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Human activities are estimated to have caused ~1.0 °C of 
global warming above pre-industrial levels, with most of the 
warming occurring since the mid-twentieth century1. This 

warming may have already impacted the number of tropical cyclone 
(TC) occurrences at global and regional scales, but so far changes 
are unclear—and often controversial—due to several confounding 
factors, including data quality issues that create major challenges for 
detection and attribution of TC trends2. Before the commencement 
of geostationary weather satellite monitoring in the 1970s, historical 
global ‘best track’ records of TCs were more prone to discontinui-
ties and sampling issues and are therefore considered problematic 
for climate change trend analysis2,3. TC observations have improved 
substantially since the 1970s, but this relatively short period of 
high-quality data does not provide consensus on the detection of 
trends or on the attribution of trends to anthropogenic influences. 
On the basis of the few decades of reliable historical data, there is no 
clear evidence of an observed trend in global TC numbers. Trends 
in regional TC numbers based on observations can be obscured by 
natural climate variability, including at decadal to multi-decadal 
time scales, leading to conflicting conclusions on detection and 
attribution of TC frequency trends2–7.

Several hypotheses tested using climate model experiments 
point to a plausible link between anthropogenic-induced green-
house warming and changes in TC numbers at global and regional 
scales8–14. To summarize these studies, we note that TCs can form 
only when an initial circulation is protected from environmental 
wind shear and dry air intrusions15, within which prolonged deep 
convection can moisten the protected region sufficiently to allow 
a precursor to develop into a TC16. Even in the current climate, 
much of the tropics are typically hostile to TC formation with the 

middle troposphere being too dry and wind shear often too strong17. 
In a warming climate, changes in deep convection, wind shear and 
middle tropospheric humidity are likely to contribute to an even 
more hostile TC formation environment globally8–11. At a regional 
scale, non-uniform sea surface temperature (SST) increase (that is, 
warming relative to the mean tropical SST) can cause shifts in the 
areas of active convection with associated changes in wind shear 
and middle-troposphere dryness, leading to shifts in TC forma-
tion locations10,18,19. But those areas of active convection caused 
by non-uniform SST increase are also likely to be influenced by 
other factors such as internal climate variability and localized aero-
sol effects, making it difficult to detect any long-term changes in 
regional TC numbers.

Given the unprecedented level of warming since the mid- 
twentieth century in the context of at least the past 2,000 years1,20 
and its associated impact on the major atmospheric circulations in 
the tropics21–24, one would expect such changes to manifest in the 
total number of TCs observed globally. While most climate model 
experiments project a likely decline in global TC numbers due to 
greenhouse warming12, studies that have attempted to assess these 
changes empirically are often constrained by the lack of observa-
tional data covering the pre-industrial period2. Palaeoclimate recon-
structions do provide some indications of changes in TC activity 
over the period but only for localized regions, limiting the ability 
of this approach to realistically capture basin-wide and global-scale 
trends and variability25.

Here we use the Twentieth Century Reanalysis (20CR) dataset26 
to derive a long-term historical proxy record of global TCs extending 
back to the mid-nineteenth century, allowing objective assessments 
of changes in global- and regional-scale TC numbers since 1850 
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Assessing the role of anthropogenic warming from temporally inhomogeneous historical data in the presence of large natu-
ral variability is difficult and has caused conflicting conclusions on detection and attribution of tropical cyclone (TC) trends. 
Here, using a reconstructed long-term proxy of annual TC numbers together with high-resolution climate model experiments, 
we show robust declining trends in the annual number of TCs at global and regional scales during the twentieth century. The 
Twentieth Century Reanalysis (20CR) dataset is used for reconstruction because, compared with other reanalyses, it assimi-
lates only sea-level pressure fields rather than utilize all available observations in the troposphere, making it less sensitive to 
temporal inhomogeneities in the observations. It can also capture TC signatures from the pre-satellite era reasonably well. The 
declining trends found are consistent with the twentieth century weakening of the Hadley and Walker circulations, which make 
conditions for TC formation less favourable.
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(Methods). Note here that the period 1850–1900 is used as a baseline 
approximation of pre-industrial conditions, consistent with the def-
inition of the Intergovernmental Panel on Climate Change (IPCC)1. 
The 20CR reanalysis assimilates only surface pressure-based obser-
vations as opposed to most other reanalyses that utilize observa-
tions at many vertical levels throughout the troposphere and 
stratosphere. This methodology of using all available observations 
has resulted in substantial inhomogeneities given the time-changing 
observational network26. Earlier studies have shown that the 20CR 
is an effective tool for examining TC records in an historical con-
text27,28. Here we apply an innovative direct TC detection and track-
ing scheme that utilizes only tropospheric variables—inspired  

by the ‘marsupial-pouch’ concept of TC formation15 termed the 
Okubo–Weiss–Zeta (OWZ) scheme29,30—to create a long-term 
proxy record of TCs from the 20CR for the period 1850–2012. 
These 20CR-derived TCs are extensively validated with the available 
best track records for all TC basins (Methods section on ‘Statistical 
assessment of annual TC numbers’).

In addition to the 20CR dataset, climate model experiments from 
two recent projects—the ‘Database for Policy Decision-Making 
for Future Climate Change’ (d4PDF)31 and the ‘International 
CLIVAR Climate of the Twentieth Century Plus Detection and 
Attribution project’ (C20C + D&A)32—are used to explore the role 
of anthropogenic warming on the observed changes in global- and  

1850 1900 1950 2000

Year

40

50

60

70

80

90

100

110

120

130

A
nn

ua
l n

um
be

rs

Global TC numbersa b

c d

1850 1900
Year

1950 2000

–20

0

20

A
no

m
al

ie
s

Cont. Hist.
70

75

80

85

N
um

be
rs

CAM5

Cont. Hist.
65

70

75

80
MRI-AGCM

∇ = +0.15 TCs per yr

∇ = –0.31 TCs per yr

1850 1900 1950 2000

Year

5

10

15

20

25

30

35

40

45

A
nn

ua
l n

um
be

rs

Southern Hemisphere TC numbers

1850 1900 1950 2000

–5

0

5

10

A
no

m
al

ie
s

Cont. Hist.
18

20

22

24

26

28

18

20

22

24

26

28

N
um

be
rs

CAM5

Cont. Hist.

MRI-AGCM

∇ = –0.14 TCs per yr

∇ = +0.13 TCs per yr

1850 1900 1950 2000

Year

20

30

40

50

60

70

80

90

A
nn

ua
l n

um
be

rs

Northern Hemisphere TC numbers

1850 1900
Year

1950 2000

–10

0

10

20

A
no

m
al

ie
s

Cont. Hist.
45

50

55

60

N
um

be
rs

CAM5

Cont. Hist.
45

50

55

60
MRI-AGCM

∇ = +0.02 TCs per yr

∇ = –0.18 TCs per yr

1860 1880 1900 1920 1940 1960 1980 2000 2020

Year

–0.4

–0.2

0

0.2

0.4

0.6

0.8

T
ro

pi
ca

l S
S

T
 a

no
m

al
ie

s 
(°

C
)

Tropical SST anomalies

Pre-industrial
baseline

Mid-twentieth
century warming

Year

Fig. 1 | Anthropogenic greenhouse warming-induced changes in global and hemispheric annual TC numbers as inferred from the 20CR dataset and 
changes in the mean annual TC numbers between the pre-industrial control and historical periods as derived from climate model experiments.  
a–c, Time series of ensemble-mean global (a), Southern Hemisphere (b) and Northern Hemisphere (c) TC numbers for each year (blue solid line) and 
the ensemble spread at the 95% confidence interval (blue shading), long-term trends in the ensemble-mean annual TC numbers for the pre-industrial 
and the twentieth century periods (black dashed line and the associated gradients ∇) and the five-year running mean (red line). The inset on the top 
right of each panel shows the anomalies of annual TC numbers (with respect to the entire period), and the two insets on the bottom left of each panel 
are the results from the CAM5 and MRI-AGCM model experiments showing the mean changes in annual TC numbers (with 95% confidence intervals) 
between the pre-industrial control (‘Cont.’) and historical (‘Hist.’) simulations; the pre-industrial control has natural forcings only, while the historical has 
both natural forcing and anthropogenic components. d, Time series of the summertime tropical SST anomalies showing the level of warming with respect 
to the pre-industrial baseline and the period of warming since the mid-twentieth century. The vertical dashed line in panels a,b,c denotes a baseline 
approximation of the pre-industrial period ending at 1900.
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regional-scale TC numbers derived from the 20CR. The two 
models are the Atmospheric General Circulation Model of the 
Meteorological Research Institute of Japan ‘MRI-AGCM3.2’ from 
the d4PDF project11 and the Community Atmospheric Model 
‘CAM5.1.2–0.25degree’ from the C20C + D&A project32. Both 
models run ‘pre-industrial control’ (natural forcings only) and  
‘historical’ (both anthropogenic and natural forcings) simulations, 
but these models have different experimental settings and integra-
tion periods31–33. Modelled TC tracks were provided by the individ-
ual modelling groups using their own tracking schemes. It is known 
that different tracking schemes can introduce biases in detected TC 
frequency changes25,34,35. Consequently, we have performed exten-
sive verification of TCs derived from climate model experiments 
with those obtained using the OWZ scheme but find no notable 
inconsistencies between results (‘Evaluation of detection and track-
ing schemes’ in Methods).

The results from the 20CR dataset show a clear downward trend 
over the period from 1900 to 2012—as opposed to a weak upward 
trend in the earlier period—in both global and hemispheric annual 
numbers of TCs (Fig. 1 and Supplementary Fig. 1). On average, the 
global annual number of TCs has decreased by ~13% in the twen-
tieth century compared with the pre-industrial baseline 1850–1900 
(Fig. 1a). This is consistent with the CAM5 and MRI-AGCM 
experiments that show a similar TC frequency decline (~11% and 
~13%, respectively) when anthropogenic forcing is included (Table 
1). Both hemispheres contribute to the global reduction in the 
annual mean number of TCs (Fig. 1b,c). Importantly, a much larger 
decline (~23%) is evident after ~1950, coinciding with a period 
when warming signals in the climate system became evident in the 
historical record1,20 (Fig. 1d). We note several change points in the 
time series of annual TC numbers during the twentieth century (for 
example, ~1926, 1946 and 1976). Incidentally these change points, 
which otherwise cannot be resolved in short-term records, coin-
cide with periods of major climate shifts associated with long-term 
climate variability (such as the Pacific Decadal Oscillation, PDO; 
additional discussion below). Of interest is the change point around 
1946, after which the number of surface observations assimilated 
into 20CR increased, raising some concerns around the homo-
geneity of historical proxy records before this period. Thus, to 

obtain an independent verification of the 20CR-derived decline 
in global and hemispheric TC numbers, we additionally used the 
European Centre for Medium-Range Weather Forecasts (ECMWF) 
Coupled Reanalysis of the Twentieth Century dataset36 (CERA-20C, 
Methods). Note that unlike 20CR, CERA-20C is available only from 
1901 to 2010, and so we compared changes in the annual mean TC 
numbers between the two climatological periods: 1901–1950 and 
1951–2010, where the latter spans the period of substantial green-
house warming. As with the 20CR dataset, CERA-20C also supports 
the decline in both global and hemispheric annual TC numbers for 
the period under consideration (Table 2).

Annual TC numbers at the basin scale exhibit considerable vari-
ability over the period 1850–2012, but statistically significant down-
ward trends are found in every basin since 1850 except the South 
Indian Ocean where the trend becomes apparent only during the 
twentieth century (Fig. 2). Several factors can influence both vari-
ability and trends so rigorous statistical assessments (Methods) are 
performed for each basin to ensure that the ‘anthropogenic-induced 
signal’ is adequately estimated in the presence of any likely con-
founding ‘background noise’ arising from internal climate vari-
ability and external forcings such as aerosol changes for the North 
Atlantic2,37 (Supplementary Figs. 2 and 3). Such assessments 
are also necessary to ensure that the presence of any systematic 
biases in the time series of 20CR TCs are taken into consideration 
(Supplementary Figs. 4 and 5).

In the Southern Hemisphere, we find statistically significant 
downward trends for the Australian and South Pacific basins  
(Fig. 2a,b and Supplementary Fig. 1). Both basins recorded signifi-
cantly fewer TCs (~11% and ~19%, respectively) during the twen-
tieth century compared with the pre-industrial baseline, and these 
observed changes are supported by the CAM5 and MRI-AGCM 
model experiments (Table 1) and by CERA-20C (Table 2 and 
Supplementary Fig. 4a,b). The South Indian Ocean basin shows 
little trend from 1850 to 2012 (Fig. 2c), but the trend becomes 
significantly negative during the twentieth century after account-
ing for the effects of natural climate variability via Bayesian statis-
tical modelling (Methods on ‘Significance test’). Both CAM5 and 
MRI-AGCM experiments also show a substantial (but statistically 
insignificant) decline in the annual mean number of TCs between 
the two climate simulations for the South Indian Ocean basin. It 
is not clear why the annual mean TC numbers derived from the  

Table 1 | Changes in mean annual TC numbers between the two 
climate periods: pre-industrial and historical

20CR CAM5 MRi-AgCM

Global −13% −11% [−15 −6] −13% [−19 −8]

Southern 
Hemisphere

−7% −10% [−18 −5] − 20% [−26 −14]

Northern 
Hemisphere

−16% −11% [−17 −4] −9% [−16 −3]

South Pacific −19% −17% [−46 +1] −34% [−45 −19]

Australian 
region

−11% −14% [−28 −1] −21% [−28 −10]

South Indian +5% −3% [−19 +15] −11% [−25 +5]

North Indian −20% −3% [−23 +21] +2% [−3 +26]

Western  
North Pacific

−9% −8% [−18 +1] −14% [−21 −5]

Eastern  
North Pacific

−18% −8% [−18 +2] −13% [−23 0]

North Atlantic −42% [−28%] −22% [−34 −12] +10% [−8 +30]

The 95% credible intervals for the model simulations are shown in brackets. For the North Atlantic 
basin, the change in the 20CR-derived mean annual number after the bias correction is shown in 
brackets (that is, −28%).

Table 2 | As in Table 1 but for changes in mean annual TC 
numbers between the periods 1901–1950 and 1951–2010 for the 
20CR and CERA-20C datasets

20CR CERA-20C

Global −20% −9% [−13 −1]

Southern Hemisphere −26% −14% [−21 −4]

Northern Hemisphere −18% −5% [−12 +3]

South Pacific −40% −17% [−42 +21]

Australian region −32% −24% [−30 −11]

South Indian −15% −1% [−18 +16]

North Indian −27% −15% [−30 +2]

Western North Pacific −15% −8% [−18 +2]

Eastern North Pacific −28% −16% [−29 +1]

North Atlantic* +1% +80% [+25 +166]

Asterisk associated with the North Atlantic indicates that CERA-20C, like many other 
coarse-resolution coupled climate models43, have limitations in simulating realistic TC numbers 
for the basin (Supplementary Fig. 5d). Consequently, care must be exercised when interpreting 
the magnitude of the change computed from CERA-20C between the periods 1901–1950 and 
1951–2010 for the North Atlantic basin.

NATuRE CLiMATE CHANgE | VOL 12 | JULY 2022 | 655–661 | www.nature.com/natureclimatechange 657

http://www.nature.com/natureclimatechange


Articles NATuRe ClImATe CHANge

1850 1900 1950 2000

Year

0

5

10

15

20

25
a b

c d

e f

g h

A
nn

ua
l n

um
be

rs

Australian region

1850 1900 1950 2000
–10

0

10

A
no

m
al

ie
s

Cont. Hist.

8

10

N
um

be
rs

CAM5

Cont. Hist.

8

10

MRI-AGCM

∇ = +0.05 TCs per year

∇ = –0.07 TCs per year

1850 1900 2000

Year

1950
0

5

10

15

A
nn

ua
l n

um
be

rs

South Pacific

1850 1900
Year

1950 2000
–5

0

5

A
no

m
al

ie
s

Cont. Hist.
4

5

6

N
um

be
rs

CAM5

Cont. Hist.

4

6

MRI-AGCM

∇ = –0.05 TCs per year

∇ = 0.00 TCs per year

1850 1900 1950 2000

Year

5

10

15

20

A
nn

ua
l n

um
be

rs

South Indian

1850 1900 1950 2000
–4
–2

2
0

A
no

m
al

ie
s

Cont. Hist.

10

12

N
um

be
rs

CAM5

Cont.Hist.

8

9

MRI-AGCM

∇ = +0.07 TCs per year

∇ = –0.02 TCs per year

1850 1900 1950 2000

Year

10

15

20

25

30

35

40

45

A
nn

ua
l n

um
be

rs

Western North Pacific

1850 1900 1950 2000
–10

0

10

A
no

m
al

ie
s

Cont. Hist.

35

40

N
um

be
rs

CAM5

Cont. Hist.
20

25

30
MRI-AGCM

∇ = –0.07 TCs per year

∇ = –0.03 TCs per year

WNP + ENP

1850 1900 1950 2000

Year

0

5

10

15

20

25

30

35

A
nn

ua
l n

um
be

rs

Eastern North Pacific

1850 1900 1950 2000
–4A

no
m

al
ie

s

Cont. Hist.

35

40

N
um

be
rs

CAM5

Cont. Hist.
12

14

16

18
MRI-AGCM

∇ = +0.03 TCs per year

WNP + ENP

∇ = –0.05 TCs per year

1850 1900 1950 2000

Year

0

2

4

6

8

10

12

14

A
nn

ua
l n

um
be

rs

North Indian

1850 1900 1950 2000

–4
–2

2
0

A
no

m
al

ie
s

Cont. Hist.
3
4
5
6

N
um

be
rs

CAM5

Cont. Hist.
4

5

6
MRI-AGCM

∇ = +0.03 TCs per year

∇ = –0.02 TCs per year

1850 1900 1950 2000

Year

0

5

10

15

20

25

A
nn

ua
l n

um
be

rs

North Atlantic

1850 1900 1950 2000

Year

–10

0

10

A
no

m
al

ie
s

Cont. Hist.

10

15

N
um

be
rs

CAM5

Cont. Hist.
5
6
7
8

MRI-AGCM

∇ = –0.01 TCs per year

∇ = +0.02 TCs per year

Australian 
region

South 
Pacific

South 
Indian

North 
Indian

Western 
North 
Pacific

Eastern 
North Pacific

North 
Atlantic

TC regions

0

4

Year

Year Year

YearYear

Fig. 2 | Anthropogenic greenhouse warming-induced changes for individual TC basins. a–g, Time series of ensemble-mean TC numbers for the three 
Southern Hemisphere basins: the Australian region, 90° E–170° E (a), the South Pacific, 170° E–120° W (b) and South Indian, 0°–90° E (c), and four 
Northern Hemisphere basins: western North Pacific, 100° E–180° E (d), eastern North Pacific, 180°–110° W (e), North Indian, 0°–90° E (f) and North 
Atlantic, ~110° W–0° (g). h, The approximate locations of these basins are displayed. Note that due to spatial biases in the western and eastern North 
Pacific TC genesis locations in the CAM5 simulations, the changes are computed after merging the numbers for these two basins. Insets, colours, shading, 
confidence intervals and abbreviations are the same as in Fig. 1.
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20CR are lower in the pre-industrial period compared with the 
twentieth century for this basin, even though environmental condi-
tions are more favourable during the earlier period. It seems that 
decadal variability associated with the PDO, which has a moderately 
positive association with TC numbers in the basin (Supplementary 
Fig. 2c), has played a role during the 1850–1900 period when the 
PDO phase was generally negative.

In the Northern Hemisphere, both the western and eastern North 
Pacific basins exhibit statistically significant downward trends in 
the number of TCs since the 1850s (Fig. 2d,e and Supplementary 
Fig. 1) with ~9% and ~18% fewer TCs forming, respectively, during 
the twentieth century compared with the pre-industrial baseline. 
These changes are also consistent with the results from the CAM5 
and MRI-AGCM model experiments (Table 1). Note here that TCs 
simulated in CAM5 have spatial biases in their genesis locations 
(defined as the first track point in the database) for the neighbour-
ing western and eastern North Pacific basins, and so the change is 
determined after combining the TC numbers for these two basins. 
The North Indian Ocean basin also exhibits a statistically significant 
downward trend, with ~20% fewer TCs recorded during the twen-
tieth century compared with the pre-industrial period, based on 
20CR data (Fig. 2f). However, the two climate model experiments 
indicate no significant change in annual mean TC numbers between 
the pre-industrial control and the historical simulations. These 
modelling studies do note that there is poor model performance in 
representing the influence of increasing Indian subcontinent pollu-
tion on Bay of Bengal TCs38. We find that the eastern North Pacific 
and the North Indian Ocean basins have systematic underestima-
tion biases in the time series of annual 20CR TCs compared with 
the observed records (Supplementary Fig. 5). These biases are con-
sistent through time and so have little influence on the downward 
trends in both basins. Annual TC numbers derived from CERA-
20C for these basins also support the declining trends throughout 
the twentieth century (Table 2 and Supplementary Fig. 5a–c).

Of particular interest is the North Atlantic basin where there has 
been an increasing trend in the annual number of TCs over recent 
decades—probably linked to various internal and external factors 
including long-term multi-decadal variability2 and reduced aero-
sol forcing after the 1970s37 (Supplementary Fig. 6)—but other-
wise no statistically significant trend when an extended period of 
reconstructed observational data is considered4,39. We also note that 
another study has reported an increasing trend in North Atlantic TC 
numbers over the past century using a statistical-dynamical down-
scaling approach5. Arguably, these past studies have limitations for 
climate change trend analysis. For example, downscaling methods—
that utilize precursor disturbances (or ‘seeds’) to evaluate changes 
in TC characteristics between different climate periods—may not 
adequately capture the essential physics for generating realistic TC 
numbers40. Such methods assume, either implicitly or explicitly, 
that adequate seeds are always available, that their rate is indepen-
dent of climate or that it is controlled by the same environmental 
factors that control their later development into TCs. Some recent 
works question these assumptions as they found that seeds can 
influence TCs independently14,40. Other studies that utilize obser-
vational records for trend analysis, as discussed earlier, are prone 
to inhomogeneities arising from changing TC monitoring practices 
in the basin41,42. In contrast, our approach—which circumvents 
these limitations as discussed earlier—shows a statistically signifi-
cant downward trend in North Atlantic TC numbers over the entire 
period 1850–2012 (Fig. 2g). This trend remains statistically robust 
after accounting for likely aerosol influences and natural climate 
variability (Supplementary Fig. 3). The overall annual mean num-
ber of TCs in the North Atlantic has declined by ~42% during the  
twentieth century compared with the pre-industrial baseline (~28% 
after adjusting for an underestimation bias in the time series of 20CR 
TCs for the post-1970 period, Table 1). This change is consistent  

with the results from the CAM5 experiment that also suggests a sta-
tistically significant decline (~22%) in annual mean TC numbers 
between the pre-industrial control and historical simulations; the 
MRI-AGCM experiment shows a small (but insignificant) increase 
in mean TC numbers between the two simulations. When consider-
ing only the twentieth century period, both 20CR and CERA-20C 
show increasing trends in annual TC numbers as with other studies4,  
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particularly during the latter half of the century (Table 2 and 
Supplementary Fig. 5d).

We examine large-scale environmental parameters that are 
closely related to TC genesis8–10,13—environmental vertical wind 
shear, mid-tropospheric mass flux (indicator of deep convection) 
and saturation deficit (or mid-tropospheric dryness)—to under-
stand physical causes of the basin-wide downward trends in annual 
TC numbers over the period 1850–2012. For ease of interpreta-
tion, all three large-scale environmental parameters—calculated 
from 20CR over the main TC development regions for the warmer 
months of the year, corresponding to the general TC seasons in each 
hemisphere—are used to derive the normalized composite index 
for each basin to collectively demonstrate their combined effects on 
annual TC numbers (Methods). We see declining trends in the nor-
malized composite index over the twentieth century, consistent with 
the declining trends in TC numbers for each basin (Supplementary 
Fig. 7). A corollary of these results is that, as the climate has warmed 
over the twentieth century, decreasing upward mass flux (Fig. 3a), 
increasing saturation deficit (Fig. 3b) and environmental vertical 
wind shear (Fig. 3c) have created an environment that is less con-
ducive for TC formation globally (Supplementary Fig. 8). The exact 

physical mechanisms driving changes in these environmental con-
ditions are still speculative. Here we propose a hypothesis that draws 
on the link with the observed weakening of the two major atmo-
spheric circulations, the Walker and Hadley circulations21–24, dur-
ing the twentieth century compared with the pre-industrial period 
(Fig. 4 and Supplementary Figs. 9 and 10). Such changes manifest 
as a reduction of the upward mass flux in the ascending branches of 
these circulations where substantial tropical deep convection occurs, 
thus causing a notable reduction in observed TCs globally. At the 
regional scale, the mid-tropospheric saturation deficit increases as 
SST increases, leading to greater evaporation and reduced net buoy-
ancy in convective clouds. The reduced mid-tropospheric buoyancy 
reduces the upward mass flux and increases the potential for dry air 
entrainment into convective clouds, creating a more hostile envi-
ronment for TC formation processes.

The 20CR results and the high-resolution climate model results 
presented here show clear downward trends in global and regional 
TC numbers between the pre-industrial and the more recent 
climate period. The downward trend remains robust after account-
ing for the effects of natural climate variability and aerosol effects 
for the North Atlantic and basin-specific biases in the 20CR data.  
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It is hypothesized that these changes are probably due to the twen-
tieth century weakening of the major tropical circulations, which 
creates more hostile conditions for TC formation. These findings 
provide new insights that can inform our confidence in future pro-
jections of fewer TC numbers associated with greenhouse warm-
ing12. While the resolutions of the current reanalysis products are 
too coarse to make conclusions about TC intensity, general consen-
sus from observationally based records suggest an increase in the 
proportion of severe storms with anthropogenic-induced warm-
ing2. Going forward, it is anticipated that continued improvement in 
reanalysis and climate model products and in observational datasets 
can help identify attributable anthropogenic climate change signals 
on metrics such as TC intensity and landfalling activities.
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Methods
This section details the data and methods utilized in this study. Particular emphasis 
is placed on the utility and caveats of data sources and model experiments and on 
steps being taken to address challenges associated with ‘detection and attribution’ 
of TC trends, owing to the lack of global homogeneous TC records.

Definitions. We explore long-term ‘detectable anthropogenic changes’ in annual 
TC numbers at global and regional scales. Throughout the paper, the term 
‘TC trend’ is used to refer to a detectable change that is clearly distinguishable 
from natural variability and is consistent—at least in sign—with climate 
model experiments attributing changes to anthropogenic influences. ‘Natural 
variability’ refers to changes arising from natural processes alone (either forced 
or from internal variability), without anthropogenic influences2. Natural 
variability dominates the pre-industrial baseline (Fig. 1d), and we use the period 
1850–1900—consistent with the IPCC1— to define an approximation of the 
pre-industrial baseline given our TC record extends back to 1850; all changes in 
annual TC numbers are evaluated relative to this baseline. ‘Annual TC numbers’ 
refer to annual counts of TCs that formed in a particular year. For the Southern 
Hemisphere basins, a TC season extends over two calendar years (that is, 
from July of the first year to June of the second year). The first year is used to 
refer to a particular season. For the Northern Hemisphere basins, seasonal TC 
activity extends over one calendar year (that is, from January to December). 
The longitudinal bounds of the three Southern Hemisphere and four Northern 
Hemisphere basins are as follows: the Australian region, 90° E–170° E; South 
Pacific, 170° E–120° W; South Indian, 0°–90° E; western North Pacific, 100° E–180° 
E; eastern North Pacific, 180°–110° W; North Indian, 0°–90° E and North Atlantic, 
~110° W–0° (Fig. 2h).

Best track data. TC best track data are obtained from multiple sources to serve 
as a basis of comparison with TC records derived from the 20CR dataset. The 
International Best Track Archive for Climate Stewardship44 (IBTrACS)—compiled 
by the World Meteorological Organization Regional Specialized Meteorological 
Centers and Tropical Cyclone Warning Centers—provides global coverage of 
observed TCs, extending farther back to the 1840s, but we utilize data only for 
the post-satellite period (that is, from 1970) due to data quality issues45–50. The 
Joint Typhoon Warning Center51 (JTWC) and the US National Hurricane Center 
database52 (HURDAT2) provide extended coverage for the western North Pacific 
(from 1950) and the North Atlantic (from 1878) basins, respectively53. The 
Southwest Pacific Enhanced Archive for Tropical Cyclones54 (SPEArTC) provides a 
dataset for the South Pacific basin from 1950.

Reanalysis data. Two reanalysis products are used to derive long-term historical 
records of TCs globally. These are the Twentieth Century Reanalysis version  
2c26 (20CR) and the ECMWF Coupled Reanalysis of the Twentieth Century36  
(CERA-20C), where the latter is used mainly to verify the 20CR-derived TC trends.

20CR. The 20CR is a state-of-the-art historical reanalysis that assimilates only 
sea-level pressure (SLP)-based reports, using monthly observed SST and sea-ice 
distribution as boundary conditions to create a comprehensive record of the 
atmospheric circulation at sub-daily time scales spanning the period 1850–2012. 
This surface pressure-based reanalysis is less sensitive to the temporally 
inhomogeneous observational network, as opposed to modern reanalyses that 
use available observations at multiple vertical levels and may be prone to larger 
temporally varying observational biases55,56. The 20CR comprises 56 ensemble 
members with a sufficiently large ensemble spread to provide adequate estimates 
of uncertainty and confidence in the 20CR-derived TC records. We note that an 
updated version 3 (20CRv3) has recently become available. This version has been 
created with improved biases in SLP data before the mid-nineteenth century and 
with an upgraded data assimilation55. The 20CRv3 uses smaller SLP observation 
perturbations to create the ensemble spread compared with version 2c. While 
these improvements have resulted in better estimates of measures such as storm 
intensity57, the use of a smaller spread is likely to make 20CRv3 more sensitive 
to ‘bogus’ IBTrACS entries of TC central pressure in the dataset55. Also, we note 
that some of the fields that are crucial for our TC detector and tracker are not yet 
available in the 20CRv3, particularly humidity fields at the 700 hPa and 950 hPa 
levels. Regardless, we subjectively compared several large-scale environmental 
fields and found no major differences in large-scale fields between the two datasets.

CERA-20C. The CERA-20C is a coupled reanalysis of the twentieth century 
developed at the ECMWF and has demonstrated substantial ability in representing 
TCs36. Unlike the 20CR data, CERA-20C does not assimilate data from the 
observed TC database and hence serves as an independent verification of TC 
trends derived from the 20CR. The CERA-20C dataset is available for the period 
1901 to 2010.

Climate model experiments. Data from two projects that involve high-resolution 
climate model experiments are used here: the ‘Database for Policy 
Decision-Making for Future Climate Change’ (d4PDF)31 and the ‘International 
CLIVAR Climate of the Twentieth Century Plus Detection and Attribution project’ 

(C20C + D&A)32. Both of these projects are comprised of ‘pre-industrial  
control’ (natural forcings only) and ‘historical’ (anthropogenic and natural 
forcings) simulations but with different experimental settings and integration 
periods (see below).

The d4PDF Project. The d4PD4 project consists of outputs from the Atmospheric 
General Circulation Model (AGCM) of the Meteorological Research Institute  
of Japan ‘MRI-AGCM3.2’, with a 60 km horizontal resolution. Three global  
warming experimental settings were considered in the d4PD4 project: a historical 
climate simulation, a +4K future simulation and a non-warming simulation  
(or control). For the purpose of our study, we utilized data only from the historical 
and non-warming experiments. The past historical climate consists of a 60-year 
simulation from 1951 to 2010 with prescribed SST, sea-ice concentration and 
sea-ice thickness boundary conditions. The duration of the non-warming 
experiment (referred to as the pre-industrial control) covers the same 60-year 
period but with the long-term trends removed from the boundary conditions. 
Altogether, 100 ensemble members were produced for each experimental setting 
(see ref. 31 for details).

The C20C+D&A project. The C20C + D&A is a subproject within the World 
Climate Research Programme’s International CLIVAR Climate of the Twentieth 
Century Plus. It is aimed at addressing questions concerning characterization 
and estimation of historical changes in extreme weather events in the context of 
anthropogenic-induced global warming (various model output data are available at 
https://portal.nersc.gov/c20c/data.html). In our case, we utilize the C20C + D&A 
outputs from the Community Atmospheric Model (CAM5.1.2–0.25degree) for 
the two experimental settings: the historical ‘reference’ and the natural historical 
‘counterfactual’ simulations. The ‘historical’ simulation comprises possible 
realizations under observed historical climate conditions for the period beginning 
in 1996 through 2015 (that is, surface and radiative forcings have been varied 
according to the observational estimates) and well simulates the observed TC 
counts over this period. The natural historical counterfactual simulations represent 
the ‘world that might have been’ without anthropogenic emissions (that is, 
radiative forcing was set to the pre-industrial 1850 values and the anthropogenic 
contribution to SST was removed with natural modes of variability preserved).  
For details on the design and construction of these two experimental settings,  
see ref. 32 and related documentation. Data are obtained from https://portal.nersc.
gov/c20c/experiment.html.

Climate indices and aerosol data. Several climate indices are used to remove the 
effects of natural climate variability on TC numbers in different basins. We have 
looked at the effect of aerosols on TC numbers as well. These data are as follows:
•	 El Niño Southern Oscillation (ENSO). The ENSO Longitude Index (available 

from https://portal.nersc.gov/cascade/TC/) is used to define the state of ENSO 
as it tracks the eastward extent of the Walker circulation and therefore reduces 
the need for Modoki versus canonical ENSO indices58.

•	 Indian Ocean Dipole (IOD). The IOD is monitored using the Dipole Mode 
Index (https://psl.noaa.gov/gcos_wgsp/Timeseries/DMI/).

•	 Pacific Decadal Oscillation (PDO). The PDO index is obtained from the web-
site https://www.ncdc.noaa.gov/teleconnections/pdo/

•	 Atlantic Meridional Overturning Circulation (AMOC). Long-term 
multi-decadal variability can be inferred from the AMOC index, but no direct 
measurement of the historical AMOC is available before 200459. As the AMOC 
is known to co-vary with the Atlantic Multidecadal Variability (AMV) mode60, 
we therefore use a smoothed version of the AMV index as a proxy of the 
AMOC. The AMV index is obtained from the website https://psl.noaa.gov/
data/timeseries/AMO/.

•	 North Atlantic Oscillation (NAO). The NAO is a major mode of variability at 
inter-decadal time scales in the Northern Hemisphere. The NAO indices are 
obtained from the website https://crudata.uea.ac.uk/cru/data/nao/.

•	 Aerosol data. Historical emissions data (1850–2000) are obtained from: http://
tntcat.iiasa.ac.at/RcpDb/dsd?Action=htmlpage&page=download.

TC detection and tracking in reanalyses. We employ an innovative TC detection 
and tracking scheme called the Okubo–Weiss–Zeta (OWZ) scheme to detect and 
track TCs in reanalysis datasets (Supplementary Information provides details of its 
formulation).

TC tracks in model experiments. TC track data from the d4PDF MRI-AGCM3.2 
experiments for the historical and non-warming control settings were provided by 
the Meteorological Research Institute of Japan11. Each experimental setting consists 
of 100 ensemble members for the 60-year period beginning in 1951 and extending 
through 2010. Similarly, TC track data from the C20C + D&A CAM5 experiments 
for the historical ‘reference’ and natural historical ‘counterfactual’ scenarios were 
provided by the International CLIVAR C20C + Detection and Attribution project33.

Evaluation of detection and tracking schemes. It is important to highlight that 
TC detection and tracking schemes can introduce inconsistencies in TC numbers 
when applied to reanalysis or model datasets25,34,35. There are several different 

NATuRE CLiMATE CHANgE | www.nature.com/natureclimatechange

https://portal.nersc.gov/c20c/data.html
https://portal.nersc.gov/c20c/experiment.html
https://portal.nersc.gov/c20c/experiment.html
https://portal.nersc.gov/cascade/TC/
https://psl.noaa.gov/gcos_wgsp/Timeseries/DMI/
https://www.ncdc.noaa.gov/teleconnections/pdo/
https://psl.noaa.gov/data/timeseries/AMO/
https://psl.noaa.gov/data/timeseries/AMO/
https://crudata.uea.ac.uk/cru/data/nao/
http://tntcat.iiasa.ac.at/RcpDb/dsd?Action=htmlpage&page=download
http://tntcat.iiasa.ac.at/RcpDb/dsd?Action=htmlpage&page=download
http://www.nature.com/natureclimatechange


ArticlesNATuRe ClImATe CHANge

schemes in existence, each with slightly different formulations and threshold 
criteria for detecting and tracking TCs. Most of these schemes utilize at least  
one grid resolution-dependent criteria (such as wind speed and/or lower 
tropospheric relative vorticity), which leads to much of the disagreement between 
schemes and models34.

Obviously, no one detection and tracking scheme is the ‘best’. Here we 
have performed a robust statistical assessment of the 20CR-derived TCs 
(obtained via the OWZ scheme) with the available observation records and with 
model-simulated TC numbers from the d4PDF MRI-AGCM3.2 and CAM5 
C20C + D&A projects which utilized different schemes. We find substantial 
agreement between the datasets for all TC basins globally, giving us confidence 
in TC numbers derived from different schemes (Tables 1 and 2, Supplementary 
Table 1 and Supplementary Fig. 11). However, an exception is the South Indian 
basin where, for example, the MRI-AGCM3.2 TCs were slightly underestimated 
compared with 20CR-derived TCs. TC numbers derived from CAM5 also compare 
well with those from the MRI-AGCM3.2 experiment globally and for the two 
hemispheres (Fig. 1 and Table 1). This is also the case for all other basins, except 
the North Atlantic. Note CAM5 has spatial biases for the eastern and western 
Pacific, so TC numbers for those basins are combined (for example, Fig. 2). We 
have also assessed the performance of OWZ and MRI detection and tracking 
schemes on the 20CR dataset. Results show substantial agreement between the two 
schemes, giving us further confidence in our methods (Supplementary Fig. 12).

Moreover, it is important to highlight here that some studies have applied 
downscaling methods to evaluate changes in TC characteristics between different 
climate periods5,61. However, such methods that ‘seed’ a domain with weak vortices 
(or disturbances) using a seeding rate that is derived either statistically5 or from 
large-scale environmental variables through a genesis potential index61 may not 
adequately capture the essential physics for generating realistic TC numbers. These 
approaches assume, either implicitly or explicitly, that adequate seeds are always 
available, that their rate is independent of climate or that it is controlled by the 
same environmental factors as those that control their later development into TCs; 
these may not necessarily be the case as seeds can influence TCs independently40.

Statistical assessment of annual TC numbers. It is important to note that all 
models and reanalyses have limitations and biases in representing spatial and 
temporal TC distributions. TC detection and tracking schemes are also not free 
from biases as highlighted earlier. To validate the 20CR-derived TC numbers, 
comparisons are made with data from observed historical records. Complete 
TC records are available from the 1970s for all basins when satellite monitoring 
became available. In the North Atlantic basin, the record is somewhat longer 
due to aircraft reconnaissance that began in the mid-1940s. This enabled 
direct comparisons for only a few decades of data for most ocean basins. The 
independence of the 20CR-derived TCs can also be questioned due to the addition 
of SLPs from the IBTrACS to represent observed TCs (the ‘TC bogus’), which 
might lead to better performance during the validation period. To address this 
possible dependence issue, the 20CR TCs are also compared with an alternative 
reanalysis product (CERA-20C) that does not assimilate any IBTrACS data.

Supplementary Figs. 4 and 5 show annual time series of the 20CR TC numbers 
compared with observed TCs for the Southern Hemisphere and the Northern 
Hemisphere basins, respectively. Supplementary Table 1 compares the ‘hit rate’ and 
‘false alarm rate’ of TCs detected in 20CR with IBTrACS for the period 1989–2012. 
The hit rate is the ratio of the number of hits divided by the total number of TCs 
observed, whereas the false alarm rate is the ratio of the number of false alarms 
divided by the total number of TCs detected. A TC is considered a ‘hit’ if it occurs 
in 20CR at the same date/time as the maximum intensity of the observed IBTrACS 
TC and within a 3.5° latitude radius. We conclude that the 20CR-derived TCs 
match very well with the observed records for all Southern Hemisphere basins. 
The hit rate between 20CR TCs and the observed records from the IBTrACS 
database for the period 1989–2012 are high (that is, above 80% in all cases), with 
~86% for the entire Southern Hemisphere (Supplementary Table 1). This shows 
that, consistent with earlier research8,9, the 20CR product has substantial skill in 
realistically reproducing observed TCs for all basins in the Southern Hemisphere.

In the Northern Hemisphere, the 20CR-derived annual TCs for the western 
North Pacific basin generally agree with the observed records from the IBTrACS 
database, noting that the TC record quality in IBTrACS is less reliable before the 
1940s (Supplementary Data Fig. 5a). The hit rate between the 20CR and IBTrACS 
TCs for the period 1989–2013 is ~87%. We have also implemented further 
assessment of our 20CR-derived TC records for the western North Pacific by 
comparing the meridional oscillation of TCs over Japan and the South China Sea 
regions with results from two previous studies for the basin62,63. After analysing 
data from 1910 to 2019, Liu et al. showed that for the two periods, 1943–1963 
and 1997–2019, the annual number of TCs near Japan are higher than those over 
the South China Sea, while for the other two periods, 1926–1942 and 1969–1988, 
the opposite pattern occurs. Together with a similar magnitude of variability, our 
results also show a similar pattern of the meridional oscillation of TCs near Japan 
and over the South China Sea (Supplementary Fig. 13). This further indicates 
the robustness of the 20CR-derived TC records for the western North Pacific 
basin. However, we note a slight underestimation in the mean 20CR-derived TC 
numbers for the eastern North Pacific, North Indian and North Atlantic basins 

(Supplementary Fig. 5b–d). These basins also have hit rates of ~0.54, ~0.80 and 
~0.69, respectively (Supplementary Table 1). For the North Atlantic, where the 
observed TC record extends back to 1851 and has more reliability since 1878 
(when the US Signal Service started systematically tracking hurricanes), we find 
substantially high 15-year running correlation coefficients between the two data 
sources for the overlapping time period (Supplementary Fig. 5f), giving further 
confidence in the 20CR-derived TC records. A simple statistical bias correction 
is implemented to correct the 20CR-derived TCs in the three basins. Because 
the variance of the two datasets are approximately similar for the overlapping 
time period (or the reference period over which consistent observational records 
are available, Supplementary Fig. 5), the 20CR-derived annual TC numbers 
at time t (TRAW) are simply adjusted by the mean bias (OREF − TREF) present 
over the reference period to yield bias-corrected 20CR TCs (TBC), such that: 
TBC (t) = TRAW (t) +

[

OREF − TREF
]

. Note that for the North Atlantic, the mean 
bias correction was applied only for the period 1950–2012 as no bias was present 
before 1950. We find that the trends remain statistically robust in all Northern 
Hemisphere basins even after bias corrections are performed, particularly for the 
North Atlantic where some past studies have shown an increasing trend in the 
annual number of TCs over recent decades—probably linked to multi-decadal 
variability4 and reduced aerosol forcing after the 1970s2,37, as discussed earlier—but 
otherwise, no statistically significant trend when an extended period of data is 
considered (Supplementary Fig. 6) (ref. 39).

Significance tests. Significance tests for linear trends of annual TC numbers in all 
basins are implemented using Bayesian statistical models64–66. Unlike the frequentist 
approach, Bayesian models enable us to quantify uncertainties directly by assigning 
probabilities to model parameters. In the Bayesian framework, all observed and 
unobserved parameters are given a joint probability distribution, called the prior 
distribution. The typical Bayesian modelling follows three main steps: capturing 
available knowledge about a given parameter via the ‘prior distribution’, which is 
usually determined before data collection; determining the ‘likelihood function’ 
using information about the parameters from the observed data; and combining 
both the prior distribution and the likelihood function using Bayes’ theorem in the 
form of the ‘posterior distribution’. The posterior distribution is then used to make 
confidence statements about the significance of predictor variables in the model. In 
our case, predictor variables comprise several modes of natural climate variability 
that modulate TCs in different basins67. An overview of the developing Bayesian 
model for TC counts is provided in the Supplementary Information (refs. 64–66 
provide details of Bayesian statistics and modelling).

The posterior density distribution of model parameters on either side of the 
zero line provides an indication of the level of contribution of each variable that 
affects TC numbers in a particular basin. In our case, we have calculated the 95% 
credible interval (equivalent to the 95% confidence interval using a frequentist 
statistical approach). If this credible interval lies outside the ‘zero’ line, then that 
variable is deemed ‘statistically significant’. For example, in the Australian region, a 
large proportion of the posterior distributions associated with the ‘time’ variable lie 
on the left side of the zero line, indicating that the trend is negative and statistically 
significant at the 95% significance level after accounting for the statistically 
significant influences from ENSO and the IOD (Supplementary Fig. 2). Similarly, 
for the North Atlantic, the declining TC trend is statistically significant, with 
ENSO and the AMOC playing a substantial role in modulating TC variability at 
interannual and multi-decadal time scales, respectively (Supplementary Fig. 3).  
Note that we have additionally incorporated here the influence of aerosols on 
North Atlantic TCs. Aerosols can have a negative impact on TC numbers (as also 
evident from the posterior distribution plot). Regardless, the downward trend in 
the North Atlantic basin remains statistically significant even after accounting 
for the effects of aerosols. All other basins also show statistically significant 
declining trends in TC numbers, with different modes of natural variability playing 
varying roles for each basin as also demonstrated in ref. 67. Also note that the 
autocorrelation function derived from the model parameter ‘time’ for each basin 
reaches zero fairly quickly, indicating no violation of the stationarity assumptions 
has occurred using our approach.

Environmental parameters. Here we examined three parameters that are closely 
related to deep convective activity in the tropics and have been widely used to 
understand changes in TC frequency as a result of anthropogenic warming8–10,43.

 1. Environmental vertical wind shear. Defined as the absolute value of the 
magnitude of the vector difference of zonal and meridional wind com-
ponents between the 200 hPa and 850 hPa pressure levels such that 
EVWS =

√

(u200 − u850)2 + (v200 − v850)2
 2. Mid-tropospheric mass flux. Inferred using the 500 hPa ω velocity10.
 3. Mid-tropospheric saturation deficit. Difference between the saturation 

specific humidity q* and actual specific humidity q at the 600 hPa pressure 
level13. Here q* is estimated from the saturation vapour pressure es such that 
q∗ = 0.62es (T) /p where es = 6.108e

[

17.27T
T+237.3.

]

 at temperature (T, in °C) and  
p is the atmospheric pressure (in hPa) (ref. 68).

These parameters are computed over the tropics when TCs generally form 
most often during the peak season for each hemisphere (that is, January–March 
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for the Southern Hemisphere and July–September for the Northern Hemisphere). 
To demonstrate the combined effects of all three environmental parameters on TC 
numbers in each basin, we have derived a composite index that constitutes spatially 
weighted normalized values of the peak season mean environmental vertical wind 
shear, mid-tropospheric vertical velocity and saturation deficit over the period 
1850–2012. Note the index is transformed such that it is directly proportional to 
changes in TC numbers.

The Walker and Hadley circulations. SST has increased globally at an 
unprecedented rate since the mid-twentieth century, causing changes in tropical 
circulations such as in the Walker circulation and the Hadley circulation21–24. Since 
TCs frequently develop within the convective environment of these circulations 
(that is, regions of convective upward mass flux), it is anticipated that any change 
in the mean state of the Walker and Hadley circulation will have global impacts on 
TC activity. The proxies of these two circulations are derived as follows.
•	 The Walker circulation: Indo–Pacific sea-level pressure gradient (ΔSLP) serves 

as a proxy of zonal winds across the equatorial Pacific and hence is a useful 
measure of changes in the mean intensity of the Walker circulation. Here 
ΔSLP is calculated as the difference in monthly values of SLP averaged over 
the eastern (160° W–80° W, 5° S–5° N) and the western Pacific (80° E–160° E, 
5° S–5° N) using data from the Kaplan SLP dataset69. Positive (negative)  
values indicate a strengthened (weakened) Indo–Pacific SLP gradient.  
The linear trend in ΔSLP provides a long-term change in the strength of  
the zonal circulation.

•	 The Hadley circulation: The zonal-mean meridional stream function ψ, derived 
from the meridional wind fields at various pressure levels, serves as a useful 
measure of the strength and location of the Hadley circulation. Here Ψ is 
assumed to be non-divergent (that is, conservation of mass transport is  
satisfied for the global domain). It is computed from the monthly mean data 
only for the peak TC seasons in each hemisphere (that is, July–September  
for the Northern Hemisphere and December–February for the Southern 
Hemisphere) such that:

Ψ (p, y) =
2πaCos (y)

g

∫ P

0
V (p, y) dp,

where a is the average radius of the earth, g is the gravitational acceleration, V is the 
zonal-mean meridional wind, p is the pressure level, P is the surface pressure and y 
is the latitude. The climatological mean vertical structures of stream functions are 
calculated for the pre-industrial and the twentieth century periods; their difference 
represents changes in the strength of the Hadley circulation. Statistical significance 
of the difference is determined (at the 95% level) using the Student’s t-test.

We acknowledge that changes in both circulation patterns, particularly over 
the recent decades, have been at the centre of an intense debate due to inconsistent 
results between climate models and observations. For example, some studies have 
attributed the recent strengthening of the Walker circulation to anthropogenic 
warming70,71, while others argue that such changes are short term and are largely 
due to internal climate variability23,24. In our case, we utilize a long-term dataset 
to compute changes between the two climate periods, the pre-industrial and the 
twentieth century, so the effects of natural variability are negated (for example, 
Supplementary Figs. 9 and 10).

Data availability
All datasets utilised in this study are publicly available. The 20CR dataset is 
obtained from https://portal.nersc.gov/archive/home/projects/incite11/www/; 
d4PDF database is available at http://search.diasjp.net/en/dataset/d4PDF_GCM; 
C20C+D&A climate model simulations are from the website https://portal.nersc.
gov/c20c/data.html; IBTrACS best-track dataset is available at https://www.ncdc.
noaa.gov/ibtracs/; JTWC best-track data is obtained from https://www.metoc.
navy.mil/jtwc/jtwc.html?best-tracks; the US National Hurricane Center database 
(HURDAT2) is from https://www.nhc.noaa.gov/data/#hurdat; SPEArTC is from 
http://apdrc.soest.hawaii.edu/projects/speartc/; climate indices are from https://
psl.noaa.gov/data/climateindices/ and the aerosol dataset is available from https://
tntcat.iiasa.ac.at/RcpDb/dsd?Action=htmlpage&page=download.

Code availability
The code used for the detection and tracking of tropical cyclones in reanalysis 
datasets is available at a GitHub repository: https://github.com/savinchand/owz_
python with the identifier https://doi.org/10.5281/zenodo.651926072.
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