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Abstract

Severe wintertime particulate pollution (PM10 and PM2.5) affects the Santiago Metropolitan
Region in Chile and is intensified by basin topography and frequent thermal inversions.
Local authorities rely on the Critical Episodes Management (CEM) forecasting system, yet
its predictive performance is variable. This study assesses CEM to identify operational
vulnerabilities and propose data-driven improvements for urban air-quality governance.
About ~1.2 million hourly meteorological and air-quality records (2017–2022) were analyzed
using Generalized Additive Models (GAMs) to characterize key nonlinear relationships,
and we evaluated the operational skill of the Cassmassi-1 PM10 model and the WRF-
Chem-based PM2.5 forecasting component used by the system. Cassmassi-1 missed more
than 50% of critical episodes and showed a false-alarm rate above 60%, consistent with
limitations associated with static or incomplete emission representations. By contrast, the
WRF-Chem-based component achieved episode prediction accuracy above 70%. GAM
results indicate that wind speeds below 2 m s−1, high diurnal temperature range, and
relative humidity below 65% are strongly associated with extreme events. Considering the
results, we recommend transitioning to nonlinear forecasting approaches that explicitly
incorporate these meteorological thresholds and vertical stability indicators to improve
alert reliability, strengthen urban resilience, and reduce population exposure.

Keywords: air quality forecasting; particulate matter; thermal inversion; urban sustainability;
Santiago de Chile
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1. Introduction
Air pollution remains a significant environmental challenge for sustainable urban

development worldwide, posing substantial risks to public health and urban resilience [1,2].
In the Global South, rapidly growing cities frequently struggle to harmonize economic
growth with environmental sustainability [3]. The Santiago Metropolitan Region (SMR)
in Chile serves as a prime example of this conflict. For many years, the SMR has faced
persistent air quality challenges, primarily due to elevated levels of fine (PM2.5) and coarse
particulate matter (PM10), especially during the austral autumn and winter seasons [4–6].

The environmental crisis in Santiago de Chile is primarily attributed to the region’s
intricate orography and prevailing meteorological conditions [7]. The city is situated within
an enclosed basin, bordered by the Andes Mountains to the east and the coastal mountain
range to the west. This geographical configuration limits both horizontal and vertical
dispersion, resulting in the systematic accumulation of pollutants, particularly under stable
boundary-layer conditions [8,9]. This topographical confinement is exacerbated by seasonal
meteorological phenomena, such as persistent thermal inversions, shallow mixing layers,
and atmospheric subsidence driven by the South Pacific Subtropical Anticyclone, which
facilitate prolonged episodes of elevated particulate matter concentrations. Observational
and modeling studies have documented these dynamics, highlighting the correlation
between a reduced boundary-layer height, weak ventilation coefficients, and significant
increases in particulate matter levels during stagnant conditions [10].

Human-induced emission sources markedly intensify the influence of these natural
constraints. Residential wood combustion is a leading source, contributing approximately
78% of total PM2.5 emissions in the SRM [11]. The resultant particulate matter concentra-
tions frequently surpass the national primary air quality standards (20 µg m−3 annually
and 50 µg m−3 over a 24 h period), which were designed to protect public health. This
persistent non-compliance highlights a critical vulnerability, as prolonged exposure to
fine particulate matter in the region is closely linked to heightened cardiovascular and
respiratory morbidity and increased overall disease burden [12,13].

Chile has positioned itself as a frontrunner in Latin America for addressing systemic en-
vironmental issues through the implementation of regional air quality regulations. Among
these nationwide efforts, Santiago’s regulatory framework remains the longest-standing
and most extensively updated. First introduced in 1996 and significantly updated in 2017,
the SMR plan underscores the scale of the national pollution crisis and the ongoing efforts
to achieve sustainable development [14].

To anticipate and mitigate extreme pollution events each year, Chile’s environmental
authorities operate the Critical Episodes Management (CEM) system from May to August.
This preventive framework relies on the hourly Particulate Matter Index (PMI) to classify
air quality into Alert, Pre-emergency, and Emergency levels (Table 1). Reaching these
predefined thresholds triggers immediate interventions, such as vehicular restrictions, bans
on residential wood heating, and the temporary suspension of high-emitting industries, all
aimed at protecting public health.

Table 1. PMI thresholds for the CEM system.

Critical Episode Level PM2.5 (µg m−3) PM10 (µg m−3)

Alert 80–109 180–229
Pre-emergency 110–169 230–329

Emergency ≥170 ≥330

Past crises have clearly demonstrated the imperative for accurate predictive systems.
For instance, the 2018 Quintero-Puchuncaví episode, where mass intoxications occurred

https://doi.org/10.3390/su18083652

https://doi.org/10.3390/su18083652


Sustainability 2026, 18, 3652 3 of 19

due to unforecasted spikes in PM2.5, sulfur dioxide (SO2), and volatile organic compounds
(VOCs), exposed the severe vulnerabilities associated with inadequate predictive model-
ing [15]. Similarly, extreme PM2.5 events in the SMR during 2015–2016, with concentrations
peaking at 300 µg m−3 under adverse meteorological conditions, further emphasized the
critical need for resilient, proactive management frameworks [16].

Air quality modeling in SMR is inherently complex due to the nonlinear interactions
between anthropogenic emissions and meteorological variables such as wind speed, tem-
perature, relative humidity, and thermal inversions. The CEM system has historically relied
on the Cassmassi-1 model [17] to forecast PM10 episodes in SMR and the Weather Research
and Forecasting with Chemistry (WRF-Chem) model to predict PM2.5 concentrations [18].
However, both frameworks face significant challenges in structural modeling. The statisti-
cal Cassmassi-1 model struggles to capture nonlinear atmospheric dynamics and lacks the
capacity to incorporate dynamic anthropogenic emission inventories. Conversely, while
WRF-Chem integrates complex emission data, its prognostic accuracy in the basin is fun-
damentally constrained by the absence of dedicated high-altitude atmospheric soundings
required to resolve the thermal inversion layer accurately.

Beyond these structural modeling challenges, the limitations of the CEM are further
exacerbated by variable data quality. For instance, between 2017 and 2022, stations such
as Quilicura and Cerrillos experienced a 100% data loss for PM2.5 and PM10, whereas
stations like Pudahuel, Cerro Navia, and El Bosque recorded less than 10% of missing data.
These crucial data gaps, combined with the systematic underestimation of key variables
such as wind speeds dropping below 2 m s−1 in 80% of undeclared events and relative
humidity falling under 65% in 75% of cases, underscore the urgent need to overhaul the
forecasting framework.

Consequently, this study represents the first comprehensive performance assessment
of the CEM system in the Santiago Metropolitan Region in decades, covering the period
2017–2022. Its primary objectives are to validate the system’s predictive accuracy, identify
systematic biases in the forecasting of critical episodes, and propose targeted, data-driven
improvements to the CEM framework based on a thorough analysis of air quality and me-
teorological variables. These enhancements are intended not only to strengthen preventive
pollution management and ensure stricter regulatory compliance but also to modernize the
forecasting system, providing a valuable tool for anticipating critical episodes, reducing
population exposure, and strengthening urban environmental resilience.

2. Materials and Methods
2.1. Data Acquisition and Preprocessing

To evaluate the performance of the Critical Episodes Management (CEM) forecasting
system in the Santiago Metropolitan Region, air quality and meteorological data were
collected for the winter management periods (1 May to 31 August) from 2017 to 2022.
Hourly concentrations of PM2.5 and PM10 were retrieved from the 11 monitoring stations of
the National Air Quality Information System (SINCA in Spanish) operated by the Chilean
Ministry of the Environment. The meteorological variables included wind speed, wind
direction, relative humidity and air temperature. All data were obtained directly from the
publicly accessible SINCA database.

In addition, hourly temperature records from three altitudinal stations of the Direc-
ción Meteorológica de Chile (DMC)—Lo Prado (1068 m asl), San Pablo (482 m asl), and
Quinta Normal (517 m asl)—were incorporated to calculate vertical temperature gradients
and identify thermal inversion episodes. Figure 1 shows the spatial distribution of the
monitoring stations used in this study.

https://doi.org/10.3390/su18083652

https://doi.org/10.3390/su18083652


Sustainability 2026, 18, 3652 4 of 19

 
Figure 1. Location of air quality monitoring stations from the SINCA network (blue) and meteorolog-
ical stations from the DMC network (red) in the Santiago Metropolitan Region.

A total of approximately 1.2 million hourly records were compiled across six years.
Rigorous data quality control was applied to ensure reliability. First, a completeness thresh-
old of 50% was established: any monitoring station with more than 50% missing values for
PM2.5, PM10, or the main meteorological variables during the study period was excluded
from subsequent statistical analyses and model evaluations. This specific criterion was
selected because interpolating more than half of a time series would introduce unacceptable
synthetic bias, compromising the detection of nonlinear meteorological thresholds and ren-
dering the evaluation of operational false negatives statistically invalid. As a result, stations
such as Quilicura (V) and Cerrillos (P) were completely removed because they presented
100% data loss across all six years (see Table 2 for detailed missing-data percentages per
station and year).

The remaining stations underwent standardized preprocessing procedures in accor-
dance with official SINCA protocols. These steps included: (i) detection and removal of
physically implausible values and outliers using the interquartile range method (values
outside 1.5 × IQR), (ii) correction of format inconsistencies (e.g., time-stamp alignment and
unit standardization), and (iii) linear interpolation for short gaps (<3 consecutive hours)
when justified. After preprocessing, four high-quality stations with the lowest missing-data
rates—Independencia (F), Cerro Navia (R), Pudahuel (O), and El Bosque (Q)—were selected
for the core statistical modeling (Pearson correlations and Generalized Additive Models)
because they provided continuous and representative coverage of the western and central
sectors of the basin, where the highest frequency of critical episodes occurs.
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Table 2. Percentage of missing meteorological data for each monitoring station in the Santiago
Metropolitan Region during the winter periods (May–August) from 2017 to 2022.

Monitoring Station (Code) 2017 (%) 2018 (%) 2019 (%) 2020 (%) 2021 (%) 2022 (%)

Independencia (F) 1.36 0.73 0.2 0.18 21 100
La Florida (L) 16.15 2.82 0 0.09 0 1.37

Las Condes (M) 64.58 54.26 0 0 0.01 0.45
Parque O’Higgins (N) 0 3.42 0 0 0.8 0.03

Pudahuel (O) 4.29 1.68 1.05 0.03 0 0.1
Cerrillos (P) 100 100 100 100 100 100

El Bosque (Q) 0.1 32.76 0.44 0.76 0.08 0.03
Cerro Navia (R) 0.91 5.12 0 0.57 0.19 16.85
Puente Alto (S) 25.4 13.76 0 2.54 0.08 1.18
Talagante (T) 0.09 13.72 0.39 100 100 1.09
Quilicura (V) 100 100 100 100 100 100

This preprocessing pipeline ensured a robust, consistent dataset while preserving the
operational nature of the evaluation. All data handling and quality-control steps were
performed in R (v. 4.3.2).

2.2. Evaluation of the Operational Forecasting System

To systematically evaluate the Critical Episodes Management (CEM) forecasting sys-
tem, all air quality events recorded between 2017 and 2022 were classified into two mutually
exclusive categories:

• Declared events: Days officially registered within the CEM system as Alert, Pre-
emergency, or Emergency, based on the forecasted PM2.5 and PM10 thresholds.

• Undeclared events: False negative occurrences where observed particulate matter
concentrations exceeded regulatory thresholds, yet no critical episode was forecasted
or officially declared.

The CEM system operationally employs two distinct forecasting models: the
Cassmassi-1 model, a multiple linear regression approach that uses categorical meteo-
rological conditions and persistence of previous concentrations to predict PM10 episodes,
and the WRF-Chem model, a fully coupled online chemistry-transport model that incor-
porates anthropogenic and natural emission inventories to forecast PM2.5 concentrations.
No additional variable selection or hyperparameter tuning was performed, as the study
evaluates the operational configuration used by the authorities.

For declared events, contingency tables were constructed to compare forecasted air
quality categories with observed conditions. For undeclared events, a retrospective analysis
of meteorological preconditions (e.g., wind speed at 18:00 h and relative humidity at 12:00 h
of the preceding day) was conducted to identify missing predictive patterns and precursor
variables that the current operational models failed to capture. Classification metrics
focused on episode detection (Precision, Recall, and F1-score) were calculated for the
binary outcome (“No Episode” versus “Episode”). Precision was defined as TP/(TP + FP),
Recall as TP/(TP + FN), and F1-score as the harmonic mean of Precision and Recall,
where TP, FP, and FN correspond to true positives, false positives, and false negatives for
critical episodes, respectively. The original detailed contingency tables are provided in the
Supplementary Material.

2.3. Statistical Analysis and Modeling

Statistical analyses were designed to uncover nonlinear relationships between me-
teorological variables and particulate matter concentrations, to propose data-driven im-
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provements to the existing models. Preliminary data manipulation, cleaning, and filtering
were performed.

To explore the complex, nonlinear dynamics inherent to atmospheric pollution in the
basin, Generalized Additive Models (GAMs) were used [19,20]. This approach is highly
suitable for meteorological datasets where traditional linear assumptions fall short. Statisti-
cal modeling and contingency matrix validations were executed in R [21]. A recognized
limitation of this methodology is the reliance on surface-level meteorological data, as the
absence of vertical atmospheric soundings restricts the complete characterization of thermal
inversion layers.

Figure 2 summarizes the complete methodological workflow applied in this study.
The framework integrates five analytical stages: data acquisition and quality control
(Section 2.1), episode classification into declared and undeclared events (Section 2.2),
statistical modeling via GAMs with stepwise variable selection (Section 2.3), independent
evaluation of the operational forecasting models (Cassmassi-1 and WRF-Chem), and the
derivation of performance metrics to support data-driven recommendations for the CEM
system. This structured workflow was designed to ensure transparency and reproducibility,
allowing each analytical decision to be traced back to an explicit methodological step.

 
Figure 2. Methodological workflow of the study.

3. Results
3.1. Data Availability and Quality Assessment

Prior to evaluating the forecasting models, a comprehensive assessment of SINCA’s
meteorological data availability was conducted for 11 stations. Table 2 summarizes the
annual percentage of missing meteorological data for each station between 2017 and 2022.
As observed in the data consistency analysis, stations such as Quilicura and Cerrillos
experienced 100% data loss across the entire six-year study period. Furthermore, stations
like Talagante and Independencia exhibited complete data loss in specific recent years.
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Consequently, in alignment with the established methodological thresholds, stations lacking
sufficient and continuous data representations were strictly excluded from subsequent
forecasting evaluations and statistical modeling to ensure the robustness of the results.

3.2. Current Status of the Critical Episodes Management System

Between 2017 and 2022, a total of 48 critical episodes were officially declared by
environmental authorities under the CEM framework, averaging 8 per year. However,
observational data from the monitoring network reveal a broader temporal distribution
of PM2.5 threshold exceedances. As detailed in Table 3, a total of 172 critical PM2.5 events
(both declared and undeclared) were recorded during the winter management periods over
the six years.

Table 3. Number of observed critical PM2.5 episodes in SMR by month from 2017 to 2022.

Month 2017 2018 2019 2020 2021 2022 Total %

May 5 7 3 1 4 6 26 15.1
June 10 17 12 4 8 10 61 35.5
July 9 10 16 11 18 3 67 39.0

August 3 5 3 1 6 0 18 10.4

The highest frequency of these episodes occurred in July, accounting for 39.0% of the
events (67 episodes), followed by June with 35.5% (61 episodes). The transitional months of
May and August recorded significantly lower frequencies, representing 15.1% (26 episodes)
and 10.4% (18 episodes), respectively.

3.3. Spatial Distribution of Critical Episodes

The spatial distribution of critical episodes reveals marked disparities across the sta-
tions. Figures 3 and 4 show the observed PM10 and PM2.5 episodes per year, respectively.
The monitoring stations located in the lower western areas of Santiago, specifically Pu-
dahuel and Cerro Navia, recorded the highest frequency of critical events. During the study
period, Pudahuel reported 39 and 15 episodes of PM10 and PM2.5, respectively, while Cerro
Navia reported 38 and 12, respectively.

 

Figure 3. Distribution of critical PM10 episodes per year.
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Figure 4. Distribution of critical PM2.5 episodes per year.

Conversely, monitoring stations situated closer to the foothills of the Andes Mountains,
such as Las Condes and La Florida, exhibited a significantly lower occurrence of critical
episodes. Las Condes, for instance, recorded only three PM10 and two PM2.5 episodes.

3.4. Evaluation of CEM Performance and Undeclared Episodes

Predictive models for critical episode management face a fundamental trade-off:
achieving sufficient accuracy to prevent undetected high-pollution events while simulta-
neously minimizing excessive false alarms that could undermine public compliance and
resource efficiency. In this context, it is also pertinent to note that the predictive model itself
inherently influences the predicted air quality, as the declaration of critical episodes (alert,
pre-emergency, or emergency) triggers emission control measures that alter actual pollu-
tant concentrations, thereby introducing feedback between the forecast and the observed
outcome. This interdependence highlights the challenge of evaluating model performance
in an operational setting where interventions are conditional on the predictions.

Between 2017 and 2022, 12 undeclared episodes were identified, those instances in
which ambient concentrations exceeded regulatory thresholds without prior activation of
preventive measures. These included a major PM10 event on 29 June 2022, and seven PM2.5

cases clustered between 2020 and 2021.
These unforecasted events, primarily recorded at the Pudahuel and Cerro Navia

stations, were strongly associated with a specific set of meteorological preconditions: wind
speeds below 2 m s−1 in 80% of the cases, relative humidity under 65% in 75% of the
cases, and temperature ranges strictly between 11 and 14 ◦C in 70% of the occurrences.
These forecasting failures strongly suggest that key meteorological variables governing
surface atmospheric stability and regional subsidence are either being underestimated
or inadequately represented within the current linear models of the CEM system. This
underscores the urgent need to integrate these specific meteorological parameters into
more robust, nonlinear predictive frameworks.
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3.5. Statistical Modeling of Meteorological Variables: Correlations and Generalized
Additive Models

To evaluate the limitations of the current CEM forecasting system and propose data-
driven improvements, a comprehensive statistical analysis was conducted on 1.2 million
hourly records from four high-quality stations: Independencia, Cerro Navia, Pudahuel,
and El Bosque. The analysis evaluated the relationship between particulate matter and key
meteorological drivers, including average wind speed, minimum temperature, average
relative humidity, and diurnal temperature range (DTR), the difference between daily
maximum and minimum temperatures.

Figure 5 presents the Pearson correlation coefficients for the selected stations. Average
wind speed demonstrated the highest statistical significance across all sites, exhibiting
negative correlation coefficients ranging from −0.65 to −0.78 for PM2.5 and from −0.58
to −0.72 for PM10. This inversely proportional relationship is consistent with the dilution
effect documented in previous basin-dynamics studies [1,2]. For instance, in Pudahuel,
the correlation between wind speed and PM2.5 reached −0.78 (p < 0.01), underscoring the
critical role of ventilation in pollutant dispersion.

Figure 5. Pearson correlation coefficients between meteorological variables and PM2.5/PM10 concen-
trations at selected stations in the Santiago Metropolitan Region.

DTR exhibited positive correlations with PM10 exceeding 0.50 at Cerro Navia, Pu-
dahuel, and El Bosque (p < 0.05). This suggests that pronounced temperature variations,
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typically associated with strong winter thermal inversions, limit the development of the
mixing layer and facilitate pollutant accumulation [22]. Conversely, daily minimum tem-
perature and average relative humidity showed weak or non-significant linear correlations
(r < 0.30, p > 0.05). However, the low linear significance of variables such as humidity often
masks complex, threshold-dependent interactions that require nonparametric approaches
to be properly captured [23].

To overcome the limitations of linear assumptions, GAMs were constructed using cubic
splines to capture the nonlinear dynamics between PM concentrations and meteorological
variables. As illustrated in Figure 6, the GAMs successfully explained between 60% and 75%
of the variance for PM2.5 and between 55% and 70% for PM10, yielding highly significant
adjusted R2 values (p < 0.01).

Figure 6. Generalized Additive Model (GAM) smooth functions illustrating the nonlinear relation-
ships between selected meteorological variables and PM2.5/PM10 concentrations at representative
monitoring stations in the Metropolitan Region.

The models showed a steep, nonlinear decline in PM2.5 and PM10 concentrations
as wind speeds exceeded 2 m s−1. In Pudahuel, the GAMs indicated that an increase
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in wind speed from 1 to 3 m s−1 reduced PM2.5 concentrations by an average of 40%.
Furthermore, relative humidity exhibited distinct threshold-dependent behaviors. In Cerro
Navia, PM10 concentrations increased slightly with humidity up to 65%, but decreased by
15% when humidity exceeded this threshold. This pattern likely reflects the dual role of
humidity in aerosol dynamics, where moderate moisture promotes particle growth, while
high humidity leads to wet deposition and sedimentation [24].

Thermal inversions were evaluated by analyzing temperature differentials between
altitudinal stations at Lo Prado at 1068 m above sea level (asl) versus San Pablo and Quinta
Normal at 482–517 m asl. Figures 7 and 8 show the results for maximum PM2.5 and PM10

at each hour of the day, for both the thermal-inversion and no-thermal-inversion scenarios,
using all data from 2020, 2021, and 2022.

Figure 7. Hourly maximum PM2.5 concentrations averaged over the years 2020–2022 at selected
monitoring stations in the Metropolitan Region.
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Figure 8. Hourly maximum PM10 concentrations averaged over the years 2020–2022 at selected
monitoring stations in the Metropolitan Region.

As illustrated in Figures 7 and 8, with the notable exception of 2020, maximum PM10

and PM2.5 concentrations remained consistently above the overall average on days charac-
terized by thermal inversions. Conversely, on days without thermal inversions, particulate
matter levels generally fell below the mean. The diurnal variability in pollution levels is
primarily driven by fluctuations in near-surface atmospheric stability during the nocturnal
period, coupled with the development of the mixing layer and its internal wind dynamics
during the daytime. In this context, thermal inversions are a frequent meteorological
phenomenon in the central valley of Chile. This structural feature largely explains the
heightened pollution levels observed during the colder months, as it severely limits the
vertical development of the mixing layer and weakens internal wind dispersion [9].

Anomalously, during 2020, the maximum concentrations of PM10 and PM2.5 remained
closely aligned with, or even below, the overall average on days with and without thermal
inversions. This significant deviation is highly likely attributable to the drastic reduction in
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particulate matter emissions during the COVID-19 lockdowns, which altered the regular
anthropogenic activity levels observed in subsequent years [25–27]. Indeed, the strict
mandatory quarantine imposed on the Santiago Metropolitan Region began in May 2020
and concluded at the end of August, a timeframe that perfectly coincides with the critical
episodes management period [28,29].

3.6. Performance Evaluation of the Operational Forecasting Models

To critically assess the efficacy of the Critical Episodes Management (CEM) system,
the performance of the Cassmassi-1 model for PM10 and the WRF-Chem model for PM2.5

was evaluated over the 2020–2022 period. It must be explicitly noted that this evaluation
does not intend to perform a direct algorithmic benchmark between Cassmassi-1 and
WRF-Chem, as they are fundamentally different models designed for different pollutants
with distinct emission sensitivities. Rather, the objective is to independently evaluate the
operational reliability of the two primary forecasting pillars upon which the authorities
currently rely to protect public health.

The evaluation compared forecasted conditions against observed data, focusing not
only on overall accuracy but also on key operational metrics, including false alarm rate and
undeclared episode rate. In addition, classification metrics specifically suited to imbalanced
events (Precision, Recall, and F1-score) were calculated to evaluate the models’ ability to
detect critical episodes. Results are summarized in Table 4.

Table 4. Performance of the models forecasting particulate matter during 2020–2022.

Model Year OA (%) Acc NO (%) Acc YES (%) FA (%) UE (%) Precision Recall F1-Score

Cassmassi-1
2020 95.0 96.6 33.3 80.0 66.7 0.20 0.33 0.25
2021 78.2 84.0 47.4 64.0 52.6 0.36 0.47 0.41
2022 80.5 86.0 43.8 68.2 56.3 0.32 0.44 0.37

WRF-Chem
2020 78.5 80.8 64.7 64.5 35.3 0.35 0.65 0.46
2021 79.0 81.9 72.2 36.6 27.8 0.63 0.72 0.67
2022 86.2 86.5 84.2 46.7 15.8 0.53 0.84 0.65

OA: Overall Accuracy, Acc NO: Accuracy of “No Episode”, Acc YES: Accuracy for critical episodes, FA: False
Alarms, UE: Undeclared Episodes.

The Cassmassi-1 model for PM10 demonstrated high accuracy in predicting “No
Episode” conditions, consistently exceeding 84% across the three years. However, its
performance in detecting critical episodes was severely limited, with Recall values ranging
from 0.33 to 0.47 and very low Precision (0.20–0.36). The model showed 0% accuracy in Pre-
emergency conditions and produced false alarm rates above 60% annually. Consequently,
it failed to alert authorities to more than 50% of the actual episodes each year. This critical
deficiency is primarily due to the model’s structural limitations; Cassmassi-1 relies heavily
on meteorological conditions and cannot incorporate dynamic emission inventories [29],
thereby ignoring the fact that PM10 concentrations are strongly driven by anthropogenic
emissions [11].

Furthermore, temporal analysis revealed that July was the most challenging month
for the model. This is likely due to the combination of the year’s coldest temperatures,
minimal ventilation, and a peak in residential wood heating. Similarly, the model struggled
significantly on weekends and Mondays, failing to capture the emission spikes from
weekend wood-burning and Monday-morning vehicular traffic.

In contrast, the WRF-Chem model for PM2.5 showed a more robust, balanced per-
formance. While it also achieved high accuracy for “No Episode” days (above 80%), it
demonstrated substantially superior capacity to detect actual critical episodes, with Recall
values ranging from 0.65 to 0.84 and F1-scores between 0.46 and 0.67. The rate of unde-
clared episodes remained below 27% across the three years, and the model successfully
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predicted more than 38% of monthly episodes and over half of the emergencies occurring
on weekends and Mondays.

The superior performance of WRF-Chem is primarily due to its ability to integrate
comprehensive anthropogenic and natural emission inventories, enabling it to better ac-
count for the chemical and dynamic processes driving PM2.5 formation under complex
basin conditions.

4. Discussion
The pronounced seasonal episodes with a high concentration of particulate matter

shown in Table 3 are intrinsically linked to the colder, highly stable meteorological condi-
tions characteristic of the austral winter. During these peak months, the Santiago basin
experiences limited mixing-layer development and anomalously weak wind speeds, ef-
fectively stalling the atmospheric ventilation of the urban area [22]. Furthermore, the
frequent occurrence of thermal inversions in the central Chilean valley during the winter
period acts as a physical meteorological barrier, trapping anthropogenic emissions near
the surface and significantly amplifying the accumulation of particulate pollutants [30].
The results here reinforce the idea that the geographic and climatic configuration of the
Santiago basin creates highly unfavorable conditions for the dispersion of atmospheric
pollutants, particularly during the austral winter.

The spatial variations observed in Figures 5 and 6 are largely attributable to topo-
graphical and meteorological factors. The lower-altitude western stations are more exposed
to localized anthropogenic emissions and experience severe atmospheric stagnation typical
of dense urban areas [9,31]. In contrast, the eastern foothill stations benefit from noctur-
nal mountain breezes that enhance local ventilation and disperse pollutants. Regardless
of these spatial differences, a preliminary regulatory analysis indicates that daily PM2.5

concentrations exceeded the 50 µg/m3 threshold on at least 30 days per year in the most
affected western stations, highlighting a systemic and ongoing breach of primary air quality
standards across the basin.

The persistence of coastal lows, characterized by pronounced warming and drying
above the thermal inversion layer, generates critical stagnation that severely limits the
vertical development of the mixing layer and weakens internal wind dispersion. Within
this context, diurnal variability in pollution levels is heavily dependent on nocturnal
atmospheric stability and specific meteorological precursors. The results from the GAM
revealed that wind speed and DTR are the most critical drivers of particulate matter
accumulation. While minimum temperature alone was a weak predictor, a high DTR,
indicative of a strong thermal inversion, coupled with relative humidity below 65% and
nocturnal wind speeds below 2 m s−1, directly exacerbates PM2.5 and PM10 accumulation.

The GAM analysis highlights threshold-dependent behaviors with clear physical
meaning and provides highly actionable operational insights. Wind speeds below 2 m s−1

represent a critical local ventilation threshold below which pollutant dilution becomes
extremely inefficient, leading to rapid accumulation. Similarly, relative humidity below 65%
favors particle growth and reduces wet deposition, while high diurnal temperature ranges
strengthen thermal inversions and suppress mixing-layer development. These quantified
nonlinear relationships explain exactly when and why linear models such as Cassmassi-1
struggle to anticipate extreme events, offering local authorities specific empirical triggers
to identify potential false negatives.

From an environmental and public health perspective, the poor performance of the
Cassmassi-1 model has significant consequences. The high rate of undeclared episodes
(>50%) indicates that preventive measures are often not activated when pollution levels are
most harmful, resulting in unnecessary population exposure to elevated PM concentrations.
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Conversely, persistently high false alarm rates (>60%) can lead to alert fatigue, reduced
public compliance, and inefficient use of regulatory resources. These limitations undermine
the effectiveness of the current early warning system and weaken the overall air quality
management framework in the Santiago Metropolitan Region.

The findings of this study, therefore, have direct implications for public policy. Improv-
ing the reliability of critical episode forecasting is essential to strengthening the Preventive
Plan and better protecting public health. Incorporating nonlinear approaches and key
precursor variables (such as evening wind deceleration and midday humidity drops) into
the operational system would enhance alert accuracy, increase public trust, and support
more timely and targeted emission control measures.

Despite the complex, nonlinear relationship between pollution levels and these meteo-
rological and anthropogenic variables, the current CEM system relies heavily on qualitative
assessments and linear forecasting models, leading to significant predictive vulnerabilities.
Evaluating the operational models between 2020 and 2022 revealed that the Cassmassi-1
model for PM10 failed to predict more than 50% of critical episodes and generated a false
alarm rate exceeding 60%. This deficiency stems largely from its inability to incorporate
dynamic emission inventories. The Cassmassi-1 model [17], based on a multiple linear
regression approach, has been historically applied to forecast PM10 episodes in Chile.
However, alternative statistical approaches, such as log-linear models based on asym-
metric distributions, have been proposed to capture better the extreme nature of these
episodes [32].

Effective implementation of these advanced models demands robust vertical atmo-
spheric datasets, particularly temperature and wind profiles, which remain limited in the
SMR owing to the scarcity of routine high-altitude soundings. Consequently, the oper-
ational CEM forecasting system relies on surface observations from stations at varying
elevations to estimate tropospheric conditions, thereby introducing notable uncertainties in
the physical representation of the mixing layer height and subsidence processes [9].

Conversely, the WRF-Chem model for PM2.5 demonstrated superior performance,
achieving an accuracy above 70% in episode prediction and reducing undeclared episodes
to under 27%, directly benefiting from the integration of anthropogenic and natural emis-
sion data.

The nonlinear relationships and critical thresholds identified through the GAM analy-
sis highlight the structural limitations of current linear approaches [33]. While developing
and validating a new operational forecasting tool is beyond the scope of this diagnostic
study, our findings suggest that future predictive frameworks must explicitly incorporate
these nonlinear dynamics. These systems should explicitly integrate specific temporal
precursors, such as wind speed decreases starting at 18:00 h and relative humidity drops
from 12:00 h. Finally, addressing the structural lack of vertical atmospheric data is impera-
tive; estimating thermal inversions through altitudinal surface stations introduces critical
uncertainties. Deploying dedicated high-altitude atmospheric soundings to measure the
vertical temperature profile quantitatively is an essential step toward building a more
resilient and precise air quality forecasting system.

On the other hand, this study has several limitations that should be acknowledged.
First, due to strict data completeness criteria, stations with more than 50% missing data
(such as Quilicura and Cerrillos) were excluded, potentially introducing selection bias to-
ward better-maintained stations located mainly in the western and central parts of the basin.
Second, the quantitative evaluation of model performance was limited to the 2020–2022
period due to the availability of official forecast records. Third, the assessment of thermal in-
versions relied exclusively on surface temperature differences between altitudinal stations,
as routine high-altitude soundings are unavailable; this approach introduces significant
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representativeness uncertainty into the characterization of boundary-layer stability and
other processes critical to extreme pollution episodes. Furthermore, this study inherently
relies on observational data from a public monitoring network, which carries unquantified
measurement uncertainties and potential calibration drifts over the six years. Finally, al-
though Generalized Additive Models were used to explore nonlinear relationships, they
were applied for explanatory rather than predictive purposes, so potential overfitting was
not formally tested.

Regarding transferability, the identified meteorological thresholds (wind speed below
2 m s−1, relative humidity below 65%, and high diurnal temperature range) and their
nonlinear effects on PM concentrations are likely relevant to other urban areas in central
Chile that share similar topographic confinement and winter stagnation patterns [34].
However, direct application of the current findings to other cities would require local
calibration to account for differences in emission sources, basin geometry, and monitoring
network characteristics.

5. Conclusions
This study provides a comprehensive evaluation of the Critical Episodes Management

(CEM) system’s performance in the Santiago Metropolitan Region from 2017 to 2022,
revealing persistent deficiencies and clear pathways for improvement.

The Cassmassi-1 model for PM10 forecasting exhibited severe limitations: it failed
to predict more than 50% of actual critical episodes each year, with false-alarm rates
consistently exceeding 60%. Overall accuracy for “No Episode” conditions remained above
84%, but episode-detection accuracy ranged from 33.3% (2020) to 47.4% (2021), resulting in
undeclared episodes of 52.6–66.7%.

In contrast, the WRF-Chem component for PM2.5 achieved substantially better results,
with episode prediction accuracies of 64.7% (2020), 72.2% (2021), and 84.2% (2022), global
accuracies above 70–86%, and undeclared episodes reduced to 15.8–35.3%.

Analysis of ~1.2 million hourly records from high-quality stations (Independencia,
Cerro Navia, Pudahuel, El Bosque) using Generalized Additive Models explained 60–75%
of PM2.5 variance and 55–70% of PM10 variance. Key nonlinear drivers included wind
speeds below 2 m s−1 (dominant threshold effect, e.g., ~40% average PM2.5 reduction from
1 to 3 m s−1 in Pudahuel), pronounced diurnal temperature ranges indicative of strong
thermal inversions, and relative humidity below 65% (associated with 75% of undeclared
cases). Wind speed showed the strongest negative Pearson correlations (−0.65 to −0.78 for
PM2.5; −0.58 to −0.72 for PM10; all p < 0.01).

A total of 172 critical PM2.5 events were observed (versus 48 declared), with the highest
frequencies in July (39.0%) and June (35.5%), and the greatest incidence at western stations
(Pudahuel: 39 PM10 and 15 PM2.5 episodes; Cerro Navia: 38 and 12, respectively).

These quantitative findings confirm the system’s structural vulnerabilities, including
linear assumptions, inadequate representation of dynamic emissions (e.g., residential wood
combustion), data gaps (100% loss at Quilicura and Cerrillos), and reliance on surface-
based vertical stability estimates. In addition, our results demonstrate that nonlinear,
threshold-aware approaches can substantially enhance predictive skill. The diagnostic
evidence presented here demonstrates that current linear assumptions are insufficient.
Future research should focus on developing and rigorously validating predictive frame-
works that integrate the identified nonlinear meteorological precursors and on improving
vertical profiling. Addressing these modeling gaps is a critical step toward improving alert
reliability, reducing population exposure, and strengthening regulatory compliance during
extreme air quality episodes.
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