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Summary
1. World-wide, climate change is altering precipitation amounts, variability and extremes (e.g.
droughts), and these changes are altering ecosystem structure and function. Precipitation manipulation experiments in terrestrial ecosystems around the world have identiﬁed many consequences of
altered precipitation regimes, but a lack of standardized protocols has complicated attempts to synthesize results from these studies. Thus, there is a clear need to identify standard, ecologically relevant
treatments that can be more easily compared across systems. Tools that facilitate comparisons of
precipitation statistics across sites would allow researchers to (1) optimize treatments for multi-site
precipitation studies and (2) place past and current experiments in the context of historical precipitation patterns.
2. To address these needs, we created the Terrestrial Precipitation Analysis package. This package is
comprised of the Precipitation Trends (P-Trend), Precipitation Attributes (P-Att) and Precipitation
Manipulation (P-Man) tools. Combined, these web tools allow researchers to easily calculate fundamental precipitation statistics for past, present and projected future precipitation regimes for any terrestrial location in the world.
3. The P-Trend tool allows researchers to visualize and download long-term precipitation, potential
evapotranspiration, and drought index records derived from a global gridded data set for any study
location. The P-Att tool allows researchers to characterize the general precipitation regime (including
extreme events) at any study site and obtain estimates of precipitation under a severe climate change
scenario. The P-Man tool calculates the proportional change in precipitation required to achieve any
level of precipitation extremity based on either long-term interpolated data or user-provided longterm, site-based precipitation records.
Key-words: climate change, drought, experiments, extreme events, monsoon, precipitation, web
tools
Introduction
Global climate models forecast that most terrestrial locations
will undergo changes in average precipitation amounts (IPCC
2014). Moreover, changes in mean precipitation values are also
linked to increased rainfall variability and more frequent
extremes (Trenberth et al. 2014); for example, a small reduction in mean annual precipitation can transform a 1/100-year
drought into a 6/100-year event. Such increased drought incidence and severity due to climate change have already been
conﬁrmed in North America and Europe (Vicente-Serrano

et al. 2014; Diﬀenbaugh, Swain & Touma 2015). Given that
increased rainfall variability and extremes can aﬀect ecosystems more and in diﬀerent ways than changes in mean precipitation (Knapp et al. 2002; Smith 2011), we must understand
how diﬀerent ecosystems respond to an increased frequency of
extreme precipitation events (e.g., extremely dry or wet years).
Unfortunately, the mechanisms underlying ecosystem sensitivity to precipitation extremes remain elusive in part because
there are no standardized methods for designing studies to
experimentally impose such extremes. Broadly speaking, both
observational and experimental methods are used to study precipitation extremes (Beier et al. 2012), and both methods have
drawbacks. Observational studies rely on post hoc recognition
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and deﬁnition of precipitation extremes and often suﬀer from
confounding covariates such as concurrent alterations in temperature. Experimental studies provide an improved, mechanistic understanding of extremes in precipitation, but they are
typically limited in scale and unreplicated spatially. Moreover,
comparing results from experiments is challenging because
there is no standardized method for determining the magnitude of rainfall alteration to simulate precipitation extremes.
Here, we deﬁne precipitation extremes as years in which annual
precipitation falls outside the normal range of interannual variability in precipitation. Extreme drought years, for example,
are those that fall below the 1% quantile of normal interannual
precipitation variability (Jentsch 2006; Smith 2011). Few
experiments impose treatments that meet this criterion (Smith
2011).
Experiments may fail to accurately simulate precipitation
extremes for several reasons. Accurately identifying a statistically extreme event requires long-term, site-speciﬁc annual precipitation data, but few locations have these data. In the
absence of long-term data, researchers may not have access to
or be aware of meteorological products that can help estimate
the relevant extreme treatments. Here, we present the Terrestrial Precipitation Analysis (TPA) web tool package, which
includes three web-based tools to characterize the past, current
and future precipitation regime of any terrestrial site worldwide: the Precipitation Trends tool (P-Trend), the Precipitation
Attributes tool (P-Att) and the Precipitation Manipulation
(P-Man) tool. These tools provide researchers with a standardized method for calculating fundamental statistics of past, present and future precipitation regimes that can be used to design
precipitation manipulation experiments at a single site, or
across multiple sites, that meet the criterion for an extreme precipitation regime. Designing multi-site experiments can be particularly challenging because the proportion of mean annual
precipitation (MAP) that must be removed or added to impose
a statistically based extreme varies widely along gradients of
MAP as well as among sites with similar MAP (Knapp et al.
2015). Importantly, our tool does not provide calculations of
other important features of drought (e.g. timing, duration).
However, our tool provides essential measures of drought to
all researchers at any terrestrial location.

Web tools description
R AND SHINY

TPA was built using R (R Development Core Team 2013) and
relies on several additional R packages: ‘ggplot’ (Wickham
2009), ‘raster’ (Hijmans 2015), ‘ncdf4’ (Pierce 2014), ‘plyr’
(Wickham 2011), ‘ggmap’ (Kahle & Wickham 2013) and ‘ggthemes’ (Arnold 2015). The interactive web interface was built
with Shiny (Chang et al. 2015).
DATA

P-Trend uses standardized precipitation-evapotranspiration
index (SPEI) maps of 05 degree resolution available from the
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National Center for Atmospheric Research (https://climatedataguide.ucar.edu/climate-data/standardized-precipitationevapotranspiration-index-spei). P-Trend also provides the precipitation and potential evapotranspiration (PET) data underlying SPEI from the CRU TS3.22 global gridded data set.
P-Att uses three global, 10-arc-min resolution BioClim data
sets: mean annual precipitation, mean precipitation of the
warmest quarter and mean precipitation of the wettest quarter
(Hijmans et al. 2005). Future projections of these variables in
the year 2080 under weak (RCP4.5), moderate (RCP6.0) and
severe (RCP8.5) climate change scenarios rely on the latest
versions of the BCC-CSM1, FIO-ESM, IPSL-CM5a-LR,
MIROC5, NCAR-CCSM4 and NIMR-HADGEM2-AO global circulation models (GCMs) available from the Climate
Change, Agriculture, and Food Security website (http://
www.ccafs-climate.org). We chose the year 2080 to balance a
relevant time period for climate change against the fact that
GCM predictions become less certain as time period increases.
P-Att also provides 05 degree resolution maps of 1%, 5% and
10% precipitation quantiles based on historical, interpolated
precipitation data from the CRU TS3.22, Willmott v3.01, and
GPCC v6 global gridded precipitation data sets.
P-Man requires no external data beyond user-supplied
information. Users provide site-speciﬁc monthly or annual
precipitation records that ideally should span at least 100 years
(see Use cases).
UNIT TESTING

All tools have undergone extensive unit testing. Time-series
output from P-Trend has been compared against long-term
precipitation records from multiple sites. Likewise, estimates
of mean precipitation output from P-Att were veriﬁed using
long-term precipitation measurements from multiple locations
(Fig. 1).

Use cases
ACCESSIBILITY

TPA is publicly and freely available at the Drought-Net website (http://www.drought-net.org) by clicking on the ‘Terrestrial Precipitation Analysis’ tab in the navigation menu.
PRECIPITATION TRENDS (P-TREND) – LONG-TERM
PRECIPITATION TRENDS IN THE ABSENCE OF STATION
DATA

We expect that many researchers will be interested in characterizing historical, long-term patterns in precipitation at their
study site. For any terrestrial location, P-Trend provides over
100 years of SPEI, precipitation and PET data at 05 degree
resolution. SPEI is a standardized index of precipitation at
each location that indicates the amount of water surplus or
deﬁcit relative to demand (Vicente-Serrano, Beguerıa &
Lopez-Moreno 2010). SPEI can be calculated using a variety
of temporal windows (i.e. based on 1–48 months of
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precipitation). P-Trend uses the one-month derivation of
SPEI as short-term temporal windows correlate best with
observed changes in vegetation (Vicente-Serrano et al. 2013).

Fig. 1. Observed mean annual precipitation (MAP) from long-term
data plotted against MAP calculated by the P-Att tool. Each point represents a unique site: Buenos Aires, Cheyenne (HPG), Helsinki, Konza
Prairie LTER, London, Madrid, Miami, SGS LTER and Washington
DC.

Monthly SPEI values are averaged over the year to provide
an aggregate value of water balance for each year beginning
in 1900. P-Trend also provides the time series of annual precipitation and potential evapotranspiration (PET) values
underlying each SPEI calculation and also returns the diﬀerence between precipitation and PET for each year.
The High Plains Grassland Research Station (HPG) near
Cheyenne, Wyoming provides an example of a site that does
not have a nearby meteorological station with 100 years of reliable precipitation data. We can obtain long-term precipitation
records for HPG by inputting the site longitude and latitude in
decimal degrees ( 10482, 4114) to P-Trend. The web tool
indicates that the site experienced prolonged water deﬁcits in
the 2000s, with the exception of two years. Annual precipitation
and PET have remained relatively constant since 1900, and precipitation has been consistently lower than PET (Fig. 2). All
output can be saved as a comma-delimited ﬁle by clicking the
‘Save Linked File’ hyperlink beneath the chart (Fig. 2).
PRECIPITATION ATTRIBUTES (P-ATT) – SUMMARY
STATISTICS OF LONG-TERM TRENDS AND FUTURE
PROJECTIONS

The P-Att tool describes the general precipitation regime
(mean annual precipitation, mean precipitation over the

Fig. 2. Screenshot of the P-Trend tool.
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wettest quarter, mean precipitation over the warmest quarter),
climate extremes (1%, 5% and 10% quantiles of annual precipitation), and future precipitation conditions for any terrestrial location. At HPG, mean annual precipitation is 386 mm
per year (Fig. 3) and mean precipitation over the warmest and
wettest quarters is 155 and 179 mm, respectively. A 70% reduction in precipitation results in 1159 mm of annual precipitation, 465 mm of rainfall during the warmest quarter and 537
mm of precipitation over the wettest quarter (Fig. 3).
P-Att provides projections of these three variables (annual
precipitation, precipitation of the warmest quarter, precipitation of the wettest quarter) in 2080 under three potential climate change scenarios: RCP 4.5, RCP 6.0 and RCP 8.5. These
scenarios depict weak, moderate and severe climate change,
respectively (IPCC 2014). In particular, RCP 4.5 models a
future where CO2 emissions peak in 2040 and decline afterwards, whereas emissions peak in 2080 under the RCP 6.0 scenario. Emissions continue to increase with no decline in RCP
8.5.
Models predict that severe climate change will result in a
mean annual precipitation of 40867  5391 mm at HPG in
2080 (Fig. 3). However, model predictions vary considerably.
The driest model, NIMR-HADGEM2-AO, returns an estimated 307 mm of annual rainfall (20% reduction), while the
wettest model, NCAR-CCSM4, predicts that HPG will receive
463 mm (20% increase) (Fig. 3).
Although the precipitation maps describe mean precipitation patterns near HPG, they do not convey the information
necessary to design experiments focused on precipitation
extremes. To this end, P-Att provides maps for the 1%, 5%
and 10% quantiles of annual precipitation as estimated from
the CRU TS3.22, Willmott v3.01 and GPCC v6 global gridded
precipitation data sets. These data sets provide interpolated,
100-year precipitation records that can be used to calculate the
extreme quantiles of annual precipitation values. At HPG,
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these quantiles are 234 mm, 273 mm and 290 mm of rainfall
per year, which correspond to reductions of 40%, 30% and
25% from mean annual precipitation, respectively.
PRECIPITATION MANIPULATION (P-MAN) – FOR WHICH
LONG-TERM PRECIPITATION DATA ARE AVAILABLE

The P-Man tool allows users to input annual or monthly precipitation records to determine the rainfall reduction or addition needed to achieve the desired extreme event. Speciﬁcally,
P-Trend uses empirical quantile functions to calculate quantiles for any given data set. While such functions may be less
accurate than probability density functions when the distribution is known (Modarres, Nayak & Gastwirth 2002), rainfall
data often do not conform to a normal or log-normal distribution. Therefore, we use empirical functions to avoid inaccurate
quantile estimates due to model selection error (Modarres,
Nayak & Gastwirth 2002). Users without 100 years of data are
able to use P-Trend to estimate quantiles; however, estimates
of extreme quantiles (<005 or >095) are highly biased at small
sample size, yielding errors of 5% or more (Modarres, Nayak
& Gastwirth 2002). Therefore, users who input a data set
containing < 100 years of data will receive a warning that time
series of inadequate length may yield inaccurate quantiles.
Konza Prairie LTER has 100 years of annual rainfall
records from a nearby weather station in Manhattan, Kansas,
available from the NOAA National Climatic Data Center.
Prior to use, precipitation data were cleaned into a format
readable by the P-Man tool and saved as a comma-delimited
ﬁle (Table 1). Files should contain either two or three columns
for annual or monthly data, respectively. If data are monthly,
month integers should be included as the second column. Data
are uploaded to P-Man via a graphical user interface.
Based on our deﬁnition of extreme drought, we identiﬁed
the 1% quantile as our desired precipitation extreme (Fig. 4).

Fig. 3. Screenshot of the P-Att tool.
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P-Man returns a time series of annual precipitation (top graph)
and histogram of annual precipitation with a vertical, dashed
line denoting the desired quantile (Fig. 4). The 1% quantile of
annual precipitation near Manhattan, Kansas, is 410 mm,
which requires a 51% reduction from mean annual precipitation (Fig. 4). Monthly data are processed in the same manner
described above, except users can select particular months if

Table 1. First and last ten records for annual precipitation of Manhattan, Kansas, near the Konza Prairie LTER. Column names are irrelevant for P-Man, but column order matters
Year

Precipitation

1900
1901
1902
1903
1904
1905
1906
1907
1908
1909
..
.
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015

734
6232
12119
10213
8651
8561
9128
7232
11184
11117
..
.
8093
11393
10997
9836
8475
840
5566
8829
7803
3996

the experimental focus is on particular time of year, such as
growing season.

Known issues and future improvements
Although we use the most recent and advanced data possible,
several issues related to the coarse resolution of the global gridded data sets (CRU TS3.22, Willmott v3.01 and GPCC v6)
arise consistently. Data sets have a 10-min or 05 degree resolution, which cannot capture ﬁne-scale topographic variation.
For example, the 1% quantiles and 100-year precipitation values are not well resolved in areas of high topographic complexity and spatial heterogeneity in precipitation. In some
mountainous regions, mean annual precipitation estimated
from the 100-year precipitation data provided by P-Trend can
be half or twice as much as the 10-arc-min estimates provided
by BioClim. Secondly, the 05 degree data are not well resolved
along coastlines, and numerous users have entered coordinates
that fall on a coastal corner between two cells. Finally, PET
data from the CRU TS3.22 data set are not available in all
locations, and some regions have 100-year time series for precipitation but not for PET. These issues do not negate the utility of TPA, but we suggest that users who are interested in
topographically complex areas interpret results with caution
until these issues can be resolved.
Additionally, global circulation models, such as those used
for climate projections in TPA, introduce systematic biases
that require adjustment before use at the local scale (Piani
et al. 2010). Therefore, projections of annual precipitation
under future climates should be considered rough estimates
and not used to design studies that accurately simulate future
conditions. Finally, although we have tested estimates of

Fig. 4. Screenshot of P-Man tool.
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mean annual precipitation derived from P-Att against local
data, further data validation is required. In particular, PTrend data need to be validated to determine the accuracy
interannual estimates of precipitation in areas of varying
topographic complexity.
TPA is an organic project that evolves and improves over
time as better data or methods become available. We are currently working to resolve the issues mentioned above with a
single solution. We are in the process of downscaling the 05
degree gridded data sets to high-resolution, 10-arc-min maps
using inverse distance weighted algorithms constrained by the
BioClim estimates of mean annual precipitation. Data underlying the P-Trend tool will be downscaled in every year in order
to produce a high-resolution map of precipitation quantiles.
Further improvements include a quantile slider in the P-Att
tool which would allow the user to select the desired precipitation quantile ranging from 1% to 99% as opposed to restricting users to only the 1%, 5% and 10% quantiles, a redesigned
user interface based on JavaScript and HTML5, an improved
Python-based backend, and user registration powered by
PHP.

Conclusions
The TPA web tool provides researchers and educators the
capability to describe precipitation patterns at any terrestrial
site world-wide. By providing a uniﬁed framework and
method for determining the precipitation threshold that constitutes a precipitation extreme for any terrestrial site on the
globe, TPA will enhance our ability to conduct timely, comparable experiments and, by extension, enable us to determine how ecosystems diﬀer in their response to climate
extremes. In addition, TPA allows researchers to characterize
the precipitation regime of past and future studies in which
precipitation may play an important role, for example
drought, biodiversity–ecosystem function, carbon cycling and
herbivore impacts on productivity. Please cite this article if
the TPA package is used to design an experiment or characterize the precipitation regime at your study site.
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P-Att uses three global, 10-arc-min resolution BioClim data sets
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(http://worldclim.org/bioclim). Future projections of these variables in
the year 2080 under weak (RCP4.5), moderate (RCP6.0) and severe
(RCP8.5) climate change are available from the Climate Change, Agriculture, and Food Security website (http://www.ccafs-climate.org/). All
data are freely available with no access restrictions.

References
Arnold, J.B. (2015) ggthemes: extra themes, scales, and geoms for ‘ggplot2’.
Beier, C., Beierkuhnlein, C., Wohlgemuth, T., Penuelas, J., Emmett, B., K€
orner,
C. et al. (2012) Precipitation manipulation experiments – challenges and recommendations for the future. Ecology Letters, 15, 899–911.
Chang, W., Cheng, J., Allaire, J., Xie, Y. & McPherson, J. (2015) shiny: web
application framework for R.
Diﬀenbaugh, N.S., Swain, D.L. & Touma, D. (2015) Anthropogenic warming
has increased drought risk in California. Proceedings of the National Academy
of Science USA, 112, 3931–3936.
Hijmans, R.J. (2015) raster: geographic data analysis and modeling.
Hijmans, R.J., Cameron, S., Parra, J., Jones, P. & Jarvis, A. (2005) Very high resolution interpolated climate surfaces for global land areas. International Journal of Climatology, 25, 1965–1978.
IPCC. (2014) Summary for policymakers.
Jentsch, A. (2006) Extreme climatic events in ecological research. Frontiers in
Ecology and the Environment, 4, 235–236.
Kahle, D. & Wickham, H. (2013) ggmap: spatial visualization with ggplot2. R
Journal, 5, 144–161.
Knapp, A.K., Fay, P.A., Blair, J.M., Collins, S.L., Smith, M.D., Carlisle, J.D.
et al. (2002) Rainfall variability, carbon cycling, and plant species diversity in a
mesic grassland. Science, 298, 2202–2205.
Knapp, A.K., Hoover, D.L., Wilcox, K.R., Avolio, M.L., Koerner, S.E., La
Pierre, K.J. et al. (2015) Characterizing diﬀerences in precipitation regimes of
extreme wet and dry years: implications for climate change experiments. Global
Change Biology, 21, 2624–2633.
Modarres, T., Nayak, T. & Gastwirth, J. (2002) Estimation of upper quantiles
under model and parameter uncertainty. Computational Statistics and Data
Analysis, 39, 529–554.
Piani, C., Weedon, G.P., Best, M., Gomes, S.M., Viterbo, P., Hagemann, S. &
Haerter, J.O. (2010) Statistical bias correction of global simulated daily precipitation and temperature for application of hydrological models. Journal of
Hydrology, 395, 199–215.
Pierce, D. (2014) ncdf4: interface to Unidata netCDF (version 4 or earlier) format
data ﬁles.
R Development Core Team. (2013) R: a language and environment for statistical
computing.
Smith, M.D. (2011) An ecological perspective on extreme climatic events: a synthetic deﬁnition and framework to guide future research. Journal of Ecology,
99, 656–663.
Trenberth, K.E., Dai, A., van der Schrier, G., Jones, P.D., Barichivich, J., Briﬀa,
K.R. & Sheﬃeld, J. (2014) Global warming and changes in drought. Nature
Climate Change, 4, 17–22.
Vicente-Serrano, S.M., Beguerıa, S. & Lopez-Moreno, J.-I. (2010) A multi-scalar
drought index sensitive to global warming: the standardized precipitation
evapotranspiration index – SPEI. Journal of Climate, 23, 1686–1718.
Vicente-Serrano, S.M., Gouveia, C., Camarero, J.J., Beguerıa, S., Trigo, R.,
L
opez-Moreno, J.-I. et al. (2013) Response of vegetation to drought timescales across global land biomes. Proceedings of the National Academy of
Sciences USA, 110, 52–57.
Vicente-Serrano, S.M., Lopez-Moreno, J.-I., Beguerıa, S., Lorenzo-Lacruz, J.,
Sanchez-Lorenzo, A., Garcıa-Ruiz, J.M. et al. (2014) Evidence of increasing
drought severity caused by temperature rise in southern Europe. Environmental Research Letters, 9, 044001.
Wickham, H. (2009) ggplot2: elegant graphics for data analysis.
Wickham, H. (2011) The split-apply-combine strategy for data analysis. Journal
of Statistical Software, 40, 1–29.
Received 25 March 2016; accepted 14 April 2016
Handling Editor: Timoth
ee Poisot

© 2016 The Authors. Methods in Ecology and Evolution © 2016 British Ecological Society, Methods in Ecology and Evolution, 7, 1396–1401

