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Abstract: Environmental pollution indicated by the presence of PMj 5 particulate matter varies based
on prevailing atmospheric conditions described by certain meteorological variables. Consequently,
it is important to understand atmospheric behavior in areas such as the Aburrd Valley, which
experiences recurrent pollution events twice a year. This study examines the behavior of specific
meteorological variables and PM; 5 particulate matter in the Aburra Valley. By using statistical
analysis tools such as correlation coefficients, principal component analysis (PCA), and multiple
linear regression models, the research identifies relationships between PM, 5 and daily cycles of
temperature, rainfall, radiation, and wind speed and direction. Datasets were analyzed considering
periods before and after the COVID-19 lockdown (pre-pandemic and pandemic, respectively), and
specific pollution events were also analyzed. Furthermore, this work considers the relationships
between PM, 5 and meteorological variables, contrasting the pre-pandemic and pandemic periods.
This study characterizes diurnal cycles of meteorological variables and their relationship with PM; 5.
There are consistent patterns among temperature, atmospheric boundary layer (ABL) height, and
solar radiation, whereas precipitation and relative humidity show the opposite behavior. PM; 5
exhibits similar relative frequency functions during both daytime and nighttime, regardless of
rainfall. An inverse relationship is noted between PMj, 5 levels and ABL height at different times
of the day. Moreover, the PCA results show that the first principal component explains around
60% of the total variance in the hydrometeorological data. The second PC explains 10%, and the
rest of the variance is distributed among the other three to eight PCs. In this sense, there is no
significant difference between the two PCAs with hydrometeorological data from a pre-pandemic
period and a COVID-19 pandemic period. Multiple regression analysis indicates a significant and
consistent dependence of PM; 5 on temperature and solar radiation across both analyzed periods.
The application of Generalized Additive Models (GAMs) to our dataset yielded promising results,
reflecting the complex relationship between meteorological variables and PM, 5 concentrations. The
metrics obtained from the GAM were as follows: Mean Squared Error (MSE) of 98.04, Root Mean
Squared Error (RMSE) of 9.90, R-squared (R?) of 0.24, Akaike Information Criterion (AIC) of 110,051.34,
and Bayesian Information Criterion (BIC) of 110,140.63. In comparison, the linear regression model
exhibited slightly higher MSE (100.49), RMSE (10.02), and lower R-squared (0.22), with AIC and BIC
values of 110,407.45 and 110,460.67, respectively. Although the improvement in performance metrics
from GAM over the linear model is not conclusive, they indicate a better fit for the complexity of
atmospheric dynamics influencing PMj 5 levels. These findings underscore the intricate interplay of
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meteorological factors and particulate matter concentration, reinforcing the necessity for advanced
modeling techniques in environmental studies. This work presents new insights that enhance the
diagnosis, understanding, and modeling of environmental pollution, thereby supporting informed
decision-making and strengthening management efforts.

Keywords: diurnal cycle; precipitation; pollution; air quality; particulate matter PMj,5; trop-
ical meteorology; correlation coefficients; principal component analysis (PCA); multiple linear
regression (MLR); Generalized Additive Models (GAM)

1. Introduction

Air pollution is a major problem in cities, and it is important to understand its causes
and effects to develop effective solutions [1]. The main sources of air pollution in cities
include vehicle, industrial, and household emissions. PM; 5 are tiny airborne particles
that are 2.5 um (approximately 1 ten-thousandth of an inch, or less, in diameter) and their
presence is significantly affected by human activities, especially factory and automobile
exhaust emissions [2]. Air pollution can have several harmful effects on human health; by
using 30,652 distinct data sources, a six-step analytical methodology, and all the available
data in the information systems around the world, the Institute of Health Metric and
Evaluation estimated that between 1990 and 2019 [3], ambient air pollution was the fourth
leading cause of death, attributed to 6.7 million deaths, and the second leading cause
of morbidity due to the increased risks of respiratory infections, cardiovascular disease,
and premature death [4]. The WHO Global Air Quality Guidelines (AQGs) guide thresholds
and limits for key air pollutants that pose health risks. The recommended 2021 WHO
air quality guideline level for PM; 5 is 5 ug/ m? for annual averaging and 15 for 24 h
exposure [5]. In 2019, almost all (99%) of the world’s population was exposed to unhealthy
levels of fine PM. Globally, the annual average population-weighted concentration of fine
PM in urban areas was 33 pg/ m3 (UL 32-34 ug/ m?) in 2019, which is over six times the
recommended level for protecting public health [6]. Seasonal trends and the root causal
mechanisms of pollution are also fundamental research topics with different approaches,
such as in [7]. The diurnal cycle of air pollution in cities refers to how air pollution levels
change over a day, typically being highest in the morning and evening and lowest during
the day, influenced by factors such as traffic emissions, solar radiation, and wind speed [8].
Notwithstanding, the diurnal cycle of air pollution can vary depending on the city and
the time of year [9,10]. In particular, PM10 and PM, 5 are of special interest in areas of
high pollution where seasonal events occur, such as narrow valleys and cities with large
population concentrations [11].

The work by [12] analyzes the diurnal precipitation patterns in the tropical Andes of
Colombia. It identified several key findings, with the following among them: (i) precipita-
tion exhibits both a 24 h and 12 h cycle; (ii) the minimum daily precipitation occurs in the
morning hours; (iii) a prominent peak in precipitation is observed in the afternoon over
northeastern and western Colombia; and (iv) over the western flank of the central Andes,
precipitation peaks near midnight or in the afternoon or both, and stations on the eastern
flank of the central mountain range experience maximum precipitation near midnight.
Additionally, the authors of [13] discuss the diurnal precipitation cycle in the Aburra Valley,
noting it is bimodal on a regional scale. From October to April, precipitation peaks in the
afternoon (13:00-16:00 LST), whereas from May to September, the peak shifts to midnight
(22:00-02:00 LST). Moreover, in their research, the authors asserted that the Caribbean [14],
Chocé [15,16], and the Orinoco [17,18] low-level jets (LLJs) play a significant role in elu-
cidating the seasonal variation of the diurnal cycle. Previous studies have underscored
the importance of atmospheric variables in comprehending the dynamics of pollutants.
The authors of [11,19] specifically address the impact of precipitation on particulate matter
concentration in narrow valleys, notably in the case of the Aburra Valley (Colombia).
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The study conducted by [12] focused on analyzing the diurnal precipitation patterns
in the tropical Andes of Colombia. It identified several key findings: precipitation exhibits
both a 24 h and 12 h cycle; the minimum daily precipitation occurs in the morning hours; a
prominent peak in precipitation is observed in the afternoon over northeastern and western
Colombia; and on the western flank of the central Andes, precipitation peaks near midnight
or in the afternoon, or both, and stations on the eastern flank of the central mountain range
experience maximum precipitation near midnight. Additionally, Ref. [13] discusses the
diurnal precipitation cycle in the Aburrd Valley, noting it is bimodal on a regional scale.
From October to April, precipitation peaks in the afternoon (13:00-16:00 LST), while from
May to September, the peak shifts to midnight (22:00-02:00 LST). Moreover, in their re-
search, the authors asserted that the Caribbean [14], Chocé [15,16], and the Orinoco [17,18]
Low-level jets (LL]) play a significant role in elucidating the seasonal variation of the diur-
nal cycle. Previous studies have underscored the importance of atmospheric variables in
comprehending the dynamics of pollutants. Refs. [11,19] specifically addresses the impact
of precipitation on particulate matter concentration in narrow valleys, notably in the case of
the Aburra Valley (Colombia). They concluded that stable atmospheric conditions prevail
during nighttime and early morning, with precipitation leading to reduced particulate
matter concentrations through below-cloud scavenging. Conversely, unstable conditions
dominate in the afternoon, facilitating vertical aerosol dispersion; precipitation during this
period stabilizes the atmosphere, promoting early stabilization. Ref. [20] investigated the
impacts of boundary layer meteorology and atmospheric circulation on PMj; 5 pollution
dynamics in a complex terrain similar to the Aburra Valley, emphasizing how local and
regional factors combine to influence pollution severity. Ref. [21] explored the interactions
between meteorology and PMj 5, with a focus on regression modeling and seasonal varia-
tion impacts. Ref. [22] discusses how local thermal circulations impact PM 5 levels within
river valleys, providing insights into the unique behaviors of particulate matter under con-
fined geographical conditions. Our study addresses a critical research gap in quantifying
the influence of localized meteorological factors on PM; 5 concentrations in complex urban
environments like the Aburrd Valley. While existing research often focuses on broad re-
gional patterns, there is a lack of high-resolution analysis specific to confined valleys where
unique topographical and meteorological conditions significantly impact air quality [23,24].
Previous studies have not fully captured the daily fluctuations in PMj 5 related to variables
such as atmospheric boundary layer (ABL) height, solar radiation, and temperature at
a localized level [25,26]. By applying principal component analysis and multiple linear
regression tailored to this urban valley context, our research fills this gap by detailing the
specific meteorological conditions affecting pollutant behavior [23,24,27]. This approach
provides foundational insights for more precise pollution management strategies that con-
sider the unique geographical and atmospheric dynamics of valley environments [25,26].
In addressing the complex relationship between meteorological variables and pollutant
concentrations, this study employs Generalized Additive Models (GAMs) as a robust
analytical framework. GAMs enable the modeling of non-linear relationships, providing
flexibility in capturing the intricacies of how temperature, humidity, and other atmospheric
conditions influence pollutant dynamics, particularly PM; 5 levels. This approach not only
enhances interpretability through the visualization of smooth functions but also allows
for the incorporation of various predictor variables without assuming a strict parametric
form, making it especially suitable for the diverse environmental conditions present in
urban valleys [28-30]. By applying GAMs, our research offers new insights into the specific
mechanisms through which meteorological factors affect air quality, thus contributing to
more effective environmental management strategies. The motivation for this study is to
understand the relationship between the PM; 5 particulate matter present in the lower part
of the troposphere and some meteorological variables. This understanding is crucial for
defining territorial management and public health measures on a short-term scale (from
hours to days) that should be implemented in cities where the effect of pollutants from local
anthropogenic activity and other pollution sources could be conditioned by atmospheric
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connections, as in the case of the Aburra Valley, where Colombia’s second-largest city
Medellin is located. To address this study, we analyze the relationships between meteo-
rological variables and particulate matter PMj 5 in the Aburra Valley, with the following
objectives: to establish possible relationships between meteorological variables and PM; 5
particulate matter levels; to apply multiple statistical techniques, including principal com-
ponent analysis (PCA) and multiple regression analysis as well as the GAMs to understand
these relationships; to analyze the potential differences in the hydrometeorological dataset
and PM) 5 levels for two periods: pre-pandemic and pandemic; to confirm the dynamics of
PMj 5 levels dependent on weather conditions; and to highlight the necessity of adequate
planning to reduce emissions and human exposure to pollutants, especially in vulnerable
groups. These objectives aim to deepen the understanding of how meteorological condi-
tions influence air quality and to inform strategies for mitigating pollution and protecting
public health. To tackle these goals, we characterize the diurnal cycles of meteorological
variables and also quantify the relationship between PMj; 5 and meteorological variables
using principal component analysis and multiple linear regression models.

This work is organized as follows: Section 2 describes the region of study and datasets.
Section 3 presents the general methodology. The results and discussions are presented in
Sections 4 and 5 respectively. Conclusions are drawn in Section 6.

2. Study Region and Data

The Aburra Valley lies in the western region of Colombia (Figure 1) and is located
on the central mountain range within the department of Antioquia (central Andes moun-
tains). It spans over an area of approximately 1326 km? and is located between latitudes
6°0'0"” N-6°35'0" N and longitudes 75°10'0” W-75°40"0" W. The valley boasts an uneven
topography with slopes that vary and altitudes ranging from 1500 to 2500 m above sea
level. Furthermore, this valley is constituted by 10 municipalities (Medellin, Caldas, La
Estrella, Sabaneta, Itagui, Envigado, Bello, Copacabana, Girardota, and Barbosa), which
have a combined population of around 4,055,296 inhabitants (2020), according to the Na-
tional Administrative Department of Statistics (Departamento Administrativo Nacional de
Estadistica; DANE; https://www.dane.gov.co/) accessed on 30 June 2024. Figure 1 shows
the location of the Aburra Valley in the local, regional, and continental context.

2.1. Meteorological Variables

We considered data associated with meteorological variables for the period
1 January 2019 to 16 August 2022 (2 years and 2 months) on a daily time scale. In particular,
we used data on precipitation, temperature, radiation, wind speed (direction and magni-
tude), and the height of the boundary layer calculated from the ceilometer backscattering.
The variables finally considered for each section of the study were chosen according to
the representativeness of the quantity and quality of the data for each specific variable
(this explains the non-homogeneity that is present in some cases in the results shown).
Data were considered suitable for inclusion in the statistical analyses when at least 80% of
the hourly data were present for a particular day and their magnitudes were within the
expected ranges for each variable.

2.2. Particulate Matter PM; 5 Data

The breathable particulate matter present in the atmosphere of populated centers
can be studied according to its size and can be classified: one of the smallest respirable
fractions is called particulate matter PM, 5. This group is made up of those particles with
a diameter less than or equal to 2.5 um. The Aburré Valley Early Warning System, also
known as SIATA (according to its acronym in Spanish), project operates a set of particulate
matter monitoring devices, which makes all its monitoring networks available to the public
(https:/ /siata.gov.co) accessed on 30 June 2024.

The PM, 5 measurement equipment used in this study is a low-volume device, equipped
with a specific separator for PM; 5 size particles that allows it to be operated in Spanish
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or English. This equipment, designed under EPA regulations, operates in a flow range
of 1 to 25 L per minute (slpm) with an accuracy of +2% at 16.67 LPM, and can operate in
temperatures from —25 °C to 50 °C, with battery backup and data download capability via
USB. At the conclusion of sampling, operating parameters were verified by downloading
data, evaluating the average flow rate and coefficients of variation for quality assurance.
The collected samples were transported to the laboratory in a cold chain at a temperature
equal to or below 4 °C, and their temperatures were recorded upon entry. The samples were
then stabilized (20-23 °C and 30-40% relative humidity) for at least 24 h, in accordance
with EPA reference methods, prior to gravimetric analysis. Both the measurement of PM; 5
particulate matter and the measurement of meteorological variables come from devices
located at the MED-BEME station (station located at the Pedro Justo Berrio Educational
Institution in the Belen Las Mercedes, west sector of Medellin). The measurement of the
height of the atmospheric boundary layer was carried out using the ceilometer located
at the National University of Colombia, which is also in the western sector of Medellin

(Figure 2).
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Figure 1. Location of the MED-BEME gauge station at Pedro Justo Berrio School (Aburré Valley,
Colombia).
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(b) Low-volume device (2)
Figure 2. Measurement equiments. MED-BEME Station.

3. Methods
3.1. Definitions

The terms “wet season” and “dry season” are defined based on the patterns of accumu-
lated rainfall observed at the project station. The wet and dry seasons correspond to periods
of higher and lower humidity, respectively, with more or less accumulated rainfall. The wet
season is characterized by higher accumulated rainfall. According to the data, the months
of April and November are identified as part of the wet season, which coincides with the
conventional periods of higher rainfall for the region. During this time, the intensity of
rainfall is greater than 2 mm/h, which significantly influences the concentration of PM; 5,
especially at night. The washout effect, where rainfall helps to remove particulate matter
from the atmosphere, is more pronounced during the wet season at night. The dry season,
on the other hand, is characterized by lower accumulated rainfall. The months of December
and January are identified as part of the dry season, representing periods with the lowest
accumulated rainfall. During this time, rainfall intensity is less than 2 mm/h, and the
effects of rainfall on PMj, 5 concentration differ. The washout effect is less significant during
the day but is still notable at night.

3.2. Methodological Description

Data from two remote sensors on the ground, the ceilometers, and the radiometer are
used. Ceilometers measure the backscattering of the atmosphere and allow for estimation of
the height of the boundary layer. The radiometer measures the temperature and density of
water vapor in the air column up to 10 km, allowing for the estimation of several parameters.
Both sensors belong to the SIATA project (SIATA has implemented an extensive network of
sensors and predictive models that include monitoring of air quality, precipitation, seismic
activity, and other atmospheric phenomena [31]).

3.2.1. Principal Component Analysis (PCA)

We used principal component analysis (PCA), which is a statistical procedure that
uses an orthogonal transformation to convert a set of observations of possibly correlated
variables into a set of values of linearly uncorrelated variables called principal components.
This statistical technique is widely used for dimensionality reduction, feature extraction,
and data visualization. It is often used in machine learning, data mining, and other areas
of science and engineering [32,33]. PCA is based on the diagonalization of the covariance
matrix of the data, which involves the solution of an eigenvalue problem. The eigenvectors
of the covariance matrix provide the directions of the principal components, while the
associated eigenvalues indicate the amount of variance explained by each component [34].
In particular, in this work, we use PCA to quantify the importance of the set of meteo-
rological variables and PM, 5 for the period of analysis (1 April 2019 to 16 August 2022).
Moreover, we separate the time series considering two periods: pre-pandemic (1 April
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2019 to 31 March 2020) and pandemic (1 April 2020 to 16 August 2022) to quantify possible
differences in the set of variables in terms of their PCAs.

3.2.2. Multiple Linear Regression Model

In order to explore the influence of different meteorological variables on the behavior
of PMj s, the variables temperature, solar radiation, wind direction, wind speed, and pre-
cipitation were selected to perform a multiple linear regression model with PM; 5 as the
dependent variable [2]. In order to establish the effect of each variable, the regression
coefficients were compared. In order to reduce the influence of the magnitude of the data,
all variables were min-max normalized [35]. Two regression models of the same form are
presented, one each for the pre-pandemic and pandemic periods. The regression model is
of the following form:

PM;5 = b + k1l WindSpeed + k2 Rain + k3 TempOut + k4 WindDir + k5 SolarRad

where b is the intercept, k1 to k5 are the slope coefficients, TempOut is temperature, WinDir
is wind direction, and SolarRad is solar radiation.

3.2.3. Generalized Additive Model (GAM)

To investigate the impact of various meteorological variables on the levels of PMj; 5,
a Generalized Additive Model (GAM) was employed, utilizing temperature, solar radiation,
wind direction, wind speed, and precipitation as independent variables, with PM; 5 as
the response variable [36,37]. Unlike traditional linear models, GAM allows for flexible,
non-linear relationships between the predictors and the outcome by employing smooth
functions for each variable. This flexibility enables the capture of complex interactions
without assuming a predefined parametric form. Furthermore, model performance was
evaluated through metrics such as Mean Squared Error (MSE) and R-squared values,
facilitating a comprehensive assessment of the model’s fit [29]. Both pre-pandemic and
pandemic datasets were analyzed to identify potential shifts in the relationships over
time.The GAM is of the following form:

PMj; 5 = s(WindSpeed) + s(Rain) + s(TempOut) + s(WindDir) + s(SolarRad)

where s represents each smooth function that describes the relationship between the predic-
tor variable and the outcome variable PM; s.

4. Results
4.1. Temperature, Radiation, and Humidity

Figure 3 shows the diurnal cycle of PMj, 5, precipitation (ppt), temperature, solar radi-
ation, the atmospheric boundary layer (ABL) height, and the relative humidity. In general,
solar radiation, temperature, and the ABL height show similar behavior, whereas PMj; 5 and
relative humidity exhibit an opposite diurnal cycle. It should be noted that the maximum
solar radiation and ABL height occur around noon, approximately 2 h before the maximum
temperature, because the effect of radiation is not immediate. At the afternoon, when
temperature and atmospheric boundary layer (ABL) height increase, both relative humidity
and PM, 5 concentrations tend to decrease. Conversely, in the evening, as temperature and
ABL height decrease, relative humidity and PMj; 5 concentrations increase. PM; 5 peaks
around 06:00 and 08:00. The height of the ABL for the diurnal cycle shows behavior strongly
marked by its similarity with solar radiation, which is its main influence. When the height
boundary layer is low, the accumulation of contamination on the surface is favored. In con-
trast, when the height of the boundary layer is high, dispersion by convection is favored;
this is the main mechanism for cleaning the atmosphere in the Aburra Valley [11,19].
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Figure 3. Diurnal cycles of PM; 5, solar radiation, temperature, humidity, and atmospheric boundary
layer height. April 2019 to August 2022.

The observations show how the high concentrations of PMj5 occur at the same
time as the lowest temperatures, although moderate concentrations also occur at higher
temperatures. It is also identified that the highest concentrations of PMj 5 are observed at
temperatures of around 20 °C.

Table 1 shows the correlation coefficients for temperature and P M, 5, using both the
Pearson and Spearman methods with four different time lags. Pearson’s coefficient assumes
that the relationship between the two variables is linear and requires normally distributed
data. Spearman’s coefficient is a rank-based coefficient that is appropriate for linear or non-
linear relationships and does not require normally distributed data. The results obtained
are all negative, which indicates that there is an inverse relationship between these two
variables. The maximum value in magnitude is 0.4898, which is a moderately high value
that indicates a relationship between both variables. It should be noted that this maximum
correlation value in the Spearman process occurs with a lag of 2 h since the temperature
does not generate immediate effects on PM; 5 and must first cause convection phenomena.
An increase in the magnitude of the correlation coefficients between approximately 3—4%
with respect to previous analysis campaigns stands out. This may be due to the availability
of longer time series for both variables.

Table 1. Correlation between PM, 5 concentration and temperature (April 2019 to August 2022).

Lag [h] Pearson’s Correlation Spearman’s Correlation
Coefficient Coefficient
0 —0.4146 —0.4336,p =0
1 —0.4480 —0.4646,p=0
2 —0.4585 —0.4898,p=0
3 —0.4336 —0.4601,p =0

4.2. Precipitation

The diurnal cycle of hourly accumulated rainfall shows the lowest accumulated values
from 03:00 to 14:00, which is a time slot where there is generally constant radiation due to
being the beginning of the day. The highest accumulated values occur between 15:00 and
02:00 due to the convective rain systems generated at midday and the advective systems
arriving from the east, with maximum values at 15:00 followed by 01:00.
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A relationship between precipitation and PM; 5 measurements that does not cor-
respond to a linear order is identified from the observations. An inverse relationship
can be suggested, where higher values of accumulated precipitation are associated with
lower values of PM; 5 concentration. The presence of precipitation systems favors the
removal of particulate matter suspended in the air but also favors atmospheric stability
that is unfavorable for the circulation of pollutants [19]. Therefore, the occurrence of
rainfall events affects PM; 5 concentration that differs depending on whether they occur
at night or during the day. It is also clear that the net effect of precipitation during
night hours on PM;5 is removal. It is represented by a trend towards lower PM; 5
values when rainfall intensity is greater than 2 mm/h (wet conditions), with a median of
14.47 png/ m3, which is in contrast to values of less than 2 mm/h (dry conditions) and a
median of 19.22 ug/ m3. Since rain stabilizes the atmosphere during the day, this reduces
dispersion and contributes to accumulation near the surface (Rolddn-Henao et al., 2020).
The effect of washout is not observed, with very similar values for the median of the wet
period (14.73 pg/m?) and the dry period (15.05 pg/m?). This result is explicable if it
is taken into account that, during diurnal rain events, anthropogenic emissions (traffic
mainly) do not cease and are also higher than nocturnal emissions, even when there are
restrictive mobility measures.

The rain time series is separated into the characteristic periods of the local climatology:
two (2) periods of higher humidity with more accumulated rainfall and two (2) drier
periods with less precipitation, always in intercalated cycles during the year. In the annual
cycle of accumulated precipitation defined from data at the project station, it can be seen
that the dry and wet periods represented by the months with the lowest (December and
January) and highest (April and November) accumulated rainfall, respectively, coincide
with the conventional ones for the region.

Figure 4 shows the behavior of PM; 5 according to dry and humid periods and during
the day and night. The figure illustrates the relative frequency distribution of PMj; 5 concen-
trations under varying meteorological conditions—distinguishing between "Humid” and
‘Dry’ periods as well as daytime and nighttime intervals. Each panel (a—d) provides insight
into how PMj 5 levels fluctuate with respect to rainfall presence and time of day, highlight-
ing the impact of atmospheric stability and moisture levels. In humid nighttime conditions
(Panel b), PM; 5 concentrations are generally lower than during dry nighttime conditions
(Panel d), likely due to increased atmospheric cleansing via precipitation. Conversely,
during daytime (Panels a and c), the difference between humid and dry conditions is less
pronounced, suggesting that daytime heating and resulting atmospheric instability may
reduce the effectiveness of precipitation in lowering PM; 5 levels. The relative frequency
curves and median lines emphasize that precipitation’s role in reducing particulate matter
is more significant at night. While there is a visible washout effect at night during the rainy
season, it is almost nil during the day, indicating that daytime rain events in the wet season
do not have a significant effect on pollution concentrations. In the dry season, during the
daytime, there is also minimal washout, but at night, the effect is more significant. It is
concluded that atmospheric scrubbing is very effective during the nights of dry periods
and more so during rainy periods. However, precipitation tends to promote the stability
and accumulation of PMj; 5 during daytime hours.
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Figure 4. Relative frequency functions of PMj, 5 for (a,b) dry annual conditions, and (c,d) humid
annual conditions. Diurnal hours (left) and nightly hours (right). April 2019 to August 2022.

4.3. Wind Speed and Direction

The general behavior of the winds in the Aburrd Valley can be described in Figure 5.
This wind rose chart depicts the predominant wind directions and speeds during daytime
(panel a) and nighttime (panel b) across the valley, between April 2019 and September
2022. The chart highlights a strong directional pattern, with winds primarily coming from
the north during both day and night. This northerly wind is more frequent and intense
during the nighttime, as shown by the larger shaded area in panel (b), indicating speeds
between 1.0 and 2.0 m/s. The frequency distribution of these wind patterns suggests a
stable nocturnal atmosphere, which is consistent with reduced atmospheric mixing and
potential pollutant accumulation in low-lying areas. During the daytime, there is a more
diverse distribution of wind directions, though northerly winds still dominate, albeit at
lower intensities. In the daytime period analysis, "dark green" represents wind speeds
of approximately 1 m/s, while "black" represents wind speeds exceeding 1.5 m/s. This
color scheme visually differentiates the frequency and intensity of varying wind speeds,
highlighting instances where, despite a general trend of calm wind periods, significant
occurrences of higher wind speeds were observed. These higher speeds, denoted by darker
shades, are important as they impact particulate dispersion and PM, 5 concentrations by
potentially enhancing pollutant distribution across the valley.
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Figure 5. Average april 2019 to September 2022 wind rose for the Aburra Valley. Daytime (a) condi-
tions and nighttime (b) conditions.

For the periods of daytime (06:00 to 17:59) and nighttime (18:00 to 05:59) from April
2019 to February 2022, it is observed that calm winds predominate (wind speed magnitudes
below 0.5 m/s). Regarding the wind direction, for the night period, about 50% of the data
correspond to winds coming from the north, while the other directions present lower fre-
quencies. In the daytime period, winds from the north are also predominant, although with
a lower percentage close to 25%. In contrast to the night period, in the daytime period,
winds from the west and northeast are present, with percentages close to 10%. Finally, it
should be noted that in the daytime period, despite the higher frequency of wind speed in
the calm periods, multiple wind speed magnitudes of greater than 1 m/s (dark green) and
1.5 m/s (black) were also recorded.

For the daytime and nighttime periods defined previously, it is also observed that
when the wind comes from directions between southwest and northwest (sparsely urban-
ized or rural areas of the valley), both daytime and nighttime PM, 5 concentrations are
predominantly low, with values below 15 pg/m? but mostly below 10 pg/m3, while the
highest concentrations tend to occur when the wind comes from other directions (urban
area of the valley). Moreover, it is observed that for wind speeds with magnitudes lower
than 1 m/s (calms), there is a higher frequency of PM, 5, higher than 15 pg/ m3. In contrast,
when speeds are higher than 1 m/s, these magnitudes are infrequent.

Furthermore, it has been noted that there exists an implied inverse correlation between
wind speed and PMj 5 levels, although this relationship is not strictly linear. Elevated con-
centrations of PMj 5 tend to occur predominantly at low wind speeds, yet this pattern is not
exclusive. Conversely, low wind speeds can also coincide with low PM, 5 concentrations,
underscoring that while wind plays a crucial role in dispersing pollutants, it is not the sole
determinant influencing this process.

Table 2 shows the negative values of the correlation coefficients, confirming the in-
verse relationship. Again, the values do not indicate a linear or monotonic relationship.
The highest value in magnitude is presented with a lag of one (1 h), again supporting
the time-lagged effects over the immediate effects. There is an increase in the magnitude
of the correlation coefficients between 3% and 4% (approximately) with respect to pre-
vious analysis campaigns. This may be due to the provision of longer time series for
both variables.
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Table 2. Correlation between PM, 5 and wind velocity (data from April 2019 to August 2022).

Lag [h] Pearson Correlation Spearman Correlation
& Coefficient Coefficient
0 —0.2998 —0.3732,p=0
1 —0.3446 —0.4564,p=0
2 —0.3266 —0.4417,p=0

4.4. Boundary Layer Height

The height of the atmospheric boundary layer was estimated using ceilometers in
collaboration with the SIATA project. These devices are active remote sensors that emit
light beams into the atmosphere and measure the backscattering they experience. With this
information, the height of the mixing layer or atmospheric boundary layer can be estimated.
Data from the SIATA tower station were used since this tower is the most geographically
central station and has the largest amount of data available. The aim was to strengthen the
analysis of meteorological conditions in the area and increase our ability to understand the
phenomena that take place over time along with pollution events. Boundary layer changes
are daily phenomena that change rapidly in a matter of minutes or hours. The analysis of
this phenomenon is performed at the diurnal cycle level.

The boundary layer shows very similar behavior over the 4 years of available data.
The height fluctuates between 594 m in 2019 at 05:00 and 1017 m in 2020 at 11:00. Table 3
shows the basic statistical data for each year.

Table 3. Statistical representative values of the annual boundary layer height (m) for the period
2019 to 2022.

Standard

Year Mean . . Minimum Maximum
Deviation

2019 777.054 145.366 594.032 1014.719

2020 786.106 136.796 613.769 1017.922

2021 763.208 131.544 605.362 995.341

2022 777.059 133.053 611.178 1009.027

By using ceilometer data, the PM, 5 values were identified differently for the Aburra
Valley Metropolitan Area (AMVA), using episode management periods (PGEs are the Spanish
initials). These periods are the times of the year when the environmental authority declares
special measures to deal with pollution. The PGE periods have slightly higher peak heights
in the boundary layer than the non-PGE periods, marked by visibly exceeding 1000 m. In
Figure 6 four panels are shown. Panel a (No PGE 2020-2021) shows PM, 5 concentrations
and ABL height from 4 November 2020 to 8 March 2021, which is a period without recorded
PGEs. The bar plots represent the hourly PM, 5 concentrations (left y-axis), while the purple
line indicates ABL height in meters (right y-axis). During this period, PM; 5 levels peaked
in the early morning, coinciding with a lower ABL height, suggesting limited atmospheric
dispersion. Panel b (PGE 2021-1) illustrates data from 11 March 2021 to 7 April 2021, when a
PGE was recorded. Similar to panel a, PM; 5 concentrations and ABL height are presented.
The presence of a PGE during this period likely contributes to slightly elevated PM, 5 levels,
particularly in the morning hours, due to the accumulation of pollutants in a stable atmosphere
with low ABL. Panel ¢ (No PGE 2021-1) covers the period from 13 April 2021 to 28 September
2021, which is another interval without a PGE. Similar patterns in PM; 5 and ABL height are
observed, with morning peaks in PM, 5 levels and corresponding lower ABL heights, which
is indicative of limited pollutant dispersion capacity in the early hours. Panel d (PGE 2021-2)
represents data from 29 September 2021 to 16 October 2021, during another period affected by
a PGE. This timeframe also shows higher PM; 5 levels in the morning hours, correlating with
lower ABL heights, suggesting that the presence of a PGE may further limit the atmospheric
mixing and enhance pollutant retention near the surface. The contamination levels show
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significant differences. In the initial periods of the year, both PGE and non-PGE periods
showed higher pollution concentrations. In the second half of the year, PGE and non-PGE
PM; 5 values are lower. This is consistent with the data, indicating that the first rainy season
of the year generates greater affectations than the second in the Aburrd Valley. This stands out
because the first PGE period of the year 2020 showed significantly higher levels than the other
periods, indicating strong external pollution events that enhanced the episodes during this
time. In general, in the four periods, the boundary layer decreases its height in the afternoon
around 18:00. However, in the morning, there is a difference of approximately between 1 and
2 h when it begins to increase its height between the non-PGE (before) and PGE (after) periods.
This implies that in the PGE periods, the boundary layer takes longer to increase its height in
the morning, which may cause a greater accumulation of pollutants.
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Figure 6. Average boundary layer height for PGE and non-PGE periods in contrast with PM, 5 values
for the same periods (November 2019 to October 2020). Data were obtained from the Aburrd Valley
Metropolitan Area (AMVA) and SIATA project. In the Aburra Valley, there is a typical annual behavior
of air pollution levels that is determined by meteorology. The transition between the dry season
and the first rainy season occurs in March and is characterized by the presence of low cloud layers
that cause the accumulation of pollutants in the atmosphere. During this phenomenon, the highest
concentrations of particulate matter of the year are recorded. Likewise, the second transition from
rainy season to dry season occurs in November, when particulate matter concentrations increase again.
These facts characterize the pollution episode management periods (PGE and non-PGE periods).

The same analysis was performed for 2021. For this year, Figure 6 shows that pollution
levels were much more similar to those of the previous year. In 2020, regional intrusion
events were recorded for out-of-the-normal biomass burning and Saharan dust transport.
The year 2021 shows PMj; 5 with less variability, maintaining its maximum values around
30 pg/m?3. Again, the behavior of the boundary layer presents a time lag of approximately
1 or 2 h in the morning to begin its ascent in the PGE compared to the non-PGE, indicating
a delayed dispersion of pollutants in time at the beginning of the day.

Correlation coefficients were estimated for the PM; 5 values and height in the bound-
ary layer series. The boundary layer series was reordered since it was at a resolution
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of approximately 16 s and was transformed to hourly values to coincide with the PM; 5
variable. Table 4 shows the Pearson and Spearman coefficients for these two series. All
values have a negative sign, indicating their inverse relationship. The highest magnitude
was obtained with a lag of 2 h for the Spearman process, with a value of —0.2677. This
indicates that despite the opposite behavior between these variables, there is no total linear
or monotonic relationship between them. Numerous additional variables influence the
atmospheric dynamics of PMj 5 and the boundary layer.

Table 4. Correlation between PM), 5 concentration and boundary layer height.

Lag [h] Correlation Coefficient Spearman Correlation
Pearson Coefficient
0 —0.2109 —0.2276,p =0
1 —0.2401 —0.2677,p=0
2 —0.2336 —0.2687,p=0
3 —0.1981 —0.2372,p=0

Regarding the relationships among the boundary layer heights, PM, 5 values, and other
meteorological variables, the authors of [38—42] assert that persistent cloud cover over the
Aburra Valley and the mountainous region of Antioquia has a substantial impact on surface
energy balances and local rainfall patterns. Consequently, it also influences the diurnal
variation in the boundary layer height throughout the year. Some of this humidity is
conveyed by the trade winds originating from the lowlands of the Caribbean, the Orinoco,
and the Amazon, as well as from the Colombian Pacific coast via the Choc6 jet. These
factors warrant consideration when endeavoring to develop a climatological description of
the Aburra Valley.

4.5. Correlations Between Meteorological Data and PM; 5
4.5.1. Principal Component Analysis (PCA)

To characterize the main attributes of the hydrometeorological variables, we carried
out a PCA on the following variables: wind direction, wind speed, rain, low temperature,
high temperature, outside humidity, and the height of the boundary layer. For this analysis,
we separated the time series considering two periods: pre-pandemic (1 April 2019 to
31 March 2020) and pandemic (1 April 2020 to 16 August 2022). Furthermore, the available
data for each of those datasets correspond to 54.5% and 63.18% of the total hours for
such periods, respectively. As our objective is to quantify possible differences in the set
of variables including PM, s using PCA, we look for hours in which PM;5 data and
hydrometeorological time series have observational records.

Figure 7a shows the percentage of the total variance explained by each principal com-
ponent. Our results indicate that pre-pandemic and pandemic explain around 52.9% and
58.7%, respectively. For both cases, the first principal component (PC1) explains the highest
percentage of the total variance in hydrometeorological data. Subsequently, the second
principal component (PC2) for pre-pandemic and pandemic explains around 11.9% and
12.21%, respectively. As could be expected, hydrometeorological attributes do not show
significant differences in terms of their principal components.

In the same line of work, six PM, 5 pollution events declared by the local environmen-
tal authority were identified, occurring before and during the pandemic. The same PCA
was performed (see Table 5), both individually and for the whole continuous set of data.
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Table 5. PM, 5 events considered for PCA.

Event (Average PM; 5;

3 From (D/M/Y) To (D/M/Y)
pg/m°)

Ev1 (38.15) 08/04/2019 10/04/2019
Ev2 (25.97) 11/04/2019 13/04/2019
Ev3 (20.88) 03/10/2019 04/10/2019
Ev4 (49.72) 07/03/2020 08/03/2020
Ev5 (63.04) 19/03/2020 20/03/2020
Ev6 (16.92) 26/06/2020 27/06/2020

At the scale of events, work was carried out on those events with sufficient data
over periods from one to three diary cycles. Figure 7b shows similar results to those
found for the analysis of continuous data in the pre-pandemic and pandemic periods.
In the case of the event analysis, the first principal component is able to explain most
of the total variance in the data of event 1 (62.9%), but it does not do so conclusively.
For the remaining contamination events, the values of CP1 drop to 48.7% (event ev4).
Moreover, for the analysis at the level of declared contamination events, and similar to
what was found for the analysis of data during the pre-pandemic and pandemic periods,
the results (even though fewer input variables were considered in the first case) about
the hydrometeorological attributes do not present notable differences in their principal
components such that allow us to assert that a specific component significantly explains
the high values of variance.
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(a) During pre-pandemic and pandemic periods. (b) For six PM, 5 recognized events.
Figure 7. Principal component analysis of hydrometeorological variables.

The scatter diagrams and associated ellipse plots depict the scores obtained from a
linear combination of reduced variables. The relationships between principal components
are shown in Figure 8. At this level of analysis, no significant trend can be conclusively
defined. However, a more discernible relationship can be observed between the compo-
nents that account for a greater proportion of the data variance (CP1 vs. CP2), which
becomes less distinct when components that vary in their explanatory power (CP1 vs. CP5)
are considered.
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Figure 8. Scatter diagrams and tendency ellipses for scores between couples of PCs.

4.5.2. Multiple Linear Regression (MLR) Model Results

Before performing the multiple linear regression model, the correlations between
the variables for both periods of analysis were explored. Figure 9 shows the Spearman
correlation matrix between the variables wind speed, precipitation, temperature, wind
direction, solar radiation, and PM, 5 for both studied periods, where only the coefficients
with a significance level of less than 0.05 are displayed. As can be observed, temperature
is strongly positively correlated with solar radiation and wind speeds, whereas PM; 5 is
negatively correlated with temperature and, consequently, solar radiation. Furthermore,
these results are consistent with the characterization shown in Figure 3.

53 Q e
WindDir 0.24 0.23 0.3 -0.08
WindSpeed
WindSpeed 0.27 -0.23
TempOut
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Figure 9. Correlation matrix for climatological variables and PM, 5 in the pre-pandemic (panel (a))
and pandemic periods (panel (b)). Values in white have a significance level greater than 0.05.

The regression coefficients for the multiple linear regression model for both periods
are shown in Table 6, along with their p-values, which indicate the statistical significance of
each coefficient. A lower p-value suggests that the corresponding coefficient is statistically
significant, meaning that there is strong evidence to reject the null hypothesis. Alternatively,
1—p-value reflects the confidence in the estimated coefficient. The PM; 5 variable shows a
significant negative dependence on temperature in both periods and a positive dependence
on solar radiation. The findings reinforce the conclusion that there is no statistically
significant relationship between rainfall depth and PM; 5 levels.
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Table 6. Regression coefficients.
Pre-Pandemic Pandemic

Variable K Estimate p-Value K Estimate p-Value
Wind Speed —2.539 0.38808 —8.57 <2716
Rain —13.135 0.22076 —1.017 0.309
Temp —23.95 <2716 —14.509 <2716
Wind Dir 8.41 42013 0.133 0.894
Solar Rad 9.533 0.00147 6.112 1.057°

During the pandemic, a one unit increase in wind speed was associated with a signifi-
cant 8.57 unit decrease in PM, 5, suggesting that wind had a greater dispersing effect on
particulate pollutants during this period. Although the coefficients for rainfall are negative
in both periods, indicating a possible reduction in PM, 5 with more rainfall, the p-values
indicate that these results are not statistically significant, so it cannot be concluded with
confidence that rainfall has a significant effect on PM, 5. Temperature showed a negative
and significant relationship with PM, 5 in both periods. This suggests that an increase in
temperature is consistently associated with a decrease in concentrations of PM; 5, probably
because higher temperatures favor the dispersion or degradation of suspended particles.
Solar radiation had a positive and significant effect on PMj 5 in both periods, suggesting
that an increase in solar radiation is associated with an increase in PM> 5 concentrations.
This may be because solar radiation promotes photochemical reactions that produce sec-
ondary aerosols, thereby increasing the amount of particulate matter in the air [43-45].
In Figure 10, we present a graphical summary of the regression model by isolating the
relationship between PM); 5 and an explanatory variable of temperature and solar radiation
while holding all other variables constant, following [46].
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Figure 10. Isolated relationship for MLR between PMj 5 temperature and solar radiation, keeping all
other variables constant for both periods.
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These figures exemplify the graphical summary made for the rest of the variables.
The figures are presented only for temperature and solar radiation since these are the vari-
ables where there is a significant relationship in both periods. As can be seen, although the
relationship is significant, the value of the slope for temperature in both periods remains
within the same order of magnitude. The same result is obtained for solar radiation. This
reveals that the period of pandemic or pre-pandemic does not have a major influence on
the relationship among PMj; 5 and temperature or PM; 5 and solar radiation. The same
result was obtained for the rest of the variables.

4.5.3. Generalized Additive Model (GAM)

The Generalized Additive Model (GAM) results indicate a Mean Squared Error (MSE)
of 95.46 and a Root Mean Squared Error (RMSE) of 9.77, suggesting a moderate fit of the
model to the data. The coefficient of determination (R?) is 0.26, implying that approximately
26% of the variance in PM, 5 concentrations can be explained by the model. The GAM em-
ploys a Gaussian family with an identity link function. The model’s intercept is statistically
significant (estimate: 18.07, p < 271°), indicating a baseline PM, 5 concentration. More-
over, the approximate significance of the smooth terms reveals that all included predictor
variables—wind direction, wind speed, rain, solar radiation, and outdoor temperature—
are significant contributors to the model (p < 27! for each). The effective degrees of
freedom (edf) for each smooth term suggest varying complexities in their relationships
with PM; 5, with smooth terms like s(Rain) and s(WindDir) demonstrating higher edf
values, indicating more intricate relationships. Overall, the model explains 26.3% of the
deviance, with a restricted maximum likelihood (REML) estimate of 54,871 across 14,822 ob-
servations, reinforcing the complexity of atmospheric dynamics influencing particulate
matter concentrations (Table 7).

Table 7. Summary of GAM parameters and results.

Parameter Value

Family gaussian

Link function identity

Formula PM55~ S(WindDir) + S(WindSpeed) + S(Rain) +
S(SolarRad, k = 1) + (TempOut)

Intercept Estimate: 18.07441, Std. Error: 0.08033, t value: 225, Pr(>1tl):
<2716

S(WindDir) edf: 7.182, Ref.df: 8.208, F: 24.79, p-value: <2~ 1¢

S(WindSpeed) edf: 1.334, Ref.df: 1.604, F: 27.47, p-value: <2~ 1¢

S(Rain) edf: 7.282, Ref.df: 8.223, F: 40.27, p-value: <2~1°

S(SolarRad) edf: 1.985, Ref.df: 2.000, F: 202.88, p-value: <216

S(TempOut) edf: 7.876, Ref.df: 8.669, F: 184.69, p-value: <216

R-sq. (adj) 0.262

Deviance explained 26.3%

-REML 54,871

Scale est. 95.634

N 14,822

The plot in panel (a) of Figure 11 illustrates the relationship between observed and
predicted PM, 5 concentrations using a Generalized Additive Model (GAM). The observed
PM, 5 concentrations (in pg/m?3) are plotted on the x-axis, while the predicted concen-
trations from the GAM are on the y-axis. Ideally, if the model perfectly predicted the
observations, all points would lie along the red dashed line, representing a perfect 1:1 rela-
tionship. However, in this case, the spread around the line indicates some discrepancies
between observed and predicted values.
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Figure 11. GAM smooth functions for predictors of PM; 5. (a) Predicted PM; 5 vs. observed PM; 5.
(b) Wind speed vs. PM;5. (c) Wind direction vs. PM;5. (d) Rain vs. PM; 5. (e) Temperature vs.
PMj 5. (f) Solar radiation vs. PM> 5.

The GAM used here incorporates several meteorological predictor variables, includ-
ing wind direction (WindDir), wind speed (WindSpeed), rainfall (Rain), solar radiation
(SolarRad), and temperature (TempOut). These variables are expected to influence PM; 5
levels through mechanisms such as dispersion (influenced by wind speed and direction),
deposition (influenced by rain), and secondary formation or pollutant reactivity (influenced
by solar radiation and temperature). The observed deviations from the 1:1 line suggest that
while the GAM captures some patterns in PMj 5 behavior, the model may not fully account
for all complex interactions or other factors influencing PMj; 5 concentrations. This high-
lights the potential need for additional predictor variables or refined model specifications
to improve prediction accuracy.

Panel (b) for wind speed exhibits a distinct correlation with PM, 5 levels, showing
a clear reduction in particulate concentrations with increasing wind speed. The fitted
curve indicates that higher wind speeds are associated with lower PM, 5 concentrations,
reinforcing the hypothesis that enhanced air movement contributes to pollutant dispersion.
However, the overall magnitude of this effect remains modest, reflecting the complex inter-
play of various meteorological variables in determining air quality. This underscores the
importance of considering multiple atmospheric factors when assessing PMj 5 dynamics.

Wind direction analysis in Panel (c) illustrates the intricate dynamics of atmospheric
conditions impacting particulate matter concentrations. The fitted GAM curve highlights a
subtle, yet consistent, downward trend as wind direction varies. This suggests that while
wind direction does play a role in influencing PM; 5 levels, its effect may not be strong
enough to provoke significant fluctuations in concentration. Therefore, despite the presence
of this relationship, the data indicate that wind direction alone does not substantially alter
PMj 5 levels within the studied range.

The graph in Panel (d) represents the relationship between PMj 5 and rain, and reveals
an intriguing pattern. The GAM curve suggests that while rainfall events occur, their impact
on PM; 5 levels is relatively subdued. The fitted line remains largely flat across varying
rainfall amounts, indicating that precipitation may not have a strong effect on particulate
matter concentration in this context. This observation aligns with findings from other
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studies that suggest rainfall does not always effectively reduce PM; 5 levels, highlighting
the need for a nuanced understanding of how different meteorological conditions interact.

Panel (e) for solar radiation expresses the relationship between PM; 5 and solar radia-
tion, and as shown in the GAM analysis, indicates a slight downward trend in particulate
matter concentrations with increasing solar radiation levels. This trend suggests that higher
solar energy input could be linked to conditions that favor the dispersion of pollutants,
although the relationship remains weak. The analysis implies that while solar radiation
is a contributing factor to PM, 5 behavior, its influence is overshadowed by other meteo-
rological variables that play a more significant role. This emphasizes the necessity for an
integrated approach to studying atmospheric conditions affecting air quality.

The last panel of the figure (Panel (f)) contains the graphical representation of PM; 5
concentrations against outdoor temperature, and illustrates a complex relationship, where
the fitted GAM curve reveals a slight decline in PM; 5 levels as temperatures rise. This
trend indicates a potential inverse relationship, suggesting that warmer temperatures
may influence the dispersion or chemical transformation of particulate matter. However,
the overall impact is relatively minor, highlighting that while temperature is a relevant
factor, it is not the sole determinant of PM, 5 variability. This underscores the multifaceted
nature of atmospheric dynamics in influencing air quality and the need to consider various
meteorological factors collectively.

5. Discussion

The findings of this study highlight the complex interactions between PMj 5 particu-
late matter and various meteorological variables in the Aburra Valley. Works such as [47,48]
constitute partial contributions to the study of the subject at the local level. Our analysis
revealed some correlations between PM; 5 concentrations and factors such as tempera-
ture, solar radiation, and atmospheric boundary layer (ABL) height, which vary diurnally
and seasonally.

5.1. Meteorological Influence on PM; 5
5.1.1. Temperature and Solar Radiation

The diurnal cycles of temperature and solar radiation show a strong positive corre-
lation, with peaks observed around mid-morning to early afternoon (10:00 to 13:00 CLT).
PMj 5 levels were found to be inversely related to these variables, suggesting that higher
temperatures and increased solar radiation facilitate the dispersion of particulate matter by
enhancing atmospheric mixing and increasing the boundary layer height. This relation-
ship remained consistent across both pre-pandemic and pandemic periods, indicating that
the overall impact of these meteorological factors on PMj 5 levels is stable regardless of
changes in anthropogenic activity. Several factors may explain the difference between the
Spearman correlation and the multiple linear regression results for PM; 5 and radiation.
First, the Spearman correlation measures the relationship between two variables without
taking into account the influence of other variables that could act as interferences. In con-
trast, the multiple linear regression model estimates the effect of solar radiation on PM; 5
while controlling for other meteorological factors such as temperature, wind speed, and
precipitation. This means that the negative relationship observed in the Spearman correla-
tion could be influenced by other variables not taken into account, such as temperature,
which could drive the negative correlation. In addition, the regression model assumes a
linear relationship, whereas Spearman’s method can capture non-linear monotonic rela-
tionships. If the relationship between solar radiation and PM), 5 is non-linear or involves
interactions with other variables, the regression model may show a different direction of
effect. Therefore, the contradictory results are not necessarily inconsistent but rather reflect
the complexity of the underlying relationships between these variables when different
statistical methods are applied. It is also important to note that the relationship of solar
radiation and temperature is not always directly proportional, and there are several reasons
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for this: differential absorption and emission, albedo and reflection, current atmospheric
conditions, greenhouse effect, and diurnal and seasonal cycles, among others.

5.1.2. Precipitation and Relative Humidity

Precipitation events generally result in a reduction in PM; 5 levels through wet scav-
enging. However, the timing of these events is crucial. Precipitation occurring during
stable atmospheric conditions (nighttime and early morning) is more effective at reducing
particulate concentrations compared to events during unstable conditions (afternoon),
which may lead to the earlier stabilization of the atmosphere and limit the dispersion of
pollutants. This relationship can be attributed to the scavenging effect, where rain droplets
capture and remove particulate matter from the atmosphere, effectively “cleaning” the
air [49]. This washout effect has been widely observed in various studies, showing that
rainfall can significantly reduce airborne particulate matter [50]. However, the study also
reveals the complexity of this relationship. The timing and intensity of precipitation play
a critical role in determining its effectiveness in reducing PMj 5 levels. For instance, pre-
cipitation during the night is more effective in lowering PM, 5 concentrations due to the
stable atmospheric conditions that limit pollutant dispersion and enhance the scavenging
effect [51]. Conversely, during the daytime, when the atmosphere is more unstable, rainfall
may not significantly impact PMj 5 levels, as the mixing of air can disperse pollutants more
effectively before they are removed by rain [52]. Additionally, this study notes that during
periods of lower precipitation intensity (less than 2 mm/h), the reduction in PM; 5 is less
pronounced, particularly during the day. This suggests that light rain may not be sufficient
to significantly alter PMj, 5 concentrations, especially when ongoing emissions continue
to contribute to pollutant levels. This observation is consistent with other research that
highlights the varying impact of precipitation on air quality, depending on factors such as
rain intensity, duration, and the presence of other meteorological conditions like wind and
temperature [53].

5.1.3. Wind Speed and Direction

Wind dynamics also play a pivotal role in the dispersion of PM,5. Higher wind
speeds were associated with lower PMj 5 concentrations, as increased airflow aids in the
dispersal of pollutants. However, the wind direction can modulate this effect, especially in
a topographically constrained environment such as the Aburra Valley, where valley winds
can either trap or disperse pollutants depending on their direction and strength. Based
on previous research, the relationship between wind speed, wind direction, and PM; 5
concentrations in the Aburré Valley, Colombia, highlights significant insights into how
these meteorological factors influence air quality. Studies have consistently shown that
there is a generally inverse correlation between wind speed and PMj 5 levels, where lower
wind speeds are associated with higher concentrations of particulate matter. This pattern is
attributed to the reduced horizontal and vertical mixing of the atmosphere during calm
conditions, leading to the accumulation of pollutants near the surface [1]. The direction of
the wind is also a crucial factor in determining PMj; 5 concentrations. For instance, winds
from rural areas tend to bring cleaner air, resulting in lower PMj 5 levels, whereas winds
from urbanized areas often carry higher concentrations of particulate matter due to the
density of emission sources [2]. This observation aligns with findings in other urban valleys
where topography plays a significant role in modulating wind patterns and pollutant
dispersion [7]. Moreover, the complexity of interactions between wind dynamics and PM; 5
concentrations has been highlighted in various studies. Although higher wind speeds
generally lead to the dispersion of pollutants, resulting in lower PM; 5 levels, there are
instances where low wind speeds do not necessarily lead to high particulate concentrations,
emphasizing the need to consider other meteorological factors such as temperature, solar
radiation, and atmospheric boundary layer (ABL) height [4]. In summary, the relationship
between wind speed, wind direction, and PM;5 in the Aburrd Valley is characterized
by an inverse correlation between wind speed and particulate matter levels, with wind
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direction significantly influencing this effect. These findings are crucial for understanding
the atmospheric processes that govern air quality in urbanized valleys and for developing
targeted air quality management strategies that account for the complex interplay of
meteorological variables [7].

5.2. Impact of the COVID-19 Pandemic

This study also investigated the impact of the COVID-19 pandemic on the relation-
ship between meteorological variables and PM; 5. The findings indicate that while the
absolute levels of PM, 5 might have been influenced by reduced human activities during
the pandemic, the fundamental relationships between PM, 5 and meteorological variables
remained unchanged. This suggests that meteorological conditions consistently play a
dominant role in determining PM, 5 levels, regardless of variations in anthropogenic emis-
sions. This suggests that while anthropogenic activities significantly contribute to PM; 5
concentrations, meteorological conditions play a dominant role in modulating these levels.
For instance, previous studies have demonstrated that during periods of reduced human
activity, such as during the COVID-19 lockdowns, there was a marked decrease in air pol-
lution, particularly PM; 5, due to lower emissions from traffic and industrial activities [54].
However, even with reduced emissions, PMj; 5 levels still showed a strong correlation
with meteorological variables like temperature and wind speed, reinforcing the idea that
natural factors significantly influence air pollution dynamics [55]. This study observed
that, despite lower overall PM, 5 levels during the pandemic, the diurnal and seasonal
patterns of PM, 5 concentration remained similar to those observed in the pre-pandemic
period. This indicates that meteorological conditions such as solar radiation, wind patterns,
and temperature continue to dictate the dispersion and concentration of particulate matter
in the atmosphere [56]. Interestingly, this study found that the relationship between PM; 5
and solar radiation, which influences the atmospheric boundary layer’s height, was consis-
tent across both periods. This finding is consistent with other research showing that the
dispersion of pollutants is heavily dependent on the boundary layer’s dynamics, which
are influenced by solar radiation [57]. Additionally, this study’s multiple linear regres-
sion analysis highlighted that while human activities were curtailed during the pandemic,
the meteorological drivers of PM; 5 remained consistent, indicating a robust relationship
that is relatively unaffected by short-term changes in emission patterns [58].

5.3. Principal Component Analysis and Regression Models

Principal component analysis (PCA) and regression models (MLR and GAM) were
employed to quantify the relationships between PM, 5 and meteorological variables. PCA
revealed that the first principal component accounted for a significant portion of the
variance (around 60%), with subsequent components explaining progressively less. This in-
dicates that a few key meteorological variables predominantly drive PMj 5 variability. MLR
models further underscored the significant negative dependence of PM, 5 on temperature
and positive dependence on solar radiation, reinforcing the findings from the correlation
analysis. The consistent relationships observed across different periods highlight the critical
role of atmospheric conditions in modulating air quality. These insights are crucial for
developing targeted air quality management strategies, particularly in urban areas with
complex topographies such as the Aburra Valley. Future research should focus on finer
temporal scales and consider additional variables such as traffic patterns and industrial
activities to further elucidate the dynamics of air pollution in this region. The concentration
of PMj 5 particulate matter in the Aburra Valley is significantly influenced by a range of
meteorological factors, including temperature, topography, and atmospheric boundary
layer (ABL) height. Understanding these relationships is crucial for developing effective
pollution management strategies, especially given the public health implications of PM; 5,
which include respiratory and cardiovascular diseases. Solar radiation plays a pivotal role
in the diurnal cycle of PM; 5 concentrations. This study indicates that solar radiation and
temperature exhibit similar diurnal patterns, with peaks around midday. This is due to the
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delayed effect of radiation heating the surface, which subsequently raises the temperature.
As solar radiation increases, the temperature rises, leading to the expansion of the ABL.
A higher ABL allows for greater dispersion of pollutants, thereby reducing surface PM; 5
concentrations. Conversely, during periods of low solar radiation, such as early morning or
late evening, the ABL is lower, and pollutants accumulate closer to the surface, resulting
in higher PMj 5 levels. The topography of the Aburra Valley, characterized by its narrow
structure and surrounding mountainous terrain, significantly influences local wind patterns
and atmospheric stability. The valley’s topography restricts airflow, which can lead to the
trapping of pollutants. During nighttime and early morning, the valley experiences stable
atmospheric conditions, which further restrict vertical mixing and promote the accumula-
tion of PMj; 5 near the ground. In contrast, daytime heating can induce convective currents,
enhancing vertical mixing and dispersion of pollutants.

5.3.1. Principal Component Analysis (PCA)

PCA conducted on hydrometeorological variables and PM; 5 concentrations in the
Aburré Valley offers insights into the complex interactions among the variables that influ-
ence the air quality in the region. In this sense, we highlight the key findings in terms of the
explained variance, consistency of results, event-based analysis, and correlation patterns as
follows. Explained variance: The first principal component (PC1) explained about 60% of
the total variance in the hydrometeorological data for both the pre-pandemic and pandemic
periods. This indicates that a single principal component captures an important part of
the variability in the dataset. Subsequently, the principal components (PC2, PC3, and PC4)
each explained about 10% of the variance and the remaining portion is explained by the
other four PCs. The dimension of the whole set of meteorological data can be reduced
from 8 to 4, highlighting that even if the dimension is reduced, not all the variables in the
hydroclimatological data are redundant in terms of variance. Consistent results for different
periods: The PCA results showed no significant differences between the pre-pandemic
and pandemic periods, indicating that the primary hydrometeorological drivers of PM; 5
concentrations remained consistent despite changes in human activity. This suggests a ro-
bust underlying meteorological influence that is relatively unaffected by temporal changes
in anthropogenic emissions. Event-based analysis: PCA was also applied to six specific
PMj; 5 pollution events. For the most significant event (event 1), PC1 explained 62.9%
of the variance, whereas for other events, the explained variance of PC1 ranged from
48.7% to 60%. This consistency reinforces the dominant role of certain meteorological
conditions in driving PM; 5 levels during pollution events. The results for individual
pollution events mirrored those found in the continuous data analysis, confirming the
stability of the identified principal components. Correlation patterns: The analysis revealed
strong correlations between temperature, solar radiation, and wind speed with PM; 5
concentrations. Specifically, PM; 5 levels were negatively correlated with temperature
and solar radiation, indicating that higher temperatures and more intense solar radiation
contribute to a higher atmospheric boundary layer (ABL), which promotes the dispersion
of pollutants. In contrast, the PM, 5 levels were positively correlated with relative humidity,
suggesting that more humid conditions are associated with higher pollutant concentrations,
likely due to reduced dispersion and increased secondary aerosol formation.

5.3.2. Multiple Linear Regression (MLR) and Generalized Additive Model (GAM)

MLR was conducted on the dataset and provided detailed insights into the relation-
ships between the PM, 5 concentrations and various meteorological variables in the Aburra
Valley. In this sense, we highlight the key significant predictors. Temperature: The MLR
analysis reveals a significant negative relationship between temperature and PM, 5 con-
centrations. This indicates that higher temperatures are associated with lower levels of
PMj 5, likely due to enhanced atmospheric mixing and dispersion. Solar radiation: There
is a significant positive correlation between solar radiation and PM, 5 concentrations. This
somewhat counterintuitive finding may be explained by the role of solar radiation in pho-
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tochemical reactions that generate secondary aerosols. Wind speed: Wind speed negatively
correlates with PM, 5, suggesting that higher wind speeds facilitate the dispersion of par-
ticulate matter, reducing concentrations at the surface. Wind direction: The impact of wind
direction on PMj; 5 concentrations is less pronounced, with significant effects observed in
some cases but not others. This variability may be due to the complex topography of the val-
ley, which influences local wind patterns. Precipitation: Contrary to common assumptions,
this study found no significant relationship between rainfall and PM, 5 concentrations. This
finding should be supported in the future by different analyses of the Aburra Valley data.
Temporal consistency: The relationships between PM, 5 and the meteorological variables
remained consistent across the pre-pandemic and pandemic periods. This consistency
suggests that the underlying meteorological drivers of PMj; 5 concentrations are stable
over time, regardless of variations in human activities. Diurnal patterns: The diurnal cycle
analysis shows that PMj 5 concentrations peak in the early morning hours (around 06:00 to
08:00), corresponding with low temperatures and high relative humidity. These conditions
limit atmospheric mixing and facilitate the accumulation of pollutants near the surface.
The atmospheric boundary layer (ABL) height, solar radiation, and temperature exhibit
peaks around midday. Higher ABL heights during the day promote the dispersion of
PM; 5, leading to lower concentrations. The following are implications for environmental
management. Targeted mitigation strategies: The strong negative correlation between wind
speed and PMj 5 suggests that enhancing urban ventilation could be an effective strategy
to reduce pollution levels. This could involve urban planning measures such as increasing
green spaces and designing buildings to optimize airflow. Given the positive correlation
with solar radiation, strategies to mitigate secondary aerosol formation might be necessary,
particularly during periods of high solar radiation. The results obtained from the Gener-
alized Additive Model (GAM) indicate a nuanced relationship between meteorological
variables and PMj 5 concentrations. The GAM achieved a Mean Squared Error (MSE) of
98.04, a Root Mean Squared Error (RMSE) of 9.90, and an R-squared (R?) value of 0.24,
suggesting a slightly superior fit compared to the linear model, which reported an MSE of
100.49, RMSE of 10.02, and R? of 0.22. These findings imply that the GAM can better accom-
modate the non-linear dynamics inherent in atmospheric processes compared to the linear
regression model, although the overall performance remains moderate. The Akaike Infor-
mation Criterion (AIC) and Bayesian Information Criterion (BIC) values further support
this observation, with GAM recording 110,051.34 and 110,140.63, respectively, in contrast
to the linear model’s AIC of 110,407.45 and BIC of 110,460.67. This analysis reinforces the
complexity of atmospheric dynamics and highlights the importance of using advanced
modeling techniques like GAM to understand the relationships between meteorological
factors and particulate matter concentrations, particularly in urban environments affected
by anthropogenic activities.

5.4. Atmospheric Dynamics

The diurnal dynamics of PM; 5 in the Aburra Valley, Colombia, reveal significant
interactions with various meteorological variables. Here is a detailed description based on
this study.

Diurnal cycle and PM; 5 concentrations: Morning peaks: PM; 5 concentrations are
highest in the early morning hours (06:00 to 08:00). This is due to the lower atmospheric
boundary layer (ABL) height during these hours, which restricts the vertical dispersion
of pollutants. Additionally, this period coincides with increased traffic emissions, further
contributing to higher PMj 5 levels. Midday lows: As the day progresses, solar radiation
increases, which leads to a rise in the ABL height. The higher ABL enhances the disper-
sion of pollutants, resulting in the lowest PMj; 5 concentrations around midday. Evening
increase: In the evening, as solar radiation decreases, the ABL height lowers again, lead-
ing to an increase in PM) 5 concentrations. This period also sees another peak in traffic
emissions, contributing to higher PM; 5 levels. Temperature and solar radiation: There is
an inverse relationship between temperature, solar radiation, and PM, 5 concentrations.
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Higher temperatures and solar radiation typically result in a higher ABL, promoting better
dispersion of pollutants and, thus, lower PM; 5 levels. Conversely, lower temperatures and
reduced solar radiation (common in the early morning and evening) contribute to higher
PMj 5 concentrations due to a lower ABL height. Wind speed and direction: Wind speed is
inversely related to PM; 5 concentrations. Lower wind speeds (below 1 m/s) are associated
with higher PM; 5 levels due to reduced horizontal dispersion. The direction of the wind
also impacts PM, 5 concentrations. Winds coming from less urbanized areas (southwest
to northwest) are associated with lower PM, 5 levels, whereas winds from urban areas
lead to higher concentrations. Atmospheric boundary layer (ABL): ABL height plays a
crucial role in the diurnal cycle of PM; 5. During nighttime and early morning, the ABL is
lower, leading to higher PM), 5 concentrations due to limited vertical dispersion. During the
daytime, especially in the afternoon, ABL height increases significantly, which enhances
the vertical mixing and dispersion of pollutants, resulting in lower PM; 5 levels. The
concentration of PM, 5 particulate matter in the Aburra Valley is significantly influenced by
a range of meteorological factors, including solar radiation, topography, and atmospheric
boundary layer (ABL) height. Understanding these relationships is crucial for developing
effective pollution management strategies, especially given the public health implications
of PMj; 5, which include respiratory and cardiovascular diseases. Solar radiation plays a
pivotal role in the diurnal cycle of PM; 5 concentrations. This study indicates that solar
radiation and temperature exhibit similar diurnal patterns, with peaks around midday.
This is due to the delayed effect of radiation heating the surface, which subsequently
raises the temperature. As solar radiation increases, the temperature rises, leading to the
expansion of the ABL. A higher ABL allows for greater dispersion of pollutants, thereby
reducing surface PM, 5 concentrations. Conversely, during periods of low solar radiation,
such as the early morning or late evening, the ABL is lower, and pollutants accumulate
closer to the surface, resulting in higher PM; 5 levels. The topography of the Aburra Valley,
characterized by its narrow structure and surrounding mountainous terrain, significantly
influences local wind patterns and atmospheric stability. The valley’s topography restricts
airflow, which can lead to the trapping of pollutants. During nighttime and early morning,
the valley experiences stable atmospheric conditions, which further restrict vertical mixing
and promote the accumulation of PM; 5 near the ground. In contrast, daytime heating can
induce convective currents, enhancing vertical mixing and the dispersion of pollutants.

There are some aspects of discussion related to the role of aerosol transport due to
winds. The valley’s topography channels wind flow, which can enhance wind speed in
certain areas; this is crucial in the transport of aerosols, both horizontally and vertically.
Horizontal transport is affected by daytime and nighttime winds. Daytime winds: During
the daytime, the valley experiences up-valley winds driven by thermal differences between
the valley floor and surrounding highlands. These winds can transport pollutants from
urban areas to less populated regions, potentially affecting air quality over a broader
area. Nighttime winds: At night, the cooling of the valley slopes leads to down-valley
winds. These winds can concentrate pollutants in lower areas, particularly urban centers,
exacerbating pollution levels during early morning hours. Vertical mixing is affected by
different wind speeds. Strong winds and turbulence: Strong winds enhance vertical mixing
in the atmosphere. Increased turbulence promotes the dispersion of aerosols through a
deeper atmospheric layer, temporarily reducing surface-level PMy 5 concentrations. This
study indicates that higher wind speeds are associated with lower PM; 5 levels due to
enhanced dispersion. Calm conditions: During periods of low wind speeds, vertical mixing
is limited, leading to the accumulation of pollutants near the surface. This is particularly
evident during stable atmospheric conditions in the early morning and late evening when
PMj; 5 concentrations are highest. Overall, PM; 5 concentrations have a correlation with
wind speed. The study shows a negative correlation between wind speed and PM;5
concentrations. Higher wind speeds generally correlate with lower PMj 5 levels due to
better dispersion. However, this relationship is not strictly linear, as other factors, such as
wind direction and local emissions, also play a role.
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5.5. Future Developments

We recognize the potential for machine learning models and Generalized Additive
Models (GAMs) to complement our findings by capturing complex, non-linear relation-
ships between meteorological variables and PM; 5 concentrations more precisely. In this
sense, the application of the GAM made in this study can be modified and improved. While
our current approach focused on linear regression and a basic applications of GAM to
interpret general trends, machine learning techniques, such as random forests or support
vector machines, could provide deeper insights into variable interactions and improve
predictive accuracy. Deeper applications of GAMs, in futures works, specifically, would
allow for flexible modeling of non-linear relationships without overfitting, which could
be beneficial given the variability and seasonal trends in our dataset. Integrating these
advanced methods could enhance our understanding of how specific meteorological factors
influence PMj; 5 levels, offering a more detailed representation of atmospheric conditions
and pollutant behavior in the Aburré Valley. This approach could also support the devel-
opment of targeted air quality interventions by identifying key environmental drivers of
pollution in different meteorological contexts. Ref. [59] effectively utilized Generalized
Additive Models (GAMs) to separate meteorological influences from lockdown-induced
changes in PMj, 5 and NO, concentrations, demonstrating the impact of boundary layer
height, humidity, and other weather variables on air quality outcomes. This approach is
highly relevant to our study as it underscores the importance of accounting for non-linear,
time-varying meteorological effects when assessing PM; 5 dynamics. Applying GAMs as
Hua et al. did could offer enhanced interpretability of our findings, allowing for a more pre-
cise isolation of pollution changes attributable to local emissions and natural conditions in
the Aburrd Valley. Such insights could also refine the model’s predictive performance and
provide a clearer understanding of the implications for air quality management strategies in
similar urban topographies. The study by [60] provides valuable insights into the complex
dynamics of air pollutant concentrations, emphasizing that meteorological factors often
mask emission reduction effects. By employing deweathered data to separate emission ef-
fects from meteorology, the study reveals that observed reductions in NO, and increases in
O3 were less substantial than anticipated during the COVID-19 lockdowns. This approach
highlights the importance of accounting for meteorological variability when assessing
pollution reduction interventions. Incorporating similar deweathering techniques in future
research on PMjy 5 in the Aburra Valley could refine our understanding of the impact of
short-term pollution interventions and further clarify the roles of specific meteorological
conditions in pollutant dispersion and concentration patterns, ultimately supporting more
accurate predictions and effective air quality strategies.

6. Conclusions

This study on PMj 5 in the lower troposphere and its meteorological links is essential
for guiding public health measures and urban management in cities impacted by anthro-
pogenic pollution, as seen in Medellin within the Aburré Valley. The research characterizes
the diurnal cycles of meteorological variables in the Aburré Valley (Colombia) and their
relationship with particulate matter PM, 5. Additionally, this research calculates the cor-
relations between various meteorological variables and PM; 5 using classical statistical
data analysis tools, including probability mass functions, principal component analysis
(PCA), and multiple linear regression models. In general, this work presents a high level
of complexity associated with the behavior of each hydrometeorological variable due to
conditioning factors such as tropical hydrometeorology and the orographic conditions of
the region of the study site, which causes a surface wind regime tied to the narrow valley
conditions. Furthermore, the homogeneity, consistency, and record length of time series are
critical aspects to consider prior to any quantification. This approach also characterizes the
diurnal cycles of meteorological variables in the Aburra Valley (Colombia) and their rela-
tionship with particulate matter PM, 5. The key results include the following. Correlation
consistency: Temperature and solar radiation maintain a significant but stable relationship



Sustainability 2024, 16, 10250

27 of 30

with PM; s during both the pre-pandemic and pandemic periods. PM,5 Peaks: PM; 5
concentrations peak at around 7:00 CLT, preceding the ABL height peaks for both PGE and
non-PGE events. Regarding the diurnal cycle, there is consistency among temperature, ABL
height, and solar radiation, which show peaks at around 10:00 and 13:00 CLT. Furthermore,
the precipitation, relative humidity, and PM; 5 exhibit opposite behavior to those variables
previously mentioned. Moreover, the diurnal cycle analysis for the episode management
(PGE) and non-PGE periods reveals that PMj; 5 peaks (at around 7:00 CLT) lead ABL height
for the PGE and non-PGE events. This behavior is consistent for all events analyzed. The
analysis of relative frequency functions considering rainless and rainy periods indicates
that the PM, 5 relative frequency functions exhibit similar behavior for daytime and for
nighttime. Likewise, the relative frequency functions show differences of less than 5%.
Then, although some authors state that rainfall is a process that facilitates atmospheric
cleaning [11,19], our findings do not show a strong relationship between rainfall and the
presence of PM, 5 particulate matter. From the graphical analysis, in the daily cycle, it can
also be observed that inverse behavior in certain moments of the day between the presence
of PM, 5 particulate matter and the atmospheric boundary layer ABL height occur, both
for periods of management of environmental pollution episodes (PGE) and for non-PGE
periods. During the period from 3:00 CTL to 8:00 CLT, when ABL is low, the PM, 5 values
are at higher levels. In particular, the behavior of the boundary layer presents a time lag
of approximately 1 or 2 h in the morning to begin its ascent in the PGE with respect to
the non-PGE, indicating a delayed dispersion of pollutants over time at the beginning of
the day. The main objective of this work, described as establishing possible relationships
between meteorological variables and PMj 5, lends itself to multiple statistical techniques,
among which it is suggested to continue working with principal component analysis. Its
objective is to transform a set of correlated variables into a new set of uncorrelated variables
that best represent them. This technique seeks to reduce the dimensionality in which the
original set of variables is expressed. Regarding principal component analysis (PCA), we
analyzed possible differences in the hydrometeorological dataset, including PM, 5 data for
two periods: pre-pandemic (1 April 2019 to 31 March 2020) and pandemic (1 April 2020 to
16 August 2022), separately. In this analysis, we include the continuous time series in the
mentioned periods. The objective is to quantify if there is a significant difference in the
variance explained by the principal components (PCs) in such cases. Our results showed
that the first PC explained around 60% of the variance in the set of variables, and the second
PC (and so on) explained less than 10% for both the analyzed cases. In this sense, there
is no significant difference between both PCAs. Moreover, we carried out an analogous
PCA but selected (from the time series) the most predominant particulate matter events
based on the historical PGE information for the available record length. Multiple linear
regression analysis (MLR) was another tool used to establish the statistical relationship
between the meteorological variables of temperature, solar radiation, wind speed, wind
direction, and precipitation and the PM; 5 variable. Although the dependence of PM; 5
on temperature and solar radiation is significant, it remained in the same order of mag-
nitude for both periods, which implies that the pandemic and pre-pandemicperiods did
not change the statistical relationship between these meteorological variables and PM; 5.
The results from the Generalized Additive Model (GAM) reveal a complex relationship
between meteorological variables and PM; 5 concentrations. While the GAM demonstrates
a slightly improved fit compared to the linear regression model, both models highlight the
intricate dynamics of atmospheric processes. This underscores the necessity of employing
advanced modeling techniques like GAM to effectively capture the non-linear interactions
between predictive meteorological factors and PMj 5 levels, emphasizing the challenges in
understanding pollution dynamics in urban environments. The findings of our research
confirm that the dynamics of PM; 5 levels are dependent on the weather conditions of
the city; they also confirm the need to carry out the adequate planning of daily activities
with the objectives of reducing emissions associated with transportation and exposure
associated with human activity schedules, mainly in vulnerable groups. These must be
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taken into account in the institutional planning of massive programs to promote outdoor
physical activity in people over 60 years of age and physical education in groups of children
under 5 years of age in schools [61-63].
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