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Abstract (100-150 words) 26 

Marine Heatwaves (MHWs) – extremely warm excursions in sea surface temperature (SST) 27 

anomalies causing substantial ecological and economic consequences – have increased 28 

worldwide in recent decades. Concurrently, global temperatures also increased, suggesting that 29 

climate change impacted MHW occurrence, apart from unrelated effects of natural internal 30 

variability. Moreover, the long-term SST warming trend was not constant but instead had more 31 

rapid warming in recent decades. Here we show that this nonlinear trend can – on its own – 32 

appear to increase SST variance and hence MHW frequency. Using a Linear Inverse Model to 33 

separate climate change contributions to SST means and internal variability, both in observations 34 

and CMIP6 historical simulations, we find that most MHW increases resulted from regional 35 

mean climate trends that alone increased the probability of SSTs exceeding a MHW threshold. 36 

Our results suggest the need to carefully attribute global warming-induced changes in climate 37 

extremes, which may not always reflect underlying changes in variability. 38 

  39 
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Introduction 40 

Marine heatwaves (MHWs) are events characterized by prolonged anomalously warm ocean 41 

surface or subsurface temperatures1, 2, seen in many regions of the world’s oceans3, 4, 5 as shown 42 

in Fig. 1a. Over the past several decades, these events have appeared to occur more often and 43 

become more extreme and longer-lasting6, 7, concurrent with long-term global warming7, 8, 9. The 44 

severe ecological and economic consequences of MHWs, including widespread mortality of 45 

marine species, adaptive reconfiguration of species ranges, and decline of farmed aquaculture 46 

production in commercial fisheries5, 10, have motivated numerous studies aimed at understanding 47 

their drivers and occurrences. Under current warming projections8, 9, future MHWs are likely to 48 

occur at an accelerated rate11, 12, creating increased urgency regarding the attribution of climate 49 

change impacts. 50 

 51 

Quantifying the impact of climate change on MHW characteristics relies on identifying the long-52 

term externally-forced warming trend separately from the changes in internal variability (e.g., ref 53 

13, 14, 15, 16). An increase in internal variability of sea surface temperature (SST) acts to widen the 54 

probability distribution function (PDF) of ocean temperatures, making extreme warm 55 

temperatures more likely. In addition, mean changes due to the warming trend shift the center of 56 

PDF to higher values, also resulting in increased MHW occurrences. However, the long-term 57 

SST warming has been observed to occur at a nonlinear rate in the past few decades17, 18, which 58 

is particularly evident in some specific oceanic regions such as the western boundary currents19. 59 

One example is the Northwest Atlantic (NWA; Fig. 1c), where a slow mean warming was 60 

replaced by an accelerated trend in the late 1980s. Comparing PDFs of the consecutive 1958-61 

1987 and 1988-2017 periods (right panel of Fig. 1b, derived from thin line of Fig. 1c) shows not 62 
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only a positive mean shift but also a broadening of the distribution, suggesting an increase in 63 

variance during the later period. However, if we remove the nonlinear trend (i.e., thick line of 64 

Fig. 1c) from the NWA index (thin line), the PDFs of the detrended data have almost identical 65 

mean and variance over the two periods (left panel of Fig. 1b). That is, the changing trend acts to 66 

make the distribution wider, resulting in an apparent increase in variability that can lead to an 67 

actual increase of MHW occurrences, despite little change in the natural internal variability 68 

itself. This example highlights the importance of carefully distinguishing the long-term warming 69 

trend from the internal variability, to avoid conflation of the two on the climate change 70 

attribution to MHWs20. While attempts have been made to determine the relative role of trend 71 

and internal variability in the increasing frequency of MHWs16 under continued anthropogenic 72 

forcing, no study to date has assessed the potentially important additional role of the trend’s 73 

nonlinearity. 74 

 75 

In this paper, we conduct a global analysis of MHW events over the past 60 years that separates 76 

the long-term trend, including its nonlinear change over time, from the internal ocean variability, 77 

thereby allowing for better estimates of the impact of climate change on both MHWs and overall 78 

SST variability. We note, however, that the nonlinearity of the trend shown in Fig. 1c primarily 79 

stems from the acceleration of the trend starting in the late 1980s. This period approximately 80 

coincides with the advent of the satellite era, which led to a dramatic increase in the density of 81 

SST observations21, and could potentially result in an apparent change of the magnitude of the 82 

trend. To ascertain that the nonlinear trend we discuss in this study is not an artifact of the 83 

changes in the observing techniques, we repeat a similar analysis on the Coupled Model 84 

Intercomparison Project phase 622 (CMIP6; see Methods) multi-model ensemble, focusing on the 85 
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same historical period covered by the observations. As we will see, the similarity of the climate 86 

models’ results suggests that the nonlinear character of the trend is a real climate signal and not a 87 

result of the changes in observational sampling. In addition, to increase the sample size, we also 88 

use a long integration of a Linear Inverse Model23, 24 (LIM; see Methods). Both CMIP6 and LIM 89 

simulations provide long records of “alternative histories” of what could have happened, 90 

allowing a more robust assessment of the significance of our results. The LIM, a multivariate 91 

empirical dynamical model, represents spatially-varying climate anomalies as a combination of 92 

linearly deterministic (i.e., predictable) dynamics plus an unpredictable nonlinear residual 93 

approximated by white noise23, 24. The LIM has been extensively used in predicting seasonal-to-94 

interannual surface ocean conditions (e.g., ref 25, 26, 27), but it can also be run as a climate 95 

simulation model. In this case, the LIM generates climate realizations whose spatiotemporal 96 

evolution is statistically consistent with past observations, allowing their use for testing 97 

hypotheses including whether El Niño has significantly changed over the last several decades28, 98 

the extent to which tropical Pacific decadal variability is a residual of El Niño events29, and the 99 

impact of tropical and extratropical processes upon evolving Northeast Pacific MHW events30. 100 

Motivated by these earlier results, we generate large LIM ensembles that realistically represent 101 

the dynamics of anomalous SST evolution over 1958-2017, allowing us to identify large samples 102 

of simulated MHWs and to diagnose the impact of climate change on SSTs, analogous to our use 103 

of CMIP6 realizations. Using both LIM and CMIP6 ensembles, we provide a comprehensive 104 

analysis of MHW changes in both ensembles and how those compare to the observed changes. 105 

 106 

Results 107 
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Mean change of sea surface temperature and the observed nonlinear trend. We begin by 108 

identifying the pattern and amplitude of the observed long-term trend and estimating where it is 109 

statistically significant. We use the least damped eigenmode of the LIM’s dynamical operator to 110 

extract the trend component (see Methods), a technique established by several previous studies13, 111 

31, 32. The resulting trend pattern (Fig. 2a) appears generally robust since we found a similar 112 

pattern using other approaches, including computing the “mean shift” as the difference between 113 

the 1958-1987 and 1988-2017 means (Fig. 2b and Supplementary Fig. 1) or fitting a piecewise 114 

linear trend at each grid point (see supplementary information), and other studies have also 115 

obtained similar results15, 33, 34. The time series associated with the trend pattern (gray line in Fig. 116 

2c) shows an acceleration during the second half of the observational period, which is also seen 117 

in the evolution of regionally averaged SST anomalies (Fig. 2c). However, in some regions like 118 

the Niño 3.4 domain and the California Current System, the trend identified from the least 119 

damped eigenmode is very weak (Fig. 2c and Supplementary Fig. 1), consistent with the overall 120 

SST trend in those regions being linked to residual El Niño-Southern Oscillation (ENSO) 121 

variability35. 122 

 123 

We test the statistical significance of the observed local trends against a large set of climate 124 

realizations (or alternative histories) based on the LIM’s realistic representation of the observed 125 

dynamical system27. First, we remove the least-damped eigenmode from the LIM so that it 126 

represents “detrended” dynamics. Then this LIM is used to generate a 3000-member ensemble of 127 

60-year-long realizations which overall share the same spatial and temporal covariability 128 

statistics as the observations during 1958-2017. For each ensemble member, however, while 129 

SSTA variations are governed by the same deterministic dynamics, representing predictable 130 
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anomaly evolution, they are driven by different random noise realizations, representing 131 

unpredictable internal variability. This simulation is hereafter denoted LIM5817; see Methods. 132 

For each region of interest, a mean shift in observations is then considered 95% significant only 133 

if it falls outside the 2.5% - 97.5% range of the 3000 mean shifts (shown by the bars in Fig. 2b) 134 

drawn from the LIM5817 ensemble. By this criterion, Figure 2b shows that the regions of 135 

Benguela, Bay of Bengal, East China Sea, Mediterranean, northern Australia, Northwest 136 

Atlantic, Tasman Sea, Western Australia and Western South Atlantic all experienced significant 137 

mean shifts (see also Supplementary Fig. 1). 138 

 139 

Impact of the observed nonlinear trend on variance. As noted in the introduction, the 140 

accelerated historical trend in the Northwest Atlantic (Fig. 1c) has led to an apparent variance 141 

increase (Fig. 1b). This effect is largely removed after nonlinear detrending (Fig. 1b). We can 142 

use the LIM ensembles to better understand these results. 143 

 144 

First, note that the PDFs determined from the LIM5817 ensemble are a good fit to the 145 

(independently constructed) histograms of detrended SSTA over both 1958-1987 and 1988-2017 146 

(solid and dotted lines in bottom panel of Fig. 2d), indicating that the two periods are statistically 147 

indistinguishable when the trend is removed. Next, the observed trend component is added back 148 

to each LIM5817 ensemble member, so that the resulting “trend+LIM5817” ensemble now 149 

represents both the trend and the variability during 1958-2017. PDFs are then determined from 150 

the trend+LIM5817 ensembles, separately for the first half (i.e., 1958-1987) and the second half 151 

(i.e., 1988-2017) of the 60-yr period. By construction, any difference between these two 152 

simulated PDFs is only due to the externally-forced trend, since the dynamical system driving 153 
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the underlying internal variability is unchanged (i.e., it is generated by a single LIM, whose 154 

ensemble-mean distribution is shown by the solid line in the bottom panel of Fig. 2d). The top 155 

panel of Fig. 2d shows that the simulated PDFs of the two periods match the observed PDFs, 156 

notably capturing the change between the two periods. This suggests that the accelerating trend 157 

was responsible not only for the overall shift to warmer values but also for the widening of the 158 

PDF. A similar result is seen in other regions with strong nonlinear trends (e.g., the 159 

Mediterranean region, Fig. 2c; see also Supplementary Fig. 2), while the effect is weaker in 160 

regions with weaker trends (see Supplementary Fig. 2 for other regions). 161 

 162 

The CMIP6 nonlinear trend and its effect on variance. To assess how well the observed trend 163 

and its impact on the distributions are reproduced by the CMIP6 historical simulations, we repeat 164 

the analysis of Fig. 2 on the output of 10 models (in total 133 realizations; see Methods) from the 165 

CMIP6 set of ensembles (Fig. 3). Similar to our approach in the observational analysis, we first 166 

derive the trend from the least damped eigenmode of LIMs separately constructed from each 167 

CMIP6 realization of each model (Supplementary Fig. 3). The ensemble mean of these trend 168 

patterns, in which each model’s average is first calculated prior to computing the multi-model 169 

ensemble mean, is shown in Fig. 3a. As we found for observations, the LIM-based trend pattern 170 

reproduces the trend pattern determined instead by using the mean shift between the two periods 171 

of the CMIP6 realizations (Supplementary Fig. 4 and bars of Fig. 3b), again demonstrating that 172 

the least damped mode can robustly identify the trend. The time series associated with the trend 173 

pattern (gray line in lower portion of Fig. 3c) and its expression in the different regions of 174 

interest (lower portion of Fig. 3c) exhibit a nonlinear character as seen in observations (Fig. 2c). 175 

These time series derived from the LIM’s least damped eigenmode are also consistent with those 176 
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directly obtained from the ensemble average of the CMIP6 models (upper portion of Fig. 3c), 177 

which is expected to yield the long-term forcing signal by averaging out the internal variations of 178 

individual ensemble members. Notably, the regional trends identified from the least damped 179 

mode (lower portion of Fig. 3c) sharply capture the sudden temperature decrease around 1991, 180 

which is likely associated with the Mount Pinatubo eruption and which is also present, albeit less 181 

well-defined, in the CMIP6 simulations22, 36. These results further indicate the robustness of 182 

using the LIM’s least damped mode to identify the externally-forced signal, as well as supporting 183 

the hypothesis that the long-term trends over the historical period have been evolving 184 

nonlinearly. 185 

 186 

The long-term trends simulated in the CMIP6 ensemble are, overall, similar to the observed 187 

trend. However, it is worth noting that large regions of the North Pacific, especially the 188 

Kuroshio-Oyashio Extension, warmed more substantially over the historical period in the CMIP6 189 

ensemble-mean (Fig. 3a) than was observed (Fig. 2a). Similarly, the Nino3.4 region in the 190 

tropical Pacific displays a faster warming in the CMIP6 simulations compared to observations37 191 

(Fig. 3b). These issues may suggest a systematic bias of CMIP6 models38, which is beyond the 192 

scope of this study. 193 

 194 

To examine the influence of the nonlinear trend upon the CMIP6 model SST distributions, we 195 

choose the Mediterranean region, which has experienced significant warming both in 196 

observations (Fig. 2b-c) and in the CMIP6 simulations (Fig. 3c). Fig. 3d shows the resulting 197 

PDFs derived from each CMIP6 realization (dotted lines) and the averaged PDFs for each 198 

CMIP6 model (dashed and solid lines). As in observations (Fig. 2d), the accelerating trend in the 199 
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CMIP6 simulations leads to both a mean shift and a widening of the distribution. For other 200 

regions with smaller simulated trends, the impact on the distribution is correspondingly weaker 201 

(not shown). This result also suggests that where the CMIP6 models overestimate the trends, 202 

they therefore may also overestimate changes to the distributions. 203 

 204 

Modest changes in internal variability of sea surface temperature. While the intensifying 205 

trend has been shown to contribute to an apparent increase in variance, it remains possible that 206 

the underlying internal variance could also be changing under anthropogenic forcing, at least in 207 

some regions. To assess such potential changes, we first determine the “detrended variance” 208 

from the observed detrended SSTA. The resulting difference map between the detrended 209 

variance for the two periods 1958-1987 and 1988-2017 (Fig. 4a) shows notable increases in the 210 

detrended variance within the Niño 3.4 and the Northeast Pacific regions and decreases in the 211 

Kuroshio-Oyashio Extension, East China Sea and large regions of the Southern Oceans. Such 212 

variance changes are also reflected in the SSTA distributions, such as a narrowing of the PDFs 213 

from 1958-1987 to 1988-2017 in the Kuroshio-Oyashio Extension region (histogram bars in Fig. 214 

4c). The increase in variance in the Northeast Pacific is consistent with the increase in variance 215 

in the central equatorial Pacific seen in Fig. 4a, as Northeast Pacific MHWs appear to be 216 

associated with the occurrence of Central Pacific El Niño events39, 40. However, the variance 217 

decrease in the KOE region remains difficult to explain. 218 

 219 

Next, we assess the significance of the observed changes in detrended variance, by asking 220 

whether they could have occurred by chance within a statistically stationary system. This 221 

question is addressed by comparing these observed changes against the range of potential 222 
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variance changes from the first to second halves of each realization of the LIM5817 ensemble 223 

(see Methods); 95% significance levels are indicated by hatching in Fig. 4a. Interestingly, in 224 

those regions where high-impact MHWs have occurred (e.g., outlines in Fig. 4a), changes in the 225 

detrended variance are not significant. That is, these observed variance changes are small enough 226 

that they could have occurred because of random changes in internal variability, without being 227 

associated with a systematic change in variability related to the external forcing. For example, 228 

we know that ENSO variability in the equatorial Pacific undergoes naturally-occurring decadal 229 

variations (e.g., ref 41). Thus, it is not surprising that the changes in variance in the tropical 230 

Pacific are within the range of internal variability and cannot be attributed to climate change. 231 

 232 

Despite the lack of significance in the variance changes, however, many aspects of the observed 233 

pattern of detrended variance changes are reproduced by the CMIP6 historical simulations, or at 234 

least by the multi-model ensemble mean. We repeat the above analysis for all the CMIP6 model 235 

ensembles, finding the changes in the detrended variance between period 1958-1987 and 1988-236 

2017 for each CMIP6 realization (Supplementary Fig. 5). The CMIP6 ensemble mean result 237 

(Fig. 4b) shares some notable features with the observational map in Fig. 4a, including the 238 

detrended variance increase within the Niño 3.4 region and the decrease in the Kuroshio-Oyashio 239 

Extension region. The CMIP6 models also indicate a detrended variance increase in the northeast 240 

Pacific, although much weaker than observed. On the other hand, the CMIP6 ensemble-mean 241 

variance changes differ from the observations in the North Atlantic and in much of the Southern 242 

Oceans.  243 

 244 
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These differences may be due to large model spread and low model resolution of CMIP6. 245 

Indeed, several models do not reproduce the overall observed detrended variance changes. This 246 

is illustrated for the Kuroshio-Oyashio Extension region in Fig. 4d. The majority of the CMIP6 247 

models simulate a decrease in the detrended variance: 6 out of 10 models have decreases, 3 248 

models have almost no changes, and 1 model shows an increase. These inter-model differences 249 

as well as those found in other regions (Supplementary Fig. 5) indicate the necessity of using 250 

many realizations to improve the modeled representation of the observed changes, although this 251 

does not rule out model disagreement. These biases between models and observation may be 252 

linked to the underestimated upper-ocean heat flux convergence due to the low model resolution 253 

and hence the lack of resolving mesoscale ocean eddies (e.g., ref 42, 43). 254 

 255 

Quantifying the impact of climate change on marine heatwaves in observations and models. 256 

MHWs may be quantified using measures of their intensity and duration30, 44, and then the effects 257 

of climate change on MHWs may be assessed by changes in these measures. For example, in the 258 

Northwest Atlantic (top row of Fig. 5a), MHW occurrences during the years 1958-1987 and 259 

1988-2017 are quantified by determining how often events reaching given intensity and duration 260 

thresholds occurred in each period, with the results displayed as Intensity-Duration-Frequency 261 

(IDF) plots (see ref 44 and Methods). The frequency of MHW events for any given threshold 262 

value notably increased between the two periods, i.e., events that rarely occurred during 1958-263 

1987 occurred substantially more often during 1988-2017. 264 

 265 

To examine the global extent of the increases in MHW occurrences, we repeat the analysis of 266 

Fig. 5a at each ocean grid location, i.e., we compute IDFs at each grid point. To condense this 267 
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analysis into a single figure, we show results using one representative definition of MHW events, 268 

those that reach at least 2  intensity and persist for at least 1-month duration (Fig. 5c). Using this 269 

representative definition, we find that the observed MHW frequencies have increased almost 270 

worldwide, especially in the Western Pacific warm pool, Indian Ocean, and Atlantic. 271 

 272 

We next evaluate how well these observed MHW increases are reproduced in the large climate 273 

ensemble of LIM. Recall that, by construction, within our trend+LIM5817 ensemble any 274 

statistically significant change in MHWs is due only to the externally-forced trend. To capture 275 

changes in MHW statistics induced by significant changes in the internal variability (i.e., due to 276 

changes in the dynamical system), we construct two distinct LIMs – one from the detrended 277 

anomalies of each 30-year subperiod (referred to as LIM5887 and LIM8817; see Methods) – and 278 

then use each of them to generate 3000-member 30-year ensembles for each period. We then add 279 

the observed trend component during 1958-1987 (1988-2017) back to each member of the 280 

LIM5887 (LIM8817) ensemble. The resulting “trend+(LIM5887, LIM8817)” ensemble allows 281 

us to assess the influence of climate change, combining changes in the internal dynamics 282 

controlling the variability (e.g., solid and dotted lines in Fig. 4c) and the externally-forced trend, 283 

on MHW statistics. For example, we find that the trend+(LIM5887, LIM8817) ensemble can 284 

simulate the increased occurrences of extreme Northwest Atlantic MHW events for a wide range 285 

of intensities and durations (second row of Fig. 5a), similar to the observed changes (first row) 286 

with 95% statistical significance. The global extent of the observed MHW increases (Fig. 5c) is 287 

also reproduced in this LIM ensemble (Fig. 5d) with 95% statistical significance (only 2% of the 288 

ocean area show the observed values outside 95% ranges of the LIM ensemble). 289 

 290 
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Similarly, the CMIP6 ensemble can also reproduce the overall MHW increases, both in the 291 

Northwest Atlantic region (third row of Fig. 5a) and in large regions of the global ocean (Fig. 292 

5e). Note that the overwarmed CMIP6 ensemble (Fig. 3a) also appear to overestimate the 293 

changes in MHW events, significantly so in the tropical regions (gray dots of Fig. 5e). Choosing 294 

other regions or other pairs of thresholds, to examine changes in observed MHWs and evaluate 295 

how those are reproduced by the LIM and the CMIP6 ensemble, yields a qualitatively similar 296 

picture (Supplementary Fig. 6-7). 297 

 298 

Separating the effects of changes in trend and variability upon marine heatwave frequency. 299 

If we now remove the long-term trend and examine the frequencies of MHWs from the 300 

detrended time series, for instance for the Northwest Atlantic region, we find that the large 301 

increases of MHW occurrences seen in the last column of Fig. 5a have been reduced to only 302 

minor changes after the trend is removed (last column of Fig. 5b). This is evident in the observed 303 

record, the LIM ensemble and the CMIP6 models. This is also seen globally. That is, the global 304 

increase in MHWs (Fig. 5a-c) is considerably reduced after removing the long-term trend (Fig. 305 

6a-c), and in some regions MHW occurrences even decrease (e.g., Fig. 6d). The comparison of 306 

MHW statistics before and after detrending suggests that the long-term trend is the major 307 

contributor to the increase of MHW occurrences in both observations, LIM and CMIP6 models 308 

and may on its own explain most, if not all, global changes in MHW occurrences. 309 

 310 

The trend similarly impacts the frequency of MHW events for the other regions examined in this 311 

study, with the intensity of this effect related to the strength of the warming (Supplementary Fig. 312 

6). We also find that if we had only considered detrended variability, changes in the MHW 313 
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occurrences would be spatially heterogenous, with increasing (decreasing) variance leading to 314 

increasing (decreasing) MHW frequencies (cf. Fig. 4a with Fig. 6a). These MHW changes driven 315 

solely by changes to the internal variability are generally reproduced by the (LIM5887, 316 

LIM8817) ensembles (Fig. 6b), whereas MHWs have changed only slightly in the CMIP6 multi-317 

model ensemble (less than +/-1 event per decade; Fig. 6c). 318 

 319 

Changes in CMIP6 MHW statistics, although small, might have inter-model differences as was 320 

seen for the detrended variance (Fig. 4d). To examine this, we return to the Kuroshio-Oyashio 321 

Extension and show in Fig. 6e the changes of MHW occurrence in each CMIP6 model. Results 322 

show that the majority of the CMIP6 models simulate a decrease in MHW occurrences – 6 out of 323 

10 models have decreases, and 4 models are slightly increasing. These inter-model differences 324 

are overall consistent with those shown for the detrended variance (cf. Fig. 4d with Fig. 6e), 325 

supporting the result that the changes in the detrended variance are linked to changes in MHW 326 

occurrence. This also suggests that an improved model representation through, e.g., increasing 327 

model resolution, may improve the capture of observed SST variance and the associated MHW 328 

occurrences. 329 

 330 

So far, we have analyzed the impact of internal variability on the MHWs identified from 331 

representative thresholds, i.e., 2  intensity and 1-month duration (Fig. 6a-c, e). To show that 332 

these are a robust representation of the internal variability, we examine the MHW frequencies 333 

associated with a range of intensities and durations, derived from the detrended datasets for the 334 

KOE region (Fig. 6d). The IDF plots derived from the observed record show overall decreases of 335 

MHW occurrences, except for small portions of the IDF diagram. The general decrease of 336 
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events, as well as the small increase in low intensity events, are reproduced by the (LIM5887, 337 

LIM8817) ensembles and CMIP6. Similar changes are also seen in other regions with increases 338 

or decreases in MHW frequency generally consistent with the corresponding change in variance 339 

(Supplementary Fig. 6-7).  340 

 341 

Marine heatwave changes more pronouncedly induced by trend than by variability. Lastly, 342 

we summarize the changes of MHW occurrences induced by the long-term trend as opposed to 343 

those induced by changes to the internal variability, in regions where historical MHW events 344 

occurred. This is done by quantifying, in each region of interest (as shown in Fig. 1a), the change 345 

in MHW occurrence between 1958-1987 and 1988-2017 (circles in Fig. 7) relative to the 346 

changes obtained between the two detrended periods (triangles). 347 

 348 

From the observed record, we find increases of 2  MHW occurrences in all regions of interest 349 

(positive circles in top panel of Fig. 7), with the most pronounced increase seen in the 350 

Mediterranean, Northwest Atlantic and Western South Atlantic. These increases are largely 351 

reduced after detrending (the downward changes from circles to triangles). That difference (the 352 

line segment between a circle and a triangle) thus solely represents the impact of trend on MHW 353 

occurrences. For example, the increased 2  MHW occurrences in the Northwest Atlantic 354 

(positive circle) can be entirely attributed to the long-term trend (line segment), as the minimal 355 

change in internal variability has no effect (triangle near 0).  356 

 357 

The impact of trend vs. variability on the observed MHWs is overall reproduced by the LIM 358 

ensembles (middle panel of Fig. 7) and the CMIP6, although CMIP6 attributes almost all 359 



17 

changes of MHW occurrences to the trend at all regions of interest (bottom panel). Moreover, 360 

changes in MHW occurrences induced by changes in internal variability are overall statistically 361 

insignificant, as they are not significantly different from 0 (Supplementary Fig. 9). Overall, our 362 

results suggest that the long-term trend is responsible for a large portion of the increased MHW 363 

events, whereas externally-forced changes to the internal variability influence is secondary. 364 

 365 

Discussion. Recent research has identified many regions worldwide where MHWs appear to be 366 

occurring more frequently and with increased severity. However, in most regions with historical 367 

events, the SST variance has either stayed relatively constant or even decreased. Although these 368 

increases and decreases in the SST internal variance may eventually be attributed to climate 369 

change as longer data records become available, at this time results from the LIM and CMIP6 370 

analyses show that these changes are generally not statistically significant. 371 

 372 

Due solely to the influence of these variance changes, the occurrence of MHWs would have 373 

changed slightly, with increasing (decreasing) variance leading to increasing (decreasing) MHW 374 

frequencies. Yet instead, we found increasing occurrences of MHWs over a wide range of 375 

intensity and duration in almost all the regions of interest. These increases are mainly attributable 376 

to the historical trend, which recently accelerated, shifting the mean background climatology to 377 

become increasingly warmer at a faster rate in most regions. This intensifying trend has therefore 378 

led to both a mean warming effect and even, in some locations, to an apparent increase of the 379 

variance, both shifting the probability distribution to warmer values and widening it. The impact 380 

of the observed warming trend on MHW frequency either amplified or offset, respectively, the 381 

regional increase or decrease in SST variance driven by internal variability. The main 382 
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contribution of the nonlinearly evolving trend is also evident in large ensembles of LIM 383 

simulations and CMIP6 multi-model realizations. 384 

 385 

Still, there are a few regions where SST variance – even relative to the background trend – has 386 

increased over the past 60 years (i.e., in the Northeast and tropical Pacific). By acting to widen 387 

the distribution of SSTA, the variance increase in these few regions may drive increased 388 

occurrences of extreme events (e.g., the Northeast Pacific MHW event during 2013-15), 389 

although even in these cases the impact of the nonlinear trend may matter more. 390 

 391 

Although the historical period has experienced a nonlinearly growing trend and minor changes in 392 

internal variability, it remains to be seen whether such changes will continue in the remaining 393 

portion of the 21st century. For instance, we might in the future experience an increasing rate of 394 

greenhouse gas emissions, causing the nonlinear aspect of the trend as well as its impact on 395 

marine extremes to be more pronounced. In addition to the trend, changes in the climate system 396 

may alter the variability. In a future projection study15, the variability changes were found to be 397 

small and spatially heterogenous over most of the global ocean; however, in the high-latitude 398 

regions (>60oN) that are seasonally or constantly covered by ice, the melting of sea ice leads to a 399 

large increase in SST variability in the future, since SSTs are no longer constrained to remain 400 

near the freezing point of sea water. That is, in high-latitude regions, we might expect that both 401 

the warming trend as well as the increasing variability play an important role in increasing warm 402 

ocean anomalies.  403 

 404 
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Finally, our findings and analyses highlight the importance of carefully distinguishing between 405 

the long-term warming trend and externally-forced changes in the dynamical system, and their 406 

impacts upon MHWs as well as other climate and marine extremes. Our LIM diagnostic 407 

approach provides a clear path for future assessment of separating the relative influence of trend 408 

and variability on extreme ocean events. 409 

 410 

Methods 411 

Sea surface temperature (SST) and sea surface height (SSH) data. Monthly SSTs from the 412 

Hadley Centre Sea Ice and Sea Surface Temperature (HadISST)21, the Extended Reconstructed 413 

Sea Surface Temperature version 5 (ERSSTv5)45, and the Centennial in situ Observation-Based 414 

Estimates (COBE)46, were used in our analysis. These SST products are interpolated onto the 415 

same grid as the HadISST dataset (1o×1o spatial resolution), and the averaged SST product were 416 

analyzed, following a previous study26. The monthly SSHs from the European Centre for 417 

Medium-Range Weather Forecasts (ECMWF) Ocean Reanalysis System 4 (ORAS4)47, were 418 

analyzed. The global domain extended from 60oS to 64oN. The temporal range was for the period 419 

1958-2017. The climatological annual cycle computed from the full length of the historical 420 

record at each grid point was removed to obtain the SST anomaly (SSTA) and SSH anomaly 421 

(SSHA). 422 

 423 

While our study focuses on changes during the historical period of 1958-2017, the mid-point of 424 

splitting this period into two halves (i.e., 1958-1987 and 1988-2017) coincides approximately 425 

with the time when satellites are introduced (around 1980). To assess whether our results are 426 

sensitive to data coverage, we examined the variance changes during the post-satellite era, by 427 
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subtracting the SST variance during 1982-1999 from the SST variance during 2000-2017 428 

(Supplementary Fig. 10). We found that the changes in SST variance during the post-satellite era 429 

were overall consistent with the historical period of 1958-2017 (Fig. 4a), suggesting our key 430 

results are not merely due to changes in data coverage but reflect real observed changes. 431 

 432 

In addition, we examined the large climate ensemble of CMIP622 realizations, which did not 433 

assimilate any observations but were controlled by the prescribed external forcing (e.g., 434 

greenhouse gases, aerosols) and climate model dynamics. Assessing the CMIP6 runs serves as an 435 

independent confirmation that our results are not an artifact of the changes in data coverage 436 

associated with the introduction of satellite data. 437 

 438 

Note that CMIP6 historical runs end in 2014. To utilize the CMIP6 realizations, we initially 439 

retrieved SSTs and SSHs from all CMIP6 models with more than 10 historical runs for the 440 

period between 1955-2014. Results based on this period (not shown) are qualitatively similar to 441 

the period 1958-2017. Still, to analyze the same period as we used for observations, we retrieved 442 

the shared socioeconomic pathway scenario 7.0 (SSP3-7.0) future runs, representing the 443 

business-as-usual future projections. We then concatenated the historical runs during 1958-2014 444 

with the future runs during 2015-2017, so that we analyzed CMIP6 1958-2017 data. Each 445 

CMIP6 realization had its climatological annual cycle separately determined and removed to 446 

obtain the SSTA and SSHA. Table 1 lists all models analyzed; note that our analysis is 447 

constrained by the available number of future runs, which is less than historical runs. 448 

 449 

Table 1. Number of historical runs, and future runs of CMIP6 models analyzed in this study. 450 
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Model Historical SSP3-7.0 

ACCESS-ESM1-5 40 40 

CESM2 11 3 

CanESM5 25 25 

EC-Earth3 22 2 

EC-Earth3-CC 10 0 

GISS-E2-1-G 12 0 

GISS-E2-1-H 10 0 

INM-CM5-0 10 4 

IPSL-CM6A-LR 33 11 

MIROC6 50 3 

MPI-ESM1-2-HR 10 10 

MPI-ESM1-2-LR 30 30 

MRI-ESM2-0 10 5 

NorCPM1 30 0 

Total 303 133 

 451 

Linear Inverse Model (LIM). The time evolution of a climate state  may often be 452 

approximated by the stochastically forced linear dynamical system, 453 dd = +  (1) 

where ( ) is the climate state,  is a linear dynamical operator,  is a vector of temporally white 454 

noise that may have spatial structure (determined from a balance condition derived from (1)), 455 

and  is time. Determining (1) from observed covariances results in a Linear Inverse Model 456 

(LIM24). LIMs are typically low-order models, where the state vector is expressed in a reduced 457 

Empirical Orthogonal Function (EOF) space. In this paper, for the observed LIMs, ( ) 458 

represents the leading Principal Components (PCs) of observed SSTA (29 PCs) and reanalysis 459 

SSHA (22 PCs), where the EOFs for each field were separately determined, explaining 78.6% 460 

and 73.7% of each corresponding field’s total variance. The lag-covariance used to determine the 461 
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LIM operators was computed using a training lag of = 1 month. We also tested to make sure 462 

the results were not sensitive to this choice, as is generally done when constructing a LIM. See 26, 463 

27, 30, 48 for other details concerning the LIM and its construction. 464 

 465 

Process of identifying the trend from the linear dynamical operator. Several studies13, 31, 32 466 

have shown how the externally forced trend is captured by the least damped eigenmode of . To 467 

identify the trend, we performed an eigenanalysis on ; that is, 468 =  (2) 

where  is the matrix of eigenvectors and  is the diagonal matrix of eigenvalues ( ). , the 469 

eigenvectors of ’s adjoint, is simply determined by = , such that = ∗, where H is 470 

the conjugate transpose and * is the conjugate. The eigenmodes of  captured lagged feedbacks 471 

between different climate states that evolve over different time scales. The least damped mode is 472 

the mode with the longest decay time, thus representing the slowest varying component – the 473 

trend; that is, it is associated with the eigenvalue  with the largest value of |1/Re( )|.  The 474 

spatial pattern (Fig. 2a) of the least damped mode ( ) is obtained as the -th column of , with 475 

its time series (gray line in Fig. 2c) obtained by ( ), where  is the -th column of . Thus, 476 

we identify the trend component, as the projection of ( ) = ( ).  477 

 478 

Note that we derive ( ) from the observed record as well as from each of the CMIP6 479 

realizations. To derive the trend for each CMIP6 realization, we also need to solve the linear 480 

operator  separately (from 12/6 PCs of SSTA/SSHA of each CMIP realization). The presented 481 

spatial pattern in Fig. 2a and Fig. 3a is normalized by its spatial maximum. The presented time 482 
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series (the gray line in Fig. 2c and the gray line in the bottom panel of Fig. 3c) is normalized by 483 

its temporal maximum. 484 

 485 

LIM climate simulations. LIM simulations may be generated by integrating Equation (1) 486 

forward in time, driven by white noise forcing with observationally constrained spatial 487 

structure23. In addition, the remaining variance (i.e., contained in the unresolved PCs that were 488 

not used in LIM construction), denoted as , is approximated as purely white noise, 489 dd =  (3) 

where the time-varying white noise is simply approximated by randomly energizing the 490 

amplitude of the PCs. See 49 for details of incorporating the unresolved PCs to construct an 491 

untruncated LIM. 492 

 493 

In this study, we constructed the LIM by first determining the linear dynamical operator using 494 

the observational record of the entire 60-year period. We conducted the eigenanalysis on the 495 

dynamical operator, obtained the least damped eigenmode as the LIM trend, and removed the 496 

trend component from the observed anomalies. The detrended anomalies were then used to 497 

construct the LIM for generating 3000-member ensemble of 60-year-long realizations, 498 

representing the detrended dynamical system of 1958-2017 years, i.e., the LIM5817 ensemble.  499 

Since the ensemble was generated using a dynamical operator that did not discriminate between 500 

the 1958-1987 and 1988-2017 periods, differences between the first and second halves of each 501 

60-year periods can only arise from the system noise, i.e., the internal variability of the two 502 

periods is unchanged.  503 

 504 
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To represent the full dynamical system, we added the trend component back to each LIM5817 505 

ensemble member, i.e., trend+LIM5817 ensemble. By construction, any statistically significant 506 

differences between the two 30-year periods of the trend+LIM5817 ensemble is only due to the 507 

externally-forced trend. 508 

 509 

We also construct two new LIMs to represent each 30-year period, i.e., these LIMs do not see the 510 

two periods as having equivalent dynamics. One LIM was constructed using the detrended 511 

anomalies of the 1958-1987 period, with the ensemble generated by it therefore providing the 512 

detrended realizations of the 1958-1987 period, i.e., LIM5887 ensemble. Similarly, we 513 

constructed the other new LIM using the detrended anomalies during 1988-2017, with its 514 

generated ensemble denoted as LIM8817 ensemble. The two ensembles represent the detrended 515 

dynamical system of each 30-year period, and any possible difference between the two 516 

ensembles can also reflect statistically significant changes of the underlying internal variability 517 

during the two periods. Note that LIM ensembles of this study are untruncated LIM (see 49 for 518 

details). 519 

 520 

MHW frequency. Frequency was determined by calculating the number of events that exceed 521 

(≥) a given intensity for a period longer than (≥) a given duration, divided by the total number 522 

of years in the observational record, in units of events per 10 years. The IDF plot was derived 523 

from calculating the frequency for each intensity and duration threshold pair, including 524 

intensities from 0.1  to 3.1  and durations from 1 to 16 months. For the spatial maps of 525 

frequency differences, we first determined the frequency, for each 30 yr period at each location, 526 
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for MHW events defined by the 2  oC intensity and 1 month duration threshold pair, as in a 527 

previous study1. Then the frequencies of the two periods were differenced for these global maps. 528 

 529 

Significance tests. Multiple significance tests were carried out in this study, including testing the 530 

significance of the mean shifts and the variance changes, and whether the LIM reproduces the 531 

observed SST records. In general, the process was as follows: we obtained the observed value 532 

and compared that with the range of simulated values provided by the LIM or the CMIP6 533 

ensembles. If the observed value was within (outside) the 95% LIM or CMIP6 ranges, we 534 

determined that as insignificant (significant). Detail is as followed.  535 

 536 

Significance of mean shifts and variance changes. We obtained the observed mean shifts by 537 

subtracting the mean of 1958-1987 from the mean of 1988-2017, in the observational dataset. 538 

For each 60-yr LIM5817 ensemble, i.e., alternative 1958-2017 realization, we then computed its 539 

simulated mean shift. Since we constructed a 3000-member LIM5817 ensemble, we then have 540 

3000 mean changes at each grid point; that is 3000 potential changes which can be compared to 541 

the observed value. From these 3000 changes, we obtained the 2.5% and the 97.5% values, 542 

whose bounds represented the 95% confidence interval. These 95% ranges were compared to the 543 

observed mean shifts to determine significance. Results are shown in Fig. 2b and Supplementary 544 

Fig. 1. 545 

 546 

A similar process was carried out for testing the significance of the variance changes (Fig. 4a). 547 

We obtained simulated variance changes by subtracting the variance of the first 30 year from the 548 
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second in each of the LIM5817 ensemble and compared their 95% ranges to the observed 549 

detrended variance changes. 550 

 551 

We also repeated these significance tests for CMIP6, including whether the observed mean shifts 552 

were within the 95% of the CMIP6 mean shifts, as well as whether the observed variance 553 

changes were within the 95% of the CMIP6 variance changes. Results are shown in Fig. 3b, and 554 

Fig. 4b. 555 

 556 

Reproduction of probability distribution. To show that our LIM ensembles realistically 557 

reproduce the observed record, we computed the PDFs of each LIM ensemble member and 558 

compared them to the observed PDFs. This was first carried out in the trend+LIM5817 ensemble, 559 

to validate that the ensemble is a realistic representation of the observed trend. That is, for each 560 

60-yr trend+LIM5817 ensemble member, we computed the PDFs of the simulated 1958-1987 561 

and the PDFs of the simulated 1988-2017. Given the 3000-member trend+LIM5817 ensemble, 562 

we have therefore 3000 PDFs for each period. We then obtained the mean, the 2.5% and the 563 

97.5% values of each bin of the PDFs. These are the ensemble mean PDFs and their 95% 564 

confidence interval. If the ensemble-mean PDFs overall overlap with the observed PDFs, within 565 

the 95% confidence interval, we consider our LIM ensemble able to track the observations. 566 

Results are shown in Fig. 2d, and in Supplementary Fig. 2. 567 

 568 

A similar process is carried out on the LIM5887 and LIM8817 ensembles, to validate that they 569 

realistically capture the internal variability of each 30-yr period. One example is shown by 570 

comparing the observed and simulated Kuroshio-Oyashio Extension PDFs (Fig. 4c). Our result 571 
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shows the ensemble mean PDFs becoming narrower from 1958-1987 to 1988-2017, consistent 572 

with the observed PDF changes. Other regions also consistently show observed PDFs captured 573 

by these two LIMs (Supplementary Fig. 2). 574 

 575 

Reproduction of MHWs. To show that our LIM ensembles reproduce the MHW statistics of 576 

various intensities and durations, we first computed the observed IDF plots of the two 30-yr 577 

period and their differences at each grid location. We then derived the simulated IDF plots and 578 

their differences from each LIM ensemble member, i.e., resulting in 3000 IDF difference plots at 579 

each grid point. These therefore give us the local 2.5% and the 97.5% IDF difference plots. We 580 

first focused on a representative pair of thresholds – 2  intensity and 1-month duration – and 581 

checked whether the observed frequency is within or outside the 95% range of LIM frequency. 582 

This was analysed at each grid point, using the trend+(LIM5887, LIM8817) ensemble, with 583 

results shown by the gray dots in Fig. 5d, and using the LIM5887 and LIM8817 ensemble, 584 

shown in Fig. 6b. We next conducted the analysis on several other pairs of thresholds to show 585 

how our results are not sensitive to the choice of the representative thresholds (Supplementary 586 

Fig. 7). A similar process was carried out for CMIP6 models, to check whether the observed 587 

frequency is within or outside the 95% range of CMIP6 frequency (Fig. 5e and Fig. 6c). 588 

 589 

Data Availability. The observations and reanalyses that support the findings of this study are 590 

publicly available. This includes the HadISST21 (https://www.metoffice.gov.uk/hadobs/hadisst/), 591 

the ERSSTv545 (https://psl.noaa.gov/data/gridded/data.noaa.ersst.v5.html), the COBE46 592 

(https://psl.noaa.gov/data/gridded/data.cobe.html), and the ORAS447 (https://www.cen.uni-593 

hamburg.de/en/icdc/data/ocean/easy-init-ocean/ecmwf-ocean-reanalysis-system-4-oras4.html). 594 
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CMIP622 multi-model realizations are publicly available at https://esgf-595 

node.llnl.gov/search/cmip6/. Large LIM ensembles are available by running the MATLAB code 596 

provided at https://github.com/Tongtong-Xu-PSL/LIM or upon request. 597 

 598 

Code Availability. All analyses were performed using MATLAB. Codes can be accessed at 599 

https://github.com/Tongtong-Xu-PSL/LIM and https://github.com/Tongtong-Xu-PSL/global-600 

MHW. 601 
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Figure 1. Historical Marine Heatwave (MHW) events and example of nonlinear trend 816 

influencing Probability Distribution Function (PDF). (a) Sea Surface Temperature Anomaly 817 

(SSTA) of historical MHW events during their peak months, following previous studies3, 4, 5 and 818 

references therein. Outlines mark regions of interest for this study, and the year in which the 819 

historical event occurred is also indicated. Peak months of these events are listed in 820 

Supplementary. Abbreviations: Beng., Benguela; BoB, Bay of Bengal50; CCS, California Current 821 

System; ECS, East China Sea51, 52; GOA, Gulf of Alaska; KOE, Kuroshio-Oyashio Extension53, 822 

54; Med., Mediterranean; NA, northern Australia; NWA, Northwest Atlantic; Tas., Tasman Sea; 823 

WA, Western Australia; WSA, Western South Atlantic. Insets show historical MHWs in the 824 

CCS and along the coast of Peru. (b) Histograms (bars) of NWA SSTA during 1958-1987 (gray) 825 

and during 1988-2017 (orange), before (right of panel b) and after detrending (left). Lines are 826 

PDFs from Gaussian distribution. (c) SSTA time series (thin line) spatially averaged within 827 

NWA and the overlaid regional trend (thick line) identified from trend mode (see Methods). 828 

Dotted line separates 1958-1987 from 1988-2017. 829 

 830 

Figure 2. Sea Surface Temperature (SST) trends over the historical period. (a) Pattern of the 831 

trend mode (Unit: dimensionless) over 1958-2017 (see Methods). (b) Regional mean changes, 832 

calculated as differences between mean SST Anomaly (SSTA) during 1958-1987 ( ) and 1988-833 

2017 ( ) at each targeted region. Horizontal lines are observed mean changes. Bars mark the 834 

edges of the 95% confidence interval of mean changes, obtained from a 3000-member LIM 835 

ensemble. The LIM was constructed from detrended observations and reanalyses over the 1958-836 

2017 period (the “LIM5817” ensemble; see Methods). (c) Regional trend time series, determined 837 

from the pattern (panel a) and the time series (gray line) of the trend mode. (d) Probability 838 
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Distribution Functions (PDFs) of Northwest Atlantic (NWA) SSTA during 1958-1987 (gray) and 839 

1988-2017 (blue), before (top of panel d) and after detrending (bottom). Bars show the observed 840 

SSTA histograms (same as Figure 1b). Solid curves represent the ensemble mean PDFs 841 

determined from the LIM5817 ensemble (bottom) and from the trend+LIM5817 ensemble (top), 842 

respectively. The dotted lines represent the 95% confidence intervals. 843 

 844 

Figure 3. CMIP6 Sea Surface Temperature (SST) trends over the historical period. (a) 845 

Pattern of the CMIP6 trend mode (Unit: dimensionless) over 1958-2017. (b) Regional mean 846 

changes derived from CMIP6 (bars), compared with observed changes (horizontal lines; same as 847 

Figure 2b). Bars are 95% confidence interval of mean changes from CMIP6 realizations. (c) 848 

Regional trend time series, determined by (top) applying 60-month moving average to the 849 

CMIP6 ensemble mean time series, vs. (bottom) determined by computing the trend mode for the 850 

CMIP6 models. (d) Probability Distribution Functions (PDFs) of Mediterranean SST Anomaly 851 

(SSTA) during 1958-1987 (dashed lines) and during 1988-2017 (solid lines), before (top) and 852 

after (bottom) detrending. Mean PDFs of each CMIP6 model are separately plotted in a different 853 

color. Light (dark) gray dotted lines are PDFs of each CMIP6 realization during 1958-1987 854 

(1988-2017). 855 

 856 

Figure 4. Changes of detrended Sea Surface Temperature (SST) variance over the 857 

historical period. (a) Observed and (b) CMIP6-simulated variance changes from 1958-1987 to 858 

1988-2017, in units of (ºC)2. Hatched regions indicate locations where the observed variance 859 

changes are significant, i.e., outside the 95% range of variance changes derived from (a) the 860 

LIM5817 ensemble, and (b) CMIP6. (c) Probability Distribution Functions (PDFs) of detrended 861 
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SST Anomaly (SSTA) during 1958-1987 (gray) and 1988-2017 (orange) in the Kuroshio-862 

Oyashio Extension (KOE) region. Bars show the histogram of observed detrended SSTA. Solid 863 

curves and dotted lines are the ensemble mean PDFs and 95% confidence interval, respectively, 864 

obtained from LIMs constructed over the two periods separately (“LIM5887” and “LIM8817”; 865 

see Methods). (d) Variance of detrended SSTA during 1958-1987 (circles) and during 1988-2017 866 

(triangles) derived from each CMIP6 model in the KOE region. Upward (downward) triangles 867 

represent variance has increased (decreased) between the two periods. 868 

 869 

Figure 5. Impact of changes in the trend on Marine Heatwave (MHW) occurrences. (a) 870 

Northwest Atlantic (NWA) MHW frequencies (events per decade) over a range of intensities and 871 

duration, i.e., Intensity-Duration-Frequency (IDF) plot, during 1958-1987 (first column), 1988-872 

2017 (second column) and their difference (third column). First/second/third row is derived from 873 

observed Sea Surface Temperature Anomaly (SSTA) / trend+(LIM5887 ensemble, LIM8817 874 

ensemble) / CMIP6 (see Methods). Dashed lines represent the contour level of 0.1 events (red) or 875 

-0.1 events (blue) per decade (i.e., +/- 1 event per century). Black dots in the third column mark 876 

observed values that are 95% significantly different from the climate ensemble (see Methods). 877 

(b) Same as panel a except that MHWs are derived from detrended dataset: observed detrended 878 

SSTA (first row), LIM5887 and LIM8817 (second row), and detrended CMIP6 (third row). (c-e) 879 

Changes in the frequencies of (c) observed, (d) trend+(LIM5887, LIM8817), and (e) CMIP6 880 

MHW events, between 1958-1987 and 1988-2017. In these spatial plots, an MHW event is 881 

identified as SSTA reaching an amplitude (intensity) of at least 2  and thereafter persisting for at 882 

least 1 month (duration), following a previous study1. Positive (negative) represents increase 883 
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(decrease) of MHW occurrences per decade. Gray dots in d-e mark where the observed values 884 

are 95% significantly different from the climate ensemble. 885 

 886 

Figure 6. Impact of changes in the internal (detrended) variability on Marine Heatwave 887 

(MHW) occurrences. (a-c) Same as Figure 5c-e except that MHWs are derived from detrended 888 

dataset: (a) observed detrended Sea Surface Temperature Anomaly (SSTA), (b) LIM5887 and 889 

LIM8817, and (c) detrended CMIP6. (d) Same as Figure 5b except for Kuroshio-Oyashio 890 

Extension (KOE). (e) MHW frequencies during 1958-1987 (circles) and during 1988-2017 891 

(triangles) derived from each detrended CMIP6 model at the KOE region. Note that, in all panels 892 

except d, MHW events are identified based on a 2  intensity and 1 month duration. 893 

 894 

Figure 7. Changes in Marine Heatwave (MHW) occurrences at regions of historical events, 895 

before (circles) and after detrending (triangles). Circles (triangles) represent increased or 896 

decreased MHW frequencies between 1958-1987 and 1988-2017, derived from dataset with the 897 

trend (without trend): (top) observed, (mid) LIM, and (bottom) CMIP6. Note that MHW events 898 

are identified based on the 2  intensity and 1 month duration. Qualitatively similar results are 899 

found using other pairs of thresholds to define MHW events (Supplementary Fig. 8). 900 
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