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ABSTRACT: The skill of NOAA’s official monthly U.S. precipitation forecasts (issued in the middle of the prior month)
has historically been low, having shown modest skill over the southern United States, but little or no skill over large
portions of the central United States. The goal of this study is to explain the seasonal and regional variations of the North
American subseasonal (weeks 3–6) precipitation skill, specifically the reasons for its successes and its limitations. The
performances of multiple recent-generation model reforecasts over 1999–2015 in predicting precipitation are compared
to uninitialized simulation skill using the atmospheric component of the forecast systems. This parallel analysis permits
attribution of precipitation skill to two distinct sources: one due to slowly evolving ocean surface boundary states and the
other to faster time-scale initial atmospheric weather states. A strong regionality and seasonality in precipitation forecast
performance is shown to be analogous to skill patterns dictated by boundary forcing constraints alone. The correspondence
is found to be especially high for the North American pattern of themaximummonthly skill that is achieved in the reforecast.
The boundary forcing of most importance originates from tropical Pacific SST influences, especially those related to
El Niño–Southern Oscillation. We discuss physical constraints that may limit monthly precipitation skill and interpret
the performance of existing models in the context of plausible upper limits.

SIGNIFICANCE STATEMENT: Skillful subseasonal precipitation predictions have societal benefits. Over the United
States, however, NOAA’s official U.S. monthly precipitation forecast skill has been historically low. Here we explore
origins for skill of North American week-3 to week-6 precipitation predictions. Skill arising from initial weather states
is compared to that arising from ocean surface boundary states alone. The monthly and seasonally varying pattern of
U.S. monthly precipitation skill is appreciably derived from boundary constraints, linked especially with El Niño–
Southern Oscillation. Forecasts of opportunity are identified, despite the low skill of monthly precipitation forecasts
on average. Potential limits of monthly precipitation skill are explored that provide insight on the juxtaposition of
“skill deserts” over the central United States with high skill regions over western North America.
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1. Introduction

There is great demand for information on the expected be-
havior of weather and climate many weeks into the future
(National Academies of Sciences, Engineering and Medicine
2016). This demand can be met by skillful subseasonal fore-
casts, defined broadly as forecasts from two weeks to three
months (Lucas 2017), which can guide effective decision-making
intended to mitigate the negative effects of adverse environ-
mental conditions or take advantage of favorable ones (White
et al. 2017). Recognizing the importance of subseasonal
predictions, there have been coordinated research and op-
erational efforts to understand the temporal and spatial

variations of prediction skill, including their sources and pros-
pects for improvement. These efforts include the Subseasonal-
to-Seasonal (S2S) Project (Robertson et al. 2015; Vitart
et al. 2017) and the Subseasonal Experiment (SubX; Pegion
et al. 2019).

Given the importance of forecast guidance in various as-
pects of society, including droughts, floods, and their modula-
tion of near surface temperature, understanding subseasonal
precipitation prediction skill, sources of prediction skill, and
the potential for improvement continues to be a principal
area of research. This understanding is even more important
considering poor historical precipitation prediction skill on
subseasonal time scales from leading forecast centers like the
NOAA Climate Prediction Center (CPC). Figure 1 shows the
precipitation prediction skill of CPC’s probabilistic monthly
precipitation outlooks since 1995 issued in the middle of the
prior month. Little to no skill is apparent across the majority
of the continental United States with comparably higher skill
over the southern tier and negative skill over parts of the Mid-
west. The time series of forecast skill over 1995–2021 (not
shown) also indicates that although forecast practices have
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evolved over time, this evolution has not led to appreciable
improvements in prediction skill. Changes in forecast practi-
ces include an increasing reliance on initialized predictions
based on newer coupled models with improved representa-
tion of physical processes and advances in data assimilation
(e.g., Kwon et al. 2018; Mariotti et al. 2018).

The needs for skillful precipitation prediction, and lack
thereof over the continental United States, motivated NOAA
to establish the Precipitation Prediction Grand Challenge
(PPGC) in 2020 with the strategic objective to “provide more
accurate, reliable, and timely precipitation forecasts across
time scales from weather to subseasonal-to-seasonal to
seasonal-to-decadal through the development and application of
a fully Earth system prediction model.” Toward achieving this
strategic objective, the PPGC advocates for identifying and
understanding the key physical processes related to precipita-
tion prediction. In response to the PPGC, we perform a sys-
tematic attribution of subseasonal precipitation prediction
skill over North America by considering the following four
topics: 1) the regional patterns of forecast skill and their attri-
bution to particular predictability sources, 2) the temporal
characteristics of skill including causes for its seasonality and
reasons for its overall decay as a function of lead time, 3) the
robustness of time/space variations in skill across different
prediction systems, and 4) the interpretation of actual forecast
skill in a theoretical framework of potential skill.

This study therefore seeks to explain the time/space varia-
tions in the skill of North American subseasonal precipitation
predictions using recent-generation forecast systems. It pro-
ceeds to demonstrate that there are better prospects, under
circumstances, than suggested in the gross annually averaged,

multidecade averaged perspective of skill revealed in Fig. 1.
Here we quantify the skill of dynamical predictions arising
from two sources: one linked explicitly with slowly evolving
boundary states and the other due to faster time-scale initial
states of the Earth system. Many studies, either via empirical
case studies or analyses of prediction models, have linked pre-
cipitation skill to tropical intraseasonal convection (Whitaker
and Weickmann 2001; Zhou et al. 2012; Li and Robertson
2015; Vitart 2017; Zheng et al. 2018; Nardi et al. 2020; Dias
et al. 2021; Stan et al. 2022), stratosphere–troposphere
dynamical coupling (Sigmond et al. 2013; Nardi et al. 2020;
Albers and Newman 2021), land surface processes (Koster et al.
2011; Dirmeyer et al. 2018), atmospheric rivers (Mundhenk
et al. 2018; DeFlorio et al. 2019), variations of atmospheric
low-frequency modes such as the North Atlantic Oscillation
(NAO)/Arctic Oscillation (AO) and the Pacific–North American
pattern (PNA; see the review article by Stan et al. 2017).
More recently, Krishnamurthy et al. (2021) evaluated the S2S
forecast skill of precipitation over CONUS using the Unified
Forecast System and showed that during boreal summer sour-
ces of predictability are associated with an intraseasonal oscil-
lation with a period of about 50 days and a warming trend
mode. Studies have also attempted to isolate subseasonal pre-
cipitation skill to boundary forcing alone especially related to
El Niño–Southern Oscillation (ENSO; DelSole et al. 2017;
Wang and Robertson 2019). Here we seek to quantify the sep-
arate effects of boundary forcing and initial weather states on
S2S variability, and thereby attribute the origins of the precip-
itation skill specifically.

An early effort on forecast skill attribution was conducted
by Kumar et al. (2011) based on 1981–2006 hindcasts from an

FIG. 1. Rank probability skill score for CPC’s probabilistic monthly precipitation outlooks is-
sued in the middle of prior month (i.e., 0.5-month lead). See https://www.cpc.ncep.noaa.gov/
products/verification/summary/index.php?page=map.
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early generation initialized coupled model. Their analysis ex-
plored the skill dependence of monthly means for different
prediction lead times, the roles of initial versus boundary con-
ditions in determining prediction skill, and the spatial and sea-
sonal dependence in prediction skill. The main results of their
analyses at the global scale include the following: (i) the time
scale for the influence of initial conditions was inferred to
be approximately 30–40 days at which time the skill levels
were comparable to those attributed to sea surface tempera-
ture anomalies; and (ii) over land area, precipitation skill be-
yond 20 days was low. Similar conclusions were found by Quan
et al. (2012) in their study of the subseasonal skill sources for pre-
cipitation attending drought over the contiguous United States.

In this study, we build on methods of Kumar et al. (2011)
and conduct a parallel diagnosis of recent generation refore-
cast predictions and Atmospheric Model Intercomparison
Project (AMIP; Gates et al. 1999) simulations that utilize
identical dynamical models. We use four different prediction
systems in order to address robustness. Our analysis, while
not providing a granularity on the specific processes associ-
ated with skill contributions from initial weather variability,
separates the overall contribution of initial state information
on skill from boundary state information. This approach is ap-
plied to the time evolving skill from weeks 1 to 6, but will fo-
cus principally on the monthly average, taken here as weeks
3–6 (corresponding to CPC’s 2-week-lead monthly forecast).
This time scale of predictions continues to be a frontier sci-
ence challenge for disentangling the forward stretch of initial-
ized weather skill from the backward reach of climate-based
boundary condition skill. Our study focuses on the physical
origins of North American precipitation prediction skill. It
does not seek to optimize the prediction skill in forecast sys-
tems, nor does it explore the skill improvements gained from
statistical methods and postprocessing calibrations.

The outline of this paper is as follows. In section 2, we de-
scribe the tools and methods, notably the initialized refore-
casts and uninitialized AMIP simulations and the diagnostic
methods. In section 3, we present the seasonality and region-
ality of the precipitation skill and the connection to the lower
boundary conditions. A summary and discussion are provided
in section 4.

2. Data and methodology

a. Reforecasts and AMIP simulations

Five recent-generation reforecast datasets are utilized in this
study to evaluate precipitation skill. These include reforecasts

from the European Centre for Medium-Range Weather
Forecasts (ECMWF) Integrated Forecasting System (IFS),
National Centers for Environmental Prediction (NCEP)
Coupled Forecast System version 2 (CFSv2), NCEP Envi-
ronmental Modeling Center (EMC) Global Ensemble Forecast
System version 12 (GEFSv12), and Community Earth System
Model (CESM) Version 1 (CESM1) and Version 2 (CESM2).
These reforecasts are generally initialized in various ways at
different frequencies with different ensemble sizes and forecast
lead time (Table 1). Because the primary purpose is prediction
from weeks to decades, CESM1 and CESM2 do not employ
data assimilation and incorporates initialization procedures
used for their systems’ decadal predictions (Yeager et al. 2018),
unlike IFS, CFSv2, and GEFSv12. The CESM atmospheric
model is initialized using the reanalysis (ERA-Interim for
CESM2 and NCEP CFSv2 reanalysis for CESM2). The land
initial conditions are produced by running a stand-alone
land model spinup forced with observed atmospheric forcing
and the ocean–sea ice initial conditions come from an ocean
sea ice coupled configuration forced with the adjusted Japanese
55-year Reanalysis (JRA-55) products. Details can be found in
Richter et al. (2020, 2022) for CESM1 and CESM2, respectively.

To facilitate the comparison of these datasets, we use the
common period of 1999–2015 (with the exception of 2000–15
for GEFSv12) for the majority of the analysis. In addition, we
examine the sensitivity of the precipitation prediction skill to
the length of the analysis period by looking at an extended re-
forecast period for IFS (i.e., including years 1997/98 and 2015/16).
Recognizing that prediction skill is sensitive to forecast ensemble
size (e.g., Kumar and Hoerling 2000; Sun et al. 2020; Meehl et al.
2021), we ensure that comparable ensembles are used for skill
evaluation of each of the five reforecast datasets. We follow
Wang and Robertson (2019) to construct a 12-member lag en-
semble for CFSv2 so that all reforecasts have ensemble size close
to 11, which is generally available for the other systems. Last, the
length of GEFSv12 reforecasts is only 35 days, in contrast to
45 days in other forecast systems. Since the focus of this study is
the weeks-3–6 reforecast, we only use the GEFSv12 to evaluate
the weekly precipitation skill.

To isolate the role of monthly surface boundary forcing
in the precipitation prediction skill, we utilize four uninitial-
ized simulations with the atmospheric component of the IFS,
CFSv2, CESM1 and CESM2, which are IFS-AMIP (ECMWF
2014a,b,c), Global Forecast System version 2 (GFSv2; Saha
et al. 2014), Community Atmosphere Model version 5
(CAM5; Neale et al. 2012, used in CESM1), and version 6
(CAM6; Danabasoglu et al. 2020, used in CESM2), respectively

TABLE 1. Summary of reforecast datasets.

Reforecast
model

Ensemble
members

Initialization
frequency

Reforecast
length (days)

Reforecast
period References

IFS 11 Twice per week 46 1997–2016 Vitart (2014), S2S project: Vitart et al. (2012, 2017)
CFSv2 4 Daily 45 1999–2015 Saha et al. (2014), SubX project: Pegion et al. (2019)
GEFSv12 11 Once per week 35 2000–19 Zhou et al. (2016, 2017), Zhu et al. (2018)
CESM1 11 Once per week 45 1999–2015 Richter et al. (2020)
CESM2 10 Once per week 45 1999–2020 Richter et al. (2022)

S U N E T A L . 2071NOVEMBER 2022

Brought to you by NOAA Central Library | Unauthenticated | Downloaded 07/19/23 08:27 PM UTC



(Table 2). The atmosphere model historical simulations follow
the AMIP protocol (Gates et al. 1999) and are forced by observed
greenhouse gases, sea surface temperature (SST) and sea ice con-
ditions (SIC). We use nearly the same ensemble size and period
between the reforecast and atmosphere model simulations.

The reforecasts and their corresponding atmosphere model
simulations are verified against the Global Precipitation Cli-
matology Project (GPCP) daily precipitation analysis (Adler
et al. 2017). GPCP covers the global ocean and thus can help
evaluate the precipitation skill over the North American con-
tinent and over the tropical oceans.

b. Skill evaluation

We use two metrics to evaluate the precipitation prediction
skill against observations: anomaly correlation coefficient
(ACC) that measures the temporal correlation at each grid
point and uncentered, area-weighted anomaly pattern corre-
lation (APC) that measures the spatial correlation for each
forecast (e.g., Newman et al. 2003). They can be expressed by

[ACC(x, y), APC(t)] 5

∑T
t51

(Xmod 2 Cmod)(Xobs 2 Cobs)���������������������������������������������∑T
t51

(Xmod 2 Cmod)2(Xobs 2 Cobs)2
√ ,

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
∑
x, y

(Xmod 2 Cmod)(Xobs 2 Cobs)���������������������������������������������∑
x, y

(Xmod 2 Cmod)2(Xobs 2 Cobs)2
√

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
,

(1)

where Xmod and Xobs represent the values for the model
ensemble mean and GPCP reanalysis, respectively. The term

Cmod is the lead-time dependent model climatology, calcu-
lated using methodology presented in Pegion et al. (2019),
and is over the same period of time as the reanalysis climatol-
ogy Cobs. The ACC and APC are diagnosed for the weekly
and monthly (weeks 3–6) averages to be the corresponding
skill. The APC is calculated over the North American conti-
nent (i.e., 108–558N, 678–1298W with the exclusion of small
areas in South America; see Fig. 4) and skill time series can
be generated for each weekly reforecast and corresponding
AMIP simulations. These skill time series are then smoothed
by biseasonal (26 week) running mean (i.e., we use 26-point
unweighted running average for those reforecasts initialized
once per week and 52-point running average for those initial-
ized twice per week). ACC is aggregated over four seasons:
June–July–August (JJA), September–October–November
(SON), December–January–February (DJF), and March–April–
May (MAM). For each season, we also subsample the skill
conditioned onto the ENSO phases. Specifically, the El Niño
(La Niña) states are defined by NOAA’s oceanic Niño index
(ONI) rising above 0.58C (falling below 20.58C) for that sea-
son. Table 3 lists the ENSO-active and neutral summers and
winters during 1999–2015. The statistical significance of the
skill is estimated using the nonparametric bootstrapping
method (Mudelsee 2010). While yielding similar results to
those based a standard Student’s t test, the bootstrapping
method makes no assumptions on the distribution of the sta-
tistics, contrary to the Gaussianity assumption of the Student’s
t test. For each model, we resample the reforecast (or AMIP)
cases and their corresponding observations 1000 times with
replacement and define the ACC to be statistically significant
if the 2.5% value across the 1000 bootstrapping samples is
above zero.

We also evaluate the perfect prognostic (hereafter perfect-
prog; Kumar and Hoerling 1998a) ACC skill for the reforecasts

TABLE 2. Details of the AMIP simulations. The SST/SIC forcings include Hadley Centre Sea Ice and Sea Surface Temperature
dataset (HadISST2; Titchner and Rayner 2014), merged products of HadISST2 and NOAA NOAA-Optimum Interpolation
version 2 (OI; Reynolds et al. 2002) (Had-OI; Hurrell et al. 2008), and NOAA Extended Reconstructed SST V5 (ERSSTv5;
Huang et al. 2017).

Atmosphere
model

Corresponding
reforecast model

Ensemble
members SST/SIC forcing Period References

IFS-AMIP IFS 13 Had-OI or HadISST2 1999–2014 Haarsma et al. (2016)
GFSv2 CFSv2 12 Had-OI 1999–2015 Murray et al. (2020)
CAM5 CESM1 11 Had-OI 1999–2015 Murray et al. (2020)
CAM6 CESM2 10 ERSSTv5 1999–2015 NCAR CVCWGa

a NCAR Climate Variability and Change Working Group (CVCWG): https://www.cesm.ucar.edu/working_groups/CVC/simulations/
cam6-prescribed_sst.html.

TABLE 3. ENSO active and neutral summers and winters during 1999–2015 defined in this study.

Summer (JJA) Winter (DJF)

El Niño Neutral La Niña El Niño Neutral La Niña

2002, 2004, 2009,
2015

2001, 2003, 2005,
2006, 2008, 2012,
2013, 2014

1999, 2000, 2007,
2010, 2011

2002/03, 2004/05,
2006/07, 2009/10,
2014/15, 2015/16
(only Dec)

2001/02, 2003/04,
2012/13, 2013/14

1998/99 (only Jan, Feb),
1999/2000, 2000/01,
2005/06, 2007/08,
2008/09, 2010/11, 2011/12
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and AMIP simulations, which approximates the upper limit of
prediction skill. For any individual member of an ensemble, the
perfect-prog skill can be diagnosed by using Eq. (1), but replac-
ing the model ensemble-mean (Xmod 2 Cmod) and observational
anomaly (Xobs 2 Cobs) with the anomaly from one individual
member and model ensemble-mean anomaly (but excluding that
individual member). We note the caveat that as a result of model
biases the predictable signals in models may be less than in ob-
servations (Kumar et al. 2014; Scaife and Smith 2018), thus the
forecast skill upper limit may be higher than the perfect prognos-
tic skill. However, as will be shown, such an apparent paradox of
actual versus perfect-prog performance that has been noted for
seasonal sea level pressure over the Atlantic basin especially
(Scaife and Smith 2018) does not emerge for North American
monthly precipitation skill studied herein.

3. Results

a. North American averaged and annually averaged
precipitation skill

We begin by summarizing the evolution of weekly mean
precipitation skill averaged over North America and over the
entire year for the period 1999–2015. Reforecasts from all
models exhibit a nearly identical exponential decay in anom-
aly correlation skill (Fig. 2). Average anomaly correlations of
between 0.5 and 0.6 in week 1 fall to roughly 0.04 by week 6.
Predictions generated from reforecast models that do not
include a data assimilation system for their initialization
(CESM1 and CESM2) are less skillful in the first several
weeks but become indistinguishable from the more advanced
prediction systems by about week 4. Nonetheless, even these
somewhat more primitive initialized systems capture the vast

majority of skill achieved by their more advanced counter-
parts (IFS, CFSv2, GEFSv12) during the first several weeks.

The reforecast anomaly correlation skill from weeks 1 to 6
asymptotes to the weekly-mean AMIP precipitation skill (Fig. 2,
rightmost bars), rather than to a zero-skill condition. It is fair
to question is there is any “useful skill” at week 6, at least for
the North American average shown here. However, the rea-
son of the nonzero skill is the boundary-forced constraint as
given in the AMIP simulations, which subsequently are shown
to have appreciable (and arguably useful) spatial/temporal
variations. This boundary condition influence on skill origi-
nates principally from tropical SST variations, to be estab-
lished below. Suffice it to note here that the weekly evolving
skill shows the week-3–6 window to be a transition period,
one in which the capacity for initial weather states to constrain
forecast evolution earlier is handed over to boundary con-
straining influences later. Within this window, week-3 skill
originates mainly from initial weather state information while
week-6 skill originates mainly from boundary state information.

A spatial pattern correlation metric for North American
precipitation skill (Fig. 3) exhibits similar sharp declines over
the first several weeks, mimicking the rate of skill drop-off in
the temporal anomaly correlation metric (see Fig. 2). Figure 3
presents a time series of the anomaly pattern correlation for
1999–2015 for week-1 (green), week-2 (pink), and the average
of week-3–4 (brown) and week-5–6 forecasts (blue). Evident
from this skill metric is a considerable seasonal and interan-
nual variability in skill mostly in weeks 1 and 2, the analysis of
which is pursued in subsequent sections. Importantly, from
an attribution perspective, it is apparent that periods of high
forecast skill during week 3 to week 4 and week 5 to week 6
coincide with periods of high skill in AMIP simulations (red
curve in Fig. 3). The correlation between the reforecast and
AMIP skill time series increases from 0.1 to 0.2 in the first two
weeks to 0.6 in weeks 3–4 and 0.8 in weeks 5–6. Figure 3 thus
provides an initial indication that an important monthly pre-
cipitation skill source is linked to boundary constraints on
precipitation, and that these create considerable “forecasts of
opportunity.”

b. Regionality and seasonality of North American
monthly precipitation skill

We next consider precipitation skill (temporal anomaly cor-
relation) averaged for the weeks-3–6 window (day 15–42),
henceforth to be referred to as the monthly skill. This is effec-
tively the skill of monthly averaged precipitation for predic-
tions made at 2-week leads.

Figure 4 displays the reforecast skill for each of the model-
ing systems (rows) for the four seasons (columns): JJA
(summer), SON (fall), DJF (winter), and MAM (spring).
Colors denote areas with statistically significant correlation
skill at a 95% significance threshold. The variability in the
monthly forecast skill by season and region is considerable,
such that important forecast capabilities emerge under scru-
tiny of their space and time fluctuations which were not evi-
dent from inspection of North American averaged and
annually averaged skill (Fig. 1).

FIG. 2. Weekly precipitation skill averaged over North American
land (108 and 558N) for five reforecast systems (Table 1) and four
AMIP ensembles (Table 2). Error bars indicate the 95% confi-
dence interval (2.5%–97.5%) based on bootstrapping.
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Beginning with predictions verifying during summer (Fig. 4,
left column), there is an absence of significant skill over much
of the contiguous United States in all models. By contrast,
monthly rainfall over Central America and southern Mexico
is skillfully predicted with correlations near 0.5, indicating an
ability to anticipate important variations during this region’s
major rainy season. Predictions verifying in fall show signifi-
cant skill over much of the southern United States and central
Mexico, while skill wanes over Central America. Wintertime
sees a farther northward displacement of high skill region,
and a maximum of 0.4 centered over northern Mexico and the
southwest United States. Other regions of significant skill dur-
ing winter months occur over the Pacific Northwest (its rainy
season) and also over the upper Ohio Valley and Great Lakes
regions. For predictions verifying in spring (Fig. 4, right col-
umn), skill is confined to western North America. A particu-
larly striking feature of the springtime skill pattern are the
high correlations along the Pacific coastal sections of Central
America and Mexico, a feature seen in all models.

Some features in the time and space variations of monthly
precipitation reforecast skill are reproduced in the AMIP sim-
ulations (Fig. 5). In common with the reforecasts, skill in
AMIP simulations is greatest over Central America in sum-
mer, with correlations exceeding 0.3 in all models. Fall skill is
more spatially coherent being widespread over the southern
United States and Gulf Coast regions}a seasonal change
analogous to the seasonal progression of reforecast skill.
Wintertime skill approaches 0.5 correlation in several models
over northern Mexico and the southwest United States, values
on par with the correlation skill in reforecast, despite the lack
of skill in the northwest United States. Finally, the pattern of
springtime AMIP skill, though less coherent over the western
United States than in the reforecasts, does share the common
feature of significant correlations along the Pacific coastal
regions of Central America and Mexico particularly in IFS

and CAM models. Wang and Robertson (2019) found that
weeks-3–4 spring precipitation skill over the northwest
United States can be largely explained by its interannual
component associated with AO. Thus, the smaller AMIP
skill in this region may imply that the AO variations re-
sponsible for monthly precipitation skill in reforecasts are
unconstrained by boundary forcing.

Having summarized the average monthly precipitation skill,
we next present the maximum value of monthly skill for any
consecutive 3-month window. The pattern of maximum
monthly reforecast skill (Fig. 6, far left column) and its sea-
sonal preference (second left most column) are significantly
dictated by sensitivity to boundary constraints as revealed by
the similarity with its AMIP counterpart. A reproducible pat-
tern emerges from the four reforecast systems–maximum skill
occurs in each over the western and southern United States
and over Mexico/Central America (leftmost column). The
value of maximum reforecast skill is generally between 0.3
and 0.4, though values exceeding 0.5 occur in some portions
of Mexico and Central America. Also robust is the region
characterized by an absence of significant skill–effectively a
“skill desert”}over the central United States that includes
the Great Plains and portions of the middle and lower Ohio
Valley. Each of these primary features of maximum monthly
forecast skill emerge from analysis of the performance in the
AMIP simulations, including a western and southern North
America maximum in the boundary-forced skill and a skill de-
sert over the central United States. The absence of either
reforecast or AMIP skill over the Great Plains in our multi-
model analysis is consistent with a similar finding of a Great
Plains skill desert by Quan et al. (2012) in their assessment of
subseasonal dynamical predictions of precipitation that fo-
cused on droughts. It is especially noteworthy that the magni-
tude of maximum AMIP skill for monthly precipitation is on
par with that in the reforecasts, attesting to the importance of

FIG. 3. Time series of the uncentered, area-weighted anomaly pattern correlation [APC; Eq. (1)]
of North American precipitation skill for week-1 forecasts (green), week-2 forecasts (pink), and
the average of the week-3 to week-4 (brown), and week-5 to week-6 weekly forecasts (blue). The
forecast skill is based on an equal-weighted average skill of IFS, CFSv2, CESM1, and CESM2
models. The corresponding AMIP simulation skill is shown for the week-3 to week-6 period (red).
The curves span 1999–2015, and have been smoothed with a moving 26-week average (see the text
for details).
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boundary forcing for the maximum achieved skill – and gener-
ally where AMIP skill is low so too is the reforecast skill.

The two right-side columns of Fig. 6 illustrate the season
during which maximum monthly correlation skill occurs. Over
the contiguous United States the most skillful predictions of
monthly precipitation tend to occur during the colder portion
of the annual cycle, from about October to April in both re-
forecasts and AMIP, even though the exact season may differ
slightly. Few contiguous U.S. locations experience their maxi-
mum monthly skill during summer, whereas summer is the
season of maximum monthly precipitation forecast skill over
Central America. In contrast, winter tends to be the maxi-
mum skill season over Mexico. These time/space variations
align with those occurring in boundary forced AMIP simula-
tions, partly reflecting a timing and regionality of ENSO-
related teleconnections to be discussed further below. Analo-
gously, while we cannot exclude the possibility of model bias
(e.g., land–atmosphere interactions; Dirmeyer et al. 2018), the
absence of significant skill maxima over much of the central
United States in the reforecasts appears attributable to an
absence of appreciable boundary forced skill source over that
region.

c. Tropical effects related to North American monthly
precipitation skill

Boundary forced contributions to North American monthly
precipitation forecast skill, and to the magnitude and pattern
of maximum achieved forecast skill in particular, is mostly at-
tributable to tropical SST effects (e.g., Johnson et al. 2020).
Several lines of evidence demonstrate that tropical SST varia-
tions, especially those linked to ENSO, are the major at-
tributable boundary source for North American monthly
precipitation forecast skill. First is the result that both refore-
casts and AMIP have large monthly precipitation skill over
the tropics (Fig. 7). Skill maxima occur over the equatorial
central Pacific region where ENSO-related SST variability is
large}the area-averaged monthly precipitation skill over the
Niño-3.4 region is 0.6 in both reforecasts and AMIP (Fig. 8,
left). Precipitation skill in reforecasts is appreciably greater
than in AMIP simulations over the warmer portions of the
tropical oceans such as the west Pacific and Indian Ocean
(Fig. 8, right). It is plausible that the greater reforecast skill in
these latter warm pool regions reflects the initialized system’s
ability to predict intraseasonal time-scale rainfall variations
(e.g., those associated with the Madden–Julian oscillation

FIG. 4. Monthly (weeks 3–6) precipitation skill for the reforecast systems. Nonwhite grids show skill that is 95% statistically significant
based on 1000 times bootstrapping.
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(MJO; Kim et al. 2019; Richter et al. 2020, 2022; Wang et al.
2022). It can also be due to AMIP biases, arising from the
prescription of SST conditions, in misrepresenting air–sea
interactions over the tropical warm pool regions (Kumar
and Hoerling 1998b; Kumar et al. 2013). Nonetheless, the
outstanding skill source, equally realized in reforecasts and
AMIP, is over the cooler ocean regions of the central and
eastern equatorial Pacific where ENSO is especially influential.

A second line of evidence comes from analysis of skill
within subsamples of the verification period that are disaggre-
gated according to the magnitude of NOAA’s ONI (3-month
average of the SST anomalies in the Niño-3.4 region). Figure 9
shows the monthly skill during the summer and winter season
for ENSO-active and ENSO-neutral years (see Table 3). The
reforecast skill (top) is compared to the AMIP skill (bottom)
derived from the multimodel mean, with similar results found
for individual models (not shown). For both seasons, the
monthly precipitation reforecast skill conditioned on ENSO-
active situations is largely determined by the AMIP simula-
tion skill. The ENSO contribution to skill is especially large in
winter over the American Southwest, and also in summer
over Central America. There are, nonetheless, indications
that ENSO may not be the sole boundary forced skill source.

Note especially the evidence of some AMIP skill in summer
over Central America during ENSO-neutral years, for which
there is an analogous skill pattern in the reforecasts. For
winter, it is also evident that monthly reforecasts are skillful
over a large portion of western North America and central
Plains when ENSO is inactive and the AMIP skill is nonexis-
tent. While there is considerable complexity to these season-
ally varying skill pattern and their conditionality on the
nature of ENSO, the results for all four seasons are nonethe-
less robust in indicating that forecast skill during ENSO-active
years is largely dictated by the seasonally and regionally vary-
ing signal of ENSO impacts.

These results suggest forecasts of opportunity during which
greater skill can be expected owing to occasional large contri-
butions from ENSO-related boundary constraints on monthly
precipitation. Such is also the impression gained from the
time series of anomaly pattern correlation skill for North
American shown in Fig. 3. To get a local sense of such a
forecast of opportunity, we present in Fig. 10 a time series
of observed winter precipitation anomalies averaged over
California during 1997–2016 (top) and its corresponding
reforecast anomalies (middle panel) and AMIP simulated
anomalies (lower panel). The largest observed anomaly

FIG. 5. As in Fig. 4, but for the skill in the corresponding AMIP simulations.
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occurred in association with wet conditions during the
strong 1997/98 El Niño, conditions well captured in model
reforecasts and AMIP simulations. During most winters,
however, the ensemble-mean anomalies in reforecasts and
AMIP simulations are much smaller than those observed,

indicating that the majority of observed monthly precipita-
tion variance during California’s climatological wet season
are not well constrained by either initial weather informa-
tion (at 2-week lead) or by boundary condition information.
These qualitative aspects of the variability are consistent

FIG. 6. (left) Maximum of the week-3–6 precipitation skill over any three consecutive months for the four reforecast systems and their
corresponding AMIP simulations. (right) As in the left columns, but for the season with the maximum of the skill. The season is only cal-
culated for the grid points where the maximum of the skill is above 0.25.

FIG. 7. As in Figs. 4 and 5, but for the annual tropical monthly precipitation skill.
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with the modest overall correlation skill in this region of
about 0.2 in winter (see Figs. 4 and 5). Previous studies also
found that California state-averaged precipitation is not
well correlated with Niño-3.4 SSTs, and is better correlated
with shifts in the position of the jet stream over the north-
east Pacific (Wang et al. 2017; L’Heureux et al. 2021). More-
over, California precipitation is also influenced by MJO on
S2S time scales, which can mask the ENSO signal (Arcodia
et al. 2020).

There is a further implication of such forecasts of
opportunity}namely, that assessments of precipitation skill

can be sensitive to the verification period used. This could be
especially the case when the verification period experiences
unusual ENSO variability. Figure 11 illustrates the sampling
uncertainty of the IFS precipitation skill for reforecasts (top)
and AMIP (bottom). Skill is greater when the analysis period
includes the 1997/98 ENSO events (center column) compared
to when that particular ENSO cycle is excluded in verifica-
tions (left column). This is particularly the case in regions
where skill is elevated during ENSO-conditioned years alone
(see Fig. S1 in the supplemental material), and is consistent
with the qualitative impression gained from the Fig. 10

FIG. 8. Monthly precipitation skill averaged over (left) the Niño-3.4 region and (right) the Pacific warm pool region
for the four reforecast systems and their corresponding AMIP simulations. Error bars indicate the 95% confidence
interval (2.5%–97.5%) based on bootstrapping.

FIG. 9. Monthly precipitation skill in (a) JJA and (b) DJF over ENSO and ENSO-neutral states. The skill is calculated based on equally
weighted multimodel mean over (top) four reforecasts and (bottom) their corresponding AMIP simulations. ENSO states are defined
based on the NOAAONI. See section 2 for details.
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precipitation time series showing a strong effect of the 1997/98
winter El Niño on California rainfall in both observations and
model predictions. However, not all ENSO events, even when
large in magnitude, are accompanied by enhanced monthly

forecast skill. For instance, if the verification period is aug-
mented to include 2015/16 rather than 1997/98 (right column),
comparatively little change in average skill is found. Lybarger
et al. (2020) suggested that during the El Niño event in

FIG. 10. The 1997–2016 time series of the DJF precipitation anomalies (mm day21) averaged
over the state of California for observations (GPCP), IFS reforecasts, and IFS AMIP simulations
(through 2014). Shading indicates61 standard deviation among model individual members. Red
and blue dots indicate the reforecast cases during El Niño and La Niña years, respectively.

FIG. 11. Sensitivity of the winter (initialized in DJF) monthly precipitation skill to the reforecast period: (left) 1999–2014, (center)
1997–2014, and (right) 1999–2016 for the (top) IFS reforecast and (bottom) AMIP simulations. Note AMIP simulations available only
thru 2014. Nonwhite grids indicate 95% statistical significance based on bootstrapping.
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1997/98 there was a constructive interference between MJO
and ENSO signal, while such interference did not occur
during the El Niño event in 2015/16. Indicated hereby is
that monthly forecast precipitation skill is augmented during
ENSO events on average, and not necessarily during each and
every ENSO year. That result is a consequence of the well-
known modest signal-to-noise ratio of North American pre-
cipitation variability, even when ENSO forcing is strong (e.g.,
Kumar and Hoerling 1995, 1998a).

4. Conclusions

a. Summary

The principal goal of this study was to attribute the time/
space variations in the skill of North American monthly pre-
cipitation predictions to slowly evolving ocean surface bound-
ary states and to faster time-scale initial atmospheric weather
states. The analysis focused on the week-3 to week-6 window,
which bridges a predictability gap spanning atmospheric
weather-driven sources in the first two weeks to boundary-
related sources and climate-driven variations beyond about a
month. Our study was also motivated by the hitherto unex-
plained but distinctive pattern of historical operational skill of
monthly precipitation forecasts (issued at 2-week lead) at
NOAA’s Climate Prediction Center (Fig. 1). The perfor-
mance averaged over all months has been characterized by
modest skill over the southern United States and an absence
of skill over large portions of the central United States. Our
study thus addressed the questions whether the particular skill
pattern achieved in operational forecasts is characteristic of
all seasons, whether it is conditional on particular boundary
states such as ENSO, and whether regions exhibiting no fore-
cast skill are inherently unpredictable.

The attribution of skill sources was pursued via a side-by-
side comparison of initialized ensemble prediction systems
having reforecasts spanning 1999–2015, with a parallel set of
uninitialized AMIP simulations of the same dynamical models
but constrained only by SST, sea ice, and atmospheric chemi-
cal composition variations. For North American and annual
averages, weekly precipitation reforecast skill was shown to
decline rapidly during the first several weeks. It was con-
cluded that skill for week-3 verifications were largely deter-
mined by initial weather state information whereas skill for
week-6 verifications arose mostly from boundary condition in-
formation. Precipitation skill averaged for this week-3 to
week-6 period (referred to as the monthly skill herein) thus
originated from a blend of both sources. Importantly, our re-
sults demonstrated that the strong regionality and seasonality
in forecast performance were significantly influenced by
boundary forcing constraints. This was especially evident for
the maximum monthly skill achieved in the reforecasts. This
maximum skill pattern, having greatest magnitudes over west-
ern North America and mostly occurring during the cold half
of the annual cycle (except over Central America, which ex-
hibited a summer maximum in skill) were reproduced in
AMIP simulations. Collectively, these results provide evi-
dence for a physical basis for the reforecast skill patterns and

suggest, despite sources of modeling and sampling uncer-
tainty, that these patterns are unlikely to originate from ran-
dom noise.

This important role of boundary forcing in determining
monthly precipitation skill was shown to originate mostly
from tropical SST influences, especially those related to
ENSO. Indeed, our result indicating a strong seasonal cycle
for North American monthly precipitation skill can be at least
partly explained by the known seasonality in the ENSO-
related North American teleconnections (e.g., Kumar and
Hoerling 1998a). Reforecast skill for tropical Pacific monthly
rainfall was found to be high (correlations of 0.6 compared to
0.3 for local North American maxima), and many skill fea-
tures can be replicated by the skill of AMIP simulations.
These results alone indicated that teleconnections linked to
ENSO forcing (e.g., Ropelewski and Halpert 1986) represent
an important attributable source for North American monthly
precipitation skill. Indeed, we constructed the composite pre-
cipitation rate with ENSO (El Niño minus La Niña) for the
observations and IFS reforecast model over four seasons
(Fig. S3) and found that the precipitation high skill regions in
Fig. 4 generally collocate with the ENSO teleconnections, the
latter being be well simulated by the models. These telecon-
nections are initiated by the tropical precipitation response to
the state of ENSO, thus indicating that a skillful prediction of
the tropical precipitation renders a more skill prediction of
North American precipitation. This link was further verified
via analysis of reforecast skill calculated for subsamples of
ENSO-active years only, the skill patterns of which were
nearly identical to those in AMIP simulations. Not all the re-
forecast skill originated from such boundary forcing, however,
and considerable skill in North American precipitation was
shown to also exist during ENSO-neutral years. The causes
for these latter sources were not further explored, though it
was noted that reforecasts, contrary to AMIP, had consider-
able tropical precipitation skill over the Indo–west Pacific
warm pool regions. Suggested hereby was an ability to skill-
fully capture aspects of monthly rainfall variability linked to
tropical intraseasonal variability, which in turn may contrib-
ute to North American precipitation skill as suggested in pre-
vious studies (e.g., Nardi et al. 2020). Land surface processes
have been suggested to enhance the S2S predictability espe-
cially in summer (e.g., Koster et al. 2011; Dirmeyer et al.
2018) and could be an additional skill source. It is beyond the
scope of this study to isolate the role of land surface condi-
tions. In that regard, it should be noted that our finding of low
overall reforecast skill over large portions of the Great Plains
in spring and summer is not necessarily evidence for an ab-
sence of land surface constraints on precipitation. Prediction
of the atmospheric rivers (Mundhenk et al. 2018; DeFlorio
et al. 2019) is also important for the precipitation skill over
U.S. West Coast. Additionally, recent studies have suggested
other oceanic skill sources for the summer U.S. precipitation
related to a Pacific–Atlantic interbasin SST anomaly contrast
(Kim et al. 2020). Malloy and Kirtman (2020) found that a
strengthened Caribbean low-level jet (LLJ), negative PNA
teleconnection, El Niño, and a negative Atlantic multidecadal
variability each have a relatively strong relationship with a
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strengthened Great Plain LLJ and its associated precipitation.
Jong et al. (2021) revealed an observed summer relationship
between tropical Pacific El Niño transitioning to La Niña
events and decreased precipitation over the Midwest via wave
trains. Such a relationship, however, is absent in the SST-
forced experiments and is weaker in the North American
Multimodel Ensemble models (Jong et al. 2021). While these
factors are in principal operative in the reforecasts examined
herein, further study is needed to understand how much each
of these may contribute to S2S precipitation skill.

b. Discussion

Does monthly precipitation reforecast skill achieved in
the dynamical systems studied herein represent an upper
bound}for which the maximum skill in any particular region
and season was shown to explain only 30% (corresponding to
a correlation of about 0.5; Fig. 6) of the monthly precipitation
variance?

We discuss this issue both in the context of the overall
North American precipitation skill for week 3 to week 6, and
more specifically, for the spatial pattern of maximum skill
whose striking feature is a “skill desert” over the central
United States. It should be recognized that inquiries into skill
limits are not entirely well posed, for a variety of reasons. For
instance, the results of this paper demonstrated the consid-
erable sampling variability in skill that arose from using

different verification periods alone. Further, the models used
herein themselves have limitations, linked in part to biases
and errors in the assimilation of initial states from which the
predictions are launched, in their representation of physical
processes relevant for precipitation (e.g., convection overall
and the mesoscale organization of rain systems during the
warm season over the central United States especially), and
likely also in their sensitivity to boundary forcing. Addition-
ally, before discussing skill limits, it is important to reiterate
that the focus of this paper is on the physical origins in partic-
ular ENSO for North American precipitation forecast skill. It
has not sought to optimize the skill for the systems diagnosed,
which alone can enhance skill as has been shown to arise via
multimodel ensemble weighting and logistic regression meth-
ods (Vigaud et al. 2017). Nor has this study explored skill im-
provements that can arise from other statistical methods such
as postprocessing and calibration (e.g., Bauer et al. 2015;
Hamill et al. 2017). Rather, the spirit of the question posed
above concerns the underlying nature of possible limits on
skill and its spatial structure, and the physical reasons why
they exist in this generation of forecast systems.

Concerning the appearance of large portions of the conti-
nental United States devoid of statistically significant skill, we
synthesize the results of Fig. 6 by generating a multimodel av-
erage, shown in Fig. 12 (top row), which compares the multi-
model maximum skill of reforecasts (left) and AMIP (right).

FIG. 12. (top) Maximum of the weeks-3–6 precipitation skill over 12 consecutive 3-month windows for (left) the
reforecast systems and (right) their corresponding AMIP simulations. (bottom) As in the top panels, but from the
perfect-prognostic approach. The skill is calculated based on equally weighted multimodel mean. For the perfect-
prognostic, maximum skill is first calculated based on individual members of each mode, then averaged over all
ensemble members of each model and over four models.
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As seen for the individual models in section 3, the absence of
central U.S. reforecast skill in the multimodel average is mim-
icked by the pattern of AMIP simulation skill. The latter skill
originates from a sensitivity to SSTs, the patterns of which
indicate high sensitivity over southern and western North
America but low sensitivity over the interior continent. Thus,
the apparent absence of appreciable ocean constraints on pre-
cipitation over significant portions of the United States con-
stitutes one physical argument for skill deserts, combined
with the prior indications that skill tends to be more limited
(though not entirely absent) during ENSO-neutral years.
But the dynamical systems used herein are not without their
biases, and though we tried to reduce such effects by diag-
nosing skill in different systems, the overarching question
remains: how does one understand the skill of monthly pre-
cipitation predictions in a theoretical framework of maxi-
mum achievable skill? To address this, we estimate the
maximum achievable skill based on a perfect-prognostic
(perfect-prog) approach.

Figure 12 (bottom row) also presents an analysis of the so-
called perfect-prog skill for the reforecast (left) and the
AMIP (right). In this analysis, each member of a particular
model ensemble is selected as a proxy “observation,” and the
ensemble mean of the remaining members serves as the pre-
diction of that single model member. This is permuted such
that each member serves as an observation; identical proce-
dures are then applied to the reforecasts and AMIP. Perhaps
not surprising, the maximum value of the perfect-prog skill
(for both reforecasts and AMIP) is greater than the maximum
value of the actual skill, though we note that the differences
are small and are within a sampling distribution of the per-
muted perfect-prog samples (not shown). The key result is
that actual and perfect-prog skill patterns are nearly identical.
In particular, there is very little skill over large portions of the
central United States. This skill desert thus is a robust feature

of the actual skill, the perfect-prog skill, and its forecast mani-
festation is reproduced in AMIP simulations. The interpreta-
tion thus is that a skill desert arises over the central United
States, on average, owing to an absence of a boundary forced
sensitivity of monthly precipitation, together with limited skill
from contributions by initial weather states (though with
recognition of possible land surface effects alluded to
previously).

To further discuss the question of maximum achievable
skill, Fig. 13 summarizes the North America average for the
reforecast and AMIP actual skills for each season, with a com-
parison to their perfect-prog counterpart. There is modest in-
crease in skill for the latter, which is broadly consistent
between reforecasts and AMIP. It is also interesting to note
that the difference between reforecast and AMIP actual skill
is about the same as the corresponding difference between
the perfect prog skill. In other words, for both estimates of
skill, the increased skill arising from contributions of initial
conditions is about the same. Irrespective of different ap-
proaches for skill estimates, it is important to recognize the
small magnitudes of these correlations, which in most instan-
ces are less than 0.2 correlation skill.

The perfect-prog skill for reforecasts provides an estimate
of the maximum achievable skill. Notwithstanding caveats re-
garding possible model dependency of these theoretical skill
estimates, the spatial structure of perfect-prog skill in refore-
casts (Fig. 12, bottom left), indicates a regional preference for
skill that is largely constrained by the ENSO influence, and
therefore, the skill desert in the Midwest may not be an arti-
fact of model bias. An interesting question to pursue further
would be that although we know the physical basis for spatial
variations in ENSO influences over the United States (which
does not dictate high skill over the Midwest), why does the in-
fluence of initial conditions also not yield skill in reforecasts
over the Midwest? Is it because the influence of initial

FIG. 13. Monthly precipitation skill averaged over North American land based on (left) perfect prognostics and actual
skill for the reforecast and (right) corresponding AMIP simulations.
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conditions for longer-lead forecasts is conditioned toward im-
proving skill over the regions that are influenced by the
boundary conditions to begin with?

What then are the implications for operational practices
and for prospects of monthly precipitation forecasts over the
North American region? The NOAA operational practice of
monthly forecasts consists of two products–one released at
15-day lead the other at 0 lead. This paper has probed the skill
of the former by addressing dynamical model prediction skill
averaged over week 3 to week 6. The latter product would be
equivalent to a prediction of week 1 to week 4. Though not
shown in detail, our analysis of weekly evolving skill (see Fig. 2)
clearly indicated much greater precipitation skill during weeks 1
and 2 than during weeks 5 and 6. Substantial improvement in
monthly precipitation skill would thus arise from reducing
the lead time of issuance (Fig. S2). This should be compared
to the only modest theoretical skill improvements that are
implied by the perfect prog analysis for week 3 to week 6.
Finally, we stress that the monthly precipitation skill is highly
conditional, being particularly elevated when ENSO bound-
ary forcings are operative. Likewise, skill is highly regional,
and is again heavily constrained by the spatial footprint of the
ENSO signal and its time/space variability.
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