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[1] Potential predictability of seasonal mean temperature and
precipitation is assessed using a moving blocks bootstrap
method. The bootstrap method allows the potential
predictability of seasonal means to be assessed even for
autocorrelated, highly non‐Gaussian, intermittent data. The
results reveal that the largest fraction of predictable variance
for both temperature and precipitation occur mainly over
the tropics where El Niño/Southern Oscillation dominates
the interannual variability. Statistically significant potential
predictability also is found in extratropics for temperature,
particularly over most oceans and appreciable land areas.
The potential predictability of temperature is generally smaller
over land than over ocean and displays a significant annual
cycle. Potential predictability of precipitation displays spotty
and less continuous spatial patterns over extratropical regions
and also undergoes a significant annual cycle. The potential
predictability estimates are generally consistent with previous
studies, but some inconsistency is also observed, such as the
lack of significant potential predictability for temperature over
North American winter. Citation: Feng, X., T. DelSole, and
P. Houser (2011), Bootstrap estimated seasonal potential predictability of global temperature and precipitation, Geophys. Res. Lett.,
38, L07702, doi:10.1029/2010GL046511.

the underlying process, but these model are difficult to verify in
the real atmosphere [Leith, 1973; Shukla and Gutzler, 1983;
Katz, 1983; Zheng et al., 2000]. The inability to verify whether
the assumptions underlying these methods are actually justified in a given situation raises the question as to whether the
estimated potential predictability can be trusted. Therefore, an
alternative approach that makes less restrictive assumptions,
would be desirable.
[3] The bootstrap resampling strategy provides an attractive
alternative approach to measuring potential predictability
because it makes less restrictive assumptions about physical
process, model parameter or underlying distributions, and is
available no matter how mathematically complicated the
parameter estimator [Efron and Tibshirani, 1993; Davison and
Hinkley, 1997]. The bootstrap has been used in climate studies
recently to estimate confidence interval [Jolliffe, 2007], forecast storm track [Wilks et al., 2009] and project future climate
[Orlowsky et al., 2010], to name a few examples. In this study,
we utilize the bootstrap approach to estimate the distribution of
interannual variance of seasonal mean temperature and precipitation under the null hypothesis of no seasonal potential
predictability. The resulting distribution is then used to test
the significance of the observed variance of seasonal means.

1. Introduction

2. Data

[2] Accurate forecasts of climate variations on seasonal time
scale have tremendous societal and economic impacts [Katz
and Murphy, 1997; Meza et al., 2008; National Research
Council, 2010]. Seasonal variability is often idealized as a
linear combination of weather noise due to internal dynamics
that is unpredictable beyond two weeks [Lorenz, 1963], and the
potentially predictable signal arising from the external forcing
or boundary conditions [Madden, 1976]. The extent to which
the externally‐forced signal exceeds the internally generated
weather noise determines the potential predictability. Many
statistical methods have been proposed for assessing the
potential predictability of seasonal variations from observations [Leith, 1973; Madden, 1976; Shukla and Gutzler, 1983;
Trenberth, 1985; Singh and Kripalani, 1986; Madden et al.,
1999; Zheng et al., 2000]. For instance, Madden [1976] proposed a spectral approach in which the boundary forcing is
assumed to have no effect on power spectra on periods shorter
than 96‐day, an assumption that was questioned by Shukla
[1983]. Other studies propose specific statistical models of

[4] Surface air temperature data used in this study are from
the 40‐year reanalysis of the National Center for Environmental Prediction/National Center for Atmospheric Research
(NCEP/NCAR) [Kalnay et al., 1996]. We use daily averages of
6‐hourly temperature on 192 × 94 Gaussian grids spanning
from January 1979 to December 2008. Long‐term global
gage‐based daily precipitation is limited, but the mean precipitation over consecutive non‐overlapping 5‐day intervals
(“pentads”) from 1979 to 2007 with 2.5° × 2.5° spatial resolution has been developed by the Global Precipitation Climatology Project (GPCP) [Xie et al., 2003]. Some high frequency
information is lost by using pentads, but the pentad averages
also serve to mitigate the noise. The annual cycle is first subtracted from the time series using the Fourier decomposition
as described by Narapusetty et al. [2009]. The resultant
anomaly is then divided into four seasonal series: winter
(December–January–February), spring (March–April–May),
summer (June–July–August) and fall (September–October–
November). Each season contains 90 days for temperature and
18 pentads for precipitation.

3. Bootstrap Method
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[5] To explain the proposed methodology, let Xdy denote
a random process on the dth day and yth year, where d =
1,2, …, D and y = 1,2,…, Y. Here, D and Y indicate the
number of days per season, and the total number of seasons
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[9] Let a bootstrap estimate of the seasonal mean be

(or equivalently total number of years), respectively.
Assuming the random process is governed by a model of
the form
Xdy ¼ y þ dy ;

X y* ¼

ð1Þ

where dy is a stationary random process with zero mean and
my is the mean during year y. The term dy, often called
“weather noise,” can be autocorrelated on daily time scales
but is assumed to be independent from year‐to‐year. The
process is said to be unpredictable (in a seasonal sense) if my
is independent of year, i.e., m1 = m2 = … = mY, otherwise it
is potentially predictable. The word “potential” is used
because Xdy is predictable in a seasonal sense only to the
extent that my is predictable. To investigate the seasonal
potential predictability of Xdy, we test the null hypothesis
that my is independent of year. If dy is Gaussian white noise,
then this null hypothesis can be tested using Analysis of
Variance (ANOVA). Unfortunately, Gaussian white noise is
a questionable assumption in practice: for temperature, dy is
autocorrelated on the time scale of days, while for precipitation dy is a highly non‐Gaussian, intermittent process
involving a substantial frequency of zeros in daily data. In
such cases, a test of the null hypothesis may still be based on
a comparison of variances, but the threshold for significance
may not be derivable from an F distribution with known
degrees of freedom.
[6] There are at least two approaches to testing the null
hypothesis in cases in which dy is not Gaussian white noise.
First, one can propose a more general model for Xdy, which
invariably involves more parameters, and then test the
hypothesis that my is constant. This approach is pursued by
X. Feng et al. (New method for estimating seasonal potential
predictability. Part I: Analysis of covariance, submitted to
Journal of Climate, 2011). Alternatively, one can apply
bootstrap techniques. We pursue the second approach in
this paper.
[7] The basic idea behind the bootstrap is to sample the
data repeatedly with replacement to build up an empirical
sampling distribution of a statistic. The technique can be
explained most simply in the case of temporally uncorrelated data, which turns out to be appropriate for precipitation
(as discussed below). First, we generate two independent
random numbers, the first being an integer drawn uniformly
between 1 and D, the second being an integer drawn uniformly between 1 and Y. We then choose the corresponding
element from the data record. This selection procedure is
repeated DY times, with the days and years drawn randomly
with replacement, to generate a bootstrap sample of length
DY days. Under this procedure, each day of each year has
equal probability of being selected. Having constructed a
bootstrap sample of length DY, we next compute an
appropriate statistic. This procedure is repeated 1000 times
to generate 1000 realizations of the statistic, from which the
distribution of the statistic can be inferred.
[8] The question arises as to what should be sampled. One
* = Xdy − X y, where X y
choice is to resample the residuals dy
is the seasonal mean of Xdy (i.e., the mean over days d). An
alternative choice is to resample the raw data Xdy. The two
choices were found to produce nearly the same potential
predictability estimates. Therefore, we sample Xdy directly
since it is the simplest procedure.

D
1X
Xdy* ;
D d¼1

ð2Þ

* is the bootstrap sample. A natural statistic for
where Xdy
measuring the “constancy” of my is the sample variance of
seasonal means. A bootstrap estimate of this variance is
2; * ¼

Y 
2
1 X
X y*  X * ;
Y  1 y¼1

ð3Þ

where X * is the grand mean over all days and years of the
* . We test if seasonal means are potenbootstrap sample X dy
tially predictable by comparing the observed interannual
variance of seasonal means s2 to the 95th percentile of s2,*.
If s2 falls above the 95th percentile, we reject the null
hypothesis and conclude that the observed variance is significantly larger than would be expected under the null
hypothesis. Otherwise we accept the null hypothesis and
deduce that the variability of seasonal means is not statistically different from that expected under the null hypothesis.
[10] Direct use of the bootstrap technique makes sense
only when the samples are independent. Many meteorological variables, including temperature, exhibit strong
autocorrelation in daily time series. The random resampling
used in regular bootstrap method shuffles the original data,
destroying the ordering that produces the autocorrelation
[Wilks, 1995]. To account for the serial correlation, we use a
moving blocks bootstrap resampling approach [Efron and
Tibshirani, 1993; Wilks, 1997]. This approach differs from
* are resampled
original bootstrap in that new samples Xdy
in consecutive blocks from the original Xdy with replacement, rather than by sampling single elements from Xdy. By
resampling contiguous blocks of elements, the dependence
in the time series is preserved. An important question is how
to choose the length of the moving blocks L. If L is too
small, the bootstrap resamples are wrongly treated as being
independent while in fact they are not, leading to an
underestimation of variability in the distribution of s2,*
statistic. As a result, the null hypothesis test is rejected
when it should not [Zwiers, 1990]. On the other hand, the
test will be rejected rarely if L is too large because more
outliers tend to overestimate variability of s2,* statistic and
stretch the confidence interval [Wilks, 1997].
[11] Our choice of block length is guided by the characteristic timescale T0 [Leith, 1973]
T0 ¼ 1 þ 2

D 
X
¼1

1


 ;
D

ð4Þ

where rt is the sample autocorrelation at lag t for t = 1,2,
…, D. The sample autocorrelations tend to be noisy or
negatively biased at large lags, but alternative estimates of
T0 based on truncating the sum to 15 days or later, or fitting
the time series to an autoregressive model and using that
model’s autocorrelation function instead of sample autocorrelations, lead to nearly the same results. The characteristic timescale T0 is estimated for each year independently
and then averaged to construct a single estimate at each grid
point. The estimated T0 for temperature, shown in Figure 1,
tends to be greater than 3 days in most locations. Larger
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Figure 1. Characteristic timescale (days) of temperature for each season as indicated at the top of each panel.
values of T0 are found mainly over tropical oceans, especially eastern Pacific (>10 days) where the interannual
variability associated with sea surface temperature enhances
persistence. Areas of smaller T0 in winter tend to correspond
to storm track regions over north Pacific and north Atlantic
where rapid temperature advection reduces the autocorrelations. Over land areas, T0 is comparatively smaller and
generally less than 8 days. Experiments with different block
lengths suggest that the outcomes of using data block
lengths in the range of 10–15 days are basically similar,
hence a block length of 10 days is chosen for temperature.

4. Seasonal Potential Predictability Estimates
4.1. Temperature
[12] The bootstrap technique described above is applied
to temperature at each grid point over the globe. For illustration purpose, we choose a daily time series spanning
90 days for 30 years during summer at a representative grid
point (35°N, 110°W) over the southwestern America. First,
we randomly select a block of 10 consecutive days of temperature in a randomly selected year and repeat this process
until a random sample of size of 2700 days is generated. The
variance of seasonal means is then calculated. This procedure
is repeated 1000 times to yield a histogram of the variance of
seasonal means from the bootstrap samples for each individual season as shown in Figure 2. The red line indicates the
variance from the original daily temperature and the blue line
represents the corresponding 95% percentile of 1000 boot-

strap samples. If the observed variance exceeds the 95%
percentile, we conclude that seasonal temperature is potentially predictable. In Figure 2, we reject the null hypothesis of
no seasonal potential predictability in all seasons except in
fall and infer that seasonal mean temperature during these
seasons has predictive skill at the 5% significance level. In
contrast, the null hypothesis is not rejected in fall and so we
conclude that seasonal means are not significantly predictable in fall.
[13] Any interannual variance s2N that may exist in excess
of the unpredictable weather noise s2N, is regarded as the
potentially predictable signal, s2T − s2N. We estimate weather
noise as the mean of 1000 bootstrapped variances, and
compute the ratio of signal to total variance, also called the
fraction of predictable variance (FPV), as
FPV ¼

2T  2N
:
2T

ð5Þ

The values of FPV for global temperature (Figure 3) are
plotted only over the areas where the null hypothesis of no
potential predictability is rejected at 5% statistical significant level following the philosophy of hypothesis test
illustrated in Figure 2. In general, high potential predictability of seasonal temperature is predominantly found in
the tropics and middle latitude ocean with FPV exceeding
0.7 over tropical Pacific associated with the prominent
interannual variability of El Niño/Southern Oscillation
(ENSO). Over extratropical areas, potential predictability is
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Figure 2. Histogram of variance (K2) for temperature from 1000 bootstrap samples at a grid (35°N, 110°W) during winter,
spring, summer and fall. Red lines denotes the observed variance of seasonal means and blue line represents 95% percentile
of bootstrap estimated variance of seasonal means.
lower compared to the tropics, reflecting that variability of
seasonal means is not statistically different from weather
noise variability. Ocean appears to consistently maintain its
potential predictability pattern throughout each season,
whereas land exhibits substantial seasonality in the spatial
distribution of predictable regions. Modest potential predictability tends to appear over North America in spring and
summer and Northern Eurasia in winter and fall, with FPV
ranging from 0.3 to 0.6. Low FPV that is statistically
insignificant is noticeable over North America in winter and
fall, Eurasia in spring and summer.
4.2. Precipitation
[14] The potential predictability of precipitation has been
an important issue especially for regions vulnerable to
droughts and floods, and it has been estimated over several
places of the world [Klugman, 1983; Singh and Kripalani,
1986; Rowell et al., 1995; Madden et al., 1999]. However,
estimating potential predictability of precipitation is difficult
because precipitation is an intermittent and non‐Gaussian
process. The bootstrap method provides an appealing way to
determine the potential for seasonal precipitation potential
predictability without having to specify an explicit model.
Following the same procedure as used for temperature, we
initially estimate the weather noise using the bootstrap with
different block lengths based on the characteristic timescale
of precipitation. It is observed that the results are not sensitive for block lengths larger than one pentad, hence we use
one pentad for the block length. We then apply the bootstrap
method to each time series of precipitation over the globe
with the block size of one pentad and estimate the statisti-

cally significant FPV for different seasons. The results,
shown in Figure 3, reveal large FPV in tropical Pacific and
Atlantic Oceans, where the seasonal signal is dominated by
ENSO, contributing to 60% of the total interannual variance.
Potential predictability in extratropics, on the contrary, is
spotty and less continuous with appreciable FPV scattered in
subtropical oceans and continents in both hemispheres. Over
extratropical land areas, statistically significant FPV tends to
appear in equatorial Africa, Indonesian Archipelago, Central
America and northern South America. Vast land areas of
low potential predictability are conspicuous over eastern
Asia and southern South America. There is a marked seasonal variation of potential predictability over land compared to oceans.

5. Conclusions
[15] An assessment of potential predictability of seasonal
temperature and precipitation using a moving blocks bootstrap is presented in this study. By comparing the observed
seasonal mean variance to the 95% percentile of the bootstrap sample at each grid point, we identify points that are
likely to contain potentially predictable variability. Regions
bearing significant potential predictability have the potential
for skillful seasonal prediction. The selection of the suitable
block length is made based on the characteristic timescale of
the climatological data.
[16] For both temperature and precipitation, we find that
the potential predictability varies substantially with seasons
and locations, in accord with earlier studies based on statistical [Madden et al., 1999; Zheng et al., 2000] and
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Figure 3. FPV for (left) temperature and (right) precipitation during winter, spring, summer and fall. Regions with statistically insignificant variance of seasonal means as determined by the bootstrap method, are masked out.
dynamical [Rowell, 1998] models. The seasonal variation of
potential predictability is more pronounced over land than
ocean. The fraction of predictable variance (FPV) for temperature is largest over the tropical regions where significant
ENSO signal dominates seasonal variability. Lack of potential predictability is noted over extratropical areas where
interannual variability is not significantly different from the
unpredictable weather noise. Land areas in general display

weak potential predictability in contrast to oceans, but we do
find statistically significant FPV over North America in
spring and summer, and Northern Eurasia in winter and fall.
The potential predictability of precipitation presented here are
the first observation‐based estimates on seasonal and global
scales. The potential for seasonal prediction of precipitation
tends to be largest in ENSO dominated oceans with modest
potential predictability over tropical land regions. Low
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potential predictability is predominantly found in extratropics, conspicuously over eastern Asia and southern South
America. Generally speaking, potential predictability estimates of temperature and precipitation over land are in
agreement with previous studies, such as forecast skill distributions estimated from seasonal dynamical prediction
system [Barnston et al., 2010] and the observed ENSO
teleconnection patterns (X. Yang and T. DelSole, Comparison of ENSO teleconnection patterns over land between
models and observations, submitted to Journal of Climate,
2011). However, in some cases potential predictability is
inconsistent with past findings. For instance, there is a larger
area of insignificant FPV for temperature over North America
in winter, where seasonal means have predictive skill according to DelSole and Shukla [2006].
[17] The bootstrap procedure proposed in this study can
be applied to estimate seasonal potential predictability of
other climate variables, such as wind and geopotential
height. The procedure can also be applied to the output of
coupled atmosphere‐ocean‐land models. In addition, the
estimates from models and observations can be compared to
assess the consistency and realism of the dynamical models.
A potential limitation of the bootstrap method is that the
data may be too short to adequately sample the variability.
An assessment of inaccuracy for the bootstrap estimations is
possible by comparison with other methods. This comparison will be done in a future paper.
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