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Abstract4

Human biometeorological heat assessment requires metrics that distinguish local climatic rarity, multi-day5

persistence, nocturnal heat, combined thermal stress and spatial population exposure. We developed and evaluated6

a population-aware heat-warning framework for Mauritius using reference station observations, ERA5-Land7

reanalysis, calendar-day temperature percentiles, Excess Heat Factor (EHF), the Universal Thermal Climate Index8

(UTCI), nocturnal heat diagnostics and fixed-standard 2022 census weights. ERA5-Land reproduced day-to-day9

maximum-temperature variability but showed station-dependent cool bias (−0.28 to −2.53
◦

C) and weak same-10

day 99th-percentile event detection. At Plaisance, derived wet-bulb temperature closely reproduced observed11

November–April measurements (bias −0.076
◦

C; root-mean-square error 0.191◦C; r = 0.992). A hybrid UTCI12

series combining observed air temperature, humidity and wind with ERA5-Land mean radiant temperature correlated13

strongly with ERA5-only UTCI (r = 0.962) but was 2.18◦C warmer. Historical heat episodes expressed contrasting14

biometeorological signatures: December 2013 combined thermal stress, EHF, hot-day and warm-night burden;15

February 2025 produced island-wide UTCI ≥ 38
◦

C and 99th-percentile hot-day/warm-night burden without EHF16

severity ≥ 3; and March 2019 exposed a marked reanalysis-observation disagreement. The 1991–2025 archive17

contains 12,784 daily records with six-zone, island-maximum and population-fraction diagnostics. The approach18

provides a transferable biometeorological validation framework for data-constrained tropical islands; epidemiological19

calibration remains necessary before health-based alert thresholds are defined.20

Keywords: human biometeorology; heat stress; Universal Thermal Climate Index; Excess Heat Factor; reanalysis21

validation; tropical island.22

1 Introduction23

Human biometeorology examines the interactions between atmospheric conditions and human thermal environments,24

including how temperature, humidity, radiation and wind combine to shape thermal stress. For operational heat25

assessment, no single index represents every relevant process. Heatwave persistence, locally unusual maximum26

and minimum temperatures, radiative loading and thermophysiological stress may evolve differently in time and27

space. This distinction is reflected in contemporary World Meteorological Organization guidance, which separates28

accumulated heat across successive days and nights from thermal heat stress driven by the combined effects of29

temperature, humidity, solar radiation and wind (World Meteorological Organization, 2026). The Global Heat Health30

Information Network likewise distinguishes simple temperature-based measures from more comprehensive thermal31

indices and emphasizes locally relevant heat characterization (Global Heat Health Information Network, 2026).32

The selection and implementation of biometeorological indices therefore require explicit attention to their33

intended use, input data and physiological assumptions. Human heat balance depends on air temperature, mean34

radiant temperature, vapour pressure, air movement, metabolic heat production and clothing-related heat and35

moisture transfer (Havenith and Fiala, 2016). UTCI integrates several environmental drivers within a standardized36

thermophysiological framework (Bröde et al., 2012), whereas EHF characterizes multi-day heatwave intensity through37
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climatic significance and recent acclimatization (Nairn and Fawcett, 2015). Minimum-temperature percentiles38

provide another dimension by identifying unusually warm nights. These quantities are complementary rather than39

interchangeable. Recent biometeorological literature has consequently emphasized transparent reporting of index40

choice, data source, substitutions, assumptions and ground validation (Fitchett, 2026).41

These methodological issues are particularly important on small tropical islands. Mauritius has a humid maritime42

tropical climate, marked topographic contrasts between coastal lowlands and the central plateau, heterogeneous urban43

development, and strong local modulation by elevation and sea-breeze exposure. A spatially sparse station network44

provides direct local measurements but cannot alone provide complete long-term environmental coverage. Reanalysis45

offers spatial and temporal continuity, yet may smooth local extremes. A defensible heat-warning framework therefore46

needs to combine observational evidence with reanalysis while retaining the distinct physical meanings of the selected47

heat metrics.48

Population exposure adds a further spatial dimension. A high thermal-stress value confined to one representative49

zone does not imply the same national burden as simultaneous exceedance across several densely populated zones.50

At the same time, nonlinear heat-stress or heatwave categories should not be assigned to a spatially averaged index51

because averaging can dilute localized extremes. We therefore distinguish population-weighted continuous exposure52

from the fraction of a fixed-standard population represented by zones exceeding local thresholds.53

The Mauritius Heat-Health Warning System (MHHWS) project is evaluated here specifically at the meteorological54

and biometeorological exposure stage. The aim is not to claim epidemiological validation, but to establish a55

reproducible heat-warning architecture that can later support health-impact calibration. The framework follows four56

principles: station observations are treated as the reference evidence for local historical extremes; ERA5-Land is57

treated as reanalysis rather than observation; percentile, persistence, nocturnal and thermophysiological pathways are58

retained separately; and population weighting is applied after zone-level hazard metrics are determined.59

The specific objectives are to: (1) construct daily and hourly heat-exposure metrics for six representative Mauritius60

zones; (2) evaluate ERA5-Land against reference station observations; (3) implement and audit EHF, percentile,61

nocturnal heat and UTCI pathways; (4) examine historical high-severity event families; (5) quantify the population62

fraction represented by zones exceeding heat thresholds using final 2022 census data; and (6) create a complete63

1991–2025 national exposure archive suitable for subsequent impact studies. The contribution is intended to be64

transferable to other data-constrained tropical islands where direct observations are spatially limited and gridded65

environmental products require local validation.66

2 Materials and methods67

2.1 Study area and six-zone exposure framework68

The study domain is the Island of Mauritius. Six representative meteorological exposure strata were used to69

preserve broad geographical and topographic contrasts while maintaining a tractable operational framework: North70

(Pamplemousses), East (Fuel-East proxy), South-Southeast (Plaisance), West (Medine-West), Central Plateau (Vacoas),71

and Port Louis. These are representative exposure strata and should not be interpreted as formally surveyed heat-climate72

polygons.73

For population weighting, the six strata were mapped to administrative districts through a documented district74

aggregation rule: Pamplemousses and Rivière du Rempart to North; Flacq to East; Grand Port and Savanne to75

South-Southeast; Black River to West; Plaines Wilhems and Moka to Central Plateau; and Port Louis district to Port76

Louis. This mapping was used solely for population exposure weighting and does not assert that district boundaries77

coincide with meteorological heat-zone boundaries.78
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Table 1: Final 2022 census population weights used for the six representative MHHWS exposure strata. The Island of
Mauritius total is 1,189,493 residents.

Exposure stratum Population Weight District aggregation

Central Plateau 426,318 0.358403 Plaines Wilhems + Moka

North 252,051 0.211898 Pamplemousses + Rivière du Rempart

South-Southeast 178,562 0.150116 Grand Port + Savanne

East 138,529 0.116461 Flacq

Port Louis 106,332 0.089393 Port Louis

West 87,701 0.073730 Black River

Total 1,189,493 1.000000 Island of Mauritius

Final census Table G1 reports an Island of Mauritius resident population of 1,189,493 (Statistics Mauritius, 2022).79

The weights in Table 1 are therefore based on the final geographical table rather than the earlier preliminary census80

headline totals.81

2.2 Meteorological datasets82

2.2.1 ERA5-Land83

ERA5-Land was used as the spatially complete environmental reconstruction for the six representative points.84

ERA5-Land provides hourly land-surface fields at high spatial resolution and is forced by ERA5 atmospheric fields; it85

does not directly assimilate surface observations in the same way as a station dataset (Muñoz-Sabater et al., 2021). The86

analysis used 1991–2025 as the main historical period, with 1991–2020 as the climatological baseline for calendar-day87

percentiles and heatwave normalization.88

Daily maximum temperature (Tmax), minimum temperature (Tmin) and mean temperature (Tmean) were derived89

from the hourly fields. Radiation, humidity and wind were used for mean radiant temperature (MRT) and90

UTCI calculations. A critical radiation-processing correction was implemented during development: ERA5-Land91

accumulated radiation valid at time T was interpreted as representing the preceding interval [T − 1h, T ]. The MRT92

calculation therefore used T − 1h as the radiation interval start while retaining T as the output valid time. This93

correction removed physically implausible nocturnal MRT artifacts.94

2.2.2 Daily station observations95

Reference daily maximum-temperature observations were available from the project archive for Pamplemousses, Fuel,96

Medine, Plaisance and Vacoas. Port Louis was not available in the same archive. These observations were used to97

evaluate ERA5-Land daily maximum temperature and percentile-exceedance behaviour.98

GHCN-Daily data were used where appropriate for independent or supplementary station series. GHCN-Daily99

is a quality-controlled global station database designed for daily climate analysis (Menne, Durre, et al., 2012).100

For Plaisance and Vacoas, GHCN daily series were recognized as sharing station lineage with parts of the local101

archive; they were therefore treated as consistency/supplementary evidence rather than automatically as statistically102

independent validation.103

2.2.3 Hourly Plaisance observations104

Hourly Plaisance temperature, relative humidity, wet-bulb temperature and wind were obtained from the NOAA105

Global Historical Climatology Network-Hourly (GHCNh), which supersedes the legacy Integrated Surface Dataset106

and harmonizes multiple source streams (Menne, Noone, et al., 2023). Hourly temperature was also compared against107
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ISD for lineage consistency; the near-identical series demonstrated that the two should not be counted as independent108

datasets.109

2.3 Validation statistics and computational workflow110

Continuous-variable evaluation used mean bias, mean absolute error (MAE), root-mean-square error (RMSE) and111

Pearson correlation. Extreme-event skill used probability of detection (POD), false-alarm ratio (FAR) and critical112

success index (CSI). Analyses were implemented in Python 3.12 under Ubuntu 24.04 and were frozen with SHA256113

manifests before health-model development. ChatGPT (OpenAI) assisted with code/document drafting and consistency114

checking; the author executed the analyses, inspected outputs, verified numerical results against project logs and115

source data, and takes responsibility for the final methods and interpretation.116

2.4 Calendar-day percentile climatology117

Calendar-day thresholds were computed using 1991–2020 and a ±15-day moving window around each calendar day.118

Thresholds included TX90, TX95 and TX99 for daily maximum temperature and TN90, TN95 and TN99 for daily119

minimum temperature. The principal warm season was November–April.120

Percentile exceedances were treated as local relative-extreme indicators, not as direct health thresholds. This121

local-threshold approach is consistent with WMO guidance that heatwaves should generally be defined relative to122

local climatic conditions rather than by a universal absolute temperature (World Meteorological Organization, 2026).123

Because a percentile definition adapts to local climatology, a percentile exceedance at a cooler high-elevation station124

does not imply the same absolute physiological stress as the same percentile at a warmer coastal station.125

2.5 Excess Heat Factor126

The EHF framework followed the acclimatization and significance structure introduced by Nairn and Fawcett (2015).127

Let128

T3(d) =
1

3

2∑

i=0

Tmean(d+ i), (1)

with the previous 30-day mean129

T30(d) =
1

30

30∑

i=1

Tmean(d− i). (2)

The heat-significance and acclimatization terms were130

EHIsig(d) = T3(d)− T95(d), (3)

EHIaccl(d) = T3(d)− T30(d), (4)

where T95(d) is the local calendar-day 95th percentile of daily mean temperature. EHF was then calculated as131

EHF (d) = EHIsig(d)max (1, EHIaccl(d)) . (5)

A local severity index was computed as132

SEHF =
EHF

EHF85

, (6)

where EHF85 is the 85th percentile of positive baseline EHF. The project classification was: SEHF ≤ 0 no EHF133

heatwave signal; 0 < SEHF < 1 low; 1 ≤ SEHF < 3 severe; and SEHF ≥ 3 extreme.134

Because this formulation uses a forward three-day mean, strict observational EHF beginning on day d requires a135

continuous 33-day Tmean sequence (30 antecedent days plus d, d+ 1, d+ 2). This requirement was enforced in the136
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observational audit; missing observations were not interpolated merely to manufacture EHF continuity.137

2.6 UTCI, MRT and heat-stress classes138

UTCI represents the thermal environment through an equivalent temperature based on modeled human thermophysio-139

logical response to air temperature, humidity, wind and mean radiant temperature (Bröde et al., 2012). In the broader140

heat-balance literature, UTCI is distinguished from simpler empirical indices because it is based on physiological141

simulation and was designed for biometeorological weather services and epidemiological applications (Havenith and142

Fiala, 2016). Its inclusion is also consistent with the WMO distinction between heatwave magnitude and human143

thermal heat stress, for which temperature alone is insufficient because humidity, radiation and wind materially affect144

physiological strain (World Meteorological Organization, 2026). The project used the standard heat-stress categories:145

moderate heat stress at 26 ≤ UTCI < 32◦C, strong heat stress at 32 ≤ UTCI < 38◦C, very strong heat stress at146

38 ≤ UTCI < 46◦C, and extreme heat stress at UTCI ≥ 46◦C.147

UTCI is nevertheless not interpreted here as a direct health-risk model for all members of the Mauritius population.148

Its physiological reference representation is standardized, whereas susceptibility to heat varies with age, pregnancy,149

chronic disease, activity, clothing, acclimatization and other individual factors. Recent commentary specifically150

notes that even physiologically based indices such as UTCI can under-represent the responses of vulnerable groups151

if their standard reference assumptions are transferred directly to population-health risk categories (Jay and Jahan,152

2026). Accordingly, UTCI in the MHHWS is treated as one biometeorological exposure pathway that requires local153

health-outcome calibration rather than as an intrinsically health-validated warning scale.154

UTCI calculations were implemented using pythermalcomfort (Tartarini and Schiavon, 2020); climate-155

processing utilities included xclim (Bourgault et al., 2023). The final corrected ERA5-Land UTCI archive contained156

1,840,452 valid UTCI hours across the six points. Maximum UTCI values by point ranged from 39.51◦C at Plaisance157

to 40.76◦C at Medine-West.158

The UTCI wind application domain was respected: observed wind below 0.5m s−1 was mapped to 0.5m s−1,159

whereas values above 17m s−1 were not clipped downward; hybrid UTCI was left missing for such hours. The160

measurement height/exposure of the GHCNh wind series remains unverified, so the hybrid UTCI analysis is interpreted161

as a sensitivity/validation experiment rather than a fully observation-constrained operational product.162

2.7 Wet-bulb validation at Plaisance163

A continuous derived wet-bulb series was calculated from air temperature and relative humidity using the Stull164

(2011) approximation and compared with available observed wet-bulb temperatures. The observed wet-bulb archive165

contained 2,341 values over 177 days from 1973 to 2026. Validation was emphasized for the warm season and166

heat-relevant conditions.167

2.8 Fit-for-purpose interpretation of heat metrics168

The framework intentionally avoids treating the available heat metrics as interchangeable. GHHIN distinguishes169

simple temperature-humidity indices from more complex thermal indices that incorporate radiation and wind, and170

emphasizes that HHWS thresholds should be locally relevant and connected to health impacts (Global Heat Health171

Information Network, 2026). The thermophysiological literature likewise shows that different indices encode different172

components of human-environment heat exchange and were developed for different contexts (Havenith and Fiala,173

2016). The interpretation adopted here is summarized in Table 2.174
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Table 2: Fit-for-purpose interpretation of the principal MHHWS exposure metrics.

Metric family Primary interpretation in this study What it does not establish by itself

TX/TN per-

centiles

Local climatological rarity of hot days and

warm nights

Absolute physiological strain or health risk

EHF Multi-day heatwave intensity incorporating

recent acclimatization and climatological sig-

nificance

Individual thermal strain or cause-specific

morbidity

UTCI Modeled outdoor thermal stress integrating

temperature, humidity, wind and MRT for a

standardized physiological reference

Population-specific health risk in vulnerable

groups without epidemiological validation

Population frac-

tion above thresh-

old

Spatial burden under the fixed 2022 popu-

lation standard while preserving zone-level

nonlinear criteria

Individual exposure, attributable illness or

mortality

Station observa-

tions

Local measured meteorological evidence at

available stations

Complete island-wide spatial exposure

ERA5-Land Spatially and temporally complete reanalysis-

based environmental reconstruction

A substitute for station observations at local

extremes

This separation follows the broader methodological principle that metric origin, input fidelity and target population175

should remain explicit. In particular, a reconstructed or hybrid quantity should be labelled as such, and population-176

health warning thresholds should be validated against the population to which they will be applied (Jay and Jahan,177

2026).178

2.9 Historical warning architecture179

An early historical warning matrix (v0.5.1) used independent local pathways:180

• Yellow: SEHF ≥ 1 or TN90 for at least 3 nights;181

• Orange: SEHF ≥ 2, or TN95 for at least 5 nights, or concurrent TX95 and TN95 for at least 3 days;182

• Red candidate: SEHF ≥ 3, or TN99 for at least 5 nights, or concurrent TX99 and TN99 for at least 2 days.183

A later reanalysis research candidate (v1.2) strengthened Red logic by adding UTCI support to percentile-based184

Red pathways while retaining EHF severity ≥ 3 as an independent Red mechanism. It reduced the number of185

reanalysis Red days from 17 to 8. This version was never treated as operationally health-validated.186

The subsequent v1.8.2 and v1.9 evidence matrices did not simply replace one warning algorithm with another.187

Instead, they integrated reference observed TX/TN evidence and Plaisance hybrid UTCI evidence to determine188

whether reanalysis-based historical classifications were supported, contradicted, or unresolved.189

2.10 Population exposure burden190

For a threshold criterion C and date d, the population fraction exposed was defined as191

FC(d) =

∑
z∈Vd

wzI{Cz(d) = 1}
∑

z∈Vd
wz

, (7)

where wz is the fixed 2022 population weight of zone z, Vd is the set of zones with valid data on day d, and I is192

the indicator function. This approach preserves zone-level nonlinear threshold logic. It differs fundamentally from193

applying a UTCI or EHF category to a population-weighted mean.194
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Daily population fractions were calculated for UTCI ≥ 32, ≥ 38 and ≥ 46◦C; EHF severity ≥ 1 and ≥ 3;195

TX90/TX95/TX99; and TN90/TN95/TN99. Population-weighted mean exposure and island-maximum exposure196

were retained as separate continuous descriptors.197

2.11 Daily national exposure archive198

The final daily exposure dataset was restricted to complete calendar years, 1 January 1991 through 31 December199

2025, producing 12,784 daily records. It contains 17 primary exposure variables plus lag 1–7 values and 3-day/7-day200

moving summaries. Population weights are explicitly labelled as FIXED_2022_STANDARD_POPULATION. A frozen201

pre-health snapshot with SHA256 checksums was created so later health-model experimentation cannot silently202

modify the meteorological evidence base.203

No real aggregated morbidity or mortality dataset was available at the time of this study. Health-calibration scripts204

therefore contain explicit stop conditions for empty templates, direct identifiers, invalid/negative counts, duplicate205

date-geography records and inappropriate national/local geographic merging.206

7



Reference sta-

tion observations

daily TX/TN; Plaisance

hourly T/RH/wind/wet-bulb

ERA5-Land reanalysis

hourly T, humidity, wind,

radiation; daily fields

Observation-

reanalysis validation

bias, RMSE, correlation,

percentile-event skill

Independent heat pathways

TX/TN percentiles, EHF,

nocturnal heat, MRT/UTCI

Historical event

evidence matrix

support, contradiction,

unresolved evidence

2022 census dis-

trict aggregation

six fixed-standard

population weights

Daily national ex-

posure architecture

weighted means +

population fractions

+ island maxima

Health-ready frozen

archive 1991–2025

future epidemiological

calibration required

Figure 1: Conceptual workflow of the MHHWS pre-health-calibration architecture. Reanalysis provides spatial and
temporal completeness; station observations constrain historical event evidence; population burden is calculated only
after zone-level hazard metrics have been determined.

3 Results207

3.1 Historical warning-day sensitivity to Red-definition changes208

Across 6,163 November–April days in 1991–2025, v0.5.1 produced 5,694 Green, 365 Yellow, 87 Orange and 17209

Red national days. The stricter v1.2 reanalysis research architecture retained the same Green and Yellow counts210
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but redistributed high-end severity to 96 Orange and 8 Red days. The original Red-containing event families were211

February 2004, December 2013, March 2019, November 2023, January 2024, February 2025, 13–15 April 2025 and212

24–28 April 2025. Under v1.2, the 2004, 2013, November 2023, January 2024 and February 2025 families retained213

Red days, while the March 2019 and two April 2025 families were downgraded.214

This reduction demonstrated high sensitivity of the most severe category to the addition of UTCI and nocturnal215

support. It also motivated the subsequent observational audit: a reanalysis algorithm that suppresses a historical Red216

signal cannot be considered validated merely because its internal criteria are more restrictive.217

3.2 ERA5-Land daily maximum temperature validation218

ERA5-Land reproduced daily temperature variability with high correlations but systematic station-dependent cool219

bias (Table 3; Fig. 2). Biases were most pronounced at lowland stations and smallest at Vacoas. The observed station220

relationships demonstrate that a single island-wide additive bias correction would be physically inappropriate.221

Table 3: ERA5-Land daily maximum temperature validation against reference station observations. Bias is ERA5-Land
minus observed. Correlation confidence intervals use the Fisher z approximation.

Station Paired days Bias (◦C) r 95% CI TX99 POD TX99 CSI

Fuel 12,120 -1.458 0.906 0.903–0.909 0.051 0.029

Medine 12,016 -2.267 0.854 0.849–0.859 0.074 0.048

Pamplemousses 5,916 -2.533 0.910 0.906–0.914 – –

Plaisance 12,144 -1.888 0.932 0.930–0.934 0.237 0.140

Vacoas 12,097 -0.275 0.932 0.930–0.934 0.100 0.057

Fuel
Medine

Pamplemousses
Plaisance

Vacoas

2.5

2.0

1.5

1.0

0.5

0.0

ER
A5

-L
an

d 
- o
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er

ve
d 

Tm
ax

 b
ia

s (
de

g 
C)

-1.46

-2.27

-2.53

-1.89

-0.28

Station-dependent warm-tail bias in ERA5-Land daily Tmax

Figure 2: ERA5-Land minus observed daily maximum-temperature bias. The strong spatial variation in bias is
evidence against applying one island-wide additive correction.

Same-day TX99 detection was poor even where continuous temperature correlation was high. Timing tolerances222

of one or two days improved event correspondence only modestly. Thus ERA5-Land was retained for climatological223

reconstruction, spatial completeness and environmental context, but reference station observations were given higher224

evidential priority for historical local extremes.225
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3.3 Observed minimum-temperature and strict EHF limitations226

At Plaisance, ERA5-Land minus observed Tmin bias was approximately +0.39◦C (RMSE 1.17◦C, correlation 0.893),227

with observed and ERA5-Land p99 values of 25.6 and 25.27◦C, respectively. At Vacoas, the corresponding bias was228

+1.63◦C (RMSE 1.90◦C, correlation 0.925), with observed and ERA5-Land p99 values of 23.1 and 24.23◦C.229

Gap-aware TN99 skill remained modest: at Plaisance POD was 0.100, FAR 0.889 and CSI 0.056; at Vacoas POD230

was 0.256, FAR 0.725 and CSI 0.153. For TN95 persistence of at least five nights, Plaisance had 11 observed runs231

and 17 ERA5-Land runs with zero matched hits, while Vacoas had 21 observed runs, 36 ERA5-Land runs and 14 hits232

(POD 0.667; FAR 0.611; CSI 0.326).233

Strict observational EHF was strongly constrained by missing daily minima. During 1991–2020, Plaisance had234

approximately 43.6% strict-EHF availability and Vacoas only 1.6%. None of the eight historical Red-family windows235

had a complete strict observational EHF sequence at either station. Missingness was therefore treated as unknown236

and as a break in persistence; it was not converted to a negative event and was not interpolated for the purpose of237

claiming EHF validation.238

3.4 Plaisance wet-bulb and hourly-extreme evaluation239

Derived wet-bulb temperature closely reproduced the observed Plaisance wet-bulb measurements. For all 2,341 paired240

values, the bias was −0.160◦C, MAE 0.195◦C, RMSE 0.238◦C and correlation 0.997. During November–April241

(n = 897), performance improved to bias −0.076◦C, MAE 0.142◦C, RMSE 0.191◦C and correlation 0.992. Under242

heat-relevant conditions (T ≥ 26.7◦C and RH ≥ 60%), the derived series retained RMSE near 0.19◦C and correlation243

about 0.99.244

Hourly temperature sampling did not perfectly recover official daily extrema. On days with at least 18 hourly245

observations, hourly maximum temperature was biased low by 0.469◦C and hourly minimum temperature was biased246

high by 0.476◦C. Consequently, hourly GHCNh temperature was not substituted for official daily TX/TN in the247

historical percentile validation.248

3.5 Observed wind and hybrid UTCI249

A total of 274,122 paired Plaisance wind observations were compared with ERA5-Land. ERA5-Land wind was250

stronger on average by 1.077m s−1 (MAE 1.511m s−1, RMSE 1.904m s−1, correlation 0.736). The observed mean251

was 4.240m s−1 and p95 7.7m s−1, compared with an ERA5-Land mean of 5.317m s−1 and p95 8.987m s−1.252

The hybrid UTCI series combined observed Plaisance air temperature, relative humidity and wind with ERA5-Land253

MRT. It contained 270,402 valid values. Relative to ERA5-only UTCI, hybrid UTCI had bias +2.175◦C, MAE254

2.417◦C, RMSE 2.788◦C and correlation 0.962. The hybrid p95 was 33.827◦C, p99 36.039◦C, and maximum255

41.153◦C; 334 hours reached at least 38◦C, while none reached 46◦C.256

December 2013, January 2024 and February 2025 reached or exceeded the local 1991–2020 warm-season p99257

of daily hybrid UTCI maxima; February 2004 exceeded 38◦C but was below the p99. March 2019, November258

2023 and the April 2025 events showed comparatively limited Plaisance UTCI support. Importantly, no event had259

nocturnal UTCI ≥ 32◦C, demonstrating that warm-night percentile burden and nocturnal UTCI represent different260

physical/physiological constructs and should not be collapsed into a single pathway.261

3.6 Integrated historical event evidence262

The evidence integration altered interpretation without automatically reclassifying historical warnings. February 2004263

had strong persistent observed TX99 evidence and limited TN support, with EHF severity supporting a persistent264

heatwave pathway. December 2013 had moderate observed extreme-temperature evidence, limited TN99 support and265

strong daytime physiological support. March 2019 had the strongest conflict between reanalysis and observations:266

reference station data indicated a strong multizone extreme episode, while v1.2 downgraded the event. The later267
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evidence matrix therefore classified March 2019 as a Red-reconsideration case rather than accepting the reanalysis268

downgrade as definitive.269

November 2023 had moderate observed TX evidence but limited Plaisance UTCI and no TN99 at the two GHCN270

validation stations; this did not disprove the northern-zone signal because the absence of extreme minima at Plaisance271

and Vacoas is not island-wide negative evidence. January 2024 had moderate observed TX and TN support plus272

strong Plaisance daytime physiological support. February 2025 lacked the original multi-station AllTemp archive273

after March 2024, but later Plaisance GHCN data provided supplementary local TX/TN and UTCI evidence. The two274

April 2025 event families remained less strongly supported physiologically at Plaisance and lacked complete original275

multi-station observational coverage.276

3.7 Population exposure climatology277

The 1991–2020 November–April population-exposure climatology showed that national mean and island-maximum278

metrics have different distributions. Population-weighted UTCI maxima had a p99 of 37.27◦C, while the island279

maximum had a p99 of 38.85◦C. Population-weighted EHF severity had a p99 of 1.045, whereas island-maximum280

EHF severity had a p99 of 1.623 and a baseline maximum of 4.263.281

The population-fraction diagnostics demonstrate why weighted nonlinear indices should not be categorized282

directly. The population-weighted EHF maximum over the full daily archive was 2.962, below the local extreme283

threshold of 3, yet individual zones reached severity above 3 and up to 41.8% of the fixed-standard population was284

simultaneously represented by such zones. Averaging a nonlinear severity index therefore dilutes localized extremes.285

3.8 Population-burden crosswalk of historical Red-family events286

Figure 3 shows the multi-pathway nature of historical heat. December 2013 reached a maximum population fraction287

of 0.570 above UTCI ≥ 38◦C, 0.418 above EHF severity ≥ 3, 0.850 in TX99 zones and 1.000 in TN99 zones.288

February 2025 reached 1.000 for UTCI ≥ 38◦C, TX99 and TN99, but no zone reached EHF severity ≥ 3. February289

2004 exhibited the converse pattern: no zone reached UTCI ≥ 38◦C in the ERA5-based six-zone reconstruction, but290

the island maximum EHF severity reached 4.263, 15.0% of the population was represented by EHF-severity-≥ 3291

zones, and TN99 burden reached 1.000.292
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Figure 3: Maximum population fraction represented by zones exceeding four independent heat criteria during each
historical event. The contrasting patterns show that daytime physiological stress, heatwave acclimatization/persistence,
hot-day extremes and warm-night extremes identify different dimensions of hazard.

The March 2019 event is the clearest warning against interpreting weak reanalysis burden as proof of weak293

historical heat. Its ERA5-derived population fractions were only 0.074 for UTCI ≥ 38◦C, 0 for EHF severity294

≥ 3, 0.375 for TX99 and 0.568 for TN99, yet reference observations showed a strong multizone extreme episode.295

This discrepancy is scientifically useful: it quantifies a failure mode of the reconstruction and justifies retaining296

observation-first historical evidence.297

The April 2025 events show another limitation of percentile-only criteria. Both windows reached population298

fractions near 0.85 for TX99 and 0.85–1.00 for TN99, while UTCI ≥ 38◦C and EHF severity ≥ 3 were absent. Such299

patterns support maintaining independent pathways and avoiding automatic Red classification solely from relative300

percentiles, especially late in the warm season.301

3.9 Daily exposure archive and reproducibility freeze302

The final national exposure table contains 12,784 rows from 1 January 1991 to 31 December 2025 with no missing303

dates and no duplicate dates. Population-weighted Tmax and Tmin are complete. There is one missing day in UTCI304

maxima, six in population-weighted dark-night UTCI, and 33 in EHF severity, consistent with source/algorithm305

availability rather than silent imputation.306

The dataset contains continuous exposure variables, population fractions, island maxima, lag 1–7 variables307

and 3-day/7-day moving summaries. A pre-health snapshot copied 14 authoritative exposure, weighting, QC and308

methodology files and generated SHA256 hashes. The external compressed archive was subsequently verified using309

sha256sum. The health-data audit found zero scientifically usable real aggregated health-outcome files; all candidate310

project health tables were empty templates or framework files.311
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4 Discussion312

4.1 Multi-pathway interpretation and alignment with heat-health guidance313

The central result is not a single “best” heat index. EHF represents persistence and acclimatization, TX/TN percentiles314

identify local relative extremes, UTCI represents combined thermal stress from temperature, humidity, radiation and315

wind, nocturnal metrics describe overnight relief, and population fractions quantify spatial burden. Their divergence316

across historical events shows why averaging these pathways into one score can conceal physically important extremes.317

This layered design is consistent with WMO guidance that no single metric captures all dimensions of extreme318

heat and that heatwave accumulation across successive days and nights is distinct from instantaneous thermal heat319

stress (World Meteorological Organization, 2026). It also follows GHHIN guidance that heat-health warning systems320

should use locally relevant thresholds and connect meteorological conditions to health impacts (Global Heat Health321

Information Network, 2026). Population fractions are therefore an exposure bridge between hazard detection and later322

impact-based decisions, not estimates of morbidity or mortality.323

4.2 Observation-reanalysis complementarity324

ERA5-Land provides the spatial completeness required for a long exposure archive, but high correlation did not325

guarantee reliable representation of the hot tail. Station-dependent cool biases, weak same-day TX99 skill and the326

March 2019 discrepancy demonstrate why reanalysis-only severe-warning logic can understate an observed event. A327

single island-wide bias correction is not supported by the station results. Future operations should prioritize direct328

station monitoring and, where model adjustment is needed, calibrate it locally and verify it independently.329

4.3 Biometeorological and population interpretation330

Warm-night percentiles and UTCI are complementary. TN99 identifies nights that are unusually warm relative to331

local climatology even when nocturnal UTCI remains below the standard strong-heat-stress category; conversely,332

daytime UTCI may increase through radiation and weak wind without an equally extreme temperature percentile.333

Hybrid Plaisance UTCI is useful sensitivity evidence because observed temperature, relative humidity and wind334

replace three reanalysis inputs, but it remains partly reconstructed because MRT is ERA5-Land-derived and wind335

exposure/height is unverified.336

Population fractions preserve zone-level nonlinear criteria and answer a national exposure question more directly337

than categorizing a spatial mean. The fixed 2022 census weights are a standardization, not a reconstruction of338

historical population geography. A future GIS implementation should use formal meteorological heat-zone polygons339

or a gridded population surface if these become available.340

4.4 Operational interpretation, transferability and future impact calibration341

The study intentionally separates biometeorological evaluation from health-outcome calibration. WMO/WHO and342

GHHIN guidance treats health-based HHWS threshold setting as a meteorological-epidemiological and public-health343

task (World Meteorological Organization and World Health Organization, 2015; Global Heat Health Information344

Network, 2026). This boundary also addresses the “metric migration” problem: composite indices should retain345

transparent calibration context, input fidelity and population-relevant validation (Jay and Jahan, 2026). The MHHWS346

therefore labels ERA5-Land and hybrid quantities explicitly and treats UTCI as a biometeorological exposure metric347

rather than a Mauritius-specific clinical risk scale.348

If real aggregated daily health outcomes become available, the frozen exposure archive can support lagged and349

nonlinear count models, including distributed-lag analyses (Gasparrini et al., 2010; Gasparrini, 2011). Candidate350

alert thresholds should then be assessed against health risk, false-alarm burden, lead time, spatial coverage and351
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operational feasibility. Until that stage, the framework is appropriate for retrospective event evaluation and preparation352

of operational procedures, not for declaring any UTCI or percentile value intrinsically “Red” for Mauritius.353

The transferable contribution is the biometeorological validation sequence: local station observations constrain354

extremes; reanalysis supplies environmental completeness; local percentile/persistence and thermophysiological355

metrics remain distinct; population burden is calculated after zone-level hazard classification; and impact calibration356

can follow as a separate stage. Numerical thresholds, reanalysis bias, population geography and vulnerability must be357

recalibrated locally rather than exported from Mauritius.358

4.5 Limitations359

Several limitations must be retained in any interpretation or publication of this work.360

1. Incomplete observational coverage. Reference daily Tmin is not continuous enough to validate strict EHF for361

historical Red-family events, and the original multi-station daily archive ends before most 2025 events.362

2. Station lineage. GHCN and local archives at Plaisance/Vacoas share underlying station lineage; GHCNh and363

legacy ISD temperature at Plaisance are also largely the same observational lineage. These checks demonstrate364

consistency, not independent replication.365

3. Reanalysis bias. ERA5-Land underestimates hot daily maxima at several lowland stations and has limited TX99366

event skill.367

4. Hybrid UTCI. Plaisance UTCI is not fully observed because MRT is reanalysis-derived and wind height/exposure368

is unverified.369

5. Thermal-index transferability. UTCI is a physiologically based environmental index, not a Mauritius-specific370

clinical risk model. Its standardized reference-person assumptions may not represent older adults, pregnant people,371

persons with chronic disease or other vulnerable groups; direct population-health interpretation therefore requires372

local outcome validation (Jay and Jahan, 2026).373

6. Six-zone discretization. Population burden is calculated from six representative strata, not a continuous374

human-exposure surface.375

7. Fixed census weights. The 2022 weights standardize 1991–2025 exposure but do not reconstruct historical376

population distributions.377

8. No health-outcome calibration. No morbidity or mortality series was available. The present warning levels are378

therefore meteorological and biometeorological research candidates rather than health-validated thresholds.379

9. No causal health inference. The population fractions quantify meteorological exposure burden only; they are not380

estimates of illness, mortality or attributable risk.381

5 Conclusions382

A reproducible, population-aware heat-warning framework for Mauritius has been developed and evaluated over383

1991–2025 using complementary meteorological and human-biometeorological metrics. Six conclusions emerge.384

First, ERA5-Land is valuable for spatially complete climatology and environmental reconstruction but does not385

reproduce local hot extremes sufficiently well to replace reference station observations. Second, heat severity in386

Mauritius is intrinsically multi-dimensional: EHF, hot-day percentiles, warm-night percentiles and UTCI identify387

complementary processes rather than interchangeable measures. Third, physically correct radiation timing and388

observed-wind sensitivity materially improve the credibility of MRT/UTCI calculations. Fourth, population fractions389

above zone-level thresholds retain local nonlinear criteria and are more informative for spatial burden than categorizing390
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population-weighted nonlinear indices. Fifth, the March 2019 event demonstrates why reanalysis-derived severe-event391

classifications should be checked against observed evidence. Sixth, the resulting 12,784-day exposure archive provides392

a stable basis for future operational evaluation and impact studies.393

The framework should therefore be interpreted as a meteorologically and biometeorologically evaluated heat-394

warning architecture, not as a completed clinical risk model. Its multi-pathway structure is consistent with the WMO395

distinction between persistent heatwaves and instantaneous thermal heat stress (World Meteorological Organization,396

2026) and with current biometeorological emphasis on transparent index selection, input fidelity and ground validation397

(Fitchett, 2026). Numerical thresholds, reanalysis bias, population geography and vulnerability should be recalibrated398

locally when the approach is transferred to other settings. For Mauritius, future epidemiological linkage can test399

whether any of the meteorological and biometeorological pathways provide additional predictive value for morbidity400

or mortality, but that subsequent stage is not required to establish the exposure-validation findings reported here.401
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