which a post or group of posts are authored and extract the geospatial insights
therein. GlScience has taken notice of these synergies and is beginning to engage with
the data and is producing new insights from social media landscapes. In this
dissertation, three articles are presented: 1) a method for producing area based topic
models from social media; 2) a methodology for geospatial social media exploration and
research, and; 3) a software that implements the methods and methodologies of
geospatial social media. These three papers make up a body of research that presents a
gualitative GIS from data to analysis to output. In the process, the research reflects
critically on the ways in which geospatial social media and big data methods in
GlScience are created.

Keywords: Qualitative GIS, Big Data, Social Media, Geographic Information Science,
GIS
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Chapter 1.

Introduction

1.1. Big Data

Big data has had a big impact on academia. The past five years has witnessed a
change from big data as a niche issue in computer science to a new focus for research
across the academy. For Geographers big data influenced the study of GIScience the
most.

GEOBASE citations for Big Data
700

600

500 454
396

400 312

300

Article Count

200
100

0
2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019

Year

Figure 1.1.  Citations matching search for "Big Data" on Geobase, from 2010 to
2016. 2017 already has 431 citations as of early October, and if the
yearly rate remains constant will reach more than 500 articles

A GEOBASE search for “Big Data” provides a rough guide for how popular the
term has become in the geographical sciences, with 2017 on track to yield more than
500 GEOBASE results.

GlIScience has always been focused on the integration of large datasets. The
Canadian Geographic System, a precursor of modern GIS, was implemented as a

solution to the vast reams of paper maps that bogged down the Canada Land Survey



and as aid for the challenge of analytical overlay in the 1960’s (Tomlinson and Boyle,
1981). Since then spatial, temporal, and spectral resolution has continued to increase.
The increasingly granular resolutions have required that more efficient methods of
geospatial data storage and analysis be created to quantify the natural landscape (Chi et
al., 2016).

1.2. Qualitative Data in Geography

Qualitative GIS has been, for some, a paradoxical term. GISystems were
designed to integrate geographical information on physical landscapes and represent
specific empirical measurements. Qualitative GIS recognises this ability and builds upon
it, enabling GlScience to also be capable of incorporating the contextual, situated, and
lived experiences when humans interact with the landscape and one another (Elwood,
Sarah; Cope, 2009). Representing this using computer data models and structures is
possible however, as qualitative information is compatible with numerical
representations, too, so long as the signs and symbols of those presentations signify
gualitative experiences and concepts, as Palovskaya (2009) demonstrated. At the level
of the method, the same is true. Methods that include keywords, statistical processes, or
machinations of algorithms utilize numbers to produce output but these numbers
represent qualitative information and therefore contribute to a qualitative GIS. Finally,
when these data and methods produce output in the form of visualizations, information
tables, and text they too contain qualitative information that is interpreted by the reader.
These are placed within the context and situated experiences of the data producers,
researchers, and ultimate the reader. They are fundamentally a qualitative process.
Qualitative GIS has been best positioned as a mixed methods approach that recognises
that there are a multitude of ontologies, epistemologies, data, methods, and
visualizations that may work in combination or against one another to produce a better
understanding of social phenomena (Elwood, Sarah; Cope, 2009; Elwood and DelLyser,
2010; Schuurman and Leszczynski, 2006).

While expansion of quantitative data generated from the physical landscape has
continued the tradition of ever-growing, finer resolution information, the effect that big

data has had on qualitative information has been radically different.



Although calls for GIS to represent the lived experiences of individuals have been
present since the 1990’s they have largely gone unanswered (Schuurman, 2000). While
attempts have been made to integrate qualitative data and analysis (Elwood, Sarah;
Cope, 2009; Jung, 2007; Kwan and Ding, 2008) a major challenge has been the lack of
spatial qualitative data and the difficulty in ascertaining it. The amount of spatial
information generated in qualitative GIS experiments simply did not compare with those

of quantitative projects studying natural landscapes or demographics.

The challenge of qualitative data collection has been ameliorated by changes in
the world-wide-web over the last decade. The introduction of Web 2.0 technologies
changed the web from acting as a one-way communication medium to a platform for
two-way communication (O’Reilly and Battelle, 2009). GlScience took keen interest in
the ways that the ‘read-write-web’ could be used geospatially, especially for advocacy
(Okolloh, 2009) and citizen science engagement (Goodchild, 2007). Web 2.0
intersections with geography focused on both the generation of new geographical
information in the case of Open Street Map, and in new methods of communicating
about place in the case of the participatory geoweb (Johnson et al., 2015).

Participatory geoweb data remained stuck with the problem of what has been
termed ‘small data’ (Sieber and Haklay, 2015). Small data has largely remained
separate from quantitative and now big data GIS studies in terms of both data sources
and the methods used. Different from their bigger counterparts, these ‘small data’
projects speak purposefully to the places and spaces in which they are situated. The big
data approach to qualitative GlScience has to be different. Instead of collecting data
specifically on a subject, big data approaches information collection by aggregating as
much data as possible regardless of the research question, then sifts through the

collected data to identify patterns and correlations related to a particular inquiry.

1.3. Big Data, Social Media, GlScience

Social media has been a key asset for big data qualitative GIS. In particular,
Twitter has become a major source for big data investigations because the company
offers free access to 1% of its global data stream. While 1% may appear small, Twitter’s
participation rate is estimated at 500 million postings per day. At a possible 5 million data

points per day, a big data researcher can amass a great volume of qualitative



information over a relatively short timespan. Approximately 4% of twitter traffic contains
geospatial metadata. While the volume of postings containing location information is
higher than the 1% allowed, rate limitations can be worked around by specifying only
specific areas to collect information from. For example, this thesis collected 100% of the
tweets containing location information in North America. Rate limits aside, Twitter is
estimated to be used by 24% of all online adults in the US (Greenwood et al., 2016) and
the company reported 319 million global monthly active users in December 2016
(Twitter, 2016).

What Twitter created by releasing a portion of their data to the public is a
gualitative data source larger than any available to researchers, and with the global
reach the company has (US users make up only 67 of the 319 million reported users),
the dataset can be used to study phenomena in a wide variety of locations. Challenges
remain, the research outputs from Twitter data may only describe the users of the
technology and not all research topics are reflected well in social media discourse.
Nonetheless, the data available contains the emotions, ideas, and conversations of its
users and due to its accessibility it remains a vast trove of information that can be used
for qualitative study. It represents an opportunity for qualitative research methods,
methodologies, and software to be written that integrate the lived experiences of

individuals directly into spatial analysis.

1.4. An Opening for Qualitative GIS

Social media data that contain location metadata in the form of latitude and
longitude offer an opportunity for qualitative GIS to capitalize on. With data volumes
similar to — and often rivaling — its quantitative counterparts, it is a critical time to modify,
invent and integrate methods for a qualitative GIS. Investigating qualitative data however

is not straightforward.

A central component of qualitative data inquiry from interviews and thematic
coding is the process of becoming ‘close to the data’. To accomplish this a researcher
can listen to, transcribe and/or read qualitative accounts from study participants. Big
Data poses great concerns for this methodology, as amount of time required to review all
data points collected — even using keywording — far exceeds that of the total time

available for study. In a remarkable study Jung (Jung, 2015) attempted to manually



review all Twitter postings (tweets) in their town related to the 2012 US presidential
election finding. Not surprisingly, the time required to review the data was onerous. Big
data methods have instead sought to find ways to computationally study the data and
aggregate the results. The approach of using an algorithm to review and analyze data

without user interaction is referred to as an unsupervised approach.

Unsupervised methods are used in other areas of GlScience. Remote sensing
utilizes this in land classification systems regularly (Li et al., 2014). However, as social
media postings are a product of social relations rather than a set of pixel values,
unsupervised methods used on qualitative data have met with skeptical resistance by
critical GIScientists (Kwan, 2016). Critical GIScience recognises that while the
algorithms that comb through big data are capable of finding correlations that are useful
in understanding patterns in data, they are not value neutral (Ricker, 2017). Kitchin and
Dodge (2011) explore this concept as Code/Space, explaining that algorithms are
constructed by individuals with their own goals and subjectivities imparting their values
into the code they write. Stephens (2013a) provides a potent geographic example in her
analysis of OpenStreetMap, finding gender bias in not only the data creation

mechanism, but also in the review process.

Approaching social media analysis using the tools of GlScience and statistics
has been attempted and used by several scholars. Keyword matching (Crooks et al.,
2013), heatmaps (Stephens, 2013b), and odds ratio analysis (Zook and Poorthuis, 2014)
have been applied to social media datasets providing interesting results, but these
methods lack an understanding of the context in which words have been used.
Computer science sub-discipline natural language processing (NLP) has become a field
of increasing importance because of this criticism and has progressed significantly in the
past decade (Bello-Orgaz et al., 2016). As recently as 2014, Eugene Goostman passed
the Turing test (Shah et al., 2016). Goostman convinced a panel of experts that he was
a human more than 30% of the time when in fact it was a chatbot conceived at Princeton
University. While the efficacy of the Turing Test has been called into question as a result
of Goostman, it demonstrates the level of sophistication possible from modern NLP

systems.

NLP has been used by geographers too. The most common method that

geographers have turned their attention to is topic modelling - which finds topics in text



or conversation. It has been used in several applications by GlIScientists including
obesity and tourism (Ghosh and Guha, 2013; Hao et al., 2010). Sentiment analysis is an
up and coming NLP technique that can be used to determine the emotions of text and
has been used by geographers in studies on urban poverty (Frank et al., 2013) and
infrastructure (Rybarczyk and Melis, 2017). Both topic modelling and sentiment
modelling are sensitive to the data they are trained using, further adding to the
complexity of their Code/Spaces. A dramatic example of a NLP exercise gone wrong is
the Microsoft Tay chatbot released in March 2016. Tay was designed to learn from the
tweets sent to it by other twitter users, but after being bombarded by tweets relating to
Nazis, Sexism, and hate-speech it began to tweet out similar responses and was shut

down within days of going live (Neff and Nagy, 2016).

Clearly there is a tension between the analysis that social media and other forms
of qualitative big data make possible and the realities of working with data and
algorithms that are non-objective. This thesis reviews these algorithms and processes
and attempts to outline not only the ways that algorithms can be non-objective, but to
offer suggestions for moving forward within a framework of qualitative GIS.

1.5. How this dissertation builds a qualitative GIS

Qualitative GIS has been a nascent subfield of GIS for more than twenty years.
The original calls for a non-quantitative GIS begin at the time of the critical revolution
within GIS lead by the work of Pickles (1995), Curry (1994), and Smith (Smith, 1992)
who illustrated a non-objectivity that had previously been assumed provided an in the
case of the latter, gave an example of the power of GIS when used as a destructive
force in the Iraq Gulf War. From these debates (Schuurman, 2000), grew an interest in
understanding what a non-objective GIS could look like, and was termed GIS/2 by some
(Sieber, 2004). Several attempts emerged from the calls for GIS/2, including the sub-
discipline of public participatory GIS (Elwood and Ghose, 2001) and later qualitative GIS
(Elwood, Sarah; Cope, 2009). Qualitative GIS called for methods and methodologies
that could integrate non-quantitative data directly into spatial environments and software.
Efforts ranged from using standard tools with a mixture of community intervention
(Knigge and Cope, 2006), to new GIS modules and extensions that integrated thematic
coding directly into Esri’'s ArcGIS (Kwan and Ding, 2008), to reconceptualising GIS

operations as more than quantitative (Pavlovskaya, 2009). These efforts to bring



qualitative data and methods into GISystems proved that it was indeed possible,
however they suffered from the ‘small-data’ problems noted earlier (Sieber and Haklay,
2015). However, these two barriers have been ameliorated by the big data avalanche
(Miller, 2010).

This thesis capitalizes on the data avalanche by building upon the lessons
learned from earlier efforts to conceptualize and build a qualitative GIS. It takes to heart
the suggestion in Schuurman’s (2000) Third Wave of critical GIS, to take a kinder and
gentler approach to the critique of emergent methods. This dissertation also takes heed
of the advice of Haraway (1988) and attempts to be a part of the construction of the

cyborg in order to influence it.

A Method
[}

Qualitative
GIS

A Methodology

for Qualitative
GIS

Social-Spatial
A Qualitative GIS

Figure 1.2.  Organization of thesis articles of increasing scope from method, to
methodology, to software.

This thesis literally and figuratively builds a qualitative GIS through three papers
that build on each other. The first paper constructs a single method for mining social
media data. It uses a natural language processing technique for topic modelling called
Latent Dirichlet Allocation (Blei et al., 2003) and operationalizes it in a way that



geographers are familiar with — areal based boundaries. It visualizes the results of the
topic models it produces directly into cartographic space using computer graphics code
and matrix mathematics. The code for this method was released open source and in this
paper | dissect that ways that it is non-objective in its programming and application.

From this singular method, the second paper increases scope to the level of a
generalized social media methodology for qualitative GIS. The progression of increasing
scope leads to a different focus. In part, this paper is a review of options for data
processing from the point of acquisition through to visualization. However, it is also a
critical examination of each method reviewed. It looks at the ways method or process is
embodied and non-objective and demonstrates this using a case study of obesity. In this
way it not only casts into question assumptions of methodological objectivity, but also

supplies evidence of how they may not be objective.

Finally, | turn my focus to the description of a software tool that | created to be
used as a qualitative GIS called Social Spatial. Social Spatial is an open-ended software
that can be used to aid qualitative researchers applying qualitative GIS methodologies.
The software, where possible, exposes all parameters used and through doing so offers
a prospective user the opportunity to publish the settings and by association the
assumptions they made when carrying out their analysis. The program is created using
best practices from software development including thorough internal code
documentation and an open source publishing using Github?'. This software is not totally
comprehensive, or complete. Rather it is the start of a qualitative GIS that can be
continued as standalone development or it can be integrated into other standard GIS
software such as QGIS, a popular open source GIS that has gained enormous popularity

in the past decade.

This dissertation starts with the description of a method for analysing and
representing qualitative big data in GIS. In the second paper, | then describe a range of
methods to acquire, analyse, and represent qualitative big data. Finally, | provide an
open-source software implementation for qualitative GIS that uses social big data. Each
of these steps is an innovative and relevant contribution to the building of a qualitative

GIS for social big data and for social scientists in Geography.

1 http://www.github.com



Chapter 2.

Area based topic modelling and visualization of
social media for Qualitative GIS

This paper was published in the Annals of the American Association of Geographers.

Citation Details: Martin M E and Schuurman N (2017) Area-Based Topic Modeling and
Visualization of Social Media for Qualitative GIS. Annals of the American Association of
Geographers: 1-12.

2.1. Abstract

Qualitative GIS has progressed in meaningful ways since early calls for a
qualitative GIS in the 1990’s. From participatory methods, to the invention of the
participatory geoweb, and finally to geospatial social media sources the amount of
information available to non-quantitative GlScientists has grown tremendously. Recently,
researchers have advanced qualitative GIS by taking advantage of new data sources,
like Twitter, to illustrate the occurrence of various phenomena in the dataset
geospatially. At the same time, computer scientists in the field of natural language
processing have built increasingly sophisticated methods for digesting and analysing
large text-based data sources. In this article the authors implement one of these
methods, topic modelling, and create a visualization method to illustrate the results in a
visually comparative way, directly onto the map canvas. The method is a step towards
making the advances in natural language processing available to all GIScientists. The
article discusses the ways that geography plays an important part of understanding the

results presented from the model and visualization, including issues of place and space.

Keywords

big data, social media analysis, visualization, qualitative GIS, topic model



2.2. Introduction

Over the past decade, there have been increasing in-roads in the quest for a truly
gualitative GIS (Crooks et al., 2013; Ghosh and Guha, 2013; Jung, 2007, 2015; Zook et
al., 2010). While GIS scholars have made progress towards creating such a system,
solutions to date have not been successful in reaching a widespread audience. The
dearth of widespread integrated qualitative GIS analysis methods and tools has not been
without cause however, as qualitative data is challenging to express spatially and
methods of qualitative analysis are difficult to integrate with traditional GIS software. In
this article, we present a method that supports qualitative geospatial analysis, and

provides an example for future research initiatives.

Qualitative GIS has been the goal of non-quantitative and critical scholars for its
ability to introduce human experience to maps (Brown and Knopp, 2008; Elwood, 2006;
Knigge and Cope, 2006). With the advent of social media, a new and profoundly
different source of information is available to researchers that provide an opportunity to
represent people using their own voice (Elwood et al., 2013). While other disciplines of
science, in particular computing science, continue to make inroads to integrating social
information into geospatial products and services, geographers have unigue
perspectives and methods to contribute. This article is an effort to apply geographic
thinking to new geo-social technology creation and to introduce a new method for
geographers to use — as a means of expanding the options for qualitative GIS. While
calls for a reimagining of GIS in the late 1990’s (Harris and Weiner, 1998; Harvey and
Chrisman, 1998; John Pickles, 1995; Schuurman, 2000) into a GIS/2 that incorporated
the voices of the people it represented has not been possible, incorporating methods

that use social media is one way to meet this goal.

We posit that emerging natural language processing techniques and qualitative
visualizations are an excellent avenue for interrogating qualitative data. We introduce a
method that utilizes social media data to visualize topics present in the geo-social
landscape. This method shows gives the user the ability to integrate large amounts of
textual information in social media and express the topics contained within on a map
surface. This method can be used at any spatial scale using any textual qualitative data

with location metadata.
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2.3. Literature Review

2.3.1. Qualitative GIS

The foundations of qualitative GIS inquiry are traced to the critical GIS debates of
the 1990’s (Schuurman, 2000). These debates created a fissure between quantitative
and non-quantitative scholars through heated discourse in journals forcing GIS as a
research niche to recognise that maps can be used to disrupt or reify power
relationships (Harley 1989). Moreover, there were efforts to demonstrate that GIS had
largely ignored its potential to represent marginalized people (John Pickles, 1995). As
critical GIS as a sub-discipline moved forward, new methods of representing people,
places and cultures evolved; indeed participatory methods led to the field of PPGIS and
VGI (Chambers, 1994; Goodchild, 2007; Sieber and Johnson, 2013; Zook et al., 2010),
and critical conversations that started with a reimagining of GIS for non-qualitative
means, known as GIS/2, have led to studies of mixed methods and qualitative GIS
scholarship (Elwood, 2008, 2009; Halevy et al., 2009; Sieber, 2004; Yeager and Steiger,
2013).

Qualitative GIS has expanded to include multiple meanings and multiple
methodologies (Elwood, 2008). The original calls for GIS to be more than a quantitative
tool (Curry, 1994; Harvey et al., 2006; Kwan and Ding, 2008; John Pickles, 1995) have
been refined and spatial operations are now understood as more than purely
guantitative. Pavlovskaya (2009) argues that overlay, a central component of all GIS, is
not a quantitative tool at all but rather a process of qualitative observation. The
geographic web (geoweb) (Haklay et al., 2008) refines GIS further as a conduit of
gualitative GIS, directly integrating qualitative information from diverse groups of users.
Quialitative information increasingly accompanies spatial information in the modern
geoweb, and with it the challenge has moved from data integration to data analysis and

visualization.

Using qualitative spatial data — beyond raw data presentation in Google Maps
mashups (Crampton, 2009; Miller, 2006) — is a difficult task. Analysis of qualitative data

in human geography has been improved though the use of computer software (Bazeley
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and Jackson, 2013; Richards, 1999), but researchers continue to rely on their intellect to
review, think and theorize about the phenomena they observe (Jung, 2015; Woods et
al., 2015). Qualitative GIS scholars have made great strides to bridge the gap between
GIS and qualitative methods, such as Jung’s (2007) CAQ-GIS software for thematic
gualitative coding and code clouds (Jung, 2015), Kwan’s 3-dimensional (Kwan and
Ding, 2008) time-cubes that reveal intersecting lived experiences, and Knigge and
Cope’s (2006) grounded visualization for iterative community participation in map

making.

Analysing qualitative information from social media platforms has received
increasing attention from GIS researchers. The interplay and entanglement between
gualitative and quantitative methods are an important concern, where analysis of social
patterns (Jung, 2015; Shelton et al., 2015) and standard spatial problems (Crooks et al.,
2013; Goodchild, 2007; Sieber and Johnson, 2013) are studied using similar datasets.
Non-guantitative researchers have increasingly turned to social media as a source for
VGI analysis, focusing on what individuals say and where they say it. This has led to
better understanding of the role of emotions during elections (Jung, 2015), urban
inequality (Shelton et al., 2015), and how gender imbalances are reproduced in geoweb
applications (Stephens, 2013a).

Use of social media in social research has not come without criticism. Issues of
access and representativeness are key challenges researchers face. The Pew research
institute (Duggan, 2015) estimates that only 23 percent of online adults and 20 percent
of the general public use Twitter. Twitter appears more popular with Hispanic and Black
Americans than White online persons (28 percent,28 percent, and 20 percent,
respectively), and most popular with younger 18-49 years of age. Twitter’s popularity
differs from the other social media by penetration, Facebook commands a user base of
72 percent, with Pinterest at 28 percent and Instagram at 24 percent of online
Americans. Gaps in adoption have changed in the last decade however, showing that
age and gender are shrinking, however the divide between urban and rural users and
higher and lower income households remain (Perrin, 2015). These reports do indicate
that there are some voices that are significantly less present in social media postings,
and results from using this or any other method utilizing social media should be

interpreted with this limitation in mind.
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A challenge remains for geographers using social media for analysis to find a
way to inductively explore the ideas, themes and topics present within massively
aggregated information, while attempting to stay true to the intent of those who produced
the information. We know that specific queries organize the results. In essence the
problem is allowing information to emerge from the data - rather than asking specific
guestions that potentially shape the answers - and using this information to encourage

further understanding of place.

Lessons from natural language researchers may be a potential pathway for

achieving a means of visualizing qualitative data rather than querying it.

2.3.2. Natural Language in Geography

Quialitative researchers face a burden when using social media data. In the age
of big data and social media, information volumes have increase by several orders of
magnitude over traditional qualitative data analysis. Increased data volumes require new
methods, as it has become impossible to continue reading every data point (Jung,
2015). Regular expressions and search terms can make it easier to find and identify
social media, but this limits analysis to the data that is specifically searched for, as is the
case in Shelton et al. (Shelton et al., 2015). Count metrics gathered using this type of
analysis are useful, but it sacrifices the closeness between the researcher and data
(Kwan, 2016).

To deal with the tension between remaining close to the meanings hidden in the
data and the utility of large data volumes, natural language processing was created to
understand the meaning of words in text (Allen 2003). The field has received increasing
attention (Asghar et al., 2014; Kim and Chen, 2015; Steiger, de Albuquerque, et al.,
2015), with two important branches that greatly increase the capacity of qualitative data
coding; sentiment analysis and topic modelling (Asghar et al., 2014; Ohmura et al.,
2014). Sentiment analysis is used to label text containing an identifiable emotion within it
and geographers have used this technique to identify emotions expressed in differing
geographical contexts (Robertson et al., 2015). Topic modelling also aims to label text,
but instead of reading emotions it seeks to determine the topics of conversation (Blei et

al., 2003). In a geographical context, topic models have been used to find topics at the
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level of the city (Bauer et al., 2012) and topics dispersed across a landscape (Slingsby
et al., 2007), and for specific topic areas, such as obesity (Ghosh and Guha, 2013; Gore
et al., 2015).

The topic model used in this research is based on the latent dirichlet allocation
(LDA) model proposed by Blei et al. (2003), cited nearly 16,000 studies on Google
Scholar at the time of writing. Since its creation, several other models have been created
on top of LDA, such as labeled LDA (L-LDA) (Daniel et al., 2009). L-LDA seeks to
generate names for each topic that is generated by an LDA model. In this research we
left the interpretation of topic names for the map up to readers. However, while topic
modelling is increasingly used for social media analysis, two challenges remain for
geographers. First, topic models are complex methods to implement and are sensitive to
parameter settings. Standard tools do not currently exist for GIS scholars in either
industry or open source GIS. This inaccessibility has kept topic modelling from being
fully examined by geographers and as a result a multitude of issues such as modifiable
area units, scale, edge effects, landscape, and social process that geographers are well
positioned to answer have remained unexplored (Dalton and Thatcher, 2015; Kitchin,
2013). Second, topic models are difficult to express cartographically. Studies that have
used topic modeling across geographies have often presented results either in tabulated
form (Ghosh and Guha, 2013; Mei et al., 2008; Wang et al., 2007) , or as dispersed
clouds of words over general geographies of the city (Slingsby et al., 2007). Instead a
method that visualizes the results of topic modelling cartographically would be useful so
map readers can easily compare neighbouring areas to one another, illuminating

differences and similarities over neighbourhoods.
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2.4. Methods

Visualization

o Twitter stream query * Corpus and dictionary
« Rate limit geo fencing * Number of topics and topic
» Database design words
* JSON object translation to « Iterative model runs using
databse variables tweets from spatial areas

* Topic based tag clouds
* Placement of words
* TIFF Image output

Figure 2.1. Methodological process from data gathering to visualization

Creating an area based topic model requires multiple components of varying
complexity. To better understand the process of creating area based topic models, we
first review the methodology used in this study involving: 1) gathering social media as a
textual base for analysis; 2) analyzing data using topic models; and 3) visualization of
results into GIS ready formats. These methodological steps are followed by an

explanation of programmatic specific methods.

2.4.1. Gathering Social Media

Maximizing data within rate limitations

Conducting analysis on external social media data requires careful consideration
of how to acquire relevant information and store it for analysis. Using Twitter data
researchers can connect to a data stream and download large amounts of information,
however it is important to consider the exact nature of the data feed in order to achieve

optimal data flow.

Twitter imposes a rate limitation on the data they provide. An application using
their social media stream can only call for 1 percent of their global traffic — exceeding
causes interruptions to the data flow. Additionally, this research project focused explicitly

on the 4 percent of Twitter data containing geospatial locations in latitude and longitude
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pairs. For this research project a geospatial boundary was placed around amount of
information requested from the Twitter data stream. This limited the amount of data
requested and kept the database to a manageable size while ensuring a near 100
percent data retrieval rate of geospatially referenced posts.

Data retrieval and storage

The twitter data collected for this study was collected using an HTTP GET
request to the Twitter streaming endpoint, and stored in a PostGreSQL database. In the
translation from the twitter stream to the database, the data was converted from the
provided javascript object notation (JSON) format to the POSTGreSQL table format and
included the following variables: name, username, date, time, self-reported location,
coordinates (Latitude & Longitude), and tweet text. The table containing the social media

data also had spatial and textual indexes to increase efficiency of data retrieval.

2.4.2. Topic Modelling

Following data retrieval, this study focused on creating methods for analyzing the
social information in each post. The primary method of analysis used was latent dirichlet
allocation (LDA), a form of topic modelling commonly used in natural language
processing (Blei et al., 2003). The use of topic models required the development of a
twitter dictionary, determining optimal model parameters, and running the model within

the context of spatial areas.

Corpus and Dictionary

Natural language processing (NLP) focuses on understanding meanings and
attitudes within a body of text. The text analyzed may be one large document, or a
collection of documents denoted a corpus. In this study, we utilized a corpus of 800
million tweets, generated over a period of 20 months from February 2014 to October
2016 covering the North America. Vancouver neighbourhoods accounted for 690, 337
posts (figure 2.2). From the corpus, a dictionary was created that curtails the number of
words considered by the analysis to ensure that output refers to relevant topic words

instead of conjunctive and predicate forming words (eg. I, it, he, was, after, into, the,
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and, etc.). Two rules were used to remove words from the dictionary; 1) a list of non-
topic related words was formed, called stop-words; and 2) any word appearing once in
the corpus was ignored. The remaining words used in the corpus after applying these
two trimming rules became the dictionary used in the LDA topic model.

West $ ; il Tweet Count

End LSl ) 5610- 6304
Downtown randview [ 6395 - 9528

Kitsilano |
oodiand [ 9529 - 25469

Fairview  Mount

Pleasant I 25470 - 39806
Kensington B 30507 - 191415

Cedar

Figure 2.2. Tweet counts per Vancouver Neighbourhood

Running the LDA model for Spatial Areas

Once a corpus and dictionary are set, the LDA model was configured and run.
Running the model required two parameters, the number of topics and words per topic,
and the number of passes to iterate through the corpus to look for topic words. The
number of topics changed the model results, so it was important to ensure the number of
topics requested from the model was appropriate. The number of words per topic did not
affect the generation of topics, but was an important consideration for output table
design. The number of passes for the model to iterate over the corpus is an important
consideration for the LDA model, as it directly impacted the predicted probability that any

word does exist in a topic at the cost of the computation time.

17



Several methods exist to introduce spatial context to topic models (Hong et al.,
2012; Liu et al., 2015; Yin et al., 2011). This study eschews these, instead focusing on
incorporating topic modelling within traditional GIS environments and well-known areal
units. This method creates a new topic model and creates independent results for each
spatial areal unit in the input landscape (figure 2.3). Approaching topic modelling from
this perspective requires a high density of social media posts (alternatively larger spatial
areas or longer corpus documents could be used), but ensures that the results of the
model can be compared directly with traditional data sources, such as census data or
other area based data aggregate. Using areas the results of this method can be
visualized onto geographical space, allowing for a visual representation of social

gualitative data.

‘weet Handle Date Location A Z
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IAs a child of Heavenly Father, I am entitled to e S S Y " Toplc 1
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Martin KellyFri Sep 27 14:53:19 +0000 2013 Lt [ Iy vancouver creek
-122.66221404 49.22081365 % Z i
Friday yayyyy shelbb Fri Sep 27 14:53:25 ISR ¢ .|| Topic 2 .
+0000 2013 -122.8004321 46.02062145 e . -4 S . ||vancouver british
(@Gemini_Rose you'll only get like $30 for it. i N = 2 > I bi il
Especially since really broken ps3s are super — 41 s = ® = columbia granvilie vancouver
hard to fix Cierra Wilson Fri Sep 27 14:53:26 B zin s island |y Vancouve:
+0000 2013 -123.97897716 49.23099072 Lof= Lle  }229G ! R 1B= o
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Really liking the new 2014 @scion TC, could be) ° : o ® i love vancouver
1. Raw Data Extraction and Processing 2. Neighbourhood Tweet Selection 3. Topic Determination 4. Cartographic Word Placement

Figure 2.3.  Spatial aggregation process from data to visualization. Spatial
locations of tweets in neighbourhood tweet selection are simulated
using random locations

2.4.3. Visualization of Topic Models

Producing topic model results for spatial areas, while useful, is difficult to
understand without the context of a visual output in Cartesian space. This research
presents a method for visually conveying the output of the topic models simply, within its
spatial context. To do this, tag clouds (often referred to as wordles) have been utilized.
However, while tag clouds are typically used with point based data and word counts, this
method optimizes the placement and sizing of topic words and families within the areas
they represent. To convey the relative probability of specific words to be in specific topic
families, font size has been used. To denote the membership of a word within a topic,
color has been employed. Across spatial areas font size was preserved, thus if the topic

model in one spatial area is unable to predict words as strongly as other areas the words
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in the area may not fill the entire space provided. Color was assigned in order of best to
least predicted topic families, where the best predicted families will be the same color
across spatial areas. Alternatively, font may be used to optimize space filling, and color
can be assigned randomly.

2.4.4. Programmatic Implementation

The above methodology was implemented using the python programming
language and a conjunction of server request, database and image manipulation
modules. Data from Twitter was requested using OAUTH 2.0 credentials using
programming and the cURL python module. The data, once received was processed into
python objects using the JSON module and reformatted into a format specific for storage
into a PostGreSQL database (PostgreSQL, n.d.) with PostGIS extensions (PostGIS,
n.d.). Connections to the PostGreSQL database were facilitated by the Psycopg2
module (Varrazzo, 2010). The LDA topic model was implemented using the GENSIM
module (RehGfek and Sojka, n.d.), and the intersection calculation of tweets per spatial
area are completed using an input shapefile or PostGIS geometry table, and an SQL
command. Completing the intersection command using SQL dramatically increased
performance of the algorithm. Finally, the visual tag clouds were initially based on the
examples of Nicholas Rougier (Rougier, 2009) and adapted for this project. Generation
of output images and manipulation of multi-dimensional arrays required pyCairo
(Pycairo, n.d.) and NumPy (NumPy, n.d.), respectively. The output images were saved
in TIFF format.

2.5. Results

2.5.1. Topic modelling tool for GIS

The first result of this research project was to create a visual topic model that
other researchers will be able to use to carry out their own research on any textual
database the covers any geographical area. To this end, the software is available online

at http://www.github.com/mikedotonline/VisualTopicModels. Researchers may download
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the code therein, and find instructions for running the tool on data of their own. The code
consists of two modules, one for topic modelling and another for generating visual
representations of the topic models. The two modules can be used in conjunction or
separately.

2.5.2. Topic Models

The models run for this project generated five topic families, with five words per
topic, for each polygon in the dataset. Each of the twenty-five words generated is
accompanied by a probability score that indicates the likelihood that each word is an
element of the topic. An example topic for a neighbourhood in Vancouver can be seen in
table 1. This model used 50 iterations, producing five topic families, and recorded the top
five words. Each topic has been given a name by the author. The example used in table
2.1 illustrates the topic families in the Downtown neighbourhood of Vancouver, an area
noted for the presence of the city sports stadium and pubs as well as the Downtown-
Eastside (DTES). The presence of the stadium and the restaurants and pubs can point
to the abundance of landmarks, sports, and alcohol in the model. Additionally the DTES
is known for its low socio-economic status indicators (Bell et al., 2007), and high level of
pedestrian injury (Walker et al., 2014). While landmarks are present in many of the
neighbourhood topic models, alcohol, and specifically watching sports in alcohol serving
establishments are prominent in the Downtown neighbourhood topics. While
connections between low-SES, injury and alcohol are established (Bonevski et al., 2014;
Burrows et al., 2012; Redonnet et al., 2012; van Oers et al., 1999), it is important to
understand that the implications of the results of this topic model warrant further

investigation that is outside the scope of this research.
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Table 2.1. Topic modelling results for the neighbourhood of the Downtown of
Vancouver, Canada. Topics have been given names by the author:
Landmarks, Hockey; Soccer; and; Alcohol.

Downtown Topic Model

Topic 1: Topic 2: Topic 3: Topic 4: Topic 5:
Fortune Sound | Landmarks Hockey Soccer Alcohol
Club

Club World Rogers Vancouver Drinking
Vancouver Science Arena Whitecaps IPA

Coffee Vancouver Canucks BC Vancouver
Fortune Chinatown Game Steamworks | Ale

Sound Sun Theater VWEC Beer

2.5.3. Image Output

While the results displayed in table 2.1 demonstrate typical output from a single
neighbourhood, the spatial topic model was run over the entire geography of Vancouver,
Canada. During this run, the model produced a similar table of data for each Vancouver
neighbourhood (24 neighbourhoods), and five topic families for each (120 families), and
five words in each topic (600 topic words). Each of these words were then written onto
the Vancouver landscape, within their respective neighbourhoods. The final output of
this yielded an 8MB image, 10000x10000 pixels in size (figure 2.4). Figure 2.6 has

subsections of figure 2.4, to provide a closer inspection of the words as they are written.
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Figure 2.5.  Visual topic model results loaded into QGIS with transparency and
OpenStreetMap (www.openstreetmap.org) data for context
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Figure 2.6. A large map-scale map of the Mount Pleasant and Olympic Village
neighbourhoods of Vancouver. The topic models indicate separation
of topics by color and relative probability scores by size of word
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2.6. Discussion

Topic modelling and visualization are complex procedures. When used correctly,
these methods have to ability to provide insight into the ever larger data stores. The
complexity of topic modelling and visualization and the decisions that are made during
their usage can, however, make it difficult to understand what exactly is shown on the

map canvas.

Topic modeling has several input parameters, iterations, number of topics,
dictionary, corpus, and stop words (Blei et al., 2003). Adding spatial dimensions
introduce more variables that effect model outcome. In the results presented here, the
topic models are formed using the social media items collected within. However, it is
impossible to know at face value if the topic reference the issues that persons living in
the place face, or if the topics are those of a more transient crowd. For example, in the
Vancouver neighbourhood including Granville Island (figure 2.6, a very tourist heavy
area, the best predicted topic is 'Granville', 'Island’, and 'Brewery' and this is not
surprising given the crowds of tourists that flock there on vacation and the draw of a
brewery. Can we draw the conclusion that social interests of the place are about
breweries, or is the effect of tourism drowning out the signal of residents’ interests.
Similarly, events that promote the use of social media can alter the topics that are
posted. For example, in downtown neighbourhood of the convention centre, we see
various words relating to specific conferences bubbling up. This, no doubt, can be
controlled by integrating temporal controls on topic models, but effective temporal scales
and filters are not necessarily evident before running a topic model and viewing the
output. Complicating matters further, the filters used in one spatial area may not be
appropriate for another. Computer scientists have created methods for checking if topics
are trending (Becker et al., 2011; Bolelli et al., 2009), but this adds additional complexity
to an already difficult process, and may hide topics important to researchers. In short,
geographic topic models require flexibility do deal with a number of scenarios, while still

maintaining clarity in their operation.

Geography also plays a role in dividing — or uniting — populations of users and
social media posts present in the data. Any area based approach to modelling data will

introduce edge effects and the consequence of modifiable area units (Paez and Scott,
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2005). Complicating this issue further is the nature of user mobility. Is the content of a
tweet influenced by the location that they are tweeting from? This is a central concern for
an area based approach, as it entangles the chicken and the egg; did the location bring
about the tweet, or do people of this place tweet about that topic in a particular way.
These two positions, are ontologically different and make a qualitative analysis of

location much more difficult.

Area units, as they unite and divide, beg the question; are they the most relevant
(Dalton and Thatcher, 2015)? Neighbourhoods and census divisions logically appear as
the most salient places to start, as they are laid out both quantifiably and/or culturally to
be homogenously distinct (Morphet, 1993). Computer science has attempted to
challenge area based methods, such as using vornoi polygons (Hecht et al., 2011),
however frequency of topic words per unit area is frequently used (Ghosh and Guha,
2013; Hao et al., 2010). However, using choropleth maps to show the varied data of

gualitative information hides the richness of the language used in each topic.

Areal units also have the effect of hiding the distribution of tweets inside them. In
this case study, the number of tweets per area varied from 2,610 to 191,415. A lower
number of tweets per area will result in less reliable topics prediction. This makes area
unit selection important for two reasons. First, readers of the map need to be made
aware of the discrepancy between the highest tweet count areas and the lowest. While
adding background shading to indicate the relative tweets was considered for this
method, it was ultimately not used at the resulting images became too complex. The
second issue concerning tweet counts and areal units is to ensure that the correct scale
is used. When the areal unit was smaller than the neighbourhood level, the effect of data
density was magnified as some areas had too little data to be adequate predictors of
topics. When the area units were much larger than neighbourhoods, the topic model
suffered from becoming too generic, offering little information about place. With larger
area units, this method may be more appropriate with limiting tweets and topics to a

narrower temporal resolution.

Visualizing topic model results engage with core of these concerns and more, as
they are made in an effort to convey the information in a particular way to the reader.
Choices concerning word color, size, texture, font, positioning, collisions, orientation and

others all impact the way that the map will be read by its indented audience (Monmonier,
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1996). In producing a geographic visualization of topic modelling results, each of these
choices must be kept in mind. Specifically, the connection between a set of visualized
words and geography is of primary importance. To visualize this relationship previous
studies using topic models have produced topic model results beside the geographies
(Kling and Pozdnoukhov, 2012) or to simply show relative frequency of a topic per area
(Ghosh and Guha, 2013; Hao et al., 2010). In this research however, the words that
make up topic models and their relative probabilities are presented directly on the areas
they represent, providing the map reader with both results and context. Drawing words
on the map like this requires the reader to be aware of how the map was produced,
however that is a concern with all cartographic visualizations (Monmonier, 1996). It is
hoped that with a full explanation given in the methods section, the reader will

understand the choices made, and the alternatives that could have been used.

2.6.1. Future Work

In creating a visual topic model, we recognize that this is only a first step towards
integrating the benefits of natural language processing into the familiar workspaces
GlScientists use. It is our hope to integrate the two primary components in this work,
topic models the visualization thereof, into a tool that can be integrated with modern GIS,
presenting the user with options to tweak and change the parameters of the model and
the visualization. Opportunities also exist to make the visualization process more
interactive, allowing the cartographer more choice over word placement, and the
recipient of the map an ability to interact with the word families displayed, instead of
static nature of images currently produced. Additionally, there are a number of other
tools that natural language has to offer GlScientists and geographers which we hope to
develop and integrate, including theme based topic models (such as looking specifically

at health, crime, leisure etc.), and predictive modelling.

2.7. Conclusion

In this article we have brought two novel methods to the fore: geographic topic
modelling and visualization of qualitative information resulting from topic models. These

methods were used to create a topic model for each neighbourhood in Vancouver using
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a corpus of social media postings from Twitter users. These geographic topic models
have been used as input data for the visualization method developed, rendering topics
by color and probability by word size (figure 2.4). These visualizations were saved as
image files that can be used with traditional GIS software (figure 2.5). The realization of
these methods opens a new avenue for qualitative researchers to probe at big
gualitative datasets, where the burden of reading every data point is no longer feasible.
Over the past decade, there has been a sustained call to include qualitative techniques
in GIS analysis and output. When first articulated, these calls were bordering on utopian
— as tools to implement qualitative analysis were largely absent. Since then there has
been increasing attention paid to methods of implementation for qualitative GIS. This
article offers another tool to achieve the goal of a more inclusive and qualitative GIS
environment It is hoped that over time, the methods featured in this article can become
standard tools in modern GIS environments. Integration of methods from natural
language processing and computer science is particularly well suited to pushing the

frontiers of qualitative GIS and providing new avenues of research to be explored.
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Chapter 3.

Social Media Analysis for Human Geography and
Qualitative GlScience

This paper has been submitted to Geoforum for review

3.1. Abstract

We are in a period of social media data proliferation. These data are inherently
geographical which presents opportunities for human geographers and qualitative
GlScience researchers. However, many of the computing methods used to analyze
social media data are developed in computing science - and black boxed. It is imperative
to understand the code-spaces of these methods in order for geographers to utilize the
methods and understand their algorithmic bases. This study reviews these methods with
the goal of enabling human geographers and qualitative GlScientists to engage with
social media data — while understanding the code-spaces the algorithms, data, and
researcher embody.

Highlights

¢ Relevant recent work by big data and critical GIScience scholars is

reviewed

e A four stage methodology is presented for researchers who wish to

engage with qualitative GIS using social media data

o Critical assessment of the methods used at each stage of the

methodology Discussion of the embodied nature of algorithms

Keywords

Big Data, Social Media, Qualitative GIS, Critical Reflexivity, Code-Space
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3.2. Introduction

Social media and big data are twin pillars of commerce, surveillance, and
community in modern society. Use of social media and big data analytics have become
major drivers in national election outcomes (2016 US election), manipulate our sense of
wellbeing (Facebook sociological experiments), and even impact our sense of personal
privacy (Snowden revelations). Research into big data and social networking has
become a major source of inquiry across academia penetrating geography and GIS, as
evidenced by its popularity in top academic journals (Kwan, 2016; McNutt, 2016; Neff
and Nagy, 2016; Shah et al., 2016; Yin et al., 2017).

Within the sub-discipline of human geography, significant work has been done on
the impacts of big data and its relationship in society. Critical scholars have pointed to
the ways that it shapes our understandings of the world around us and curates our
experiences (Elwood and Leszczynski, 2011). GlScience scholars have looked to big
data to identify emergent patterns using the existing spatial analysis toolset.
Neighborhood effects, spatial clustering and autocorrelation, and spatio-temporal
analysis have been used with social media datasets to illustrate how societies react and
interact with natural disasters, epidemics, and social inequality (Crampton et al., 2013;
Crooks et al., 2013; Shelton et al., 2015; Zook et al., 2015).

Beyond geography, the digital humanities have studied the effects of big data
(Lane, 2017). While the original and traditional grounds for the digital humanities is
rooted in literary analysis, they have been experimenting with lexical analysis of large
datasets for some time, such as Perseus (Crane et al., 2000) and Transcribe Bentham
(Causer and Wallace, 2012) projects that integrate vast quantities of information using
linked-data and XML. There is, however, a concern within the discipline that digital
humanities ‘missed the boat’ (Prescott 2001, Lane 2016) by becoming bogged down in
small or special projects, while other disciplines have focused on building toolkits or
engaging in critical debates. Scholars within GIScience have worried about these issues
too. Following the great success of large geospatial web applications (Crampton, 2009),
geography scholars called for human geographers to engage with big data, or be left
behind (Kitchin, 2013). At the same time digital humanists have identified that big data
has the potential to rework earlier findings as data volumes increase in size (Jockers,

2013). GlScience, by contrast, has not viewed big data as a means to rebuke findings,
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but rather as something that has the potential to examine patterns and phenomena
(Elwood et al., 2013).

Qualitative GIS has also looked to big data as a potential data source for new
inquiry (Martin and Schuurman, 2017). The push towards a GIS capable of working with
non-quantitative data emerged during the science debates of the 1990s when scholars
called for non-quantitative methods and critical reflexivity (Harley, 1989; Harvey et al.,
2006; John Pickles, 1995; Schuurman, 2000). Qualitative GIScience seeks to identify the
data, methods, and cartographic representations that can be used to study social
phenomena (Elwood, Sarah; Cope, 2009; Jung, 2015; Kwan and Ding, 2008). While
GlIScience has begun to interface with big data and social media, it has largely focused
on the traditional tools and methods that it is best known for (Poorthuis and Zook, 2015;
Zook and Poorthuis, 2014). As Sui and Goodchild pointed out (2011), GIScience must
move beyond the study of x,y patterns of place and begin to integrate the ways that

social media informs our understandings of place.

Qualitative GIS, however, has the potential to integrate methods from other
disciplines, such as those learned from the digital humanities and computer science.
Computational linguistics has begun to uncover novel methods that deal primarily with
the specifically qualitative nature of social data (Larsen et al., 2015; Wang et al., 2007,
2012). A critical moment has emerged in which GIS can integrate the lessons learned
from the digital humanities, from computer science and from qualitative GlScience. Big
data social media analysis is made possible through the triangulation of methods from
these three areas — and can ultimately be used to integrate geographical context into
understanding of social media data. However, such analysis requires bridging methods
between sub-discipline and disciplines. It also requires a look at these methods through
the lens of qualitative research, rather than quantitative. As Pavlovskaya (2009)
reimagined, many of the traditional methods of GlSience can be interpreted as a
gualitative process. As social media data is qualitative in its essence, the approach to its

analysis can be done this way, too.

In this article, the authors present a digest of methods for human geographers to
interact with social big data for analysis of phenomena. Ciritical to this approach is its
adherence to the advice of Donna Haraway (1988) who offered instruction that - in order

to influence a field — such as computer/geographic information science, one must
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interact with it as an insider. In so doing we hope that this article may provide an entry
point for further uptake and utilization of big social media datasets with a focus on the
ways that geography can participate centrally and enhance phenomenological research.
Figure 3.1 illustrates steps from data acquisition to communication of output that we
discuss at length.

S1: Acquisition

Obtaln APl Key S2: Exploration

Design Database

Write Streaming Code Develop initial Search Terms

Exchange authentication Grow search terms
tokens using online service « Expert consultation Keyword Matching
with users (if applicable) * Synset Search « 0dds ratio

* Knowledge Graphing
* Topic Modelling

Natural Language Processing Determined by analytic

Search database using * Topic Modelling technique
: * Sentiment Analysis . . .
developed lexicon to create Paelishinion Limited cartographic options
corpus patial Statistics :
for textual representation
* Autocorrelation
« Density and Clustering Concerns
Time GIS » studying phenomena and not popularity

* Data density and aggregation

* Obfuscation of algorithm design
decisions

* Reduction of data to words removes the
peopled nature and experience of social
media

« Diffusion patterns

* Retweet patterns

 Diurnal, weekly,
monthly, etc. patterns

Figure 3.1. The stages of social media research, from acquisition of data to
output cartography and figures. Throughout the paper, we offer
insights — based on experimentation — that will allow more
geographers and GlIScientists to integrate these data into their
analyses.

3.3. Stages of Social Media based Research

The process of social media research generally follows the pattern of more
traditional social research methods. However, because of key differences in big data,
important variations to standard procedures and new methods are investigated through
this section on the stages of social media research. The volume, velocity, and veracity of
social media data require new methods and care, similar to the new methods GIS
required over previous mapping methods (Lee and Kang, 2015). For example, while it
has always been possible to draw overlays by hand, the Canadian Geographic System
made this task far easier and faster to accomplish, over landscape scales that would
have previously been impossible (Tomlinson and Boyle, 1981). Computational analysis
of social media data is similar. While it is possible to use traditional methods of analysis
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with social media postings, the number of postings that are included often necessitate

specialized methods of analysis (Jung, 2015).

In this article four stages of social media research are identified: acquisition,
exploration, analysis, and representation. Each of these stages are explored here, with a
specific focus on integrating geographic elements.

3.3.1. Stage 1: Acquisition

Social media data is an umbrella term that can mean anything from restaurant
rating (Yelp), to fitness tracking (Strava), to news sharing (Facebook), and microblogging
(Twitter). The commonality of these however is that there is a sharing of personal

information, usually self-written text, among a group of people — often the public at large.

Obtaining social media data often requires a researcher to be savvy with three
important technologies: an application programming interface (API), a programming
language and database server. Often, access to the data also requires financial
negotiation, as the data these platforms produce is the prime mechanism through which
they make money — including advertising, as advertising is based on data driven
placement. In contrary to this, Twitter makes a 1% portion of the data it produces

available to researchers for free.

In previous research conducted by the authors (Martin and Schuurman 2017),
Twitter was used as a data source and obtaining it required using the API specifications
listed on the Twitter developer’s website (dev.twitter.com), writing Python code, and
creating an indexed table in a PostGIS database. The use of Twitter made collection of
data relatively simple, as the information produced is static in time and location. In
comparison, with Strava where users post running and cycling activities and other users
comment on their activities, data is more complex due to asynchronous generation and
collection. Strava also does not provide access to a public data feed like Twitter. To
obtain data from Strava, researchers can either contact their data sales division (Strava
Metro) and buy anonymized data, or obtain permission to access data from individual
users. Purchasing data is a more attractive solution due to the short amount of time it
requires from initial interest to data retrieval, however it lacks much of the metadata and

social context that can be garnered through consent-based data gathering.
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Automating the consent process by writing an application -- often called a bot --
that facilitates access to user data can make the process much faster. Bots make it
possible for a researcher to send out invitations to research participants and facilitate
account credential handover in a matter of seconds. This can be done using a browser
or smartphone (illustrated in Figure 3.2), and the researcher does not need to interact
with the participant beyond sending the invitation to participate. Like Strava, most
popular social networking sites follow a similar credential exchange paradigm such as

used by Facebook and Instagram.

©
[ activity_name
[ activity_description
. [ activity_total_elevation_gain
Authorize geobot to connect to B vty e
[ activity_start_date
[ activity_calories
Strava B actiy.user 14
[ activity_achievement_count
[) activity_athlete_count
[) activity_average_cadence
[ activity_average_heartrate
[ activity_average_speed
[ activity_average_temp
Yﬁ" geobot [ activity_average_watts
Y N [ activity_comment_count
5 5,_' : e sfu.ca/geography [ activity_commute
» [ activity_distance

G i {
= a a data collection bot for research B ity cor Ll
[ activity_gear_id

- activity_kilojoules

B activity_kudos_count
Authorize Cancel activity_location_city
[ activity _location_country

B activity_location_state

[ activity_manual

[ activity_map_encoded_polyline
geobot will be able to: [ activity_map_encoded_summary_polyline
[ activity_max_heartrate

[ activity_max_speed

[} activity_photo_count

activity_private

activity _start_date_local

[ activity_start_latitude

B activity_start_lating

N . [ activity _start_longitude

You can revoke access to any application at any time from the Applications tab of your B activity_map_summary_polyine_image

Athlete profile. [ activity_timezone

« Access your profile and activity data

Figure 3.2.  Authorizing a data collection bot (left) and the variables that can be
harvested (right) on Strava (www.strava.com). This is the basis for
an informed-consent data gathering strategy.

Once social media data has been harvested and stored in a database for later
use, there are no controls over how long the data can be kept, outside of research ethics
approval imposed by academic institutions. It can be analyzed or sold to others verbatim
without further contacting the persons who produced the data, raising the concerns of

social media researchers (Ko et al., 2010; Wang et al., 2011).

Acquiring social media data has commonalities and differences with standard
social research practices. They share the process of discovery of a social phenomena
and cohort of participants to investigate and storing that data for later usage. Differences

appear however in the techniques used for obtaining that data. Tape recorders and
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http://www.strava.com)/

hours of transcription are instead substituted for time spent writing computer programs

that parse streams of information into data structures and negotiate consent digitally.

3.3.2. Stage two: Exploration

Social media data differs from qualitative data capture because it is produced for
purposes aside from research. As a result, the vast majority of collected data may be
irrelevant to the study at hand and the language used by participants can be both
collogquial and opague in meaning. The words used to express phenomena may be
different than the researcher would use, and the opportunity to ask a participant to clarify
usage of a word or phrase is rarely possible or practical. Consider the example of
researching obesity and the tweet in Figure 3.3. When searching for key data points, the
term “#fomnomnomivore” may not be the first term that comes to mind, yet it is what

signifies this tweet as related to overeating during the holidays.

}! F" Brent Plumb 2 Follow

I'm on the bottom right right now!
@dJohnsonville @crowdtappers
#HolidaySausage #Omnomnomnivore

Figure 3.3. The #Omnomnomnivore’s dilemma. How might health researchers
learn to include this (and similar) hashtags into their research?

The challenge of understanding the way a phenomenon is talked about including
regional dialects and differences is a key hurdle to address. As research participants are

not contacted directly, it is important to use methods that allow researchers to find out
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what they don’t know they don’t know. The reason for this focus on finding the ways that
phenomena are expressed and determining which keywords used so that they become
the search terms used to hone in on source material for later analysis. In essence, the
better we understand the right data to feed our social media analysis tools, the more
reliable the results of the study will be. Computer scientists will recognize this as
attempting to avoid the adage, ‘garbage in, garbage out’, first identified by Charles
Babbage (Babbage, 1864).

Initial data exploration

Initial steps of exploration consist of using the terms that a researcher already
knows and searching these against the database of social media. At this point, it is not
necessary to limit the search to geographical coordinates, unless the database search
traversal times are so great that it is impractical to do so or regional issues are of
concern. From these initial search queries, review of the returned material can help to
grow the initial term searches, and expand the set of related social media data points in
an iterative fashion, similar to a snowball sampling technique. This is illustrated in Table
1.
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Table 3.1. From original search terms to an expanded list of search terms
using a snowball sampling technique. words with '-' between them
are searched as two word combinations, words that were found to
be ineffective are removed. The ‘feel’ keyword proved especially
useful, while not initially obvious.

Initial terms:

Obesity obese fat fatty overeating overeat bloating bloated unhealthy
inactive sedentary sugar fructose Tethargy Tethargic sloth metabolism tired

sad chest-pain

Snowballed terms:

Weight cdcobesity giving-up fattest insulin insulin-resistance type-2
preservatives fillers #sugarfree #sugartax diet bariatric pizza hamburgers
bernaise cola bmi inflammation T2 #fattytuesday treadmill #healthykids
#endchildhoodobesity #strong4life exercise nutrition gobble #weightloss
craving cholesterol portion habit unmotivated bored alone KFC glutton
gluttony kummerspeck sTloth diet-pills tired pokemon-go blood-pressure Tazy
dietary food-pyramid USDA dorito inactive feel-bloated feel-fat feel-

overweight feel-obese

By starting with the terminology that a researcher is familiar with, this method
recognizes researchers already have domain specific knowledge that can be built on
and allows for research reflexivity (England, 1994). It assumes that researchers are
partial subjects with prior knowledge that will shape the initial stages of exploration — as
advised by Haraway (1988). By beginning with our understanding and assumptions, the
research builds upon limitations in an inductive learning process. For research involving
multiple researchers, the convergence, or divergence from starting keywords to new
lexicons provides a unique opportunity to observe the braided nature of

phenomenological discovery.

Computational methods for building source material

Eventually, researchers will reach a saturation point where they are either unable
to find further terms and social media postings using the iterative steps outlined above,

or lose patience combing through social media postings beyond a few dozen keywords
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(Morse, 1995). While saturation in traditional qualitative research curtails data collection
when new thematic threads fail to emerge, it presents a difficulty for qualitative
geospatial inquiry. Due to the plenum/field/plural nature of spatial analysis we can see
that a high volume of data points across space is essential.

To go beyond the point of researcher saturation, computer methods can identify
further terms related to a phenomenon, utilizing the search terms already identified. In
this article we will explore a few of the methods to further this, including knowledge

graphing, synsets, and topic modelling.

Knowledge Graphing

A knowledge graph is a ontological approach to storing knowledge of the world,
regarding both information and objects (Suchanek and Weikum, 2013b). Several
knowledge graphs exist as works in progress, the most notable being Wikipedia and
Google Knowledge Graph. The information contained in knowledge graphs are created
from a multitude of epistemological approaches, with many content creators and data
sources. The data may be lists of objects, consumer bands, philosophical text,
bibliographic details, or similarly any other information that can be categorized and
stored in a graph format. Relevant for social media research is the ability to search the
topic keywords against a graph and determine if information adjacent, parent, or child
graph nodes expand the set of terms used to search social media in a meaningful way
(Suchanek and Weikum, 2013a).

Although multiple knowledge graphs exist and many offer free information
retrieval, utilizing them often requires knowledge of computer programming to harvest
lists of related items from the graph. An example of which is the Google Knowledge
Graph, which provides access to its data through an application programming interface
(developers.google.com/knowledge-graph). Google has also integrated its knowledge
graph into its core search engine functionality, reducing the burden of writing computer
programs to traverse the graph, the search string “types of sausages” in an internet
browser returns a list of the types of sausages: Biroldo, Ciauscolo, Ciavar, etc. The

Google Knowledge Graph is illustrated in Figure 3.4.
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Go gle types of sausages

All Images Shopping Videos News More « Search tools

About 988,000 results (0.55 seconds)

Italy

Biroldo.
Ciauscolo. 2
Ciavar.

Cotechino.

Cotechino Modena.

Genoa salami.

Italian sausage.

Kaminwurz or kaminwurze — an air-dried and cold-smoked sausage (Rohwurst)

made of beef and fatback or pork, produced in the South Tyrol region of
northern Italy. Occasionally, kaminwurz is also made of lamb, goat or venison.

More items

List of sausages - Wikipedia
https://en.wikipedia.org/wiki/List_of _sausages

Figure 3.4. Using the Google Knowledge Graph by searching in the browser for
'types of sausages'

Types of sausages may not seem important immediately, however it can help to
widen the health geographer’s search of healthy or unhealthy foods. For example,
Figure 3.5 illustrates that while Biroldo sausage originally had been assumed to be a
marker of unhealthy eating (consumption of fatty foods), it instead leads to the discovery

of a new hashtag relevant to healthy food relationships ‘#slowfood’.

MR Daniela Barutta ©la_danigourmel - Oct
"|‘_ [Un Presidio al giorno] il Biroldo della Garfagnana #SlowFood buff.ly/2ea3Sw8

Figure 3.5. Using the keyword Biroldo, identified using the Google Knowledge
Graph allows the researcher to identify the hashtag #slowfood
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Searching for graph items in this way can be effective, but tiresome and the
ability to use it effectively can be limited. Using the application programming interface
(API) for the Google Knowledge graph, or others, allows for traversal from one item to its
parent, child and sibling nodes. While searching for ‘sausage’, the term ‘hotdog’ may
emerge and the related types of hotdogs and brands who make them, automatically.
Careful application of knowledge graph traversal can vastly increase the amount of
search terms available to researchers. Efforts have been made by researchers to
implement semi-supervised approaches for automatically finding keywords using the
knowledge graph (Huang et al., 2014; Krzywicki et al., 2016; Liu et al., 2013), but an end
user software was not identified.

Synsets

Redundancy in language allows communication with nearly infinite nuance. While
producing rich discussion, it can mean that social media searches are limited often to
only one set of words, and not the many words that have similar meanings. A thesaurus
is complementary, but a synset of words is superior as it includes words that are not just
equivocal, but are also semantically similar. For example, consider the synset returned
from the keyword ‘fatty’ in Figure 3.6, and the linked synset return of ‘roly-poly’, Figure
3.7.

WordNet Search - 3.1

Word to search for: fatty | Search WordNet

Display Options: | (Select option to change) ¥ | Change

Key: "S:" = Show Synset (semantic) relations, "W:" = Show Word (lexical) relations
Noun

« S: (n) fatso, fatty, fat person, roly-poly, butterball

Adjective

» S: (ad)) fatty, fat

Figure 3.6. Synsets of the word 'fatty’ include 'roly-poly' and 'butterball’
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WordNet Search - 3.1

Word to search for: roly-poly | Search WordNet

Display Options: | (Select option to change) ¥ = Change
Key: "S:" = Show Synset (semantic) relations, "W:" = Show Word (lexical) relations

Noun

) fatso, fatty, fat person, roly-poly, butterball
) roly-poly, roly-poly pudding

* Si(n
« S (n
Adjective

« S: (adj) dumpy, podgy, puday, tubby, roly-poly

Figure 3.7. The synset of the word roly-poly (learned from figure 3.6) include
'dumpy’ 'podgy’ 'tubby' and ‘fatso’

The resource Wordnet (Miller et al., 1990) is a database of synsets, and has
been used in a wide array of natural language applications (Caldarola and Rinaldi, 2016;
Jayakody, 2016; Rebele et al., 2016). Wordnet provides an API for usage and is
integrated into a popular natural language programming codebase NLTK (Bird et al.,
2009). Like the knowledge graph, synsets provide a method of exploration that can be
done programmatically, and can be used to derive new keywords used to generate
source material, such as the emotional tweet in Figure 3.8.

ykes

.’ﬂ lucy £¥ 2 Follow

Sick of feeling podgy ‘e
2‘ & »

201

Figure 3.8. Using learned term 'podgy' from wordnet to find new source material
from Twitter
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Topic Modelling

Topic modelling is a powerful tool that identifies the latent topics present within a
set of text documents. It has been successfully adapted to be used on social media
postings, and specifically microblogs such as twitter with success (Becker et al., 2011,
Ghosh and Guha, 2013; Hong et al., 2012; Wang et al., 2007).

Topic modelling can be used to identify new keywords from social media
postings identified from previous explorative steps. While limiting a topic model to only
tweets containing already identified terms, it will identify only the topics that these tweets
contain. The topics and words generated this way may find word associations that have
previously been identifiable. For example, if a topic contained the words, ‘Alcohol, crime,
stolen, full, moon’ it might encourage the researcher to see if postings that reference ‘full
moon’ are useful in looking at deviant or risky behaviors, regardless of if there is a
positive correlation between the moon phases and human activity. Figure 3.9 is an
example of a topic model run on unhealthy tweets. While many of the 600 words in the
topic model will not be included in the dictionary of terms, some 46 were new and added,

expanding the tweets considered in the analysis stage by 59%.
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Figure 3.9. Topic model results on a tweet dataset created using snowballed
terms and knowledge graph results of type of fast food, candy bars
and soda brands. Words in yellow and red shading will be included
as additional search terms (red are terms that go together such as
“epic meal” or “cotton candy”). White terms are those that are
already incorporated, or are not useful, such as generic place-
names. Original tweet corpus before adding these terms: 10,507
tweets. After incorporating these 46 (plus minor variations) terms:
17,690 tweets

Creating the Corpus

Once all of the above methods have been explored, the researcher can be
relatively confident that the list of keywords generated will yield a comprehensive set of
social media postings that relate to the phenomena of interest when used as search
parameters. In natural language processing, the input set of items for analysis is

denoted the ‘corpus’.

In this example we have used the social networking service Twitter, however it
should be noted that the same methods can be used to identify keywords for numerous
other social media sites, such as Facebook or even the comments on activities posted to
physical activity sharing site Strava. In addition, the keywords generated here have been
focused in only one direction, that of unhealthy eating or relating to how internet users
talk about obesity. However, it would be expected that as researchers discover
keywords, they may segment them according to multiple themes or research directions.
For example, a set of words may be focused on unhealthy eating, but themes of healthy
eating or regular exercise may also emerge at the same time. The keywords found in

related themes may be useful in comparative analyses as illustrated in Table 2.
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Table 3.2. Segmented keywords by emergent themes

Obesity Unhealthy eating | Emotional Healthy
Eating Eating
sedentary, cholesterol, | Fat, fatty, fattest, Feel-bloated, | Boroldo,
obesity, obese, insulin | overeating, feel-fat, feel- #strong4life,
-insulin-resistance, overeat, fructose, | overweight, #wieghtloss,
type-2, cdcobesity, T2, | sugar, roly-poly, feel-obese, portion-
inflammation, food- #foodcoma, cola, | kummerspeck, | control,
pyramid bernaise, feel-lethargic, | nutrition
#endchildhoodobesity, | #fattytuesday, unmotivated
#sugartax, blood- bloated, KFC,
pressure, bariatric dorito, pizza,

Place is also an important element of corpus formation, bounding boxes can be
placed around any of the previous queries, and is usually necessary at the point of final
corpus formulation. By placing a geographic boundary to the corpus, the researchers
can attempt to ensure that posts that are used in analysis are sensitive to the effects of

place.

3.3.3. Phase Three: Analysis

Once a corpus has been formed, analysis may proceed. Multiple methods exist
to analyze the data present and it is up to the researcher to identify the most relevant to
apply to their investigation. While is it possible to apply traditional methods of analysis to
the corpus, the burden of data often makes it impossible to so (Jung, 2015). Instead,
computerized methods may be most useful in these situations. In this paper we illustrate
four analytic methods that have been used by geographic researchers thus far; keyword
matching and traditional spatial analysis, and natural language processing using topic
analysis and sentiment modelling. Each method offers different types of insight into the

phenomena studied, and not all may be appropriate for a particular study.
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Keyword Matching

Perhaps the most direct method of analysis is keyword matching, using search
terms against a corpus of data and organizing the results into thematic categories. For
example, the Zook and Poorthuis (2014) have used this technique to study the
geographies of beer, Sakaki (2010) identified earthquake victims, and Jung (2015)

investigated US election patterns.

Once data had been identified and categorized, standard spatial analysis can be
done. Zook and Poorthuis (2014) combined their categorized tweets with odds ratio,
showing the relative likelihood a categorized tweet occur at a particular location,
Stephens (2013b) used kernel density measures to illustrate hotspots of hate speech
(see Figure 3.10), and Kent and Capello (2013) tracked hotspots of wildfire movement.

Geography of Hate

Geotagged Hateful Tweets in the United States
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Figure 3.10. Geographies of Hate. Using density measures and keywords, 'Fag,
Dyke, Homo, Queer' in Twitter data
(http:/lusers.humboldt.edu/mstephens/hate/hate_map.html).

Keyword matching is a useful method for identifying and categorizing social
postings, and is easily implementable without requiring special tools. It requires the
researcher to create and curate categories however, a potentially tedious process (Jung,

2015). Categorizing data using keywords ignores the context of information, increasing

the difficulty of identifying misleading practices such as sarcasm. For example, consider
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a keyword map of “foodcoma” vs “kale”, two words that may be categorized into
unhealthy and healthy as illustrated in Figure 3.11. The context they are used in can
radically change the meaning of the posting. Keyword matching can illustrate the
frequency of keyword occurrence, however unless the posts are vetted, they are prone
to misinterpretation.

s Puritans Pride o] 2+ Follow L) Chioe gaian o PR
Avoid the food coma with these #Thanksgiving @m_anderpander also you " omg guys | ate a
eating tips: whole bag of kale today, I'm such a fatty!"

Avol : 6 Healthy Thanksgiving Tips @kerribly #neverforget &8 &5 &5 & &

Duri consume . 0
healthy thanksgiving tips will make sure you
don't add some pounds

x Iron Emmett Till X 2 Follow ﬂ KevinLeeSwaim £¥ 2 Follow

I'm not a feminist but | am an equalist. I'm down Dear kale,

with Black Lives Matter but | don't hate Fuck you.
caucasians. | like bacon. Fuck kale. -bacon
i 2 Car

Figure 3.11. Examples of keyword matching for 'food coma' and 'kale' using
twitter. These examples illustrate the importance of the context in
which a search term is used. Top left illustrates a sincere use of
#foodcoma, however it uses it in antithesis. Top right uses the
healthy search term ‘Kale’ but in a phenomena known as the
‘humble-brag’. Bottom right uses the keyword kale as allegory, and
bottom left uses the term ‘kale’ and its healthy supposition for
humour. Perhaps ‘kale’ is too popular a keyword to be helpful.

Using keywords to measure spatial autocorrelation is particularly interesting
when overlaying multiple map layers generated from social media on specific topics.

Using the example of healthy and unhealthy tweets spatial autocorrelation is high when

compared to fast food locations. However, spatial and a-spatial processes can influence

how social media posts are located. It is common to have high tweet density at
transportation hubs such as bus stations, subway stops, and train stations. At the same
time, fast food locations co-occur with transit hubs, due to the high amount of foot traffic
and pauses in daily activities associated with waiting for transit. An example can be seen
in Figure 3.12. This creates potentially spurious correlations, identifying patterns
indicative of healthy and unhealthy conversations located at fast food fast-food

restaurants-- or simply that social media usage increases at transit hubs. Separating
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study of the technology from how a phenomena is expressed is a delicate and

necessary step for social media research (Li et al., 2013).

g ™~ =VETa S BUTJETS . LD E DS, oo iy
0 2o Victorta Pal *3 ®
o Victosta Park ~ ~
] ; SR . m— e
o 5 ' , Grant nt St — . 854 )
A% ] B >3
# s .
ot R e - it
o JE.. ') : Y » e
s 'Y d
3. % “_ . - ) . i Elevef .g
d Yot A N Y4 - Wit P -
" 5 : N S ) @1 Ale - e e
. . AV : R >ra
s user 2+ W Follow user L~ W Follow Ser 8 . o 0
L) &

Poutine pizza here! (@ Commercial Drive) [ * o .
http://t.co/TagHkRTC8E \ X Nl
P S ’

Fnre Plz7a . & . D) 2.

f Best Falafel .

.| POPBP #instafollow #pizza
v #instagay #iphoneonly #love... X
http://t.co/mMObJbo85e %
« B ok e

3 E ~ . g\ Kryptonite - Uncle Fatih\'s Pizza P& [

’ N
LS t E 4thav — 1
— R
- £
L 3
. i/ »
— L
2 - o
.
5, . ‘ user 2- | W Follow user L. Follow 1] E6th Av
. said
Shis § '| #dinner: #delicious #italian #sausage and | Bacon Chocolate Cookies... This is what
- . #hawaiian #pizza #pies @ Megabite Pizza dreams are made of. #learfaye 2
. o http://t.co/t1e6fU23CM #commercialdrive.. g
> . (Yl 11 o 5
'.‘, L ‘ Y e B % o http://t.co/RN10YF46mP x K
Sqvi forer o ™ 7. -
- ) STy ok ~ - . ;.'{l)way
; KIRALT | S £ A 4 Y e - P By
. 23 : T
IChina Creek » ** . ; e B 6‘\&_1
*squth . : R & e
v v Follow : o - o e
user 2+ W Foll R Y 7 s

User L+ W Follow

"Buy one get one free McFlurry” coupons

£ e AKA I look like a fat ass holding my two ice
¥ Banaidas Taq creams.
) 12t X oy
& r?. N 7 R~ B S
- N . ”, = ~ 1
o 4 —~ - . £ b E 121
U £ . R o
Se e . BC Pain Socjgly o e | e
L el oo . : A 5
-t - oot . * Gig
) o - L % \
A . N < . {
h Ave 5 Clatk Park * - 3
. $ . S e TN
Go gle o 2. Mag dats ©2017 GoeryaY@nhs of Use

Figure 3.12.

Tweet densities, transit, and fast food locations near the
Commercial-Broadway transit exchange in Vancouver, Canada.
Tweets are represented in black, transit in pink and green, and
selected fast food locations in orange. Unhealthy tweets co-occur
with the fast food restaurants, but it may also be because fast food
locations happen to be near transit hubs, where users eat while
waiting for transit.

Utilizing keywords with spatial analysis tools

Regardless of the potential for disingenuous speech and spurious correlation,

methods that are already used by spatial scientists can be productive for social media

analysis. The most common tools that have been used by geographers are kernel
density functions (Li et al., 2013; Lichman and Smyth, 2014; Tsou et al., 2013), and
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spatial clustering (Frias-Martinez et al., 2012; Mitchell et al., 2013; Steiger, Westerholt,
et al., 2015). These methods have been coupled with keyword matching across a
multitude of domains, from the geography of hate speech, to the distribution of beer and
wildfire mapping (Kent and Capello, 2013; Shelton et al., 2015; Zook et al., 2015; Zook
and Poorthuis, 2014).

Beyond density functions, Crampton et. al. (2013) studied the practice of
retweets, where twitter users reproduce the tweets of influential users. An example of re-
tweeting, originally provided by Zook (2013) is seen in Figure 3.13. Similarly, Stephens
and Poorhuis (Stephens and Poorthuis, 2015) analyze the spatial elements of twitter’s

social networks, demonstrating networks are quite sensitive to distance.

¢ Knoxville, TN
. Retweeting of
A We have a partially nude

male with a propane tank

Figure 3.13. A geographic network of retweets from Crampton (2003).

Spatio-temporal relationships have also been a key concern in social media
research (Steiger, de Albuquerque, et al., 2015). Social media posts contain a
timestamp that can be used to track hashtags, keywords, geospatial locations, and
relationships over time. Memes and social movements can be seen gaining traction over
countries and worldwide (Ferrara et al., 2013; Kamath et al., 2013). Time analysis are
also often used for natural disasters as well, like earthquakes(Crooks et al., 2013;
Sakaki et al., 2010) and floods (Herfort et al., 2014). #earthquake is a tag that is often

used when earthquakes happen and as Crooks (2013) demonstrated, the extent of
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persons affected by a earthquake can be analyzed using social media, identifying the

aftershocks beyond the initial event.

Natural Language Processing

Computer Science has much to contribute the field of social media analysis, but
perhaps the most useful and powerful is the sub-discipline of natural language
processing (NLP). The aim of NLP is to try to understand the meaning of text in its
written context (Allen, 2003). NLP is important beyond social media analysis, and is
greatly impacting the ways that humans interact with machines. As recently as 2016, a
combination of neural networks and NLP techniques led to the first passing of the Turing
Test by a chat bot (Shah et al., 2016). While the use of NLP and neural networks has the
potential to produce computers capable of impersonating humans, they are only as
capable as the data they are trained upon. The atrtificial intelligence chatbot produced in
by Microsoft named Tay learned hate speech from Twitter, leading to its shutdown within
24 hours of coming alive (Neff and Nagy, 2016; Vincent, 2016). While natural language
methods have large potential, it too can suffer from data quality issues.

Within geographic applications, two uses of NLP are popular. Topic modelling
and sentiment analysis. Topic modelling is used to determine the topics present in a

body of text, or among bodies of text.

Topic Modelling

Topic modelling consists of several different approaches, but by far the most
popular basis for all variants is Latent Dirichlet Allocation (LDA). LDA is a Bayesian
method that looks for words that commonly associate with one another over a large
collection of text documents (Blei et al., 2003). Following from Blei et al. (2003) many
researchers have sought to refine the approach, including geographers (Ghosh and
Guha, 2013; Gore et al., 2015; Wang et al., 2007). Topic modelling provides
researchers with a way of understanding the dominant topics of text, and in a geographic
context, it can be a method for gaining an understanding of what is important in a place.
Topic models can be used comparatively across neighborhood areas to see how the
context of place and space intersect. Using a twitter database, Martin and Schuurman
(2017) use topic modelling and visualization to show how different topics appear in

neighborhoods of Vancouver, Canada as shown in Figure 3.14.
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Mount Pleasant Olympic Village

Figure 3.14. Topic models in Vancouver, BC from Martin and Schuurman (2017).
In the Mount Pleasant neighbourhood containing tourist locations
such Granville Island and the False Creek Ferries service are topics,
while in the nearby Olympic Village area where several breweries are
located topics of Beer and Jobs are prevalent.

Topics models can also be focused on specific phenomena. If a model only
makes use of the social media postings that are generated from topic keywords (phase
2), then resulting topics are from the subject matter. The phenomena specific topics
models can be bounded areas, similar to Figure 3.14, and differences among

neighboring areas can be identified.

Topic models, however, are not without their considerations and troubles when
used over geography. Uneven data density has an impact on the reliability of the model.
In the case of Vancouver, Canada, data density varies wildly over the city. The number
of posts in highly trafficked areas, such as the downtown core are more than ten times
those of areas that are dominated by family homes. These neighborhoods can be clearly

seen in Figure 3.15.
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Figure 3.15. Tweet counts of Vancouver from an 8-month period of data
collection from Martin and Schuurman (2017).

Topic models also have several controls that affect their output. The model relies
on the researcher knowing the correct number of topics to look for and the number of
words to fit into those topics. The process of understanding the optimal settings is
iterative in nature and requires trial and error, although some topics models are capable
of an optimization (Lim et al., 2016; Teh and Jordan, 2010). Topic models are also
sensitive to the tradeoff between computing power and time dedicated to running the
model (Sukhija et al., 2016). A model that is given time to iterate over data will increase
the confidence of topic associations, however it also increases the amount of time the
model requires to run. Using distributed computing clusters, is one solution to this
problem, but requires access to such facilities (Sukhija et al., 2016). Stop words are
also important assumptions that topic models need to consider. When models natural
language models are carried out, it is common to remove words from analysis that are
unlikely to provide useful output such as ‘a’, it’, ‘the’, or “11’. The stops words list may

include hundreds of words and their permutations. While some words such as ‘fuck’ or
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‘shit’ may be included in the stop words, the also may be important indications of

emotion or related to particular sub-cultures (Balasuriya et al., 2016).

Sentiment Analysis

Sentiment modelling is a branch of NLP that seeks to label the emotion of text.
While some models are capable of determining specific emotions on long form text,
social media implementations are often limited to determining if text is positive or
negative in feeling. Part of the problem with sentiment modelling is that it requires a
large database of labelled text for training. Often the training information is based in
movie reviewers, or restaurant reviews, where each review is accompanied with ratings.
The Stanford sentiment analysis technique (Socher et al., 2013) uses Rotten Tomatoes,
a movie rating website (www.rottentomatoes.com), and the model created by Agarwal et
al. (2011) uses newswire data. Sentiment modelling faces additional challenges when
used with social media data, as the short nature of messages do not provide much
contextual and emotional cues. However systems exist that have shown promising
results (Chikersal et al., 2015).

Geographers have however, attempted to make use of sentiment models,
despite the model shortcomings. Specific to the example of healthy and unhealthy
eating, Widener and Li (2014) provide a system for marking healthy and unhealthy
tweets as positive and negative emotions, and link negative food results with the
presence of food deserts. Mitchel et al. (2013) use twitter data to determine a realtime
map of happiness in the United States and link this data with correlations to public health
issues, such as obesity. Hao et. al. (2011) have used sentiment analysis on broader
themes such as popular films, producing a system that focuses on visualization of

sentiment in both time and place.

Sentiment analysis continues to be an active area of NLP research, and new
tools continue to emerge. No tool exists yet that makes sentiment analysis easily
accessible to non-programmers to explore geographic datasets, however some systems
are open source and available. The Natural Language Toolkit, a python programming
code library has a sentiment analysis module and is perhaps the most accessible entry

point (Jongeling et al., 2015).
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3.3.4. Stage four: Representation

Reporting the results of social media analysis is an emergent field, and often
changes based on the type of analysis that has been conducted, and examples of these
output formats has been introduced with each method above. Often however, the
challenge is to convey the results of textual content on map surfaces without
overdrawing the content of the analysis or using ancillary tables. The advent of
interactive displays and the ability to share them using the internet has greatly increased
the capacity of maps to display complex data, providing users with the ability to augment
visualizations quickly and easily. Interactivity facilitates intuitive data overlay and enables
users to continue to focus on the geography of interest. However, the ability to click on a
location and view ancillary information on it is not a perfect solution, as it is not

conducive to the constant comparison that cartography enables.

Social media is difficult to express cartographically because of the reductive
nature of maps. How can sentiment analysis reproduce the raw emotions expressed in
tweets pertaining to health crises into a binary of positive-negative sentiment
cartographically? Doing so limits understandings of lived experiences. This problem is
not limited to sentiment analysis but is generally applicable to any social media analysis.
Big data analysis, by definition, reduces information to digestible quanta, and as
unsupervised methods rise in popularity the choices that are made throughout are
opaque. To combat this, researchers presenting results must not only present the
cartographic, or graphic results of a model of analysis output, but also include the
postings that typify the analysis results, just as qualitative thematic research presents

analysis and key quotes, side-by-side.

While many methods are emerging that could be explored, it would be difficult to
discuss more implementations in this paper without lengthy discussion of bias, affect,
and ways that cartographic elements inform design and function of maps. In recognition
of this, we choose to leave those explorations to the reader, as every implementation is
different and requires details and exhaustive effort, which is outside the scope of this
article. This initial wayposting contains all the information that is necessary to begin
analysis of big data within a GIS or human geography framework. We encourage

readers to review the figures and references cited in this article for further exploration.
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3.4. Discussion

“Geographers need to grasp the opportunities whilst at the same time
tackling the challenges, ameliorating the risks and thinking critically about
big data as well as conducting big data studies. Failing to do so could be
quite costly as the discipline gets left behind as others leverage insights
from the growing data deluge” (Kitchin, 2013)

“Ambivalence towards the disrupted unities mediated by high-tech culture
requires not sorting consciousness into categories of ‘clear-sighted critique
grounding in a solid political epistemology’ versus ‘manipulated false
consciousness’, but subtle understanding of emerging pleasures,
experiences, and powers with serious potential for changing the rules of
the game.” (Haraway, A Cyborg Manifesto, pp.172-3, 1991)

How literate, technologically savvy, do human geographers need to be? Is there
a STEMming of competency as computational methods become more necessary to
engage in knowledge production? While the GlS-ification of qualitative methods was
more of a niche field, the advent of social big data is becoming an increasingly core
competency, or standard set of methods. It begs the question of whether we will see
more tools such as Mallet (McCallum, 2013) that seek to automate methods and build
graphical user interfaces. However, as these methods become encoded into software
that enable wider access to them, the process and key parameters will be black-boxed in

the process described by Latour in Science in Action (Latour, 1987).

At the same time, sociological and specifically geospatial thinkers must continue
to engage and be critical of the push to more standardized tools precisely because so
much of the output is shaped by the patrtiality of the programmer, researcher, and
participant, as Code-Space teaches us (Kitchin and Dodge, 2011). By black-boxing this
process we lose the ability to dig deeply into the how and why we are witness to the
results brought out. Black-boxing the process of social media analysis has
consequences at each stage of the methodology. While the process of black-boxing GIS
methods on quantitative data was relatively easy, lived experiences and
phenomenological data do not lend themselves as easily to unsupervised analysis

methods.
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Building a data source for downstream analysis integrates and obfuscates a wide
variety of assumptions. The largest of these is the assumption that the data is a
representative sample. While social media usage of online adults in the United States is
high among Facebook (70%) Twitter (23%) and Instagram (18%), the segmentation of
the population that uses these technologies is not even (Perrin, 2015). Race, gender,
and age all influence adoption of social media and differently for each technology
(Greenwood et al., 2016). Structural forces also create digital divides, and determine
how the technologies are implemented and ultimately used. While persons who have the
greatest access to the internet have the ability to use it in the privacy of their homes and
on premium devices, those of less economic advantage suffer less private means of
access (Dixon et al., 2014; Hargittai, 2010; Wangberg et al., 2008). Libraries have
become key points of access for the urban poor, and as public spaces they will influence
the ways that technology is interacted with. Kitchin and Dodge (2011) offer the formation
of a code-space, a framework for integrating the role of place in our interactions with

technology.

The most useful data for qualitative analysis convey deep emotional connection,
but as spaces/places become more public, the personal and private process of
producing reflexive thought is eroded. This is magnified if the social media used is a
public posting forum, such as Twitter. Other social media provide opportunities for
private dialog, but are difficult for researchers to access large data samples from.
Gaining access to private or communications on social media is nearly as difficult, from
both the technological (credential exchange server) and interpersonal (participant

recruitment, building trust, or ethical clearance) positions.

Ethical considerations become of increasing importance as we become more
engaged in the private lives of our subjects. Obtaining the access credentials to social
media account (OAUTH2) make it easy to not only to attain the information related to the
study at hand, but information that is well beyond the scope of the research project.
Indeed, researchers need vast troves of data to employ big data algorithms, being that
many algorithms produce rigor through and confidence by integrating many iterations of
random samples throughout the dataset. Perhaps a new understanding of research
ethics for big data is needed, and geographers have an important part to play in its

creation (Boyd and Crawford, 2012). While it is entirely possible to study obesity through
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Twitter data (Gore et al., 2015), it is unlikely the users creating the information used in

the study gave consent for it to be included.

Exploration of data (stage 2) of data is perhaps the most embodied and
positional element of the big data methodology presented in this article. The
interpretation of what is included in the cohort of terminology and what is excluded or left
out is personal, and/or interpersonal if team members are included. If done poorly, this
stage of the research pre-shapes all study findings consequently, the study will say more
about the researchers than the participants. Just as we have learned how to lie with
maps (Monmonier, 1996), we may lie with social media. The volume of information
makes it easy to prove our own bias regardless of what our data may indicate. The
purpose of this data stage is to hone the data used in the study down to that which is
most salient, however it can also exclude data which does not match the epistemic

orientation of the researcher, either deliberately or otherwise.

The computational methods suggested at this stage (2) are susceptible to
epistemic interference, too. The Google knowledge graph can be used to access nearby
nodes of information and knowledge, however the content and quality of this information
will be subject to the positionality of those that produced it. This information, that of the
producer, is hidden and obfuscated from the researcher. For example, in our search or
‘types of sausages’ (Figure 3.4) we may only find those that match Italian sausages, as
those were the most common in a Western database. This results in a Western data
bias. Using the semantic similarity approach of Wordnet, even algorithmically, presents
further challenges of recursively finding words that are more and more the same,
meaning that it may over emphasize a particular lexicon or epistemic bias of knowing.
For example, multiple versions of Wordnet exist, such as EuroWordnet (Alonge et al.,
1998) and Medical Wordnet (Smith and Fellbaum, 2004). Using topic analysis methods
from a partial dictionary can be affected by geographical bias, as the popularity of a
social media is uneven. Using Twitter as an example, we find the highest density of
posts on the pacific and eastern coasts, and urban centers (Li et al., 2013). By
geographically influencing our dictionary of inclusion, we may marginalize or silence
entire populations or regions. The overproduction of knowledge at the metropole may be
well understood at the stage of analysis, but perhaps it is even more important to
consider its role in shaping our research at the stage of inclusion and exclusion in to the

cohort of information integrated in research (Crawford et al., 2014; Kitchin, 2014).
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Analysis of social media (stage 3) is an active and rapidly changing mix of
methods (Marres and Weltevrede, 2013). As an emerging science there are so many
different methods that can be used, each with numerous iterations of differing abilities
and suitability to data. While mature disciplines have standard methods that are easy to
explain and explore for non-sub-discipline experts, these methods evolve quickly in big
data studies. Within topic modelling alone there is such variety of methods that it is not
practical for a researcher know enough of each method, and its parameters to be critical
of the methods used for every study. While GlScientists are well aware of the
appropriateness of Kriging vs Co-Kriging for temperature data, they may not be fluent
enough in natural language processing to know the difference between Latent Dirichlet
Allocation (Blei et al., 2003), vs Labeled-Latent Dirichlet Allocation (Daniel et al., 2009)
vs Latent Semantic Analysis (Landauer et al., 2006). The methods have not coalesced
into a standard set of tools that can be discussed coherently among scholars in
tangentially related disciplines. This leads to difficultly in knowing what exactly to be

critical of in review and publishing.

While the process of utilizing both quantified and qualitative methods and
viewpoints is fraught with challenges, this project is an initial roadmap to the mixing of
both the positivist and post-positivist elements of computer science and ethnographic
enquiry (Kitchin, 2014). Utilizing data science and critical-reflexive methodologies this
project aims to signpost the emergence of a platform to mixed methods of quantitative
and qualitative GIS. In its essence, this mélange integrates the ability of quantitative
methods to dig into the qualitative quality of social media data. Elwood and DeLyser
(2010) investigated the difficulties of integrating multiple epistemologies into singular
research projects, while recognizing that as researchers engage with reflexive inquiry,
they are better equipped to understand their own epistemic and ontological bias. The
ability to integrate data and methods that originate from a web of differing world-views
makes big data research difficult, and renews a call for ontology-based metadata
(Schuurman and Leszczynski, 2006). However, it is our view that while computer
science methods for natural language processing are produced from a positivist
viewpoint, it is possible to build in a socio-cultural, feminist, Marxist, or other conclusions
from the interpretation of the results and by linking the results back to primary sources —
indeed a mixed methods approach is possible for qualitative big data research. Indeed,

this is the moment at which these possibilities have emerged — especially as there is not
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yet an established repertoire of approaches and methods established among

GlScientists or human geographers.

The contribution of this paper is to distill these methods at this point in time so
that they are accessible to a range of geographers and — in the process — contribute to
opening the black box in which so much big data is analyzed.
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Chapter 4.

Social Spatial: A Qualitative GIS for Social Big Data
Investigations

This paper has been submitted to the International Journal of Geographic Information
Science

4.1. Abstract

In this article we present Social Spatial, a qualitative GIS for social media and big
data research. This software enables GlScience researchers to build social media
corpus that reflects a phenomenon being researched and implement methods that
analyse that corpus. Natural Language processing methods are integrated into Social
Spatial, and the code framework has been designed to allow for easy integration of
further algorithms. The software builds upon the knowledge of the researcher to identify
new ways that phenomena are expressed and see where these posts are geospatially.
The software was released open-source with thorough internal documentation to a
collaborative code repository to encourage others to contribute and make the
programming as transparent as possible. Extensive use of settings files was employed
to expose parameters — word lists, model coefficients, and stop words to enhance
transparency in gqualitative social media research methods and the code/spaces they

were enacted within without increasing the burden of research documentation.

Keywords

Qualitative GIS, Critical GIS, Big Data, Social Media

4.2. Introduction

There are an increasing abundance of methods originating from computer
science that allow GlScientists to push the boundaries of our capacity to capture and

integrate big data. They will also potentially help us to process and understand social
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phenomena. By integrating computing science approaches to big data integration and
analysis, we may finally realize the promises of a qualitative GIS. A GIS that is
conversant with qualitative data and that reflect the persons who generate the data
themselves in time, space, and place.

GlIScience is poised to undertake research and produce tools that better reflect
the physical and human landscape than perhaps any other discipline, yet there are
concerns that if it does not do so soon, it will suffer the fate of behind left behind (Kitchin,
2013), an echo of what digital humanities has already expressed (Lane, 2017). This
article presents software (Figure 4.1) that builds upon the work of GlIScientists in the field
of big data, focusing on the workflows and natural language methods that may provide
the most unigue opportunities for GlScience in the last decade. The software is open-
source and actively under development. Any reader may download the program,
contribute, and produce research using it. It is our belief that this software will contribute
a space for further development of algorithmic intelligence for big data geospatial

research tools.

Figure 4.1. Social Spatial interface displaying various modules.

4.3. Background

The last five years has seen a burgeoning of big data research in the

geographical sciences. Geospatial Web research (Crampton, 2009; Haklay et al., 2008)
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and participatory geospatial data research (Crampton et al., 2013; Elwood and
Leszczynski, 2011; Johnson et al., 2015) led GlScience directly into the path of social
big data. The automatic registration of location metadata through mobile phones has
created a deluge of spatial data and new methods for interrogating this information (Lee
and Kang, 2015; Yeager and Steiger, 2013). At the same time, critical and qualitative
GIS thinkers have followed these developments and contributed towards a better
understanding of how these new data mediums might be used (Elwood, 2008; Elwood et
al., 2013; Harvey et al., 2006). Perhaps just ahead of its time, Qualitative GIS (2009) by
Cope and Elwood exemplifies how critical-qualitative researchers interacted with
humanistic data sources, pre-twitter and other open social media data streams. In the
early 2000s, scholars explained the advantages (Pavlovskaya, 2009; Schuurman and
Leszczynski, 2006) and opportunities (Jung, 2007; Kwan and Ding, 2008) that lay in
gualitative analysis with GIS, but in the absence of simple and automated data

integration, the burden of data generation and analysis were prohibitive.

As new geospatial social data sources have become available to GlScience
researchers, Twitter in particular, more in-depth qualitative research has surfaced.
GIScience scholars have used the tools that are already integrated in standard GIS
environments to great effect (Crooks et al., 2013; Stephens, 2013b; Zook and Poorthuis,
2014). This work can be grouped by its analytic technique and by its ability to identify the
key informants in the study.

Jung (2015) demonstrates the challenge of integrating qualitative data in the face
of the avalanche of information that Twitter provides. Jung’s work followed the protocols
of traditional participant interviews by reading and thematically cataloguing individual
tweets relating to the 2008 presidential election. Using a more hands-off approach,
Stephens (2013b) generated maps of hate using data from Twitter, thematically
displaying words of hate-speech to heat maps (density) in a web browser. This work
demonstrates how rapid, simple, and effective qualitative social data can be when
expressed through a cartographic medium. Zook (2014) et al. employ the use of odds-
ratio analysis of keyworded social media in their investigations of the patterns of various
phenomena, including those of American drinking habits2. This method of using keyword

matching as data selection and spatial analysis of the key data points has been used by

2 More of their work is accessible at www.floatingsheep.com
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GlScience scholars in many applications, including disaster response (Crooks et al.,
2013; Sakaki et al., 2010) and obesity (Gore et al., 2015). Disciplines beyond geography
and GlScience have engaged in qualitative analysis of geographic social media, too. In
particular, computer science has contributed greatly (Cody et al., 2015; Frank et al.,
2013; Liu et al., 2015; Mitchell et al., 2013; Wang et al., 2007)

Computer science has a number of sub-disciplines that are actively engaging
with social media data, and the geographic metadata that most often accompanies it.
For example location recommendation systems determine where social media users
may like to go (Liu et al., 2015), predictive analytics have determined where flu
epidemics may be emergent (Padmanabhan et al., 2014), and social graphing has
predicted networks of relationships that exist in different locations (Backstrom et al.,
2010; Liben-Nowell and Kleinberg, 2007). All of these sub-disciplines of computer
science challenge the traditional boundaries of GlScience, expanding the
methodological possibilities available to GIScientists. For qualitative GIScience and
phenomenological GlScience researchers however, one computer science discipline

stands out as particularly useful, natural language processing (Allen, 2003).

Natural language processing (NLP) is particularly useful because it is the science
of understanding the context of what is being said in a piece of text. Qualitative thinkers
have identified this as the most important element of integrating social media analysis in
gualitative GIScience (Kwan, 2016). It is imperative to not only find the patterns that exist
within the data, but also to understand the situation they are produced within and actors
that produce them, which is difficult to determine without contacting social media users.
Natural language processing integrates context by identifying elements of text and
speech that provides clues about what is being said (Allen, 2003). Within the field, two
important methodological techniques stand out as being pertinent to qualitative

GlScience, Topic Modelling and Sentiment Analysis.

Topic modelling is the study of determining the latent topics that can be identified
within a collection of textual documents. Blei et al. (2003) introduced latent dirichlet
allocation, an unsupervised method using a bayesian approach. While Latent dirichlet
was not the first method (see latent semantic analysis (Landauer et al., 2006), it quickly
became a popular method for analysis of social media, and numerous improvements

and augmentations of the method have been published in recent years (Daniel et al.,
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2009; Liu et al., 2015; Mei et al., 2008). This method has not gone unnoticed by
geographers and GlScientists. Gore et al. (2015) utilized topic modelling to illustrate the
trends and topics that are evident in the habits of American fast food eating, and
compared these to trends in the obesity epidemic. Gao et al. (2017) utilized topic
modelling to in conjunction with foursquare check-in data to determine the topics
associated with places of interest and delineate regions those topics occupy. Martin and
Schuurman (2017) developed a technique for automating LDA as an area based

measure and produced an algorithm that visualizes this data cartographically.

Sentiment analysis is a method that seeks to automatically determine the
emotions present in a set of texts (Pang and Lee, 2008). It accomplishes this by using a
training set of data that has been pre-tagged with emotions, usually reviews of movies or
food (Haughton et al., 2015; Socher et al., 2013). The tagged data is critically important
as not only be need it be high quality (e.g. verifiable), but also topically relevant
(Korayem et al., 2016; Lu et al., 2016). Even still, most sentiment models are only
capable of identifying a set of text as a binary of positive or negative emotion (Cody et
al., 2015; Ohmura et al., 2014). Sentiment analysis has been used by geographers,
correlating urban infrastructure with positive sentiment (Rybarczyk and Melis, 2017) and
that sentiment correlates strongly with wealth and poverty (Frank et al., 2013).

As recent history has shown, there has been an increasing coupling of
contemporary computer science methods with GlScience. This coupling, along with the
availability of geographic qualitative data, increases the capacity of qualitative GlScience
to move beyond the conceptual stage of research and into the primetime methods of
everyday research. However, a key ingredient is missing. At the present time, no clear

methodologies or tools exist for aspiring qualitative GlScientists to employ.

In previous research, Martin and Schuurman (submitted) present a set of
methods for analysing qualitative data in a GIS environment (Figure 4.2). These
methods are, however, challenging for scholars who do not have a programming
background. In this article a solution for this is offered in the form of a software tool that
implements these methods from start to finish. This software has been named Social

Spatial.
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4.4. Program Design
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Figure 4.2. Methodology workflow proposed in Martin and Schuurman (2017) for
social media GIS research. Each of these steps is facilitated within
the Social Spatial tool.

4.4.1. Organization

Social-Spatial was designed around two specific goals. First, to implement the
methodology advocated in Martin and Schuurman (2017), and to create a program that
is modular, flexible, and does not require an understanding of computer science to
operate. The program is presented as a proof-of-concept, and new methods will be
incorporated over time. It has been designed so that as new elements are developed
they will not interfere with already designed and implemented components. This is
accomplished by using modular components that can be opened in and closed as they

are needed.

4.4.2. Flexibility in Program flow

Social-Spatial has been designed into modules as an effort to provide a
researcher with a high flexible tool that gives them the freedom to explore and
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investigate in a non-linear fashion. While the function of each module may not new be
new, they have not been organized into a program that creates the potential for an
interplay between discovery, visualization, and reflection. By having the capacity to
interact with data, refine theories, and develop are redevelop a set of primary data
social-spatial is unique in its approach to geographic social media research.

4.4.3. Development Methods

In previous iterations of the software, many components of Social Spatial existed
as command-line-interfaces (CLIs). CLIs provide rapid and easily reconfigurable tools
that are perfect for creating working iteratively, but due to their reliance on user
knowledge of command line execution environments are often not accessible to all
users. Implementing a graphical user interface may reduce the configurability of
software, but the advantages of usability and visual capability make it attractive —
especially as the goal is to make big data analysis more accessible to a range of
geographers.

We have developed this software as an open-source project. It sits in a public
code repository called ‘github’ (https://github.com/mikedotonline/SocialSpatial) and can
be accessed by anyone with a web browser. It is our hope that by making this software
open source it will reach a larger audience, and encourage others to engage in the
development of new modules, or incorporate our methods into other existing GIS

environments, such as QGIS.

Social Spatial is developed in the Python programming language. Python is a
well-used language and has an extensive list of pug-in modules that extend its
functionality. Social Spatial utilizes many of these including the Psycopg2 module for
database connections, Gensim (Rehﬁfek and Sojka, n.d.) for topic modelling, Cairo for
graphics (Pycairo, n.d.), and PyQT (Summerfield and Mark, 2008) for the graphical user
interface (GUI.

The code structure used in Social-Spatial follows the pattern of Model View
Controller (MVC) (Freeman, 2015). The MVC architecture is helpful for the module
nature of Social-Spatial because it is primarily focused on decoupling all elements of the

data (model), interface (view), and logic (controller). The interface was designed using
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Qt-Designer, an application that accompanies a PyQT installation. Qt-Designer
application allows the GUI to be designed visually, enabling the interface and code to be
decoupled. As a result, the data models and logic of the program can be used as a CLI
as well as a GUI.

4.5 Software Features

The following section provides an in-depth look at each of the modular tools
(referred to a modules) in Social-Spatial, depicted in figure 4.3. Descriptions of each
module is summarized by research stage: data acquisition, exploration, analysis, and

output. Module applicability to research stages has been summarized in figure 3.4.

Connection Wordlist Graph Items credentials.json na
Database
Social Media ; 4
: Topic Model Shapefile Wordlist json GKG-Key.key
Posting
Hyper/Hypo - e o pengra T
/syno -nyms _ D y D mi

Db_defaultinfo.jso
n

Polygon

Figure 4.3. Component diagram of Social Spatial. Program Modules (green
circles) form the core modules implemented. Data Models (blue
squares) allow data to flow throughout the program from module to
module. Data files (orange squares) allow for easy program
configuration via outside text editors. A database (grey disk shape)
with spatial extensions is used as a datastore for social media
postings and various spatial data formats as necessary.
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Figure 4.4. Module utility at each stage of research. Green circles represent
modules currently developed. Grey circles are future modules not
fully developed

4.5.1. Data Acquisition

The data acquisition stage incorporates both the gathering of social data, and the
sorting of the information. Social Spatial currently assumes that the user has a dataset
already implemented and stored in a PostGIS database, along with tables that delineate
the area boundaries they intend to investigate. A module may be included at a later date
facilitating the harvest of various social media data feeds, however due to the ‘always-
on’ nature of that module it would not be appropriate to use Social-Spatial for this
purpose.

4.5.2. Data Exploration

Data exploration is highly interactive, and to a large extent this is where Social
Spatial excels. It is at this stage that the researcher builds an extensive list of words
used to identify the social media data that are most relevant to their research. This is
similar to traditional qualitative research methods when an investigator purposefully
selects participants for a study. Social Spatial implements four modules to aid the
researcher in this, The Wordlist, Google Knowledge Graph, Wordnet, and Topic

Modelling.
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The wordlist houses an import and export functionality to and from the JSON
data format. In fact, all of the import and export functions of Social Spatial rely on the
JSON (JavaScript Object Notation) format for an important reason. It is flexible (the
schema can be augmented if new data structures become relevant), human-readable (it
is stored as plain text), and it interoperable (many programs support this format). The
wordlist provides the functions to build a list of words and associated tags that describe
them. For example, using the case of studying obesity, a wordlist was made that
explores healthy and unhealthy foods. Words such as Bacon, Fat, and McDonald’s have
been given the tag #unhealthy, while words such as Kale, Spinach, Brusslesprout have
been given the tag ‘healthy’. Tags in Social Spatial can be used as qualitative themes,

and sorted for easy access.

The Google Knowledge Graph and Wordnet modules integrate semantic word
discovery. This enables researchers to expand a wordlist beyond those they already
know. The Google Knowledge Graph3 uses a linked data structure to hold words that
are related to specific types of identities, defined by schema.org4. For example, by
searching the word “Pirates” by type ‘movie’ may yield Pirates of the Caribbean while
using the type “product” may yield “Lego Pirate Man”. Wordnet is alternative that uses an
ontological approach to word discovery. Wordnet identifies synonyms, hypoynyms and
hypernyms (Miller et al., 1990). While synonyms are words semantically equivalent,
hypernyms and hoponyms are words that sit above and below (respectively) in a graph
structure of meaning. For example, using the word ‘bar’ a synonym is be ‘rod’ or
‘speakeasy’, a hypernym is ‘candy’, and a hyponym is ‘snickers’ or ‘mars bar’. Using this

method, all words in the wordlist can be checked for semantically related words.

The topic modelling module is useful during the exploration and analysis phase.
In the exploration phase, it acts as a mechanism for discovery. The tool can search for
all postings within a single geographical boundary (i.e. a city) or iterate through each
sub-area (i.e. each city neighbourhood), building a topic model for each sub-area.
Functionally the topic modelling module builds a set of terms according to the
parameters set by the researcher. Depending on what default parameters are set in the

model, the results change. The number of topics will change how generic, or large in

3 https://developers.google.com/knowledge-graph/)
4 http://schema.org
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scope a set of topics will be. The number of words per topic will limit the number of
words per topic. The ‘number of passes’ parameter will increase the probability of each
topic and topic word, at the expense of computation time. The alpha coefficient is set at
default for short messages, but can be changed for when longer input documents are
used. Generating topics and topic words can identify new items to add to the wordlist
that the researcher may be unaware of, be it because they are regionally, culturally, age,

or otherwise specific beyond their knowledge.

The Post Samples and Word Geography modules aid researchers by providing a
visual link between the wordlist and the source material. By selecting different words
from the wordlist the user can use the post samples module to see the raw data that
emerges from searching against them. Alternatively, users can use the word map to see
how these posts are distributed across space. Additionally, the Post Samples module is
able to talk to the word map, allowing the researcher to move between lexical and
cartographic exploration in real time. The word map is a flexible visualization, the
backend of the cartographic visualization is a connection to Leaflet (www.leaflet.com).
Leaflet web framework for mapping, using html, CSS and Javascript. This visualization is
written as a web document contained in the data directory of Social Spatial, and may be
configured to the users desired, be it marker colour, functionality, or can even be
changed to a different web framework, such as OpenLayers, another excellent

cartographic platform.

4.5.3. Analysis

Many methods of social media analysis are currently available and can be

organized into three groups: social science, GlScience, and computer science.

The methods of social science are fluid, but for the purposes of Social Spatial
they are limited to the process of developing thematic categories and coding responses
(the data) according to themes. While it is not the objective to reproduce the excellent
efforts of other programs that accomplish this same process, such as QSR NVivo or
Altas Ti, some of the functionality is reproduced in the wordlist. Using the wordlist, a
researcher can develop thematic tags, group these tags together, and then visualize
how these tags are expressed textually and distributed spatially. Because of the short

messages that Social Spatial was designed around, multi coding the same document
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has not expressly been developed, but could easily be done accomplished by
augmenting the SQL code used in the Post Samples module from using ‘OR’ commands
to “AND” — in essence changing the selection from union to intersection. Social Spatial
also provides access to easy exporting of the posts found using the Post Samples
module, to JSON objects that can be imported to traditional environments such as
NVIVO or others.

The analytical methods most relevant to GIScience are those used by Word
Maps. There are many ways that GlScience methods can be used to analyse and
represent social media postings (given the Cartesian metadata it is bundled with). These
may include heat maps, odds ratios, geographically weighted regression, density
functions or statistical models, such as spatial/temporal/multi kriging. While these
functions are well developed into existing GISystems, they are not currently available in
the version of Social Spatial that this paper is based upon. However, Social Spatial
provides a tool to copy the SQL statement used to produce the dataset, making it easy
to import these data to a GISystem of choice, such as QGIS or ArcGIS. The analytic
capability of the current software is limited to point pattern and basic density evaluation,
using the word map module. In future releases, it is hoped that more functionality will be
integrated into Social Spatial or a tighter integration with a GISystem that users may

already be familiar with.

Computer science also provides numerous methods that can be used to
investigate text, and this release of Social Spatial has two integrated, with a third on the
horizon. The first is topic modelling, where the user can identify latent topics present in
the text and how they are distributed across any number of areal definitions. This is
particularly useful if the user is interested in identifying patters that exist a different
spatial configurations or scales, also known as sensitivity analysis, and described as the
modifiable areal unit problem. The topic modelling module is also when used in
conjunction with thematic coding, as it can identify new codes to investigate. Topic
modelling however is computationally expensive, so it is important that this function be
run using a computer with sufficient computing power, and a well configured BLAS (a

math library for linear algebra explained in the software documentation).

While not yet fully implemented, Sentiment modelling is on the horizon for Social

Spatial. While perhaps premature to include in this release, sentiment is an exciting
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inclusion, provided by the NLTK software library. Sentiment modelling is a key method to
bring to social spatial, as it will unlock a process for discovery of the emotions hidden in
big data. This method will handle the volume and taxing nature of deciphering emotional

meanings in short messages.

Using a mixture of social science, GlScience and computer science, Social
Spatial attempts to bring together a set of key methods for social media researchers. In
effect, these methods are gathered into a usable toolkit. In many cases, this software
had been designed and illustrated here with short messages in mind, in particular
Twitter. Although not tested for other mediums, there is nothing that currently limits
Social Spatial to such methods nor short messages. We expect that, as new datasets
are made available to researchers that contain geographic metadata, Social Spatial will

be able to handle these as well.

4.5.4. Visualization and Output

Nearly all the modules of Social Spatial provide a method for output, be it visual,
or data via JSON. The data objects include stopwords, wordlists, topic models, and
social media messages. The visual outputs from social spatial are currently limited to the
Word Cartography module, as provided by Leaflet, and the Word Cartograms module
that produces PNG files. The cartograms it produces are expressions of spatial topic
models that have been generated using topic modelling module. This module translates
the textual output of the models into geographic space, printing the topics and words
directly on the map canvas. Parameters are exposed in the module to configure the
visual nature of the cartogram, such as font, color, and size of image produced. Drawing
large cartograms is computationally taxing, due to the large size of the arrays used to
composite multiple layers of text and geographic space. For simplicity, this module is
best used in the WGS84/Latitude-Longitude projection/coordinate system. The
cartograms produced using of this module can be made at any scale, and are

particularly useful in exploring the effects of the modifiable areal unit problem.

Currently, expanding the graphic capabilities of Social Spatial beyond the current
offerings is not a primary focus of development. However, as analytic functionality
increases, new ways of expressing the cartographic data within them may be important

to create. The use of web frameworks such as Leaflet or OpenLayers is the standard
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method upon which all future cartographic output will be expressed, expect where
additional processing is required (such as in the case of custom layer compositing in the
Word Cartograms). Web framework are chosen to be the most interoperable, flexible
and accessible method that is easily implementable for future developers.

4.6. Case Study using Obesity and Unhealthy Eating
Tweets

To demonstrate the utility of Social Spatial, the following case study is given. In
Canada, the PURE study is investigating the lived experiences of obesity in Vancouver,
British Columbia (Gasevic et al., 2013; Walker et al., 2016). While the study has focused
on a small cohort of participants (in number and spatial extent) in great detail, there is a
need to understand the tapestry of food culture the participants exist within. One way to
do so would be to investigate the way unhealthy foods are expressed in social media in
the city.

4.6.1. Stage 1 - Data generation

During the months of January - October 2011, twitter data was acquired using a
python script and stored in a PostGreSQL database with PostGIS extensions installed.

Over the 10 month period, 1.5m tweets were collected.

4.6.2. Stage 2 - Keyword building

First, a list of words relating to the topic of unhealthy eating is compiled using the

researcher’s intuition:

Obesity obese fat fatty overeating overeat bloating bloated unhealthy inactive
sedentary sugar fructose lethargy lethargic sloth metabolism tired sad chest-

pain

Using these words as a starting point, the twitter corpus can be searched, both
within a search area, or across the entire dataset. This is done through SQL “Like”

commands, taking full advantage of lexical indexes and creating fast searches.

71



Post Samples n

Spatal Lmt  Area Table v
MaxResutis | 100

Search
["Was that an earthquake? Or just my fat daughter coming up the stairs™ -dad, thanks dad love you too 33& A

Sfatpeopleadventures 3 @ Red Tuna Japanese Restaurant http://t.co/IRITrKobFL

One of my biggest fears is getting so fat that | don\' t even realize I\' m pregnant until the baby starts crowning.

Day 5 @vanjazzfest This gal saw 4 amazing concerts in 1day. My feet r tired my throat is horse my smile is ear to ear'this vaca is the best

2/2 This week we\' Il furnish an apt for a 92 yo left with just a grandfather clock and a coffee table.

If u eat Birthday cake on a regular old Monday that\' s not your Birthday is it just cake? Scake Fidk Fsugar #nom

@nashwakay | like full fat latte but half or quarter sweet. I\' Il try it and report back. | think hers was reg

©nashwakay fair enough! Fat isn\" t always bad. It\" 5 sugar that is the bad stuff. | still do full fat always yum. And yesh Starbucks

©nashwakay generally | recommend cutting as much sugar as you can cutting simple carbs and focus on complex carbs, healthy fats, and

| have never been so tired in my life

Anyone else ever call in to work fat? Stakeafatday Severy28days

@Cartoonapalooza was Funtime! I\' m exhausted and simultaneously in a sugar rush, It was good to see people again 3 http://t.co/qyPYudGUlc
Back to reality! $Vegas2014 girifun Sbadhairday SVenytired

50 tired http//t.co/FOQigyyVXQ

©BillTicleman @keithbaldrey ©MayorGregor Translink has always misspent \S . Time to make this board accountable to voters -tired of waste.
The only forces harming the world more than Obama are Radical Islam « the liberal press. A fatal mix of pure evil « aggressive idiocy.
Honestly if the model looks fat there\' s no hope in the outfit

Qkatichelicat | just can\' t fathom the inhumanity. | have 3 morbid cuniosity to understand what he was feeling and see what he was seeing.
Tw ur tired but don\' t wanna sleep http//t.co/QyW9HoCGZC

Cool. §@MeredithFrost: Francis Ford Coppolads potential cast list for §The Godfatherd http://t.co/CawRvig2VT http://t.co/uhjRxupAtyd

Nanbbb cncomis think N an §0) Cas s Dutha iinis comir ot binand oo b

< >

Add selected to Word Map Red v

Figure 4.5. Using the Post Samples module to explore unhealthy eating habits
based on keyword matching from the wordlist module
By looking at the tweets themselves, more keywords are determined and added
to the growing list of words. For example, using figure 4.5 (above) the words ‘sugar’,
‘sweet’, ‘cake’ and the hashtag ‘fatpeopleadventures’ and ‘takeafatday’ are be added,

while the word ‘tired’ is removed because it yields too many unrelated postings.

Using the post samples module, it was identified that products such as candy
bars and cola useful in finding unhealthy eating tweets. To explore this further, the
Google Knowledge Graph module was used to identify names of more unhealthy
products. As an example, the words ‘Candy Bar’ and ‘soft-drink’ is searched using the
category of words ‘products’ (figure 4.6). By using the Google Knowledge Graph, a key
research output was identified: brand names and products of unhealthy foods are the
most prolific and useful keywords in the twitter dataset, in terms of identifying tweets that

can be used to build a comprehensive corpus
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Figure 4.6. The Google Knowledge Graph module providing multiple product
listings for candy bars and soft drinks

The wordnet module help to identify words that have many synonyms, for
example, the words overeat. Searching for this words yielded ‘overindulge’ ‘gorge’
‘binge’ ‘pig out’ and ‘glut’. Each of these words is then added to the wordlist, and a
search of the tweet data is carried out using them to see what they yield. ‘Gorge’ proves
to be unhelpful as it is matched to ‘gorgeous’ and is removed, or changed to ‘gorge ‘ as
the space character stops the “Like” SQL command from identifying so called
‘Matryoshka words’, which can be useful at other times like pluralization, possession, or

hashtags (figure 4.7).
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Figure 4.7. The Wordnet module provides synonyms to the word 'overeat' and
the post samples generated from these synonyms

Finally, one more module is used to identify additional keywords. While the
Google Knowledge Graph and Wordnet modules are useful in identifying words based
on other known words, eventually there all of the known options for additional words will
be exhausted. The Topic Modelling is used to perform a search of the tweet corpus in
the area or areas being researched in order to identify words that are not otherwise
known, and that are used by the twitter users themselves. Topic Modelling groups words
together that are related to one another, in this case, topics related to unhealthy eating.
When applied to the dataset used here it identifies the names of ice cream parlours
“earnest ice cream” and “soft peaks”, a donut shop “Cartems”, a type of restaurant
“poutinerie”, hashtags “#epicmeal” and “gastropost” (figure 4.8). These words are then

searched against the corpus of tweets, which yields more words again.
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B Mot A0 Model

Figure 4.8. Topic Modelling results, calculated for each neighbourhood in
Vancouver, BC

The process used above highlights the iterative nature of social media research.
At all times, the researcher find new words, checks them against the data, searches for
alternatives, and continues to develop the primary data they are using and identify
primary themes that can be used later on in their analysis.

The process of keyword building yields two important results. 1) the subset of
data that contains all relevant material to base analysis on; and 2) the themes that each
keyword can be organized into. This allows for the analysis results to be organized
around the concepts that are emergent. In the case of the unhealthy eating and the Pure

study, the themes branding, fast food, and emotional eating have been identified.

4.6.3. Stage 3 - Analysis

Based on the three themes identified, two analyses are carried out: 1) thematic
variations in tweet locations are visually inspected using the Word Geography module;

and 2) topic models are created that explore how the themes are discussed across
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different areas of the city. The two methods can be combined alongside one another, for
example: topic modelling identifies that alcohol is a major topic of conversation in the
tweets, and sports are as well. Using the Word Geography module, we can see that
posts concerning alcohol and tweets are clustered in the downtown core of Vancouver,
in particular around drinking establishments in the Stadium district. This search leads to
a new thematic discovery in the study, that bars and sports may be significant
contrubtors to the ways that unhealthy foods are discussed, and may later lead to policy

development targetted to sports patrons.

Word Geography n
Using e curently Selected Words, see how they are land out in Geographx Spece
Ut Number of posts B0 %0
Search Wahn Current Map Extent -
Search for Matches
Mao

) "3

‘I’
!I
%,
c\

Figure 4.9. Word Geography module, with unhealthy eating and alcohol realted
posts in the stadium area of Vancouver, BC

Beyond the analytical capabilities of Social Spatial, the GIS literature offers
several novel approaches using the tools already present in traditional GIS environments
such as QGIS or ArcGIS. In an effort not to recreate their functionality, Social Spatial can
produce a SQL query based on the wordlist used, that can be implemented in GIS
software. In this study, this functionality was used to identify unhealthy tweet density,
and normalized tweet density by population. An odds ratio was also performed in

addition against the themes healthy and unhealthy.
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4.6.4. Stage 4 - Output

The final step on the case study is preparing research output. Three methods are
used from Social Spatial; 1) key quotes via the Post Samples module (figure 4.7); 2)
Topic Model visualization is prepared via the Cartogram module, and; 3) figures of tweet
occurrence (figure 4.9). While generating visually appealing representations of findings
is not the main focus of Social Spatial, the program provides easy access to export the
findings. During the study of unhealthy eating, the consumption of alcohol emerged as a
theme. It visualizes where alcohol was being tweeted from, the researchers used the
“copy to SQL” function of the Post Samples module and performed basic cartography in
QGIS to generate figure 4.10, illustrating the high density of postings in the
neighbourhood of Downtown and the low densities found near family residences.
Connecting the alcohol and unhealthy tweets together, a union of the two layers is
completed, using the “Copy to SQL” function again, and using an AND function between

the two queries.

Further work would be required to disambiguate these tweets from the general
popularity of Twitter downtown, however it would be a starting point for further

geographic analysis.
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Figure 4.10. Matched keywords of both unhealthy eating and alcohol with tweets.
Map generated through Social-Spatial and SQL copied to QGIS for
cartography. Basemap courtesy Stamen Design (www.stamen.com)
and OpenStreeMap (www.osm.org)

4.7. Discussion and Conclusion

Social Spatial is a progression from earlier efforts made by GlScience scholars to
fuse qualitative methods with traditional GIS environments, such as those of Kwan and
Ding (2008), and Jung (2007).The work of these scholars on ArcGIS extensions and
CAQ-GIS were important steps that illustrated that it was indeed possible to integrate

gualitative data while providing the tools required for analysis.

More than ten years later, qualitative GIS has begun to come of age. Outside of
GIS, QSR’s NVivo software has become a mainstay software for 1.5 million social
science researchers engaged in qualitative data analysis5. As NVivo demonstrates,

digital systems can be an essential tool. Natural Language Processing literature has

5 https://www.qgsrinternational.com/nvivo/who-uses-nvivo
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proven to be a key set of tools for handling the massive number of data points big data
integrates, and is a rapid growth area of computer science that other disciplines are
taking note of, including geography(Frank et al., 2013; Ghosh and Guha, 2013; Gore et
al., 2015). What has been lacking is a next generation qualitative GIS to implement
these key technologies in a spatially aware interface.

Social Spatial is a first step towards a qualitative GIS for big social geospatial
data. It embraces modern programming techniques, languages, data formats, and
methods. It is modular and allows for researchers to act iteratively, testing new thematic
hypothesis as they develop. It provides a pathway for researchers to publish the
settings, keyword lists, and results of their research alongside research publications,
increasing research transparency and trust. What this program cannot do, it readily
hands off to the researcher so they may use programs that are better at those particular
activities, for example in providing easy tools for data exfiltration to traditional GIS
software. Many areas for growth and refinement clearly exist. The list of potential
analytical techniques continues to grow and the list of potential refinements to usability
and stability of the program is large, too. However, in the modern landscape of software
development the authors have chosen to ‘fail-early’ and provide the ‘minimal-viable-
product’ to its potential users to demonstrate the utility of the program, while they
continue to create a better product, using a ‘perpetual-beta’ approach (Hennig, 2017).
This approach is facilitated through the use of GIT, an online versioning and source
control platform hosted by Github. We see this as an improvement to the way previous
qualitative GIS tools have been created and shared. This approach not only makes the
code used open access, but also encourages the participation of the wider community in
not only validating the methods used and provides the opportunity for injecting new code
in a collaborative way. We see this as a progression in the way that code is written in
GlScience. As methods become increasingly complex and unsupervised, it is important
that we ensure that we remain as transparent in our implementations as possible and
continue to recognise the potential for all GIScientists to contribute to new tools that

represent all of our needs.
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Chapter 5.
Conclusion

This dissertation is the presentation of method, methodology, and software that
together produce a qualitative GIS for big data and social media. Building a qualitative
GIS is more than producing a software or set of algorithms that are capable of handling
gualitative information in light of new data. It requires critical examination of how the

code is embodied and ways in which the data are contextually sensitive.

In the first article, a natural language processing technique was implemented to
produce topic models visually across areal units, and applied to Vancouver, BC. In this
study the component parts of the algorithm were teased apart using a critical appraisal.
This appraisal of the topic modelling algorithm revealed the ways that stop words, data
selection, and parameter settings can alter the output of the model. The cartographic
algorithm investigation examined how font, color, and placement can alter the way the
output is produced — and how this affects representation. Using an area based approach
to the topic modelling algorithm allowed for the geographical problems to be identified -
such as the modifiable areal unit problem and the challenge of spatializing qualitative

information.

The second article presented a methodology in four stages that can be used for
undertaking qualitative GIS research using big data and social media. The four stages
include 1) data acquisition; 2) corpus formulation; 3) analysis and; 4) representation. At
each stage, the methods used by GIScience and computer science were critically
examined. The approach taken in this review recognizes researcher positionality and
suggests methods that work with the partial perspective of a researcher. In the
discussion of the article, issues related to data representativeness and ethics,
researcher positionality, the challenge of hybridity, and algorithmic complexity are

explored.

The third and final article presents Social Spatial, a software that implements the
method and methodology presented in the previous two articles. The purpose of writing
this software was twofold, 1) to provide access to methods that might otherwise required

specialized computer science skills and, 2) to expose as many of the parameters that go
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into qualitative social media research methods. The software was released as open-
source with thorough internal documentation to a collaborative code repository to
encourage others to contribute and make the programming as transparent as possible.
Extensive use of settings files was employed to expose parameters — word lists, model
parameters, and stop words. An advantage of using files is that it encourages users to
publish them alongside research findings. Publishing these exposes the choices made
by researchers, creating transparency in qualitative social media research methods and
the code/spaces they were enacted within without increasing the burden of research

documentation.

The contribution of this dissertation is to not only produce a qualitative GIS, but at
the same time to reveal its internal components. While other researchers have focused
on examining the impact of big data and social media analysis, this work instead
investigates the qualitative GIS itself using the tools that critical and qualitative GIS
scholars have been building since its inception in the 1990s. In order to do so effectively,
and as a contribution to the field itself, a qualitative GIS was built along the way. Thus
the call for a qualitative GIS made by Elwood and Cope in 2009 was fulfilled.

This dissertation is limited in that it provides a method, methodology and
software. It does not provide a specific implementation of these in an in-depth, peer-
reviewed, multi-investigator qualitative research study from end-to-end. Doing so would
provide a better opportunity to see how the dissertation can achieve its goal of creating a
truly qualitative GIS for big data and social media. However, this is beyond the scope of

this dissertation.

The implications of this research provide a potential pathway for future research
and offer advice for future scholars wishing to engage in qualitative GIS. First,
integrating human geography and qualitative GIS with the discipline of computer science
and natural language processing is imperative. Nothing will stop the latter from
progressing and developing ever more capable algorithms to study social phenomena,
especially as they relate to geography. Should human geography and qualitative GIS be
unable or unwilling to interact with these algorithms and the researchers that produce
them, the rich history, theory and methods of human geography, critical GIS, and the

inroads qualitative GIS has made will be undermined. Qualitative GIS and social media
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big data studies need to advance the approaches they have cultivated in sync with

changes to technology and data sources available.

It is my hope that future scholars continue to investigate the way in which
context, situated knowledges and critical can be used to understand the relationships
that exist between place and space. The ways that data and methods work on qualitative
information must be placed within a framework that is sensitive to the context and
situations they are produced within. If human geographers and GlScientists take up this
challenge, future research will help to maintain a healthy skepticism of how closely
algorithms are tied to social conventions and culture — thus avoiding black boxed

technologies and supporting integration of qualitative data.
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