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ABSTRACT: The heat index (HI), based on Steadman’s model of thermoregulation, estimates heat 
stress on the human body from ambient temperature and humidity. It has been used widely both 
in applications, such as the issuance of heat advisories by the National Weather Service (NWS) 
and for research on possible changes in the future due to climate change. However, temperature/
humidity combinations that exceed the applicable range of the model are becoming more common 
due to climate warming. Recent work by Lu and Romps has produced an extended heat index 
(EHI), which is valid for values outside the range of the original HI. For these values, the HI can 
underestimate the EHI by a considerable amount. This work utilizes observed data from 15 U.S. 
weather stations along with bias-adjusted output from a climate model to explore the spatial 
and temporal aspects of the disparity between the HI and the EHI from the recent past out to the 
end of the twenty-first century. The underestimate of human heat stress by the HI is found to be 
the largest for the most extreme cases (5°–10°C), which are also the most impactful. Conditions 
warranting NWS excessive heat warnings are found to increase dramatically from less than 5% 
of days historically at most stations to more than 90% in the future at some stations. Although, 
by design, the scope of this work is limited, it demonstrates the need for the adoption of the EHI 
for both applications and research.

SIGNIFICANCE STATEMENT: An index based on temperature and humidity was developed over 
40 years ago to estimate human heat stress. It has been used to issue heat advisories as well as 
to study possible changes in heat stress due to climate change. However, since this index was 
not intended to handle higher temperatures that are becoming more common due to global 
warming, a new version was recently developed. This study uses past U.S. weather data, as well 
as future climate projections to study the differences between the original and updated indices. 
It demonstrates that during heat waves, the original version can underestimate heat stress by a 
considerable amount and urges the adoption of the new index.
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1. Introduction
In recent years, reports of extreme heat throughout the world are becoming commonplace. 
The expert opinion of the Intergovernmental Panel on Climate Change (IPCC) has expressed 
virtual certainty that the intensity, duration, and frequency of heat waves have increased glob-
ally (Seneviratne et al. 2021) and that human activities are the primary cause (IPCC 2023). 
This has been accompanied by increased human mortality and morbidity (IPCC 2023). In the 
United States, heat has been the leading cause of weather fatalities, eclipsing floods, torna-
does, hurricanes, and lightning (www.weather.gov/hazstat). Furthermore, global warming will 
continue to increase in the near term and extremes will increase as well (IPCC 2023). There is, 
however, considerable uncertainty regarding the magnitude of the increases as these depend 
crucially on future human activities such as emissions of greenhouse gases.

Since the need to adapt to increased heat is inevitable, it is incumbent to consider the range 
of possible climate trajectories. Projections based on global climate models (GCMs) are the 
leading tool in such endeavors. To estimate the effect of heat on the human body, a number of 
different indices have been developed that are based on weather variables including air tem-
perature, humidity, solar radiation, and wind (Baldwin et al. 2023). One of the most popular 
is the heat index employed operationally by the U.S. National Weather Service (NWS) to issue 
heat watches, warnings, and advisories. The basis for the heat index is a physiological model 
(Steadman 1979) based on human thermoregulation assuming optimal choice of clothing, full 
shade, and unlimited drinking water. Implementation of this model is somewhat complicated 
as it depends on a system of equations. The widely used NWS implementation [heat index 
(HI)] is based on a polynomial fit to a table of values produced from these equations (Rothfusz 
1990) and depends only on air temperature and relative humidity.

Recent studies (Mukherjee et al. 2021; Dahl et al. 2019) have applied the HI to GCM projec-
tions to estimate possible changes in heat stress over the Continental United States (CONUS) 
during the latter part of the twenty-first century. These studies show an increase in heat stress 
emanating from the Gulf Coast into the Midwest and Atlantic coastal regions. However, there 
is a problem with the HI in that it was only intended to be valid over a particular range of 
temperature and humidity that would be exceeded rarely over Earth in the historical past 
(Steadman 1979; Lu and Romps 2022). However, the polynomial fit as defined can extrapolate 
beyond the intended bounds, resulting in unphysical results, the consequences of which are 
demonstrated by Romps and Lu (2022) and Dahl et al. (2019). As shown by the latter authors, 
these “out-of-bounds” conditions become increasingly more common in the latter part of the 
twenty-first century.

Recently, Lu and Romps (2022) have modified the Steadman model, in the form of an 
extended heat index (EHI) to accommodate the out-of-bounds conditions. The HI model be-
comes undefined/unphysical when the temperature falls either below or above certain limits 
considered by Steadman. For lower temperatures, Steadman assumed a fixed reference vapor 
pressure, which could exceed the saturation pressure. In contrast, for these conditions, the 
EHI model sets the reference vapor pressure to the heat index’s saturation vapor pressure. 
For even lower temperatures, adjustments are made so that the heat index is very nearly 
equal to the air temperature, regardless of the relative humidity. For higher temperatures, 
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the HI becomes undefined because  
Steadman equates the skin’s evapo-
ration rate to the sweating rate, which 
causes the skin’s vapor pressure to 
exceed its saturation value. The EHI 
remedy for this is to allow sweat to 
drip off the skin. The details of the 
modifications, which are actually 
much more complicated than briefly 
summarized above, can be found 
in Lu and Romps (2022). The EHI 
has been shown to correspond well 
with laboratory heat-stress experi-
ments on human subjects (Lu and 
Romps 2023).

Since the EHI is valid for all com-
binations of temperature and hu-
midity, this results in values that 
differ, sometimes substantially, 
from those based on the HI via 
polynomial extrapolation. This can 
be seen in Fig. 1, which, for illustrative purposes, presents a scatterplot of HI versus EHI 
over all possible combinations of temperature and humidity, which produce HI from 25° to 
100°C. Although the EHI can be less than the HI, over the range of values realizable over 
the United States during the twenty-first century (as seen later <80°C), the EHI is primarily 
greater than the HI. The effect of humidity is somewhat more complex than depicted here as 
this plot presents the range of possible differences. In a given climate regime, only a subset 
of these points is realizable.

The primary purpose of this work is to make the point that the EHI should be used rather 
than the HI when considering possible effects of twenty-first century climate change on heat 
stress over the United States. This is illustrated by a comparison of these two indices at select 
locations over the United States using both observed data as well as GCM output. These analy-
ses show that the disparity between the HI and the EHI has large geographic and temporal 
variations and that the use of the HI could potentially grossly underestimate increases in 
heat stress in some locations for some realizations of future climate. In addition, it is shown 
that there exists the potential for a dramatic increase in both the frequency and magnitude 
of heat stress at the end of the twenty-first century at some locations.

2. Data and methods
The observed data used here were obtained from the National Centers for Environmental 
Information’s (NCEI’s) Global Surface Summary of the Day (GSOD) database (https://www1.
ncdc.noaa.gov/pub/data/gsod/). Time series of daily maximum temperature (tmax) and daily 
average dewpoint (avgTd) were extracted for 15 U.S. stations (13 CONUS plus Hawaii and 
the Caribbean). The stations (see Table 1) were selected in order to minimize the number  
of missing observations while covering different geographic regions/climate zones. Note 
that throughout this paper, for brevity, the stations are referenced by their two-letter state 
abbreviation (Table 1).

Only daily summer (i.e., June–August) values for the historical period of 1985–2014 were 
utilized. The avgTd and tmax were combined to derive an estimated relative humidity (rh), 
which was then used with tmax to compute values of HI and EHI, representing estimates of 
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Fig. 1.  Scatterplot of HI (°C) (abscissa) vs EHI (°C) (ordinate) 
for HI ranging from 25° to 100°C produced by all possible 
combinations of temperature in 0.5-K increments and rela-
tive humidity from 0% to 100 in 1% increments. The black 
points are the (HI, EHI) pairs, while the Y = X line is cyan.
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the maximum daily values of these heat indices. The computation of the HI has been per-
formed via application of the Rothfusz (1990) formula, and the EHI has been computed via 
code made available by Romps (https://www.romps.berkeley.edu/papers/pubdata/2020/heatindex/
heatindex.f90).

The GCM data are taken from the Geophysical Fluid Dynamics Laboratory’s (GFDL’s) 
GFDL-CM4 (Held et al. 2019) and CMIP6 (Eyring et al. 2016) historical run (r1i1p1f1), with a 
nominal resolution of 100 km, as well as the corresponding SSP585 future run (r1i1p1f1). The 
land model grid point nearest the GSOD station was used. Summer values of daily maximum 
temperature (tmax) and daily minimum relative humidity (rhmin) were extracted for three 
time periods: 1985–2014 (historical), 2031–60 (near future), and 2071–2100 (far future). The 
values of tmax and rhmin were used to compute values of the HI and EHI as indicated above.

The observed and raw GCM data are not directly comparable for several reasons: 1) The 
GCM may have biases in temperature and humidity compared to the observations; 2) the 
nearest GCM grid point does not correspond exactly to the weather station location; 3) the GCM 
value actually represents some footprint around its grid point; thus, this may introduce com-
plications especially in coastal areas and in areas of complex orography (Dixon et al. 2016; 
Lanzante et al. 2018); and 4) the HI/EHI is calculated differently for the observations (tmax, 
avgTd) than the GCM (tmax, rhmin) due to limitations in the values that have been archived.

To deal with these incongruities, the GCM data have been adjusted using a technique, 
multivariate bias correction (MBC; Cannon 2018), which is a multivariate extension of 
quantile delta mapping (QDM; Cannon et al. 2015) (https://github.com/cran/MBC/blob/master/R/
MBC-QDM.R), commonly used in statistical downscaling (SD) and bias adjustment. Although 
there are several distinct categories of SD, the distributional methods, of which QDM is 
one, are especially appropriate here since the interest is in the distribution of values as well 
as the extremes. QDM has been found to be as good or better than any of a set of common 
distributional approaches (Lanzante et al. 2018, 2019). MBC extends QDM by incorporating 
the dependence between variables. By application of MBC, which is trained on the historical 
observations, we expect to minimize incongruities 1–4. As such, all results reported here are 
based on the SD of the GCM output via MBC, rather than the raw GCM output. The interested 
reader is referred to the appendix for more details on MBC and its application here.

Table 1.  Station names, with state abbreviations, latitude, and longitude. Station identifiers are also 
given as the World Meteorological Organization (WMO) station identifier and International Civil 
Aeronautical Organization (ICAO) location indicator.

State Name ICAO WMO Latitude Longitude

AZ Phoenix-Mesa Airport KIWA 722786 33.30 111.67

CA Long Beach Airport KLGB 722970 33.81 118.15

CU Guantanamo Bay Naval Base MUGM 783670 19.90 75.15

FL Patrick Air Force Base KCOF 747950 28.23 80.60

HI Honolulu Airport PHNL 911820 21.32 157.94

IL Chicago O’Hare Airport KORD 725300 41.96 87.93

LA New Orleans Airport KMSY 722310 30.00 90.28

MA Boston Logan Airport KBOS 725090 42.31 71.01

MD Andrews Air Force Base KADW 745940 38.82 76.87

NC Raleigh-Durham Airport KRDU 723060 35.89 78.78

NY Buffalo Niagara Airport KBUF 725280 42.94 78.74

OK Tulsa Airport KTUL 723560 36.20 95.88

SD Ellsworth Air Force Base KRCA 726625 44.15 103.10

UT Salt Lake City Airport KSLC 725720 40.77 111.97

WA Seattle-Tacoma Airport KSEA 727930 47.45 122.31
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3. Results
To begin the exploration of the discrepancy between heat indices, scatterplots of the HI ver-
sus the EHI have been constructed for all 15 stations. Three of the more interesting cases are 
shown here: Fig. 2 (LA, FL, and CU). In these plots, Figs. 2a–c show the results for the histori-
cal period for MBC applied to the GCM, while Figs. 2d–f and g–i are for MBC in the near future 
and far future, respectively. Note that plots for GSOD (not shown) are, by construction, nearly 
identical to those for MBC in the historical period. That both are very similar is expected as 
MBC adjusts the GCM values to match the distribution of observed values during the historical 
period. It then applies the same mapping to adjust the future values.

In a given panel, each star represents a single day. The distance above the Y = X line rep-
resents the amount by which the HI underestimates the EHI. That the majority of the points 
lie close to the line indicates a close correspondence between the HI and EHI. However, at the 
highest levels of heat stress, large departures are indicated by the red points, which represent 
differences between the HI and EHI that exceed 6 standard deviations. Note that the bi-weight 
standard deviation (Lanzante 1996) was used in lieu of the traditional standard deviation. 
The reason is that the bi-weight, unlike the traditional metric, is not much influenced by the 
outlying values and instead is characteristic of the bulk of the values that lie close to the line.

Examining Fig. 2 for LA, it is seen that during the historical period, there are only three 
notable discrepancies at the high end of the values. While in the near future, there is a mod-
erate increase in extreme differences; in the far future, there is a huge increase, and most of 
the differences exceed 5°C. Similar behavior is seen for FL, although somewhat more large 
differences are found in the his-
torical period. The results for CU 
are qualitatively similar but with 
fewer exceedances in the histori-
cal period.

A rendering of the geographical 
pattern of the extreme differences 
(red points in Fig. 2) is shown in 
Fig. 3, which displays bars whose 
height is proportional to the per-
centage of time that extreme posi-
tive differences between the EHI 
and HI occur. The four bars, from 
left to right, correspond to GSOD 
historical, MBC historical, MBC 
near future, and MBC far future, 
respectively. For all stations, the 
extreme differences are rare in 
the historical period. For a few of 
the stations, extreme differences 
start to become noticeable in the 
near future and for about a third 
extreme differences become very 
frequent in the far future.

It is not surprising that the spa
tial variations shown in Fig. 3 are 
similar to those found by Romps 
and Lu (2022) for large histori-
cal departures between the EHI 
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Fig. 2.  Scatterplots of summertime daily maximum HI (°C) 
(abscissa) vs EHI (°C) (ordinate) for (a),(d),(g) LA, (b),(e),(h) FL, 
and (c),(f),(i) CU. (a)–(c) Based on GCM output that has been 
adjusted via MBC for the historical time period (1985–2014). 
(d)–(f) As in (a)–(c), but for the near future (2031–60). (g)–(i) As 
in (d)–(f), but for the far future (2071–2100). Future values are 
based on the SSP585 scenario. The Y = X line is shown in cyan. 
Each point (black or red) represents a summer day during the 
time period. Points that fall more than six standard deviations 
based on the bi-weight standard deviation (Lanzante 1996) 
from the line are given in red.
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and HI, for HI out-of-bounds oc-
currences by Dahl et al. (2019) and 
for future increases in the HI by  
Dahl et al. (2019) and Mukherjee 
et al. (2021). Areas where the EHI 
exceeds the HI by a large amount 
correspond reasonably well to ar-
eas where heat stress is expected 
to increase the most. These are 
areas that are able to tap mois-
ture from subtropical waters, 
extending from the Caribbean 
and Gulf of Mexico northward 
into the CONUS. Even though 
there are locations for which 
large differences between the EHI  
and HI are relatively rare, this 
does not obviate the need for 
adoption of the EHI. Romps and 
Lu (2022) examined cases for 
which the EHI exceeded its histor-
ical 99.9th percentile and found 
large underestimates of the EHI 
by the HI. Although these are rare 
cases in the current climate, the 
associated events can have large 
societal impacts in terms of hu-
man morbidity and mortality as 
they corresponded to prominent 
historical heat waves. These are 
precisely the instances in which 
underestimates of heat stress can 
be the most consequential.

Having examined spatial and 
temporal patterns of the discrep-
ancy, it is of interest to examine 
the magnitudes by which the 
EHI exceeds the HI (correspond-
ing to the red points in Fig. 2). 
These differences are shown 
in the form of boxplots (Fig. 4) 
for 10 of the 15 stations—the 
remaining stations had too few 
cases for meaningful results. 
For most stations, future differ-
ences are commonly 3°–8°C with 
some instances approaching 
or exceeding 10°C. Even in the 
historical past, discrepancies 
of 3°–10°C could be realized for 

Fig. 3.  Bars whose height is proportional to the percentage (%) 
of extreme positive differences of summertime daily maximum 
(EHI − EH) for each station and time period. The station loca-
tion is given by a cyan circle with four bars from left to right: 
black (GSOD 1985–2014), blue (MBC 1985–2014), orange (MBC 
2031–60), and red (MBC 2071–2100). Future values are based 
on the SSP585 scenario. The red numbers (%) correspond to 
the height of the red bars. The extremes correspond to the red 
points displayed in red in Fig. 2, as well as those for the other 
stations (not shown).
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Fig. 4.  Boxplots of the magnitudes (°C) of summertime daily 
maximum of the EHI − HI differences for the extreme cases 
depicted in Fig. 3 with the colors and ordering from left to 
right same as in Fig. 3. Each solid box extends from the lower 
to upper quartile with whiskers depicting the minimum and 
maximum values; the median is show in cyan. The state ab-
breviations at the top of each panel correspond to those given 
in Table 1.
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the most impacted stations (FL, LA, IL). 
The NWS issues various levels of heat 
advisories when the HI is expected 
to exceed certain thresholds (vary-
ing across the nation but often 100° 
or 105°F).

Next, histograms of the heat indices 
for select stations are presented to show 
distributional changes. Figure 5 shows 
historical (black and cyan curves) and 
future (orange and red curves) distri-
butions of the EHI for (a) IL, (b) NC, 
(c) LA, and (d) CU. By construction, in 
the historical period, the distributions 
of the observations (not shown) and 
MBC are virtually identical. The rela-
tive GCM cold bias in the EHI, which is 
fully adjusted by MBC, is not necessarily 
indicative of a GCM deficiency. The sign 
of this difference is consistent with that 
expected (Diaconescu et al. 2023) due 
to the difference in how the EHI was 
computed (rhmin from GSOD and avgTd 
from the GCM). There is a progression in MBC, with the distributions shifting rightward, from 
historical to near future to far future. For IL and NC by the time of the far future, approximately 
half or more of the values are “novel” in that they have never occurred during the histori-
cal period. In addition, in the near and particularly in the far future, the right tail becomes 
elongated encompassing some very extreme values. For LA and CU, which are located closer 
to the subtropical moisture sources, the behavior is more extreme than for IL and NC. For the 
near future, roughly half of the values are novel, whereas for the far future, the vast majority 
are novel. If this scenario were realized, humans living in these regions would commonly 
experience summer heat stress that their recent ancestors had never felt.

The final set of histograms (Fig. 6) depict the differences in distributions between the 
HI and the EHI for the same four stations shown in Fig. 5. While Fig. 5 shows remarkable 
future changes in heat stress, Fig. 6 shows how the most extreme changes are underesti-
mated by the HI as compared to the EHI, as the right tail of the EHI is elongated compared 
to that of the HI. The implication for the assessment of impacts on human health could 
be quite severe.

Since it has been shown that the EHI can often exceed the HI by a considerable amount, 
a natural question to ask is what impact would it have if the NWS utilized the EHI instead 
of the HI in issuing heat advisories? While the gut reaction is that one would expect more 
frequent advisories, the answer is not what it would seem. While the criteria used by the 
NWS vary by location, often a heat index exceeding 105°–110°F will trigger a public alert. 
As an exercise, suppose we consider a value of 41°C, which is near the low end of this 
range as our criteria. Looking more closely at Fig. 1, we see that there is not much differ-
ence between the HI and EHI near 41°C. Only at higher values does the EHI depart more 
consistently from the HI.

To better quantify this, 2 × 2 contingency tables have been constructed for each station and 
time period. The average frequencies over the 15 stations are given in Table 2. The two left-most 
columns give the average frequencies for which neither index would trigger an alert (nn) or 
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Fig. 5.  Histograms of summertime daily maximum EHI 
(°C) for (a) IL (b) NC, (c) LA, and (d) CU. GCM histori-
cal distributions are in black, MBC historical distribu-
tions are in cyan, MBC near-future distributions are in 
orange, and MBC far-future distributions are in red. Fu-
ture values are based on the SSP585 scenario.
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both would (yy). The sum of these two 
frequencies represents the percentage of 
time that they agree in terms of alerts. 
For all time periods, the agreement is 
98% or greater. Thus, somewhat coun-
terintuitively, the EHI does not appear 
to provide any advantage for the issu-
ance of heat advisories. However, if in 
the future as the magnitude of extreme 
heat-stress events increases, the NWS 
adopts a higher-level criterion as a trig-
ger for alerts, it is possible (as seen in 
Fig. 1) that use of the EHI would lead 
to a greater frequency of advisories. 
Note that since in practice, the NWS 
incorporates additional criteria such as 
a duration of 2 days for the exceedances 
(www.weather.gov/safety/heat-ww), the ex-
ceedances in Table 2 may slightly over-
estimate the frequencies of advisories.

Perhaps, the most remarkable aspect of Table 2 is the incredible increase in the fre-
quency of heat advisory-level stress (yy) in the far future. To explore this in more detail 
Fig. 7 shows the yy percentages by station for the different time periods. There are some 
more subtle details by which stations differ in their progression over time (the explanations 
for which would require more in-depth analysis and may be GCM dependent). However, 
the overarching conclusion is that heat advisory conditions are projected to become much 
more common at all locations under the SSP585 scenario. For about 40% of the stations, 
heat advisories would be issued 75% or more of all summer days and a few would have 
advisory-level conditions almost every day. About half of the stations, which have rarely 
reached advisory conditions in the current climate, could expect to have advisory-level 
conditions 10%–50% of the time.

4. Discussion
This work has explored some of the differences between the widely used NWS implemen-
tation (Rothfusz 1990) of the HI originally derived by Steadman (1979) and an updated  
(Lu and Romps 2022) version (EHI), 
which extends the Steadman model 
into the regime of higher temperatures. 
At the time when Steadman derived 
his physiological model, this regime 
was considered so rare as to not merit 
serious effort. In the decades that have 
passed, climate change has rendered 
that assumption dubious and motivated 
the development of the EHI.

This work has compared these two 
metrics, designed to estimate heat 
stress on the human body, over a rep-
resentative network of 15 U.S. stations. 
In conjunction with the output from a 
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Fig. 6.  Histograms of MBC far future for HI (°C) (black, 
gray filled) and EHI (°C) (red) for (a) IL, (b) NC, (c) LA, and 
(d) CU. Future values are based on the SSP585 scenario.

Table 2.  Averages over the 15 stations from 2 × 2 
contingency tables comparing the frequency (%) for 
which NWS-like daily heat advisories would be issued 
based on the summertime daily maximum HI and EHI. 
An advisory is triggered if the heat index reaches or 
exceeds 41°C. The column nn (yy) is the frequency 
for which the summertime daily maximum of neither 
(both) HI nor (and) EHI reach 41°C on a given day, 
while yn (ny) is the frequency for which HI (EHI)  
meets the criteria but EHI (HI) does not. Future values 
are based on the SSP585 scenario.

nn yy yn ny

GSOD 1985–2014 94.6 5.0 0.3 0.1

MBC 1985–2014 94.7 4.9 0.3 0.1

MBC 2031–60 74.4 24.2 1.3 0.2

MBC 2071–2100 45.0 54.2 0.6 0.3
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leading GCM, which has been ad-
justed for biases compared to station 
observations, comparisons have 
been made for both the recent past 
and the future extending to the end 
of the twenty-first century under the 
SSP585 scenario.

The most important finding of this 
work is the large difference between 
the EHI and the HI for some loca-
tions in the future. There are distinct 
geographical patterns in both the 
projected changes in heat stress and 
the differences between the two met-
rics. Regions that more effectively tap 
subtropical moisture show a more 
impactful increase in heat stress as 
well as larger differences between the 
two metrics. As previously shown by 
Romps and Lu (2022), the traditional 
HI is liable to underestimate the most 
extreme heat stress by a potentially 
large amount. Here, it is found that in the future, in the more humid locations, the EHI ex-
ceeds the HI by an extreme amount in a fifth to as much as three quarters of all days. While 
the typical magnitude of these extreme differences is 5°C at times, it can exceed 10°C. Such 
differences in the HI imply important differences in impacts on human health. The impact of 
these differences is magnified by the dramatic increase in the frequency of high heat-stress 
days, for example, as measured by the conditions, which would warrant the issuance of an 
excessive heat warning by the NWS. While for most locations, this occurs on less than 5% 
of summertime days in the historical period; in the future, this may occur at least a third of 
the time at most stations and about 90% or more of the time at about a third of the locations.

It is important to note that this work is by design a demonstration project and is by no 
means intended to provide a definitive answer as to what heat stress the U.S. population will 
be subjected to in the future. It is not exhaustive, rather illustrative. However, it does provide 
one plausible scenario. There are a number of caveats that limit the conclusions with regard 
to the future as this work considers only a single:

1)	 GCM
2)	 Bias adjustment method
3)	 Forcing scenario
4)	 GCM realization (i.e., ensemble member)

With regard to caveat 1, the amount of anthropogenic warming varies widely among GCMs. 
By one metric, climate sensitivity, the GFDL model ranks as intermediate (Scafetta 2023). 
Furthermore, it has been shown to be credible in some key aspects compared to observations 
(Held et al. 2019). Nevertheless, there is no definitive answer as to which model is “right” and 
a range of solutions are considered plausible.

With regard to caveat 2, there are a plethora of statistical downscaling/bias-adjustment 
methods. The chosen MBC method (Cannon 2018), as a distributional approach, is particu-
larly appropriate. QDM, the basis for MBC, has been shown to perform well compared to 
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Fig. 7.  The frequency (ordinate; % of days) for which both 
HI and EHI summertime daily maxima reach or exceed 41°C 
by station (abscissa) and time period (different curves). 
Green (dashed black) are for GSOD (MBC) for 1985–2014, 
while orange (red) is for 2031–60 (2071–2100) for MBC. Fu-
ture values are based on the SSP585 scenario.
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other methods in its class in “perfect model” evaluations (Lanzante et al. 2019), which test 
the ability to perform under conditions of climate change.

With regard to caveat 3, the SSP585 future forcing scenario that has been employed here is 
the “worst-case” CMIP6 scenario. Nevertheless, it is considered a plausible outcome (Schwalm 
et al. 2020) in a highly uncertain future that depends crucially on human mitigation, which 
to date has not kept up with past pledges to reduce greenhouse gas emissions.

With regard to caveat 4, the natural or internal climate variability plays a role in how 
climate change progresses even in the face of strong anthropogenic forcing. A single GCM 
realization does not fully reflect the range of possibilities. Furthermore, in so much as CMIP6 
coupled-climate model simulations are unconstrained, i.e., free-running, there is potentially 
some degree of inherent mismatch between the past observations and the GCM historical run 
with regard to internal variability. As such this could have an effect on the historical “train-
ing” of MBC, which would be reflected in the bias adjustment in the future.

An additional caveat 5 regards the manner in which the heat index values were com-
puted from daily data. Generally speaking, one might consider the daily maximum heat 
index, which could be reasonably estimated from hourly observations of temperature and 
humidity, as most relevant to human health as it represents the maximum stress. Due to 
data constraints, the GCM data were not available at hourly time resolution, as is often the 
case. For the GCM, tmax and rhmin were used with the implicit assumption that the mini-
mum relative humidity occurs at the time of maximum temperature. This assumption would 
hold if the specific humidity was constant over the course of the day. However, particularly 
during the warm season, one might expect a slight increase in specific humidity during 
the afternoon via enhanced evapotranspiration driven by diurnal heating. In addition, an 
airmass change (e.g., via advection, frontal passage, and sea breeze) could also lead to a 
higher relative humidity at the time of the maximum temperature. On any day when rhmin 
does not occur at the time of tmax, the estimated heat index from these values will be lower 
than that based on hourly or higher frequency temporal resolution data, leading to a cold 
bias in the estimated heat index.

There is a question as to the impact of this cold bias. On the one hand, Diaconescu et al. 
(2023) found that the distributions of the Humidex heat-stress index calculated from tmax 
and rhmin were very similar to those calculated directly from hourly data over a network of 
319 Canadian stations. Ongoing work by GFDL’s Empirical Sta-
tistical Downscaling team (https://www.gfdl.noaa.gov/esd_eval/) is 
currently addressing this issue. Preliminary findings1 suggest 
that while the differences are greater than 1°C only about 5% of 
the time over a network of stations in the Northeastern United 
States, nevertheless, the tasmax/rhmin approximation could 
lead to ~20% underestimate of the number of days that the National Weather Service would 
issue a heat advisory.

While these findings motivate further study on this important topic, the impact of this on 
the conclusions of this study is mitigated here by the application of MBC to the heat indices 
rendering equal treatment of the observed and model data by transforming the GCM values 
toward those of the observations. Since the observational approach assumed a constant 
dewpoint over the course of the day, differences from the “true” 24-h maximum heat index 
could be either positive or negative. This more likely leads to overall cancellation of bias 
in the aggregate as opposed to use of tmax/rhmin whose bias is inherently one-sided (i.e., 
negative). Nevertheless, the use of daily summary values for both observations and the GCM 
represents an additional source of uncertainty.

In conclusion, in consideration of (1)–(5), it is clear that an informed assessment of 
potential future changes in heat stress requires a much more comprehensive analysis that 

1	See video (46:25–1:02:00) of Keith Dixon’s 
presentation at the 104th annual meeting of 
the American Meteorological Society at https://
ams.confex.com/ams/104ANNUAL/meetingapp.cgi/
Session/65953.
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considers the various uncertainties that exist. However, given that all of the choices made 
here are reasonable and plausible suggests that the EHI should be used instead of the HI in 
future work involving climate change. Furthermore, even in the historical and near-future 
time periods, the EHI has been shown to provide more urgency for extreme events. Given 
that those tend to be the most societally impactful, suggests for the adoption of the EHI, 
particularly in some geographical locations. Even to the extent that the SSP585 scenario 
could overestimate the magnitude of late twenty-first century impacts, the spatial patterns 
of change found here may prove to be realistic via the time-shift paradigm (Tebaldi and 
Knutti 2018; Lee et al. 2021).

Guidance such as provided here could also be incorporated by the recently launched 
National Integrated Heat Health Information System (NIHHIS) (www.heat.gov), which is  
a collaboration of a number of government entities. The NIHHIS was founded by the 
National Oceanic and Atmospheric Administration’s (NOAA) Climate Program Office (CPO), 
and National Weather Service (NWS), in partnership with the Centers for Disease Control 
and Prevention (CDC).

The findings of this project provide impetus for more comprehensive analyses of future 
heat stress. The Empirical Statistical Downscaling (ESD) team at GFDL (https://www.gfdl.
noaa.gov/esd_eval) is currently embarked on such work and is examining not only the dif-
ference between the HI and the EHI but other choices made in estimating heat stress. In 
addition, while the code made available by Romps (https://www.romps.berkeley.edu/papers/
pubs-2020-heatindex.html) represents a very valuable contribution to the community, appli-
cation to large datasets, such as those from GCM output, can prove to be computationally 
costly. Some accurate shortcuts that greatly reduce computational cost have been developed 
(Lanzante 2024).
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APPENDIX 
In this work, statistical downscaling has been applied in order to downscale/bias-adjust GCM 
values with respect to station observations. This process utilizes a station observation and 
the nearest GCM gridpoint value. In essence, the method is “trained” via the relationship be-
tween the cumulative distribution functions (CDFs) of the historical station observations and 
the historical GCM output values. This mapping is then applied to adjust future GCM values.

In determining how to bias adjust the heat indices employed in this work, a fundamental 
complication is the fact that the heat index is computed from two independent quantities: 
temperature and humidity. As such, there are three philosophically distinct approaches to 
consider:

1)	 Apply separate univariate adjustment (here QDM) to temperature and humidity and then 
use these to compute the heat index
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2)	 Compute the heat index from temperature and humidity and then apply univariate (here 
QDM) adjustment to the heat index

3)	 Apply a multivariate (here bivariate MBC) adjustment to temperature and humidity and 
then use these to compute the heat index.

A key consideration is the dependency between temperature and humidity. For a given 
location and climate state, there are certain combinations of these two variables that may 
occur and others than will not occur. Since approach 1 does not account for this, it is not a 
viable approach. In approach 2, there will be some implicit accounting for the dependency 
since only certain values of the heat index are realizable and since the univariate method 
QDM, by virtue of its distributional nature, varies the amount of adjustment as a function of 
position within the distribution. The most appropriate choice is approach 3 since it explicitly 
accounts for the dependency between the two variables. An additional consideration for 
approach 3 is the choice of humidity variable. In this case, dewpoint proves to be a natural 
choice as it is a temperature variable like daily maximum temperature. Note that while MBC 
(see below) provides a strong constraint on the covariability of maximum temperature and 
dewpoint, the possibility of an unphysical result in which the latter exceeds the former ex-
ists. However, this does not occur here most likely because the separation between the two 
is typically fairly large.

The results reported in this work are based on approach 3; however, all of the results (not 
shown) have been repeated using approach 2. Both approaches yield qualitatively consistent 
results and in many instances are quantitatively similar. The results are most similar for the 
historical period. During the future, the most noteworthy difference is a sizeable increase 
based on approach 3 versus approach 2 in the frequency of extreme differences (Fig. 3) at 
the stations closest to the subtropical moisture sources, with moderate decreases for eastern 
stations farther from the sources. However, typical magnitudes of the differences (Fig. 4) are 
fairly similar as are the exceedance frequencies (Table 2 and Fig. 7).

The MBC algorithm operates to produce a mapping between two multivariate distribu-
tions: a source (here the GCM) and a target (here GSOD). The source distribution is adjusted 
iteratively by applying a random orthogonal rotation to the datasets followed by quantile 
mapping (QDM) of the rotated marginal distributions and then inversely rotating the re-
sulting data. The rotation provides linear combinations of the original variables rather 
than the original variables separately in an attempt to preserve the relations between the 
variables. Iteration ceases when the source and target distributions are sufficiently similar. 
As a final step, QDM is applied separately to the original variables and these values are 
reordered according to the ranks of iteratively derived solution. This final step insures the 
trend-preserving property of QDM while maintaining the dependence structure of the itera-
tive algorithm. The remainder of this appendix describes the QDM algorithm.

Conceptually, the QDM method is an extension of the commonly used simple bias ad-
justment (SBA) approach. For example, SBA would take the difference in means between 
historical observations and historical model (i.e., GCM) values and add this difference to 
each future model value. The QDM method, which is one from a class of distributional 
methods, performs bias adjustment in a similar fashion except that the bias adjustment 
factor varies by position within the statistical distribution.

Mathematically QDM can be expressed as

	 = + 



−







−1 −1D x x F F x F F xf ( ) ( ) ( ) ,Oh Mf Mh Mf � (A1)

where x is the future GCM value to be adjusted and Df(x) is the downscaled/bias-adjusted 
value for the future. In this case, the argument x refers to the heat index (either HI or EHI). 
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Here, F is the CDF and F−1 is its inverse (or equivalently a quantile function). Subscripts Oh, 
Mh, and Mf refer to observations-historical, model-historical, and model-future, respectively.

In a sense, the adjustment procedure utilizes the future GCM value (x) as a “first guess” 
and then amends it based on the difference between the second and third terms on the rhs 
of (A1). The innermost terms on the rhs of (A1), i.e., “FMf(x),” are the CDF of the future model 
values evaluated at the future value to be bias-adjusted. Numerically, this is a percentile; 
thus, it indicates its relative position within its distribution.

For example, suppose x lies in the upper tail of the Mf distribution at the 90th percentile. 
The second (third) term on the rhs evaluates the Oh (Mh) quantile function at this same per-
centile. Thus, the bias-adjusted value is the difference between the 90th percentile values 
of the Oh and Mh distributions added to the value to be adjusted (i.e., x, the 90th percentile 
value of the Mf distribution). Note that by way of this construction, it is possible to adjust novel 
values. That is, model values in the future that are out of the bounds of the model historical 
distribution will always be defined.

In this paper, as in many studies, bias adjustment is applied to both the historical and 
future time periods. When applied to the future, there is an implicit assumption of “stationar-
ity” that the mapping derived in the historical period [i.e., the difference between the second 
and third terms on the rhs of (A1)] is valid in the future. When applied to the historical period 
(i.e., replace all “f” subscripts with “h”), the third term on the rhs of (A1) reduces to “x,” which 
cancels with the first term on the rhs of (A1), yielding

	 = 





−1D x F F xh ( ) ( ) .Oh Mh � (A2)

Here, the percentile of the x value in the Mh distribution is entered into the quantile function 
of the Oh distribution. In our example, the 90th percentile value from the historical model 
distribution would be replaced by the 90th percentile value from the historical observational 
distribution. As such, this ensures that the distribution of bias-adjusted values very nearly 
matches those of the observations. This expression (A2) is sometimes referred to as “quantile 
mapping” although since this expression is used inconsistently in the literature, some may 
use it to describe other variants of distributional mapping.
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