
UC San Diego
UC San Diego Previously Published Works

Title
Untangling impacts of global warming and Interdecadal Pacific Oscillation on long-term 
variability of North Pacific tropical cyclone track density.

Permalink
https://escholarship.org/uc/item/2vf6427z

Journal
Science advances, 6(41)

ISSN
2375-2548

Authors
Zhao, Jiuwei
Zhan, Ruifen
Wang, Yuqing
et al.

Publication Date
2020-10-01

DOI
10.1126/sciadv.aba6813
 
Peer reviewed

eScholarship.org Powered by the California Digital Library
University of California

https://escholarship.org/uc/item/2vf6427z
https://escholarship.org/uc/item/2vf6427z#author
https://escholarship.org
http://www.cdlib.org/


Zhao et al., Sci. Adv. 2020; 6 : eaba6813     9 October 2020

S C I E N C E  A D V A N C E S  |  R E S E A R C H  A R T I C L E

1 of 8

C L I M A T O L O G Y

Untangling impacts of global warming and  
Interdecadal Pacific Oscillation on long-term variability 
of North Pacific tropical cyclone track density
Jiuwei Zhao1,2,3,4*, Ruifen Zhan1*, Yuqing Wang2†, Shang-Ping Xie5, Qiong Wu3,4

How much the observed long-term variability of tropical cyclone (TC) activity is due to anthropogenic global 
warming (GW) or internal climate variability remains unclear, limiting the confidence in projected future change 
in TC activity. Here, the relative contributions of GW and the Interdecadal Pacific Oscillation (IPO) to the long-term 
variability of TC track density (TCTD) over the North Pacific (NP) are quantified on the basis of statistical analyses 
and climate model simulations. Results show that historical GW mainly reduced (increased) TCTD over the western 
(eastern) NP, while the positive (negative) IPO corresponds to a NP basin–wide increase (decrease) in TCTD ex-
cept in some coastal regions. The IPO has a much greater impact on TCTD over the western NP than GW, while the 
IPO and GW impacts are about equal over the eastern NP during 1960–2019. These findings have important impli-
cations for projecting future TC activity over the NP.

INTRODUCTION
Tropical cyclones (TCs) are among the most devastating weather 
systems and can cause large casualties and heavy property losses. 
The western North Pacific (WNP) features the largest number of 
TCs, while the eastern NP (ENP) has the most TCs per unit area of 
any basin worldwide (1). Given that TC tracks affect TC landfall 
location, it is of great importance to elucidate the underlying causes 
of the observed long-term variability in TC tracks over the NP. 
Anthropogenic global warming (GW) has been recognized to affect 
the observed long-term trends in TC tracks (2), but the effect re-
mains uncertain because it is difficult to estimate whether the 
anthropogenic effect exceeds the level expected from interdecadal 
climate variability because of the limited length of data records 
(3, 4). Some studies suggested that the observed trends in TC track 
density (TCTD; storms in unit grid box) over the WNP are likely 
due to internal climate variability (5, 6), such as the Interdecadal 
Pacific Oscillation (IPO) (7, 8). The IPO is the dominant mode of 
interdecadal variability over the Pacific with the sea surface tem-
perature (SST) pattern similar to that of the El Niño–Southern 
oscillation (9). For the ENP, although no significant trends in total 
number of TCs have been found (7, 9, 10), interdecadal variability 
in both TC tracks and landfalling TCs is evident on the Pacific coast 
of Mexico because of the IPO modulations (9, 11).

The majority of climate models projected an eastward shift of 
TCTD from the WNP to the central NP (12, 13), with decreased 
TCTD over the WNP (14, 15) and increased TCTD over the ENP 
(16, 17) in warming climate, while a few models suggested a pro-
nounced increase over the WNP (18) and decrease over the ENP 

(19). These uncertainties could be introduced by the stark differ-
ence in zonal SST pattern among the models (20–23) or could be 
related to a tangled interaction between GW and internal climate 
variability (22, 24, 25). Although the statistical relationship of 
TCTD with either SST warming trend or the IPO has been previ-
ously studied, the relative contributions of GW and the IPO to the 
long-term changes in TCTD remain to be quantified and the dy-
namical mechanisms remain to be poorly understood (6, 26). Here, 
we use the ensemble empirical mode decomposition (EEMD) 
method (27) to derive the GW and the IPO modes and examine 
their impacts on TCTD based on the historical TC best-track data 
and several commonly used global reanalysis datasets. This is fol-
lowed by a suite of climate model experiments. We quantify the rel-
ative contributions of GW and the IPO to the long-term variability 
of TCTD over the NP based on a linear regression model and 
high-resolution atmospheric general circulation model (HIRAM). 
Results show that the IPO contributes more to the long-term vari-
ability of TCTD than GW over the WNP, while they contribute 
about equally to that over the ENP. These findings help resolve the 
ongoing debate as to whether the long-term variability in TCTD is 
primarily due to GW or internal climate variability, with important 
implications for projections of future TC activity over the NP.

Effects of GW and the IPO on TCTD over the NP
The EEMD method (27) has been widely used to derive atmospheric or 
oceanic modes even if they are nonstationary and nonlinear (28–30). 
Usually, the last (here, the 10th) intrinsic mode function (IMF) 
of EEMD can present the GW trend, while the combination of the 
sixth to ninth IMF represents the interdecadal variability based on 
the monthly raw SST data [(29); an example is shown in fig. S1]. A 
statistically significant GW trend in SST over 45°S to 45°N and 0° to 
360° for the period 1960–2019, with significance above 95% confi-
dence levels based on the Mann-Kendall trend test, was derived 
from the 10th EEMD IMF (Fig. 1A), which is defined as the GW 
index in this study. The spatial SST increments exhibit an overall 
GW pattern with the most pronounced warming in the tropical 
Indian Ocean, the warm pool region over the WNP, and the tropical 
Atlantic (Fig. 1B). However, the warming rate is lower over the central 
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Pacific than over other tropical oceans, showing a “La Niña–like” 
SST pattern, consistent with recent findings (21, 31–33). The re-
gressed June to November averaged TCTD upon the normalized 
GW index during 1960–2019 shows decreasing trends over most of 
the WNP except for the coastal regions off East China but increas-
ing trends over the central NP and the ENP (Fig. 1C), indicating a 
robust decrease in TCTD averaged over the whole WNP and an 
increase over the ENP. Although this is consistent with most previous 
projections (16, 18), the La Niña–like SST pattern here is dis-
tinct from the El Niño–like SST pattern projected by most climate 
models (34). Results based on observational data analyses above are 
confirmed by a suite of numerical experiments (see Materials and 
Methods). The GW run generally reproduced the observed responses 
of TCTD to GW (Fig. 1D). The TCTD simulated in the GW run 
shows a significant decrease over the WNP and an increase over the 
ENP, despite some discrepancies such as an increase in the South 
China Sea and a decrease along Japan and Korea.

The time series derived from the combination of the sixth to 
ninth IMF of EEMD based on the raw monthly IPO index (35) 
shows a clear interdecadal variability, in positive phase during 
1977–1997 and negative phase before 1977 and during 1997–2014 

(Fig. 1E). The composite SST between positive and negative IPO 
phases obtained from the sixth to ninth IMF is characterized by the 
tripole-SST pattern with positive SST anomalies (SSTAs) over the 
tropical Pacific and negative SSTAs over the subtropics in both 
hemispheres (Fig. 1F). During the positive IPO phase, the regressed 
positive anomalies of June to November averaged TCTD cover the 
whole NP except for the coastal regions off East Asia in the WNP 
and central America in the ENP (Fig. 1G), consistent with previous 
studies (8, 11). The TCTD simulated in the IPO run (Fig. 1H) 
exhibits an overall increase over the NP except for a large decrease 
in the coastal regions of the ENP and East Asia. The GW and IPO 
simulations generally confirm the overall features obtained from 
observational data analyses above, suggesting that our statistical 
methods can reasonably isolate the individual contributions of GW 
and the IPO to the long-term variability in TCTD over the NP.

To confirm the close relationship between the above two SST 
modes and TCTD over the NP, we also examine the coupled modes 
between June to November averaged SSTs (between 45°S and 45°N) 
and TCTD (unit: storms/5° × 5°) over the NP for the period 
1960–2019 based on the singular value decomposition (SVD) analysis 
(fig. S2). The first two SVD modes of SST (accounting for 43.2% and 
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Fig. 1. GW and IPO modes, and their effects on TCTD over the NP. The left panel shows the GW analysis, and the right panel is the analysis based on the IPO phases. 
(A) The GW time series derived from the 10th IMF of EEMD of monthly SST (°C) averaged over the globe (45°S to 45°N and 0° to 360°) for the period 1960–2019. (B) The 
trend increments in each grid point of the 10th IMF of global SST (°C). (C) Regressed SST (°C) and (C) TCTD upon the normalized GW time series in (A). (D) The TCTD differ-
ence between the GW and CTRL runs. (E) The IPO time series derived from the combination of the sixth to ninth IMF of EEMD of the monthly raw IPO index for the period 
1960–2019. (F) Composite of SST between positive and negative IPO phases. (G) Regressed TCTD upon the normalized IPO time series in (E). (H) Same as (D) but between 
the IPO and CTRL runs. The black dots in (C), (D), (G), and (H) show areas where the statistical significance is above 90% confidence level based on two-tailed Student’s 
t test.
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20.2% of the total covariance) show a La Niña–like warming pattern 
and a significant positive IPO pattern, respectively, consistent with 
the results from EEMD (Fig. 1, B and E). The first SVD mode of 
TCTD, which reflects the response to GW, shows a robust decrease 
over the WNP and an increase over the ENP. The second SVD 
mode, which is related to the positive IPO phase, shows positive 
anomalies over the whole NP except for the coastal regions off East 
Asia and the ENP. These are consistent with the results from the linear 
regressions (Fig. 1, C and F). The linear trends in both SST and TCTD 
and their interdecadal composites between positive and negative IPO 
phases (fig. S3) are generally in good agreement with those based on 
EEMD (Fig. 1) and SVD analyses (fig. S2). These results demonstrate 
that both La Niña–like GW and the IPO contributed to the long-
term variability of TCTD over the NP. Note that the long-term vari-
ability beyond the interannual time scale accounts for 51.5% of the 
total variance of TCTD over the WNP and 38.4% over the ENP.

Mechanisms for long-term variability in TCTD over the NP
To understand the mechanisms by which GW and the IPO affect 
TCTD over the NP, we examine the variations of the large-scale 

environments that control TCTD, including the low-level winds 
(LLW), 850-hPa relative vorticity (Vor), vertical zonal wind shear 
(VZWS) between 200 and 850 hPa, and steering flow (SF). TCTD 
depends primarily on its genesis location and subsequent move-
ments. In general, at low levels, westerly anomalies over the tropics 
with anomalous cyclonic shear Vor off the equator, an anomalous 
cyclonic circulation in the lower troposphere, and a weak VZWS 
are favorable for TC genesis and development, while the large-scale 
SF is essential for TC movement.

Figure 2 shows the long-term trends and the composite differ-
ences between the positive and negative IPO phases for June to 
November averaged LLW and Vor, VZWS, and SF based on the 
National Oceanic and Atmospheric Administration (NOAA) 20 
Century (20C) reanalysis. In response to GW, the LLW shows a sig-
nificant divergent trend over the central Pacific (Fig.  2A), with 
low-level easterly winds increasing over the tropical WNP and 
decreasing over the tropical ENP and a small anomalous cyclone 
over the coastal region off East Asia. Similarly, the Vor field shows 
significant negative anomalies over most of the WNP and positive 
anomalies over the ENP, with small positive anomalies over the 
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Fig. 2. Modulation of GW and the IPO to the large-scale environments that control TCTD. Trends (A to D) and composites (E to H) of (left) 850-hPa LLW (m s−1; vector) and 
850-hPa relative Vor (5 × 10−7 s−1; shaded) and (right) SF (m s−1; vector) and VZWS (m s−1; shaded) between 200 and 850 hPa from (A, B, E, and F) observations and (C, D, G, and H) 
model simulations. The top two rows represent the circulation anomalies affected by GW from both observation and simulation, and the lower two rows indicate that influ-
enced by the IPO. In observation, the long-term trends were calculated during 1960–2014 and the composite differences were calculated between the positive (1977–1997) 
and negative (1960–1976 and 1998–2014) IPO phases. In the simulations, the differences between the GW and CTRL runs (C and D) and between the IPO and CTRL runs 
(G and H) were conducted. The shaded and black vectors in (A) and (B) represent areas that are statistically significant above 90% confidence level based on two-sided 
Mann-Kendall trend test, while those in (C) to (H) show areas where the statistical significance is above 90% confidence level based on two-tailed Student’s t test.
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coastal region off East Asia, where relatively faster warming oc-
curred (Fig. 1B) with large maximum potential intensity (MPI) trends 
(fig. S6C). The VZWS exhibits an increasing trend over the WNP 
centered on the equator and decreasing trend over the ENP (Fig. 2B). 
Previous studies have shown that the VZWS over the equatorial 
Pacific plays a crucial role in affecting TC activity over the WNP 
(36, 37). These trends in LLW and VZWS generally suppress local 
TC genesis and reduce TCTD over the WNP but promote TC genesis/
intensification and increase TCTD in the coastal regions off East 
Asia and the ENP. Over the WNP, changes in large-scale SF (Fig. 2B) 
are westerly south of 25°N, reducing TCTD over South China. Over 
the ENP, the anomalous westerly SF strengthened TC activity along 
the coastal area of the ENP. In addition, the increasing trends in 
600-hPa relative humidity are also favorable for TC genesis over the 
ENP while unfavorable over the WNP (fig. S4). These are consistent 
with the effect of the La Niña–like SST warming (namely, GW) on 
TCTD in the NP (Fig. 1, B and C).

Figure 2 (E and F) shows the composite differences in LLW, Vor, 
VZWS, and SF between the positive (1977–1997) and negative 
(averaged on the two periods of 1960–1976 and 1998–2014) IPO 
phases. In the positive phase, the tropical Pacific is dominated by 
anomalous low-level westerlies associated with positive Vor anom-
alies and weakening VZWS over the tropical western and eastern 
Pacific. These large-scale anomalies are favorable for TC genesis 
and intensification over both the WNP and ENP. Note that the 
favorable environmental conditions in the positive IPO phase are 
mainly located over the open ocean far away from the coasts where 

more TCs formed on the basis of the SVD analysis (fig. S5). Once 
TCs form over the open ocean, they are likely to last longer com-
pared with those near coastal regions, thereby increasing TCTD. 
However, the composite differences in large-scale SF show an overall 
intensifying offshore flow south of 25°N over the WNP and weak-
ening SF along the coast of the ENP, suggesting that the positive 
IPO generally enhances TCTD over the open ocean and suppresses 
TC activity over the coastal regions of the NP.

We have examined the linear trend and IPO composites of genesis 
potential index (GPI) and MPI (fig. S6). The trend in GPI over the 
WNP and the ENP is generally consistent with that in TCTD. How-
ever, the IPO impact on GPI is not consistent with that on TCTD 
over most of the WNP, suggesting that the increased TCTD there is 
not caused by the trend in TC genesis. The MPI could partly explain 
the positive trend in TCTD over the northern WNP and higher 
TCTDs over the ENP in the positive IPO phase. We also examined 
the trend and composite fields in large-scale conditions based on 
the National Centers for Environmental Prediction/National 
Centers for Atmospheric Research reanalysis, and the overall 
patterns of these changes (fig. S7) are highly consistent with those 
reported here from the 20C reanalysis.

The GW run with the model (Fig. 2, C and D) reproduces the 
increase in low-level easterly and VZWS over the WNP and the 
central Pacific with a little eastward shift. However, the model fails 
to reproduce the negative trend in VZWS over the ENP. The posi-
tive IPO run (Fig. 2, G and H) reproduces anomalous low-level 
westerly and weakened VZWS over the tropical Pacific. These re-
sults are generally consistent with those obtained on the basis of the 
reanalysis data discussed above, although some model biases exist 
in the large-scale fields over the South China Sea and along the coast 
of the ENP.

Relative importance of GW and the IPO
The TCTD over the WNP exhibits pronounced interdecadal vari-
ability (Fig. 3), switching from negative anomalies during 1960–1976 
to positive anomalies during 1977–1997 and changing back to nega-
tive anomalies during 1998–2014. This is in good agreement with 
IPO phase changes, suggesting that the IPO plays a more important 
role in the long-term variability of TCTD over the WNP than 
GW. In comparison, the TCTD change over the ENP is more com-
plicated. Although the TCTD anomalies switched from negative 

A

B

C

Fig. 3. TCTD (unit: counts) anomalies in different IPO phases relative to the 
climatological TCTD (unit: counts), which is defined as the average during 
1960–2019. The TCTD anomalies in the negative IPO phase during 1960–1976 
(A), in the positive IPO phase during 1977–1997 (B), and in the recent negative IPO 
phase during 1998–2014 (C). The black dots represent areas where the statistical 
significance is above 90% confidence level based on two-tailed Student’s t test.

Table 1. The annual mean TC genesis frequency and TCTD in June to 
November from the best-track TC data and three numerical 
experiments over the WNP and ENP for the period 1990–2009. The 
TCTD is calculated over 100°E to 180°, EQ to 40°N. The boldface values are 
statistically significant at 90% confidence levels based on two-sided 
Student’s t test when comparing the time series of a sensitivity run and a 
CTRL run. The values with underscore are statistically significant at 90% 
confidence levels based on chi-square test. TCGF, TC genesis frequency. 

WNP ENP

TCGF TCTD TCGF TCTD

Observations 22.5 843 15.7 416

CTRL 24.9 751 16.3 337

GW 22.8 650 19.5 379

IPO 28.9 913 20.4 391
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during 1960–1976 to positive during 1977–1997, the negative and 
positive values coexisted during 1998–2014, suggesting that GW 
and the IPO might be equally important over the ENP because GW 
and the negative IPO have opposite effects on TCTD during 1998–
2014 (Fig. 1, C and F).

The relative importance of GW and the IPO for the long-term 
variability of TCTD is quantified using a linear regression model 
based on the GW and IPO indices derived from EEMD (Fig. 1, 
A and D). Results show that the GW and IPO modes together 
explain 55.4% and 60.8% of the long-term variance of TCTD (fig. S8) 
during 1960–2019 over the WNP and the ENP, respectively. Of the 
55.4% variance over the WNP, the GW contributed 35.9% (19.9% 
variance) and the IPO contributed 64.1% (35.5% variance), while of 
the 60.8% variance over the ENP, the GW and the IPO contributed 
57.2% (34.8% variance) and 42.7% (26% variance), respectively. The 
chi-square test shows that the difference in contribution between 
GW and IPO over the WNP is significant at 95% confidence level, 
while the difference over the ENP is insignificant, suggesting that 
the IPO contributes much more to the long-term variability of 

TCTD than GW over the WNP, while GW and the IPO contribute 
about equally over the ENP.

We also examined the TCTD in model experiments. TCTD in 
the GW run is lower averaged over the WNP and higher averaged 
over the ENP than in the control run while increasing in the positive 
IPO run over both the sub-basins (Table 1). Over the WNP, the TCTD 
anomalies are smaller in the GW than IPO run, suggesting a greater 
IPO effect (Table 1). Over the ENP, the difference is insignificant, 
suggesting that GW and the IPO are about equally important to the 
long-term variability of TCTD (Table 1). These are consistent with our 
results based on the TC best-track data and linear regression model.

Since the TCTD is closely related to the genesis locations and the 
subsequent TC motions, its variability can be decomposed into 
three terms: genesis, track, and nonlinear terms (see Materials and 
Methods) (15, 31); the relative contributions of GW and IPO to 
these three terms can be statistically estimated. Results show that 
the significant decreasing trend in TCTD over the WNP due to GW 
(Fig. 4A) is largely contributed by the TC genesis location (Fig. 4B), 
while the TC track and nonlinear terms contribute to both poleward 
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Global warming
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Fig. 4. Relative contributions of GW and IPO to TCTD by TC genesis, track, and nonlinear terms for the period 1960–2019. Trend increments in TCTD from 1960–2019 
(A) and contributions by genesis location (B), tracks (C), and nonlinear effects (D). Composite difference in TCTD between the positive (1977–1997) and the negative 
(1960–1976 and 1998–2014) IPO phases (E) and contributions by genesis location (F), tracks (G), and nonlinear effects (H). The black dots in (A) to (D) represent areas 
where the statistical significance is above 90% confidence level based on two-sided Mann-Kendall trend test, while others in (E) to (H) show areas where the statistical 
significance is above 90% confidence level based on two-tailed Student’s t test. The values in (A) and (E) are divided by a factor of 2 for sharing the same color bar. The 
contribution is also represented by the formulae shown in each subtitle.
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and westward shifts of TCTD (Fig. 4, C and D). Over the ENP, all 
the three terms contribute to the increasing trend of TCTD in re-
sponse to GW, with the largest contribution from the track term. 
Note that although the overall decreasing/increasing trend in TCTD 
is attributed to GW, the spatial pattern of TCTD is dominated by 
the anomalous atmospheric circulation induced by spatial varia-
tions in SST warming (fig. S2A). This may have implications for 
model projections of future TC activity. The IPO composite (Fig. 4) 
shows that both the track and nonlinear terms predominantly con-
tribute to the interdecadal variability in TCTD over the WNP 
(Fig. 4, G and H), while the genesis location and track terms con-
tribute to TCTD variability over the ENP (Fig. 4, F and H).

DISCUSSION
In summary, we have untangled impacts of GW and the IPO on the 
long-term variability in NP TCTD based on observational analyses 
and TC-permitting model experiments. We show here that the IPO 
has a much greater impact on the long-term variability in TCTD 
over the WNP than GW, while both GW and the IPO contribute 
about equally over the ENP. Our results provide an initial assessment 
on the relative contributions of GW and the IPO to the long-term 
variability in NP TCTD. It is an important benchmark to eval-
uate climate models in their ability to reproduce the historical TC 
variations, a crucial step to build creditability in model-based future 
projections. Note that these results are obtained on the basis of the 
historical record during 1960–2019, which could change as the GW 
signal becomes larger and accelerates in the coming decades.

The IPO is in transition from the negative to a positive phase 
since around 2014, while an accelerated GW rate is expected, in 
part, from reduced aerosol cooling as developing countries act to 
curtail air pollution. Our results suggest that the combined IPO-GW 
effects may end the inactive TC epoch over the WNP since 1998 
while increasing TC activity over the ENP in the coming decades. 
More frequent TC geneses are evident over both the WNP and ENP 
since 2015 (fig. S9). Moreover, the superposition of GW and the 
positive phase of IPO may lead to large increases in TCTD over 
both the WNP and ENP (Fig. 4, A and E) by enhancing the pole-
ward (Fig. 4, C and G) and westward shifts of the TCTD pattern 
(Fig. 4, D and H). Thus, our findings have important implications 
for projections of future TC activity over the NP.

MATERIALS AND METHODS
Definitions of GW and the IPO modes
We quantified TCTD in terms of the TC tracks in each 5° by 5° grid 
box. TCTD in a grid box is counted once if a named TC passed 
(appeared in) the box. Here, we only counted the TCTD without 
considering storm’s translational speed that has also been reported 
to be highly influenced by GW (38). The EEMD (26, 28, 29) method 
is used to derive the spatial pattern and temporal variation of 
SST. We decomposed the monthly SST in each grid point into 10 IMFs 
and chose the 10th IMF (residual) as the SST trend. We further used 
SVD to verify the GW and IPO modes. The SVD analysis, first in-
troduced in (39) and further improved in (40), was used to identify 
the coupled modes between the global SSTs and NP TCTD. The GW 
and the IPO time series from the EEMD were used to evaluate the 
relative importance of GW and the IPO to the long-term variability 
in TCTD.

Relative importance analysis
A linear regression model (41) was used to evaluate the relative im-
portance of GW and the IPO to the long-term variability in TCTD 
based on the two time series of GW and IPO from EEMD. This lin-
ear model with intercept can be written as

   TCT  i   =    0   +    1   ⋅  PC  i1   +    2   ⋅  PC  i2   +  e  i    (1)

In Eq. 1, the response of object i is modeled as a linear function 
of regressor values PC1i1 and PC2i2 from EEMD analysis with 
unknown coefficients 0, 1, and 2, and ei indicates the unexplained 
part. The total contribution of the GW and IPO to the long-term 
change in TCTD is explained by the regressors (PC1 and PC2) in 
the model

   R   2  =   Model _ SS ─ Total _ SS   =   
  i=1  t    ( ̂   TCT  i    −  ̂  TCT )   

2
 
  ───────────  

  i=1  t    ( TCT  i   −   ̄  TCT )   2 
    (2)

where   ̂   TCT  i    = =  ̂     0    +  ̂     1    ⋅  PC  i1   +  ̂     2    ⋅  PC  i2    in Eq. 2, TCT represents 
the TCTD, the overbar indicates the mean value of TCTD, and the 
angle bracket is for the value from the linear regression model. One 
way of looking at relative importance is to compare the relative por-
tion of variance

   R   2 ({ PC  k  }∣  S  k  (r ) ) =  R   2 ({ PC  k  }∪  S  k  (r ) ) −  R   2 ( S  k  (r ) )  (3)

Here, the order of the regressors is denoted by the tuple of indi-
ces r = (r1, r2) and let Sk(r) denote the set of regressors that entered 
the model before regressor PCk in the order r. The final averaging 
over ordering metric proposed by Lindeman, Merenda, and Gold 
(LMG) can be written as

   LMG( PC  k   ) =   1 ─ 2     j=0  1   
⎛
 ⎜ 

⎝
       S⊆{ PC  1  , PC  2  }\{ PC  k  }  

n(S)=j
        

seq({ PC  k  }∣ S)
  ─ 

 (    1  
j
    )  

   
⎞
 ⎟ 

⎠
     (4)

Relative contribution analysis
Another approach originally proposed in (15) and (42) was adopted 
to evaluate the relative contribution of TC genesis location and 
tracks in terms of local TCTD changes. The climatological mean 
TCTD in a specific 5° by 5° grid box can be written as follows

    ̄  T(A)   =  ∬ 
c
       ̄  g( A  0  )   ⋅   ̄  t(A,  A  0  )    dA  0    (5)

Here,    ̄  T   (A) is the TCTD in grid box A, g(A0) is the TC genesis 
frequency (TCGF) in grid box A0, and t(A, A0) stands for the prob-
ability for a TC formed in grid box A0 to travel into grid box A. The 
subscript C is the entire domain of the NP over which the integra-
tion is performed. For the period 1960–2019, the TCTD anomalies 
() relative to the climatological mean in grid box A are calculated as

  T(A ) =  ∬ 
c
     g( A  0   ) ⋅   ̄  t(A,  A  0  )    dA  0   +  ∬ 

c
     t( A  0   ) ⋅   ̄ ¯  g(A,  A  0  )    dA  0   +  

                           ∬ 
c
     g( A  0   ) ⋅ t(A,  A  0   )  dA  0    (6)

where the first term on the right-hand side (rhs) of Eq. 6 represents 
the contribution by changes in TC genesis locations to TCTD under 
the climatological mean TC tracks. The second term on the rhs 
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represents the contribution by changes in TC tracks under the 
climatological mean TC genesis locations. The last term represents 
the nonlinear contribution under the circumstance, with changes in 
both the TC genesis locations and tracks.

Model description, experimental design, and TC  
detection algorithm
The HIRAM (www.gfdl.noaa.gov/hiram-quickstart/), which has been 
demonstrated to have high skills in simulating TC variability in-
cluding climate trends, interannual and interdecadal variabilities, 
and seasonal prediction in main TC basins and has been widely 
used in TC projections (43–45), developed at the Geophysical Fluid 
Dynamics Laboratory was used in this study. The dynamical core of 
HIRAM is discretized by the finite-volume method on a cubed-
sphere grid topology with the horizontal resolution of roughly 
50 km (varying from 43.5 to 61.6 km) and 32 vertical levels [details 
can be found in (46, 47)], which can be used to explicitly extract 
TC-like vortex. We conducted one control and two sensitivity 
numerical experiments using HIRAM. The control (CTRL) run was 
forced by the observed monthly SST from 1990 to 2009. The GW 
run was identical to the CTRL run except that the linear trend incre-
ments of SSTs from 1960 to 2014 between 45°S to 45°N and 0° to 
360° were added to the monthly SSTs used in the CTRL run. The 
IPO run was identical to the CTRL run except that the SSTAs (45°S 
to 45°N and 0° to 360°) between the positive and negative IPO 
phases were added to the monthly SSTs used in the CTRL run.

The model was integrated year by year for the period 1990–2009 
with 6-hourly output of sea level pressure, 850-hPa Vor, tempera-
ture anomaly averaged between 500 and 300 hPa representing the 
TC warm core, and the 10-m winds. A well-known TC detection 
algorithm (www.gfdl.noaa.gov/tstorms/) was used to detect TCs in 
the simulations.

Our analyses only focused on the domain south of 40°N over the 
NP because the model has large bias in simulating TC tracks north 
of 40°N (fig. S10). The simulated TCGF and TCTD over the WNP 
and ENP in the CTRL run are generally close to those obtained 
from the best-track data. We also notice that the model underesti-
mates the observed TCTD by about 11% over the WNP and 19% 
over the ENP (Table 1), respectively, which might be due to shorter 
tracks in the model simulation. Because we focused on the relative 
changes among the three experiments, the above model bias does 
not affect our overall conclusions.

Statistics
The statistical significance was checked on the basis of four methods: 
the two-sided Mann-Kendall trend tests, the two-tailed Student’s 
t tests, the two-sided bootstrap resampling, and the chi-square test. 
The Mann-Kendall trend test was adopted in testing if trends of 
SST, TCTD, or atmospheric fields are statistically significant. The 
Student’s t test was used in testing whether the two samples (com-
posites) are significantly different from each other. The degree of 
freedom of the Student’s t test is 53 for the composites of TC tracks 
and 20C reanalysis and 38 for the differences in model experiments. 
The bootstrap test was used to evaluate the robustness of relative 
importance analysis. For the above three test methods, it was treated 
as significance at 90% confidence level if the difference was above 
5th or 95th percentiles. The chi-square test is used to check the sig-
nificance of contribution between GW and IPO over each basin 
with the degree of freedom 1.

SUPPLEMENTARY MATERIALS
Supplementary material for this article is available at http://advances.sciencemag.org/cgi/
content/full/6/41/eaba6813/DC1
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