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Abstract
Heat warnings usually rest on a single temperature threshold, and the design debate has concentrated
on two levers: the heat indicator, and localization. How often alerts are issued is rarely placed on the
same scale. In a daily panel of 230 Korean municipalities, May–September 2019–2025 (244,430 area-
days; 16,927 heat-illness emergency-department reports), standardized morbidity ratios (SMR) were
estimated against a weather-only baseline and the three levers compared at a matched alert burden
under four objective functions; rural municipalities were those below 500 persons/km². Exposure was
near-identical and, if anything, marginally hotter in urban municipalities (mean daily maximum 27.83 vs
27.97°C), yet the rural SMR was 1.98 against 0.87, a ratio of 2.28 (95% CI 1.91–2.68); adding climate
normals lowered it to 1.32, a lower bound given their collinearity with rurality. With the alert-day share
fixed at 11.7%, percentile-matched thresholds captured 3.6 percentage points (pp) more cases than the
single national rule and incidence-matched thresholds 1.2 pp more, though the latter captured 19.1 pp
more rural cases. Switching the indicator yielded 0.8 pp, the two correlating at 0.95 daily. Raising the
share to 28.7% increased case capture by 31.7 pp and Peirce skill by 17.2 pp, exceeding every lever on all
four objectives — a gain in discrimination, not permissiveness. Half of all cases, about 1,160 a year, fall
on non-alert days under the national 33°C rule. Alert frequency appears to dominate the debated levers;
region-specific thresholds matter mainly on equity objectives, the indicator hardly at all.

1. Introduction
Heat is the weather hazard contributing most to mortality, and its burden is growing as warming and
population ageing coincide (Cissé et al., 2022). Annual mortality attributable to non-optimal temperature
is substantial, and the heat share of it is rising (Zhao et al., 2021). A considerable fraction of currently
observed heat mortality has been attributed to anthropogenic climate change (Vicedo-Cabrera et al.,
2021), and net increases in temperature-related excess mortality are projected under high-emission
scenarios (Gasparrini et al., 2017; Masselot et al., 2025). In Korea, emergency-department surveillance
reports of heat-related illness have risen rapidly, with 2023 reports 80.2% above the previous year (Lee et
al., 2024), and domestic projections suggest further increases (Oh et al., 2025).

In most countries heat warnings are issued from a single temperature threshold, a design that embeds
the premise that the same temperature implies the same risk. European warning systems differ in trigger
and in whether thresholds are percentile-based or absolute, but nearly all apply a small number of criteria
nationwide (Casanueva et al., 2019). Debate over which indicator should trigger a heat warning, and over
whether thresholds should be localized, has been persistent. Temperature–mortality relationships and
optimal temperatures differ markedly across locations (Gasparrini et al., 2015). In a systematic review of
heat–health warning systems, Chandra N and Lee (2025) recommended localization from the national to
the city scale. County-level thresholds derived from morbidity data in the United States and region-
specific thresholds in Japan have likewise been proposed (Phung et al., 2026; Vaidyanathan et al., 2019).
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How often heat warnings should be issued, by contrast, has received little attention. Alert frequency is
generally treated as a consequence that follows once a threshold is set, rather than as a design choice
with its own benefits and costs. Korea illustrates how much this matters. Until 2019, Korean heat
advisories and warnings used daily maximum temperatures of 33°C and 35°C. From 2020 the same two
values on an apparent-temperature scale were piloted, and this became operational on 15 May 2023.
From the 2026 summer season, a reinforced severe heat warning was introduced, together with a region-
specific tropical-night advisory (KMA, 2026). The system therefore moved simultaneously along two
axes — a change of indicator and a finer spatial resolution — and alert frequency changed as a by-
product. That the level of the threshold, and not only its form, is consequential is visible in the outcome
data: Alexander et al. (2026) found a quarter of United States heat-related deaths to occur below a Heat
Index of 33°C, well under most operational warning thresholds. Evidence on whether refining warning
systems improves health outcomes nonetheless remains mixed (Urban et al., 2025; Weinberger et al.,
2021).

Determining which of these changes actually conferred a benefit is a forecast-verification problem. The
principle that rules must be compared after being matched on event frequency has been standard in that
field since Peirce (1884), and frequency-bias-corrected threshold comparison (Hamill, 1999) is its most
explicit form. In heat epidemiology, percentile-based local thresholds are a direct expression of the same
idea, since a local 90th or 95th percentile imposes by construction the same alert-day share everywhere
(Zhang et al., 2012). Alert frequency, however, has only ever been a condition to be matched, never a
design choice to be selected.

The single-threshold premise fits particularly poorly when urban and rural areas are compared. The
urban heat island might suggest that cities are more vulnerable, yet studies using heat-illness
hospitalization or emergency care as the outcome report a rural excess instead (Ahn et al., 2025; Jagai
et al., 2017; Mendrinos et al., 2024). The highest risk was likewise found among older adults in China
(Hou et al., 2025). The same pattern holds in Korea: Lee et al. (2022) analyzed the relationship between
population density and heat mortality risk across 229 districts and reported rural areas to be the most
vulnerable. The most recent study using the same emergency-department surveillance data as the
present analysis was a national analysis based on 16 observation stations (Park and Kim, 2026). To our
knowledge, no study has yet removed weather by generating expected case counts from weather alone
— rather than entering weather as a term in a regression — and estimated this disparity nationwide at the
municipal level.

This study therefore (i) estimates the residual rural–urban disparity once exposure is equalized and
bounds it against a baseline that allows for climatic acclimatization, and (ii) compares three levers — the
alert indicator, region-specific differentiation, and alert frequency — jointly at a matched alert burden
under four objective functions.

2. Materials and methods
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2.1 Study design and data
The study covers 230 Korean municipalities over May–September 2019–2025. The 230 units comprise
the 226 basic local governments in force as of 2025, plus Jeju City, Seogwipo City and Sejong Special
Self-Governing City, with Gunwi County counted separately before and after its transfer from North
Gyeongsang Province to Daegu Metropolitan City on 1 July 2023. All 230 units are referred to below as
municipalities.

Because the surveillance data record the district of occurrence only from 2019 onward, all analyses were
performed on the 2019–2025 municipal panel. The surveillance system nominally operates from 20 May
to 30 September (Lee et al., 2024), but data are supplied from 1 May, so the panel was set to 1 May–30
September. Joining case, weather and population data on this grid yielded 244,430 area-days.

Municipalities were classified as rural where population density fell below 500 persons/km², following
the density criterion the OECD regional typology applies to Korea (Brezzi et al., 2011). Area is the land
area excluding the marine portion included in the source data (Ministry of Land, Infrastructure and
Transport, 2024), and the 2019–2025 mean population was used. National population density in this
panel is 515 persons/km², placing the criterion close to the national mean, and the 230 municipalities
divide into 117 rural and 113 urban.

The surveillance data are individual-level reports from the Korea Disease Control and Prevention Agency
heat-related illness emergency-department surveillance system, released through the national open-data
portal. Of 29,762 cumulative reports for 2011–2025, 17,209 reports for 2019–2025 include the district,
and the 16,927 (98.4%) whose place names matched the population and weather data were analyzed.
Because the system aggregates reports for patients presenting to emergency departments, mild cases
are not captured, and reporting propensity and severity selection may differ across regions. Observed
counts are therefore a report-based measure of patients reaching emergency care rather than a measure
of incidence.

Weather data are daily observations from the Korea Meteorological Administration Automated Synoptic
Observing System (ASOS): daily mean, maximum and minimum temperature, daily mean and minimum
relative humidity, sunshine duration and precipitation. Ninety-four stations observed the full May–
September 2019–2025 period, and each municipality was assigned the station at the shortest great-
circle distance from its administrative centroid. The result is that 87 stations serve 230 municipalities, so
that on average 2.6 municipalities share a single daily series.

Perceived heat load was computed using the United States National Weather Service Rothfusz heat
index (Rothfusz, 1990), a polynomial approximation to the apparent-temperature model of Steadman
(1979) including low-humidity (< 13%) and high-humidity (> 85%) adjustments. The primary definition
combines daily maximum temperature with daily minimum humidity, since using daily mean humidity
would apply a humidity higher than that prevailing at the hour of maximum temperature. Indicator choice
affects both which days are classified as heat days and the estimated risk (Heo and Bell, 2019), and
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there is no consensus on which index best predicts health outcomes (Heo et al., 2019; Pantavou et al.,
2025).

2.2 Age standardization and the baseline model
Indirect standardization using five-year age bands was applied to remove differences in age structure
across municipalities (Clayton and Kaldor, 1987; Inskip et al., 1983). Bands were consolidated into five
groups (0–14, 15–39, 40–64, 65–74, 75 and over), and national rates were derived internally from the
same data (0.3, 2.3, 3.5, 4.3 and 6.8 per 100,000 population per season, respectively). The municipality-
year age-standardization ratio is the expectation obtained by applying these national rates to the local
age structure, divided by the expectation obtained by applying the national crude rate to total population;
it ranged from 0.84 to 1.38 (mean 1.072). The baseline model offset is

.

The baseline model generates daily expected case counts from weather alone. Predictors are eight
weather variables — daily mean, maximum and minimum temperature, mean and minimum relative
humidity, sunshine, precipitation and the heat index — and three seasonality terms — month, day of year
and day of week. The learner is gradient boosting with a Poisson objective (LightGBM; Ke et al., 2017),
trained on 2019–2023 with early stopping after 60 rounds on 2024–2025 loss. What the baseline is
required to remove is exposure, not vulnerability. Population attributes such as socioeconomic variables,
population size and municipality fixed effects were therefore excluded.

A weather-only baseline treats all municipalities as sharing a single temperature–response function, so
systematic differences in acclimatization remain in the residual. A second baseline was therefore fitted
with each municipality’s climatological mean daily maximum temperature and mean heat index added as
predictors. Both are properties of weather and may legitimately enter a baseline intended to remove
exposure. They are, however, strongly collinear with rurality, so a specification including them also
removes part of the quantity being estimated. The weather-only baseline is accordingly treated as the
primary specification, and the acclimatization specification is read as a lower bound.

Two specifications testing the baseline itself are reported alongside it. One adds 1–3 day lags of daily
maximum temperature and the heat index, their three-day moving averages, and the run length of
consecutive days at or above 33°C. The other re-estimates expectations out of sample by leave-one-year-
out (LOYO) cross-validation, removing the concern that 2024–2025 served both as the early-stopping
loss and as the basis of its own expectations. Because the result should not depend on which learner
produced the expectations, the same computation was repeated with XGBoost, a Poisson generalized
linear model and an LSTM with Poisson loss (Chen and Guestrin, 2016; Hochreiter and Schmidhuber,
1997), and municipality rankings were compared by Spearman correlation.

The standardized morbidity ratio (SMR) is the observed case count divided by the sum of expected
cases. For group comparisons, both the arithmetic mean of municipality SMRs and the pooled SMR (

) are reported, weighting small municipalities equally and by case count respectively.

log(population ÷ 100,000 × age − standardization ratio)

Σ O/Σ E
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Confidence intervals at 95% were obtained from 2,000 bootstrap resamples of municipalities within
groups. Because the limitations of SMRs in small-area comparison are well known (Julious et al., 2001),
they are used only for relative comparison. Residual disparity is summarized by the negative-binomial
overdispersion parameter , which is invariant to the scale of the expectations (Ver Hoef and Boveng,
2007).

2.3 Threshold estimation and alert simulation
Municipality thresholds were estimated in two ways. First, the occurrence threshold is the temperature at
which the probability of any case reaches 10%, taken from a municipality-specific logistic regression of
case occurrence on daily maximum temperature. Second, the incidence threshold is the temperature at
which fitted incidence reaches a target  (per 100,000 population per day), taken from a Poisson
regression of daily case counts with the age-standardisation offset. Each municipality’s threshold was
bootstrapped 200 times so that the median within-municipality standard error could be compared with
the observed between-municipality standard deviation, separating true heterogeneity from estimation
error.

The occurrence threshold is confounded by population size. Where population is small, the event “at
least one case in a day” is itself rare, so the threshold forms at a higher temperature even at equal
vulnerability. The incidence threshold, which removes this arithmetic through the age-standardization
offset, was therefore taken as the primary measure, and the occurrence threshold was computed only to
demonstrate the confounding.

Rules with different thresholds cannot simply be placed side by side. Under a monotone rule, lowering
the trigger necessarily raises capture, so comparing rules with different numbers of alert days measures
the permissiveness of the trigger rather than the merit of the rule. Comparisons of the indicator and
region-specific levers therefore fix the alert-day share first (Hamill, 1999), at the value the national 33°C
daily-maximum rule realizes in this panel; the frequency lever, by construction, varies it.

Because what would have happened under a different rule is not observed, alert status was re-assigned
on the same panel according to each rule and the cases each rule would have captured estimated. The
simulation compares four rule families across the 229 municipalities remaining after Sejong, which
reported no cases, was excluded: (a) a single national threshold on daily maximum temperature, (b) a
single national threshold on the heat index, (c) municipality thresholds matched on incidence, and (d)
municipality thresholds matched on local percentiles. Because indicator comparison can depend on
which rule sets the burden, it was performed in both directions. The alert-day share was also swept from
5% to 40% in 0.5 pp steps to trace the entire burden–capture frontier.

Four objective functions were evaluated for every rule. Case capture is the share of cases occurring on
alert days, which an agency minimizing the total number of missed cases would maximize. Incidence-
weighted capture weights each case by the reciprocal of its municipality’s population, approximating an
objective defined on incidence. Rural case capture is capture computed within rural municipalities and is

τ �

R
∗
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a direct equity criterion. The Peirce skill score is the hit rate for daily case occurrence minus the false-
alarm rate, a standard verification score insensitive to frequency (Peirce, 1884). The standard deviation
of realized alert-day shares across municipalities is also reported.

Confidence intervals for all lever contrasts were obtained from 2,000 cluster bootstrap resamples of
municipalities drawn with replacement. Because a cluster resample duplicates a municipality’s days as a
block, each municipality’s threshold is invariant to the resample, so fixing thresholds at their full-period
estimates is exact; these intervals contain only between-municipality sampling variation. The year
dimension was handled separately by two further resampling schemes: a year-cluster bootstrap over the
seven summers, and a two-way bootstrap resampling municipalities and years simultaneously.
Threshold estimation error was handled by year-level cross-validation.

3. Results and Discussion

3.1 The rural–urban disparity
Table 1 presents municipality characteristics and exposure by rural–urban classification. Exposure was
near-identical between rural and urban municipalities and, if anything, marginally hotter in urban areas.
Mean daily maximum temperature was 27.83°C rural against 27.97°C urban, a difference of 0.14°C, and
the same held in the upper tail that matters for heat-related illness. Days at or above 33°C accounted for
11.73% of rural and 11.77% of urban area-days, and the upper percentiles and the heat index differed no
more.
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Table 1
Municipality characteristics and exposure by rural–urban classification

Variable All Rural (< 
500/km²)

Urban (≥ 
500/km²)

Municipalities 230 117 113

Observed cases 74 (69) 58 (50) 90 (81)

Age-standardised SMR 1.43 (1.10) 1.98 (1.21) 0.87 (0.60)

Population density (persons/km²) 3,697 (5,831) 128 (111) 7,392 (6,515)

Mean population 223,996
(222,849)

82,653 (78,171) 370,342
(229,638)

Land area (km²) 440 (382) 711 (304) 160 (216)

Urbanised land share (%) 46.5 (43.0) 9.2 (10.7) 85.2 (26.3)

Mean daily maximum temperature
(°C)

27.90 (0.98) 27.83 (1.05) 27.97 (0.89)

Mean heat index (°C)� 29.47 29.39 29.55

Days ≥ 33°C (%) 11.75 11.73 11.77

Days ≥ 35°C (%) 3.09 2.87 3.32

95th percentile of daily maximum
(°C)

34.30 34.30 34.40

99th percentile of daily maximum
(°C)

36.00 35.90 36.10

Municipality threshold, heat index
(°C)ᵇ

38.21 (3.75) 36.02 (2.94) 40.51 (3.07)

Note. Values are means (standard deviations) where dispersion is meaningful.

� Primary heat index, based on daily maximum temperature and daily minimum relative humidity.

ᵇ Incidence threshold at the operating point used in the simulation (R* = 0.104), computed for the 229
municipalities (117 rural, 112 urban) remaining after Sejong, for which no slope could be fitted because it
reported no cases.

Against this near-identical exposure, the age-standardized SMR was 1.98 rural and 0.87 urban, a ratio of
2.28. The case-weighted pooled SMR preserved the disparity at 1.66 and 0.82. Rural municipalities hold
18.8% of the national population and account for 40.1% of cases. Under a classification by
administrative type, which uses neither population nor area, the SMR was 2.11 in counties (gun), 1.33 in
cities (si) and 0.73 in metropolitan districts (gu), giving a county-to-district ratio of 2.91 on mean SMRs
and 2.82 on pooled SMRs — larger than the density-based ratio. The ratio was 2.04 under the general
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OECD threshold of 150 persons/km², which classifies 84 municipalities as rural. The disparity is
therefore unlikely to be an artefact of defining rurality by density.

How much of the disparity remains depends on how climatic acclimatization is handled, with results
shown in Table 2. Under the weather-only baseline the ratio was 2.28 in sample and 2.48 out of sample;
adding each municipality’s climatological mean temperature and mean heat index to the baseline
reduced it to 1.32 in sample and 1.34 out of sample, and lowered  from 1.37 to 0.40. The second
specification attributes to acclimatization, that part of the disparity which tracks long-run local climate.
Because municipality normals are collinear with rurality, the estimate is reported as 2.28 and the lower
bound as 1.32, and the substantive conclusion is that the disparity does not disappear under the
strongest weather adjustment available here. Nor does anything depend on the learner. Across
LightGBM, XGBoost, a Poisson generalized linear model and a Poisson LSTM, municipality SMR rankings
agreed at Spearman ρ ≥ 0.984 and the ratio remained within 2.25–2.38.

Table 2
Rural–urban disparity by baseline specification (n = 230)

Baseline specification τ² Rural SMR Urban SMR Rural/urban (95% CI)

A. Predictors — eight weather variables, LightGBM

Primary, in sample 1.37 1.98 0.87 2.28 (1.91–2.68)

Primary, out of sample 1.46 1.99 0.80 2.48 (2.08–2.96)

Climate normals added, in sample 0.40 1.39 1.05 1.32 (1.17–1.50)

Climate normals added, out of sample 0.34 1.35 1.01 1.34 (1.18–1.51)

Lagged exposure added, in sample 1.37 1.98 0.88 2.25 (1.90–2.64)

Lagged exposure added, out of sample 1.39 1.95 0.81 2.42 (1.99–2.89)

B. Learner — eight weather variables, in sample

XGBoost 1.77 2.17 0.96 2.25 (1.91–2.64)

Poisson generalised linear model 1.91 2.07 0.89 2.34 (1.92–2.86)

LSTM with Poisson loss 2.15 2.28 0.96 2.38 (1.99–2.83)

Under the weather baseline, municipality SMRs ranged from 0.00 to 7.66 with τ² = 1.37 (χ²/df = 37.9).
Crude ratios without age standardization ranged from 0.00 to 8.87 with χ²/df = 42.7, so adjusting for age
structure reduced overdispersion by only 11%. SMRs declined monotonically with population density
(Fig. 1). Mean SMRs by density quintile were 2.40, 1.77, 1.48, 0.86 and 0.64, and the rank correlation with
log density (− 0.646) was stronger than that with log population (− 0.588).

3.2 Alert thresholds and the three design levers

τ �
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At the operating point used in the simulation ( = 0.104), the mean heat-index threshold across the 229
municipalities was 38.21°C (SD 3.75), being 36.02°C rural and 40.51°C urban. Bootstrapping each
municipality’s threshold gave a median within-municipality standard error of 0.73°C (IQR 0.56–1.01), so
that approximately 3.68°C of the observed 3.75°C between-municipality standard deviation represents
true heterogeneity. Rank correlations between thresholds and log population were + 0.586 on the heat
index and + 0.545 on maximum temperature: less populous municipalities reach a given incidence at a
lower temperature. In the same data the occurrence threshold showed the opposite correlation, − 0.515,
and the rank correlation between the two thresholds was only 0.338, so the two definitions give
substantially different orderings. The positive correlation of the incidence threshold reflects the
substantive fact that smaller populations reach the same incidence at lower temperatures, whereas the
negative correlation of the occurrence threshold is an arithmetic consequence of rare events.

With the alert-day share fixed at 11.7%, the value the national 33°C maximum-temperature rule
generates, the four rule families differ by objective function, as shown in Table 3 and Fig. 2. On case
capture, incidence-matched municipality thresholds achieved 53.1% against 51.9% for the national rule, a
gain of 1.2 pp (95% CI − 2.3 to + 4.8); on the heat index the corresponding figure was 51.2%, or − 0.6 pp.
The same incidence-matched rule, however, captured 70.2% of rural cases against 51.1% under the
national rule, and 67.5% against 49.8% on the incidence-weighted objective, gains of 19.1 pp (95% CI + 
15.0 to + 23.9) and 17.7 pp (+ 14.6 to + 21.5) respectively. Capture is weighted by case count, and the
incidence-matched rule shifts alert days toward municipalities with few cases and high incidence. It
therefore improves protection substantially where risk is highest while registering no gain at all on
objectives that count cases.

R∗
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Table 3
Performance of the design levers at a matched alert burden

Alert Rule Objective function

Case capture Incidence-
weighted

Rural capture Peirce skill

Reference — alert-day share 11.72%

National rule, max.
temperature 33°C

51.87 (49.1,
54.5)

49.82 (46.3,
53.1)

51.13 (47.4,
54.8)

37.63 (35.5,
39.8)

Change from reference (pp)

Indicator: national heat
index

+ 0.8 (− 0.9, + 
2.7)

+ 0.8 (− 1.1, + 
3.1)

+ 0.8 (− 1.7, + 
3.9)

+ 0.7 (− 0.7, + 
2.2)

Region-specific:
percentile-matched

+ 3.6 (+ 1.7, + 
5.7)

+ 5.8 (+ 3.1, + 
9.2)

+ 2.9 (+ 0.0, + 
5.9)

+ 3.5 (+ 1.9, + 
5.2)

Region-specific:
incidence-matched

+ 1.2 (− 2.3, + 
4.8)

+ 17.7 (+ 14.6, + 
21.5)

+ 19.1 (+ 15.0,
+ 23.9)

+ 0.3 (− 2.6, + 
3.6)

Alert frequency: 11.72%
→ 28.69%

+ 31.7 (+ 29.5,
+ 33.9)

+ 33.5 (+ 30.9, + 
36.2)

+ 32.3 (+ 29.4,
+ 35.2)

+ 17.2 (+ 15.3,
+ 19.0)

Note: Values are percentages, with 95% cluster bootstrap confidence intervals in parentheses.

Parameterization matters as much as the objective function. Municipality thresholds matched on local
percentiles — each municipality issuing alerts on its own hottest 11.7% of days — captured 3.6 pp more
cases than the national rule (95% CI + 1.7 to + 5.7). This is a gain on the indicator the national rule itself
favours, and the Peirce skill score also rose by 3.5 pp (+ 1.9 to + 5.2). It achieved this while equalizing the
burden almost completely: the standard deviation of realized alert-day shares across municipalities was
0.21 pp, far below the 5.75 pp of the national rule and the 9.77 pp of the incidence-matched rule.

Because temperature is recorded to 0.1°C, a deterministic percentile rule cannot reach the reference
burden exactly. Using each municipality’s 11.7% quantile directly yields a national realized share of
12.06%, exceeding the reference by 0.34 pp. Where a rule not matched exactly gains 4.7 pp, the exactly
matched rule gains 3.6 pp, and the latter is what is reported here.

Switching the indicator, by contrast, did almost nothing. At 11.7%, the national heat-index rule (threshold
37.7°C) captured 52.7%, 0.8 pp above maximum temperature (95% CI − 0.9 to + 2.7); at 28.7%, the 30.5°C
maximum-temperature rule captured 84.10% and the 33°C heat-index rule 83.95%, a difference of 0.15
pp. The two indicators correlate at 0.946 daily across the panel, so once alert frequency is matched they
select almost the same days. The apparent superiority of the heat index — 84.0% against 51.9% — is a
comparison at burdens differing by a factor of 2.4 rather than a property of the indicator.

The lever the field does not debate, alert frequency, is the largest of the three. Holding the indicator and
national uniformity fixed and raising only the alert-day share to 28.7% — the value the current apparent-
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temperature 33°C criterion realizes of itself — increased case capture by 31.7 pp (95% CI + 29.5 to + 
33.9) and the Peirce skill score by 17.2 pp (+ 15.3 to + 19.0). It exceeds every other lever on all four
objectives. Even the narrowest margin, on rural capture against the incidence-matched rule, is + 13.2 pp
(+ 9.2 to + 17.0). The Peirce skill score distinguishes this from mere permissiveness: a rule that issues
more alerts without added discrimination scores zero at any frequency. Here, however, the hit rate rose
from 47.4% to 80.7%, a gain of 33.2 pp, while the false-alarm rate rose only from 9.8% to 25.8%, a gain of
16.1 pp (95% CI + 15.6 to + 16.6); the difference of 17.2 pp is precisely the increase in Peirce skill. Even
so, under the national 33°C rule 8,147 of the 16,927 cases in the simulation panel (48.1%) occurred on
days carrying no alert, and the best-performing rule at the same burden reduced it only to 44.5%.

3.3 Discussion
The central result is that the policy question "do region-specific alert thresholds help?" has no answer
independent of two choices analysts usually leave implicit — the objective function, and the
parameterization of "region-specific". First, alert frequency is not a condition to be matched but a design
lever that can be selected, and it is the largest of the three. Since Peirce (1884), forecast verification has
required event frequency to be matched before rules are compared (Hamill, 1999), and percentile
thresholds in heat epidemiology impose the same alert frequency everywhere by construction (Zhang et
al., 2012). Placing all three on the same burden shows the largest available gain to lie on precisely that
dimension. Korea’s transition to apparent temperature in 2020–2023 was a genuine policy change, but
these results suggest that its benefit may have derived from the alert frequency it produced rather than
from the heat index itself.

Second, which objective function serves as the scoring criterion reverses the verdict on region-specific
thresholds. Case capture, a count, is weighted by case number, so a rule that moves alert days toward
municipalities with few cases and high incidence can hardly show a gain on it. That is exactly what the
incidence-matched rule does, and the + 1.2 pp result is an arithmetic consequence of this rather than
evidence that region-specific differentiation failed. The same rule gains 19.1 pp on rural case capture.
Which of the two counts as success is a normative choice, and the contribution here lies not in
adjudicating it but in making it explicit and quantifying the cost on each side.

Third, how “region-specific” is parameterized matters as much as the objective. Matching municipalities
to a common target incidence and matching them to a common local percentile are both “region-specific
thresholds”, yet they move differently on case capture. Percentile-based local thresholds have long been
used in heat epidemiology precisely because they impose a common alert frequency by construction
(Zhang et al., 2012), and these results indicate that it is this property, rather than region-specific
differentiation as such, that determines success on case capture.

Fourth, using a threshold as a vulnerability indicator requires first establishing that its definition is
invariant to sample size. A threshold defined by the probability of at least one case per day is
confounded by population size, because that event is itself rare where population is small. The two
definitions correlate at only 0.338 and order municipalities differently.
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These contributions notwithstanding, the study has several limitations. First, the simulation assumes
perfect foresight and does not represent behavioral response. Observed weather is used, whereas
operational alerts are issued on 1–2 day forecasts. All capture figures are therefore biased upward.
Thresholds close to the local climatological distribution are more sensitive to forecast error than high
absolute thresholds, so the direction of the bias in rule comparison is unknown. The effect of issuing
alerts more often is evaluated here only through capture and skill, which measure the cases an alert
reached rather than the harm it averted; since the evidence that heat warnings improve health outcomes
is itself mixed (Urban et al., 2025; Weinberger et al., 2021), the comparisons here should be read as
comparisons of protective opportunity rather than of averted harm. The behavioral response to a
changed alert frequency — above all alert fatigue — cannot be observed in these data, and this is the
most important qualification attaching to the frequency result.

Second, several biases of undetermined direction remain in the disparity estimate. The denominator is
the registered resident population whereas the numerator follows the district of occurrence, so risk may
be underestimated in districts with large daytime inflows and overestimated in rural areas with seasonal
inflows. The surveillance data record neither severity nor outcome, so it is not possible to test whether
rural and urban case series were selected differently on severity — a real possibility where access to
emergency care differs, and one that could bias the ratio in either direction. Age standardization used
five broad age groups derived internally from the same data, so a finer, sex-stratified, or externally
referenced standardization could remove more age structure than the 11% reduction in overdispersion
observed here. Exposure measurement error arising from station assignment attenuates the exposure–
response relationship and biases the disparity downward. Finally, the acclimatization specification that
lowers the ratio to 1.32 overcontrols to an unknown degree, because climate normals are collinear with
rurality; this is why that value is reported as a lower bound rather than a second estimate and is not used
in any analysis beyond Table 2. None of these biases is therefore described as conservative.

Third, the rules simulated here stand at some distance from operational warnings. Municipality
thresholds were estimated from log-linear Poisson regressions with a single predictor — daily maximum
temperature or the heat index — so threshold-type or non-monotone exposure–response relationships
are not reflected in the threshold definition. Where the target incidence is set also moves threshold levels
considerably. At the operating point used here (  = 0.104), the estimated threshold exceeds the
municipality’s observed maximum in only 1.3% of municipalities on either indicator, but raising  to
0.50 lifts that share to 48.9% on maximum temperature and 38.4% on the heat index. This is why a low
operating point was chosen, and equally why only the ordering across municipalities and the relative
comparison between rules — not the absolute level of the thresholds — are treated as interpretable. The
construction of the rules stands at a similar distance. Operational issuance involves forecaster
judgement and persistence conditions and is made over warning zones, whereas the simulation applies
a single-day threshold municipality by municipality. The heat index used here is the NWS Rothfusz
formulation, which is not the same function as the KMA apparent temperature, so the 33°C of this study
cannot be equated with the KMA's 33°C (Rothfusz, 1990).

R∗

R∗
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4. Conclusions
Under near-identical heat exposure — the same on average and in the upper tail, and marginally hotter in
urban areas if anything — rural municipalities in Korea carried 2.3 times the heat-illness risk of urban
municipalities. Even in a specification removing each municipality’s climate normals as exposure, the
ratio did not fall below 1.3. The disparity withstands age standardization, four baseline learners, lagged
exposure and out-of-sample validation. Municipality alert thresholds are genuinely heterogeneous, with
96% of the variance in municipality thresholds representing true differences rather than estimation error.

That heterogeneity is real does not determine how it should be handled. At a matched alert burden,
incidence-matched thresholds are indistinguishable from the single national rule on case capture but
capture 19.1 pp more rural cases, whereas percentile-matched thresholds capture 3.6 pp more cases
while equalizing the burden across municipalities almost completely. Which of these counts as an
improvement is a normative choice, and reporting a single capture statistic conceals it. Changing the
heat indicator is close to immaterial once the burden is matched, because the candidate indicators
select almost the same days.

Both levers are small beside the one the field does not contest. Raising the alert-day share from 11.7% to
28.7% — the value Korea’s current criterion generates of itself — increased case capture by 31.7 pp and
the Peirce skill score by 17.2 pp. This exceeds the two debated levers on all four objectives, at the cost
of raising the false-alarm rate from 9.8% to 25.8%.

What no rule at the current alert burden can change is that half of all heat-illness cases — approximately
1,160 per year — occur on days carrying no alert. Raising capture substantially requires issuing alerts
more often, and how much more often is a question about alert fatigue, response capacity and the
effectiveness of response, not about thresholds. Answering the spatial question properly would require
exposure reconstructed from a denser observation network than the station assignment used here, and
a simulation based on forecasts rather than observations.
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Figures

Figure 1

Age-standardized morbidity ratio. (A) Distribution across 230 municipalities, May–September 2019–
2025; dashed line, national average. (B) SMR against population density (log scale).

Figure 2

Burden–capture frontier.
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