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ARTICLE INFO ABSTRACT

Keywords:
Extreme weather

The last decade has witnessed an increase in the number of extreme weather events globally. In addition, the
economic output around the world is at all-time high in terms of production and profitability. However, global
warming and extreme weather are modifying the natural ecosystem and the human social system, leading to the
appearance of extreme climate events that have an adverse impact on the world economy. To address this
challenge, the present study identifies the main impacts of extreme weather on production economics based on
the analysis of user-generated content (UGC) on the social network Twitter. Methodologically, a sentiment
analysis with machine learning is developed and applied to analyze a sample of 1.4 m tweets; in addition,
computing experiments to calculate the accuracy with Support Vector Classifier, Multinomial Naive Bayes, Lo-
gistic Regression, and Random Forest Classifier are conducted. Second, a topic modeling known as latent
Dirichlet allocation is applied to divide sentiment-classified tweets into topics. To complement these approaches,
we also use the technique of textual analysis. These approaches are used under the framework of computer-aided
test analysis system and natural language processing. The results are discussed and linked to appraisal theory. A
total of 7 topics are identified, including positive (Sustainable energies and Green Entrepreneurs), neutral
(Climate economy, Producer’s productivity and Stock market), and negative (Economy and policy and Climate
emergence). Finally, the present study discusses how the recent trend of an increase in extreme weather con-
ditions has significantly impacted international markets, leading companies to adapt their business models and
production systems accordingly. The results show that the climate economy and policy, producers’ productivity,
and the stock market are all heavily influenced by extreme weather and can have significant effects on the global
economy.

Production economics
User-generated content
Data-driven method

1. Introduction 2021). Thus, weather conditions have a direct impact on economic

production (Minner, 2001). Overall, the adverse consequences of

In the last decade, an increasing number of adverse weather events
have been recorded around the world (Cho et al., 2018). While the
hottest temperatures ever observed on our planet are recorded, the
economic activity around the world is also at all-time high in terms of
output and profitability (Lee et al., 2014; Huang et al., 2018). However,
as argued by Stott (2016), global warming and extreme weather modify
both the natural ecosystem and the human social system (Chik and Xue,
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climate change include pollution, fires, earthquakes, the decline in the
animal population, and the increase in massive logging (Keles et al.,
2018; Shafi and Mohammadi, 2020; UNDRR, 2020).

Global temperature changes cause heat waves, records of extreme
hot days, intense storms or droughts, among other issues (Kovacs, 2017).
These consequences caused by global warming mean that economic
production worldwide undergoes systematic changes and is vulnerable
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to extreme stimuli from nature (Choi et al., 2012). As noted by Jian-Bin
et al. (2012), the massive emission of greenhouse gases retained in the
atmosphere and on the earth’s surface increase the planet’s temperature,
thereby causing an imbalance over time (Coumou and Rahmstorf, 2012;
Tang and Rehme, 2017).

In parallel to these climate changes, the world population increases
every year, leading to a reduction of reserves and natural resources (Lam
et al., 2016). Accordingly, as indicated by Weilnhammer et al. (2021),
the future of humanity is linked to the rationalization of natural sources,
as well as the reduction of pollution and gases that cause global warming
(Lam et al., 2016). In this context, the development of sustainable and
environmentally friendly strategies can be an important incentive to
create and boost economic value in companies (Zhu and Sarkis, 2004;
MacCarthy and Jayarathne, 2012; Zhan et al., 2021).

To date, several studies have turned to the analysis of the data from
social networks to better understand the consequences of climate change
(Moernaut et al., 2022), natural disasters (Platania et al., 2022), and
other events linked global warming (Lydiri et al., 2022). In this context,
the data generated in social networks and on digital platforms are
collectively referred to as user-generated content (UGC). Overall, UGC
embraces user opinions, comments, content about user interests and
user interact with companies (Ribeiro-Navarrete et al., 2021). In recent
years, UGC has been widely used as a valid source of information to
identify trends (Saura et al., 2022), make predictions (Kim, 2012),
establish measurement indicators (Saura et al., 2021), identify variables
for empirical models, as well as to better understand the influence of
concepts and events (Smith et al., 2012).

However, despite the general growth of the literature extreme
weather and its impact on various aspects of human life (e.g., (Moernaut
et al.,, 2022), UGC-based studies on climate change, pollution or
microplastics, as well as and their influence on economic development,
remains scarce. In the present study, we aim to bridge this gap in the
literature so as to better understand the impacts of extreme weather on
economic production on local and global levels. The specific research
question addressed in the present study is as follows: (RQ1) What are the
main impacts of extreme weather on economic production according to
the UGC in the social network Twitter? To answer this question, and
following Chae (2015) and Majumdar and Bose (2019), we use a
data-driven model to extract evidence from tweets. The specific research
objectives of our study are as follows:

- To create knowledge about the relationship between extreme
weather and production economics;

- To identify the main impacts of extreme weather on production
economics according to the UGC on Twitter;

- To explore the main influences and causes of extreme weather on
production economics;

- To formulate future research questions concerning the relationships
and predictions linked to extreme weather and production eco-
nomics using social media.

The originality of the present study lies in the methodological pro-
cess used to analyze the data. Specifically, we apply two data-mining
algorithms. First, we use sentiment analysis with Textblob, with which
experiments are performed to calculate the accuracy with Support
Vector Classifier (SVC), Multinomial Naive Bayes (MNB), Logistic
Regression (LR), and Random Forest Classifier technologies (RFC).
Second, we use a topic modeling known as LDA (Latent Dirichlet allo-
cation) for the division of sentiments into topics. Additionally, we also
use the technique of content analysis/textual analysis. These approaches
are developed using the theoretical frameworks of Computer-Aided Test
Analysis System (CATA) and Natural Language Processing (NLP).
Similarly, the sentiment analysis on extreme weather is linked to
appraisal theory.

The remainder of this paper is structured as follows. After a short
review of previous literature on the topic, we present the methodology
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used in the present study. This is followed by the presentation of the
results, which are then discussed. The paper concludes with an overview
of theoretical and practical implications of our results for further
research on extreme weather conditions and their impact on economics.

2. Related works

In recent years, there has been growing research on climate change,
weather, global warming, or extreme events linked to environment. In
one relevant study, Jang and Hart (2015) used the keywords “climate
change” and “global warming” to understand people’s opinions about
these phenomena around different US states. The authors applied Big
Data analysis techniques to explore a UGC database extracted from
Twitter in order to understand the influence of both terms on politics.

Similarly, the UGC was also used to understand user behavior in
digital environments and user attitudes towards certain topics. For
example, Qiao and Jiang (2021) analyzed Twitter data to understand the
main attitudes towards global warming by performing a sentiment
analysis of the Twitter dataset. The authors linked the results and their
negative influence to appraisal theory, which is also used in the present
study. Appraisal theory is a psychological theory that focuses on emo-
tions extracted from the evaluation of events that cause reactions in
society or individuals (Watson and Spence, 2007).

A large-scale analysis of the content published on social networks
such as Twitter makes it possible to investigate the relationships be-
tween various topics. Accordingly, Al-Rawi et al. (2021) analyzed the
discourses on Twitter applying an LDA on climate change and global
warming. The authors identified politicized points of view in relation to
the use of both terms, quotes linked to political figures, as well as
different terminologies to refer to global warming and its consequences.

Furthermore, the influences of climate change can also be studied
locally. For instance, in a study of local mass media, Kirilenko et al.
(2015) compared the temperature of climate change and identified in-
dicators in corresponding Twitter discussions. Based on the results, the
authors concluded that temperature anomalies increase the number of
tweets published by users in relation to climate change. Therefore, they
compared tweets versus the information shared in the mass media.
These types of events were also studied by Anderson and Huntington
(2017) in order to understand how Twitter users use sarcasm and inci-
vility in relation to climate change discussions.

Extreme weather was also analyzed in relation to extreme weather
events such as tropical cyclones. In one such study, Takahashi et al.
(2015) analyzed user communications through Twitter during Typhoon
Haiyan in the Philippines. The authors tested different variables and
indicators such as time of use, location, and type of user and, based on
the results, concluded that retweet information, coordinate relief, and
memorialize victims were the main uses. The results of this study
highlighted the importance of Twitter as a tool to study extreme weather
events. According to Ripple et al. (2022), in relation to extreme weather
conditions such as heat waves, droughts, and floods, have been shown to
have a significant impact on production economics. These events can
disrupt supply chains, reduce crop yields, and lead to reduced produc-
tivity in various industries (Frame et al., 2020). Therefore, economic
impacts can be significant with some estimates suggesting that the costs
of extreme weather events are expected to increase in the coming years.
As stated by Markkanen and Anger-Kraavi (2019), policymakers have a
crucial role to play in addressing the challenges posed by climate change
and extreme weather events, as they have the ability to implement
policies and regulations that can shape the economic decisions of in-
dividuals and businesses.

From a different perspective, Gupta et al. (2021) focused on the
understanding of reactions to the COVID-19 pandemic to identify user
perceptions in relation to their organization and understanding of the
global situation. However, UGC can also be used to make predictions
and weather forecasting using machine learning, as was done by Pur-
wandari et al. (2021). Overall, a review of previous research suggests
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that Twitter and UGC can be applied to study any type of social media
events, both to improve the supply chain (Chae, 2015) and to explore
value creation in manufacturing firms (Majumdar and Bose, 2019), as
well as to investigate social media crisis management (Lachlan et al.,
2016) or indicators for the creation of open innovation (Saura et al.,
2022a). The possibility of studying extreme events through UGC on
social networks was also demonstrated by Lin et al. (2016) who explored
the online chatting after several extreme events and compared the re-
sults of user actions and behaviors when creating UGC.

3. Methodology

In this study, we developed a methodology focused on the analysis of
data from social networks, specifically Twitter. This approach is based
on Chae (2015), Majumdar and Bose (2019) and Saura et al. (2021), who
used UGC collected on Twitter to extract insights, identify valuable in-
dicators that can explain an event, or create theories through their
analysis.

In the present study, we specifically used the theoretical frameworks
known as CATA (Belderbos et al., 2017) and NLP (Hirschberg and
Manning, 2015). The objective of the present study was not to empiri-
cally test hypotheses, but rather to identify exploratory future con-
structors or variables that could create statistical and empirical models
to further investigate extreme weather and economic production (Du
and Jiang, 2015). In order to implement different applications linked to
computed processes, following previous studies focused on CATA, we
intended to create knowledge and theory by using a model that would
work with data mining and machine learning for the training of the
algorithms used in the present study. Likewise, we also used the textual
analysis/content analysis, which is commonly used to analyze
large-scale data obtained from social networks to identify insights and
establish coherent relationships in the results (Liu et al., 2016).

In this way, we first applied a sentiment analysis using Textblob.
Textblob is a text analysis algorithm that can be trained to classify pieces
of text into different sentiments (Aljedaani et al., 2022). In addition, this
technological approach can be used through technologies such as Sup-
port Vector Machines (SVM), Vector Classifiers (SVC), Multinomias
Naive Bayes (MNB), Logistic Regression (LR) and Random Forest Clas-
sifier (RFC). Our objective was to develop experiments to improve the
accuracy of the results of the sentiment analysis algorithm, a standard
procedure in methodologies that work with the training of algorithms
and machine learning (Balaji et al., 2021).

Second, we also used an algorithm known as LDA to identify relevant
topics in our data (Zhao et al., 2011). This topic modeling algorithm
divides a text sample into different topics based on mathematical

Data collection process

Computed experiments:

* Support Vector Machines

¢ Support Vector Classifiers

e Multinomial Naive Bayes
1 * Logistic Regression
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variables that explain the relationship between the texts within a sam-
ple. This algorithm has been frequently used in previous studies on
discourse analysis and mutual information (e.g., Wu and Su, 1993;
Enarsson and Lindgren, 2019). The overarching aim of using algorithm
is to create knowledge and propose models of the relationship between
sentiments and topics that can be analyzed in future research. To in-
crease the robustness of the model, NLP-focused algorithms are com-
bined using CATA. Finally, in order to establish associations needed to
identify useful variables and indicators, we also used an analysis
developed in Python. Specifically, we used this technique to identify
specific keywords and, based on their weight, to produce relationships
based on groups of words known as nodes (Anand et al., 2020). The
three approaches presented above discussed in further detail below. The
data-driven model developed in the present study is shown in Fig. 1.

3.1. Data sampling

In order to collect a correct sample to develop the analysis outlined
above, a total of 1.4 m tweets were extracted from Twitter (De Choud-
hury et al., 2010; Brummette and Sisco, 2015). The queries used on
Twitter to get the results were #ExtremeWeather, #ClimateEconomics,
#ClimateChange and #GlobalWarming. To optimize the selection of
terms for searching and collecting tweets, it is essential to adhere to
guidelines for collecting data from social media platforms such as
Twitter (See De Choudhury et al., 2010; Culotta, 2014; Wartberg et al.,
2020; Faelens et al., 2021). This ensures that the collected data is rele-
vant and aligned with the research objectives. Careful consideration
should be given to the choice of terms used, avoiding any indirect or
inappropriate associations with similar terms or topics not linked to the
study objectives (Saura et al., 2023). Additionally, it is crucial to ensure
that there are no global events related to the subject of the study directly
or indirectly (for example, the World Environment Day or the World
Climate Summit) occurring during the data collection process, as these
could potentially alter the results (Grover, 2019). By following these
steps, researchers can ensure that the collected data is reliable and
relevant to the study being conducted based on UGC analysis, NPL,
CATA and appraisal theory (Wolfe et al., 2021; Lin et al., 2022).

Likewise, the queries were made from June 18 to August 30, 2022,
using Python. For the development of data sampling, the so-called non-
probability sampling frame (Lehdonvirta and Oksanen, 2021) was fol-
lowed, which was previous used in studies on UGC collected from social
networks and digital platforms. Overall, a non-probability sampling,
also known as simple judgment, is an approach where the sample is
constructed and elaborated (Gerlitz and Rieder, 2013). In order to create
knowledge and structure the study sample, we followed Lehdonvirta and

Theory and validation

e User-generated content

¢ Computer-aided text analysis
.o . ¢ Natural language processing
Latent Dirichlet Allocation * Appraisal theory | ’
NLP used for textual analysis
based on weighted percentage

3 and frequency

Sample: n = 1.4 m tweets 2
After filtering: 740.207 tweets
Queries: #Extreme Weather,
#ClimateEconomics #ClimateChange
#GlobalWarming

Sentiment analysis (Textblob)

Fig. 1. Data-driven model of the present study.
Source: The authors

v

T'opic modeling algorithm based 4
on topics sentiments, topics

descriptions, mutual information
(keyness variable) & p-value

Textual & Content Analysis



J.R. Saura et al.

Oksanen (2021) to establish an adequate non-probabilistic variable
process. As verified in the studies of Sloan (2017) and Chakraborty et al.
(2020), the sample size in studies that work with social networks is
determined by the case applied and linked directly to the research ob-
jectives. The total number of text pieces analyzed should be sufficient to
extract insights and create knowledge in relation to knowledge discov-
ery and big data approaches (Safhi et al., 2019). As previously
mentioned, (i)protocols for selecting search terms have been applied to
avoid bias in data collection, (ii)filters have been applied to ensure the
quality of the sample, and its validity has been verified in light of the (iii)
non-probabilistic nature of the chosen sample.

The data collection process was carried out as follows. First, we
connected to Twitter’s public Application Programming Interface (API),
taking into account that it has the limit of 7 days in the past to collect
tweets. Queries were made and deposited in the database without
debugging. Once the database was complete, the filtering process star-
ted. Our methodological approach was focused on understanding the
text, but not the audiovisual, graphic or other format content. Python
and Pandas libraries (Lamsal, 2021) were used for debugging the data-
base (Barbosa et al., 2023).

The 43 queries that were made in the analyzed time horizon allowed
us to collect a total of 1,391,729 tweets generated by a total of 1,104,434
Twitter users. The total number of collected retweets amounted to
1,026,351. In order to properly filter and purge the final database of
tweets, the URLs containing the tweets were removed. Only the tweets
published in English were included in the dataset. Special characters and
symbols, as well as emoticons, were removed (Chae, 2015; Saura et al.,
2022a). This was done to avoid incorrect analysis of the sample. Simi-
larly, retweets were taken into account as independent tweets and were
not removed from the database. The tweets published by the same user
more than once were not considered (Majumdar and Bose, 2019).
Finally, the tweets with less than 80 characters were removed as invalid.
After these filtering stages, the number of tweets in the final sample
amounted to n = 740,207 (Saura et al., 2021).

3.2. Sentiment analysis using textblob

Overall, in order to identify sentiments in text samples, different
sentiment analysis methods and approaches are used in the literature
(Yadav and Vishwakarma, 2020). As mentioned above, in the present
study, we categorized the content using the Textblob Python algorithm.
This algorithm works with machine learning (Ain et al., 2017). Since a
UGC sample was used, Textblob was deemed to be a relevant algorithm,
as it is a robust and efficient sentiment analysis algorithm commonly
used in the scientific literature in studies using CATA and NLP (Arslan
et al., 2022). Textblob is built on NLTK and patterns. However, a limi-
tation of this algorithm, which is shared with other sentiment analysis
algorithms, is that it cannot identify sarcasm, irony, or connotations in
the analyzed tweets. However, and following the instructions of Yadav
and Vishwakarma (2020), the algorithm was trained to optimize the
results to surpass this challenge.

To get a sufficiently high accuracy, the Textblob algorithm was
trained a total of 845 times. In doing so, we followed the indications of
Saura et al. (2021, 2022). The training results showed a polarity score
measured and classified in relation to the subjectivity of the pieces of
text. In this way, the polarity was defined in ranges between —1 and 1,
and the subjectivity was established between 0.0 and 1.0. The training of
the algorithm was performed manually; to this end, the tweets were
classified to determine the polarity based on the keywords (Iyengar
et al., 2012). These types of classifications are focused on discourse
analysis and linguistics and are standard procedures carried out in
exploratory studies using NLP and CATA (Sarkar et al., 2019). The
determination and use of a machine learning algorithm means that, once
an algorithm has been trained, it learns by itself to classify the rest of the
tweets based on the in-puts offered by the researchers. Accordingly, we
determined the relevance and follow-up of the tweet classification
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protocol in the training of the algorithm.

In this way, each tweet was classified based on its sentiment (posi-
tive, negative or neutral), and the general database was therefore
divided into three subsets. However, for the validation of the results, we
followed Hiremath and Patil (2022) and used a 5-step validation scale.
For the validation scale, we used the technologies of SVC (Saura et al.,
2021), MNB (Abbas et al., 2019), LG (Saura et al., 2021), and RFC
(Karoui et al., 2017). For the validation of the results, we also computed
the variables of precision, recall, fl-score, and support. Finally, the
global results were presented in terms of macro average and weighted
average.

3.3. Topic modeling using LDA

In the next step of the presented model, a thematic modeling algo-
rithm commonly known as LDA (Yang and Zhang, 2018) was developed
and applied. In general, LDA is used in research on documents and texts.
This mathematical algorithm is applied in Python to develop a proba-
bilistic assumption that determines the relationship of words to each
other to identify topics. In the present study, the LDA algorithm was
developed in Python LDA 1.0.5 using Gibbs sampling (MAC version).
Although the LDA model cannot determine sentiments, we used three
databases of tweets previously classified into sentiments, in order to
obtain positive, negative or neutral topics applied to LDA (Liu et al.,
2017).

The LDA algorithm was applied to a database and returned the re-
sults in the form of repeated words according to their relevance in the
database. From this list of words, the first twenty classified words were
considered. Taking into account the words, as well as the objectives of
the study, we then determined a title that should make sense when
combining the obtained words (Saura et al., 2022a), which is a standard
approach when LDA is used in studies that work with CATA and NLP.
This enabled us to link the results of the algorithm to a topic, as well as
its description.

In general, the topic modeling algorithm aims to understand the
inputs (normally documents containing text) in terms of frequency and
positioning in the database. In the present study, the text inputs were
included not in documents, but in tweets classified in three different
databases. Accordingly, we took advantage of the power of this algo-
rithm to directly identify topics from the tweet databases. According to
the positioning and frequency of the words, topics classified with a name
were obtained (Al-Sultany and Aleqabie, 2019). First, in the application
of the model in LDA, the frequency and distribution of the topics in the
sample were identified. Second, the topics were automatically grouped
in the form of keywords in relation to the number of times these were
repeated in the database (Zhou et al., 2021). The equation applied in
Python is shown in Eq. (1).

D

p(ﬁl:kager:Zl:Dvwer) = Hp(ﬂz> (ﬂl) X H[)(ed)

d=1
xS 0(Zanl00) p(Wanl P17 1) )

i Distribution of word in topic i, altogether K topics

0d Proportions of topics in document d, altogether D documents

Z4 Topic assignment in document d

Z4,n Topic assignment for the nth word in document d, altogether N
words

Wy Observed words for document d

Wg,n The nth word for document d.

Next, the words were automatically divided into each of the identi-
fied topics. Eq. (2) shows how the different keywords that make up each
topic were computed. From here, we translated their meaning to make
sense of the identified topics.

7P(/}1;K7 0.0, 21.001.p)

p(ﬂ]:kwal:D>Zl:D‘w1:D)*W (2
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3.4. Textual and content analysis

In the third step of the data-driven model, we applied textual and
content analysis to understand the weight and relevance of the keywords
within the identified topics (Garten et al., 2018). Specifically, we
applied textual analysis with Python to calculate the weighted per-
centages of each keyword with respect to the total of the database. This
and similar approaches were previously used with other software or
applications such as VBPro, CATPAC, Concordance, DICTION, General
Inquirer, LIWC, NVivo, ATLAS or MECA considered suitable for working
with CATA and NLP (Saura et al., 2021).

Specifically, the individual weights of the keywords within the topics
divided into sentiments were computed. These sets of words were
grouped into nodes, which were equal to the identified topics. In this
way, the global weight percentages of each of the topics were calculated.
Similarly, based on these percentages, we were able to grasp the global
weight of each topic over another and make comparisons (Carley, 1993)
so as to shape theory and create insights related to our research objec-
tive. The frequency of keywords, as well as their weight and repetition,
were identified and measured (Hardy et al., 2004).

4. Results
4.1. Results of sentiment analysis with textblob

For the Textblob computation with SVC, MNB, LG, and RFC, the
accuracy was measured as the variables that determine the quality of the
results. Overall, the accuracy defines the number of times that the al-
gorithm has successfully determined results (Purwandari et al., 2021).
To increase the quality of the results, only the result of the classification
method that has obtained the highest accuracy is taken into account.
Accuracy is the standard measure in machine learning models to
determine success. The results of the model are summarized in Table 1.

The result with a greater precision was the one corresponding to LSV
SL. No. 3 with a total of 0.871081. The subsequent sentiment analysis
was based on the results of this process. In relation to the rest of the
experiments, the largest values obtained were in the following order: LG
SL. No. 2 with 0.829012, MNB SI. No. 2 0.699,370 and finally, RFC SL
No. 4 with 0.584008. Likewise, in relation to the results of the feelings
obtained, Table 2 summarizes the results related to recall value, fl-score,
and support values.

Table 1
Results of sentiment analysis.

Sl Classification model name by number of Fold_idx  Final
No. experiments Accuracy
Textblob

0 RandomPForestClassifier 0 0.574081
1 RandomPForestClassifier 1 0.540247
2 RandomForestClassifier 2 0.542170
3 RandomPForestClassifier 3 0.560321
4 RandomPForestClassifier 4 0.584008
5 LinearSVC 0 0.840431
6 LinearSVC 1 0.839155
7 LinearSVC 2 0.870230
8 LinearSVC 3 0.871081
9 LinearSVC 4 0.822510
10 Multinomial Naive Bayes 0 0.699370
11 Multinomial Naive Bayes 1 0.680003
12 Multinomial Naive Bayes 2 0.693691
13 Multinomial Naive Bayes 3 0.687120
14 Multinomial Naive Bayes 4 0.687447
15 LogisticRegression 0 0.807925
16 LogisticRegression 1 0.814041
17 LogisticRegression 2 0.829012
18 LogisticRegression 3 0.814993
19 LogisticRegression 4 0.827405

Source: The authors
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Table 2

Sentiment classification report.
SlL. No. Parameters Vader

precision recall f1-score support

1 Negative 0.76 0.80 0.73 20.510
2 Positive 0.82 0.76 0.79 2300
3 Neutral 0.88 0.92 0.91 20.491
4 Accuracy - - 0.84 43.641
5 Macro avg 0.78 0.76 0.72 43.641
6 Weighted avg 0.78 0.81 0.85 43.641

Source: The authors

According to Deshwal and Sharma (2016), accuracy is a metric that
measures the quality of the machine learning model. It determines not
only the quality of the model, but also that of the tasks related to the
qualification of the inputs. As defined by Saif et al. (2012), recall mea-
sures the necessary amount of machine learning used in the model in
terms of the amount of technology employed. As concerns the f1-score
variable, Zimbra et al. (2018) indicated that it is used to combine the
metrics and their precision and recall scores represented in a single
variable that summarizes their results. In this way, as argued by Deshwal
and Sharma (2016), its practical nature makes results comparable in
terms of accuracy.

The support component, according to Saura et al. (2022a), is the
necessary support that the model needs for the use of machine learning.
On the other hand, the macro average variables measure terms similar to
the model mean, as well as their weight in relation to the weighted
average. In our results, the highest precision and recall were obtained for
neutral feeling (0.88 and 0.92, respectively). The negative sentiment
obtained a precision of 0.76, and a recall of 0.80. Finally, the positive
sentiment obtained a precision of 0.82 and a recall of 0.76. In relation to
fl-score, it was 0.91 for neutral sentiment, 0.73 negative sentiment, and
0.79 positive sentiment.

Fig. 2 summarizes the results and visually increases their rigidity by
providing a summary of the precision results obtained. In the figure, the
X-axis represents a maximum value of 0.99, and the Y-axis shows the
results obtained for each LSVC experiment performed, including RFC,
LG, and MNB with a total of 20 points.

In Fig. 2, the X axis shows the highest accuracy value with a limit of
0.90, while the Y axis shows the total number of experiments performed.
The shaded horizontal lines show the areas of the results obtained by
each classification experiment. There is a black highlighted line for each
variable where the accuracy number is displayed. These are the highest

0.90 | Final Accuracy
0.871081
A AlinearSVC
LinearSVCA A 0.829012
. A A
A
LinearSVC | a &
0.80 LogisticRegression
0.693691
0.70 == T
A A
A
Multinomial
Naive
Bayes
0.60 0584008
A RandomForestClassifier
A
ARandomForestClassifier
A A
Sl. No.
0 5 10 15 20

Fig. 2. Accuracy results.
Source: The authors
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values obtained for each of the classification technologies performed in
the sentiment analysis. Of the total 740,207 tweets, 329,281 were
classified as neutral, 186,201 were positive, and 224,725 were negative.

4.2. LDA results

The development and application of the LDA model identified a total
of 7 topics directly linked to extreme weather and production economies
in relation to the three sentiments studied. In order to identify a suffi-
cient number of topics, the first 20 words related to each of the identified
topics were studied. Then, based on the results, the topics were named
and described, as well as linked to their sentiment.

At the time of classification and naming of each topic, we took into
account the use of the most frequent words, as well as their number of
alterations. This allowed us to extract insights related to the relationship
of our topics with the subject of study and the corresponding feelings. In
this way, the research question of the study, as well as the research
objectives, can be addressed based on the identification of the themes
and the insights and knowledge created after the described process.

Similarly, in order to measure the relevance of topics identified by
the data-driven model, we computed the keyness indicator. This indi-
cator shows the robustness of the linking of the words that make up a
theme. Statistically, keyness represents the log-likelihood score values
(Rayson and Garside, 2000). In the present study, keyness was calcu-
lated to understand the relevance of the identified topic. This approach
has been widely used in linguistics to understand speech and word or-
ganization, making it possible to link several keywords with a theme.
Since our topics were composed of keywords, MI could be computed and
its relation could be understood in terms of keyness and p-value.
Therefore, log-likelihood of >3.8 was statistically significant when
p-value <0.05. Therefore, in our results, a statistically significant rela-
tionship was obtained for the topics indicated below. Table 3 provides a
summary of the indicators and variables.

Amon the identified topics, positive topics were Sustainable energies
and Green Entrepreneurs, neutral ones were Climate economy, Pro-
ducer’s productivity, and Stock market, and negative ones were Econ-
omy and policy and Climate emergence. Fig. 3 shows the topics
according to their sentiment and the number of classified tweets.

Table 3
LDA topics results.
R Topics Description Keyness  p-
value

1 Climate 800.23 0.044

economy

The economic impulses that develop

around climate change, global

warming and extreme weather

events

2 Economy and The economic and political messages
policy of the policymakers in relation to the

actions to solve the environmental

problem

Detriment of production due to the

global consequences of extreme

weather events

Linking the influences caused by

extreme weather with the stock

market worldwide

Promotion of sustainable and

761.62 0.040

3 Producers’ 641.13 0.035

productivity

4 Stock market 560.31 0.029

5 Sustainable 473.94 0.021

energies renewable energies to fight the
problems of extreme weather.
6 Climate Global climate emergency, causes, 414.52 0.017
emergence consequences, and political inaction
7 Green Green initiatives that create 394.00 0.016
entrepreneurs sustainable projects to promote

green production

Source: The authors
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4.3. Results of textual and content analysis

Based on the results of the textual and content analysis, the topics
were separated into nodes. Next, the weighted percentage (WP) of these
keywords was computed against the global database (Loughran and
McDonald, 2016). In this way, the weight of the keywords was repre-
sented based on their importance in the total database. This approach
was applied using the NLP framework with Pandas GroupBy in Python.
The number of times the words were repeated, as well as their average
total weight, was represented by their frequency (f). Table 4 summarizes
these values.

5. Discussion

A recent trend of an increase in extreme weather conditions has
modified international markets, causing companies to flexibly adapt
their business models and production systems to adverse extreme events
(Ingirige et al., 2008). In the present study, a total of seven topics
directly linked to extreme weather and economic production were
identified.

In the first place, we identified the topic of climate economy (keyness
800.23 and p-value 0.044), which includes the economic impulses
developed around climate change, events linked to global warming, as
well as situations caused by extreme weather events, droughts, heat
waves, or floods (Vandewege, 2021). Around these actions, a new
economy emerged to which companies should adapt their economic and
production systems (see Dell et al., 2014; Felbermayr et al., 2022). This
new climate economy influences the decision-making processes of pol-
icymakers (Shao et al., 2014). As confirmed by Ingirige et al. (2008) and
Feng et al. (2021) policymakers play a crucial role in addressing the
challenges posed by climate change, as they have the opportunity to
implement policies and regulations that can shape the economic de-
cisions of individuals and businesses. Effective climate policy requires a
holistic approach that considers both the economic and environmental
consequences of different actions (Abdul Karim et al., 2022).

This is directly linked to the second topic we identified in the results
that was the economy and politics (keyness 761.62 and p-value 0.040),
which groups the economic and political messages shared by public
figures and policymakers. This topic summarizes strategies to solve the
environmental problem worldwide from their messages. Although these
strategies are focused on boosting the economy and promoting public
policies that respect the environment (Sandhani et al.,, 2022), the
negative sentiment associated with this topic indicates the discontent of
society about these initiatives, as well as their insufficiency to combat
extreme weather events and climate change. Similar evaluations of this
topic were also pointed out by Cai et al. (2021) and Felbermayr et al.
(2022). As highlighted before, it is essential that public agents take into
account the long-term impacts of their decisions on the economy, as well
as the well-being of present and future generations. The transition to a
low-carbon economy can bring significant economic benefits, such as
the creation of new jobs and the development of new technologies, but it
also requires a proactive approach to address potential challenges and
ensure a just transition for all stakeholders (Ying et al., 2022).

The third topic that emerged in our results was producers’ produc-
tivity (keyness 641.13 and p-value 0.035), which encompasses the
detriment and the evolution that producers have undergone to address
the effects and consequences of extreme weather events on a global
level. Indeed, producers are directly affected by extreme weather—for
example, to produce cereals or wheat, it is necessary that the climate
conditions do not entail droughts or floods, which can lead to no pro-
duction or harvests. However, as indicated by Gogokhia and Berulava
(2021), various industries depend on the natural landscape to develop
their raw materials, and the consequences of the events produced by
extreme weather influence productivity and the economy.

The fourth topic was the stock market (keyness 560.31 and p-value
0.029), which captures a link between economic production and the
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Positive topics (0.86)*
(i) Sustainable energies
(ii) Green Entrepreneurs

Positive tweets: 186,201*

Neutral tweets: 329,281
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Negative topics (0.76)*
(i) Economy and policy
(ii) Climate emergence

NE*

v

Negative tweets: 224,725

Neutral topics (0.88)*
(i) Climate economy
(ii) Producer’s productivity
(iii) Stock market

* From a total sample of n = 740,207 tweets
* P* = positive topics, N* = neutral topics and NE* = negative topics
* 0.86 precision for positive tweets; 0.88 precision for neutral tweets; 0.76 precision for negative tweets

Fig. 3. Topics by sentiment
* From a total sample of n = 740,207 tweets
* P* = positive topics, N* = neutral topics and NE* = negative topics

* 0.86 precision for positive tweets; 0.88 precision for neutral tweets; 0.76 precision for negative tweets.

Source: The authors

Table 4
Grouped keywords, count, and weighted percentage.
R Topics Keywords in topic f* WP+
1 Climate economy and climate, economic 250,202 17.21
economy growth, climate industry, new

economy, etc.

2 Economy and economic policy, economy policies,

policy climate action, policy options,
economic perspectives, etc.
production issues, food productions,
agricultural production, primary
productivity, lower productivity, etc.
stock prices, price fluctuations,
climate change risks, climate change
stocks, etc.
renewable power, sustainable

190,485  14.86

3 Producers’
productivity

104,291 11,02
4 Stock market

90,687 9,97

5 Sustainable 59,533 7,06

energies energy, renewable energy, energy
efficiency, sustainability, green
energy, among others.
6 Climate over-producing, extreme weather, 58,005 6,01
emergence heat waves, emergency declarations,
world climate declaration, etc.
7  Green eco-friendly projects, recycling 25,531 4,94
entrepreneurs businesses, green industry, green

business, green opportunities, etc.

*f = Frequency.
*WP = Weighted percentage.
Source: The authors

influences caused by extreme weather on the stock market worldwide.
Many companies develop their businesses using raw materials necessary
for the viability of their projects. However, climate change is putting
many global supply chains at risk, causing investments to have un-
precedented levels of uncertainty and volatility (Symeonidis et al.,
2010). As identified in this study, extreme weather conditions can have a
significant impact on the stock market, as they can lead to disruptions in
supply chains, damage to infrastructure, and loss of life and property.

These impacts can lead to economic losses for businesses and investors,
which can in turn affect stock prices. For example, natural disasters such
as hurricanes, earthquakes, and wildfires can disrupt production and
distribution processes, leading to decreased profits and negative per-
formance on the stock market (Abdul Karim et al., 2022).

The fifth topic we identified in the results was sustainable energies
(keyness 473.94 and p-value 0.021), which reveals the impetus for world
economic production not to stagnate due to extreme weather events.
Sustainable energies are generally seen as the positive future with
respect to the environment (Kelle et al., 2019). However, at present,
they are being applied inefficiently, largely due to the increase in pol-
icies and limitations in production and infrastructure systems (Ingirige
et al., 2008). However, sustainable energies are jointly positioned as the
greatest boost to economic production in the medium and long term for
an industry that is adapting and must be flexible to an uncertain future
where climate change and extreme weather events can cause irreparable
losses (cf. Shao et al., 2014; Xie and Zhu, 2021).

The sixth topic that emerged in our data analysis was that of climate
emergency (keyness 414.52 and p-value 0.017). This topic refers to the
fight against the causes and consequences of political inaction world-
wide. A greater and more concerted action is expected from public in-
stitutions in the face of the development of policies that force companies
to produce sustainably. In economic terms, production should match the
existing demand; however, with the growing the climate emergency and
problems with extreme weather, economic production may be jeopar-
dized. These indications were also mentioned by Henseler and Schu-
macher (2019). At present, there is substantial evidence of the existing
climate emergency, and the consequences of political inaction may
prevent this situation from being reversed. Additionally, through the
development and promotion of sustainable agriculture and land man-
agement practices by governments and public institution it can help to
mitigate the effects of droughts, floods, and other extreme weather
events on food production and availability (Andati et al., 2022). By
fostering the growth and success of social projects and green entrepre-
neurs for example, policymakers can help to create a more sustainable
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and resilient economy that is better equipped to withstand the impacts
of extreme weather (Zinecker et al., 2022).

Finally, the seventh topic we identified in the data was that of green
entrepreneurs (keyness 394.00 and p-value 0.016). This topic brings
together sustainable projects to promote green production, actions and
initiatives that use renewable energy production sources, that promote
recycling, or the use of sustainable materials for the economic devel-
opment of current business models. This topic was found to be associ-
ated with positive sentiment, as green entrepreneurs are engaged in
implementing changes in the reproductive system in the long term on
the global level (cf. Karimi et al., 2019). Green entrepreneurs often aim
to reduce greenhouse gas emissions, conserve natural resources, and
minimize waste in order to create a more sustainable and resilient
economy. By doing so, green entrepreneurs can contribute to the pre-
vention of extreme weather events and the reduction of their negative
impacts on society and the environment (Ying et al., 2022). For example,
through the use of renewable energy sources and the implementation of
energy-efficient technologies, green entrepreneurs can help to reduce
the reliance on fossil fuels, which are a major contributor to climate
change and extreme weather events (Streimikiené et al., 2022).

In recent years, UGC has been widely used to identify the opinions of
the society, the future interests of the society, as well as various types of
information to be used, for instance, by public institutions to adapt their
communication policies and sustainable strategies (Saura et al., 2022a).
As posited by the appraisal theory, essential in this context are the
feelings extracted from individually estimated evaluations (Ross and
Caldwell, 2020). These evaluations are directly linked to people’s re-
actions to an event with a specific cause. Extreme weather events of the
recent years, such as droughts, floods, extreme heat, or very cold win-
ters, are directly linked to people’s perceptions of these events. There-
fore, the appraisal theory can be linked to UGC as a source of
interpretations and explanations that users make under different cir-
cumstances and in different parts of the world (Loughran and McDonald,
2016). A clear example of such circumstances is the increase in the
planet’s temperature as a result of global warming, which is a leading
cause of extreme weather conditions around the world.

In this way, applying the appraisal theory to study UGC, we can
observe that climate emergency is associated with strongly negative
perceptions among people. At the same time, these circumstances help
to create a positive perception in relation to sustainable energies, since
such technologies are perceived as being capable of solving the biggest
problems that human beings have faced throughout history. Similarly,
the perceived positive sentiment for green entrepreneurs is linked to
long-term sustainable economic output. However, the economy and
politics are among the biggest concerns of users in relation to the actions
and strategies developed by public institutions to fight against the
climate emergency and extreme weather (Felbermayr et al., 2022).

Based on the topics identified in the present study, we can formulate
a series of research questions on extreme weather conditions and pro-
duction economics that should be addressed in further research. These
questions are summarized in Table 5.

Based on the future research questions presented above, it is
important to note that extreme weather events can have significant
impacts on economic production, and it is relevant for companies to
have strategies and tactics in place to adapt to these changes. The role of
policymakers and companies in shaping the transition to a low-carbon
economy and the influence of extreme weather on the stock market
and sustainable energy sources are also crucial considerations that
should be kipped in mind. Likewise, the perception of climate emer-
gency among the general population and the implications for green
business models and entrepreneurship in the face of a changing climate
are important factors to consider for the future of the global economy.
Overall, it is essential for businesses, policymakers, and the general
public to understand the impacts of extreme weather events on the
economy and take proactive measures to address these challenges and
transition towards a more sustainable future.
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Table 5
Future research questions on extreme weather and production economics.

Topics Future research questions

Climate economy What are the main characteristics of an economy based on

climate change?

How can the economic production of a company adapt to

sudden changes in the ecosystem and extreme weather

events?

What strategies should companies follow to maintain their

levels of economic production in an economy characterized

by uncertainty arising from extreme weather events?

Economy and How should the economic system adapt global business
policy models beyond the reduction of pollution and the use of

renewable energies?

What are the environmental respect monitoring protocols

that public institutions should apply in the future of a

sustainable economy?

How do extreme weather events influence producers’

productivity?

What are the future extreme weather events that will most

influence the economic output of companies?

What tools and systems will allow companies to adapt their

activities to extreme weather events?

What is the influence of extreme weather on the stock

market in the face of emerging climate problems?

How is it possible to predict economic production with

stock market analysis when extreme weather causes losses

in the production and supply chain?

What are the risks associated with sustainable energies

when extreme weather events occur?

Is it possible to take advantage of extreme weather events to

promote sustainable energy?

Will extreme weather events increase the perception of

climate emergency in the population?

What are the main problems caused by extreme weather

perceived by the population in relation to climate

emergency?

How should green business models be adapted to the

consequences of extreme weather events?

How should a green entrepreneurial project adapt to a

climate economy in the context of high uncertainty?

What are the most profitable entrepreneurial projects in

terms of economic production, from the perspective of

future climate change?

Producers’
productivity

Stock market

Sustainable
energies

Climate emergence

Green
entrepreneurs

Source: The authors

6. Conclusions

In the present study, we developed a data-driven model to identify
the main impacts of extreme weather on economic production using the
UGC from Twitter as a source of information. In order to understand
these impacts, we conducted different types of analyses to identify a
total of seven topics associated with three sentiments, including positive
(Sustainable energies, Green Entrepreneurs), neutral (Climate economy,
Producer’s productivity, Stock market), and negative (Economy and
policy, Climate emergence). Based on the results, we formulated a total
of 17 future research questions to understand the main characteristics of
extreme weather events on economic production.

With regard to our main research question (RQ1: What are the main
impacts of extreme weather on economic production according to the UGC in
the social network Twitter?), we identified the main impacts of extreme
weather events on economic output. These impacts were then discussed
around the seven identified topics. The main consequences and char-
acteristics were revealed, as was the future influence of extreme weather
on economic production. In relation to the secondary objectives, we
accumulated knowledge on the relationships between climate change
and economic production and tested the applicability of the appraisal
theory to analyze UGC from Twitter. Finally, we also identified the main
influences of extreme weather on economic production. Based on the
results, the following conclusions can be drawn.

Extreme weather conditions and meteorological uncertainty of
recent years have had a considerable adverse impact on economic
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output and the business system. In this paradigm, there emerged a new
climate economy characterized by different economic impulses devel-
oped around the actions that aim to counteract climate change, global
warming, or the damage caused by extreme weather events. This new
climate economy is directly linked to economic and political decision-
making driven by public institutions. However, these strategic actions
remain insufficient and the society in general negatively perceived the
policies implemented thus far to solve meteorological problems.

Likewise, in this paradigm where the climate economy and extreme
weather events influence economic production, a detriment in the eco-
nomic production of companies worldwide is identified, since extreme
weather events and global warming produce adverse situations for the
development and economic production in supply chains, logistics, or
production. All these factors make the stock market volatile and lead to
high uncertainty, which harms a stable economy.

In this context, renewable energies continue to be the hope of the
society, and sustainability continues to be perceived as the main actor to
fight against extreme weather events. Green entrepreneurs are perceived
as the future of the business where economic production linked to sus-
tainable actions may be the best option for the development of the in-
dustry and economy adapted and flexible to the climate emergencies
around the world.

6.1. Theoretical implications

As discussed previously, the present study is exploratory and aimed
to qualitatively identify research questions and future variables to be
later studied in empirical research. Based on the results, we identified a
total of seven topics that can be used in further research that would aim
to better understand the relationship between extreme weather and
economic production.

The theoretical implications of the research are directly linked to the
identified topics and to the discussion on their relationship with extreme
weather conditions and economic production. In future studies, re-
searchers can focus on the 18 proposed research questions as a better
understanding of the main characteristics of an economy based on
climate change can help inform the development of strategies for com-
panies to adapt to sudden changes in the ecosystem and maintain their
levels of economic production in the face of uncertainty.

The findings include the need to adapt global business models
beyond the reduction of pollution and the use of renewable energies, as
well as the implementation of environmental respect monitoring pro-
tocols by public institutions in the pursuit of a sustainable economy. In
addition, new theoretical research is needed to examine the impacts of
extreme weather events on producers’ productivity and the stock mar-
ket, as well as the risks and potential opportunities associated with
sustainable energy sources. The perception of climate emergency among
the general population and the implications for green business models
and entrepreneurship should also be explored in the future. By
addressing these research objectives, it will be possible to gain a deeper
understanding of the challenges and opportunities facing economic
production in the face of extreme weather events and a changing climate
theoretically. While the present study explored the link between climate
economics and efficient production in times of climate uncertainty,
future studies can take the proposed research questions as the main
objective of their investigation, along with replicating and improving
the data-driven process used.

6.2. Practical implications

The practical implications of the present study are linked to per-
spectives from policymakers, entrepreneurs, and public institutions
specialized in the environment. These actors can use the insights derived
from our analysis of UGC on Twitter to improve decision-making in their
institutions as well as the activities they develop in this thematic area. In
addition, our results can serve as a guide for practitioners in relation to
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the understanding of the main impacts that climate change and extreme
weather have on economic production. Additionally, as mention before,
the findings of this study can provide valuable insights for policymakers,
business leaders, entrepreneurs and other public agents related to pro-
duction economics. By understanding the impacts of extreme weather on
economic production they can create more effective strategies to miti-
gate the negative consequences of these events. Similarly, business
leaders can use these insights to develop more resilient and adaptable
business models that can better navigate the challenges posed by
extreme weather. In today’s increasingly interconnected and globalized
economy, it is essential that companies and public institutions are pre-
pared for the disruptions caused by extreme weather events in order to
ensure their long-term viability and success.

This will made it possible to identify the main consequences or
strategies that should be adapted in today’s practices. For instance,
green entrepreneurs can use research to adapt their business models and
plan projects using sustainable energy so that their economic produc-
tivity is not diminished in response to extreme weather events. Also,
companies can use the present research to develop strategies for
adapting their supply chain management to mitigate the negative im-
pacts of extreme weather events on their production levels. For example,
a company producing agricultural goods may consider implementing
contingency plans for sourcing raw materials from alternative suppliers
in the event that their primary supplier experiences crop failures due to
extreme weather conditions. As highlighted before, policymakers can
also use research to inform the development of policies and regulations
that support the transition to a low-carbon economy, such as incentiv-
izing the use of renewable energy sources and implementing carbon
pricing mechanisms. Overall, the identification of research questions
and the gathering of exploratory evidence can help to better understand
the complex relationship between extreme weather events and eco-
nomic production, and inform the development of effective responses to
these challenges.

6.3. Limitations and future research

The limitations of the present are linked to two fundamental facts.
First, the sample obtained from UGC on Twitter may be expanded in the
future. The samples of UGC extracted from Twitter can be increased
exponentially in the future by collecting data over longer time horizons
and including more tweets. The second limitation is linked to the fact
that the present study was exploratory. Future studies can take these two
limitations into account to improve the research design and conduct a
more exhaustive empirical investigation.

Data availability

Data will be made available on request.
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