
Medical Claims Data Characterizes Heat Health
Risk for Low-Income and Agricultural

Communities in California

I. Avery Bick*1,2,3, Gina Hervey1,2, and Jenny Suckale4

1Climate and Energy Policy Program, Stanford University,
Stanford, CA

2Environmental and Natural Resources Law and Policy Program,
Stanford University, Stanford, CA

3Norwegian Institute for Nature Research, Oslo, Norway
4Doerr School of Sustainability, Stanford University, Stanford, CA

*Email: averybick@stanford.edu

Abstract

Heat exposure is a significant cause of morbidity and mortality around
the world that is expected to worsen with climate change. In California,
efforts to map the health risks of heat exposure have focused mainly on
compiling indices that assess heat vulnerability theoretically, rather than
empirically. Here, we use complete Medicaid claims data from 2011-2019
to map heat impacts for low-income Californians at a ZIP code scale. We
find that the top 10% of ZIP codes by heat-related claim rates tend to
have lower median income, a higher percentage of farm workers, and a
higher rate of mobile homes, compared to the lower 90% of ZIP codes.
We find that heat-related claim rates increase 24.4% for every 1 C ◦in
majority cropland areas, compared to 20.6% for every 1 C ◦in majority
built-up areas. Comparing heat-related claim rates against three common
heat and socioeconomic vulnerability indices, we find that two have a
weak to moderate positive correlation, while the third is weakly negatively
correlated. These results highlight the importance of considering medical
claims data when mapping heat impacts and designing interventions to
reduce heat-related health risks and public costs.
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INTRODUCTION

Synopsis
Health impacts of heat exposure are increasing with climate change. Existing
tools for mapping heat risk typically quantify hypothetical vulnerability to heat,
but do not integrate actual historical data on heat-related illnesses. This study
uses Medicaid claims data to map historical heat risk in California, identify
specific communities and demographics at risk, and evaluate the effectiveness of
vulnerability indices and policy interventions.

Introduction
Heat exposure now causes more deaths in the United States than any other
weather event [1]. From 2004 to 2018, an average of 702 people died annually
from heat-related causes [2], increasing to 1,930 deaths annually between 2019-
2023 [3]. This trend in heat-related deaths is projected to continue in the coming
years, both in the United States and worldwide [4, 5, 6]. In the United States,
California is one of the states where heat waves regularly affect millions of
people, especially in the agricultural sector, where many low-income workers
are exposed to high temperatures [7, 8].

Increased mortality from heat is only one of many heat-related health im-
pacts [9]. Heat exposure can also cause dehydration, heat exhaustion, heat
stroke, and acute kidney failure, all of which are preventable in principle [10]
and with improved methods of identifying high heat risk, could be minimized.
Potential methods for identifying where and to whom such health impacts occur
include the use of vulnerability indices that composite many risk factors and,
increasingly, medical claims and emergency room data [6, 11, 12].

Attention to heat risk is increasing in California, as evidenced by the creation
of AB 2238 in 2022, which requires the state to develop a statewide extreme heat
ranking system, and the Extreme Heat Action Plan that outlines comprehensive
state actions on extreme heat [13]. However, a recent assessment of Heat Action
Plans in California shows that many plans are incomplete and would benefit
from a more deliberate focus on health outcomes and the consideration of health
data [14]. Nonetheless, California does not currently have a systematic state-
wide assessment of heat-related health impacts.

The goal of this paper is to better understand the spatial distribution of heat
risk in California and the socioeconomic and environmental factors associated
with heat-related illnesses in low-income households. We use complete patient-
level claims data from 2011-2019 for Medi-Cal [15, 16], California’s Medicaid
system, considering both inpatient and outpatient claim counts and rates for
heat-related illnesses within the International Classification of Diseases (ICD)
category “Effects of Heat and Light" on a ZIP-code scale. This ICD category
includes heatstroke, heat exhaustion, heat edema (heat-induced swelling), and
heat syncope (heat-induced fainting and dizziness). The data set captures ap-
proximately 13 million certified eligibles in 2019 [17], about 32% of the State’s
population that year [18].
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By calculating the total heat-related claims and claim rate (per eligible)
on the ZIP-code scale, we are able to identify specific communities facing dis-
proportionate heat risk in California and compare their characteristics. More
specifically, we consider median household income and agricultural workforce
size derived from U.S. Census data [19], mobile home space counts from the
California Department of Housing and Community Development [20], and land
cover from the European Space Agency WorldCover dataset [21]. The main
drawback of this high spatial resolution is that small ZIP codes have few Medi-
caid eligibles, introducing significant noise into the estimation of claim rates. We
mitigate this issue through a Bayesian spatial smoothing technique [22] based
on information from surrounding ZIP codes.

We find that heat health risks among low-income households vary dramati-
cally across communities in California driven by both temperature and socioe-
conomic characteristics. This result has important implications for California’s
Extreme Heat and Community Resilience Program (EHCRP) where local and
regional governments can apply to support projects aimed at reducing heat risk
[23]. However, the metrics for determining awardees do not include heat risk
metrics, let alone heat-related hospitalization data [24]. The program priori-
tizes support for disadvantaged and heat-vulnerable communities through the
designation of "disadvantaged communities" with the CalEnviroScreen index
[25]. An important open question is whether CalEnviroScreen and other indices
guide funding towards community where it would have the biggest impact on
heat-risk reduction.

California uses a suite of vulnerability indices from various state and federal
agencies to measure chronic heat vulnerability and real-time heat hazard. These
vulnerability indices include the California Heat Assessment Tool (CHAT) Heat
Health Action Index [26], the Centers for Disease Control and Prevention (CDC)
Heat and Health Index [27], and CalEnviroScreen [25]. These composite indices
include numerous heat-vulnerability covariates such as temperature, age, and
occupation but do not empirically measure heat-related medical outcomes. As
a consequence, these indices are not always consistent with real-world data
documenting impacts [28] and have limited ability to predict how heat risk
varies by region [29].

A complement to heat-vulnerability indices are monitoring tools such as
CHAT’s "heat health events" (HHEs) metric, which estimates the number of
annual heat events by region which may threaten public health, based on histor-
ical data [26]. The focus on historical data enables a quantification of relative
exposure to extreme heat events, but also directs the metric towards areas where
heat has posed large risks to public health in the past. However, past heat expo-
sure is not necessarily predictive of future impacts, partly because mortality risk
increases rapidly beyond a certain threshold temperature [30, 31] and partly be-
cause vulnerability might be a more important driver of risk than exposure [32].
Another set of heat risk indicators, such as CalHeatScore [33] and the National
Weather Service’s HeatRisk tool [34], are geared towards short-term warnings
and forecasts of extreme heat. One data product that does measure quantities
of heat-related illness is the CDC Heat and Health Tracker [35], which releases
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daily rates of emergency department visits, but these rates are aggregated re-
gionally, limiting their applicability to community-level interventions.

Methods

Medicaid Claims
We source heat-related illness claims from complete Medicaid Inpatient [15]
and Outpatient [16] data from 2011-2019 within California, supplemented by
Medicaid Demographic [36] and Eligibility [17] data. The combined dataset in-
cludes claims for patients at outpatient facilities, such as urgent care, emergency
rooms, and physicians’ offices, as well as patients who underwent inpatient stays
at hospitals. It also includes the age and residential ZIP codes of patients.

The Medicaid database utilizes the International Classification of Diseases
(ICD) coding system, a standardized system for classifying diseases that is often
applied for reporting medical claims. ICD diagnosis codes are primarily used
for billing purposes, and thus do not always represent instances of bona fide
diagnoses, but are commonly applied in epidemiological studies [37]. In October
2015, as part of a national effort, California shifted from reporting medical
claims in ICD version 9 to version 10 [38]. During the same year, the use of the
Medicaid Analytic eXtract (MAX) system for the compilation and distribution
of Medicaid data was discontinued in favor of the Analytic File (TAF) system
of the transformed Medicaid Statistical Information System, which is generally
more comprehensive with higher data quality [38].

We aggregate both TAF and MAX data and count all codes falling under
the ICD class “Effects of Heat and Light", denoted by the prefixes “992" in
ICD-9 and “T67" in ICD-10. This class includes heatstroke, heat cramps, heat
exhaustion, heat fatigue, heat edema (swelling in extremities), and heat syncope
(dizziness or fainting). Each individual outpatient claim can have up to two
diagnosis codes, while inpatient claims can have up to 12. Medical claims data
is subject to restrictions to protect patient privacy that limit the display of any
cell with a size of 15 or less for outputs that include individuals under 18. Thus,
any count of Medicaid claims or unique patients between 1-15 in a ZIP code
is displayed as “1-15", though counts of 0 are shown. We also exclude rates
calculated using cell sizes of 1-15.

We perform all processing of Medicaid data on the secure Redivis cloud plat-
form [39]. First, we filter all MAX and TAF inpatient and outpatient claims
data for residents of California. Next, we drop visits that do not have a docu-
mented patient residential ZIP code, a total of 547 claims, less than 1% of the
total of 100,928 relevant heat-related claims. We then aggregate heat-related
health codes based on the residential ZIP codes of patients for that year, as
reported in the Medicaid Personal Summary dataset [36]. Finally, we prepare
count data by aggregating heat-related illness claims by patient residential ZIP
code.

To develop a crude average annual claim rate by ZIP, we divide the claim
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counts by the mean monthly Medicaid eligibles in each ZIP across our study
period (see Fig. 1B), based on data provided by the California Department of
Health Care Services [40]. We then divide by the nine years in our study period,
2011-2019, to calculate the crude rate. Since ZIP codes differ significantly in
the mean of monthly Medicaid eligibles, we employ spatial smoothing to re-
duce noise from small-number bias by borrowing information from neighboring
regions [41]. More specifically, we use the BYM (Besag, York and Mollié) hierar-
chical Bayesian model [42] designed for the spatial smoothing of epidemiological
data.

The BYM model accounts for spatial patterns using an Intrinsic Conditional
Autoregressive Model (ICAR), which assumes that neighboring regions have
similar disease rates, while also accounting for unstructured, random variation
in each region. We apply a reparameterized version of the model, BYM2 [22],
which introduces a mixing parameter that quantifies the proportion of variance
associated with spatial patterns versus unstructured, random variation.

We define the neighbors of each ZIP as the 10 nearest ZIPs based on ge-
ographic centroids. The neighborhood structure in BYM2 is captured by a
symmetrized adjacency matrix. The symmetrization process can create more
neighbors for some regions, as regions selected by others can gain additional
relationships. This larger neighbor sample can decrease variance for certain
regions. Within the BYM2 model, this is corrected by scaling the ICAR spa-
tial component based on the average neighborhood size. This process ensures
fair comparison between spatial patterns and random noise [22]. In our BYM2
implementation, we specify a negative binomial distribution for likelihood to
account for overdispersion in disease counts, common with real-world disease
data [41]:

µi = Ei · exp
(
β0 + σ

[√
1− ρ · θi +

√
ρ

s
· ϕi

])
(1)

where:

µi = expected claim count in ZIP i
Ei = baseline expected count for ZIP i (ZIP eligible population × global rate)
β0 = intercept
σ = scaling parameter
ρ = mixing parameter
θi = unstructured random effect
ϕi = spatial pattern random effect
s = scaling factor

After calculating the expected claim count, µi, by ZIP i, we calculate smoothed
rates by dividing the expected claim count by the mean Medicaid eligible pop-
ulation in each ZIP.

5



METHODS

Geospatial Datasets
We source socioeconomic data and ZIP code geometries from the 2015-2019 U.S.
American Community Survey data provided by the Integrated Public Use Micro-
data Series (IPUMS) National Historical GIS (geographic information system)
tool [19]. This dataset represents ZIP code geographies as ZIP code Tabulation
areas (ZCTA), an approximation of ZIP postal codes used by the U.S. Census.
These datasets include median household income (IPUMS field ALW1E001) and
the number of workers in farming, forestry, and fishing by sex (IPUMS variables
ALY6E031 and ALY6E067). We calculate the overall fraction of the work-
force in the farming, forestry, and fishing industries by ZIP by summing fields
ALY6E031 and ALY6E067 and dividing by the total workforce size (IPUMS
field ALY6E001).

We source daily maximum air temperature from the 1 km2 resolution Daymet
[43] dataset, then calculate the mean maximum daily air temperature for each
ZCTA across our study period of 2011-2019 (see Fig. 1C). We derive the land
cover of each ZCTA from the 10 m resolution ESA WorldCover 2020 Global
land cover product, which is based on imagery from the Sentinel-1 and 2 satel-
lites [21] (see Fig. 1A). Using zonal statistics, we calculate the relative fraction
of each ZCTA covered by each land use type. We focus on three land cover
types that have been shown in literature to modulate heat-related illness risk
[44, 45, 8, 46]: cropland, defined as land sowed and harvested at least once
per year, built-up areas, covered by man-made structures and roads, and tree
cover, which characterizes areas with at least 10% tree cover. All zonal statistics
calculations were performed using the Python library rasterstats [47].

We also investigate associations of heat-related claim rates with relative
rates of mobile homes by ZIP. We derive the number of mobile home spaces per
ZIP code from records of active mobile home parks in 2024 from the California
Department of Housing and Community Development [20]. We then assume
that the 2024 data is indicative of the years 2011-2019 as well, since these
specific years are not available in the database. We calculate relative rates of
mobile homes per ZIP code by dividing the total number of active mobile home
spaces by the mean Medicaid eligible count in each ZIP code across the study
period.

Vulnerability Indices
We compare our ZIP heat-related claim rates against the California Heat Assess-
ment Tool (CHAT) Heat Health Action Index [26], the CDC Heat and Health
Index [27], and the CalEnviroScreen Population Characteristics Score [25]. The
CDC Heat and Health Index and the CalEnviroScreen data are available at
ZIP-code resolution, and thus directly comparable against heat-related claim
rates. However, the CHAT Heat Health Action Index data is at a Census Tract
scale. We use a 2019 ZIP to Tract crosswalk file [48] from the U.S. Department
of Housing and Urban Development to convert the Census Tract-scale index to
ZIP-scale. This crosswalk provides the fractions of residential addresses in each
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ZIP that come from Census Tracts within that ZIP [49]. Thus, we calculate a
ZIP-scale CHAT Heat Health Action Index by performing a weighted average
of the tract-scale Heat Health Action Index values based on the fraction of ZIP
code residential addresses contained within each Census Tract.

Analyses
Evaluating the Relationship of Socioeconomic and Environmental Char-
acteristics to Heat Risk

To determine whether the distributions of these demographic indicators were
significantly different in high- and low-heat risk ZIP codes, we first split all ZIP
codes into groups of relative high risk (those within the top 10% of BYM2-
smoothed heat-related claim rates) and low risk (the remaining ZIP codes). We
apply a one-sided permutation tests with 1000 resamples and mean statistics
(scipy.stats.permutation_test) [50] to evaluate whether the distributions of me-
dian household income, percentage of farm workers in the workforce, ZIP code
land use coverage fraction (tree cover, cropland, and built-up area), and mo-
bile home space rates are significantly different between low- and high-heat risk
ZIP codes. We also use Spearman rank correlation tests [50] to evaluate the
direction, strength, and significance of monotonic relationships between BYM2-
smoothed heat-related claim rates and mean daily maximum temperature and
the three aforementioned vulnerability indices.

Heat Wave Analysis

To determine whether Medicaid claim data can capture signals of heat health
events such as heat waves, we calculate the daily Medicaid claim count before,
during, and after the 2017 heat wave in the Central Valley of California. We first
subset California ZIP codes to those that fall at least 50% within the bounds of
the Central Valley. In the absence of official Central Valley borders, we use the
borders as described by the 2003 Central Valley Historic Mapping Project [51].

We identify the start date (2017-06-17) and the end date (2017-06-27) of the
heat wave based on a 2024 report from the California Department of Insurance
[52]. For the heat wave analysis, daily heat-related claim counts were calculated
in a similar fashion as previously described in the main analysis. We first filter
inpatient and outpatient claims to remove claims without residential ZIP codes,
as well as claims with residential ZIP codes outside the designated Central Valley
region. We then sum and compare the counts of heat-related claims during the
11 days of the heat wave to the 11 days before and after the heat wave.

Heat Claims by Age and Gender

To compare heat-related claim counts of men and women by age, we process
inpatient and outpatient claim counts. We filter claims to include only California
and to remove ZIP codes without patient residential ZIP code data. We then
derive the patient sex and calculate the age of the patient at the date of service
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using the birth date provided in the Medicaid Personal Summary dataset [36].
We drop any claims without information on date of birth, date of service, or
patient sex. Finally, we aggregate total heat-related claim counts by integer age
for male and female patients separately across the study period into a histogram.

Regression Model

Following the hypothesis that farm workers face high heat risk, we fit a mul-
tiple linear regression model using ordinary least squares (OLS) to model log-
transformed heat claim rates as a function of temperature and land use. We
calculate the log-transformed heat claim rates by first aggregating heat-related
claim counts by ZIP code and day, dropping any claims without data on patient
residential ZIP codes. We then aggregate the daily ZIP counts by daily max-
imum temperature (in 0.5◦C buckets) and dominant land cover type. We set
the temperature range of interest between 20◦C and 48 ◦C, as few heat-related
illness claims occurred below this range in “cropland" areas or above this range
in both “cropland" and “built-up" areas. We then filter the analysis to ZIP codes
that are either majority “built-up" or majority “cropland". We also calculate
the number of person-days of heat exposure to each 0.5◦C temperature bucket
for each land cover type by summing the mean Medicaid eligible count for each
ZIP and day.

After log-transforming the claims per person-day data (r), we apply the OLS
model with a categorical variable (C) based on whether dominant land cover
(LULC) was cropland or built-up:

log(r) ∼ T + C(LULC) + T : C(LULC)

where the C(LULC) term creates separate y-intercepts for baseline heat
illness claims per person-day categorized by land cover type. We also include
an interaction term T : C(LULC), which allows different slopes for each land
cover type, allowing temperature (T) to affect claims per person-day differ-
ently in built-up and agricultural areas. To account for heteroscedasticity in
model residuals, we report heteroscedasticity-robust standard errors using HC3
covariance estimation [53]. Model parameters are reported in the Supporting
Information. We construct the model using the Python library statsmodels [54].

Results

Heterogeneous Spatial Distribution of Heat-Related Claims
and Rates
Between 2011 and 2019, we identify 98,456 outpatient claims stemming from
27,079 beneficiaries for heat-related illnesses billed to California Medicaid and
1,925 inpatient heat-related claims from 1,706 patients. We map claim counts
and smoothed claim rates on the ZIP code scale in Fig. 2a and Fig. 2b, respec-
tively. Heat-related claim counts cluster in the southeast, parts of the Central
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a) b) c)

Figure 1: A) Majority land cover [21], B) Medicaid enrollment [? ] at the ZIP
code scale in California, and C) average daily maximum temperature (C◦) by
ZIP, 2011-2019 [43]. County borders shown in black.

Valley, and generally in rural ZIP codes (Fig. 2a). The ZIP codes with the high-
est claim counts (92243, 93307, 92227, 92201, and 93706 respectively) contain a
mix of built-up and cropland areas, with relatively high mean air temperatures
(Fig. 1c) and low tree cover (Fig. 1a).

The BYM2 [22] spatial smoothing model converged well, with all parame-
ters achieving a Gelman-Rubin statistic (R̂) of 1.00 (SI Table 1). The spatial
distribution of rates (Fig. 2b) is even more heterogeneous than the count (Fig.
2a) across ZIP codes (σ = 4.56, 95% HDI: [3.94, 5.19]). We find that 98.8% of
variation in heat-related claim rates explained by spatial or neighborhood effects
and only 1.2% of variation due to random effects in individual ZIP codes (SI Ta-
ble 1). The primary clusters of high heat-related claim rates are located in the
agricultural Imperial Valley and Kern County areas, San Bernardino County,
and select rural ZIP codes in Northern California (Fig. 2b).

Among more populated ZIP codes with at least 1,000 mean monthly Medi-
caid eligibles, smoothed heat-related claim rates were generally highest in south-
eastern regions that contain a mix of agricultural, urban, and desert landscapes
(Fig. 1a). These areas include ZIP codes within Imperial County (92257, 92283,
92227, 92243, 92281), San Bernardino County (92363), and Riverside County
(92225). We also note high rates in some more urban areas, such as Santa
Clara County (95113) and in sparsely populated rural ZIP codes in Northern
California in Trinity (95595), Humboldt (95511), and Colusa (95955) counties.

Socioeconomic and Environmental Characteristics of High-
Risk ZIP codes
To identify the socioeconomic and environmental characteristics of high-heat
risk ZIP codes, we compare the top 10% of ZIP codes by heat-related claim rates
(high-risk ZIPs) between 2011-2019 to the remaining ZIP codes (low-risk ZIPs).
In this comparison, we only consider ZIP codes with at least 1,000 mean monthly
eligibles (Fig. 3). Via permutation test (see Methods), we find that high-risk
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a) b)

c)

Figure 2: Heat exposure and heat-related medical claims across California. A)
The total inpatient and outpatient heat-related Medicaid claims by ZIP from
2011-2019 [15, 16]. B) Population-adjusted annual heat-related claims per Med-
icaid eligible by ZIP from 2011-2019. C) Scatter plot of average annual rates
of heat-related claims across 2011-2019 versus the average maximum daily air
temperature for all California ZIP codes. The black line is a locally-weighted
smoothing curve (LOESS) indicating trends in the scatter.
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ZIP codes tend to have higher percentages of farm workers in the workforce than
low- risk ZIP codes (Nhighrisk=142, Nlowrisk=1,214, test stat.: 0.0187, p=0.008)
(Fig. 3b), lower median household income (Nhighrisk=140, Nlowrisk=1204, test
stat.: -$24,553, p < 0.001) (Fig. 3d), and a significantly higher rate of mobile
home spaces per Medicaid eligible (Nhighrisk=112, Nlowrisk=781, test stat.:
0.0673, p < 0.001) (Fig. 3b).

Interestingly, we find that high-risk ZIPs tend to have slightly higher tree
cover fraction (Nhighrisk=143, Nlowrisk=1221, test stat.: 0.0660, p=0.002) (Fig.
3e) and significantly lower fraction of built-up area (Nhighrisk=143, Nlowrisk=1221,
test stat.: -0.311, p < 0.001) than low-risk ZIPs (Fig. 3f). One possible expla-
nation is that rural areas face higher heat risk, potentially due to a greater
fraction of outdoor workers or other lifestyle or demographic differences, despite
also having more tree cover. The urban heat island effect associated with built-
up areas may be counteracted by other factors, such as fewer outdoor workers
or greater air conditioning access. We also note that heat-related claim counts
are similar for young men and women, but are higher for middle-aged men com-
pared to middle-aged women (Fig. 4). Indeed, the median age of patients with
heat-related claims is 35 years old, and approximately 58% are male. A poten-
tial reason is that middle-aged men are generally more likely to work outdoors
[55, 56, 57].

We use an OLS model to compare how normalized heat-related claim rates
change with temperature in majority cropland ZIP codes versus majority built-
up ZIP codes. The OLS model shows a strong fit (R2=0.978, F(3, 110)=1403)
and heteroscedasticity-robust standard errors (HC3) as listed in Table S2. Tem-
perature has a strong positive association with heat-related claim rates in both
land cover types. However, in majority built-up areas, heat-related claim rates
increase by about 20.6% for every 1°C (β = 0.187, SE = 0.003, p < 0.001), while
claim rates increase more strongly by 24.4% per 1°C in cropland-dominant areas
(β = 0.0307, SE = 0.008, p < 0.001). Residual diagnostics suggest non-normality
in the residuals (Jarque–Bera p < 0.001), with negative skewness (1.04) and high
kurtosis (8.13), indicating a left-skewed and heavy-tailed residual distribution
and the probable presence of outliers. The full OLS model summary is available
in the supplemental information (Table S2).

Heat-Related Claims Increase with High Temperatures and
Heat Wave Events
We identified a significant, though weak-to-moderate, positive monotonic re-
lationship between ZIP code average maximum daily air temperature and the
corresponding monthly rates of heat-related illnesses in Fig. 2c (Spearman Rank
Corr.: 0.183, p < 0.001). This weak correlation suggests that claim rates are
likely confounded by variables other than maximum daily temperature. For
additional verification of the suitability of claims data to monitor heat-related
illness rates, we analyzed claims during the 2017 Central Valley Heat Wave,
which occurred from June 17-27 [52]. We observed a tenfold increase in heat-
related inpatient and outpatient claims compared to the previous 11 days, an
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a) b)

c)

d)

e)

f)

Figure 3: A) The top 10% highest heat-risk ZIP codes versus the remaining 90%
of ZIP codes, based on BYM2-smoothed heat claim rates. Grey areas indicate
ZIPs with no calculated rates, due to insufficient data on the Medicaid eligible
population [17]. Bar plots illustrate the difference in selected demographics in
high- and low-risk areas: B) the farmworker fraction of the workforce [19], C)
the rate of mobile home spaces per Medicaid eligible [20], D) median household
income [19], E) ZIP code tree cover fraction [21], and F) ZIP code built-up
fraction [21]. Error bars on plots represent the standard error associated with
the distributions of the five analyzed covariates.
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Figure 4: Histogram of heat-related inpatient and outpatient Medicaid claims
in California between 2011-2019 by patient sex and age. The dashed black
line indicates age 65, when many patients switch to Medicare as their primary
provider.

increase from 111 to 1,143 claims (see Fig. S2). The highest claim counts oc-
curred in ZIP codes in Bakersfield (93307, 93304) and Fresno (93728, 93726,
93706).

Vulnerability Indices May Not Identify High-heat Risk Com-
munities
The high spatial variability of heat-related claim rates in Fig. 2b poses a policy
challenge. Measurably reducing heat risk with limited public resources requires
decision-makers to identify and prioritize high-heat risk communities in pro-
grams like EHCRP. One common option for identifying high-risk communities
is through composite vulnerability indices such as CalEnviroScreen, raising the
question of whether high-risk communities are correctly identified through these
kinds of algorithms.

In Fig. 6, we compare the CDC Heat Health Index (a), the CalEnviroScreen
Population Characteristics Score (b) and the Heat Health Action Index from
the California Heat Assessment Tool (c) against the annual heat-related claims
at the ZIP code level. Only the CDC Heat Health Index increases with claims
count (ρ=0.393, p < 0.001). This index differs from the others, because it in-
cludes historical heat health events, health sensitivities to heat, demographic
sensitivities such as age and income, and natural and built environment condi-
tions such as mobile home occupancy and air quality [27].

In contrast, we find a weak but significant negative rank correlation between
ZIP code claim rates and the CHAT Heat Health Action Index (ρ=-0.099, p <
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c)

b)a)

Figure 5: A comparison of heat-related Medicaid claims in ZIP codes with
majority built-up and majority cropland land cover based on normalized heat
exposure. A) The number of days with a maximum temperature over 40°C.
B) ZIP codes included in the analysis had either built-up or cropland as their
majority land cover. C) Daily temperature in each ZIP was rounded to the
nearest 0.5°C, then the total number of days and claims per dominant land cover
type were aggregated into these 0.5°C buckets. The total number of claims per
dominant land cover were then normalized by the total person-days of exposure
for Medicaid eligibles to calculate heat-related claims per 100,000 person-days
of exposure by maximum daily temperature and dominant land cover class.
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a) b) c)

Figure 6: Comparison of smoothed heat-related Medicaid claim rates with three
indices: A) the Center for Disease Control Heat Health Index, B) The CalEnvi-
roScreen Population Characteristics Score, and C) the California Heat Assess-
ment Tool Heat Health Action Index. Spearman rank correlation test statistics
are displayed on each plot. Lines represent moving averages with a window of
100 points.

0.001). The CHAT Heat Health Action index also uses information on demo-
graphic sensitivities, health sensitivities, and the natural and built environment,
but does not incorporate any data on prior heat-related illnesses [26]. For com-
parison, the CDC Heat Health Action Index incorporates emergency room visit
data. While not a heat health index, we also compare smoothed ZIP code
heat-related claim rates against the Population Characteristics Score of CalEn-
viroScreen, which is intended to represent the vulnerability of communities to
pollution, finding a very weak positive monotonic agreement (ρ=0.220, p <
0.001).

Discussion
California, like many other regions in the United States and worldwide, faces
rapidly increasing heat risk [58, 59]. Tackling this challenge effectively starts
with an understanding of who is most at risk. Much of the existing literature on
heat-related illness emphasizes population-wide outcomes—such as total mor-
tality [60] or emergency department visits [6] and focuses predominately on
metropolitan areas [60, 61]. In contrast, our work shows that rural ZIP codes
face disproportionately high heat risk, even after correction for noise stemming
from low population (see Fig. 2b and 3a).

Imperial County alone contains 6 of the 10 top ZIP codes based on smoothed
heat-related claim rates for ZIP codes with at least 1,000 mean Medicaid eli-
gibles. Several of the other rural ZIP codes with high heat-related claim rates
are in Northern California within Trinity (95595), Humboldt (95511), Siskiyou
(96064), and Colusa (95955) counties, despite these areas facing much lower
average maximum daily temperatures than Southern California. The height-
ened risk may be due to high rates of outdoor workers in the regional forestry
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industry of Northern California [62, 19], or due to comorbidities associated with
exposure to both extreme heat and smoke from wildfires [63].

In Fig. 3, we show that the top 10% of ZIP codes by smoothed heat-related
claim rates had, on average, a $24,553 lower median household income and a
86.5% higher rate of mobile home spaces per Medicaid eligible than other ZIP
codes (0.145 versus 0.0778 spaces per eligible). Low income [29, 45, 64], poor
housing quality or lack of housing [65, 66, 67] and living in mobile homes [65]
have previously been associated with high exposure to heat and high rates of
heat-related illness, partly because of poor insulation and high cooling costs for
residents who are already lower-income [68]. Low income may also restrict air
conditioning usage due to energy costs [46, 69].

ZIP codes with high heat risk have, on average, a 66% larger percentage
of agricultural, forestry, and fishing workers in their workforce relative to ZIP
codes with low heat risk (see Fig. 3b), suggesting that elevated risk could partly
be driven by an outdoor workforce. California’s outdoor agricultural labor force
is mostly comprised of young to middle-aged males, as detailed in the MICASA
Survey [55] and reports from the California Research Bureau [56, 57]. High
occupational heat exposure for outdoor workers and farm workers [70, 71, 72,
73, 74] and middle-aged men in general [75, 70] has been noted in prior studies.
A 2015 study found that farm workers are approximately 35 times more likely
to have a heat illness compared to other workers [70, 76].

California law requires “shade" when ambient outdoor temperatures exceed
80 degrees Fahrenheit, and workers must be “encouraged" to take a break if they
express heat-illness symptoms [77]. However, the law does not specify how a
farm operator should determine the outdoor temperature and does not reference
heat-risk indexes, maps, or other heat-illness resources. Of the 1,200 workers
surveyed in a 2021 UC Merced farmworker study, 20% reported lacking temper-
ature monitoring on hot days, 15% reported insufficiently shaded breaks when
it was over 80 degrees Fahrenheit, and 22% reported no heat illness monitoring
when the temperature exceeded 95 degrees [76].

Similarly, a recent California OSHA audit in 2024 reported a 40% vacancy in
enforcement staff, with only 22% of inspections being proactive, compared to a
42% national average [78]. California OSHA’s 2024 Annual Report acknowledges
these problems, particularly compared to other outdoor workplaces. The agency
did not reach their fiscal year 2024 goal regarding issuing at least one percent
more "serious" agricultural outdoor workplace citations compared to the prior
fiscal year. They also did not succeed in achieving a one percent increase in the
number of agricultural employees “removed from serious hazards as a result of
these inspections." Both of these metrics were achieved for outdoor construction
workers [79].

In addition to better protecting workers in agricultural workplaces, our work
suggests that state funding aimed at reducing heat risk is not optimally dis-
tributed. In the EHCRP program and other state initiatives, the designation
as a disadvantaged community directs funding, as exemplified by AB 1550,
which mandates that 25% of California’s Greenhouse Gas Reduction Fund is
allocated to these communities [80]. SB 535 “Land Use: General Plan: Safety
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Element" identifies disadvantaged communities as the top 25% Census Tracts
in the CalEnviroScreen index [25], which accounts for exposure to pollution,
but not to heat risk. It is therefore not necessarily surprising that the CalEn-
viroScreen Population Characteristics Score does not correlate with high heat-
related claims (Fig. 7b).

The generic view of vulnerability as unrelated to a particular stressor embed-
ded in the construction of CalEnviroScreen index has been criticized extensively
in the scientific literature [81, 82, 83]. These concerns have not yet translated to
a change in policy, partly because the definition of disadvantaged communities
is codified in laws such as SB 535 “Land Use: General Plan: Safety Element",
which identifies disadvantaged communities as the top 25% Census Tracts in
the CalEnviroScreen index [25]. The designation as a disadvantaged commu-
nity then directs funding, such as with AB 1550, which mandates that 25% of
California’s Greenhouse Gas Reduction Fund is allocated to these communities
[80]. Additionally, SB 1000 requires local governments to construct environmen-
tal justice plans, which may leverage CalEnviroScreen or other indices such as
the CHAT Heat Health Action Index in local efforts to map risk [84].

Our results show that through this process, many high-risk communities are
not currently prioritized in EHCRP funding. For example, in 2024 and 2025,
EHCRP announced 46 recipients for grants to plan and implement efforts to
reduce extreme heat risk across the State [85], funding scientifically-backed and
worthwhile projects, such as solar shade structures, green infrastructure, and
upgrades to cooling centers. Of the approximately $32 million distributed by
EHCRP, only one small planning grant of $531,764 (1.7% of the total funds dis-
tributed) was awarded within Imperial County. This share corresponds roughly
to what each of California’s 58 counties would receive if EHCRP funds were
distributed equally among them, despite the out-sized heat illness claim counts
and rates within Imperial County.

We are not the first to point to Imperial County as a high heat-risk location.
In 2025, the California Department of Public Health classified Imperial County
as having the highest rate of occupational heat-related illness emergency depart-
ment visits of all California counties between 2016-2023 [86]. This assessment
in conjunction with our result highlights that considering medical claims data
relevant to environmental exposures, such as heat illness claims, alongside with
composite indices could elevate the relevancy of EHCRP and related programs
for climate resiliency and risk reduction.

While medical claims data sheds light on community needs, it also has draw-
backs. ICD codes are used for billing purposes, suggesting a patient’s condition
or disease requires further tests or investigation rather than indicating a final
diagnosis [37]. They can also include errors resulting from medical coder inex-
perience or miscommunication between doctors and patients [37]. There may
also be differences in coding practice across specific doctors, hospitals, or re-
gions. Thus, these claims data cannot quantify the exact number of bona fide
heat-related illnesses, but instead indicate relative risk as well as the public cost
of heat-related illness claims across the state.

Another caveat specific to our study is that Medicaid only covers a subset of
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Californians: low-income communities and those under age 65. At age 65, pa-
tients can enroll in Medicare, which then becomes the primary payer for medical
services before Medicaid, so many claims from elderly patients are not captured
here. It is also probable that many heat-related illnesses from farmworkers are
not captured. A 2022 report from the Public Policy Institute of California esti-
mated that 58.3% of farmworkers in California between 2010-2018 were undoc-
umented; these workers use Medicaid at lower rates than documented workers
[87]. Lastly, in order to focus our analysis on specific heat-related claims, we
only include claims here with a diagnosis code from the ICD-10 “Effects of Heat
and Light" category. We do not capture other heat-induced claims, such as
those related to mental health conditions or kidney issues [6, 88].

The first step towards a more rigorous approach to heat health planning
and intervention is an improved understanding of the spatially heterogeneous
impacts of heat on health. Heat-illness data can help create a more accurate
representation of heat risk. Which in turn, can support high-impact, efficient,
and equitable planning and resource distribution for heat-risk minimization in-
terventions. Claims data may also help to quantify the public and private
monetary costs associated with heat-related illnesses and evaluate the financial
impacts of interventions.

Conclusions
Improving knowledge of the spatial and demographic distribution of heat-related
health impacts is critical for informing efficient and equitable distribution of
public resources, especially as risk is projected to increase with climate change.
In this study, we map heat-related illness claims for low-income Californians
on Medicaid between 2011-2019, highlighting specific communities at-risk, and
demonstrating that common existing metrics for mapping heat risk, such as
composite heat vulnerability indices, have limited capacity to identify high-risk
communities. We also show disproportionate heat risk in rural areas, primar-
ily those with lower median income, higher rates of mobile homes, and higher
rates of farm workers in the workforce. We note that heat-related claim rates
in cropland-dominant communities increase faster with temperature than in
majority built-up communities, in agreement with many previous studies that
highlight elevated risk for outdoor and farm workers.

Data Availability
The raw data underlying this study are not publicly available due to the presence
of personal health information. However, we share a limited version of the
dataset that includes ZIP-code scale aggregations of heat-related illness claim
counts across California between 2011-2019. We also share a table of heat-
related illness counts aggregated by age and sex across California between 2011-
2019. All counts and rates based on small cells of 1-15 have been redacted.
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