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ABSTRACT
Monthly tropical sea surface temperature (SST) data are used as predictors to make statistical forecasts of
cold season (November–March) precipitation and temperature for the contiguous United States. Through the
use of the combined-lead sea surface temperature (CLSST) model, predictive information is discovered not
just in recent SSTs but also from SSTs up to 18 months prior. We find that CLSST cold season forecast
anomaly correlation skill is higher than that of the North American Multimodel Ensemble (NMME) and the
SEAS5 model from the European Centre for Medium-Range Weather Forecasts (ECMWF) when averaged
over the United States for both precipitation and 2-m air temperature. The precipitation forecast skill obtained by CLSST in parts of the Intermountain West is of particular interest because of its implications for
water resources. In those regions, CLSST dramatically improves the skill over that of the dynamical model
ensembles, which can be attributed to a robust statistical response of precipitation in this region to SST
anomalies from the previous year in the tropical Pacific.

1. Introduction
Driven by recent severe droughts across much of the
western United States (Dettinger et al. 2015; Prein et al.
2016; Mazdiyasni and AghaKouchak 2015; Cheng et al.
2016), there is unprecedented interest in improving seasonal climate predictions. Dramatic declines in snowpack
have been observed over the last century throughout the
Intermountain West (Philip et al. 2018; Xiao et al. 2018),
while over the last decade water storage in Lake Mead
along the Colorado River was at its lowest point since the
reservoir was filled (Udall and Overpeck 2018; Sullivan
et al. 2019). America’s agricultural juggernaut, the state
of California, has seen particularly devastating drought
conditions (Diffenbaugh et al. 2015; Mao et al. 2015).
In California, irrigation accounts for 74% of the total
freshwater withdrawals (Dieter et al. 2018) and is used to
produce over one-third of the country’s vegetables and
approximately two-thirds of the country’s fruits and nuts.
The abundance or scarcity of water resources across the
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United States have large-scale implications on economies,
agriculture, biodiversity, hydroelectricity, and peoples’ own
well-being. With such high stakes, it is incumbent upon
climate scientists to produce forecasts that are as skillful as
possible in order to assist planning that may mitigate the
effects of extremes on water resource distribution.
El Niño–Southern Oscillation (ENSO) and its teleconnections have been observed to be the dominant
modulator of seasonal-to-interannual precipitation and
temperature variability for much of the world (Ropelewski
and Halpert 1987) and North America in particular
(Redmond and Koch 1991; Cayan et al. 1999; Guo et al.
2017; Kumar and Chen 2017). This has led many in the
modeling community to focus on improving dynamical
weather models’ representation of ENSO and its influence on global climate (Vitart 2014; Zhu et al. 2015).
However, recent progress has been slow in improving
seasonal climate forecasts. There are substantial
challenges associated with numerical prediction of
tropical sea surface temperatures (SSTs) and their
teleconnections. Numerical predictions of the ocean
state in coupled systems can exhibit rapid drift from
initial conditions (Capotondi et al. 2006; NAS 2016), and
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these biases can propagate to rest of the globe. The way
forward likely requires progress on multiple fronts, including improved observations of the ocean state, development of coupled Earth system data assimilation,
and improvements to all components (atmosphere, land,
sea ice and ocean) of the climate models used to make
seasonal forecasts.
Given the challenges with direct numerical predictions of ENSO and its modulation of climate variability,
we consider the potential utility of linear statistical
models, both as a stand-in for or complement to the
numerical predictions and as a benchmark against which
to evaluate them. Numerical modeling systems should
be able to take advantage of sources of skill that are
implicit in simple linear statistical models, while additionally being able to represent complex and nonlinear interactions. Nonetheless, some have suggested
that numerical models are nearing a predictability
limit for tropical SSTs (Newman and Sardeshmukh
2017), in which case linear statistical forecast models
may remain competitive with numerical models for
quite some time.
Previous studies have given some context as to the
state of statistical versus dynamical model performance
(Barnston 1994; Cayan 1996; Cayan et al. 1999; McCabe
and Dettinger 2002; Cook et al. 2018; Guo et al. 2017;
Lee et al. 2017; Guan et al. 2012; Kumar and Chen 2017;
Allen and Luptowitz 2017; Jong et al. 2016; Pan et al.
2019), where statistical seasonal climate forecasts have
often been seen to be competitive to dynamical forecasts. Notably, Barnston (1994) used SST leads of a year
in a combined linear statistical model. However, that
work found predictive skill for temperature but not for
precipitation, likely due to the much shorter training
period and the sparsity of the precipitation data. Our
methodology differs from these previous approaches in
the way we make use of, and objectively combine, prior
months’ SST anomalies. Here we develop and use
the combined-lead sea surface temperature (CLSST)
model to forecast cold season (November–March)
precipitation and 2-m temperature (see section 3).
We focus on the cold season because of its importance in influencing snowpack and the water resources of the western United States. The CLSST
model forecasts are always made in the October that
precedes the cold season, and can then be considered
0.5-month lead-time forecasts. The CLSST model
implements a statistical framework that is simple,
rigorously validated, efficient and easily replicated.
We then compare the skill of the cold season climate
forecasts for CLSST, to the October initialized cold season
forecasts of the North American Multimodel Ensemble
(NMME; Kirtman et al. 2014b), and the European Centre
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for Medium-Range Weather Forecasts (ECMWF) seasonal climate model SEAS5 (Johnson et al. 2019b).

2. Data
Sea surface temperature (SST) time series were computed using the NOAA Extended Reconstructed Sea
Surface Temperature (ERSST) version 5 (Huang et al.
2017). The SST dataset are monthly averages at a 28 3 28
resolution, and we use it for the period 1899–2018. The
PRISM climate dataset (PRISM Climate Group 2019)
was used to obtain total precipitation and mean temperature for the contiguous United States. The PRISM data
are monthly averages where we further spatially upscaled
from 1/248 to 1/88 using arithmetic averaging. The PRISM
data is used for the period 1901–2018.
Accumulated precipitation totals and mean temperature values, from the PRISM dataset, were computed
between 1901/02 and 2017/18 (referred to throughout
this paper by the years in which the season began: 1901–
2017) for the cold season period of November–March.
We subsequently calculated areal averages for each
hydrologic unit code (HUC) division 4 (Seaber et al.
1987). HUCs use six levels of spatial hierarchy to parse
watersheds, represented by numeric codes 2 through 12
(where divisions 2 and 12 delineate the most coarsescale and finescale resolutions, respectively). There are
202 HUCs in the contiguous United States (CONUS) at
division 4, which provides the necessary spatial resolution for many large-scale decisions concerning water
resources. Henceforth, we use HUC to refer to this level
of spatial resolution.
Historical reforecasts of precipitation and temperature were obtained for the individual models of
the North American Multimodel Ensemble (NMME;
Kirtman et al. 2014a) in addition to more recent years of
real-time forecasts (Kirtman et al. 2014c). The reforecast
data and the real-time forecasts correspond to the years
1982–2010 and 2011–present, respectively. We collected
these reforecasts and forecasts for individual months with
model initialization in October. The ensemble mean of
each of the seven contributing NMME models was then
calculated for each individual month between November
and March, then summed over the cold season, and finally
spatially averaged across each HUC. To be consistent
with the procedure used to obtain observed winter precipitation and temperature at each HUC, the NMME
ensemble mean values were resampled to 1/88, prior to
averaging, where the 64 finer resolution gridcell anomaly
values are simply equal to that of the containing 18 value.
Seasonal forecasts from ECMWF’s long-range
SEAS5 model were obtained for the years 1993–2016
(Johnson et al. 2019a). Ensemble monthly averages for
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FIG. 1. CLSST predictor regions for precipitation and temperature. The sea surface temperatures shown are for the
month of January 2017.

the individual months between November–March were
computed with an October model initialization, then summed over the cold season. As with NMME, the data was
resampled to 1/88 and averaged across the individual HUCs.

Skill metric and statistical significance
As a measure of forecast skill, anomaly correlation skill
(ACS) [Eq. (7.60) from Wilks (2006)] is used to compare
the performance of the different models. The CLSST
model is calibrated in the period 1901–1980 and validated
in the period 1981–2017. Comparative ACS values were
then evaluated with respect to the validation period 1993–
2016 (length of ECMWF-SEAS5 record) for CLSST,
NMME, and ECMWF-SEAS5, with an additional comparison made with respect to the period 1982–2017 for
CLSST and NMME (length of NMME record).
We establish statistical significance of the ACS by applying the approach advocated by Wilks (2016), which
accounts for test multiplicity and field significance (accounting for multiplicity is necessary since all 202 HUCs
are considered simultaneously). Following Wilks (2016),
we control the false discovery rate (FDR) (Benjamini and
Hochberg 1995) at the level aFDR 5 0.10 and reject local
null hypotheses of zero ACS if the respective p values are
* [see appendix B
smaller than the threshold value pFDR
and Wilks (2016) for details]. This method to control the
FDR and account for test multiplicity is robust to spatial
correlation (experiments in Wilks (2016) show that in this
case the testing procedure becomes stringent).

3. Methods
a. SST predictors
Retrospective forecasts of precipitation are performed
using one SST predictor time series, while temperature

forecasts are made using two predictors (see Fig. 1). The
predictor time series used for precipitation is the area
average of the SSTs in the Niño-3.4 domain located
between 58S–58N and 1908–2408E. Temperature uses
two area average predictor time series. These are 1)
the area average of the SSTs in the domain between
158S–158N and 1908–2408E (a broader Niño-3.4 domain),
and 2) a longitudinal average tropical SST predictor with
its domain between 158S–158N and 08–3608. The two
predictor regions for temperature were chosen to optimize model performance in the calibration time period.
These area-weighted average SST time series were
then standardized as follows and detrended. For each
calendar month, m, the entire time series (1901–2017) is
standardized by
SSTZm 5

SSTm 2 mSST

m

sSST

, for

m 5 1, . . . , 12,

(1)

m

where mSSTm and sSSTm are the monthly mean and standard deviations of the time series obtained in the 1901–
1980 calibration time period. Next, the time series were
detrended with respect to their respective fitted linear
least squares trend lines for the years 1901–1980, and
separately for each month m. Additionally, we want to
avoid too many positive standardized anomalies of our
precipitation predictor. We therefore further remove
the more recent trend that is contained in the validation
period from the precipitation predictor time series. To
simulate the making of actual forecasts, we detrended
the precipitation predictor time series using only the
data that would have been available at the time of the
forecasts. Therefore, the value SSTZm, corresponding
to year 1981 and month m, is detrended with respect
to the linear least squares trend fit for years 1901–1981.
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We similarly detrend the corresponding normalized
SSTZm value for year 1982 with respect to the time period 1901–1982. This procedure is further applied for the
rest of the years through 2017. In contrast to precipitation, we do not detrend the more recent validation periods of the temperature predictor time series. As a
result, our CONUS temperature forecasts will implicitly
contain forecast trends due to the trends of the SSTs.

b. CLSST model reforecasts of precipitation and
temperature
The precipitation and temperature data, averaged
over the HUCs, are both arranged into matrices of size
117 3 202 (117 winter values by 202 hydrologic unit
codes). These two matrices are then normalized by
subtracting the column means with respect to the 1901–
1980 calibration period. The terms A and B now represent our anomaly precipitation and temperature matrices, respectively. Next, we obtain the covariance
matrices of A and B using only the first 80 rows (that is
our calibration period). Then, we separately perform
eigen decompositions on our covariance matrices of A
and B. Our principal components (PCs) are subsequently
calculated over the entire period 1901–2017 as
UA 5 A  EA ,

UB 5 B  EB .

yl,p 5

(3)

b0,l,p 1 b1,l,p x1,l 1 b2,l,p x2,l , for
0,

yl,p 5 b0,l,p 1 b1,l,p xl ,

for

l 5 1, . . . , 18,

if

p 5 1, 2, 3,
(4)

where xl is our predictor SST time series at lead l and yl,p is
the time series of winter season values for the current principal component p at lead l. Leads l range from the preceding
September (1 month prior to forecast season) through April
(18 months prior). For temperature, which uses two predictor time series and conditioned upon our threshold discussed above, the model fit takes the following form:

l 5 1, . . . , 18,

p 5 1, 2, 3,

if



SSTZ  . 0:5
m
.


SSTZ  # 0:5

(5)

m

Regression coefficients, from Eqs. (4) and (5), are
found between each lead-time SST time series and each
of the leading PCs. The regression coefficients are obtained from the calibration period, separately for each
SST lead, and are subsequently used to forecast the
leading PCs for the entire time period. Then, these
predicted PCs are transformed back into the original
precipitation and temperature data space with
~T ,
Zl 5 Yl  E

For both precipitation and temperature, we keep the
leading three PCs that account for 57.0% and 85.0% of
the cold season variance, respectively. Temperature
forecasts are made using the paradigm: ‘‘forecast of
opportunity,’’ where forecasts are made only when
certain predictor conditions are met (i.e., predictor
magnitude is sufficiently large). In contrast to temperature, precipitation is forecasted regardless of the magnitude of the predictor. Model fitting, which is outlined
in the following paragraph, is applied for precipitation to
all calibration years and for temperature to the cases in
which the average of the two temperature predictors,
SSTZm , has an absolute value greater than 0.5. The parameters governing 1) the SST threshold used in the
temperature model and, 2) the choice of how many
leading PCs to predict, were determined by optimizing
model skill over the calibration period 1901–1980.
A linear least squares model is used to make retrospective forecasts of precipitation and temperature, during October of each year, for the entire period 1901–2017.
The model is fit to the calibration period, 1901–1980, and
for precipitation takes the following form:

(2)

where UA are our principal components for precipitation and EA is our corresponding matrix of eigenvectors,
columnwise (Wilks 2006). Similarly, for temperature we
obtain our PCs for temperature with

(
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(6)

where Zl is our forecasted precipitation matrix (117 3
202), Yl is our forecasted principal component matrix

~ is our matrix of the first three eigen(117 3 3), and E
vectors (202 3 3) of either EA for precipitation or EB for
temperature. At this point, anomaly correlation coefficients are calculated for each of the 202 HUCs in the
calibration time period 1901–80. Now, we have anomaly
correlation values for each lead, ranging between 1 and
18, and each HUC, ranging between 1 and 202. As a
result of transforming the data and implementing the
SST predictor(s) threshold (for temperature), we find
that anomaly correlations can be negative in the calibration period. Ultimately, we are going to weight our
forecasts as a function of the AC skills in the calibration
period. Therefore, we now set any ACS values less than
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0.0, obtained in the calibration period, equal to 0.0. As a
result, we apply no weight to the forecasts that had
negative skill in the calibration period. Retrospective
forecasts for each of our HUCs in the validation period,
1981–2017, are then computed as
l518

fcstl,h 5

å zl,h wl,h dl

l51
l518

å

l51

,

(7)

wl,h dl

where dl is a linear decay function ranging from 1.0 to
0.25 (for l 5 1, . . . , 18, respectively), w is the anomaly
correlation (AC) value in our calibration period, and z is
the time series of precipitation or temperature (in our
retransformed original data space) for SST lead l and
HUC h. Again, the parameter dl was chosen to optimize
model skill in the calibration period.

4. Results
a. A source of improved forecast skill
Figure 2 shows the long-term historical anomaly correlation (AC) values (Wilks 2006) between cold season
CONUS precipitation and different preceding months
of Niño-3.4 SST anomalies for the period 1901–2017.
Hydrologic unit codes [HUCs at division 4 (Seaber et al.
1987), where these units are natural hydrological basin
delineations], with statistically significant ACs, are outlined using the standard test for zero AC based on
Student’s t distribution in combination with the approach advocated by Wilks (2016). We have chosen to
perform our analysis of mean areal precipitation and
temperature at these natural hydrologic basins, since our
results can then be most easily interpreted and applicable to the domain of water resources. Additionally, we
check whether serial (temporal) correlation was ever
sufficiently large to require adjustments to sample size.
Performing tests with null hypothesis of zero lag-1 autocorrelation between AC values across different years
for each HUC and each lead time month (again controlling the FDR at aFDR 5 0.10), we found no significant serial correlation, and therefore we did not make
any sample size adjustments (this was also found to be
the case for all subsequent analyses and figures).
Using Niño-3.4 SSTs with a lead time of 1 month
(September SSTs correlated with NDJFM precipitation),
the typical ENSO response pattern is highlighted. This is
illustrated by the southern United States exhibiting a
robust positive relationship (wetter than normal during
El Niño) with Niño-3.4 SSTs, while parts of the northwestern United States experience an inverse relationship

(drier than normal during El Niño). This pattern becomes less pronounced as the lead time increases between preceding Niño-3.4 SST months and cold season
precipitation. Using the preceding April’s Niño-3.4 SSTs
(Fig. 2f), there are few CONUS HUCs that exhibit statistical significance. However, by further increasing the
lead time, we find statistically robust correlations return
for the Central Intermountain West (CIW). The CIW
here includes Northern California, Oregon, Nevada,
Utah, northern Colorado, and southern Idaho. Throughout
the CIW, we find a statistically robust pattern emerge with
lead times between 9 and 16 months (Figs. 2i–p). This indicates, on average, that the CIW region has historically
seen increased/decreased precipitation approximately
1–1.5 years following El Niño/La Niña events. We
leveraged this lagged information to build and implement the CLSST model (see section 3).

b. Comparison of cold season forecast skill
Anomaly correlation skill (ACS) values of precipitation forecasts for CLSST, NMME, and ECMWF-SEAS5
can be seen in Fig. 3. The ACS differs from AC insofar
that any strongly negative AC values from Fig. 2 can be
interpreted as potentially useful predictive information,
while ACS (which are used for the duration of the paper)
must be positive if the forecasts performed skillfully superior to climatology. ACS is presented for each of the
HUCs across CONUS. In contrast to Fig. 2, we now test
whether ACS values are significantly positive. As a
CONUS average, the CLSST model has modestly
higher skill in forecasting winter precipitation than
either NMME or ECMWF-SEAS5. The spatial distribution of the precipitation forecast skill of the CLSST
generally follows that of the dynamical models, with a few
notable exceptions. The NMME and ECMWF-SEAS5
models can be seen to perform better in southern Arizona
and Texas. While CLSST exhibits a marked improvement
in forecast skill across the CIW region. In the CIW region,
Northern California, eastern Oregon, Nevada, northern
Utah, northern Colorado, and Idaho all see substantial
increases in skill with respect to the dynamical model
forecasts. This performance improvement, using CLSST,
is observed in both the shorter (1993–2016) and longer
(1982–2017) validation periods (corresponding to the
length of the reforecast periods of ECMWF-SEAS5 and
NMME, respectively).
Figure 4 shows the CLSST model clearly outperforming
NMME and ECMWF, on average, in its ability to forecast
temperature. The pattern of skill in the longer validation
period largely follows that of NMME, while greater
differences emerge in the more recent validation period
of 1993–2016. The CLSST has greater skill in the
southern part of the United States eastward of central
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FIG. 2. Anomaly correlation (AC) values at various lags between the standardized and detrended tropical Pacific precipitation predictor
time series (Niño-3.4) and each of the 202 hydrologic unit codes (HUCs). (a)–(r) The number of months prior to forecast initialization is
shown in the bottom right of each subplot. At 1 month prior the correlation between the preceding September SSTs and cold season
(NDJFM) precipitation is shown, 2 months prior is for the preceding August SSTs and cold season precipitation, then further stepping
back in time through the April that is 18 months prior to forecast initialization. We assess whether ACs are significantly different from zero
(positive or negative) by controlling the false discovery rate (FDR), with aFDR 5 0.10. The resulting threshold value p*FDR is shown at the
bottom left of each subplot. Statistically significant ACs have the HUCs outlined in yellow.
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FIG. 3. Anomaly correlation skill (ACS) values for precipitation forecasts. (a)–(c) ACS for the CLSST model,
NMME, and ECMWF-SEAS5 corresponding to ECMWF’s period of record. (d),(e) ACS for CLSST and NMME
corresponding to NMME’s period of record. (f) The empirical cumulative distribution functions for the ACs of the 202
major hydrologic units (HUCs) in (a)–(c). HUCs with significantly positive ACs are outlined in yellow (aFDR 5 0.10).
The resulting threshold value p*FDR is shown at the bottom left of each subplot, while the CONUS average ACS is
shown in the bottom right.

Texas, while NMME and ECMWF have greater skill
across the Midwestern states for the shorter validation
period. We found the precipitation skill across the three
models to be largely unaffected by trends, while trends in
temperature are seen to modestly inflate the skills shown in
Fig. 4 (see appendix A for details). Note that in Fig. 4, the
FDR control at level aFDR 5 0.10 does not highlight any of
the HUCs as statistically significant for both NMME and
ECMWF in the shorter period. In other words, we cannot
reject the global null hypothesis (i.e., we fail to establish
field significance) that the NMME/ECMWF forecasts
have zero skill at each HUC. A sensitivity analysis in which
we recalculated statistical significance with aFDR 5 0.15

(see appendix B, Fig. B1) shows that this modest increase
* (see
in aFDR leads to a much higher threshold value pFDR
appendix B, Fig. B2) and illustrates how minor changes in
either the data or the FDR control can have a strong impact on the outcome of the statistical tests. Good statistical
practice, however, demands that the control level is fixed a
priori, and the supplemental figures should thus be considered only as a diagnostic that helps understand the
complete lack of statistical significance in Figs. 4b and 4c.

c. Impact of using multiple lead times
One of the strengths of the CLSST model lies in its
objective combination of forecasts made from multiple
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FIG. 4. As in Fig. 3, but for temperature forecasts.

leads (i.e., including SST states up to 18 months prior as
predictors). For precipitation, there is only one predictor time series, though predictions are made using each
of the 18 months that precede the time of reforecast. By
doing this, the methodology exploits the fact that correlative relationships, as a function of lead time, can vary
from one region to another. A prime example of this
phenomenon can be found in the Sacramento HUC
(Fig. 5). SST anomalies, from months approximately
1 year prior to the forecast initial time, are better predictors of winter precipitation in Northern California
than those of the most recent SST anomalies. In contrast, the best predictor for southern Florida is the SST
anomaly of the most recent month. If one were to use
CLSST with only the most recent month’s Niño-3.4
anomaly time series alone as a predictor of CONUS
precipitation, the AC value for the Sacramento HUC in

the calibration period is approximately zero. In contrast,
using CLSST with the Niño-3.4 anomalies from 12 months
prior to forecast initialization yields an AC value of 0.34
for Sacramento in the same calibration period. When
combining forecasts from the Niño-3.4 anomalies of all
the preceding 18 months in the CLSST model, we achieve
an AC value of 0.39 in the calibration period and 0.40 in
the validation period. The effect of including more leadtime predictors is further illustrated CONUS-wide in the
bottom panels of Fig. 5. The CLSST model, when only the
most recent available month of SSTs is used, has an
average AC (averaged across the 202 HUCs for the
validation period) of 0.25. The CLSST model that uses
all of the preceding 18 months of available SSTs (i.e., the
implementation of the model we use in this study), improves the average AC skill to 0.30. Though the average
AC improves when incorporating additional leads, with
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FIG. 5. The impact of the CLSST model on precipitation using multiple preceding months of SSTs as predictors.
(a),(b) ACS values, for two example hydrologic units, in the calibration period when using the SST predictor time
series from solely the individual months preceding (x axis) the October forecast time. Forecasts of precipitation
corresponding to 1 month prior is performed by using only the preceding September SST time series as a predictor,
while 2 months prior is using only the preceding August SST time series, and so on. (c),(d) Scatterplots between the
18-month combined predicted values vs observed precipitation in the validation time period (1981–2017). (e),(f)
The ACS skill of CLSST as a function of using 1 month or the combined 18 months of preceding SSTs, where the
two example hydrologic units shown in (a)–(d) are highlighted in yellow.

particularly notable increases in the CIW, the localized
skill is not always improved. Central Montana is a region
that sees decreasing skill as additional lags are included.
The results for any individual HUC may be influenced
by statistical sampling due to meteorological variability.
One does not expect the observed spatial footprint of
ENSO teleconnections to be temporally invariant even on
multidecadal time scales (Deser et al. 2017). However,
work here reveals a spatially coherent region of statistically

significant associations that are nearly as strong at
12 months lead as they are at 1 month lead. If one
discounts the information at 12 months lead, then one
must also consider the one month lead statistically
suspect.

d. ENSO transitions and precipitation
The CLSST model points to a robust response of the
CIW region to tropical Pacific SSTs approximately
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FIG. A1. As in Fig. 3, but for detrended precipitation.

12 months prior to the forecast date. This can be interpreted as an out-of-phase relationship between this region
and ENSO. If the current fall and/or winter experiences a
stronger El Niño/La Niña, there is a greater likelihood
that the CIW will see increased/decreased precipitation in
the following winter. However, to a large extent, there is a
nonexistent relationship when using only the most recent
months tropical Pacific SSTs and cold season precipitation in the CIW.

5. Discussion
We have developed and applied the relatively simple
statistical CLSST model to make retrospective forecasts
of cold season (NDJFM) precipitation and temperature
across the contiguous United States. The model utilizes
one tropical Pacific SST time series (Niño- 3.4) as a

predictor for precipitation and two SST time series
(tropical Pacific and a longitudinal tropical average) as
predictors for temperature. The CLSST model is more
skillful in anomaly correlation, on average, than either
the NMME or the ECMWF-SEAS5 ensemble means.
Of particular note, we find substantial improvement in
skill for precipitation using CLSST across the central
Intermountain West (CIW). The CLSST model exploits
predictive information from prior tropical SSTs. The
strength of this lagged relationship in the CIW region is
maximized at approximately 1 year (Fig. 2) (i.e., SSTs
from a year prior provide the best information for
anomaly prediction in the upcoming cold season).
Furthermore, we applied a rigorous statistical test (i.e.,
one that accounts for multiplicity and establishes field
significance) and found this lagged relationship in the
CIW region to be statistically significant. We also find
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FIG. A2. As in Fig. 4, but for detrended temperature.

that the statistical significance of this correlative relationship for precipitation is not diminished when accounting for trends (in both observed and predicted
values) and serial correlation.
In numerical weather and climate prediction, we
commonly regard the current estimate of the initial
condition as our best estimate of the information content in the system using prior and current observations.
The information content of the prior observations is
carried through to the current time through a cycle of
short-term predictions and updates [see section 6.2.1
in Hamill (2006)]. The lagged predictive effect of
SSTs may thus seem at first glance paradoxical. Isn’t
the current SST field providing sufficient information
content for a seasonal statistical prediction? Perhaps
this is not so paradoxical. One resolution to this
paradox is that there may be predictive information

hidden in the deeper ocean state (Alexander et al.
1999) that the coupled numerical forecast models are
not assimilating correctly, or are not taking advantage of due to the rapid development of model biases
and forecast errors. Information from the lagged
SSTs could be stored in the ocean below the surface
but cannot be exploited in a regression model based
only on the most recent SSTs. It suggests that either a
statistical model that leverages current ocean-state
anomalies below the surface would provide improved
predictions, as would fully coupled predictions that can
overcome many of their systematic errors. Alternatively
to the SSTs influence on the deep-ocean state, Niño3.4 SSTs from 1 year ago could also be a proxy for
other more recent anomalies of the climate system.
Exploring these possibilities is a subject for our future
research.
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FIG. B1. As in Fig. 4, but showing statistical significance with aFDR 5 0.15.
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APPENDIX A
The Role of Trends
Within the context of a changing climate, there has
been widespread temperature trends across the United
States in the period 1982–2017 (which encompasses
both of our validation periods). The CLSST is implicitly capturing some amount of observed trending
on the land surface due to the trend in the predictor
SSTs in the validation period with respect to the
calibration period. How much of the skill that we

observe in CLSST, NMME and ECMWF-SEAS5 can
be attributed to the ability of the models to forecast
interannual variability versus getting the trend correct? To this end, all of the model forecasts and observations of both precipitation and temperature
were detrended and AC scores were computed again
using the detrended data. The detrended AC skill
scores are shown in Figs. A1 and A2. For precipitation, the detrended skills of all three models are
nearly identical to the nondetrended skills (Fig. A1).
For temperature in the longer verification period,
there is on average a 13% reduction in skill for
CLSST and a 35% reduction in skill for NMME
(Fig. A2). When considering the shorter verification
period of 1993–2016, CLSST, NMME, and ECMWFSEAS5 experience average reductions in skill of 3%,
13%, and 5%, respectively.
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when, the sorted p values drop below the line controlling
* (in
the false discovery rate, this is then the effective pFDR
the case of multiple crossings, the largest value is used).
With aFDR 5 0.10, the sorted p values never drop below
the line, while with aFDR 5 0.15 the values cross over the
* 5 0:125.
line with an effective pFDR
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