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Abstract Global gridded data sets of observed extremes indices underpin assessments of changes in climate
extremes. However, similar efforts to enable the assessment of indices relevant to different sectors of society
have been missing. Here we present a data set of sector‐specific indices, based on daily station data, that extends
the HadEX3 data set of climate extremes indices. These additional indices, which can be used singly or in
combinations, have been recommended by the World Meteorological Organization and are intended to
empower decision makers in different sectors with accurate historical information about how sector‐relevant
measures of the climate are changing, especially in regions where in situ daily temperature and rainfall data are
hard to come by. The annual and/or monthly indices have been interpolated on to a 1.875° × 1.25° longitude‐
latitude grid for 1901–2018. We show changes in globally‐averaged time series of these indices in comparison
with reanalysis products. Changes in temperature‐based indices are consistent with global scale warming, with
days with Tmax > 30°C (TXge30) increasing virtually everywhere with potential impacts on crop fertility. At the
other end of the scale, the number of days with Tmin < − 2°C (TNltm2) are reducing, decreasing potential
damage from frosts. Changes in heat wave characteristics show increases in the number, duration and intensity
of these extreme events in most places. The gridded netCDF files and, where possible, the underlying station
indices are available from https://www.metoffice.gov.uk/hadobs/hadex3 and https://www.climdex.org.

Plain Language Summary To be able to assess changes in extreme temperature and rainfall events
across the globe, data sets which capture characteristics of these extreme events are required. The use of indices
for these characteristics further enables both data sharing and the comparison of events across the world.
Extreme events have impacts across human health, our infrastructure and the natural environment. So far there
has not been a global product which presents indices which are relevant for different sectors of our society,
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including health, agriculture and water resources. In this work we present an extension to an existing data set of
extremes indices, HadEX3, by including indices defined by theWorld Meteorological Organization which were
developed with sector specific applications in mind. We have used the same approach and methodology, and
where possible the same underlying daily temperature and rainfall observations. The temperature indices show
changes consistent with global scale warming, with heat wave characteristics showing increases in the number,
duration and intensity of these extreme events in most places. The data files are available for use by interested
researchers in their work.

1. Introduction
The study of global land‐surface climate extremes based on in situ observations has been accomplished through
the use of a number of climate indices. The foremost set of these indices was developed by the former World
Meteorological Organization (WMO)/World Climate Research Programme/Joint WMO‐IOC (UNESCO's
Intergovernmental Oceanographic Commission) Technical Commission for Oceanography and Marine Meteo-
rology (JCOMM) Expert Team on Climate Change Detection and Indices (ETCCDI). Using standard climate
extremes indices based on daily data allowed the derived products to be widely and easily shared, as in many cases
the daily observations are not freely available (Alexander et al., 2019; Thorne et al., 2017; Zhang et al., 2011). To
further increase the amount of available data, workshops were organized where these indices were calculated
from the data provided by attendees (e.g., Donat et al., 2014; Meteorological Service Singapore, 2019), and
standardized software was developed to allow the widest possible set of contributors (e.g., RClimdex, Climpact).
The existence and support of standardized software enabled the development of global gridded data sets of
climate extremes which combined input data from a wide range of input sources, with contributions from in-
stitutions around the world—HadEX (Alexander et al., 2006), HadEX2 (Donat et al., 2013b), HadEX3 (Dunn
et al., 2020), and GHCNDEX (Donat et al., 2013a)—along with a multitude of regional and national studies which
are intercomparable by virtue of the standard approach. These have been the basis for assessment of how observed
temperature and precipitation extremes are changing globally.

However, the “ETCCDI indices” were initially developed for detection and attribution, and the monitoring of land
surface extremes from a climate science perspective. The valuable approach of developing indices, running
workshops and providing standardized software was adopted by the WMO Commission for Climatology (CCl)
Expert Team on Climate Risk and Sector‐specific Climate Indices (ET‐CRSCI) and subsequently the Expert
Team for Sector‐specific Climate Indices (ET‐SCI) to develop the ability to monitor changes in climate condi-
tions relevant to a number of societal sectors (Alexander &Herold, 2015; Herold &Alexander, 2016). These “ET‐
SCI indices” extend the ETCCDI indices and enable those working in sectors such as agriculture, health and water
resources to more directly determine how relevant climate extremes affect their focal regions, using both single
and multiple variable indices to identify simple and complex climate risks for example, (Herold et al., 2018;
McGree et al., 2020; Nakaegawa &Murazaki, 2022; Oliveira et al., 2022; Wang et al., 2023). Since the inaugural
workshop in 2011 held to develop these indices with experts in these fields, they have continued to be discussed,
assessed and updated to ensure their relevance through regional workshops and WMO‐related group discussions.
The combined set of indices developed by both the ETCCDI and ET‐SCI are termed the “Climpact indices.”
Indices defined by both Expert Teams are applicable across different sectors, and currently fall under the WMO
Expert Team on Climate Information for Decision‐Making (ET‐CID).

In this manuscript we present an extension to the HadEX3 data set which includes the additional indices from the
Climpact set. The new indices are presented in Section 2, and updates to the data in Section 3. We give a brief
summary of the methods highlighting the differences to HadEX3 in Section 4, as well as a validation of new input
data over China in Section 5. Some high‐level results are presented in Section 6 and we summarize in Section 7.

2. Indices
We have calculated the additional Climpact indices which were not originally included in HadEX3 (Dunn
et al., 2020). As with the original extremes indices, these sector‐specific indices are based on daily observations of
precipitation accumulations, and maximum and minimum temperature. The complete set of Climpact indices
were developed with the following sectors in mind: Health, Agriculture and Food Security, and Water Resources;
and so extend the applicability of the ETCCDI indices for these sectors. These indices may also be useful in other
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sectors, for example, Disaster Risk Reduction, Energy or Forestry. We outline the new indices in the Climpact set
in Tables 1–3. Examples of their application to different sectors can be found at www.climdex.org/learn/indices/
sector and in Herold et al. (2018) and McGree et al. (2020).

A number of the temperature indices expand the set using fixed temperature thresholds from the ETCCDI (ID
[“TXlt0”], FD [“TNlt0”], TR [“TNgt20”], SU [“TXgt25”]). These new threshold values were chosen for their
sector relevance during the workshops held to develop the indices. For example, TNlt2 can be used in situations
when ground cools faster than the air, and so the 2 m screen temperature is greater than the surface temperature.
Hence this index captures instances of grass or ground frost, whereas the pre‐existing FD captures air frost. The
next threshold, TNltm2, captures hard‐freeze events of significant frost. Both these indices are therefore relevant
for agriculture given the impact of frost events on certain crops.

A number of the indices allow for user‐defined values (CDDcoldn, HDDheatn, GDDgrown, CSDId, WSDId,
TXdTNd, TXbdTNbd, Rxdday,Mmonth_SPI, andMmonth_SPEI, see Table 1 for definitions). For users of these
indices who are making their own calculations, this allows for flexibility in producing indices which are more
regionally relevant. For the heating degree days (HDDheatn, Quayle & Diaz, 1980; H. C. S. Thom, 1954), a base
temperature of 18°C (∼65°F) is commonly used in the USA (https://www.weather.gov/key/climate_heat_cool),
whereas lower temperatures are used in some parts of Europe (15.5°C by the UKMet Office, Spinoni et al., 2018).
Cooling degree days (CDDcoldn, De Rosa et al., 2014; E. C. Thom, 1959) in the USA also uses 18°C, but higher
temperatures are used in other locations (22°C by the UKMet Office, Spinoni et al., 2018). Growing degree days
(GDDgrown, Ferchault de Réaumur, 1735) are important for crops and pests where temperatures limit devel-
opment, and are specific for each species. Cereals (wheat, barley, rye, oats) have a base temperature around 5°C,
whereas maize, rice, soy around 10°C.

For this global product it is necessary that we use a single value for each of these indices so that the stations can be
combined. Therefore, we have chosen values which allowed for the greatest number of user contributed indices
from stations to be included in the final product (CDDcold18, HDDheat18, GDDgrow10, CSDI3, WSDI3,
TX2TN2, TXb2TNb2, Rx3day, 24month_SPI, and 24month_SPEI), so that the behavior of these indices can be
assessed over a large area.

We note that in doing so, the values chosen may not be the most appropriate for all locations or applications.
Along with the data set presented in this manuscript, we herein also publicize these indices for calculation by
others. And hence, we strongly encourage those using and calculating their own versions of these indices to think
about what the most appropriate user‐defined values are for their application.

In this collection of sector specific indices there are a number which characterize heat waves and cold waves. In
addition to the warm spell and cold spell duration indices (WSDId, CSDId), a number of heat wave characteristics
have been defined by Perkins and Alexander (2013), see Table 2. These measures are calculated for heat waves
and cold waves which have been identified using a variety of separate metrics, outlined in Table 3. Each of the
measures in Table 2 is calculated using each of the definitions in Table 3, overall resulting in 20 indices char-
acterizing heat waves and cold waves.

The heat wave definitions in Table 3 use thresholds calculated from the quantities shown. For the TN90 and TX90
thresholds, the 90th percentile thresholds are determined for each calendar day using the chosen reference period
(1981–2010), and result in a smoothly varying threshold throughout the year. The Excess Heat Factor (EHF), and
conversely the Excess Cold Factor (ECF), were defined by Nairn and Fawcett (2015) for Australian use, but have
gained popularity globally as an effective measure of health impacts from heat (Nairn et al., 2018). It is the
combination of two indices based on the daily average temperature (mean of Tmax and Tmin). One accounts for
acclimatization by comparing the temperature anomaly over a 3‐day window against the preceding 30 days, and
the other accounts for long term change by comparing the anomaly of the 3‐day window against the climatological
90th percentile of the average daily temperature, using the “PA13” setting in Climpact2. The TN90 and TX90 heat
wave indices are only calculated for the summer season (November‐March for the Southern Hemisphere, May‐
September for the Northern Hemisphere), and we note that this may limit their use in some tropical and sub-
tropical climates. The Excess Heat Factor and Excess Cold Factors are calculated over the entire calendar year.
For further details on the EHF and ECF see Nairn and Fawcett (2015), Perkins & Alexander, 2013, Herold and
Alexander (2016).

Earth and Space Science 10.1029/2023EA003279

DUNN ET AL. 3 of 22

http://www.climdex.org/learn/indices/sector
http://www.climdex.org/learn/indices/sector
https://www.weather.gov/key/climate_heat_cool


Ta
bl

e
1

D
et
ai
ls

of
th
e
ET

‐S
C
II

nd
ic
es

an
d
th
e
N
um

be
rs

of
St
at
io
ns

Av
ai
la
bl
e
fo
r
Ea

ch
O
ne

Th
at

W
er
e
Ta

ke
n
Fo

rw
ar

d
In
to

th
e
G
ri
dd

ed
Pr

od
uc

tA
fte

r
Se

le
ct
io
n
fo
r
Re

co
rd

Le
ng

th
an

d
Q
ua

lit
y
C
on

tr
ol

In
de
x

N
am

e
D
es
cr
ip
tio

n
U
ni
ts

Se
ct
or
(s
)

St
at
io
ns

(1
98

1–
20

10
re
f.
Pe

rio
d)

C
D
D
co
ld
n

C
oo

lin
g
de
gr
ee

da
ys

Th
e
an
nu

al
su
m

of
T m

ea
n
−

n,
w
he
re

n
is
a
us
er

de
fin

ed
te
m
pe
ra
tu
re

an
d
T m

ea
n

>
n

de
gr
ee
‐d
ay
s

H
5,
53

0

H
D
D
he
at
n

H
ea
tin

g
de
gr
ee

da
ys

Th
e
an
nu

al
su
m

of
n
−

T m
ea
n,
w
he
re

n
is
a
us
er

de
fin

ed
te
m
pe
ra
tu
re

an
d
T m

ea
n

<
n

de
gr
ee
‐d
ay
s

H
5,
52

9

G
D
D
gr
ow

n
G
ro
w
in
g
de
gr
ee

da
ys

Th
e
an
nu

al
su
m

of
T m

ea
n
−

n,
w
he
re

n
is
a
us
er

de
fin

ed
te
m
pe
ra
tu
re

an
d
T m

ea
n

>
n

de
gr
ee
‐d
ay
s

H
,A

5,
53

4

C
SD

Id
U
se
rd

ef
in
ed

C
SD

I
C
ol
d
sp
el
ld

ur
at
io
n
in
de
x,

an
nu

al
co
un

to
fd

ay
s
w
he
re

d
or

m
or
e
co
n

se
cu
tiv

e
da
ys

ex
pe
rie

nc
e
T m

ax
<
10

th
pe
rc
en
til
e

da
ys

H
,A

,W
5,
64

7

W
SD

Id
U
se
rd

ef
in
ed

W
SD

I
W
ar
m

sp
el
ld

ur
at
io
n
in
de
x,

an
nu

al
co
un

to
fd

ay
s
w
he
re

d
or

m
or
e
co
n

se
cu
tiv

e
da
ys

ex
pe
rie

nc
e
T m

ax
>
90

th
pe
rc
en
til
e

da
ys

H
,A

,W
5,
68

1

TN
lt2

T m
in
be
lo
w

2°
C

N
um

be
ro

fd
ay
s
w
he
n
T m

in
<
2°
C

da
ys

A
5,
75

1

TN
ltm

2
T m

in
be
lo
w
−
2°
C

N
um

be
ro

fd
ay
s
w
he
n
T m

in
<
−
2°
C

da
ys

A
5,
75

1

TN
ltm

20
T m

in
be
lo
w
−
20

°C
N
um

be
ro

fd
ay
s
w
he
n
T m

in
<
−
20

°C
da
ys

H
,A

5,
75

1

TX
ge

30
T m

ax
at

le
as
t3

0°
C

N
um

be
ro

fd
ay
s
w
he
n
T m

ax
≥
30

°C
da
ys

H
,A

5,
79

0

TX
ge

35
T m

ax
at

le
as
t3

5°
C

N
um

be
ro

fd
ay
s
w
he
n
T m

ax
≥
35

°C
da
ys

H
,A

5,
79

0

TN
m

M
ea
n
T m

in
M
ea
n
da
ily

m
in
im

um
te
m
pe
ra
tu
re

°C
5,
73

0

TX
m

M
ea
n
T m

ax
M
ea
n
da
ily

m
ax
im

um
te
m
pe
ra
tu
re

°C
5,
77

1

TM
m

M
ea
n
T m

ea
n

M
ea
n
da
ily

m
ea
n
te
m
pe
ra
tu
re

°C
5,
58

2

TM
lt1

0
T m

ea
n
be
lo
w

10
°C

N
um

be
ro

fd
ay
s
w
he
n
T m

ea
n

<
10

°C
da
ys

A
5,
55

5

TM
lt5

T m
ea
n
be
lo
w

5°
C

N
um

be
ro

fd
ay
s
w
he
n
T m

ea
n

<
5°
C

da
ys

A
5,
55

5

TM
ge

5
T m

ea
n
at

le
as
t5

°C
N
um

be
ro

fd
ay
s
w
he
n
T m

ea
n

≥
5°
C

da
ys

A
5,
55

6

TM
ge

10
T m

ea
n
at

le
as
t1

0°
C

N
um

be
ro

fd
ay
s
w
he
n
T m

ea
n

≥
10

°C
da
ys

A
5,
55

6

TX
95

ta
V
er
y
w
ar
m

da
y

th
re
sh
ol
d

V
al
ue

of
th
e
95

th
pe
rc
en
til
e
of

T m
ax

°C
H
,A

10
,2
14

TX
gt
50

p
Pe

rc
en
ta
ge

of
da
ys

w
ith

m
ax
im

um
te
m
pe
ra
tu
re

ab
ov

e
th
e

m
ed
ia
n

Pe
rc
en
ta
ge

of
da
ys

w
ith

T m
ax

>
50

th
pe
rc
en
til
e

%
H
,A

,W
4,
41

5

TX
dT

N
d

U
se
r‐
de
fin

ed
co
ns
ec
ut
iv
en

um
be
ro

f
ho

td
ay
s
an
d
ni
gh

ts

A
nn

ua
lc

ou
nt

of
d
co
ns
ec
ut
iv
e
da
ys

w
he
re

bo
th

T m
ax

>
95

th
pe
r

ce
nt
ile

an
d
T m

in
>
95

th
pe
rc
en
til
e,
w
he
re

10
≥

d
≥
2

da
ys

H
,A

,W
5,
76

5

TX
bd

TN
bd

U
se
r‐
de
fin

ed
co
ns
ec
ut
iv
en

um
be
ro

f
co
ld

da
ys

an
d
ni
gh

ts

A
nn

ua
lc

ou
nt

of
d
co
ns
ec
ut
iv
e
da
ys

w
he
re

bo
th

T m
ax

<
5t
h
pe
r

ce
nt
ile

an
d
T m

in
<
5t
h
pe
r1
ce
nt
ile

,w
he
re

10
≥

d
≥
2

da
ys

H
,A

,W
5,
76

5

Rx
dd

ay
M
on

th
ly

m
ax
im

um
d‐

da
y
pr
ec
ip
ita

tio
n

M
ax
im

um
ra
in
fa
ll
oc
cu
rr
in
g
w
ith

in
d
co
ns
ec
ut
iv
e
da
ys

m
m

H
,A

,W
8,
62

2

M
m
on

th
_S

PI
b

St
an
da
rd
iz
ed

Pr
ec
ip
ita

tio
n
In
de
x

SP
Id

ro
ug

ht
m
ea
su
re

us
in
g
pr
ec
ip
ita

tio
n
ov

er
M
m
on

th
s

H
,A

,W
8,
76

7

12
m
on

th
_S

PI
b

St
an
da
rd
iz
ed

Pr
ec
ip
ita

tio
n
In
de
x

SP
Id

ro
ug

ht
m
ea
su
re

us
in
g
pr
ec
ip
ita

tio
n
ov

er
12

m
on

th
s

H
,A

,W
9,
53

0

Earth and Space Science 10.1029/2023EA003279

DUNN ET AL. 4 of 22



Ta
bl

e
1

C
on

tin
ue

d

In
de
x

N
am

e
D
es
cr
ip
tio

n
U
ni
ts

Se
ct
or
(s
)

St
at
io
ns

(1
98

1–
20

10
re
f.
Pe

rio
d)

6m
on

th
_S

PI
b

St
an
da
rd
iz
ed

Pr
ec
ip
ita

tio
n
In
de
x

SP
Id

ro
ug

ht
m
ea
su
re

us
in
g
pr
ec
ip
ita

tio
n
ov

er
6
m
on

th
s

H
,A

,W
9,
91

8

3m
on

th
_S

PI
b

St
an
da
rd
iz
ed

Pr
ec
ip
ita

tio
n
In
de
x

SP
Id

ro
ug

ht
m
ea
su
re

us
in
g
pr
ec
ip
ita

tio
n
ov

er
3
m
on

th
s

H
,A

,W
10

,0
26

M
m
on

th
_S

PE
Ib

St
an
da
rd
iz
ed

Pr
ec
ip
ita

tio
n

Ev
ap
ot
ra
ns
pi
ra
tio

n
In
de
x

SP
EI

dr
ou

gh
tm

ea
su
re

us
in
g
pr
ec
ip
ita

tio
n
an
d
ev
ap
or
at
io
n
ov

er
M
m
on

th
s

H
,A

,W
5,
08

5

12
m
on

th
_S

PE
Ib

St
an
da
rd
iz
ed

Pr
ec
ip
ita

tio
n

Ev
ap
ot
ra
ns
pi
ra
tio

n
In
de
x

SP
EI

dr
ou

gh
tm

ea
su
re

us
in
g
pr
ec
ip
ita

tio
n
an
d
ev
ap
or
at
io
n
ov

er
12

m
on

th
s

H
,A

,W
5,
78

7

6m
on

th
_S

PE
Ib

St
an
da
rd
iz
ed

Pr
ec
ip
ita

tio
n

Ev
ap
ot
ra
ns
pi
ra
tio

n
In
de
x

SP
EI

dr
ou

gh
tm

ea
su
re

us
in
g
pr
ec
ip
ita

tio
n
an
d
ev
ap
or
at
io
n
ov

er
6
m
on

th
s

H
,A

,W
6,
16

6

3m
on

th
_S

PE
Ib

St
an
da
rd
iz
ed

Pr
ec
ip
ita

tio
n

Ev
ap
ot
ra
ns
pi
ra
tio

n
In
de
x

SP
EI

dr
ou

gh
tm

ea
su
re

us
in
g
pr
ec
ip
ita

tio
n
an
d
ev
ap
or
at
io
n
ov

er
3
m
on

th
s

H
,A

,W
6,
32

7

N
ot
e.
Th

et
em

pe
ra
tu
re
s(

n)
fo
rC

D
D
co
ld
n,
H
D
D
he
at
n
an
d
G
D
D
gr
ow

n,
co
ns
ec
ut
iv
ed

ay
co
un

t(
d)

fo
rC

SD
Id
,W

SD
Id
,T

X
dT

N
d
an
d
TX

bd
TN

bd
,a
nd

m
on

th
ly
in
te
rv
al
(M

)f
or

SP
Ia
nd

SP
EI

m
ea
su
re
sa

re
us
er
de
fin

ed
an
d
di
sc
us
se
d
in
Se

ct
io
n
2.
Th

ei
nd

ic
es

la
be
le
d
in
ita

lic
sa

re
av
ai
la
bl
eo

n
am

on
th
ly
as

w
el
la
sa

nn
ua
lb
as
is
.T

he
se
ct
or
st
o
w
hi
ch

th
ei
nd

ic
es

ar
em

os
tr
el
ev
an
ta
re
lis
te
d,
us
in
g
th
ei
nf
or
m
at
io
n

as
gi
ve
n
in

th
e
C
lim

pa
ct
2
U
se
rG

ui
de
,A

pp
en
di
x
A
,w

he
re

H
‐H

ea
lth

,A
‐A

gr
ic
ul
tu
re

an
d
Fo

od
Se

cu
rit
y,
W
‐W

at
er

R
es
ou

rc
es
.T

hi
si
sa

ls
o
av
ai
la
bl
e
at
ht
tp
s:
//w

w
w
.c
lim

de
x.
or
g/
le
ar
n/
in
di
ce
s/
se
ct
or
/.
Fo

r
m
or
ed

et
ai
ls
on

SP
Is
ee

M
cK

ee
et
al
.(
19

93
),
W
or
ld
M
et
eo
ro
lo
gi
ca
lO

rg
an
is
at
io
n
(2
01

2)
an
d
th
eS

PE
Is
ee

V
ic
en
te
‐S
er
ra
no

et
al
.(
20

10
).

a T
hi
si
nd

ex
is
gi
ve
n
as

36
5
va
lu
es
,o
ne

fo
re
ac
h
da
y
of

th
ey

ea
r,
an
d

so
is
of

a
di
ff
er
en
tf
or
m
at

to
ot
he
rs

w
ith

in
th
e
ET

‐S
C
Ia

nd
ET

C
C
D
If
am

ili
es
.b
SP

Ia
nd

SP
EI

in
di
ce
s
ar
e
av
ai
la
bl
e
on

a
m
on

th
ly

ba
si
s
on

ly
.

Earth and Space Science 10.1029/2023EA003279

DUNN ET AL. 5 of 22

https://www.climdex.org/learn/indices/sector/


The combined set of the Climpact indices (those defined by both the ETCCDI and ET‐SCI) now contains
over 80 different indices, with a wide range of applications and uses, from the monitoring of climatologically
extreme events and conditions, understanding how these events may change in future climates, through to
sectoral‐specific applications. We also note that many other indices have been created and are being applied
across a wide range of studies involving climate and weather information. For our purpose of creating a
global perspective of these indices, we have included all of those defined by the ET‐SCI in order to allow
the intercomparison of all without any specific application in mind. However, it is important that users of
these indices do reflect on which are most relevant for their use case and select (combinations of) those
which best address their needs.

3. Data
Where possible we have used the same input data as for the HadEX3 data set. These come from a range of sources,
including well known international collections (e.g., ECA+D, Klein Tank et al., 2002; Klok &Klein Tank, 2009)
and also national sources from individual submissions. For more details on these data sources, see Dunn
et al. (2020).

These data have been provided for inclusion in two forms. Some have been provided as daily observations of
maximum and minimum temperature, and daily precipitation accumulations. The indices are calculated from
these using the Climpact2 v1.3 software (Alexander & Herold, 2015; Herold & Alexander, 2016), written in R
(Ihaka & Gentleman, 1996; R Core Team, 2013), to match the approach used for the ETCCDI indices in the
HadEX3 data set.

Other data have been provided already in the form of pre‐calculated indices, which limited the choice of user‐
defined values as noted above. In many cases these have come from workshops organized by the WMO,
where participants were able to process their daily observations into these indices, using the previously mentioned

Table 2
The Various Heat Wave Characteristics Defined by Perkins and Alexander (2013) as Used with the Heat Wave Metrics in Table 3 to Create 20 ET‐SCI Indices, For
Example, EHF_HWF

Abbreviation Name Description Units Sector(s)

HWA Heat wave amplitude Peak value of the hottest heat wave/coldest cool wave °C H, A, W

HWD Heat wave duration Length of the longest heat wave in a season as identified by HWN days H, A, W

HWF Heat wave frequency Sum of the number of days which contribute to heat waves as defined by HWN days H, A, W

HWM Heat wave magnitude Mean temperature of all heat waves identified by HWN °C H, A, W

HWN Heat wave number Number of individual heat waves each summer season (November–March in
southern hemisphere and May–September in northern hemisphere)

– H, A, W

Note. These can also be used for cold waves. A heatwave is defined as being at least 3 days long, using the metrics from Table 3. The sectors to which the indices are most
relevant are listed, using the information as given in the Climpact2 User Guide, Appendix A, where H‐Health, A‐Agriculture and Food Security, W‐Water Resources.
This is also available at https://www.climdex.org/learn/indices/sector/.

Table 3
The Various Heat (and Cold) Wave Metrics Used With the Heat Wave Characteristics in Table 2 to Create 20 ET‐SCI Indices, For Example, EHF_HWF, TX90_HWA

Heat/Cold wave definition Name Heat/cold wave criteria Units Sector(s)

ECF Excess Cold Factor A cold wave occurs when at least 3 or more days have positive ECF °C2 H, A, W

EHF Excess Heat Factor A heat wave occurs when at least 3 or more days have positive EHF °C2 H, A, W

TN90 A heat wave occurs when at least 3 or more days have Tmin > 90th percentile H, A, W

TX90 A heat wave occurs when at least 3 or more days have Tmax > 90th percentile H, A, W

Note. The ECF and EHFmetrics are defined in from Nairn and Fawcett (2015), Perkins and Alexander (2013). The percentiles are calculated over the 1981–2010 period.
Note that TN90 and TX90 are not the same as the TN90p and TX90p indices from the ETCCDI set. The sectors to which the indices are most relevant are listed, using the
information as given in the Climpact2 User Guide, Appendix A, where H‐Health, A‐Agriculture and Food Security, W‐Water Resources. This is also available at https://
www.climdex.org/learn/indices/sector/.
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Climpact R‐package to ensure consistent calculation. However, not all pre‐calculated index data submitted to
HadEX3 contained the additional indices defined by the ET‐SCI, and there were clear gaps in early development
versions of this data set over China and Africa.

We have supplemented the HadEX3 data with daily data from the Global Historical Climate Network Daily data
set (GHCNd, Menne et al., 2012) for these two regions, with the greatest effect over China. We perform a detailed
comparison of this data set (using GHCNd) and the original HadEX3 (using stations as detailed in Xu
et al. (2013)) in Section 5 to highlight any impacts of this change in data source over this region.

We also sourced additional temperature data from stations in Africa and South America from the EUSTACE
global station data set (Brugnara et al., 2019; Rayner et al., 2020). Of the 1345 stations available, between
around 200 and 300 had long enough records and passed the quality control (QC) checks such that they were
included in the final data set, depending on the index. All stations submitted for this extension are shown in
Figure 1.

As in the set of indices defined by the ETCCDI, some of the ET‐SCI ones also use a reference period to calculate
thresholds, but the majority do not. Only CSDId, WSDId, TXdTNd, TXbdTNbd, TXgt50p, SPI, SPEI and the
heat wave indices are dependent on the choice of a reference period in their construction. In most cases there are
more stations available using the 1981–2010 reference period than using 1961–1990, as data from some stations
included have records starting in the 1970s. So we use 1981–2010 as our primary reference period. However, as a
result of the gridding and interpolation method (see Section 4) this does not immediately translate into greater
spatial coverage. We also use 1981–2010 when calculating anomalies for the resulting global timeseries
(Section 6).

To match the approach of HadEX3, for these indices only we also provide versions using 1961–1990 as a
reference period, as intercomparisons between reference periods for some indices can result in differing trend
estimates (Dunn & Morice, 2022).

Figure 1. Locations of all stations supplied and available for the sector‐specific extension to HadEX3 with a record spanning at least 20 years. Only those ending in 2009
or later and having data gaps of maximum 10 years were selected to form the final grids, with the final numbers of stations varying for each index (see Table 1).
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4. Method
We have followed the same approach and steps as for the HadEX3 data set, outlined in Dunn et al. (2020). All the
software has been written in Python 3 (Python Software Foundation, 2013), except for Climpact2. The de-
pendencies and interplay between the scripts have been controlled using a Rose (Shin et al., 2019)/Cylc suite
(Oliver et al., 2018).

Additional to the HadEX3 data processing, we perform some additional quality control checks on the daily
temperature and precipitation observations. Temperature values have to fall within the range of the global records
available at the WMO World Weather Archive (https://wmo.asu.edu/). The daily maximum and minimum
temperature values have to be consistent with each other (removing values where Tmax is smaller than Tmin), and
we remove instances where an entire month (where a month of observations must contain at least 10 daily values)
has the same value. Precipitation values also have to fall between zero and the highest daily value recorded
according to the WMO World Weather Archive.

After calculating the indices (where necessary), and selecting the stations for length of record (at least 20 years of
data in the 20th Century, with the last observation occurring in 2009 or later), they are passed through the same
QC checks implemented for HadEX3. We show in Table 4 which of those tests are applied to these indices. If
values from a station are flagged by any one of the checks, the entire station is withheld from further processing.

Once the QC tests have been completed, we use the Angular DistanceWeighting (ADW) method (Shepard, 1968)
to interpolate these stations onto a global 1.875° × 1.25° longitude‐latitude grid. This method uses a search radius
out from the grid box center to identify those stations which will be combined for the final grid box values. The
search radius is defined from the decorrelation length scale (DLS), which is determined from the exponential
decay curve of the correlation values between all station pairs within 30° latitude bands (60° for the southern
hemisphere from 90°S to 30°S) for each index (and month for the monthly indices). The values of the DLS are
restricted to between 200 and 2,000 km. The final values for the grid box are the distance‐weighted average of the
stations which fall within a DLS of the grid box center. At least three stations with valid data need to be present
within the DLS for a value to be calculated for a grid box at that time step, with a missing data indicator placed if
there are fewer. This ensures that stations with so far unidentified data issues do not overly influence the final
grids in regions with few stations. For more details on these steps see Dunn et al. (2020), Donat et al. (2013a,
2013b), Alexander et al. (2006).

As noted in, for example, Dunn et al. (2020, 2022), Avila et al. (2015), the ADW method does have a number of
issues, including over‐smoothing and interpolation across climate zones when the DLS is large, and the inability
to include co‐variates like altitude or distance from the coast. However, for consistency with the current HadEX3,
we retain the use of ADW for these indices.

Table 4
The QC Tests and Which Indices They Have Been Applied to

QC test Description Indices

File Checks Final check for presence of data Alla

World Record Checkb Exceedance of world record values TXm, TNm, TMm

Reference period coverage At least 21 good years during reference period (70%
temporal completeness)

All heat wave indices based on TN90 and TX90 thresholds, TXgt50p

Annual in Monthly Annual value should be one of the monthly ones Rxdday

Annual sum Monthly Annual value should be sum of the monthly ones TMge10, TMge5, TMlt10, TMlt5, TNlt2, TNltm2, TXge30, TXge35

Negative Values No values < 0 All except TXm, TNm, TMm, SPI, SPEI, *_HWA, *_HWM

Consistency Value of one index to be larger than the [other] TXm [TMm], TMm [TNm], TMge5 [TMge10], TMlt10 [TMlt5], TXge30
[TXge35], TNlt2 [TNltm2], TNltm2 [TNltm20]

Metadata Exact matches of latitude and longitude All

Correlation High correlation at large distance TMge10, TMge5, TMlt10, TMlt5, TNlt2, TNltm2, TXge30, TXge35
aThis test is redundant, but is retained for completeness as in HadEX3. bAs this is a historical data set, we can use this test. For an updating data set then any flags set by
this test would need to be checked manually.
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4.1. Processing Undefined Values in Heat Wave Indices

A number of the heat wave indices (*_HWA, *_HWD, and *_HWM) are marked by Climpact2 as undefined if no
heat wave events were identified for that station in a given year. This is a different case to the values for these
indices being missing due to missing data. For example, if a grid cell has no HWA assigned because no heat wave
events occurred (not because there were missing data) then this grid cell should not have values from nearby
stations interpolated into it, as this would effectively be assigning a heat wave amplitude value where station data
shows there were no heat waves. Using a missing data indicator (MDI) would lose valuable information about the
behavior of these indices, as the absence of heat wave events is also important to be able to quantify. However, the
Climpact2 software does not distinguish between these two cases, using “NA” in both instances. Similarly for
*_HWN and *_HWF, “0” (zero) is used when no heatwave occurred and also when the index could not be
calculated due to missing daily data. For the heat wave indices only, we perform additional steps to account for
these undefined values.

We use the values of other indices to help distinguish whether an “NA” or “0” value arises because the index is
undefined or if there are insufficient data points for the index to be calculated and hence should be represented by
a MDI (herein − 99.9). To determine if the values are truly missing, for the heat wave indices based on the 90th
percentile of the maximum temperatures (TX90_*) we use TXx, and for those using minimum temperatures
(TN90_*) we use TNn. And for the indices using the ECF and EHF to determine thresholds, we combine both
TXx and TNn as both ECF and EHF are based on the mean temperature (which is derived using an average of Tmax

and Tmin).

As an example for the indices based on TX90, if a year has “NA” for TX90_HWA, TX90_HWD and
TX90_HWM and “0” for TX90_HWN and TX90_HWF and is also missing in TXx, then we set that year as
missing in the heat wave index using an MDI. However, if there is a value for TXx, then we set that index as
undefined using another special value (undefined value indicator, UVI, herein − 88.8) for those indices with “NA”
set and leave the “0” for TX90_HWN and TX90_HWF. In the data processing steps, the UVIs are masked when
calculating the DLS. But they are not handled as missing data when performing the station selection.

In the ADW gridding scheme we have implemented an extra step to handle the undefined values in these heat
wave indices. In an approach analogous to the “wet/dry” binary gridding used by Durre et al. (2022), we construct
a separate binary field, with 0 in grid boxes with valid index values, and 1 in those with a UVI. The ADW scheme
is applied to this field which is then used to mask the gridded values. Locations where this mask is >0.5 are where
it is more likely that the index is undefined, and so values in these boxes are replaced with a UVI. Locations where
this mask is ≤0.5 are left unmodified.

For the purposes of calculating time series, trends or differences in the HWA, HWD, and HWMmetrics, the UVI
is replaced by a missing value indicator. These extra undefined values reduce the number of years available for a
given grid box, and overall, the temporal completeness requirement (90% of years with values) is much less likely
to be met. We therefore do not show the “90%tc” version of this data set (with the temporal completeness re-
striction) on the time series plots for these indices. These indices are also undefined in the reanalyses data sets
when no heat wave occurs, and are represented by missing data indicators. Hence, for this subset of the heat wave
indices (shown in Figure 4 and Figures S21–S40 in Supporting Information S1), there is an extra uncertainty
arising because of the way these undefined values have been treated as missing in these final steps. In the data
files, these values are presented using the UVI.

5. Validation of Data Over China
This sector‐specific extension to HadEX3 uses data from a different source over China (228 stations available in
the complete GHCND, of which 208 have records of at least 20 years) compared to the HadEX3 data set (319 as
detailed in Xu et al. (2013)), as indices from the original source were not available for inclusion. Therefore, we
show in Figure 2 comparison time series against the original HadEX3 for three ETCCDI indices (listed in Table 5)
covering a range of input measurements and index styles. We use area averages for a region covering from latitude
17°N to 54°N, and longitude 70°E to 135°E, following the approach in Dunn et al. (2020) to demonstrate that
there have been no significant differences introduced by the inclusion of this alternative data source.

For TX90p (warm days) there are only very minor differences in this regionally‐averaged annual time series, with
the largest differences occurring around the late 1940s and early 1950s. TNn (coldest annual temperature) shows

Earth and Space Science 10.1029/2023EA003279

DUNN ET AL. 9 of 22



greater differences than TX90p, especially after around 2010 when the coverage of the selected region is not
complete in the new data set. Rx1day (maximum one day precipitation) shows more consistent but still small
differences in the regional average throughout the period of record, despite a substantial decrease in the area
covered in this new data set (only long‐term grid boxes are included in the calculation of the area‐average time
series). A reduced station number will result in some grid boxes no longer having sufficient stations fromwhich to
calculate a value, and hence there is lower coverage when using GHCND in this data set than compared to
HadEX3‐v3.0.4 for Rx1day. Hence the coverage of precipitation indices in the ET‐SCI collection may also be
reduced in this part of the world in the final years of the data set when compared to indices in HadEX3‐v3.0.4.

However, the use of the GHCND data set to provide in situ data over China does result in very similar behavior
compared to the original HadEX3 data set (on an annual basis for these indices over this region). We therefore
have included GHCND as an additional data source to ensure that there are some stations from China incorporated
into this extension to HadEX3.

6. Global Behavior of the Sector‐Specific Indices
The Climpact indices include both those defined by the ETCCDI, which had an initial climatological focus, and
those recommended by the ET‐SCI which expanded the set to be more sector applicable (see applications in e.g.
Herold et al. (2018)). The behavior of the ETCCDI indices was discussed from a climatological point of view in
Dunn et al. (2020), and although many of those indices also have applicability to numerous sectors, we do not
repeat that discussion here. Hence we will focus on the additional indices recommended by the ET‐SCI.

We have followed the same methodology to generate this data set as outlined in Dunn et al. (2020) for HadEX3,
and therefore the data set of these indices is also best‐suited for the investigation of changes in global or large‐
regional scales over the last ∼120 years. However, studies on local or even grid‐box scales are still possible, as
long as the blending nature of the ADW is noted; that information and behavior of the indices may have been
interpolated from outside of the focus region. The netCDF files include metadata on the number of stations
contributing to each grid box which will help in this assessment. Furthermore, this data set provides the global and
continental scale context for changes in these indices which can support any regional assessment. For some of the

Figure 2. Time series for the area‐average of the annual versions of three representative indices (a) TX90p, (b) TNn, and (c) Rx1day. The comparison between the time
series demonstrates the impact of the change to using GHCND data over China in this sector‐specific extension to HadEX3 from the original HadEX3 (v3.0.4) which
used data from the Chinese Meteorological Agency (see Dunn et al. (2020) for details). These indices were calculated purely to enable this comparison, and do not form
part of the sector‐specific extension. (d–f) Also shown is the fraction of valid land grid boxes in each year for this region for both based data sets.
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input data sources, indices at the station‐level will also be available, allowing site‐specific investigations, or
generation of higher‐resolution, regional data sets.

We also present the behavior of the indices in a similar way to Dunn et al. (2020). In the figures below we show a
number of plots for each index. In panel (a) we show the linear trend over 1970–2018, as some station records,
especially in South East Asia start in the 1970s. The trend has been calculated using the median of pairwise slopes
method (Lanzante, 1996; Sen, 1968; Thiel, 1950). We do not expect changes in these indices to be linear over
time, but this is a useful way of displaying the changes. For a trend to be calculated in a grid box, values have to be
available for at least 66% of the years (33 years) and the final value of the grid box has to occur in 2009 or later. To
give an indication where we can be confident that the trends are not zero, grid boxes where the 95% confidence
intervals exclude zero are shown stippled. The spatial coverage over the 1970–2018 period is in most indices
relatively constant, apart from the final few years of the record.

We also show these changes in panels (b) which contain the difference between two 20‐year averages (1991–2010
minus 1971–1990); this avoids the assumption of a linear trend. The time ranges of these two panels have been
defined to optimally reflect the maximum spatial coverage of most of these indices (panels d), as for many indices
this is 1970–2010. At least 14 years (66%, rounded up) of data have to be present in each of the two 20‐year
periods for a difference to be shown, which results in slightly different spatial coverage to the linear trend
maps. To give an indication of where we can be confident that these differences are significant, we apply a 2‐

Figure 3. Maps of (a) trends and (b) differences, and time series of the (c) global average anomalies and (d) coverage for annual TXge30 (days, using 1981–2010 as the
reference period). Regions shown in white in (a) have values of zero throughout the record, and stippling shows grid boxes where the 95% confidence intervals exclude
zero. Stippled regions in (b) are those where a two‐sample KS test indicates the distributions are different at a 95% confidence level. In panel (c) along with the time
series from the full data set (dotted black line) and grid boxes from the 90% temporally complete subset (90%tc, solid black line), we also show time series from land‐
masked JRA‐55, CFSR, 20CR, ERA5, and MERRA‐2 reanalyses, along with their correlation values. In panel (d) we show the coverage of the full data set as well as
from the grid boxes which form the 90% temporally complete (90%tc) subset used for the timeseries in (c).
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sample KS test at a 95% confidence level to the grid boxes. Locations where this indicates the distributions from
the two 20‐year periods are different are shown with stippling.

In panel (c) we show the “global” land average time series for each index compared to a number of reanalysis
products, using anomalies referenced to 1981–2010.We note that there are significant gaps in the spatial coverage
of these indices, especially over Africa and parts of South America. Therefore these average time series are first
not truly global, and second, they are impacted by the changes in spatial coverage, especially in the early period of
this data set. We therefore also show the fraction of land grid boxes with valid data in (d), so that readers can see
over which period coverage is relatively stable, and how the early part of the record is affected.

Cosine‐latitude weighting has been applied when obtaining the average time series to account for the different
grid cell sizes across latitudes. As can be seen from panels (a, b, and d) some indices have large areas of the global

Table 5
The Three “ETCCDI” Indices Used to Validate the Inclusion of a New Data Source Over China

Index Name Description Units

TX90p Warm days Percentage of time when daily max temperature “>90th
percentile”

%

TNn Coldest night Lowest value of daily minimum temperature °C

Rx1day Max 1 day precipitation amount Maximum 1‐day precipitation accumulation mm

Figure 4. Maps of trends and differences, and time series of the global average and coverage for TX90‐HWD (heat wave duration, days), using 1981–2010 as the
reference period for the calculation of the 90th percentile. Regions shown in white in (a) have values of zero throughout the record. No time series is calculated using
temporally complete grid boxes for this index. No 90% temporal complete version of HadEX3 is shown in (c) because periods where this index is undefined (i.e., no heat
waves occurred) mean this criterion is met much less often than for other indices, as shown in panel (d) (see Section 4.1).
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land surface without any coverage. We show two versions of the data set, one using all the grid boxes (full) and
one which only takes grid boxes which report 90% of the time (90%tc, 106 years out of 118). This latter option has
a much smaller spatial coverage (clearly visible in panels (d)), but minimizes the inhomogeneities caused by parts
of the world dropping in and out as the underlying station records start and stop.

The coverage uncertainties shown in panel (c) are calculated applying the approach from Brohan et al. (2006)
using the ERA5 reanalysis (Hersbach et al., 2019, 2020), as done for the ETCCDI indices in Dunn et al. (2020).
The ERA5 data are regridded to match the observations, and for the monthly indices, the appropriate calendar
month (e.g., all Januaries) selected. For each year in the reanalysis record, the data are masked by the observa-
tional coverage, and a cosine‐weighted global average calculated. The residuals between these averages and that
from the unmasked reanalysis are obtained. Finally, the standard deviation of the distribution of these residuals is
used as an estimate of the coverage uncertainty.

We also show time series for indices calculated for the global land surface from MERRA‐2 (Gelaro et al., 2017),
JRA‐55 (Kobayashi et al., 2015), CFSR (Saha et al., 2010) and 20CR (Slivinski et al., 2019) for comparison, as
these reanalyses performed well when compared to the ETCCDI indices in HadEX3 (Dunn et al., 2022). These are
using the full land surface, and have not been masked to the spatial coverage of these data. We also include the
correlation coefficient of these timeseries of the reanalyses against the 90% temporally complete observational
HadEX3 data.

Figures for all indices are shown in Supporting Information S1, along with those referenced to the 1961–1990
reference period.

6.1. Indices Relevant to Health

Exposure to prolonged or extremely low or high temperatures can have severe consequences on physiology. A
number of existing ETCCDI indices have clear links to human, animal and plant health, focusing on temperatures
above (summer days, SU; tropical nights, TR) or below (frost days, FD; ice days, ID) fixed thresholds, or on
duration indices of above or below moderately extreme conditions (warm spell duration index, WSDI and cold
spell duration index, CSDI). The new indices which complement these extend the existing indices by adding in
higher or lower thresholds for the temperatures, with TXge30 and TXge35 extending SU (“TXgt25”) and TNlt2,
TNltm2 and TNltm20 extending FD (“TNlt0”). Greater flexibility has been added to the duration indices which
now include user‐defined versions (WSDId and CSDId).

Other indices which provide new capabilities to monitor changes relevant to heat health are the degree‐day
measures, with HDDheatn and CDDcoldn measuring the demand for heating or cooling buildings to maintain
suitable temperatures. There are also the TXdTNd and TXbdTNbd indices which count the number of consecutive
hot or cold days and nights. Finally, there are the new heat wave indices, which characterize heat waves and cold
waves by their number (of events), frequency (day count), duration (of the longest event), magnitude (mean
temperature) and amplitude (peak value reached). These use either the excess heat factor (EHF) or the 90th
percentile of the maximum or minimum temperatures to identify heat waves.

We show two examples of these indices, focusing on heat wave events, TXge30 in Figure 3 and TX90_HWD in
Figure 4, with figures for all indices being available in Supporting Information S1.

In Figure 3c, it is clear that global values of TXge30 increase from the middle of the 20th Century. The rate
of change on a global scale in this data set is smaller than that from the reanalyses data sets, which is likely
the result of the lack of information over Africa in the observational product. As can be seen from Figure 3d,
although the spatial coverage of the full data set rises to over 50% of land grid boxes, when selecting grid
boxes with 90% temporal completeness (90%tc) for the time series shown in Figure 3c, this value is much
lower, under 20%. The area available using the 90%tc is determined by 12 years with lowest coverage,
usually at the very beginning of the record. The consequence of this is that the “global” average time series
from the 90%tc is not representative of the global land area. As noted above, we show this to mitigate the
effects of inhomogeneities from varying spatial coverage, but also show the time series of the full data set as
well.

The warmer climates in the tropics can result in a more rapid increase in the values of this index than locations in
the high latitudes (Figure 3a), as the peak in the distribution of daily maximum temperatures will be closer to the
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threshold, and so small increases in the mean result in many more exceedances. However, in areas where the
majority of days have maximum temperatures exceeding 30°C, the behavior of this index is more accurately
measuring changes in the numbers of “cooler” days, than increases in extremely hot days. And where rainfall is
the dominant driver for days to have maximums under 30°C, there is also a link to changes in precipitation
patterns.

Of the five reanalyses, four show positive correlations against the 90% temporally complete HadEX3 for TXge30,
but only ERA5 has a value r > 0.7. The behavior of CFSR after 2010 (see Figure 3c) was also noted in Dunn
et al. (2022) for the TNx and TXx indices. But this step‐change, which drives the negative correlation value for
CFSR, was not seen for TXn and TNn, suggesting that only the warmer values are affected.

There are some regions of decreases in TXge30, which are clearest in for example, in eastern North America,
central South America and eastern Southeast Asia (Figure 3b). For South America and Southeast Asia, these
decreasing trends can result from artifacts of the gridding process combined with the changing station network in
these regions. Values in early years can be interpolated through the ADW method from stations comparatively
distant from these locations. When more local stations become available in later years (from 1979 in Southeast
Asia) these are more representative of the local climate, and in some cases can result in an apparent anomalous
trend, as discussed in Dunn et al. (2022). However, the decreasing trends over North America are over a wide,
well‐observed region are considered robust and have been called a “warming hole,” and a number of explanations
have been put forward for this feature (which were also noted in HadEX3 (Dunn et al., 2020)), for example,
internal variability (Meehl et al., 2012), land use change (Portmann et al., 2009), and changes in the local hy-
drological cycle (Eischeid et al., 2023; Pan et al., 2004).

The behavior of the heat wave duration index based on TX90 (TX90_HWD, Figure 4) is more heterogenous than
TXge30 shown in Figure 3. This index measures the length of the longest heat wave in a season, where heat waves
are identified by at least three days of temperatures above the 90th percentile (defined for each calendar day). In
this index if no heat waves were identified for that season, the value of this index is undefined (see Section 4.1).
These undefined regions are set to missing when plotting the trend and difference maps and the time series in
Figure 4. Also, as noted above, these periods when no heat waves were detected reduce the temporal completeness
of each grid box, and also the reanalyses, when calculating the time series for the long‐term grid boxes (see limited
coverage for 90%tc in Figure 4d). So in Figure 4c we only show the results for the full coverage of the data set.

All reanalyses show clear positive correlations, with CFSR, ERA5, and MERRA‐2 having values r > 0.85. The
time span of 20CR covers the entire period, and shows greater interannual variability in the earlier period, where
in situ data for both HadEX3 and 20CR are sparser. The agreement between HadEX3 and all the reanalyses from
∼1980 onwards is very good.

The overall pattern of change across the globe is much less uniform than for TXge30, though increases in the
duration of the longest heat wave have occurred in many parts of the globe. The behavior seen over the complete
record also shows good agreement with the reanalyses. The slow apparent decrease in TX90_HWD since the start
of the record toward around 1990, which is also shown by 20CR, occurs as the spatial coverage also increases.
The coverage uncertainty encompasses zero change during this time, hence it is unclear whether the initial gradual
decrease can be considered to be realistic from a global perspective, due to the relatively low spatial coverage in
the first half of the time series, although it is supported by the globally‐complete 20CR reanalysis. The non‐linear
nature of the time series since 1970 (Figure 4c) results in the striking disparity between panels (a) and (b).

This set of ET‐SCI indices incorporate a large number of individual indices to capture a range of heat wave
characteristics, using the four different metrics to identify heat wave events (see discussion around Tables 2 and
3). For the detailed study of the impacts of changes in heat waves on human, animal and plant health, all these as
well as other indices in the Climpact set could be incorporated and compared to other data sets to for example,
explore adaptation strategies.

6.2. Indices Relevant to Agriculture and Food Security

A number of the indices relevant to health are also relevant to agriculture and food security, especially
considering animal husbandry. However, plant species also have threshold temperatures above/below which
they suffer damage or do not grow, set seed and/or fruit. In fact, instantaneous exposure to very high or low
temperatures are sufficient for impacts, and so the TXx and TNn indices are included alongside measures
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using the daily mean temperature (TMlt5, TMge5, TMlt10, TMge10). Another clearly relevant index is
GDDgrown (Growing Degree Days) which complements Growing Season Length (GSL). And of course
precipitation indices are also important for agriculture, with the Standardized Precipitation Index (SPI) and
Standardized Precipitation Evapotranspiration Index (SPEI) available as standard on a 3, 6, and 12 month
accumulation as well as a user‐defined timescale (24 months in this extension). Some of these temperature
indices use fixed thresholds which may be relevant to certain species. GDDgrown can be tailored to any
number of species (both plant and pest) depending on the need of the user. In this global study we have used
10°C, which is relevant for for example, rice, soy and coffee, but also allows for the greatest spatial
coverage from the data provided for this global data set.

Multiple indices can also be assessed together (Villa‐Falfán et al., 2023) or combined using multiple linear
regression models (McGree et al., 2020) to understand the drivers on crop yields, especially in locations where the
daily temperature and precipitation data are not freely available for this kind of analysis but this space‐filling
representation is.

The SPEI is a measure of drought based on precipitation and evapotranspiration measures (Vicente‐Serrano
et al., 2010), extending the SPI by including temperature information. The Hargreaves method was used to
calculate potential evapotranspiration (Hargreaves, 1994; Hargreaves & Allen, 2003; Hargreaves &
Samani, 1985). The inclusion of evapotranspiration can be extremely important as any changes in precipi-
tation can be offset or exacerbated by changes in evapotranspiration. Negative values for the SPEI (and SPI)
indicate conditions are drier than the 1981–2010 baseline, while positive values indicate wetter conditions.
We compared the SPEI values obtained from the daily observations in this study to those derived from
monthly observations used by Spinoni et al. (2019). Their Figure 2 shows the 3‐month SPEI measure in
August 2015, the month with the largest area in drought conditions between 1951 and 2016, and in Figure 5
we show the field for the same month. Large scale patterns of areas under drought qualitatively match well,
with central and eastern Europe, eastern Asia and north‐western North America all showing SPEI values of
less than − 1.

Strong long term global changes in 12‐month SPEI are not apparent (Figure 6), with the coverage uncertainty of
the time series encompassing zero for most of the period of record. There is an increase in SPEI during the middle
of the 20th century, coincident with increased spatial coverage, and there are suggestions of a slow drop in global
SPEI values from around 1990. However, in Figure 6a there are regions showing consistent changes, with parts of
southern Africa, southern Australia, southern South America, and a number of regions around the Mediterranean
Sea all showing trends of decreasing 12‐month SPEI and hence increasing levels of drought.

The lack of a strong long‐term global change also affects the correlations of the reanalyses with the 90%
temporally complete HadEX3, as these are dominated by the interannual variation for the 12‐month SPEI.
The lower spatial coverage in the 90% temporally complete HadEX3 also will affect the representativity of
this data set (with only around 10% of global land area being covered), with a smaller fraction of the land
area being summarized in the time series, the chances for mismatches with the globally‐complete reanalyses
are higher.

The global average timeseries of TNltm2 (indicating periods of significant frost, Figure 7) has the opposite
pattern to TXge30, with a continual decrease starting around the 1940s. All reanalyses show strong positive
correlations with HadEX3, with all but 20CR having r > 0.9. Crop fertility can be affected by freezing
temperatures and growing seasons can be shifted. The decrease in cold nights is consistent with an overall
increase in GSL (Supplemental Figure S10 in Dunn et al. (2020)). Again, there is good agreement between
HadEX3 and the reanalysis products (and there is no change in behavior for CFSR post‐2010). This index
shows a more heterogenous behavior over southern South America, with no large contiguous areas of either
increase or decrease. This region is topographically complex, and so the behavior will depend on the lo-
cations of the stations in this region. For example, those from the DECADE project (Andrade et al., 2018)
come from the central Andes, and many stations are at high altitude (over 2,000 m), whereas those from the
LAOBS collection (Van Den Besselaar et al., 2015), from Brazil (from INMET) and from other South
American nations (de los Milagros Skansi et al., 2013; Podestá et al., 2013; Veiga et al., 2014) are generally
from lower elevations.
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6.3. Indices Relevant to Water Resources

Both too much or too little water pose problems in human societies. The additional ET‐SCI indices along with the
ones from the ETCCDI collection in the Climpact set predominantly facilitate the study of changes in rainfall
characteristics as they are based on daily rainfall accumulations. However, most of the additional indices defined
by the ET‐SCI are based on daily temperatures, and only a few use the daily precipitation values. SPEI (see above)
combines both quantities and is very relevant for water resources since it factors in the evaporative demand of the
atmosphere, but the SPI is a measure of drought based solely on the precipitation amounts (McKee et al., 1993),
and the 12‐month version of the index reflects long‐term precipitation patterns (World Meteorological Organi-
sation, 2012). Only some parts of the world show large contiguous areas of consistently changing 12‐month SPI
where the changes are different from zero (Figures 8a and 8b). And in the global time series there is little evidence
for global‐scale changes in recent years (Figure 8c). However, there is an increase during the middle of the 20th
century, which is coincident with (but not driven by) the progressive increase in spatial coverage between 1940
and 1970 (mainly South America and south‐eastern Asia), which leads into the 30 year reference period for the
SPI. As the timeseries from the full data set and that from the coverage limited (90%tc) are very similar for the
global mean, the coverage unlikely to be the driver for the change in SPI during the 20th century. However, the
20CR shows no strong change in this index over the period, nor do the other reanalyses over their periods.

The indices relevant to water resources are not only those based on precipitation, but also temperature indices that
characterize prolonged above average‐temperatures for example, TXdTNd, TXgt50p. These sit alongside the
existing ETCCDI precipitation indices which also quantify excess water amounts, such as Rxdday which has been
introduced here to allow for a user‐defined number of days over which to determine a maximum accumulation
amount.

7. Summary
We present an extension for a data set that comprises additional sector‐specific indices based on daily mea-
surements of precipitation, maximum and minimum temperatures to add to those already well used in the HadEX
family of data sets. The addition of these new indices increases the sector‐specific applicability of the HadEX3
data product, and is intended to support decision makers in a wide range of sectors with accurate historical in-
formation about how the climate is changing.

Figure 5. Values of 3‐month SPEI for August 2015, the month with the largest area of the globe in drought conditions
according to Spinoni et al. (2019). Negative values show regions in drought.
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To ensure compatibility and continuity, we have performed very similar processing to that used for the HadEX3
data set, and the gridded fields are provided on a 1.875°× 1.25° longitude‐latitude grid, covering 1901–2018. This
data set has been designed for the study of large scale past changes in these indices, for example, on a global or
continental scale.

The issues with the ADWmethod noted in Dunn et al. (2020, 2022) are also apparent in this data set. Alternative
gridding and interpolation methods, which manage the varying station network and incorporate other co‐variates,
will be necessary for a future version to enable reliable local and regional assessment of changes. On a global and
in most cases a continental scale, the current approach does result in good agreement with modern reanalysis
products.

Analyses of long‐term changes in these indices on a global scale (moderated by limited spatial coverage in e.g.
Africa and parts of South America) show increases in the intensity and duration of warm conditions, and cor-
responding decreases in cool conditions since the middle of the 20th Century. There is good agreement between
the direction and magnitude of the changes seen in this product and in globally averaged time series calculated
from modern reanalysis products. We note the very poor coverage over Africa for some of these new indices,
especially when selecting grid boxes which are 90% temporally complete. The new ET‐SCI indices were not
always included in the data supplied when constructing the HadEX3, which has limited the spatial coverage.
Ongoing efforts in data rescue (e.g., Atmospheric Circulation Reconstructions over the Earth [ACRE, https://
www.met‐acre.net/], and International Data Rescue [I‐DARE, https://www.idare‐portal.org/]) and access to in
situ records (Noone et al., 2021; Thorne et al., 2017) should also help increase the volume of data available in the

Figure 6. Maps of trends and differences, and time series of the global average anomalies and coverage for annual 12 month‐SPEI (using 1981–2010 as the reference
period). In panel (d) we show the coverage of the full data set as well as from the grid boxes which form the 90% temporally complete (90%tc) subset used for the
timeseries in (c). No annual values for SPEI are calculated, so we show values for June.

Earth and Space Science 10.1029/2023EA003279

DUNN ET AL. 17 of 22

https://www.met-acre.net/
https://www.met-acre.net/
https://www.idare-portal.org/


future. We have shown herein and also in Dunn et al. (2022) that the reanalyses are often in close agreement with
the in situ observation based data sets in regions with good data coverage but large inter‐product spread in regions
with poor data coverage (e.g., Alexander et al., 2020) mean that caution is required in their interpretation in data
sparse regions.

The example indices we have shown indicate that the number of days above 30°C (TXge30) is increasing virtually
everywhere, which has potential implications for crop fertility, and freezing days (TNltm2) are decreasing, which
can potentially reduce crop damage and change growing seasons. The longest heat waves (TX90_HWD) are
getting longer in many regions, which has clear health and energy implications. Droughts are increasing or
decreasing depending on the region (12month_SPEI). The Supporting Information S1 contains maps and time
series for all the indices and the https://www.climdex.org portal provides a user‐friendly interface for exploring
and obtaining these data. Decision makers from the health, agriculture and water as well as other sectors are
encouraged to explore these resources. These Climpact indices can be combined either together or with other data
sets to increase their usefulness and enable the identification of both simple and complex climate risks. The use of
these indices in regions where daily temperature and precipitation observations are not available can help with
studies in the sectors where these indices are applicable.

The focus of the initial release of HadEX3 (Dunn et al., 2020) was on the indices defined by the ETCCDI, which
were amongst the first set developed to allow the study of extremes in a consistent and comparable way for large
parts of the globe (Frich et al., 2002; Karl et al., 1999; Peterson, 2005). Additional indices were developed by the
ET‐SCI to complement the original set, and these two collections combined form the Climpact indices. The new

Figure 7. Maps of trends and differences, and time series of the global average anomalies and coverage for annual TNltm2 (using 1981–2010 as the reference period).
Regions shown in white in (a, b) have values of zero throughout the record. In panel (d) we show the coverage of the full data set as well as from the grid boxes which
form the 90% temporally complete (90%tc) subset used for the timeseries in (c).
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indices that we have included (to give around 80 indices in total) extend the potential uses of the HadEX family of
data sets, with a focus on sector specific applications. This now allows users to analyze past changes in extremes
from a climatological point of view, as well as investigate these through the lens of certain sectors. Looking
forward toward the next update to the HadEX family of data sets, it is likely that all the Climpact indices will be
made available contemporaneously.

Indices of concurrent climate extremes—two or more extremes occurring at the same time—are becoming more
relevant for adaptation since the frequency of many individual extremes are increasing worldwide (Seneviratne
et al., 2021). Hot days and drought from the Climpact indices have been used to assess the changing frequency of
hot and dry days (e.g., De Luca & Donat, 2023) and demonstrate more generally how indices of hot/cool and dry/
wet days can be combined. Determining the most sector‐relevant combination of climate variables and their
corresponding thresholds to measure concurrent climate extremes will require ongoing research and the avail-
ability of long and high quality sector data (e.g., crop yield or fatalities).

Data Availability Statement
The gridded dataset are available at www.metoffice.gov.uk/hadobs/hadex3 and at www.climdex.org. In addition,
a version is available on the CEDA archive (https://dx.doi.org/10.5285/2bfbdba03d9b423f99cadf404ca2daab).

The underlying station indices will be made available on www.climdex.org where we are allowed to do so. For
some collections we are not allowed to make the underlying station data public under terms of their licence.

Figure 8. Maps of trends and differences, and time series of the global average anomalies and coverage for annual 12 month‐SPI (using 1981–2010 as the reference
period). In panel (d) we show the coverage of the full data set as well as from the grid boxes which form the 90% temporally complete (90%tc) subset used for the
timeseries in (c). No annual values for SPI are calculated, so we show values for June.
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