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ARTICLE INFO ABSTRACT

JEL codes: Social media generates a significant amount of information in terms of perceptions, emotions, and sentiments.
D6 We present an economic analysis using the information provided by Twitter messages, describing impressions
Q5 and reactions to wildfires occurring in Spain and Portugal. We use natural language processing techniques to
Keywords: analyze this text information. We generate a hedonometer estimate on how sentiments about wildfires vary with

Environmental Impacts
Natural Language Processing
Happiness

Hedonometer

Wildfires

exposure, measured via Euclidean distance from the catastrophic event, and air quality. We find that direct
exposure to wildfires significantly decreases the expressed sentiment score and increases the expressions of fear
and political discontent (protest). Economic valuation of these losses has been computed to be between
1.49€-3.50€/year/Kilometer of distance to the closest active fire. Welfare losses in terms of air quality have been

computed as 4.43€-6.59€/day of exposure.

1. Introduction

The effects of extreme environmental events are usually difficult to
quantify. In general, a complete environmental and social impact
assessment study is required for each of these episodes. However, due to
the significant amount of resources required and time needed for these
analyses, the impacts of large extreme events are often significantly
under-documented. Costs related to these events are multiple and can be
broadly classified between direct and indirect costs. Direct costs include
biodiversity losses, tourism losses, and forest production losses, for
example; whereas indirect losses may entail a much wider array,
including fear, anxiety and psychological impacts that affect the popu-
lation. Furthermore, the indirect effects could go also beyond national
boarders, adding a significant spillover effect to the already complex
domestic assessments.

It is challenging to identify the specific causal effects of extreme
events on individuals (Metcalfe et al., 2011), since there are sometimes
no good comparable counterfactuals. As a result of this, a popular way of
eliciting well-being consequences and evaluating the indirect negative
externalities is through a stated preference study, which estimates a
direct willingness-to-pay (WTP) for a reduction in the risk of a particular
event (Bateman et al., 2002). The negative effects of wildfires via stated
preferences have been analyzed widely in the literature (Englin et al.,
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2001; Richardson et al., 2012; among others).

A growing branch of the literature has investigated the impact of
extreme events on life satisfaction, subjective well-being (SWB), and
happiness. The approach has been used to value the residual impacts of
climate (Rehdanz and Maddison, 2008), urban air pollution and air
quality (Welsch, 2006; Luechinger, 2009), airport noise nuisance (van
Praag and Baarsma, 2005), terrorism (Metcalfe et al., 2011), flood
hazards (Luechinger and Raschky, 2009), nuclear accidents (Rehdanz
et al., 2015), and more recently wildfires in Australia (Ambrey et al.,
2017), among others. On a conceptual note, SWB is compared to the
standard non-market valuation techniques in Frey et al. (2009), and
Dolan and Metcalfe (2008).

We base our research on this SWB and happiness literature in order
to assess the impacts of catastrophic events on the emotional state of
individuals. Analyzing Twitter messages and using Natural Language
Processing (NPL) tools, we construct indicators of sentiments or levels of
expressed happiness. Sentiment analysis is a data mining technique that
allows for the interpretation and classification of emotions (positive,
negative and neutral) with text data. These emotions and sentiments are
latent in the spontaneous conversations. Our evaluation method relies
on the fact that expressed sentiments are related to experienced utility.
We relate these sentiment indicators to the distance, air quality, as well
as other socio-economic and climatic conditions, and cultural indicators.
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This study present causal evidence of wildfire occurrence on
emotional states and sentiments, using social media. We use Twitter
data to examine how Spanish and Portuguese wildfires have detrimental
effects on the emotional state of residents with respect to their exposure.
These data allow us to estimate the effects in a quasi-experimental
setting, using social media data retrieved before, during, and after the
catastrophic fires. We find that, among other factors, proximity to
wildfires and bad air quality decreased expressed sentiments of happi-
ness significantly.

2. Relevant literature

Natural disasters are widely covered in social media channels. A
branch of the economic literature assesses the impact of disasters and
natural hazards using social media in human behavior, particularly text.
To name a few, Baylis (2020) studies how climate change impacts the
way individuals communicate on Twitter, finding consistent and sta-
tistically significant declines in expressed sentiment, from both hot and
cold temperatures. Kryvasheyeu et al. (2016) study the impact of hur-
ricane Sandy on Twitter conversations, finding a relationship between
the proximity to hurricane Sandy's path and economic losses and social
media activity. Sisco et al. (2017) analyzed Twitter conversations to
assess how extreme weather events generate attention to climate
change, finding that the financial damage linked with these events is a
good predictor of the attention paid to climate change in the USA.

A different stream of literature analyzes issues related to sensitivity
towards disasters and risk perceptions and emotions in the context of
hazards mentioned in social media. Theja Bhavaraju et al. (2019)
assessed the sensitivity of social media communication to different
natural disasters, finding that in comparison to other extreme events,
wildfires are less likely to shift tweet frequencies or impact negative
sentiment with respect to tornadoes and floods, for example. This is
possibly justified by the fact that on most occasions forest fires do not
occur near highly populated areas. Kibanov et al. (2017) have shown
how mining social media can be useful to understand changes in
behavior of users, and thus, design and improve peatland fire and haze
disaster management in Indonesia. With the same goal, Tavra et al.
(2021) uses social media for filling the gaps in authoritative data and
improve crisis mapping in the context of wildfires. Other topics, such as
the social amplification of risk (or the notion that identifies certain risks
considered as insignificant by experts and end up generating massive
public reaction), have been also addressed in the context of social media
by Wirz et al. (2018). Analyzing Zika conversations in Twitter, it was
found that the attribution of blame or certain incompetence when
dealing with the outbreak contributed to the social amplification of risk
in social media.

More recently, crowdsourced data from social media are gaining
momentum for ecosystem service valuation studies. For example,
Ghermandi et al. (2020) investigate using geotagged photos cultural
services accrued to local, domestic, and international recreational visi-
tors to the Usumacinta floodplain, a coastal region in Mexico with one of
the highest biological and cultural diversities. They find that locals and
internationals have different recreational preferences, with interna-
tional tourists being partially restricted to well-known and accessible
sites; while locals post a larger number of pictures with lagoons, natural
spaces and traditional landscapes. Sinclair et al. (2020) use geotagged
pictures uploaded to social media as a potential source of information
substitute of survey data to estimate a travel cost model to German
national parks. They find, as expected, downward sloping demand
curve, with consumer surplus for access to the parks ranging between
€16.54 and €34.90 (2016 prices). In summary, the previously existing
literature highlights the importance and validity of social media data
reflecting that “human sensors” may anticipate economic impacts (Kir-
ilenko et al., 2015). These types of studies establish citizens as important
providers of useful information for science and decision making.

Our work contributes to this literature by providing an analysis of
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sentiments and perceptions obtained from Twitter conversations during
the 2017 Autumn wildfires in Spain and Portugal, going beyond previ-
ous wildfire studies, and being one of the first that incorporates the
expressed sentiment into a utility framework. The literature on senti-
ment analysis is growing rapidly, with recent applications to the COVID-
19 pandemic (Chandra and Krishna, 2021), the financial crisis (Wan
et al., 2021), and vaccines (Khakharia et al., 2021), to name a few. We
believe that the immediacy of this source of data can be quite useful to
obtain a first approximation of social impacts derived from different
events. Furthermore, social data can be a good complement of surveys
for stated preferences. In addition, these types of assessments can be
carried out at international level in almost real time in order to under-
stand additional geographical spillover effects of the impacts.

3. Autumn wildfires 2017

In October 2017, the Iberian Peninsula suffered an intensive wave of
wildfires, concentrated mostly in the north-west. Although some wild-
fires were registered on the 4th of October, the worst period was be-
tween 13-18th October. In that week more than 7900 forest fires
affected Northern Portugal and several regions of Northwestern Spain
(Galicia, Asturias, and Castile-Le6n). These wildfires were mainly
intentional and claimed the lives of at least 49 individuals, and dozens
more were injured. Fires started in Galicia (Spain) on October 13th, and
by October 15th, they grew out of control, due to different factors,
including the impact of the winds from hurricane Ophelia (New York
Times, 2017).

During 2017, according to the data published by the Spanish Min-
istry of Agriculture and Fisheries, Food and Environment (MAPAMA,
2017), the total number of hectares burned in Spain (174,788) repre-
sented the second highest record in the last decade; while in terms of
mega-fires (or forest fires above 500 ha), 2017 was the worst year in
record, with more than 52 mega-fires. For Portugal, 2017 was the worst
year on record so far, in terms of fatalities (more than 120 human lives
lost during the year) and 500,000 ha burned (Turco et al., 2019). As far
as we know, no comprehensive study has assessed how these dramatic
events have affected social well-being.

4. Theoretical background and NLP Methodology
4.1. Economic model

We define the indirect utility function (V) as a function of income (y)
and environmental quality (h) as well as other personal and social
characteristics (x), whereby:

V(y,h,x) @

Consider a reduction of environmental quality due to a hazard from
ho to hy, where hg > h; ceteris paribus. A change in utility derived from a
change in hazard levels is then defined as:

AV = V(y, holx) = V(y, ln|x) 2

The compensating variation (CV) is the amount of money that an
agent needs to be equal in terms of utility to the prior condition (or
condition without the change in environmental quality), and it is given
by:

AV = V(ylho,x) = V(y+ CV|hy,x) 3

Using this theoretical framework, the empirical sentiment equation
is denoted as follows:

J
Vi = ﬂo +ﬂ1y{1 +,b)2hi/ + ijlyj'xjjl + €, 4

where V; is the utility of individual i at time t. Given that utility is non
observable, we use as a proxy the sentiment or happiness of each indi-
vidual i extracted from Twitter conversations at time t; y; is the income
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of each individual, h;; is the distance to the hazard (active wildfire); and
Xt are socio-demographic, cultural, and other environmental conditions,
including air quality, that may affect overall wellbeing; whereas the
betas and gammas are coefficients to be estimated. ¢ is a composite
error term for individual time invariant characteristics and other envi-
ronmental time-varying characteristics for each individual i at time t.

Using the empirical specification depicted in eq. (4) to solve for CV in
eq. (3), we find that:

b

2
The estimation of eq. (4) and the corresponding CV estimate in eq.
(5) involves several important steps. In this particular case, this CV
measures the amount of money to be equal in term of utility from being a
kilometer closer to the fire. In addition to those related to the econo-
metric modeling, discussed later in this paper, the estimation of the
sentiment variable via Twitter employing natural language processing
(NLP) algorithms requires important steps.

cv %)

4.2. NLP methodology

Sentiment analysis is an area of study within the NLP that measures
subjectivity and opinions in text. It usually captures an evaluative factor
(positive or negative) and its corresponding strength (degree to which
the word or phrase is positive or negative (Bhadane et al., 2015)).
Although in this application we are using digital text, earlier applica-
tions of sentiment analysis used newspapers and printed texts. There are
different ways to extract sentiments from text. We used a lexicon-based
approach, by which general orientation from a tweet comes from the
semantic orientation of words contained in the various lexica used.

To analyze the information retrieved from Twitter, the Hedonometer
algorithm has been used (Cody et al., 2015). It should be noted that
although this Hedonometer algorithm has been identified with the use of
specific lexica and a particular mathematical formulation, from an
economic point of view, we consider the term hedonometer broadly, and
identical to what was initially referred to as a “hedonimeter” by Edge-
worth that describes an instrument for “registering the height of plea-
sure experienced by an individual” (Colander, 2007). The following
analysis is based on different lexica in order to check the robustness of
our findings.

The hedonometer algorithm consists of the analysis of a text through
its fragmentation into phrases, and subsequently the phrases into words.
Words are associated with scores of positive and negative feelings,
whereby a total score for the sentence is obtained by different aggre-
gation procedures for the overall topic. Table A1 (Appendix) shows the
scores of happiness provided to examples of single words in the LabMT
lexicon, including “laughter” (score 8.5), or “deaths” (score 1.64). In
order to get an aggregate sentiment score for the entire tweet we employ
a weighted average score, considering the frequencies of the different
words in each Tweet (as in Eq. (6)).

Multiple lexica can be used for sentiment analysis. In the present
study, we use the LabMT lexicon (Dodds et al., 2011), assigning scores of
“happiness” to words from 1 to 9 as in Table Al; the VADER (Valence
Aware Dictionary and sEntiment Reasoner) lexicon (Hutto and Gilbert,
2014), which assigns scores from —1 to 1 (interesting for polarity clas-
sification); and the AFINN lexicon (Nielsen, 2011), which assigns
happiness scores from —5 to 5, all three of which are quite popular
worldwide. The words contained in these three lexica have been clas-
sified according to the subjective values of “happiness” given by
different research samples of respondents.

The average wellbeing or magnitude of happiness obtained from the
hedonometer per text message using the LabMT lexicon has been
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calculated following Eq. (6)":

_ ZkN:l avg (Wifi _

S0 S

Zkal Pavg (Wi )pi (6)

where S(M) refers to the sentiment obtained from a particular text
message (M), fx is the frequency of the k™ word wy for which we have an
estimate of average happiness, and py = fi/S N_ 1f; is the corresponding
normalized frequency of use of this word.

Once the sentiment scores have been obtained per message, then an
average of sentiment is obtained by aggregating all scores, where A;; are
the resulting vectors of sentiments with a total number of m tweets, from
the same individual i at a given time t, so that:

Aj.it: {S(M)lv--‘vs(M)m} (7)

Being estimated the mean sentiment for each individual i at a given
time t (Vit),

> Ai
Vit = Flm Vi Ve (8)

5. Datasets description
5.1. Twitter data

Twitter is a social network that was created in 2006, used to ex-
change messages with people around the world. These messages are
known as “tweets” and are limited to 280 characters. A dataset con-
taining all tweets about wildfires in Spain and Portugal in October 2017
was previously purchased from Twitter Corporation, with the aim of
carrying out this study. Our data contained all geo-tagged messages
retrieved from a Boolean search string containing the words “arson”, OR
“fires”, OR “forest fires”, OR “wildfires”. By inclusion, any other tweet
where the terms “wildfire” OR “fire” were present (such as brush fires,
campfires, intentioned fires, among others) were also included. The
original dataset contained a total of 14,790 geotagged tweets”.

As a first step, it was necessary to clean and process the data. The
main purpose of the cleaning process was to remove from the analysis all
the information that was not related to the specific topic of interest. For
this objective, the following exclusion criteria were defined:

e Tweets Retweet (Rt): a Rt was not valid for a text analysis, since it
was a repeat of another tweet

Response Tweets: If a tweet was a response to another, the full tweet
was included, not just the response

Monosyllable tweets: tweets with 1 or 2 syllables were considered
invalid, given that the probability that these tweets provide irrele-
vant information is 85% (after performing an analysis on 100 tweets
with these characteristics)

Tweets about songs, sayings and others, that may include keywords
or interest, but may not be related to the topic at hand

e Tweets with unclear geotags.

The data cleaning process was carried out sequentially, which means
that each tweet was analyzed independently of the rest. If any of the
previous premises were fulfilled, the tweet was automatically discarded
for further analysis. This resulted in a clean dataset of 11,248 tweets.

Regarding the processing, each tweet that was selected as valid for
analysis had to undergo a second process, which depending on the

1 For the AFFIN lexicon, S(M):Zi" — 1hayg(wy), and for VADER a broad set of
rules is being used, as described in Hutto and Gilbert (2014).
2 About 3% all al tweets are geotagged.
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library® used, may have required the elimination of urls, emojis, emo-
ticons, symbols, etc. After that, the tweets were translated into English.
The translation facilitates the use of multiple tweets written in local
languages, and other foreign languages. In that way, it facilitates the
application of multiple libraries initially created only in English. Accu-
racy of translation was assessed through the verification of multiple
tweet samples, taking specially into account the adequate representation
of minority languages in the dataset, such as Galician or Catalan.

The final dataset used for statistical analysis contained the scores of
sentiments, the date and time of each tweet, as well as the location from
where the tweet had been written. In an additional processing step, we
retrieved the gender of the user by employing the GenderAPI (Gender-
API, 2019). This API can detect gender from social media by employing
the usernames of the registered accounts. A dictionary of names is
associated with the gender of the user, which is assigned in a probabi-
listic way. When the name is unknown or not registered into the data-
base of this API, the unknown category is assigned. This type of
identification method is quite popular in gender identification studies,
and its large database makes it very reliable with respect to other
identification methods (Santamaria and Mihaljevic, 2018). Based on its
output, we generated the “expected female” variable.

Additional information retrieved from the Twitter dataset contem-
plates the geographical origin of the tweet (Spain or Portugal), as well as
whether the tweet contained words referring to specific names of po-
litical parties, or popular politicians (“PP”, “Popular Party”, “PSOE”,
“Socialist Party”...) to mostly show political discontent or institutional
blaming with respect to the occurrence or management of the cata-
strophic events. The variable is named as “political content”, and in a
similar way to other preference studies, this latter variable may reflect
“protest” attitudes, affecting the sentiment scores significantly.

5.2. Wildfires dataset and meteorological variables

In this study we take advantage of a unique dataset that has been
constructed by matching the geo-positioning of each tweet with other
physical, climatic, and socio-economic data. We merge the tweets
database by individual and time with the wildfires, the climate-related
data, air quality data, and other socio-economic factors. The wildfires
dataset was obtained from the European Forest Fire Information System
Database (EFFIS, 2017). This dataset contains a significant amount of
satellite information in terms of the propagation of each wildfire per
day, reporting the date of occurrence, location, and affected hectares for
each wildfire. This detailed dataset containing all wildfires geo-tagged
per day was merged with the daily meteorological conditions regis-
tered by the meteorological stations retrieved from the WeatherAPI
(2019). For the purposes of our analyses, we selected the meteorological
stations reporting information which are closer to each of the active
wildfires. The WeatherAPI provides data on minimum, average, and
maximum daily temperatures, as well as on the precipitation probabil-
ity, among others. These meteorological conditions may favor or
disfavor the risk of wildfire occurrence and facilitate their propagation
beyond human control. We consider these meteorological conditions to
be quite relevant in order to understand the concerns that users may
experience when tweeting about the actual risks of propagation or
initiation of new fires. This is particularly relevant for the experienced
temperature and the existence of extremes in temperature. In addition,
data quality variables representing the presence of particles from fires
has been retrieved as well from AEMET stations.

5.3. Additional socio-economic variables
As income is a crucial variable for our analysis, data on daily per-

sonal income per province in 2017 were collected from the Eurostat

3 VADER considers emojis, emoticons and symbols.
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dataset (Eurostat, 2021(a), GDP per capita expressed in PPP and divided
by 365 days). From the same source (Eurostat, 2021(b)), data measuring
the population density of each province were also collected.

6. Results
6.1. Descriptive content analysis and emotion analysis

The final Twitter dataset contains 11,248 tweets, all geo-tagged and
suitable for analysis from Spain and Portugal. Looking at the words with
higher frequency, and as expected, we find that “wildfire”, “fire” and
“Galicia” are the most repeated words in Spain, which also refers to the
conditions being suffered in the neighboring country. This discourse
corresponds with the fact that the region of Galicia was the most affected
in Spain, and in particular, certain relatively large cities such as Vigo
were in danger. Other popular words refer to messages of encourage-
ment and support to victims, and impact of the economic losses.
Furthermore, protest messages referring to the lack of rapid action by
the government are also remarked. In the case of Portugal, the word
“fire” is also the one that is most repeated. Additional topics referring to
the damage suffered by the entire country (Portugal), the sadness of the
situation, and the discouragement reflected by profane language is also
reflected, as well as discontent with government and politicians at the
time of the event.

The NRC lexicon (Mohammad and Turney, 2013) was used for
analyzing the correspondence between the words employed and evoked
emotions. Out of the eight emotions evaluated (anger, anticipation,
disgust, fear, joy, sadness, surprise and trust), the most predominant
emotions are negative, with fear being the most common, with 31.7% of
the total words evoking it, while sadness is present in 10.7% of the
words, anger in 10.5%, and disgust 6.9%.

6.2. Regression analysis: The impact of wildfires on sentiments and
happiness

The main aim of our work is to assess how the closeness to wildfires
affected the individual's wellbeing, as expressed by their sentiment. For
the entire month, the average expressed sentiment obtained from the
LabMT library had a score of 5.12, revealing on average an ambivalent
type of sentiment. For VADER and AFINN, these scores were — 0.180
and — 1.114, respectively, lying on the negative side. Our findings were
consistent across the different lexica, with correlations of mean senti-
ment scores that were fairly high, considering the methodological dif-
ferences across libraries, corr(LabMT, AFINN) = 0.424, (p = .000); corr
(LabMT,VADER) = 0.479, (p = .000); corr(AFINN, VADER) = 0.765, (p
= .000). Maps 1-3 illustrate the geographical variations of expressed
sentiment scores measured by the LabMT, AFINN, and VADER, respec-
tively during the days of 4th-17th October, dates on which a major wave
of wildfires was recorded. The average negative sentiments tend to
correlate quite well with direct exposure to fire in Galicia (north-west
Spain) and north Portugal, mainly. Strong negative sentiments are also
reported in Madrid and Barcelona, the largest cities of Spain which
count with migrant labor force from the rest of the country and abroad.

Summary statistics of relevant variables are displayed in Table 1.
Based on the fact that LabMT sentiment scores range between the in-
terval 1-9 by definition, in order to show robustness of results we
employ several tobit models (See Table 2), controlling for robust errors,
including temporal splines, and also exploiting the panel structure of our
dataset, including fixed effects by region and random effects. Our main
results show that the linear Euclidean distance from where the tweets
were written to the closest active wildfires is increasing the sentiment
score in a statistically significant way.® Other variables such as the

4 Additional empirical specifications have been tested for non-linear distant
effects, carrying non-significant coefficients, and not increasing the R-adjusted.
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Map 1. Sentiments for wildfires. Color gradient ranges from dark blue (very negative) to yellow (not so negative). LabMT results 4-17th October 2017
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Map 2. Sentiments for wildfires. Color gradient ranges from dark blue (very negative) to yellow (not so negative). AFINN results 4-17th October 2017.

personal income is statistically significant and positive, as expected. In
the case of the LabMT sentiment regression, the political protest variable
indicates that the tweets referring to the political governance of the
hazard decrease the sentiment score. A negative effect is also associated
with tweets coming from highly populated areas, and those registered in
the worst period of arson fires containing the worst days of the hazards
(13th-17th October), or those occurring in some weekends. Gender
differences are also found statistically significant in several LabMT re-
gressions, with female users being more positive or increasing the
average expressed sentiment. In terms of the meteorological variables,
we find that precipitation probability increases the expressed sentiment
in many empirical regressions. This may be understood as a sense of
relief from the situation of risk generated by the wildfires. As for the
temperature, we find that average temperature increases sentiment
scores, while the weekend effect is negative. This may be justified by the
fact that during the weekend users are more conscious about the exis-
tence of wildfires and the potential limitations this may have on outdoor
activities, among others. Finally, tweets written from Portugal carry a
positive effect on the overall expressed sentiment with respect to those
from Spain. Such result may be explained by stronger resilience as well
as adaptation processes due to earlier and more destructive wildfires

occurring in Portugal the same year.
6.3. Computation of welfare effects

Econometric results can be translated into welfare effects related to
the negative emotional impact of wildfires, computing the CV as deno-
ted in eq. (5) and displayed in Table 3. For this particular purpose, we
directly consider the estimated coefficients for the distance and income
variables in the LabMT. Using the results from Table 2, we find that
welfare increases between 1.49 and 3.50€/year/Kilometer of distance
away to the closest active fire, depending on the empirical specification
used. This is a sign of clear discomfort with closest wildfires.

5 Lopes et al. (2014) assess the impact of the 2008 financial crisis on SWB in
Europe. They find that, paradoxically, SWB increases in Portugal after the crisis
aftermath. They explain this puzzling result in Portugal denoting that “not only
income but social relationships count in life”.
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VADER
4th-17th October
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ORNNN

Map 3. Sentiments for wildfires. Color gradient ranges from dark blue (very negative) to yellow (not so negative). VADER results 4-17th October 2017.

Table 1
Summary statistics.
Variable Obs Mean Std. Min Max
Dev.

Twitter data

LabMT (sentiment 11,248  5.127 0.428 1.480 8.000
score)

VADER (sentiment 11,248  —-0.180 0.360 —-0.968  0.940
score)

AFINN (sentiment 10,655 —1.114 1.825 —5.000  5.000
score)

Female (Expected) 11,248  0.384 0.486 0.000 1.000

Political content 11,248  0.061 0.239 0.000 1.000

(content related to
political parties or
politicians)

Wildfires and meteorological variables

Distance to fires(km) 11,248  677.177  816.797  0.000 2000.000

Temperature (Celsius) 11,248 20.412 4.811 0.820 35.360

Precipitation 11,248  0.037 0.149 0.000 1.000
probability

Very good-Good air 11,248  0.763 0.425 0.000 1.000
quality” (0 < PM2.5
< 20)

Moderate air quality 11,248  0.048 0.214 0.000 1.000
(20 < PM2.5 < 25)

Bad/very bad air 11,248  0.187 0.323 0.000 1.000
quality (25 < PM <
50)

Other socio-economic variables

Daily GDP per capita (€) 11,248  74.78 16.010 42.192 106.027

Population density 11,248  386.008  342.080  8.700 1006.200
(inhabitants/Km?)

Portugal 11,248  0.201 0.401 0.000 1.000

Weekend-Holidays 11,248  0.368 0.482 0.000 1.000

" In the empirical analysis and due to the distribution of the original data, we
model the effect of having very good/good air quality over the rest of the
categories.

6.4. Robustness checks

6.4.1. Using different libraries to compute sentiment scores

For robustness purposes, we re-estimated the sentiment regressions
for the tree sentiment scores (LabMT, VADER and AFINN scores),
although in this particular case our specification is based on an ordered
logit. Given the differences of ranges and means across the dependent
variables, scores were aggregated into intervals, depending on their
original distribution, from the most negative to the most positive in-
tervals (See Table 4). Previous results obtained with the LabMT re-
gressions are re-enforced in terms of the effects of distance on wildfires,
as well as other relevant variables, such as income. We acknowledge,
however, that direct comparison of coefficients across models is not
plausible due to original differences in the dependent variables. To
facilitate the interpretation of results, our welfare estimates are obtained
for the LabMT scores only analyzed with the Tobit model.

6.4.2. Air quality

Given the high correlation between outdoor air quality and distance
to wildfires, we opt for assessing the impact of air quality on expressed
sentiments with a different empirical specification. According to Kelly
and Fussell (2020), particulate mas (PM) is the most common pollutant
from wildfires smoke, and specifically PM2.5 concentration, which has
been used to represent the air quality variable in our empirical model.
According to Agencia Estatal de Meteorologia, AEMET (2022), PM2.5
concentration below 20 pg/m? can be considered as indicators of good
air quality. Due to the structure of our original data, we consider how the
change from good air quality to the rest of levels below affects the
expressed sentiments. We find a positive and statistically significant
relationship between good air quality and expressed sentiments, while
controlling for the variables previously included, as shown in Table 5.
Welfare estimates imply that individuals require between 4.43 and
6.5€/day (equivalent to 1616€-2372€/year) to be as well off for the
wildfire losses in terms of air quality (See Table 6).6

® We thank a reviewer for suggesting this additional check to control for air
quality effects.
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Table 2
LabMT Sentiment Regressions (with distance to wildfires).
@ (2 3 4 (©)] 6) )
Tobit Tobit Robust SE Tobit Spline Tobit Tobit Spline Tobit RE Tobit Spline RE
Distance to fires (km) 0.00020%** 0.00020%** 0.00030%** 0.00007*** 0.00011%** 0.00017%** 0.00028***
(0.00001) (0.00001) (0.00001) (0.00001) (0.00001) (0.00001) (0.00001)
Daily GDP per capita 0.05021*** 0.05021*** 0.03153*** 0.06298*** 0.05504*** 0.05408*** 0.03553***
(0.00041) (0.00046) (0.00046) (0.00076) (0.00082) (0.00051) (0.00059)
Population density —0.00172%** —0.00172%** —0.00108*** —0.00041%** —0.00035%** —0.00182%** —0.00120%**
(0.00003) (0.00003) (0.00003) (0.00003) (0.00003) (0.00003) (0.00003)
Expected (Female) 0.07923*** 0.07923*** 0.03994*** 0.01089 0.00686 0.12347%** 0.06463***
(0.01393) (0.01383) (0.01196) (0.00948) (0.00927) (0.01805) (0.01535)
Political content —0.04451 —0.04451* —0.04183* —0.08767*** —0.07936*** —0.06976** —0.06077**
(0.02832) (0.02581) (0.02428) (0.01924) (0.01880) (0.03130) (0.02908)
Temperature 0.08047*** 0.08047*** 0.05693*** 0.01581*** 0.01659%** 0.06618%** 0.05621***
(0.00127) (0.00129) (0.00118) (0.00107) (0.00106) (0.00154) (0.00137)
Precipitation probability 0.60391*** 0.60391*** 0.40373*** 0.14132%** 0.16384*** 0.49127*** 0.40243***
(0.04645) (0.04507) (0.04074) (0.03203) (0.03183) (0.04717) (0.04487)
Weekend-Holidays —0.12161%** —0.12161%** —0.10611%** —0.03331%** —0.04536*** —0.09244*** —0.08478%***
(0.01501) (0.01510) (0.01302) (0.01029) (0.01018) (0.01547) (0.01454)
Portugal 0.92824*** 0.92824*** 0.57118%*** 1.02563*** 0.65727%***
(0.01959) (0.01991) (0.01776) (0.02576) (0.02307)
Intervall (day 1 to 8) 0.28297*** 0.09708*** 0.23778***
(0.00545) (0.00476) (0.00613)
Interval2 (day 9 to 17) —0.34962%** —0.12530%** —0.29348***
(0.00834) (0.00700) (0.00924)
Interval3 (day 18 to 23) 0.06675%** 0.03497*** 0.05892%***
(0.00640) (0.00498) (0.00694)
Interval4 (day 24 to 31) —0.01734* —0.00221 —0.02127**
(0.00969) (0.00750) (0.01023)
var(e.labmt) 0.50982%** 0.50982%*** 0.37447%** 0.23476%** 0.22394%***
(0.00692) (0.00747) (0.00509) (0.00320) (0.00305)
/sigma_u 0.55300%** 0.38042%**
(0.01090) (0.01296)
/sigma_e 0.49925%** 0.52044***
(0.00822) (0.00825)
F 63,302.020 68,090.360 59,973.020 44,680.990 41,001.610
Prob>F 0.000 0.000 0.000 0.000 0.000
Wald chi2 332,442.880 469,165.000
Prob>chi2 0.000 0.000
Log likelihood —12,193.353 —10,521.044 —8016.787 —7758.9563 —9567.380 —8608.399
Log pseudolikelihood —12,193.353
Observations 11,248 11,248 11,248 11,248 11,248 8906 8906
Pseudo R? 0.64119 0.64119 0.69040 0.76410 0.7717
Regional Fixed Effects Yes Yes
Standard errors are in parentheses.
*rr< .01, ** p< .05, *p< 1.
Table 3
Compensating Variation (in terms of distance to wildfires).
Compensated variations WTP €/km/day
Tobit Tobit Tobit Tobit Regional Fixed effects Tobit Spline Regional Fixed effects Tobit Tobit
Robust SE Spline RE Spline RE
WTP 0.0041 0.0041 0.0096 0.0011 0.0019 0.003 0.0077
Ll 0.0044 0.0044 0.0103 0.0013 0.0022 0.0034 0.0084
Ul 0.0037 0.0037 0.0089 0.0009 0.0016 0.0027 0.007
Compensated variations WTP €/km/year
Tobit Tobit Tobit Tobit Regional Fixed Effects Tobit Spline Regional Fixed Effects Tobit Tobit
Robust SE Spline RE Spline RE
WTP 1.4965 1.4965 3.504 0.3900 0.7033 1.095 2.8105
Ll 1.606 1.606 3.7595 0.4640 0.8122 1.241 3.066
Ul 1.3505 1.3505 3.2485 0.3177 0.5981 0.9855 2.555

Confidence intervals have been obtained by bootstrapping (Hole, 2007).

7. Conclusions and limitations

The economic consequences of natural hazards can be quite diverse.
However, few studies have assessed the economic impact of these haz-
ards on human wellbeing. In this paper, we take advantage of Twitter
text data in order to analyze spontaneous messages related to wildfires.

By using sentiment analysis, we estimate sentiment scores from spon-
taneous conversations, which can be understood as measurements of

changes in happiness.

We employ a quite unique dataset that combines sentiment scores
with wildfire proximity data and other meteorological and socio-
economic conditions, including air quality, during October 2017 in
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Table 4
Sentiment Ologit Regressions (with distance to wildfires).
m 2) 3) “@ 5) 6)
Ologit LabMT Ologit Spline LabMT Ologit VADER Ologit Spline VADER Ologit AFFIN Ologit Spline AFFIN
Distance to fires (km) 0.00010%** 0.00008%** —0.00001 —0.00001 —0.00000 —0.00001
(0.00002) (0.00003) (0.00002) (0.00003) (0.00002) (0.00003)
Daily GDP per capita 0.00435%* * 0.00402** 0.00665*** 0.00667*** 0.00467** 0.00476***
(0.00177) (0.00178) (0.00176) (0.00176) (0.00183) (0.00183)
Population density —0.00028%*** —0.00027*** —0.00025%** —0.00024*** —0.00008 —0.00007
(0.00008) (0.00008) (0.00008) (0.00008) (0.00009) (0.00009)
Female (Expected) 0.01873 0.01865 —0.01150 —0.01470 0.01102 0.00636
(0.03494) (0.03498) (0.03440) (0.03443) (0.03567) (0.03570)
Political content —0.37028*** —0.36338*** —0.19923*** —0.19205%** —0.23084*** —0.22376***
(0.06794) (0.06798) (0.07006) (0.07007) (0.07404) (0.07402)
Temperature —0.00886** —0.00814** —0.01125%** —0.00821*** —0.01657*** —0.01254%**
(0.00399) (0.00409) (0.00391) (0.00401) (0.00405) (0.00414)
Precipitation probability 0.02295 0.14490 —0.12894 —0.11752 —0.09296 —0.12119
(0.11655) (0.11876) (0.11689) (0.11920) (0.12193) (0.12426)
Weekend-Holidays —0.05877 —0.08541** —0.03746 —0.04049 —0.03491 —0.02715
(0.03776) (0.03824) (0.03719) (0.03767) (0.03850) (0.03897)
Portugal —0.02301 —0.03926 —0.18982%** —0.19440%** —0.34776%** —0.35001***
(0.05655) (0.05671) (0.05531) (0.05549) (0.05758) (0.05775)
Intervall (day 1 to 8) 0.04049** 0.03755** 0.01488
(0.01944) (0.01856) (0.01907)
Interval2 (day 9 to 17) —0.07647%*** —0.03276 0.01447
(0.02815) (0.02677) (0.02761)
Interval3 (day 18 to 23) 0.04880%* 0.00011 —0.02358
(0.01906) (0.01856) (0.01924)
Interval4 (day 24 to 31) 0.04540 0.01296 0.00250
(0.02883) (0.02805) (0.02930)
/cutl —1.88419%** —1.82743%** —1.48032%** —1.08853*** —1.69171%*** —1.28635%**
(0.15024) (0.19175) (0.14727) (0.18713) (0.15306) (0.19263)
/cut2 —1.05578*** —0.99937*** —0.29988** 0.09371 —0.50453*** —0.09568
(0.14910) (0.19092) (0.14645) (0.18675) (0.15206) (0.19210)
/cut3 0.34682** 0.40628** 0.29398** 0.68883*** 0.56876%** 0.98168***
(0.14888) (0.19078) (0.14646) (0.18693) (0.15213) (0.19243)
/cut4 1.35886%** 1.42236%** 1.33268%** 1.72894%** 2.33269%** 2.74804%**
(0.14957) (0.19131) (0.14704) (0.18756) (0.15491) (0.19483)
Log-likelihood —17,312.493 —17,295.587 —19,638.935 —19,628.433 —16,384.288 —19,365.630
LRchi2 94.340 128.160 96.500 117.500 138.290 175.610
Prob>chi2 0.000 0.000 0.000 0.000 0.000 0.000
Observations 11,248 11,248 11,248 11,248 10,655 10,655
Pseudo R? 0.00272 0.00369 0.00245 0.00298 0.00420 0.00534

Standard errors are in parentheses.

All intervals created considered the distribution of sentiment scores. For the LabMT dependent variable: 1, if the sentiment score <4.6; 2, if the sentiment score > 4.6
and <4.9; 3, if the sentiment score > 4.9 and <5.2; 4, if the sentiment score > 5.2 and <5.4; 5, if the sentiment score > 5.4.
Intervals created for the VADER dependent variable: 1, if the sentiment score < — 0.5; 2, if the sentiment score > —0.5 and < — 0.3; 3, if the sentiment score > —0.3 and
< — 0.2; 4, if the sentiment score > —0.2 and <0; 5, if the sentiment score > 0 and <0.3 and 6, if the sentiment score > 0.3.
Intervals created for the AFINN dependent variable: 1, if the sentiment score < — 3; 2, if the sentiment score > —3 and < — 2; 3, if the sentiment score > —2 and < — 0.5;

4, if the sentiment score > —0.5 and <1.5 and 5, if the sentiment >1.5.
.01, ** < .05, * < .1.

Spain and Portugal. We find that Twitter activity is highly correlated
with the propagation of the biggest fires. In addition, most of these
tweets reveal sentiments of fear, sadness, and political discontent that
decrease the sentiment of happiness. Relevant results from our regres-
sion analysis show that distance away from the active wildfires increases
sentiment scores significantly, as better air quality does. Following
previous studies, we employ the sentiment scores to understand the
impact the wildfires on wellbeing, estimating the compensating varia-
tion, or amount of income required to leave individuals as well off as not
having fires around. We acknowledge that this is a stylized simplifica-
tion that allows for the use of utility theory in this setting, and as such,
results show be taken with care. Taking our sentiment estimates into a
standard utility framework, the economic valuation of these impacts was
calculated to be between 1.49€-3.50€/Kilometer of distance to the
closest active fire, depending on the empirical specification used for the
LabMT sentiment score. Ordered regressions for the three estimated
sentiments (LabMT, VADER and AFINN) reinforce conclusions in qual-
itative terms, although a quantitative comparison of coefficients is not
recommended to the differences in the original scales of the three
sentiment scores. Additional specifications show that air quality is a

relevant variable to measure welfare externalities caused by wildfires,
computing welfare loses associated with air quality equivalent to 4.43€-
6.59€/day.

The caveats and limitations of the current findings include those
related to data sources, such as the fact that we cannot properly account
for relevant socio-economic variables at the individual level, since
Twitter data provide limited information to preserve the fundamental
right of privacy of their users. The only socio-economic variables we
were able to retrieve are the expected gender of the Twitter user and
location of tweeting. With the location, we estimate the average income
and population density. In future research, we expect to be able to ac-
count for individual effects in more detail, controlling for education and
potential political orientation of tweeter users. Other limitations include
the fact that our results may be somewhat biased by the fact that the
social media platform Twitter is not fully universal, and users tend to be
more educated and wealthier than the average population. Related to
that, there may be other potential gender bias, since female are less
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Table 5
LabMT Sentiment Regressions (with air quality).
@ (2 3 “ 5) (6) )
Tobit Tobit Robust SE Tobit Spline Tobit Regional Fixed Effects Tobit Spline Tobit RE Tobit Spline RE
Good air quality 0.22305%*** 0.22305%** 0.21844*** 0.14597%** 0.14361*** 0.24056*** 0.24981***
(0.01728) (0.01794) (0.01545) (0.01333) (0.01327) (0.01914) (0.01814)
Daily GDP per capita 0.05024*** 0.05024%*** 0.03344*** 0.06168*** 0.05526*** 0.05363*** 0.03774%**
(0.00047) (0.00052) (0.00051) (0.00079) (0.00084) (0.00056) (0.00063)
Population density —0.00174*** —0.00174%** —0.00114%** —0.00041%** —0.00035%*** —0.00182%** —0.00127***
(0.00003) (0.00003) (0.00003) (0.00003) (0.00003) (0.00003) (0.00003)
Female (Expected) 0.08027*** 0.08027*** 0.04628%*** 0.01110 0.00804 0.12614%** 0.07439%**
(0.01419) (0.01411) (0.01248) (0.00948) (0.00930) (0.01834) (0.01610)
Political content —0.03599 —0.03599 —0.02643 —0.08716%*** —0.07764*** —0.05402* —0.04050
(0.02884) (0.02597) (0.02532) (0.01924) (0.01887) (0.03097) (0.02935)
Temperature 0.07921*** 0.07921%** 0.06194*** 0.01555%** 0.01709%** 0.06446*** 0.05944***
(0.00130) (0.00132) (0.00123) (0.00106) (0.00108) (0.00155) (0.00143)
Precipitation probability 0.72455%** 0.72455%** 0.60898*** 0.17415%** 0.21743*** 0.56145%** 0.55083***
(0.04713) (0.04541) (0.04207) (0.03195) (0.03175) (0.04744) (0.04569)
Weekend-Holidays —0.13481*** —0.13481*** —0.13305%*** —0.03516%*** —0.04876%*** —0.10033*** —0.10429%**
(0.01529) (0.01554) (0.01357) (0.01028) (0.01021) (0.01557) (0.01488)
Portugal 0.90830*** 0.90830%*** 0.56845%*** 1.00807*** 0.67282%**
(0.02024) (0.02107) (0.01874) (0.02641) (0.02441)
Intervall (day 1 to 8) 0.23054*** 0.07234%** 0.18231***
(0.00545) (0.00440) (0.00595)
Interval2 (day 9 to 17) —0.27400%** —0.09081*** —0.21409%**
(0.00841) (0.00657) (0.00904)
Interval3 (day 18 to 23) 0.09560%*** 0.03864*** 0.07402%**
(0.00662) (0.00498) (0.00712)
Interval4 (day 24 to 31) —0.06460%** —0.01142 —0.05231%**
(0.00999) (0.00747) (0.01039)
/var.(e.labmt) 0.52888*** 0.52888%*** 0.40744%*** 0.23479%*** 0.22566***
(0.00718) (0.00767) (0.00554) (0.00320) (0.00307)
/sigma_u 0.56973*** 0.42905***
(0.01071) (0.01216)
/sigma_e 0.49738%** 0.51657***
(0.00813) (0.00828)
Log likelihood —12,396.731 —10,980.940 —8018.7291 —7801.7696 —9664.627 —8891.927
F 60,986.300 65,343.880 55,057.450 44,677.120 40,685.660
Prob>F 0.000 0.000 0.000 0.000 0.000
Log pseudolikelihood —12,396.731
Wald chi2 321,094.240 424,224.880
Prob>chi2 0.000 0.000
Observations 11,248 11,248 11,248 11,248 11,248 8906 8906
Pseudo R? 0.63521 0.63521 0.67687 0.76404 0.77042 .z .z
***p<0.001, ** p<0.05, *p<0.1
Table 6
Compensating Variation (in terms of air quality).
Compensated variations WTP €/day
Tobit Tobit Tobit Tobit Regional effects Tobit Spline Regional effects Tobit Tobit
Robust SE Spline RE Spline RE
WTP 4.4397 4.4397 6.5328 2.3668 2.5986 4.4599 6.5935
ul 5.1710 5.2075 7.5602 2.8344 3.1236 5.2335 7.7000
1 3.7064 3.6784 5.5087 1.9159 2.0952 3.7007 5.5473
Compensated variations WTP €/year
Tobit Tobit Tobit Tobit Regional effects Tobit Spline Regional effects Tobit Tobit
Robust SE Spline RE Spline RE
WTP 1620.506 1620.506 2384.502 863.8720 948.5047 1627.885 2406.631
ul 1887.415 1900.737 2759.473 1034.5466 1140.1196 1910.227 2810.500
11 1352.836 1342.616 2010.675 699.3073 764.7611 1350.755 2024.764

visible in Twitter than male; or topic bias,” since we only analyzed
tweets related to this particular topic, and some individuals may be more
prompt to tweet about environmental issues than others. Other potential
biases may be related to the dataset used, which although relatively
large for a geo-tagged dataset of a particular issue, larger datasets may

7 We thank a reviewer for raising this potential issue.

allow to control for additional aspects, such as seasonal variations. We
acknowledge that it would be very interesting to check the robustness of
our results with additional datasets in future exercises.

However, and in spite of all these limitations, we believe that this
work may be quite relevant in order to show the applicability of social
media data to environmental valuation and hazard valuation impacts. In
summary, we conclude that social media can be considered a comple-
mentary source of information to other traditional data sources, such as
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the direct information obtained in field work and stated preference
surveys. By no means we imply that at this point, social media data can

substitute the one gathered by impact assessment surveys, but it may
provide additional information useful for economic analysis.
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Examples of word average happiness scores and standard deviations for LabMT.

Word Happiness_average Happiness_standard_deviation
Laughter 8.50 0.9313
Happiness 8.44 0.9723
Love 8.42 11.082
Excellent 8.18 11.008
Successful 8.16 10.759
Killing 1.70 13.590
Arrested 1.64 10.053
Deaths 1.64 11.386
Died 1.56 11.980
Killed 1.56 12.316
Death 1.54 12.811
Murder 1.48 10.150
Terrorism 1.48 0.9089
Terrorist 1.30 0.9091
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