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Key Points: 21 

• Earth system models generally fail to simulate the observed pattern of Pacific sea surface 22 

temperature trends in recent decades. 23 

• A novel Observational Large Ensemble approach is used to generate plausible alternative 24 

realizations of observed Pacific trends.  25 

• Accounting for alternative observational outcomes reduces the apparent model discrepancy 26 

and exposes model biases in the forced response. 27 

  28 
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Abstract 29 

Earth system models have difficulty simulating the observed pattern of Pacific sea surface 30 

temperature (SST) trends in recent decades. However, the observed trend is one of many that could 31 

have occurred under the same external forcing but with a different sequence of internal variability. 32 

Here, we generate synthetic realizations of observed SST trends arising from internal variability 33 

using a linear inverse model and validate our approach against a model Large Ensemble. We 34 

combine the resulting internal trend distribution with a state-of-the-art observational estimate of 35 

the forced SST response to reassess Pacific SST trends over 1979–2020. Accounting for alternative 36 

observational outcomes reduces the apparent discrepancy between observed and simulated Pacific 37 

SST trends and exposes model biases in the forced response.  Our results show that comparisons 38 

based on the single observed realization can overemphasize model–observation differences and 39 

demonstrate the value of an Observational Large Ensemble for evaluating multidecadal climate 40 

trends. 41 

Plain Language Summary 42 

The discrepancy between Earth System model simulations and observed Pacific sea surface 43 

temperature trends in recent decades remains a long-standing puzzle.  An overlooked feature of 44 

this conundrum is the fact that the observed trend is only one of many that could have occurred as 45 

a result of internal variability superimposed upon the anthropogenically forced response. Here, we 46 

generate synthetic realizations of observed trends arising from internal variability using a skillful 47 

statistical method and combine these with a recent state-of-the-art estimate of the observed forced 48 

trend component. Accounting for alternative observational outcomes associated with internal 49 

variability substantially reduces the apparent discrepancy between observed and simulated Pacific 50 

SST trends across models. Our results show that comparisons based on the single observed 51 
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realization can overstate model–observation differences and demonstrate the value of considering 52 

alternative observational outcomes for evaluating simulated multidecadal climate trends. 53 

 54 

1 Introduction 55 

Tropical Pacific sea surface temperature (SST) trends in recent decades show cooling in 56 

the east and warming in the west (Latif et al., 2023; Watanabe et al., 2024; Zhao & Allen, 2019), 57 

a pattern that differs markedly from the response to anthropogenic forcing simulated by many 58 

Earth system models (Lee et al., 2022; Planton et al., 2026; Rugenstein et al., 2023; Wills et al., 59 

2022). In particular, the observed trend in the zonal SST gradient across the equatorial Pacific lies 60 

outside or in the extreme tails of the simulated trend distributions from initial-condition Large 61 

Ensembles (LEs), highlighting a substantial model–observation discrepancy (Conde et al., 2025; 62 

Seager et al., 2022; Wills et al., 2022). Similar discrepancies occur elsewhere, including the 63 

observed cooling of the Southern Ocean, which many standard-resolution models also struggle to 64 

reproduce (Kostov et al., 2018; Rye et al., 2020; Yeager et al., 2023). These differences may reflect 65 

biases in the simulated forced response, the amplitude or characteristics of internal variability, or 66 

both (Chung et al., 2024; Jiang et al., 2024; Olonscheck et al., 2020; Seager et al., 2019; Sugiura 67 

et al., 2026; Xie et al., 2026). Although recent studies indicate that increased atmospheric and 68 

oceanic model resolution can more faithfully reproduce observed SST trends (Kang et al., 2026; 69 

San et al., 2026 (submitted)), the processes responsible for these improvements remain 70 

incompletely understood. In addition, the excessive computational cost of high-resolution 71 

simulations limits ensemble size, making it difficult to robustly distinguish forced responses from 72 

internal variability (Gutowski et al., 2020). 73 
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An overlooked aspect of these model–observation comparisons is limited sampling of 74 

internal variability on the observational side. The instrumental record contains only one realization 75 

of climate evolution, yet alternative trajectories could plausibly have occurred under a different 76 

sequence of internal variability superimposed upon a common forced response, in analogy with 77 

the premise of a model LE (Deser et al., 2012, 2020). The apparent model–observation discrepancy 78 

in recent Pacific SST trends therefore cannot be fully assessed from the single observed realization 79 

alone (Jain et al., 2023). A key question is where the actual observed trend lies within the 80 

distribution of trends that could plausibly have occurred in the real world. Addressing this question 81 

requires separating the forced and internal components of the observed trend, and constructing a 82 

synthetic ensemble of internally-generated trends.   83 

One of the first efforts to build such an “Observational Large Ensemble (OBS-LE)” that 84 

preserves both the spatial and temporal characteristics of internal variability was developed by 85 

McKinnon and Deser (2018, 2021). Their approach was applied to terrestrial air temperature and 86 

precipitation as well as global sea level pressure, and evaluated within the framework of a model 87 

LE in which the forced response and distribution of internal trends are known a priori. Although 88 

the method performed well in the extratropics, its skill was more limited in the tropics. Here, we 89 

build an OBS-LE for global SSTs using a Linear Inverse Model (LIM; Penland & Sardeshmukh, 90 

1995) to generate synthetic realizations of observed internal variability, and combine these with a 91 

state-of-the-art estimate of the observed forced response obtained from the Forced Component 92 

Estimation Statistical Method Intercomparison Project (ForceSMIP; Wills et al., 2026). The 93 

ForceSMIP estimate is based on the average of all (27) statistical and machine learning methods 94 

found to be skillful in a comprehensive evaluation using model LEs for which the forced response 95 

is known (see Wills et al. 2026 for details); we note that ERSSTv5 (ending in 2022) was the only 96 
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SST product considered in ForceSMIP, dictating our choice of data set and end year for this study. 97 

Our OBS-LE approach enables a more incisive evaluation of trends simulated in Earth system 98 

models by distinguishing between biases in the forced response from biases in internal variability.  99 

Furthermore, it contextualizes the single observed trend within a broader range of plausible 100 

outcomes.  101 

Using our approach, we show substantial overlap between the observed and simulated LE 102 

distributions from 19 different CMIP5 and CMIP6 models in key metrics of the Pacific SST trend 103 

pattern, including the equatorial zonal gradient, the ratio of Indo-Pacific Warm Pool (IPWP) 104 

warming to mean tropical warming, and the spatial correlation and root-mean-square (rms) 105 

amplitude. For direct comparison to Wills et al. (2022), we focus on trends over the period 1979–106 

2020, but find similar results for 1980–2022. We further decompose the total-trend distributions 107 

into their underlying forced and internal components. We find that the models’ range of internally 108 

generated trends is broadly comparable to that inferred from the OBS-LE, whereas their forced 109 

trends exhibit systematic biases from the observed (ForceSMIP) forced response estimate. We also 110 

find that the observed trend falls within the upper tail of the OBS-LE distribution, indicating 111 

contributions from both internal variability and external forcing. Thus, the apparent model-112 

observation discrepancy in recent Pacific SST trends can be attributed to a combination of model 113 

bias in the forced response and chance sampling of large-amplitude internal variability in 114 

observations.  115 
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2 Materials and Methods 116 

2.1 Linear Inverse Model 117 

To generate alternative plausible realizations of observed internal SST variability, we use 118 

a LIM (Penland & Matrosova, 2006; Penland & Sardeshmukh, 1995). The LIM represents the 119 

evolution of the climate state using a linear dynamical operator estimated from the covariability of 120 

the training data. LIMs have been widely applied to problems of climate variability and 121 

predictability, including long-term tropical trends (Coats & Karnauskas, 2017), Pacific and global 122 

predictability (Lou et al., 2020; Newman et al., 2011; Perkins & Hakim, 2020; Shin et al., 2020), 123 

modes of Pacific and global climate variability (Capotondi et al., 2026; Di Lorenzo et al., 2023; 124 

Wu et al., 2026), marine heatwaves (Wang et al., 2023; Xu et al., 2022), and interbasin interactions 125 

(Zhao et al., 2025; Zhao & Capotondi, 2026). Details of the LIM formulation and construction of 126 

the OBS-LE are provided in Texts S1 and S2 in Supporting Information S1. Trend metrics and 127 

statistical analyses are defined in Text S3 in Supporting Information S1. We validate the skill of 128 

the LIM using the 50-member CESM2-LE (Rodgers et al., 2021) in a “perfect-model” testbed 129 

framework (see Text S4 and Figures S1–S8 in Supporting Information S1).  130 

2.2 Data 131 

We use monthly SST from the Extended Reconstructed SST Version 5 (ERSSTv5; Huang 132 

et al., 2017) and sea surface height (SSH) from the Ocean Reanalysis System 5 (ORAS5; Zuo et 133 

al., 2019) over the period 1960-2022 to train the LIM used for constructing the OBS-LE. Note that 134 

the LIM operates on the internal component of SST and SSH variability, which is obtained by 135 

subtracting the forced component from the data (see Text S2 in Supporting Information S1 for 136 

details). For model data, we use 17 LEs from the Multi-Model Large Ensemble Archive version 2 137 



manuscript submitted to Geophysical Research Letters 

 

(MMLEAv2; Maher et al., 2025), supplemented by two CESM1-based LEs: a 10-member high-138 

resolution (1/4° atmosphere, 1/10° ocean) ensemble (CESM1-HR; Chang et al., 2026) and a 40-139 

member low-resolution (1°) ensemble counterpart (CESM1-LR; San et al., 2026). All datasets are 140 

regridded to a common 1° × 1° grid before analysis.  141 

3 Results 142 

3.1 Observational Large Ensemble of Pacific SST Trends 143 

Observed SST trends during 1979–2020 show a striking pattern of broad cooling 144 

(warming) in the eastern (western) tropical and subtropical Pacific, reminiscent of the negative 145 

phase of Interdecadal Pacific Variability (Henley et al., 2015; Power et al., 1999). This Pacific 146 

pattern is accompanied by cooling across much of the Southern Ocean and warming in the tropical 147 

Indian and Atlantic Oceans equatorward of 40°S (Figure 1a). Internal variability and external 148 

forcing (as estimated by ForceSMIP) both contribute to the observed SST trend pattern as shown 149 

in Figure S1 in Supporting Information S1 (see Wills et al. 2026 for further discussion). However, 150 

according to the OBS-LE, this is not the only SST trend pattern that could have occurred. For 151 

example, an alternative realization could have featured enhanced warming in the eastern equatorial 152 

Pacific and along the eastern North Pacific, slight cooling in the central North Pacific, and muted 153 

cooling in the Southern Ocean (Figure 1b), whereas another could have produced a similar pattern 154 

as observed but with stronger cooling in the eastern equatorial Pacific and amplified warming in 155 

the central North Pacific (Figure 1c). Importantly, both alternative realizations are consistent with 156 

the combined influence of external (anthropogenic and natural) forcing and internal variability 157 

according to our OBS-LE methodology. Indeed, they fall within the plausible (5th–95th percentile) 158 

range of the OBS-LE based on their internal IPV trend magnitudes and are therefore not statistical 159 

outliers (see Figures S2 and S3 in Supporting Information S1). An analogous range of trend 160 
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patterns occurs in the CESM2-LE, albeit with larger amplitude due to the model’s likely 161 

overestimation of internal IPV trend variability (Figures S2 and S4 in Supporting Information S1).  162 

3.2 Comparison with CESM2 163 

We next compare the OBS-LE and CESM2-LE trend distributions in the equatorial Pacific 164 

zonal SST gradient and the ratio of IPWP warming to mean tropical warming following the metrics 165 

defined in Wills et al. 2022 (see Text S3 in Supporting Information S1). For the gradient index 166 

(Figure 1d), the observed value lies in the extreme upper tail of the CESM2-LE distribution, at the 167 

96th percentile, indicating that such a large positive gradient trend is rarely reproduced in the 168 

available ensemble, consistent with previous studies (Planton et al., 2026; Wills et al., 2022). The 169 

observed trend also falls within the upper portion of the OBS-LE distribution, at approximately 170 

the 82nd percentile. More importantly, the CESM2-LE and OBS-LE distributions overlap 171 

substantially, indicating that many plausible alternative real-world trend outcomes would have 172 

fallen within the model range (maroon shading in Fig. 1d). For the gradient index, we define the 173 

overlapping interval as extending from the 5th percentile of the OBS-LE distribution (−0.15°C; 174 

dotted blue line) to the 95th percentile of the CESM2-LE distribution (+0.48°C; dotted gray line). 175 

Within this range, the apparent discrepancy between what the model can simulate and what the 176 

real world could plausibly have produced would be entirely attributable to sampling fluctuation 177 

rather than model bias. 178 

The spread of internally generated trends in the gradient index is broadly comparable 179 

between CESM2-LE and OBS-LE, although the model exhibits a somewhat larger standard 180 

deviation compared to the OBS-LE (0.34°C versus 0.27°C). In contrast, the forced component of 181 

the gradient index trend differs substantially between the CESM2-LE (−0.14 ± 0.048°C standard 182 

error) and the OBS-LE (+0.29°C). These results underscore the importance of evaluating the 183 
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forced and internal contributions separately because model biases may occur in either or both 184 

components. External forcing and internal variability contribute roughly equally (55% and 45%, 185 

respectively) to the observed trend in the gradient index (+0.53°C).  186 

The ratio of IPWP  warming to mean tropical warming trends (Figure 1e) shows analogous 187 

results. The observed ERSSTv5 ratio index lies in the extreme upper tail of the CESM2-LE 188 

distribution, at the 98th percentile, but remains within the upper portion of the OBS-LE 189 

distribution, at approximately the 86th percentile. The CESM2-LE and OBS-LE distributions 190 

again overlap substantially, indicating that many plausible alternative realizations of the observed 191 

climate could have produced warming ratio trends within the range simulated by CESM2-LE. As 192 

before, we define the overlapping interval as extending from the 5th percentile of the OBS-LE 193 

distribution (0.96; dotted blue line) to the 95th percentile of the CESM2-LE distribution (1.24; 194 

dotted gray line). The spread of internally generated warming ratio trends is also broadly similar 195 

between the distributions (standard deviation of 0.11 and 0.12 for CESM2-LE and OBS-LE, 196 

respectively). In contrast, the forced warming ratio trend differs between the model and 197 

observations (0.99 ± 0.015  for CESM2-LE and 1.16 for ForceSMIP). 198 

Together, the two metrics show a consistent result: although the observed ERSSTv5 trend 199 

lies in the extreme upper tail of the distribution sampled by the CESM2-LE ensemble, the CESM2-200 

LE and OBS-LE distributions overlap substantially, indicating that chance internal variability 201 

could be misconstrued as model bias. While the range of internally-generated trends is broadly 202 

similar in magnitude between CESM2-LE and OBS-LE, model–observation discrepancies are 203 

evident in the forced component of both metrics. The consistent results across two measures of 204 

tropical Pacific SST trend structure highlight the importance of accounting for uncertainty 205 
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associated with internal variability -- estimated here using the OBS-LE -- when evaluating model–206 

observation differences. 207 

3.3 Reconciling Model–Observation Discrepancies in Pacific SST Trend Indices with the 208 

OBS-LE 209 

Motivated by the comparison between CESM2-LE and OBS-LE, we next evaluate trends 210 

in the equatorial Pacific zonal SST gradient and the warm-pool warming ratio across the full suite 211 

of 19 model LEs (Figure 2).  For the gradient index (Figure 2a), the observed ERSSTv5 trend lies 212 

at or beyond the extreme upper tail of the total-trend distributions across most model LEs. In 16 213 

of the 19 ensembles, the observed value exceeds all individual members. In the remaining three 214 

ensembles, ERSSTv5 lies at the 96th percentile of CESM2-LE (model G), the 97th percentile of 215 

GFDL-ESM2M (model K), and the 96th percentile of MPI-GE (model R). However, substantial 216 

overlap emerges when these model distributions are compared with the OBS-LE, indicating that 217 

many alternative realizations of the observed climate could plausibly have produced gradient 218 

trends within the simulated ranges.  219 

In contrast, the forced component shows more systematic model–observation 220 

discrepancies. The forced (ensemble-mean) gradient trend across the 19 model LEs ranges from 221 

−0.28°C in ACCESS-ESM1.5 (model A) to +0.15°C in CESM1-HR (model E), and all are weaker 222 

than the ForceSMIP estimate of +0.29°C. CESM1-HR provides the closest model estimate, 223 

followed by MPI-GE (+0.10°C; model R) and IPSL-CM6A (+0.06°C; model N). The CESM1-HR 224 

estimate is also substantially closer to ForceSMIP than that of CESM1-LR (+0.02°C; model F). 225 

The improved representation of the forced SST trend in CESM1-HR relative to CESM1-LR is 226 

discussed further in San et al. (2026). 227 
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Analogous results are found for trends in the warm-pool warming ratio (Figure 2b). The 228 

observed ERSSTv5 value lies at or beyond the upper tail of the distributions in most models, 229 

exceeding all sampled members in 16 of the 19 LEs. In the remaining three models, ERSSTv5 lies 230 

at the 80th percentile of CESM1-HR (model E) and the 98th percentile of both CESM2-LE (model 231 

G) and MIROC6 (model P). However, substantial overlap again emerges when these model 232 

distributions are compared with the OBS-LE, indicating the limitations associated with comparing 233 

models to the single observed outcome.  234 

Like the gradient index, the forced component of the trend in the ratio index shows 235 

systematic model–observation discrepancies. The ForceSMIP estimate of the observed ratio index 236 

trend is 1.16, whereas the forced component of the ratio trends in 18 of the 19 model LEs ranges 237 

from 0.93 in ACCESS-ESM1.5 (model A) to 1.08 in IPSL-CM6A (model N) and MPI-GE (model 238 

R), all below the ForceSMIP estimate. CESM1-HR is the sole exception, with a forced ratio of 239 

1.16 that closely matches ForceSMIP.  240 

Together, the two regional metrics indicate that the apparent model–observation 241 

discrepancy in tropical SST trend structure is substantially reduced when the range of 242 

observationally plausible outcomes associated with internal variability is considered. At the same 243 

time, the systematic differences in the forced components point to the forced response as a more 244 

robust source of model–observation disagreement. 245 

3.4 Reconciling Model–Observation Discrepancies in SST Trend Patterns with the OBS-LE 246 

We next assess whether the conclusions based on the two regional indices extend to the 247 

full spatial pattern of Pacific SST trends. We examine the distribution of pattern correlations and 248 

root-mean square errors (RMSEs) between the observed (ERSSTv5) trend and the trend in each 249 

member of the OBS-LE and in each member of each model LE. For the pan-Pacific (70°N-70°S) 250 
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domain, the OBS-LE reveals substantial uncertainty in the spatial pattern of SST trends that could 251 

arise from different realizations of internal variability superimposed upon the forced response 252 

(Figures 2c and 2d). Across the full OBS-LE, pattern correlations with ERSSTv5 have a median 253 

value of 0.78 and a 5th–95th percentile range of 0.03–0.93, while RMSEs have a median value of 254 

0.34°C and a corresponding range of 0.20–0.60°C. When the model distributions are compared 255 

with this observationally plausible range, substantial overlap emerges. For pattern correlation, 85–256 

100% of the members from each model LE fall within the 5th–95th percentile range of the OBS-257 

LE. For RMSE, the fraction of ensemble members lying within the OBS-LE 5th–95th percentile 258 

range varies substantially among models. Some models nearly always exceed the OBS-LE 95th 259 

percentile (e.g., CanESM2, CanESM5 and UKESM1-0-LL), while others fall entirely (CESM1-260 

HR) or nearly entirely (MPI-CMIP6) within the plausible range of observed outcomes. Similar 261 

behavior is found for the tropical Pacific and global domains: the model distributions of pattern 262 

correlation overlap substantially with the observationally plausible range, whereas those for RMSE 263 

show more heterogeneous results across models (Figures S9 and S10 in Supporting Information 264 

S1). Additionally, the results do not depend on the domain used to train the LIM (global or pan-265 

Pacific) nor on the exact time period used to calculate trends (1979–2020 vs. 1980–2022): see 266 

Figures S11 and S12 in Supporting Information S1. 267 

The spatial pattern diagnostics presented above do not distinguish between forced vs. 268 

internal contributions to the observed and simulated trends. Thus, we repeat these diagnostics on 269 

the internal and forced trend components separately. For internal trends, the OBS-LE and model 270 

LE distributions overlap completely, indicating that all models simulate a realistic range of patterns 271 

and amplitudes of internal trend variability (Figure S13 in Supporting Information S1). For forced 272 

trends, pattern correlations range from 0.48–0.80 across models (the majority falling between 0.65 273 
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– 0.73) and RMSE values span from 0.22– 0.68 (red circles in Figures 2c and 2d). CESM1-HR 274 

has the highest pattern correlation and one of the lowest RMSEs. These results confirm model-275 

dependent biases in the spatial pattern and amplitude of the forced trend, and validate models’ 276 

internal trend variability, consistent with the conclusions based on the regional indices. 277 

A notable aspect of the observed (ERSSTv5) SST trend is the high pattern correlation 278 

(0.96) and low spatial RMS difference (0.26°C) with its forced (ForceSMIP) trend component 279 

(black diamond in column T of Figures 2c and 2d). This pattern correlation lies in the upper 5th 280 

percentile of the OBS-LE distribution while the RMS difference sits at the lower 24th percentile. 281 

Similar characteristics are found for pattern correlations and RMSEs between ERSSTv5 and the 282 

models’ forced trends, which sit in the upper and lower quartiles of the models’ distributions, 283 

respectively (black diamonds in Figures 2c and 2d). This behavior should not be interpreted as 284 

evidence of a model “signal-to-noise paradox” (Scaife & Smith, 2018), since the OBS-LE shows 285 

a similar result.  286 

There is also a strong positive pattern correlation (r=0.84) between the internal and forced 287 

components of the observed trend (recall Figures S1b and S1c in the Supporting Information S1), 288 

underscoring the challenge of discriminating between forced and internal contributions on the 289 

basis of spatial structure alone.  We emphasize that this resemblance may be fortuitous in the sense 290 

of being specific to the period 1979–2020, although we cannot rule out that some of the 291 

methodologies in ForceSMIP may influence this result. In support of the former, we note that 41-292 

year trends starting in the early 1960s show almost no spatial correspondence between their forced 293 

and internal components compared to those starting in the early 1950s or late 1970s, reflecting the 294 

waxing and waning of internal multi-decadal variability such as IPV (Figure S14). Future work 295 

will address the evolving nature of the relationship between internal and forced trend patterns in 296 
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the longer observational record when ForceSMIP estimates for the first half of the 20th century 297 

become available.  298 

In summary, the pattern diagnostics together with the regional metrics show that the 299 

particular realization of observed internal variability can account for a substantial portion of the 300 

apparent model–observation discrepancy in Pacific SST trend structure. The broad OBS-LE 301 

distributions show considerably greater overlap with the model ensembles than suggested by 302 

considering the single observed realization alone. At the same time, the systematic differences 303 

between models’ ensemble-mean (forced) pattern and the observed (ForceSMIP) forced estimate 304 

indicate that biases in the forced response remain an important source of model–observation 305 

disagreement. 306 

4 Conclusions 307 

We have developed an observationally-based Large Ensemble (OBS-LE) to quantify the 308 

range of multidecadal (1979–2020) Pacific SST trends that could plausibly have occurred under 309 

the same external forcing but with different realizations of internal variability. We then used this 310 

ensemble to revisit the reported discrepancy between model simulations and real-world 311 

observations across 19 different CMIP5 and CMIP6 model LEs. The OBS-LE was constructed 312 

using a LIM trained on observations of SST and SSH, combined with an independent state-of-the-313 

art estimate of the observed forced SST response from ForceSMIP. We validated the skill of the 314 

LIM in capturing the range of internally-generated multi-decadal trends using CESM2 within a 315 

perfect-model testbed framework.  316 

Accounting for observational uncertainty due to internal variability provides important 317 

insight into the apparent model–observation discrepancy in tropical Pacific SST trend structure. 318 

Although the single observed realization lies at or beyond the extreme upper tail of most of the 19 319 
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model LEs, the OBS-LE distribution overlaps substantially with the model LE distributions. 320 

Furthermore, the observed realization falls within the upper range of the OBS-LE distribution 321 

rather than being an extreme outlier. These conclusions are consistent across key metrics of Pacific 322 

SST trend structure, including equatorial zonal gradient, warm-pool warming ratio, and spatial 323 

pattern correlation. Agreement in spatial RMSE is more limited, with most models showing a 324 

larger RMSE than the majority of OBS-LE realizations.  325 

The OBS-LE framework also provides a more incisive tool for model assessment by 326 

separately revealing model biases in forced versus internal SST trend components. We find that 327 

the range of internal trends in the model LEs is comparable to that of the OBS-LE, consistent with 328 

Planton et al. (2026). In contrast, systematic model-observation discrepancies occur in the forced 329 

SST trend component (based on the ForceSMIP estimate of the observed forced response). The 330 

forced component in the zonal gradient index, the warm pool warming ratio, and the spatial pattern 331 

of trends in most models differ substantially from the ForceSMIP estimates, indicating that biases 332 

in the forced response remain an important source of model–observation disagreement. CESM1-333 

HR generally shows the closest agreement with ForceSMIP and performs substantially better than 334 

its standard (1°) resolution CESM1 counterpart. This behavior suggests that increased model 335 

resolution may reduce biases in the forced SST response (San et al., 2026), although the 336 

improvement is not uniform across all metrics. 337 

Our results depend on the accuracy of the ForceSMIP estimate of the observed forced 338 

response. As discussed in Wills et al. (2026), methods with comparable skill yield different 339 

estimates of the observed forced trend, which directly affects the partitioning between internal 340 

variability and forced response inherent in the OBS-LE. Here, we have tried to mitigate this 341 

uncertainty by adopting the ForceSMIP skillful-method average as the most robust estimate of the 342 
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forced response. While beyond the scope of this study, investigating the sensitivity of the OBS-343 

LE to different choices of forced response estimates, whether from ForceSMIP or through other 344 

approaches, as well as to different choices of observational SST and SSH products, is an important 345 

next step. In addition, there is scope for improving the LIM formulation used here, perhaps by 346 

incorporating seasonally-dependent covariances and temporally persistent stochastic forcing. 347 

In conclusion, our findings demonstrate that Pacific SST trend comparisons based on the 348 

single outcome sampled in the observational record can overemphasize model–observation 349 

differences, which might in turn be misconstrued as model bias.  Accounting for a range of 350 

alternative observational outcomes, each consistent with the same forced response but representing 351 

different realizations of internal variability, is therefore crucial when evaluating model 352 

performance. Separating the forced and internally generated components further helps distinguish 353 

discrepancies associated with the simulated forced response from those arising simply because 354 

models and observations sample different chance realizations of internal variability. While we 355 

have targeted recent SST trends in the Pacific sector, our OBS-LE framework could be extended 356 

to other regions, time periods and climate variables for a more informed understanding of the 357 

observational record and a broader perspective on model-observation comparisons. 358 
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 526 
 527 
Figure 1. SST trends (°C) over 1979–2020 from (a) ERSSTv5 and (b, c) two realizations of the 528 
OBS-LE that span the plausible (5th–95th percentile) range of observed SST trends arising from 529 
internal variability superimposed upon the forced response. The realizations shown in panels b and 530 
c lie at the 95th and 5th percentiles, respectively, of the leading EOF of internal pan-Pacific SST 531 
trends in the OBS-LE, whose pattern resembles the structure of Interdecadal Pacific Variability 532 
(IPV). The solid gray boxes indicate the WEP and EEP regions used to define the east-west 533 
gradient index, and the dashed box indicates the IPWP region. Panels (d) and (e) show distributions 534 
of the equatorial Pacific zonal SST-gradient trend and the ratio of IPWP warming to tropical-mean 535 
SST warming trend, respectively, from the CESM2-LE (gray) and the OBS-LE (blue). Probability 536 
densities are estimated using Gaussian kernel density estimation (KDE) with automatically 537 
selected bandwidths. Because KDE smooths the sampled distributions, the displayed density tails 538 
may extend slightly beyond the ranges of the underlying ensemble members. Thin dotted vertical 539 
lines indicate the empirical 5th and 95th percentiles of each distribution, and dashed vertical lines 540 
indicate the corresponding forced responses (given by the ensemble-mean for CESM2-LE and 541 
ForceSMIP for the OBS-LE). The ERSSTv5 trend is indicated by the solid blue vertical line. All 542 
percentiles and percentile ranks are calculated directly from the underlying samples rather than 543 
from the fitted KDE curves.  544 
 545 
 546 
 547 
 548 
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 549 
 550 
Figure 2. (Top) Trends over 1979–2020 in (a) the equatorial Pacific zonal SST gradient and (b) 551 
the ratio of IPWP warming to tropical-mean SST warming across the 19 model LEs indicated 552 
along the horizontal axis. Dots represent individual ensemble members, filled black diamonds 553 
indicate ensemble-means, and violin shapes show the KDE distributions across the members of 554 
each model LE. The OBS-LE distribution is shown at the far right, with black and blue violin 555 
outlines indicating distributions derived from the first 100 realizations and the full 50,000 member 556 
ensemble, respectively; blue dots show the first 100 realizations, and the black diamond indicates 557 
the ForceSMIP forced estimate. The thick blue horizontal line denotes the ERSSTv5 trend, and 558 
the vertical extent of the light blue shading spans the 5th–95th percentile range calculated from 559 
the full OBS-LE. (Bottom) Distributions of (c) pattern correlation and (d) RMSE between the 560 
1979–2020 SST trends from individual members of each model LE and ERSSTv5 over the pan-561 
Pacific domain (70°S–70°N, 120°E–70°W; colored dots). Short horizontal black segments within 562 
each violin indicate the 5th, 50th, and 95th percentiles of the corresponding distribution. Filled 563 
black diamonds indicate the metric calculated between each model’s ensemble-mean trend map 564 
and ERSSTv5, while open red circles indicate the metric calculated between each model’s 565 
ensemble-mean trend map and ForceSMIP. The OBS-LE distribution is shown at the far right, 566 
with black and blue violin outlines indicating distributions calculated between ERSSTv5 and the 567 
first 100 and all 50,000 OBS-LE realizations, respectively; the black diamond indicates the metric 568 
calculated between ForceSMIP and ERSSTv5. The vertical extent of the light blue shading spans 569 
the 5th–95th percentile range calculated from the full OBS-LE. 570 


