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This study analyses the relationship between air quality and sentiments expressed on social media, focusing
on the Saharan dust episode that affected Lisbon in March 2022. Environmental data were collected
alongside geolocated Twitter posts (now rebranded as X) from the Lisbon area. The content of these posts
was analysed using the Valence Aware Dictionary and sEntiment Reasoner algorithm to identify emotional
patterns and assess correlations with fluctuations in atmospheric pollutants. A predictive analysis was also
conducted using Decision Tree and Random Forest machine learning algorithms. The findings suggest that
despite high levels of inhalable particulate matter (PM10) during the event, there was no significant change
in online sentiments, which remained mostly neutral or slightly positive. This implies that the publics
environ-mental perception may not be clearly reflected on social media, possibly due to cultural factors or
the limited influence of Twitter in Portugal. The study concludes that integrating environmental and social
data is feasible and valuable, but further research is needed to explore longer periods, other cities, and
more advanced techniques, thus contributing to the understanding of air pollution and public perception
in Portugal.

Povzetek: Studija preucuje povezavo med kakovostjo zraka in razpoloZenjem na druzbenih omrezjih ter

ugotavlja, da mocno onesnazenje ni bistveno vplivalo na izrazena custva uporabnikov.

1 Introduction

In recent decades, the growing concern about the
impacts of atmospheric pollution on public health and the
well-being of urban populations has driven the
development of new approaches to environmental
monitoring [1]. At the same time, the exponential rise in
the use of social media, as a means of public expression
provides a unique opportunity for the indirect analysis of
environmental phenomena through the observation of
emotions expressed online [2].

Despite these advances, the intersection between air
quality and social media—based sentiment analysis
remains relatively underexplored, particularly in the
European context [3]. Most previous studies have focused
either on traditional air quality monitoring using loT
sensors [4] and satellite data or on social media analyses
that do not integrate environmental parameters [5].
Moreover, many works concentrate on regions of high
population density mainly in China and where pollution
events are more frequent and data availability is higher [6].
For example, research conducted in Beijing and California
has shown that peaks in PM2.5 are often associated with
increased expressions of negative emotions such as fear,
anger, or frustration [7]. However, such studies are rarely
extended to European urban areas, where social, cultural,
and linguistic factors may influence how individuals
perceive and express environmental conditions online.

This gap highlights the need for studies that combine
environmental and social data, exploring different regions
and new methodologies capable of offering a more
integrated perspective on the phenomenon. In this context,
the present research seeks to explore the correlation
between air quality and the emotions expressed on social
media, with a particular focus on the analysis of data
collected during March 2022, a period marked by an
extreme atmospheric event associated with the passage of
dust from the Sahara Desert over the Iberian Peninsula. By
integrating environmental and meteorological data with
geolocated Twitter posts, this study aims to investigate not
only the variation in pollution levels but also how these
changes are reflected in the emotions expressed by the
population. The study is based on the application of
Natural Language Processing (NLP) techniques and
sentiment analysis, aiming to identify dominant emotional
patterns and assess to what extent these are related to
changes in air quality. For this, environmental data from
official sources were collected and cross-referenced with
geolocated posts from the city of Lisbon. The work also
aims to identify limitations and methodological challenges
associated with using social media as an environmental
inference tool, proposing approaches that contribute to a
more representative and reliable analysis. The study of the
analytical aspect based on Machine Learning (ML)
algorithms could help identify behaviour patterns [8],
assess the relative importance of environmental variables,
and estimate potential relationships between atmospheric
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parameters and the sentiments expressed on social media.
The integration of this quantitative approach can
contribute to a more comprehensive and rigorous
understanding of the analysed phenomenon, a topic still
underexplored in the Portuguese context.

2 Methodology

The development of this research followed a
structured sequence of stages designed to analyse the
potential relationship between air quality and emotions
expressed on social media. The methodological
framework combines environmental monitoring, social
media data extraction, and computational text analysis to
establish a correlation between environmental parameters
and public sentiment.

In the initial stage, a comprehensive literature review
was conducted to identify the main methodological
approaches used in recent studies related to air quality
assessment, sentiment analysis, and environmental
perception. This review provided the conceptual
foundation for the definition of the research scope and
supported the selection of analytical techniques suitable
for the study objectives.

Subsequently, data was collected from both official
sources and digital platforms. Environmental datasets
included atmospheric pollutant concentrations, while
meteorological data were obtained from weather stations
geographically close to the study area. In parallel,
geolocated posts from Twitter were collected for the city
of Lisbon, covering the month of March 2022, which
coincided with a significant atmospheric event — the
passage of Sahara dust over the Iberian Peninsula.

After pre-processing, exploratory analysis and
graphical visualization techniques were applied to identify
general trends, patterns, and possible anomalies in the
data. The sentiment analysis of social media posts was
then performed using Natural Language Processing (NLP)
tools, allowing the classification of tweets into positive,
negative, or neutral categories and the detection of
dominant emotional patterns across time. In the final
stage, predictive and inferential models were applied to
further explore relationships between environmental and
emotional variables.
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The results obtained were statistically analysed and
visually represented through correlation graphs, time-
series plots, and performance metrics, enabling a
comprehensive  interpretation of the  observed
relationships.

3 State of art

The relationship between social media and air quality
has been explored from multiple perspectives in scientific
literature, including sentiment analysis, pollution
forecasting, and public perception of environmental and
health impacts. To position the present study within the
existing body of research and to understand how air
quality and environmental conditions are reflected in
emotions expressed online, this section provides a
literature review of the most relevant studies published
over the past five years. The aim of this review is to better
characterize the context in which previous research was
conducted and to examine how variations in air quality
correlate with emotions expressed on social media, as well
as to identify the predominant emotional responses
associated with changes in pollution levels.

The search for articles was conducted in the Scopus
and Web of Science (WoS) databases, using a search
string constructed from a combination of queries relevant
to this study. These queries specifically focused on topics
such as: air quality, influence or impact, health, emotions,
well-being, and social networks.

("air quality” OR aqi OR pollution) AND (perception
OR impact OR influenc) AND (health OR wellbeing OR
happiness OR consumer* OR sentiment*) AND (“social
networks™ OR twitter OR facebook OR weibo OR "social
media"” OR "X Social Media" OR "X Social network')

The initial search was performed based on the titles,
abstracts, and keywords of the articles. When necessary,
the structure, introduction, methodology, results, and
conclusions were analysed to determine the relevance of
the study. A total of 65 articles were found in WoS and 94
in Scopus. After the analysis, 47 articles from WoS and 64
from Scopus were excluded. After combining the results
from both searches, 12 duplicate records were removed,
resulting in 36 articles to be included in the analysis, Table
1.

Table 1: Summary of the analysed articles.

Article Input Algorithm Location Air Quality- Main Limitation
Parameters Emotion
Correlation
9] AQI, PM2.5, ROST EA China v Study only on tourists.
Twitter Data (Emotion
Analysis), ANN
(Artificial Neural
Network)
[7] PM2.5, LSTM (Long Beijing, v Study conducted in a
Twitter Data, Short-Term China single location.
Weibo, Memory), SVM
Facebook (Support Vector

Machine)
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[10] PM2.5, Fire LIWC (Linguistic California, Study focused on a
Data, Twitter Inquiry and Word USA specific event.
Count)
[1] AQI, Weibo Regression, NLP China Online trends may
influence data.
[11] PM2.5, Weibo  Louvain Algorithm China No sensor data
validation.
[12] AQI, Social LSTM (Deep China Complex models are
Media Learning) difficult to interpret.
[13] PM2.5, Online Factor Analysis China Inconsistencies in social
Opinions, media data.
Weibo
[14] AQI, Weibo Predictive Models China Insufficient data for
direct causality.
[6] AQI, Weibo  Sentiment Analysis China Use of a single emotional
indicator.
[15] Fire Postson  Thematic Analysis USA Qualitative analysis can
Twitter be subjective.
[16] AQI, Online Statistical Models China Cultural differences may
Searches affect results.
[2] Environmental ~ Pointwise Mutual Global Data does not represent
Data, Twitter,  Information (PMI) the entire population.
Reddit,
YouTube
[17] Twitter Content Analysis USA Lack of longitudinal data
to assess long-term
changes.
[4] loT Data, Air ML, Portugal Focus on air quality, not
Quality emotions.
[18] PM2.5, Quialitative Australia Correlation between
Interviews, Analysis interviews exists.
Social Media
[19] AQI, Online Social Network China Social factors may
Searches Models influence more than air
quality.
[20] AQI, Weibo Statistical Analysis China Only urban data
analyzed.
[21] AQI, Probit Regression China Other economic factors
Migration Analysis not considered.
Data
[22] AQI, Social Temporal Analysis Hong Kong Specific event.
Media Models
[23] Social Media  Predictive Models USA Difficult to predict long-
term effects.
[24] AQI, Traffic,  Combined Models  Florida, USA Focus on interaction
Twitter between environmental
factors.
[25] Weibo Inference Models Shandong Data may be influenced
Province, by media.
China
[26] Social Media Deep Learning, Global Focus on indoor health.

Data, Internal
Data

NLP
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[5] Twitter NLP Japan and External factors may
Italy influence the study.
[27] Social Media, NLP Balkans Regional differences not
AQI fully explored.
[28] AQI, Social Spatial Modeling ~ Wuhan, China Data may not capture
Media rural areas.
[29] AQI, Twitter  Sentiment Analysis Paris, Data representativeness
London, New is limited.
Delhi
[30] AQI, Mobile ML Singapore Difficult to differentiate
Device Data pollution effects from
other factors.
[31] Twitter Data, NLP Minneapolis, Only public posts
AQI USA analyzed.
[32] AQI, Social Thematic Analysis China Errors in review selection
Media may occur.
Reviews
[33] AQI, Social Factor Analysis Muscat, Demographic differences
Media Oman may influence responses.
[34] Health Data, Static Models Hamburg, Complex relationship
Environment, Germany with other urban factors.
AQI
[35] AQI, Predictive Models China Socioeconomic factors
Vulnerable may be more influential.
Groups Data,
Environmental
Concerns
[3] AQI, Twitter NLP Delhi, Regional differences may
Kolkata, affect results.
Mumbai,
Hyderabad,
India
[36] Fire Data, Sentiment Analysis  Wildfires in Specific event.
AQI, Twitter California,
USA
[37] Spatial Data BERT Model for Beijing, Difficult to capture
and PM2.5 data extraction China individual impacts.

from Weibo,
Geographically
Weighted
Regression (GWR)

The reviewed literature reveals several important
intersections with questions related to air quality and its
implications on emotions expressed on social media. The
Studies indicate a significant correlation between
atmospheric pollution levels and the emotions shared by
users on platforms such as Twitter and Weibo
[11,[29],[36]. During pollution peaks, there is a prevalence
of negative emotions, such as frustration and fear
reflecting concerns about environmental impacts and
public health. On the other hand, during periods of better
air quality, emotions tend to be more neutral or positive
[31.[91,[13],[24]. These patterns vary according to cultural
and regional factors, with some communities expressing

indignation and demanding government action [33],[31],
while others seem more resigned to adverse environmental
conditions [2]. Emotion analysis also highlights the
important role of social mobilization during extreme
pollution events, such as wildfires [10], which can lead to
greater pressure for more effective public policies [18].
China stands out as the country with the most interest in
combining environmental issues with sentiment analysis
(18 in 36 studies), reflecting the growing concern over the
effects of pollution on public well-being [14], [28].
Nonetheless, using emotions expressed on social
media to measure air quality faces significant challenges,
such as the influence of external factors (e.g., political
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crises, sports...) [22] that may distort environmental
perception, and the lack of representativeness in data
collected from digital platforms [2]. Recent studies have
proposed a more sophisticated approaches, such as
combining emotional analysis with contextual models that
consider variables such as geographic location and
weather conditions, have been proposed to improve the
accuracy of conclusions [11], [12]. Although existing
studies provide valuable insights, many focus on
sociocultural contexts distant from Portugal, making
direct comparisons difficult. Therefore, the study in this
article aims to fill this geographical gap by exploring
locally the correlations between air quality and public
opinion, offering a more accurate view of the impact of
pollution on citizens' emotions.

4 Dataset description

This chapter details the data sources and processing
steps that support this study. Two main datasets were
created, one with environmental data and the other with
social media data. From the integration of these two, a
third dataset was generated. The environmental dataset
includes air quality and meteorological parameters
collected from official monitoring platforms. The social
media dataset consists of geolocated Twitter posts
published throughout March 2022, used for sentiment
analysis. Finally, the merging stage aligns both sources
temporally and spatially, allowing for a joint exploration
of correlations between atmospheric conditions and the
emotions expressed online.

4.1 Environmental dataset

Air quality data were obtained from the official
platform of the Portuguese Environment Agency (Agéncia
Portuguesa do Ambiente) through the 2022 annual report
for the Entrecampos monitoring station, located in central
Lisbon [38]. This station was selected due to its
representative urban location. Key parameters included
the overall air quality index, PM10, PM2.5, NO2, among
others referred above. The dataset was filtered to retain
only data from March 2022, with hourly granularity
preserved.

Complementary weather data were sourced from the
MeteoManz platform [39], selecting the station
geographically closest to Entrecampos to ensure spatial
consistency between datasets. The same period (March
2022) and hourly resolution were used. Variables included
temperature, relative humidity, wind speed, and others.

The original environmental data files (from the
QualAR system) included multiple stations and long-term
records (full year of 2022 and earlier) [38]. Therefore, data
were filtered to retain only hourly records from March
2022 and specifically from the Entrecampos station.
Irrelevant columns were removed, and numeric fields
were cleaned and validated to ensure no missing or
corrupted entries.

The meteorological data was processed by
restructuring the time format and ensuring that each
hourly record was correctly assigned. Missing values were
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identified and treated to guarantee that, for each hour in
the dataset, a one-to-one match existed between air
quality, meteorological, and future sentiment-related data.

This data cleaning and normalization process ensured
that all datasets were temporally aligned and ready for
integration in subsequent analysis.

The structure of the environmental
presented in Table 2.

dataset is

Table 2: Environmental dataset structure.

Variable/Parameter
Date

Description

Date and time of the
measurement in the format
YYYY-MM-DD HH:MM,
with hourly values (24 per

day).

Concentration of sulfur

Sulfur Dioxide

(Hg/m3) dioxide (SO:) in the air.
Particles < 10 um Concentration of inhalable
(ng/m?3) particles with a diameter

smaller than 10 micrometers

(PM10). Particularly relevant

due to variability caused by
Saharan dust.

Particles<2.5um  Concentration of fine particles

(ng/m?3) (PM2.5), smaller and more
harmful to health.
Ozone (ug/m3) Concentration of tropospheric

ozone (Os).

Nitrogen Dioxide
(Hg/m?)

Presence of nitrogen dioxide
(NOz), a typical urban traffic
pollutant.

Concentration of carbon
monoxide (CO).

Carbon Monoxide
(mg/m3)

Benzene (ug/m3) Concentration of benzene, a
volatile organic compound

with toxic effects.

Temp. (°C) Air temperature in degrees

Celsius.

Rel. Humidity (%) Relative air humidity,

expressed as a percentage.

Wind Speed (Km/h)  Wind speed in kilometers per

hour.
Precip (mm) Accumulated precipitation in
the previous hour, in
millimeter’s.
Period Hourly division used in the

study, distinguishing between
measurements taken before
18:00 and after 18:00.
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4.2 Social media dataset

The sentiment dataset was built using data collected
from X (formerly Twitter), focusing on posts published
within a 200 km radius of Lisbon throughout March 2022.
Data extraction was automated using Microsoft Power
Automate [40], which enabled structured and consistent
retrieval of tweets directly from the platform's interface.

A geolocated search query was manually opened for
each day, formatted to include only public posts
(excluding replies), and restricted to the desired location
and date range:

geocode:38.7169,-9.1399,200km
until;:2022-04-01 -filter:replies

The resulting data comprising username, post content,
and timestamp were captured from the web page and
written into an Excel file using a Power Automate flow.
The flow scrolled the page gradually and extracted each
visible set of tweets in a loop, with short delays added to
ensure proper page rendering, summarizing in pseudocode
the data extraction in this web scraping work using Power
Automate:

1. Open excel with a blank or existing workbook

— Store the instance as "Excellnstance”

2. Open google chrome and navigate to the
dynamically generated URL.:

Format:

‘geocode:38.7169,-9.1399,200km
XX until:2022-03-XX - filter:replies'

Note: Replace "XX" with the desired day of March
2022

3. Set variable NLine = 2 // starting row in excel

4. For loopindex = 1 to 400 (step 1):

Note: 400 or the times the user thinks it’s necessary

a. Set variable VerticalScroll = 1080

b. Set variable Time = 3 // seconds

c. Extract data from the current view of the web page
based on the previously  defined pattern

Note: The browser opens and allows the user to
manually select the data fields they want to extract, the
program then automatically identifies patterns in the
selected data to build a data extraction template.

— Save result as DataFromWebPage

d. Write datafromwebpage to excel at:

— Column A, Row = NLine

e. Increment NLine by 1

f. Execute JavaScript on the webpage to scroll:

— window.scrollBy(0, VerticalScroll);

g. Wait for Time seconds before the next loop

— End Loop

since:2022-03-31

since:2022-03-

During this process, common issues included
duplicate posts, blank entries (mostly image-only tweets),
and reverse chronological ordering (posts listed from
23:59 to 00:00). These issues were addressed in Excel:
duplicates and empty entries were removed, and the
ordering was corrected to ensure temporal alignment with
the air quality and weather datasets.

To prepare the data for sentiment analysis, all tweet
texts originally in Portuguese were translated into English.
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The translated file was saved in CSV format to facilitate
integration with Python scripts.

Sentiment  classification was performed using
Valence Aware Dictionary and sEntiment Reasoner
(VADER), part of the NLTK library in Python [41].
VADER is optimized for short, informal text such as
social media posts, offering high accuracy without the
need for prior training. Its sensitivity to elements like
capitalization, punctuation, and emojis made it a suitable
choice for this dataset.

The algorithm assigned a sentiment score to each post,
which was then labelled as positive, neutral, or negative.
These labels were aggregated by day to generate a daily
distribution of sentiment types. The results, including the
sentiment labels and scores, were stored in a separate xIsx
file and appended to the original dataset structure, Table
3.

To cross-check the robustness of the results, a
comparison was made with a second model, TextBlob,
which uses a different polarity-based scoring method [42].
This helped verify consistency in sentiment classification.
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Figure 1: Vader results.
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Figure 2: Textblob results.

By comparing the results of both algorithms (Figure 1
and Figure 2), it can be observed that the values are
generally similar, although the second algorithm
(TextBlob) exhibits a greater tendency toward neutral
scores. This consistency supports the reliability of the
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data. Therefore, the analysis proceeded with the results
obtained from the first algorithm, VADER.

Table 3: Social media dataset structure.

Variable/Parameter
Posts

Description
Total number of tweets
collected, including the full
text of the tweets used for
analysis.

Timestamp indicating what

day each tweet was posted.

Numerical sentiment score

assigned to each tweet,
representing its emotional
tone.

Qualitative classification of
the tweet’s polarity: positive,
negative, or neutral, based on

the assigned score.

Hourly division used in the
study, distinguishing between

measurements taken before

18:00 and after 18:00.

Date

Score

Sentiment

Period

4.3 Dataset merging

During the planning process for the sentiment
analysis, the relevance of conducting a more detailed
temporal analysis was also discussed. As a result of this
discussion, it was decided to divide the data into two
distinct periods: before and after 18:00 each day. This
separation was chosen because it roughly corresponds to
the end of the typical workday, a time when many people
leave work and are more likely to access social media,
interact with content, and express their opinions.
Additionally, it is common for significant news, event
updates, or government measures to be released during the
afternoon, which can trigger more pronounced reactions
in the post-work period. Therefore, this segmentation
allows for the identification of potential variations in the
sentiment of posts depending on the time of day.

Since it was not possible to automatically obtain the
exact time of all posts, it was necessary to manually
identify the post published at 18:00 each day, which
served as a reference point. A column was then created,
called "period," with two categories: Before 18:00 and
After 18:00.

After cross-referencing the environmental data with
the sentiment analysis results, a consolidated version of
the dataset was built, reflecting all the relevant variables
for the study. This final version integrates hourly
measurements of air quality and meteorological
conditions with the sentiment values extracted from social
media posts, as shown in Table 4.
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Table 4: Merged dataset structure.

Variable/Parameter Description
Date Date in the format YYYY-
MM-DD.

Average Sulfur
Dioxide (ug/m3)

Average concentration
before/after 18:00 of sulfur
dioxide (SO2) in the air.

Average Particles <
10 um (pg/m?)

Average concentration
before/after 18:00 of inhaling
particles (PM10). A variable
of greater relevance due to its

variability during the analyzed
month.

Average Particles <
2.5 pm (pg/md)

Average concentration
before/after 18:00 of fine
particles (PM2.5), which are
more harmful to health.

Average Ozone
(Hg/m?)

Average concentration
before/after 18:00 of
tropospheric ozone (O3).

Average Nitrogen
Dioxide (nug/ms?)

Average concentration
before/after 18:00 of nitrogen
dioxide (NO2), associated
with urban traffic.

Average Carbon
Monoxide (mg/m?)

Average concentration
before/after 18:00 of carbon
monoxide (CO).

Average Benzene

Average concentration

(ng/m?3) before/after 18:00 of C6H6, a
toxic volatile compound.
Average Average air temperature in

Temperature (°C)

degrees Celsius before/after
18:00.

Average Relative
Humidity (%)

Average Relative air humidity
(%) before/after 18:00.

Average Wind Speed
(Km/h)

Average wind speed in km/h
before/after 18:00.

Average
Precipitation (mm)

Average precipitation
accumulated in the previous
hour (mm) before/after 18:00.

Period

Hourly division used in the
study, distinguishing between
measurements taken before
18:00 and after 18:00.

Average Score

Sentiment analysis value
(VADER) applied to the
textual content. Ranges from -
1 (negative) to 1 (positive). In
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PM10
The chart, shown in Figure 3, was created to visualize

the levels of inhalable particles (PM10) over time, based

goal of evaluating possible associations between these
on the daily average values, first and third quartiles,

parameters and the sentiment scores.
segmented by periods of the day (before and after 18:00

environmental variables and the sentiment score, with the
PM).

5.1 Analysis of sentimental score and
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This section presents a joint analysis of sentiment data

expressed in online posts and atmospheric pollution
levels, with a daily division between before and after

18:00, focusing specifically on the concentration of
inhalable particles (PM10), which was most affected and

where the effect of dust storms is observed. Additionally,
a correlation analysis was conducted involving all
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5 Results
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As shown on Figure 3 on days with high PM10 peaks
such as March 15, 16, 24, and 27 the boxplots revealed
wider boxes and clear outliers, indicating high dispersion
and anomalous pollution episodes. These days often
showed the mean diverging from the median, suggesting
skewed distributions driven by extremely high values. For

example, on March 15 after 18:00, the mean exceeded
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maintained a neutral tone, with no predominance of

representing neutral sentiment score, both before and after
18:00 PM. This indicates that, overall, the posts
positive or negative sentiments. However, there is some

Figure 4: Sentiment score X date.

Throughout March 2022, it was observed that the
median sentiment scores remained stable at 0.0 in almost
expected since there are many scores exactly at O,

all periods. As mentioned earlier, these values are
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variation in the higher values, especially in the third
quartile, which reached values between 0.4 and 0.5 on
many days, suggesting that, although most content was
neutral, there was a significant portion of posts with a
slightly positive sentiment. The average follows this trend,
mainly fluctuating between 0.08 and 0.16, with occasional
peaks, such as on March 12th after 18:00, when it reached
0.20, reflecting brief moments of heightened positivity.
Another point of interest is March 21st after 18:00, as it is
the only day where Q1 is negative, meaning 25% of the

Score e Particulas < 10 pm (pg/m3)

Particulas < 10 pm (pg/m3)
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values were below 0, which could indicate an event that
influenced the sentiment of the population. Despite this,
overall, the data suggests emotional consistency in the
posts, with slight fluctuations toward positivity on certain
days and times.

To specifically investigate the relationship between
the sentiment score and PM10 particle levels, the Pearson
correlation coefficient [43] was calculated and a
correlation graph was built, Figure 5.

Score

Figure 5: Correlation PM10 x sentiment score.

The calculated correlation  coefficient  was
approximately 0.098, indicating a very weak linear
relationship between the variables. It's important to note
that the correlation coefficient ranges from -1 to 1, with
values close to 0 suggesting a very weak or negligible
linear relationship.

Moreover, the obtained p-value was 0.45, much
higher than the usual significance level of 0.05, implying
that there is insufficient statistical evidence to reject the
null hypothesis of no linear correlation. Therefore, based
on this analysis, it can be concluded that there is no
significant linear relationship between the sentiment score
and PM10 levels during the analysed period.

5.2 Machine learning

Two algorithms were selected: Decision Trees (DT)
and Random Forest (RF) [8]. These models were chosen
due to their suitability for both exploratory and predictive
tasks in environmental data. DTs are particularly useful
for their direct interpretability, allowing quick
identification of the most influential variables affecting air
quality. On the other hand, RF, which combines multiple
DT, offers greater robustness and accuracy, reducing the
risk of overfitting and providing a more stable estimate of
variable importance.

By utilizing these models, we can complement
previous statistical analyses, identifying not only linear
relationships but also uncovering nonlinear patterns and
interactions between pollutants and meteorological
variables, thus offering a richer understanding of the
monitored parameters' behaviour.

5.2.1 Decision tree

Initially, a DT was built using all available variables,
employing the DecisionTreeRegressor algorithm from the
Scikit-learn library (Python). The model was trained with
default parameters: the splitting criterion used was Mean
Squared Error (MSE), the tree depth was unlimited
(max_depth=None), and the minimum number of samples
required to split a node was set to 2
(min_samples_split=2). Additionally, random_state=42
was used to ensure the reproducibility of the results. The
resulting model was found to be large and complex,
making visual interpretation challenging. Therefore, an
analysis of wvariable importance was conducted,
identifying the following (Figure 6) as the most
influential: carbon monoxide (CO), temperature, fine
particles (PM2.5), and relative humidity.
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Feature Importance for Predicting Mean Score

Mean Carbon Monoxide (mg/m3) -
Mean Temp. (°C) 4

Mean Particles < 2.5 pm (ug/m3)
Mean Humidity (%) 4

Mean Benzene (pg/m3) -

Mean Wind Speed (Km/h) 4

Mean Ozone (ug/m3) 4

Mean Particles < 10 pm (ug/m3)
Mean Precipitation (mm})

Mean Sulfur Dioxide (ug/m3) -

Mean Nitrogen Dioxide (ug/m3) -

T
0.15
Importance

Figure 6: Order of variable importance in the decision tree.

Based on this selection, Figure 7 shows a simplified
DT constructed using only these four most relevant
variables. The reduced tree has a more compact structure

seuared error

ples =

verage Particles < 2.5 um {ug/m) <= 5.522
0.001

value = 0,117

and is easier to interpret, facilitating the understanding of
the impact of the main parameters on the prediction.

True

Awerage Temperature (°C) <= 13.7
squared_error = 0,001
samiples = 28
value = 0.106

Average Carbon Monaxide (mg/m?) <= 0.307
squared_eror = 0.0
samples = 26
value = 0.102

Average Relative Humidity {%) <= 0.756
squared_emror = 0,001
samples = 11
value = 0.108

False

Fverage Carbon Monoxide (mg/m) == 0.298
squared_arror = 0.002

samples = 21
value = 0.132

(Average Carbon Monaxide (ma/me) <= 0.311
sguared_error = 0.001
samples = 10
value = 0.158

Squared emor — 0.0
samples = 18
value = 0.107

Squared_emor - 0.0
samples = §
value = 0.092

Squared_eror
samples = 8
value = 0.125

0001

seuared eror — 0.0
samples = 3
value = 0.067

squared error - 0.0
samples = 2
value = 0.2

squared erer - 0.0
samples = B
value = 0.148

Figure 7: Decision tree.

The DT, presented in Figure 7, performs a regression
to predict the target variable related to people's emotions
based on four key environmental variables: Average Fine
Particles (PM2.5 < 2.5 um), Average Temperature (°C),
Average Carbon Monoxide (CO, mg/m3), and Relative
Humidity (%).

In the root node, the tree splits the data using a PM2.5
concentration threshold of 5.522 jug/m3. This suggests that
fine particle pollution plays a central role in the initial
separation of samples, aligning with scientific evidence of
pollution’s impact on both physical and emotional health.
For cases with PM2.5 < 5.522 pg/m?, the tree evaluates
average temperature with a cutoff at 13.7°C. This division
implies that lower thermal conditions may influence
pollutant dispersion, thus affecting well-being. Next, the

model uses CO levels to refine the prediction, showing its
direct importance in modelling sentiment. For groups with
lower pollution and temperature, the predicted target value
is 0.102, which corresponds to a slightly positive or
neutral sentiment on a scale from -1 (very negative) to 1
(very positive).

On the other side of the tree, where PM2.5 > 5.522
pg/m3, the model continues to use CO as the main splitting
criterion (threshold 0.298 mg/m3). Even with a relatively
low CO value (0.2), it suggests a tendency toward slightly
more positive or neutral sentiments, but not extreme
positivity. Relative humidity is then used to further split
the data, highlighting the relevance of climate variables in
highly polluted conditions.
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Despite the logical structure of the tree, the global
model metrics indicate poor predictive performance: the
MSE is 0.00295, indicating a small average error, but the
R2 is negative (-2.10), suggesting the model explains less
data variability than a simple mean. This means the tree is
good at distinguishing groups with distinct and consistent
behaviors but struggles to generalize well across the full
dataset. With only 62 data points for training, the tree
likely overfits the specific details of these samples,
making it less reliable for new, unseen data.

Although the model has limitations for precise
predictions, it serves as an effective exploratory tool,
helping to identify and understand the potential
relationships between air pollution and people's emotional
states. This study also paves the way for future
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development and testing of new algorithms that could
enhance predictive accuracy.

5.2.2 Random forest

To further deepen the analysis conducted with the DT,
the RF model was used. This technique combines multiple
DT to enhance the robustness and accuracy of predictions,
as well as to provide a more consistent view of the variable
importance in the problem under study.

The RF model was applied to predict people's
sentiments based on the environmental variables studied.
Figure 8 presents the variables' importance in the RF
model, listed in order.

Variable Importance in the Random Forest Model

Average Temperature (2C)

Average Particles < 2.5 um (pg/m?)
Average Relative Humidity (%)
Average Sulfur Dioxide (ug/m?)
Average Precipitation {(mm)

Average Particles < 10 um (pg/m?)

Variable

Average Carbon Monoxide (mg/m?3)
Average Ozone (ug/m?)

Average Benzene (pg/m?)

Average Wind Speed (km/h)

Average Nitrogen Dioxide (pg/m*)

T T T
0.06 0.08 0.10 0.12
Relative Importance

Figure 8: Order of feature importance in the random forest model.

When compared to the DT, is shown that the four
most important variables for the model are now Average
Temperature (°C), Average Fine Particles (PM2.5 < 2.5
pm), Average Relative Humidity (%), and Average Sulfur
Dioxide (SO2, pg/m3). Although the order is different, the
importance rankings are fairly similar, apart from Carbon
Monoxide (CO), which was the most important variable in
the DT but is ranked only seventh in the RF model. This
difference can be attributed to the distinct functioning of
the two algorithms: the DT is based on a single tree and is
highly sensitive to the initial splits in the data, which may
overly emphasize a variable that happens to create a good
separation in the training set. In contrast, RF builds
multiple trees with random subsets of data and features,
calculating the average importance of each feature across
all trees. Thus, variables that are consistent across multiple
trees, such as temperature or PM2.5, tend to gain more
importance. If CO is highly correlated with other variables
or is only useful in very specific contexts, its average
importance in RF will be reduced, explaining its lower
ranking in this more robust model.

Regarding performance, the RF model achieved a
Mean Squared Error (MSE) of approximately 0.00109,
lower than the DT's MSE, indicating a better fit to the data.
However, the Coefficient of Determination (R2) remained
negative at around -0.14, an improvement compared to the
DT but still indicating that the model does not explain the
variability in sentiment better than the simple mean.

One important advantage of RF is its ability to
generate individual predictions for each sample,
facilitating a direct comparison between real and predicted
values. This granularity helps to better understand the
model's behaviour and identify its strengths and
limitations in its predictions.

Finally, as indicated by the MSE and R?, despite the
improvement in fit, the RF model still suggests that the
environmental variables analysed explain only a limited
portion of the variation in sentiment. Nevertheless, the
model fulfills its exploratory role well by identifying and
validating the relative importance of environmental
factors in modelling sentiment and serves as a basis for
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future research aiming to deepen this relationship and
develop higher-performing algorithms.

5.2.3 Classification algorithm

In addition to the regression analysis, a classification
approach was also explored using a DT to classify
sentiments into “Low,” “Medium,” and “High” categories.
For this purpose, the continuous sentiment variable,
originally ranging from -1 to 1, was divided into three
categories, considering that the observed values were
concentrated approximately between 0.04 and 0.2. Thus,
scores lower than 0.09 were defined as belonging to the
“Low” class (0), scores between 0.09 and 0.14 to the
“Medium” class (1), and scores equal to or higher than
0.14 to the “High” class (2). This categorization allows for
a clearer interpretation of the results and enables the use
of classification methods to analyze the relationship
between air quality and emotional state.

The classification report, Table 5 indicates that the
model shows moderate performance, with higher
precision, recall, and F1-score for the “High” class (F1-
score 0.67), while struggling to correctly predict the
“Low” class (Fl-score 0.00). The overall accuracy
reached 46%, showing that, despite its limitations, the
model captures some differences among the classes.

Table 5: Classification report results.

Class Precision Recall F1-score

Low 0.00 0.00 0.00
Medium 0.33 0.40 0.36

High 0.57 0.80 0.67
Accuracy 0.46

The data were also represented in a confusion matrix,
Figure 9.

Confusion Matrix

Real Value
Real Low
'

Real Medium
\

Real High
I
o

i i
Predicted Low Predicted Medium

Predicted High

Predicted Value

Figure 9: Confusion matrix.

Each row of the confusion matrix corresponds to the
actual classes, while each column represents the predicted
classes by the model. For the "Low" class (row 1), no

A.M.M. Fahim et al.

samples were correctly classified, with 3 misclassified as
“Medium” and none as “High”. For the "Medium" class
(row 2), 2 samples were correctly identified as “Medium”,
while 3 were incorrectly predicted as “High”. In the
"High" class (row 3), 4 out of 5 samples were correctly
classified, with 1 misclassified as “Medium”.

These results indicate that the model struggled to
correctly classify the "Low" class, grouping all examples
as "Medium". The "Medium" class was partially
identified, but some were confused with the "High" class.
The "High" class performed best, with a higher accuracy
in classification. Overall, the model has difficulty
distinguishing between adjacent classes, especially the
lower ones.

The classification analysis using the DT method
revealed limitations, particularly with the "Low" and
"Medium" classes. Given this, we chose not to apply the
classification approach to the RF model. The sentiment
data is continuous, concentrated in a narrow range (0.04 to
0.2), making discrete classification challenging.
Additionally, RF typically requires more data to
generalize effectively, and using fewer classes could result
in limited performance. Therefore, regression remains the
more suitable method, as it better captures the continuous
nature of sentiment values.

6 Discussion

The analysis conducted in this study provided insights
into the relationship between a specific air quality
degradation event, during the passage of Saharan dust over
Portugal in March 2022, and the public perception
expressed on social media. The applied methodology
integrated environmental and meteorological data,
collected from the Qualar and Meteomanz platforms, with
social data from Twitter, processed through Power
Automate. This integration allowed for cross-referencing
measurable physical phenomena (such as particulate and
gas concentrations) with social manifestations (sentiments
expressed in text).

The results confirm that the event had a significant
environmental impact. PM10 levels reached very high
values (exceeding 400 pg/m?3 on March 15, after 18:00),
far above usual limits and clearly identified as episodes of
poor air quality. These values align with what other studies
on Saharan dust in Portugal and the Iberian Peninsula have
documented, reinforcing that the phenomenon has direct
and measurable atmospheric consequences.

However, contrary to what some previous studies
have observed in prolonged urban pollution contexts, no
strong correlation was found between the worsening air
quality and the negativity expressed on social media in this
case. The Pearson correlation coefficient between the two
variables (sentiment score and PM10) was approximately
0.1, indicating a weak and statistically insignificant
relationship. Nonetheless, some interesting specific cases
were observed, such as on March 15 after 18:00 PM10
levels were extremely high, but the sentiments expressed
online remained virtually unchanged. This contrast
suggests that the physical effects of the event were much
more evident in the environmental data than in the social
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data, raising the question of how much social media truly
reflects public  perception during extraordinary
environmental events.

When compared with related studies, relevant
differences emerge. International studies that explored the
relationship between air pollution and social media found,
in some cases, moderate to strong correlations, especially
in countries where the population is more environmentally
aware, such as China. In these contexts, increases in
pollution were often associated with a greater number of
negative posts, frequently accompanied by hashtags
related to health or the environment. In contrast, in the
Portuguese case analyzed, the online response was more
muted, suggesting that cultural, social factors, or even the
relatively low Twitter usage in Portugal may have
influenced the results. This contribution shows that similar
methodologies applied in different contexts can yield very
different patterns, requiring adaptations.

Finally, it is important to highlight some limitations
of the present study. First, the dataset of posts was
relatively restricted, focusing solely on March 2022 and a
geographically defined area. Studies that used longer time
series were able to capture seasonal variations and broader
trends. Second, the way Portuguese Twitter users express
themselves may not directly reflect environmental
concerns: while the phenomenon was visible in everyday
life (orange skies, accumulated dust), it was not
necessarily associated with health or pollution impacts in
online posts. Additionally, more advanced tools, such as
dedicated APIs or large-scale text mining models, could
allow for broader and more diverse data collection.

7 Conclusions and future work

This study achieved its primary objective: to integrate
environmental and social data to analyze air quality in an
urban context, focusing on the specific episode of Saharan
dust arrival that affected Lisbon in March 2022. The
research clearly confirmed the atmospheric impact of the
phenomenon, with PM10 levels far exceeding reference
values and visible effects in the daily life of the city. By
cross-referencing these data with Twitter posts, it was
observed that the sentiments expressed online remained
largely neutral or slightly positive, even during the times
of highest particulate concentration. This lack of
significant correlation shows that intense environmental
phenomena do not necessarily translate into reactions on
social media, particularly in the Portuguese context, where
cultural and social factors may have conditioned public
expression. Furthermore, the results suggest that other
themes of a political, social, or even sports-related nature
may exert greater influence over the sentiments expressed
online than environmental issues, relegating them to a
secondary position in digital attention.

One of the key lessons from this study is the evidence
of a disconnect between physical reality and digital reality
in our culture. While sensors recorded severe
environmental impact, the online community showed
limited responsiveness. This finding reinforces the need to
improve the adopted methodology but also highlights its
potential and how it can be expanded in broader contexts
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of time, space, and platform diversity. Overall, this work
demonstrates that understanding the relationship between
the environment and public perception is a complex
challenge, but also an opportunity to build more
comprehensive perspectives by crossing approaches from
various academic fields on environmental issues, thereby
strengthening the utility of the methodology and its
potential for expanding analysis.

7.1 Future work

Although the integration of environmental and social
media data enabled an exploration of air quality
perception during the Saharan dust event, several
opportunities for further research have been identified.

First, future work should consider expanding the
temporal scope beyond a single-month event. Longer and
multi-season analyses would facilitate the study of
behavioral trends over time, including the potential
relation between pollution exposure and public reaction.

A second direction for future research is to enhance
data collection methods. Using official social media APIs
or large-scale text mining models would enable a more
diverse and comprehensive data collection. This would
allow the inclusion of additional features such as hashtags,
emojis, and images, which could provide a deeper
understanding of how environmental awareness is
expressed in social media.

Third, from a methodological perspective, future
studies should explore more NLP and ML techniques that
can capture nuances beyond simple sentiment polarity,
offering a more detailed and accurate interpretation of
public reactions.

7.2 Limitations and threats to validity

The dataset was relatively restricted, focusing only on
March 2022 and a specific geographic area, which limited
the ability to capture broader seasonal trends.
Additionally, the way Portuguese Twitter users express
themselves may not directly reflect environmental
concerns, as posts often did not explicitly link visible
phenomena, such as orange skies or dust accumulation, to
health or pollution. Regarding the ML models, both the
DT and RF showed limitations in predictive performance,
struggling with generalization due to overfitting and
limited training data. While they identified key
environmental factors, their ability to explain sentiment
variation remained limited, suggesting that other factors
beyond those considered in this study may also play a
significant role.
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