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Poleward migration of western North
Pacific tropical cyclonesdrivenbygenesis
location shift under global warming in
HighResMIP-PRIMAVERAmodels
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The latitudinal position of lifetime maximum intensity (φLMI) of tropical cyclones (TCs) in the western
North Pacific (WNP) has been observed to migrate poleward over the last several decades, but the
cause remains not fully understood. In this study, we utilized 20models from the PRIMAVERA project
with different configurations to investigate long-term changes in the φLMI in theWNP. Over a hundred-
year simulations under globalwarming,mostmodels demonstrate a poleward shift ofφLMI with amulti-
model-mean rate of 0.068° decade−1. This poleward trend can be predominantly explained by the
poleward shift of TCgenesis latitude. Specifically, thepoleward shift of TCgenesis latitude contributes
0.28° decade−1 to the trend, the meridional shift of the Hadley circulation’s ascending branch
contributes 0.03° decade−1, but they are largely offset by the negative contribution of -0.24° decade−1

by the decreasing lifetime maximum intensity.

Tropical cyclones (TCs) originate and intensify over warm tropical waters,
posing significant threats to life and property upon landfall due to their
destructive wind and extreme precipitation1–3. Understanding long-term
changes in TCs is crucial for developing effective mitigation and adaptation
strategies. Kossin et al.4–6 revealed a notable polewardmigration trend in the
latitude at which TCs reach their lifetime maximum intensity (φLMI). This
trend is particularly pronounced in the western North Pacific (WNP), the
most active TC basin, which predominantly contributes to the poleward
migration observed in the northern hemisphere. Projections indicate that
this poleward migration is likely to continue into the 21st century, poten-
tially increasing the TC exposure in parts of eastern China, Korea, and
Japan4,6–9.

The polewardmigration ofφLMI has been attributed to several factors
10

–17. Some study emphasizes the genesis latitude shift as the primary driver12
,14,16. Sharmila and Walsh10 revealed that the shift in the regional Hadley
circulation contributes to the poleward migration under global warming.
Complementing the perspectives, Wang and Wu15 identified large-scale
steering flow adjustments as the dominant control on the historical trend in
φLMI . In addition, Feng et al.

13 suggested that seasonally non-uniform large-
scale environmental changes drive the polewardmigration of φLMI through
intensified Pacific Walker Circulation, which is further evidenced in the
subsequent research17. Although the φLMI is relatively robust to

heterogeneities in best-track data caused by temporal inconsistencies in data
quality5,11, marked differences in the φLMI migration rates in theWNP have
been reported4,11,18. These discrepancies are likely due to different periods
selected for the trend studies11,19,20, as TC activities can be substantially
influenced by decadal-to-multidecadal climate modes19 such as the Inter-
decadal Pacific Oscillation (IPO)21–23 and the Atlantic Multidecadal Oscil-
lation (AMO)24–26. Notably, after 1999, the φLMI exhibits an equatorward
migration6,18,27, highlighting cyclical oscillations superimposed on the
secular long-term trend28.

As mentioned above, the causality of the observed poleward
migration of φLMI in the WNP in recent decades is controversial. The
short observational history limits the reliability of studies on long-term
changes in TC activities. Consequently, many researchers turn to
numerical modeling as an alternative29. However, TC simulations in
numerical models are highly impacted bymodel configurations, such as
horizontal resolution and air-sea coupling29–32. It is thus of great interest
to examine whether there is consensus on the poleward migration of
φLMI among differentmodels andwhether themodel setups, such as air-
sea coupling, have consistent influences on the φLMI . To resolve the
genesis-vs-track controversy14,15 and disentangle forced responses from
multidecadal internal variations28,33, a unified attribution framework
across model hierarchies is imperative.
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The European Union Horizon 2020s PRocess-based climate sIMula-
tion: AdVances in high-resolution modelling and European climate Risk
Assessment (PRIMAVERA) project provides an excellent opportunity34–37.
The project, which is also part of the CMIP6 High-Resolution Model
Intercomparison Project (HighResMIP)38, utilizes globalmodels running in
both atmospheric-only and air-sea coupled configurations at standard and
higher resolutions to enhance our understanding of high-impact weather
events39. It offers a unique opportunity to explore the long-term changes in
the φLMI in the WNP under global warming and to investigate possible
impacts of model configuration on the φLMI . Here, we adopt both the
relatively low (LR) and high-resolution (HR) atmospheric-only models
(AGCMs) and their corresponding coupled models (CGCMs) from five
modeling groups participating in the HighResMIP-PRIMAVERA project:
CMCC-CM240, CNRN-CM6-141, HadGEM3-GC3142, EC-Earth3P43 and
MPI-ESM1.244 (Supplementary Table 1). The reproducibility of φLMI
including its spatial distributions and influential factors in these models
during 1984–2014 is assessed. The long-term trends of φLMI during
1950–2050 are then examined, and possible drivers are investigated. Fur-
thermore, differences between the ten pairs of AGCMs vs. CGCMs are
compared to reveal the impacts of air-sea coupling onφLMI (see “Methods”).

Results
Model performance in simulating φLMI
The Taylor diagrams of the model simulations and observations for the
spatial pattern of TC LMI during 1984–2014 are shown in Fig. 1. It is
apparent that almost allmodels have pattern correlation coefficients (PCCs)

between 0.70 and 0.95, indicating that the models performance well in
simulating the observed spatial pattern of TC LMI during 1984-2014. The
normalized standarddeviationmainly ranges from1 to2, indicating that the
simulated spatial variation is larger than the observed. These standard
deviations are less pronounced in the AGCMs (Fig. 1a) compared to their
corresponding CGCMs (Fig. 1b). Further, the AGCMs predominantly
exhibit RMSE values clustered within 0.5–1.0, while the CGCMs show a
broader spread, with most RMSE values exceeding 1.0 and reaching up to
1.5.Themulti-model ensemblemean (MME)PCCof all tenAGCMs is 0.85,
which is 4% higher than that of CGCMs at 0.82; the MME RMSE of all ten
AGCMs is 1.23, which is 13% lower than that of CGCMs at 1.42. The
superior performance of AGCMs over CGCMs during 1984-2014 is likely
due to the accurate boundary forcing provided by the prescribed
observed SSTs.

Factors influencing φLMI
Althoughmany factors can influenceφLMI asmentionedabove, the extent to
which each factor affects φLMI remains unclear. Here, the relationship
between the φLMI and the LMI itself is first examined. The observed φLMI
and LMI exhibit a parabolic relationship (Fig. 2a, b). When the LMI is
below/above Category 1 of the Saffir-Simpson scale (32-42m s−1), the φLMI
moves poleward/equatorward, almost linearlywith the increasingLMI.This
is likely becauseweakTCs (belowCategory1) tend tohave longer lifespans if
they become stronger, increasing their chances of moving further north-
ward.Conversely, strongTCs (aboveCategory 1) tend to stay over thewarm
oceans closer to the equator to achieve higher intensities. The observed

Fig. 1 | Taylor diagrams of model simulations and observations for the spatial
pattern of TC LMI in the WNP over 1984–2014. a AGCMs and b CGCMs at HR
andLR versions. TheMME,HR, and LR versions aremarked by different letters. The
green radial lines represent the spatial correlation coefficient (PCC) between model
simulations and observed data, with values ranging from 0 to 1. Higher PCC values
indicate a stronger correlation. The blue dashed lines correspond to the Root Mean

Square Error (RMSE), which quantifies the differences between model simulations
and observed data. Smaller RMSE values reflect improved model accuracy. The red
dashed lines represent the standard deviation, indicating the variability of model
simulations relative to the observed data. Larger standard deviations suggest greater
variability in the model’s simulations.
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parabolic relationship canbebetter simulated by theHR than theLRmodels
simply because the HR models are capable of simulating intense TCs. The
CN-AH is the only AGCM that can simulate TCs stronger than Category 3.
However, these simulated Category-3 and even stronger TCs move
unrealistically poleward compared to the observed, probably due to faster
translation speeds of TCs in the middle latitudes in the models41,45. On the
other hand, incorporating air-sea coupling generally decreases the LMI of
TCs(Fig. 2a, b). For example,Category4 and further strongerTCsdisappear
in CN-CH, eliminating the unrealistic poleward displacement of the

corresponding φLMI (Fig. 2b). We note that both the AGCMs and CGCMs
tend to simulatemore frequent occurrences ofweakTCs, and theirφLMI has
a much broader meridional extent than the observed (Fig. 2a, b).

The genesis latitudes of TCs are closely related to their φLMI
11,12. They

exhibit nearly linear relationships in both the observations and model
simulations (Fig. 2c, d). It is reasonable that TCs forming at higher latitudes
tend to achieve higher φLMI . However, biases still exist: simulated TCs tend
to reach higher φLMI when they form at 15°N or further northward com-
pared to the observations (Fig. 2d), while those forming near the equator

Fig. 2 | Relationships of φLMI with LMI and genesis latitude in observations and
HighResMIP models. Scatter plots of a, b φLMI vs. LMI (m s−1) and c, d φLMI vs
genesis latitude (φGenesis) for all TCs during 1984–2014 based on the observations
(dark dots) and numerical simulations (color dots) by a, cAGCMs and b, dCGCMs.
Red dots represent CMCC-CM2, green dots represent CNRM-CM6-1, blue dots

represent HadGEM3-GC31, cyan dots represent EC-Earth3P and purple dots
represent MPI-ESM1.2. The best-fit curves for eachmodel with their 95% two-sided
confidence intervals (shading) are interpolated. The solid and dashed lines represent
HR and LR models, respectively.
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tend to have lowerφLMI , particularly in the coupledmodels (Fig. 2d). This is
consistent with the broader meridional range of φLMI in the models than in
the observations as mentioned above. Nevertheless, both the AGCMs and
CGCMs reproduce reasonably well the observed relationship between the
TC genesis latitude and the φLMI .

In addition to the genesis latitude and LMI, other factors such as TC
seasonality, meridional extent of Hadley circulation’s ascending branch
(MEHCAB),meridional steering flow and the strength ofWNP subtropical
high (WNPSH) may also influence φLMI

10,13,46,47. To compare their relative
importance onφLMI , the indices of the six factors, including genesis latitude,
LMI, TC seasonality, MEHCAB, meridional steering flow and WNPSH
strength, are normalized and used to construct a multiple linear regression
equation for the year-to-year variations in the annual-mean φLMI in the
WNPduring 1984-2014 (see “Methods”). The coefficient of each factor can
also be regarded as theweight of its trend on the trend of annual-meanφLMI .
This assumes that each factor influences the year-to-year variations of the
annual-mean φLMI in the samemanner as it impacts the long-term trend of
the annual-meanφLMI . The coefficient and trend of each factor, the real and
the fitted linear trends of annual-mean φLMI and the respective contribu-
tions by the six factors during 1984-2014 based on the observations and
model simulations are provided in Fig. 3a, b and SupplementaryTables 2–4.
It is evident that in the observations, the year-to-year variations in the
annual-meanφLMI are primarily controlled by the genesis latitude and LMI,
as their coefficients are the largest and statistically significant in the
regression equation. Moreover, the fitted linear trend closely matches the
real one in terms of sign and amplitude; both of them show poleward
migration at a rate around 0.3° decade−1. The trend in the genesis latitude
predominantly contributes to the fitted trend. The trends in the MEHCAB

and WNPSH strength also play significant roles in the observed poleward
migration. Conversely, the trend of LMI is opposite to the trend of genesis
latitude and the fitted trend. On the other hand, the TC seasonality and
meridional steeringflowneither have significant relationshipswith the year-
to-year variations of annual-mean φLMI , nor show large linear trends in the
period of our interest. Therefore, their contribution to the poleward
migration of annual-mean φLMI is limited (Fig. 3d and Supplementary
Tables 2–4).

Similar to the observations, the genesis latitude and LMI are the two
leading factors showing significant positive relationships with the year-to-
year variations in the annual-mean φLMI in the historical simulations of all
models during 1984-2014 (Supplementary Table 2). Specifically, the influ-
ence of genesis latitude on the interannual variations in the annual-mean
φLMI is the largest with amulti-model-mean (MME) coefficient of 6.35. The
influence of LMI plays a secondary role with anMME coefficient of 3.54. In
contrast, eight/twelve models show positive/negative influences of TC sea-
sonality on the annual-meanφLMI variations, amongwhich four/nomodels
show statistically significant influences. Five/fifteen models show positive/
negative influences of MEHCAB on the year-to-year variations in the
annual-mean φLMI , among which four/eleven models show statistically
significant influences. Twelve/eight models show positive/negative influ-
ences of meridional steering flow on the annual-mean φLMI variations,
among which eight/six models show statistically significant influences.
Nine/eleven models exhibit positive/negative influences of WNPSH
strength on the annual-mean φLMI variations, among which seven/six
models show statistically significant influences. Therefore, the consensus
among all 20models is the significant positive impacts of the genesis latitude
and LMI on the interannual variations in the annual-mean φLMI , with the

Fig. 3 | Contributions of six factors to the fitted trends. Heatmap of the con-
tributions of the six factors to the fitted trends during 1984–2014 based on the
a AGCMs and b CGCMs at their HR and LR configurations. c Boxplots of real and
fitted trends (degree decade−1) in the annual-mean φLMI during 1984-2014 for (red)
all 20 models, (yellow) AGCMs, (light blue) CGCMs and the differences (dark blue)
between the AGCMs vs. CGCMs. d The fitted trends can be decomposed to con-
tributions by six influential factors, including the TC genesis latitude (Genesis), LMI,
seasonality, meridional steering flow (Vmean), Meridional extent of Hadley circu-
lation’s ascending branch (MEHCAB) and theWNPSH strength (SH), respectively.

The real and fitted trends and the contributions by the six factors based on the
observations are interpolated as the red stars in (c, d). The bottom and top edges of
each box denote the 25th and 75th percentiles, and the horizontal line (white) inside
the box is the median. The bottom and top whiskers extend to the minimum and
maximumwithin a distance of 1.5 times of the interquartile, and the outliers (outside
the whiskers) are plotted with open circles. The letters “Y” and “N” beneath the
horizontal axis in (c, d) indicate that over and less than 75% members show the
same-signed values, respectively.
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former beingmore influential than the latter. For the other four factors, their
importance to the interannual variations of the annual-meanφLMI ismodel-
dependent. Even for subgroups such as the AGCMs and CGCMs, there is
still no consensus regarding the influences of these four factors.

The fitted long-term trend by the six factors in eachmodel is very close
to the real trend directly calculated from the annual-mean φLMI (Fig. 3c and
Supplementary Table 4). This reassures the feasibility of our method to
attribute the trend. Similar to the observations, the genesis latitude and LMI
have much larger coefficients than the other four factors, and contribute
dominantly to the trends of annual-mean φLMI in each model (Fig. 3d and
Supplementary Table 2). However, the trends of genesis latitude themselves
are very diverse in both signs and amplitudes; ten models show negative
trends, whereas the other ten models show positive trends (Supplementary
Table 3). They have the opposite signs compared to the trends of LMI in all
models. This indicates that if the genesis latitude of TCmoves poleward, its
LMI is expected todecrease.This is reasonable as theLMI is closely related to
the large-scale environmental conditions, such as sea surface temperatures
and mid-tropospheric humidity, that are more favorable for TC intensifi-
cationnear the equator19,48. Additionally,Walsh et al.49 have also pointed out
that LMI in the WNP has shown a decreasing trend in recent years. Even
though the trends of genesis latitude and LMI are opposite, the influence of
genesis latitude on the trend of annual-mean φLMI is generally larger than
LMI; the averaged contribution of genesis latitude in the 20 models is 1.25
times larger than that of LMI. Consequently, in almost all models (19 out of
20), the trend sign of annual-mean φLMI is the same as that of the genesis
latitude.However, there is no consensus on the trend sign of genesis latitude
itsel,f neither in the 20 models nor in their subgroups such as the AGCMs
and CGCMs, which explains the diverse trends of annual-mean φLMI in the
models. This also suggests that during 1984-2014, global warmingmay play
a role in the changes of genesis latitude and thus annual-mean φLMI , but
these influences are not predominant and may be surpassed by other low-
frequency climate modes such as IPO and AMO21,23,25,26, requiring longer-

term data to quantify the global-warming-induced response. Also, we note
that the contribution of the other four factors to the trend of annual-mean
φLMI is very small and negligible; the averaged contribution of genesis
latitude on the trend of annual-mean φLMI is about 11/60/25/5 times larger
than that of TC seasonality/meridional steering flow/MEHCAB/WNPSH
strength (Fig. 3d and Supplementary Table 4).

Trends in the annual-mean φLMI during 1950–2050
Since the 31-year period from 1984 to 2014 is insufficient to largely
eliminate the impacts of the decadal-to-multidecadal oscillations such
as IPO and AMO on the trend of annual-mean φLMI , we utilized much
longer-period simulations spanning 1950–2050 under the RCP5-
8.5 scenario for the AGCMs or the SSP5-8.5 scenario for the CGCMs
by the same 20models to investigate the 101-year trend of annual-mean
φLMI . As detailed in Fig. 4 and Supplementary Tables 8–10, in these 101-
year simulations, the genesis latitude and LMI remain as the two
dominant factors significantly positively influencing the year-to-year
variations in the annual-mean φLMI . The influence of genesis latitude is
greater than that of LMI, with theMME coefficient of genesis latitude at
7.49, 1.6 times larger than that of LMI at 4.76. Similar to the period of
1984–2014, the influences of the other four factors on the annual-mean
φLMI are model-dependent. Fourteen/six models show positive/nega-
tive influences of TC seasonality on the year-to-year variations in the
annual-mean φLMI , among which five/three models show statistically
significant influences. Nine/eleven models show positive/negative
influences of meridional steering flow on the year-to-year variations in
the annual-mean φLMI , among which three/three models show statis-
tically significant influences. Three/seventeen models show positive/
negative influences of MEHCAB on the year-to-year variations in the
annual-mean φLMI , among which two/twelve models show statistically
significant influences. Finally, nine/eleven models show positive/
negative influences of WNPSH strength on the year-to-year variations

Fig. 4 | Contributions of six factors to the fitted trends. Similar to Fig. 3, but for the
period of 1950–2050. Heatmap of the contributions of the six factors to the fitted
trends based on the a AGCMs and b CGCMs at their HR and LR configurations.
cBoxplots of real and fitted trends (degree decade−1) for (red) all 20models, (yellow)
AGCMs, (light blue) CGCMs and the differences (dark blue) between the AGCMs

vs. CGCMs.dThefitted trends can be decomposed to contributions by six influential
factors including the TC genesis latitude (Genesis), LMI, seasonality, merdional
steering flow (Vmean), Meridional extent of Hadley circulation’s ascending branch
(MEHCAB) and the WNPSH strength (SH), respectively.
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in the annual-mean φLMI , among which five/four models show statis-
tically significant influences.

In the 101-year simulations, 75% models (15 out of 20) show the
poleward migration of annual-mean φLMI with an MME rate of 0.067°
decade−1 (Fig. 4c, SupplementaryTable 10, SupplementaryFig. 1).Thefitted
trends by the six factors are very close to the real trendswith anMMErate of
0.068° decade−1. Specifically, the genesis latitude contributes predominantly
to the polewardmigration of the annual-meanφLMI ; theMMEcontribution
is 0.28° decade−1 (Fig. 4d and Supplementary Table 10). Conversely, the
trend of LMI is opposite to that of genesis latitude inmostmodels (16 out of
20), and the MME contribution of LMI to the poleward migration is -0.24°
decade−1. The meridional shift of MEHCAB contributes approximately
0.03° decade−1. Whereas the contributions from the TC seasonality, the
meridional steeringflowandWNSPHstrength are very small andnegligible
(Fig. 4d andSupplementaryTable 10).Hence, the genesis latitude appears to
be the leading influential factor on the annual-mean φLMI during the 101-
year simulations. Compared to the 31-year simulation, the longer 101-year
simulation shows a broad agreement among models with the genesis lati-
tude moving poleward under global warming. This consensus among
models leads to the broad agreement on the polewardmigration of annual-
mean φLMI .

Poleward shift of TC genesis and large-scale environmental
changes
The poleward shifting genesis latitude may be mechanistically rooted in
global warming-induced circulation adjustments50–52. Under global warm-
ing, the WNPSH showed a poleward migration accompanied by the
weakening of its southern branch, which reoriented the steering flow south

of the WNPSH northward (Fig. 5, Supplementary Figs. 2a, b). Thus, TCs
formed in low latitudes tend to move northwestward or turn northward
instead of moving westward directly (Fig. 5). The change of WNPSH is
coupled with lower sea level pressure and enhanced ascending around 20°-
30°N but higher sea level pressure and anomalous descending over 5°-15°N
(Figs. 5 and 6). The anomalous descending strengthens the low-level trade
winds and thus verticalwind shear, whichmay suppress theTCgenesis near
the equator (Supplementary Figs. 2b, c). North of 15°N, low-level vorticity
exhibits a notable increase (Supplementary Fig. 2b), creating an environ-
ment conducive to TC genesis. Similar changes in these large-scale circu-
lations have been reported both in observations (Supplementary Fig. 3) in
recent decades and in numerical simulations under global warming53–58.
Synergistically, these changes help the northward shift of TC genesis and
their northward propagation into the subtropics.

To further quantify how thermodynamic and dynamic environmental
factors collectively modulate TC formation, we analyze changes in the
dynamic genesis potential index (DGPI) that explicitly incorporates
dynamic constraints (e.g., vertical velocity) beyond the thermodynamic
framework12 (see “Methods”). As shown in Fig. 7, the changes in DGPI
reveal a poleward intensification pattern with a marked increase (decrease)
north (south) of approximately 15°N (Fig. 7a, e, i), generally consistent with
the poleward shift of TCgenesis (Fig. 5c, f, i).We thus further define apair of
regions with opposite changes in DGPI to dissect the relative contributions
of environmental factors on the poleward shift of TC genesis: area A
(4°N–12°N, 150°E–180°E) andareaB (14°N–22°N,158°E–180°E) (Fig. 7a, e,
i). It is apparent that 500 hPa vertical velocity is the dominant contributor
across both regions, followed by 850 hPa absolute vorticity (Fig. 7b-d, f–h,
j–l). The meridional gradient of 500 hPa zonal wind enhances the TC

Fig. 5 | Long-term changes in TC genesis density and steering flow. Climatological distributions of TC genesis density and steering flow (m s−1) (shown in vector) for
a–c AGCMs, d–f CGCMs and g–i multi-model ensemble (MME) in the WNP averaged over P1 (1984–2014), P2 (2019–2049) and the differences between P1 vs. P2.
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genesis in area B significantly, while the vertical wind shear term suppresses
it in area A (Fig. 7j, k).

Discussion
We have demonstrated the dominant influence of genesis latitude on the
long-term trend of annual-mean φLMI in the models participating in the
PRIMAVERA project. In long-term simulations spanning one hundred
years, most models exhibit a poleward migration of the genesis latitude
under global warming, a point confirmed by early research10,16,49,59, which
leads to a corresponding polewardmigration of the annual-meanφLMI . The
poleward shifting genesis latitude may be mechanistically rooted in global
warming-induced circulation adjustments. The northwardmigration of TC
genesis density aligns with a northward shift of the ascending branch of the
Hadley circulation under global warming. We note that although the
MEHCAB itself contributes minimally to variations in the annual-mean
φLMI in the regression analyses, it establishes the large-scale conditions that
facilitate the northward shift of TC genesis, which indicates that the genesis
latitude may reflect the integrated effects of global warming influencing the
φLMI and raises the concernofmulticollinearity in the regression equationof
annual-mean φLMI . Even so, the multicollinearity concern is acceptable in
the regression equation because inter-factor correlations are less than |0.6|
(Supplementary Figs. 4 and 5) and the Variance Inflation Factors are pre-
dominantly less than 5, well below the conservative threshold of 10
(Methods, Supplementary Tables 7 and 13).

The regression equation here is estimated using the entire time period,
which may lead to an overfitting problem. To address this concern, 5-fold

time series cross-validation is rigorously applied to both study periods
(1984–2014 and 1950–2050). Cross-validated R2 values (0.61-0.79) closely
match in-sample R2 (0.63–0.81), with RMSE deviations less than 15% from
the reference trends (Data andMethods, SupplementaryTables 5, 6, 11, 12).
Scatter plots further confirmcross-validation trends aligning tightlywith the
reference trends along the 1:1 line (Supplementary Figs. 6 and 7), demon-
strating robust generalizability. In addition, to disentangle the respective
roles of anthropogenic forcing and internal low-frequency climate modes,
we apply a 3rd-order Butterworth low-pass filter (60-year cutoff to
encompass at least one full cycle of PDO and AMO) to the time series of
annual-meanφLMI . Themajority ofmodels show consistent trends between
filtered and unfiltered time series, with only minor variations in migration
rates. This coherence demonstrates that anthropogenic forcing dominates
the secular trend, while natural decadal variability does not fundamentally
alter the forced response over a long time period.

To verify the conclusion that annual-mean φLMI and TC formation
are likely to continue their poleward migration in the future, we con-
ducted an independent numerical simulation by dynamically down-
scaling the outputs of the global climate model CESM260 using the
regional climatemodelWRFv3.761,62 in the domain from 100°E to 180°E
and 0°N to 50°N. The downscaled outputs have a horizontal resolution
of 20 km in the WNP and include the 1985–2014 historical run and the
2065–2094 future projection under the SSP2-4.5 and SSP5-8.5 sce-
narios, respectively (see “Methods”). Results show that the climatolo-
gical latitude of TC genesis in the WNP is 5.4°N during 1985–2014
(historical period). Under SSP2-4.5, this latitude shifts northward to

Fig. 6 | Meridional-vertical structure of the regional Hadley circulation.
Meridional-vertical distribution of the longitudinally averaged divergentmeridional
wind (m s−1) and vertical pressure velocity (10−2 Pa s−1) (shown in vector) for
a–c AGCMs, d–f CGCMs, and g–i multi-model ensemble (MME) in the WNP

averaged over P1 (1984–2014), P2 (2019–2049) and the differences between P1 vs.
P2. The shading over the same region shows the vertical pressure velocity. Negative
(positive) values represent upward (downward) motion. Black dots denote values
statistically significant at the 95% confidence level.
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8.5°N during 2065-2094, representing a 3.1°N poleward migration;
under SSP5-8.5, the genesis latitude reaches 8.9°N, a 3.5°N northward
shift. Correspondingly, the climatological annual-mean φLMI is 10.5°N
during 1985–2014 and shifts to 11.4°N (SSP2-4.5) and 12.2°N (SSP5-
8.5) during 2065-2094, with poleward migration of 0.9°N and 1.7°N,
respectively (Fig. 8). These results confirm that the latitudinal position
of TC LMI tends tomigrate northward under global warming due to the
northward shift of TC genesis. Moreover, the extent of poleward
migration is more pronounced under more severe warming scenarios.
Notably, the concurrent poleward shifts of TC genesis and annual-
mean φLMI under warming, as simulated by WRF, complement the
conclusion from PRIMAVERA datasets, where the polewardmigration
of TC genesis is identified as a key driver of poleward migration of
annual-mean φLMI in the future global warming. The consistency
between the two analytical frameworks (PRIMAVERA-based global
model analysis and WRF-driven regional downscaling) underscores
the robustness of the linkage between TC genesis latitude shifts and
φLMI migration under global warming. While this consistency supports
our findings, several limitations of the PRIMAVERA dataset should be
noted to contextualize our results. First, although the 101-year span of
PRIMAVERA simulations (1950–2050) is sufficient to capture secular
trends, this period may not fully resolve multidecadal variability. Sec-
ond, the ten pairs of AGCMs vs. CGCMs may not be large enough to
detect the significant impacts of air-sea coupling on the long-term
trends of φLMI . Third, like most CMIP6 models, PRIMAVERA exhibits
an El Niño-like tropical Pacific SST warming bias63, which could
slightly distort simulations of Hadley circulation shifts and thus TC
activities. These limitations suggest future work with longer simula-
tions, more model members, or pattern-conditioned SST constraints63

would further strengthen our conclusions.
Upon the impacts of air-sea coupling on the long-term trend of

simulated φLMI , the ten-paired AGCMs vs. CGCMs show different

distributions of the long-term trend, and thefitted trends reproducewell the
differences (Figs. 3c and 4c). However, these differences are not statistically
significant; twelve of the models show negative differences, while eight
models exhibit positive differences during both the 1984–2014 and
1950–2050 periods (Figs. 3c and 4c; Supplementary Tables 4 and 10). The
lack of significancemaybe attributed to the six influential factors that donot
show statistically significant contributing differences between the AGCMs
and the corresponding CGCMs (Figs. 3d and 4d; Supplementary Tables
2 and 8). Consequently, no statistically significant differences are detected
between the AGCMs and their corresponding CGCMs. Hence, although
air-sea coupling can influence themean state ofφLMI (Fig. 1), its impacts on
the changes of φLMI under global warming seem insignificant. However,
since the comparison is limited to only ten pairs of AGCMs vs. CGCMs,
further analysis with more paired models is necessary to draw a definitive
conclusion.

The present study focuses on the TCs in the WNP. It would be of
interest to investigate the poleward migrations of TCs in other basins and
the dominant influential factors in future work. Understanding regional
differences and the consistency of poleward migration trends across dif-
ferent basinswill provide amore comprehensive viewof the impact of global
warming on TC behavior worldwide.

Methods
Observational data
This study utilized the ERA5 reanalysis with a 0.25° resolution during
1982–201445. The observational TC data in the WNP (0°N–50°N,
100°E–180°E) during the same periodwere obtained from the International
Best Track Archive for Climate Stewardship (IBTrACS v04r00). This
dataset contains 6-hourly records of time, longitude, latitude, maximum
sustained wind speed and central pressure of named tropical TCs. Our
historical analyses focus on the 30-year period from 1984 to 2014, when the
relatively reliable satellite observations are available.

Fig. 7 | Future projections of the dynamic genesis potential index (DGPI) and
relative contributions of its four terms. a Differences (P2-P1) in DGPI over the
WNPbetween periods P1 (1984–2014) and P2 (2019–2049) for AGCMs and relative
contributions of its four terms over b area A (4°N–12°N, 150°E–180°E), c area B
(14°N–22°N, 158°E–180°E), and d the difference between A and B. Black dots and *

denote values statistically significant at the 95% confidence level. e–h as a–d, but for
CGCMs. i–l as a–d, but for MME. VWS, MZW, Omega, and Vor represent the
contributions from vertical wind shear, mid-level (500 hPa) zonal wind, vertical
velocity, and low-level (850 hPa) absolute vorticity, respectively.
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CMIP6-HighResMIP data
Themodel outputs from theHighResMIP-PRIMAVERAproject were used
to evaluatemodel performanceandanalyze futureprojections.Although the
project has six different modeling groups, the ECMWF-IFS64 was excluded
because it lacks a near-future projection. Therefore, five modeling groups
were selected for this study: CMCC-CM240, CNRN-CM6-141, HadGEM3-
GC3142, EC-Earth3P43 and MPI-ESM1.244. The experiments analyzed here
were conducted at two different horizontal resolutions (Supplementary
Table 1), a CMIP6-type low resolution (LR, ~100 km) and a higher reso-
lution (HR, 25–50 km), by the atmosphere-only models (AGCMs) and the
corresponding air-sea coupled versions (CGCMs). Each experiment was
integrated from 1950 to 2050, covering the historical period (1950-2014)
and a near-future projection (2015–2050)65. For the AGCMs, the historical
run was forced by observed SST and sea ice, and the future projection was
forced by a blended variability from the observed SST and sea ice and the
climate change signals obtained from the CMIP5 projections under the
RCP8.5 scenario. For the CGCMs, the historical run considered the historic
1950-2014 anthropogenic forcing and the future projection was conducted
under the SSP5-8.5 scenario66. Readers are referred to Haarsma et al.67 and
Roberts et al.68 for details of the experiment setups. In this study, if 75%of the
models show the same-signed trend, the multi-model ensemble mean
(MME) trend is regarded as statistically significant. Similarly, if 75%of pairs
of AGCMs vs CGCMs or HR vs LR models show the same-signed differ-
ences, the MME differences are regarded as statistically significant.

Downscaling with the high-resolution WRF model
The Advanced Research WRFv3.7 climate model was configured to
cover the domain from 100°E to 180°E and 0°N to 50°N, to simulate the
weather and climate in East Asia and theWNP62. For these experiments,
the horizontal resolution is 20 kmwith 33 vertical layers, with a domain-
top pressure of 50 hPa. In our downscaling simulations, initial and lateral
boundary conditions were interpolated from the CMIP6 CESM2 global
circulation model outputs at a horizontal resolution of 1° × 1° with 6-h
intervals. The CESM2 effectively replicates the atmospheric patterns

over the WNP and East Asia, showcasing its strong simulation
capabilities60. The historical downscaling simulations span from 1985 to
2014. The future projections last 30 years from 2065 to 2094 under the
SSP2-4.5 and SSP5-8.5 scenarios, respectively. Considering the current
limitations in computational resources for running cloud-resolving
models, convection parameterization becomes a significant source of
uncertainty in dynamical downscaling simulations of TC activity. To
ensure simulation accuracy, an evaluation of parameterization schemes,
especially the convective parameterization scheme, has been conducted
(not shown). Finally, the following parameterization schemes were
selected: the WRF Single-Moment 5-class (WSM5) cloud
microphysics69, Yonsei University (YSU) planetary boundary layer
(PBL) scheme70, Monin–Obukhov near-surface layer scheme71, the
Noah land surface scheme72, the new Kain–Fritsch cumulus para-
meterization scheme73 and the CAM radiation scheme74 for longwave
and shortwave radiations.

TC tracking and genesis
The TCs in the models of the HighResMIP-PRIMAVERA project were
detectedby theTC tracking algorithm “TRACK”75. In this algorithm, theTC
tracks are identified based on local maxima of the relative vorticity after the
T63 resolution smoothing to reduce the impact of different original reso-
lutions. Additionally, combinewarm-core and lifetime criteria to ensure the
identified storms have coherent vertical structure and a warm core. All TCs
included in both observational datasets andmodel simulations are required
to attain at least tropical storm (TS) intensity, defined as maximum sus-
tained 10-m wind speed Vmax ≥17m s−1 in the WNP.

The TCs in the WRFv3.7 were detected following the TC tracking
algorithm developed by the Geophysical Fluid Dynamics Laboratory
(GFDL, https://www.gfdl.noaa.gov/tstorms/), which has been widely used
in TC research8,76. For the 6-hourly model outputs, the primary variables
(detection criteria) used for TC tracking include 850-hPa relative vorticity,
10-m maximum wind speed, and the center of the maximum temperature
anomaly in the middle layer of the troposphere. Some modifications were

Fig. 8 | WRF-downscaled projections of TC genesis and LMI under climate
change scenarios. Climatological distributions of climatological frequency of
a–cTCgenesis andd–f LMI based on a, c historical simulations spanning 1985–2014

and future projections spanning 2065–2094 under b, d the SSP2-4.5 and e, f SSP5-
8.5 scenarios, respectively, in the WRFv3.7 driven by the outputs of CESM2. The
dark dot in each plot represents the averaged position of all TCs.
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made to adapt the algorithm for these WRF simulations, and the TCs were
extracted based on the following aspects:
1. Within a 300 km radius, track a local minimum in sea level pressure

(SLP) as the TC center for that time step. The SLP must form a closed
isobar, and the 850 hPa relative vorticity must exceed 5 × 10−5 s−1.
Additionally, the minimum SLP must be at least 2 hPa lower than the
SLP averaged over the surrounding 12 × 12 grid points.

2. The 10-mmaximumwind speedwithin a 300-km radius from the SLP
center must exceed 17m s−1.

3. The averagewindspeedat850hPawithina300-kmradius fromtheSLP
center, over the entireTC life cycle,must not dropbelow17m s−1 at any
time step and must remain above the average wind speed at 300 hPa.

4. The maximum value of the mid-level temperature anomaly (vertically
averaged between 500 and 300 hPa) within a 300-km radius from the
SLP center must exceed 1 °C.

5. TCs must form in regions south of 30°N.

In each 6-hour simulation output, grid points that meet the above
detection criteria are used forTC tracking.Thedurationof eachTC life cycle
must be at least 72 h. Each TC sample is examined to determine whether
there is a cyclonewithin a 300 km radius for the next 6-hour time interval. If
a detected cyclone satisfies the previous criteria, it is connected to the initial
cyclone path to form a track.

We define TC genesis as the initial point of individual TC tracks. This
approach avoids the need to define an intensity threshold of genesis or to
account for intensity biases of simulated TCs. However, direct comparisons
between observed and simulated TC genesis are complicated by differences
in tracking methods. Observed TCs are typically tracked by human fore-
casters and researchers, with methods evolving over time, which differs
fundamentally from the automated tracking used in numerical simulations.
However, these discrepancies may not greatly influence our results, for this
study focuses on the variations and long-term changes in the observations
and simulations rather than on their climatologies.

Indices of φLMI and statistical analyses
In this study, the φLMI is defined as the latitude where the TC achieves its
LMI in observations or numerical simulations, as in Kossin et al.5. The TC
LMI is representedby themaximum10-mwind speed. ForTCs that achieve
their LMImore thanonce, theφLMI at thefirst occurrence is considered.The
annual-meanφLMI is calculated as the average ofφLMI of all TCs in theWNP
in a year. For the trend analysis, we estimate the trend using linear least-
squares regression. The Pearson correlation coefficient is used to measure
the correlation between the time series of two variables. The robustness of
multiple linear regression usually depends on the choice of period. To
enhance the reliability, we applied an improved Ordinary Least Squares
(OLS) algorithm77. Details of this OLS algorithm are provided in Supple-
mentaryNote 1. Following themethodologies of Kossin et al.6 and Li et al.78,
the influence of different factors on the long-term trend can be analyzed
through multiple linear regression. Let Ln represent the annual-mean φLMI
for year n in theWNP and Xi;n be the ith influential factor in year n. Here,
n = 1, 2,…, 31 for the 1984–2014 historical simulation, and n = 1, 2,…, 101
for the 1950–2050 simulation. The factors Xi considered in our study
include TC genesis latitude, LMI, TC seasonality, MEHCAB, meridional
steering flow and WNPSH strength. By applying the multiple linear
regression method, the interannual variations in the annual-mean φLMI
caused by the factors Xi can be expressed as:Ln ¼

P6

i¼1
θiXi;n þ δ þ εn,

where θi denotes the regression coefficient for the ith factor Xi, δ is the
intercept and εn is the residual term:The long-term trend in L related to the
six factors is equal to the sum of the product of θi (the regression coefficient
of Xi) and the long-term trend in the ith influential factor Xi.

Indices of influential factors

1. Genesis latitude:Defined as the latitude of the initial point of individual
TC tracks.

2. LMI: Defined as the maximum 10-m wind speed of TC.
3. TC seasonality: Defined as the ratio between the number of TC

occurring from July to September and those from October to
December each year.

4. Intensity of WNPSH subtropical high: Calculated as the sum of the
product of the region area and the positive deviation of 500-hPa
geopotential height from 5870 gpm in the region, as defined by He
et al.79.

5. Strength of meridional steering flow: Calculated as the three-
dimensional average of the meridional velocity over the
300–850 hPa, 120°–150°°E and 10°–30°°N. This region corresponds
to the area of maximum meridional steering flow in the WNP.

6. MEHCAB: The Stokes streamfunction (ψ) reflects the strength and
geometry of the Hadley circulation and is adopted to estimate the
meridional extent of the Hadley circulation10. Assuming the non-
divergent mean meridional circulation and mass conservation, ψ at a
given latitude and pressure level can be calculated as:

ψ ϕ; p
� � ¼ 2πα cos ϕ

g

Z p

0
ν½ �dp; ð1Þ

whereϕ is the latitude,p is the pressure level,α is the earth radius and g is the
acceleration due to gravity, the square bracket denotes the zonal average,
and ν is themeridional velocity. The three-dimensional average of ψ within
300–850 hPa, 120°–150°E° and 0–10°°N is adopted to represent the
meridional extent of the ascending branch of the Hadley circulation in
the WNP.

Genesis potential index and dynamic genesis potential index
Vertical wind shear is calculated as the difference in horizontal wind vectors
between 200 and 850 hPa. To capture dynamically drivenTC formation, we
employ the dynamic genesis potential index (DGPI) developed by Wang
and Murakami80,81, which explicitly incorporates dynamic constraints and
further conduct a relative contribution analysis82–84. DGPI can be calculated
as follows:

DGPI ¼ ð2:0þ 1:0 ×VsÞ�1:7 5:5� du500
dy

� �2:3

ð5� 20 ×ω500Þ3:4

ð5:5þ ζa850 × 10
5

�
�

�
�Þ2:4e�11:8 � 1:0;

ð2Þ

whereVs is the vertical wind shear, u500 is the zonal wind at 500 hPa,ω500 is
the vertical velocity at 500 hPa and ζa850 is the absolute vorticity at 850 hPa.

Cross-validation approach
To accurately evaluate and compare the performance of the multiple linear
regression model, we employed a cross-validation approach to mitigate the
risk of overfitting and ensure the model’s robustness. Cross-validation
enables the assessment of whether the relationships established between
predictors and predictands hold consistently outside of the training data,
thereby providing an indication of the model’s generalizability to unseen
data. The simplest and most commonly used cross-validation method is
data splitting, where the data is partitioned into two sets—one for training
(e.g., 80% of the data) and the other for validation (e.g., 20% of the data).
However, this approach can introduce biases depending on the particular
partitioning of the data. To address this limitation, we applied K-fold cross-
validation, which provides a more rigorous validation by using multiple
combinations of training and test datasets. In thismethod, the available data
are divided into K non-overlapping subsets, or “folds,” with each fold
containing approximately n/K elements. For each fold, the model is trained
on K-1 folds and tested on the remaining fold. This process is repeated K
times, each timewith a different fold as the test set. The results from these K
iterations are then aggregated into a single validation series that spans the
entire analysis period85,86. This approach not only provides a more robust
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estimate of the model’s performance but also allows for the analysis of
variability across different validation periods.

In this study, we employed a 5-fold cross-validation approach
using two distinct time periods: 1984–2014 and 1950–2050. For the
1984–2014 period, the data were divided into five 5-year intervals:
1990–1994, 1995–1999, 2000–2004, 2005–2009, and 2010–2014.
Similarly, for the 1950–2050 period, the data were partitioned into five
intervals: 1971–1986, 1987–2002, 2003–2018, 2019–2034, and
2035–2050. The choice of five folds strikes a balance between having
sufficiently long validation periods and retaining enough data formodel
training. To further assess the model’s performance, we utilized scatter
plots to visualize the relationship between the reference (observed and
modeled) trends and the trends derived from the 5-fold cross-validation
process (Supplementary Figs. 6 and 7). In these plots, the black line
represents the 1:1 line, indicating perfect correlation between the
reference and cross-validation trends. Ideally, a good model would
show data points closely aligned along this 1:1 line. The red and blue
lines represent the 1:2 and 2:1 lines, respectively, and serve as references
to highlight deviations from perfect agreement. A trend closer to the 1:1
line suggests better model performance, as it indicates that the cross-
validation predictions closely match the observed data.

Variance inflation factor (VIF)
Multicollinearity occurs when two or more predictor variables in a regres-
sion model are highly correlated, leading to unreliable coefficient estimates
and inflatedstandarderrors.TheVIF is a statisticalmeasureused toquantify
the severity of multicollinearity in a regression analysis87. The VIF for a
predictor variable Xj is calculated as:

VIFj ¼
1

1� X2
j

; Limits are : 1≤VIFj ≤1and0≤X2
j ≤ 1 ð3Þ

VIF = 1: No multicollinearity.
1 < VIF < 5: Moderate correlation (usually acceptable).
VIF ≥ 5 (or 10): High multicollinearity (may require corrective action,

such as removing variables or using regularization techniques). If VIF ≤ 10,
then it may be concluded that there is no serious case of multicolinearity.

Data availability
The ERA5 climate reanalysis was generated and distributed by the
Copernicus Climate Data Store (https://cds.climate.copernicus.eu/#
!/home). The TC best-track data used in this study were IBTrACS
(v04r00) data, retrieved from the NOAA National Centers for Envir-
onmental Information (https://www.ncei.noaa.gov/products/
international-best-track-archive). The CMIP6-HighResMIP data are
openly available at https://data.ceda.ac.uk/badc/cmip6/data/CMIP6/
HighResMIP. The tropical storm tracks calculated by the TRACK
algorithm can be downloaded at http://catalogue.ceda.ac.uk/uuid/
0b42715a7a804290afa9b7e31f5d7753. The variables in the CMIP6-
HighResMIP models are available at https://data.ceda.ac.uk/badc/
cmip6/data/CMIP6/HighResMIP.

Code availability
The main scripts for data processing and plotting are available at GitHub
(https://github.com/LiMY-at/poleshift). Other source codes are available
from Mingyu Li (lmy443282765@gmail.com) upon request.
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