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ABSTRACT

While low-frequency variations in precipitation amount, occurrence counts (hereafter ‘‘occurrence’’), and

intensity can take place on seasonal to multidecadal time scales, it is often unclear at which time scales these

precipitation variations can be ascribed to potentially predictable, climate-induced changes versus simple,

stochastic (i.e., random) precipitation event evolutions. This paper seeks to isolate the dominant time scales at

which potentially predictable changes in observed precipitation characteristics occur over the continental

United States and analyze sources of revealed potentially predictable precipitation variations for particular

regions. The results highlight that at interannual time scales (here defined as those shorter than 7 years), the

potential for predicting annual precipitation amounts tends to be higher than for annual event occurrence or

intensity, with interannual potential predictability highest in both relatively dry and wet locations and lowest

in transition regions. By contrast, at time scales greater than 7 years the potential for predicting annual event

occurrence tends to be higher than amount or intensity, with.20-yr time scale potential predictability highest

in relatively wet locations and lowest in relatively dry locations. To highlight the utility of this type of analysis,

two robust signals are selected for further investigation, including 1) approximately 10-yr time scale variations

in potentially predictable annual amounts over the northwestern United States and 2) 20–60-yr time scale

variations in potentially predictable annual event occurrence over the southwestern United States. While

mechanistic drivers for these observed variations are still being investigated, concurrent and precursor

climate-state estimates in the atmosphere and ocean—principally over the Pacific sector—are provided, the

monitoring of which may help realize the potential for predicting precipitation variations in these regions.

1. Introduction

It is widely recognized that there is utility in quantifying

the potential predictability (PP) of seasonal tomultidecadal

variations in precipitation, which can be (qualitatively)

thought of as that fraction of precipitation variance that

remains once inherently unpredictable variance associated

with stochastically generated noise has been removed (e.g.,

Leith 1978; Madden and Shea 1978). For instance, such

estimates allow us to identify ‘‘hot spot’’ regions where the

potential for making skillful climate forecasts is highest, as

well as ‘‘cold spot’’ regions where climate noise dominates

any signal. Further, these estimates can help guide investi-

gations into the role that various climatic phenomena

[such as evolving oceanic and atmospheric states, pre-

ceding soil moisture and snow cover conditions, and/or

human-induced forcing (e.g., Ropelewski and Halpert

1986; Allen and Ingram 2002; Koster et al. 2004;

Stevenson et al. 2015; Tuttle and Salvucci 2016)] versus

stochastic, meteorological processes (e.g., generated by

typical weather events) play in modifying regional pre-

cipitation on various time scales. Finally, they can help

provide guidance as to where and when the issuance of

climate forecasts may be most reasonable.

Given this recognition, numerous methods have been

developed to estimate PP from numerical model output

and observations. Here we provide only a brief summary
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of these methods; reviews of the theoretical and meth-

odological basis for them can be found in Collins (2002),

Smith et al. (2012), and Gianotti et al. (2013). As an

example, one set of methods uses ‘‘perfect’’ numerical

model simulations in which a coupled ocean–

atmosphere model or atmosphere-only model is run

once to generate the ‘‘observed’’ state and is then run

multiple other times to generate the ‘‘forecasted’’

states. Comparison of these observed and forecasted

states can be used to determine the signal-to-noise ratio

as well as other metrics for characterizing the potential

predictability of precipitation variations across regions

(e.g., Rowell 1998; Boer 2000; Collins 2002; Moron

et al. 2006; Boer and Lambert 2008; Schubert et al.

2008; Becker et al. 2013). Alternatively, estimates of

stochastically generated interannual to multidecadal

time scale variance can be derived from daily time se-

ries of observed data via their power spectra across all

years, at which point the potentially predictable frac-

tion of observed precipitation variance can be derived

as a residual of the total and stochastically generated

values (Madden 1976; Madden and Shea 1978). While

this method is appropriate for smoothly varying, nor-

mally distributed fields such as sea level pressure

(Madden 1976) and temperature (Madden and Shea

1978), it may not be appropriate for precipitation (e.g.,

Zheng et al. 2000). In these cases, the stochastically

generated interannual to multidecadal time scale var-

iance can still be estimated from observed data in

conjunction with various ‘‘weather generator’’ models

(e.g., Singh and Kripalani 1986; Shea and Madden

1990; Gregory et al. 1993; Katz and Parlange 1998;

Wang et al. 2006, 2007), also referred to as stationary

stochastic weather models (SSWMs; Gianotti et al.

2014). The potentially predictable variance within the

observed data is then defined as that which lies outside

the envelope of variance produced solely from sto-

chastic, short-memory meteorological processes, as

determined by the observationally constrained SSWM.

Importantly, analyses such as these have shown that

the potential for predicting precipitation variations in a

given region may be time scale dependent; that is, the

fraction of predictable variance need not be the same at

seasonal, interannual, decadal, or longer time scales

(Boer 2004; Jia and DelSole 2012; Hoskins 2013;

Goddard et al. 2013). While most studies of time scale–

dependent PP estimates have relied on use of numerical

model data, it is possible that these numerical model–

based estimates can both under- and overestimate ob-

served PP (Eade et al. 2014). For that reason, in this

study we will attempt to perform a similar analysis using

observationally constrained PP estimates derived from

SSWMs, with a focus on the continental United States.

While it may be tempting to try to perform a comparison

of the observationally constrained estimates of time

scale–dependent PP and those provided by numerical

model results, a truly quantitative comparison requires

first constructing model-based SSWMs for each grid

point within the United States, then using the stochas-

tically generated daily precipitation data from the

model-specific SSWMs to quantify the amount of in-

herent, model-based variability that is potentially pre-

dictable at various time scales. Unfortunately, the

development of a generalizable SSWM framework that

can be applied both to station- andmodel-based data has

been elusive. As such, here we simply present the results

derived from observations.

The data and statistical methods employed to identify

the dominant time scales of potentially predictable

precipitation variations across the United States are first

discussed in section 2. Section 3 then provides a spatial

and temporal disaggregation of potentially predictable

precipitation variations across the United States, along

with an analysis of particularly robust signals over the

southwestern and northwestern United States. A sum-

mary of the results is then presented, followed by a short

discussion of the implications for long-range climate

forecasts.

2. Data and methods

a. Data

As in previous work (Gianotti et al. 2013; Pal et al.

2013; Gianotti et al. 2014; Anderson et al. 2015a), we

use serially complete daily precipitation data com-

piled from the quality-controlled National Climatic

Data Center (NCDC) Summary of the Day (Reek

et al. 1992) by the U.S. Historical Climatology Net-

work (USHCN; Williams et al. 2006). From the ap-

proximately 1200 available station records, we subselect

those that have data that extend through 31 December

2009, are at least 80 years in length, and have fewer

than 5% missing values. Our analysis is based upon

these 774 stations, all of which span 80–110 years and

start from 1930 and earlier.

Observationally constrained atmospheric fields are

taken from version 2 of the Twentieth Century Re-

analysis (20CRv2; Compo et al. 2011). This long-term

reanalysis contains data from 1871 to 2012 globally on a

28 3 28 longitude/latitude grid and on 24 pressure levels

ranging nonuniformly from 1000 to 10hPa. Principal

fields considered include geopotential heights, sea level

pressure, winds, and air temperature. Seasonal- and

annual-mean fields are considered in this work, with anom-

alies derived by removing the long-term climatological
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mean from the monthly values at each grid point and

then averaging over the respective seasons or years.

b. Precipitation metrics

For this analysis we will focus on detecting potentially

predictable variations in annual-mean precipitation

characteristics, that is, mean total accumulation (TOT),

mean event occurrence counts (hereafter ‘‘occurrence’’;

OCC), and mean event intensity [defined as the ratio of

the accumulation to occurrence and equivalent to the

Expert Team on Climate Change Detection and In-

dices’ Simple Intensity Index (SII); Peterson et al.

2001]. For this study any daily accumulation of less than

1mmday21 constitutes a ‘‘no precipitation’’ day, as rec-

ommended by Groisman and Knight (2008). Further,

because the ‘‘water year’’ at a given station may not

align with the calendar year, at each station we shift the

individual daily precipitation time series such that the

annual precipitation metrics—including the annual oc-

currence, intensity, and total accumulation values—are

calculated for a 365-day window centered on the sta-

tion’s climatological wet season [see Anderson et al.

(2015b) for details]. In addition, we will also analyze

seasonal precipitation metrics calculated using uniform

91-day windows centered at various times of the year

[again as in Anderson et al. (2015b)]. Potentially pre-

dictable variance estimates are subsequently estimated

from the year-to-year changes in these annual and sea-

sonal values (see next section).

c. Calculation of potential predictability

To quantify the PP of precipitation variance within a

given observed data record, we first estimate the vari-

ance attributable to inherently unpredictable short-

memory meteorological processes using stationary

stochastic weather models, which account for the oc-

currence and intensity characteristics of daily pre-

cipitation events and their short-term (e.g., 1–5 day)

persistence (Katz 1977; Swift and Schreuder 1981;

Wilks 1999). Full details of these SSWMs are provided

in Gianotti et al. (2014). Briefly, the day-to-day vari-

ability of precipitation occurrence is represented using

Markov chain models with seasonally varying transi-

tion probabilities and chain orders. A separate model is

built for each day of the year by fitting it to the em-

pirical data pooled across a given time window (cen-

tered on the given day) in order to improve robustness

of the transition probability estimates. The size of the

pooling window along with the chain order are objec-

tively selected using the corrected Akaike information

criterion (AICc; Hurvich and Tsai 1989), which opti-

mizes both the model’s fit and complexity. The day-to-

day variability of precipitation intensity is represented

using a highly flexible gamma–gamma probability dis-

tribution mixture model in which the weighting of the

two gamma distributions along with the five parameters

varies with the day of year and previous days’ precipi-

tation occurrence. As with the occurrence model, data

are first pooled across a time window centered on the

given day (in order to improve robustness of the pa-

rameter estimates), the size of the pooling window and

chain order are again selected using AICc, and then the

model is fit to the empirical data using maximum like-

lihood estimation.

Using a given station’s variable-order and seasonally

varying but annually stationary SSWM, 1000 Monte

Carlo simulations of the 80–110-yr historical record for

that station are then generated. To do so, the simulations

are forward integrated a single day at a time with the

probability of occurrence and the probability distribu-

tion for intensity determined by the SSWM for that day

of year (and station) along with the current model state

and its state over the last 0–5 days of simulated data

(depending upon the chain order of the SSWM for that

day). For each station, the simulation is time-stepped

forward each day for 80–110 years (depending upon the

record length of the observed data for that station); then

the simulation procedure is repeated another 1000

times. Again, Gianotti et al. (2014) provide a fuller de-

scription of this procedure for the interested reader.

Given the observed and stochastically generated data,

the PP [or equivalently the potentially predictable var-

iance (PPV)] of a particular precipitation characteristic

at a particular station can be defined as the fraction of

the observed variance that remains once the variance

arising from the stochastic evolution of typical meteo-

rological processes has been subtracted out (e.g., Rowell

1998; Boer 2004):

PP(var)5
s2
obs 2s2

sim

s2
obs

, (1)

where var is the variable of interest (i.e., mean pre-

cipitation amount, occurrence, or intensity), s2
obs is the

observed year-to-year variance in the given variable

across the 801-yr station record, s2
sim is the stochasti-

cally simulated year-to-year variance in the given vari-

able across an identical time window, and the overbar

represents the mean of the 1000 stochastically simulated

variance estimates.

Previous work (Pal et al. 2013; Gianotti et al. 2014;

Anderson et al. 2015a) has analyzed overall PPV for var-

ious annual (and seasonal) precipitation means and ex-

tremes across the United States. Here our interest is in

isolating the time scales over which that PPV occurs. To-

ward this endwemake use of the fact that the year-to-year
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variance in a given variable can be decomposed into its

spectral components via

s2 5 �
k

A(v
k
)2/2 , (2)

where A(vk) represents the k discrete spectral co-

efficients at frequencies vk. Since this decomposition is

generalizable for both the observed and stochastically

simulated variances, we can substitute (2) into (1) where

appropriate and rewrite (1) as

PP(var)5 �
k

[A
obs

(v
k
)2 2A

sim
(v

k
)2]

2s2
obs

. (3)

Finally, we can designate the contribution of variance

at a particular frequency (and hence time scale) to the

overall PP of a given variable as

PP(var,v
k
)5

[A
obs

(v
k
)2 2A

sim
(v

k
)2]

2s2
obs

. (4)

For this analysis, the power spectra are estimated using a

multitaper method (Thomson 1982) applied to the lin-

early detrended time series (so as not to introduce ar-

tificial high-frequency power) of year-to-year variations

in a given precipitation characteristic (at a given sta-

tion). Note that after detrending s2
obs 6¼ �kA(vk)

2/2 and

hence PP(var) 6¼ �kPP(var, vk). However, we can

capture the potentially predictable signal imparted by

the secular trend using the residual variance between the

full time series of year-to-year variations in a given

precipitation characteristic and the linearly detrended

time series via

s2(trend)5s2
full 2 �

k

A(v
k
)2/2 . (5)

Again, since this decomposition is generalizable for both

the observed and stochastically simulated variances, we

can substitute (5) into (1) where appropriate and de-

termine the contribution of variance of the secular trend

to the overall PP of a given variable as

PP(var, trend)5
[s2

obs(trend)2s
sim

(trend)2]

s2
obs

. (6)

From (1), (4), and (6) it follows that PP(var)5

� kPP(var, vk)1PP(var, trend).

d. Significance testing

Statistical significance of the observed PP estimates

requires determining the probability distribution under

the null condition defined by no PP. This distribution

can be derived by substituting the observed record var-

iance (i:e., s2
obs) in (1) with each of the 1000 stochasti-

cally simulated variances:

PP
sim

(var, n)5
s2
sim(n)2s2

sim

s2
sim(n)

, (7)

where n designates a member of the ensemble. Again,

we deconstruct the overall PP into its spectral and trend

components via

PP
sim

(var, n,v
k
)5

[A
sim

(n,v
k
)2 2A

sim
(v

k
)2]

2s2
sim(n)

and

PP
sim

(var, n, trend)5
[s2

sim(n, trend)2s
sim

(trend)2]

s2
sim(n)

.

(8)

The probability that the observed PP estimates at a

particular frequency are generated from short-memory

stochastic processes can then be derived from the cu-

mulative distribution of these n5 1000 PPsim(var, n, vk)

values. Similarly we can determine the probability that

the observed PP estimate associated with the secular

trend is generated stochastically using the n 5
1000 PPsim(var, n, trend) values. Here we choose a di-

rectional p , 0.10 threshold such that only observed PP

estimates that lie above the 90th percentile of the sto-

chastically generated distribution are considered to be

significantly different from zero. Similarly, the signifi-

cance of other empirical values can be tested by applying

the relevant analysis to the stochastically simulated data

in order to estimate the stochastically generated distri-

bution of values, from which either a directional or

nondirectional p , 0.10 threshold is determined (as

appropriate). For presentation purposes, in many cases

we subsequently normalize the observed PPV values by

the p , 0.10 value in order to account for the unequal

size of the frequency bins; see the appendix for in-

formation on how this normalization is performed, as

well as how to convert the normalized PPV value (for a

given characteristic or frequency bin) back to its non-

normalized PPV value.

3. Results

a. Potential predictability of annual precipitation
characteristics

Since previous research has shown that the occurrence

of precipitation is one of the leading potentially pre-

dictable precipitation characteristics (Gianotti et al.

2014), we start by investigating the potential to predict

changes in annual precipitation occurrence at different
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time scales (Fig. 1). Median PP is smallest at interannual

time scales (defined here as 2–7-yr time scales; Table 1),

although relatively large PPV tends to be found west of

the Mississippi River basin (Fig. 1a). In comparison,

interannual PPV is relatively low over the Great Lakes,

as well as along the Atlantic seaboard. At decadal time

scales (defined here as 7–20-yr time scales; Fig. 1b),

relatively high PPV tends to be found over the North-

west, interior mountain regions, and central plains while

relatively low PPV is found over the southernmost

portions of the Southwest and the northernGreat Plains.

In addition, coherent PP values are now found over

much of the eastern half of the United States as well.

High PP values in these latter regions, as well as over the

Southwest, are also found at interdecadal time scales

(defined here as 20–40-yr time scales) and multidecadal

time scales (defined here as.40-yr time scales; Figs. 1c,d).

For secular trends (Fig. 1e) PPV of annual precipitation

occurrence is highest over parts of the Northwest and

central plains, the Great Lakes, and the Northeast, al-

though PPV is also evident across other regions of the

United States as well.

Figure 1f presents the median PPV of annual pre-

cipitation occurrence within select regions. The selec-

tion of themedian over themean for this plot and similar

plots herein is to avoid the influence of outliers on the

analysis. Generally, PPV is most prominent at decadal

to multidecadal time scales (Fig. 1f). At shorter time

scales, PPV tends to be higher over the Northwest,

Southwest, and central plains, while at longer time

scales PPV tends to be higher over the Great Lakes,

Northeast, and Southeast. The one exception is the

Southwest region, which shows the highest PP values

(both locally and regionally) at the 201-yr time scales.

FIG. 1. Fraction of variance of a station’s annual precipitation occurrence (OCC; yr21) within a given frequency

bin that is potentially predictable, as derived fromEq. (3) and normalized by the 90th percentile threshold (p, 0.10)

value derived from stochastically generated records for that station; see the appendix and Figs. S1–S3 in the sup-

plemental material for normalization procedure and the conversion factors appropriate for calculating the non-

normalized values for a given characteristic/frequency bin. Values (unitless) range from 1 to 4 and are given by the

color bar on the rhs; normalized magnitudes,1.0 are not considered significant and are shown as a gray dot. Boxes

represent areas of regional analysis: NW5Northwest; SW5 Southwest; CP5 central plains; GL5Great Lakes;

NE5Northeast; and SE5 Southeast. These regions are selected to approximate those in Pryor and Schoof (2008)

and modified to capture particular geographic features of interest. Results are for the (a) 2–7, (b) 7–20, (c) 20–40,

and (d) .40 yr21 frequency bins. (e) As in (a)–(d), but for values derived from the variance associated with the

secular trends found in the observed and stochastically generated records. (f)Median of the normalized PPVwithin

a given frequency bin across the stations within the given region. Values less than 1 indicate that less than half the

stations in the region have significant potentially predictable variance within the given bin. Regions are color coded

by the color bar on the top of the panel.
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We will investigate potential sources of this low-

frequency predictability in the next section.

Next we investigate PP in annual precipitation in-

tensity at different time scales (Fig. 2). As with annual

precipitation occurrence, median PP of annual intensity

is smallest at interannual time scales (Table 1). Re-

gionally, only portions of the coastal Northwest and

along the Mississippi River basin show coherent PP

values at these time scales (Fig. 2a). Unlike with annual

precipitation occurrence, however, the PP of annual

intensity changes remains low at decadal time scales as

well, although regionally coherent PPV at these time

scales can be found over the Northwest, the Ohio River

basin, and the Southeast plains (Fig. 2b). Instead, PPV

of annual precipitation intensity tends to be found at

201-yr time scales (Figs. 2c,d)—particularly at the

lowest frequencies (Fig. 2d)—across much of the United

States, although relatively low PPV is present over the

coastal Southwest and the northern Great Plains. For

secular trends (Fig. 2e) PPV is highest over the North-

east, Great Lakes, and central plains regions, with rel-

atively low PPV west of the Great Plains.

Examining the median PPV of annual precipitation

intensity within select regions, we find it generally in-

creases at longer periods, with highest PPV found at

the 401-yr time scales (Fig. 2f). Regionally, both the

Southwest and Northwest have relatively high PPV at

the decadal time scales. At multidecadal time scales,

PPV of annual precipitation intensity remains prom-

inent in all regions except the Northwest. At the secular

trend time scale the Northeast shows the highest PP

values in annual-mean intensity, in agreement with

other studies (Balling and Goodrich 2011; Wu 2015;

Anderson et al. 2015b).

Finally, we investigate PP in annual precipitation ac-

cumulations at different time scales (Fig. 3), a metric

that has the lowest overall PP of all annual precipitation

characteristics (Gianotti et al. 2014). That said, at in-

terannual time scales annual precipitation accumulation

tends to have the highest PPV of the three annual

characteristics (Table 1). Interannual PPV is relatively

high along the West Coast, as well as over the interior

Southwest and the central plains extending along the

central Mississippi River basin and into the Southeast

(Fig. 3a). By contrast, interannual PPV is particularly

low over the Great Lakes and Northeast regions. At

decadal time scales (Fig. 3b), PPV remains relatively

high along the West Coast, interior Northwest, and

much of the central plains and the Northeast. By con-

trast, decadal-scale PPV is relatively low over the mid-

Atlantic region and the Southeast, as well as over the

southernmost portions of the Southwest. PPV of annual

precipitation accumulations tends to be lowest at the

interdecadal time scales (Fig. 3c), with the exception of

some regions that show coherent PP values, such as the

Northeast and the Ohio River basin. However, PPV

tends to increase at multidecadal time scales (Fig. 3d),

particularly over the Southwest and interior Northwest,

over the northern central plains, the Ohio River basin,

and the Northeast. For secular trends (Fig. 3e) PPV is

highest over the Great Lakes and Northeast, although

there are additional regions that show coherent PPV

such as the high plains.

When aggregating over the six regions (Fig. 3f), in-

terannual PPV tends to be highest over the Northwest,

Southwest, and central plains, although interannual

PPV also is prominent over the Southeast. By contrast,

at interannual time scales there is near-zero PP of an-

nual precipitation variations over the Northeast. At

decadal time scales, themost prominent PPV tends to be

over the Northwest, while at inter- and multidecadal

time scales, PP of annual precipitation accumulations is

relatively high over the Northeast and Southwest. By

contrast, despite having relatively high multidecadal

PPV for annual precipitation occurrence and intensity

(Figs. 1f, 2f), at these same time scales the Southeast has

near-zero annual precipitation accumulation PPV.

The above analysis—particularly at the regional

level—suggests substantial variations in the PP of pre-

cipitation as a function of both metric and time scale. To

examine the regional sensitivity of potentially predict-

able precipitation characteristics at various time scales,

we create a ‘‘spectrum’’ of PPV for the six selected re-

gions found in Figs. 1–3. To remove artificial peaks (and

troughs) of predictability, the PP spectra are averaged

across 2-yr wide bins (such that the number of spectra

within a given averaging bin varies with frequency)

and normalized by the p , 0.10 value (derived from

the stochastically generated distribution of smoothed

TABLE 1. Median value of the normalized PPV within a given

frequency bin across all stations within theUnited States. Values in

parentheses indicate the fractional number of stations within

a given frequency bin that have significant (p , 0.10) PP values.

Boldface values indicate that more than 50% of stations have sig-

nificant values; a plus (1) superscript indicates more than 66% of

stations have significant values and a minus (2) superscript in-

dicates fewer than 33% of stations have significant value. To cal-

culate the nonnormalized value, see the appendix and Figs. S1–S3

in the supplemental material for conversion factors appropriate for

the given characteristic/frequency bin.

Time scale OCC SII TOT

2–7 yr 1.08 (0.53) 0.532 (0.29) 1.16 (0.57)

7–20 yr 1.441 (0.71) 0.63 (0.35) 0.94 (0.47)

20–40 yr 1.36 (0.62) 0.92 (0.46) 0.542 (0.32)

.40 yr 1.41 (0.60) 1.32 (0.57) 0.65 (0.40)

Trend 1.18 (0.53) 0.83 (0.46) 0.472 (0.33)
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spectra values for each station within the region). The

normalized PP values are then aggregated across a

given region by determining the median value.

The PP spectra for the three precipitation metrics as a

function of time scale and region are shown inFig. 4.Over

the Northwest (Fig. 4a), there is a strong biennial com-

ponent to the PPV of both precipitation occurrence and

total accumulation, in agreement with past studies (e.g.,

Johnstone 2011, and references therein). By contrast,

very little signal is seen at other interannual time scales,

particularly those related toENSO variability (i.e., 3–6-yr

time scales; Diaz and Pulwarty 1994), suggesting that

ENSO does not provide substantial predictability to

precipitation over the Northwest, at least when annually

aggregated. Instead, substantial PPV of precipitation ac-

cumulation and occurrence is found at quasi-decadal time

scales (here defined as approximately 10-yr time scales).

Given the PP values at these time scales, further analysis

on sources of this PPV will be analyzed in the next sec-

tion.At longer time scales (401 yr), there is another local

PP maximum for annual precipitation accumulation,

which corresponds to a peak in annual precipitation in-

tensity PPV and is likely attributed to the influence of the

Pacific decadal oscillation (PDO;Cayan et al. 1998;Nigam

et al. 1999; Bitz and Battisti 1999; Steinman et al. 2012).

Over the Southwest (Fig. 4b), there are relatively

low PPV values in all three annual precipitation

characteristics across interannual time scales, despite

the fact that when integrated across these time scales

both annual accumulation and occurrence PP values

are relatively robust (cf. Figs. 1f, 3f). This discrepancy

suggests that at the interannual time scale, there can be

year-to-year potentially predictable variations in these

two characteristics but with no preferred frequency;

that is, the PPV spectrum within this frequency bin is

relatively flat (e.g., Anderson et al. 2010). At decadal

scales, PPV of precipitation occurrence, and less so of

total accumulation, becomes more robust. However

the most robust PP values for all three precipitation

metrics are at the 201-yr time scales. Again, given the

strength of the PP values at these time scales, further

analysis of sources of this PPV—particularly that of

annual precipitation occurrence—will be analyzed in

the next section.

Over the central plains region (Fig. 4c), interannual

PPV tends to be dominated by high-frequency (2–3yr)

variations. In addition, there is a quasi-decadal signature to

annual occurrence PPV, although it is not as robust as that

found in the Northwest. At longer time scales (401 yr),

there is a steady rise in the PPV associated with annual

precipitation intensity and to a lesser extent annual pre-

cipitation occurrence, in agreement with Figs. 1e and 2e.

Somewhat similar spectral characteristics are found over

the Great Lakes region (Fig. 4d) with relatively high PPV

FIG. 2. As in Fig. 1, but for annual precipitation intensity (SII; mm per event).
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in annual precipitation occurrence at approximately 10-yr

time scales (albeit with slightly less than half the stations

exceeding the p, 0.10 threshold) and high PPV in annual

precipitation occurrence and intensity at multidecadal

time scales. However, despite the high PP values of these

two characteristics, the PPV of annual total accumulation

remains relatively low. A similar phenomenon appears in

the Southeast, as discussed below. At interannual time

scales, PPV over the Great Lakes is very low for all three

metrics, in agreement with Figs. 1f, 2f, and 3f.

The lack of PP variance at the interannual time scales

for all metrics is mirrored over the Northeast (Fig. 4e).

Instead, predominant sources of PPV for annual pre-

cipitation occurrence and total accumulation in this re-

gion are found at the decadal tomultidecadal time scales,

with all three precipitation characteristics showing a

general rise in PPV such that at the longest time scales

(601 yr, as well as those of the secular trend; cf. Figs. 1f,

2f, and 3f), PPV in this region tends to be larger than in

any of the other regions analyzed (with the possible ex-

ception of the Southwest). These results suggest a long-

term transition in the occurrence, intensity, and overall

total precipitation across the Northeast (e.g., Pryor et al.

2009; Booth et al. 2012; De Martino et al. 2013; Wu 2015;

Anderson et al. 2015b).

Finally, turning to the Southeast, we find relatively

high PP values in annual total accumulation at the 4–6-yr

time scale, suggestive of an ENSO-related influence on

total precipitation in this region (Ropelewski andHalpert

1986; Eichler and Higgins 2006; Ferreira et al. 2013). At

longer time scales, however, PPV of annual precipitation

intensity and total accumulation are relatively low, al-

though there remains a quasi-decadal peak in PPV of

annual precipitation occurrence in agreement with earlier

results (cf. Fig. 1f). More interestingly, at multidecadal

time scales (401 yr) there is a robust increase in the PPV

of both annual precipitation intensity and occurrence.

However, multidecadal PPV of annual total accumula-

tion is near zero, suggesting that the potentially predict-

able changes in precipitation intensity are offset by

potentially predictable changes in precipitation oc-

currence (i.e., at these longer time scales the poten-

tially predictable changes in the two characteristics

are of opposite sign).

b. Sources of decadal to multidecadal potentially
predictable variability

In the previous section we performed a spatial and

temporal disaggregation of various potentially predict-

able annual precipitation characteristics. To highlight

the utility of this disaggregation, in this section we select

for further analysis two robust signals that stood out for

us, namely 1) the 20–60-yr time scale PPV of annual

precipitation occurrence over the Southwest and 2) the

FIG. 3. As in Fig. 1, but for annual precipitation accumulation (TOT; mm yr21).
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approximately 10-yr time scale PPV of annual precipi-

tation accumulation (and occurrence) over the North-

west. Below we analyze in more detail sources of the

PPV at these time scales and for these regions, recog-

nizing that there are other potentially predictable an-

nual precipitation characteristics that will have to

remain unanalyzed until later.

1) INTER- TO MULTIDECADAL VARIABILITY IN

SOUTHWEST PRECIPITATION

Here we start with an analysis for the PPV of annual

precipitation occurrence over the Southwest. To start,

we perform a 20–60-yr bandpass filter on the annual

precipitation occurrence time series at each station in

the Southwest. Then, a principal component analysis

(PCA) is performed on the time series to identify the

leading mode of covariability among the stations within

this region. The leading principal component (PC) time

series, normalized by its year-to-year standard deviation,

is presented in Fig. 5a. The time series suggests relatively

frequent occurrence of precipitation throughout the

1930s and 1980s, with relatively low occurrence during

the early 1950s and at the beginning of the twenty-first

century, all of which corresponds to known decadal

fluctuations in overall precipitation in this region (Dai

2013). To characterize the spatial structure of this leading

mode of low-frequency variability we regress the nor-

malized principal component time series against the ob-

served annual precipitation occurrence time series for all

774 stations across the United States (Fig. 5b). Results

suggest that the leading mode of low-frequency vari-

ability in annual precipitation occurrence encompasses

the entire Southwest (which need not be the case and can

only be determined a posteriori via PCA). In addition,

this mode of low-frequency variability is accompanied by

annual precipitation occurrence variations of similar sign

across much of the southern Great Plains and interior

plains west of the Mississippi; it is also accompanied by

FIG. 4. Median normalized PPV of annual precipitation characteristic across stations within given regions,

plotted as a function of time scale (period). Regions designated by boxes in Figs. 1–3. For each frequency bin,

the normalized PPV at each station is calculated as in Eq. (5) and normalized by the 90th percentile threshold

(p, 0.10) value derived from stochastically generated records for that station. The median PPV is then calculated

for all stations within a region. Annual precipitation characteristics color coded by the color bar on the bottom of

the figure: OCC (black), SII (red), and TOT (blue). Regions include the (a) Northwest, (b) Southwest, (c) central

plains, (d) Great Lakes, (e) Northeast, and (f) Southeast. Gray shaded regions represent time scales for further

analysis within the given region.
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annual precipitation occurrence variations of opposite

sign over the Ohio River basin and the Northeast, sug-

gesting potentially predictable, continental-scale changes

in annual precipitation occurrence (and total accumula-

tion; Dai 2013) associated with this mode of variability.

In addition to isolating the spatial and temporal

characteristics of this low-frequency mode of variability,

we are also interested in isolating its seasonal charac-

teristics. Toward this end, for each station in the

Southwest, we calculate the year-to-year variations in

seasonal precipitation occurrence, defined as the num-

ber of precipitation events within a 91-day window

centered on the 15th of each month.We then regress the

resulting time series against the normalized principal

component time series. For each 91-day season we then

calculate the median regression value for all stations

within the Southwest (Fig. 5c) and compare it with the

median p , 0.10 regression value. In general, this mode

of low-frequency variability is related to increased sea-

sonal precipitation occurrences throughout the year;

however, the most substantial (and significant) increases

tend to be found from August into October at the tail

end of the monsoon season (Carleton et al. 1990;

Stensrud et al. 1995), suggesting that this mode of low-

frequency variability preferentially influences the du-

ration of the monsoon season and its extension into fall.

To discern possible sources of PPV in multidecadal

precipitation characteristics over the Southwest, we re-

gress the normalized principal component time series

against year-to-year variations in surface temperature

and 850-hPa geopotential height fields from 20CRv2

(Fig. 6). Both the surface temperature and height fields

are characteristic of patterns associated with the second

leading mode of Pacific sea surface temperature (SST)

variability (Hartmann 2015)—albeit without tropical

signatures in the ocean or atmosphere—andmultidecadal

variations in precipitation over the Southwest (Dettinger

et al. 1998; Dai 2013; Stevenson et al. 2015). Within the

ocean, the largest signature is a well-defined, zonally ex-

tensive cooling extending from the Kuroshio region

across the extratropical Pacific; overlaying this cool-water

region are relatively low geopotential height fields that

terminate off the west coast of North America. Circula-

tion features that accompany these height anomalies in-

clude anomalous southwesterly flow over the central and

eastern subtropical North Pacific (not shown) that in-

duces local warming in this region (Vimont et al. 2001,

2003). In addition, it induces anomalous onshore flow of

subtropical air masses that could potentially supply the

moisture and/or instability for triggering enhanced pre-

cipitation events over the Southwest. The exact nature of

this triggering on these very long time scales requires

further investigation. However, the robust relation of

precipitation occurrence (and total accumulation) across

the Southwest to long-lived Pacific Ocean states suggests

that enhanced monitoring and prediction of these states

can help realize the PP of precipitation in these regions,

recognizing that the ocean state itself may be a response

to changing atmospheric circulations and that the source

of PP may arise through, for example, land–atmosphere

coupling (Stevenson et al. 2015).

2) DECADAL VARIABILITY IN NORTHWEST

PRECIPITATION

Next we turn to an analysis for the PPV of annual

precipitation accumulations over the Northwest. As

FIG. 5. (a) Standardized first PC time series of 20–60-yr bandpass-

filteredOCC for all stations found in the Southwest, as delineated by

the box in (b). (b) Regression (circles; days yr21) of the first PC time

series against the OCC for all stations across the continental United

States. Regression values range from 26 to 6 days yr21 and are

designated by the color bar on the rhs. Stations that fail to meet the

p, 0.10 threshold derived from stochastically generated records for

that station are shown as gray dots. (c)Regression of the first PC time

series against the seasonal precipitation occurrence for all stations

found in the Southwest. Seasonal precipitation time series are based

on year-to-year variations in precipitation occurrences within the

91-day window centered on the given month. Bars provide the me-

dian regression value for all stations within the Southwest, as de-

lineated by the box in (b). Gray shading indicates the p . 0.10

threshold, based upon the median of the p 5 0.10 regression values

derived from stochastically generated records from each station

within the Southwest.
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before a bandpass filter, now corresponding to 7–20-yr

periods, is applied to the annual precipitation accumu-

lation time series at each station. A PCA is then per-

formed on stations in the Northwest to identify the

leading mode of covariability among the stations within

this region (Fig. 7a). The resulting time series suggests a

modulation of decadal-scale precipitation in this region,

with relatively strong decadal variability starting in the

1970s, relatively weak variability from 1950 to 1970, and

more moderate variability prior to that.

The corresponding spatial structure of annual pre-

cipitation accumulation (Fig. 7b) indicates that this lead-

ing mode of low-frequency variability influences the

entire Northwest, with largest anomalies found along the

coastal regions extending southward into Northern Cal-

ifornia. In addition, thismode of low-frequency variability

is accompanied by annual precipitation accumulation

variations of similar sign across the Intermountain West

and the central plains. This geographic structure suggests

that the quasi-decadal variability isolated here has a

similar origin as that which produces quasi-decadal vari-

ability in the interior west (Wang et al. 2010) and interior

plains (White et al. 2008; Wang et al. 2014). Indeed, the

time series of variability, and itsmodulation, matches well

with quasi-decadal variability in each region [cf. Fig. 4

from Wang et al. (2010) and Fig. 2 from Wang et al.

(2014)]. Over the Northwest, this quasi-decadal variabil-

ity is manifested primarily during the extended winter

season (Fig. 7c).

To analyze the source of this predictability we

perform a similar analysis as we did for the Southwest,

but now incorporating lead–lag regression fields to de-

termine the evolution of the ocean and atmosphere

states that relate to this mode of quasi-decadal vari-

ability (Fig. 8). During anomalously wet (year 0) and dry

(years26 and15) periods over the Northwest, a dipole

in 850-hPa geopotential heights is found over the ex-

tratropical North Pacific that induces anomalous on-

shore (year 0) and offshore (years 26 and 5) flow into

the Northwest region (Dettinger et al. 1998; Wang et al.

2010; Johnstone 2011). The zonal dipole resembles

somewhat the nodes of the east Pacific–North Pacific

teleconnection pattern (e.g., Barnston and Livezey 1987;

Bell and Janowiak 1995), which is known for strong re-

lationships with precipitation, particularly in the central

United States (Bell and Janowiak 1995). Indeed, the

easternmost lobe of the dipole pattern extends across

the continental United States and contributes to the

precipitation variations over the central plains by in-

ducing anomalous southerly (year 0) and northerly

(years 26 and 5) flow across the interior plains.

Turning to the evolution of the pattern, it appears

that the dipole pattern undergoes a systematic shift

frommore zonal (e.g., year26/25) to more meridional

FIG. 6. Regression (shading) of annual near-surface tempera-

tures against the first PC time series of bandpass-filtered OCC over

the Southwest (shown in Fig. 5a). Values range from20.68 to 0.68C
and are designated by the color bar on the bottom of the panel.

Values with r , 0.2 are masked. Overlaid is regression (contours)

of annual 850-hPa heights against the first PC time series of

bandpass-filtered OCC over the Southwest. Values contoured ev-

ery 1m; minimum contour is 61m. Positive (negative) values are

shown by solid (dashed) lines. Also overlaid is regression (circles;

days yr21) of the first PC time series against the OCC for all

stations across the continental United States. Regression values

range from 26 to 6 days yr21.

FIG. 7. As in Fig. 5, but for the first PC time series of 7–20-yr

bandpass-filtered TOT (mm) for all stations found in the North-

west, as delineated by the box in (b).
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(e.g., year 23/22) and back (e.g., year 21/0). Indeed,

the pattern has a distinct counterclockwise evolution to

it, which has subsequently been revealed through an

analysis of the lower-tropospheric (i.e., 850 hPa) height

fields over the North Pacific (Anderson et al. 2016).

Accompanying this evolution are distinct temperature

signatures in the North Pacific, including substantial

land-based cooling and warming as the dipole shifts

from a more zonal to more meridional orientation

(i.e., years 0–2 and year 25/24), which likely give rise

to the known quasi-decadal signature along the Gulf

of Alaska (Wiles et al. 1998, 2014). In addition, there

is extensive ocean-based cooling and warming along

the eastern North Pacific, which is most prominent

during the meridional orientation of the dipole and is

likely a response to dynamic and thermodynamic pro-

cesses induced by atmospheric circulations associated

with this orientation of the dipole pattern (Bond

et al. 2015).

By contrast, during peak years of high (year 21/0) or

low (year 26 and year 4/5) anomalous precipitation

accumulation over the Northwest there is substantially

reduced oceanic signal in the North Pacific and no sig-

nificant oceanic signature in the tropical Pacific, despite

the apparent correspondence between two major peaks

in the PC time series with the 1982/83 and 1997/98 El

Niño events [this result is confirmed by the weak and

insignificant correlations of the full PC time series

FIG. 8. Lead and lag regression (shading) of annual near-surface temperatures against the first PC time series of bandpass-filtered TOT

over the Northwest (shown in Fig. 7a). Values range from20.68 to 0.68C and are designated by the color bar on the bottom of the panel.

Values with r, 0.2 are masked. Overlaid is lead and lag regression (contours) of annual 850-hPa heights against the first PC time series of

bandpass-filtered TOT over the Northwest. Values contoured every 1m; minimum contour is61m. Positive (negative) values are shown

by solid (dashed) lines. Also overlaid is lead and lag regression (circles) of TOT for all stations across the continental United States against

the first PC time series of bandpass-filtered TOT over the northwestern United States. (a)–(l) Regression fields leading (year , 0),

concurrent with (year 5 0), and lagging (year . 0) the first PC time series.

8892 JOURNAL OF CL IMATE VOLUME 29



against both the year-to-year variations in the Niño-3.4
index as well as theNiño-3.4 index with the same 7–20-yr

bandpass filter applied (r 5 20.04 and r 5 20.13, re-

spectively)]. We note that others have argued for an

influence of far western tropical Pacific (i.e., Philippine

Sea) SSTs on precipitation accumulations in the western

United States during these years (e.g., Wang et al. 2011),

but we find no evidence for such an influence from this

region [in agreement with Dettinger et al. (1998),

Johnstone (2011), and Seager et al. (2015); see also

results from Wang et al. (2010), cf. their Fig. 6d)].

However, a tropical signature is much more prominent

during the intervening years when large-scale ocean

temperature anomalies develop over the central

equatorial Pacific in conjunction with the meridional

orientation of the atmospheric dipole. Indeed, the

meridional orientation of the dipole corresponds to

the North Pacific Oscillation (NPO), which is driven in

part by the central Pacific SST structure during these

years (Furtado et al. 2012). It is most likely the tropical

influence during these intervening periods that gives

rise to the known relation between western United

States and central plains precipitation and the ten-

dency in central equatorial Pacific SSTs (Wang et al.

2010, 2014), which maximizes when the anomalous

state of the central equatorial Pacific itself is near

zero.

In summary, as noted in Anderson et al. (2016) the

evolution of the atmospheric height anomalies—

termed the Pacific decadal precession (PDP)—

appears to be driven by the formation of low-frequency

anomalies in the central equatorial Pacific, which in-

duces the southward migration of the western lobe of

the atmospheric dipole and the establishment of the

meridional NPO structure. What is less clear, how-

ever, is the mechanism that maintains the dipole

structure as the equatorial Pacific anomalies dissipate

and the dipole assumes a more zonal orientation. In-

deed, this dipole structure is as robust—and contrib-

utes more to annual precipitation accumulation

anomalies in the Northwest and the central plains—

during these years as it is when the central equatorial

Pacific anomalies are fully developed. While an in-

vestigation of this mechanism is ongoing, we simply

note that the robust relation of precipitation accu-

mulations across the northwestern United States to

precursor Pacific Ocean states suggests that enhanced

monitoring and prediction of these states can help

realize the PP of precipitation in these regions. In

particular, the recognition that precipitation accu-

mulations in the Northwest region tend to maximize

2–3 years after the dissipation of the central equatorial

Pacific temperature anomalies may provide long-lead

guidance on multiyear water availability in these

regions.

4. Summary

In the previous section we isolated the dominant time

scales at which potentially predictable changes in ob-

served precipitation characteristics occur over the con-

tinental United States and then analyzed sources of

revealed potentially predictable precipitation variations

for particular regions and time scales of interest. Given

the broad scope of the analyses, we use this section to

both synthesize these results and contextualize them

within the climatology of the various regions (Fig. 9).

Overall, we find the following:

d At all time scales except interannual, the PPV of

annual event occurrence is greater than the PPV of

either annual event intensity or annual accumulation.

PPV of annual accumulation tends to be relatively

strong (weak) at interannual (decadal to multideca-

dal) time scales, with respect to other time scales and

to the other two characteristics. By contrast, the PPV

of annual event intensity is relatively weak at in-

terannual time scales but enhanced at multidecadal

and secular trend time scales.
d Geographically, PPV of annual event occurrence at

different time scales shows divergent behavior as a

function of a given station’s climatology (Fig. 9a), with

multidecadal PPV highest over wet regions and lowest

over dry regions. These high PPV values tend to be

found across much of the eastern United States

(Fig. 1) and the Southwest. By contrast, interannual

PPV tends to be highest over dry regions and lowest

over wet regions except for the Northwest, where a

prominent quasi-biennial peak is present (Fig. 4a).
d In contrast to annual event occurrence, PPV of annual

event intensity at different time scales is relatively

insensitive to a given station’s climatology (Fig. 9b).

However, there are still coherent geographical struc-

tures to PPV, the most prominent of which includes a

notable absence of interannual to decadal PPV across

much of the plains, the Great Lakes, and the North-

east (Fig. 2), in contrast to the relatively high multi-

decadal PPV in those regions as well as the Southwest.
d Also, the PPV of annual accumulation at different

time scales shows a more nuanced relation with a

given station’s climatology (Fig. 9c). In particular, in-

terannual PPV tends to be higher both in relatively dry

(Southwest and central plains) and wet (Northwest

and Southeast) locations (Fig. 3). Interannual PPV

tends to be lower in more temperate climates (e.g., the

Northeast). By contrast, secular trends in PPV are

largest in these same regions. At multidecadal (and
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secular trend) time scales, PPV of annual accumula-

tion tends to decrease over wet regions, despite rela-

tively robust PPV of the individual precipitation

characteristics at these same time scales, suggesting

that at these longer time scales the potentially pre-

dictable changes in event occurrence and event in-

tensity tend to be of opposite sign.
d Further spectral disaggregation of overall PPV in

various locations suggests a robust signal in the inter-

and multidecadal (20–60 yr) time scale PPV of annual

precipitation occurrence over the Southwest, which

also appears to influence much of the southern Great

Plains and is most prominent at the terminus of the

monsoon season. Historical variations in precipitation

occurrence at these time scales are related to slowly

evolving base-state changes in the extratropical North

Pacific and accompanying large-scale atmospheric

circulations that are conducive to inducing onshore

flow of subtropical air masses into the Southwest.
d Similarly there is a robust signal in the quasi-decadal

PPV of annual precipitation accumulation over the

Northwest, which also appears to influence the In-

termountain West and the central plains and is most

prominent during extended boreal winter. Historical

variations in precipitation occurrence at these time

scales are related to a slowly evolving extratropical

atmospheric pressure dipole over the North Pacific that

rotates counterclockwise. In its meridional orientation

it resembles the NPO pattern, which in turn is co-

incident with warming/cooling over the central tropical

Pacific. However, in its zonal orientation—which is the

one that induces onshore and offshore flow and is most

strongly related to increased and decreased precipita-

tion accumulations in the Northwest and central

plains—there is near-zero ocean signal in either the

tropical or extratropical ocean basins. As such, it is still

unclear what mechanism sustains these circulation

features, which appear confined to the extratropics.

5. Conclusions and discussion

In this paper, we quantified the dominant time scales of

potentially predictable variations in observed pre-

cipitation characteristics over theUnited States. To do so,

we first simulated the variance associated with short-

memory meteorological processes using stationary sto-

chastic weather models (SSWMs) constructed from

observed station-based daily precipitation records. We

then calculated the potentially predictable variance

(PPV) as the fraction of the observed variance that can be

ascribed to climatic phenomena once the variance arising

from the stochastic evolution of typical meteorological

events has been subtracted out (Singh and Kripalani

1986). Since these are variance-based quantities, it is

possible to estimate the contribution of observed vari-

ance at different time scales to the overall PPV through

spectral decomposition. The spatio-spectral structure of

the PPV can then be used to isolate regions and time

scales that may be influenced by climate-induced changes

in the underlying precipitation-producing processes.

Overall, these observationally constrained estimates

suggest that the potential for predicting precipitation

variations in a given region is strongly dependent on the

FIG. 9. (a) Mean normalized potentially predictable fraction of

OCC [i.e., PP(OCC)] within a given frequency bin plotted as

a function of the climatological value of OCC [i.e., Clim(OCC)].

Mean PP(OCC) (y axis) and mean Clim(OCC) (x axis) calculated

as a running, 100-station mean along the sorted distribution of

Clim(OCC) values at all 774 stations across the United States.

Shading indicates the standard error on the estimated mean PP

(OCC). Frequency bins color coded by the color bar at the bottom

of the figure. (b) As in (a), but for SII. (c) As in (a), but for TOT.
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time scale of interest. At the same time, two case studies

for particular regions and time scales of interest (namely

20–60-yr time scale variations of annual precipitation

occurrence over the Southwest and approximately 10-yr

time scale variations of annual precipitation accumula-

tion over the Northwest) highlight the utility of using

PPV to isolate regions, time scales, and characteristics for

further analysis. As noted in the introduction, it would

be highly informative to evaluate these observationally

constrained estimates with similar results derived using

output from numerical models used to make climate fore-

casts, such as from short-term seasonal forecasting systems

or long-term climate simulation systems. Such analyses in

turn could 1) help assess sources of error in these forecasts

arising either from a lack of climate-induced precipitation

response and/or erroneous stochastic short-memory be-

havior within the models, 2) help develop observationally

constrained skill masks that can be applied to these fore-

casts, and 3) ultimately help quantify realizable ‘‘room for

improvement’’ between potential and actual precipitation

predictability (Kumar et al. 2014). Such work is ongoing

and will be reported in a subsequent manuscript.

Acknowledgments. This work was supported by the

National Science Foundation (AGS-0958907; received

by BTA, GDS, and DJSG) and Department of Energy

(DE-SC0006914; received by BTA, GDS, and DJSG).

APPENDIX

Normalization of PPV

In this paper, we estimated the contribution of ob-

served variance at different time scales to the overall PPV

through spectral decomposition. For presentation pur-

poses, in many cases we subsequently normalized these

values by the 90th percentile threshold (p , 0.10) value

derived from the cumulative distribution of potential

predictability values, as returned by 1000 stochastically

generated 801-yr records for that station. We do so be-

cause the unequal size of the frequency bins influences

the magnitude of PPV found within the bins. To see this

influence, Figs. S1–S3 in the supplemental material show

the actual PPV plotted against the normalized PPV for

the three precipitation characteristics (annual accumula-

tion, annual event occurrence, and annual event in-

tensity) and four frequency bins (2–7, 7–20, 20–40, and

401 yr21). Also shown are the p, 0.10 PP values for all

stations for the same precipitation characteristics and the

same frequency bins. Most importantly, there is a strong

linear relation between the actual PP values and the

normalized PP values (blue dots), indicating that the

presentation of normalized PP values throughout is not

unduly skewing the results. In addition, it can be seen that

while the observed PP values tend to decrease with de-

creasing frequency, as shown by the median value (blue

line), this decrease is influenced (in part) by the binning

itself, as shown by the accompanying decrease in stochas-

tically generated PP values within each bin, as represented

by the red dots and their median (red line). To remove this

artifact, we chose to normalize the observed PPV by the

p , 0.10 PPV, which in turn allows us to visualize where,

and at what time scales, observed PPV is highest in terms

of its significance. That said, if the reader is interested, it is

possible to convert the normalized PPV found in the

figures (for a given characteristic or frequency bin) to an

approximate nonnormalized PPV either visually using

Figs. S1–S3 in the supplemental material or numerically

using the linear approximation provided on the graphs.
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