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Abstract: Disaster risk management, including response and recovery, are essential elements of
sustainable development. With the recent increase in natural hazards, the importance of techniques
to understand, model and predict the evacuation and returning behavior of affected individuals is
rising. Studies have found that influence from real world social ties affects mobility decisions during
disasters. Despite the rapid spread of social media platforms, little has been quantitatively understood
about the influence of social ties on online social media on such decisions. Information provided by
who at what timing influences users’ decision-making process by how much during disasters? In this
study, we answer these research questions by proposing a data-driven framework that can predict
post-disaster mobility decisions and simultaneously unravel the influence of various information on
online social media. More specifically, our method quantifies the influence of information provided
by different types of social media accounts on the peoples’ decisions to return or stay displaced after
evacuation. We tested our approach using real world data collected from more than 13 million unique
Twitter users during Hurricane Sandy. Experiments verified that we can improve the predictive
accuracy of return and displacement behavior, and also quantify the influence of online information.
In contrast to popular beliefs, it was found that information posted by the crowd influenced the
decisions more than information disseminated by official accounts. Improving our understanding
of influence dynamics on online social media could provide policy makers with insights on how to
disseminate information on social media more effectively for better disaster response and recovery,
which may contribute towards building sustainable urban systems.

Keywords: disasters; social media; network analysis; human mobility

1. Introduction

Disaster risk management, including response and recovery, are essential elements
of sustainable development [1–3]. With the increase in both the severity and frequency
of natural hazards in recent years, the importance of techniques to understand, model,
and predict the evacuation and returning behavior of affected individuals is rising [4].
Studies using household surveys and focus group interviews have revealed the effect of
various factors on the decision-making processes of the affected people during disasters.
Sociodemographic factors such as family membership, race, and income, hazard related
factors including the intensity of the hazard and location of residence, and individual factors
including past disaster experiences and risk perception, were shown to have influence on
mobility decision making processes [5–13]. In addition to such factors, studies have found
social influence to be an important psychological process that characterizes the decision to
evacuate or not during a crisis [14]. Studies have modeled the influence of real-world social
network ties on post-disaster mobility decisions using statistical model [15] and simulation
approaches [16].

The rapid spread of various social media platforms such as Twitter and Facebook
have drastically increased the number of channels from which individuals can obtain
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information during disasters [17]. Social media platforms are being utilized to dissemi-
nate information by official agencies such as the Federal Emergency Management Agency
(FEMA), The White House, and non-profit organizations such as the Red Cross [18]. Stud-
ies in other domains have revealed the significant influence of information from online
social media platforms on opinion formation, which could lead to serious real-world con-
sequences such as election outcomes and stock prices [19,20]. Studies have mainly focused
on understanding how social media platforms are being utilized during hazards and who
disseminates what types of information [21,22]. Despite such recent efforts, little has been
quantitatively understood on whose information provided at what timing influences users’
decision making and by how much. This gap in the literature is mainly due to limitations
in the current methods and models that are used to investigate the influence of online
social media information on post-disaster mobility decisions.

In this study, we attempt to overcome the aforementioned research gaps by proposing
a data-driven framework that can predict post-disaster mobility decisions and also unravel
the influence of various information posted on online social media. More specifically,
we investigate how information provided by various types of users influences people
to return or stay displaced after evacuation. We test our proposed approach using real
world data collected from more than 13 million unique Twitter users during Hurricane
Sandy. Experiments verify that our proposed approach can (1) improve the predictive
accuracy of returning and displacement behavior by utilizing information from social
media, and (2) unravel whose information provided when, has how much influence on the
decision-making process of the evacuees. Unraveling such influence dynamics of online
social media information could provide policy makers with insights on how to disseminate
information on social media more effectively for better disaster recovery.

The article is organized as follows: a thorough literature review of studies that predict
post-disaster mobility decisions using household survey data and social media data is
performed in Section 2. Section 3 describes the materials and methods used in this paper,
including the data sources, data processing methods, machine learning methodology,
and the classification problem setting. Section 4 presents the results of the modeling and
analysis, which are discussed in Section 5. Section 6 concludes the paper with final remarks.

2. Literature Review

The recent increase in the severity and intensity of natural hazards has raised the
importance of understanding and modeling the various mobility decisions due to natural
hazards including evacuation, return, long term displacement, and migration [4]. House-
hold surveys and focus group interviews have traditionally been the primary data source
to understand post-disaster behavior [5–7]. Although findings vary across disaster events
due to the differences in social context and the characteristics of the hazard, it is generally
known that factors such as income, race, family membership, location of residence, storm
intensity and past disaster experiences, all affect the mobility decisions of the affected
households in a complex manner [8–13]. Studies have attempted to model the decision-
making mechanisms of households using various statistical methods including sequential
logit models [23], mixed logit models [24], hazard models [25], and regression analysis [26].
In addition to such factors, studies have revealed the significant effect of social ties within
the community network on evacuation and return decisions [15]. Such social relationships,
also referred to as informal networks including family members, friends, neighbors, and
coworkers, are known to influence the disaster warning dissemination and adaptation
process [27]. Riad et al. found social influence to be an important psychological process that
characterizes the decision to evacuate or not during a crisis [14]. Studies have modeled the
effect of influence from real world social network peers on post-disaster mobility decisions
using statistical models [15] and simulation approaches [16].

The wide spread of social media platforms such as Twitter and Facebook have
added an entirely new channel for individuals to obtain information during natural
hazards [17,28,29]. It is estimated that nearly 69% of the United States adult population
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owns at least one social media profile [30]. Activities on social media platforms are known
to intensify during disaster events, where users post various thoughts, emotions, and
information to their social networks [31]. Studies have shown that the vast amount of data
posted on social media during events can be utilized for various applications including
modeling travel behavior [32], estimating earthquake location and intensity in real time [33],
detecting traffic incidents [34], identifying concerns of the public during a crisis [35], match-
ing the needs and offers of various supplies [36], and performing rapid assessment of
disaster damage levels [37]. With the increasing popularity of such platforms, various
emergency response organizations have started to use social media accounts as channels
to dissemination information to the public during natural hazards, including the forest
fires in the Canary Islands, Spain [18,38]. Although many studies have performed analyses
on understanding the types of information being disseminated during disasters [21,22],
little is understood on how such information influences mobility outcomes of the affected
individuals. A recent study showed that social media information can improve the pre-
dictability of mobility decisions; however, it did not unravel whose information posted
when, affects those decisions and by how much [39]. In this study, we apply a data-driven
method to model and unravel the influence of online social media information on the
mobility decision making process of the evacuated people during disasters.

3. Materials and Methods
3.1. Data
3.1.1. Hurricane Sandy

Hurricane Sandy was one of the largest hurricanes in the history of the United States of
America. Hurricane Sandy made landfall on 29 October at around 8 p.m. in New Jersey. The
storm surge inflicted severe damage to infrastructure and buildings, causing 650,000 to be
destroyed or damaged [40]. Over 8.5 million people were affected by power loss that lasted
for weeks in some areas, even after the hurricane subsided on 31 October [40]. Hurricane
Sandy caused 147 direct casualties and an economic loss of $50 billion [40]. Understanding
whether we can model the influence of social media information on users during such
catastrophic events is of importance for decision makers and various stakeholders.

3.1.2. Twitter Data

To test our models, we used Twitter data provided by Kryvasheveu et al. [31], which
were collected by an analytics company, “Topsy Labs”, before, during, and after Hurricane
Sandy. The dataset contains 52.55 million messages from 13.75 million unique users between
15th October and 12th November 2012, which contain keywords relevant to Hurricane
Sandy [41]. Each tweet contains the user ID, time stamp, tweeted text, and longitude
and latitude information when available. Around 2% of the tweets contained longitudinal
and latitude information, which we used to infer evacuation and return mobility. The
Twitter dataset also contains the network structure data of Twitter users, which allows us to
understand the set of users followed by each user. For example, we are able to understand
whether user A was “following” (in other words, receiving information from) the FEMA
account (@FEMA) at the time of the crisis. By combining the Twitter network data and
the aforementioned individual tweet data, we are able to reconstruct each user’s Twitter
feed timeline, which is a time-ordered list of all the information each user received from
their online connected peers during the crisis. Using this combined dataset, we model the
influence of online information provided by various types of peers on the post-disaster
mobility decisions of evacuated users.

3.1.3. Geographical Information Related to Hurricane Sandy

In addition to the Tweet data, we also utilize features generated from the geographical
information of each user, since it is well known that the post-disaster mobility decisions
(evacuation and return) are heavily affected by where they live (e.g., are they living in the
flooded zone?) [5,6,8,9]. We utilize the Hurricane Sandy inundation zone map, shown in
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Figure 1, provided by the New York City Open Data website (https://data.cityofnewyork.
us/Environment/Sandy-Inundation-Zone/uyj8-7rv5; accessed on 7 May 2021) to label
whether each user was staying in the areas affected by flooding hazards.
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Figure 1. Hurricane Sandy inundation zone map provided by the New York City Open Data website
(https://data.cityofnewyork.us/Environment/Sandy-Inundation-Zone/uyj8-7rv5; accessed on 7
May 2021).

3.2. Overview of the Methodology

In this paper, we model the influence of online social media information on post-
disaster mobility decisions using a data-driven, network approach. Figure 2 provides an
illustration of the modeling framework. Online peers that the target user is connected to
are categorized into different groups, which are government agency accounts, media outlet
accounts, utility agency accounts, accounts of spatial neighbors and other online peers.
The account names in each category shows some examples of such Twitter accounts, such
as @FEMA (Federal Emergency Management Agency) and @FDNY (New York City Fire
Department) as government agency accounts. Input features related to online information
are generated from the tweets broadcasted from these online accounts using sentiment
analysis. These input features are combined with input features related to the user’s
evacuation behavior (e.g., when, how far?) and characteristics of his/her residential
location before the hurricane (e.g., flooded or not, in hazard zone or not). Using these
input features, we predict whether the user returned to his/her original residential area
after evacuation. We infer the output label using geo-tagged tweets of the user, which is
explained in more detail in the following sections. The data-driven framework explained
in the following sections estimates the influence of the online information provided by
each user category on post-disaster mobility decisions.

https://data.cityofnewyork.us/Environment/Sandy-Inundation-Zone/uyj8-7rv5
https://data.cityofnewyork.us/Environment/Sandy-Inundation-Zone/uyj8-7rv5
https://data.cityofnewyork.us/Environment/Sandy-Inundation-Zone/uyj8-7rv5
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3.3. Analysis of Tweets and User Profiles

Each tweet is fed into a machine learning algorithm named SentiStrength [42] and as-
signed a sentiment value. SentiStrength assigns a sentiment value to each tweet (a sequence
of words) by computing scores to each word using a pre-defined dictionary. Sentiment
values are usually within the range of −3 and +3, where positive values indicate positive
sentiments and negative indicate negative sentiments. In this paper, we use sentiment
values to represent the information obtained from tweets, since sentiment scores are known
to be effective in predicting various social phenomena such as flu epidemics [43], stock
prices [20], and political preferences [19]. The tweet sentiments are temporally aggregated
into bins of 6 h within the observation period to overcome sparseness of the tweet data in
some time periods. Thus, for each Twitter user account, all of its tweets are transformed
into a time series of sentiment data. To generate the input data for each target user, the users
are further aggregated into different categories of users (e.g., government agencies, media
outlets, utility agencies), which are shown in Table 1. These users were chosen manually,
thus this may not be an exhaustive list; however, it includes the key user accounts which
were followed by the largest number of users in the New York City region at the time of the
hurricane. As a result, as shown in Table 2, each user’s input feature consists of evacuation
mobility characteristics, his/her own tweet sentiment time series, and also sentiment time
series information from his/her online network.

Table 1. Twitter Users in each Account Category.

Account Category Users Included

Government Agencies
@BarackObama, @fema, @femaregion2, @nws, @nwsnhc, @fdny,

@mikebloomberg, @nycmayorsoffice, @nycoem, @notifynyc, @nycgov,
@nycgovcuomo, @nycsanitation, @nyc_dot

Media Outlets
@nytimes, @cnn, @cnnbrk, @washingtonpost, @bbcbreaking, @wsj,

@reuters, @theeconomist, @ap, @cnnweather, @outfrontcnn, @cnnlive,
@cnnireport

Utility Agencies @conedison, @nyc_buildings, @mta, @nyctsubway, @nycwater,
@nationalgridus

Spatial Neighbors Users estimated to be tweeting within 1 km of the target user’s location

Influencers All users connected to the target user with more than 10,000 followers

Online Peers All users connected to the target user
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Table 2. Description of Input Features.

Feature Category Feature Type Description

Evacuation mobility
characteristics

Evacuation Distance Distance traveled during evacuation

Evacuation Time Timing of evacuation

Flood zone Whether or not he/she was in flood zone

Evacuation zone Whether or not he/she was in
evacuation zone

Own tweets User’s own tweets Sentiment time series of user’s own tweets

Information from user’s
online network

Online Friends Sentiment time series of online friends

Government Agencies Sentiment time series of
government agencies

Utility Companies Sentiment time series of utility companies

Media Outlets Sentiment time series of media outlets

Influencers Sentiment time series of influencers

Spatial Neighbors Sentiment time series of spatial neighbors

3.4. Ground Truth Labels for Post-Disaster Mobility Decisions

The ground truth labels of post-disaster mobility decisions were estimated using
the geo-tagged Twitter data. For each user, their “usual” activity area was estimated by
applying mean-shift clustering on the geo-tagged location points observed prior to the
hurricane (before 28 October). Then the “during crisis” activity area was estimated using
similar methods but with location points observed during the landfall of the hurricane
(29 October–1 November). We label the users whose “usual” and “during crisis” activity
areas were more than 10 km apart as “evacuated”, and if the user’s activity area returned
to his/her “usual” activity area after the disaster (2–10 November), we label that user as
“returned (y = 1)”, and otherwise “not returned (y = 0)”.

3.5. Classification Models

In our experiments, we test whether information collected from various social media
accounts are predictors of the post-disaster mobility decisions of users, using standard
machine learning techniques. We use standard machine learning techniques since the
methodology itself is not the focus of this study; rather, the insights obtained from the
results are what we would like to focus on. We test various classifiers including gradient
boosting decision trees, graph convolutional networks, and logistic regression. A gradient
boosting decision tree is a popular algorithm for classification tasks, applied to many
applications and is shown to be effective for problems across a range of domains, especially
in Kaggle contests [44]. The algorithm extends the idea of the random forest model by
designing the loss function to put more attention on the misclassified samples so that the
algorithm sequentially generates trees that correctly classify the misclassified datapoints.
As default hyperparameters for the gradient boosting decision tree algorithm, 500 stumps
(trees with depth of 2) were used.

There has been rapid progress in machine learning algorithms for graph-structured
data in recent years, which are often referred to as the family of Graph Convolutional
Networks (GCNs), that apply a similar idea as convolutional neural networks but on
graphs [45,46]. Several studies have applied GCNs to the transportation domain [47,48].
In this paper, we test the graph attention network (GAT) model, which is the state-of-
the-art graph convolutional network in the current literature [49]. GAT combines the
GCN architecture with the attention mechanism, which has been shown to be effective in
various sequence-based tasks such as natural language processing. Recent studies have
shown the high performance of GATs on various tasks on social influence modeling and
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recommendation systems [50,51]. We test the performance of the GAT model with the
default hyperparameters used in the original paper.

For comparison, we also test popular machine learning algorithms including Logistic
Regression (C = (0.001, 0.001, 0.01, 0.1, 1, 10, 100)), Support Vector Machines (C = (0.1, 1, 10,
100, 1000)), and K-Nearest Neighbors (k = (2,3,4,5,10,20)), where the numbers in brackets
are the tested hyperparameters of each algorithm. All algorithms were implemented
on Python.

3.6. Evaluation Metrics

Since our problem is formulated as a binary classification problem and the labels are
imbalanced (around 73% of labels are “1” (returned), and 27% are “0” (displaced)), we
use area under curve (AUC) and F1-score as evaluation metrics, rather than precision and
recall. All models were trained using 60% of the data (training data). The hyperparameters
of each model were determined using 20% of the data (validation data), and then tested
using the remaining 20% of the data (test data). All scores were averaged over 10 iterations
with shuffled training, validation, and test datasets.

4. Results
4.1. Analysis of Twitter Data

First, we perform empirical analysis on the Twitter data to understand both the
dynamics of tweet sentiments and mobility patterns. Figure 3 shows the mean sentiment
values of tweets posted by users from different user categories over time. Note that these
are averaged over all users, showing the macroscopic trends in sentiment values. We
observe heterogeneous patterns across different user categories. The sentiments of spatial
neighbors’ tweets (“Spatial”) shows significant negativity before and during landfall of
Hurricane Sandy and an increase in positivity after 3 days from the dissipation of the
Hurricane. This pattern reflects the pre-landfall fear and anxiety, the damage inflicted to
the affected areas during landfall, and the relief afterwards in the affected areas. Similarly,
utility company accounts (“Utility”) show negativity during landfall but turn to positive
sentiments shortly after dissipation, indicating the recovery of infrastructure systems
shortly after the hurricane. The tweets posted by media outlet accounts (“Media”) show
negativity especially during the landfall of the hurricane, and stay negative for at least
2 weeks after the dissipation of the Hurricane in contrast to the tweets posted by the
“Spatial” users who were within the New York City area. In contrast to all these patterns,
the government accounts (“Government”) continue to stay positive before, during, and
after the hurricane. Tweet sentiment values of accounts of all other users (“All Other
Peers”) and influencers (“Influencer”) seem to stay stable at neutral sentiment level around
0. For each target user, sentiment time series of these different user categories are different
depending on their social network structure. We attempt to predict the target users’ post-
disaster mobility decisions (namely whether he/she will return to his/her original location
after the hurricane) using these heterogeneous sentiment time series data, and to further
identify which user category’s information affects their mobility decisions the most.

Figure 4 shows the estimated 6-hourly and cumulative evacuation and return rates
due to Hurricane Sandy. We observe that most people (80% of users) evacuate from their
home locations during the few days before landfall (on 28 and 29 October), where the rest
of the users evacuate during and after landfall. This result agrees with analysis performed
using household surveys performed in past studies [52]. Thus, we clarify that analysis
using Twitter geo-tags are reliable in the macroscopic scale, even though Twitter geo-tag
data is sparse in the number of observations. On the other hand, the timings of returning
movement have a large variance across users. Even after 12 days after the dissipation of the
hurricane, around 27% of the evacuated users did not return to their original locations. In
this paper, we label these users as “not returned (y = 0)”, and label the users who returned
as “returned (y = 1)”. Due to this analysis, we find that the labels are slightly imbalanced.
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Thus, we use Area Under Curve (AUC) as the evaluation metric as well as the F1-score for
evaluating the prediction performance in the following experiments.
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4.2. Predictive Accuracy of Post-Disaster Mobility

Now, we test the predictive performances of the classification models using the
aforementioned input features (listed in Table 2). Table 3 shows the predictive accuracy
of post-disaster mobility decision labels using the different models. The presented scores
are the prediction accuracy scores over the test data, using the best hyperparameters
determined using AUC score over the validation data. The standard deviation of the scores
over the 10 iterations with randomized training, validation, and test data are shown in
brackets after the scores. We observe that out of all tested models, Gradient Boosting Tree
performs best compared to the other models both in terms of F1-score and AUC with a
significant margin.

Furthermore, Table 4 shows the predictive performances using different sets of input
features. The model structure and hyperparameters are kept the same in all cases (Gradient
Boosting Tree with 100 trees and maximum depth 2). Comparing the F1-score and AUC
between the three sets of input features, we show that the information from online networks
improves both the F1-score and AUC significantly, compared to only using mobility related
features or using mobility related features and sentiment time series data of his/her own
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tweets. This shows that information posted on online social media by the different user
categories does indeed affect the mobility decisions of users after disasters.

Table 3. Predictive Accuracy of Models.

Model Best Hyperparameter[s] F1-Score AUC

Gradient Boosting Tree # of Trees = 100
Maximum Depth = 2 0.828 (±0.007) 0.760 (±0.011)

Graph Attention Network # of Attention Heads = 8
# Hidden Units = 8 0.761 (±0.00) 0.543 (±0.027)

Logistic Regression C = 1
Penalty = L1 0.678 (±0.013) 0.634 (±0.021)

Support Vector Classifier C = 0.1
Kernel = rbf 0.711 (±0.014) 0.563 (±0.018)

K-Nearest Neighbor K = 3 0.604 (±0.024) 0.539 (±0.024)

Table 4. Importance of Information from Online Network.

Mobility Own Tweets Information from
Online Network F1-Score AUC

- - 0.807 (±0.011) 0.702 (±0.017)

X X - 0.814 (±0.007) 0.744 (±0.011)

X X X 0.828 (±0.007) 0.760 (±0.011)

Figure 5 shows the grid search results on the hyperparameters (number of trees and
maximum depth) of the Gradient Boosting Tree model. Using the validation dataset, it
was determined that using 100 trees with depth 2 (stumps) gives the highest AUC score.
Although the F1-score is higher using 10 trees with depth 3, we prioritize AUC score
over F1-score since the objective labels are slightly imbalanced (73% are labeled “1”). The
Gradient Boosting Tree model allows us to quantify the importance of each input feature.
The importance of each input feature is calculated as the total decrease in Gini impurity that
the feature contributes to in the model. Figure 6 shows the relative feature importance of
the different user categories over time (moving average with a time window of 5 data points
is shown here for visual clarity). Out of all user categories, we observe that tweet sentiment
time series data of “All other peers”, “Influencer”, and “Spatial” category users had the
largest influence in the post-disaster mobility decisions of the target users. On the other
hand, media accounts, government agency accounts, and utility company accounts had
less influence on the mobility decisions. The high influence of “Spatial” sentiments, which
are sentiment values of tweets tweeted by physically close users (thus within the Hurricane
affected regions) is intuitive since the sentiments tweeted within the disaster region may
reflect the recovery status of the region. However, the high influence of the information
of tweets posted by the crowd (“all other users”) users who are not official government
accounts, media accounts, or utility companies was unexpected. This result encourages us
to focus more on the opinion influence dynamics that occur between individual users, in
contrary to the current literature that focuses on how official agencies utilize social media
as a platform for information dissemination.
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5. Discussion

In this study, we utilized large scale social media data collected from Twitter users
to model the influence of information on online social media on post-disaster mobility
decisions of the users affected by Hurricane Sandy. Using data-driven approaches, we
showed that by using online information, we are able to better predict real world behaviors
of people after disasters. Moreover, we unraveled whose information provided when, affects
the users’ decisions and by how much. To the best of our knowledge, this is the first work
to model and quantify the influence of online social media information on post-disaster
mobility decisions using real world data. In contrast to existing literature that focuses on
the information disseminated by “official” accounts such as government agencies, utility
agencies, and media outlets, our model revealed that information posted by users in the
“crowd” and unofficial influencers were more important in influencing the users’ mobility
decisions. From a policy maker’s point of view, this result implies the limited capacity
of using official accounts for broadcasting information to control opinion dynamics and
decision making of individual users. This motivates us to investigate more the complex
influence dynamics among the individual users on social media and provide solutions
on how to better model, predict, and in some cases, “nudge” the decisions of users for
better outcomes.

Now we touch upon the future research opportunities that this study enables. First,
we used sentiment analysis as our tool to quantify each tweet in this study. However,
using sentiment data drops the details of the text in the tweet. Applying word or sentence
embedding methods such as word2vec [53] to better encode the meanings of the tweets
may improve the predictive ability of the model, and allow us to understand the types of
information that affect the users’ decisions. Second, we were only able to use data from one
disaster event to validate the proposed methods. We are currently collecting Twitter data
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from other recent disasters including Hurricanes Harvey and Irma to investigate whether
the findings from Hurricane Sandy are generalizable to other disaster events. Third, in
this study, we focused on predicting whether or not users will return to their original
home locations or become displaced. Investigating the predictive performance on different
objective variables, such as predicting when each user would come back, could be more
challenging as a problem but would be more informative to decision makers. Extending
the framework presented in this paper to different problem settings to understand the
influence of online social media on various real-world behavioral patterns would be of
interest for future studies.

6. Conclusions

Predicting post-disaster displacement and return mobility is important for policy
making in various domains related to emergency management. In this study, we proposed
a data-driven modeling framework that predicts the post-disaster behavior of affected
individuals using information on online social media. Experiments using real world
Twitter data collected from Hurricane Sandy showed that we are able to improve the
predictive accuracy of mobility decisions by using online social media data. Furthermore,
we unraveled the characteristics of tweets (tweeted by who and when) that have large
influence on the users’ mobility decisions. It was revealed that information from tweets
posted by non-agency user accounts had substantial effects on the decision making of
the affected users. The significant influence that non-agency user accounts have on the
mobility decisions motivate us to further investigate the opinion formation and influence
dynamics among individual users on online social media networks.
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