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ABSTRACT

In response to rising extreme heat risks across North Carolina, this study refines and eval-
uates the North Carolina Division of Public Health (NCDPH) Climate and Health Program’s
Heat Health Alert System (HHAS), a health-based warning framework first introduced in
2018. Building on prior development, we introduce a new set of season-specific Heat Index
thresholds for eight climatologically derived regions, calibrated using historical health out-
comes—specifically, emergency department visits and excess mortality records from 2007
to 2022. These thresholds were generated through a two-stage machine-learning framework
incorporating high-resolution gridded meteorological data (The European Centre for Medi-
um-Range Weather Forecasts Reanalysis v5-Land [ERA5-Land]), lagged exposure effects,
and a composite health index constructed via principal component analysis.

To assess performance and operational alignment, we compare NCDPH HHAS thresholds
against the Centers for Disease Control and Prevention (CDC) and National Weather Ser-
vice’s (NWS) HeatRisk tool using historical data from 2007 to 2022. While HeatRisk incor-
porates climatological anomalies, event duration, health outcome data from certain regions
of the United States, and general health-informed guidance, it is not directly calibrated to
local health outcome data. The NCDPH HHAS thresholds, however, are explicitly grounded
in locally documented health outcomes, enabling more locally responsive and health-rele-
vant alerts. Our comparative analysis shows areas of agreement but also highlights system-
atic differences, particularly in the timing and sensitivity of warnings.

INTRODUCTION

Extreme heat poses significant health risks, with death certificate data indicating more than
700 heat-related deaths annually in the United States—more than annual deaths from tor-
nadoes and comparable in most years to tropical cyclones (CDC 2024; Young and Hsiang
2024). However, cross-hazard mortality rankings depend significantly on methodology, with
excess all-cause mortality approaches often yielding substantially higher estimates for multi-
ple hazards (Anderson-Frey and Brooks 2019; Borden and Cutter 2008; EPA 2024; Khatana
et al. 2022; Rappaport 2014; Young and Hsiang 2024). Effective heat warning systems are
critical in mitigating these impacts by providing timely and relevant information to the pub-
lic—particularly those most at risk—and guiding public health interventions.

Exposure to high temperatures can result in various health issues, ranging from mild heat
cramps to severe and potentially fatal conditions like heatstroke. Certain populations, in-
cluding the elderly, young children, outdoor workers, and people with underlying health con-
ditions, are particularly susceptible to the impacts of heat (Michelozzi et al. 2009; Kovach et
al. 2015).

Furthermore, North Carolina summers are warming, with especially pronounced increas-
es in warm nights (=75°F), and projections indicating continued increases in very hot days
(=90°F) (Kunkel et al. 2020; Frankson et al. 2022). Beyond higher daytime maxima, larger
changes are occurring overnight and in moisture: across the Southeast, heat-stress indices
show greater nighttime increases and more frequent extreme dew-point conditions; both are
associated with higher health risks and reduced overnight recovery (Wodzicki et al. 2024;
Strelkow et al. 2025; He et al. 2022; Armstrong et al. 2019). These trends underscore the
need for robust heat warning systems that go beyond air temperature alone and incorporate
variables like humidity to better capture the true burden of heat on the body (Liljegren et al.
2008; Jendritzky et al. 2012).
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Heat Health Warning Systems

Heat health warning systems are public health tools designed to mitigate the adverse health
effects of extreme heat events (Kovats and Hajat 2008; Kovats and Kristie 2006; Sheridan
and Dolney 2003; Matthies et al. 2008; McGregor et al. 2015). These systems integrate me-
teorological data, health statistics, and risk communication strategies to enable preventive
actions. Key components of heat health warning systems include:

* Monitoring and forecasting. Using meteorological data to predict extreme heat
events (Olayinka et al. 2017)

o Threshold definition. Employing empirical threshold selection to identify change or
inflection points in temperature—health exposure—response curves and determine the
threshold at which health impacts notably increase (Gasparrini et al. 2015; Anderson
and Bell 2009; Hajat et al. 2007; Li et al. 2012; Lippmann et al. 2016)

e Public communication. Disseminating warnings and advice to the public through
various media channels

« Intervention strategies. Implementing measures such as opening cooling centers,
distributing water, and advising on heat-appropriate behaviors

Importantly, these systems must be guided by the social and cultural context of the region
of focus and be tailored to the specific weather exposures therein, as populations in cooler
regions typically acclimatize to milder conditions and thus may experience adverse effects
at lower heat-index values. This is emphasized in guidance from international bodies such
as the World Health Organization and the World Meteorological Organization (Matthies et
al. 2008; McGregor et al. 2015), and in a recent global assessment by the Global Heat Health
Information Network, the UN Office for Disaster Risk Reduction, the World Meteorological
Organization, and the Nicholas Institute for Energy, Environment & Sustainability at Duke
University (Ward et al. 2025; Gordon et al. 2025).

The CDC-NWS HeatRisk Initiative

In 2023, the CDC and the NWS expanded their HeatRisk tool to cover the entire continental
United States. Previously, it was only active for areas in and west of the Rocky Mountains.
The tool’s purpose is to better inform communities about impending dangerous heat, lever-
aging a color-coded risk scale ranging from minimal risk (0) to extreme risk (4) (Table 1).
Unlike traditional advisories that rely primarily on absolute temperature thresholds, the
HeatRisk system uses a composite risk framework that integrates temperature anoma-

ly, time of year, event duration, and public health guidance (e.g., vulnerability of certain
groups). Though informed by historical health studies, HeatRisk is not calibrated to loca-
tion-specific health outcomes and was not informed by morbidity data, such as emergency
department (ED) visits.

2 | Modernizing Heat Alerts in North Carolina: A Health-Based Framework for
Subregional Risk Communication



https://www.wpc.ncep.noaa.gov/heatrisk/

Table 1. CDC-NWS HeatRisk Levels (0-4) and Impact Descriptions

Category Risk of Heat-Related Impacts
Green—O0O Little to no risk from expected heat.
Yellow—1 Minor—Primarily affects those who are extremely sensitive to heat and without cool-
ing/hydration.

Orange—2 Moderate—Affects those who are sensitive to heat, especially those without cooling/
hydration, and some health systems and industries.

Red—3 Major—Affects anyone without cooling/hydration as well as health systems and indus-
tries.

Magenta—4 Extreme—Rare and/or long-duration extreme heat with no overnight relief affecting
anyone without cooling/hydration as well as health systems, industries, and infrastruc-
ture.

Note: In the manuscript, analyses refer to numeric levels (e.g., “Level 3 [Red]”) for consistency; colors are shown here
for readability.
Source: NWS 2025b

Development of North Carolina’s Heat Health Alert System

North Carolina’s HHAS was originally developed in 2018. It was initially implemented by
NCDPH in collaboration with local stakeholders in the Sandhills region of North Carolina
who determined the specific messages and communication methods for distributing heat

health alerts.

In 2023, the system was revised to begin sending tailored alerts to community leaders in
five Sandhills counties using alert thresholds based on the daily historical 9goth percentile of
Heat Index data in each county. The daily 9oth percentile values were averaged across each
week to obtain weekly Heat Index thresholds. In 2024, the NCDPH HHAS was expanded to
all 100 counties in the state, and was made accessible to anyone who signed up for alerts.

In response to escalating heat threats and an evaluation of the 2023 HHAS, NCDPH imple-
mented a tailored heat warning system. This initiative involves collaboration between the
State Climate Office, the NCDPH (within the North Carolina Department of Health and Hu-
man Services), and the Heat Policy Innovation Hub at Duke University. The system identifies
heat thresholds based on region-specific correlations between Heat Index values and histori-
cal health outcomes, particularly ED visits related to heat-related illness (HRI).

The 2024 NCDPH HHAS set its action and alert thresholds based on local heat-related
illness ED visits and region-specific excess mortality during hot spells, whereas the Heat-
Risk algorithm is impacts-based and draws on epidemiologic relationships between heat and
health established in a multistate study of Heat Index and hospitalizations (Vaidyanathan et
al. 2019).

The 2024 NCDPH HHAS employed static Heat Index thresholds applied uniformly through-
out the heat season. While this approach provided consistent warning criteria, the evalua-
tion presented here revealed opportunities for improvement, particularly in detecting heat
health risks during the early and late portions of the heat season when populations are

less acclimated to heat. The current study builds upon this foundation by developing sea-
son-specific thresholds that account for physiological adaptation patterns throughout the
heat season.
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This research consists of four components:

« Development of climatologically coherent county clusters to enhance region-specific
health modeling and more precise heat warning deployment.

e Recalibration of the Heat Index thresholds used within the system, introducing
seasonally variant thresholds to account for people being less acclimated to heat at the
beginning and end of the heat season. This contrasts with the 2024 NCDPH HHAS,
which employs one threshold for the entire heat season.

e Comparison of the outputs of the NCDPH HHAS with the outputs from HeatRisk.

« Evaluation of NCDPH HHAS and HeatRisk classifications against event days (=1 HRI
ED visit) and non-event days (0 visits) at the county-day level.

DATA

Health Data

ED visits from 2007 to 2022 were obtained via the North Carolina Disease Event Tracking
and Epidemiologic Collection Tool (NC DETECT), NCDPH’s syndromic surveillance system.
Daily HRI ED visits were extracted using diagnosis or injury codes from the International
Classification of Diseases, 9th Revision (ICD-9) codes 992.0—992.9, 10th Revision (ICD-
10) codes T67.0-T67.9, and external cause code X30 (exposure to excessive natural heat)
appearing in any diagnosis field. Geographic information, specifically the county of occur-
rence, were used to aggregate ED visits to the county level, creating a daily time series of
HRI per county throughout the study period.

This study also analyzed daily all-cause deaths from North Carolina Vital Records for
2007-2022 and estimated excess mortality as observed minus expected deaths by county
and date. Expected deaths were obtained from a time-series baseline (see the section on
Composite Health Metric Construction and Usage), which adjusts for long-term and seasonal
patterns and calendar effects. The analysis did not subset deaths by ICD-10 heat codes and
did not distinguish by underlying versus contributing cause of death. The death records con-
tain information on cause of death using the ICD-10 system, demographic details about the
deceased, and the date and location of death.

County-level mid-year population estimates for 2007—2022 were obtained from the North
Carolina State Demographer’s Office and used to weight by population across modeling
approaches, described below. Urban areas were defined as places with at least 50,000
residents and a population density of 1,000 or more people per square mile. A county was
classified as urban if 50% or more of its population resided in such an area; otherwise, it
was classified as rural.

Weather Data

ERA5-Land datasets were used in this analysis to provide hourly, high-resolution meteoro-
logical data across North Carolina from 1995 to 2024 (Mufoz Sabater 2019). This dataset
was leveraged to calculate hourly values of the Heat Index, a widely-used apparent tempera-
ture metric first derived by Steadman (1979), following the formula presented by Rothfusz
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(1990). For T < 80°F, heat index (HI) was estimated using the National Weather Service
low-temperature approximation (Equation 1), where T is air temperature (°F) and RH is
relative humidity (%)

HI =0.5[T + 61.0 + (T-68.0) x 1.2 + RH x 0.094] (1)

For T > 80°F, the full Rothfusz regression was applied:

HI = —42.379 + 2.04901523T + 10.14333127RH — 0.22475541TRH
— 0.00683783T% — 0.05481717RH? + 0.00122874T*RH + 0.00085282TRH*
— 0.00000199T*RH> (2)

Two empirically derived adjustments account for extreme humidity at 80°F < T < 112°F. If
RH < 13%, subtract adj1. If RH > 85%, add adj2:

.+ 13-RH [ 17-|T—95] o RH-85 [87-T
adjl = == 7 adj2 = 10 5 (3)

CDC-NWS HeatRisk

The National Weather Service provides historical HeatRisk records for several NWS weath-
er stations across the United States, available from 2005 to present (NWS 2025a). For the
stations in North Carolina, daily minimum and maximum air temperatures, seasonal min-
imum and maximum thresholds for HeatRisk levels 0—4, and recorded extremes of daily
minima and maxima were compiled. Station coordinates were used to compute the Heat
Index to enable like-for-like comparisons between HeatRisk and the updated index at each
location.

METHODS

Building on the background outlined earlier, this study implements a comprehensive meth-
odology to advance North Carolina’s heat health alert capabilities. The approach integrates

advanced climatological analysis with health outcome data to create a more responsive and
locally relevant warning system. Our methodology addresses the identified gaps in current

heat warning approaches through three integrated components.

Component 1: NCDPH Heat Health Alert System Improvement

Study Region and Period

Eight alert regions within North Carolina were established by combining climatological and
geographic data. County-level daily maximum Heat Index values for May—September (years
1995—2024) were characterized as smooth functions of day-of-year. Specifically, B-spline
curves s(20 basis functions) were fitted to each county’s average daily maximum Heat In-
dex, and functional principal components analysis (FPCA) was applied to summarize these
curves into four principal components. Counties were then clustered using k-means (seven
clusters, 25 random starts) on scaled FPCA scores and geographic centroid coordinates.
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Counties in the western mountain region were separately assigned to form an eighth cluster,
resulting in eight contiguous alert regions.

Hourly ERA5-Land data (1995—2024) were aggregated into daily maximum Heat Index
values per county, limited to the May—September heat season. Each day was categorized into
one of three seasonal intervals of equal length: early season (May 1—June 21), midseason
(June 22—August 10), and late season (August 11—September 30).

Composite Health Metric Construction and Usage
« Standardizing illness and mortality. Excess mortality was calculated from the
aggregated death records, including all ICD-10 cause-of-death codes. Mortality counts
were summed by county and date, and expected deaths were calculated by averaging
the mortality counts via day of the year across the full record 1999—2022, creating
a stable baseline. Excess mortality was then computed by subtracting the expected
mortality from the observed mortality count by date.

Daily counts of HRIs and excess mortality were converted into standardized z-scores,
representing deviations from their long-term averages in standard deviation units. This
ensured equivalence between illness and mortality scales in terms of unusual health
burden.

* Determining an optimal single health indicator. Principal components analysis
(PCA) was applied to these standardized series, identifying the best single measure
(first principal component [PC1]) to capture their combined variation. PCA-derived
weights provided guidance on the relative contribution of illness and mortality to
overall health outcomes.

« Creating a composite health index. A composite health index was developed for
each county-day combination using PCA-derived weights. High scores corresponded
to concurrent high illness and mortality, while lower scores indicated lower or mixed
signals. Composite indices have been used to capture combined morbidity/mortality
signals for threshold derivation (Gasparrini et al. 2015).

e Selecting thresholds from composite index. Heat Index thresholds were
identified directly from the composite index, streamlining the selection process to
focus on curve inflections, model fit, and robustness. The selected thresholds marked
points of sharply rising combined heat-related health burdens.

Heat-Health Modeling Framework

A balanced county-by-date panel dataset (2007—2022) was constructed, excluding records
with missing data. The first modeling stage involved fitting gradient-boosted regression trees
separately for each region and season (and the pooled season) to predict

e Daily HRI counts
e Daily all-cause excess mortality
e The composite health index

Predictors included daily maximum Heat Index values, day-of-year interactions, weekend/
holiday indicators, year, and county population (as a weighting factor).

6 | Modernizing Heat Alerts in North Carolina: A Health-Based Framework for
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HBI, = GBM, ,(HI, HI x DOY, HI x Year, Weekend, Holiday) (4)

where

HBI = predicted Heat Burden Index for region r, season s
GBMr . = gradient boosted model fit for region r and season s,
DOY’ = day of year

Year = the year under observation

Weekend, Holiday indicators (0/1) if the day is a weekend or holiday

In the second modeling stage, a single metamodel per season was generated by stacking
stage-one outputs along with their lagged values and county population. This two-stage
approach allowed for region- and season-specific nonlinear risk characterization in the first
stage and regional pooling in the second. All models used 500 to 1,000 trees, a learning rate
of 0.01, interaction depths of 3 to 8, and a subsampling fraction of 0.7, with no internal hold-
out.

— — 1) =)
HBI, = MetaGBM(HBI ,, .., HBI,) (5)

where

HBI = season-specific predicted Heat Burden Index
MetaGBM, = metamodel trained for season s

HBI = stage 1 prediction from the region r and seasons s

1,8

gradient boosted model (Equation 4).

Threshold Identification

Heat health alert thresholds were determined using a grid of Heat Index values from each
region’s 5th to 99th percentiles, with sensitivity checks to the 1st percentile, at increments
of 1.0°F. Predictions from both stage 1 and metamodels were generated across this grid,
holding other covariates constant. This approach parallels prior epidemiological work that
locates statistically optimal thresholds by examining maximal slopes or spline inflection
points in modeled temperature—health relationships (Gasparrini et al. 2015; Anderson
and Bell 2009; Hajat et al. 2007; Li et al. 2012; Lippmann et al. 2013)

Exemplified in Figure 1, candidate thresholds were identified by:

e Maximum raw slope—identifying the grid point with the steepest discrete risk slope
within the central 2—99 percentile range

e Smoothed-spline inflection—using smoothing splines (degrees of freedom 1—50) fitted
to prediction curves to find points of highest first derivative (slope peak) and second
derivative (inflection point)

This process yielded numerous candidate thresholds per region and season.

Final Threshold Assignment and Validation
A single threshold per region and season was chosen from the generated candidate set.
Response curves were smoothed across flexibility settings, where the optimal smoothing
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Figure 1. Example of threshold identification

Note: Predicted Heat Burden Index is plotted against Heat Index. Candidate thresholds are chosen at
the maximum slope of the smoothed curve and at its inflection point.

parameter (degrees of freedom) was chosen by minimizing the generalized cross-validation
(GCV) score, ensuring the most stable candidate selection. Candidates generated from these
best-fitting smooths (inflection and steepest-slope points from stage 1 and metamodels) were
retained. Near-duplicate candidate values (within a few degrees Fahrenheit) were merged,
averaged, and rounded to the nearest integer degree. Each final threshold candidate was
then mapped onto the historical Heat Index distribution (May—September) to compute its
percentile rank and average annual exceedance count. Candidates resulting in implausibly
high or low alert counts were dropped to ensure a practical warning cadence prior to final
selection.

Component 2: NCDPH Heat Health Alert System versus
CDC-NWS HeatRisk

This component retrospectively evaluates the comparative performance of NCDPH HHAS
using two configurations—(1) the 2024 region-specific thresholds and (2) the 2025 season-
and region-specific thresholds—applied to 2007—2022 county-day records. Specifically, it
assesses the systems’ ability to detect known heat-related ED visits and excess mortality, and
quantifies differences in warning coverage, timing, and predictive performance across space
and time (Quinn and Shaman 2017).

8| Modernizing Heat Alerts in North Carolina: A Health-Based Framework for
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HeatRisk Data Acquisition and Processing Historical HeatRisk

Outputs were obtained for all stations across North Carolina from 2007 to 2022. These data
included daily station-level HeatRisk values ranging from o (minimal risk) to 4 (extreme
risk), based on NWS’s integrated climatological and health-informed framework. Station
metadata (latitude, longitude, elevation) were used to assign each station to its correspond-
ing county.

HeatRisk values were spatially matched to counties using nearest-neighbor assignment. For
counties with more than one nearby station, the station closest to the county centroid was
selected. County-level daily HeatRisk values were extracted and merged with correspond-
ing county-day records of maximum daily Heat Index, health data, and NCDPH HHAS
warnings.

For NCDPH HHAS, county-day Heat Index exceedances were determined using both the
2024 region-specific and the updated 2025 season- and region-specific thresholds.

For HeatRisk, alert days were defined as any county-day (2007—-2022) in which the assigned
station’s HeatRisk value equaled or exceeded a given threshold (Level 3 or Level 4). This pro-
duced two binary warning conditions for comparison: HeatRisk > 3 and HeatRisk = 4.

Comparison Framework and Performance Metrics

To compare systems, we constructed a comprehensive panel dataset covering all county-days
in North Carolina from May 1—September 30 for the years 2007—-2022. Each record con-
tained daily health outcomes, warning status under each system (NCDPH HHAS 2024, NC-
DPH HHAS 2025, HeatRisk > 3, and HeatRisk = 4), and contextual variables such as county
type (urban/rural) and seasonal interval. The additional layer of comparison across urban
and rural counties was informed by prior research on heat-health impacts in North Carolina
that showed distinct variations, with rural areas having a higher heat-related health burden
(Clark 2019; Lippmann et al. 2013).

Classification performance approaches here follow precedent in heat[Jhealth research (An-
derson and Bell 2009; Hajat et al. 2007; Li et al. 2012). System performance was assessed
using the following binary classification listed in Table 2.

These metrics were computed by season (early, mid, late) and by county classification (urban
versus rural). Agreement and divergence between NCDPH HHAS and HeatRisk were further
evaluated through temporal overlap analyses and identification of systematic discrepancies
in timing or regional distribution. Additional analyses examined whether false positive or
false negative rates were temporally clustered or associated with shoulder-season periods.

All analyses were conducted in R (R Core Team 2025), with gradient-boosted models fitted
using the gbm package (Ridgeway and GBM Developers 2024) and smoothing spline fitting
and derivative estimation performed via the splines package.

RESULTS

This study’s primary objective was to refine the NCDPH HHAS by creating more precise
county-level regionalization and determining season-specific Heat Index thresholds ground-
ed explicitly in historical health data. We present the detailed results of this study as follows,
organized into a logical progression: (1) an explanation and illustration of the updated coun-
ty alert regions, (2) the season-specific Heat Index thresholds derived for these new regions,
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Table 2. Definitions of Performance Metrics and the
Reference Health Label Used to Evaluate Heat Warning Systems

Metric Description
Accuracy Share of all county-days correctly classifed, where a positive day is =1 HRI
ED visit and a negative day is O HRI ED visits
Sensitivity (recall) Among county-days with =1 HRI ED visit, the proportion that were cor-
rectly fagged as heat alerts
Specifcity Among county-days with 0 HRI ED visits, the proportion that were non-
alert days

Positive predictive value =~ Among alert days, the proportion that had =1 HRI ED visit
(PPV)

Negative predictive value Among non-alert days, the proportion that had 0 HRI ED visits
(NPV)

Flscore Harmonic mean of sensitivity and PPV, with positives defned as coun-

ty-days with =1 HRI ED visit and alerts per the evaluated method
Matthews correlation Overall performance index accounting for true and false positives and
coeffcient (MCC) negatives

Note: Metrics are computed on county-day observations for the heat season (May 1-September 30) and used to
compare CDC-NWS HeatRisk (Levels > 3 and 4) with the NCDPH HHAS configurations (2024 static; 2025 season/
region-specific). MCC summarizes how well a warning method captures event days without over-alerting. It considers
true positives (alert and =21 HRI ED visit), false positives (alert and 0 visits), false negatives (no alert and =21 visit), and
true negatives (no alert and O visits). Values range -1 to +1, where +1 is perfect, O is chance-level, and -1 is systematic
disagreement. It is preferred over accuracy/F1 when event days are uncommon.

and (3) a comprehensive comparative analysis of the updated seasonal threshold system
(NCDPH HHAS 2025) against both the prior static-threshold system (NCDPH HHAS 2024)
and the CDC-NWS HeatRisk alert system.

Updated NC County Alert Regions (2025)

Figure 2 presents a visual comparison between the 2024 static threshold system and the
2025 seasonal threshold system for North Carolina. The updated system groups counties
into eight contiguous regions. Changes primarily involve reassignments based on improved
climatological coherence. For example, several counties previously grouped with regions
characterized by different temperature profiles have been realigned into clusters that better
reflect similar seasonal Heat Index patterns. Notable adjustments include a more homoge-
neous clustering of counties within coastal and central Piedmont regions, addressing prior
inconsistencies related to county-to-region assignments.

Season-Specific Heat Index Thresholds by Region

Season-specific Heat Index thresholds developed for each newly defined region are visu-
alized in Figure 3 and summarized in Table 3. Thresholds varied distinctly across periods
defined as early season (May 1—June 21), midseason (June 22—August 11), and late season
(August 12—September 30). For all regions, early-season thresholds were generally lower,
typically ranging from 85°F to 99°F. Midseason thresholds were highest, reflecting peak heat
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Figure 2. County alert regions for NCDPH HHAS 2024 and 2025

Note: The maps use independent naming conventions and cluster boundaries for each year; there is
no one-to-one correspondence of colors or region names between panels.

Figure 3. NCDPH HHAS Heat Index activation thresholds:
2025 Seasonal versus 2024 Static

Note: County alert regions and minimum Heat Index thresholds (°F) that trigger NCDPH HHAS alerts. The 2025
configuration applies season- and region-specific thresholds—early (May 1-June 21), mid (June 22-August 11), late
(August 12-September 30)—while the 2024 configuration used a single regional set for the full season. Colors are
applied to regional groupings and correspond to temperature threshold values. Where contiguous regions have the
same temperature threshold, they are combined. Colors and regions are not one-to-one comparable between the

2025 and 2024 threshold maps.
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Table 3. Daily Maximum Heat Index Thresholds Identified for Each County
Region in North Carolina

Region Early Season Midseason Late Season

Threshold Percentile Threshold Percentile Threshold Percentile

Mountains 85°F 98.3% 94°F 99.9% 90°F 99.5%
Foothills 92°F 98.1% 97°F 97.5% 94°F 97.3%
South Central 95°F 96.8% 100°F 94.2% 98°F 96.4%
North Central 94°F 96.0% 102°F 96.7% 98°F 96.4%
Sandhills 99°F 98.0% 105°F 97.5% 101°F 96.7%
North Coastal Plain 98°F 98.0% 104°F 96.0% 98°F 93.4%
Southeast 95°F 95.8% 103°F 94.9% 100°F 96.8%
Northeast 95°F 95.0% 104°F 96.5% 101°F 97.5%

Note: The accompanying percentile indicates the long-term rank of that threshold within each region’s multiyear
distribution (1995-2023). For example, the 85°F early-season threshold in the mountains falls at the 98.3rd percentile,
meaning only 1.7% of all historical daily maximum Heat Index values in that region exceeded 85°F during the early
season.

acclimatization, ranging from 95°F to 105°F. Late-season thresholds fell between early and
midseason values, ranging from 90°F to 101°F.

Table 3 summarizes the new season-specific Heat Index thresholds for each region, indicat-
ing percentile ranks and the expected annual frequency of exceedance days. Key insights
from these results include variations in threshold levels across seasons—notably, lower
thresholds in early and late summer that reflect increased sensitivity of certain populations
at these times.

Comparative Performance of Heat Alert Systems

Across May—September, overall accuracy was similar across all systems, ranging between
0.88 and 0.93. However, given that non-event days dominate the dataset, accuracy alone
can be misleading in the context of relatively rare health events, making additional metrics
essential for comprehensive evaluation (Table 4).

The NCDPH HHAS 2025 (Seasonal) system demonstrated superior event capture, achieving
the highest sensitivity (0.27). This was a substantial improvement over the NCDPH HHAS
2024 (Static) system (0.10), with a moderate, but acceptable, trade-off in specificity.

Conversely, the CDC-NWS HeatRisk system at its highest level (Level 4) showed extremely
high specificity (1.00), meaning it virtually eliminated false alarms. However, this came at
the expense of event detection, resulting in very low sensitivity (0.01) and reflecting a highly
conservative approach to warning issuance in North Carolina.

The F1 score and MCC—metrics that balance sensitivity and precision—provide the most

telling measure of overall system performance. The NCDPH HHAS 2025 (Seasonal) system
achieved the highest F1 score (0.22) and MCC (0.16), indicating that the seasonal threshold
approach is the most effective at balancing event detection with warning precision for com-
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Table 4. Overall Performance of Heat Alert Methods
(May-September 2007-2022)

Alert System Accuracy Sensitivity Specificity PPV NPV F1 MCC
(Precision) Score

NCDPH HHAS 0.92 01 0.98 0.28 0.94 0.15 014

2024

NCDPH HHAS 0.88 0.27 0.92 0.9 0.95 0.22 0.6

2025

HeatRisk = 3 0.93 0.08 0.99 0.31 0.94 0.13 0.3

HeatRisk = 4 0.93 0.01 0.99 0.3 0.94 0.02 0.05

prehensive public health protection. This contrasts with the HeatRisk = 4 system, whose
conservative nature resulted in the lowest F1 score (0.02) and MCC (0.05), reflecting its lim-
ited ability to discriminate across the full spectrum of health-relevant heat days (Table 4).

Finally, the PPV, which indicates the likelihood that a warning day corresponds to an actu-
al event, was highest for HeatRisk = 4 (0.30), consistent with its targeted focus on only the
most extreme conditions. NPV remained high and consistent across all systems (=0.94),
indicating similar performance in correctly identifying non-impact days (Table 4).

Urban-Rural Comparison

Table 5 reveals important differences in system performance between urban and rural coun-
ties. All warning systems demonstrated substantially higher positive predictive values in
urban counties (ranging from 0.54 to 0.76) compared to rural areas (0.20 to 0.35), indicating
that heat warnings correspond more reliably with health impacts in urban environments.

In rural counties, the seasonal configuration (NCDPH HHAS 2025) achieved higher sen-
sitivity (23%) than the static configuration (NCDPH HHAS 2024; 20%) and HeatRisk >

3 (12%), with a modest loss in specificity. In urban counties, NCDPH HHAS 2025 also
achieved a higher sensitivity (19%) than NCDPH HHAS 2024 (15%) and HeatRisk > 3 (12%).
Additionally, NCDPH HHAS 2025 improved F1 compared to NCDPH HHAS 2024 (0.28
versus 0.24) in urban counties with only a marginal change in MCC (0.23 versus 0.22), indi-
cating better detection with little change in overall classification balance. The F1 scores and
MCC values are consequently higher in urban areas, reflecting this improved signal-to-noise
ratio. Rural areas show slightly higher sensitivity for NCDPH HHAS systems but at the cost
of lower precision, resulting in lower F1 scores. These differences highlight the challenge of
optimizing thresholds across diverse geographic contexts with varying population densities
and heat vulnerability profiles.

Seasonal Performance Variations

Table 6 breaks down performance across early (May 1—June 21), mid (June 22—August 11),
and late (August 12—September 30) summer periods from 2007—2022, revealing key tempo-
ral patterns in system effectiveness:

Early season results showed NCDPH HHAS 2025’s most substantial improvements, with
sensitivity more than tripling compared to NCDPH HHAS 2024 (25% versus 8%) and nearly
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Table 5. Performance of Heat Alert Methods By Urbanicity
(May-September 2007-2022)

Area Method Accuracy Sensitivity Specificity PPV NPV FL MCC
Rural HeatRisk = 3 0.91 012 0.98 029 093 017 015
HeatRisk = 4 0.93 0.01 1.00 035 093 003 006
NCDPH HHAS 0.89 0.20 0.95 023 094 022 016
2024
NCDPH HHAS 0.88 0.23 0.93 020 094 021 015
2025
Urban HeatRisk = 3 0.81 012 0.98 061 081 020 0.20
HeatRisk = 4 0.80 0.02 1.00 076 080 0.03 009
NCDPH HHAS 0.81 0.15 0.97 058 082 024 022
2024
NCDPH HHAS 0.80 0.19 0.96 054 082 028 023
2025

Note: County-day performance for CDC-NWS HeatRisk and NCDPH HHAS configurations across the full heat season
(May 1-September 30). “HeatRisk > 3" = includes levels 3 and 4; “HeatRisk = 4" represents level 4 only. “NCDPH HHAS
2024" = static thresholds;, “NCDPH HHAS 2025” = season- and region-specific thresholds. Results are stratified by
rural and urban counties. Additional details on the urban versus rural breakdown are shown in the appendix.

quadrupling compared to HeatRisk > 3 (7%) while maintaining high specificity. This en-
hanced detection is reflected in both the F1 score (0.25 versus 0.13) and MCC (0.18 versus
0.13), demonstrating improved discrimination during early summer when populations may
be less acclimated to heat. The HeatRisk alerts capture very few early-season events.

Midseason performance showed the static NCDPH HHAS 2024 thresholds at their stron-
gest, achieving higher sensitivity (26%) than NCDPH HHAS 2025 (19%). However, the
seasonal approach maintains better specificity (91% versus 88%) and comparable PPV (31%
for both), resulting in a similar F1 score. The slight reduction in MCC for NCDPH HHAS
2025 compared to 2024 (0.13 versus 0.15) suggests a small trade-off in overall performance
during peak season.

Late-season results again favored the season-specific approach, with NCDPH HHAS 2025
showing substantially higher sensitivity (22% versus 13%) and F1 score (0.22 versus 0.17)
compared to NCDPH HHAS 2024. This improvement is further supported by the higher
MCC (0.15 versus 0.12), indicating better overall classification during this shoulder season.
HeatRisk performance mirrors early-season patterns, with minimal sensitivity but very high
specificity.

Performance metrics collectively demonstrate that NCDPH HHAS 2025, with its sea-
son-specific thresholds, offers substantially improved health-event detection during shoul-
der seasons while maintaining reasonable precision. The CDC-NWS HeatRisk system pro-
vides highly specific identification of extreme heat events, suggesting complementary roles
in comprehensive heat risk management.
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Table 6. Seasonal Performance of Heat Alert Methods

(Early/Mid/Late, 2007-2022)

Early Season

Method Accuracy Sensitivity Specificity PPV NPV F1 MCC
HeatRisk = 3 0.91 0.07 0.99 0.39 0.92 0.13 014
HeatRisk =4 0.91 0.01 1 0.41 0.91 0.02 0.06
NCDPH HHAS 0.9 0.08 0.98 0.34 0.92 0.13 0.3
2024
NCDPH HHAS 0.86 0.25 0.92 0.25 0.93 0.25 0.8
2025

Midseason

Method Accuracy Sensitivity Specificity PPV NPV F1 MCC
HeatRisk = 3 0.82 0.17 0.95 04 0.85 0.23 0.17
HeatRisk = 4 0.83 0.02 1 0.49 0.83 0.04 0.08
NCDPH HHAS 0.78 0.26 0.88 0.31 0.85 0.28 0.15
2024
NCDPH HHAS 0.79 0.19 0.91 0.31 0.85 0.24 0.13
2025

Late Season

Method Accuracy Sensitivity Specificity PPV NPV F1 MCC
HeatRisk = 3 0.91 0.09 0.98 0.28 0.93 0.14 0.12
HeatRisk = 4 0.92 0.01 1 0.32 0.92 0.01 0.03
NCDPH HHAS 0.9 0.13 0.96 0.23 0.93 0.17 0.12
2024
2N()CZI,D:_)}DH HHAS 0.88 0.22 0.93 0.21 0.94 0.22 0.15

Note: County-day metrics for COC-NWS HeatRisk and NCDPH HHAS configurations, evaluated separately for early
(May 1-June 21), mid (June 22-August 11), and late season (August 12-September 30). “HeatRisk > 3" = includes levels 3
and 4; “HeatRisk = 4" represents level 4 only. “NCDPH HHAS 2024” = static thresholds; “NCDPH HHAS 2025" = season-

and region-specific thresholds.

DISCUSSION

This study improved the NCDPH HHAS by redefining alert regions based on climatolog-
ical coherence and calibrating season-specific Heat Index thresholds to locally observed
health outcomes. The seasonal thresholds notably improved detection of heat-health impacts
compared to static thresholds, with the most gains in early-season sensitivity (25% ver-
sus 8%) and F1 scores (0.25 versus 0.13). These improvements are reflected in higher MCC
values during shoulder seasons, demonstrating better overall discriminative ability when
populations are less acclimated to heat. These findings align with previous epidemiological
research advocating threshold adjustments based on temperature-health outcome inflec-
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tion points (Gasparrini et al. 2015; Hajat et al. 2007; Lippmann et al. 2013). However, these
sensitivity improvements came with modest increases in false alarms, particularly in rural
areas, reflecting inherent trade-offs in optimizing health event detection.

The improved shoulder-season detection capability of NCDPH HHAS 2025 represents an
important advancement as North Carolina experiences increasingly variable temperature
patterns. Early and late-season heat events can be particularly dangerous as populations are
less physiologically adapted, making season-specific thresholds especially valuable for public
health protection (Hondula et al. 2014).

Clear messaging tailored to diverse audiences and robust public health infrastructure,
including cooling centers and community outreach, are essential for translating improved
detection into meaningful health protection. Alert messages are provided in both English
and Spanish, expanding the reach of HHAS to at-risk populations, like farmworkers, who
may not speak English and who may have higher exposure to heat. According to NCDPH’s
evaluation of the 2024 HHAS, 83% of the 579 total subscribers to the system reported they
either worked with a population disproportionately impacted by heat and planned to share
alerts with these populations, or they personally belonged to a population that is dispropor-
tionately impacted by heat.

Likewise, the CDC-NWS HeatRisk system represents a significant advancement in heat risk
communication, particularly in its ambitious nationwide expansion in 2024. Rather than
presenting these approaches as competing, our findings highlight the potential for inte-
grating health-based local calibration with broader climatological frameworks. HeatRisk’s
nationwide approach prioritizes extreme event identification across diverse climates, while
NCDPH HHAS explicitly targets local health prediction. One particularly valuable insight
from this comparison relates to humidity’s significant role in the Southeast, which NCDPH
HHAS explicitly addresses through Heat Index thresholds. Future collaborative work be-
tween state-level systems and national frameworks could leverage the strengths of both
approaches.

Performance disparities between urban and rural counties underscore complexities in ap-
plying generalized thresholds. Urban counties demonstrated clearer relationships between
heat indices and health outcomes, with consistently higher PPVs (0.45—0.76 versus 0.16—
0.39 in rural areas). While finer spatial resolution might theoretically improve performance,
our regional clustering approach balances precision with statistical robustness. County-level
thresholds would face significant sample size limitations when modeling against relatively
rare health outcomes, potentially introducing instability into threshold estimates. Future
research should explore methods to incorporate local vulnerability factors into regionally
robust threshold frameworks without compromising statistical power.

Several limitations should be acknowledged. Although the clustering enhances the climate
homogeneity within these regions, it still aggregates diverse communities within relatively
broad geographic boundaries. A related limitation is the reliance on the Heat Index as the
exposure metric. While more physically robust thermal stress indices, such as the wet-bulb
globe temperature, better capture physiological strain (Budd 2008; Lemke and Kjellstrom
2012; Liljegren et al. 2008), the HI was retained due to its alignment with established NWS
communication practices and the operational feasibility of generating high-resolution histor-
ical data for the entire study period. The health data present further complexities. Heat-re-
lated ED visits identified using ICD-9 codes 992.0—992.9 and ICD-10 codes T67.0-T67.9
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likely represent underreporting, as HRI may be coded under other conditions (e.g., dehydra-
tion, cardiovascular events) or not recognized as heat-related by clinicians. Furthermore,
this analysis did not include ED visits that met NC DETECT’s case definition of HRI through
inclusion of keywords in the chief complaints and triage notes, which is used to identify
approximately 40% of all HRI ED visits. Similarly, heat-related mortality using all-cause
deaths may miss deaths where heat was a contributing but not underlying cause, while the
expected mortality baseline may not fully capture all temporal variations in population
health patterns. Additionally, reliance on historical outcomes may not fully capture dynamic
demographic and health-related risk factor shifts. Continuous incorporation of recent health
surveillance data could mitigate these limitations.

CONCLUSION

By introducing climatologically coherent regions and season-specific, health-calibrated Heat
Index thresholds, the NCDPH HHAS 2025 substantially improved detection of heat-related
health events, particularly during early and late summer when physiological adaptation is
limited. This system successfully addresses key research goals by enhancing sensitivity, im-
proving detection of historical heat-health events, and effectively complementing the broader
climatological focus of the CDC-NWS HeatRisk framework.

Our findings demonstrate the value of integrating nationally standardized approaches like
HeatRisk with locally calibrated health-based thresholds. While HeatRisk provides consis-
tent climatologically based alerts across diverse regions, locally calibrated thresholds offer
complementary insights specifically tuned to regional health outcomes. The combination of
these approaches presents a promising direction for comprehensive heat risk management,
particularly in regions like the Southeast where humidity and persistently high overnight
temperatures significantly amplify heat stress.

Translating these methodological improvements into effective public health protection re-
quires comprehensive operational infrastructure. These improved thresholds provide a foun-
dation for more effective heat health protection in North Carolina. While the NCDPH HHAS
sends alert messages to subscribers when the Heat Index is forecasted to reach an unhealthy
level, both prevention of ED visits for HRI and longer-term health benefits depend on addi-
tional factors like behavioral changes and stronger standards to protect workers from occu-
pational heat stress. The NCDPH HHAS currently operates as a comprehensive alert system,
sending multilingual heat warnings to subscribers across all 100 North Carolina counties
when thresholds are exceeded, coordinating with local emergency management officials,

and providing guidance for protective behaviors. Operational guidance for converting alerts
into concrete actions is formalized in the State Resilience Office’s Heat Action Plan Toolkit
(NCDHHS et al. 2025), which local governments can use to align messaging, cooling access,
outreach, and partner roles. Together, these pieces reflect the multisector coordination need-
ed for effective heat-risk management (Ward et al. 2025; Gordon et al. 2025).

The ability to detect, communicate, and mitigate heat risks using both nationally standard-
ized and locally calibrated approaches will become increasingly critical for public health
protection. For North Carolina, future enhancements should focus on integrating real-time
health surveillance data and evaluating intervention effectiveness to further refine the
system. The inclusion of the NCDPH HHAS in the Heat Action Toolkit demonstrates the
potential for coordinated state-level heat resilience planning. Other jurisdictions seeking to
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develop similar health-based warning systems should consider: (1) establishing partnerships
between public health agencies and academic institutions, (2) investing in robust public
health surveillance infrastructure, (3) developing region-specific climatological analysis
capabilities, and (4) building community engagement and communication capacity. As heat
risk intensifies, locally calibrated health-based thresholds represent a critical tool for pro-
tecting vulnerable populations while complementing broader national warning frameworks.
Continued federal support for these evidence-based public health innovations represents a
critical investment in protecting vulnerable populations as climate-related health risks con-
tinue to escalate.
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APPENDIX

Table Al. Urban Versus Rural Comparison of Seasonal
Warning Performance (Early/Mid/Late, 2007-2022)

Early Season

Area Method Accuracy Sensitivity Specificity PPV NPV FAR Fl1 MCC

Rural HeatRisk = 3 0.93 0.08 0.99 0.31 094 069 013 013
HeatRisk = 4 0.93 0.01 1 0.3 094 07 0.02 0.05
NCDPH HHAS 0.92 0.1 0.98 028 094 072 015 014
2024
NCDPH HHAS 0.88 0.27 0.92 0.19 0.95 0.81 0.22 0.6
2025

Urban HeatRisk=>3 0.82 0.06 0.99 068 082 032 012 017
HeatRisk = 4 0.82 0.01 1 077 082 023 002 0.08
NCDPH HHAS 0.82 0.06 0.99 066 082 034 01 0.16
2024
NCDPH HHAS 0.82 0.23 0.95 0.51 084 049 032 025
2025

Midseason

Area Method Accuracy Sensitivity Specificity PPV NPV FAR Fl1 MCC

Rural HeatRisk >3 0.85 017 0.95 031 089 069 022 0I5
HeatRisk = 4 0.87 0.02 1 039 088 061 004 0.07
NCDPH HHAS 0.8 0.29 0.87 024 089 076 026 015
2024
NCDPH HHAS 0.82 0.21 0.91 024 089 076 022 012
2025

Urban HeatRisk=>3 0.69 0.16 0.95 063 07 037 026 0.2
HeatRisk = 4 0.68 0.02 1 076 068 024 004 0.09
NCDPH HHAS 07 0.23 0.92 0.6 0.71 0.4 0.33 0.22
2024
NCDPH HHAS 0.69 017 0.95 063 07 037 027 0.2
2025
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Table Al. Urban Versus Rural Comparison of Seasonal
Warning Performance (Early/Mid/Late, 2007-2022) (continued)

Late Season

Area Method Accuracy Sensitivity Specificity PPV NPV FAR Fl1 MCC

Rural HeatRisk = 3 0.93 0.09 0.98 021 095 079 013 oO0lUu
HeatRisk =4 0.94 0] 1 0.17 095 083 001 0.02
NCDPH HHAS 0.91 0.16 0.96 018 095 082 017 012
2024
NCDPH HHAS 0.89 0.24 0.93 016 09 084 019 014
2025

Urban HeatRisk=>3 0.84 0.1 0.98 0.5 085 05 016 017
HeatRisk =4 0.84 0.01 1 074 084 026 0.0l 0.06
NCDPH HHAS 0.84 0.1 0.98 049 085 051 017 017
2024
NCDPH HHAS 0.83 0.19 0.96 045 086 055 0.27 021
2025
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