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1 Introduction

Fostered by Web 2.0, ubiquitous com-
puting, and corresponding technological 
advancements, social media have become 
very popular worldwide. Various platforms 
and providers allow the general public 
to share content in the form of text, 
imagery, video, etc. on a variety of topics, 
ranging from scientific results to trivial 
information. The term social media refers 
to a wide spectrum of digital interaction 
and information exchange platforms. 
Broadly defined, social media include 
blogs and micro-blogs (e. g., Blogger, 
Wordpress, Twitter, Tumblr, and Weibo), 
social networking services (e. g., Facebook, 
Google+, and LinkedIn), and multimedia 
content sharing services (e. g., Flickr,  
Instagram, Snapchat, and Youtube). 
Regardless of the particularities of each 
platform, these social media services 
share the common goal of enabling the 
general public to contribute, disseminate, 
and exchange information (Kaplan and 
Haenlein 2010). 

Significant percentage of social media 
content is geotagged, either in the form 
of locational coordinates (latitude and lon- 
gitude) from where these feeds were con-
tributed, or as toponyms, i. e. place names 
of these locations.  Croitoru et al. (2012), 
using the GeoSocial Gauge system to 
harvest and analyze social media content, 
observed that on average, the percentage 
of accurately geolocated tweets (at  
the level of exact coordinates) ranges  
between 0.5 and 3 %. In addition  
to accurate geolocated tweets, Croitoru  
et al. (2012) observed that approximately  
40 to 70 % of tweets come with a 
descriptive toponym related to the  
location of the contributor. Imagery  
and video contributions on social  
media have currently much lower geolo-
cated content. Approximately 4.5 % of 
Flickr imagery and 3 % of YouTube con-
tent are geolocated, while it is expected 
that these numbers will rise over the  
next few years (Friedland and Sommer 
2010).

Social media feeds represent a new  
type of geographic data because they 
extend far beyond the constraints of  
geographic coordinate system-based 
information. Social media feeds deviate 
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Social media content provides direct and indirect locational information. 
However, simply mapping media content such as Twitter posts will only pro-
vide a limited scope on the social media conversation. Assessing geotagged 
conversations needs to be combined with analyzing content and network 
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view on public health conversations. Cluster dendrograms and the network-
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tanning-related social media tweets, but also public discussions that relate to 
skin cancer and melanoma health concerns, fashion and beauty.
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Benutzer des Mediendienstes Twitter stellen bewusst und unbewusst eine 
Reihe von Informationen und Geodaten öffentlich zur Verfügung. Viele  
soziale Medienanalysen hat eine bedingte Aussagekraft, da die thematischen 
Visualisierungen häufig nur den Standort der verschickten Tweets darstellen. 
Eine wesentliche Anforderung ist die Entwicklung von Bereinigungsmecha-
nismen für soziale Mediendaten sowie die Darstellung von Netzwerk- 
strukturen, Dynamiken, Interessensgemeinschaften und thematischen 
Schwerpunkten. Der vorliegende Beitrag zeigt wie mithilfe von Twitter-
Informationen die öffentliche Meinung und Diskussion zum Sonnenbräunen 
in den USA untersucht, werden kann. 25 Millionen Tweets wurden über  
einen Zeitraum von sechs Wochen zu diesem Thema gesammelt. Diese  
Daten wurden gefiltert, bereinigt und mithilfe von thematischen Karten, 
Dendrogrammen sowie netzwerkbasierten Analyseverfahren für Interessens-
gemeinschaften aufbereitet. Erste Ergebnisse zeigen, dass viele soziale  
Mediendaten durch Werbung und Spam verunreinigt sind. Nach dem  
Herausfiltern dieser Datensätze kann eine bessere Analyse der öffentlichen 
Diskussion zu Einstellung und Gefahren des Sonnenbräunens vorgenommen 
werden. Dieser Beitrag zeigt neue Forschungspotenziale innerhalb der  
Kartographie auf sowie interdisziplinäre Entwicklungsanforderungen zur 
besseren Analyse von sozialen Mediendaten.
n Schlüsselwörter: Crowdsourcing, Soziale Medien, Ambient Geographic  
Information, VGI, Hautkrebs

131

KN
3/2015



SOCIAL MEDIA FOR MAPS J. R. Radzikowski: Using Twitter Content

A representative example for content 

information is Twitter, where the received 

data are actual tweets and their associated 

metadata (e. g. user information, time 

of tweet publication, geolocation when 

available, and information on whether 

this particular tweet is in response to or 

retweet of an earlier message).

Once this information is harvested from 

social media servers, it can be parsed to 

become part of a local database (e. g. 

implemented using PostgreSQL), thus 

creating a local mirror of the content of 

the original server for the entries specified 

by our queries. Depending on the subject, 

the queries may be infrequent, or may 

be intensified during episodes of crisis, 

media activity, or public interest. While the 

information harvested from social media 

in this manner might not be explicitly 

geospatial, it includes implicit geospatial 

content, which requires novel types of 

geospatial analysis and visualization. 

Several system approaches have been 

proposed to perform these tasks in a more 

organized manner and within a dedicated 

software architecture (e. g. MacEachren et 

al. 2011; Croitoru et al. 2013). However, 

research in this area is at an early stage. 

Figure 1 shows the overall architecture of 

the GeoSocial Gauge system (Croitoru et 

al. 2013) as a representative architecture 

example, to document the queries, infor-

mation flow and key database processes 

behind harvesting and analyzing public 

social media content. The key elements of 

the systems are: a searchable database, 

a source information processor, and a 

social media database. The searchable 

database acts as storage for the collected 

social media content and can be used to 

quickly access individual entries. A source 
information processor extracts information 

from the source material e. g. in form of 

relations between social media entries, 

or between users contributing content. 

The social media database is used as a 

storage for the extracted information. The 

next step in the data analysis process is 

knowledge extraction. This step heavily 

depends on the application and cannot 

be abstracted as a building block of the 

generic information collection system. 

Information about the location of a 

sender of a tweet is available from several 

emerge with ambient geographic informa-
tion for geovisualization.

2  Harvesting Geographical  
Content from Social Media

Harvesting information from social media 
feeds entails three operations: extract-
ing data from data providers (various 
social media servers) via Application 
Programming Interfaces (APIs); parsing, 
integrating, and storing these datasets 
in a resident database; and then analyz-
ing the data to extract information of 
interest. Original social media feeds can 
be retrieved from source data providers 
through queries. This entails submitting a 
query in the form of a Hypertext Transfer 
Protocol (HTTP) request and receiving a 
response in Extensible Markup Language 
(XML) format (e. g. Atom Syndication For-
mat or RSS), or Javascript Object Notation 
(JSON). The harvesting parameters may 
be, for example, based on location (e. g. 
specifying an area of interest to which the 
feed is related), time (e. g. specifying a 
period of interest), content (e. g. specifying 
keywords), or even by user handle/ID. In 
response to these queries, and depending 
on the characteristics of the information 
provided by the service, researchers can 
receive metadata or metadata and content 
information. A representative example  
of the metadata case is the shared photo 
platform Flickr, where the query result 
contains exclusively metadata informa- 
tion (e. g. author, time, and geolocation 
when available), and information on how 
to access the actual image itself.  

from the established geospatial commu-
nity-based definitions of crowdsourcing 
(Fritz et al. 2009), contributed geographic 
information (CGI; Harvey 2013), or 
volunteered geographic information (VGI; 
Goodchild 2007) as they are not the  
product of a process through which 
citizens explicitly and purposefully 
contribute geographic information to 
update or expand geographic databases. 
To emphasize this distinction, geographic 
information from social media feeds has 
been described as Ambient Geographic 
Information (AGI; Stefanidis et al. 2013). 
Geographic content may be directly 
embedded in such social media feeds or 
be derived from content of numerous 
entries requiring a different locational 
extraction method.  

Social media feeds become increasingly 
“geosocial” in the sense that they often 
have substantial geographical content 
combined with timely societal issues. Ana-
lyzing social media can enable researchers 
to gauge public opinion on critical or 
societal issues and how these opinions 
vary over time and events. For example, 
social media feed harvesting can identify 
geographical hotspots of cyber communi-
ties that participate in specific discussions 
and highlight their interactions with other 
user communities. This research manu-
script will highlight ambient geographic 
information analysis by harvesting and 
analyzing public social media discussions 
on the topic of tanning, with an empha-
sis on skin cancer and melanoma. The 
main objective is to outline the spatial 
and non-spatial mapping challenges that 

Fig. 1: Architecture 
of a system to harvest 
and ingest social 
media feeds that is 
driven by Twitter 
(Croitoru et al., 2013) 
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and visualizing the content with map-

based metaphors and concepts. Especially 

the work of Fabrikant and Buttenfield 

(1997) was starting a discussion of 

utilizing information visualization concepts 

and mapping principles to access large 

databases (Fabrikant 2000). Since then, 

many cartographers have started to tackle 

analyzing big databases and social media 

content, often stating that their analysis 

is limited by the geospatial constraints 

and thus aim to better understand the 

dynamics behind it (Nelson et al. 2015). 

This manuscript highlights the limitations 

of geotagged content and introduces 

initial mapping opportunities to assess 

social media interactions between partici-

pants and filter out irrelevant topics from 

valuable social media discussions. At the 

end of this process not only geospatial 

information but also the semantic media 

space will be visualized. 

4  Case Study: Visualizing Twitter 
Content on Tanning

Adolescent exposure to excessive ultravi-

olet (UV) radiation, especially from indoor 

tanning devices, is a serious concern. 

Unfortunately, in many U.S. states, minors 

have open access to indoor tanning beds. 

Tanning is immensely popular, accepted 

and often encouraged in many social 

circles. The public has received mixed mes-

sages from providers and health officials 

regarding the dangers of indoor tanning. 

These contradictory messages have 

exacerbated the confusion and misunder-

standings associated with indoor tanning 

devices. As melanoma rates have nearly 

doubled for women aged 15 –39 from 

1973 to 2004 (Purdue et al. 2008), there 

is also initial evidence that indoor tanning 

beds might have significantly contributed 

to this increase (Lazovich et al. 2010). 

In an attempt to reduce the number of 

minors exposed to these devices, the Food 

and Drug Administration (FDA) reclassified 

indoor tanning devices in 2014. As a 

result, manufacturers are now required to 

display a black box warning on tanning 

devices that clearly states that the device 

should not be used by anyone under 18 

years of age (U.S. Food and Drug Admin-

istration, 2014).  Additionally, many states 

to various events that relate to them.

• Content structure, whereby the objec-

tive is to visualize thematic and  

contextual information from which 

knowledge can be derived. 

• Geotagged content, whereby the  

objective is to visualize the spatial  

distribution of such content, identifying 

for example hotspots at various  

locations representing the location of 

the participants in the corresponding 

social media discussion.

Visualizing social media data would 

generally fall into the category of thematic 

cartography. A cartographer would take 

the collected datasets, process them 

according to classification, generaliza-

tion, symbolization and other thematic 

mapping principles, and finally visualize 

the locational information on a map. 

While this approach, most often realized 

through choropleth maps, is providing 

locational information about spatial 

patterns and trends; It omits important 

aspects of social media content, such as 

the context of the discussion, the struc-

ture of underlying social networks, and 

the semantic network built by references 

to keywords added by the authors. Thus, 

traditional choropleth maps may provide 

only limited access to Ambient Geo-

graphic Information as they visualize only 

spatial distributions. Croitoru et. al. (2015) 

demonstrate how the analysis of spatial 

footprints, social network structures, and 

content in both physical and cyberspaces 

can improve the understanding of infor-

mation propagation mechanisms in social 

media, and establish virtual links between 

spatially distant locations by the virtue 

of connections existing in social space. 

To gain insight into these complex social 

media processes, cartographers have to 

reach outside of familiar cartographic 

representations. As Croitoru et al. (2015a) 

have shown, limiting Ambient Geographic 

Information discussions on geotagged 

locations is not sufficient. Focusing on 

the geotagged footprint only will omit 

the links between discussion contributors, 

thus this research focuses on the network 

structure, structure dynamics and content 

of Twitter messages.

Several cartographers have done 

research on querying large data archives 

sources within the tweet’s metadata. 
The most precise information is available 
when a user allows the Twitter client to 
access the device’s GPS receiver and the 
tweet is located using actual coordinates 
of the device itself. Tweets geolocated 
using device coordinates can be used for 
street-level spatial analysis. Next, in order 
of accuracy, is location determined by 
Twitter. This information is derived from 
metadata about a user’s connection, e. g. 
IP addresses. The accuracy of this informa-
tion can vary from street-level to regional 
level, depending on accuracy of the IP 
geocoding. Due to uncertainty in location 
estimation, this information is often used 
for data analysis at city level. The least 
accurate location is derived from textual 
location descriptions provided by user 
profiles in the form of toponyms.  
This information is converted to geo-
graphic coordinates using a geocoder. 
Because of the coarse spatial resolution, 
tweets geolocated using this technique 
are useful only for analysis at a regional 
scale. However, toponym-based analysis 
should not be completely dismissed, 
because many social discussions happen 
at a regional level. Analyzing location  
and emotional content will provide  
valuable information about a user’s  
spatial identity.

3  Emerging Mapping Concepts: 
Visualizing Cyber Interaction 
and Content

Given the complex nature of the content 
that may be harvested from social media 
feeds, mapping such content exceeds 
established thematic cartographic prac-
tices. Croitoru et al (2015) summarized 
the layers of information that can be 
extracted and visualized from social media 
feeds:
• Network structure, whereby the objec-

tive is to highlight underlying social 
networks that can be derived from 
social media data.

• Network structure dynamics, whereby 
the objective is to capture the highly 
dynamic structure and function of  
these networks, identifying for example 
how information is disseminated through 
them, and how such networks respond 
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In order to assess the public’s disposi-

tion towards tanning, Twitter data were 

collected using the GeoSocial Gauge 

platform (Croitoru et al. 2013) with the 

following keywords: “tanning”, “tan”, 

“skin cancer”, and “melanoma”. Using 

these keywords 25,028,432 tweets from 

all over the world were harvested between 

the beginning of February to March 20th, 

2015. These tweets were filtered geo-

graphically to the 48 contiguous states, 

and then only tweets whose declared 

language was English were selected. Over-

all the six weeks data harvest generated 

809,234 usable tweets. Table 1 shows a 

number of tweets breakdown by topic 

and location accuracy. For the topics on 

tanning, melanoma and skin cancer the 

geolocation accuracy is consistent across 

the search terms. Tweets without any 

locational information were excluded 

from this study. The following sections 

will highlight the major research findings, 

especially as they relate to the mapping 

challenges of social media content.

4.1 Mapping Spatial Distributions
Choropleth maps are mostly utilized to 

visualize spatial patterns quickly. The 

information content of these representa-

tions is usually constraint by administrative 

borders, selected color and/or classifica-

tion schemes. However, choropleth maps 

are used in this context to provide an 

initial overview of the collected tweets 

and showcase the issue of limited social 

media content representation. The tweets 

were binned by states, and the counts 

were normalized by state populations. This 

approach provides a pre-processing repre-

sentation of how deep residents of each 

state were involved in tanning related 

discussions. Comparing the observations 

in Table 1 with the total population of the 

United States, it becomes clear that the 

social media participation in the tanning 

discussion was relatively low. On average 

1 out of 400 people sent a tweet which 

was included in our study. In addition,  

the range of participation indices across 

U.S. states was very wide: in some cases 

the participation indices between most 

and least active U.S. states spanned 3 

orders of magnitude. Thus, a logarithmic 

transformation was applied to show 

to raise awareness of the dangers of skin 
cancer and to encourage the American 
public to take preventative actions. Of 
the five goals outlined in the document, 
the fourth goal is to Reduce Harms from 
Indoor Tanning (U.S. Department of 
Health and Human Services, 2014). 

have implemented laws that either restrict 
minors from utilizing indoor tanning beds 
or require parental consent before a minor 
can partake in indoor tanning activities. 
In July 2014, The Surgeon General’s Call 
to Action to Prevent Skin Cancer was 
released. The Call to Action was intended 

Topic Total Coordinates from

Toponyms Twitter GPS

Overall 809 234 (100 %) 784 187 (96.90 %) 3 069 (0.38 %) 21 978 (2.72 %)

tanning 695 178 (85.91 %) 671 757 (96.63 %) 2 637 (0.38 %) 20 784 (2.99 %)

melanoma 4 870   (0.60 %) 4 749 (97.52 %) 67 (1.38 %) 54 (1.11 %)

skin cancer 11 888   (1.47 %) 11 433 (96.17 %) 44 (0.37 %) 411 (3.46 %)

Table 1: Harvested and filtered tweets by search term and location information

Fig. 2: Involvement 
in tanning discussions 
(Feb. 1s – March 20th, 
2015)

Fig. 3: Melanoma 
discussions on Twitter 
(Feb. 1st – March 20th, 
2015)

Fig. 4: Skin cancer 
discussions on Twitter 
(Feb. 1st – March 20th, 
2015)
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readability and information content. 
Lowering the threshold resulted in graph 
being too sparse, while increasing the 
threshold caused the plot to become 
unreadable.

The structure of a dendrogram shows 
hierarchical clustering of occurrences and 
co-occurrences. The distance between 
clusters indicates the similarity of these 
clusters. For example, on the left side of 
the dendrogram (figure 5) the words sun-
less, airbrush, and solution are often being 
used together, especially in the context of 
spray (tanning). Similarly, the term beauty 
is clustered with deal, which actually 
could indicate the effect of social media 
spamming and commercial messages in 
the dataset. This finding already questions 
the overall pattern in the thematic maps:  
not all tanning tweets are concerned with 
the dangers of sun-tanning or indoor- 
tanning.

While the dendrogram captures the 
main topics of a social media discussion 
well, it is not very useful for discovering 
less pronounced, but important threads. 
To discover the main discussion topics 
within a dataset, the components of 
a tweet by carry the biggest semantic 
payload need to be identified: hashtags. 
Hashtags are keywords preceded by a 
hash (“#”) character, selected by the 

4.2  Mapping the Social Media  
Discussion

While choropleth mapping captured the 
spatial distribution of the communities 
that participate in the tanning discussion, 
it failed to capture the content of the 
discussion itself, for example whether 
these communities are united in their 
views or what are the key issues that they 
identify, etc. In order to address this issue, 
we developed a dendrogram (figure 5) 
to show the results of text mining in the 
social media content. 

The dendrogram was built from a set 
of documents, where each tweet was 
considered a single element. The docu-
ments were cleaned by removing excessive 
white spaces, punctuation characters and 
numerals, and common English stop-
words. The entire data corpus was con-
verted to lower case letters and stemmed. 
After cleaning, the term document matrix 
(TDM) was built. Distances between the 
terms were computed using Euclidean 
distance metrics, and then clustered 
using Ward’s minimum variance method 
(“ward.D2” from package “stats” in R). 
To improve the outcome and readability, 
sparse terms were removed from the 
TDM. The threshold for removal was 
empirically determined at the level  
of 0.97, as a compromise between plot 

participation in the tanning discussion on 

an ordinal scale. 

Figure 2 highlights the levels of Twitter 

activity at the U.S. state level regarding 

the four defined search terms. Spatial  

patterns in figure 2 shows strong social 

media participation in the tanning discus-

sion in Delaware, North Dakota, Arkansas 

and New Mexico. In contrast, California 

and Florida, which are the U.S. states that 

one would tend to associate with tanning 

discussions, display lower levels of social 

media participation. While the choropleth 

map will not provide any indications about 

why social media is discussing tanning 

content, one has to know that Delaware 

recently passed legislation that bans all 

minors under the age of 18 from using 

indoor tanning devices. In the past year, 

North Dakota has also passed legislation 

that bans all minors under the age of 14 

from using indoor tanning devices. In both 

cases, indoor tanning legislation could 

be considered a driving force behind the 

increased levels of social media partici-

pation. However, the reasons behind the 

spike in tanning discussions in Arkansas 

and New Mexico are more uncertain and 

will require additional content analysis.

Figure 3 represents the discussion that 

references the keyword “melanoma”, nor-

malized by state population. It is import-

ant to note that states which were leading 

the discussion in all four categories have 

very low levels of participation in the 

melanoma discussion. The state with the 

highest participation index is the District 

of Columbia (not visible on the map due 

to scale). California ranks high on the par-

ticipation scale and North Dakota, which 

was close to the top for all “tanning” 

tweets, has an overall low participation 

index. The cutoff threshold for number of 

tweets per state was set to 10. Numbers 

below this value were considered as noise 

and not used for the analysis.

Figure 4 highlights the data subsets that 

reference “skin cancer” discussions, nor-

malized by state population. The overall 

results are comparable to the melanoma 

representation in Figure 3. However, 

higher participation can be seen in the 

western North-Central states, especially 

North Dakota and Wyoming. The most 

active state is the District of Columbia.

Fig. 5: Dendrogram 
built by clustering 
words from term-
document matrix for 
the tanning tweets 
(Feb. 1st – March 20th, 
2015)
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network which contains 54,724 nodes 

(hashtags) and 139,788 edges. To discover 

the discussion topics the Louvain unsu-

pervised community detection algorithm 

was applied on the network (Blondel et al. 

2008).

Figure 6 shows the entire network of 

hashtags built using the tweets from our 

dataset. Colors assigned to the nodes 

indicate assignment to detected commu-

nities, and differentiate discussions within 

the data corpus.

Figure 7 shows the structure of the 

network formed by discussions about 

tanning. The size of a node and the 

selected colors indicate the number of 

occurrences of a hashtag within the data 

set. The thickness of an edge between 

two nodes indicates the number of times 

the corresponding hashtags have been 

used together. The most commonly used 

hashtags, and strength of the connections 

between them in figure 7, clearly indi-

cate that the discussion revolves around 

summer and getting a tan.

Figure 8 shows the community formed 

around the hashtag #melanoma. The 

strongest connection from the top 

hashtags is to #skincancer, indicating 

that the two terms are used together very 

often. The second strongest connection 

is to hashtag #cancer. Thus, initial data 

analysis can assume that the keywords 

highlighted in this cluster indicate tweets 

discussing health problems related to 

tanning.

The communities of hashtags define 

prevailing discussion topics, but the fact 

that a hashtag has been classified as part 

of a community does not mean that it is 

never used in conjunction with hashtags 

defining another topic. The number of 

such links between nodes belonging to 

distinct communities, and their weights 

(thicknesses) are good indications of 

interactions between topics, but may also 

indicate dilution of the discussions. From 

18,126 topics identified by the community 

detection algorithm, we selected eleven 

of the most popular topics. Communities 

with most commonly used hashtags  

were:

• A community formed around search 

keywords tan, and tanning. This 

community consisted of discussions 

with a single hashtag can reveal how local 
celebration can turn into a nation-wide 
event.

As hashtags link messages, these 
messages link groups of hashtags 
together into networks. These networks 
can be represented as a graph, where 
nodes represent hashtags, and the edges 
represent co-occurrences of hashtags 
within a tweet. The more often two 
hashtags are used together, the stronger 
the edge is between them. The six-week 
tanning dataset in this study creates a 

sender as being representative for the 
topic of the tweet. Such keywords are 
automatically converted by Twitter into 
URLs linking the tweet to other tweets 
containing the same hashtag. By simply 
adding the hash character in front of a 
keyword, users build a semantic network 
linking their messages to each other. 
Hashtags allow researchers to quickly 
and easily discover messages where 
people most likely discuss the same 
topics. Crampton et al. (2013) show how 
geospatial analysis of twitter traffic tagged 

Fig. 6: Network of 
hashtags extracted 
from the tanning 
tweets (Feb. 1st – March 
20th, 2015)

Fig. 7: Cluster of 
hashtags related to 
discussions about  
tanning (Feb. 1st – 
March 20th, 2015)
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containing only digits (hence the name 
“number hashtags”). The second group 
is formed by tweets discussing armed 
conflicts, using the hashtag #tank. Due 
to the similarity of the hashtag to one of 
our filter words (tan), those tweets were 
included in our data stream. This tanning 
example shows how constructing the 
graph of hashtag bigrams helps not only 
to understand the structure of discussions, 
but also to clean up social media datasets. 
It would be almost impossible to identify 
all stop-words necessary to filter out 

ing melanoma and skin cancer, fashion, 
beauty, and winter sports.

The two topical communities shown  
in figure 9 that may require additional 
investigation are the “number hashtags” 
(the second largest community in the 
dataset) and the node formed by such 
keywords as #ukraine, #kenya, #tanza-
nia, etc. The first community is a group 
of tweets sent by spammers advertising 
products for sale on eBay. To attract 
customers they use a lot of tanning-re-
lated keywords, but also use hashtags 

about tanning in general, including 

topics described by hashtags: #beach, 
#summer, #bikini, #sunshine, and 
#spring break.

• The second and third biggest commu-

nities (by the number of hashtags) were 

formed by advertising messages, which 

included tanning-related keywords, and 

by messages containing the hashtag 

#tank.

• The fourth biggest group formed 

around discussions about melanoma 

and skin cancer. The messages that 

created this community can be iden-

tified by the use of hashtags: #mela-
noma, #cancer, #skin cancer, #skincare, 
#health, #sunscreen, and #sunburn.

Figure 9 shows the network of intercon-

nections between these topics. Nodes 

in the graph represent communities – 

discussion topics, and edges are formed 

by aggregation of links between nodes 

belonging to connected communities. 

The numeric labels on the nodes are the 

community identifiers assigned by the 

clustering algorithm. The largest and most 

important communities received keyword 

labels defining the discussions. The size of 

a node represents the number of hashtag 

uses belonging to a community, and the 

thickness of the edges depends on the 

total number of hashtag co-occurrences 

belonging to the communities linked by 

that edge.

After reviewing the social media con-

tent on tanning it is immediately apparent 

that there are no isolated discussions. 

Since the keywords from the topical 

communities are often common words, 

they are used not only with the keywords 

belonging to their own community, but 

also with other hashtags. Therefore, the 

graph of topics has a dense network of 

connections between nodes. The biggest 

nodes in the graph are those formed 

around the filter words (tanning, tan, skin 

cancer and melanoma). Since each of the 

tweets in the tanning data set by defini-

tion contains one of those words, these 

clusters will have connections to most 

of the remaining topical clusters. This is 

apparent when observing the biggest 

cluster in the dataset, formed around the 

keywords related to tanning. This node is 

strongly connected to discussions regard-

Fig. 8: Cluster of hash-
tags related to  
discussions about 
melanoma (Feb. 1st – 
March 20th, 2015)

Fig. 9: Network of 
connections between 
major clusters of  
hashtags (Feb. 1st – 
March 20th, 2015)
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spam, or non-related tweets by manually 
assessing the social media content.

Conclusions

Big data, crowdsourcing and social media 
content analysis provide many new chal-
lenges for mapping in the cloud. On the 
one hand cartographers need to develop 
methods for data collection, filtering, and 
analysis, and on the other hand they need 
to develop visualization methods to map 
connections between social media content 
that might not be geospatially-related at 
all. Harvesting social media data, search-
ing for keywords and placing the data on 
a thematic map is certainly not enough.

The applied research example presented 
in this manuscript aims to investigate how 
social media content can be utilized to 
better understand public opinion about 
indoor and outdoor tanning. While gov-
ernmental agencies and non-governmen-
tal agencies spend millions of U.S. dollars 
educating the public about the dangers 
of tanning it is barely understood how the 
public discusses these dangers and the 
implications of tanning. While mapping 
harvested keywords is not enough, spe-
cific filter methods were developed in this 
research to better analyze and visualize 
the social media content, discussion 
clusters, networks, and relations. This 
study collected over 25 million tweets in 
six weeks and utilized these tweets to 
develop an initial analysis framework to 
better understand social media content. 
While the four keywords (tanning, tan, 
skin cancer and melanoma) were relatively 
complex for social media discussions, 
additional keywords are selected that 
possibly might better reflect social media 
language on indoor and outdoor tanning 
perception. Future research will also 
involve revising the existing filter methods 
and developing new geovisualization 
methods to address the non-geospatial 
nature of much of the social media 
content.
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