Twitter Analytics-Based Assessment: Are the United
States Coastal Regions Prepared for Climate Change?

Abstract—According to the U.S. National Climate
Assessment, the Southeast Coast and Gulf Coast of the United
States are particularly susceptible to sea level rise, heat waves,
hurricanes and lower accessibility to clean water due to climate
change. Preparation for climate change consequences can only
occur with conversation, which is a method of bringing
awareness to the issue. Over the past decade, social media has
taken over the spectrum of information exchange in the United
States. Social Network Analysis (SNA) is the practice of analyzing
trends in volume and opinion of a population of social media
users. Twitter, one popular social media platform, is one of the
largest microblogging sites in the world, and it provides an
abundance of data related to the trending topics such as climate
change. In this work, Twitter analytics is performed on the data
generated from Twitter users in the United States, who were
talking about climate change, global warming and/or CO2, from
July 2016 to June 2017. Specifically, a comparative sentiment
analysis on the coastal U.S. regions was conducted to recognize
which region(s) is/are falling behind on the conversation about
climate change and to understand the trends in opinion about
climate change over time. The results determined that the
southeast coast of the United States is deficient in their discussion
about climate change compared to the other coastal regions.
Igniting the conversation about this issue in these regions will
mitigate the disasters due to climate change by increasing
awareness in the people of these regions so they can properly
prepare.

Keywords—climate change; social media analysis; sentiment
analysis; twitter data; US coastal regions

I. INTRODUCTION

In the past decade, the percentage of American adults who use
social media has increased by over 800% [14]. Also in the past
decade was born a social media giant, Twitter.com — a
massive portal of information where over 500 million tweets
are posted every day [15]. A tweet is a 140-character post that
the Twitter user uses to express any opinion, idea or fact that
comes to mind. Due to the volume of conversation that occurs
via Twitter and other social media platforms, the field of
social network analysis (SNA) has surfaced as a useful tool in
many disciplines [6]. SNA takes the data that is generated by
the dialog that occurs through social media to gain knowledge
about current trends, public opinion, demographic
information, etc.
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According to the U.S. National Climate Assessment, the
coastal regions of the United States are particularly susceptible
to sea level rise, heat waves, hurricanes and less accessibility
to clean water due to climate change. This is because of the
extreme variation of topography in these two regions [12].
Preparation for climate change consequences can only occur
with conversation, which is a method of bringing awareness to
the issue. Social media is the medium that today’s society
utilizes to communicate with each other [4].

The Pew Research Center for Excellence in Journalism in
2009 revealed that social media posts related to climate
change are much more prominent recently. It has been
confirmed that while many posts on Twitter are simply
conversational, it does also serve as a news network [16] and a
venue for users to communicate political issues [7]. One
method that can be used to analyze the information that is
exchanged through social networking, is sentiment analysis
through text mining. Sentiment analysis is used to understand
levels or trends in the emotion behind a message over a period
of time. Text mining is the process of deriving insights from a
body of text [6].

While climate change is predicted to affect the earth as a
whole, one of the main consequences of global
warming/climate change is sea level rise, coastal regions are
particularly susceptible to the consequences of climate change
[11]. In this work, SNA was performed using data from
Twitter to examine the trends in sentiment and volume of
tweets related to climate change in the coastal regions of the
United States. This analysis was done through statistical
analysis and text mining techniques. A regional comparative
analysis was executed to visualize the current status of the
Twitter conversation on climate change of each of the coastal
regions in the United States.

Several techniques such as the usage of Naive Bayes [17],
usage of tree kernel for efficient feature engineering [18],
utilization of linguistic features and existing lexical resources
[19] have been applied to perform sentiment analysis on the
twtter data. Usage of twitter data to perform sentiment
analysis and opinion mining has been carried out for several



applications and scenarios such as breast cancer treatment
experiences and perceptions [20], popularity of city locations
[21], US presidential elections [22], stock market predictions
[23], adverse drug reaction analysis [24], retail store analysis
[25], and examination of Alzheimer’s disease stigma [26].

A similar study that was done on tweets about climate from
2008-2014 suggested that the majority of climate change
tweets were from activists, rather than deniers, which indicates
that Twitter is an effective mechanism for increasing
awareness of the issue [4]. To our knowledge, there is no
work in the literature [2,3,5,8,9, 10 and 13] that deals with the
study of conversation on the effects of climate change in the
coastal regions of the United States.

To address the existing limitations in the literature, the
contributions of this study are to: (1) visualize the level of
awareness about climate change in each coastal region of the
United States based on the volume and sentiment of the tweets
generated in that region, (2) understand the trends in sentiment
of the tweets related to climate change over a one-year period.
(3) to identify the region(s) lacking in the conversation to
boost recognition and preparation for the consequences of
climate change.

The rest of the paper is organized as follows. Section 2
describes the data and methodology used for the
experimentation and analysis. Section 3 describes the volume
comparison and sentiment analysis experimentation results.
Section 4 discusses the sentiment analysis results. Section 5
describes the future wok recommendations and finally section
6 provides the summary and conclusion.

II. DATA AND METHODOLOGY

In this study, 238,570 geotagged tweets, sourced within the
continental U.S., were collected using the Twitter Stream
Application Programming Interface (API), comprising a
twelve-month period from July 1 2016, until June 30th, 2017.
These tweets were extracted using spatiotemporal criteria and
keywords (climate change, global warming and/or CO2) in the
tweet message and hashtags. The locational accuracy of a
geotagged tweet depends on how a Twitter user shares his/her
location when posting a tweet. The location can be shared in
the format of place names (e.g., country, state, and city) or the
exact latitude and longitude (point-level, determined by the
device’s GPS or other signals such as cell tower).

A. Data

Preliminary social network analysis was performed on the
tweets that originated in the United States, were posted
between July 2016 and June 2017, contained one or more of
the keywords: “climate change”, “global warming”, “CO2”,
and included the user’s geographical location, which is also
referred to as “geotagged”. The tweets that met these criteria

were stored in a data set containing 38 variables that include

the user’s location, the message they posted (tweet) and the
date/time stamp.

B. Methodology

Observations in the data were sorted in order to perform
regional comparative analysis of the coastal regions of the
United States, the Southeast Coast, Northeast Coast, West
Coast, and Gulf Coast (as shown in Figure 1), to compare
tweet volume and sentiment in each region.

Northeast Coast|

Southeast Coast|

Gulf Coast

Figure 1. Regions of Comparative Analysis

2.2.1 Volume Comparison

Initially, the raw volume of tweets generated from each region
was compared. This simply analyzed the number of tweets in
the data set that originated in each region. Then, to ensure
unbiased data, the number of tweets from a particular region
was normalized by the corresponding population. This
normalization provides a representation of the amount of
discussion per capita. For each region, the normalized volume
of tweets was analyzed to identify trends and related (by
percentage) with respect to the national dialogue on the topic
of climate change.

2.2.2 Sentiment Analysis

To analyze the feeling behind the text, which is the tweet, a
sentiment analysis was performed. While different
methodologies exist [6], the analysis in this study was
grounded on the “sentiment score” of the processed tweets
based on the bing.com dictionary of the most commonly used
words in the English language to express feeling (see Listing
1). Each word in this dictionary has an associated binary
sentiment value. If the word expresses positive emotion, it has
a value of 1. If the word expresses negative emotion, it has a
value of -1. The algorithm that was implemented matched the
words in the conversation with the dictionary database and
assigned a score. Every tweet then received a total score,
which was a sum of the values that were associated with the
matched words.



For example, a tweet of “if climate change is a crisis why
aren’t we seeing more sacrifice from people who think it’s a
problem” received a score of -2. The words “crisis” and
“problem” each have a score of -1, which yields the score of -
2. The rest of the words in that tweet were classified as neutral
(not strongly affiliated with a positive or negative attitude), so
this tweet receives a score of -2. As shown in Listing 1, the
algorithm then summed up all of the tweets’ scores for each
region. The overall sum for each region calculated a net score
that revealed if the majority of the population was using
positive or negative words to express their opinion of the issue
of climate change.
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Listing 1- Algorithm for Sentiment Analysis

2.3 EXPERIMENT DESIGN

The tools used in this Twitter analytics work were Matlab and
RStudio. Matlab, a mathematical modeling software was used
to do most of the plotting and visualizations. RStudio, a
statistical analysis software, was used to do the volume and
sentiment analysis. It has been demonstrated earlier in the
literature that ‘R’ language and RStudio can be applied to
perform sentiment analysis [1]. RStudio facilitated the text
mining portion of this study using the “tm” package. This is
also the package that contained the dictionary of words that
were utilized during the sentiment analysis. As part of the
experimentation, 238,570 geotagged tweets, sourced within
the continental US were loaded into R for data preparation and
analysis.

III. RESULTS

A. Volume Analysis Results

Results showed that the Southeast Coast of the U.S. only
contributed to 9% of the overall conversation happening about
climate change in the United States Coastal regions while the
other 3 regions each make up around 21 to 40 percent of this
conversation.

(a) Northeast Coast 40% Gulf Coast 21%

Southeast Coast 9% West Coast 31%

(b)
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Figure 2. Contribution of Each Region to the Coastal U.S. Conversation on
Climate Change. (a) The pie chart shows the volume of Tweets between 07/16
and 06/17 about climate change as partitioned by U. S. coastal regions. (b)
Comparison of the Percentage of the population of each region.

In order to create an even field of data, the results were
normalized by population size of each region. The number of
tweets from each region was divided by the population in each
region to give the percentage of the population in that region
that tweeted about climate change between July 2016 and June
2017. This visualization continues to reveal a shortage in
overall discussion about global warming in the southeast
coast.
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Figure 3. Comparison of the Volume of Tweets Generated by each Region per Month

The volume of tweets from each region that were posted each
month was plotted over the one-year period. Figure 3 shows
that while the Gulf Coast, West Coast and Northeast Coasts
are tweeting at similar volumes each month, the Southeast

ted about Climate Change For each Coastal Region of the U.S.




Coast was lacking in the volume of tweets about climate
change that are being generated each month.

Once again, to ensure that the dearth of conversation in the
southeast coast, which is what is revealed by the visualization,
is not due to higher populations in the other regions compared
to the population of the southeast coast, each month was
normalized by the population in each region. Figure 4 displays
that the southeast coast is still lagging behind the other
regions. However, it is apparent that the percentage of the
population that is tweeting is on the rise for every region.

Although each region is generating an increasing amount of
tweets each month, not all of the regions are keeping up with
the national accumulation of Twitter conversation about
climate change. Figure 5 reveals that the southeast and gulf
coast have a dwindling contribution to the overall climate
change tweet volume in the U.S. At the rate that these two
regions are declining, the southeast coast’s involvement in the
conversation will be practically nonexistent in the next couple
of decades. The Gulf Coast, whose participation is
deteriorating 10 times faster than the southeast coast, will
theoretically make no significant contribution to the Twitter
conversation on climate change by the year 2027.
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Figure 4. Comparison of the % of Population that Tweeted about Climate
Change each Month
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Figure 5. Comparison of the Percentage of the National Tweets about
Climate Change that are Generated from each Region.

B. Sentiment Analysis Results

The overall sentiment score is representative of the
emotion that was expressed by the majority of people

in that region. This bar graph below shows

the positive score, which is the sum of all the positive
sentiment value for the tweets in each region, the negative
sentiment score, and the net score. Figure 6 shows the
composition of each net score.

The sentiment scores for each month were then plotted

(Figure 7) to see how the net sentiment score varied

over a period of time. An obvious downward spike

in the level of sentiment occurred in January of 2017,

which is hypothetically caused by a large amount of

people angry about the more

political facet of climate change based on the review

of a few tweets from that month. The sharp upwards spike

in April for the Northeast Coast is

currently unexplained, but could be due to a warmer weather
that was occurring during this month. Figure 7 also revealed
that the southeast coast (red) has a very small

magnitude year-round relative to the other regions

that show obvious spikes during certain months. The fact

that the southeast coast’s

sentiment score revolves around zero for the entire year
suggests that the tweets that were generated from that

region were evenly split between positive and negative
sentiment. The smaller population size of the southeast coast is
partly to blame for the smaller degree of sentiment score,

but Figure 6 reveals that the southeast coast’s net score is much
lower in magnitude than the other regions, due to the almost
identical composition between positive and negative sentiment.
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Sentiment Score of Coastal Regions of the U.S.
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Figure 7. Composition of how the sentiment score for each region changes
every month

IV. DISCUSSION ON SENTIMENT ANALYSIS

The sentiment analysis in this study is accurate when
observing trend in extreme disgust towards climate change, as
it was obvious in January of 2017 in Figure 7. However, as
shown in Figure 6, the majority of the scores that are
calculated are comprised of very positive and negative scores
that are close in magnitude. The limitation of this analysis lies
in the dictionary that was used to assign values to each word.
Had the dictionary’s values been specific to what a certain
word would mean in the context of the conversation of climate
change, the results would have been different. For instance, a
tweet that stated, “Climate change is very real, everyone
should believe in it” would be given a positive score due to the
words “real” and “believe”. Alternatively, a tweet that said,
“Government funding for climate change research is horrible,
climate change is a serious problem” would have a negative
score due to the words “horrible” and “serious problem”.
However, both of those tweets indicate a person who is
concerned about climate change. These tweets should be
compared to the tweets that say things like “climate change is
a hoax” or “who cares about global warming?” which indicate
someone who is not concerned about climate change.

Conversely, the sentiment analysis technique that was
implemented in this study was very accurate when identifying
trends in the negative sentiment, especially when the tweets
are directed more towards environmental policy and less
towards the climate itself. In that case, the words used to
express emotion about the policy are obviously negative or
positive. The work done on the sentiment analysis has plenty
of room for improvement, but the results indicate that the
tweets of the southeast coast are divided between positive and
negative emotions.

V. FUTURE WORK

While this work primarily analyzed the tweets pertaining to
the coastal states of the Unites states, in the future, we plan to
extend this analysis to global scale, primarily comparing the
volume of tweets among the top English speaking countries
such as United States, Canada, England and Australia. With
respect to the actual text mining methods, we plan to expand
to the text mining methods such as topic modeling, in addition
to the sentiment analysis.

At a more local level, this study could be improved and
continued by taking into account regional cultures and
likelihood that people in each region will tweet or handle
issues, such as climate change, in another manner. The age
and socioeconomic status of the tweeters in each region would
give valuable information. In addition, looking at the number
of unique twitter users in each region would account for
frequent tweeters to give a more accurate volume of the
population tweeting in each region.

VI. CONCLUSIONS

Climate change has been forecasted to have global impacts,
but due to sea level rise, and increasing storm surges, coastal
regions are especially at risk [11]. This study aimed to
quantify the amount of conversation that was taking place
about climate change to identify if there was a specific coastal
region that was lacking in awareness of the issue compared to
the others. The comparative analysis on volume of tweets
from each region led to the conclusion that the Southeast
Coast region of the United States is having less conversation
than other coastal regions of the United States. The only way
for a region to be prepared for the possible disasters that
climate change has the potential to impose is to be aware of
the issue. Awareness comes from discussion through the
media. Social media is a powerful medium to inform and
converse, and it can be an effective tool to increase the
awareness about issues in society, such as climate change.

To increase the awareness of climate change in a specific
region, the conversation has to be sparked initially, which is
the issue addressed in the volume analysis — more
conversation is imperative to increasing awareness of this
issue. Nevertheless, the conversation that is started must be
conducive to the process of making people understand the
seriousness of the problem. Conducive conversation occurs
when the majority of a population is in agreement about a
subject, rather than constantly having half of a population
express one opinion, while the other expresses the opposite. In
the other coastal regions of the United States, there are certain
months where there are spikes upwards or downwards in
sentiment score. The spikes indicate that the majority of that
population in that region is in agreement about the subject, at
least for that period of time. This is what the southeast coast
needs more of a louder, more influential conversation that will
raise awareness and help the region prepare for the impact that
climate change will trigger.
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