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1. Methods schematic and overview

To further clarify the methods used in this study, Fig-
ure S1 shows a schematic representation of the methods
used to calculate the potential predictability (PP), with
data shown taken from the station in Tuscon, AZ. Daily
precipitation data is taken from the 774 stations in the
United States Historical Climate Network (USHCN) (Williams
et al. 2006) which have 80–110 years of data ending in
2009 and less than 5% missing—this data forms our ob-
servational (“obs”) record. Each day of the year is repre-
sented by its own model, with data from all observed years
used to determine parameters for each model. The models
for precipitation occurrence on each day are variable-order
Markov chains conditioned on the last m days of occur-
rence data, where 0 ≤ m ≤ 5. Probabilities of occur-
rence given an m-day history are determined from the 80-
110 years of observed data for each day, and data pooling
(using data from neighboring days) is allowed to improve
parameter estimation. The width of the pooling window,
W , and the chain order, m, are determined by compar-
ing models using all combinations of W and m, and se-
lecting the parsimony/goodness-of-fit trade-off using the
Corrected Akaike Information Criterion (Hurvich and Tsai
1989). Transition probabilities for the selected 365 Markov
models are stored for each station.

The precipitation intensities for each day are modelled
as parameterized probability distributions which take the
following form:

f(x) = λ
βα1
1 xα1−1e−α1β1

Γ(α1)
+ (1 − λ)

βα2
2 xα2−1e−α2β2

Γ(α2)
, (1)

where 0 ≤ λ ≤ 1, α1 and α2 are shape parameters, β1 and
β2 are rate parameters, and Γ(·) is the gamma function.
As with the occurrence process, a model is constructed
for each combination of station, day of year, pooling size,
and chain order (conditioning on the previous m days’ oc-
currence, rather than intensity), the data pooling size is
selected using AICc, and then the chain order is selected
also using AICc.

Using the combined occurrence and intensity models,
simulations of daily precipitation are created which match

the observed record in terms of day-of-year mean precip-
itation as well as day-of-year interannual variance due to
short-memory (m-day) processes. 1000 simulations, each
the length of the “obs” record, are created for each sta-
tion, which form a (“sim”) distribution of “weather noise”
against which to compare the “obs” record. The metric
for comparison in this analysis is 89-day (seasonal) precip-
itation totals. In Figure S1, the variance of the seasonal
total precipitation in the observed record (σ2

obs,tot, shown in
red) is much higher than the mean variance of the seasonal
total precipitaion from the simulations (σ2

sim,tot, shown
in blue) in the winter, and so the corresponding potential
predictabilty,

PP89,tot =
σ2
obs,tot − σ2

sim,tot

σ2
obs,tot

(2)

is high in the winter for Tuscon, AZ. The light blue shading
in the variance plot is a 95% confidence interval from the
simulations.

After calculating the potential predictability for each
day of the year at each station, maps of the seasonal poten-
tial predictability can be created using the PP89,tot values
for January 15, April 15, July 15, and October 15.

2. “Climate signal” estimates

Some readers may be interested in the direct estimate
of the variance due to potentially predictable processes,
rather than the fraction of total variance that the these
processes represent. The variance due to potentially pre-
dictable processes (or potential “climate signals”) is simply
the numerator of the potential predictability as defined in
Equation 2, σ2

obs,tot − σ2
sim,tot. The values of the numer-

ators corresponding to the potential predictability shown
in the main manuscript (Figures 5–8) are shown in Fig-
ures S2–S5, respectively.

In each figure, part a) shows the numerator of PP89,tot,
b) shows the numerator of PP89,int, and c) shows the nu-
merator of PP89,occ for an 89-day window centered on Jan-
uary 15 (Figure S2), April 15 (Figure S3), July 15 (Fig-
ure S4), or October 15 (Figure S5). σ2

obs is the variance of

1



the total precipitation in the historical record for each sta-
tion. This is designated as total (tot) when taken as a sim-
ple variance, occurrence (occ) when depicting the portion
of tot explained by conditioning on the number of days with
non-zero precipitation, and intensity (int) when depicting
the portion not explained by conditioning on occurrence.
Similarly, σ2

sim is the mean variance of total precipita-
tion from each of 1000 simulations of the historical record
representing only interannually-stationary, short-memory
(“weather noise”) processes.

It is important to note that while the PP values shown
in Figures 5–8 of the main document are normalized by
the observed variance, the un-normalized numerators have
units of precipitation variance (mm2), and thus are likely
to be higher in areas with more precipitation.

3. Stability of variance decomposition

The variance decomposition (Appendix A) is determined
using the law of conditional variance, which is exact in that
the left-hand side of Equation A1 is exactly equal to the
right-hand side, but is also an estimate of the “true” vari-
ance decomposition using the data as a sample. As the
number of wet days increases, that estimate is determined
using more data points, and so the estimate is likely more
robust for seasons with more wet days. To determine if
the estimates of the variance decomposition (as seen in
the main text Figures 2 and 4) are robust for seasons with
small numbers of wet days, Figure S11 shows seasonal plots
of the coefficient of variation (CV) of the σ2

occ/σ
2
tot ratio

versus the number of wet days in the simulations. Each
y-coordinate of a point in the plots is the standard de-
viation of the σ2

occ/σ
2
tot ratio across all 1000 simulations

for a given station in a given season divided by the mean
σ2
occ/σ

2
tot ratio across all 1000 simulations for that station

and season. The x-coordinate is the mean number of wet
days in that 89-day season across all 1000 simulations. As
seen in Figure S11, the CV is not clearly a function of the
number of wet days; however, for very dry seasons (with
5 wet days or fewer, see JJA plot) many CV values are
notably higher than for those seasons with more than 5
wet days. This suggests less confidence in the decomposi-
tion into σ2

occ and σ2
int. However, for these stations in the

Southwest (9 locations in JJA, and one in SON with CV
> 0.25), the potentially predictable variance components
are low to begin with, and so all three of PP89,tot, PP89,occ,
and PP89,int are very small.
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Fig. S1: Schematic representation of the methods used to calculate potential predictability. Data shown in two central
plots (Variance of 89-day precipitation and Potential Predictability) are from station in Tuscon, AZ. Potential predictabiliy
maps shown are for PP89,tot (same as main text Figures 5–8a).
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Fig. S2: The numerators of the a) PP89,tot, b) PP89,int, and c) PP89,occ fractions (respective PP values shown in the main
document Figure 5) for an 89-day window centered on January 15. σ2

obs is the variance of the total precipitation in the
historical record for each station. This is designated as total (tot) when taken as a simple variance, occurrence (occ) when
depicting the portion of tot explained by conditioning on the number of days with non-zero precipitation, and intensity
(int) when depicting the portion not explained by conditioning on occurrence. Similarly, σ2

sim is the mean variance
of total precipitation from each of 1000 simulations of the historical record representing only interannually-stationary,
short-memory (“weather noise”) processes.
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Fig. S3: Same as Figure S2, but for an 89-day window centered on April 15.
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Fig. S4: Same as Figure S2, but for an 89-day window centered on July 15.
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Fig. S5: Same as Figure S2, but for an 89-day window centered on October 15.
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Fig. S6: 90% confidence interval range for spatial model of December–February potential predictability using generalized
cross validation fitting of thin plate splines for a) PPtot, b) PPint, and c) PPocc. 0.5 times the values from this figure
added to the gridded (background) values in Figure 5 of the main text give the 95% confidence bound, and 0.5 times the
values from this figure subtracted from the gridded values in Figure 5 give the 5% confidence bound for PP.

8



a) PPtot

b) PPint

c) PPocc

MAM

0.30

0.225

0.1 5

0.075

0.00

Fig. S7: 90% confidence interval range for spatial model of March–May potential predictability using generalized cross
validation fitting of thin plate splines for a) PPtot, b) PPint, and c) PPocc. 0.5 times the values from this figure added
to the gridded (background) values in Figure 6 of the main text give the 95% confidence bound, and 0.5 times the values
from this figure subtracted from the gridded values in Figure 6 give the 5% confidence bound for PP.
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Fig. S8: 90% confidence interval range for spatial model of June–August potential predictability using generalized cross
validation fitting of thin plate splines for a) PPtot, b) PPint, and c) PPocc. 0.5 times the values from this figure added
to the gridded (background) values in Figure 7 of the main text give the 95% confidence bound, and 0.5 times the values
from this figure subtracted from the gridded values in Figure 7 give the 5% confidence bound for PP.

10



a) PPtot

b) PPint

c) PPocc

SON

0.30

0.225

0.1 5

0.075

0.00

Fig. S9: 90% confidence interval range for spatial model of September–November potential predictability using generalized
cross validation fitting of thin plate splines for a) PPtot, b) PPint, and c) PPocc. 0.5 times the values from this figure
added to the gridded (background) values in Figure 8 of the main text give the 95% confidence bound, and 0.5 times the
values from this figure subtracted from the gridded values in Figure 8 give the 5% confidence bound for PP.
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Fig. S10: Potential predictability station by station for each day of the year. a) PP89,occ versus PP89,tot, b) PP89,int

versus PP89,tot, and c) PP89,occ versus PP89,int. Colors correspond to the day of the year (January 1 = 1, December 31
= 365).
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Fig. S11: Coefficent of variation (CV) versus the mean number of wet days in the simulations by season.
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