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BACKGROUND: Coccidioidomycosis, caused by inhalation of Coccidioides spp. spores, is an emerging infectious disease that is increasing in incidence
throughout the southwestern US. The pathogen is soil-dwelling, and spore dispersal and human exposure are thought to co-occur with airborne min-
eral dust exposures, yet fundamental exposure–response relationships have not been conclusively estimated.

OBJECTIVES: We estimated associations between fine mineral dust concentration and coccidioidomycosis incidence in California from 2000 to 2017
at the census tract level, spatiotemporal heterogeneity in exposure–response, and effect modification by antecedent climate conditions.

METHODS: We acquired monthly census tract-level coccidioidomycosis incidence data and modeled fine mineral dust concentrations from 2000 to
2017. We fitted zero-inflated distributed-lag nonlinear models to estimate overall exposure–lag–response relationships and identified factors contribut-
ing to heterogeneity in exposure–responses. Using a random-effects meta-analysis approach, we estimated county-specific and pooled exposure–
responses for cumulative exposures.

RESULTS:We found a positive exposure–response relationship between cumulative fine mineral dust exposure in the 1–3 months before estimated disease
onset and coccidioidomycosis incidence across the study region [incidence rate ratio (IRR) for an increase from 0.1 to 1:1 lg=m3 = 1:60; 95% CI: 1.46,
1.74]. Positive, supralinear associations were observed between incidence and modeled fine mineral dust exposures 1 [IRR=1:13 (95% CI: 1.10, 1.17)],
2 [IRR=1:15 (95% CI: 1.09, 1.20)] and 3 [IRR=1:08 (95% CI: 1.04, 1.12)] months before estimated disease onset, with the highest exposures being par-
ticularly associated. The cumulative exposure–response relationship varied significantly by county [lowest IRR, western Tulare: 1.05 (95% CI: 0.54,
2.07); highest IRR, San Luis Obispo: 3.01 (95%CI: 2.05, 4.42)]. Season of exposure and prior wet winter weremodest effect modifiers.
DISCUSSION: Lagged exposures to fine mineral dust were strongly associated with coccidioidomycosis incidence in the endemic regions of California
from 2000 to 2017. https://doi.org/10.1289/EHP13875

Introduction
Coccidioidomycosis is an emerging infectious disease with the
highest burden of disease in the southwestern US. Recent decades
have seen a more than 8-fold increase (2.4 to 18.8 cases/100,000
population) in age-adjusted incidence in California between 2000
and 2018.1 Infection occurs following the inhalation of the fungal
arthroconidia (2–4 lm)2 of the genus Coccidioides, including
C. immitis, most prevalent in California, and C. posadasii, most
prevalent in Arizona.3,4 C. immitis is endemic to arid and semi-
arid, alkaline desert regions in California, particularly in the San
Joaquin Valley.1 Symptoms of coccidioidomycosis—including
cough, fatigue, fever, headache, muscle aches, night sweats, rashes,

and shortness of breath—can appear between 1 and 3 wk after
spore inhalation and typically last from a few weeks to a few
months.5 Infection may occur following the inhalation of as few
as one spore.6 Prior infection generally results in acquired immu-
nity, although chronic disease can occur.6–8 Reactivation of
infection is rare.9 Approximately 60% of people with coccidioi-
domycosis are asymptomatic,6 5%–10% have chronic lung
involvement, and 1% have dissemination outside of the lungs.5,10

Dissemination causes significant morbidity, with a disseminated
case fatality rate of ∼ 30%.11

Substantial increases in both annual incidence and geographic
range of coccidioidomycosis in California have been observed
over the past two decades,1 with most cases occurring in the coun-
ties of the southern San Joaquin Valley, including Kern, San Luis
Obispo, Kings, Madera, Fresno, and Tulare counties.1 Increases in
incidence have also recently been observed outside of the highly
endemic region. Comparing the incidence in 2018 with that in
2000, the highest rate ratios were observed in the northern San
JoaquinValley and the Southern Coast (15.3 and 8.8, respectively),
and the highest rate ratio comparing 2018 to 2014 was observed in
the Central Coast (8.1).1 However, the underlying factors driving
these phenomena are not well understood.12–14

Coccidioidomycosis is thought to primarily occur following
anthropogenic (e.g., excavation) or natural (e.g., wind erosion) dis-
turbance of the soil matrix, leading to aerosolization and inhalation
of Coccidioides arthroconidia.6,15 Moreover, dispersion occurs
through the air for many other species of fungi.16 Acute occupa-
tional exposures to dust during soil disturbance activities have
been associated with outbreaks among agricultural workers,17

construction crews,18–20 and wildland firefighters.21–23 Further,
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socioeconomic factors, including income,24,25 have been associ-
ated with an elevated risk of coccidioidomycosis. Individuals with
a lower income or individuals who are engaged in these outdoor
occupations may reside in areas with greater dust exposure. There
is serious academic debate as to whether dust storms are associated
with incidence, fueled by difficulties in accurately characterizing
exposures.26–30 Furthermore, the association between ambient
dust concentrations and incidence in the general population is not
well established. Ambient all-source particulate matter ≤10 lm in
aerodynamic diameter (PM10) and near-surface dust concentration
have been positively associated with coccidioidomycosis inci-
dence,31–33 although others have found negative associations.34

Despite these findings, the specific exposure–response relationship
between ambient fine mineral dust concentration and coccidioido-
mycosis incidence remains poorly characterized, particularly as it
relates to climatological modifiers of risk, which may influence the
concentrations ofCoccidioides arthroconidia within dust.

Prior research has generally focused on the association between
all-source PM10—which comprises many constituents, including
organic carbon, elemental carbon, metals, sulfate, nitrate, ammo-
nium, mineral dust, sea salt, and others—and coccidioidomycosis
incidence.30,31,35 Because mineral dust emissions are viewed as the
main source ofCoccidioides arthroconidia exposures (spores within
the soil matrix are mobilized withmineral dust throughwind-driven
saltation or manual disturbance6), analysis of the effects of expo-
sures that include many nonmineral dust components of PM10 is
expected to be subject to significant measurement error and may
prevent accurate estimation of lag–exposure–response relation-
ships. Further, nonmineral dust components of PM10 of anthropo-
genic origins (e.g., sulfate, nitrate, ammonia, black carbon) differ
widely frommineral dust concentrations in their spatiotemporal dis-
tribution and sources; thus, when PM10 is used as a surrogate for
mineral dust, associations with Coccidioides incidence may be bi-
ased. Although estimates of the dust fraction of PM10 are not avail-
able, recent advances in air pollution modeling have allowed for
compositional analysis of PM ≤2:5 lm in diameter (PM2:5),36 ena-
bling estimation of the association between fine mineral dust and
coccidioidomycosis incidence as pursued in the present study.
Further,C. immitis arthroconidia are similar in size (2–4 lm) to fine
particles and thus likely aerosolize and transport under similar
conditions.

Spores are expected to be mixed with mineral dust when dust
emissions originate from soils containing establishedCoccidioides
populations. Meteorological and other environmental conditions
(e.g., rodent populations, other soil nutrients4,37) that facilitate
the proliferation of Coccidioides in soils may be important
effect modifiers of the relationship between fine mineral dust con-
centrations and coccidioidomycosis incidence by increasing or
decreasing the concentration of spores aerosolized in equivalent
concentrations of dust. One dominant theory—termed the “grow
and blow” hypothesis—posits that alternating cool/wet and hot/dry
seasons support pathogen growth and dispersal by supporting
mycelial growth in the wet months and arthroconidia dispersion in
the dry months (Figure S1).34,38,39 Neglecting to account for these
climatic conditions may explain why some studies found mixed
relationships between dust, PM concentrations, and coccidioido-
mycosis incidence. In California, coccidioidomycosis incidence
typically exhibits a strong seasonal pattern, peaking during the fall.
Precipitation during the winter and spring preceding the fall is
associated with an increased incidence of disease in the fall, poten-
tially by providing moisture to support fungal growth in soils.40

Although recent studies have advanced our understanding of the
role of temperature and precipitation cycling in Coccidioides
growth and risk of coccidioidomycosis,31,32,34,38,40 we still do
not know how these factors modify the risk conferred by dust

exposures. The substantial intrinsic variation in incidence across
regions complicates our understanding of Coccidioides exposure
and the associated risk of coccidioidomycosis. The estimation of
fine mineral dust and coccidioidomycosis exposure–response rela-
tionships across locations may provide information on regional
variation in Coccidioides spore concentrations in dust. County-
specific exposure–response relationships may also inform local
health jurisdictions as to the degree of risk posed by dust in their
specific county.

In this study, we estimated the exposure–response relationship
between modeled fine mineral dust concentration and coccidioido-
mycosis incidence in California and explored the role of climate
conditions as modifiers of the association. We fitted zero-inflated
distributed-lag nonlinear models (DLNMs) to census tract-level
finemineral dust concentrations and coccidioidomycosis incidence
data across the study region, as well as on a per-county basis, using
data on confirmed incident cases of coccidioidomycosis reported
to the California Department of Public Health (CDPH) from
January 2000 to December 2017. The results yielded a robust char-
acterization of the risks of coccidioidomycosis posed by fine min-
eral dust exposure and provided the means of targeting mitigation
actions to minimize Coccidioides arthroconidia exposure that may
accompany dust emissions in areas where coccidioidomycosis is
endemic or emerging.

Methods

Study Region
We analyzed coccidioidomycosis risk in endemic transmission
counties in California, as detailed elsewhere.40 Briefly, the study
region consisted of counties in the San Joaquin Valley and sur-
rounding areas (cases are infrequently reported outside this
region).1 We defined endemic transmission counties as counties or
subcounties with at least 500 cases and a mean annual incidence
rate of >5 cases/100,000 people over the period of 2000–2017 as
reported to CDPH. This resulted in the inclusion of 14 total coun-
ties: 8 counties (Kings, Stanislaus, Ventura, Monterey, San Luis
Obispo, San Joaquin,Merced, and SantaBarbara) and 6 subdivided
counties (termed subcounties; eastern and western Kern, western
Fresno, western Madera, western Tulare, and northern Los
Angeles; Figure 1A). Subcounties were created to capture the vari-
ation in temperature and precipitation observed across several
counties affected by the Sierra Nevada and San Emigdio-
Tehachapi mountains. Subcounties were split following a 500-m
isocline. Cases with estimated onset dates between 1 January 2000
and 31 December 2017 were included to align with the availability
of fine mineral dust concentration data. Counties and subcounties
are henceforth referred to as counties.

Highly urbanized census tracts, defined as census tracts above the
40th percentile ofmean population density (defined as number of resi-
dents per kilometer squared) by year over the study period, were
excluded from the study region (Figure S2) to minimize exposure
misclassification, which is likely to be highest in highly urbanized
census tracts where populations frequently leave their residential cen-
sus tract for work and other activities. In addition, urbanized environ-
ments are characterized by high levels of paved, impervious surfaces
that are not suitable habitat for Coccidioides. Overall, we excluded
60% (N excluded= 771;N included= 515) of census tracts that were
defined as highly urbanized, corresponding to 64% of person-years
(N excluded 71,409,888; N included= 40,837,222), 62% of cases
(N excluded= 29,663; N included= 17,897), and 2% of surface area
(in kilometers squared) in the study region (N excluded= 1,967:58;
N included= 90,250:55) (Figure S2). We conducted sensitivity anal-
yses varying the level of population density required to be classified
as urban, including all census tracts and excluding census tracts above
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the 60th percentile ofmean population density, thus excluding 40%of
census tracts comparedwith 60% in themain analysis.

Epidemiologic Data and Ethical Approval
Data on incident cases of coccidioidomycosis were obtained
from the CDPH coccidioidomycosis surveillance system. Cocci-
dioidomycosis cases have been reportable to local health depart-
ments and CDPH since 1995. Prior to 1 January 2019, case defi-
nitions required both laboratory and clinical criteria to be met.
Post-2019, only laboratory criteria were used. Laboratory criteria
included cultural, histopathological, or molecular evidence of the
presence of Coccidioides species or a positive serological test for
coccidioidal antibodies in serum, cerebrospinal fluid, or other
body fluids. Clinical criteria were defined by the Council of State
and Territorial Epidemiologists (CSTE). For the full case defini-
tion and associated changes, see the referenced CDPH and CSTE
reports.41,42 Within the surveillance data, cases are reported once,
so patients with more than one reported positive Coccidioides
test are only recorded upon their initial positive result. A geo-
coded census tract was obtained for ∼ 90% (N =16,107) of cases
based on reported residence. For cases that could not be matched
to a residential address (10%; N =1,790), the centroid of their
ZIP code or city was used.

When possible, dates of onset were recorded for each case,
although these were available for only 24% of cases (n=4,295). In
the absence of an onset date, the earliest clinical or laboratory date
collected was used as the estimated onset date. Thus, the estimated
date of onset reflects reporting delays between symptom onset and
diagnosis, specimen collection, record creation, or patient death.
Among coccidioidomycosis surveillance reports, the median time
between estimated disease onset and record creation for patients who
recalled the estimated date of disease onset was 29 d. Such reporting
delays are common in the endemic states inwhich coccidioidomyco-
sis is reportable. A recent study inArizona estimated that the median
time between symptom onset and diagnosis from 2007 to 2008 was
55 d.43 All case data were deidentified prior to analysis.

Patients with residence in prison facilities were excluded
from study case records to minimize exposure misclassification,
given that incarcerated individuals are occasionally transferred
among facilities,44,45 potentially obscuring the true location of
exposure. Estimated disease onset data were aggregated to onset
month, and residential address was aggregated to the census tract
level, yielding incident cases per census tract-month. The study
received approval from the Committee for Protection of Human
Subjects of the California Health and Human Services Agency
(protocol no. 17-05-2993). Approval by the University of California,
Berkeley, was provided by reliance on the California State
approval.

Exposure and Climatic Data
We obtained estimates of the fine mineral dust concentration (in
micrograms per meter cubed) present within surface fine particu-
late matter (i.e., PM2:5) for our study region using a model devel-
oped by van Donkelaar et al.,36 which provides 0:01� ×0:01�

monthly PM2:5 concentrations, as well as composition by sulfate,
nitrate, ammonium, black carbon, organic matter, sea salt, and
mineral dust. Briefly, the model used ground-based observations
of PM2:5 mass and composition from multiple monitoring net-
works in combination with the Goddard Earth Observing System
chemical transport model, GEOS-Chem [as a data source for aero-
sol optical depth (AOD) and to simulate the relationship between
AOD and PM2:5], to produce monthly mean geoscience-based
PM2:5 surfaces. Component mass concentrations were estimated
using a modification of the simulated relative contribution

approach by Philip et al. 2014.46 Further, van Donkelaar et al. vali-
dated results using 10-fold cross-validation against ground-based
monitors of speciated PM2:5 (Figure S3). Across the US, modeled
fine mineral dust had a mean annual R2 of 0.42 (5th annual: 0.34;
95th annual: 0.55) and a root mean square deviation (RMSD) of
0.2 (5th annual: 0.2, 95th annual: 0.3) with in situmeasurements of
fine mineral dust. In the southwestern US, modeled fine mineral
dust had a mean annual R2 of 0.21 (5th annual: 0.07; 95th annual:
0.37) and an RMSD of 0.4 (5th annual: 0.3, 95th annual: 0.5) with
in situ measurements of fine mineral dust.36 For the full model
specification and validation statistics, see van Donkelaar et al.36

We additionally tested the correlation between model and moni-
tor data from the Interagency Monitoring of Protected Visual
Environments (IMPROVE) program using 5- and 10-km buffers
surrounding all monitors within the study region. We averaged
site-level correlations between IMPROVE monitors and buffers
to obtain a regional correlation. IMPROVE monitors estimate
dust concentrations within the PM2:5 fraction using X-ray fluo-
rescence and a mineral component analysis method.47,48

To estimate exposure to mineral dust, we extracted modeled
monthly average fine mineral dust concentration at the census tract
level.36 Because the effects of dust exposure on reported disease
incidence are likely to be delayed due to both incubation periods (1–
3 wk) and significant reporting delays,43,49,50 we analyzed the rela-
tionship betweenmonthly census tract-level incidence and finemin-
eral dust exposures at 0–6 month lags. We extracted monthly mean
daily temperature and total precipitation at a 4-km spatial resolution
from the Parameter-elevation Regression on Independent Slopes
Model (PRISM)51 and assignedmonthlymeans to each census tract.

County-Level Covariates
To obtain annual population estimates at the census tract level, we
combined annual county-level population estimates from the
California Department of Finance with the 2010 US decennial cen-
sus.52,53 Because census tract-level population estimates are directly
measured only by the decennial census, we used the decennial cen-
sus to calculate the proportion of county residents living in each cen-
sus tract. We assumed a constant proportion of residents by census
tract over the 10-y periods between censuses and multiplied each
proportion by the annual county-level population estimates from the
Department of Finance. We thus obtained population estimates for
each census tract year and estimated population density by dividing
the total population of a census tract by its total area. Population esti-
mates were used as the denominator to calculate county-level inci-
dence rates per 100,000 people and as the log-transformed in an
offset term in theDLNMs, described below.

We estimated the proportion ofworkers in construction and agri-
culture at the county level from 2000 to 2017 using data from the
1-y American Community Survey (ACS54), accessed via the R
package tidycensus (https://walker-data.com/tidycensus/). Because
the 1-y ACS was initiated in 2005, we linearly interpolated county-
level proportions for the years 2000 to 2004. This method was
selected as a conservative approach given that quadratic and spline
models yielded highly variable estimates of occupation proportions.
We also summarized the percentage of the population in each
county living below the poverty line (defined as the number of peo-
ple with income below the poverty line per county divided by the
total county population) from 2000 to 2017 using the 1-y ACS data
and the interpolationmethods described above.

Statistical Analysis
To estimate the overall association between fine mineral dust
concentrations and incidence in the study region, we used zero-
inflated negative binomial DLNMs. DLNMs are commonly
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applied in time-series studies where the effect of an exposure
may occur over several time periods.55 Zero-inflated models
were used due to the high proportion of zeros within our data,
given that coccidioidomycosis is both a rare and highly seasonal
disease. The resulting models accounted for overdispersion, thus
preventing the underestimation of standard errors.

Our outcome variable was the number of incident cases of
coccidioidomycosis reported per census tract-month. We also
included the log annual population of each census tract, estimated
as described in the county-level covariate section, as an offset in
the model. Including log population as an offset term within the
negative binomial model serves to normalize the case count per
census tract and month, thereby permitting model coefficients to
be interpreted as the log difference in incidence rates associated
with a unit change in a covariate (and, when exponentiated, the
IRR). The exposure variables were average monthly fine mineral
dust concentrations (in micrograms per meter cubed) spanning
6 months prior to 2 months after the estimated disease onset to
capture the effect of variation in duration of reporting delays,
examine potentially diminishing associations at further lags, and
include negative controls for confounding.

To model the exposure–response and lag–response dimensions
simultaneously, we created a two-dimensional cross-basis matrix
of the predictor and lags using the crossbasis function in the R
package dlnm.56 We modeled both the lag–response and expo-
sure–response relationships using natural cubic splines with 3 and
2 equally spaced knots, respectively. A natural spline function of
continuous time with 2 knots per year (selected to capture seasonal
fluctuations without overfitting) was included to control for long-
term and strong seasonal trends in both fine dust concentrations
and coccidioidomycosis incidence. To control for spatial con-
founding, we included a natural cubic spline on both the latitude
and longitude of the centroid of each census tract as variables in
our model with 35 and 25 equally spaced knots, respectively. The
number of knots was picked to be ∼ 1 knot per 10 miles (16.09
kilometers) across the study region’s length and width while mini-
mizing the Akaike information criterion. We additionally included
a fixed effect on county to account for confounding factors that
may vary less smoothly across space, including medical provider
knowledge and the distribution of occupations. For the zero-
inflated portion of the model, dummy variables for the month of
estimated disease onset were used as predictors. See Equations 1
and 2 below for reduced and full model specifications:

log ðYi,tÞ= log ðpopulationi,tÞ+ b0 +b1ðcountyiÞ
+ nsðlatitudei, df =34Þ+ nsðlongitudei, df =24Þ
+ nsðt, df =35Þ+ cbðdustÞ

log itðpi,tÞ= b0 +
X11

j=1

bjIðmonth= jÞ (1)

and

log ðYi,tÞ= log ðpopulationi,tÞ+b0 + b1ðcountyiÞ
+ nsðlatitudei, df =34Þ+ nsðlongitudei, df =24Þ
+ nsðt, df =35Þ+ b2ð%agricultureÞ+ b3ð%constructionÞ

+b4ð%BPLÞ+ cbðdustÞ

log itðpi,tÞ=b0 +
X11

j=1

bjIðmonth= jÞ, (2)

where, Yi,t represents the number of observed coccidioidomyco-
sis cases in census tract i at time t; population represents the

residential population in census tract i at time t; ns represents the
natural cubic spline; df, represents degrees of freedom; BPL rep-
resents the annual county-level proportion below poverty line;
%agriculture and %construction represent the annual county-
level proportion employed in these industries; cbð�Þ denotes the
crossbasis DLNM functions;56 pi,t represents the probability of
an observation in census tract i at time t being equal to zero; and
bIðindicatorÞ represents dummy variables for month of onset of
disease.

We conducted several additional sensitivity analyses, includ-
ing varying the level of population density required to be classi-
fied as urban (i.e., including all census tracts, excluding census
tracts above the 60th percentile of mean population density), knot
placement within the crossbasis (i.e., at the 25th and 75th percen-
tiles of dust concentrations observed over the study region and
period), and inclusion of confounders (i.e., including sociodemo-
graphic covariates; Equation 2).

From this model, we extracted exposure–response relation-
ships for each lagged month, as well as the cumulative exposure
over lags 1, 2, and 3 months prior to estimated disease onset.
Further lags were not included in our cumulative measure
because they were not significantly associated with coccidioido-
mycosis incidence and thus would not contribute to the exposure–
response. We did not consider the concurrent month in calculating
our cumulative exposure because the concurrent month incorpo-
rated fine dust concentrations potentially experienced after a
patient’s estimated disease onset. We limited our analyses to fine
dust concentrations within the 0th to the 99th percentile range of
all observations (0 to 2:52lg=m3) to avoid overinterpretation of
results with limited data support.

Fine dust exposures of 0:1 lg=m3 were set as the IRR center-
ing reference value (the value at which IRR=1) to express IRRs
in relation to the 10th percentile of fine dust concentrations
observed across the study region and period. Exposure–response
relationships for a given lag may be interpreted as the relative
increase in incidence associated with increasing uniform expo-
sure to fine mineral dust relative to 0:1lg=m3 (i.e., the centering
reference value) at the specified lag, across the range of dust con-
centrations experienced in the study region (limited to the 0th to
99th percentile range). Cumulative exposure–response relation-
ships may be similarly interpreted as the increase in incidence
associated with increasing exposure to fine mineral dust relative
to 0:1 lg=m3 during all the included lagged months (i.e., 1, 2, and
3 months prior to the estimated disease onset). Cumulative expo-
sure–responses were calculated to combine effects over multiple
months because variable reporting delays were expected to cause
a distribution of lags between exposure and estimated disease
onset.

Negative Control Exposure
Negative control exposures can be used to check for residual con-
founding in time-series and observational studies.57 A negative
control exposure is conditionally independent of the outcome in
the absence of confounding, model misspecification, and mea-
surement error but is associated with the exposure and potential
unmeasured confounders. In the context of air pollution epidemi-
ology, air pollution exposures that occur following estimated dis-
ease onset (e.g., in the future) are often used as negative controls
given that they are expected to be associated with the exposure
(current or lagged air pollution levels) and conditionally inde-
pendent of the outcome in the absence of the sources of bias
described above. More recent research has demonstrated that if
controlling for confounders is not possible owing to measurement
constraints, the inclusion of negative controls contributes to the
partial correction of unmeasured confounding.58 We incorporated
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negative control exposures into our regression analysis to check
for residual confounding. In our main model of the association
between fine mineral dust exposure and coccidioidomycosis inci-
dence in the study region, we included fine mineral dust expo-
sures lagged up to 6 months prior to estimated disease onset and,
as negative controls, up to 2 months after estimated disease
onset.

Examination of Effect Modification
To account for the influence of climate cycling on Coccidioides
growth, and in turn on the concentration of spores within fine
dust, we examined how the season of exposure and preceding
winter total precipitation and how summer average temperature
modified the exposure–response relationship. To do so, we mul-
tiplied the basis function for the cubic spline on fine dust con-
centration by a series of indicators for the season (spring,
summer, fall, winter, and dry vs. wet season) of fine mineral
dust exposure, wet vs. dry preceding winters, and hot vs. cool
preceding summers (Equations 3–6) and ran separate models
with each indicator. For example, four separate models were
run using Equation 3, with indicators for spring, summer, fall,
and winter multiplied by the crossbasis. Cross prediction of
each interacted model represents the exposure–response rela-
tionship for each indicator condition. Equations 3–6 are shown
below.

log ðYi,tÞ= log ðpopulationi,tÞ+ b0 +b1ðcountyiÞ
+ nsðlatitudei, df =34Þ+ nsðlongitudei, df =24Þ
+ nsðt, df =35Þ+ cbðdustÞ � Iðseason of dust exposureÞ

log itðpi,tÞ=b0 +
X11

j=1

bjIðmonth= jÞ, (3)

log ðYi,tÞ= log ðpopulationi,tÞ+ b0 +b1ðcountyiÞ
+ nsðlatitudei, df =34Þ+ nsðlongitudei, df =24Þ
+ nsðt, df =35Þ+ cbðdustÞ � Iðdry seasonÞ

log ðYi,tÞ= log ðpopulationi,tÞ+ b0 +b1ðcountyiÞ
+ nsðlatitudei, df =34Þ+ nsðlongitudei, df =24Þ
+ nsðt, df =35Þ+ cbðdustÞ � Iðwet seasonÞ

log itðpi,tÞ=b0 +
X11

j=1

bjIðmonth= jÞ, (4)

log ðYi,tÞ= log ðpopulationi,tÞ+ b0 +b1ðcountyiÞ
+ nsðlatitudei, df =34Þ+ nsðlongitudei, df =24Þ

+ nsðt, df =35Þ+ cbðdustÞ � Ið>75th precipÞ

log ðYi,tÞ= log ðpopulationi,tÞ+ b0 +b1ðcountyiÞ
+ nsðlatitudei, df =34Þ+ nsðlongitudei, df =24Þ

+ nsðt, df =35Þ+ cbðdustÞ � Ið<25th precipÞ

log itðpi,tÞ=b0 +
X11

j=1

bjIðmonth= jÞ, (5)

and

log ðYi,tÞ= log ðpopulationi,tÞ+b0 + b1ðcountyiÞ
+ nsðlatitudei, df =34Þ+ nsðlongitudei, df =24Þ
+ nsðt, df =35Þ+ cbðdustÞ � Ið>75th tempÞ

log ðYi,tÞ= log ðpopulationi,tÞ+b0 + b1ðcountyiÞ
+ nsðlatitudei, df =34Þ+ nsðlongitudei, df =24Þ
+ nsðt, df =35Þ+ cbðdustÞ � Ið<25th tempÞ

log itðpi,tÞ= b0 +
X11

j=1

bjIðmonth= jÞ: (6)

We restricted effect modification analyses to exposures lagged
2 months prior to estimated disease onset because this month had
the strongest individual association with coccidioidomycosis inci-
dence. Given that reporting delays create a distribution of lags,
this restriction was applied to capture the strongest signal for
usage in effect modification analyses, which can often be under-
powered. To test the statistical significance of interaction more
formally, we employed a resampling approach, using the mean
and standard error for each 1- and 2-unit comparison of interest
to create normal distributions that we sampled 10,000 times with
replacement. We then compared the means of these vectors of
possible coefficient values with the Student t-test. We reported
p-values and considered the effect modification to be statistically
significant at the 95% level.

For seasonal analyses, we considered spring to be March–
May, summer to be June–August, fall to be September–
November, and winter to be December–February. To estimate
exposure–response relationships in the wet season as compared
with the dry season in California, we considered the dry season
to be May–October, and the wet season to be November–April.
We considered dry and wet winters and cool and hot summers
to be below the 25th or above the 75th percentile for precipita-
tion and temperature for each county over the study period,
respectively. This was done to both identify extreme climate
conditions and maintain coverage for effect modification analy-
sis. Winter months were not assigned a total winter precipita-
tion given that the effects of precipitation on Coccidioides
growth and subsequent spore presence in dust are expected to
be more temporally delayed to allow for fungal population
growth.32,34 Summer months were assigned their concurrent
summer average because temperature is expected to have an
acute impact on spore autolysis and thus potential spore dust
mobilization.34,40

We hypothesized that fine mineral dust exposures in the
summer and fall, as well as in the dry season, would exhibit the
strongest associations with coccidioidomycosis incidence rate,
given that Coccidioides theoretically aerosolizes at greater
concentrations during these seasons owing to the elevated
temperatures facilitating spore autolysis.31,32,34,40 We further
hypothesized that, consistent with the grow and blow hypothe-
sis,38,40 fine mineral dust exposures that follow wet winters
would be more highly associated with coccidioidomycosis
incidence rates as compared with fine mineral dust exposures
following dry winters, because Coccidioides fungal growth is
supported by elevated soil moisture in the winter months.32,34

Elevated summer temperatures may reduce the relative fitness
of microbial competitors,31,39 clearing the ecological niche for
Coccidioides fungal growth in the following months.13 Coccidioides
is thought to be a poor competitor59 but able to survive climatological
extremes.60 Thus, we hypothesized that fine dust exposures that fol-
low hot summers would also be more highly associated with the
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coccidioidomycosis incidence rate as compared with those that fol-
low cooler summers.

Estimating County-Specific Exposure–Response
Relationships
Because both dust concentrations and the annual incidence of
coccidioidomycosis vary across the study region, we estimated
county-specific exposure–response relationships. We fit zero-
inflated DLNMs within each county to estimate the associations
between lagged 1–3 month cumulative fine mineral dust expo-
sures and coccidioidomycosis incidence (Equation 7).

log ðYi,tÞ= log ðpopulationi,tÞ+b0 + nsðlatitudei, df =2Þ
+ nsðlongitudei, df =1Þ+ nsðt, df =35Þ+ cbðdustÞ

log itðpi,tÞ=b0 +
X11

j=1

bjIðmonth= jÞ: (7)

As before, we used logged population in census tracts to inter-
pret exponentiated coefficients frommodels as IRRs. Zero-inflation
wasmodeled using dummy variables for themonth of estimated dis-
ease onset. We included 2 knots placed at the 25th and 75th percen-
tiles of dust concentrations across the study region for the exposure–
response relationship because not all counties experienced dust con-
centrations high enough to use equally spaced knots as we did in our
region-wide model. We kept 3 equally spaced knots across the lag–
response relationship. Because models were run at the county level,
we did not include a fixed effect on county.We additionally reduced
the number of knots that were included on the latitude and longitude
to accommodate the smaller size of counties as compared with the
entire study region. We included 3 equally spaced knots on latitude
and 2 on longitude because the model would not converge with a
greater number. We then conducted a meta-analysis to pool county-

specific exposure–response relationships, following prior work.61,62
We used a random-effects approach to obtain the pooled estimate
and subsequently calculated the best linear unbiased predictors
(BLUP) for each county. The BLUP estimates balance bias and var-
iance by allowing counties to borrow information from each other.62

We identified a 1- and 2-lg=m3 increase in cumulative fine dust
concentration relative to 0:1 lg=m3 and extracted the associated
IRR for the pooled region, as well as for individual counties. For all
analyses, we considered statistical significance at p<0:05. All sta-
tistical analyses and mapping were conducted in R (version 4.2.0; R
Development Core Team). The analytic code may be found in the
file “DLNMdemo.Rmd” in the SupplementalMaterial.

Results
There were 17,897 reported cases of coccidioidomycosis reported
in the study region from 2000 to 2017. Kern (172 cases/100,000
people), Kings (72 cases/100,000 people), San Luis Obispo (46
cases/100,000 people), and Tulare counties (45 cases/100,000
people) had the highest annual incidence rates. Incidence rates
were calculated using all census tracts and combined regions
(i.e., eastern and western) to protect patient confidentiality in line
with CDPH policy (Figure 1A). Within the study region, fine
mineral dust concentration was highly seasonal, peaking on aver-
age in the late summer and fall months across the region. Fine
dust concentrations were consistently highest in the western
Tulare (monthly average over the study period = 1:09 lg=m3),
western Kern (0:95lg=m3), Kings (0:92lg=m3), and western
Fresno (0:92lg=m3) counties (Figure 1B). The minimum
monthly fine dust concentration observed over the study period
was 0lg=m3, and the maximum was 4:00lg=m3. The 0th–99th
percentile range of monthly fine dust concentrations observed in
the study region ranged from 0 to 2:52lg=m3. Selected summary
statistics of annual mean and cumulative fine mineral dust con-
centrations are presented in Table 1. Modeled fine mineral dust
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Figure 1.Maps of the study region, highlighting coccidioidomycosis incidence and fine mineral dust concentration over the study period (2000–2017) in
California. The thick black outline denotes the included counties and subcounties in the study region (N counties = 14; N census tracts = 515). Census tracts
and county subregions outside of the thickest black lines were not included in the analysis. (A) Full counties colored by their mean annual incidence of cocci-
dioidomycosis per 100,000 population over the study period (2000 to 2017). Incidence is calculated at the county level as opposed to the subcounty level in ac-
cordance with CDPH policy. (B) Average monthly fine mineral dust concentrations (lg=m3) across the study region and period at the census tract level.
Corresponding numerical data are shown in Excel Table S1. Note: CDPH, California Department of Public Health.
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had a median annual R2 of 0.42 (5th annual: 0.34; 95th annual:
0.55) and 0.21 (5th annual: 0.07; 95th annual: 0.37) with in situ
measurements of fine mineral dust (Figure S3) in the US and the
southwestern US, respectively.36 When comparing monthly fine
dust concentrations as estimated by the van Donkelaar et al.
model36 and concentrations estimated by IMPROVE monitors
within our study region, we found a high degree of correlation
overall (5-km R2 = 0:82; 10-km R2 = 0:82). At low fine dust con-
centrations (defined as <0:75 lg=m3), the 5- and 10-km correla-
tions were 0.56 and 0.55, respectively. At high fine dust
concentrations (defined as >2lg=m3), the degree of correlation
was lower (5-km R2 = 0:39; 10-km R2 = 0:38). Precipitation and
temperature were highly seasonal, with precipitation peaking in
the winter and temperatures peaking in the summer. On average,
counties in the Central Valley had less precipitation, higher

temperatures (Figure S4), and higher fine mineral dust concentra-
tions (Figure 1B) as compared with northern and coastal counties,
which were generally wetter, cooler, and less dusty. For the full
annual census tract and county-level summaries of average fine
mineral dust concentrations, annual temperature, and total precip-
itation, see Excel Table S1.

Overall Associations in the Study Region
Overall, we found that elevated fine dust concentrations lagged
1–3 months prior to estimated disease onset exhibited the strong-
est associations with coccidioidomycosis incidence (Figure 2).
Sensitivity analyses indicated that these associations were robust
to variations in the quantile of population density (including all
census tracts, excluding fewer urban census tracts; Excel Table
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Figure 2. Overall lag–response relationship for a 0.1- to 1:1-lg=m3 increase in fine mineral dust concentration (N observations = 105,564) from this time-series
ecological study based in California (2000–2017). IRRs were obtained from the DLNM testing the association between fine mineral dust concentration and
coccidioidomycosis incidence using Equation 1. All models were adjusted for spatiotemporal trends. The x-axis represents the lag or lead of exposure compari-
son, with the month of zero indicating the month of estimated disease onset. Negative months indicate future exposures, which are used as negative controls.
The y-axis represents the associated IRR. The solid line represents point estimates, and shading represents the 95% confidence interval. Corresponding numeri-
cal data are shown in Excel Table S2. Note: DLNM, distributed-lag nonlinear model; IRR, incidence rate ratio.

Table 1. Summary statistics (selected percentiles) of fine mineral dust exposure metrics within the study region, California, 2000–2017.

Year

5th 25th 50th 75th 95th

Cumulative Mean Cumulative Mean Cumulative Mean Cumulative Mean Cumulative Mean

2000 4.6 0.38 6.23 0.52 8.66 0.72 12.31 1.03 14.54 1.21
2001 6.17 0.51 8.71 0.73 11 0.92 15.11 1.26 17.52 1.46
2002 5.79 0.48 8.54 0.71 10.83 0.9 14.47 1.21 18.09 1.51
2003 4.36 0.36 6.51 0.54 8.6 0.72 12.58 1.05 16.49 1.37
2004 4.83 0.4 7.01 0.58 9.35 0.78 12.53 1.04 15.66 1.31
2005 2.61 0.22 4.63 0.39 6.33 0.53 9.34 0.78 13.44 1.12
2006 4.71 0.39 6.93 0.58 9.46 0.79 13.42 1.12 16.96 1.41
2007 3.93 0.33 6.3 0.52 8.72 0.73 13.18 1.1 16.52 1.38
2008 5.06 0.42 7.73 0.64 11.26 0.94 16.27 1.36 20.42 1.7
2009 4.47 0.37 6.54 0.55 9.92 0.83 13.57 1.13 17.18 1.43
2010 3.69 0.31 5.56 0.46 7.68 0.64 10.39 0.87 12.49 1.04
2011 2.88 0.24 5.39 0.45 7.66 0.64 11.9 0.99 16.87 1.41
2012 4.15 0.35 6.68 0.56 9.82 0.82 13.2 1.1 16.74 1.39
2013 5.28 0.44 8.59 0.72 11.57 0.96 15.11 1.26 21.01 1.75
2014 4.27 0.36 8.02 0.67 12.13 1.01 16.34 1.36 18.46 1.54
2015 4.15 0.35 6.78 0.57 9.09 0.76 12.38 1.03 15.04 1.25
2016 4.55 0.38 7.6 0.63 10.84 0.9 14.09 1.17 17.42 1.45
2017 4.59 0.38 8.35 0.7 10.8 0.9 14.57 1.21 18.61 1.55

Note: Monthly census tract-level fine mineral dust concentrations (lg=m3) are summarized annually into census tract-level cumulative and mean exposure measures.
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S8) used to define urban areas for exclusion, with consistency of
lags most strongly associated with incidence (Figure S5 and
Excel Tables S9 and S10). Knot placement did not have a major
influence on the exposure–response relationship (Figure S6 and
Excel Table S11). The inclusion of occupation and economic vul-
nerability measures as confounders did not meaningfully affect
the association between coccidioidomycosis incidence rate and
fine mineral dust exposure (Figure S7 and Excel Table S12).
Thus, we considered our model that contained only spatiotempo-
ral controls, defined as fixed effects on county, splines on time,
latitude, and longitude, as constituting our primary analysis. In
our main model (Equation 1), the association between fine dust
concentration and coccidioidomycosis incidence attenuated to the
null at a lag of 4 months, and associations at further lags were
also null. When examining associations with negative controls,
we found evidence that future fine dust concentrations were unas-
sociated with coccidioidomycosis incidence (future lag 1) and
weakly associated (future lag 2), indicating a low risk for residual
confounding (Figure 2).

Positive, supralinear relationships with upticks at the highest
exposures were found for fine dust exposures from 1 to 3 months
lagged from the month of estimated disease onset (Figure 3A;
Figure S8). Specifically, the IRR for an increase from 0.1 to
1:1 lg=m3 at 1 month lag was 1.13 [95% confidence interval
(CI): 1.10, 1.17], 1.15 (95% CI: 1.09, 1.20) at the 2 month lag,
and 1.08 (95% CI: 1.04, 1.12) at the 3 month lag. The IRR for a
2-unit increase at a 1-month lag was 1.19 (95% CI: 1.14, 1.24),
1.17 (95% CI: 1.11, 1.25) at the 2-month lag, and 1.11 (95% CI:
1.06, 1.17) at the 3-month lag. The cumulative exposure–
response relationship between fine mineral dust concentration
and coccidioidomycosis incidence across 1- to 3-month lags
showed a positive, supralinear association, with a 1-lg=m3

increase from 0.1 to 1:1 lg=m3 associated with an IRR of 1.60

(95% CI: 1.46, 1.74). The highest cumulative exposures to fine
mineral dust were highly associated with coccidioidomycosis
incidence, exhibiting an upward curve in exposure–response [2-unit
IRR=1:78 (95% CI: 1.57, 2.02); Figure 3B].

Modifiers of Risk
We found that the season of exposure modified the exposure–
response relationship (Figure 4). In terms of shape, all seasons
exhibited different patterns. Exposure–response curves for the
summer mostly reflected supralinearity, with positive divergence
at the highest exposures. Fall exposure–response curves were lin-
ear. Spring exposure–response curves were supralinear with high
exposures negatively associated with coccidioidomycosis inci-
dence, although CIs encompassed the null hypothesis (Figure 4).
Controlling for long-term secular and seasonal trends, we found
that the IRR for a 1lg=m3 increase from 0.1 to 1:1lg=m3 in fine
dust exposure during the summer months was 1.42 (95% CI:
1.29, 1.56). Fine dust exposures in the fall were associated with a
16% increase in incidence [IRR=1:16 (95% CI: 1.04, 1.29)]. The
equivalent 1-lg=m3 increase in the spring was not significantly
associated with coccidioidomycosis incidence, with an IRR of
1.11 (95% CI: 1.00, 1.24; Figure 4). The model for winter expo-
sures to dust did not converge, likely because of outcome data
sparsity, and thus was not included in Figure 4. At higher
exposures, similar patterns were observed, namely that summer
exposures [2-unit IRR=1:42 (95% CI: 1.27, 1.58)] conferred the
most risk, followed by fall [IRR=1:29 (95% CI: 1.13, 1.47)] and
spring exposures [IRR=1:10 (95% CI: 0.91, 1.34)]. However,
p-values calculated per interaction were not statistically signifi-
cant for any combination of season or unit comparison, although
the summer–spring comparison was the most statistically signifi-
cant (p=0:28; Table S1).
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Figure 3. Exposure–response relationships comparing 0:1 lg=m3 to a range of dust concentration values (N observations = 105,564) from this time-series eco-
logical study based in California (2000–2017). IRRs estimated from the DLNM using Equation 1. All models were adjusted for spatiotemporal trends. The
x-axis (fine mineral dust concentration) ranges from 0 lg=m3 to the 99th percentile of dust concentrations across the region (2:52 lg=m3). The y-axis represents
the associated IRR. (A) Exposure–response for lag 2 months. (B) Cumulative exposure–response over lag 1 to lag 3 months before disease onset. The solid
line represents point estimates, and shading represents the 95% confidence interval. Corresponding numerical data are shown in Excel Table S3. Note: DLNM,
distributed-lag nonlinear model; IRR, incidence rate ratio.

Environmental Health Perspectives 017003-8 133(1) January 2025



One-unit increases (0.1–1:1 lg=m3) in fine dust concentra-
tion during the dry season were more highly associated with
coccidioidomycosis incidence as compared with increases dur-
ing the wet season at lag 2 months. Accordingly, the IRR during
the dry season was 1.21 (95% CI: 1.13, 1.30), and the equiva-
lent IRR during the wet season was 1.10 (95% CI: 1.02, 1.18),
representing a 10% increase in risk during the dry season as
compared with the wet season. The dry season exposure–
response relationship was supralinear until ∼ 1:7lg=m3, with a
slight decrease followed by an increase in association at the
highest exposures. At these higher exposures, IRRs for the wet
season exceeded those for the dry season. By comparison, the
exposure–response relationship for the wet season was linear.
For a 2-unit comparison, the dry season IRR was 1.19 (95% CI:
1.10, 1.29), and the wet season IRR was 1.28 (95% CI: 1.10,
1.48) (Figure 5). This represents a 7% increase in risk during
the wet season as compared with the dry season, a reversal of
the pattern observed at a 1-unit comparison. p-Values calcu-
lated for 1- and 2-unit comparisons were not statistically signifi-
cant (Table S1).

We also found that preceding winter precipitation weakly
modified the exposure–response relationship (Figure 6). When
split by wet vs. dry preceding winters, the exposure–response
relationships had similar shapes across the range of fine mineral
dust concentrations analyzed, although the wet winters exposure–
response exceeded that of dry winters, particularly at higher
exposures. The IRRs for a 1-lg=m3 increase in fine dust exposure
from 0.1 to 1:1lg=m3 for a preceding wet winter and dry winter
were equivalent [IRR=1:20 (95% CI: 1.09, 1.32)]. However, a
2-unit increase in fine mineral dust concentration following a wet
winter was 1.28 (95% CI: 1.11, 1.48), and the equivalent IRR fol-
lowing a dry winter was 1.15 (95% CI: 1.01, 1.30; Figure 6), rep-
resenting an 11% increase in risk following wet winters as
compared with dry winters. p-Values calculated for 1- and 2-unit
comparisons were not statistically significant (Table S1). The
model comparing preceding hot and cool summers did not
converge.

Meta-Analysis
Using ameta-analysis approach to arrive at a pooled estimate of asso-
ciation across counties, we found a similar positive, nonlinear associ-
ation between cumulative exposure to finemineral dust concentration
and coccidioidomycosis incidence (Figure 7A). A 1-lg=m3 increase
in cumulativefine dust exposure relative to 0:1 lg=m3 was associated
with a 43% increase in coccidioidomycosis incidence across the study
region [IRR=1:43 (95% CI: 1.10, 1.88)]. A 2-unit increase in fine
mineral dust concentration was associated with an IRR of 2.34 (95%
CI: 1.07, 5.09). The models for Stanislaus and Ventura counties did
not converge, and thus these counties were excluded from further
county-level analyses (N =12). Counties varied greatly in their esti-
mated BLUP-derived exposure–response relationships (Figure 7A).
The highest risk associated with a 1-lg=m3 increase in cumulative
fine dust exposure relative to 0:1lg=m3 was observed in San Luis
Obispo County [IRR=3:01 (95% CI: 2.05, 4.42)]. High risk associ-
ated with the equivalent increase was also observed in western
Madera [IRR=2:19 (95%CI: 1.59, 3.02)] andwesternKern counties
[IRR=1:51 (95% CI: 1.04, 2.20)], whereas the lowest risk was
observed in western Tulare County [IRR=1:05 (95% CI: 0.54,
2.07)] (Figure 7B). All IRR point estimates for a 1-lg=m3 increase in
fine dust exposure were positively associated with coccidioidomyco-
sis incidence, although exposures in 9 of the 12 countieswere not stat-
istically significant (Table S2). We did not observe any relationship
between mean annual incidence and strength of association between
fine mineral dust and coccidioidomycosis incidence. Exposure–
response relationships and point estimates for 1- and 2-unit compari-
sons for all counties are shown in Figures S9–S20 andTable S2.

Discussion
This study found significant, positive associations between coc-
cidioidomycosis incidence and exposure to fine mineral dust in
California (Figure 3). While accounting for significant report-
ing delays that are inherent in surveillance data, we identified
the temporal window over which fine mineral dust exposures
are associated with increased risk. We found that fine mineral
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DLNM Equation 3 (N observations = 105,564) from this time-series ecological study based in California (2000–2017). All models were adjusted for spatiotem-
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val. Corresponding numerical data are shown in Excel Table S4. Note: DLNM, distributed-lag nonlinear model; IRR, incidence rate ratio.
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dust exposures 1–3 months prior to estimated disease onset
were positively associated with increased coccidioidomycosis
incidence, with the strongest association observed for expo-
sures that occurred 2 months prior to estimated disease onset
(Figure 2).

We also found limited evidence to support the grow and blow
hypothesis. For one, while controlling for long-term trends and

seasonality in coccidioidomycosis incidence, we found evidence
that fine mineral dust exposures during the summer months were
most strongly associated with coccidioidomycosis incidence
(Figure 4). Fall and spring fine mineral dust exposures were less
strongly associated with coccidioidomycosis incidence. Further,
when comparing exposures during the dry and wet seasons in
California, we also found modest effect modification by season
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(Figure 5), with dust exposures during the dry season more highly
associated with coccidioidomycosis incidence as compared with
exposures in the wet season at lower exposure levels. However,
this relationship was reversed at higher exposure levels and was
not statistically significant. As suggested by the grow and blow hy-
pothesis, exposures during drier, hotter periods, when elevated
temperatures may facilitate the autolysis of spores, were more
highly associated with coccidioidomycosis incidence as compared
with exposures during cooler, wetter periods, when mycelial
growthmay dominate.

We further examined whether wet winters modified the associ-
ation between fine mineral dust exposures and coccidioidomycosis
incidence. We hypothesized that aerosolized dust may contain a
higher concentration of arthroconidia during months that followed
wetter winters because mycelial growth and sporulation, which is
thought to occur during the wet spring and winter months (i.e., the

grow period), could result in greater quantities of spores available
for dispersal (i.e., the blow period).31,32,34,40 We found wetter pre-
ceding winters were associated with a stronger exposure–response
at higher exposure levels, although the difference was not statisti-
cally significant (Figure 6). These findings indirectly support the
grow and blow hypothesis in that greater fungal growth due to a
wet winter would be expected to increase the risk associated with
dust in the following months, as we observed. We were unable to
find evidence that preceding hot summers significantly modified
the association between fine mineral dust exposures and coccidioi-
domycosis incidence.

Our study had several limitations. Cases were assigned to the
month of their estimated onset date, which reflects the date of spec-
imen collection or, if available, the reported onset date. Thus,
reporting delays were inherent in our data. However, such misclas-
sification is likely to bias our results by attenuating the causal effect
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of the true month exposure and inflating the associations for the
surrounding months. We examined longer-term lags to capture the
full distribution of reporting delays. Coccidioidomycosis remains
underdiagnosed in the US, and medical provider knowledge can
vary nationwide, although potentially less so within the highly
endemic areas studied here.63 However, even across the endemic
region, providers may vary in time regarding testing for coccidioi-
domycosis. This may have affected our findings if counties with
lower case burden, and thus potentially lower provider knowledge,
experienced longer lags between the estimated onset date and true
onset date. Thus, associations between fine mineral dust exposures
and incidence may have been attenuated toward the null in these
counties. However, by estimating county-specific relationships
cumulatively, across 1, 2, and 3 months lagged, we may have cap-
turedmuch of the effect.

Given that the surveillance data provides only residential
addresses, we were limited in our ability to estimate dust exposures
of interest (i.e., toCoccidioides arthroconidia) that occur outside of
the residential census tract. Dust exposures based directly upon res-
idential address are the least accurate for census tracts with rela-
tively high movement owing to work or travel. Further, acute
occupational exposures were not well captured by the spatiotempo-
ral resolution of this modeled product. As a result, our modeling
framework did not attempt to assign individual-level or occupa-
tional fine dust exposure but, rather, focused on population-level
outcomes and monthly ambient exposures to partially address this
issue. Measurement error was still possible if the number of cases
within a census tract was partially determined by dust concentra-
tions outside of said census tract. This may occur if dust-associated
arthroconidia are readily transported from one census tract to
another or if people are routinely exposed to dust and arthroconidia
outside of their residential census tract. We believe that this bias
induced by movement is likely differential by census tract, given
that the frequency with which people leave their census tracts
varies by factors including occupation, income, and census tract
size. Outdoor jobs like construction and agriculture may necessi-
tate longer commute times. Thus, census tracts with high propor-
tions of these occupations may have more nonresidentially
acquired cases. Accordingly, we hypothesize that differential mea-
surement error may have biased our results toward the null under
the assumption that census tracts where cases were truly acquired
were dustier than highly residential census tracts. However, dust
concentrations within the study region are spatially autocorrelated,
and thus we expect this effect to be relatively small. We attempted
to minimize this bias by excluding urban census tracts, which are
typically small and more likely to experience intertract dust trans-
port and human travel, as well as being relatively inhospitable
environments forCoccidioides.

The usage ofmonthlyfinemineral dust concentrations also pro-
hibited the investigation of shorter-term, highly localized expo-
sures to fine dust, particularly short-term occupational exposures
(e.g., during digging or construction) that may be higher both in
concentrations of dust and arthroconidia when compared with am-
bient exposures. We were also unable to draw any conclusions
regarding dust storms, another source of exposure to extremely
high concentrations of mineral dust, which have been associated
with upticks in incidence.27 Error inmodeled finemineral dust con-
centrationmay also have been an issue given that fine-scale air pol-
lution models combine information from limited monitoring
stations with circulation models. Modeled fine dust concentration
data surroundingmonitors, for example, are not perfectly predicted
by monitor data. However, our overall correlations were relatively
high. Advances in fine-scale dust concentration modeling and a re-
solution of reporting delays and exposure location will be needed
to permit individual-level analysis. Doing sowill enable evenmore

accurate estimation of exposures and climate modifiers of impor-
tance to coccidioidomycosis.

Despite these limitations, our study had several notable
strengths. Using newly available, modeled surface fine mineral dust
represents a significant improvement in exposure measurement,
allowing researchers to conduct analyses on the component of PM
that directly originates from soils and plausibly co-occurs with the
pathogen Coccidioides. Previous research estimating the associa-
tion between mineral dust and coccidioidomycosis has used proxy
measures, namely PM10.31,33,34 However, the evidence generated
by these studies remains limited by the usage of correlations, which
do not yield public health-relevant measures of effect. Further, the
study designs previously applied cannot examine effects across time
lags or estimate nonlinear exposure–responses, significantly hinder-
ing epidemiologic insight into the true timing and magnitude of
effect of relevant exposures.

Our results here represent an important step forward in under-
standing the exposure route and spatiotemporal variation of risk
of an emerging pathogen. We found that fine dust exposures were
strongly associated with the incidence of coccidioidomycosis,
lending credence to the theory that dust and arthroconidia expo-
sures co-occur via soil mobilization. Our approach of time-series
analysis allowed for the exploration of lag–response relation-
ships, which is critical given the observed delays between expo-
sure and reporting inherent in surveillance data. Both estimation
of the exposure–response relationship and identification of risk
modifiers are critical to understanding when and who is at great-
est risk. We have shown that the risk associated with fine mineral
dust exposures varies substantially across counties and seasons.
Specifically, we found that dust exposures that occur in the sum-
mertime were more highly associated with coccidioidomycosis
incidence as compared with other seasons. Further, dust expo-
sures within San Luis Obispo, western Madera, and western Kern
counties conferred the greatest degree of risk, as compared with
other counties within the study region, suggesting greater prolif-
eration and aerosolization of Coccidioides within these counties.
However, other factors may be important drivers of the spatial
variation of risk, including the distribution of soil-engaged occu-
pations, underlying population susceptibility, and influxes of new
California residents who may be immunologically naïve to cocci-
dioidomycosis, although controlling for census tract-level occu-
pational distribution did not significantly change our results. Data
on underlying comorbidities and the influx of an immunologi-
cally naïve population were not available, and thus these ques-
tions remain beyond the scope of this article. What is more,
DLNM methods facilitate the investigation of climatological risk
modifiers, with which we have recently found evidence support-
ing the grow and blow hypothesis. We found that dust exposures
following wetter winters were more highly associated with cocci-
dioidomycosis incidence, supporting the theory that winter rains
support Coccidioides growth and lead to greater quantities of
spores available to be aerosolized.

Our results may support local health jurisdictions in their
identification of locations and time periods of greatest risk. For
example, our findings suggest that Valley fever awareness mes-
saging in California should go out in early summer when the risk
posed by dust exposures is greatest. It may also be beneficial to
minimize major construction projects in the summer and fall
months owing to the hypothetically higher concentrations of
arthroconidia in the soil. Further, counties such as San Luis
Obispo, Madera, and Kern may benefit the most from dust sup-
pression and stabilizing projects. More recently, research has
found that several soil microbes inhibit the growth of
Coccidioides in the lab64 and that restoration of biocrust com-
munities may suppress spore aerosolization,65 providing new
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mitigation techniques. However, public awareness campaigns
and dust suppression projects may have limited success in avert-
ing cases of coccidioidomycosis, and thus funding and develop-
ment of the human vaccine should continue to be prioritized.

Given the wide-ranging impacts of climate change, the findings
of this study should be considered in light of the projected expansion
and intensification of coccidioidomycosis across the US.66 Many
studies have concluded that climate change is likely to produce
drier, hotter seasons in the southwesternUS,which could potentially
lead to increases in dust emission.67,68 A recent analysis of the US
Southwest estimated that fine and coarse mineral dust levels could
increase by 57% and 38%, respectively, by 2080–2099 under
RCP8.5.67 In California, the Sustainable GroundwaterManagement
Act, which aims to protect groundwater resources, will lead to the
mass fallowing ofmany acres of farmland over the coming decades,
which may increase fugitive dust emissions.69 At the same time,
anthropogenic dust emissions due to urbanization have been
increasing.70 The San Joaquin Valley’s population is growing rap-
idly, and increases in construction and expansion of urban areas are
expected over the coming decades.71 Considering these changes,
dust is an emerging public health threat in this region, and the health
risks of exposure to dust—including coccidioidomycosis—are
expected to increase, even as projecting future dust concentrations
inCoccidioides-endemic regions remains challenging.72

Conclusions
California is currently experiencing an increase in incidence of
coccidioidomycosis, with the San JoaquinValley and coastal coun-
ties exhibiting particularly rapid rises.1 Other endemic states,
includingArizona, have also seen upticks in incidence,5,43 and coc-
cidioidomycosis cases and positive soil samples are increasingly
reported in noncontiguous areas in nonendemic states, including
Oregon,49 Utah,73 andWashington.6,74,75 The association between
ambient mineral dust exposure and coccidioidomycosis incidence
is fundamental to our understanding of the disease. In this study,
we found consistent, nonlinearly positive associations between
fine mineral dust concentrations and coccidioidomycosis inci-
dence. We additionally found that this association varied by
county, with finemineral dust exposures within the counties of San
Luis Obispo, western Madera, and western Kern posing the great-
est risk. Finally, we found modest evidence to support the grow
and blow hypothesis, most notably that fine dust exposures in the
summer were the most highly associated with coccidiomycosis
incidence. Thus, awareness messaging in California may be more
effective if implemented in the summertime, when our results sug-
gest risk posed by dust exposures is greatest. We further found that
high fine mineral dust exposures following a wet winter conferred
an 11% increase in risk as compared with exposures that follow a
dry winter. Our results further clarify both the route of exposure to
the emerging pathogen Coccidioides as well as spatiotemporal and
climatologic risk modifiers. Our study suggests a need for further
research characterizing the exposure–response across dust particle
sizes,finer temporal scales, and acute dust events.
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