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ABSTRACT: Accurate and reliable seasonal forecasts are important for water and energy supply management. Recogniz-
ing the important role of snow water equivalent (SWE) for water management, here we include the seasonal forecast of
SWE in addition to precipitation (P) and 2-m temperature (T2m) over hydrologically defined regions of the western
United States. A two-stage process is applied to seasonal predictions from two models (NCEP CFSv2 and ECMWF
SEAS5) through 1) postprocessing to remove biases in the mean, variance, and ensemble spread and 2) further reducing
the residual errors by linear regression using climate indices. The adjusted forecasts from the two models are combined to
form a superensemble using weights based on their prior skill. The adjusted forecasts are consistently improved over raw
model forecasts probabilistically for all variables and deterministically for SWE forecasts. Overall skill of the superensem-
ble usually improves upon the skill of forecasts from individual models; however, the percentage of seasons and regions
with increased skill was approximately the same as those with decreased skill relative to the top performing postprocessed
individual model. Seasonal SWE has the highest prediction skill, followed by T2m, with P showing lower prediction skill.
Persistence contributes strongly to the skill of SWE and moderately to the skill of T2m. Furthermore, a distinct seasonality
in the skill is seen in SWE, with a higher skill from late spring through early summer.

SIGNIFICANCE STATEMENT: Here we test the postprocessing of seasonal forecasts from two state-of-the-art sea-
sonal prediction models for traditionally forecasted elements of precipitation and temperature as well as snowpack,
which is important for water management. A two-stage procedure is utilized, including ocean and atmospheric telecon-
nection indices that have been shown to impact seasonal weather across the western United States. First, we adjust
model output based on the average error in historic runs and then relate the remaining error to these teleconnection in-
dices. A final step combines each adjusted model based on its historic performance. Forecasts are shown to improve
upon the original models when assessed probabilistically. The snowpack forecasts perform better than temperature and
precipitation forecasts with the best performance from late winter through early summer. Persistence is found to con-
tribute strongly to the skill of snowpack and moderately to the skill of temperature.

KEYWORDS: North America; Snowpack; Superensembles; Probability forecasts/models/distribution; Seasonal forecasting;
Postprocessing

1. Introduction

Knowledge of the climate for a given season is important to
a variety of end-users including disaster preparedness and
mitigation, agriculture, power supply generators, as well as
water supply managers. Seasonal forecasts can be determined
empirically using the state of long-term sources of memory in
the ocean to predict temperature and precipitation via com-
posite analysis (Ropelewski and Halpert 1986), analog meth-
ods (Livezey and Barnston 1988; Madadgar et al. 2016; Gao
and Mathur 2021), linear regression (Barnett 1981), as well as
more advanced methods that relate the dominant modes of
variability of predictor fields such as sea surface temperature

(SST) with the dominant modes of the predictand (e.g., pre-
cipitation) (Barnston and Smith 1996; Gershunov and Cayan
2003; Wang et al. 2021). Nonlinear empirical relationships
have also recently been explored for forecasting, including
using machine learning (Xu et al. 2020; Gibson et al. 2021;
Stevens et al. 2021).

Dynamic seasonal forecasting using coupled climate models
is able to simulate cyclical processes of the Earth system,
such as El Niño–Southern Oscillation (ENSO; Barnston et al.
2019; Johnson et al. 2019), the Madden Julian oscillation
(MJO; Kim et al. 2018), and the quasi-biennial oscillation
(QBO; Stockdale et al. 2022), as well as propagating these
persistent signals to the midlatitude atmosphere via Rossby
waves (Vitart 2017). Still, such features are systematically bi-
ased in models, resulting in errors in the mean and variability.
Therefore, skillful forecasts from these models must be ob-
tained via statistical postprocessing. One approach to this is to
simply adjust direct biases in the mean and variance of the
predictands through simple mean bias correction or transfor-
mations that translate the forecast’s distribution to the observed
distribution [i.e., quantile matching (QM); Wood et al. 2004;
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Thrasher et al. 2012]. More advanced methods that correct for
interrelated skill and errors in spread through joint calibration
between model and observed predictands have been developed
(Zhao et al. 2017). There have also been attempts to correct
model predictands based on relationships to antecedent pat-
terns in observations as well as in the model (Robertson et al.
2004).

With the availability of multiple ensembles of dynamic model
output from several centers, a superensemble (SENS) can be
assembled. Efforts to postprocess superensembles have focused
on calibration of each model separately (Vigaud et al. 2017)
as well as determining the appropriate weights to combine mod-
els with different historic performance (Raftery et al. 2005;
Gneiting et al. 2005). Furthermore, there have been additional
methods developed to synthesize empirical information in
combination with model output (Strazzo et al. 2019; Baker
et al. 2020).

The focus of most seasonal forecasting has been to forecast
temperature and/or precipitation. However, knowledge of the
future state of snowpack is a necessity for water management
in regions like the western United States where the amount
and timing of reservoir replenishment is highly dependent on
how much it snows and when it melts (Clow 2010). Pathak
et al. (2018) found important relationships between in situ
snow water equivalent (SWE) and SST over the various re-
gions of the Pacific through principal component analysis
(PCA). Thakur et al. (2020) looked at trends and abrupt shifts
in in situ SWE associated with phases of ENSO and found sig-
nificant negative trends and abrupt shifts in SWE for La Niña
and El Niño that were absent in neutral years. Diro and Lin
(2020) looked at three ensemble model forecasts of SWE and
2-m temperature (T2m) and found that the prediction of
SWE is more skillful than prediction of T2m for forecasts of
weeks 3–4. They also found that models had a weaker snow–
temperature relationship than was observed, suggesting that
some postprocessing techniques could improve forecasts of
both SWE and T2m.

Here we evaluate seasonal forecasts of T2m, precipitation (P),
and SWE derived from postprocessing two real-time state-of-
the-art operational climate models: the fifth-generation sea-
sonal forecasting system (SEAS5) at the European Centre
for Medium-Range Weather Forecasts (ECMWF) and the
Climate Forecast System version 2 (CFSv2) at the National
Centers for Environmental Prediction (NCEP). Our two-stage
approach first adjusts for biases in the mean, variance, and en-
semble spread, and second adjusts for errors dependent on per-
sistence and well-known modes of land–ocean–atmosphere
climate variability. Finally, the prior skill of each adjusted en-
semble forecast is used to create the superensemble forecast.
Using the adjusted forecasts, we address three questions:
How does each step in the postprocessing impact the skill of
predicting each variable? Which variable has the most skill
and why? How does seasonal prediction change with the
annual cycle and are there seasons with consistently higher
skill?

Section 2 provides the data used as well as our postprocess-
ing and validation methodology. Section 3 presents the results
of the postprocessed forecasts and their performance as a

function of season and lead time. Section 4 provides further
discussion of the results. Section 5 concludes with the implica-
tions of our results with respect to the above questions.

2. Data and methodology

a. The region of study

Forecasted and observed T2m, P, and SWE data are areally
averaged over the hydrologic unit code (HUC) 4-digit subba-
sins in the USGS watershed boundary dataset for the western
United States and is used to assess the spatial performance of
forecasts. Since we are focusing here on forecasts of hydrolog-
ical quantities of interest to stakeholders like water managers,
power supply operators, and agricultural managers, the aver-
ages onto hydrological subbasins are more relevant than on a
regular grid. The subbasins are chosen as they are relatively
large, have hydrologic significance, and vary enough in cli-
mate response to be able to analyze the spatial variation of
forecast performance.

b. Data

Forecasts are produced using model runs from the NCEP
CFSv2 (Saha et al. 2014) and the ECMWF SEAS5 (Johnson
et al. 2019) and calibrating them against observed monthly 4 km
data from the Parameter-Elevation Regressions on Independent
Slopes Model (PRISM) (Daly et al. 2008) for T2m and P and
the University of Arizona (UA) daily 4-km SWE (Broxton et al.
2016; Zeng et al. 2018).

Here we use the pentad runs initialized four times per day of
the CFSv2 from the reforecast (1982–2010) and the operational
runs (2011–21), resulting in 24 or 28 ensemble members per
month from separate initializations. The ECMWF SEAS5 system
consists of 25 members in the reforecast period (1982–2016) and
51 members for operation runs (2017–21).

We also use a pool of climate indices as additional predic-
tors to help improve the final forecast. These predictor indices
consist of SST and atmosphere-based teleconnections, as well
as the observed standardized anomalies for the target variable
of the prior season for a given subbasin (persistence). The
number of indices in the pool was reduced manually by look-
ing at a correlation matrix and removing indices that were
highly correlated to each other to create more independence
between indices and more consistent regression selection. A
total of nine indices were used in this research (listed in Table
S1 in the online supplemental material). Four [the 109-month
average global mean sea surface temperature (GMSST),
Niño-3.4 regional mean sea surface temperatures (Niño 3.4),
the Atlantic multidecadal oscillation (AMO), and the West-
ern Hemisphere warm pool (WHWP)] of the nine indices
showed some residual relationship to other indices. All the in-
dices were preprocessed using a Theil–Sen regression to re-
move the effect of the preceding four indices to create
independent indices.

c. Postprocessing methodology

Two stages of postprocessing of each model are tested. The
first stage removes biases in the mean, variance, and spread.
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The second stage attempts to correct for systematic errors in
each model related to teleconnection indices with known ef-
fects on the climate. Calibrations are performed separately
for each season and lead time out to 3 months.

Bias correction (Stage 1) is undertaken through quantile
matching (Wood et al. 2004; Thrasher et al. 2012). This step
removes the bias of the model in the mean and variance by
matching the forecast distribution to the observed distribution.
To adjust a forecast, we find the percentile of the forecast, and
then find what value that percentile equals in the observed distri-
bution. We have chosen the simplest distributions with the least
number of parameters to fit to each variable that reasonably rep-
resents its true distribution. A two-parameter Gaussian distribu-
tion is chosen for T2m data. While the temperature trend tends
to stretch out the distribution to a certain degree from a true
normal distribution, implementing the trend into the adjustment
adds an additional uncertainty parameter. Therefore, we do not
consider this in our Stage 1 adjustment. The variables P and
SWE have highly skewed distributions that are bounded at zero.
The mixed gamma distribution is a good approximation for such
variables, since it both evaluates the probability of having non-
zero P and SWE as well as the distribution of P and SWE condi-
tioned on occurrence. This is also a common distribution used
for the standardized precipitation index (SPI).

In practice, forecasts are not automatically converted from
percentile to actual P values but rather both the forecast
and the observations are transformed from their original
distributions to standard normal distributions as standard-
ized anomalies. These standardized anomalies are used in
the Stage 1 correction here, as they are directly comparable
across variables and different seasons where absolute values
of the variables can vary a lot. Furthermore, Stage 2 as well
as the ensemble combination used to create the superensem-
ble is simplified greatly by using standardized anomalies.
Adjusted forecasts can easily be converted to absolute pre-
cipitation and temperature values using the observed distri-
bution parameters.

The benefit of quantile matching is its simplicity and preser-
vation of ensemble spatial patterns. However, it can only cor-
rect local biases and cannot adjust for differences between the
forecast error and ensemble spread (defined as the standard
deviation of ensemble members for a given forecast). There-
fore, Stage 1 also incorporates a simple spread correction for
each season and lead time such that

Fnew,i 5 F 1 R(Fi 2 F ),

where R is the ratio of the ensemble mean forecast error over
the forecast spread calculated during the training period,
where F is the mean forecast and Fi is the forecast of ensem-
ble i. By doing this, the ensemble is either expanded or com-
pressed about its mean.

In Stage 2, we adjust the residual error (i.e., ensemble mean
minus observation) from Stage 1 based on the relationship to
teleconnection indices from the season prior to forecast ini-
tialization. Out of a pool of possible indices (Table S1) we
only use two for a given calibration. An initial step is to

transform the variable to a standardized anomaly since linear
regression is best performed on normal variables.

First, we find the best fit linear regression of this residual er-
ror with a predictor index. To avoid overfitting, the correla-
tion squared (R2) must be greater than a critical value (taken
as 0.125). Then a 95% confidence interval of the slope is cal-
culated and the slope with the lowest absolute value is chosen
as the fit line to adjust the residual error. If the confidence in-
terval includes a slope of zero or the R2 is less than or equal
to 0.125, the predictor is not selected.

Once we have the regression line, we can subtract this from
each ensemble member in the forecast and adjust the new re-
sidual error by repeating the above regression to select the
second-best index for a given lead time and month. If at any
iteration no predictor meets the R2 and slope interval thresh-
olds, then the procedure is stopped. Effectively, this means
there can be 0, 1, or 2 indices selected as predictors for Stage 2,
and when it is 0, no correction is made in Stage 2 (i.e., the Stage
2 forecast is the same as the Stage 1). In this way, only relatively
strong relationships are selected, and the forecast is only ad-
justed for the amount that we have some confidence in.

Figure S1 in the online supplemental material shows the pro-
gression of ensemble SWE forecasts from SEAS5 at 0-month
lead time [e.g., early January prediction for January–March
(JFM)] from the original forecast to Stage 1 and then to Stage 2.
Stage 1 forecasts adjust the scale and shape of the forecast distri-
bution to match the climatological distribution more closely,
whereas the Stage 2 forecast tries to adjust situation dependent
errors. The final forecast more closely follows the observed
SWE. In the first stage, the root-mean-square error (RMSE) de-
creases by 14% and the correlation increases by 16%. After
Stage 2 we see an additional but small 6% reduction in RMSE
and a 3% increase in correlation.

Once each model ensemble forecast is adjusted through the
above two-stage process, we combine each ensemble into a
SENS with each ensemble member’s weight based on the
cross-validated R2 of the associated forecast during the training
period. We found a weak but positive relationship between the
prior estimated correlation difference between the two models
(CFSv2 and SEAS5) and the actual correlation difference in our
validation for all three variables. These weightings are used to
create a distribution (using a weighted kernel density estimation)
from which ensemble members can be chosen. This leverages
the skill of each model and still maintains the well-calibrated
structure of the bias-corrected model forecast. The weights are
applied to individual ensemble members, so that the multimodal
nature of the original ensemble forecasts that occasionally hap-
pens when ensembles are keying on two or more potential out-
comes can be preserved.

d. Validation metrics

The forecasts are validated using three metrics both deter-
ministically and probabilistically. The deterministic forecast
represented by the ensemble mean (ENSM) is evaluated us-
ing Pearson product-moment standardized anomaly correla-
tions (SAC) as well as the mean square error (MSE) based
skill score (SS); i.e., (1 2 MSEENSM/MSEref) with MSEref
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being the MSEs of the reference forecast (using the climato-
logical mean over the training period). A score of 1 for SS is a
perfect forecast, a score of zero has the same skill as the refer-
ence forecast, and a negative score represents forecasts that
are worse than the reference.

To assess the skill of the full ensemble forecast, we use the
ranked probability skill (RPS) score (RPSS). RPSS is derived
from the forecast ensemble RPS (RPSFcst) and the reference
ensemble forecast (RPSref) such that

RPSS 5 1 2
RPSFcst
RPSref

,

RPS 5

�x5‘

x52‘
(CDFFcst(or_ref) 2 CDFObs)2dx,

where CDF is the cumulative distribution function for the
standardized anomalies (denoted by x) from negative infinity.
The reference forecast for a given season is an ensemble con-
taining all observations for that season from the training pe-
riod in which each member consists of the observations from
one of the training years. RPSS can be considered a probabil-
istic analog to the MSE-based skill score where similarly a
score of 1 is a perfect score, a score of 0 has the same skill as
the reference forecast and a negative score represents forecasts
that are worse than the reference forecast. It is also considered
an estimate of the uncertainty, reliability, and resolution of a
probabilistic forecast (Murphy 1973).

e. Validation strategies

All forecasts are validated using a prior training with up-
date approach. Validation is done on an 11-yr period from

2011 to 2021 (L11), while the training period includes all years
from 1982 up to the year prior to the forecast, with each new
year of forecasting updating the training period to include the
previous year’s data to simulate an operational forecast
mode. This is considered a more accurate assessment of error
than typical leave-n-year-out cross-validation approaches
(Risbey et al. 2021). Cross validation can be especially mis-
leading for regression-based forecasts including the assess-
ment of trends and predictor selector biases such as could be
the case with our two-stage approach (Barnston and van den
Dool 1993; DelSole and Shukla 2009).

Other seasonal forecasting research has expressed the ideal
of using a prior training with update validation approach but
cited the limited number of years as making it infeasible for
estimating performance metrics (Shao et al. 2022). Therefore,
to assess the robustness of our results we have also imple-
mented two additional validation strategies, and these results
will be discussed in section 4. The first strategy validates fore-
casts from 1982 to 1992 (F11) where each validation year uses
all future years as the training period. The second additional
strategy is a leave-3-years-out cross validation (L3O) for fore-
casts from 1982 to 2021 where each validation year uses all re-
maining years for training except the year prior, year of, and
year after the validation year. The 40 years in this validation
strategy provides more stability in the performance metrics
but it can overestimate forecast performance (Risbey et al.
2021).

For T2m and P, all months are used for all subbasins in our
analysis. However, since snow is ephemeral, the lack of snow
or limited sample of years with sufficient snow in certain
subbasins will cause overall averaged skill scores to be

TABLE 1. RPSS and SAC for seasonal forecasts at 1-month lead; median over all seasons then median across all subbasins. SENS
combines CFSv2 and SEAS5. For stage 1 and 2, values that are bolded show significant improvement at the 95% level. For SENS,
metrics that are significant above at least one model are italicized, and those significant above both models are also bolded. The
results are split into three different validation strategies: last 11 years using prior data for calibration (L11), first 11 years using future
data for calibration (F11), and leave 3-out validation (L3O) for all years (1982–2021).

L11 F11 L3O

Metric Variable Stage SENS CFSv2 SEAS5 SENS CFSv2 SEAS5 SENS CFSv2 SEAS5

RPSS T2m Raw 20.10 20.81 20.13 20.96 20.17 21.01
1 0.16 0.10 0.15 0.14 0.12 0.11 0.12 0.08 0.11
2 0.16 0.10 0.15 0.13 0.11 0.11 0.13 0.07 0.11

P Raw 20.60 20.07 20.47 20.07 20.56 20.08
1 0.00 20.04 0.00 0.03 0.01 0.02 0.03 20.01 0.01
2 20.01 20.05 20.01 0.03 0.01 0.01 0.01 20.02 0.00

SWE Raw 23.07 20.10 23.71 20.09 23.60 20.07
1 0.11 0.05 0.05 0.16 0.09 0.17 0.12 0.02 0.10
2 0.16 0.08 0.11 0.20 0.12 0.16 0.20 0.09 0.16

SAC T2m Raw 0.27 0.30 0.36 0.35 0.45 0.51
1 0.36 0.26 0.31 0.35 0.34 0.31 0.51 0.45 0.49
2 0.34 0.26 0.29 0.33 0.34 0.30 0.51 0.44 0.49

P Raw 0.23 0.17 0.31 0.23 0.21 0.25
1 0.18 0.23 0.17 0.29 0.31 0.22 0.26 0.20 0.24
2 0.17 0.17 0.16 0.23 0.26 0.20 0.22 0.22 0.22

SWE Raw 0.15 0.34 0.42 0.60 0.30 0.55
1 0.45 0.18 0.45 0.57 0.38 0.58 0.56 0.31 0.52
2 0.52 0.31 0.47 0.60 0.50 0.57 0.61 0.45 0.59
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unrepresentative of the skill of SWE forecasts over most
months. Therefore, we perform a masking of SWE forecasts
in two steps adapted from a similar gridded methodology in
Zeng et al. (2018). First, we define a snowy season as the full
season in which 3-month periods of the climatology have
greater than 1.0 mm SWE averaged across a subbasin. Then
we only analyze subbasins with at least three consecutive
overlapping 3-month periods in the snowy season.

f. Significance testing

Here we are testing which steps in the postprocessing im-
prove the performance of the forecast. Thus, the null hypoth-
esis is a one-sided test (significance level a 5 0.05) that there
is no improvement in the forecast going from the raw forecast
to Stage 1, from Stage 1 to Stage 2, and from the individual
postprocessed forecasts to the merged SENS. We also test
whether the SENS forecast outperforms persistence and
trend in the further discussion in section 4. Significance

results for the superensemble merging are presented relative
to significance over one or both models; however, only those
results where SENS significantly outperforms both models
are considered a significant improvement for the merging
step.

Significance is assessed by bootstrapping (resampling with
replacement) the validation years for all forecasts and obser-
vations 500 times. Forecasts are paired and the corresponding
verification metrics of one stage are subtracted from the next
stage in the forecast for each resample. If the percentile value
of zero difference in performance metric is less than 0.05 for a
given stage, then that stage in postprocessing rejects the null
hypothesis and can be considered significant since over 95%
of resamples show improvement. Bootstrapping has been cho-
sen as it can be applied consistently across all metrics used in
the study and does not assume a distribution. This method is
analogous to the resampling methodology used in Hamill
(1999) where here only the years are reshuffled. The signifi-
cance testing is performed for all three validation strategies as

FIG. 1. (left) The differences between original and Stage 1 forecasts and (center) the differences between Stage 1 and 2 forecasts of
the average of CFSv2 and SEAS5 median SAC across all seasons for all HUC 4-digit subbasins in study for (top) T2m, (middle) P, and
(bottom) SWE at 1-month lead over all seasons. (right) The cumulative distribution of SAC differences for all seasons, subbasins and
models for Stage 1 (blue) and Stage 2 (red). Subbasins outlined in bold black are 95% significant according to a bootstrap analysis.
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the small 11-yr sample of the L11 validation will have a lot of
overlap in the evaluated samples.

3. Results

a. The impact of the two-stage bias correction and
ensemble merging method

The forecast skill as measured by median SAC and RPSS
over all seasons and subbasins at 1-month lead time for the
original forecast (raw) and Stages 1 and 2 in each model fore-
cast (CFSv2, SEAS5) and the combined SENS forecast is
summarized in Table 1, focusing here only on the L11 results.
RPSS steadily increases from raw to Stage 2 for SWE fore-
casts. T2m and P forecasts improve from raw to Stage 1, with
a slight improvement (for T2m) or degradation (for P) from
Stage 1 to Stage 2. The Stage 1 and Stage 2 SWE forecasts in
SENS are improved over those from either of the individual
models, while the SENS results for T2m and P are compara-
ble to the better performing model (SEAS5). Results are sim-
ilar for median MSE SS in Table S2.

Table 1 also shows that SAC steadily increases from 0.15
and 0.34 in the raw CFSv2 and SEAS5 SWE forecasts, respec-
tively, to 0.31 and 0.47 in Stage 2. However, Stage 1 may in-
crease or decrease the SAC for T2m and P, with a slight
degradation from Stage 1 to Stage 2. While SENS after the
Stage 1 correction shows the best skill for T2m, CFSv2 after
Stage 1 correction has the best skill for P.

With regard to significance, all variables show significant
improvement in RPSS for Stage 1 adjustments, and some of
the improvements in RPSS seen for SWE for Stage 2 are also
significant. For RPSS, the superensemble merging is generally
only significantly better than CFSv2 but not SEAS5 for the
L11 validation. SAC metrics only show significant improve-
ment for SWE during Stage 1 or 2, with most significance due
to the Stage 2 adjustment. The superensemble merging shows
significant improvements in SAC over CFSv2 for SWE, but
not SEAS5.

To understand why the teleconnection adjustment (Stage 2)
fails to improve forecasts of most notably P and to a certain ex-
tent T2m, Fig. S2 shows the percentage of time when a Stage 2
adjustment was actually made. More often than not, zero

FIG. 2. As in Fig. 1, but for RPSS.
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predictors are selected for T2m and P: 80% of the time for all
P forecasts and 80% of the time for each of the two forecast
models and 55% for SENS for T2m (Fig. S2). GMSST_9yr
and NINO34 do get used a little more often for SENS T2m,
while persistence is most often used (other than no indices
getting picked up) for SWE. This suggests that forecast errors
are most often not related to global teleconnections in the
models.

The spatial variability of the change in SAC going from the
raw forecasts through the two stages, where median 1-month
lead SAC across all seasons from CFSv2 and SEAS5 is aver-
aged together, is shown in Fig. 1. For T2m and P forecasts, lit-
tle change is made with the Stage 1 correction with mostly
positive changes in SAC in the northern part of the domain
and mostly negative changes in the south. Small increases or
decreases in SAC occur in the Stage 2 correction of the T2m
forecasts, whereas most subbasins experience a decrease in
SAC in Stage 2 for the P forecasts. SWE forecasts are more
influenced by the Stage 1 correction, especially with strong
increases along the West Coast and Great Basin. A stronger
effect of the Stage 2 correction of SWE is garnered in
California and the Great Basin. The cumulative distribution
of SAC differences after Stages 1 and 2 are also plotted. They
show that for Stage 1, the percentage of validation points
showing improved forecasts is similar to the percentage of

points decreasing. Stage 2 shows fewer points improving
versus a degradation of skill for both T2m (19%–27%) and
P (15%–36%). On the other hand, SWE shows 44% of points
improving and 25% degrading.

The Stage 1 correction has a much stronger impact (with
most subbasins showing significant improvement) on RPSS
for all variables across the whole region (Fig. 2). While RPSS
increases overall for SWE prediction from Stage 1 to Stage 2,
there is a mixture of positive and negative changes to RPSS in
the Stage 2 correction of T2m and P forecasts. The Stage 1
improvements are further highlighted in the cumulative distri-
bution where 80%–90% of points show improvement in RPSS
after Stage 1. For Stage 2, only SWE has more points showing
improved forecasts (41%–25%). Less increases than decreases
in RPSS after Stage 2 are shown for T2m (14%–27%) and
P (12%–36%) forecasts.

b. Which variable has the most skill?

The higher SACs in SENS SWE in Table 1 suggests that
SWE might be more predictable than T2m and P across the
western United States. Here, we explore the spatial variations
of median skill across all seasons at a lead of 1 month for the
three forecasted variables. Figure 3 shows how the temporal
SAC varies spatially for each variable in SENS and the two
model ensembles after the two-stage adjustment. The number

FIG. 3. Median SAC across all seasons for all HUC 4-digit subbasins for (top) T2m, (middle) P, and (bottom) SWE at 1-month lead for
Stage 2 forecasts of (first column) SENS, (second column) CFSv2, and (third column) SEAS5. (fourth column) The cumulative distribu-
tion of SAC differences for all seasons, subbasins and models between SENS and CFSv2 (blue) and SEAS5 (red). Subbasins in SENS out-
lined in thick gray show significant improvement (at 95% level) over one of the two models and those in bold black show significant im-
provement over both models.
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of subbasins with a SAC of at least 0.2 is higher in SENS fore-
casts of T2m than in either CFSv2 or SEAS5. Over the south-
ern portion of the domain, P has higher SACs, whereas T2m
and SWE have more skill over the Northwest, West Coast,
and Rocky Mountains. For T2m there are some differences in
the spatial variation in skill between the two models, while P
and SWE SACs show similar spatial patterns across both
models with higher SACs overall in SEAS5. Both models’
skill patterns are combined in SENS. Thus, SENS is typically
close to or surpasses the peak skill of the individual model
forecasts. However, no individual subbasin has significant skill
improvement over both models. In general, SWE forecasts
have the highest SACs (0.05–0.78), whereas P SACs are the
lowest (from 20.17 to 0.58) with T2m SACs in between
(0.06–0.59). The cumulative distributions show that SENS
more frequently increases SAC over CFSv2 for each variable.
However, compared to SEAS5, SENS has lower SAC for P
50% of the time versus higher SAC only 37% of the time. For
T2m and SWE, the number of points showing increased
versus decreased SAC is similar. Thus, the ensemble merging
has a SAC that is typically near that of the better performing
of the two individual models.

Figure 4 shows the spatial variability of RPSS at 1-month
lead. There is broad probabilistic skill for T2m and SWE
across most subbasins with only a slight drop off for SWE in
areas with limited snowfall in the southern part of the domain.
The spatial distribution in RPSS for T2m is much more uni-
form compared to the SACs in Fig. 3, especially in SEAS5.
Precipitation P has skill over the Rio Grande basin and the

Great Basin but only marginal or no skill elsewhere. As in
Table 1, RPSS benefits more from the ensemble merging
for all three variables (Fig. 4) than SAC which only sees
broad increases for T2m (Fig. 3). As with SAC, the highest
RPSS is produced for SWE forecasts (from 20.02 to 0.39),
followed by T2m (0.02–0.30) and P (from 20.09 to 0.16).
This indicates that, of the quantities looked at here, SWE is
the most predictable, followed by T2m, with P being the
least predictable. The cumulative distribution in Fig. 4 shows
how RPSS of SENS changed relative to each model for all
forecast locations and seasons. With the exception of SEAS5
P forecasts (42% decrease, 38% increase), SENS improves
RPSS more often than it decreases after merging the two en-
semble forecasts. Note that RPSS (in Fig. 4) improves more
frequently than SAC (in Fig. 3). One possible reason is that
SENS combines the distribution of each model forecast,
leading to enhanced RPSS, while the computation of SAC
is based on the ensemble mean (with minimal impacts of
the distributions).

c. How does forecast skill change during the
annual cycle?

The results above discussed median skill at 1-month lead
time over all seasons. Here, we explore the dependence of
skill on season and lead month. Figure 5 shows the anomaly
SACs averaged over all subbasins in SENS after the two-stage
adjustment as a function of season and lead time. Seasonal
forecasts with 0-month lead time have consistently higher

FIG. 4. As in Fig. 3, but for RPSS.
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SAC than longer lead times. SAC drops off quickest for P
and slowest for SWE, suggesting that SWE has longer mem-
ory than P. Both SWE and T2m have a distinct seasonality
in SAC with the highest values occurring from late winter
through early summer.

Figure 6 shows the seasonality and lead-time dependence
of probabilistic skill represented by RPSS of SENS. There is
broad skill for T2m with some drop off in late fall and early
winter. A similar springtime peak in skill is seen for T2m and
SWE during the spring snowmelt period (Fig. 6) as is seen for
SAC (Fig. 5). T2m seems to hang on to some greater skill
in late summer through fall compared to SAC which sees
a sharper drop off. Precipitation P has the most skill at a
0-month lead, with only marginal skill at longer leads except
in early spring.

The spatial variations in the timing of peak SAC at 1-month
lead time are shown in Fig. 7. For T2m, the peak SAC is fairly
uniform with a peak usually in late spring and early summer
(AMJ and MJJ). The SWE SAC peak tends to be later over
the Pacific Northwest and earlier further south, roughly corre-
sponding to the timing of peak SWE and subsequent snow-
melt. These results are consistent with those in Fig. 5.
Precipitation P exhibits more spatial variability in the timing
of peak SAC. Parts of the interior western United States and
the Rocky Mountains have a late spring peak. An interesting
divide occurs in the Pacific Northwest due to the Cascade
Range, with peak skill in early winter on the windward side of
the range and an autumn peak in subbasins leeward of the
Cascades. This pattern is more pronounced in SEAS5 than

CFSv2 (not shown) and the overall weaker seasonality and
skill for precipitation may make this pattern highly dependent
on the small sample of years in the validation.

4. Further discussion

a. What role does persistence and trend play in
forecast skill?

The above results show that there is quite a bit of variability
in skill both spatially and temporally. To understand the rea-
son for this, we compare the SENS forecasts to persistence
forecasts in which the observed standardized anomaly of the
season prior to forecast initialization to the forecasted season
at each lead time is applied. SENS is also compared to the
trend forecast which calculates a trend line for each season us-
ing the Theil–Sen trend estimation from the training period
and applies it to the forecast year. Table 2 shows a summary
of the results of SENS compared to persistence and trend for
both the MSE-based skill score (SS) and SAC. For SS, SENS
is significantly more skilled than both persistence and trend
for all three validation strategies. SENS also has higher SAC
to observation than both persistence and trend, but only
shows significant improvements in the longer L3O validation.
Figure 8 shows the spatial pattern of the difference in median
SAC between SENS and both the persistence and trend fore-
casts across all seasons at 1-month lead time. These can be
compared to that of the SENS forecasts in Fig. 3. Many of the
subbasins with the highest SAC in SENS also have high SAC
in the persistence forecast as indicated by the similarity in

FIG. 5. Median SAC for SENS across all HUC 4-digit subbasins for each season and lead time for (left) T2m,
(center) P, and (right) SWE. For instance, the value corresponding to “0-mon” and “OND” refers to the median
SAC for early October forecasts of OND, while the value corresponding to “1-mon” and “NDJ” refers to the median
SAC for early October forecasts of NDJ.
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probability density functions in the panels in the right column
of Fig. 8 and the small number of subbasins in which SENS is
statistically significant over persistence. This is most apparent
for SWE, but there are also regions where this is the case for
T2m and P as well. For T2m, there is high persistence skill
over the coastal regions consistent with the high skill in
SENS. Skill in the interior is less dependent on persistence.
The high P SACs in the Rio Grande region also correspond
to high SACs in the persistence forecasts. However, the
higher skill of P over California, the Desert Southwest, and
the Great Basin are not tied to persistence. Trend forecasts

are shown to have poor skill in predicting any variable (Table 2)
with SENS being statistically significantly different from Trend
in all subbasins (Fig. 8). However, the 11-yr validation period
may not be sufficiently long to evaluate the skill of the trend
using anomaly SAC. This is discussed further in the next
subsection.

The seasonal and lead-time dependence of higher and
lower skill in the persistence and trend forecasts are also ex-
plored (Fig. S3). Persistence is very similar to the SENS fore-
casts in Fig. 5 with high skill during the spring snowmelt
period and low skill prior to snowpack initiation for SWE,

FIG. 6. Median RPSS for SENS across all HUC 4-digit subbasins for each season and lead time for (left) T2m,
(center) P, and (right) SWE.

FIG. 7. The 3-month season of maximum SAC for all HUC 4-digit subbasins for (left) T2m, (center) P, and (right) SWE at 1-month lead
for Stage 2 forecasts of SENS.
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suggesting that much of the skill as well as its seasonal varia-
tion is largely due to persistence in the target variables. Trend
shows little to no skill when looking at SAC. Only slightly
above zero skill for trend is seen in late spring and early sum-
mer T2m forecasts. However, trend has higher skill when
looking at the MSE-based skill score shown in Fig. S4.

Table 3 presents the pattern correlation between the skill in
SENS and that of persistence and trend. This explores how
much persistence and trend contribute to patterns of variability
in the skill of SENS. Persistence explains more of the variability
in SENS’s SAC than trend for each variable. Persistence ex-
plains 58% of SENS’s SWE variability, 21% of its T2m variabil-
ity, and around 6% of its P variability. Trend explains 6%, 3%,
and 0% of SENS’s variability for T2m, SWE, and P, respec-
tively. Around 5% of persistence’s SAC is also explained by
trend for T2m and SWE. Results show that a higher percentage
of spatiotemporal variation of SS is explained by trend than was
the case for SAC, especially for T2m where 29% of variance in
SS is explained by trend versus 6% for persistence. Precipitation
shows largely equal contributions and SWE has similar results
for SS than SAC where most skill is explained by persistence.
These results suggest that persistence’s influence on SENS skill
is the dominant contributor for SWE. Trend does have a strong
influence on SS for T2m but not as much for SAC which appears
to be driven more by persistence.

b. How robust are the results?

The alternative validations (F11 and L3O) described in
section 2e are analyzed here to discuss the robustness of the
F11 validation results presented in section 3. From Table 1,
all three validation strategies show that the SENS forecasts
generally show an increase in RPSS for SWE and T2m above
the raw model forecasts. Similar results are also seen for each
step in the postprocessing regardless of strategy, where Stage 1
removes biases but does not improve SAC much. The improved
SAC for Stage 2 SWE forecasts is consistent across the valida-
tion strategies. All three validation strategies also have small
overall decreases in SAC for P from Stage 1 to Stage 2. T2m
consistently shows minimal difference between Stages 1 and 2.
Overall RPSS increases for SWE after Stage 2 for each valida-
tion strategy. RPSS only changes by very small amounts for
T2m and P from Stage 1 to Stage 2. Table 1 also shows that the

merging results in small increases in RPSS and SAC for all three
validation strategies. Whereas SENS T2m and SWE are only
significantly better than one model in the L11 validation, the
L3O validation SENS is significantly improved in RPSS over
both models for two quantities.

The alternative validation strategies were also looked at to
see if we saw the same seasonal progression of skill for each
variable that was shown in Figs. 5–7. The seasonal cycle of
SWE skill for both SAC and RPSS is consistent for all three
validation strategies. However, we find that the seasonal cycle
of skill for P and T2m seen in the L11 analysis are not consis-
tent across the different validation strategies (e.g., Fig. S5 for
SAC).

Furthermore, we explored the skill of persistence and trend
across the three different validation strategies. Persistence
contributes a high fraction of skill to SENS for all validation
strategies, being a bit weaker contribution for F11 and L3O
for T2m predictions (not shown). Trend shows mostly nega-
tive SAC skill for either variable for both L11 and F11. How-
ever, positive skill is present across most seasons in L3O (see
Fig. S6). Two reasons may contribute to this. First, the short
11-yr validation periods in L11 and F11 may not represent the
long-term trend well. Second, small errors in the trend estima-
tion can introduce larger errors when extrapolating the trend
as a forecast, whereas the trend is interpolated across each
validation year in the L3O forecasts.

5. Conclusions

In this study we tested postprocessing of two state-of-the-
art coupled seasonal prediction models (NCEP CFSv2 and
ECMWF SEAS5), empirical ocean–atmosphere climate infor-
mation and quality observations to create ensemble forecasts
of 3-month seasonal T2m, P, and SWE out to a lead time of
3 months (e.g., early January prediction for AMJ). Each model
was postprocessed in a two-stage approach where biases in
the mean, variance and spread are removed first, and then
systematic errors related to well-established empirical climate
relationships are calculated to remove additional errors. The
adjusted models are then combined using prior cross-validated
skill as weighting to create the final superensemble (SENS) fore-
casts. Training for these forecasts used hindcasts beginning in

TABLE 2. MSE-based skill score (SS) and SAC for seasonal forecasts [SENS, persistence (Pers.), and trend] at 1-month lead;
median over all seasons then median across all subbasins. SENS combines CFSv2 and SEAS5. For SENS, metrics that are significant
above either Pers. or trend are italicized, and those significant above both are also bolded. The results are split into three different
validation strategies: last 11 years using prior data for calibration (L11), first 11 years using future data for calibration (F11) and
leave-3-out validation (L3O) for all years (1982–2021).

L11 F11 L3O

Metric Variable SENS Pers. Trend SENS Pers. Trend SENS Pers. Trend

SS T2m 0.30 20.33 0.14 0.25 20.73 0.11 0.24 20.63 0.08
P 0.00 21.05 20.09 0.02 20.81 20.09 0.03 20.91 20.05
SWE 0.32 20.14 0.02 0.35 0.11 20.05 0.36 20.20 20.03

SAC T2m 0.34 0.21 20.22 0.33 0.04 20.28 0.51 0.15 0.33
P 0.17 0.09 20.33 0.23 0.12 20.27 0.22 0.08 20.03
SWE 0.52 0.41 20.25 0.60 0.56 20.21 0.61 0.43 0.10
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1982 and were validated in a simulated operational forecast
mode from 2011 to 2021.

In assessing the skill of the forecasts of the individual models
and SENS, we find the following:

1) After applying the two-stage adjustment and combining
the adjusted forecasts, the final forecasts (SENS) showed
a consistent increase in probabilistic skill for all variables.
However, deterministic skill through SAC only shows
consistent improvements for SWE.

2) Forecast skill also changes with each step of the postpro-
cessing depending on the variable being predicted. The ef-
fect of the bias removal (Stage 1) is more pronounced
probabilistically (on RPSS) with significant improvement
for all variables. Varying regional changes in skill occur in
the Stage 2 correction incorporating the teleconnection
indices with the strongest increases occurring for SWE in
California and the Great Basin.

3) When strong consistent relationships exist between pre-
dictor indices and the target variable as in the case for
SWE, we find that Stage 2 has great utility. For SWE,
poor initialization in the models (Broxton et al. 2017) has

FIG. 8. Median SAC of Stage 2, 1-month lead forecasts of SENS across all seasons for all HUC 4-digit subbasins for (top) T2m, (middle)
P, and (bottom) SWE minus the SACs of (left) persistence and (center) trend. (right) The probability density function of SAC for each
forecast [SENS (gray), persistence (blue), trend (red)] across all seasons and subbasins. Subbasins outlined in bold black show significant
skill (at 95% level) of SENS over either persistence or trend.

TABLE 3. Pattern correlation between seasonal forecasts
[SENS, persistence (Pers.), and trend] across all basins and
seasons for skill score (SS) and SAC at 1-month lead for the last
11 years using prior data for calibration (L11).

Metric Variable SENS–Pers. SENS–trend Pers.–trend

SS T2m 0.25 0.54 0.12
P 0.37 0.32 0.17
SWE 0.71 0.04 0.06

SAC T2m 0.46 0.24 0.22
P 0.24 20.02 0.04
SWE 0.76 0.18 0.21

WEATHER AND FORECAS T ING VOLUME 381424

Brought to you by UNIVERSITY OF ARIZONA | Unauthenticated | Downloaded 04/03/24 08:12 PM UTC



been effectively adjusted through using anomaly persis-
tence as a predictor index. When these strong relation-
ships do not exist such as for T2m and P, then Stage 2
does not benefit the forecast. For these quantities, Stage 1
only is needed prior to merging the models.

4) Overall, prediction of seasonal SWE in SENS was found
to be most skillful relative to climatology, followed by
T2m, with P being the least predictable. Spatial variations
in predictability show that SWE is most skillful in snow
dominant regions, T2m is broadly skillful, and P is most
skillful across the southern tier, especially the Rio Grande
region.

5) A strong seasonal cycle in prediction skill was found for
SWE. In general, peak skill is seen from late winter
through early summer with weak skill in the fall. Persis-
tence was shown to be a big contributor to skill and this
seasonal skill variation. However, other signals of the sea-
sonal cycle of skill for T2m and P were not found to be
robust across three separate validation strategies.

The current study is limited by the 40-yr length of the hind-
cast and 11-yr length of the primary validation used (L11).
Such a limit on the length of hindcasts and of the validation
period would prohibit small changes in the forecasts from
having any statistical significance (Barnston and Tippett 2017).
To test the robustness of our validation strategy on future
forecasts (L11), we also perform validation on previous fore-
casts instead (F11) and by leaving three years out (L3O). Similar
skill is produced using these two additional validation strategies.
Also, trend has little effect on SAC in any of the validation
strategies, emphasizing the importance of persistence in the
SACs, especially for SWE. However, trend is still related to
overall MSE-based skill score.

Furthermore, longer-term relationships between ocean–
atmosphere processes and model errors may be missed by the
number of years looked at here. The teleconnection relation-
ships to model errors here were assumed to be linear. How-
ever, it is possible that some of these teleconnection indices
may yield stronger nonlinear relationships and interactions.
Future work should explore the possibility of using these non-
linear relationships and further investigate the length of hind-
cast, and ensemble size needed for optimal adjustments.

Here we only considered ocean and atmospheric predictors
from the most recent season for our Stage 2 adjustments, but
recent work has also shown that considering the evolution of
antecedent conditions can better predict seasonal climate
than only using the most recent season (Nigam and Sengupta
2021; Switanek et al. 2020; Rieger et al. 2021). Such work
would involve adjustments being made on multiple lags for
predictors. Finally, we only considered overall a priori perfor-
mance for combining multiple models, but some models may
perform better than others given specific climate conditions.
Therefore, adjusting the weights based upon specific forecasts
of opportunity (Mariotti et al. 2020) may improve forecasts.
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