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P U B L I C  H E A LT H

Identifying heat-related diagnoses in emergency 
department visits among adults in Chicago: A 
heat-wide association study
Hyojung Jang1*, Peter M. Graffy1,2†, Benjamin W. Barrett1,2†, Daniel E. Horton2,3,  
Jennifer L. Chan2,4, Abel N. Kho1,2,5

Extreme heat is an escalating public health concern. Although prior studies have examined heat-health associations, 
their reliance on restricted diagnoses and diagnostic categories may miss or misclassify heat-related illness. Here, we 
conducted a heat-wide association study to evaluate acute-care diagnoses associated with extreme heat in Chicago, 
Illinois. Using 916,904 acute-care visits—including emergency department and urgent care encounters—among 
372,140 adults across four health care systems from 2011 to 2023, we applied a two-stage analytic approach: quasi-
Poisson regression to screen diagnosis codes associated with heat, followed by distributed lag nonlinear models in a 
time-stratified case-crossover design to characterize exposure-response and lag patterns. Stage 1 retained 44 diag-
nosis codes, and 33 clinically reportable diagnoses were retained after stage 2. We observed elevated cumulative 
odds over lags 0 to 3 for multiple diagnoses, including fluid-balance and renal disorders, dermatologic and pressure-
related conditions, multiple sclerosis, a cannabinoid-related mental and behavioral disorder, varicose veins of the 
lower extremities, and multiple injuries and external causes. By analyzing the full diagnostic spectrum of acute-care 
services, this study improves the clinical characterization of heat-associated morbidity in acute-care settings.

INTRODUCTION
Extreme heat exposure is an escalating public health concern, with 
climate change driving increases in the frequency, intensity, and du-
ration of heat events (1, 2). Both the frequency and duration of heat 
events have increased substantially since the 1950s, with nearly one-
third of the global population now experiencing at least 20 days of 
extreme heat annually (3, 4). Alongside this global trend, urban en-
vironments face additional risks because of the urban heat island 
effect, which can elevate local temperatures by several degrees and 
prolong heat events (5, 6).

Extreme heat places a substantial strain on health systems, prompt-
ing extensive study of its effects on morbidity, mortality, and health 
care utilization. Studies have demonstrated that extreme heat is associ-
ated with increased all-cause mortality (7–15) and heat-specific ill-
nesses such as heat exhaustion and heat stroke (16–18). Morbidity also 
rises during extreme heat, including cardiovascular and respiratory 
events (19–22), renal disease and electrolyte disturbances including 
hyponatremia (19, 23–26), worsening mental health outcomes (27, 28), 
and increased injury incidence (7, 29). Consistent with these clinical 
impacts, health care use increases, with surges in emergency depart-
ment (ED) visits and hospital admissions (16–19, 22–25, 30–35).

Despite these advances in our understanding of the health effects 
of extreme heat, many studies have taken a deductive, hypothesis-
driven approach with preselected diagnoses and diagnostic catego-
ries to define heat-related illness, yielding valuable but potentially 

incomplete coverage of heat-related morbidity. Furthermore, heat-
related health outcomes are difficult to define because of their di-
verse symptom presentation leading to nonspecific documentation 
of conditions or diagnoses and undercategorization of clinical con-
ditions as explicitly “heat-related”—especially in emergency settings 
(36). These challenges complicate studies on heat-associated mor-
bidity and can lead to underestimation of the true public health im-
pact of extreme heat. Moreover, such underestimation may obscure 
the disproportionate impacts experienced by socially and economi-
cally vulnerable populations, who often have limited adaptive ca-
pacity and face greater risks from extreme heat (37–39). Addressing 
this knowledge gap is critical to more completely capture the full 
extent of heat-related health risks, which can inform preparedness 
strategies and support equitable public health interventions.

Here, we apply a “heat-wide association study” (HWAS)—an in-
ductive, data-driven framework to systematically evaluate the short-
term impact of extreme heat across the full spectrum of International 
Classification of Disease (ICD)–coded diagnoses in ED and urgent 
care (UC) visits within a large integrated urban health care network 
in Chicago, Illinois. Chicago—marked by high-density development, 
a pronounced urban heat island, and a documented history of heat-
related morbidity and mortality—provides the sociodemographic 
diversity and health care infrastructure needed to study acute care–
based heat risks at the city level (9, 33, 40, 41). The Chicago Area 
Patient-Centered Outcomes Research Network (CAPriCORN) (42) 
links electronic health record (EHR) data from multiple Chicago-
based health care systems, representing a sociodemographically and 
geographically diverse urban patient population. Patient residential 
data in CAPriCORN enable spatial linkage of environmental expo-
sures to clinical outcomes, providing a robust platform for studying 
conditions with increased acute-care visit risk during extreme heat 
events (43).

Our analysis used retrospective acute-care encounters—ED and 
UC visits—from four health care systems in CAPriCORN. Throughout 
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this manuscript, we use ED as a shorthand, representing both ED 
and UC visits, collectively referred to as acute-care services. The ana-
lytic cohort comprised 916,904 ED visits among 372,140 unique 
adult (≥18 years) patients during the warm season (May to September) 
from 2011 through 2023. We examined all 1803 distinct ICD-10 and 
ICD-9 equivalent diagnosis categories, as captured in CAPriCORN 
ED visits, as outcomes of interest. We standardized ICD-9 codes to 
their corresponding ICD-10 categories for consistency (see Materials 
and Methods). Multi-institution EHR data require attention to tem-
poral variation in site coverage, coding practices, and patient case 
mix. Accordingly, we first examined temporal patterns in data com-
position and case mix across the analytic cohort before conducting 
diagnosis-specific association modeling.

We then implemented a two-stage analytic framework—quasi-
Poisson screening followed by time-stratified case-crossover distrib-
uted lag nonlinear models (DLNMs)—to manage the high-dimensional 
diagnosis space in a structured way. The first stage served as an ex-
ploratory screening step to select diagnosis categories for follow-
up analysis, whereas the second stage was used to characterize the 
exposure-response and lag patterns of selected diagnosis categories 
in relation to extreme heat. Figure 1 describes the overall analytic 
approach. In the first stage, we fit diagnosis-specific quasi-Poisson 
regressions of daily ED visit counts on the 3-day moving average of 
daily maximum temperature as an exploratory screening step to pri-
oritize codes whose counts increased on hotter days, adjusting for 
long-term and seasonal time trends of calendar time, day of week, 
holidays, and same-day Cook County mean particulate matter with 
a diameter of 2.5 μm or less ( PM2.5

 ) derived from Environmental 
Protection Agency (EPA) monitors (44) and controlling the false 
discovery rate (FDR) with Benjamini-Hochberg (BH) adjustment 

(45). In the second stage, we fit DLNMs in a time-stratified case-
crossover design (13, 46), adjusted for the same daily PM2.5

 measure, 
to estimate short-term cumulative associations between extreme heat 
and the diagnosis codes retained from stage 1. The two-stage analy-
sis was designed to manage a high-dimensional diagnosis space by 
using stage 1 for structured outcome screening and stage 2 for more 
detailed characterization of the retained diagnoses.

The two stages serve different analytic roles and operate at differ-
ent levels of analysis. Stage 1 is an aggregate-level ecological screening 
step: Quasi-Poisson models of daily citywide counts identify diagnosis 
codes whose population-level visit volumes are sensitive to ambient 
temperature but cannot control for individual-level confounders, 
cannot characterize nonlinear exposure-response relationships, and 
cannot model distributed lag effects. Stage 2 adds individual-level 
characterization: The time-stratified case-crossover design controls 
for time-invariant individual-level confounders through within-person 
matching, and the DLNM cross-basis captures both the nonlinear 
exposure-response and lag structure at the individual level. Stage 1 
is therefore used as a dimension reduction filter to make the individual-
level stage 2 analysis computationally tractable across 1803 codes, 
rather than as a source of inference itself.

We then stratified analyses by demographic and neighborhood 
characteristics to describe subgroup patterns in heat vulnerability. 
We also conducted sensitivity analyses to evaluate the robustness of 
our model specifications and findings. Leveraging more than a de-
cade of multi-institutional EHR data linked to high-resolution tem-
perature data, this study provides a broad descriptive and analytic 
assessment of diagnosis-specific acute-care utilization in relation to 
extreme heat at a citywide scale. This approach not only enables the 
systematic evaluation of underrecognized heat-sensitive conditions 

Fig. 1. Two-stage analytic workflow. Stage 1 screened 1803 ICD-10 diagnosis categories using diagnosis-specific quasi-Poisson models of daily ED/UC counts and the 
3-day moving average of daily maximum temperature, adjusting for calendar time, day of week, holidays, and same-day Cook County EPA monitor–based daily PM

2.5
 . 

Codes with a positive temperature coefficient, BH-adjusted P <0.10, at least 100 warm-season counts, and at least 30% of visits on days above the 70th temperature per-
centile were retained. Stage 2 used time-stratified case-crossover DLNMs over lags 0 to 3 and adjusted for the same daily PM

2.5
 measure. Stage 2 reporting required a cu-

mulative lag 0-to-3 lower 95% CI >1 and EPV ≥10.
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but also facilitates subgroup analyses to describe heat-related health 
outcome patterns across demographic and neighborhood contexts 
(see Materials and Methods for analytic details).

RESULTS
Study population and heat exposure summary
Among 372,140 adults with ED visits, females accounted for 57.9% of 
patients, and the mean age of patients was 52 years (standard devia-
tion, 19.4 years). Table 1 summarizes patient demographics across 
ED visits and the geographic distributions of residences by heat expo-
sure category. Over the study period, there were 100 extreme heat 
days [≥33.67°C (92.60°F); 95th percentile of daily maximum tem-
perature during the warm season] and 1882 nonextreme heat days. 
Extreme heat days were concentrated in mid-summer, occurring 
most frequently in July (36%), followed by August (25%), June (23%), 
September (12%), and May (4%). When stratified by year, the highest 
frequency of extreme heat days was observed in 2012 (25%), fol-
lowed by 2018 (15%) and 2011 (13%). Demographic and geographic 

distributions were broadly similar between nonextreme heat and ex-
treme heat days, indicating comparable patient profiles across expo-
sure categories. Adults aged 25 to 44 years represented the largest age 
group, Black or African American patients comprised the majority by 
race/ethnicity, and the West Side of Chicago contributed the highest 
share of ED visits.

Within the warm-season analytic cohort, temporal patterns varied 
across calendar years in visit volume, contributing-site composition, 
patient characteristics, and diagnostic composition. Annual acute-
care visit volume and the number of unique patients increased during 
the early study period and generally declined thereafter, with corre-
sponding variation in average annual number of visits per unique 
patient (fig. S1). The relative contribution of participating health 
care systems also changed over time, indicating that the analytic co-
hort was not compositionally static across the calendar year (fig. S2). 
Patient composition varied modestly over time. The share of visits 
among adults aged 65 years or older increased, whereas the share 
among adults aged 18 to 24 and 25 to 44 years declined modestly; 
sex composition remained relatively stable, and racial and ethnic 

Table 1. Cohort characteristics by heat exposure category. Characteristics of patients across ED/UC visits by heat exposure category during warm-season 
months (May to September), 2011 to 2023. Nonextreme heat days are dates with daily maximum temperature <95th percentile; extreme heat days are ≥95th 
percentile of the warm-season daily maximum temperature distribution. Age (18 to 24, 25 to 44, 45 to 64, and ≥65 years), sex (female, male, and other), and 
race/ethnicity (Asian, Black or African American, white, and other) are reported as recorded in the EHR; “missing” reflects unavailable data. The geographic 
region corresponds to Chicago community regions (Central, North, Northwest, South, Southwest, Far South, and West Side), assigned using residential census 
tract centroids.

Nonextreme heat days (N = 884,662) Extreme heat days (N = 32,242) Total (N = 916,904)

﻿Age (years)﻿ ﻿ ﻿ ﻿

  18–24 90,496 (10.2%) 3,541 (11.0%) 94,037 (10.3%)

  25–44 335,891 (38.0%) 12,404 (38.5%) 348,295 (38.0%)

  45–64 257,275 (29.1%) 9,276 (28.8%) 266,441 (29.1%)

  65+ 156,279 (17.7%) 5,433 (16.9%) 161,712 (17.6%)

  Missing 44,721 (5.1%) 1,588 (4.9%) 46,309 (5.1%)

﻿Sex﻿ ﻿ ﻿ ﻿

  Female 511,695 (57.8%) 18,683 (57.9%) 530,378 (57.8%)

  Male 372,804 (42.1%) 13,553 (42.0%) 386,357 (42.1%)

  Other 60 (0.0%) 2 (0.0%) 62 (0.0%)

  Missing 103 (0.0%) 4 (0.0%) 107 (0.0%)

﻿Race/ethnicity﻿ ﻿ ﻿ ﻿

  Asian 15,945 (1.8%) 577 (1.8%) 16,522 (1.8%)

  Black or African American 472,467 (53.4%) 17,655 (54.8%) 490,122 (53.5%)

  White 244,368 (27.6%) 8,984 (27.9%) 253,352 (27.6%)

  Other 114,822 (13.0%) 3,699 (11.5%) 118,521 (12.9%)

  Missing 37,060 (4.2%) 1,327 (4.1%) 38,387 (4.2%)

﻿Region of Chicago﻿ ﻿ ﻿ ﻿

 C entral Side 92,968 (10.5%) 3,077 (9.5%) 96,045 (10.5%)

  Far South Side 55,316 (6.3%) 1,895 (5.9%) 57,211 (6.2%)

 N orth Side 85,679 (9.7%) 2,971 (9.2%) 88,650 (9.7%)

 N orthwest Side 74,368 (8.4%) 2,618 (8.1%) 76,986 (8.4%)

  South Side 101,818 (11.5%) 3,666 (11.4%) 105,484 (11.5%)

  Southwest Side 118,012 (13.3%) 4,593 (14.2%) 122,605 (13.4%)

  West Side 275,639 (31.2%) 10,546 (32.7%) 286,185 (31.2%)

  Missing 80,862 (9.1%) 2,876 (8.9%) 83,738 (9.1%)
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composition shifted modestly across years (fig. S3). Diagnostic com-
position also changed over time. The relative distribution of major 
diagnosis chapters varied across calendar years, indicating that the 
clinical profile of acute-care utilization was not static over the study 
period (fig. S4). In particular, R-coded (symptom- and sign-based) 
diagnoses represented an increasing share of diagnosis records overall, 
with additional variation across participating health care systems 
(fig. S5). These temporal trends in cohort composition are document-
ed and presented in figs. S1 to S5 to support transparent assessment of 
potential data quality influences on our primary findings.

Visit frequency was right-skewed: 10.7% of patients (n = 39,763 
with ≥5 summer ED visits over 2011 to 2023) contributed 45.1% of 
all summer ED encounters. Among patients with race recorded, fre-
quent users were more likely to identify as Black or African American 
(66.3% versus 42.2%), and they were also more often female (62.3% 
versus 55.3%).

Compared with the Chicago adult population using period-
matched Census references, the EHR cohort was broadly represen-
tative by age and sex and divergent in racial/ethnic and geographic 
composition; full domain-specific comparisons are shown in fig. S6. 
The period-averaged Census reference was stable over the study pe-
riod, while the EHR cohort underwent demographic shifts—the 
65+-year share rose by 10.6 percentage points and the Black patient 
share declined by 9.6 percentage points from 2011 to 2023.

First-stage screening analysis of diagnosis codes
The stage 1 screening procedure retained 44 diagnosis codes meeting 
all prespecified screening criteria: a positive temperature coefficient, 

BH-adjusted P < 0.10, at least 30% of visits occurring on days above 
the warm-season 70th temperature percentile (29.74°C), and at least 
100 warm-season counts. Figure 2 shows the first-stage screening 
results in a Manhattan plot. Each point represents an individual diag-
nosis code, with the vertical axis showing −log10 of the BH-adjusted 
P value from the diagnosis-specific quasi-Poisson models. The dashed 
red line marks the prespecified stage 1 screening threshold of BH-
adjusted P = 0.1. Labels identify codes that also met the frequency 
criteria [≥30% of ED visits on days above the 70th temperature per-
centile (29.74°C) and ≥100 counts of diagnosis code]. A complete 
listing of the selected diagnoses, including ICD-10 descriptions, chap-
ters, incidence rate ratios, BH-adjusted P values, and the proportion 
of visits occurring on days above the 70th percentile of the tempera-
ture distribution, is provided in table S1. These frequency-based criteria 
were intended to support stable candidate diagnosis prioritization 
in a high-dimensional screening setting, rather than to define clini-
cally meaningful cut points.

Second-stage lag-specific and cumulative effects of 
extreme heat
The first-stage quasi-Poisson screening served as a dimension-
reduction step, retaining 44 of 1803 diagnosis categories. In the second 
stage, we characterized the complete exposure-response relationship 
for each of these candidate diagnoses using DLNMs within a time-
stratified case-crossover design, estimating both immediate and 
short-term temperature effects. The exposure contrast compared the 
warm-season 95th-percentile daily maximum temperature [33.67°C 
(92.60°F)] with the diagnosis-specific minimum risk temperature 

Fig. 2. Stage 1 screening results across 1803 diagnosis categories. Each point represents an ICD-10 diagnosis code; the y axis shows −log10 of the BH-adjusted P value 
from a quasi-Poisson model adjusted for calendar time, day of week, holidays, and same-day Cook County EPA monitor–based daily PM

2.5
 . The red dashed line marks BH-

adjusted P = 0.10. Labels identify the 44 codes meeting all stage 1 criteria. Text labels are displayed for all codes that met all screening criteria: (i) a positive association 
between ED/UC visit counts and the 3-day moving average of daily maximum temperature, (ii) BH-adjusted P < 0.1, (iii) ≥30% of ED/UC visits occurring on days above the 
70th percentile of the temperature distribution (29.74°C), and (iv) at least 100 counts of the diagnosis code recorded during warm-season (May to September) in the ED/
UC systems. Chapter 19 and 20 (injury/poisoning and external cause) labels are shown in inset boxes to avoid overplotting.
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(MRT)—the temperature associated with the lowest estimated risk 
for that diagnosis, constrained to temperatures at or below the 
warm-season median [27.60°C (81.68°F)]. Figure 3 displays cumu-
lative odds ratios (ORs) at lags 0 to 3 for diagnosis codes meeting the 
stage 2 primary reporting criteria: a lower 95% confidence interval 
(CI) of the cumulative lag 0-to-3 OR entirely above 1 and events per 

variable (EPV) ≥ 10. Thirty-three diagnoses met the stage 2 numer-
ical reporting criteria. These included 10 disease-related conditions 
and 23 injury, poisoning, or external-cause conditions.

Among disease-related diagnoses (Fig. 3A), the largest cumula-
tive lag 0-to-3 association was observed for glomerular disorders in 
diseases classified elsewhere (N08; OR = 11.16; 95% CI: 5.87 to 

Fig. 3. Cumulative ORs at lags 0 to 3 from stage 2 DLNMs. Points show cumulative ORs at 33.67°C relative to the diagnosis-specific constrained MRT; horizontal bars 
show 95% CIs. Panel (A) presents 10 disease-related diagnoses, and panel (B) presents 23 injury, poisoning, and external-cause diagnoses. Reported codes had cumulative 
lag 0-to-3 lower 95% CI > 1 and EPV ≥ 10. The vertical dashed line marks OR = 1.
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21.25). Other associations included varicose veins of the lower extremi-
ties (I83; OR = 4.15; 95% CI: 2.44 to 7.05), edema (R60; OR = 3.61; 95% 
CI: 2.85 to 4.57), pressure ulcer (L89; OR = 3.52; 95% CI: 2.20 to 5.61), 
acute kidney failure (N17; OR = 3.28; 95% CI: 2.73 to 3.93), rash and 
other nonspecific skin eruption (R21; OR = 2.59; 95% CI: 1.95 to 3.43), 
volume depletion (E86; OR = 2.47; 95% CI: 2.00 to 3.04), symptoms 
concerning food and fluid intake (R63; OR = 2.02; 95% CI: 1.59 to 
2.57), multiple sclerosis (G35; OR = 1.99; 95% CI: 1.05 to 3.74), and 
mental and behavioral disorders due to cannabinoids (F12; OR = 1.69; 
95% CI: 1.39 to 2.07). Table 2 summarizes same-day (lag 0) and cumu-
lative (lags 0 to 1, 0 to 2, and 0 to 3) ORs for the 10 disease-related diag-
noses, comparing extreme heat [33.67°C (92.60°F)] with each diagnosis 
code’s MRT. Figure 4 presents the DLNM cumulative exposure-
response curves for these 10 disease-related diagnoses, illustrating non-
linear, monotonically increasing risk patterns that steepen markedly at 
extreme high temperatures.

Among injury, poisoning, and external-cause diagnoses (Fig. 3B), 
the largest cumulative estimates were observed for assault by other 
specified means (Y08; OR = 38.31; 95% CI: 12.49 to 117.55), acciden-
tal firearm discharge (W34; OR = 34.57; 95% CI: 11.56 to 103.40), 
burn and corrosion of the lower limb (T24; OR = 19.60; 95% CI: 7.07 
to 54.33), open wound of the shoulder and upper arm (S41; OR = 
13.54; 95% CI: 6.54 to 28.01), and open wound of the elbow and fore-
arm (S51; OR = 11.53; 95% CI: 5.95 to 22.34). The reporting set also 
included superficial injuries, fractures, sprains, wounds, object-related 
injuries, contact with sharp glass, nonvenomous insect bites or stings, 
and traffic accidents. Estimates for uncommon external-cause codes 
were imprecise and should be interpreted cautiously. Detailed esti-
mates are provided in table S2 and figs. S7 and S8.

Heat-associated diagnoses across demographic and 
geographic strata
Age-stratified analyses (table S3) identified 11 diagnoses meeting 
the subgroup reporting criteria among adults aged 18 to 24 years, 25 
among those aged 25 to 44 years, 15 among those aged 45 to 64 years, 
and 13 among adults aged 65 years or older. Five diagnoses were 

retained across all four age strata: volume depletion (E86), mental 
and behavioral disorders due to cannabinoids (F12), acute kidney 
failure (N17), rash and other nonspecific skin eruption (R21), and 
superficial injury of the knee/lower leg (S80). The 25- to 44-year 
stratum included additional disease-related codes such as symp-
toms related to food and fluid intake (R63), multiple sclerosis (G35), 
and edema (R60), as well as a broader range of injury and external-
cause codes. Among the older strata, edema (R60) and varicose 
veins of the lower extremities (I83) were retained in both the 45 to 
64 and 65 years or older strata, and symptoms related to food and 
fluid intake (R63) and pressure ulcer (L89) were retained among 
adults aged 65 years or older. Because event counts and estimate 
precision differed across age strata, these patterns are descriptive 
and should not be interpreted as formal evidence of age-related dif-
ferences in heat susceptibility.

Sex-stratified analyses (table S4) retained 27 diagnoses among 
female patients and 26 among male patients. Twenty-one diagnoses 
were retained in both strata, spanning renal and fluid-balance diagno-
ses: volume depletion (E86), acute kidney failure (N17), glomerular 
disorders in other diseases (N08), edema (R60), symptoms concerning 
food/fluid intake (R63), rash and other nonspecific skin eruption 
(R21), pressure ulcer (L89), and multiple injury/external-cause codes. 
Diagnoses retained only among female patients included multiple scle-
rosis (G35), mental and behavioral disorders due to cannabinoids 
(F12), neck muscle/tendon injury (S16), superficial injury of the tho-
rax (S20), dislocations and sprains of the ankle/foot/toes (S93), and 
struck by falling/thrown object (W20). Diagnoses retained only among 
male patients included varicose veins of the lower extremities (I83), 
open wound of the shoulder/upper arm (S41), contact with sharp glass 
(W25), accidental firearm discharge (W34), and assault by other speci-
fied means (Y08). These exploratory findings were not formal tests of 
effect heterogeneity; therefore, retention in only one stratum should 
not be interpreted as evidence of a statistically significant difference 
between female and male patients.

Race/ethnicity–stratified analyses (table S5) retained one diagnosis 
among Asian patients, 23 among Black or African American patients, 

Table 2. Same-day and cumulative lag 0-to-1, 0-to-2, and 0-to-3 ORs (95% CIs) for disease-related diagnoses meeting the stage 2 reporting criteria. 
Models used a time-stratified case-crossover DLNM adjusted for same-day Cook County EPA monitor–based daily PM

2.5
 . Codes are ordered by increasing 

cumulative lag 0-to-3 OR.

ICD-10 code and description Same-day OR (lag 0) Cumulative OR  
(lags 0 to 1)

Cumulative OR  
(lags 0 to 2)

Cumulative OR  
(lags 0 to 3)

Disease-related diagnoses

 F12: Mental and behavioral disorders due to 
cannabinoids

1.13 (1.04–1.22) 1.29 (1.14–1.46) 1.49 (1.26–1.76) 1.69 (1.39–2.07)

 G35: Multiple sclerosis 1.36 (1.02–1.82) 1.61 (1.06–2.45) 1.79 (1.05–3.06) 1.99 (1.05–3.74)

 R63: Symptoms and signs concerning food and fluid 
intake

1.22 (1.09–1.37) 1.46 (1.24–1.71) 1.72 (1.40–2.11) 2.02 (1.59–2.57)

E86: Volume depletion 1.29 (1.17–1.42) 1.63 (1.42–1.88) 2.03 (1.70–2.43) 2.47 (2.00–3.04)

 R21: Rash and other nonspecific skin eruption 1.36 (1.19–1.54) 1.72 (1.42–2.08) 2.11 (1.66–2.69) 2.59 (1.95–3.43)

N17: Acute kidney failure 1.43 (1.32–1.56) 1.96 (1.73–2.21) 2.57 (2.20–3.01) 3.28 (2.73–3.93)

L89: Pressure ulcer 1.48 (1.20–1.83) 2.04 (1.49–2.79) 2.70 (1.82–4.03) 3.52 (2.20–5.61)

 R60: Edema 1.53 (1.38–1.70) 2.13 (1.82–2.49) 2.80 (2.29–3.43) 3.61 (2.85–4.57)

I83: Varicose veins of lower extremities 1.48 (1.16–1.89) 2.11 (1.49–2.99) 2.96 (1.89–4.64) 4.15 (2.44–7.05)

N08: Glomerular disorders in diseases classified elsewhere 1.76 (1.34–2.31) 3.37 (2.25–5.03) 6.37 (3.73–10.86) 11.16 (5.87–21.25)
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Fig. 4. Cumulative lag 0-to-3 exposure-response associations between temperature and ED/UC (ED) visits for disease-related diagnoses. Cumulative lag 0-to-3 
temperature-ED associations estimated with DLNMs in a time-stratified case-crossover design for the 10 disease-related diagnosis codes meeting the primary selection 
criterion. Curves show cumulative ORs across the observed warm-season temperature range, with shaded bands representing 95% CIs. Each panel reports the MRT and 
the 95th percentile of daily maximum temperature [33.67°C (92.60°F); P95]. The horizontal dashed line marks OR = 1. Diagnoses are ordered from smallest to largest cu-
mulative OR at extreme heat.
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12 among patients in the other race/ethnicity group, and 22 among 
white patients. Volume depletion (E86) was retained in all four stra-
ta. Acute kidney failure (N17), rash and other nonspecific skin erup-
tion (R21), edema (R60), symptoms concerning food/fluid intake 
(R63), unspecified injury of the abdomen/lower back/pelvis (S39), 
superficial injury of the knee/lower leg (S80), superficial injury of 
the ankle/foot/toes (S90), dislocations and sprains of the ankle/foot/
toes (S93), and traffic accident with unknown transport mode (V87) 
were retained among Black or African American, other, and white pa-
tients. Beyond these shared diagnoses, the Black or African American 
and white strata included a broader range of injury-related and 
external-cause codes, including open wounds, superficial injuries, 
muscle/tendon injuries, fractures, object- or glass-related injuries, 
and insect bites or stings. Some retained diagnoses were more re-
stricted to specific strata, including glomerular disorders in other 
diseases (N08) among Black or African American patients and vari-
cose veins of the lower extremities (I83) and pressure ulcer (L89) 
among white patients. The smaller number of retained diagnoses 
among Asian patients should be interpreted in light of smaller event 
counts and limited statistical precision and should not be interpret-
ed as evidence of lower heat susceptibility.

Diagnoses were distributed across geographic regions, with no 
code retained in all seven regions (table S6). Acute kidney failure 
(N17) and edema (R60) were retained in six regions, while volume 
depletion (E86), mental and behavioral disorders due to cannabi-
noids (F12), and dislocations and sprains of the ankle/foot/toes (S93) 
were retained in five regions. The West Side had the broadest retained 
set, including glomerular disorders in other diseases (N08), varicose 
veins of the lower extremities (I83), multiple sclerosis (G35), and sev-
eral injury-related or external-cause codes. These patterns are descrip-
tive and should not be interpreted as formal evidence of geographic 
differences in heat susceptibility.

Sensitivity analysis
We conducted five groups of sensitivity analyses to examine the in-
fluence of model specification, stage 1 screening thresholds, warm-
season definition, recurrent health care use, and the PM2.5

 data source 
(Table 3). Under alternative stage 2 temperature-knot specifications, 
all 33 primary diagnoses were retained with a single 50th-percentile 
knot, 30 were retained with 70th- and 90th-percentile knots, and 29 
were retained with 50th-, 70th-, and 90th-percentile knots. G35, S16, 
and Y08 were not retained under the 70th/90th-percentile specifica-
tion; G35, S16, T24, and Y08 were not retained under the three-knot 
specification. Thus, most of the stage 2 reporting set was preserved 
across knot specifications, although several diagnoses were sensitive 
to this modeling choice.

Changing the stage 1 minimum count from 100 to 50 did not 
alter the 33-diagnosis stage 2 reporting set. Relaxing the stage 1 
relative-frequency threshold from ≥30 to ≥20% retained all primary 
diagnoses and added 24, producing a 57-diagnosis stage 2 reporting 
set. Applying a stricter stage 1 BH-FDR threshold of q ≤ 0.05 re-
tained 18 of the 33 primary diagnoses at stage 2. These results indi-
cate that the final reporting set was unchanged by the lower count 
threshold but was more sensitive to the relative-frequency and FDR 
thresholds used during stage 1 screening.

Restricting both stages to June to August and recomputing stage 
1 screening within this restricted window yielded seven stage 1 can-
didates and one clinical stage 2 reporting diagnosis: volume deple-
tion (E86; OR = 2.60; 95% CI: 2.16 to 3.12). In this restricted analysis, 

the stage 1 relative-frequency criterion was recalculated using the 
June-to-August 70th-percentile temperature of 30.64°C, and the stage 2 
extreme-heat contrast was evaluated at the June-to-August 95th-
percentile temperature of 34.13°C. No diagnosis was newly detected 
relative to the primary analysis. The reduced reporting set reflects 
the narrower exposure window, June to August–specific stage 1 count 
and relative-frequency screening, recalculated temperature thresh-
olds, and stage 2 precision/stability criteria, rather than PM2.5

 ad-
justment alone. After excluding patients with at least five summer 
ED/UC visits, 24 of the 33 primary diagnoses remained; G35, L89, 
N08, S16, T24, W20, W25, W34, and Y08 were not retained. The 
retention of most primary diagnoses after this exclusion suggests 
that the overall reporting set was not driven solely by patients with 
frequent acute-care use.

To evaluate whether diagnosis selection and stage 2 effect esti-
mates were sensitive to the PM2.5

 exposure data source, we conduct-
ed a sensitivity analysis restricted to 2011 to 2021, the period during 
which the long-term gap-free high-resolution air pollutants (LGHAP) 
global daily PM2.5

 (54) product provided spatially resolved gridded 
estimates that could be linked to patient residential census tracts 
and compared with EPA monitor–based daily PM

2.5
 (44). The main 

finding was that estimates for overlapping diagnoses were similar 
across PM

2.5
 data sources, while the shorter 2011-to-2021 study pe-

riod accounted for much of the reduction in the retained diagnosis 
set relative to the primary 2011-to-2023 analysis. The LGHAP-adjusted 
analysis retained 20 stage 2 reporting diagnoses, and the same-period 
EPA-adjusted analysis retained 22; 19 diagnoses overlapped between 
the two analyses. Compared with the primary 2011-to-2023 EPA-
adjusted analysis, the LGHAP sensitivity analysis did not retain 17 
of the 33 primary diagnoses and identified four sensitivity-only di-
agnoses (I77, M48, S71, and W50). Source-specific differences were 
limited: W50 was retained only in the LGHAP-adjusted analysis, 
whereas S51, S96, and W34 were retained only in the same-period 
EPA-adjusted analysis. These findings suggest that the reduced LG-
HAP sensitivity set was driven primarily by restriction to 2011 to 
2021 rather than by the use of the gridded PM2.5

 product itself.

DISCUSSION
We conducted an exploratory HWAS to characterize adult ED/UC 
diagnoses associated with extreme heat across four Chicago health 
care systems. Among 916,904 visits from 372,140 adults during May 
to September 2011 to 2023, daily EPA PM2.5

-adjusted stage 1 screen-
ing retained 44 codes. Thirty-three diagnoses met the stage 2 nu-
merical criteria: 10 disease-related conditions and 23 injury, poisoning, 
or external-cause conditions.

Our study provides a broad, complementary characterization of 
heat-associated morbidity that reinforces the existing literature. Ex-
cessive heat exposure has been shown to be associated with a broad 
range of diagnostic categories, including renal, cardiovascular, respi-
ratory, electrolyte, and mental disorders (20–24, 26–28, 47), as well as 
injury-related diagnoses (7, 29). However, to our knowledge, no prior 
studies have systematically assessed individual-level diagnosis codes 
from ED records across the broader adult population. By screening 
across all 1803 ICD-10 categories rather than relying on a prespeci-
fied outcome set, our HWAS framework captures the full breadth of 
heat-sensitive clinical presentations in acute-care settings.

Among disease-related diagnoses, renal and fluid-balance signals—
volume depletion, acute kidney failure, edema, and glomerular 
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disorders—were prominent, consistent with prior evidence of dehy-
dration and renal stress during heat exposure. Pressure ulcer, non-
specific skin eruption, multiple sclerosis, and cannabinoid-related 
disorders were also retained. Varicose veins of the lower extremities 
was the only circulatory diagnosis retained; no acute cardiovascular 
diagnosis met the reporting criteria. No respiratory diagnosis met the 
reporting criteria. Differences in care setting, outcome definition, 
and population may contribute to this pattern, and the result should 
not be interpreted as evidence that heat lacks cardiovascular effects.

Our study also contributes to the growing recognition of heat-
associated trauma and behavioral diagnoses. The identification of a 
broad range of injury, poisoning, and external-cause codes—including 
open wounds, superficial injuries, assaults, and accidental firearm 
discharge—reinforces existing evidence that extreme heat increases 
the risk of accidental and violent injuries (7, 29, 49). Several assault-
related codes showed elevated point estimates in the expected direction, 
although some were accompanied by wide CIs, indicating limited 
precision in the magnitude of these associations. These findings 
should therefore be interpreted cautiously as suggestive patterns 
that are broadly consistent with prior literature linking elevated tem-
peratures to aggression and violence-related outcomes (49–52). 
Beyond the cannabis-related behavioral disorders captured in our 

analysis, most common psychiatric diagnoses were not retained in the 
primary reporting set. Prior studies have independently linked elevat-
ed temperatures to injury- and assault-related presentations and to 
psychiatric or mental health–related encounters (50, 51, 53, 48), but 
in this ED-based analysis, injury- and assault-related codes were more 
prominent than primary psychiatric diagnoses.

Together, these findings reinforce established heat-health associa-
tions and extend their clinical description across an all-comer adult 
acute-care dataset. The HWAS framework offers a complementary 
method for prioritizing diagnoses without prespecifying an outcome 
list. Associations for less commonly studied diagnoses should be 
treated as signals for targeted replication rather than definitive new 
causal relationships.

Sensitivity analyses suggested that the primary findings were gen-
erally stable across alternative stage 2 model specifications but more 
sensitive to screening stringency and seasonal restriction. Most of the 
33 primary stage 2 reporting diagnoses were retained when the DLNM 
temperature-response spline was reparameterized: All 33 were re-
tained with a single 50th-percentile knot, 30 were retained with knots 
at the 70th and 90th percentiles, and 29 were retained with knots at 
the 50th, 70th, and 90th percentiles. Similarly, lowering the stage 
1 minimum count threshold from 100 to 50 did not change the 

Table 3. Summary of sensitivity analyses. Primary stage 2 reporting included 33 diagnoses. RF, relative frequency; BSA, body surface area; NOS, not otherwise 
specified.

Sensitivity analysis Dropped from primary Newly detected (sensitivity-only)

 (1a) DLNM knot at 50th percentile only (vs primary: 
50th + 90th)

– –

 (1b) DLNM knots at 70th and 90th percentiles (vs 
primary: 50th + 90th)

Disease (1): G35 –

Injury/ext (2): S16, Y08

 (1c) DLNM knots at 50th, 70th, and 90th percentiles 
(vs primary: 50th + 90th)

Disease (1): G35 –

Injury/ext (3): S16, T24, Y08

 (2a) Stage 1 count ≥50 (vs primary: ≥100) – –

 (2b) Stage 1 relative frequency ≥20% (vs primary: 
≥30%)

– Disease (12): B18 (chronic viral hepatitis), D50 (iron 
deficiency anemia), E11 (type 2 diabetes), I65 (precere-

bral artery stenosis/occlusion), J30 (allergic rhinitis), 
J45 (asthma), L50 (urticaria), M19 (osteoarthritis), 

M25 (joint disorders), M79 (soft tissue disorders), N18 
(chronic kidney disease), N28 (other kidney/ureter 

disorders)

Injury/ext (12): S01, S59, S61, S69, S70, S89, S99, T07, 
W18, W26, Y92, Y93

 (2c) Stage 1 BH- FDR q ≤ 0.05 (vs primary: q < 0.10) Disease (5): F12, G35, I83, L89, N08 –

Injury/ext (10): S16, S20, S49, S93, S96, T24, 
W20, W22, W34, Y08

 (3) Both stages restricted to June–August Disease (9): F12, G35, I83, L89, N08, N17, R21, 
R60, R63

–

Injury/ext (23): S16, S20, S30, S39, S40, S41, S49, 
S50, S51, S80, S90, S91, S92, S93, S96, T24, V87, 

W20, W22, W25, W34, W57, Y08

 (4) Excluding patients with ≥5 summer ED/UC visits Disease (3): G35, L89, N08 –

Injury/ext (6): S16, T24, W20, W25, W34, Y08

 (5) LGHAP gridded daily  PM2.5
 , 2011–2021 Disease (6): G35, I83, N08, N17, R21, R63 Disease (2): I77 (other arterial disorders), M48 (other 

spinal disorders)

Injury/ext (11): S16, S20, S30, S39, S49, S51, S93, 
S96, W22, W34, Y08

Injury/ext (2): S71 (hip/thigh open wound), W50 
(assault/struck by person)
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33-diagnosis reporting set. In contrast, relaxing the stage 1 relative-
frequency criterion to ≥20% expanded the reporting set to 57 diag-
noses, whereas applying a stricter stage 1 BH-FDR threshold of 
q < 0.05 retained 18 diagnoses. Restricting both stages to June to 
August retained only volume depletion (E86), consistent with the 
narrower exposure window, recalculated temperature thresholds, and 
reduced event counts. This result indicates that several May-to-
September findings, particularly injury and external-cause diagnoses, 
were sensitive to the exposure-domain definition and should be in-
terpreted as exploratory warm-season signals rather than robust 
heat-associated outcomes. After excluding frequent acute-care users, 
24 of the 33 primary diagnoses remained, suggesting that the overall 
reporting set was not driven solely by patients with repeated ED/UC 
visits, although several less precise disease and injury/external-cause 
signals were attenuated. Last, when the study period was held con-
stant at 2011 to 2021, EPA monitor–based and LGHAP gridded daily 
PM

2.5
 analyses produced broadly similar but not identical stage 2 re-

porting sets (22 and 20 diagnoses, respectively; 19 overlapping diag-
noses), with similar estimates for overlapping diagnoses. This pattern 
suggests that the reduced LGHAP sensitivity set primarily reflects 
restriction to the shorter 2011-to-2021 period rather than a strong 
dependence on the PM2.5

 data source alone.
Despite our study’s strengths, several limitations should be ac-

knowledged. First, our analysis was confined to adults using four 
health care systems within the dense urban environment of Chicago. 
Our EHR cohort was skewed in demographic composition—Black, 
female, and West Side patients were overrepresented, while white 
and Northwest Side patients were underrepresented. This apparent 
underrepresentation likely reflects the geographic concentration of 
our cohort and differences in racial classification between EHR and 
Census instruments. These imbalances in EHR cohort composition 
may have constrained the precision of subgroup analyses and limit 
the generalizability of our findings to populations not well represent-
ed in the dataset but indicate differences in health care utilization, 
coverage, and health burden across Chicago.

A second limitation concerns heat exposure assessment and the 
absence of socioeconomic variables. We linked patient residential 
census tracts to ambient temperature under the assumption that this 
best represents individual exposure. However, this approach does not 
account for intracity movement, occupational environments, time 
spent indoors, or access to air conditioning during heat events. The 
omission of socioeconomic indicators such as income, education, 
and housing quality raises the potential for residual confounding and 
may obscure the impact of structural inequities on heat-related 
health risks.

The third limitation is that gridded daily PM2.5
 data were not 

available for the full study period, including 2022–2023. Therefore, 
in the primary analyses, PM

2.5
 adjustment used a Cook County dai-

ly mean derived from EPA (44), which captured day-to-day tempo-
ral variation but assigned the same value across census tracts and 
did not capture within-county spatial contrasts. To evaluate the po-
tential influence of this choice, we conducted a sensitivity analysis 
restricted to 2011 to 2021, the period for which both EPA-based 
daily county mean PM2.5

 and LGHAP gridded daily PM
2.5

 data (54) 
were available, and compared results using the two PM

2.5
 adjust-

ment approaches.
In addition, this study did not include external validation or 

independent replication because stage 1 screening and stage 2 char-
acterization were applied to the same underlying cohort. Therefore, 

the stage 2 estimates should not be interpreted as confirmatory post–
selection inference. Replication of the full framework in indepen-
dent acute-care datasets from other geographic settings is further 
needed to assess the robustness of the retained associations and to 
characterize the method’s utility across populations, climates, cod-
ing practices, and health care systems.

Last, the structure of our health care utilization data presents cer-
tain constraints. We relied on cross-sectional ED visit data rather 
than longitudinal patient records, precluding our ability to track cu-
mulative heat impacts, recurrent hospitalizations, or the modifying 
influence of long-term health conditions and medication use. The 
dataset included more than 900,000 visits from ∼372,000 unique pa-
tients, indicating a substantial proportion of frequent users of acute-
care services. While our case-crossover design inherently controls 
for fixed individual-level confounders and mitigates the influence of 
repeat utilization through within-person matching, our estimates 
may still disproportionately reflect outcomes among high-user sub-
populations. In addition, as documented in figs. S1 to S6, the ana-
lytic cohort was not compositionally static across the study period; 
annual visit volume, site composition, patient demographic compo-
sition, and the distribution of diagnosis chapters each varied across 
calendar years. Although the stage 1 quasi-Poisson models included 
a flexible calendar-time spline and the stage 2 case-crossover design 
controls for within-stratum temporal confounding, residual con-
founding from unmeasured shifts in case mix—such as changes in 
site-level coding thresholds, institutional practice patterns, or patient 
population composition—cannot be fully excluded. From a clinical 
informatics perspective, our reliance on individual ICD-10 diagno-
sis codes introduces challenges related to coding practices, as coding 
practices varied across contributing health care systems and may re-
flect clinician behaviors and include rule-out diagnoses. ICD-10 cod-
ing heterogeneity across institutions and providers introduces an 
additional challenge: The same clinical presentation may be coded 
differently depending on institutional billing conventions, provider 
specialty, or documentation practices.

In summary, this large-scale citywide HWAS suggests that ex-
treme heat is associated with increased ED presentations extending 
well beyond classical heat illness, encompassing acute kidney fail-
ure, fluid and electrolyte disturbances, dermatologic-related condi-
tions, multiple sclerosis, cannabinoid-related disorders, varicose veins 
of the lower extremities, and a broad range of injury, poisoning, and 
external-cause diagnoses. These findings may have public health rel-
evance: Heat emergency response plans could consider clinical alerts 
not only for heat illness but also for renal and fluid-balance compli-
cations that may manifest with a physiological lag of several days; EDs 
and UC clinics may anticipate an increased demand for dehydration- 
and renal-related care during and after extreme heat events, and in-
jury prevention messaging—including outdoor safety guidance issued 
during heat alerts—may help reduce the burden of heat-associated 
trauma. By presenting a data-driven characterization of heat-sensitive 
clinical conditions, this study supports targeted clinical prepared-
ness and future validation of heat-related health outcomes.

MATERIALS AND METHODS
Data
We used ED encounters captured in CAPriCORN (42) EHR data 
from four health care systems to construct a Chicago citywide co-
hort of ED encounters among adult patients (916,904 ED visits; 
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372,140 unique patients). Inclusion criteria included ED visits by 
adults (aged ≥18 years) who sought care at a CAPriCORN-affiliated 
institution, with geocoded residence located within Cook County, 
Illinois (the county that includes the City of Chicago), during the 
warm season, May through September (55, 56), of 2011 to 2023 and 
with valid ICD-10 diagnostic codes. Because our study period in-
cluded the transition from ICD-9 to ICD-10 codes (mandated in the 
US by 1 October 2015), to standardize the diagnoses, we mapped 
the ICD-9 codes to their corresponding ICD-10 codes using the 
Centers for Medicare and Medicaid Services General Equivalence 
Mappings guidance and removed the duplicate codes within each 
ED encounter. This process yielded a final set of ICD-10 diagnosis 
codes (n = 1803 distinct categories) extracted from the EHRs. We 
chose ICD-10 (57) as the analytic standard because it provides more 
granular and internationally recognized diagnostic classifications, 
which improves consistency across sites and time periods. Although 
ICD codes are primarily designed for billing in the US, they are 
widely leveraged in epidemiological and health service research.

Patient characteristics were stratified by sex (female, male, and 
other), age group (18 to 24, 25 to 44, 45 to 64, and ≥65 years), and 
race/ethnicity (Asian, Black or African American, white, and other). 
These categorizations followed the standardized demographic classifi-
cations used within CAPriCORN (42). For race/ethnicity, groups with 
relatively small representation—American Indian or Alaska Native 
(0.6%), Native Hawaiian or other Pacific Islander (0.2%), and indi-
viduals reporting multiple races (0.3%)—were aggregated into the 
“other” category. For the geographic region of residence, we strati-
fied the region into seven Chicago Department of Public Health plan-
ning regions—Central, North, Northwest, South, Southwest, Far South, 
and West Side—on the basis of census tract centroid geography (58). 
A visualization of the region stratification is provided in the Supple-
mentary Materials (fig. S9).

For exposure assessment, daily temperature data were sourced 
from Daymet (59) and linked to the census tract of each patient’s resi-
dential address at the encounter date. Daily maximum air temperature 
estimates from Daymet 1-km grid cells within each tract were aver-
aged. Extreme heat was defined as the warm-season 95th percentile 
(33.67°C), consistent with prior studies (19, 60, 61). For PM2.5

 ad-
justment, we obtained daily measurements from Cook County US 
EPA Air Quality System monitors (44). We averaged same-day Cook 
County monitors to obtain a daily county mean; the same daily value 
was assigned to all tracts. This time-varying PM2.5

 covariate was used 
in both analytical stages.

Cohort representativeness assessment
To quantify the degree to which the EHR analytic cohort represents 
the Chicago adult population, we compared the pooled 2011-to-
2023 EHR cohort composition to period-matched Census reference 
estimates for each domain. For age and sex, we used annual American 
Community Survey (ACS) 1-year estimates from the Selected Popu-
lation Profile (S0101) for Chicago city, extracted for each available 
year from 2011 to 2023 (excluding 2020, for which 1-year estimates 
were not released). Reference proportions for four age groups (18 to 
24, 25 to 44, 45 to 64, and ≥65 years) and sex (female and male) 
among adults 18 years and older were averaged across all available 
years to produce a period-matched reference spanning the full study 
period. This approach accounts for Chicago’s shifting demographic 
structure over the 13-year study window, most notably the increase 
in the 65+-year adult share from 13.1% in 2011 to 17.7% in 2023.

For race/ethnicity, we used annual B02001 Race estimates from the 
ACS for Chicago city, averaged across 2011 to 2019 (9 years, pre-
redesign). The 2021 ACS race question redesign introduced a struc-
tural discontinuity, making post-2021 data incompatible with pre-2021 
estimates (62). Accordingly, we used the 2011-to-2019 pre-redesign 
average as the race reference, which aligns with the EHR coding period 
and avoids mixing incompatible measurement frameworks. Race cat-
egories (white, Black or African American, Asian, and other) were 
matched to EHR race codes.

For the geographic region, we used ACS 5-year Demographic and 
Housing Characteristics (DP05) at the census tract level for Cook 
County (Illinois), for three successive 5-year periods: 2011 to 2015, 
2014 to 2018, and 2019 to 2023. Tracts were geocoded to one of 
Chicago’s 77 community areas, and each community area was linked 
to one of the seven study regions (Central, North Side, Northwest 
Side, West Side, South Side, Southwest Side, and Far South Side). 
Adult population counts within each region were summed across 
constituent tracts, and the region’s share of the total Chicago popu-
lation was computed for each 5-year period; the three-period aver-
age was used as the reference distribution.

EHR proportions were computed among all unique patients with 
nonmissing values; the difference (EHR cohort composition minus 
Census reference average, in percentage points) was used as the rep-
resentativeness metric, computed separately for each domain. The 
temporal stability of the Census reference population was assessed 
by examining year-over-year and period-over-period changes in each 
demographic characteristic to confirm that a single averaged refer-
ence was appropriate for the full 2011-to-2023 study period.

Statistical analysis
To comprehensively assess acute-care diagnoses associated with ex-
treme heat, we applied an HWAS design across 1803 ICD-10 diag-
nosis categories. This approach systematically screened diagnosis codes 
for an extreme heat association rather than restricting analyses to a 
limited set of prespecified outcomes, allowing broad characteriza-
tion of heat-sensitive clinical presentations. Given the large number 
of ED/UC diagnosis codes, we used a two-stage analytic strategy. In 
stage 1, we conducted a screening procedure using diagnosis-specific 
quasi-Poisson regression to identify temperature-sensitive diagnoses 
while accounting for overdispersed daily ED/UC visit counts. For 
each ICD-10 code, the daily count of ED/UC visits with that code 
served as the outcome. The exposure was the 3-day moving average 
of citywide daily maximum temperature (average of same-day, lag 1, 
and lag 2 temperatures), which captures cumulative thermal burden 
over the preceding days and reduces day-to-day variability relative 
to a single-day measure. Models included a natural cubic spline of 
calendar time with 4 degrees of freedom per year (63, 64), indicators 
for day of week and federal holidays, and same-day Cook County 
mean PM2.5

 derived from EPA monitors (44).
Codes were retained if they met the following criteria: (i) They 

had a positive temperature coefficient (45), (ii) BH-adjusted P < 0.10, 
(iii) at least 30% of ED/UC visits for that diagnosis occurred on days 
when the daily maximum temperature exceeded the warm-season 
70th percentile threshold (29.74°C), and (iv) at least 100 counts of 
the diagnosis code were recorded during the warm season in the ED/
UC systems. We used the 70th percentile (29.74°C) of the warm-
season temperature distribution to capture commonly experienced, 
rather than rare, temperature extremes for the first screening stage. 
In parallel, the requirement that at least 30% of visits for a given code 
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occurred on days above the 70th percentile temperature threshold 
served as a support criterion to ensure sufficient observations un-
der warm conditions and to limit signals driven by a few extreme 
heat days.

In stage 2, the resulting candidate diagnoses identified from stage 
1 were analyzed individually using DLNMs within a time-stratified 
case-crossover design (13), with strata defined by calendar month and 
year and control days matched to case days within the same stratum. 
In the case-crossover framework, each ED/UC visit served as its own 
case day, with control days sampled from the same day of week in 
the same calendar month to account for seasonal and long-term 
temporal trends. This design inherently controls for time-invariant 
individual- and area-level confounders. The model additionally ad-
justed for same-day Cook County EPA monitor–based daily PM2.5

 
(44). The daily maximum temperature was modeled with a DLNM 
cross-basis to capture both nonlinear exposure-response and distrib-
uted lag effects. The exposure dimension used a quadratic B-spline 
with two internal knots placed at the diagnosis-specific 50th and 
90th percentiles of the observed temperature distribution across all 
case and control days, with boundary knots set at the 2.5th and 
97.5th percentiles of the same distribution (65, 66). The lag dimen-
sion used a natural spline over lags 0 to 3 days with a single internal 
knot placed on the log-transformed lag scale, concentrating flexibil-
ity at shorter time lags, typical of heat-related acute-care presenta-
tions (19, 67, 68). The MRT, defined as the temperature associated 
with the lowest cumulative OR across the exposure-response curve, 
was identified from the cumulative exposure-response function and 
constrained to temperatures at or below the warm-season median. 
We present codes from the second stage that met a primary selection 
criterion: cumulative lag 0-to-3 lower 95% CI > 1 and EPV ≥ 10.

To evaluate potential effect modification by demographic and geo-
graphic factors, we performed exploratory stratified analyses retain-
ing the primary stage 2 DLNM specification and EPA daily PM2.5

 
adjustment. Cumulative and lag-specific ORs were estimated sepa-
rately within strata defined by patient sex (female, male, and other), 
age group (18 to 24, 25 to 44, 45 to 64, and ≥65 years), race/ethnicity 
(Asian, Black or African American, white, and other), and geographic 
region of residence (Central, North, Northwest, South, Southwest, 
Far South, and West Side Chicago). Within each stratum, we refit 
the stage 2 model for all 44 stage 1 candidates and applied the pri-
mary temperature basis, lag structure, constrained-MRT rule, and 
stage 2 numerical reporting criteria. The subgroup results were used 
for a descriptive comparison rather than formal interaction testing.

We conducted five groups of sensitivity analyses. First, to as-
sess sensitivity to internal knot placement in the DLNM exposure-
response spline, stage 2 models were reestimated under three alternative 
specifications: a single internal knot at the 50th percentile, two knots 
at the 70th and 90th percentiles, and three knots at the 50th, 70th, 
and 90th percentiles of the diagnosis-specific observed temperature 
distribution across all case and control days. Second, to evaluate sen-
sitivity to stage 1 inclusion thresholds, we repeated the two-stage 
analysis under four alternative criteria: lowering the minimum case 
count from at least 100 to at least 50 visits, raising the relative-
frequency criterion from at least 30% to more than 40% of visits on 
days exceeding the 70th temperature percentile, relaxing the relative-
frequency criterion to more than 20%, and applying a stricter FDR 
threshold of q < 0.05. For all stage 1 sensitivity analyses, stage 2 was 
rerun with the primary specification. Third, both stages were restricted 
to the peak summer months (June to August), with the temperature 

and frequency thresholds recomputed for this narrower warm-season 
window. Fourth, to evaluate whether heat-susceptible diagnoses were 
driven by patients with repeated ED/UC visits, stage 2 was refit after 
excluding patients with at least five summer ED/UC visits. These 
analyses used EPA monitor–based daily PM2.5

 in both applicable 
stages. Last, because LGHAP gridded daily PM

2.5
 was available only 

through 2021, we repeated the full two-stage analysis during 2011 to 
2021 using both LGHAP gridded daily PM

2.5
 (54) and EPA monitor–

based daily PM
2.5

 (44) to assess whether the retained diagnosis set 
and stage 2 effect estimates were sensitive to the choice of PM

2.5
 

exposure data source over an identical study period.
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