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ABSTRACT: Many tropical islands have limited water resources with historically increasing demand, all potentially affected
by a changing climate. The effects of climate change on island hydrology are difficult to model due to steep local precipitation
gradients and sparse data. This work uses 10 statistically downscaled general circulation models (GCMs) under two greenhouse
gas emission scenarios to evaluate the uncertainty propagated from GCMs in projecting the effects of climate change on
water resources in a tropical island system. The assessment is conducted using a previously configured hydrologic model,
the Precipitation Runoff Modelling System (PRMS) for Puerto Rico. Projected climate data and their modelled hydrologic
variables versus historical measurements and their modelled hydrologic variables are found to have empirical distribution
functions that are statistically different with less than 1 year of daily data aggregation. Thus, only annual averages of the
projected hydrologic variables are employed as completely bias-corrected model outputs. The magnitude of the projected
total flow decreases in the four regions covering Puerto Rico, but with a large range of uncertainty depending on the makeup
of the GCM ensemble. The multi-model mean projected total flow decreases by 49—88% of historical amounts from the 1960s
to the 2090s for the high emissions scenarios and by 39—79% for the low emissions scenarios. Subsurface flow contributions
decreased the least and groundwater flow contributions decreased the most across the island. At locations critical to water
supply for human use, projected streamflow is shown to decrease substantially below projected withdrawals by 2099.
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1. Introduction

Understanding the potential consequences of climate
change for water resources is critical for national, regional,
and local decision-makers. Global studies find that current
water use is probably unsustainable, but point out large
regional and local uncertainties depending on climatic
and human consumption trajectories (Alcamo et al., 2007,
Hejazi et al., 2013). Furthermore, water management
decisions are made on a smaller scale than global, thus
water resource projections at regional scales are needed to
inform decisions. Regional studies are especially needed
in the tropics, because humid tropical regions have high
hydrological energy inputs and are therefore likely to
have higher rates of hydrologic-induced transformation
resulting from climate change (Huntington, 2006; Wohl
etal., 2012). Any reduction in water resources could
result in serious consequences for these regions because
many island systems are dependent on surface waters

* Correspondence to: A. E. Van Beusekom, USDA Forest Service, Jardin
Boténico Sur, 1201 Calle Ceiba, International Institute of Tropical Fore.
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for domestic, industrial, agricultural, and energy needs
as well as for maintaining ecosystem functions. In addi-
tion, limited available land, high population densities,
and often-inadequate governmental resources add to the
challenge of managing water (Bonell ez al., 2005).

There are many difficulties in developing much-needed
hydrologic models of future streamflow in these systems.
The steep topography found on many tropical islands
results in rapid runoff that is highly variable both in space
and time (Bonell et al., 2005). The complexity of tropical
island runoff is compounded by the fact that rainfall often
varies drastically over short distances. Across Puerto Rico
for example (an island located in the northeast Caribbean),
annual rainfall can consistently vary from less than 1 m
to nearly 5m over distances of 10—15km (Daly et al.,
2003). Hydrologic models are driven by regional-scale
downscaled climate projections that are relied upon to
provide detailed information that global-scale general
circulation models (GCMs) cannot resolve. Because the
regional-scale downscaled climate projections are highly
uncertain, especially when trained on only sparse climatic
data, it is imperative to develop the hydrologic projections
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Figure 1. Map of Puerto Rico with geographic locations. The black lines on each map divide the island into four climate regions and the HRUs are
outlined.

with a reliable temporal resolution (Chen et al., 2012;
Hay et al., 2014). This process is neither straightforward
nor simple and can involve layers of modelling wherein
assumptions and uncertainty are propagated along the
chain of processes (Pappenberger and Beven, 2006). The
ideal outcome of the modelling effort is new information
that sheds light on possible consequences of climate
change along with an understanding of the uncertainty
and the potential value of this information for further
research and decision-making. The uncertainty cascade
in the assessment of climate change impacts starts with
the emission scenarios, and propagates downward to the
GCM initial conditions, the GCM model structure, and
the downscaling technique, and further to the hydrologic
model structure and hydrologic model parameters (Wilby
and Harris, 2006; Addor et al., 2014; Vano et al., 2014).
This study does not attempt to address the entire uncer-
tainty cascade, but addresses an important and manageable
component using a top-down uncertainty assessment with
a pre-existing hydrologic model.

This study projects changes in water resources for
the tropical island of Puerto Rico after assessing the
uncertainty propagated from statistically downscaled
GCMs to a hydrologic model. A distributed-parameter
process-based hydrologic model was previously config-
ured and calibrated for Puerto Rico using historical climate
and streamflow data (Van Beusekom ef al., 2014). In this
study, hydrologic fluxes from the hydrologic model driven
by climate projections are compared to the hydrologic
fluxes from the model driven by climate observations, and
the results are used to present the most reliable temporal
resolution of the hydrology under two climate change
scenarios. Future hydrology is examined at locations
critical to the water supply on the island to explore the
possible timing of hydrological regime changes that
would result in substantial consequences for water use and
management.

Published 2015. This article is a U.S. Government work and is in the public domain in the USA.

2. Study area

Puerto Rico is the smallest of the Greater Antilles Islands,
located in the northeastern Caribbean Sea. The main island
is approximately 8900 km? with a thin strip of coastal
plains, 8—16 km wide, surrounding steep igneous upland.
Orographic effects are a major control on temperature
and precipitation. There are four mountain ranges within
Puerto Rico (Figure 1). Three of these mountain ranges
comprise the Cordillera Central, which has a maximum
elevation of 1300 m. Maximum elevation of the Luquillo
Mountain range, where the highest annual rainfall occurs,
is 1100 m. These mountain ranges naturally divide Puerto
Rico into four climatic regions: a moderately wet region
north of the Cordillera Central, a dry region south of the
Cordillera Central, a wet region east of the Cordillera Cen-
tral surrounding the Luquillo Mountains, and a moderately
wet region west of the Cordillera Central (Van Beusekom
etal.,2014).

Puerto Rico follows the Caribbean weather pattern cre-
ated by the easterly trade winds from the Atlantic Ocean.
In general, the Caribbean rainfall season is bimodal, with
an early rainfall season from May to June and a late rain-
fall season from August to November. The island-wide
dry season is from January to April. The rainfall seasons
are a result of the eastward extension of a warm pool of
sea surface temperature, with the dry season onset occur-
ring when the North Atlantic Subtropical High (NASH)
pressure system extends into the region and suppresses
convection (Giannini et al., 2000). Much of the short-term
climatic variability is driven by ENSO (El Nifio-Southern
Oscillation) events (Angeles et al., 2007). Temperatures in
Puerto Rico are fairly constant spatially and temporally
(Daly et al., 2003).

In Puerto Rico, over 85% of public water supply comes
from surface waters, most of which are stored in reser-
voirs (Molina-Rivera and Gémez-Gémez, 2008). Pop-
ulation on the island has been decreasing since 1998,
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but water use has continued to grow (Molina-Rivera and
Gbémez-Gomez, 2008). The locations for new reservoirs
on the island are limited with the best hydrological sites
already occupied (Hunter and Arbona, 1995). The largest
city, San Juan, gets most of its water from two of these
reservoirs: Lago La Plata, built in 1974, with a drainage
area of 291 km?; and Lago Loiza (also known as Lago
Carraizo) built in 1953, with a drainage area of 331
km? (http://pr.water.usgs.gov/public/rt/pr_lakes). In 1995,
about 35% of the drinking water came from Lago La
Plata and 49% from Lago Loiza (Angulo et al., 2011). See
watersheds and locations in Figure 1.

Island-wide water-use allocation pressures exerted on
these water resources to meet competing human and envi-
ronmental needs are tremendous. In past years during peri-
ods of pronounced drought, reduced streamflow resulted
in hundreds of millions of dollars in agricultural losses
and year-long water rationing that caused public health
concerns for hundreds of thousands of people (Larsen,
2000). Furthermore, it is advisable that some streamflow
is allowed to reach the ocean in order to maintain coastal
riparian continuity for migratory aquatic species, main-
tain the health of mangrove and other wetlands and the
ecosystem functions they provide, maintain recreational
and cultural resources, and maintain viable populations
of amphidromous fish species (Cintron et al., 1978; Neal
et al., 2009; Cooney and Kwak, 2013). Adequate levels to
maintain sustainable habitats and other ecosystem services
provided by freshwater have been systematically quanti-
fied in only a few watersheds (Benstead et al., 1999).

3. Methods

3.1

Previously in Van Beusekom ef al. (2014), a hydrologic
model was configured with measured station data (MSD)
of daily precipitation and maximum and minimum tem-
perature from 46 weather stations in the National Weather
Service Cooperative Observer Network across Puerto
Rico. A multiple linear regression method (Hay eral.,
2006) was used by Van Beusekom et al. (2014) to spatially
distribute the daily climate data (measured or projected)
from the observing network locations to each hydrologic
response unit (HRU) in Puerto Rico based on the longi-
tude, latitude, and elevation of the HRU, with different
coefficients for each month.

The coefficients in the regression model were derived
using mean monthly climate variables calculated at each
HRU using Parameter-elevation Regressions on Indepen-
dent Slopes Model (PRISM; Daly et al., 2003) data. The
coefficients have been derived using historical climate sta-
tion data. The method using PRISM was implemented
because of the poor quantity and quality of the available
data. Several dominant regression relations in Puerto Rico
were found with the PRISM data. These were consis-
tent with the four climatic regions defined by the moun-
tain ranges described earlier. Therefore, Puerto Rico was
divided into four climatic regions (referred to as the North,

Climate input for the hydrologic model

Published 2015. This article is a U.S. Government work and is in the public domain in the USA.

South, East, and West) and regression equations were cal-
culated for each of the four regions (see Figure 1 for geo-
graphic outlines of the regions). Other researchers have
identified similar climate regions in Puerto Rico (e.g.
Carter and Elsner, 1997; Harmsen et al., 2004). The four
climatic regions resulted in four separate hydrologic mod-
els for Puerto Rico that were parameterized and calibrated.
The total drainage areas for the North, South, East, and
West regions are 3700, 2625, 1265, and 1632 km?, respec-
tively. Owing to the greater areal extent of the North
region, changes in surface-water flow in the North region
will have the largest impact on total flow for Puerto Rico.
For more information see Van Beusekom et al. (2014).

The projected daily climate variables used as inputs
must be derived from downscaled GCMs because the
original GCMs cannot resolve local precipitation gradi-
ents. The two primary downscaling approaches, statistical
and dynamical, introduce different types of uncertainties
and biases (Fowler et al., 2007). Dynamical downscaling
uses the output from GCMs to provide the boundary
conditions for higher resolution numerical models, thus
making it possible to simulate climate variables at a high
resolution and also to explicitly resolve more atmospheric
processes (such as convection) and dynamic features
(e.g. hurricanes; Zhao et al., 2009). However, dynamical
downscaling is computationally expensive, and any large
GCM biases will still be retained. To date, dynamical
downscaling has not been performed at the spatial resolu-
tion necessary to resolve the convective processes that are
responsible for most precipitation on Puerto Rico.

Statistical downscaling assumes that a stationary (i.e.
time invariant) relationship exists between global and
regional climate characteristics, which can be used to build
an empirical model to predict local climate characteris-
tics based on coarse-scale GCM output (Fowler et al.,
2007). This method is much less computationally expen-
sive than dynamical downscaling and therefore can more
easily be deployed across large ensembles of GCMs. Sta-
tistical downscaling allows for more robust characteri-
zations of GCM structural uncertainty (Terando et al.,
2012). However GCM biases, such as inaccurate tempo-
ral Caribbean precipitation patterns from using coupled
atmosphere—ocean GCM outputs (discussed in Ryu and
Hayhoe, 2013), could also be propagated to the local
downscaled output. Furthermore, tropical islands pose
serious challenges for the successful deployment of sta-
tistical downscaling techniques due to the sparse mete-
orological station network, steep precipitation gradients,
poor data quality, and the lack of a definitive mechanis-
tic relationship between large-scale atmospheric predictors
and local precipitation (Bonell et al., 2005; Douville et al.,
2006; Gutmann et al., 2014).

Stoner etal. (2013) statistically downscaled GCM
output to increase the resolution of the climate projec-
tions to Puerto Rico weather station locations using the
Asynchronous Regional Regression Model (ARRM). The
ARRM is based on quantile regression, which matches
quantiles of the observed and simulated time series, while
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Figure 2. Overview of the PRMS conceptualization of basin components and fluxes (Source: Markstrom et al., 2008).

also using a piecewise regression model to improve repro-
duction of extremes in the daily distribution (Koenker and
Bassett, 1978). For precipitation, a mixture model cluster-
ing approach that includes non-homogeneous transition
probabilities to model the occurrence and intensity of
daily precipitation was used (Vrac and Naveau, 2007).

For this study, the ARRM outputs from ten GCMs
(CCSM, CGCM3_T47, CGCM3_T63, CNRM,
ECHAMS, ECHO, GFDL_2.0, GFDL_2.1, HADCM3,
and PCM), developed as part of the Third and Fourth
Assessment Reports of the Intergovernmental Panel on
Climate Change (IPCC; Nakicenovic et al., 2000), were
used, with two greenhouse gas emissions scenarios, A2
(higher future emissions) and B1 (lower future emissions).
The ARRM outputs only exist at those weather station
locations that met the downscaling culling criteria of
more than 3650 total observations and more than 200
observations for each of the 12 months in the MSD from
1980 to 1999. As a result, ARRM outputs are not available
for 18 of the 46 observing stations for temperature and
downscaled precipitation values are not available for 6 of
the 46 stations. However, the available stations are still
evenly distributed over the island.

3.2. Hydrologic model overview

The Precipitation Runoff Modelling System (PRMS)
was used to simulate land-surface hydrologic processes

Published 2015. This article is a U.S. Government work and is in the public domain in the USA.

in Puerto Rico, including evapotranspiration, runoff,
infiltration, interflow, and soil moisture on the basis of
spatially distributed daily inputs of precipitation and
maximum and minimum temperature, as well as land
cover and other characteristics as documented in Van
Beusekom et al. (2014). PRMS is a modular, determin-
istic, distributed-parameter, process-based hydrologic
model used to simulate the generation of streamflow from
surface flow, subsurface flow, and groundwater flow con-
tributions (Figure 2). The reader is referred to Leavesley
et al. (1983) and Markstrom et al. (2008) for a complete
description of PRMS. Model results are calibrated to
match measured daily stream gage flows, mean monthly
solar radiation, and monthly potential evapotranspiration
data. A multi-step, multi-objective function scheme is
used to calibrate water balance, daily timing, daily high
and low flows, incoming solar radiation, and potential
evapotranspiration, for physically based parameters that
have a range of plausible values (Hay and Umemoto,
2006). Owing to large reported error for the streamflow,
a ‘best gage’ was selected for each region based on model
ability to reproduce monthly water balances, and the
(daily) PRMS model was calibrated with error bars on
this gage for each region. The use of dynamic land cover
parameters over static ones was shown to improve the
model performance. For more details, see Van Beusekom
etal. (2014).

Int. J. Climatol. (2015)
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Figure 3. Annual simulated total flow using MSD and dynamic land cover parameters for the North, South, East, and West regions.

The spatially distributed parameter capabilities of
PRMS are provided by partitioning the watershed into
HRUs (Figure 1). The HRUs are determined by defining
a set of Points of Interest (POIs; stream gages, reser-
voir and lake outflows, and major river confluences),
aggregating the minimally sufficient set of flow lines
needed to connect each hydrologically consecutive pair
of POIs into a single routing segment, and dividing the
local contributing area associated with the segment into
‘left-bank’ and ‘right-bank’ HRUs (Viger and Bock,
2014). For the PRMS application there are 489 HRUs
over the four hydrologic regions. Each HRU is assumed to
be homogeneous with respect to its hydrologic response.
PRMS is conceptualized as a series of reservoirs (soil
zone, shallow subsurface, and groundwater; see Figure 2)
whose outputs combine to produce runoff. For each HRU,
a water balance is computed each day and an energy
balance is computed twice a day. Surface, subsurface, and
groundwater flows from each HRU are routed to an asso-
ciated stream network for total flow. Once in the network,
water is routed to the basin outlet (or the coast, in the case
of this study). In this paper, total flow is the total local flow
produced at each geographical location, and streamflow is
the routed total flow through each geographical location
(depth of flow versus rate of flow).

Van Beusekom et al. (2014) showed that the PRMS
model performance improved in basins that were highly
modified (by humans) when dynamic land cover change
was implemented. Thus, in this study the models driven
with the MSD and ARRM use dynamic land cover input
with parameters changing on a yearly basis until year
2012. After 2012, the land cover is held constant, as there
are no currently available future projections of land cover.
The magnitude of the historical interannual variability
for each region can be seen in Figure 3 for total flow for
years 1953-2012 using MSD and dynamical land cover
(see Figure S1, Supporting Information for the details of
the flow components). Flow shown includes water that
routes directly to the ocean without routing to a stream
first, where it would be more readily useable as drinking
water. Van Beusekom ef al. (2014) excluded flow that
routes directly to the ocean. In the North region, 26% of
the area routes directly to the ocean; in the South region,
59%; in the East region, 22%; and in the West region,
13% (this does not mean this percentage of regional flow
routes directly to the ocean as each ocean-routed HRU

Published 2015. This article is a U.S. Government work and is in the public domain in the USA.

contributes different amounts of flow to the regional flow
on a daily basis).

3.3. Differences in variables from models driven with
historical climate and with downscaled GCMs

To evaluate the differences in models driven with histori-
cal climate and those driven with downscaled GCMs, the
daily climate variables (maximum temperature, minimum
temperature, precipitation) from the ARRM outputs down-
scaled from the ten GCMs and from the MSD were spa-
tially distributed to the 489 HRUs with the multiple linear
regression method previously described (Van Beusekom
et al.,2014), for the period spanning 1961—-1999. The cal-
ibrated hydrologic model in each region (North, South,
East, and West) was then run for each of the ten cli-
mate models and the observations with 1 year of model
initialization, resulting in the comparison of 14 244 days
of hydrologic variables (total flow, surface flow, subsur-
face flow, and groundwater flow) for each HRU. Then,
the estimated shape parameters (mean, variance, skewness,
kurtosis) of the empirical distributions of the ARRM ver-
sus MSD-driven hydrologic model output were compared.
The comparison was used to identify potential sources
of uncertainties, and uncertainties in projected hydrologic
changes.

The non-parametric two-sample Kolmogorov—Smirnov
(KS) test (Conover, 1971) was used to evaluate how many
days of each historical climate and hydrologic variable in
each HRU must be aggregated to accept the null hypothesis
that the datasets resulting from the MSD and the ARRM
are from identical populations (Hay et al., 2014). The KS
test finds the maximum distance between two empirical
cumulative distribution functions, and is sensitive to dif-
ferences in both central tendency and distribution shape. In
this study, the null hypothesis was rejected if the p-value
was less than 0.01. Ties in the non-continuous distributions
were resolved using the permutation method which adds a
small amount of noise to the data (Prastgaard, 1995). The
KS test results supplied a measure of the temporal resolu-
tion of the models driven by the ARRM, and also allowed
for selection of models to include in the ensemble ‘best
flow GCMs’. Those included are the GCMs in which the
KS tests comparing MSD-driven PRMS models and the
ARRM-driven PRMS models reported p-values of 0.01 or
greater for all flow variables (total, surface, subsurface, and

Int. J. Climatol. (2015)
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Figure 4. Annual simulated streamflow using MSD and dynamic land cover parameters and measured streamflow at gages at dams on Lago La Plata
and Lago Loiza. The measured streamflow includes withdrawals and the simulated streamflow does not include withdrawals.

groundwater flow) in at least 75% of the region in a year
of data aggregation or less.

3.4. Climate model ensembles for driving PRMS
simulations

PRMS simulations for each region were run with the
ARRM and ensemble averages of the annual flow vari-
able outputs were calculated for years 1962-2099 for the
A2 and BI1 scenarios. Because there is large uncertainty
in GCMs it is recommended to always use some ensem-
ble of GCMs (not a single GCM) (Todd et al., 2011),
and to present the range of GCMs for a simplified mea-
sure of the uncertainty in the projections (Stainforth et al.,
2007). Three types of ensembles were used that represent
the tradeoffs between maximizing ensemble size to better
characterize structural uncertainty across GCMs, and max-
imizing the accuracy of the ensemble projection by culling
models that fail to meet some criteria. The three ensem-
ble combinations used to calculate model-averaged annual
flow for Puerto Rico consisted of (1) all GCMs (n=10),
(2) only the GCMs culled to ‘best flow GCMs’ as deter-
mined by KS tests in each region (n =0, 2, or 5 depending
on the region), and (3) only the GCMs culled to ‘bimodal
precipitation GCMs’ (n=2) as determined by those that
simulate the timing and magnitude of the bimodal sea-
sonal cycle of Puerto Rico precipitation (Ryu and Hayhoe,
2013). The year 1961 was used to initialize the PRMS
model. Ten-year moving averages of the annual projec-
tions were calculated, so that the long-term trends were
apparent.

3.5. Estimated withdrawals at critical water supply
locations

In order to explore future water supply at critical loca-
tions, the projected withdrawals at the reservoirs of Lago
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La Plata and Lago Loiza were estimated and the projected
streamflow leaving the reservoirs was simulated. The
measured streamflow leaving each reservoir at the gages
for years 1953—2012 is shown in Figure 4, which necessar-
ily includes withdrawals. The simulated historical stream-
flow using MSD and dynamic land cover parameters at
USGS gages 50045010 and 500059050 at dam sites on
Lago La Plata (a point on the river before the dam was
built) and Lago Loiza, respectively, are also shown in
Figure 4. The streamflow leaving each reservoir was sim-
ulated without upstream and reservoir withdrawals, which
are unknown. This figure shows the magnitude of the his-
torical interannual variability in the streamflow at these
locations, as well as allowing for an estimation of the
withdrawals upstream of the two gages for the common
overlap period between simulation and observations, years
1990-2012.

4. Results

4.1. Differences and temporal resolution of hydrologic
models driven by downscaled GCMs

The empirical distributions of the HRU-temperatures
derived from the MSD and ARRM have similar shape
parameters (Table 1). However, the ARRM outputs down-
scaled from most GCMs and in most HRUs over-predict
the mean amount of historic precipitation from the MSD,
and the ARRM outputs downscaled from all GCMs and
in all HRUs have very high variance compared with the
historic precipitation from the MSD. These shape biases
are propagated through the hydrologic variables of total
flow and the components of surface, subsurface, and
groundwater flow (Table 1).

The shape differences in each percentile of the empiri-
cal distributions of precipitation are largest for the North

Int. J. Climatol. (2015)
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Table 1. Summary of distribution shape biases in models using
MSD and ARRM.

Variable Median HRU AARM-MSD difference

for average of all downscaled GCMs

Mean Variance Skewness  Kurtosis
Maximum temp.  0.13°C 0.68°C? —0.04°C3 0.08°C*
Minimum temp.  0.16°C 0.98°C?> 0.01°C? 0.05°C*
Precipitation 2% 76% -29% —52%
Total flow 22% 85% —-30% —47%
Surface flow 20% 77% —-30% —49%
Subsurface flow 18% 137% —26% —41%
Groundwater flow  60% 135% 5% 16%

region by absolute value but are similar, in direction by
percentile across all regions (Figure 5). Model biases of
zero in the lower percentiles (<30th percentile) indicate
that at least 30% of the days are dry for both the MSD and
ARRM outputs. The ARRM results show increasing pos-
itive median biases from the 30th to the 60th percentile,
indicating that the ARRM simulations tend to overestimate
the smaller events relative to the MSD. The larger precip-
itation events (events greater than the 80th percentile) are
also overestimated by the ARRM.

The distributions of (modelled and observed) daily
precipitation and hydrologic flow have positively skewed
distributions because there are numerous zero events and
no upper bound on infrequent large events (i.e. hurricanes),
thus they have long tails to the right (Mielke and Johnson,
1974). The ARRM daily precipitation and modelled flow
variables (except groundwater) are less positively skewed
than the MSD, meaning the ARRM variables are more
symmetric than MSD (Table 1, for more details see Figure
S4). In the unimodal case, the probability density function
of a distribution with large kurtosis has a sharper peak
and fatter tails, compared with the probability density
function of a distribution with smaller kurtosis. The
ARRM daily precipitation has smaller kurtosis than the
MSD (Table 1, for more details see Figure S5). Simi-
larly, the ARRM-driven models of flow variables (except
groundwater) have smaller kurtosis than MSD-driven
models of flow variables. There is much more variety
among the groundwater flow empirical distribution shape
parameters for the different GCMs (for more details see
Figures S2-S5).

The KS test of differences between MSD and ARRM
distributions for the total flow variable resulted in large
differences across the island and between GCMs for the
required amount of temporal aggregation to achieve a
p-value of 0.01 or greater (Figure 6). Many areas require
temporal aggregation of 1 year or more to achieve a p-value
of 0.01 or greater (and thus accept the null hypothesis
of no difference between the distribution functions). For
temperature, the required temporal aggregation is less
in many regions compared with the hydrologic variables
and precipitation (for more details see Figure S6). For
precipitation, more temporal aggregation is required in the
wetter East region and the upper areas of the Cordillera
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Central (in the middle of the island). In contrast, the
hydrologic variables require fewer days of aggregation in
the wetter areas. Given these results, this study presents the
island-wide hydrologic projections as annual averages.

The KS tests showed large regional differences in the
ability of the different GCMs used for the ARRM-driven
models to reproduce the MSD-driven models. A set of
‘best flow GCMs’ in each region was determined from
those that met the criteria of p-values of 0.01 or greater
for all flow variables (total, surface, subsurface, and
groundwater flow) in at least 75% of the region, for 1 year
or less of temporal aggregation. The ensemble of ‘best
flow GCMs’ is made up of GFDL_2.1 and HADCM3 in
the North region; CCSM, CNRM, GFDL_2.1, HADCM3,
and PCM in the South region; and CCSM, CGCM3_T63,
CNRM, ECHAMS, and ECHO in the East region. The
West region did not have any GCMs that met the KS test
criteria.

4.2. Model results by climate region

By the end of the 21st century, the projected climatic
changes on the island result in declining streamflow (and
the components of total flow) for both emission scenarios
and regardless of the make-up of climate model ensemble
for each region (Figure 7, Table 2). However, the stream-
flow declines are more severe and exhibit greater uncer-
tainty for the A2 emissions scenario. In all regions the
total flow for the A2 scenario had a slightly larger range of
model results compared with the lower emission scenario
of B1. The complete GCM ensemble tended to have more
flow than the ensembles of ‘best flow GCMs’ and ‘bimodal
precipitation GCMs’. On average, the percentage of the
historical mean for total flow is 6% and 25% higher at
the end of the century for ‘best flow GCMs’ and ‘bimodal
precipitation GCMs’, respectively (Figure 7). Overall, the
projected change in the ensemble average of all GCMs
for total flow decreases from the 1960s to the 2090s by
49-88% of the historical amounts for scenario A2 and by
39-79% for scenario B1 (Table 2).

While consistent declining trends in total flow are evi-
dent, the individual flow component responses that are
responsible for total flow varied by region and emissions
scenario (Table 2). Note, the accuracy of these compo-
nent responses is difficult to evaluate because only total
flow is measured by the stream gage observations. Nev-
ertheless, in general the modelled response of the subsur-
face flow component decreases the least as a percentage of
the historical mean and the groundwater flow component
decreases the most. The East region had the smallest pro-
jected changes and the North region had the largest. The
A2 scenario ensemble had on average 9% more decrease
from historical means than the B1 scenario ensembles, in
each region and component. The fraction that each com-
ponent contributes to total flow is also reported in Table 2.
Surface flow is the biggest contributor in all regions except
the West region (where groundwater flow is modelled as
the most important component-contributor to total flow).
Over the projected period, the fractions from surface flow
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Figure 5. Range in HRU bias in the mean daily precipitation values by percentile (ARRM-MSD), for the North, South, East, and West regions.

and subsurface flow increased, and the fraction of ground-
water flow decreased across Puerto Rico. The fractions of
the flow components in the historical period (1962-2012)
of the ARRM models are comparable with those from the
MSD models (values not shown in Table 2). For more
details on the time series of the projected flow components
see Figures S7-S10.

The regional hydrological differences projected by the
model (the East region had the smallest projected changes
and the North region had the largest) are not a result
of differences amongst the regions in the magnitude or
timing of projected climate change. An analysis of the
ARRM outputs shows similar changes at the stations in
each region, with increases of 5—8°C from the 1960s to the
2090s in projected maximum daily temperature, increases
of 6-11°C in projected minimum daily temperature, and
decreases of 25-35% of historical amounts in projected
daily precipitation, under B1 and A2 emission scenar-
ios respectively. These projected changes are propagated
through the environmental system in each region differ-
ently resulting in different projected effects on the hydro-
logical regime in each region.
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4.3.

The inferred mean withdrawals upstream of the gage
for Lago La Plata were 3.03 and 24.01 m?s~! for Lago
Loiza. These estimates were derived from averaging
the difference between the measured gage data that
include all upstream and reservoir withdrawals and the
simulated data with no withdrawals included, for the
period 1990-2012 for Lago La Plata, and for the period
1988-2007 and 2009-2012 for Lago Loiza (Figure 4).
Estimates also discounted model error and reservoir
evaporation loss, and assumed that differences between
simulated and measured streamflow were due to upstream
and reservoir withdrawals (or additions). Based on
these estimates, there is a combined total average with-
drawal of 27.04m?s~! for the overlap period of years
1990-2012. For the historical period of annual water
consumption growth rate, this study used the estimate of
4.3% taken from the Larsen (2000) calculation over the
1960-1997 Puerto Rico period. For the future period,
this study used a conservative estimate of 0.3% increase
per year based on projected population increases and

Results for critical water supply locations
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business as usual scenarios of water consumption (Hejazi
etal.,2013).

Using these estimated withdrawals, annual streamflow
leaving the reservoirs of Lago La Plata and Lago Loiza
is projected to decrease to zero by 2025 under the A2
emissions scenario and 2040 under the B1 emissions sce-
nario (Figure 8). Deficits continue to increase through
the remainder of the century. The amount leaving the
reservoirs was calculated by subtracting the estimated
withdrawals from the simulated streamflow for both the
PRMS-MSD and PRMS-ARRM. Note that Lago La Plata
is in the North region and Lago Loiza is in the East region,
therefore the GCM members in the ‘best low GCMs’
ensembles will vary depending on the KS test results.

5. Discussion

5.1.

Climate model simulations of temperature are typically
highly correlated with observations, and statistical down-
scaling techniques have been shown to successfully model
local-scale conditions in the tropics (Fowler et al., 2007,
Buytaert et al.,2009). Thus, itis not surprising that the spa-
tially distributed temperatures in the models using MSD
and ARRM have similar empirical distributions. However,

Sources of biases in hydrologic model results
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precipitation is difficult to model in tropical island sys-
tems (Douville et al., 2006). Hydrology in Puerto Rico is
more influenced by daily precipitation than temperature so
biases in precipitation will more strongly affect the accu-
racy of the hydrologic modelling.

Gutmann et al. (2014) found that ARRM is very sen-
sitive to GCM representation of precipitation; in particu-
lar, the distribution of precipitation by ARRM is expected
to be spatially and temporally smoothed from the truth.
The steep precipitation gradients on tropical islands lead
to different patterns of hydrologic flow interannual vari-
ability across the regions that may be inaccurately rep-
resented by the ARRM-driven models. It is noticeable
that the interannual variability of the hydrologic variables
from the ARRM-driven models is much more similar
across the regions than the hydrologic variables from the
MSD-driven models are (Figure 7, for component details
see Figures S7-S11).

The smoothing of precipitation by GCMs is exhibited in
the tendency of GCMs to simulate constant drizzle (Dai,
2006). This is a probable reason for the ARRM overes-
timation of the smaller precipitation events as shown in
Figure 5. Also in Figure 5, the ARRM underestimation of
extreme events (e.g. hurricanes) is shown. The poor mod-
elling of hurricanes is a known problem of statistical down-
scaling (see Sunyer et al., 2012). These biases propagate
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Figure 7. Ten-year moving averages of annual simulated total flow as percent of simulated historical mean (mean of using MSD 1953-2012) using

MSD, range of GCMs, and multi-model GCM ensembles for the North, South, East, and West regions.

through the flow variables and result in truncated distribu-
tions that are less positively skewed than the MSD (except
in the case of groundwater). The larger variance, more
positive skew, and larger kurtosis in the ARRM-driven
models of groundwater compared with the MSD-driven
models is likely caused by: (1) positive bias in the small
precipitation events which are not large enough to perco-
late into the groundwater reservoir, and (2) positive bias in
the large precipitation events which cannot cause equally
large groundwater flow events due to limited capacity of
the groundwater reservoir (Scholl and Murphy, 2014).

5.2.

The KS tests of the historic observed and modelled
hydrology showed that region-wide projections cannot be
expected to be accurate on temporal scales of less than a
year. This is not surprising given the difficulties in mod-
elling the climate in the tropics with sparse data and com-
plicated climate dynamics. Ryu and Hayhoe (2013) found

Implications of temporal resolution for projections
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that only two GCMs of the ten used for this study were
able to accurately simulate the NASH over the Caribbean
and thus model the timing and magnitude of the bimodal
seasonal cycle of precipitation. The results of this study
strongly suggest that the downscaled projections from
these GCMs cannot be used to support inferences about
future seasonal changes in the hydrologic regime of Puerto
Rico. As more downscaled ensembles (based on both
statistical and dynamical downscaling) become available,
more robust estimates of the uncertainty from the down-
scaling will be possible (Mizukami et al., 2015). The find-
ings here highlight the need for other studies examining
climate change impacts on tropical hydrological regimes to
take into account these issues of appropriate temporal res-
olution before drawing conclusions. Because short-term
seasonal changes are not an overwhelming issue for reser-
voirs with storage capacity, the downscaled projections
could be used to make useful conclusions about future
water supply.
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Table 2. Projected changes in amount and contributions of flow components for ensemble of all GCMs.

Region Change in percent of historical mean at from 1960s to end of 21st century*
Total flow Surface flow Subsurface flow Groundwater flow
A2 Bl A2 Bl A2 Bl A2 Bl
North —88% -79% -12% —67% —61% —52% —173% -155%
Fraction of total flow 0.48-0.50 0.48-0.49 0.25-0.35 0.25-0.33 0.27-0.15 0.27-0.18
South —67% —59% —63% —54% —42% —44% —167% —160%
Fraction of total flowt 0.78-0.78 0.78-0.80 0.11-0.15 0.11-0.13 0.11-0.07 0.11-0.07
East —49% —39% —45% -35% —35% —42% -96% —83%
Fraction of total flow 0.77-0.78 0.77-0.80 0.10-0.14 0.11-0.11 0.13-0.08 0.12-0.09
West —82% —69% —69% -59% —110% -99% —96% —71%
Fraction of total flowt 0.34-0.43 0.34-0.39 0.13-0.17 0.13-0.15 0.53-0.40 0.53-0.46

*Difference between first and last calculated 10-year moving average.

tComponent’s fraction of total flow from year of first calculated 10-year moving average to last.

Temporal resolution was found to be highly variable by
geographic area. More days of aggregation are needed in
the wetter areas to simulate the precipitation distributions
but fewer days of aggregation are needed in the wetter
areas to simulate the hydrologic variables (for more details
see Figure S6). This suggests that although large precip-
itation events are not well-simulated by the ARRM, the
hydrologic model is increasingly less sensitive to exact
amounts of precipitation as the overall amount of precip-
itation increases. If so, then future improvements in sim-
ulating precipitation would provide the greatest benefit in
the drier South region. Hurricanes and other large storms
embedded in the trade winds deliver about 70% of yearly
rainfall on the island as a whole (Murphy and Stallard,
2012), therefore using a downscaling method that simu-
lated hurricanes could greatly improve hydrologic mod-
elling in the South.

5.3.

The structural uncertainty across the GCMs is typically
the largest source of hydrologic change uncertainty; larger
than the uncertainty arising from deficiencies in the hydro-
logic model and the downscaling method (Fowler et al.,
2007; Buytaert et al., 2009), and this problem is most

Uncertainty in choosing the best climate model

— MSD Range of GCMs

—— Average best flow GCMs

evident in the tropics (Douville et al., 2006). Choosing
an ensemble such as ‘best flow GCMs’ by reproducibil-
ity of historical modelled variables is recommended by
some authors (e.g. Knutti, 2010). It is interesting that the
set of ‘best flow GCMs’ was different in each climatic
region, showing that attempts to use model weighting
and model culling to derive more accurate projections
may not be robust. This is a well-known problem with
model weighting and stems from the fact that there is
not necessarily a relationship between: (1) the quality
of the model physics determining regional temperature
and precipitation, (2) the quality of the empirical ARRM
method, and (3) the quality of the model physics that
determine the estimated climate sensitivity to anthro-
pogenic greenhouse gas emissions (Pierce et al., 2009).
The uncertainty propagated through the modelling chain
of GCM to ARRM to HRU climate inputs to PRMS hydro-
logic model may be enhanced or compensated for, with
different components cancelling the errors (Pappenberger
and Beven, 2006). This may be another explanation for the
seemingly contradictory results of poor simulation of pre-
cipitation in wetter areas by the ARRM, but lower errors
when modelling the flow variables (for more details see
Figure S6).
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5.4. Uncertainty in hydrologic model structures and
parameters

This study uses only a single model structure (PRMS) and
a single set of model future parameter values for the assess-
ment of hydrologic changes. There is uncertainty in these
choices that might have substantial effects when quantify-
ing climate change impacts (e.g. changes in overall water
balance, individual storages and fluxes, hydrologic sig-
nature measures, see Surfleet ef al.,, 2012 and Mendoza
et al., 2015). The hydrologic model used in this study has
multi-objective calibration (Mendoza et al., 2015) and his-
torical (albeit not future) dynamic land cover parameters
(Surfleet et al., 2012), both suggested to reduce some of
the uncertainty introduced by using only one hydrologic
model. Future work should more carefully examine the
effect of different hydrologic model structures and model
parameter values on the projected flow regimes.

5.5.

Human impacts not considered here will change future
flow. Most projected land cover change in Puerto Rico (as
well as the tropics as a whole) is in the direction of urban
expansion (Velazquez-Lozada et al., 2006), which affects
future flow amounts (Van Beusekom et al., 2014). Urban
expansion also affects useable water supply amounts,
because it can easily tax water supply management sys-
tems beyond their capabilities to control water pollution
and leaky networks (Bonell et al., 2005). Furthermore,
human reductions of streamflow component sources will
affect regional total flow and specific location streamflow.
As with many tropical islands, a portion of the water sup-
ply in Puerto Rico is taken directly from groundwater
(White and Falkland, 2010). If the groundwater is pumped
elsewhere and therefore not able to contribute to stream-
flow, the total flow will decrease.

Unknown uncertainty from human impacts

5.6.

The results show that after accounting for uncertainty
in the downscaled climate model ensemble, substantial
losses of freshwater resources would be likely in upcoming
decades under the two greenhouse gas emissions scenar-
ios used in this study. This has implications for domestic,
agricultural, industrial and energy uses as well as sustain-
able ecosystem function. A forward-looking management
response may have to consider difficult tradeoffs, includ-
ing calculated use of diminishing resources and an appro-
priate balance of uses. This analysis indicates projected
changes for any watershed will depend on the watershed
size, land cover, characteristics of precipitation events and
water management, as illustrated by the results on the
future of Lago La Plata and Lago Loiza, as well as the
variation in the regional results. A very small increase per
year in water consumption (even an increase less than the
0.3% per year considered here) compounded with a large
decrease in available water regionally on already overtaxed
reservoirs would likely lead to water shortages. Finally,
the projected decrease in total flow of 60—70% of historic
amounts shows that the effects on water supply are not

Implications for future water supply
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likely to correspond in a simple linear manner to changes in
precipitation or temperature, as this is considerably larger
than the projected changes in climate emphasizing the
potential for compounded effects of climate change in the
tropics (Wohl et al., 2012). Further exploration of the pro-
jected streamflow on the island will be useful for high-
lighting those watersheds and water-dependent resources
at greatest risk.

6. Conclusions

In order to study the challenges of projecting the effects
of climate change on limited water resources of tropical
islands, this study used the island of Puerto Rico with a
previously configured hydrologic model and an ensem-
ble of statistically downscaled GCM models. The large
differences between the hydrologic models driven with
downscaled GCM output versus the models driven with
MSD highlighted the difficulties in modelling areas with
the sparse climate data and steep precipitation gradients
typical of tropical islands. As long as model uncertainty
is assessed, implications of the projected hydrology on
future water resources are valuable as they are the current
best available projections of future streamflow and surface
water resources.

Based on the uncertainty analysis, the temporal resolu-
tion of the projected hydrologic flow variables in Puerto
Rico was calculated on an annual scale. The range of pro-
jected total flows using all available GCMs was up to
1.5 times the magnitude of historical mean flows, but the
full and reduced-size ensembles both showed decreases in
annual total flow after 2025. From the 1960s to the 2090s,
the magnitudes of total flow from the GCM ensembles
decreased across Puerto Rico by ~70—60% of historical
amounts under A2 and Bl emission scenarios, respec-
tively. Subsurface flow contributions decreased the least by
percentage of historical mean and groundwater flow con-
tributions decreased the most, leading to the fraction of
flow coming from subsurface flow to increase and the frac-
tion of flow coming from groundwater flow to decrease.
The smallest projected changes were in the East region and
the largest in the North region. Much work remains to eval-
uate additional sources of uncertainty, most importantly,
potential future human impacts on future hydrology and
water resources in tropical islands. Nevertheless, this study
illustrates a method of estimating the timing of hydrologi-
cal regime changes that would result in substantial negative
consequences for freshwater supplies. At locations criti-
cal to water supply in Puerto Rico, projected streamflow
is likely to decrease below projected withdrawals by the
middle of the century and perhaps be in a deficit of 10 to
20 m*s~! by 2099.
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Figure S1. Annual simulated flow components using MSD
and dynamic land cover parameters for the North, South,
East, and West regions.

Figure S2. Range in HRU bias and percent bias in the
mean daily values (ARRM-MSD) for each variable for all
regions combined.

Figure S3. Range in HRU bias and percent bias in the
variance in daily values (AARM-MSD) for each variable
for all regions combined.

Figure S4. Range in HRU bias and percent bias in the
skewness in daily values (ARRM-MSD) for each variable
for all regions combined. Thirty outliers in groundwater
flow are off the plot positively to 1500, and 10 are off the
plot negatively to —1000.

Figure S5. Range in HRU bias and percent bias in the
kurtosis in daily values (ARRM-MSD) for each variable
for all regions combined.

Figure S6. Number of days of data aggregation to accept
the KS test null hypothesis that ARRM and MSD are from
identical populations, for each variable and GCM. Black
lines outline the four regions.

Figure S7. Ten-year moving averages of annual simulated
flow components as percent of simulated historical mean
(mean of using MSD 1953-2012) using MSD, range of
GCMs, and multi-model GCM ensembles for the North
region.

Figure S8. Ten-year moving averages of annual simulated
flow components as percent of simulated historical mean
(mean of using MSD 1953-2012) using MSD, range of
GCMs, and multi-model GCM ensembles for the South
region.

Figure S9. Ten-year moving averages of annual simulated
flow components as percent of simulated historical mean
(mean of using MSD 1953-2012) using MSD, range of
GCMs, and multi-model GCM ensembles for the East
region.

Figure S10. Ten-year moving averages of annual simu-
lated flow components as percent of simulated historical
mean (mean of using MSD 1953-2012) using MSD, range
of GCMs, and multi-model GCM ensembles for the West
region. There are no best flow GCMs for the region.
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