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31  Abstract

32  Seasonal ocean forecasts offer critical insights for marine resource management, particularly in
33  regions like the Northeast Pacific where ecosystem variability can have profound impacts on

34  marine life, fisheries, and coastal communities. Under NOAA’s Changing Ecosystems and

35  Fisheries Initiative, we developed a seasonal ocean forecasting system for the Northeast Pacific
36 based on the Modular Ocean Model version 6 (MOM®6) ocean model coupled to the Sea Ice

37  Simulator version 2 (SIS2) sea ice model and the Carbon, Ocean Biogeochemistry, and Lower
38  Trophics (COBALT) biogeochemical model. The model domain extends from south of Baja

39  C(alifornia to the Chukchi Sea with ~10 km horizontal resolution. To evaluate forecast skill, we
40 produced a 32-year set of retrospective forecasts with 10 ensemble members, four initializations
41  per year, and lead times up to 12 months. Forcing for the forecasts was derived from the

42  Geophysical Fluid Dynamics Laboratory's Seamless System for Prediction and Earth System

43  Research (GFDL-SPEAR) global climate forecast system. Forecasts were assessed using ocean
44 reanalyses and in situ observations, focusing on three ecologically- and societally-relevant

45  variables: sea surface temperature, bottom temperature, and bottom oxygen concentration.

46  Forecast skill varies by region, variable, and season, but generally remains high (anomaly

47  correlation coefficient; ACC>(.5) for lead times of at least several months across all variables
48  and regions. The downscaled forecasts reduce errors relative to the SPEAR global forecasts and
49  in some cases increase ACC, while also enabling predictions of biogeochemical variables. These
50 new forecasts compare favorably to previous downscaled ocean forecasts off the U.S. west coast,
51  with increased ACC and small forecast errors that may be reduced further by future

52  methodological changes. Routine real-time forecasts, available starting in October 2026, will

53  support proactive decision making by managers, industry, and coastal communities.

54

55 1. Introduction

56  Along the Northeast Pacific ocean margin, from the Bering Sea to Baja California, ocean

57  ecosystems support diverse and productive marine biological communities and, in turn, human
58  uses including tourism, subsistence and recreational fishing, and lucrative commercial fisheries.
59  Ocean forecasts on seasonal (1-12 month) timescales offer significant potential to improve the
60 management of these resources (Tommasi et al. 2017, Payne et al. 2017, Jacox et al. 2020), and a
61  robust body of research on ecosystem-based management has identified myriad ways in which
62  regional ocean forecasts can improve decision making in the region. Specific examples of

63  existing or proposed forecast products include species distribution predictions (Kaplan et al.

64 2016, Malick et al. 2020), environmentally-informed stock assessments (Tommasi et al. 2017,
65 Kearney et al. 2021, Wildermuth et al. 2026, Feddern et al. 2026), tools to mitigate bycatch and
66 entanglement risk for protected species (Brodie et al. 2023, Jacox et al. 2023), and fishery catch
67  outlooks (Norton et al. 2023). These applications require oceanographic forecasts that faithfully
68  reproduce not only large-scale variability, but also the influences of regionally-important

69  processes including sea ice dynamics, coastal upwelling, and coastal trapped waves.

70
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71  While global seasonal climate forecasts are readily available and are often useful even for
72  regional forecasting applications (e.g., Brodie et al. 2023), available output generally includes a
73  limited number of ocean variables and no biogeochemistry (Minobe et al. 2022). Further, the
74  relatively coarse resolution of these models can be inadequate to resolve key coastal processes or
75  to properly represent nearshore bathymetry and orography (e.g., Drenkard et al. 2021). One
76  approach to addressing these shortcomings is dynamical downscaling, in which a regional ocean
77  model is forced with output from a global forecast system, thereby inheriting predictability from
78  large-scale processes while better resolving their fine-scale manifestation in the region of
79  interest. The viability of such an approach has been demonstrated (e.g., Siedlecki et al. 2016,
80 Kearney et al. 2021, Jacox et al. 2023, Pilcher et al. 2026), though such efforts have been sparse
81 and limited in one or more ways including a lack of routine delivery, small forecast ensembles,
82  omission of ocean biogeochemistry, and relatively small domains that preclude application to
83  wide-ranging, transboundary marine species (Ferriss et al. 2026).
84
85  Inrecognition of the need for regional ocean forecasts and the limitations outlined above, the
86  National Oceanic and Atmospheric Administration (NOAA) launched the Changing Ecosystems
87  and Fisheries Initiative (CEFI) to develop regional ocean models covering U.S. coastlines with a
88  suite of five regional domains — Northwest Atlantic (Ross et al. 2023), Northeast Pacific
89  (Drenkard et al. 2025), Pacific Islands (Negrete Garcia et al. 2026), Great Lakes (Raju et al.
90  2026), and Arctic (Pages et al., submitted). Eventually, seasonal forecasts will be routinely
91  produced for all five domains. In the Northwest Atlantic, these forecasts are already operational
92  and have been shown to exhibit forecast skill significantly better than that from global models
93  (Ross et al. 2024). Herein, we describe the new seasonal forecasting system for the Northeast
94  Pacific and evaluate its skill using over 30 years of retrospective forecasts. The model domain is
95  expansive enough to support transboundary applications while maintaining sufficiently fine
96  resolution to capture important coastal processes, and a broad suite of physical and
97  biogeochemical outputs is available. In preparation for routine delivery of real-time forecasts,
98 this skill evaluation serves to establish expectations for their performance.
99
100 2. Forecast configuration
101  The forecast system described below comprises a regional ocean-sea ice-biogeochemistry model
102  forced at the boundaries by output from a global climate forecast system. A nudged historical
103  simulation of the same regional ocean model (Section 2.3) is used to initialize the forecasts,
104  while additional boundary forcing is derived from observation-based datasets for ocean
105  Dbiogeochemistry and river inputs. The full set of retrospective forecasts spans 1993-2024 with
106  four initializations per year (January, April, July, October), lead times up to 12 months, and 10
107  ensemble members per initialization.
108
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110  Figure 1: (left) NEP10k model domain, with long-term mean SST shown in color. Thick white lines bound the three
111  large marine ecosystems (LMEs) of primary interest to the study, while thin contours mark the 1000 m isobath used
112 inanalyses. (right) Forecast skill (anomaly correlation coefficient; ACC) as a function of lead time for surface

113 temperature (SST), bottom temperature (BT), and bottom oxygen concentration (BO2). Within each LME, quantities
114 are averaged inshore of the 1000 m isobath. Dashed lines indicate skill of a persistence forecast.

115

116  2.1. Regional ocean-biogeochemical model

117  The forecast system is a fully coupled ocean—sea ice—biogeochemistry modeling system

118  configured for the Northeast Pacific (MOM6-COBALT-NEP10k; hereafter NEP10k). The model
119  configuration is described in detail by Drenkard et al. (2025); here we provide a brief overview.
120

121 The physical ocean model is a regional implementation of the Modular Ocean Model version 6
122 (MOMG6; Adcroft et al. 2019). The curvilinear grid measures approximately 3300 x 7800 km

123 (cross-shore x alongshore), spanning from the Pacific Arctic to south of Baja California, and

124  including the Eastern Bering Sea, Gulf of Alaska, California Current, and Gulf of California

125  large marine ecosystems (Fig. 1). The horizontal resolution is ~10 km, and the vertical grid

126  comprises 75 z* levels, with layer thicknesses ranging from 2 m near the surface to 250 m in the
127  deepest portions of the domain. Sea ice is modeled by the Sea Ice Simulator version 2 (SIS2;

128  Adcroft et al., 2019), with five sea-ice thickness categories, four vertical ice layers, and one snow
129  layer. MOMBS is coupled to version 3.0 of the Carbon, Ocean Biogeochemistry, and Lower
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130  Trophics (COBALTV3.0; Stock et al., 2025) biogeochemical. COBALTV3.0 employs 40 tracers
131  to represent nutrients, carbon, lithogenic material, four phytoplankton functional groups (pico-,
132 nano-, and microplankton, as well as diazotrophs), three zooplankton functional types, and free-
133 living bacteria (Stock et al. 2014, 2020).

134

135  2.2. Global climate forecasts (SPEAR)

136  Atmosphere and ocean boundary forcing for the regional ocean forecasts was provided by output
137  from GFDL-SPEAR (Delworth et al. 2020) configured for seasonal forecasts as described in Lu
138  etal. (2020). SPEAR retrospective forecasts were run with nominal 0.5° and 1.0° horizontal

139  resolution for the atmosphere and ocean, respectively (i.e., the SPEAR _MED configuration).
140  Each SPEAR forecast was run for 12 months. Forecasts included either 15 ensemble members
141  (for forecasts initialized 1991-2020) or 30 (for forecasts initialized 2021-present), though only
142 the first 10 members were used for our regional downscaling. SPEAR output was abstained at
143  daily resolution for atmospheric variables and sea surface height, and monthly resolution for 3D
144  ocean variables.

145

146  2.3. Retrospective forecast configuration

147  While physics-only regional forecasts may be initialized from global forecast initial conditions or
148  from an ocean reanalysis, the need for biogeochemical initial conditions precludes these

149  approaches in our case. Instead, we initialized regional forecasts from a version of the NEP10k
150 historical simulation building on the configuration introduced by Drenkard et al. (2025) and

151  modified by Dukhovskoy et al. (2026; Section 5.1.1). Notably, in the simulation used for forecast
152  initialization, 3D temperature and salinity were nudged with a 15-day timescale toward the 1/12°
153  Global Ocean Reanalysis and Simulations (GLORYS) reanalysis (Lellouche et al., 2021; see
154  Section 3.1.1). This nudging served to refine the generally skillful representation of seasonal and
155  interannual physical ocean variations in the free-running simulation for forecast applications.
156  This nudged simulation also employed a new sea ice relaxation scheme (Dukhovskoy et al.

157  2026) in the Arctic and Northern Bering Seas to mitigate unrealistic Arctic sea ice cover

158  resulting from closed sea-ice boundaries. Specifically, sea-ice thickness and concentration were
159 relaxed toward the Pan-Arctic Ice-Ocean Modeling and Assimilation System (PIOMAS;

160  Schweiger et al. 2011), with a strong relaxation over the Arctic that decayed to zero over the

161  northern Bering (see Table 3 and Figure 3¢ in Dukhovskoy et al. 2026 for the relaxation mask).
162

163  Daily atmospheric output from each of 10 SPEAR ensemble members was interpolated to the
164  NEP10k grid to drive the ocean forecasts at the surface. At the lateral ocean boundaries, we used
165  daily sea surface height (SSH) from SPEAR to include predictability associated with coastal

166  trapped waves (e.g., Amaya et al. 2022). For consistency with SSH, we interpolated monthly
167  SPEAR output for other ocean variables to daily resolution using a piecewise third-order

168  polynomial interpolation. Note that Ross et al. (2024) used climatological ocean boundary

169  conditions for U.S. East Coast predictions, as their domain was large enough that ocean
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170  boundary conditions did not impact the coastal region of interest on seasonal timescales. In

171  contrast, the seasonal predictability of the U.S. West Coast is strongly influenced by oceanic
172 forcing (Jacox et al. 2023), so we used time-varying ocean boundary conditions from SPEAR.
173 River discharge over the length of the forecasts was supplied as a smoothed daily climatology
174  based on 1993-2024 output from the GloFAS reanalysis version 4 (Harrigan et al. 2020;

175  Grimaldi et al., 2022) and runoff in the Gulf of Alaska (Beamer et al., 2016; Hill, 2023).

176  Similarly, climatological boundary conditions were applied for most ocean biogeochemical

177  variables as described in Ross et al. (2023). NO3, O2, PO4 and SiO4 conditions were derived
178  from World Ocean Atlas 2018 (Boyer et al., 2019; Garcia et al., 2019a; Garcia et al., 2019b;
179  observations collected 1955-2017). Above 800m, climatologies are represented as seasonal

180  averages, while below 800m they are prescribed as the annual mean. Additional boundary tracers
181  specific to COBALT were derived from annual means (1993-2014) of a global ocean

182  implementation of COBALT (Stock et al., 2014). The exceptions to using BGC climatologies at
183  the open boundaries were dissolved inorganic carbon (DIC) and total alkalinity, which were
184  estimated from physical boundary conditions based on Empirical Seawater Property Estimation
185  Routines (ESPER; Carter et al. 2021) to ensure long-term trends were captured. ESPER fields
186  were computed using the locally interpolated regression algorithm and estimated using monthly
187  mean, spatially-coarsened potential temperature and salinity from GLORYS. For the forecasts,
188  Arctic ice was relaxed to a climatology of the most recent five years to account for long-term
189  trends in sea ice concentration and thickness. In contrast to the nudged historical simulation, no
190 ice relaxation was applied over the Bering Sea during forecasts; the aim was to avoid any

191 influence of unrealistic Arctic ice without directly modifying Bering Sea ice.

192

193 3. Forecast evaluation

194  While a wide array of physical and biogeochemical variables are available in the forecast model
195  output, we focus this initial evaluation on three that are known to be critical to marine

196  ecosystems, and for which model and in sifu verification data are available: sea surface

197  temperature (SST), bottom temperature (BT), and bottom oxygen concentration (BOz). The

198 evaluation covers three Northeast Pacific Large Marine Ecosystems — the Eastern Bering Sea
199 (EBS), Gulf of Alaska (GOA), and California Current System (CCS) — with a particular focus on
200 the continental shelf and upper slope (<1000 m isobath) where high spatial resolution is most
201  beneficial and many of the most productive fisheries are located.

202

203 3.1 Verification data

204  Verification is performed using high-resolution ocean models, observations, and reanalyses.
205 Ocean models offer complete spatiotemporal coverage for domain-wide skill assessment, in situ
206  observations provide additional ground truthing when available, and reanalyses combine the
207  strengths of models and observations for gap-free data whose fidelity to the real world is

208  generally better than that of an unconstrained model (e.g., Amaya et al. 2023a).

209
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210  3.1.1. Ocean models and reanalyses

211  The GLORYS reanalysis provides physical fields at 1/12° (~8 km) resolution starting in 1993.
212 GLORYS is based on the Nucleus for European Modelling of the Ocean (NEMO) ocean model
213 and assimilates along-track satellite altimetry, satellite SST, sea ice concentrations, and in situ
214  temperature and salinity profiles from the Coriolis Ocean database Reanalysis (CORA) dataset
215  (Szekely et al. 2019). For forecast verification, we use GLORYS surface and bottom

216  temperatures, which have been demonstrated to agree well with observations from satellites,
217  Argo floats, underwater gliders, ship-based surveys, shore stations, and moorings (Amaya et al.
218  2023a,b). For pointwise comparisons, we interpolate 2D GLORYS fields to the NEP10k grid
219  using bilinear interpolation.

220

221  Since GLORYS is physics-only, we employ the NEP10k nudged historical simulation (Section
222 2.3) for verification of BO,. While this assessment highlights the potential of the model to

223 predict biogeochemical variability associated with realistic ocean-atmosphere forcing, it likely
224 provides an optimistic estimate of forecast skill. Since the historical simulation is used to

225  initialize the forecasts, the forecast initial state is identical to the verification data at that same
226  time, when in reality the initialization is imperfect. Thus, we consider this verification an

227  assessment of potential skill rather than true skill (Boer et al. 2019).

228

229  3.1.2. In situ observations

230  [In situ measurements were obtained from moorings, ship-based surveys, and shore stations

231  spanning the three LMEs of interest (Table 1). These data provide an independent check on
232 forecast skill relative to the ocean models and reanalyses described above. For all comparisons to
233 in situ point measurements, NEP10k forecasts were extracted at the nearest ocean grid cell to
234 assess model skill. Processing for each data source is detailed below.

235

236  EcoFOCI moorings: BT at four locations over the Eastern Bering Sea shelf was obtained from
237  moorings operated as part of the Ecosystem & Fisheries Oceanography Coordinated

238  Investigations (EcoFOCI) program (Stabeno et al., 2023). Monthly averages were computed
239  from daily data, retaining only months with at least 10 days of data available.

240

241  Gulf of Alaska mooring: BT measurements from the Gulf of Alaska (GAK1) mooring were
242  obtained from https://research.cfos.uaf.edu/gakl/data/Mooring/. For most periods, data were
243 provided at 15-minute intervals, with some exceptions of 3-hourly or 6-hourly data. In all cases,
244 high-resolution data were aggregated as monthly averages, retaining only months with at least 10
245  days worth of data (e.g., 960 samples for 15-minute data).

246

247  Olympic Coast National Marine Sanctuary (OCNMS) moorings: An array of moorings in

248  Olympic Coast National Marine Sanctuary provides hourly BT and BO> measurements
249  (Cervantes et al. 2026). The moorings are operational seasonally; forecast verification is limited



https://doi.org/10.5194/egusphere-2026-5844
Preprint. Discussion started: 8 October 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

250  to June-September, the months of most reliable data availability. We focus on the mid-depth
251  moorings (42 m bottom depth at Makah Bay, Cape Alava, Teahwhit Head, and Cape Elizabeth,
252  and 27 m depth at Kalaloch), which offer the greatest coverage for bottom oxygen measurement.
253  After removing data with QC flags 3 (“suspect”) and 4 (“fail”’), we computed monthly averages,
254  retaining months with at least 10 days (240 hours) of data. Model forecasts were extracted for
255  each location and month with available mooring data, and then both forecasts and observations
256  were spatially averaged across the mid-depth mooring locations.

257

258  Newport Hydrographic Line: Regular cruises off Newport, OR sample water column temperature
259 and oxygen along a cross-shore transect (Risien et al. 2026). Here, we used the water column
260 data to extract near-bottom temperature and oxygen at four stations for which bottom depth <
261 150 m (NHS5, NH10, NH15, NH20; station numbers indicate offshore distance in nautical miles).
262  In cases when more than one cruise was conducted in a month, those data were averaged to

263  create a monthly average; for months with only one cruise we use the single cruise data. At each
264  station, we averaged profile data within 10 m of the deepest point, since taking just the deepest
265  point introduces more data gaps. As for the OCNMS moorings, we matched model forecasts to
266  each location and month with available cruise data, and then averaged spatially across the

267  stations.

268

269  Shore Stations Program: At multiple sites along the California coast, shore-based sampling

270  programs have routinely measured SST for many decades. These datasets are compiled under the
271  Shore Stations Program, which provides daily SST data from participating sites (Carter et al.
272 2022). For each of five stations (Farallons, Pacific Grove, Newport Beach, San Clemente, La
273 Jolla), we computed monthly averages from daily data, retaining months for which at least 10
274  days of data was available. We then averaged Newport Beach and San Clemente and treated

275  them as a single site given their close proximity.

276

277  Channel Islands Kelp Forest Monitoring Program: We obtained ocean temperature

278  measurements from mooring sites along the coasts of San Miguel, Santa Rosa, Santa Cruz,

279  Anacapa, and Santa Barbara Islands, focusing on the 16 sites for which monthly data are

280 available beginning in 1994 (Davis 1997). While these sites are in shallow water (~5-15 m

281  depth), bottom depths for model matchups are much deeper (~50-150 m). While MOM6 does not
282  require bathymetric smoothing common in sigma coordinate ocean models, the 10 km model
283  grid resolution is still too coarse to fully resolve bathymetry adjacent to the islands. Thus, we
284  compare the observations to forecast SST, which is more appropriate than forecast BT given the
285  depth mismatch. As for other datasets, we matched model forecasts to each location and month
286  with available data. We then averaged across all sites in the main group of islands (San Miguel,
287  Santa Rosa, Santa Cruz, Anacapa; 13 stations), and separately averaged across the sites at Santa

288  Barbara Island (3 stations).
289
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Name Region Type Variables Years
EcoFOCI Eastern Bering Sea Moorings BT 1996-2023
GAK1 Gulf of Alaska Mooring BT 1998-2025
1 i t National
Olympic Coast Nationa Washington Moorings BT,BO, | 2000-2025
Marine Sanctuary
N t Hyd hi Ship-based
'ewpor ydrograpaie Oregon 1pbase BT, BO; 1997-2025
Line survey
Shore Stations Program California Shore stations SST 1993-2025

Channel Islands National

Park California Benthic loggers SST 1993-2025

290 Table 1: Summary of in situ observations used for forecast verification. Years listed are the maximum extent of data
291 used; time series for specific stations may be shorter.

292

293 3.2. Skill evaluation

294  We quantify forecast skill by comparing our 32-year set of retrospective forecasts with the

295  verification datasets described above. We focus on two deterministic skill metrics: anomaly

296  correlation coefficient (ACC) to evaluate the model’s ability to predict interannual variability,
297  and root mean square difference (RMSD) to evaluate the combined error introduced by mean
298  biases and variability. Anomalies are calculated relative to the initialization- and lead-dependent
299  climatology. Skill evaluations are performed as a function of forecast initialization month and
300 lead time, using the ensemble mean forecast. ACC skill for the downscaled forecasts is compared
301 to the skill of two reference forecasts: the parent SPEAR forecasts (using the same 10 ensemble
302 members that forced the downscaled model) and a simple persistence forecast, which assumes
303 that the anomaly in observations (i.e., the verification dataset) in the month preceding forecast
304 initialization will persist throughout the length of the forecast. Significance of forecast ACC is
305 determined using Fisher’s z transformation with a 95% confidence interval and effective degrees
306 of freedom that are reduced to account for sample autocorrelation (e.g., Stock et al. 2015, Jacox
307 etal. 2023). To test for significant differences between model and persistence forecast ACC, we
308 use Williams’ Ty statistic (Williams 1959, Steiger 1980), which accounts for two time series

309 correlated with the same reference. Model forecast ACC was deemed significantly higher than
310  persistence forecast ACC based on a one-tailed test if T>>0 and p<0.05.

311

312 4. Results

313 4.1. Mean spatiotemporal patterns of forecast skill

314  For all variables (SST, BT, and BO;) and LMEs (EBS, GOA, CCS) considered here, forecasts
315  exhibit considerable skill over the shelf and upper slope (<1000 m depth). ACC values exceeding
316 0.5 (indicative of high forecast skill) extend to lead times of 4-12 months depending on variable
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and LME (Fig. 1). In general, BT is the most predictable variable, followed by SST and BO», and
the GOA is the most predictable region, followed by the EBS and CCS. Model forecast skill
routinely exceeds the skill of a persistence forecast, especially at longer lead times. Notable
exceptions to this pattern are visible for SST and BT in the EBS (consistent with the findings of
Kearney et al. 2021) and BO» in the CCS; in those cases persistence forecasts offer skill that is
comparable to or greater than that of dynamical model forecasts.

Spatially resolved patterns of ACC reveal considerable heterogeneity in forecast skill, even
within LMEs. Significant skill extends to 5.5-month lead for all three variables in most areas of
the domain (Figs. 2-4). As lead time increases, ACC spatial patterns remain qualitatively
consistent but decline in magnitude. For SST, areas of highest skill include the southeast Bering
Sea and much of the GOA (Fig. 2). In contrast, lower SST skill is evident in the northeast Bering
Sea (north of the EBS LME) and in the offshore region off central and northern California. The
latter region is characterized by particularly high eddy activity (Cordero Quirds et al. 2022),
which increases noise and decreases predictability. BT and BO; exhibit similar skill patterns to
those of SST in the nearshore region. The Santa Barbara Channel off Southern California
emerges as an additional area of very high forecast skill (Figs. 3, 4), though this apparent skill is
in relatively deep basins and is likely driven by persistence of anomalies present at initialization.

1.5-month lead 3.5-month lead 5.5-month lead

Figure 2: ACC maps for SST forecasts at multiple lead times, calculated across all initialization months.

10
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338

339  Figure 3: As in Fig. 2, but for bottom temperature forecasts inshore of the 1000 m isobath.
340

1.5-month lead 3.5-month lead 5.5-month lead

341 W& ) »
342  Figure 4: As in Fig. 3, but showing potential skill for bottom oxygen concentration.
343

11
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344  4.2. Seasonality and comparisons with global forecasts

345  Predictability in NE Pacific marine ecosystems is seasonally variable owing to phenological
346  processes including sea ice formation and melt, coastal upwelling, and mixed layer depth

347  variability. Here we quantify forecast skill as a function of initialization month and lead time to
348 investigate its seasonal dependence.

349

350 For SST, EBS skill (ACC) is significant for all initializations and leads, with the exception of
351 long-lead forecasts of late winter/spring (i.e., forecasts of February—June initialized in the

352  previous April or July; Fig. 5). In most of these cases, persistence forecasts also offer significant
353  skill. SST ACC in the GOA is significant for nearly all lead times and initializations, and is

354  particularly high for forecasts of February—April, which exhibit significant skill above

355 persistence. In the CCS, ACC is significant across all times except for late summer forecasts
356 initialized in October or January. ACCs are elevated and significantly better than persistence for
357  forecasts of November—January in the CCS and December—April in the GOA, consistent with
358 previous studies (e.g., Jacox et al. 2019) that attributed this skill bump to the predictability of
359  ENSO and its influence on the CCS.
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362 Figure 5: Regional SST forecast skill (top: ACC; bottom: RMSD) as a function of initialization month and target
363  month for each LME (rows). Skill is shown for the SPEAR global model, NEP10k, and the difference between
364  them. Improvements are indicated by higher ACC (red in difference plots) and lower RMSD (blue in difference
365 plots). SST is averaged over the region inshore of the 1000 m isobath. Gray dots indicate initializations/lead times
366 for which model forecast ACC is significantly above zero (95% confidence), and white dots indicate that the model
367 forecast ACC is also significantly higher than persistence forecast ACC.

368

369  ACC patterns for SST are extremely similar between SPEAR and NEP10k; differences are small
370 and can be of either sign (Fig. 5). As SST in the downscaled forecasts is strongly constrained by
371 the forcing from SPEAR, this result is not too surprising, especially when averaging over

372  relatively large spatial areas. However, for RMSD relative to the GLORYS verification dataset,
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373  differences between SPEAR and NEP10k do emerge. While RMSD for NEP10k is <1°C across
374  nearly all initializations, lead times, and LMEs, RMSD for SPEAR reaches 2°C or more for

375 forecasts of May—July in the EBS and for forecasts of September—February in the CCS. These
376 larger errors are attributable primarily to biases in SPEAR, which are largely alleviated in

377  NEP10k. The improved mean biases at higher model resolutions are consistent with Amaya et al.
378  (2026) who showed similar results in the central and southern CCS when comparing high- and
379  low-resolution forecasts using a different modeling system.

380

381 BT forecast skill is generally higher than that of SST, with higher ACC and lower RMSD (Fig.
382  6). In the EBS, ACC is significant for all leads and initializations. As for SST, skill is relatively
383 low in later winter and spring, though the model forecasts exhibit significant skill during these
384  months while persistence forecasts do not. Skill from spring and summer initializations is very
385  high, with ACC>0.9 for lead times up to ~4-6 months. Much of this skill comes from persistence
386 of BT anomalies that are established during the sea ice season and then isolated from

387 unpredictable surface mixing due to strong summer stratification after sea ice retreats (Kearney
388 etal. 2021). Conversely, limited BT skill through winter may be due to an inability to predict
389  winds in the northern EBS and the associated southward advection of ice (Kearney et al. 2021).
390 The GOA is the most predictable of the three LMEs for BT, with ACC values that are significant
391  and quite high (>0.6) across all leads and initializations. Persistence forecasts are also significant
392  in many cases, though model ACC is significantly better than persistence when predicting late
393  winter and spring. CCS BT forecasts also have significant ACC for all leads and initializations,
394  except for July—September forecasts initialized in January. At long lead times (and for any lead
395 times >3 months from the April initialization), skill is present despite the lack of significant

396 persistence forecast skill.
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399  Figure 6: As in Fig. 5, but for bottom temperature.
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401 Inthe EBS and GOA BT forecasts, ACC differences between SPEAR and NEP10k are small,
402  similar to those for SST (Fig. 6). However, in the CCS, considerable improvements in ACC are
403  visible at short lead times (0-3 months), indicating that the BT initial conditions better match our
404  verification data in NEP10k than in SPEAR, and perhaps that coastal trapped wave signals are
405  better resolved in the higher resolution model (e.g., Liu et al., submitted). RMSD for NEP10k
406 BT is small (<1°C) across all initializations and leads, demonstrating that the downscaled model
407  is representing both the mean state and variability quite well. As for SST, these errors are much
408 improved relative to SPEAR, whose BT biases drive large errors in the EBS (especially for July—
409  September) and CCS (especially for August—January).
410
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412 Figure 7: Potential skill for regional bottom oxygen forecasts (left: ACC; right: RMSD) as a function of initialization
413 month and target month for each LME (rows). Oxygen concentrations are averaged over the region inshore of the
414 1000 m isobath. Dots are as in Fig. 5.
415
416  Regardless of initialization month, BO; potential skill in the EBS is quite high until October,
417  consistent with skill patterns for BT (Fig. 7). In November, ACC falls off rapidly and forecast
418  skill is generally not significant for winter (December—March). October-initialized forecasts see
419  arecovery of significant ACC in April after the winter period of low skill. As for BT, the GOA
420  has the overall highest ACC (across all initializations and leads) of the three regions for BO,. For
421  forecasts of summer and fall, model skill is often significantly higher than persistence, and for
422  almost all initializations significant skill extends to at least 8.5-month lead time. In the CCS,
423  ACC is high at early lead times (<4 months), and elevated skill is visible for winter months,
424  again consistent with the influence of ENSO. In contrast, the fall is relatively unpredictable, with
425  August—October standing out as having low ACC. When considering regional averages, the CCS
426  has the highest RMSD for BO> of the three LMEs; errors are <10 umol kg™! for lead times under
427 4 months but can exceed 15 pmol kg™!' for long-lead forecasts of February—April. These errors
428  are also large in relative terms, as the mean BO> in the CCS is lower than in Alaskan waters.
429  RMSD patterns for the GOA and EBS are qualitatively similar to those of the CCS, but with
430 lower errors in the GOA and the lowest errors in the EBS (<10 pmol kg™! for all initializations
431  and lead times).

14



https://doi.org/10.5194/egusphere-2026-5844
Preprint. Discussion started: 8 October 2026 EG U
© Author(s) 2026. CC BY 4.0 License. sphere

432
433
434
435
436
437
438
439
440
441

442
443

444
445
446
447
448
449

450

4.3. Verification with in situ observations

The preceding sections provided a holistic view of forecast skill using ocean model and
reanalysis products. While constrained by observations, those products are not purely
observation-based. Here, we augment those analyses with in situ data as an independent test of
forecast skill, which represents highly local variability. While there are few observational
programs that are well suited to this type of forecast verification (consistent sampling at monthly
or better resolution over many decades), we have compiled a set of mooring, ship-based, and
shore-based datasets to cover our three LMEs and three variables (Fig. 8).

6000

5000

4000

160°E 170°E 180° 170°W 160°W 150°W

50°N 40°N ;. E
3
o

@ EcoFOCI moorings
@ GAK1 mooring
O OCNMS moorings
38°N © Newport Line
[@) Faralions) O Shore Stations Program
@ Channel Islands loggers

(@ Pacific/Grove)

2000

46°N 36°N

44°N 34°N Channel|Islands « INewportiBeach
Q

Santa Barbarallsland{¢} 1@(San|Cl; te
: Q an|Clemente) L 1000

42°N 32°N

400";‘28°W 125°W  124°W 123°V\:I;0?I’§5°W 120°W 1 15°W77

Figure 8: Locations of in situ observations used for forecast verification. In Alaskan waters (top), bottom
temperatures were obtained from the GAK1 (Gulf of Alaska) and EcoFOCI (Bering Sea) moorings. Off Washington
and Oregon (bottom left), bottom temperature and bottom oxygen concentration were obtained from Olympic Coast
National Marine Sanctuary moorings and Newport Hydrographic Line cruises. Off California (bottom right), SST
measurements were obtained from five monitoring sites in the Shore Stations Program, while near-surface (~5-15 m
depth) temperatures were obtained from Channel Islands benthic loggers. Note that Santa Barbara Island is part of
the Channel Islands, but is denoted separately as it is assessed separately from the other islands.
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451 BT data from moorings in the EBS support our findings from the GLORY S-based verification.
452  Skill is generally highest for April and July initializations, with ACC>0.5 for lead times up to at
453  least 6 months (Fig. 9). For all initializations, ACC declines when forecasting the winter months.
454 A latitudinal gradient in skill is also evident, with ACC declining from south (M2) to north (MS8),
455  consistent with the spatial patterns identified in Fig. 3. At the GOA (GAK1) mooring, ACC

456  patterns are also qualitatively consistent with those from GLORYS (Fig. 9 cf. Fig. 3), though
457  uniformly lower. As for the EBS, April- and July-initialized forecasts exhibit the highest skill
458 and ACC>0.5 extends to lead times of 5-8 months. For all initializations, forecast skill declines
459  precipitously from December to January, and remains low into spring.

460
M2
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462 Figure 9: ACC as a function of lead time for bottom temperature forecasts in Alaskan waters, using mooring data for
463 verification (see Fig. 8 for mooring locations). Colors show skill for four initialization months — January, April, July,
464  and October.

465

466  Verifications for the Northern CCS, off Washington and Oregon, are based on mooring

467  (OCNMS) and cruise (Newport Line) data for (near) BT and BO,. The OCNMS data are limited
468  to June—September, but show that BT in those months can be predicted well (ACC>0.5) for lead
469  times up to ~6 months (Fig. 10). BO2 ACC is also ~0.5 for lead times up to 4.5 months (i.e.,

470  predicting summer from April or July initializations), but ACC from October and January

471  initializations is near zero. Note that August and September are some of the least predictable
472 months for CCS BO: (Fig. 7), so the modest skill seen in this in situ verification is encouraging.
473  Skill assessments based on Newport Line cruise data are quite noisy, especially for BO, and
474  with ACC generally lower than that found using other verification datasets (Fig. 10). While

475  cruises occur approximately monthly, these data represent snapshots of the ocean state at a given
476  point and will be affected by high-frequency variability not captured in the monthly forecast
477  averages. Thus, while the verification based on the NEP10k nudged historical simulation likely
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478  overestimates the true skill, the verification based on Newport Line cruise data likely

479  underestimates it. Nonetheless, BT ACC of ~0.5 or higher extends for several months from all
480 initializations. Elevated skill for winter month forecasts (December—February) is also evident
481  from all initializations, indicating that ENSO-related predictability discussed previously for SST
482  also applies for BT off the Oregon coast.

483
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485 Figure 10: As in Fig. 9, but for (left) bottom temperature and (right) bottom oxygen forecasts verified using (top)
486 OCNMS moorings and (bottom) Newport Line cruise data. Note that OCNMS mooring data is only routinely
487 available for June-September, so forecasts are only verified during those months.

488

489  Finally, in situ verification of SST forecasts is enabled by shore stations and National Park

490  Service moorings off the California coast. Again, the in situ data support the findings of the

491 GLORYS-based verification, with generally suppressed skill for forecasts of late spring through
492  fall (~May—October) and elevated skill for forecasts of winter months (Fig. 11). ACC values are
493  noisy across the shore stations (Farallons, Pacific Grove, Newport Beach/San Clemente, and La
494  Jolla) and across initialization/lead times for a given shore station, despite their relatively close
495  proximity to each other. These patterns reflect the fine-scale variability impacting the

(e
ki
o
-
n

496  observation sites, which may not be captured well even by the downscaled forecasts that have
497  ~10 km resolution and are well suited to predict lower frequency variability. This notion is

498  supported by the relatively high skill and low noise in ACC values for the Channel Islands /
499  Santa Barbara Island (Fig. 11), for which our averaging of multiple mooring sites reduces noise.
500
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502 Figure 11: As in Fig. 9, but for SST forecasts verified using shore station and mooring data along the California
503  coast.

504

505  4.4. Comparison with earlier regional forecasts

506  The forecast system described here builds on a foundation of regional ocean modeling and

507  prediction efforts that includes seasonal forecasts for the EBS (Kearney et al. 2021), Pacific
508 Northwest (Siedlecki et al. 2016), and CCS (Jacox et al. 2023). Those forecasts provide an

509 important benchmark against which our new forecasts can be tested, and here we do so for the
510  CCS case, which used the Regional Ocean Modeling System (ROMS) forced by output from an
511  older version of the Canadian Center for Climate Modelling and Analysis (CCCMA) global
512 coupled forecast system (Merryfield et al. 2013). Of note, those forecasts were produced with
513  two different treatments of the global forcing fields — one in which they were interpolated to the
514  regional grid with no other adjustments (as was done for the NEP10k forecasts herein), and

515 another in which the global fields were bias corrected before driving the regional model (Jacox et
516  al. 2023).

517

518 NEP10k forecasts compare favorably to the ROMS-based CCS forecasts, with 3.5-month lead
519  ACC values that are higher than those from ROMS forecasts for both January and July

520 initializations (Fig. 12). ROMS forecasts employed only a 3-member ensemble, compared with
521  the 10-member ensemble employed in NEP10k, and this difference likely contributes to the

522  differences in forecast skill (see Section 5 for more discussion of ensemble size). However, the
523  two forecasts systems also differ in their parent forecast models, regional models, initial

524  conditions, and forcing treatments. Therefore their relative performance cannot be attributed to
525 ensemble size alone. While bias correcting the global forcing for ROMS forecasts had little

526  impact on ACC (also found by Kearney et al. (2021) for the EBS), it did dramatically reduce
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527 RMSD (compare the top and middle rows in Fig. 12). Encouragingly, RMSD for the NEP10k
528  forecasts without bias-corrected forcing is comparable to that of the ROMS forecasts with bias
529  correction, and much lower than that of the ROMS forecasts that used the same (no bias

530 correction) approach. These results suggest that the NEP10k forecasts are already performing
531  well relative to past efforts and that additional improvements may be possible by evaluating and
532  refining the global model forcing or applying a bias correction in post-processing.

533
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535 Figure 12: Comparison of 3.5-month lead SST forecast skill (left: ACC; right: RMSD) between NEP10k and earlier
536  regional forecasts based on the Regional Ocean Modeling System (ROMS-CCS). ROMS forecasts were forced by
537  output from the CanCM4 global forecast system (Jacox et al. 2023) in two ways: (top) with global forcing fields
538 interpolated directly to the ROMS grid, as for the MOMG6 forecasts, and (middle) with global fields bias-corrected
539 before running ROMS. Note that the ROMS forecasts used a 3-member ensemble while NEP10k forecasts have 10
540  ensemble members.

541
542
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543 5. Discussion

544  Here, we introduced a new regional ocean forecast system for the Northeast Pacific, NEP10k,
545  developed under NOAA’s Changing Ecosystems and Fisheries Initiative. We described the

546  forecast system and documented its performance for three key variables — SST, BT, and BO; —
547  with verification against ocean models and reanalyses as well as in situ observations. All three
548  variables are predictable months in advance in the coastal regions of the EBS, GOA, and CCS.
549  While mechanistic exploration of the sources of predictability is beyond the scope of this paper,
550 the skill patterns we find align with previously documented processes including ENSO

551 teleconnections and sea ice dynamics. The considerable skill of the forecast system provides a
552  foundation from which to pursue physical, biogeochemical, and ecological indices that can

553  support decision making. These dynamically downscaled forecasts can also be complemented by
554  forecasts from alternative techniques including statistical downscaling, linear inverse modeling,
555 and model analogs (e.g., Jacox et al. 2020, Amaya et al. 2026), which can offer comparable skill
556  for some of the ocean properties discussed herein at reduced computational cost.

557

558  Forecast skill was evaluated relative to benchmark forecasts that can be achieved without

559  dynamical downscaling, namely a simple persistence forecast and the global forecast system

560 (SPEAR) used to drive NEP10k. While skill above persistence is greater in some regions than
561  others (e.g., most of the temperature skill in the EBS derives from persistence), the regional

562  model consistently increased ACC relative to persistence and extended the lead times at which
563  forecast skill remains significant. Relative to SPEAR, NEP10k did not alter ACC much when
564  averaging SST over large NEP regions, as has been noted when comparing the influence of

565  resolution in other modeling frameworks (e.g., Amaya et al. 2026). However, other regions have
566  seen benefits in SST ACC from downscaling (e.g., Ross et al. 2024) and we have not performed
567  this comparison on fine spatial scales where downscaling is likely more valuable. For BT in the
568 CCS, we did see improvements in ACC at short lead times in the downscaled model, and RMSD
569  was in some cases dramatically reduced for both SST and BT in the EBS and CCS. In addition to
570 these performance gains for temperature forecasts, NEP10k enables forecasts of biogeochemical
571  variables such as oxygen. Furthermore, the enhanced resolution is more consistent with the

572  scales at which stakeholders seek information, which may help build trust in the forecasts even if
573  broad-scale ACC improvements are marginal.

574

575  Comparison with an earlier implementation of regional ocean forecasts for the CCS (ROMS-
576  CCS) shows that the NEP10k forecasts are performing favorably against existing benchmarks.
577  Part of this improvement is due to the global forcing; the SPEAR forecasts employed here are
578  higher resolution than the CanCM4 forecasts (Merryfield et al. 2013) used in ROMS-CCS, and
579 they also apply an ocean tendency adjustment to reduce forecast bias and drift (Lu et al. 2020).
580  This comparison also highlights two key methodological points. First is the role of bias corrected
581 forcing; while biases in NEP10k are much smaller than biases in a similar configuration of

582 ROMS-CCS, the ROMS forecasts were improved by bias-correcting global forcing before

20



https://doi.org/10.5194/egusphere-2026-5844

Preprint. Discussion started: 8 October 2026 EG U - h N
© Author(s) 2026. CC BY 4.0 License. spnere
é‘ [O) Preprint repository

BY

583  downscaling. NEP10k may be similarly improved by correcting SPEAR forcing before

584  downscaling, and in the future we plan to quantify the added value of implementing those

585  corrections. Second, the ACC difference between NEP10k and ROMS-CCS is at least in part
586  because of differences in ensemble size (10 members in NEP10k versus 3 in ROMS-CCS). In
587  terms of deterministic forecast skill, there are diminishing returns for increasing ensemble size
588  above ~4 members (Fig. 13). However, there are cases in which larger ensembles clearly help.
589  Taking SST forecasts in the CCS as an example; in a 3-member ensemble, ACC remains above
590 0.5 until 5.5-month lead time, while in a 10-member ensemble that horizon extends to 9.5

591  months (Fig. 13). This 10-member ensemble is a significant improvement upon the smaller

592  ensembles of many past regional downscaling efforts, but is still small relative to the large

593  ensembles (and multi-model ensembles) available from global forecast systems. These very large
594  ensembles may be particularly useful for predicting the probability of rare events (e.g., Doi et al.
595 2019, Jacox et al. 2022) or noisy variables like upwelling (Amaya et al. 2024) for which a larger
596 ensemble can improve the forecast signal-to-noise ratio.
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599 Figure 13: ACC as a function of lead time and ensemble size for each LME (rows) and variable (columns).

600  Variables are averaged inshore of the 1000 m isobath. For each ensemble size N, 1000 forecast ensembles were
601  generated by randomly drawing N members without replacement from the 10-member ensemble. The ACC of each
602 of 1000 forecast ensembles was calculated and the mean of those 1000 ACC values is presented here.

603
604  Here, we focused on a small set of key ecologically-relevant variables as a demonstration of the
605  forecast system. Future work will expand on this analysis to include forecast verification for
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606  coastal upwelling (Jacox et al. 2018, Amaya et al. 2024), marine heatwaves (Spillman et al.

607 2021, Jacox et al. 2022, Mogen et al. 2024), and compound extremes (Mogen et al. 2026,

608  Freeman et al. 2026). Ultimately, the goal of producing these forecasts is to enable forecasting
609  applications that extend beyond the physical and biogeochemical variables explicitly represented
610 in the model. To that end, many ecological models have been developed for a wide range of

611  Northeast Pacific marine species. Routine delivery of high-resolution regional ocean forecasts
612  will enable provision of ecological forecast products to facilitate agile planning by a variety of
613  users and stakeholders including coastal communities, federal and state fishery managers,

614  industry, and boundary organizations. At the same time, continued work to improve mechanistic
615  understanding, quantify predictability, and evaluate the sensitivity of forecast skill to model

616  configuration will ensure that feedback to model development facilitates iterative improvement
617  of forecast quality.

618

619 Data availability

620  Output from the forecasts described herein will be available at psl.noaa.gov/cefi_portal.

621  Observational datasets used for forecast verification are available as described in the methods
622  (Sect. 3.1).
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