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“Smoke flies out from the cave, even faintly, but it is enough to make
Kingfisher squeamish and almost blackout.”

—In “A Shocking Secret”; Wild Wise Weird (2024)
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Abstract

Wildfires have become an increasing global threat to public health and quality of life. Many
countries employ air quality monitoring and reporting systems to mitigate health risks associated
with air pollution, including wildfire smoke. This study investigates the factors influencing
individuals’ sensitivity to air quality information, specifically their likelihood of reducing or
ceasing outdoor activities in response to air quality ratings, with a focus on wildfire smoke
exposure in the western United States. Using the Bayesian Mindsponge Framework (BMF)
analytics, the study analyzed data from 2,237 participants in the Boise Metropolitan Area of
Idaho and Boise State University. The findings reveal that women, older individuals, and those
with higher educational levels are more likely to reduce outdoor activities at lower unhealthy AQI
levels (the lowest being ‘good air quality,” while the highest being ‘hazardous air quality’), while
individuals with higher incomes are less responsive. Women and older adults, in particular, are
even more likely to eliminate all outdoor activities. Additionally, individuals who perceive wildfire
smoke as more severe than other natural disasters are more inclined to reduce or eliminate
outdoor activities at lower unhealthy air quality levels. Experiences of wildfire smoke-related
illness—either personally or within their households—further amplify this effect. These findings
highlight the importance of localized, context-specific approaches to AQI dissemination and
wildfire smoke risk communication to build resilience and safeguard public health in the face of
escalating wildfire challenges driven by climate change.

Keywords: wildfire smoke; risk perception; climate change; Mindsponge Theory; eco-surplus
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1. Introduction

Wildfires have emerged as a growing threat to public health and quality of life on a global scale,
with far-reaching consequences for air quality, human well-being, and the environment. Exposure
to wildfire smoke, particularly fine particulate matter (PM2.5), has been linked to a wide range
of adverse health outcomes, including respiratory illnesses such as asthma and chronic
obstructive pulmonary disease (COPD), cardiovascular complications, mental health, and even
premature mortality (Cascio, 2018; Doubleday et al., 2020; Eisenman & Galway, 2022; Reisen
et al., 2015; Xu et al., 2024). In recent decades, the frequency and intensity of wildfires have
increased markedly, driven by climate change and human activities, compounding their
detrimental effects on air quality and human health (Rizzo & Rizzo, 2024; Xu et al., 2024).

The western region of the United States has been particularly affected by the growing wildfire
problem, with the unique geographical and meteorological conditions of this area, combined with
climate change and human activities, contributing to an increased occurrence of large, high-
severity wildfires (Burke et al., 2021; Garofalo et al., 2019; O’Dell et al., 2019). As a result,
communities in the western U.S. are experiencing more frequent and prolonged exposure to
hazardous levels of wildfire smoke, which can travel long distances and significantly degrade air
quality, even in urban and semi-urban areas (Chen et al., 2021; Jaffe et al., 2020; Navarro et al.,
2018). For example, the 2020 wildfire season in California, Oregon, and Washington was
particularly severe, with widespread smoke events affecting millions of people and leading to
unhealthy air quality levels for extended periods (DQE, 2023).



Wildfire smoke is a complex mixture of pollutants, including fine particulate matter (PM2.5), CO,
03, NO2, SO2, NMOCs, and Hg (Chen et al., 2021; Reisen et al., 2015). These pollutants pose
substantial risks to respiratory and cardiovascular health, particularly among vulnerable
populations such as children, older people, and individuals with pre-existing conditions (Chen et
al., 2021; Heaney et al., 2022; Liu et al., 2015; Reisen et al., 2015). The health consequences
of exposure to poor air quality, including wildfire smoke, are well-documented and wide-ranging,
affecting various bodily systems and exacerbating pre-existing conditions. Wildfire smoke has
been associated with increased respiratory morbidity, such as asthma exacerbations, COPD, and
respiratory infections, as well as cardiovascular complications, including heart attacks, strokes,
and arrhythmias (Aguilera et al., 2021; Brunekreef, 2010; Cascio, 2018). Studies have also
linked wildfire smoke exposure to adverse birth outcomes, such as preterm birth and low birth
weight (Gellman & Wibbenmeyer, 2024), and to mental health problems, including anxiety,
depression, and post-traumatic stress disorder (Eisenman & Galway, 2022; Sivarethinamohan
et al.,, 2021). The impact is further exacerbated in low-income communities, where limited
access to healthcare and protective resources amplifies health risks (Thomas et al., 2022).
Moreover, the economic burden of these health impacts are substantial, encompassing direct
healthcare costs, lost productivity, and long-term societal impacts, including reduced quality of
life and increased healthcare dependency (lzah et al., 2024; Sivarethinamohan et al., 2021). A
study by Xu et al. (2024) highlighted the global mortality burden of landscape fire-sourced air
pollution, estimating over 1.53 million annual deaths, with the majority attributed to PM2.5
exposure. Additionally, cardiovascular mortality associated with wildfire smoke has shown a
concerning upward trend globally, driven by population growth and increasing pollutant
exposure.

To help mitigate the health risks associated with air pollution, including wildfire smoke, many
countries have implemented air quality monitoring and reporting systems, such as the Air Quality
Index (AQI) in the United States. The AQI is designed to provide the public with timely and easily
understandable information about local air quality conditions and associated health risks
(Adeyemi et al., 2022; Kumari & Jain, 2018). By raising awareness about air pollution levels and
encouraging individuals to take protective actions during periods of poor air quality, the AQI plays
a crucial role in safeguarding public health (Santana et al., 2021; Wang et al., 2019). For
instance, the AQI can help individuals make informed decisions about reducing outdoor
activities, staying indoors, or using air filtration devices to minimize their exposure to harmful
pollutants (Al-Kindi et al., 2020; Laumbach et al., 2015; Rajagopalan et al., 2020).

However, the effectiveness of the AQI in promoting health-protective behaviors depends on
individuals’ awareness, understanding, and responsiveness to the information provided (Borbet
et al., 2018). Studies have shown that public awareness and sensitivity to air quality information
can vary widely across different socio-demographic groups and geographical areas (Rajagopalan
et al., 2020; Reames & Bravo, 2019; Wang et al.,, 2019). Factors such as age, education,
income, and pre-existing health conditions have been found to influence individuals’ perceptions
of air quality risks and their likelihood of taking protective actions (Chen et al., 2021; D’Antoni et
al., 2017; Heaney et al., 2022; Ramirez et al., 2019; Reisen et al., 2015). For example, a study
by Wang et al. (2019) found that individuals’ knowledge and perception of air pollution had a
significant positive impact on their decision to respond to air quality warnings, with females being
more likely to comply with the information provided. While existing studies explore general
responses to disasters (Mullan et al., 2024; Musacchio et al., 2021; Volker & Sujaritpong, 2024),



limited research addresses factors influencing sensitivity to the AQI, especially in the context of
wildfire smoke in the U.S.

There is also a lack of studies that examine the relationship between individuals’ experiences of
illness perceptions of air quality severity and sensitivity towards AQI, particularly in the context
of wildfire smoke exposure. Existing studies have often focused on single factors, making it
difficult to gain a holistic understanding of the complex interplay between health experiences,
risk perception, and behavioral responses to air quality information (Chen et al., 2021; Oltra &
Sala, 2018; Reames & Bravo, 2019; Wang et al., 2019). For instance, a study by Oltra and Sala
(2018) investigated the perception of risk from air pollution and reported behaviors in four
European cities, highlighting the influence of various socio-demographic and contextual factors
on individuals’ responses to air pollution. However, the study did not specifically focus on wildfire
smoke exposure or examine the interaction effects between health experiences and severity
perceptions.

Furthermore, there is a need for innovative analytical approaches that can provide more
nuanced insights into these relationships. Traditional statistical methods may not fully capture
the complex, multidimensional nature of the factors influencing individuals’ sensitivity to air
quality information. The Bayesian Mindsponge Framework (BMF) is a promising analytical
approach that has the potential to address this gap by integrating multiple data sources and
allowing for a more comprehensive examination of the interactions between variables (M. H.
Nguyen et al., 2022). The BMF combines Bayesian inference with the Mindsponge concept,
which posits that an individual’s mindset is shaped by the continuous interaction between their
internal beliefs and external information (Vuong et al., 2022). By applying this framework to the
analysis of factors influencing individuals’ sensitivity to air quality information, researchers can
gain a more nuanced understanding of the complex dynamics at play.

In light of these knowledge gaps and methodological limitations, the present study aims to
investigate the factors associated with individuals’ sensitivity to air quality information by
reducing outdoor activities in response to air quality ratings, with a specific focus on wildfire
smoke exposure in the western United States. Specifically, the following three research
questions will be answered:

1) How are residents’ socio-demographic factors associated with their sensitivity towards
the air quality index to change their behaviors (e.g., reducing outdoor activities and
eliminating outdoor activities)?

2) How is residents’ perception of wildfire smoke’s severity in comparison to other natural
disasters associated with their sensitivity towards the air quality index?

3) Does residents’ past negative experiences of wildfire smoke (proxied by wildfire smoke-
induced illness) moderate the relationship between their severity perception and
sensitivity?

By employing the BMF approach to answer these research questions, this study seeks to provide
a more comprehensive understanding of the complexity underlying individuals’ behavioral
responses to air quality information. By identifying the key determinants of individuals’ sensitivity
to air quality information and their propensity to take protective actions, this research can inform
the design of more effective public health messages and programs that account for the diverse
needs and experiences of different socio-demographic groups.



2. Method
2.1. Theoretical foundation

While the first research question has an exploratory nature, we utilized the mindsponge theory
(MT) as the theoretical foundation to attempt to answer the second and third research questions
(Vuong, 2023; Vuong & Napier, 2015). MT employs an information-processing approach to
elucidate various mental products, including perception and complex human behaviors. It
conceptualizes the human mind as an information-collecting and processing entity, which aids
in understanding human thought, perception, belief formation, behavior, and social constructs
(Vuong, 2023). Recently, MT has been further incorporated with knowledge from quantum
mechanics and Shannon’s information theory to enhance its reasoning of human cognition and
value formation processes (Hertog, 2023; Rovelli, 2018; Shannon, 1948; Vuong & Nguyen,
2024a).

Drawing on Shannon’s information theory, MT views information as a spectrum of possible
alternatives, with the mind functioning as a dynamic filtering system within an “infosphere,” the
surrounding informational landscape (Shannon, 1948; Vuong & Nguyen, 2024b). This entropy-
based perspective emphasizes how core values serve as cognitive anchors, influencing the
cognitive processes by contributing to the cost-benefit evaluation of new information. The
mindset is a collection of such core values and beliefs. Information that aligns with these values
and is perceived as beneficial is integrated, reinforcing cognitive processes in a self-affirming
cycle, while conflicting information is generally rejected. MT has found extensive application
across various fields, including environmental and health disciplines, to investigate how
individuals process information from their surroundings to sustain the system and promote well-
being (Kumar et al., 2023; Nguyen et al., 2024; Nguyen & Jones, 2022b; Santirocchi et al., 2023;
Sari et al., 2024; Vuong et al., 2024).

From the perspective of MT, the decision to continue engaging in outdoor activities, reduce such
activities, or completely eliminate them after seeing the air quality index is viewed as a
responsive outcome of the mind’s information-processing mechanisms in response to a
changing environment. How an individual responds depends on their environmental sensitivity,
specifically how they perceive and process new environmental information, including air quality
data. Environmental sensitivity can be categorized into two main types: sensitivity and
responsivity (Greven et al., 2019; Pluess, 2015). Sensitivity refers to the perception and internal
processing of external influences, such as interpreting and evaluating the air quality index.
Responsivity, on the other hand, refers to the behavioral outcomes of this processing, such as
continuing outdoor activities, reducing them, or ceasing them.

For the mind’s internal information process to be triggered, the air quality index must first be
absorbed, evaluated, and internalized. Individuals unfamiliar with the air quality system are more
likely to reject such information due to a lack of prior knowledge needed to evaluate the meaning
of air quality ratings. In this study, we excluded participants unfamiliar with the air quality index
system to ensure that all considered individuals could interpret and evaluate air quality levels
and make decisions aimed at maximizing their perceived benefits.

Among those familiar with the air quality system, air quality information interacts with pre-existing
mental constructs (i.e., subjective spheres of influence) to be evaluated (Nguyen et al., 2023).
This evaluation process helps individuals determine the optimal responsive decision that aligns
with the changing environment. Pre-existing information within the mind significantly influences



this subjective cost-benefit evaluation. Specifically, information about wildfire smoke risks—such
as severity, familiarity, and controllability—can directly affect survival-related considerations
(Slovic, 2010; Tanemura et al., 2022). Individuals who perceive higher wildfire smoke risks are
more likely to assign greater weight to the potential loss caused by the smoke, prompting
decisions that reduce or eliminate outdoor activities to mitigate these risks.

For such thinking to translate into behavior, the perceived benefits of avoiding risks must
outweigh the perceived benefits of tolerating them (e.g., maintaining the inertia of engaging in
outdoor activities) (Jenkins et al., 2024). Although identifying a precise threshold for avoidance
behaviors to be triggered is challenging, the mind’s sensitivity to risk-signaling information, such
as air quality ratings, serves as a useful proxy. Given similar levels of benefits for continuing
outdoor activities, we expect that individuals with higher risk perception (e.g., greater perceived
severity of wildfire smoke) are expected to have a lower threshold for converting their thoughts
into behavior—resulting in reduced or eliminated outdoor activities.

In addition to perceived severity, experiencing or observing the consequences of wildfire smoke
can further influence the subjective cost-benefit evaluation process. Internalized information
about these consequences can serve as a cognitive anchor, increasing the perceived costs of
wildfire smoke and assigning greater probability to decisions that mitigate these costs (Cai et al.,
2023; Santirocchi et al., 2023; Vuong & Nguyen, 2024b). Consequently, individuals who have
experienced or witnessed wildfire smoke-related illnesses are likely to have amplified
perceptions of its severity, further lowering the threshold for responsive behaviors. As a result,
we expect the effects of perceived wildfire smoke severity on reducing or eliminating outdoor
activities to be amplified by personal experiences of wildfire smoke-related iliness.

2.2. Model Construction
2.2.1. Dataset and variables

The current study’s analysis is based on a dataset of 614 randomly selected individuals in the
Boise Metropolitan Area (including Boise, Eagle, Caldwell, Kuna, Meridian, and Nampa) through
an in-person survey and 1,623 Boise State University affiliates (e.g., students, faculty members,
and employees) via an online survey (see Figure 1). The dataset focuses on human perception
and response to wildfire smoke, including knowledge of air quality information sources,
preferences for effective messaging, perceptions of wildfire smoke as a hazard, and smoke-
related health experiences. The data was collected through a questionnaire with five main
categories: demographic information, activity data, air quality notifications, natural hazards, and
health. The survey took place from August to October 2018 and is available in CSV format, along
with metadata in Extensible Markup Language (XML) and text formats. It underwent peer review
before being published in Scientific Data (Fowler et al., 2019).

The respondents’ profiles include a significant proportion of at-risk individuals, such as older
people and those with pre-existing conditions, particularly in the in-person survey. The online
survey, however, included a larger portion of younger participants, primarily aged 18-22. In
contrast, the in-person survey focused more on older generations, with the majority of
participants in their 20s to 40s. The survey also captured a sizable portion of Hispanic/Latino
participants and moderate- to low-income households with incomes below $50,000 annually.
Notably, 35% of in-person and 29% of online participants reported household incomes of
$100,000 or more. A large proportion of in-person survey respondents held a bachelor’s degree,
while Boise State staff made up the majority of online survey participants (Fowler et al., 2019).



Figure 1. Senior author (Q.H.V.) and his family enjoying fresh air by the Boise River before
returning to Vietnam (20t June, 2014). Source: Q.H.V

Seven variables were derived from the dataset to address the objectives of our study. These
variables are Gender, Education, Income, WildfireSmokelllness, PerceivedSeverity,
AirQualitySensitivity_Reduce, and AirQualitySensitivity_Eliminate. Socio-demographic factors of
respondents are represented by variables Gender, Education, and Income. WildfireSmokelllness
variable captures the occurrence of wildfire smoke-related illnesses experienced by the
individual or their household members. PerceivedSeverity variable reflects the severity of wildfire
smoke in comparison to other natural disaster events. AirQualitySensitivity_Reduce variable
refers to the minimum air quality index value that prompts an individual to reduce outdoor
activities, while AirQualitySensitivity_Eliminate variable indicates the minimum air quality index
value at which outdoor activities are completely eliminated for the day. The air quality index has
six levels, ranging from good (green) to hazardous (maroon). The lower the minimum air quality
index is, the more sensitive the respondents are to the wildfire smoke. People reporting not
familiar with the air quality index were coded as ‘NA.’

Table 1 below provides a detailed description of these quantitative variables.

Table 1: Variable Description

Variable Generating Question Data type Value
i 1= Female
Gender Whlch ggnder do you Numerical
identify with? 0 = Male

= Qth
What is the highest 1= 28" grade or less

Education degree or level of | Numerical | 5 = Some high school,
school you completed? no diploma




If currently enrolled,
highest degree.

3 = High school
graduate, diploma or
GED

4 = Some college, no
degree

5 = Associate degree
6 = Bachelor’s degree
7 = Master’s degree

8 = Ph.D, M.D., J.D. or
similar

What is your total
household income,
including income from
all members of your
family, in 2017 before

1 =$25,000 or less

2 = >$25,000 to
$49,999

Income taxes? This figure | Numerical
. & 3=%$50,000to0 $74,999
should include
salaries, wages, 4 =$75,000 to $99,999
pensions, dividends, 5 = $100,000 or more
interest, and all other
income.
Have you, or anyone in 1 = Yes
our household, )
WildfireSmokelliness | Y°U" usenod, | Numerical | 2 = No
experienced  wildfire
smoke-related illness? 3 = Not sure
1 = Much less
As a public health severe/important
threat, are wildfire 2 = Somewhat less
smoke events more severe/important
important, less
. , . P . 3 = About as
PerceivedSeverity important, or about as | Numerical .
. severe/important
important as other
natural disasters, such 4 = Somewhat more
as  hurricanes  or severe/important
tornadoes? 5 = Much more
severe/important
What is the minimum
AirQualitySensitivity_R | air quality index rating Numerical 1 = Green - Good

educe

that would cause you
to reduce your outdoor

2 =Yellow - Moderate




activity on a particular
day?

What is the minimum
air quality index rating
AirQualitySensitivity_E | that would cause you
liminate to eliminate  your
outdoor activity on a
particular day?

Numerical

3 = Orange - Unhealthy
4 = Red - Unhealthy

5 = Purple - Very
Unhealthy

6 = Maroon - Hazardous

7 =1am not familiar with
this rating

2.2.2. Statistical Model

Model 1 was constructed to examine the factors associated with the respondents’ sensitivity
toward the air quality index to reduce outdoor activities. The logical network of Model 1 is

presented below (see Figure 2).
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Figure 2. Model 1a’s logical network
Model 1 was formulated as follows:

AirQualitySensitivity_Reduce ~ normal (u, o)

Ui = Bo + B1 * Gender; + B, * Education; + p5 * Income;+ [, * LnAge; + Ps *
PerceivedSeverity; + ¢ * PerceivedSeverity; * WildlifeSmokelllness;

B ~normal(M,S)

(1.1)

(1.2)

(1.3)

The probability around u is determined by the form of the normal distribution, where the width
of the distribution is specified by the standard deviation ¢. yu; indicates the minimum air quality
index rating that respondent i will reduce his/her outdoor activity on a particular day. Gender;,
Education;, and Income; indicate the socio-demographic background of respondent i. LnAge;



indicates the natural logarithm of respondent i's age. PerceivedSeverity; is the level of
importance of wildfire smoke compared to other natural disasters, according to respondent i.
The model has an intercept, B,, and six coefficients, ;-f4, with the Mean denoted M, and the
standard deviation denoted S.

Model 2 was constructed to examine the factors associated with the respondent’s sensitivity
toward the air quality index to eliminate outdoor activities. The logical network of Model 2 is
presented below (see Figure 3).
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Figure 3. Model 2’s logical network
Model 2 was formulated as follows:
AirQualitySensitivity_Eliminate ~ normal (u, o) (2.1)

Ui = Po + P1 * Gender; + B, * Education; + B3 * Income;+ [, * LnAge; + s *
PerceivedSeverity; + ¢ * PerceivedSeverity; * WildfireSmokelllness; (2.2)

B ~normal(M,S) (2.3)

In Model 2, u; indicates the minimum air quality index rating that can make respondent i
eliminate his/her outdoor activity on a particular day. The rest of the variables are identical to
those in Model 1.

2.2. Analysis and Validation

Bayesian Mindsponge Framework (BMF) analytics was employed for several reasons (M.-H.
Nguyen et al., 2022; Vuong et al., 2022). First, the analytical method integrates the logical
reasoning capabilities of MT with the inferentialadvantages of Bayesian analysis, exhibiting a
high degree of compatibility (M.-H. Nguyen et al., 2022). Second, Bayesian inference is a
statistical approach that treats all the properties (including the known and unknown ones)
probabilistically (Csilléry et al., 2010; Gill, 2014), enabling reliable prediction of parsimonious
models. Nevertheless, utilizing the Markov chain Monte Carlo (MCMC) technique still allows
Bayesian analysis to deal effectively with various intricate models, such as multilevel and



nonlinear regression frameworks like the current study (Dunson, 2001). Third, Bayesian inference
utilizes credible intervals for result interpretation instead of relying solely on the dichotomous
decision based on p-values (Halsey et al., 2015; Wagenmakers et al., 2018).

In Bayesian analysis, selecting the appropriate prior is required during the model construction
process. Due to the exploratory nature of this study, uninformative priors or a flat prior
distribution were used to provide as little prior information as possible for model estimation
(Diaconis & Ylvisaker, 1985). We also performed the prior-tweaking technigue to check the model’'s
robustness against varying priors. Specifically, informative priors reflecting our disbelief in the associations
are employed to rerun the estimations. If the estimations’ results using informative priors are similar to
those using uninformative priors, the results are deemed robust.

In addition, we also employed the Pareto-smoothed importance sampling leave-one-out (PSIS-
LOO) diagnostics to check the models’ goodness-of-fit with the data at hand (Vehtari & Gabry,
2019; Vehtari et al., 2017). LOO is computed as follows:

n
LOO = —2LPPDy,, = —ZZlog f P(Yil0)Ppose(-)(6)dO
i=1

Ppost(-i)(0) is the posterior distribution calculated through the data minus data point i. The k-
Pareto values are used in the PSIS method for computing the LOO cross-validation in the R loo
package. Observations with k-Pareto values greater than 0.7 are often considered influential
and problematic for accurately estimating LOO cross-validation. When a model’s k values are
less than 0.5, it is typically regarded as being fit.

If the model fits well with the data, we will proceed with the convergence diagnosesand result
interpretation. In the current study, we validated the convergence of Markov chains using
statistical values and visual illustrations. Statistically, the effective sample size (n_eff) and the
Gelman-Rubin shrink factor (Rhat) can be used to assess the convergence. The n_eff value
represents the number of iterative samples that are not auto-correlated during stochastic
simulation, while the Rhat value is referred to as the potential scale reduction factor (Brooks &
Gelman, 1998). If n_eff is larger than 1000, it is generally considered that the Markov chains
are well-convergent, and the effective samples are sufficient for reliable inference (McElreath,
2018). As for the Rhat value, if the value exceeds 1.1, the model does not converge. The model
is considered convergent if Rhat = 1. Visually, the Markov chains’ convergence was validated
using trace plots.

The Bayesian analysis was performed on the R platform using the bayesvl open-access
package, which provides good visualization capabilities (La & Vuong, 2019). Considering the
issues of data transparency and the cost of reproduction, all data and code snippets of this
study were deposited onto a preprint server (Vuong, 2018):
https://zenodo.org/records/14722648.

3. Results
3.1. Model 1: Predictors of sensitivity to reduce outdoor activities

Initially, we evaluate whether Model 1 is a good fit with the data. As can be seen in Figure 4, all
estimated k-values are below the 0.5 threshold, indicating a good fit signal of the model.


https://zenodo.org/records/14722648
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Figure 4. Model 1's PSIS-LOO diagnosis

The posterior distribution statistics of Model 1 are shown in Table 2. All n_eff values are greater
than 1000, indicating there are sufficient iterative samples for inference. Meanwhile, Rhat
values equal to 1, also suggesting the well-convergence of Markov chains. The trace plots shown

in Figure 5 further confirm the convergence as all four Markov chains fluctuate around a central
equilibrium.
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Parameters
Mean | SD | n_eff | Rhat | Mean | SD | n_eff | Rhat
Constant 449 1 0.22 | 7784 1 4.48 | 0.22 | 7458 1
PerceivedSeverity -0.08 | 0.03 | 11474 1 -0.08 | 0.03 | 12512 1
e, | 013 002 saaas | 1 | 0120071200 2
Income 0.02 | 0.02 | 13965 1 0.02 | 0.02 14148 | 1
Education -0.03 | 0.02 | 10543 1 -0.03 | 0.02 | 10962 | 1
Gender -0.32 | 0.05 | 12654 1 -0.31|0.05 (13514 | 1
LnAge -0.11 | 0.07 | 7264 1 -0.11 | 0.07 | 7197 1




Since the diagnostic test confirms the goodness of fit for Model 1, the simulated results can be
reliably interpreted. The analysis using uninformative priors reveals that Education, Gender, and
LnAge have negative associations with AirQualitySensitivity_Reduce (Mgaycation = -0.-03 and
Seaucation = 0-02; Mgenger = -0.32 and Sgenger = 0.05; Mipgge = -0.11 and S;p44. = 0.07),
whereas Income has an opposite association (My,,come = 0.02 and Sp.come = 0.02). Residents’
severity perception is also found to be negatively associated with AirQualitySensitivity_Reduce
(Mperceivedsevericy = -0-08 and Sperceivedseverity = 0.03). If the respondents or their family
members experience wildfire smoke-induced illness, the negative association is further
amp”ﬁed (MPerceivedSeverity*WildfireSmokeIllness =-0.13 and SPerceivedSeverity*WildfireSmokeIllness
= 0.02). The estimation using informative priors also shows identical results, suggesting that the
estimated results are robust against varying priors.

The posterior distributions of Model 1's six coefficients are shown in Figure 6, with the thick
black line in the middle representing Highest Posterior Density Intervals (HPDI) at 95%. As can
be seen, the 95% HPDIs of PerceivedSeverity, PerceivedSeverity * WildfireSmokelllness,
and Gender are located entirely on the negative sides, suggesting highly reliable negative
associations. Although a proportion of Education’s and LnAge’s 95% HPDIs are still distributed
on the positive side, it is negligible. Thus, their negative associations are also considered highly
reliable. Meanwhile, a proportion of Income’s 95% HPDI is located on the negative side, and its
mean value is equal to its standard deviation, so the positive association of Income can only be
considered moderately reliable.
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Figure 6. Posterior distributions of Model 1’s coefficients with 95% HPDI

3.2. Model 2: Predictors of sensitivity to eliminate all outdoor activities

The PSIS-LOO test’s result of Model 2 is visualized in Figure 7. All k-values are below the
threshold of 0.5, suggesting that Model 2 has an acceptable fit with the dataset. The statistics
of n_eff and Rhat shown in Table 3 imply the good convergence of Model 2’s Markov chains. The

convergence is also validated by the trace plots shown in Figure 8. As a result, Model 2’s
estimated results are eligible for interpretation.
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Figure 7. Model 2’s PSIS-LOO diagnosis
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Uninformative priors Informative priors

Parameters
Mean | SD n_eff | Rhat | Mean | SD | n_eff | Rhat
Constant 598 | 0.23| 7112 1 597 | 0.22 | 7125 1
PerceivedSeverity -0.14 | 0.03 | 12064 1 -0.14 | 0.03 | 13685 1
Mi‘fégf(’a"seiiiﬁﬂgs 0.41 | 00213025 1 |-0.11|0.02 12366 1
Income 0.01 | 0.02 | 14956 1 0.01 |0.02 13594 | 1
Education -0.01 | 0.02 | 9965 1 -0.01 | 0.02 | 9532 1
Gender -0.32 | 0.05 | 13255 1 -0.31(0.05]13241| 1
LnAge -0.30 | 0.07 | 6271 1 -0.30 | 0.07 | 6694 1




Analyzing Model 2, we find whereas PerceivedSeverity, PerceivedSeverity *
WildfireSmokelllness, Gender, and LnAge have negative associations with
AirQualitySensitivity_Eliminate, Income, and Education have ambiguous associations. The
estimation using informative priors also implies similar results, suggesting that they are robust.
95% HPDIs of PerceivedSeverity, PerceivedSeverity * WildfireSmokelllness, Gender, and
LnAge in Figure 9 all lie on the negative side of the x-axis, highlighting the high reliability of the

associations.
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Figure 9. Posterior distributions of Model 2’s coefficients with 95% HPDI

4. Discussion

Employing the BMF analytics, the study indicates that socio-demographic factors play important
roles in influencing the residents’ sensitivity toward the air quality index. Specifically, females,
older people, and people with higher educational levels are found to be more responsive to the
air quality rating by reducing outdoor activities, while people with higher incomes are less
responsive. Females and older people are even more likely to eliminate all outdoor activities at
a lower unhealthy air quality rating (the lowest being ‘good air quality,” while the highest being
‘hazardous air quality’). Besides, people with a higher severity perception of wildfire smoke are



also found to be more likely to reduce and eliminate outdoor activities at a lower unhealthy air
quality rating, while their experience of wildfire smoke-related illness—either personally or within
households—amplifies the effect.

Our findings align with the broader body of research on environmental risk perception,
highlighting the interplay of socio-demographic and cognitive factors in shaping sensitivity to the
environment (Burke et al., 2022; Fan, 2024). The study by Fan (2024) on air pollution and
outdoor activities illustrates that individuals with higher education levels are more likely to
understand the implications of air quality data, leading to informed decisions about their outdoor
activities. Environmental awareness and access to information about air quality are additional
factors influencing sensitivity to the AQI. Wang and Cao (2024) found a significantly positive
correlation between air pollution and public awareness of environmental problems in China. As
air pollution becomes more severe, people tend to become more aware of environmental issues,
which in turn makes them more sensitive to air quality information.

The observed heightened sensitivity among females and older people aligns with prior research
on gender-based and age-based differences in risk perception related to air pollution and
environmental risks (Bertiz & Kiras, 2022; Nolte & Hanoch, 2024; Rajper et al., 2018). Gender-
and age-specific differences in AQI sensitivity may stem from documented disparities in health
risk perception and protective behaviors, with females and older people generally prioritizing
health and safety. This is reinforced by findings from studies on health anxiety and environmental
exposure, which show that women exhibit higher levels of concern and proactive health
behaviors in response to perceived threats (Xiong et al., 2018). Thaker et al. (2023) also noted
that females exhibited higher health risk perceptions related to climate change compared to
males. Meanwhile, multiple studies have found that older people are associated with less self-
reported risk-taking in a health context, as risk-taking is perceived to be less likely to lead to
gains and less enjoyable (Bonem et al., 2015; Nolte & Hanoch, 2024).

Additionally, the finding that higher-income people have a lower sensitivity toward the air quality
index seems to contradict the findings of Burke et al. (2022). According to Burke et al. (2022),
during major wildfire smoke events, individuals residing in higher-income areas tend to actively
seek information about air quality and engage in protective behaviors, such as spending more
time at home (Burke et al., 2022). Conversely, residents of lower-income neighborhoods
demonstrate similar patterns in searching for air quality data but do not exhibit the same level
of health-protective actions, spending less time indoors (Burke et al., 2022). This contradiction
between our study and that of (Burke et al., 2022) may be explained by differences in risk-
aversion solutions and the location of residence. High-income people have more resources or
options to address pollution issues, like relocating temporarily to areas unaffected by wildfire
smoke and stockpiles of protective equipment. Moreover, if they are dissatisfied with the
environmental quality of their residence, they are more likely to consider moving to a location
with better environmental conditions that can be less affected by wildfire smoke (Wang & Cao,
2024). Further studies are needed to confirm whether these explanations are plausible and find
the reasons behind the study’s contradiction with (Burke et al., 2022).

Meanwhile, the finding that respondents’ experience with wildfire smoke-related
illnesses—either personally or within households—and heightened perceptions of the severity of
wildfire smoke are positively associated with AQI sensitivity aligns with the findings from Burke
et al. (2022)'s study. They indicated that wildfire smoke behavioral measures are influenced by



prior experiences with smoke. The role of past experiences in shaping sensitivity also aligns with
theories of experience-based learning, suggesting that individuals who have personally endured
adverse effects of air pollution are more likely to adopt precautionary measures. Johnson's study
indicated that individuals who were aware of the AQl were more inclined to access it if they had
pre-existing health conditions or perceived themselves as belonging to the target audience for
the AQI information (Johnson, 2012). Experiential factors, such as previous wildfire smoke-
related ilinesses, reinforce risk salience, thereby intensifying sensitivity. Experiences with wildfire
smoke-related illnesses and higher perceived severity of wildfire smoke influence sensitivity,
likely due to increased risk perceptions. Rappold et al. (2019) found that personal experience
with wildfire smoke was associated with greater perceived risk and health-protective behaviors.

The findings have important theoretical and practical implications. They confirm the reasoning
capability of Mindsponge Theory, roles of experience-based learning, educational attainment,
gender- and age-specific patterns, and risk perception in shaping responses to warning systems.
For policymakers and public health officials, the results suggest developing tailored interventions
and communication strategies targeting at-risk populations, such as females, those with less
education, and lower-income communities, to enhance AQl awareness and adherence to health
recommendations (D’Evelyn et al., 2022; Fish et al., 2017). Public health campaigns should
emphasize the risks of wildfire smoke and the protective value of AQl adherence, especially in
vulnerable communities (Holm et al.,, 2021; Rappold et al., 2017). Rappold et al. (2017)
developed a community health vulnerability index to identify populations most at risk from
wildfire smoke, which could guide targeted interventions. Additionally, policymakers should
prioritize efforts to reduce wildfire smoke emissions and provide resources for home air filtration
and clean air shelters, particularly in disadvantaged communities (Jaffe et al., 2020).

As climate change drives an increase in the frequency and intensity of wildfires, it is crucial to
emphasize the importance of mitigating climate change to reduce the consequences of wildfire
smoke when communicating with the public. Effectively conveying the benefits of climate change
mitigation—particularly to those experiencing health issues caused by wildfire smoke—can
enhance risk perceptions of climate change-aggravated wildfires. This, in turn, can help foster
an eco-surplus culture that prioritizes environmental sustainability as the foundation of socio-
cultural and economic well-being (Nguyen & Jones, 2022a; Vuong, 2021). Cultivating such
values will further strengthen global efforts to mitigate the adverse impacts of climate change
(Vuong & Nguyen, 2024a).

Key strengths of this study include its innovative application of the Bayesian Mindsponge
Framework and advanced statistical modeling using bayesvl, as well as its focus on the highly
relevant issue of wildfire smoke in the U.S. Transparent data and methodology also enhance
research reproducibility. However, some limitations should be noted, including the regional
specificity to the Boise Metropolitan Area, which may limit generalizability, reliance on self-
reported data introducing potential recall bias, and lack of assessment of long-term behavioral
changes.
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