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ABSTRACT

Drought is a billion-dollar weather and climate disaster. It is a complex climate phenomenon that slowly emerges
and quickly vanishes, making it hard for local stakeholders and the public to respond in a timely manner. To reduce
the vulnerability of our society to future drought, a better understanding of how society responds to drought is
critical. Here, we propose a pilot study about social response to a recent California drought through social media.
In this study, we identify the most important users in the collected dataset using an extension of PageRank, the
algorithm developed for Google Search. We investigate the key drivers of the peak of the Twitter activities in
February, 2014, during the California drought. We also create a word cloud from the top 2,000 most retweeted
tweets. Lastly, we specify the information sources from those tweets. The findings of this study show that big data
can help us to improve current drought response plans through fundamental understanding of social response to
drought.
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INTRODUCTION

Drought is a billion-dollar weather and climate disaster. In 2015, the California drought cost the U.S. 2.7 billion
dollars and nearly 21,000 jobs (Howitt et al. 2015). In 2016, droughts across the continental U.S. cost 3.6 billion
dollars because of the onset of a new drought in the eastern U.S. How can we give society the foresight and wisdom
to respond to drought risk before they lead to multi-billion-dollar losses?
Drought is a naturally occurring, but rare, climate phenomenon lasting up to several years through the stages of
initiation, onset, and recovery. Drought is initiated by a lack of precipitation over an extended period, is deteriorated
by high water demand and persistent water supply deficit during the onset, and is terminated by an extremely intense
precipitation event or a series of precipitation events. Because of the slow emergence and quick disappearance of
drought, it is hard for local stakeholders and the public to respond in a timely manner (Switzer and Vedlitz 2017).
The drought research community has believed that due to its persistency, drought allows society to plan and develop
mitigation strategies ahead of time as long as citizens are given actionable information from a reliable drought
monitoring and forecasting system. However, despite more reliable drought monitoring and forecasting systems,
we have still faced multi-billion-dollar losses from recent droughts. Drought monitoring systems are limited in
elevating the level of drought awareness and ultimately managing the social vulnerability to drought. To reduce
significantly the vulnerability of our society to future drought, current research must shift to an examination of how
society responds to drought. It is critical to stimulate timely social response to drought risk in order to mitigate its
adverse effects on our society.
Social behavior and dynamics during the onset of drought have been poorly studied for several reasons. First, it
requires an interdisciplinary collaboration approach; and second, there has been a lack of available data for social
response. The hydroclimate research community can provide data regarding the stage and severity of drought. The
social psychology research community can provide insight to social response to drought through theoretical models
examining human reactions to disaster. According to the social-cognitive preparation model (Paton 2003), it has been
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suggested that information from behavioral interventions for intention formation can inform education programs
designed to facilitate environmental awareness and disaster preparedness in people (Ardalan et al. 2013; Ejeta et al.
2015). However, in order to maximize such facilitation, it is imperative to understand how risk communication and
warnings are interpreted by the public prior to intention formation (Paton 2003).
The computer science research community can extract meaningful information for social behavior via big data and
machine-learning techniques. In recent decades, significant advancements in these areas allow us to validate and
investigate the governing mechanisms of social response to specific events. Integrating state-of-art knowledge and
techniques across the disciplines of hydroclimatology, social psychology, and computer science is a key solution to
tackle the challenge problem of drought mitigation.
Here, we demonstrate a pilot study about the above-mentioned problem in which we analyze social response to
droughts. We downloaded Twitter data related to droughts in California using the date of range from 2010 to 2017.
We chose California as it experienced multiple droughts during this period (Howitt et al. 2015). Our overarching
research question was “What is a drought related lexicon to which the public is most responsive?" An effective
drought management system must utilize such lexicon that makes social response to drought more timely.
In this study, we focused on a subset of data related to the period of the highest public activity on the recent
California drought (2011 - 2014). The objectives of this study were to 1) to determine the most popular tweets
during this period and the most important terms used in those tweets; and 2) to analyze the most important Twitter
users in the collected dataset. Since this was a pilot study, we focused more on developing the methodology as a
proof of concept, instead of finding the actual answers to our research question.
The rest of the paper is organized as follows. The next section discusses related work. The methodology section
describes the process of creating a lexicon of important terms and how to rank Twitter users based on their
importance. The experimental evaluation section presents results using real-world data. The final section concludes
the paper and discusses potential implications of this work.
RELATED WORK

Research has shown that the use of Twitter for disseminating and receiving information during disasters such as
floods and wildfires has grown over the years (Sutton et al. 2008). In particular, the use of Twitter changes during
disaster events to focus on information broadcasting (Hughes and Palen 2009). However, it remains unclear how the
use of Twitter changes as a function of silent, slow-growing disasters such as droughts. The general public appears
to recognize the threat and need for information concerning floods, or even fires caused by droughts (Glaser 2007;
Stelter 2017). But do they also recognize the threat and need for information concerning droughts themselves?
In general, it is known that several factors converge to influence human behavior in the face of impending disasters.
According to the social-cognitive preparation model by Douglas Paton (Paton 2003), these factors can be organized
into precursors, the formation of intention, and linking intentions to preparedness. It has been suggested that
information from behavioral interventions for intention formation can inform education programs designed to
facilitate environmental awareness and disaster preparedness in people (Ardalan et al. 2013; Ejeta et al. 2015).
However, in order to maximize such facilitation, it is imperative to understand how risk communication and warnings
are interpreted by the public prior to intention formation (Paton 2003). We argue that a trend analysis of human
communication surrounding environmental hazards and disaster events can fill this gap and offer insights to improve
risk communication and pre-disaster planning. Specifically, such a trend analysis should include an examination of
social media conversations to uncover the following precursors to drought response, according to Paton’s model: 1)
critical awareness of hazards, 2) risk perception, and 3) hazard anxiety.
The computer science research community has made significant advancements in the areas of big data and machine
learning, which can allow us to investigate governing mechanisms for social response to specific events. Social
media constitute, perhaps, the biggest source of unstructured big data, especially when their use rises during
disasters (Imran et al. 2015). The huge success of deep learning in a broad area of applications, including natural
language processing, has enabled the analysis of social media data at an unprecedented scale and with high accuracy
(Tang et al. 2014; Severyn and Moschitti 2015).
The topic of measuring user influence in social networks has generated a lot of interest (Kwak et al. 2010; Bakshy
et al. 2011). An in-depth comparison of three measures of influence has been presented in (Cha et al. 2010) and it
was found that the top Twitter users had a disproportionate amount of influence. However, it was also noted that
social users have varying amounts of influence in different subjects (Pal and Counts 2011). In addition, existing
influence measurement techniques are vulnerable to sybil users, hence sybil-resilient systems have been introduced
(Zhang et al. 2016).
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Recently, Weng et al. (2010) proposed an extension of the PageRank algorithm called TwitterRank to measure the
influence of users in Twitter. TwitterRank measures the influence taking both the topical similarity between users
and the link structure into account. The topical similarity is computed using Latent Dirichlet Allocation (LDA)
model, which is used to learn a set of latent topics. Each topic in LDA is a multinomial distribution over words.
The link structure is based on “following" relationship. We also measure the influence of users in Twitter using an
extension of the PageRank algorithm, but the link structure is based on the “reply" relationship. We also deal with a
specific topic, “California drought", shared by all users in our dataset.
METHODOLOGY
Towards building a lexicon of important terms

An effective drought management system should not only implement a reliable drought monitoring and forecasting
component, but it should also stimulate timely social response. In this study, we determined a lexicon of the most
important terms related to droughts based on the public’s activity. To achieve this goal, a dataset of tweets related to
droughts is needed. Thus, we collected a dataset of tweets discussing California drought during a wide range of
dates spanning multiple years.
Given the dataset of relevant tweets, we can compute the most popular tweets based on public’s opinion. We used
the number of retweets as a measure of tweet’s popularity. A tweet can be forwarded to all of the user’s followers, in
which case it is known as a retweet. Retweets are used to pass along information on Twitter. Retweets indicate the
popularity and network centrality of the tweet writer as opposed to the content of the tweet itself (Kwak et al. 2010),
leading to potential bias towards messages posted by popular users.
Given a list of the most retweeted tweets, we can determine the most important terms in those tweets. There are
different approaches to this problem, for example a frequently used TF-IDF scheme, short for term frequency-inverse
document frequency (Salton et al. 1983). This approach builds a term-by-document matrix X whose columns
contain the TF-IDF values for each of the documents in the corpus. However, this approach may not be applicable
to Twitter as tweets (the documents in our corpus) can only have up to 140 characters.
An alternative approach to analyze texts is a word cloud. Word clouds generated for a body of text can serve as a
starting point for a deeper analysis (Heimerl et al. 2014). Thus, we used a word cloud to distill the most popular
tweets down to terms that appear with highest frequency. This also served as a visualization method for text.
Ranking users by importance

In this study, we identified the most important users in the collected dataset. Note that tweets do not exist in a
vacuum. They are posted by real people who have a wide range of influence and activity in a given topic. We want
to find the users whose posts on droughts attract the most amount of attention.
Our dataset consisted of tweets containing “California" and “drought" keywords. Each tweet also contains
information whether it is an original tweet or a reply to another tweet. We built a graph based on users and their
"reply" relationships.
Given the community of users who post tweets containing the mentioned keywords, we built a graph where such
users serve as nodes. The links between nodes are represented by replies, such that the direction of a link is
a directed edge from the responder to the original poster. Given the directed graph, we applied the PageRank
algorithm (Page et al. 1999) to compute the importance of users in this community.
PageRank is an algorithm used by Google Search to rank websites in their search results. It is a way of measuring
the importance of website pages by counting the number of incoming links to those pages to determine a rough
estimate of their importance. In our study we treated users as nodes and used the number of replies to their messages
as a measure of each user’s importance. The more replies a user had, the higher importance score they received.
Figure 5 shows the visualization of the proposed user rankings approach in the Experimental Evaluation section.
EXPERIMENTAL WORK
Data collection

We conducted a set of experiments using real-world data collected from Twitter. In these experiments, we focused
on the 2011-14 California drought (Howitt et al. 2015). Droughts in California can have a severe economic impact
since it is the most populous state in the United States and one of the major agricultural producers.
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Table 1. Dataset Overview

Tweets
Users

2010

2011

2012

2013

2014

2015

2016

2017

Total

1,524
1,085

2,277
1,618

2,460
2,014

3,321
2,465

140,249
58,592

129,034
64,366

23,844
14,137

11,786
7,835

314,495
128,945

For data collection, we used Twitter’s advanced search feature1. It allows a logged-in user to specify multiple
options for refined search, including specific date ranges. We used “California" and “drought" as search keywords
and provided a range of dates from January, 2010, to November, 2017, as droughts can last up to several years. We
exported the search results as HTML pages. HTML pages were then parsed, such that tweet IDs were retrieved
among other information. Note that Twitter’s advanced search returns only a subset of supported attributes for each
tweet. Hence, to collect full information for downloaded tweets, we used Twitter’s statuses/lookup API2 that returns
detailed information for up to 100 tweets per request.
In total, there were about 310k tweets by 130k unique Twitter users during this period (Table 1). The tweets were
not evenly distributed.
We released the collected dataset as a contribution to research community3. It is the first published dataset that
contains Twitter data covering a 7 year period and dedicated to a comprehensive coverage of a particular event type.
The dataset is provided as a listing of tweet IDs in accordance with the Twitter Developer Agreement and Policy4.
The actual tweet contents can be retrieved using Twitter’s statuses/lookup API.
Analysis of Twitter activity on California drought

We aggregated the tweets in our dataset by each month from 2010 to 2017 (Figure 1).

Figure 1. Monthly Twitter activity on droughts from 2010 to 2017

Results show that there are multiple peaks in this chart, including in years 2014 and 2015. For example, the largest
peak occurred in February, 2014. To understand the key drivers of this peak, we analyzed Twitter activity during the
months before and after the peak at a higher temporal resolution (the daily time step).
Figure 2 shows daily time series of Twitter activity from January through March of 2014, which represents a 30-time
higher granular resolution of Twitter activity on droughts compared to the monthly resolution shown in Figure 1.
1https://twitter.com/search-advanced
2https://developer.twitter.com/en/docs/tweets/post-and-engage/api-reference/get-statuses-lookup
3http://aibek.cs.ua.edu/files/droughts_ids.txt
4https://developer.twitter.com/en/developer-terms/agreement-and-policy
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Figure 2. Daily Twitter activity on droughts from January to March in 2014

By February 1, 2014, California officials announced that they would not send any water from the state’s reservoir
system to local agencies amid severe drought conditions5. Figure 3 shows one of the most retweeted tweets that
expresses a sentiment shared by many during this period. This tweet is posted by a regular user, which is why we
cover it with an anonymous label to preserve her privacy.

Figure 3. The most retweeted tweet on California droughts

Table 2 shows the text of the top 10 most retweeted tweets with the number of retweets and posted date. Note that
we preserve the original spelling and punctuation. These results provide us key words for the lexicon used by the
most popular social media messages.
5https://www.washingtonpost.com/national/health-science/amid-drought-california-agency-wont-allot-water/2014/02/01/7477aa5c-8b8811e3-916e-e01534b1e132_story.html
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Table 2. Top 10 most retweeted tweets on California droughts.

Text
this California drought is no joke
Snow in Africa, Drought in USA, Flood in Manila, Volcanic Eruption in New Zealand ...
California drought: before and after
crying enough water to supply the California drought
all my tears could fix the California drought
Hundreds of Muslims pray for rain in drought hit California
Unbelievable images that show the scale of #California’ drought
Analysis: 11 trillion gallons of water needed to replenish California drought losses: #AGU14
How bad is the California drought? Some startling before and after photos
Top Story: SeaWorld Responds To California Drought By Draining Animal Tanks Halfway

Retweets

Date

5,770
4,548
2,918
2,431
1,717
1,358
1,313
1,198
918
899

2014/08/23
2012/08/08
2014/08/20
2015/05/12
2015/05/24
2014/02/03
2014/09/06
2014/12/16
2014/08/24
2015/04/11

Analysis of important terms

What are the most important terms among all tweets in our dataset? To answer this question, we computed the top
2, 000 most retweeted tweets, such that the number of retweets for those tweets ranges from 5,770 down to 17. We
removed “California" and “drought" from this list as we already knew each tweet will contain them. Using the
tweets with the remaining terms we generated a word cloud6. Figure 4 presents a visualization of the word cloud
from the top 2,000 most retweeted tweets. As expected, the word “water" is the most important word. Similarly,
both “climate" and “change" are also significant according to this visualization.

Figure 4. Word cloud generated using the top 2,000 most retweeted tweets on California drought

Visualization of user rankings

We plotted a diagram of user rankings based on their “reply" relationships (see Figure 5). The diagram was
implemented using D3, which is a JavaScript visualization library (Bostock et al. 2011). Each node in the diagram
represents a Twitter user and the edges are drawn based on the reply relationships between users. The colors
represent the number of tweets containing the search keywords each user has. The more tweets the user has, the
darker the corresponding node is. The size of a node is used to represent the importance score computed by the
system, such that the higher the score is, the bigger the node will be.
6http://www.wordle.net/
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Figure 5. User ranking based on reply relationships

For visualization purposes, we have added labels to the users with the highest ranking scores. The majority of those
users are news agencies, such as TIME, The Associated Press, and Los Angeles Times. There are also nonprofit
online magazines, such as Mother Jones7 and grist8. However, no federal or state agency dealing with droughts has
a near the top ranking score. Twitter accounts among the top users include Barack Obama’s account9.
CONCLUSION AND FUTURE WORK

The results of this study show a new insight for how the public talks about drought via social media. Beyond that,
we are also able to see triggers of public discussion during a recent California drought. While there was a spike in
January, the entire month of February was riddled with high Twitter usage regarding drought. However, this change
in use was caused less by the drought itself and more by a temporary change in policy pursued by the California
government. After California officials announced they would be halting the transfer of water from state to local
agencies, many Twitter users took to social media to discuss this.
This study finds that publicized decisions by the California government influence significantly Twitter activity about
droughts, which inform of many potential implications for critical awareness and risk perception of the public
during droughts. While the general public may be aware of droughts as they occur, it is possible such awareness
increases dramatically as a result of high-profile discussions. This is supported by research that shows that mass
communication can be used to alter public behavior (Abroms and Maibach 2008). Furthermore, state government
communication strategies may be bolstered by several other variables on social media, such as the presence of
high profile figures or news agencies in the discussion, and the presence of highly compelling posts by everyday
users. Research has shown that there is a relationship between retweet patterns and the content of tweets themselves
(Nagarajan et al. 2010). This study shows an example of a tweet with a powerful image seemingly became popular
overnight. More research into this phenomenon could help us create/design specific strategies for adjusting critical
awareness and risk perception during droughts.
These findings have several potential implications that need further exploration. It seems that news agencies,
rather than government agencies, remain the go-to source for most individuals obtaining information regarding
drought-related topics. However, it remains unclear why this is. First, individuals may not realize they can follow
various government agencies such as NOAA on Twitter. Additionally, they may not find reports released by such
7https://twitter.com/MotherJones/
8https://twitter.com/grist
9https://twitter.com/BarackObama
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agencies very approachable or interesting. Finally, there is the possibility that individuals reading about drought
from news agencies simply stumble upon the information, and are not actively seeking it in the first place. They are
instead taking a passive approach to information collection, and then responding to that information when they
happen to notice it.
More research still needs to be done to better understand the sensitivity of social response to drought. This can
be done via interdisciplinary research collaboration across computer science, hydrologic engineering, and social
psychology. To that end, we will apply state-of-the-art techniques in computer science to examine big social data,
and test the validity of the known theories for social disaster response. This will include the development of an
algorithm to estimate society’s levels of hazard anxiety, hazard awareness, and risk perception in relation to drought
by applying a new model, fastText (Joulin et al. 2016). This algorithm will not only aid in understanding of social
response to drought, but will allow us to pinpoint ways to help improve this social response.
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