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Abstract: This study assesses the usefulness of social media for identifying public perceptions of in-
trinsic landscape values for landscape design and planning. We examine the ways individuals and in-
stitutions value and publicly discuss landscape perceptions and issues with an aim to inform landscape
design and planning. We also assess the spatial distribution, content and sentiments of tweets. Our aim
is to develop a methodology for landscape planners and architects to employ social media data to assess
landscape values and perceptions in a variety of spatial and cultural contexts. These data could be used
to develop design, planning, and conservation priorities, but our initial study offers clear directions for
how to better capture and analyze these data for landscape design and planning.
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1 Introduction

Social media is an integral component of contemporary social interactions and mass commu-
nications. However, the potential for social media to inform landscape planning and design
has not been clearly identified. Recent studies suggest potential opportunities for social media
to inform landscape planning through enhancing understanding public spatial and environ-
mental preferences, effective public outreach and communication strategies, as well as the
spread of ideas and behaviors through online channels (LEVIN et al. 2015, HAUSMANN et al.
2017, DI MININ et al. 2015, PARSONS et al. 2014, SHIFFMAN 2012, GUERRERO et al. 2016).
This study explores a new avenue, namely how Twitter data may be mobilized to understand
public perceptions and values around landscape and conservation issues. We aim to identify
variation between Twitter topics and sentiments discussed across both spatial and social di-
mensions, including rural to urban and institutional to individual. This study primarily fo-
cuses on the National Capital Region of the United States of America (as defined by the
National Park Service), however the methodology developed is intended to be applied in
diverse contexts. By creating a novel Intrinsic Landscape Assessment System (ILAS) based
on Twitter data, we aim to advance methodology for landscape planners and architects to
leverage big data and social media to inform theory and practice in the field.

Landscape conservation planning increasingly involves input from diverse stakeholders and
across broad spatial scales. However, traditional field studies and surveys can sometimes be
both time consuming and costly, which may limit the level of effective community engage-
ment among some landscape planning initiatives. Social media, including Twitter data, has
shown promise as an avenue for gauging public use of protected and unprotected spaces (e. g.
LEVIN et al. 2015, HAUSMANN et al. 2017), improving science and conservation communi-
cation (DI MININ et al. 2015, PARSONS et al. 2014, SHIFFMAN 2012, DEMETRIOUS 2017,
LoVEJOY et al. 2012, RYBALKO & SELTZER 2010), and assessing cultural ecosystem services
(FIGUEROA-ALFARO & TANG 2017, OTEROS-ROZAS et al. 2018). Social media also has
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potential to inform landscape planning initiatives. In this study, we deploy social media data
to assess how public and institutional actors think about and prioritize core landscape values,
aesthetics and conservation. For this first effort we are tightly focused on ideas centered on
landscape scale conservation design and planning, but are certain that this methodology could
be adapted at multiple scales (potentially even the site scale).

2  Methods

This study involves four main phases: 1) data preprocessing, 2) semantic analysis, 3) geo-
graphical analysis, and 4) social network analysis. Here we present an initial investigation
into the first three phases. To collect data that may be relevant to landscape planners, we
created a 275-word query called ILTerms (Intrinsic Landscape Terms), which defines the
keywords and terms related to the conservation (Table 1). The ILTerms list was generated
based terminological resources from several large conservation and environmental organiza-
tions, including the U.S. EPA, the United Nations Environmental Program, and the World-
wide Fund for Nature. The ILTerms lexicon was used to crowdsource Tweets that include
the pre-defined keywords either in their text or hashtags. The term list was limited to 275 to
fit with the Twitter query restrictions.

Table 1: Selection of terms from the 275-word ILTerms query

Selection of terms from the 275-word ILTerms query

e Landscape e Overfishing

e Air quality e Solar energy

e Conservation e (Critical habitat

e CITES e Biodiversity

e Wildlife e  World Heritage Site

Twitter users share short 140-character messages (this length is in the process of expanding).
The texts can include words, URLs, @mentions, hashtags, emoticons, abbreviations, etc. To
analyze this data, we clean the texts by removing URL links and user mentions (@), which
are not relevant to the core meaning of the text in a large number of tweets. We also remove
the special characters that are unnecessary for further analysis. We tokenize the tweets to
unigrams based on regular expression patterns. Each tweet is segmented into their constituent
words and converted to lowercase. We also remove the stop words that have no significance
and words with less than two characters, conduct parts of speech tagging and lemmatization.
The Data Preprocessing pipeline was created by a co-author in her previous study and will
provide the basis to normalize the ILTerms Tweets.

In this study, we analyzed Twitter data from a two-week period between November 16-30,
2018 (except August 19). The Streaming Data were collected through a Twitter Streaming
API in the Urban Complexity and Resilience Lab and was stored in pickle files every hour.
In total, the ILTerms keyword query yielded 22,853,399 tweets, 19,327,380 of which were
in English. Of the English language tweets, 217,556 contained “Place” attributes. Using the
place names, we geocoded the tweets using the Data Science Toolkit’s geodatabase and the
ggmaps R package, ultimately yielding 215,084 georeferenced tweets. Place name specificity
varied from specific addresses (e. g. National Museum of Natural History), to town names
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(e. g. Washington D.C.), to broader spatial locations. The text from these tweets was then
cleaned by removing urls, punctuation, stop words, and contractions; primarily with stringr
and the tidyverse package suite in R. Maps of tweet distributions were made with ArcMap.

To assess the common themes and semantic patterns in the Twitter data, we calculated the
most frequent single words, bigrams (paired words), and trigrams (three sequential words)
within the dataset. In order to select the variables that might be most relevant for landscape
planners and conservationists, we examined the top 100 words from each list and selected up
to 10 potential terms for further analysis.

3 Results

3.1 Text Analysis

Table 2 highlights a selection of some of the most frequent words found in the ~215,000
georeferenced tweets. Several of the common words — such as “climate”, “forest”, and “en-
vironment” — were part of the original ILTerms lexicon, while others — such as “people”,
“love”, and “time” — were emergent common terms. In addition, we found that some of the
tweets included spam, or meaningless tweets, such as job posts and product advertisements.
This messy data suggests that the next iteration of the ILTerms Lexicon may benefit from
using advanced natural language processing to further extract the semantic meanings of tweet
text.

Table 2: Top words and paired words in English language geotagged tweets

RANK WORD N BIGRAM N

1 Nature 16,815 Climate change 9,010
2 Climate 16,223 Global warming 2,060
3 Forest 11,210 Air quality 1,784
4 Change 11,064 Mother nature 1,295
5 Environment 9,170 Nature conservancy 907

6 People 7,286 Cancer protecting 658

7 Refuse 7,272 Brother nature 630

8 Time 4,884 Hiring careerarc 529

9 Diversity 4,475 Fast paced 522
10 Love 4,447 Forest fires 466

We found that many of the keyword query terms that we identified as referring to specific
landscape or conservation issues instead seemed to refer to alternative meanings in the con-
text of Twitter content. For example, the word “environment” was not always used to refer
to the natural or built environment, but rather, often referred to the political environment,
social environments, or work environments. In addition, words such as “refuse” which was
intended to refer to trash or pollution, is more frequently used in tweets as a verb than a noun.
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Despite these limitations however, we did find that our query was able to identify current
environmental issues — such as the wildfires in California or Trump’s tweeting about forest
management — as well as visual and recreational landscape values — such as beautiful sunsets,
landscape photographs, and hikes. Some example Tweets from our ILTerms query illustrate
the range of topics covered in these public microblogs:

“taking it all in #nofilter #nofiltersneeded #sunset #sky #clouds #beautiful #nature
#lake #lakeview @ south lake ta[hoe]”
“just posted a photo @ marco island nature preserve & bird sanctuary”

“one of our great @wvstateparks to enjoy L1~

“an admirable cause. As #landscape #architects we agree. trees so important to our
lives.”

Some of these tweets may be useful for identifying locally relevant environmental issues or
valued public assets. For example, aggregating tweets that refer to activities or aesthetics may
be a way to identify key geographic locations associated with these values (e. g. kayaking,
photography, stargazing).

Table 3: Counts of words frequently paired before or after the following key terms: envi-
ronment, landscape, park, quality. These data are only derived from English-lan-
guage, geotagged tweets gathered using the ILTerms keyword query

Word 1 Word 2 N Wordl Word2 N
Social Environment | 160 Healthcare | Landscape 255
Collaborative | Environment | 144 Landscape | Landscapephotography 85
Hostile Environment | 130 Beautiful Landscape 66
Diverse Environment |77 Landscape | Photography 64
Learning Environment |76 Nature Landscape 63
Forest Park 209 Air Quality 1,784
National Park 153 Quality Index 70
Park Forest 121 Quality Health 33
Wildlife Park 106 Unique Quality 32
wY Park 87 Quality Drinks 31

3.2 National Capital Region of the United States

A major focus of this project is on the geographic distribution of ILTerms tweets. Figure 1
highlights the spatial distribution of the ILTerms tweets from the two-week period sampled.
This figure illustrates the global distribution and representativeness of the study tweets. Ul-
timately, we aim to assess whether the spatio-temporal distribution of ILTerms can be used
to identify areas with contemporary conservation problems or to improve landscape conser-
vation planning.

Our pilot study aims to test the ILTerms assessment system in the National Capital Region
of the United States. This is a region with rich cultural and natural resources, located on both



88 Journal of Digital Landscape Architecture - 4-2019

public and private land. In addition, as a primarily urban and peri-urban region, the likelihood
of tweets occurring on public lands may be greater than is possible in more remote regions
and parks. Using the common tweet terms, we found that many of these terms were com-
monly discussed in the National Capital Region. Figure 2 displays the distribution of tweets
with given keywords and bigrams across the National Capital Region. Some of the tweets
come from public institutions, such as museums, while others are from the general public.
There does seem to be some clustering of the tweets based on their thematic content, but at
this stage, the relationship between land tenure, land use, and other spatial data layers and
the ILTerms data remains an area for future investigation.

One potential limitation in our data collection is that November is the end of Autumn in the
National Capital Region, meaning that fewer people may be outside enjoying public spaces
than would occur in the summer. A quick analysis of tweets in warmer weather climates,
such as Florida, suggested that more of the ILTerms tweets were actually discussing the
physical landscape and experiences of landscapes.

Fig. 1: English language tweets from ILTerms query from November 16-30, 2018



M. Brown et al.: ILAS: Intrinsic Landscape Assessment System for Landscape Design 89

@
® LOoUe °
® o -g°.¢
e © o0
®
= ®
¢ el ® ‘nh
® .
Legend & s ® ®:y:l L
. & BSo - 0°
@ cimate e e 'e © b9
v
@ nature [ i
o 2 VRS
@  Environment .d * .
®  Forest ®0 Mg @
[ ] ®
2 Green ®e
L
@ Infrastructure 2 o
@
@ Health
+ NCRtweets
® 'y
+, . @
[ L]
% ®
o, + 15}
o (] L)
2 y °
oY ® e @
£ i ¢ @& ”: e
Legend 8 . i, 8
T e e
@ climate change . ".: .
i . .
@ Global warming . e ...‘ ] .~’:
© Forestfire S o
oo e Gg
©  Brother nature . ®
&  Sustainable development Q-
* NCRiweets

Fig. 2: Distribution of Tweets in the U.S. National Capital Region. Tweets are colored ac-
cording to keywords in the text. Top map is single keywords and bottom map is
bigrams.

3.3 Sentiment and Hashtag Analysis

Assessing landscape values and perception involves sentiment analyses of public experiences
of landscapes. To assess the sentiment of ILTerms tweets, we used the NRC Word-Emotion
Association Lexicon, which is built into the tidytext R package. Table 4 displays the senti-
ments included in the NRC Lexicon. Based on analyzing the sentiment of the sampled tweets,
words such as “change,” “bad,” and “government” were associated with fear, while words
such as “tree,” “cancer,” and “hate” were associated with anger. Such assessments of the
emotional sentiment of tweets may be of limited utility to landscape planners. Instead, land-
scape architects may be more interested in aesthetic or sensory experiences of a place, as well
as emotive responses to a place that are coupled with specific place-based descriptions.
Simply assessing emotional content of tweets without the broader context of the entity that
is evoking a particular emotional response may be of limited utility to landscape architects.
This remains an area for future inquiry.
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Table 4: Sentiments from the NRC Word-Emotion Association Lexicon (NRC 2019)

Sentiments
Anger Anticipation Disgust Fear Joy
Negative Positive Sadness Surprise Trust

Combining multiple words, such as an adjective and a noun (e. g. ‘beautiful’ and ‘landscape’
or ‘polluted” and ‘water”) in order to filter and analyze tweets may prove helpful for identi-
fying landscape values. Our current sample size is rather small for the geotagged data, making
linking sentiments to geographic locations difficult at this phase.

Hashtags represent shared units of meaning that Twitter users deploy in order to link their
tweet to broader social ideas, places, memes, or groups. Some hashtags, such as #optoutside,
are also used by businesses like REI as a way to promote brand values. Such tags may also
expand into broader public usage as well. There are many diverse hashtags included in the
ILTerms tweets, some of which reflect the keyword query directly (e. g. #landscape, #nature),
while others may indicate how people are using and valuing landscapes (e. g. #shotoftheday,
#getoutstayout, #sunset, #lakeview, or #hiking). Table 5 conveys the top 15 hashtags posted
within the sampled tweets. Notably, four of the top ten hashtags are related to job advertise-
ments. Closer inspection of these tweets reveals that many are advertising environmental
jobs, explaining why they may have been captured by the keyword query. In future work, it
will be important to develop more detailed processes for removing spam and irrelevant tweets
from the dataset.

Hashtags can also be analyzed in aggregate, according to which hashtags are most frequently
used within the same tweets. We conducted a network analysis of the top 100 hashtags, linked
based on whether or not they are used as co-tags in individual tweets. Then we used a
spinglass community detection algorithm to identify the clusters of hashtags that are most
closely associated with one another. Seven communities of hashtags were identified through
this community detection analysis. We then assessed the common pattern among the hashtags
within each community to determine which topic these hashtags are generally associated
with. Figure 3 conveys these primary themes found in the top 99 hashtags (one was removed
due to its lack of ties and relevance) according to their community membership. Employing
a network approach to outline hashtag topic clusters allows for rapid identification of salient
themes within the ILTerms tweets. In particular, this enables efficient filtering of off-topic or
spam tweets, such as those included in the hashtag clusters focused on job advertisement or
google business reviews. At the same time, this approach identifies current events, such as
Giving Tuesday. These hashtag communities may be highly responsive to temporal changes
in hashtag trends. Other hashtag communities such as landscape photography or visual land-
scape features may be more consistent over time. Further analysis of the temporal and spatial
hashtag variation, coupled with thematic community detection analysis may prove useful for
identifying which topics are most relevant for landscape assessment across these dimensions.
In addition, zeroing in on specific hashtag communities may reduce noise in the data and
allow more efficient landscape value assessment.
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Table 5: Top 15 hashtags from ILTerms data. Highlighted terms are ones that may be rel-
evant to landscape conservation planning and design

Hashtag N Hashtag N Hashtag N
Nature 3439 Hiring! 891 Travel 628
Job 2424 Careerarc 833 Diversity 521
Hiring 1045 Climatechange 752 Autumn 479
Landscape 938 Sustainability 655 Sunset 465
Photography 907 Green 628 Naturephotography 464
o
L ]
e
@ e

London foodwaste

Current environmental issues and events

Giving Tuesday
Visual landscape features

Fig. 3: Co-tagging network of top 100 hashtags. Each node represents a distinct hashtag
found in the ILTerms tweets. Nodes are linked when they are both tagged in the
same tweet. Edges are weighted, with wider beige edges representing the top 10 %
of edges. Nodes are sized according to their degree centrality. Colors represent dis-
tinct communities detected through a spinglass community detection algorithm.
Each community was then given a descriptive name based on the common themes
among the included tags.
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4  Discussion and future directions

4.1 Discussion

Social media is ubiquitous in many spheres of modern life, yet its potential to influence de-
sign and planning has not been clearly identified. This study investigates the usefulness of
Twitter as a data source for investigating intrinsic and aesthetic landscape values and percep-
tions. Creating a novel lexicon of aesthetic landscape terms, we collected landscape-related
tweets over an almost complete two-week period. We analyzed the distribution and content
of these tweets to assess public perceptions of landscape values across social and spatial con-
texts. Initial assessment found that many tweets discussed specific environmental issues and
landscape features. The tweets examined in this study cannot be adequately understood with-
out an understanding of the broader political and social context in which they were created.
During the time period sampled (November 16-30 2018), a National Climate Assessment
(USGCRP 2018) was released, massive wildfires were occurring in California, and the Pres-
ident of the United States made a highly publicized and controversial tweet about Finland
raking their forest floors (BBC 2018). Each of these events is likely to have impacted the
Twittersphere, given the responsiveness of this medium to current events. Indeed, air quality,
forest fires, and forest floors are all common bigrams appearing in our data sample, likely
related to the latter two events.

LEVIN and colleagues (2015) combined spatial data of night sky lights and photo-sharing to
identify locations of high human activity and recreation in both public and private lands. This
approach allowed them to identify existing protected areas with high levels of social media
activity as well as “photography hotspots™ in unprotected non-urban areas (LEVIN et al.
2015). Similarly, GUERRERO and colleagues (2016) identified urban nature hotspots in Co-
penhagen using Instagram data. Using geotagged Twitter data may similarly allow landscape
values and recreational hotspots to be identified. By specifically assessing tweets within na-
tional parks or other public lands, it will be possible to rapidly identify public sentiments and
recreational use of these landscapes.

4.2 Outlook

Our pilot study examines both tweet content and spatial distribution. Initially, we plan to
further assess the scale of content mentioned in landscape tweets, including whether the
tweets primarily focus on issues of local, national, or global concern. The next step in our
analysis will be to integrate georeferenced data with additional social and environmental spa-
tial data layers to compare the distribution of conservation tweets to other variables such as:
1) public and private lands, 2) urban and rural areas, and 3) land-use types. We will also
explore the spatial and temporal pattern of sentiment of the collected tweets as well as tweets
related to certain topics or issues. Understanding how people value specific conservation ac-
tions and landscapes will be important for prioritizing landscape conservation and planning
actions.
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