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ABSTRACT

During a natural disaster or emergency event, individual social media posts or hot spots may not necessarily correlate
to the most devastated areas. To better understand the correlation between social media and physical damage, we
compare Tweets, data about the physical environment, and socio-economic factors with insurance claim information
(as a proxy for physical damage) from 2017 Hurricane Irma in the state of Florida. We use machine learning
to identify relevant Tweets, sensitivity analyses to identify socio-economic factors, and statistical regression to
determine the predictive capability of insurance claims as a proxy for damage. We find that Tweets alone result in a
poorly fitted regression model of insurance claims, but the inclusion of physical features (e.g., power outages, wind
level) and socio-economic factors (e.g., population density, education, Internet access) improves the model’s fit.
Such models contribute to the knowledge base that may allow social media to predict damage in real-time.
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INTRODUCTION

The rise of social media over the past 15 years has marked a shift in the potential of how information is collected
and disseminated during natural disasters (Reuter and Kaufhold 2018). The flow of information between authorities,
like emergency managers and first-responders, and the broader community is becoming increasingly bi-directional.
A person with an internet connection in the wake of a flood, wildfire, earthquake, or hurricane now has the ability to
ask for help or report damage via Twitter, Facebook, Instagram, or another platform (Jurgens and Helsloot 2018).
The messages conveyed by social media may help people identify the most devastated areas before conventional
post disaster damage assessments (Kryvasheyeu, H. Chen, Obradovich, et al. 2016; Resch et al. 2018). With
knowledge of these areas, a decision maker may deploy personnel, aid, or other resources based on the singular post
or "hot-spot" of posts (Gao et al. 2011). However, identifying areas most in need requires the filtering of social
media content to identify the most relevant information (Leykin et al. 2018). Moreover, basing resource allocation
decisions on social media posts may not necessarily serve communities posting the most (e.g., those whom have
internet connection during a disaster) rather than those most at-need (Brynielsson et al. 2018).
Although researchers have correlated Twitter activity to economic damage (Kryvasheyeu, H. Chen, Obradovich,
et al. 2016), an ongoing challenge in using social media for disaster management is addressing why a certain region
may be more active on social media during a disaster. For example, social media posts may correspond with areas
with younger populations that have higher social media adoption rates and not capture of elderly communities
(Perrin 2015). Certain regions may have higher levels of internet connectivity resulting in more social media
activity. Non-English speaking communities may be using other communication platforms aside from the ones
monitored by authorities. Without understanding and accounting for biases is how posts are generated, using social
media for disaster response may favor areas with higher adoption rates.
∗ http://urbanresilience.stanford.edu
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Our goal is to determine the relationship between a sample of Twitter posts and insurance claims as a proxy for
on-the-ground damage, while adjusting for demographic and physical factors that could impact a geographic area’s
ability to Tweet. To do so, we first test and apply machine learning based classification and filtering methods to
Tweets from 2017 Hurricane Irma. Then, we apply a regression to estimate the relationship between filtered Tweets
and insurance claims in Florida resulting from the hurricane. Further, we test how incorporating physical features
(e.g., power outages, Internet access) and demographic/socioeconomic factors (e.g., population density, education,
age, etc.) impact the model’s fit.
BACKGROUND

Researchers have tested whether social media can be used for disaster management through outbreak detection
(Earle et al. 2011, Kryvasheyeu, H. Chen, Moro, et al. 2015), information retrieval (Imran, Elbassuoni, et al. 2013),
sentiment analysis (Stieglitz et al. 2018, Kryvasheyeu, H. Chen, Moro, et al. 2015), evacuation behavior (Stowe,
Anderson, et al. 2018, Danaë Metaxa-Kakavouli et al. 2018), hazard assessment (Resch et al. 2018, Burks et al.
2014, Herfort et al. 2014), and damage assessment (Resch et al. 2018, Kryvasheyeu, H. Chen, Obradovich, et al.
2016, Guan and C. Chen 2014). By combining methods of prior work, our efforts to test Twitter’s capability for
damage assessment first requires determining what information is relevant and filtering that information. The
second step requires providing context to how that information exists. In other words, what populations do the
social media posts represent and can it be trusted and be representative? Finally, an actionable decision responding
to the local damage assessment should be able to be made considering all factors mentioned above.
Filtering

Keyword-based filtering is a technique to select disaster-related Tweets, where the quality of the filtered Tweets
depends on the keywords researchers or practitioners choose. Yet, keyword filtering may not be enough to eliminate
noise from information (Leykin et al. 2018), which has led to the development of machine learning algorithms to
better identifying disaster related Tweets (Li, D. Caragea, C. Caragea, and Herndon 2018; Mazloom et al. 2018; Li,
D. Caragea, and C. Caragea 2017; Stowe, Paul, et al. 2016).
For example, Resch and colleagues (2018) developed a Latent Dirichlet Allocation (LDA) algorithm to determine
the earthquake-related Tweets and damage-related Tweets in the 2014 Napa earthquake in California. However,
their algorithm still requires extensive human involvement to identify the topics that the LDA generates. Imran and
colleagues (2016) and Alam and colleagues (2018) tested Tweets classification tasks with deep learning, but their
models, have not been utilized in any case study to perform damage assessment. We expand upon this prior work
through testing new filtering techniques through combining keyword filtering, neural net Tweets classification, and
sentiment cut-off.
Bias

Prior research focuses on correlating Tweet activity and disaster damage, such as the comparison of Tweets and
earthquake-related physical variables to estimate earthquake ground shaking intensity (Burks et al. 2014), without
study into who is generating the Tweets. Twitter user patterns may be skew to disproportionately represent certain
segments of a population. Prior research has shown that older populations have less social media adoption compared
to younger counterparts (Perrin 2015). Areas with limited internet connectivity are less represented in social media
compared to urban population centers (Mislove et al. 2011). English is the main language involved in disaster
social media texts classification machine learning training, such as from CrisisLex (Olteanu, Castillo, et al. 2014)
and CrisisNLP (Imran, Mitra, et al. 2016) data sets. Minority ethnic groups typing different languages may be
overlooked when researchers focus on English Twitter posts.
To build upon prior work, we include physical variables and societal factors to test whether they improve a social
media based regression model’s prediction of physical damage. Specifically, we build a Tweets-based regression
model incorporating other correction factors to estimate county-level damage (in terms of number of claims). By
doing so, we work towards the quantitative usage of Tweets in disaster damage assessment while adjusting for biases
in how the Tweets are generated.
METHODS

The foundation of this paper is to determine the relationship between geo-tagged Tweets from Florida during 2017
Hurricane Irma and the geographic distribution of post-disaster insurance claims resulting from the event. We then
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aim to understand if the predictive ability of Twitter data could be improved through incorporating socio-economic
factors that may have better reflected those the communities generating the Tweets.
We first apply machine learning techniques to classify and filter the Tweets. Second, we conduct a sensitivity
analysis to select socio-economic factors that may affect the ratio between disaster-informative Tweets density and
post-disaster claims percentage. Third, we determine the relationship of the Tweets, socio-economic factors, and
insurance claims by fitting the data into regression models.
For this study, we use 201,833 geo-tagged Tweets from Florida during Hurricane Irma are collected from August 21,
2017 to September 14, 2017. This timeframe encompasses when Hurricane Irma made landfall in Florida around
September 10 and 11. County level insurance claim data is collected from Florida Office of Insurance Regulation
(2018). Socio-economic data was accessed from an aggregate dataset based on information from the 2010 Census
among others (Kirkegaard 2016).
Tweet Filtering by Keywords, LSTM, and Sentiment Analysis

To pre-process the data, the Tweets first are made lowercase and retweets such as "RT @:NAME", HTMLs, smiley
faces and emojis are removed. Stop-word (some most common words in a language), are not removed because
words such as "not" may affect sentiment analysis in the later filtering layer. We also do not perform lemmatization
(return the base or dictionary form of a word), to facilitate the use of pretrained word embeddings. Hashtags (the
words after "#") are not removed because they might indicate the topic of the Tweet. After the pre-processing,
duplicates Tweets are removed from the data. The pre-processed Tweets are first filtered by the keywords including
hurricane, irma, flood, cyclone, storm, wind, and typhoon.
Second, we use prior sets of labeled Tweets to train a neural network model to classify the level of relevance for
each Tweet from our Hurricane Irma dataset. We apply Bidirectional Long-Short Term Memory (LSTM) recurrent
neural network due to the potential to select Tweets more relevant to Hurricane Irma compared to simple keyword
filtering (Leykin et al. 2018). We use prior English language crisis related Tweets that are previously labeled (Table
1) as training datasets.
Generally there are two types of supervised learning labels in disaster Tweets classification: relatedness and
informativeness. Relatedness-based classification resembles a keyword-search whereas informativeness-based
classification aims more at finding Tweets useful to humanitarian aid organizations or governments to take action.
We apply the criteria for informativeness based of prior definitions as providing information that is useful to a
person (Truong et al. 2014; Olteanu, Vieweg, et al. 2015). For example, a Tweet that states This hurricane sandy
twitter is so annoying would not be considered informative (Truong et al. 2014). Informative Tweets fall in one of
the following categories: affected individuals, infrastructure and utilities damage, sympathy and support, caution
and advice, donation and volunteering other useful information. Further, the type of hazard in the training datasets
greatly impacts the performance of the classifier (Li, D. Caragea, C. Caragea, and Herndon 2018). Therefore, we
attempt to make the classifier hurricane-specific by choosing only hurricane and floods events from the available
Tweet training datasets.
Table 1. Tweet Training Datasets

Database

Dataset

Reference

CrisisLex
CrisisNLP
CrisisNLP
CrisisNLP

T6 and T26
#1
#2,#3
#6

Olteanu, Castillo, et al. 2014
Imran, Mitra, et al. 2016
Imran, Elbassuoni, et al. 2013
Alam, Ofli, et al. 2018

Third, we classify whether the Tweets have a positive (>0, max 1) or negative (<0, min -1) sentiment using
the Python library textblob. We chose to only keep Tweets with a sentiment of less than zero based on our
quantitative analysis that negative Tweets generally exhibited higher levels of correlation to post-Irma insurance
claims compared to Tweets of zero or positive sentiment. However, there are other interpretations of sentiment that
is suitable for predicting disaster damage that we do not address here. For example, it is a separate issue to explain
whether people with disaster damage are exhibiting more positive (hopeful) or negative (glum) sentiments post
disaster.
The remaining Tweets are parsed at a county level to match the insurance claim data granularity. The Tweet count
was then divided by county population to calculate Tweets per capital.
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Figure 1. Example variables mapped at county level in Florida. Clockwise from the top left: Percentage of
insurance claims per total number of households in the county, absolute value of insurance of claims, filtered Irmainformative tweets with negative sentiment per 10,000 population, Digital Divide Index as a proxy for internet
connectivity, peak percent power outage on Sept 11, number of households.

Incorporating Socio-economic Factors and Insurance Claim Data

Social media may under-represent or over-represent different demographics due to varying levels of adoption
(Mislove et al. 2011). To account for such variability, we identify demographic and socio-economic factors that may
potentially explain the generation of Tweets and test whether their inclusion into the regression model improves the
prediction of insurance claims.
To determine factors that are statistically relevant to insurance claims or affecting Twitter activity, a sensitivity
analysis is applied to Irma insurance claims data, filtered Tweets per capita, power outage data at the county level,
as well as approximately 70 demographic and socio-economic factors including ethnicity, age, income, education,
household type, Internet access, and occupation. Claims data are extracted from the publication of Florida Office of
Insurance Regulation (Florida Office of Insurance Regulation 2018). The demographic and socio-economic factors
are obtained from the R-package "USA.county.data" (Kirkegaard 2016) and the US Census Bureau (2000). Internet
connectivity data are attained from the Digital Divide Index (DDI) (Intelligent Community Institute 2017). Power
outage data are attained from the US Energy Information Administration (US Energy Information Administration
2017). Wind speed, a binary categorical variable indicating whether the wind level is hurricane or tropical storm
when Irma swept the county, is retrieved from a news report (Washington Post 2017). Example variables are
illustrated in Figure 1.
We first exclude factors that are highly correlated (correlation 0.6 or above). For example, the two variables
"percentage of people with at least a bachelor’s degree" and "percentage of people with at least a master’s degree"
are highly correlated so only "percentage of people with at least bachelor’s degree" is kept. We take such action as a
measure to prevent multicollinearity.
We use random forest and distance-based sensitivity analysis (DGSA) to select predictor variables of the regression
model. We use the metric "Increase in MSE" (IncMSE) to check the sensitivities in random forest. Two sensitivity
analyses are conducted, each with a different response variable, namely claim percentage (number of claims
normalized by number of households at county level) and ratio between filtered Tweets per capita and claim
percentage. The former explores which factors may affect claims report in each county, while the latter tests which
factors may explain the bias of using social media as a damage indicator.
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Regression

A negative binomial regression with number of claims as dependent variable is created and evaluated based on
RMSE. We model the "rate" of claims using number of households as the offset. The canonical Moran I Monte Carlo
test (with 2000 simulations) checks spatial auto-correlation. Tweets, the demographic and socio-economic factors
chosen from the sentiment analysis, power outages, and categorical wind speeds are included in the regression
analysis. The zero-inflated negative binomial model estimates Tweets density in each county to look for the dominant
factors affecting Twitter users’ activity. In this regression analysis, Tweets count is the dependent variable (offset is
population) while claims percentage belongs to one of the independent variables.
RESULTS
Tweet Filtering by Keywords, LSTM, and Sentiment Analysis

21,307 Tweets remain after the keyword filtering. In the next step, the pre-trained Tweet classifier selected related
and informative Tweets from the set of 21,307 filtered by keywords. The relatedness-classifier attained 94.9% test
accuracy with a training dataset of 16,000 Tweets, validation dataset of 5,000 Tweets, and test dataset of 5,000
Tweets. The informativeness-classifier had 32,000 Tweets of training data, 5,000 validation Tweets, and 5,000
test Tweets to attain 82.4% test accuracy. We choose to use the informativeness-based classifier to filter the Irma
Tweets. 13,216 Tweets remain after applying the informativeness-classifier. 1,745 Tweets remain after applying the
sentiment analysis.
Sensitivity Analysis and Regression

Factors such as filtered tweets in 10 thousand people, power outage, Latino population, NBBND ("percent of
population without access to 25[Mbs download]/3(Mbs upload] fixed broadband," an indicator of local Internet
access), and UPS (upload speed) play an important role in random forest regression with claims as the dependent
variable. The random forest in Figure 2 shows that population over age 65, population density, school enrollment,
races, internet access are significant to sway the ratio between Tweets and claims, while power outage is not
significant.
Table 2. Negative Binomial Regression

Predictors

RMSE (claims %)

Moran I

Pseudo R-squared

Tweets only
power outage only
Tweets + power outage
Tweets + UPS + power outage
Tweets + UPS + power outage + wind
Tweets + UPS + Latino pop + power outage
Tweets + UPS + Latino pop + power outage + wind

14.71
14.84
12.35
14.40
11.2
9.84
10.11

0.0005
0.0005
0.0005
0.1224
0.2529
0.0760
0.1279

0.2588
0.2394
0.5536
0.6569
0.7001
0.7000
0.7122

The negative binomial regression is summarized in Table 2 and the coefficients of each term are given in Table 3.
The zero-inflated negative binomial model is summarized in Table 4. Population density, school enrollment and
claim percentage contribute positively to local Tweets density and NBBND (percent of 2010 population without
access to 25/3 fixed broadband) explains the excessive zeros in the local Tweets density variable.
Table 3. Negative Binomial Regression Coefficients

Predictors

Coef.

p-value

log(filtered Tweets per 10,000 population)
power outage 40%-60%
power outage 60%-80%
power outage 80%-100%
log(UPS)
log(Latino population)
wind (Tropical storm)

0.10260
0.38487
0.92931
1.96994
0.43172
0.26240
-0.40955

0.011673
0.187015
0.000152
6.44e-15
0.000142
0.084085
0.107919
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Table 4. Zero-Inflated Negative Binomial Model: the variables above are the count model coefficients; the variable
below is the zero-inflation model coefficient

Predictors

Coef.

p-value

population density
school enrollment
claim percentage
log(NBBND15+1)

4.454e-04
1.063e-01
3.175e-02
1.8394

0.000304
0.004693
1.12e-07
0.00367

DISCUSSION

Our initial study demonstrates that incorporating demographic as physical factors could improve the prediction
of a regression model, as demonstrated by the improved pseudo-R2 fit in Table 2 to a value of around 0.7. More
importantly, our study highlighted the challenges in fusing multiple streams of crisis informatics research, including
classification, data integration, and prediction, to create a system of social media use for real time damage assessment.
Machine Learning Classifier

Although relatedness-based classification has a higher accuracy, it may be more meaningful to classify the Tweets
using informativeness-based classification. The drawback of using the relevance classification is that some messages
may be on-topic but it conveys nothing useful for disaster response. For example: these hurricane sandy tweets are
so hilarious tho is an on-topic, but not informative Tweet extracted from CrisisLexT6 Hurricane Sandy dataset.
However, the drawback of informativeness classification criterion is that its boundary of classification is blurry and
subjective, which leads to low accuracy.
Sentiment Analysis

In sentiment analysis, the cut-off <0 returned the highest correlation. A potential explanation is that negative
sentiment could reflect hurricane damage better than neutral and positive Tweets. The drop in correlation with
further decrease in sentiment cut-off might be due to too few Tweets included in analysis losing the power of
representation.
There are also questions about the accuracy of Textblob since it is not specialized in disaster Tweets. At this stage,
the sentiment analyzer is a "black box" which is plugged into the workflow. A more sentiment classifier specialized
in disaster message could improve the sentiment analysis. Additionally, the sentiment analysis removed nearly
90 % of keyword and machine learning filtered Tweets and left a data-set of only 1,745 Tweets to analyze for the
entire state of Florida. Future tests without the sentiment analysis can help determine whether there is any value in
applying the sentiment analyzer.
Sensitivity Analysis and Regression

We did not do train-test split to the county-level data due to data limitations. The data available to us were the
geo-tagged Tweets in Florida and claim data at county level, which was not enough to validate the model or to
do extensive study on the impact of different classification techniques since the conclusions might over-fit the
Hurricane Irma case. The regression models are explanatory instead of predictive.
We found that by including demographic and socio-economic factors could improve the performance of the model
compared with only including Tweets variable itself. Tweets, Latino population, Internet access metrics (NBBND
(percent of population with no access to fixed broadband), UPS (upload speed)), as well as power outage are the
most significant indicators. Prior to the regression, we hypothesized that Tweets and power outage were the main
predictors and that UPS and Latino population were the correction terms. More Tweets or higher power outage
percentage would imply higher claim percentage. The coefficient of UPS was expected to be negative because UPS
could serve as a correction to the bias of using social media: more Tweets would be naturally generated in counties
with better Internet connectivity.
The coefficient of Latino population was expected to be positive because the Tweets we analyzed only English
Tweets and Latino Population could compensate for the Spanish Tweets. The reason that Latino population was
more sensitive than other population is that Spanish is the second most popular language used in Florida (Statistical
Atlas 2018) while other languages are less prevalent.
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The regression results support our expectation on all the variables except for UPS, the sign of coefficient of which is
positive. We suspect it is because that UPS could represent the urbanization of counties. In an urbanized county,
the homeowner insurance is more widely covered. Power outage is an important indicator for possibly two reasons:
first, it indicates damage brought by Hurricane Irma, and second, it corrects the filtered Tweets variable since high
power outage percentage would impede people from using their cell phone or other electronic devices. The sole
power outage predictor could fit the claim data better than what the sole Tweets predictor could achieve (except the
regression tree). A model using the two power and Tweets data simultaneously best fit the claim data.
The zero inflated negative binomial models shows that NBBND (percent of 2010 population without access to
25/3 fixed broadband) accounts for the excessive zeros in Tweets count, which means regions with poor internet
access have less active Twitter users. Beside claim percentage, population density, which indicates populous urban
environment, also plays a role in the model. The variable school enrollment is another indicator of development
as well (Gennaioli et al. 2013). The absence of power outage in both random forest and zero negative binomial
regression models implies that Twitter users may not be heavily affected by power outage and the power outage
variable in the former regression models only implies physical damage but no compensation for the Tweets bias.
However, since the Tweets count is aggregate throughout the whole period and is at county level, it is hard for us to
capture the impact of power outage on Twitter activity.
More Tweets-based features will be explored once we can go beyond binary classification. Different information
types may be related to local claims differently. We are also actively looking for claims data with higher granularity
and an exhaustive collection of Tweets so that more data points could be leveraged in regression analysis so that we
can come up with a better model and a better explanation of the connections between variables. We are also looking
for data from another hurricane disaster to test how our model can be generalized. Besides, we will also explore the
ability of Tweets to do a quick and reliable estimation of disaster damage by controlling the temporal duration of
Tweets that are included in the analysis.
Limitations

Many variables are sensitive in sensitivity analysis but not significant in regression. The impact might be nonlinear
and data might not be enough to obtain the true significance. Some variables are not sensitive perhaps because their
range is not wide. For example, in Pew Research Center’s report (Perrin 2015), females tend to use social media
more frequently than males. However, gender was not significant in sensitivity analysis. The range of female percent
is not wide (1st quantile - 3rd quantile: 49.9 - 51.5), which shows the female percent does not vary significantly
among counties.
In this paper, we assume a monotonic relationship between Tweets density and claims percentage, which is open to
discussion. Questions such as how the Tweets may trigger false alarm (local residents thought danger would come
but the hurricane derailed later) are not considered. Considering 200,000 Tweets are a small sample of the total
Tweets in this time period in Florida, we do not perform temporal analysis.
Because the sensitivity analysis and regression is done on the county level, we do not take the impacts of evacuation
on Tweet generation into consideration for the scope of this paper. It is assumed that evacuation occurred within
county. Monroe County is an exception, where the entire county was issued a mandatory evacuation order. However,
we find considerable Tweets in Monroe throughout the time span, so we keep Monroe in our analysis.
Since this work was conducted using a sample dataset of geotagged Tweets, the initial classification result of filtered
Tweets may be considered rather low in quantity (13,216) and accuracy (0.82). In the future, one possibility to
increase coverage is to use the full Twitter “firehose” of Tweets, and georeference additional location information
such as the mentioning of specific locations in the Tweet text. Further, the inclusions and parallel analysis of Tweets
in other common languages, such as Spanish, may impact the social media based prediction. Accuracy may be
improved by refining the annotation task for the training datasets. Although we take insurance claims as measure for
damage, it is also important for future work to assess the distribution in insurance coverage and what inherent biases
exist for claim request. Finally, demographic and socio-economic factors from 2010 US Census may not reflect the
current demographics of Florida.
CONCLUSION

As an initial study, we built a bidirectional-LSTM network to filter disaster-informative Tweets. We studied Tweet
feature selection and chose disaster-informative Tweets with negative sentiment to indicate damage level. Sensitivity
analysis showed Tweets, Latino population, and upload speed (or some equivalent indicators to internet access)
were significant predictors to insurance claims after Hurricane Irma in Florida. Internet access indicators and
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urbanization indicators could explain the bias in social media users’ representation of the whole population. A
non-binomial regression model combining Twitter data, power outage data and social factors best fit insurance
claim data.
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Figure 2. %IncMSE in Random Forest Sensitivity Analysis: TClaims

WiPe Paper – Social Media in Crises and Conflicts
Proceedings of the 16th ISCRAM Conference - València, Spain May 2019
Zeno Franco, José J. González and José’ H. Canós, eds.

896

