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Abstract Social media data are increasingly being used for enhancing situational

awareness and assisting disaster management. We analyzed the wildfire-related Twitter

activities in terms of their attributes pertinent to space, time, content, and network, so as to

gain insights into the usefulness of social media data in revealing situational awareness.

Findings show that social media data can characterize the wildfire across space and over

time, and thus are applicable to provide useful information on disaster situations. Second,

people have strong geographical awareness during wildfire hazards and are interested in

communicating situational updates related to wildfire damage (e.g., containment percent-

age and burned acres), wildfire response (e.g., evacuation), and appreciation to firefighters.

Third, news media and local authorities are opinion leaders and play a dominant role in the

wildfire retweet network.

Keywords Social media � Disaster � Emergency management � Twitter � Wildfire � San
Diego

1 Introduction

As more and more fire-prone areas have been urbanized, people’s livelihoods in the

western USA have been severely influenced by the increasingly frequent wildfires (Pyne

2004; Collins 2008; Collins and Bolin 2009). In October 2003, the Cedar Fire—the largest

fire in California history—caused a huge damage to San Diego County (Goldstein 2008).

In May 2014, San Diego County witnessed several destructive wildfires within 1 month

(see Table 2).
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The increasing wildfire activities, with the associated risks for nature and society, have

attracted attention from researchers as well as emergency managers (Rodrigues and de la

Riva 2014). In order to achieve a better understanding of the occurrences and patterns of

spread of wildfires, efforts by domain scientists from various perspectives have included

wildfire exposure modeling (Ager et al. 2014a, b; Thompson et al. 2015; Youssouf et al.

2014), wildfire risk assessment (Chuvieco et al. 2010, 2012; Martı́nez et al. 2009; Padilla

and Vega-Garcı́a 2011; Rodrigues et al. 2014), wildfire and wildland–urban interface

(WUI) (Herrero-Corral et al. 2012; Massada et al. 2009; Schulte and Miller 2010), wild-

fire–climate interactions (Gillett et al. 2004; Liu et al. 2014; Westerling et al. 2006), and

among others. To deal with the risks posed by wildfires at the early stages and reduce

increased costs, wildfire management agencies have incorporated various wildfire detec-

tion systems, e.g., the general public, lookout towers, terrestrial mobile brigades, and aerial

reconnaissance (Rego et al. 2013). The Wildland Fire Decision Support System (WFDSS)

has also been developed to provide advanced tools for burn probability modeling and

exposure analysis thus to improve the real-time wildfire suppression decision making

(Calkin et al. 2011).

Although many studies and practices have been conducted in dealing with wildfire issues,

most of them were not from a human-centric perspective and omitted the wildfire-related

human behaviors (Slavkovikj et al. 2014). This might be due to lack of available data and the

fact that the collection of survey data often required a large amount of time and budget. As an

emerging human-centric sensing technology, social media outlets, such as Twitter, Face-

book, or LinkedIn, have gone beyond a platform for sharing people’s personal life and have

become a data source for possible looks of people’s behavioral patterns (Srivastava et al.

2012; Tsou and Leitner 2013; Tsou et al. 2013; Young 2014). Consequently, an increasing

number of studies have started to characterize the way people becoming aware of,

responding to, and recovering from disasters using social media data. According to Endsley

(1995), situational awareness is ‘‘the perception of elements in the environment within a

volume of time and space, the comprehension of their meaning, and the projection of their

status in the near future.’’ Disaster-relevant messages communicated by social media users

have been used to analyze how people improve their situational awareness through the

information contributed by others (Vieweg et al. 2010; De Albuquerque et al. 2015).

Space and time are strongly related to situational awareness in emergency events.

Existing studies have revealed that social media users who are geographically proximate to

the events are more likely to produce useful information for improving situational

awareness. De Albuquerque et al. (2015) carried out a spatial analysis and found a strong

spatial relationship between locational proximity to floods and the usefulness of the

messages for crisis management. By analyzing the earthquake-related tweets in Japan,

Acar and Muraki (2011) found that ‘‘people in directly affected areas tend to tweet about

their unsafe and uncertain situation while people in remote areas post messages to let their

followers know that they are safe.’’ In addition, the temporal evolution of emergency

events and the corresponding Twitter activities have been proved to be somewhat con-

current. Guan and Chen (2014) found that the ratio of tweets associated with Hurricane

Sandy to general tweets increased gradually before this disaster, peaked when it landed,

and then gradually decreased. Huang and Xiao (2015) indicated that messages posted by

Twitter users varied with the temporal process of a disaster and thus could provide useful

information for improving situational awareness at different stages of a disaster i.e., pre-

paredness, response, impact, and recovery.

Besides analyzing spatial and temporal characteristics of disaster-related social media

data, some studies focused on mining the actual content of social media messages to
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improve knowledge about disaster situations. This was usually carried out by a data

reduction process like classification, as these user-generated messages are extremely varied

and some of them are not informative or relevant. Qu et al. (2011) divided the earthquake-

related microblog messages with valuable information for improving situational awareness

into four categories i.e., situation update, opinion expression, emotional support, and

calling for action. Cameron et al. (2012) developed a platform for emergency situation

awareness, which could detect emergent incidents and classify tweets as interesting or not.

Imran et al. (2013a b) utilized machine learning methods to extract informative Twitter

messages that can augment situational awareness and classify them into ‘‘fine-grained’’

classes, i.e., caution and advice, casualties and damage, donations, people, information

sources and other. Imran et al. (2014) further designed an Artificial Intelligence for

Disaster (AIDR) platform to automatically classify emergency-related Twitter messages

into a set of user-defined situational awareness categories in a timely manner.

According to the two-step flow of communication theory, there are ‘‘gatekeepers’’ who

filter and interpret information using their own perceptions before passing it on to the

public (Xu et al. 2013). On social media, these ‘‘gatekeepers’’ are usually elite users or

opinion leaders from whom the general public acquires information. In disaster situations,

people may also tend to obtain situational updates and gain situational awareness from the

informative messages shared by opinion leaders. However, to our knowledge, few studies

have been conducted to investigate who the opinion leaders are and what roles they have

played in the information exchange network related to disasters using social media data.

Several exceptions to this include works by Cheong and Cheong (2011), Kogan et al.

(2015), and Starbird and Palen (2010). Using social network analysis, Cheong and Cheong

(2011) found that local authorities, traditional media reporters, and, etc. are important

players in spreading situational information during 2010–2011 Australian floods. Kogan

et al. (2015) indicated that local government authorities and the media are the most

important nodes in the retweet network during the 2012 Hurricane Sandy. A similar

phenomenon was also observed by Starbird and Palen (2010), ‘‘users are more likely to

retweet information originally distributed through Twitter accounts run by media, espe-

cially the local media, and traditional service organizations.’’

Space, time, content, and network are all important attributes of emergency-related

social media data and should be fully used to gain insights into emergency situational

awareness. This paper presents the findings from examining the spatial and temporal

variations of wildfire-related tweets and from our attempt to characterize wildfire by the

discussion topics in the collected tweets, as well as from investigating the role of opinion

leaders in people’s acquisition of wildfire-related information. In the following sections,

we first introduce our data and related methodology we used in the research. We then

discuss the findings and their implications. Finally, we discuss what the findings suggest

and what future pursuits on this topic can be.

2 Data and methodology

2.1 Data

In the present research, we used Twitter search API (https://search.twitter.com/) to collect

wildfire-related Tweets. Our collection process included two phases. In the first phase, any

tweet that contained either of the two keywords—‘‘fire’’ and ‘‘wildfire’’—was collected so
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as to generate a holistic picture of online ‘‘wildfires.’’ Those tweets showed that people

usually tweeted about wildfires along with the places where the wildfires occurred. The

examples listed below provide some such instances:

Flames jumping San Dieguito Rd, Camino del Sur, Rancho Bernardo evacuations in

order.

The fires are right behind my parents’ house in San Marcos, Please pray.

In the second phase, to solicit more information about specific wildfires, tweets asso-

ciated with specific wildfires were gleaned based on keywords which are places where

wildfires occurred. The keywords were randomly selected from a list of places (see

Table 2), which are San Marcos and Bernardo. As the tweets collected using toponyms as

keywords may contain noises which have nothing to do with wildfire, we filtered out these

noises by checking whether a ‘‘fire’’ or ‘‘wildfire’’ also appeared in the collected tweets. In

summary, the first phase focused on collecting general tweets related to wildfires, while the

second phase centered upon the tweets pertinent to specific wildfires. Tweets collected in

the first phase could be used in analysis of all dimensions (i.e., space, time, content, and

network), whereas those tweets gleaned in the second phase are of particular importance

for spatial analysis as only by identifying the accurate ignition locations of specific

wildfires can we investigate the influence of geography (distance) on the spatial distri-

bution of people’s responses.

Temporally, our study period spans from May 13, 2014, when the first wildfire occurred,

to May 22, 2014, when most of the destructive wildfires were 100 % contained. Spatially, a

radius of 40 miles was set to specify a circular area (centered at downtown) to cover the

majority of San Diego County.

There are several metadata fields in every tweet, such as the user’s name, the

timestamp when tweet was created. The spatial analysis was possible only with tweets

that had geographic information (described in the metadata field ‘‘coordinates’’). There

were less than 5 percent of downloaded tweets that had coordinates associated with

them. We collected 1334 geotagged tweets in the ‘‘fire’’ and ‘‘wildfire’’ pool. In terms

of specific wildfires, after filtering out the noises, we retained 106 geotagged tweets

with ‘‘Bernardo’’ as the keyword and 149 with ‘‘San Marcos’’ as the keyword (see

Table 1 for a data summary). Other tweets did not have coordinates because the

devices used to tweet messages did not have the built-in global positioning systems

turned on.

Twitter users could either write their own words or re-post another’s tweet (i.e.,

retweet) to generate a text. We focused on the texts of the ‘‘wildfire’’ tweets (including

own generated tweets and retweets) to identify people’s conversational topics on Twitter

during wildfire hazards. After that, we built up a retweet network using ‘‘wildfire’’

retweets to gain knowledge about who the opinion leaders are and what role they have

played.

Table 1 Data summary for the
collected tweets

Keyword Total tweets Tweets with geo-coordinates

Fire 32,410 3.9 % with geo-coordinates

Wildfire 2084 3.2 % with geo-coordinates

Bernardo 2049 5.2 % with geo-coordinates

San Marcos 5002 3.0 % with geo-coordinates
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2.2 Methodology

Several specific methods were used in our study: kernel density estimation (KDE) was

performed to analyze the spatial pattern of wildfire-related tweets; text mining to identify

conversational topics; social network analysis to detect the opinion leaders in wildfire

hazards.

KDE is generally used to detect hot spots of spatial point data. Here, this technique

was used to create a smoothed map of the wildfire-related tweets. KDE imported the

coordinates of tweets and exported a raster formatted map where each cell was assigned

a value to represent the intensity level (Han et al. 2015). Concentrated cells with

intensive values are hotspots. To deal with the impact of population, a dual kernel

density estimation (Dual KDE) was employed to map the spatial patterns of tweets

associated with two specific wildfires (i.e., Bernardo fire and San Marcos fire). The

population data were obtained at census block level. To transfer the areal data to point

data, the population value at each census block is assigned to its centroid. After that,

KDE was performed to generate the population map in a raster format. The formula of

Dual KDE is given as:

Dual KDE Map ¼ Each Cell Value of Tweets Map=Each Cell Value of Population Map

The content analysis is comprised of two facets: a text mining for identifying

important terms and term clusters in wildfire-related tweets; a social network analysis for

detecting users’ structure and behavior in wildfire retweet network. The text mining of

wildfire-related tweets was conducted using the ‘‘tm’’ package in R 3.1.2 (Feinerer et al.

2008; Feinerer and Hornik 2014). Since the raw tweets are unstructured and noisy, we

need to clean them before calculating the term frequency and clustering terms. With

reference to Ghosh and Guha (2013), we cleaned the raw tweets by removing URLs and

stop words, converting a word’s different morphological variants to the word’s base

form, and so on. In this process, some commonplace but meaningless words such as

California, San Diego, county, and news were removed. Noteworthy, since our tweets

contained many toponyms which are made up of more than one word (e.g., 4S Ranch),

we combined those words to make sure that each toponym be represented by one word

to avoid double counting. After cleaning the raw tweets, we obtained a term-document

matrix, where a row stood for a term and a column for a tweet (Zhao 2012). We then

calculated the frequency of terms to check their variation in importance. To identify the

conversational topics related to wildfire, we employed k-means clustering method to

identify clusters where terms appeared in the same group. With this method, terms which

appeared frequently in the same document were grouped into one cluster, and terms

which were grouped into one cluster were more likely to be seen in the same document

than those separated into different clusters.

The social network analysis was also based on the textual content of tweets. Retweet

(abbreviated as RT) is a function provided by the Twitter website, which allows users to

tweet the content that has been posted by others. We can directly identify retweets, because

the text of a retweet always starts out like ‘‘RT@Username.’’ In the retweet network, the

nodes are users who retweet other users’ messages, as well as users who are retweeted by

others. Another R package—‘‘igraph’’ (Csardi and Nepusz 2006)—was implemented to

conduct the social network analysis.
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3 Spatial and temporal analysis of wildfire Twitter activities

In this part, we analyze the spatial and temporal relationship between social media activities

and wildfire disruptions from the following two perspectives. First, we checked the temporal

evolution of wildfire tweets and then compared it with the wildfire’s temporal information

(i.e., time of outbreak and time of 100 % contained) collected from authoritative source.

Second, we examined whether the impact areas are clusters of wildfire tweets or not. Table 2

demonstrates some basic spatiotemporal information of the major wildfires occurred in our

study period. The CAL FIRE only provided the longitudes and latitudes for several fires, so

the geo-coordinates for other fires were inferred from their locations (see the fourth column

in Table 2). The information in Table 2 provides a basis for our spatial and temporal anal-

ysis.We can see from this table that six of the ninewildfires occurred onMay 14, which could

explain whyMay 14 experienced a sudden increase in wildfire tweets (as shown by Fig. 1). A

temporally concurrent evolution of wildfire and its related tweets could also be observed

from Figs. 2 and 3. More specifically, the Bernardo fire and San Marcos fire both had their

corresponding tweets peak on the day after the breakout day. This 1-day time lag is probably

because it takes time to spread information.

The spatial information (i.e., ignition locations) associated with wildfires are used to

identify the impact areas. Figure 3 shows that downtown area is the largest hot spot in terms

of the number of ‘‘fire’’ and ‘‘wildfire’’ tweets. This may be due to the fact that, although San

Diego is far away from the ignition locations, a large population could still generate

numerous Twitter activities. Additionally, the digital divide between downtown and other

areas in San Diego County might also explain this, as people in urbanized areas have more

access to information and communication technologies (ICTs) than people in other areas do.

Although non-spatial factors (e.g., population and digital divide) could explain to some

extent the spatial pattern of wildfire tweets, geography still matters. To filter out the influence

of population, dual KDE was performed to detect the clusters of tweets related to Bernardo

fire and Cocos fire (see Figs. 4, 5 respectively). As shown by Figs. 4 and 5, the downtown

area has become a low-value cluster, whereas clusters with values higher than medium are

close to the wildfires’ ignition locations. Considering that the number of geotagged tweets on

Bernardo fire and Cocos fire is small, we included a population map of San Diego County
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Fig. 1 Temporal evolution of wildfire-related tweets with keywords of ‘‘fire’’ and ‘‘wildfire’’
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(Fig. 6) to exclude the impact of ‘‘small number problem.’’ As seen from Fig. 6, areas around

Bernardo are also heavily populated. Actually, Bernardo (Rancho Bernardo) is one of the

populous areas in San Diego County (https://www.sandiego.gov). As such, our finding is

consistent with those in previous studies. For example, Albuquerque et al. (2015) showed

that Twitter messages which were geographically closed to flooded areas were more likely to

be related to floods. Crooks et al. (2013) found that the majority of earthquake-related tweets

originated from within the impact area. Our research provides new evidence on the rela-

tionship between geography and emergency-related social media activities.

4 Topics and network

We first look at the importance of a term in tweets. Figure 7 shows us the top 10 frequent

words. If a term appears frequently in tweets, it is regarded as important. Hence, as shown

by Fig. 7, the most important term is ‘‘evacuate.’’ This is consistent with what we
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expected, because the most urgent thing in wildfire situations is to evacuate and people

always try to inform as many people as possible to evacuate. In these ‘‘evacuate’’ tweets, a

large part talked about the evacuation of homes, resulting in a high frequency of ‘‘home.’’

For instance, someone tweeted ‘‘Check @KPBSnews for updates on Bernardo fire in San

Diego County. 700 acres burned, 20,000 homes being evacuated’’ and anther one posted a

similar message saying that ‘‘California wildfire prompts evacuation of 20,000 homes.’’

‘‘Home’’ was also jointly tweeted with ‘‘burn’’ and ‘‘Carlsbad’’ when some Twitter users

Fig. 3 Spatial distribution of geotagged ‘‘fire’’ and ‘‘wildfire’’ tweets
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reported the wildfire damage in Carlsbad such as ‘‘#CALFIRE official says wildfire has

burned at least 30 homes in #Carlsbad. Homes all is same neighborhood. #PoinsettiaFire

#CBS8.’’ Similarly, ‘‘acre’’ was also used to indicate damage caused by wildfires like

‘‘California’s wildfire season has ravaged nearly 10,000 acres.’’ When people were not sure

about the exact location of a wildfire, they tend to use ‘‘place name ? area’’ to indicate a

fuzzy place impacted by the wildfire. This could be evidenced by such tweets as

Fig. 4 Dual kernel density estimation of geotagged tweets on Bernardo fire
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‘‘evacuations ordered in 4S Ranch area due to brush fire.’’ To explicitly label their tweets

as situational updates, users added ‘‘now’’ or ‘‘update’’ in them. Two examples are shown

here: ‘‘Now: San Diego County says evacuation orders over for all 20,000 homes in

wildfire danger #BernardoFire’’ and ‘‘UPDATE: #BernardoFire is now 700 acres and 5

percent contained’’. Similar to ‘‘Carlsbad,’’ ‘‘Bernardo’’ was tweeted because of the

breakout of one wildfire in there. School kids expressed their emotions when they knew

Fig. 5 Dual kernel density estimation of geotagged tweets on Cocos fire
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that their ‘‘school’’ would be closed. This could be exemplified by ‘‘Due to the wildfire in

Carlsbad. School is canceled tomorrow. This is exciting. I know I’m not the only one.’’

Table 3 shows the seven clusters, and within each cluster, only top three terms are

shown. The number of clusters specified here is to ensure that we get the most but

differentiated topics. We can see from Table 3 that these clusters represent different topics.

Specifically, cluster 1 stands for the topic related to people’s thankfulness to firefighters;

the topic revealed by cluster 2 is about the burned homes in Carlsbad; wind is a keyword in

Fig. 6 Spatial distribution of population in San Diego County
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cluster 3, as it fanned the wildfire in Carlsbad area; a topic relevant to the containment

percentage and impacted acres of Carlsbad wildfire is disclosed by cluster 4; cluster 5

represents the topic associated with the evacuation caused by a burning wildfire in 4S

Ranch; cluster 6 is a topic on damage report, as it reveals the number of acres burned and

the wildfire containment percentage; the last cluster talks about the evacuation of homes in

Bernardo. These clusters reveal the main topics in the wildfire-related conversations on

Twitter. People tweeted about wildfires together with the places where they occurred, as

seen from cluster 2, cluster 3, cluster 4, cluster 5, and cluster 7. This reflects Twitter users’

geographical awareness during wildfire events. People also communicate situational

updates related to wildfire damage on Twitter, as seen from cluster 2, cluster 4, and cluster
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Table 3 Term clusters in wild-
fire tweets

Number Term clusters

Cluster 1 know; thank; firefight

Cluster 2 home; Carlsbad; burn

Cluster 3 wind; Carlsbad; area

Cluster 4 Carlsbad; contain; acre

Cluster 5 burn; evacuate; 4S Ranch

Cluster 6 acre; burn; contain

Cluster 7 evacuate; home; Bernardo
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6. As shown by cluster 5 and 7, evacuations caused by wildfires are involved in tweets,

representing that users are concerned about how to respond to wildfires. Different from

other clusters, cluster 1 shows people’s appreciation for firefighters.

The social network analysis was built based on the retweet relationship. In the retweet

network, if user A retweets a message posted by user B, an edge runs from a node

representing user B to another node representing user A, indicating that information has

diffused from B to A. After building the network based on the retweet relationship, we

calculated the indegree and outdegree for each node. The indegree of node A is represented

by the times that user A has been retweeted by all other users. The outdegree of node A is

the total times that user A has retweeted other users. Figure 8 shows the indegree cumu-

lative distribution of the retweet network, from where we can see more than 85 % nodes

had no users retweet their messages. Furthermore, according to Fig. 9, upward 90 % of
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Fig. 10 Major part of the retweet network
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users retweeted only one user or none. The indegree and outdegree results show a polarized

structure in the retweet network. That is, there are dominant users which act as hubs in the

information exchange network during wildfire hazards. The major part of the retweet

network was visualized to show its polarized structure.

As can be seen from Fig. 10, the node size is proportional to the times that it is

retweeted by others. The nodes of @10news, @KPBSnews, and @nbcsandiego are Twitter

accounts owned by three local news media in San Diego. Some accounts for the local

government are also retweeted by numerous users. For example, @SanDieoCounty is an

official Twitter account for the County of San Diego, @NWSSanDiego for the National

Weather Service Office in San Diego, and @ReadySanDiego for the Office of Emergency

Services in San Diego. We can see that people tend to acquire reliable information from

either government or local news media during disasters. This provides implications for

emergency management, since social media like Twitter could serve as a useful infor-

mation propagation tool for emergency responders to improve the public’s situational

awareness.

5 Conclusion and discussion

Social media data are increasingly being used for enhancing situational awareness and

assisting disaster management (Wang et al. 2015; Li et al. 2016; Yang et al. 2016). We

analyzed the wildfire-related Twitter activities in terms of their inherent attributes, i.e.,

space, time, content, and network to gain insights into the usefulness of social media data

in revealing situational awareness.

First, we analyzed the spatial and temporal patterns of wildfire-related tweets. Our

analysis confirmed a temporally concurrent evolution of wildfire and wildfire-related

Twitter activities. Meanwhile, a spatial coupling between wildfire disruptions and the

related Twitter activities was also observed. Hence, social media data can characterize the

disaster across space and over time, and thus are applicable to provide knowledge asso-

ciated with disaster situations.

Second, people’s conversations on social media tend to vary highly in terms of their

subjects. Mining topics can reduce data chaos and extract useful information to enhance

situational awareness and accelerate disaster response. We found that people’s geo-

graphical awareness is strong during emergency events, and people are also interested in

communicating wildfire damage (e.g., containment percentage and burned acres), wildfire

response (e.g., evacuation), and appreciation to firefighters.

Third, opinion leaders play an important role in wildfire retweet network. We found that

some elite users such as local authorities and traditional media reporters are dominant in

the retweet network, which is consistent with the findings in previous studies. This

polarized structure of retweet network has both advantages and disadvantages. On the one

hand, situational announcements from authoritative sources are accurate and objective. On

the other hand, eyewitness reports might not be able to attract sufficient attention.

There are drawbacks in our research which should be considered in our future pursuits

on this topic. First, although the searching range could cover the majority of San Diego

County, some places (e.g., Carlsbad) where wildfire occurred were not contained. Second,

the 1 % sample limitation may lead to question that whether the sampled data are a valid

representation of the overall wildfire Twitter activities. Third, the social network in our

research is only based on the retweet relationship, while other types of network such as
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followers network which is based on ‘‘who follows whom’’ could be used in future study.

Fourth, the social network analysis centered on the investigation of opinion leaders in

wildfire situation and thus overlooked the information diffusion process including its

components, phases, and characteristics. Finally, since the four dimensions (i.e., space,

time, content, and network) were separately analyzed, their simultaneous analysis might be

able to provide some new insights into disaster management.
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