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Abstract

In the Legal Amazon, wildfire smoke raises PM, s concentrations for months. Hot weather and air
pollution may aggravate respiratory diseases in vulnerable age groups in this region. The objective was
to assess the effects of the interaction between PM, s and heat on hospitalizations for respiratory
diseases in children and adolescents (1-19 years) and on respiratory mortality in older adults (=60
years). We conducted an ecological study with monthly data from 2009 to 2019, applying hierarchical
Bayesian models integrated with distributed lag non-linear models (0-2 months lag) to estimate the
delayed effects of this interaction. A positive and significant association was observed, with an
immediate response in both groups. At lag 0, mortality increased by 2.5% and hospitalizations by 2.7%
for each 10 pg/m?2 increase in PM, s under high-temperature conditions in the Amazon. These findings
indicate an important risk to respiratory health in the region and reinforce the urgency of reducing
biomass burning, strengthening air-quality surveillance, and increasing the resilience of the health
system and the population to the current impacts of climate and air pollution.

INTRODUCTION

Air pollution represents a significant risk factor for global health, the World Health Organization (WHO)
estimates that nearly the entire global population (99%) lives in areas where air quality falls outside the
standards suggested by the agency (World Health Organization, 2024). Among the wide range of
pollutants suspended in the atmosphere, fine particulate matter (PM, 5), defined as a mixture in
suspension of solid and liquid particles in the atmosphere with an aerodynamic diameter smaller than
2.5 um, holds a significant toxic potential, ranking among the top 10 global risk factors for diseases (1).
It can remain suspended and dispersed over long distances depending on atmospheric and weather
conditions (2, 3). In the Brazilian Amazon, forest fires are a major source of PM, 5, especially during the
dry season with approximately 1.68 tons of PM, s released into the atmosphere annually between 2010

and 2019 due to these fires (4).

Fine particles matter is a key pollutant from a respiratory health perspective. It can be deposited
throughout the respiratory tract, in small airways and alveoli. People with preexisting respiratory
conditions, such as asthma and chronic obstructive pulmonary disease, and cardiovascular conditions,
are specially affected (5, 6).

Besides its individual effects, the literature has also found consistent evidence of interaction effects
between air pollutants and hot weather. Episodes of high PM, s concentrations and hot temperatures
can contribute to increases in hospital emergency room visits for respiratory diseases, as well as an
increase in hospital admissions due to Chronic Obstructive Pulmonary Disease (COPD) exacerbations,
especially in the elderly (7, 8). Children and adolescents are also affected, hot temperatures and high air
pollutant concentrations can increase asthma related ED visits and hospitalizations for acute
bronchiolitis related disease (9, 10). Hot weather can also strengthen the impact of air pollution on
respiratory mortality, such COPD complications, especially in older adults (11-13).
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Respiratory diseases (RD) are among the leading causes of hospitalizations and deaths in Brazil,
representing the second largest cause of hospital admissions and the fourth leading cause of death in
the country. Between 2009 and 2019, the BA recorded more than 2.2 million hospitalizations due to
respiratory diseases, of which 41.6% (840,731) are individuals aged 1 to 19 years. In this age group,
pneumonia (461,958 cases) and asthma (141,317 cases) represent 71% of the causes of
hospitalizations. Over the same period, the region recorded more than 119,000 deaths due to respiratory
diseases, of which 73.7% (87,657) are elderly, 83.3% of elderly death are due to pneumonia (39,420
cases) and chronic lower respiratory tract diseases (33,705 cases) (14, 15).

Elderly individuals, children, and adolescents are considered very vulnerable populations to the adverse
effects of air pollution and extreme temperatures. In the elderly, the presence of comorbidities, a
diminished immune response, and reduced thermoregulation capabilities expose them to a higher risk of
health complications (16). On the other hand, children and adolescents, whose immune and respiratory
systems are still developing, also face significant risks. This age group tends to spend more time
outdoors, increasing their exposure to pollutants and elevated temperatures (17).

In this study, we focus on the interaction effects between PM, 5 and high temperatures exposure to
assess their impact on respiratory health in two vulnerable age groups in the Brazilian Amazon. We
investigate the lagged influence of these environmental factors on hospital admissions for respiratory
diseases among children and adolescents aged 1 to 19 years and on mortality from respiratory diseases
among the elderly aged 60 and over.

METHOD

In Brazil, the Amazon region is defined by two geographical boundaries: the Amazon biome and the
Brazilian Legal Amazon. Our analyses were conducted in the Brazilian Legal Amazon (BA), hereafter
referred to as the Brazilian Amazon. The BA covers an area of 5,015,146.01 km?, 59% of Brazil's territory,
comprises 772 municipalities across nine states and includes a large and environmentally
heterogeneous territory with more than 27 million inhabitants, 13% of Brazil's total population. Of this
total, more than 9 million are children and adolescents, and over 2.7 million are elderly, together making
up 42% of the region's population (14).

The BA experiences two well defined seasons: the rainy season, which occurs between December and
May, and the dry season, between June and November. The climate in the region is generally describe as
humid and warm, with an average temperature of 25.7°C and humidity of 88% during the rainy season,
and 26.4°C and 77.2% during the dry season, but in certain regions, at south of BA, the temperature can
go up to 30°C and humidity got down to 35% in the dry season (18, 19). As mentioned before, fires are
the major source of PM in tropical regions, and in BA the majority of these fires occur during the dry
season, from June to November mainly started by human actions. From May to June, the number of fires
typically increases by about 150%. August and September are critical months for fires in the BA,
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compared to May, the fires occurrence increases more than 1,500%. These two months usually
concentrate about 54.6% of the fires occurring in a year (20).

Data Source and Collection

Health and Population Data

Monthly data on hospital admissions and mortality from respiratory diseases were obtained from
Information Technology Department of the Public Health Care System (DATASUS) through the Brazilian
Unified Health System's hospital information system (SIH-SUS) and the mortality information system
(SIM-SUS). The data were compiled considering the individuals' place of residence, the month of
occurrence, and the cause of hospital admission and death, according to the International Classification
of Diseases, 10th Revision - Diseases of the Respiratory System, Chapter X (14).

Additionally, data on the number of health establishments, in each municipality within the BA region, and
annual municipal population estimates stratified by age group for the period between 2009 and 2019
were also obtained from DATASUS (14).

The data collection and organization were carried out using the R environment, version 4.1.3 (21).

Environmental Data

The estimates for the average monthly concentration of PM, 5 between 2009 and 2019 were obtained
from Van Donkelaar et al. (2021) work, available through the Atmospheric Composition Analysis Group
at Washington University, at <Atmospheric Composition Analysis Group>. The data is available on a
global scale with a spatial resolution of approximately 0.01° (~ 1 km) in "NetCDF" format. This dataset,
covers a period from 1998-2022, integrates Aerosol Optical Depth (AOD) from various satellites sensors
(MODIS, MISR, SeaWIFS, and VIIRS) and the GEOS-Chem chemical transport model, calibrated with
ground observations using Geographically Weighted Regression (GWR), to provide comprehensive
geophysical estimates of PM, s (22). For the municipalities of the BA, the estimates were filtered using
the QGIS software (23).

Monthly average temperature, relative humidity and total precipitation data for each municipality in the
BA, covering the period from 2009 to 2019, were obtained from the Integrated Environmental Information
System for Health (SISAM) — INPE, responsible for, preprocessing, standardize, and made the data
available (18).

Both databases have been applied in health studies before (24-27).

Statistical Analysis.
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We applied a Bayesian hierarchical model to examine the delayed interaction effects of PM, 5
concentration and high temperatures, defined at the 90th percentile, on hospital admissions and
mortality, both related to RD. We work on two distinct models, one for hospital admissions of children
and adolescents, and another for mortality of the elderly.

While traditional Bayesian approaches, such as Markov Chain Monte Carlo (MCMC), are widely used for
their flexibility in modeling complex systems, they are often computationally intensive and present
convergence issues, particularly when dealing with complex models. To overcome these limitations, we
employed the Integrated Nested Laplace Approximation (INLA), a more efficient alternative to MCMC,
which provides fast and accurate approximations of the posterior distributions. This allows us to
estimate the lagged relative risk of RD hospital admissions and mortality, significantly faster without
compromising accuracy (28).

The response variables for each model were assumed to follow a negative binomial distribution, chosen
to account for potential overdispersion in the count data for RD related hospital admissions (y,,,"27%%"

among children and adolescents and RD related death (y,,,7¢"%") among the elderly. Let:

ymt‘ | S NegBin(/J’mt) K’)

where y,,; represents the number of RD related hospital admissions or death in municipality m at time t,
Ut is the expected number of cases, and Kappa (k) is the dispersion parameter, which adjusts the
variance to account for overdispersion.

To ensure that the estimates were appropriately adjusted for population size across municipalities over
time, a logarithmic offset for the exposed population was included in the model, such that:

log (@ ,,,;) = log (pop,,;) + log (Ra,)

here, pop,,,; represents the annual population of municipality m at time t, standardized per 100,000
inhabitants, and Ra,,; is the estimated rate of hospital admissions or death.

We modeled residual spatial variation in both outcomes using the BYM2 specification (a
reparameterization of the Besag—York—Mollié model), which combines a spatially structured component
capturing correlation between neighboring municipalities defined by an adjacency graph and an
unstructured component that captures municipality specific heterogeneity (28, 29). Temporal random
effects were included to capture smooth variation over time, modeled as a second order random walk
(RW2) for hospitalizations and a first order random walk (RW1) for deaths, based on model
performance. For each random effect, a Penalized Complexity (PC) prior with parameters 0y, =0.5 and a
=0.01 was assigned, favoring a simpler model unless the data provide evidence of greater variability (29,
30).
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To assess the exposure-lag-response association between PM, 5 and health outcomes, we used a
Distributed Lag Non-Linear Model (DLNM). We defined a cross-basis for PM, s with a linear function for

the exposure response (fun="lin"), based on the assumption that the risk of hospitalization and death
increases proportionally with the elevation in PM, s concentration. For the lag structure (fun="ns"), we

applied a natural spline. We considered a lag period ranging from zero to two months to capture possible
influences from fires, which typically peak around August and September (31). We also based this lag
period on Mebrahtu et al. (32) findings, who reported significant lagged effects of PM, 5 on emergency

visits for respiratory issues, with risks peaking around 76 days after exposure.

To evaluate the interaction between temperature and PM, 5 on the risk of hospital admissions and
mortality from respiratory diseases, we included an interaction term following Gasparrini et al. (33).
Specifically, the interaction was defined by multiplying the PM,, 5 cross-basis matrix by a temperature
indicator variable. This indicator captures how much the observed temperature in a given month and
municipality deviates from a heat threshold, defined as the 90th percentile of the monthly temperature
distribution in BA. The indicator variable (Temp.Ind) was defined as:

Temp. Ind, ,, = Temperature ,,, — PyTemperature

By centering the temperature variable at the heat threshold, the main effects (crossbasis variables) can
be interpreted as representing the exposure-lag-response relationship at this reference temperature. As
described in previous studies, this approach allows to capture how the health impacts of PM, s vary
depending on deviations from the heat threshold, also, it ensures that the model remains interpretable
under different scenarios without altering its overall structure (Gasparrini et al., 2015; Lowe et al., 2021,
Stafoggia et al., 2023; VanderWeele; Knol, 2014) (34, 33, 35).

In addition, we adjusted the models for temperature as a non-linear term using a natural spline (ns, df =
8), as well as total monthly precipitation, health establishments per 100 inhabitants, and a categorical
influenza-season indicator (Table S1).

The final model was selected through the comparison of models with increasing complexity and a
reference base model, using the Deviance Information Criterion (DIC) and the mean log score as fit
metrics. These same metrics were also applied to select the structure of the random effects, their priors,
and the crossbasis for PM, s. The DIC assesses model precision by weighing its complexity, and the
mean log score estimates the predictive capacity of the model by removing and evaluating one data
point at a time. In both cases, lower values indicate a better fit of the model to the data (28, 29). We
selected as final models those with a less complex structure and good fit metrics. The performance
metrics and model variables are presented in Table 1S in the Supplementary Material.

All analyses were conducted using the INLA package for Bayesian modeling and DLNM for risk
estimation (36, 31, 21). The risk estimates, made through the crosspred function of the DLNM package,
were centered at 0 micrograms of PM, s and presented as non-cumulative effects.
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RESULT

A statistical summary is provided in Table 1, detailing the evaluated outcomes and environmental
characteristics of BA. Between 2009 and 2019, more than 836,000 hospital admissions for respiratory
diseases were recorded among children and adolescents, with an average of 6,300 monthly admissions.
In the same period, over 87,600 deaths from respiratory diseases were reported among elderly, with a
monthly average of 664 deaths. Table 2S presents summary statistics specifically for August to October,
dry season months when air pollution usually peaks. These months accounted for 37% of
hospitalizations among children and adolescents and 40.7% of deaths among the elderly (Fig. 1S).

The average monthly concentration of PM, s was 20 pg/m? (min 2 pg/ m3; max 135 ug/m?), and the
average monthly temperature was 26°C, with a minimum of 17°C and a maximum of 32°C. Figure 2S in
the supplementary material presents boxplots of PM, 5 and temperature distributions aggregated across
the BA. Table 3S summarizes pollution, temperature and health statistics by state. Additionally, map 2S
illustrates the spatial distribution of PM, ¢ concentrations in all municipalities during August to
November.

The models for children and adolescents' hospitalization without the interaction term between PM, 5 and

high temperature (90th percentile) did detect a significant increase in risk at lag zero (Fig. 3S-A, left).
However, when the interaction between these two variables was included, a significant increase in
hospitalization risk emerged, not only at lags 0, but also at lag 1 (Fig. 3S-A, right).

Figure 1 (A-D) illustrates the lagged effects of PM, s exposure under high temperature conditions on

hospitalization risk across lags 0 to 2. Figure 1A presents a contour plot depicting non-cumulative risk
estimates from the interaction model across different PM, s concentrations and lag months.

Additionally, Figs. 1B - D further detail these effects at lags 0 to 2, along with their corresponding
credibility intervals.

Those figures illustrate significant effects observables in the same month of exposure (lag 0).
Considering the mean monthly PM, 5 concentration in the BA (20 pg/m?3), the estimated relative risk (RR)
atlag 0is 1.05 (1.03-1.08), whereas at lag 2, it decreases to 1.02 (0.99-1.05). Also, the risk estimates
increased as concentration rise, for a 40 pg/m? PM, s average concentration, the estimated RR at lag 0 is
1.11(1.06-1.16), and at lag 2, it increases to 1.03 (0.97-1.10). A numerical summary of risk variation
across different PM, s concentrations is available in Table 4S of the supplementary material. Figure 3A
presents the lagged percentage change in hospitalization risk per 10 pg/m? increase in PM, 5, indicating
a2.7% (1.4% - 3.9%) increase at lag 0, and a 0.9% (-0.7% - 2.4%) at lag 02.

These results indicate that PM, 5 exposure during warmer months has a significant effect on respiratory

disease hospitalizations, manifesting in the same month of exposure and persisting up to one month
(lags 0 to 1), with the highest risks observed in the same month of exposure (lag 0).
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Unlike what was observed for hospitalizations, models for elderly mortality without the interaction term
between PM, s and high temperature (90th percentile) detected risk increases very similar to the

interaction model, with a 2.3% increase in death risk per 10 pg/m? increase in PM, s at lag 0 (Fig. 3S-B,

left). When the interaction between these two variables was included, the death risk per 10 pg/m3
increase in PM, s rose to 2.5% at lag 0 (Fig. 3S-B, right).

Figure 2 (A-D) illustrates the lagged effects of PM, s exposure under high-temperature conditions on
mortality risk across lags 0 to 2. Figure 2A presents a contour plot depicting non-cumulative risk
estimates from the interaction model across different PM, s concentrations and lag months.

Figures 2B-D further detail these effects at lags (0, to 2, along with their corresponding credibility
intervals.

Once again, a significant effect is observed at lag 0, the same month of exposure, and persists until lag
1, but only at very high concentrations. The dose response relationship remains linear, with the risk
increasing proportionally to PM, s concentration. And like hospital admissions, where the highest risks

occurred at the same month of exposure, mortality risk peaks at lag 0 but the decline in risk estimates
over time, is more pronounce, we can observe non-significant risk estimates already at lag 1 under lower
concentrations. Once again if we consider the mean monthly PM, 5 concentration in the BA (20 ug/m?),

the estimated RR at lag 0 is 1.05 (1.02-1.08), whereas at lag 2, it decreases to 0.99 (0.96-1.03).
Figure 3B displays the lagged percentage change in mortality risk per 10 pg/m?2 increase in PM, ¢,

indicating a 2.5% (0.9%-4.1%) increase at lag 0, and a 1.0% (0.1%-2.0%) at lag 02.

We can understand that, in warmer months, exposure to PM, 5 also has a significant and immediate

effect on elderlies mortality, with the greatest effects observed in the same month of exposure (lag 0)
and, to a lesser extent, one month after exposure.

DISCUSSION

The present study aimed to investigate the lagged interaction effects between PM, s and high

temperature exposure on hospitalizations in children and adolescents, as well as mortality in the elderly.
Our analyses focused on monthly data and considered the lagged effects spanning a period of 0 to 2
months.

Our findings are consistent with previous evidence on the effects of PM, s and heat on respiratory
outcomes, while extending the literature in the Brazilian Amazon by jointly examining hospitalizations in
children and adolescents and mortality in older adults, with emphasis on their interaction effects (25, 37,
38).

The lagged structure of the associations differed by outcome. Among children and adolescents,
hospitalizations were associated with PM, ; exposure in the same month and up to one month later. This

pattern suggests that exposure may trigger inflammatory responses or increase susceptibility to
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respiratory complications over time. A similar delayed pattern was reported by Mebrahtu et al. (32),
indicating that PM, 5 effects are not restricted to the immediate period after exposure. Although limited,
evidence also indicates that monthly variations in air pollutants influence hospitalization, In South Brazil,
Castafieda et al. (39), found that a 10 ug/m? increase in monthly PM,, was associated with higher
respiratory hospitalizations across all ages, with the strongest effects in young adults (16—59 years, IRR:
2.04,95% Cl: 1.97-2.12). Also, in China, Ju et al. (40) observed a 3.1% increase in all cause
hospitalizations per 10 pg/m? of PMy,.

In contrast, mortality among older adults was more strongly associated with PM, s exposure in the same
month, with weaker effects thereafter. This more immediate pattern may reflect age-related

physiological vulnerability, including reduced immune response and greater susceptibility to respiratory
complications (16). Previous studies using monthly data have also reported increased mortality
associated with PM, 5 exposure in older populations, in Chile, Busch et al. (24) reported a 1.7% increase
(95% Cl: 1.1-2.4%) in all-cause mortality per 10 pg/m?® of monthly PM, s in individuals aged 75 or older. A
nationwide study in the U.S. similarly found a 1.6% increase in respiratory mortality per 10 pg/m? of
monthly PM, 5 (41).

These lagged patterns are likely influenced by the seasonal overlap between high temperatures and peak
fire activity in the Brazilian Amazon. During the dry season, hotter and drier conditions favor forest fires
and increase PM, s concentrations, which may amplify respiratory risks in vulnerable age groups (4, 42).

Evidence suggests that these climatic conditions in BA are becoming increasingly favorable for fires. The
dry season in the Amazon has lengthened by about one month since the 1970s, and projections indicate
further increases in temperature and reductions in rainfall, which will likely extend drought periods and
further elevate fire risks (43-45). As these conditions worsen, we can expect the associated health risks
to intensify, particularly for vulnerable groups such as children, adolescents, and the elderly, who are
already being affected, as our, and previous, results show.

Addressing air pollution and climate-related health risks in the Brazilian Amazon requires coordinated
action to reduce deforestation and fires, strengthen health services (46). Increasing air quality
surveillance and warning systems throughout the BA region is essential in this process. The use of
multiple surveillance methods is an important strategy to cover Amazon vast area, such as via satellite
monitoring systems and low cost air quality monitors (47, 48). Community communication is also vital,
in association with the warning systems, it can provide timely alerts about critical air pollution days or
weather related events and offer guidance on the best ways to protect against extreme heat and air
pollution (49). This is particularly important for the elderly, children, adolescents, and their caregivers, as
well as individuals with respiratory conditions, pregnant women, and outdoor workers.

This study has two main limitations. First, the use of aggregated monthly data, which tends to smooth
out the behavior of the analyzed data, making it impossible to capture acute events and weekly
variations in the models. However, the use of aggregated data allows us to capture long term effects and
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observe how these effects vary across different seasons (50, 51). Our results show that the use of
aggregated monthly data has revealed expected risk patterns for the region, consistent with a significant
portion of the literature presented previously. Second, the environmental exposures were based on
modeled data rather than ground monitoring, which is less precise but necessary in the Brazilian
Amazon because of its vast territory and limited monitoring network. Even so, these data capture the
seasonal variation in PM, 5 and temperature and have been used in previous health studies including
evaluations of the PM, 5 effects on mortality, early childhood growth impairment risk and stillbirth (17,

24, 26, 52-55).

CONCLUSION

In this study, we explored the interaction effect of PM, s exposure and high temperatures on the
respiratory health of two vulnerable populations in the Brazilian Amazon. We identified a positive and
significant association between PM, 5 concentrations and health outcomes during hot months,
consistent with existing literature.

The results indicate that both age groups are vulnerable to heat and air pollution, with children and
adolescents also experience impact a month after the exposure suggesting that, in this group, PM, ¢

exposure may trigger physiological responses that develop over time, potentially due to delayed
inflammatory processes or increased susceptibility to secondary infections.

This work adds to the existing body of evidence on the impacts of air pollution on respiratory health
among the most vulnerable age groups of the Brazilian Amazon, particularly during warmer periods. It
underscores the need for immediate actions to significantly reduce forest fires in the region and to
expand air quality surveillance and communication to the population. Furthermore, it is crucial to ensure
the continuous expansion and adaptation of healthcare services in the region, enhancing their capacity
to serve the population effectively during climatic and air pollution extremes.
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Figure 1

Figure 1 A - D: Lagged effects of PM, 5 exposure under high temperature conditions on the risk of
hospitalization for respiratory diseases in children and adolescents.
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Figure 2 A - D: Lagged effects of PM, 5 exposure under high temperature conditions on the risk of
mortality for respiratory diseases in elderlies.
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Figure 3: Lagged percentage change in hospitalization and mortality risk per 10 pg/m?2 increase in PM, ¢
under high temperature conditions. A: Percentage change in hospitalization risk for children and
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adolescents; B: Percentage change in mortality risk for the elderly.
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