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Abstract—Suspended particle pollution (PM;) represents a
serious public health problem in Metropolitan Lima, since its
high levels are related to an increase in respiratory and heart
diseases. This work aims to anticipate PM;o concentrations in
seven districts of Lima using a multiple linear regression (OLS)
model with the Ridge and Lasso regularization techniques. PM; s
and NO; were selected as predictors because they were the
only pollutant variables available in the SENAMHI monitoring
dataset; hourly records collected between 2015 and 2024 were
used, yielding 169,308 observations after removing missing values
and outliers. The data were separated into 80% for training
and 20% for validation, applying cross-validation to determine
the most appropriate regularization parameter. The final model
reached a coefficient of determination (R?) of 0.23 and a mean
squared error (MSE) of 521 in the test set. The findings indicate
that PM,s is the main factor that predicts PM;y, while NO,
exerts a secondary impact. Although the predictive capacity
of the models is limited, the use of both Ridge and Lasso
helped stabilize the coefficients and minimize overfitting. Given
this limited explanatory power, the model should be regarded
as an initial, interpretable baseline for PM;y monitoring in
Metropolitan Lima rather than an operational forecasting tool.
It is suggested to include meteorological variables and investigate
non-linear models in future studies to enhance the accuracy and
usefulness of the model in air quality management.

Keywords—Multiple linear regression; particulate matter of 10
micrometers or less (PMy); particulate matter of 2.5 micrometers
or less (PM,.s); nitrogen dioxide (NQO;); ridge regularization; Lasso
regularization

I. INTRODUCTION

Over the past few decades, rapid industrialization, in-
creased fossil fuel consumption, population growth, urban-
ization, and other human-induced changes have dramatically
increased air pollution throughout the world [1]. Air pollution
is one of the main environmental and public health challenges
worldwide, especially in large urban centers. This phenomenon
is mainly caused by a combination of industrial emissions,
pollution from transport, waste burning, and other domestic
activities. Its effects are manifested in the deterioration of the
environment and have direct impacts on human health, causing
diseases such as lung cancer, asthma, chronic bronchitis,
and heart disease [2]. Among the most studied atmospheric
pollutants is particulate matter, which is a complex mixture of
solid particles and aerosols composed of microscopic droplets
of liquid, dry solid fragments, and solid cores with liquid
coatings [3]. Some of these particles have a diameter of less
than or equal to 10 micrometers (PM;q), which, due to its

small size, can soak deep into the respiratory system and even
reach the bloodstream, generating a series of adverse effects on
human health [4]. In addition, recent studies have shown a sig-
nificant correlation between critical levels of air pollution and
subjective satisfaction with life [5]. Epidemiological studies of
the last decade have found a positive association between the
concentration of PMj and the increase in total, respiratory, and
cardiovascular mortality as a consequence, even at exposure
levels below the air quality standards established by the
United States Environmental Protection Agency [6],[7],[8]. In
addition, PMs have been found to reach the brain both through
the olfactory pathway and through blood circulation, which
can have serious implications for neurological health, such
as neurodegenerative diseases [9]. Another study also found
that the contaminant PM| is considered a determining factor
in the pathophysiology and aging of the skin, as well as in
the appearance of dermatological diseases [10]. The WHO
establishes a threshold of 45 pg/m? for 24-hour exposure and
15 p1g/m? for annual exposure, limits that have been widely
exceeded in some urban regions [11].

Various studies in Latin American and Asian cities have
shown the impact of PM;y on public health. In Temuco, Chile,
a positive association was found between PM;y concentrations
and mortality due to respiratory and cardiovascular causes [12].
In La Paz, even without exceeding national limits, PM;o was
related to an increase in medical consultations for respiratory
conditions and acute symptoms such as cough and shortness
of breath [13]. Likewise, in the Seoul metro, high concentra-
tions of PM;y exceeded background urban values and were
associated with more episodes of respiratory diseases among
workers and frequent users [14]. In Iran, prolonged exposure
to high levels of PM;, was associated with unacceptable
risks of cancer and other adverse public health effects, far
exceeding recommended values [15]. Research carried out in
Poland has examined the correlation between air pollution
and the appearance of respiratory diseases such as COVID-19.
Although recent research did not find a systematic correlation
between infection rates and exposure to high levels of PM; s
and PMjg, it was noted that the periods of low levels of
these particles were linked to a reduced incidence of the
disease [8]. A study carried out in the city of Andimshk
also highlights the serious impacts of prolonged exposure
to PMjg, with 39.31% of short-term deaths associated with
air pollution. These findings underscore the importance of
preventive strategies, such as wearing masks and reducing
outdoor activities on days with high concentrations of particles,
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to protect public health from the adverse effects of air pollution
[16],[17]. On the other hand, a more recent study on the spatio-
temporal variability of particulate matter (PM;9 and PM;s)
and ozone (O3) in Barranquilla, Colombia, found average
PMo concentrations of 46.4 pg/m?, 51.4 pg/m®, and 39.7
ug/m3, depending on the season. These concentrations were
higher in the south of the city, due to local sources such as
traffic and industrial activities [18]. In Metropolitan Lima and
Callao, a DIGESA study identified PM( as the main pollutant,
registering in districts such as Carabayllo concentrations 333%
higher than the Peruvian annual standard. At the same time,
in coastal areas the levels were lower. This scenario highlights
the need for specific control strategies to reduce the burden of
PM|y and protect public health in critical areas [19].

The measurement and prediction of PM(, concentrations
have become central to pollution prevention and control [20].
However, most predictive studies on PM;y remain confined
to specific geographical contexts and rarely establish a trans-
parent, reproducible baseline before adopting more complex
modeling strategies; for Metropolitan Lima, no prior study has
evaluated regularized linear regression as an interpretable refer-
ence model using only routinely monitored pollutant variables.
This gap limits local authorities’ ability to understand which
variables drive PM ¢ variability before investing in more data-
intensive approaches.

Ridge and Lasso regression were selected over more ad-
vanced algorithms, such as Random Forest or gradient boost-
ing, for three reasons: they produce interpretable coefficients
valuable for environmental policy design; with only two pre-
dictors (PM,s and NO,) available, the added complexity of
nonlinear or ensemble methods is not justified and risks over-
fitting; and regularization directly addresses multicollinearity
and coefficient instability while preserving the transparency
needed for a benchmarkable baseline.

The general objective of this study is to develop a predictive
model of PM |, using multiple linear regression regularized by
Ridge and Lasso, from PM, s and NO, data collected in seven
districts of Metropolitan Lima between 2015 and 2024 [21].
Specifically, it aims to: 1) quantify the relative contribution
of PM;,5 and NO, to PMjo; 2) compare the predictive per-
formance of OLS, Ridge, and Lasso under a common cross-
validation framework; and 3) establish an interpretable baseline
for future, more sophisticated approaches. These findings will
support more rigorous air-quality monitoring and evidence-
based environmental management in Metropolitan Lima.

II. RELATED WORK

In recent years, various studies have used Machine Learn-
ing models for the prediction of atmospheric pollutants, seek-
ing to anticipate dangerous concentrations at specific points.
These investigations have focused mainly on Multiple Linear
Regression algorithms and their regularized variants, Ridge and
Lasso, on a set of data extracted from different cities.

One of these investigations was carried out in India, where
a predictive model based on Machine Learning was developed
to estimate air quality (AQI) from the concentrations of various
pollutants, comparing the aforementioned models and their
results of RMSE and MSE metrics, it was concluded that
Standard Multiple Linear Regression (OLS) obtained better
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performance, implying that regularization does not always im-
prove accuracy when the variables do not have high correlation
[22].

On the other hand, recent research conducted in Junin,
Peru, also proposed a predictive Machine Learning model
to estimate air quality behavior using environmental records
such as temperature, humidity, and pressure. In this case,
PM2.5 AQI corresponding to the air quality index based on
the concentration of fine particles, was predicted. Linear Re-
gression, Ridge, Lasso, and Elastic Net models were applied.
The results showed that Ridge reached more stable values in
RMSE and R2, so the authors concluded that the integration
of environmental variables in regularized regression models
improves the predictive capacity and accuracy of the model
[23].

Likewise, another study carried out in Lima Este developed
a Linear Regression model to analyze the relationship between
PM,y and PM; 5 concentrations. The results showed a highly
significant relationship between both variables and relevant
coefficients, which evidences a good fit for the model and the
ability to estimate PM; s levels from PM,q [24].

The studies carried out confirm that Multiple Linear Re-
gression models and their regularized variants offer positive
results in predicting air quality. However, most of this type of
research has been carried out in specific geographical areas,
which limits the generalization of its results. More recently,
other authors have moved beyond linear formulations toward
ensemble and deep-learning architectures, seeking to capture
nonlinear relationships that regression-based models cannot
represent.

One such study, conducted in Jiangxi Province, China,
developed a hybrid model that integrated Random Forest and
XGBoost to estimate high-resolution daily PM, s concentra-
tions from satellite reflectance, meteorological, topographic,
and vegetation data. The hybrid approach substantially reduced
prediction error compared with a standalone Random Forest
baseline, showing that combining both algorithms captures
nonlinear relationships that a single ensemble method cannot
fully represent [25].

Likewise, a study carried out in Tarnéw, Poland, com-
pared three ensemble supervised learning algorithms, Decision
Tree (CART), Random Forest, and Cubist Rule, to predict
PM,y concentrations and estimate long-term pollution trends
after meteorological normalisation. Random Forest and Cubist
achieved noticeably higher accuracy than the simpler Decision
Tree approach, and air temperature and boundary layer height
were consistently identified as the strongest predictors of PM g
variability across all three algorithms [26].

In a related effort, research conducted in Macao proposed
a stacking ensemble learning model that used LSTM and
XGBoost as base learners and LightGBM as the meta-learner
to predict PM, 5 concentrations from historical pollutant and
meteorological data collected between 2015 and 2023. Across
several evaluation metrics, this combined architecture sur-
passed each of its constituent learners, LSTM, CNN, Random
Forest, and XGBoost, when applied individually, illustrating
the benefit of combining heterogeneous learners for particulate
matter forecasting [27].
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Additionally, a study developed for Shanghai and Kaoh-
siung introduced a dual-channel deep learning model that
fused surveillance images with atmospheric, meteorological,
and temporal data to forecast PM, 5 and PM)( concentrations.
The proposed VGG16-LSTM architecture achieved a strong
fit for both pollutants on the Shanghai dataset and retained
this level of accuracy when subsequently validated on two
independent stations in Kaohsiung, Taiwan, confirming its
adaptability across different urban contexts [28].

Finally, a comparative study conducted in Abu Dhabi,
United Arab Emirates, evaluated Decision Tree, Random For-
est, Support Vector Regression, Convolutional Neural Net-
works, LSTM, and Facebook Prophet for forecasting PM; s
and PM;y over multiple horizons (1-2 hours, 1 day, and 1
week) using five years of data from six monitoring stations.
Support Vector Regression performed best for PM, 5 across
both short-term horizons, Convolutional Neural Networks led
PM, forecasts only at the 1-hour horizon (with SVR regain-
ing the lead at 2 hours), and Facebook Prophet consistently
outperformed the rest at longer horizons (1 day and 1 week)
for both pollutants [29].

TABLE I. COMPARISON OF RECENT STUDIES ON PARTICULATE MATTER

MODELLING

Study Predictors Algorithm(s) Key finding
Soria et al.[PM;g, monitoring | OLS regression Coef. 0.57-0.67
[24] setting by setting
Xie et al. [17] | Meteorology, NOx, |PCA + XGBoost Accurate multi-

SO,, CO, VOCs pollutant
Olarte et al. | Temperature, humid-|OLS, Ridge, Lasso, EN R? = 0.148,
[23] ity, pressure RMSE = 25.36

Tang et al.|Reflectance, meteo-|RF + XGBoost (hybrid) | R? = 0.82
[25] rology, DEM, NDVI

Gora & |Meteorology, ERAS, | CART, RF, Cubist

R? ~ 0.88-0.89

Rzeszutek trend, calendar

[26]

Tian et al.|Historical pollutants,|Stacking Outperforms base
[27] meteorology (LSTM+XGB+LGBM) |learners

Wu et al. [28] | Pollutants, meteorol- | Dual-channel VGG16-|R? = 0.95/0.90
ogy, images LSTM
Abuouelezz et | Historical pollutants, | DT, RF, SVR, CNN, | Varies by horizon
al. [29] meteorology LSTM, Prophet

Table I shows that nonlinear ensembles and deep-learning
models generally exploit a broader range of meteorological,
spatial, temporal, and visual predictors than linear approaches.
Their reported results demonstrate the value of capturing
nonlinear and spatio-temporal relationships, but they also re-
quire more heterogeneous data and substantially greater model
complexity. In this sense, the present study proposes the imple-
mentation of a Multiple Linear Regression and Ridge model
that allows predicting PMog from PM;5 and NO,, applied in
Metropolitan Lima, home to over 10.29 million inhabitants
(30.2% of the national population), a figure equivalent to the
combined population of the country’s six other most populous
regions [30]. Its contribution is therefore not superior predic-
tive accuracy, since OLS, Ridge, and Lasso explain only about
23% of PMjy variability. Rather, the comparison establishes
the performance attainable with a parsimonious, interpretable
model for this densely populated area, and identifies the
inclusion of meteorological variables and nonlinear learners
as the clearest direction for subsequent improvement.
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III. METHODOLOGY
A. Data

The data for this study come from the National Meteoro-
logical and Hydrological Service of Peru (SENAMHI) through
its Network of Automatic Air Quality Monitoring Stations in
Metropolitan Lima, which provides validated hourly measure-
ments of PM;g, PM; 5, and NO; in the period 2015-2024. Each
record includes station information: name, latitude, longitude,
altitude, department, province, district, and ubigeo, along with
the date, time, and concentrations of the three pollutants: PMy,
PM,; s, and NO,.Of these, PM, 5 and NO, were used as pre-
dictor variables because they are the variables available in the
dataset most directly related to the formation of PMo; PM; s as
it is a granulometric fraction contained within PM;y, and NO,
as it acts as a tracer of vehicular emissions. It should also be
noted that the dataset does not include meteorological variables
such as temperature, humidity, or precipitation; consequently,
these variables were not incorporated into the model despite
their known influence on PM;, concentrations.The seven se-
lected stations, located in the districts of Carabayllo, Campo de
Marte, San Martin de Porres, San Juan de Lurigancho, Santa
Anita, San Borja, and Villa Maria del Triunfo (see Fig. 1),
allow a representative analysis of the spatial and temporal
variability of air quality in Metropolitan Lima.

PE2

Callao
1a

Fig. 1. Location of the monitoring stations in Metropolitan Lima.

B. Model Implementation

1) Multiple Linear Regression: The linear regression model
is a statistical technique that allows predicting the value of a
dependent variable as a result of the relationship between this
variable Y and a set of independent variables X2, X3, ..., Xj.
In its population form, it is expressed as [24], [31]:

Yi = fr+BeXoi+ -+ B Xii +u; (1=1,...,n), (1)

where, §; is the intercept, 8; (for j = 2,...,k) are the
partial coefficients indicating the mean change in Y per unit
of X, and u; represents the random error term. By grouping
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the n observations, the system can be written in matrix form
[24], [31]:

Y 1 Xor Xz ... Xia b1 uy
Y, 1 Xoo Xz Xk B2 Uz
=1 . . . |t . = Y = X8 + u
Yol \l Xow Xaw oo X \Bi
N~—— S~—— N——
Y X B8 u
2
Under the classical assumptions (linearity in parameters,
E[u;] = 0, homoscedasticity, independence, and absence of

perfect multicollinearity), the 3 parameters are estimated using
the Ordinary Least Squares (OLS) method as

B=(X"X)"'XTY,

ensuring that the estimators are the best linear unbiased
(BLUE). In addition, the goodness of fit is evaluated with R?,
and ¢ and F' tests are performed to verify the significance of
the coefficients where Y is the dependent variable, X; are the
independent variables, (3; are the coefficients of the model, and
€ is the error term.

In this study, Y corresponds to PM; levels, while X; and
Xo correspond to PM; 5 and NO,, respectively. The model will
be adjusted using the ordinary least squares method (OLS).

2) Ridge regression model: Ridge regression (Ridge) is an
extension of the least squares technique that allows addressing
the problem of multicollinearity between predictor variables,
common in models with highly correlated variables. This
method introduces a penalty on the magnitude of the coeffi-
cients, controlled by a A parameter, which gives rise to biased
estimators, but with less variance, thus facilitating better gen-
eralization and reducing overfitting. Unlike the Lasso model,
Ridge decreases all the coefficients of the correlated predictors,
but does not bring them exactly to zero, thus allowing for
the use of the information of all the variables included in the
model. Mathematically, the Ridge regression seeks to minimize
the sum of the squared residuals and a proportional penalty to
the square of the norm of the coefficients, as expressed in the
following Eq. (3):

Bm‘dge = argming {HY - Xﬂ”% + )\||ﬂ||§} 3)

This formulation allows for more stable and robust esti-
mates, especially in contexts where there is multicollinearity
or a large number of predictor variables [32], [31].

3) Lasso regression model: Lasso regression is an exten-
sion of the least squares (OLS) model that incorporates a
penalty on the sum of the absolute values of the coefficients.
Unlike the Ridge model, Lasso can reduce some coefficients to
exactly zero, which allows the elimination of variables that do
not contribute to the model. This is a feature that is useful when
working with a large number of variables. Mathematically,
the Lasso model seeks to minimize the sum of the squared
errors together with a penalty applied to large coefficients, as
expressed in the following Eq. (4):

Blass = argming {||Y — XA[|% + A|B]1} )
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This formulation favors simpler and more generalized
models, avoiding overfitting, and improving interpretability by
selecting only the most relevant variables [32], [31].

C. Data Pre-Processing

Data pre-processing was performed. Since the data had
empty records and outliers, as shown in Fig. 2, that could affect
the quality of the predictive model; the rows that contained
null data in at least one of the variables PM;o, PM, s, or NO,
were cut. Likewise, only complete records were kept to ensure
that the model had consistent and representative data for the
analysis. Subsequently, outliers were identified and removed
by applying Tukey’s criterion based on the interquartile range
(IQR), considering as an outlier any observation outside the
interval [Q1 — 1.5 X IQR, Q3+1.5xIQR)], where @)1 and Q3
correspond to the 30th and 70th percentiles of each variable,
respectively, and IQR = Q3 — (1. This filtering was applied
sequentially to the three variables. In this way, representative
and adequate data for predictive analysis were guaranteed.

800 1000

centration (ug/m*)
600

400

Con

200

= 1 —

E———— _—

T T T
PM10 PM2_5 NO2

Particle Type

Fig. 2. Initial distribution of PMjy, PM; 5 and NO,.

D. Exploratory Data Analysis (EDA)

Subsequently, an Exploratory Data Analysis (EDA) was
performed, a fundamental step due to the large volume of
information. The EDA allowed for the identification of pat-
terns, correlations, and possible anomalies in the data related
to the concentrations of PM;y, PM, 5, and NO,. In addition,
visualization and descriptive statistics tools were used to
better understand the distribution and behavior of the variables
studied, using box diagrams and histograms.

E. Data Splitting

A division of the data was carried out: the data were divided
into two complementary subsets: 80% of the observations
integrated the training set, used to adjust the parameters of
the regression models, and the remaining 20% constituted the
test set, used to evaluate the predictive performance of the final
solutions.

F. Cross-Validation Procedure

To select the optimal regularization parameter \ for the
Ridge and Lasso models, k-fold cross-validation was applied
on the training set (k = 10). In this procedure, the training data
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are randomly partitioned into k equally sized folds; the model
is fitted on k£ — 1 folds and evaluated on the remaining fold,
and this process is repeated k times so that each fold serves
once as the validation set. The mean squared error (MSE) is
averaged across the k iterations for each candidate value of A,
producing the cross-validation curve shown in Fig. 6 and 8.

Two values of A were considered for each model: A\,
the value that minimizes the cross-validated MSE, and \;,.,
the largest value of A\ within one standard error of A,,;,. The
latter was selected to fit the final models, following the one-
standard-error rule, which favors a more parsimonious model
with a comparable predictive performance and reduces the
risk of overfitting to the training set. A fixed random seed
(set.seed (1235)) was used to ensure the reproducibility
of the fold partitioning.

G. Model Evaluation

Finally, performance metrics such as mean absolute error
(MAE), mean squared error (MSE), root mean squared error
(RMSE), and coefficient of determination (R?) were used to
evaluate the accuracy and robustness of the model.

H. Software Implementation

All statistical analyses and predictive modeling were per-
formed in the R language (version 4.5.1, 2025-06-13), using
the packages detailed in Table II.

TABLE II. R PACKAGES USED FOR MODEL IMPLEMENTATION

Package Version | Use

dplyr 1.2.1 Data manipulation

tidyr 1.3.2 Data transformation

readr 22.0 Dataset loading

tibble 33.1 Data structures

ggplot2 4.0.3 Results visualization

scales 1.4.0 Logarithmic scales in plots
corrplot 0.95 Correlation matrix

Hmisc 5.2-6 Correlation computation
reshape2 145 Data preparation for EDA
corrr 0.4.5 Correlation analysis
scatterplot3d 0.3-45 3D model visualization
skimr 222 Exploratory data analysis
DataExplorer | 0.9.0 Exploratory data analysis
glmnet 5.0 Ridge and Lasso model fitting
nortest 1.0-4 Normality test

IV. RESULT
A. Data Cleaning

The process began with the cleaning of the dataset, first
eliminating the records with null values and rows, which
reduced the dataset to 209,121 rows. Subsequently, outliers
were removed by applying Tukey’s criterion based on the
interquartile range (IQR), resulting in a final dataset of 169,308
observations, equivalent to the removal of 19.04% of the
data as outliers. Fig. 3 shows the new distribution of PMy,
PM, s, and NO; concentrations, where a significant reduction
in outliers is observed, which represents a more accurate and
adequate dataset for analysis.
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Fig. 3. Final distribution of PM;g, PM; 5 and NO; concentrations.

B. Statistical Analysis

The statistical results presented in Table III show that the
concentrations of atmospheric pollutants PM;y, PM, s, and
NO, evidence considerable variability in their levels through-
out the analyzed period. In the case of PM), the values range
between 2.31 and 126.74 pug/m?, with a median of 44.18 pg/m?
and a mean of 49.44 pig/m?, indicating the presence of some
high values but, in general, a moderate central tendency. For
PM, 5, concentrations vary between 2.30 and 43.94 ug/m3,
with a median of 18.40 pg/m3 and a mean of 19.99 ug/m?3,
also reflecting a slight asymmetry toward higher values. As for
NO,, the levels recorded range from 0.00 to 44.90 ppb, with
a median of 18.20 ppb and a mean of 19.30 ppb, showing
similar behavior in terms of dispersion and central tendency.
In all cases, the interquartile range reveals that most of the
data is concentrated at relatively low values, although there is
a proportion of measurements that reach significantly higher
levels. These results allow us to appreciate the diversity and
fluctuation of pollutants in the air, highlighting the importance
of continuing to monitor these variables to better understand
their impact on environmental quality and population health.

TABLE III. DESCRIPTIVE STATISTICS OF PM1g, PM2 5 AND NO2 ON THE
ANALYZED PERIOD

X Descriptive Statistics
Particle
Minimum Mean Median Maximum
PM1o (ug/m?) 2.31 49.44 44.18 126.74
PMa 5 (ug/m®) 2.30 19.99 18.40 43.94
NO2 (ppb) 0.00 19.3 18.2 449

C. Correlation Matrix

The correlation matrix presented in Fig. 4 shows the linear
relationship between the concentrations of PM;o, PM,5, and
NO, particles. In this matrix, a moderate positive correlation
can be observed between PM ¢ and PM, 5 (r = 0.48), indicat-
ing that both variables tend to increase together; however, their
relationship is not strong enough to consider them redundant.
On the other hand, there is a correlation between PM;o and
NO, (r = 0.17), as well as between PM, 5 and NO, (r = 0.23).
Both correlations are low, suggesting that NO, presents a
relatively independent behavior with respect to the fractions of
particulate matter analyzed. These results indicate that there is
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no significant multicollinearity between the variables analyzed,
allowing their use in predictive models. In addition, the relative
independence of NO, with respect to PM;y and PM; 5 may be
associated with differences in emission sources or atmospheric
processes that affect each pollutant.

PM10
PM:
O

PM10

PM2_5

NO2

Fig. 4. Correlation matrix of PMj9, PM; s and NO, particles.

D. Multiple Linear Regression Equation

In this study, a multiple linear regression model was built
using the Ordinary Least Squares method (OLS) to predict
PM concentrations (dependent variable) based on PM, 5 and
NO; concentrations (independent variables). The general form
of the model is represented in equation (5):

Y = Bo+ 1 Xy + foXo +€ )

where, Y represents the concentration of PM( (dependent
variable), X; corresponds to the concentration of PM;s and
X5 to the concentration of NO, (both independent variables);
Bo is the intercept, 1 and (o are the regression coefficients
associated with each independent variable, and ¢ is the error
term. The model was adjusted using the training set (80%). As
a result, the following equation (6) was obtained:

Ypar, = 19.2370934-1.344208- PM5 5+0.172471-N O3 (6)

In the model, it is observed that the intercept (19.237093
ug/m?’) corresponds to the base level of PM;y when PM; s
and NO, are zero. The PM; 5 coefficient (1.344208) indicates
that, keeping NO, constant, each increase of 1 ug/m? in PM, s
raises the prediction of PM ;o by 1.344208 jg/m?. For its part,
the NO, coefficient (0.172471) reflects an increase of 0.172471
;Lg/m?’ in PM;( for each additional unit of NO,, with fixed
PM,;s. The value of R? = 0.2335 shows that approximately
23.4% of the variability in PM( is explained by these two
variables.

Fig. 5 shows how, along the PM, s axis, each increase of
1 pg/m® raises PMjy by 1.344 pg/m3, while the effect of
NO, is milder (0.172 pg/m> per unit). The low corner of the
surface (PM,s = 5, NO, = 0) predicts PM;y ~ 25 pg/m?
and the high corner (PM,s = 45, NO, = 45) approximates
PM;, ~ 85 ug/m?, confirming that PM,s has a stronger
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impact on PMjy concentrations.All model coefficients were
statistically significant (p < 0.001), the intercept (t = 122.74),
PM; s (t = 212.65), and NO, (t = 30.64), confirming that both
variables contribute significantly to the prediction of PMy.
The 95% confidence intervals support this precision, the PM; s
coefficient ranges between 1.332 and 1.357 pg/m?3, and the
NO, coefficient ranges between 0.161 and 0.183 jg/m?. Since
the two intervals do not overlap, this confirms that PM;s
constitutes the predictor of greatest relative importance for
estimating PM .

0
PM10 9
a0

20

Fig. 5. Multiple linear regression PMjg, PM; 5 and NO,.

E. Optimization of the model using the Ridge technique

The adjustment of the Ridge model was carried out by
dividing the data into training (80 %) and test (20 %) sets,
using ridge regression to control overfitting and improve the
stability of the coefficients. To select the optimal regularization
parameter A, cross-validation was applied. Fig. 6 shows how
the mean squared error (MSE) varies when modifying A,
highlighting the minimum value found (An;, = 1.258057)
and the value suggested by the rule of a standard deviation
(A1se = 3.500618). This last value of A was used to adjust the
final model, and it was observed that the coefficients estimated
by Ridge (for example, 1.1844 for PM, 5 and 0.1805 for NO,)
are lower than those of the classic linear regression model,
evidencing the effect of the penalty.

............
~~~~~~
~~~~~
o,

650

Mean-Squared Error
600

550

S

-Log(2)

Fi

g. 6. Regularization parameter Lambda — Ridge model.

Fig. 7 below shows how the coefficients of the predic-
tor variables PM;s and NO, change as the regularization
parameter A\ increases. This graph shows the effect of the
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penalty applied by Ridge, where larger coefficients tend to
decrease progressively, while smaller coefficients stabilize.
This behavior results in more robust models, minimizing the
risk of overfitting.

08 1.0
1 !
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! 1

0.2

0.0
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Log(%)

Fig. 7. Evolution of the coefficients of the ridge model as a function of the
regularization parameter \.

After adjusting the final model using the value A
(3.500618) recommended by the cross-validation, the follow-
ing equation (7) was adjusted to predict PM;q:

Ypar, =22.2783 + 1.1844 - PMs 5 4+ 0.1805- NOy  (7)

The performance of the Ridge model, evaluated by means
of the mean squared error (MSE) and the coefficient of deter-
mination (R?), was similar in both training and testing (MSE
~ 531 and 521; R? ~ 0.23), indicating a good generalization
but a limited explanatory capacity, since only about 23% of the
variability of PMjq is explained. This regularization reduced
the magnitude of the coefficients without eliminating them,
which made it possible to obtain a more stable and less noise-
sensitive model.

F. Optimization of the Model Using the Lasso Technique

The adjustment of the Lasso model was carried out in
a similar way to the Ridge model, with the division of the
data into training (80 %) and test (20 %) sets. In this case,
Lasso regression was applied in order to control overfitting
and improve the interpretability of the model. To determine
the optimal regularization parameter A, cross-validation was
also used. Fig. 8 shows how the mean squared error (MSE)
varies as the value of A\ changes. It is observed that the MSE
decreases for low penalty values and then tends to stabilize,
highlighting the minimum value found (A, = 0.06871855)
and the value suggested by the rule of one standard deviation
(A1se = 1.119941). This last value of A was used to adjust
the final model, prioritizing lower complexity without loss
of precision in the results. In addition, it was observed that
the coefficients estimated by Lasso allowed the coefficients to
be progressively reduced compared to Ridge and OLS, which
evidences the ability to simplify the model while maintaining
a good predictive capacity.

Vol. 17, No. 8, 2026

Fig. 8. Regularization parameter Lambda — Lasso model.

Fig. 9 shows how the coefficients of the predictor variables
(PM,s and NO;) change as the regularization parameter A
increases. It is observed that as the penalty increases, the
coefficients decrease; some of these tend to be values close
to zero. This behavior reflects the main characteristic of the
Lasso model, which makes a selection of variables, reducing
the influence of the less relevant ones.

Coefficient

0.04

10" 100° 10° 10%° 10’
A

Fig. 9. Evolution of the coefficients of the Lasso model as a function of the
regularization parameter .

After adjusting the final Lasso model using the Az value
(1.119941) recommended by the cross-validation, the follow-
ing Eq. (8) was adjusted to predict PM:

Yp]uw = 22.9766 + 1.2434 - PM5 5 + 0.0831- NOs (8)

The performance of the Lasso model, evaluated by means
of the mean squared error (MSE) and the determination
coefficient (R2), was similar in both training and testing (MSE
~ 531 and 521; R? ~ 0.23), indicating a good generalization,
but a limited explanatory capacity, since only about 23%
of the variability of PM,q is explained. Unlike Ridge, the
model penalty reduced the coefficients toward near-zero values,
reflecting the simplicity and selection of important variables.

G. Benchmarking of Performance Between OLS, Ridge and
Lasso

The statistical results presented in Table IV show a very
similar performance among the three models evaluated, con-
sidering performance metrics such as the MAE, RMSE, MSE,
and the coefficient of determination R2. The OLS model
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TABLE IV. COMPARISON OF PERFORMANCE METRICS BETWEEN THE
MODELS

Performance Metrics

Model

MAE RMSE MSE R?
OLS 1834225 | 22.77559 | 518.7273 | 0.2365
Ridge | 18.39823 | 22.82010 | 520.7569 | 0.2335
Lasso | 18.42202 | 22.81856 | 520.6867 | 0.2336

obtained slightly lower errors, while Ridge and Lasso pre-
sented close metrics. Together, the models explain about 23%
of the variability of PMo.This relatively low R? value is
mainly explained by the simplicity of the model, which uses
only two predictor variables, and by the absence of factors
with recognized influence on PMjj, such as meteorological
variables and specific emission sources.

Compared with results reported in previous studies, the
performance obtained here is modest yet consistent with ex-
pectations for a parsimonious linear model using only two
pollutant predictors. Olarte et al. [23], applying Ridge and
Lasso regression to predict PM;s AQI in Junin using me-
teorological variables, reported a considerably lower R? of
0.148 and an RMSE of 25.36, suggesting that the present
model’s R? of approximately 0.23 already compares favorably
within the family of regularized linear approaches. In contrast,
studies that incorporated richer predictor sets and nonlinear
algorithms achieved substantially higher accuracy: Tang et al.
[25], using a hybrid Random Forest-XGBoost model with
satellite reflectance and meteorological data, reported an R?
of 0.82, while Wu et al. [28], employing a dual-channel
deep learning architecture that fused surveillance images with
atmospheric and meteorological data, reached R? values of
0.95 and 0.90 for PM, s and PM,y, respectively. This contrast
reinforces that the performance ceiling of the present model
is constrained primarily by the limited predictor set available,
rather than by the choice between OLS, Ridge, and Lasso,
and it further supports the recommendation to incorporate
meteorological and nonlinear modeling components in future
work.

V. DISCUSSION

Our comparative analysis of the OLS, Ridge, and Lasso
models reveals important findings about their performance
and usefulness for the prediction of PM;o concentrations. The
regularization techniques applied made it possible to stabilize
the coefficients of the model, showing how the penalty controls
overfitting by reducing the larger values and adjusting the
smaller ones. This behavior, observed in the trajectories of the
coefficients, demonstrates the ability of regularized models to
handle data with collinearities between the predictor variables
and generate more robust estimates.

The nearly identical performance between the regularized
models and OLS is explained by the low correlation between
PM,; s and NO; (r = 0.23) and the small number of predictors.
Since Ridge and Lasso primarily correct instability caused by
multicollinearity or a high number of variables.

The selection of the optimal parameter \ was carried out
through cross-validation in both cases, ensuring a balance
between the fit of the model and its ability to generalize. The
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recommended value was key to building a final model with
penalized coefficients that reflect a more controlled impact of
the predictor variables. However, although the adjusted models
explain 23% of the variability in PM;o concentrations, the
graphs obtained suggest that there are additional factors that
were not considered and that could significantly influence the
quality of the adjustment.

This highlights the importance of exploring other relevant
variables, such as meteorological factors (temperature, wind
speed, and precipitation), as well as incorporating detailed data
on specific emission sources. The integration of these aspects
in future analyses could significantly improve the explanatory
and predictive capacity of the models.The evidence suggests
that the lack of explanatory variables is the most determining
factor, PM includes not only the fine fraction (PM, 5) but also
a coarse fraction (particles between 2.5 and 10 pm) originating
from sources unrelated to NO, or PM,s. In addition, the
current performance of the models suggests the opportunity
to experiment with non-linear techniques, such as polynomial
regression, decision trees, or neural networks, to capture more
complex and non-obvious relationships in the current dataset.

On the other hand, the analysis highlights the relevance of
having high-quality data and broader coverage in the monitor-
ing stations. A richer and more representative database would
allow us to characterize the variability of PM( more accurately
in Metropolitan Lima, benefiting not only the construction of
more robust predictive models but also the design of more
effective environmental policies.

VI. CONCLUSION

Finally, although the adjusted models have limited explana-
tory capacity (R? ~ 0.23), they provide an initial, interpretable
tool for exploring the relationships between PM;, concen-
trations and its main determinants in Metropolitan Lima.
Given this limited predictive power, the models should not be
regarded as suitable for operational forecasting or as a stand-
alone basis for regulatory decisions; rather, they represent
a transparent starting point that can inform future, more
robust modeling efforts. Future research should incorporate
meteorological variables (e.g., wind speed, temperature, and
precipitation), traffic-related information, land-use character-
istics, and advanced machine learning algorithms, such as
ensemble methods and deep learning, to improve predictive
accuracy and better capture the nonlinear and spatio-temporal
dynamics of PM;g. Complementing these modeling efforts
with emission mitigation strategies, awareness campaigns, and
expansion of urban infrastructure could contribute to reducing
PM, exposure and improving the respiratory health of the
population in Metropolitan Lima.

VII. DECLARATION OF THE USE OF Al

To support the writing and linguistic coherence of this
paper, the authors made use of a generative artificial intel-
ligence tool (ChatGPT and Gemini). Its application was at
all times supervised by the authors, who reviewed, adjusted,
and validated the generated content to ensure its technical
and academic rigor. Therefore, the full responsibility for the
content, ideas, and conclusions presented in this manuscript
lies exclusively with the authors.
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