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Understanding the combined and separate eﬀects of climate and land use change on the water cycle is necessary
to mitigate negative impacts. However, existing methodologies typically divide data into discrete (before and
after) periods, implicitly representing climate and land use as step changes when in reality these changes are
often gradual. Here, we introduce a new regression-based methodological framework designed to separate climate and land use eﬀects on any hydrological ﬂux of interest continuously through time, and estimate uncertainty in the contribution of these two drivers. We present two applications in the Yahara River Watershed
(Wisconsin, USA) demonstrating how our approach can be used to understand synergistic or antagonistic relationships between land use and climate in either the past or the future: (1) historical streamﬂow, baseﬂow, and
quickﬂow in an urbanizing subwatershed; and (2) simulated future evapotranspiration, drainage, and direct
runoﬀ from a suite of contrasting climate and land use scenarios for the entire watershed. In the historical
analysis, we show that ∼60% of recent streamﬂow changes can be attributed to climate, with approximately
equal contributions from quickﬂow and baseﬂow. However, our continuous method reveals that baseﬂow is
signiﬁcantly increasing through time, primarily due to land use change and potentially inﬂuenced by long-term
increases in groundwater storage. In the simulation of future changes, we show that all components of the future
water balance will respond more strongly to changes in climate than land use, with the largest potential land use
eﬀects on drainage. These results indicate that diverse land use change trajectories may counteract each other
while the eﬀects of climate are more homogeneous at watershed scales. Therefore, management opportunities to
counteract climate change eﬀects will likely be more eﬀective at smaller spatial scales, where land use trajectories are unidirectional.
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1. Introduction
Climate and land use (which we deﬁne broadly to include land use,
land cover, and land management) are two major drivers of global
hydrological change (Foley, 2005; Steﬀen et al., 2015; Vörösmarty
et al., 2000). While economic, governmental, and social pressures may
be exogenous to a watershed, land use can be controlled by decisionmaking at local levels (individual, city, county, and state). In contrast,

⁎

climate change is driven by global emissions and requires a coordinated
eﬀort well beyond an individual watershed to address. Therefore, land
use decisions may be a viable path to mitigating undesirable impacts of
climate change on the water cycle at watershed scales.
While several point-based studies have found signiﬁcant impacts of
land use change on the water balance (Giménez et al., 2016; Nosetto
et al., 2012; Scanlon et al., 2005; Twine et al., 2004), most watershedscale studies report that the impacts of climate change on hydrology

Corresponding author at: Department of Civil Engineering, University of Victoria, Victoria, BC, Canada.
E-mail address: samuelczipper@gmail.com (S.C. Zipper).

https://doi.org/10.1016/j.jhydrol.2018.08.022
Received 25 May 2018; Accepted 8 August 2018
Available online 13 August 2018
0022-1694/ © 2018 Elsevier B.V. All rights reserved.

Journal of Hydrology 565 (2018) 106–122

S.C. Zipper et al.

Fig. 1. Flowchart illustrating method for separating land use and climate eﬀects, demonstrating the monthly resolution used in the current study.

2011; Ye et al., 2003; Zhang et al., 2016). This a priori assumption about
relevant variables to hydrological ﬂuxes ignores other potentially important meteorological drivers, for example vapor pressure deﬁcit, incoming solar radiation, and wind speed (Vicente-Serrano et al., 2014;
Zhou et al., 2014; Zipper et al., 2017b). Additionally, MLR assumes no
multicollinearity between input variables, but in reality meteorological
variables may be correlated – for instance, wetter months are often
cooler. Thus, there is a need for approaches which both consider a
greater diversity of potential input variables for regression, while simultaneously addressing multicollinearity issues that compromise statistical predictability. Approaches to transform input data to maximize
variance and orthogonality include (1) principal components regression
(PCR), which maximizes variance of predictor variables; and (2) partial
least squares regression (PLSR), which maximizes the variance of the
predictor variables relative to the response variable (Hadi and Ling,
1998; Hwang and Nettleton, 2003; Wang, 2012; Wolter et al., 2008).
However, these regression models have not been rigorously tested or
intercompared for hydrologic applications.
To meet this challenge, we introduce a new methodological framework to quantify the impacts of climate and land use change on any
measured or modeled hydrological ﬂux continuously through time.
Using this approach, we demonstrate that PLSR outperforms both PCR
and the more commonly used MLR (diﬀerences between these regression models are described in Section 2.1.3). We then apply this method
to answer the question, to what degree can land use amplify or counteract climate-induced changes to the water balance of a watershed?
Using both historical data and simulated results from diverse future
scenarios for streamﬂow, ET, drainage, and direct runoﬀ, we provide
insight into the degree to which land use can be used as a local tool to
maintain a watershed within a desired hydrological operating space in
the context of an uncertain future climate.

outweigh those of land use change, particularly where there are strong
changes in precipitation (Arnone et al., 2018; Chawla and Mujumdar,
2015; Jiang et al., 2015; Li et al., 2009; Mango et al., 2011; Pumo et al.,
2017; Tao et al., 2014; Wu et al., 2015; Yang et al., 2017). Thus, there is
a growing acknowledgment that the impacts of land use change are
superimposed on a larger climate trend, and can either amplify or
partially counteract the impacts of climate change (Gyawali et al.,
2015; Juckem et al., 2008; Martin et al., 2017; Shi et al., 2012; Tomer
and Schilling, 2009; Wang and Stephenson, 2018; Zhang et al., 2016).
In particular, land use may be most important locally (Frans et al.,
2013; Haddeland et al., 2007; Peterson et al., 2011; Xu et al., 2013),
during wet/dry extremes (Villarini and Strong, 2014), or where signiﬁcant infrastructure projects (e.g. dams) occur (Wu et al., 2012; Ye
et al., 2003).
However, existing statistical approaches to separate the eﬀects of
climate and land use change have three major limitations. First, existing
statistical methodologies often implicitly treat land use and climate
eﬀects as step-changes by dividing datasets into two or more discrete
time periods (e.g. “before” and “after”) (Gupta et al., 2015; Li et al.,
2009; Tomer and Schilling, 2009; Wang and Hejazi, 2011; Wang and
Stephenson, 2018; Xu et al., 2013; Zhang et al., 2016). This assumption
may be problematic because land use and climate often change continuously and in tandem, with gradual hydrological impacts (Jiang
et al., 2015; Marhaento et al., 2017). Therefore, there is a need for
improved methods to separate the impacts of climate and land use and
their interactions in a continuous time series of hydrological data.
Second, with some exceptions (e.g. Tao et al., 2014), previous studies have primarily focused on disentangling the relative importance of
climate and land use on historical streamﬂow data, particularly Budyko-based methods which assume that evapotranspiration [ET] is
equal to the diﬀerence between precipitation and runoﬀ (Jiang et al.,
2015; Renner et al., 2012; Tang and Wang, 2017; Wang and Hejazi,
2011; Wang and Stephenson, 2018; Xu et al., 2013). In order to adequately understand and address the impacts of climate and land use on
water resources, tools are needed to quantify the impacts of these drivers on the complete water cycle which includes hydrologic ﬂuxes such
as ET, drainage, and runoﬀ.
Third, most existing statistical regression-based approaches rely on
multiple linear regression (MLR) with precipitation and potential ET as
predictors (e.g. Ahn and Merwade, 2014; Huo et al., 2008; Jiang et al.,

2. Methodology
2.1. Statistical model description
Our new methodological framework develops statistical relationships between meteorological variables and any hydrological ﬂux (HF)
of interest during a baseline period. These statistical relationships are
then applied to climate data outside of the baseline period, which we
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Using the permutation-based approach described above, we have 250
estimated values of each HF for each year and month within the prediction period.
To separate the relative contribution of climate and land use, we
adopt the common assumption that these two factors can explain all
variability in a given HF relative to the baseline period: climate encompasses all changes due to drivers exogenous to the study system (in
our case, the watershed), and land use encompasses all changes due to
drivers endogenous to the study system (Ahn and Merwade, 2014; Duan
et al., 2017; Gao et al., 2016; Huo et al., 2008; Jiang et al., 2011).
Therefore, changes in land management such as irrigation or fertilization practices are included in the land use category, while longer-term
climatic oscillations (e.g. PDO, ENSO) would be included in the climate
category.
For each HF, we calculate the total change relative to the baseline
period (ΔHFTotal,m,y) as:

refer to as the prediction period. Predictions are used to estimate the HF
changes resulting from climate change relative to the baseline period at
a monthly resolution, and residuals from predictions are attributed to
land use. A general overview of the method is presented in Fig. 1. The
speciﬁc type of regression model used within our methodological framework may vary; in this study, we compare partial least squares regression (PLSR), principal components regression (PCR), and multiple
linear regression (MLR) models. While the analysis in this study is done
at a monthly timestep consistent with other regression-based studies
separating climate and land use eﬀects (Ahn and Merwade, 2014;
Schottler et al., 2014; Xu et al., 2013; Ye et al., 2003; Zhang et al.,
2016), the method may be applied at other time resolutions as long as
reliable input data and regression relationships can be developed.
We describe this method for a generic HF in the present Section 2.1,
and then separately apply it to historical streamﬂow data (Section
2.2.2); and simulated future ET, drainage, and direct runoﬀ (Section
2.2.3).

ΔHFTotal,m,y = HFm,y−HFm,baseline

where HFm,y is the measured hydrological ﬂux for month m and year y,
and HFm,baseline is the mean HF for that month during the baseline
period. The total climate contribution to change (ΔHFClimate,m,y) can
then be expressed as:

2.1.1. Generating baseline relationships
To estimate the relative contributions of climate and land use to
change in a given HF, a baseline period must be identiﬁed from which
relative changes are then calculated. This baseline period should represent a period of time in which land use is relatively static, so that
variability in the HF is driven primarily by meteorological processes.
First, we use signiﬁcance pruning to select predictor variables for the
HF of interest from a suite of candidate predictor variables within the
baseline period. It is important that candidate predictor variables are
(a) available over the entire period of interest; and (b) controlled by
climate, not land use. In our applications (Section 2.2), candidate
variables include a variety of measured and derived meteorological
variables (e.g. precipitation, temperature, reference ET). For each
month, candidate predictor variables were mean-centered and scaled to
a unit standard deviation. We retain the subset of candidate predictor
variables that have a signiﬁcant linear relationship with the HF (a
signiﬁcance threshold of p < 0.10 was used to err on the side of
variable retention). Importantly, this approach means that the retained
predictor variables are allowed to diﬀer by each month and HF; for
example, incoming solar radiation may be a more important predictor
for ET than direct runoﬀ.
To avoid potential overﬁtting and eliminate collinearity between
predictor variables, we use PLSR to transform the retained variables to
factors which we use to predict the HF of interest. To determine the
factors used for regression models, we select factors explaining a cumulative 80% of total variance in the scaled predictor variables. The
selected factors are used as input to a multiple linear regression equation of the form:

HFPLSR,m, y = C0 + C1 ∗F1,m,y + C2 ∗F2,m,y + …+Cn,m ∗Fn,m,y + ε

(2)

ΔHFClimate,m,y = HFPLSR,m,y−HFm,baseline

(3)

where HFPLSR,m,y is the PLSR-estimated value for month m and year y.
Finally, the land use component of change (ΔHFLU,m,y) is calculated as:

ΔHFLU,m,y = ΔHFTotal,m,y−ΔHFClimate,m,y = HFm,y−HFPLSR,m,y

(4)

Note that any of the ΔHF variables can be positive or negative,
corresponding to an increase/decrease in that HF relative to the baseline period. This framework allows us to quantify not just the overall
change relative to the baseline period for each month, but also under
what conditions the eﬀects of land use and climate are antagonistic
(ΔHFLU,m,y and ΔHFClimate,m,y have opposite signs) and under what
conditions the eﬀects of land use and climate are synergistic (ΔHFLU,m,y
and ΔHFClimate,m,y have the same sign).
2.1.3. Comparing among regression models
While the overall methodological framework we introduce in
Sections 2.1.1 and 2.1.2 uses PLSR to generate statistical relationships,
our approach will work with any regression model capable of accurately predicting HF at a monthly resolution. To determine the importance of the choice of regression model, we repeated our analysis
using principal components regression (PCR) and multiple linear regression (MLR) approaches. We conducted this comparison using historical discharge data from the Pheasant Branch subwatershed, which is
described in Section 2.2.2.
When our methodological framework was adapted to use PCR and
MLR regression models, we used the same general approach described
in Sections 2.1.1 and 2.1.2: statistical relationships were generated
between meteorological variables and a response variable for a baseline
period, then applied monthly through time for a prediction period.
Total change was calculated as the diﬀerence between a monthly ﬂux
and the mean of the baseline period (e.g. Eq. (2)), changes due to climate were calculated as the diﬀerences between the mean of the
baseline period and each statistically-predicted monthly value (e.g. Eq.
(3), replacing HFPLSR with HFMLR or HFPCR for the MLR and PCR approaches, respectively), and changes due to land use were calculated as
the diﬀerence between total change and changes due to climate change
(e.g. Eq. (4), replacing HFPLSR with HFMLR or HFPCR).
All three regression models used the same signiﬁcance pruning
approach to select candidate predictor variables (Section 2.1.1), and
therefore these were the same for all methods. To determine the principal components (PCs) used for PCR, we selected the PCs explaining a
cumulative 80% of total variance in the scaled predictor variables, as
well as any other PC which has both a signiﬁcant linear relationship

(1)

where HFPLSR,m,y is the hydrological ﬂux for month m and year y predicted by PLSR, Cx are regression coeﬃcients, Fx,m,y are factors, and ε is
an error term assumed to be normally distributed and centered on 0. We
use a permutation-based, split-sample approach to estimate model ﬁt
and uncertainty, in which we run the PLSR 250 times randomly sampling 75% of the baseline period for model calibration while retaining
25% for model validation (Zipper and Loheide, 2014). This approach
provides 250 unique sets of regression coeﬃcients for each month and
HF.
2.1.2. Calculating climate and land use contributions to change
The statistical relationships for the baseline period are then applied
to the rest of the hydrological time series (the prediction period). While
both of our applications of the method (Section 2.2) have a baseline
period before the prediction period, this method can also use modern
conditions as the baseline period and apply statistical relationships into
the past, as long as land use in the baseline period is relatively stable.
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Kucharik, 2014; Zipper et al., 2016, 2017b); (2) widespread fertilized
row-crop and dairy agriculture contributing to erosion and nutrient
loading (Carpenter et al., 2015a; Lathrop and Carpenter, 2013; Motew
et al., 2017; Qiu and Turner, 2013, 2015); and (3) a long-term trend of
increasing precipitation with more frequent extreme precipitation
events in recent decades, leading to both groundwater and surface
water issues (Fig. S1; Booth et al., 2016a; Gillon et al., 2016; Usinowicz
et al., 2017). Due to these stresses on the water cycle, improving the
understanding and management of climate and land use eﬀects on
water resources is a key goal cutting across hydrological, ecological,
and social research in the YW (Gillon et al., 2016; Motew et al., 2017;
Qiu et al., 2017, 2018a, 2018b; Wardropper et al., 2015). We separately
investigated the YW’s past (Section 2.2.2) and future (Section 2.2.3) to
quantify how the water cycle of the YW has changed historically and
may continue to change under a variety of future scenarios.
For clarity, throughout the paper the term “discharge” is used to
refer to total streamﬂow as measured at a gauging station converted to
units of depth after dividing by total watershed area; discharge can be
separated into “quickﬂow” and “baseﬂow” components (Schwartz and
Smith, 2014). “Direct runoﬀ” is used to refer to overland ﬂow calculated at the grid cell resolution from Agro-IBIS output (Section 2.2.3).
2.2.2. Historical discharge analysis
For historical analysis, we focused on the Pheasant Branch
Subwatershed (PBS; 44.24 km2; Fig. 2) which drains the northwest
portion of the YW including parts of the municipalities of Madison and
Middleton. We selected the PBS for detailed analysis because it has the
longest available record of discharge data (1974-present) in the YW
upstream of the chain of lakes (Fig. 2), which buﬀer the impacts of
climate on streamﬂow at the monthly scale of analysis used here. Since
1974, there have been well-documented changes in land use (urbanization, including the connection of former internally-drained basins to
the streamﬂow network), water governance (stringent inﬁltration requirements for new developments), climate (increased precipitation),
and ﬂood peaks (increasing discharge) (Gebert et al., 2012).
We applied our method using monthly discharge data from the
USGS National Water Information Service gauging station 05427948
(U.S. Geological Survey, 2017) for the period July 1974-December
2016 (a total of 42 years and 6 months). We deﬁned the baseline period
as the ﬁrst half of the available streamﬂow data (July 1974-December
1995; 21 years and 6 months), and the prediction period as the second
half of available discharge data (January 1996-December 2016;
21 years). This breakpoint also roughly corresponds with an observed
shift in historical streamﬂow beginning in 1993, which has been attributed to increasing precipitation and urbanization within the PBS
(Gebert et al., 2012).
Predictor variables for the PBS were either measured or derived
from the Madison Airport Global Historical Climatology Network-Daily
(GHCN-D) site (USW00014837; 43.14°N, −89.35°E) (Menne et al.,
2012). Directly measured variables were daily precipitation, maximum
temperature, and minimum temperature. Wind speed data was available for only part of the period of interest, and therefore we used mean
values for a given day of year for the entire period. We estimated vapor
pressure as the saturation vapor pressure at minimum daily temperature following Allen et al. (1998). We estimated daily incoming solar
radiation using the Bristow-Campbell equation (Bristow and Campbell,
1984), which scales the top-of-atmosphere solar radiation using an estimated transmissivity based on daily maximum and minimum temperature, as implemented in the EcoHydRology R package (Fuka et al.,
2014). The Bristow-Campbell equation was calibrated to site conditions
using observed incoming shortwave radiation data from the nearby
Arlington Agricultural Research Station (43.31°N, −89.38°E; http://
agwx.soils.wisc.edu/uwex_agwx/awon) for the period 1986–2016 (Fig.
S2). We calculated daily Penman-Monteith reference ET following the
UN Food and Agriculture Organization method (Allen et al., 1998), and
precipitation deﬁcit as precipitation – reference ET.

Fig. 2. (a) Map of Yahara Watershed showing land use in 2014 at Agro-IBIS
model resolution (220 m grid cells). The green dot shows the Pheasant Branch
gauging station, and thick black line outlines the contributing area. (b) Relative
proportion of diﬀerent land uses in the Yahara River Watershed and Pheasant
Branch Subwatershed. The Agriculture class includes all crops and pasture (top
7 legend entries in panel a). The Urban class includes all urban density levels as
well as barren land. Natural includes forest, grassland, and wetlands.

with the HF (p < 0.10 as above), and explains > 1% of total variance
in input variables (to avoid spurious correlations), as low-ranked PCs
can be important for PCR (Hadi and Ling, 1998; Jolliﬀe, 1982). For
MLR, we used the n best predictor variables (as measured by linear R2),
where n is equal to the number of PCs retained in PCR. For all methods,
we calculated model ﬁt using 250 permutations where data were split
into 75% calibration/25% validation samples as described in Section
2.1.1.

2.2. Statistical model application
2.2.1. Study area
We applied the approach described in Section 2.1 to the Yahara
River Watershed (YW; area = 1344 km2), Wisconsin, USA (Fig. 2). The
YW is an urbanizing agricultural watershed, and thus is a useful analogue for human-inﬂuenced watersheds throughout the US Midwest
and the world (Carpenter et al., 2015b). The water resources of the YW
are stressed by various land use and climatic drivers of change including (1) an expanding urban core (Madison, the state capital),
leading to changes to the water and energy balance (Schatz and
109
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We then aggregated daily variables to a monthly set of candidate
predictor variables: cumulative monthly precipitation, reference ET,
and precipitation deﬁcit [mm mo−1]; and mean daily minimum and
maximum temperature [°C], incoming shortwave solar radiation [W
m−2], wind speed [m s−1], relative humidity [%], actual vapor pressure, saturation vapor pressure, and vapor pressure deﬁcit [kPa].
Candidate predictor variables included both the month of interest, as
well as the month of interest plus the preceding 1, 2, 3, 6, and
12 months by summing (cumulative variables) or averaging (mean
daily variables). We also included monthly metrics associated with
precipitation intensity, including maximum daily precipitation [mm],
total days with precipitation, and total days with precipitation exceeding 12.7, 25.4, 50.8, and 76.2 mm (0.5″, 1″, 2″, 3″) which are
becoming more frequently exceeded in the YW recent decades (Gillon
et al., 2016); and metrics allowing for nonlinear responses to precipitation, including squared monthly precipitation [mm], squared
monthly precipitation deﬁcit, and squared cumulative precipitation
deﬁcit for all lags. In total, there were 79 candidate predictor variables
evaluated for each month. The retained variables for each ﬂux are
shown in Fig. S3.
We also performed a parallel set of analyses for the quickﬂow and
baseﬂow components of discharge in the PBS separated using a recursive digital ﬁlter (Eckhardt, 2005) within the Web-based Hydrography Analysis Tool (WHAT; Lim et al., 2005). All other analyses were
repeated as described above using GHCN-D data from the Madison
Airport. These results are presented in the Supplementary Information.
To supplement our permutation-based approach to estimating
model uncertainty, we conducted two additional analysis for historical
discharge in the PBS to quantify the sensitivity of our method to (i) the
selection of a baseline period; and (ii) uncertainty in meteorological
input data. For (i), we repeated all analyses while varying the end of the
baseline period from 1992 to 1998 (1995 +/− 3 years). For (ii), we
repeated our analyses with a baseline period ending in 1995 using
meteorological data from the Arlington Research Farm GHCN-D site
(USC00470308), which is in the northern part of the Yahara River
Watershed. Arlington was missing precipitation data for 478 days
during the study period (a total of 15,525 days), which were gap-ﬁlled
using precipitation from the Madison Airport GHCN-D site.
2.2.3. Future scenario analysis
2.2.3.1. Biophysical model description. To investigate the extent to
which climate and land use may impact diﬀerent components of the
water balance, we simulated a variety of plausible future scenarios for
the YW using Agro-IBIS, a gridded, physically-based dynamic
vegetation model including agroecosystems. Agro-IBIS simulates the
complete carbon, energy, and water cycles (Foley et al., 1996; Kucharik
et al., 2000; Kucharik, 2003; Kucharik and Brye, 2003). Recent updates
to Agro-IBIS replaced the soil physics with those of HYDRUS-1D
(Šimůnek et al., 2013), so that the soil water balance is solved using
the pressure head-based form of the Richards’ Equation (Soylu et al.,
2014); and added erosion and phosphorus cycling, along with a suite of
new land cover types, for the simulation of the YW (Motew et al.,
2017).
In this study, we used the version of Agro-IBIS described in Motew
et al. (2017), which simulates the YW at 220-m × 220-m spatial resolution. Motew et al. (2017) calibrated and validated the hydrologic
performance of the model via comparison with long-term streamﬂow
records from six USGS gauging stations within the YW. Sediment/
phosphorus transport and soil phosphorus concentrations were also
validated against measurements. Previous validations of Agro-IBIS in
the YW include comparisons against plot-scale measurements of soil
moisture, soil temperature, leaf area index, aboveground net primary
productivity, drainage, nitrogen cycling, and corn yield (Kucharik and
Brye, 2003; Soylu et al., 2014; Zipper et al., 2015). In the interest of
space, the reader is referred to the publications referenced above for
additional information on the structure and validation of Agro-IBIS for

Fig. 3. Annual watershed-average meteorological (a–d) and land use (e–h)
model input for the four scenarios. In each plot, the gray shading represents the
historical (1986–2013) range. Meteorological variables (a–d) are smoothed
with an 11-year moving average. Plot show (a) annual cumulative precipitation; (b) annual days with > 1″ (25.4 mm) precipitation; (c) mean maximum
daily temperature; (d) mean reference ET; (e) percent of domain with corn land
cover; (f) percent of domain with urban (low, medium, and high density) land
cover; (g) percent of domain with deciduous forest land cover; (h) percent of
domain with wetland land cover.
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Fig. 4. Comparison of diﬀerence statistical models: (a-b) partial least squares regression (PLSR); (c–d) principal components regression (PCR); and (e–f) multiple
linear regression (MLR) for the Pheasant Branch Subwatershed. Left column shows monthly mean of all validation samples (colored line) compared to measured
discharge (black line). Right column of plots shows annual measured discharge (black line) and mean ± 1 standard deviation of predicted discharge (color ribbon).
(g) Shows monthly distributions of observations (white box) and validation samples (colored boxes) for each method. (For interpretation of the references to color in
this ﬁgure legend, the reader is referred to the web version of this article.)

climate input data (Fig. 3), as well as diﬀerences in the crop response to
water stress representing agricultural biotechnology improvements.
Full narratives, videos, and other information regarding the scenarios
are provided in the above-referenced publications and at yahara2070.
org. A brief summary of key land use and climate drivers for each of the
four scenarios follows:
Accelerated Innovation (AI) explores a future in which technology is
prioritized as a solution to climate change. Land use is characterized by
expanding urban areas, with a relatively constant agricultural footprint.
Climate change is the least extreme in this scenario, with warming of
∼2 °C by 2070 and more frequent heavy rainfall events.
Abandonment and Renewal (AR) explores a future in which society is
unprepared for climate change. A mass exodus from the YW leads to a
reduction in urban and agricultural land use, and the landscape primarily returns to natural vegetation. Climate change is the most

the YW, though a validation with observations for the PBS is shown in
the SI.

2.2.3.2. Climate and land use scenarios. Four scenarios, each with a
unique climate and land use pathway, were developed to explore
alternative social-political options for human action and socioeconomic development in the YW for 2014–2070. Details of the
storylines and biophysical drivers are presented in Carpenter et al.
(2015b), Wardropper et al. (2016), and Booth et al. (2016b). The use of
stakeholder-driven qualitative scenarios acknowledges the many
potential paths climate and land use may take in the future, rather
than focusing on a single forecasted future, and allow us to explore the
degree to which climate and land use may interact under a variety of
futures (Blöschl and Montanari, 2010).
Each of these four scenarios contains a separate set of land use and
111
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Fig. 5. Results from analysis of Pheasant Branch Subwatershed historical discharge data. (a) Comparison between observed and predicted (mean of random validation samples for all PLSR permutations) for baseline period; (b) boxplots showing monthly distributions of discharge for observed (all years) and predicted (all
years and all permutations); (c) percent of Pheasant Branch Watershed with urban land use (combined high, medium, and low density) from WISCLAND (Wisconsin
Department of Natural Resources, 2016) and NLCD datasets (Fry et al., 2011; Homer et al., 2007, 2015); (d) change relative to baseline period, with solid line
showing overall change and ribbons spanning ± 1 standard deviation of the mean across all permutations; (e) density plot of mean annual changes in discharge due
to land use, climate, and overall. Legend in (a) also applies to (b) and legend in (d) also applies to (e).

the historical streamﬂow analysis, we ﬁt the PLSR model using 250
randomly sampled permutations of calibration/validation data which
divide the baseline period into 75%/25% of available years.
For direct comparison with analysis of the PBS, we also extracted
modeled monthly direct runoﬀ for the 1974–2016 period from all grid
cells within the PBS. For the Agro-IBIS spin-up, which includes
1974–1985, spatially distributed precipitation data were not available
so randomly sampled meteorological years from the period 1986–2013
were used. For the 2014–2016 period, climate and land use from the AI
scenario were used, though all scenarios are similar during this period.
Therefore, we used the 1986–2013 period to compare Agro-IBIS’ direct
runoﬀ performance for the PBS with quickﬂow derived from baseﬂow
separation, and the entire 1974–2016 period for separation of climate
and land use eﬀects (with a 1974–1995 baseline period, as in the historical analysis).

extreme in this scenario, with warming of 5.5 °C by 2070 and a period
of extreme heat waves and ﬂoods in the 2030s.
Connected communities (CC) explores a future in which sustainability
and community become global priorities. Urban land use stays relatively constant, but agricultural land shifts away from row-crop agriculture to pasture and crops used directly as food (e.g. vegetables and
small grains). Climate change in this scenario is intermediate between
AI and AR, with 3.5 °C warming by 2070 and both heavy rainfall and
drought becoming more common.
Nested Watersheds (NW) explores a future in which governance is
focused around national-scale water security. Urban land use remains
relatively constant, but row-crop agriculture decreases as natural ecosystems are prioritized for water quality protection. Climate in this
scenario is comparable to CC, with 4 °C warming by 2070 and more
frequent precipitation extremes.
We used the approach described in Section 2.1 to evaluate climate
and land use impacts on three HFs: ET, drainage, and direct runoﬀ.
These variables were averaged monthly over all terrestrial grid cells in
the YW based on simulation output from the calibrated Agro-IBIS model
of the YW (Motew et al., 2017). The model was spun-up for 200 years
using randomly selected meteorological years from the 1986–2013
period to equilibrate water, energy, carbon, nitrogen, and phosphorus
cycles. The 1986–2013 period, during which land use and climate were
the same for all scenarios, was used as the baseline period.
For the prediction period (2014–2070), we simulated a factorial
combination of all land use and climate scenarios (16 total simulations)
in order to provide a wide range of scenarios to evaluate interactions
between land use and climate change. We used the same meteorological
predictor variables as in the historical streamﬂow analysis (Section
2.2.2), though in this case they were watershed averages derived from
spatially variable gridded meteorological input datasets (Booth et al.,
2016b). The retained variables for each HF are shown in Fig. S4. As in

3. Results
3.1. Historical discharge analysis
3.1.1. Comparison among regression models and validation
While all of the regression models perform acceptably (NashSutcliﬀe Eﬃciency [NSE] > 0; Moriasi et al., 2007) at both monthly
and annual timescales, validation performance of PLSR is superior to
both PCR and MLR (Fig. 4). Notably, PLSR better predicts streamﬂow
peaks (e.g. 1993), leading to a monthly NSE of 0.716 (compared to
monthly NSE < 0.5 for both PCR and MLR) and annual NSE of 0.878
(compared to annual NSE < 0.7 for PCR and MLR). Furthermore, the
PLSR method is the only statistical method to have a root mean squared
error (RMSE) < 10% of the observed range of variability at either the
monthly or annual resolution. PLSR also has a smaller range of predictions during both the validation and prediction period than PCR and
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MLR. However, even PLSR has a tendency to underestimate high
monthly values of discharge (e.g. in the late 1970s), though to a lesser
degree than either PCR or MLR. Based on the results of this comparison,
we elected to use PLSR for the remainder of the analysis presented in
the manuscript.
3.1.2. Climate and land use impacts on discharge
Within the baseline period (1974–1995), the method forces changes
in discharge due to overall, climate, and land use eﬀects to a mean of
0 mm, as the baseline period is the datum from which changes are
calculated during the prediction period. During the baseline period,
there is a slight but not signiﬁcant trend in overall changes in discharge
and climate-induced changes in discharge of 1.6 mm yr−1 (p = 0.2),
and no trend in land use-induced changes (slope = 0 mm yr−1). This
lack of a land use trend during the baseline period indicates that there is
no trend in the residual of the PLSR relationships, lending support to
our baseline period selection.
Within the prediction period (1996–2016), there is a signiﬁcant
increase in average annual discharge of 57.96 mm (p = 1e-5; onesample t-test) relative to the baseline period (Fig. 5). Of the mean
overall change, climate is a slightly stronger contributor than land use,
though both have signiﬁcant impacts. Climate change causes a mean
36.94 mm increase (p = 0.002; 63.7% of overall change), while land
use change contributes a 21.02 mm increase (p = 0.002; 36.3% of
overall change) relative to the baseline period. However, there is substantial interannual variability in the relative strength of the two drivers. Overall changes in discharge relative to the baseline period appear
to respond most strongly to climate variability from year-to-year, with a
consistent but low-level positive eﬀect due to land use change (Fig. 5d).
Both climate and land use eﬀects are positive in 17 of 21 years (Fig. 5e).
Quickﬂow and baseﬂow contribute approximately equally to the
observed increases in discharge, with a mean annual increase in baseﬂow of 28.18 mm (p < 0.0001; Fig. S5) and mean annual increase in
quickﬂow of 29.79 mm yr−1 (p = 3e-5; Fig. S6). However, the relative
contribution of land use and climate to these two components of overall
discharge varies. For quickﬂow, the increase is dominated by climate
(23.53 mm; p = 0.002) with a small contribution from land use
(6.27 mm; p = 0.06). In contrast, for baseﬂow the increase due to land
use is larger (15.51 mm; p = 6e-5) than the increase due to climate
(11.26 mm; p = 0.007); however, the proportion of total change in
baseﬂow attributed to land use may be an overestimate due to long
timescales of baseﬂow response to changes in watershed-scale subsurface storage (see Section 4.1).
Using our continuous PLSR-based approach, we also identify
changes through time in the relative contribution of climate and land
use during the prediction period. While discharge is increasing through
time at a rate of 1.2 mm yr−1, this trend is not signiﬁcant (p = 0.2).
This increasing trend is dominated by land use eﬀects (0.79 mm yr−1;
p = 0.13), while climate eﬀects are smaller (0.38 mm yr−1; p = 0.73).
The prediction period corresponds with a signiﬁcant positive trend in
the percent of the watershed with urban land use (1.18%/year;
p < 0.05). The trend in discharge is primarily driven by increases in
baseﬂow, which has positive overall (1.80 mm/yr; p = 0.02) and land
use trends (1.15 mm yr−1; p = 0.02) with no signiﬁcant climate trend
(p = 0.31) during the prediction period (Fig. S5). In contrast, there are
no signiﬁcant quickﬂow trends for overall, land use, or climate changes
(Fig. S6).

Fig. 6. Sensitivity of PLSR results for Pheasant Branch watershed to selection of
baseline period. (a) Nash-Sutcliﬀe Eﬃciency for the calibration and validation
samples for each baseline period end year. Changes in discharge due to (b) land
use and (c) climate, color-coded by the baseline period end year. All baseline
periods begin in 1974. For results in Fig. 5 and discussed in text, baseline period
ends in 1995 (black line). (For interpretation of the references to color in this
ﬁgure legend, the reader is referred to the web version of this article.)

for all baseline periods at both a mean and interannual scale (Fig. 6b
and c). Comparing within the common prediction period (1999–2016),
there are no signiﬁcant diﬀerences between baseline period end years
in PLSR-estimated changes due to either land use or climate change
(Fig. 6b and c).

3.1.4. Sensitivity analysis of input meteorological data
Our results also indicate that the attribution of changes to land use
vs. climate change is relatively insensitive to the choice of input meteorological data (Fig. 7). The PLSR models built using either meteorological input dataset are able to accurately predict discharge during
the baseline period, though performance is better with Airport meteorological data (NSE = 0.839) than Arlington meteorological data
(NSE = 0.695). Predictions from both input datasets indicate the same
direction of mean annual changes in discharge due to climate for 19 of
the 21 years during the prediction period, with a strong positive correlation (r = 0.91) between the two methods. Furthermore, a twosample Kolmogorov-Smirnov test indicates that there is not a statistically signiﬁcant diﬀerence between the distributions of changes due to
climate during the prediction period from the two data sources
(p = 0.987). Overall, diﬀerences between PLSR results from the two
input meteorological sources were small, with an annual root mean
squared diﬀerence of 25.1 mm (13.4% of total interannual variability).

3.1.3. Sensitivity analysis of baseline period
While the results described above use a baseline period of
1974–1995, model performance is good (NSE > 0.59) and comparable
regardless of the baseline period used (Fig. 6a). Validation performance
does increase notably (NSE > 0.68) when 1993, a particularly wet
year, is included in the baseline period, and the highest model skill
occurs with a baseline period end year of 1997 (NSE = 0.761). Similarly, the relative importance of land use and climate are comparable
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with temperature in the AI scenario, which is one of the primary controls on reference ET (Fig. 3). Variability in the predicted land use and
climate eﬀects increase with time through the scenario as climate deviates further from the baseline climate used to develop the PLSR relationships, indicating that our permutation-based approach is able to
adequately identify and express uncertainty.
Drainage results have more temporal variability than ET, with
overall mean changes ranging from −142.12 mm yr−1 to
65.17 mm yr−1 over the ﬁnal two decades of the simulations (Fig. 9b,
10b). Both climate and land use can have positive eﬀects (increase in
drainage) and negative eﬀects (decrease in drainage), with interannual
variability in drainage corresponding closely to climate. Climate eﬀects
range from −74.58 mm yr−1 to 38.00 mm yr−1, and land use eﬀects
from −67.55 mm yr−1 to 27.17 mm yr−1. Unlike ET, however, climatedriven and land use-driven changes do not have a consistent synergistic
or antagonistic relationship, with a primarily synergistic interaction in
the AI and AR climate scenarios and a primarily antagonistic interaction
in the CC and NW climate scenarios (Fig. 10b). However, this directional change is not constant through time. Across all scenarios with AR
land use, in particular with AI and AR climate, the eﬀects of land use on
drainage are fairly neutral through the 2030s then positive in the 2040s
and 2050s (Fig. 9b), a period characterized by a decrease in urban land
use and increase in natural vegetation (Fig. 3). While ET seems to be
driven primarily by temperature, changes in drainage respond more to
the relative balance of ET and precipitation. In the AR climate scenario,
changes in drainage relative to the baseline period begin declining from
their peak in the late 2040s, becoming negative in the mid-2050s and
plateauing in ~2060 for the remainder of the simulation. This trend
coincides with a period of decreasing precipitation and increasing reference ET (Fig. 3).
Like ET, direct runoﬀ increases in all future scenarios, with increases ranging from 8.05 mm yr−1 to 49.20 mm yr−1 over the ﬁnal
two decades of the scenarios (Figs. 9 and 10c). As with ET, the eﬀects of
climate tend to dominate with land use eﬀects mostly contributing a
small but synergistic increase: climate accounts for -1.24 mm yr−1 to
+39.79 mm yr−1 of overall changes, compared to 7.20 mm yr−1 to
11.47 mm yr−1 for land use. Through time, changes in direct runoﬀ
track total annual precipitation, annual extreme precipitation events,
and annual reference ET (Fig. 3a,b,d). For example, in the AR climate
scenarios, changes in direct runoﬀ are largest in the 2030s and 2040s
(Fig. 9c), the wettest period on record which included the largest
number of extreme precipitation days (Fig. 3). In contrast, the NW
climate scenarios have a decline in direct runoﬀ from the 2040s
through the end of the simulation (Fig. 9c) which occurs despite increasing overall and extreme precipitation due to increasing temperature and reference ET (Fig. 3).

Fig. 7. Sensitivity of attributed changes in Pheasant Branch discharge due to (a)
land use change and (b) climate change to choice of meteorological input data
for generating PLSR relationships. Ribbons show mean ± 1 standard deviation
from all permutations.

3.2. Future scenario analysis
3.2.1. Model validation
When analyzing output from the simulated future scenarios,
monthly PLSR models perform very well, with NSE of 0.983, 0.870, and
0.963 for ET, drainage, and direct runoﬀ, respectively (Fig. 8). RMSE
are 4.60 mm (3.6% of range of observations), 4.09 mm (5.3%), and
2.30 mm (2.8%), respectively. Performance is also strong at an annual
level, with NSE of 0.843, 0.958, and 0.967 for ET, drainage, and direct
runoﬀ. Statistics summarizing overall and monthly ﬁts for each hydrological ﬂux are provided in Table S1.
3.2.2. Climate and land use impacts on the water balance
The scenarios generated a wide range of climate and land use model
inputs that exposed the relative impacts of these two drivers under a
variety of conditions, with AI and AR representing the extremes for
most inputs (Fig. 3). For example, while air temperature increased in all
scenarios relative to the historical period, there is ∼4 °C diﬀerence
across the four scenarios, with the most extreme increase in AR and the
mildest increase in AI. Similarly, precipitation changes varied across the
four scenarios, with ∼400 mm of variability between scenarios; AR had
the most extreme increases in precipitation, particularly during the
2030s. Land use change also varied substantially between scenarios;
row-crop agriculture, for example, was relatively consistent through
time in the AI scenario, but decreased in each of the other scenarios and
was almost completely eliminated by the end of the AR scenario. Urban
land use was highest for the AI scenario, lowest in the AR scenario, and
relatively unaﬀected in the CC and NW scenarios.
Overall changes in watershed-average ET are uniformly positive
relative to the baseline period across all combinations of scenarios,
ranging from 23.49 mm yr−1 to 90.83 mm yr−1 over the ﬁnal two
decades of the simulations (Fig. 9 and 10a). These increases are
dominated by climate eﬀects (24.77 mm yr−1 to 70.71 mm yr−1), with
a small but typically positive eﬀect of land use (−1.55 mm yr−1
to + 20.12 mm yr−1). While climate and land use have synergistic effects across most scenarios, the eﬀects of land use most strongly
counteract those of climate in the AR scenario. AR is characterized by
decreases in row-crop agriculture and increases in natural vegetation,
while land use eﬀects are closest to 0 in the AI scenario, which is
characterized by widespread expansion of impervious cover. Patterns in
ET through time correspond primarily to changes in temperature and
reference ET. For example, in all scenarios with AI climate ET peaks in
the 2040s, declines through the 2050s to a low in ∼2060, and rises in
the ﬁnal decade of the simulations (Fig. 9a); this pattern corresponds

4. Discussion
4.1. Historical changes in discharge
Our results for the PBS indicate that land use contributes to ∼40%
of observed increases in discharge while climate contributes ∼60%,
shedding light on a trend of unknown origin previously documented by
Gebert et al. (2012). Furthermore, our method’s ability to provide
continuous results through time reveals the changing relative importance of these two drivers: land use-induced changes in discharge
are increasing through time at approximately twice the rate of climatedriven changes. This trend appears to be driven primarily by a strong
trend of increasing urban land cover, with a land use-driven increase in
discharge of 2.12 mm for each 1% increase in urban land use within the
PBS.
Disentangling these two drivers, as well as their changes through
time, provides insight into the eﬀects of historical watershed-scale
management decisions. While urbanization-driven increases in discharge are often associated with increased quickﬂow (Boggs and Sun,
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Fig. 8. Validation of PLSR relationships for (a,b) evapotranspiration, (c,d) drainage, and (e,f) direct runoﬀ.

reducing the impacts of climate change and urbanization on direct
runoﬀ, but are increasing groundwater recharge and baseﬂow due to
more focused inﬁltration as well as other potential water sources associated with urbanization (e.g. urban irrigation and leaky water infrastructure). Second, our methodology may be attributing the eﬀects of
long-term increases in groundwater storage to land use change. There is
a long-term increasing trend in groundwater levels of 0.3 m decade−1
with substantial variability at yearly to decadal timescales and a nonlinear response of baseﬂow to water table depth (Fig. S7). Since changes
in storage are endogenous to the PBS and the timescale over which
groundwater storage changes are longer than the maximum timescale
considered in our PLSR relationships (one year), baseﬂow response to
changes in watershed-scale storage could be methodologically

2011; Debbage and Shepherd, 2018; Rose and Peters, 2001), our results
indicate that increases in quickﬂow and baseﬂow are comparable at the
monthly scale (our analysis is done at a monthly timestep and is not
intended to capture eﬀects at the event scale). Moreover, overall and
land use eﬀects on baseﬂow are increasing through time, unlike
quickﬂow.
Given that the period of study coincides with an expansion of urban
and impervious cover, the signiﬁcant eﬀect of land use change on
baseﬂow, not quickﬂow, is surprising. While outside the scope of the
present study, we suggest two possible explanations which may be
operating in tandem. First, the observed increase in baseﬂow may demonstrate that strict inﬁltration requirements for new developments in
the PBS (Ch. 26.06(3), City of Middleton ordinances) are successfully
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Fig. 9. Changes from 1986 to 2013 baseline period for watershed-average annual (a) evapotranspiration, (b) drainage, and (c) direct runoﬀ. In each set of 16 plots,
the labels along the top show the climate scenario and the labels along the right side show the land use scenario. Ribbons for climate (red) and land use (green)
show ± 1 standard deviation of the mean across all permutations; lines and ribbons are smoothed using 11-year moving average. (For interpretation of the references
to color in this ﬁgure legend, the reader is referred to the web version of this article.)

interventions targeted at buﬀering the observed changes in discharge,
quickﬂow, and baseﬂow associated with urbanization. Inﬁltrationbased stormwater management (e.g. distributed green infrastructure)

attributed to the eﬀects of land use change, which tends to follow longterm trends but has little interannual variability.
Combined, these results may help guide future management
116

Journal of Hydrology 565 (2018) 106–122

S.C. Zipper et al.

Fig. 10. Density plots showing distribution of overall (black line), climate-induced (shaded red), and land use-induced (shaded green) changes to annual watershedaverage (a) evapotranspiration, (b) drainage, and (c) direct runoﬀ. Distributions are for the ﬁnal 20 years of the simulation (2051–2070), relative to the baseline
period (1986–2013). In each set of 16 plots, the labels along the top show the climate scenario and the labels along the right side show the land use scenario. (For
interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)

may have an unintended eﬀect of increasing baseﬂow, potentially
creating more drought-resistant streams. Given that inﬁltration-based
stormwater management is also eﬀective at counteracting climate-

induced changes in discharge during extreme events, these practices
may present an opportunity to protect aquatic ecosystems during both
low- and high-ﬂow periods. However, research elsewhere has found
117

Journal of Hydrology 565 (2018) 106–122

S.C. Zipper et al.

direct runoﬀ output from the Pheasant Branch portion of the YW and
repeated all analyses for the common period of record (1974–2016).
While the baseline period data diﬀers between the two analyses due to
diﬀerent meteorological input data in the 1974–1985 period (see section 2.2.3.2), results for the overall degree of change are comparable.
Results from historical analysis of the Agro-IBIS output for Pheasant
Branch (Fig. S8) ﬁnds that 52.3% of the overall changes in direct runoﬀ
during the prediction period result from climate and 47.7% result from
land use (compared to 79.0% climate and 21.0% land use for quickﬂow
estimated from baseﬂow separation; Fig. S6). Also similar to the results
from baseﬂow separation, there is no signiﬁcant trend through time for
overall, land use, or climate-induced changes in Agro-IBIS direct runoﬀ
for the portion of the prediction period with real climate inputs
(1996–2013).
This analysis indicates that the diﬀerences between the historical
discharge analysis and the future scenario analysis is driven by several
factors. First, the degree and trajectory of land use change varies between the spatial scales used for the two analyses. The PBS is signiﬁcantly smaller than the YW (∼3% of the YW) and has experienced
relatively unidirectional land use change (urbanization) during the
historical period (Fig. 5c). In contrast, the future scenarios include a
large variety of contrasting land use changes which may counteract
each other when aggregated to the watershed scale. The stronger land
use signal in the PBS relative to the YW implies that, just as the impacts
of climate change on streamﬂow are attenuated in larger river networks
(Chezik et al., 2017), so too can larger spatial scales attenuate the effects of land use change. Second, climate change during the future
scenario analysis (2–5.5 °C warming) is more extreme than has been
observed in the historical record. Third, our biophysical modelling
approach may underestimate diﬀerences in hydrological properties
between land uses (see Section 4.4).
While our analysis agrees with recent work showing that climate
eﬀects may dominate future hydrological changes (Martin et al., 2017;
Peng et al., 2016; Pribulick et al., 2016; Wang et al., 2017), we also
highlight the critical need to target land use interventions locally to
maximize beneﬁts in areas of concern (Fry and Maxwell, 2017;
Schifman et al., 2017). The results presented for the YW average hydrologic response over an area of 1344 km2, and therefore neglect
spatial heterogeneity in land use which can impact the local water cycle
(Deshmukh and Singh, 2016; Frans et al., 2013; Haddeland et al., 2007;
Wang and Stephenson, 2018). As observed in the historical discharge
analysis, local management interventions can impact hydrological
processes at a nearly comparable level to climate change.
Elsewhere, previous work has shown, for example, that the expansion of biofuel cropping systems can change ET (Harding et al., 2016;
Joo et al., 2017; VanLoocke et al., 2010; Wagner et al., 2017); land use
change can either reduce or increase groundwater recharge (Giménez
et al., 2016; Newcomer et al., 2014; Oliveira et al., 2017; Qiu and
Turner, 2015; Robertson et al., 2017; Zipper et al., 2017a); and urban
green infrastructure and agricultural drainage management can successfully reduce runoﬀ volumes (Allred et al., 2003; Elliott et al., 2016;
Schott et al., 2017; Shuster et al., 2017; Wadzuk et al., 2010). Each of
these represents a management practice that can alter a hydrologic ﬂux
of interest in the context of climate change which may have signiﬁcant
local beneﬁts.

that reductions in runoﬀ volumes do not always translate to increased
baseﬂow due to watershed-speciﬁc factors such as the amount and
distribution of impervious cover (Fanelli et al., 2017) and enhancing
groundwater recharge using green infrastructure may lower water
quality in surﬁcial aquifers (Andres et al., 2018). This highlights a need
to better understand how land use changes propagate through
groundwater ﬂow systems to impact downstream terrestrial and aquatic
ecosystems (Bhaskar et al., 2016, 2018; Breyer et al., 2018; Jeﬀerson
et al., 2017; Zipper et al., 2017a).
4.2. Future scenario analysis
Results from our factorial set of scenarios indicate that the eﬀects of
climate, not land use change, will likely dominate the future water
balance of the YW. Speciﬁcally, ET seems to respond most strongly to
temperature, while direct runoﬀ responds most strongly to precipitation. Climate eﬀects on drainage are driven primarily by the balance of
supply (precipitation) and demand (reference ET). As precipitation
projections have considerably less certainty than temperature projections (WICCI, 2011), this makes understanding the impacts of climate
and land use change on surface water and groundwater resources particularly challenging. In fact, the similarity of predicted land use eﬀects
between diﬀerent land use scenarios for a given climate (e.g. columns in
Figs. 9 and 10) indicates that errors in the PLSR relationships used to
calculate changes due to climate may be larger than the eﬀects of land
use change.
While the eﬀects of land use are smaller than those of climate,
several key patterns and interactions with climate emerge. Fluxes occurring at the land surface (ET and direct runoﬀ) tend to have synergistic relationships between climate and land use change, with climate-driven increases constituting the majority of overall change. In
contrast, drainage has a mix of synergistic and antagonistic relationships and the largest land use eﬀects of any of the ﬂuxes studied, exceeding 50% of overall change in some scenarios. This indicates that,
while the eﬀects are relatively small, land use changes can act as a
buﬀer on drainage from climate change at a watershed scale. While
groundwater recharge is typically thought of as beneﬁcial, excess
groundwater can have negative eﬀects on several ecosystem services
including reductions in ﬂood retention capabilities, risk of basement
ﬂooding in urban areas, and decreases in agricultural productivity associated with oxygen stress (Booth et al., 2016a). It is therefore critical
to consider the implications of either an increase or decrease in watershed-scale drainage for groundwater ﬂow and associated ecosystems
when making land use decisions.
Additionally, the AI land use scenario (characterized by urbanization) and AR land use scenario (characterized by a return to natural
ecosystems) consistently have the most extreme impacts on the water
balance. Across all scenarios, AI has the smallest eﬀect on ET and
drainage, but the largest eﬀect (most negative) on direct runoﬀ. In
contrast, AR has the largest eﬀect on drainage (most positive) and ET
(most negative), and among the smallest eﬀects on direct runoﬀ. This
highlights the important role of land use in determining the partitioning
of water at the land surface and in the root zone.
4.3. Synthesis and management implications

5. Methodological strengths and limitations

Both the historical discharge analysis in the PBS and the future
scenario analysis of the YW indicate that climate is the key control over
the water balance, though the analyses diﬀer in the relative importance
of land use. In the PBS, results indicate that climate change contributes
to ∼60% of observed changes in discharge, with approximately equal
impacts on quickﬂow and baseﬂow, though the eﬀects of land use are
increasing through time. Similarly, the simulated future scenario analysis points to climate as the key control over direct runoﬀ (as well as
ET and drainage), with relatively smaller eﬀects of land use. To better
assess potential causes of these diﬀerences, we extracted Agro-IBIS

While statistical regression techniques have previously been used to
separate the impacts of climate and land use on streamﬂow (Section
2.1), our technique has several novel contributions. First, users of regression-based methods typically divide their data into two discrete
chunks (“before” and “after”) and separate the temporally-averaged
land use and climate impacts using residuals from the “after” period. In
reality, of course, both land use and climate change are rarely step
changes, but rather shift gradually over time. While the approach
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order demonstrate our methodology using easily obtained meteorological data.

introduced here uses a baseline period, it also provides continuous estimates of the relative importance of land use and climate change over
time during both the baseline and prediction period, which makes it
possible to identify trends in drivers of hydrological change. For example, in the PBS, we reveal that the impacts of land use change are
increasing over time for both discharge and baseﬂow; while climate
change has signiﬁcantly increased streamﬂow but there is no signiﬁcant
trend during the prediction period. Second, the continuous separation
through time makes it possible to assess synergistic and antagonistic
relationships between climate and land use, as well as the changing
nature of these interactions through time. Third, as opposed to MLR
which is frequently used to separate land use and climate change eﬀects
(Huo et al., 2008; Jiang et al., 2011; Ye et al., 2003; Zhang et al., 2016),
we use a PLSR model and evaluate its performance relative to MLR and
PCR model. Our PLSR approach relies on automated signiﬁcancepruning to select predictor variables from a set of candidates, thus reducing potential spurious correlations and potential researcher biases,
and eliminated issues associated with collinearity to provide more robust predictions (Hwang and Nettleton, 2003).
We do, however, note several potential limitations to our method,
most of which are common to all statistical approaches for separating
climate and land use change. For instance, developing statistical relationships based on one period of time and applying them to another
may result in extrapolation beyond the climatic conditions for which
the relationships are well-suited. This problem is common to all regression-based methodologies and may be particularly challenging in
the context of nonstationarity, where emergent properties of the relationship between climate and land use change lead to novel future
responses (Milly et al., 2008), or where signiﬁcant changes in watershed storage occur (e.g. rising groundwater levels as discussed in
Section 4.1). In our case, sensitivity analysis results demonstrate that
separation of climate and land use eﬀects is relatively insensitive to the
selection of the baseline period and meteorological input data, as long
as the performance of the PLSR model is validated and demonstrated to
accurately reproduce observations, thus minimizing concerns regarding
nonstationarity. However, alternate approaches to selecting model calibration periods may provide a useful approach to baseline period selection (Razavi and Tolson, 2013), and using a permutation-based approach to ﬁtting models allows us to identify and visualize increases in
uncertainty during climate conditions outside the range of the baseline
period (e.g. Fig. 9). Additionally, regression-based approaches assume
that climate and land use have linearly additive eﬀects (e.g. Eq. (4));
however, due to the complexity of socio-environmental systems, nonlinear hydrological responses to climate and land use change may
violate this assumption (Krause et al., 2017). Thus, regression-based
methodologies may be less accurate when nonlinear behaviors are
present, and process-based models may be more eﬀective (Pribulick
et al., 2016; Pumo et al., 2017).
Furthermore, while Agro-IBIS is a state-of-the-art dynamic vegetation and agroecosystem model, some land use characteristics which
may impact the water cycle are not represented. For example, changes
in soil hydraulic properties between land uses and through time are not
simulated (Paturel et al., 2017), nor are soil hydraulic properties coupled to soil organic content (Ankenbauer and Loheide, 2017). Improving parameterizations and including these processes would likely
increase the simulated diﬀerences between land use types in the future
scenario analysis and increase the relative importance of land use. Our
statistical relationships also do not take into account other factors
which may drive changes in the water balance; for example, each scenario has a representative atmospheric CO2 concentration pathway
(Booth et al., 2016b). Given that carbon and water cycles are coupled in
Agro-IBIS via stomatal conductance, CO2 may also be a relevant predictor variable, particularly for ET and under conditions with signiﬁcant land use change between C3 to C4 vegetation (Twine et al.,
2013). While our methodological framework is suﬃciently ﬂexible to
include variables such as CO2, we elected to exclude it from analysis in

6. Conclusions
This study introduces a new methodological framework to separate
the eﬀects of climate and land use on the water cycle continuously
through time. We tested this approach using three diﬀerent regression
models (PLSR, PCR, and MLR) and found the best performance with
PLSR. We then applied our approach to both observed and modeled
data for the YW in south-central Wisconsin. Analysis of historical discharge data for the PBS indicated that climate change has caused
∼60% of the observed changes in discharge over the past two decades,
with a signiﬁcantly increasing impact of land use change (urbanization)
on both baseﬂow and overall discharge. Using a factorial combination
of four contrasting land use and climate scenarios, we show that future
changes in the YW’s land surface water balance (ET, drainage, and direct runoﬀ) are likely to be dominated by eﬀects of climate change: ET
was most aﬀected by changes in temperature, direct runoﬀ by changes
in precipitation, and drainage by changes in both precipitation and
reference ET. Land use eﬀects were larger on drainage than either ET or
direct runoﬀ.
Overall, these results indicate that the eﬀects of land use and climate are not static through time, and separating the relative contribution of these two variables to hydrological change should not be
done via the simple separation of time into discrete periods; rather, it
must be done in a continuous manner. Furthermore, we show that using
land use to mitigate the eﬀects of climate change on the water cycle
may be challenging in large watersheds which contain a diversity of
land use trajectories. However, our results indicate that the eﬀects of
land use change are larger in the PBS than the YW as a whole due to the
relatively monodirectional land use change from agriculture to urbanization. Therefore, local management interventions targeted at subwatershed scales to achieve speciﬁc desired outcomes may be an effective path forward to protecting water resources from future climate
change.
Acknowledgments
We appreciate constructive feedback from Drs. András Bárdossy,
Saman Razavi, Razi Sheikholeslami, and an additional anonymous reviewer. This research was funded by the National Science Foundation
Water Sustainability & Climate program (DEB-1038759) and LongTerm Ecological Research Program (DEB-0822700). All statistical
analyses were performed using R v3.4.0 (R Core Team, 2018) and
graphics made using ggplot2 (Wickham, 2009) and InkScape (The
Inkscape Team, 2015). Data and code are available on GitHub at http://
www.github.com/szipper/WaterBalance_ClimateVsLULC.
Appendix A. Supplementary data
Supplementary data associated with this article can be found, in the
online version, at https://doi.org/10.1016/j.jhydrol.2018.08.022.
References
Ahn, K.-H., Merwade, V., 2014. Quantifying the relative impact of climate and human
activities on streamﬂow. J. Hydrol. 515, 257–266. https://doi.org/10.1016/j.jhydrol.
2014.04.062.
Allen, R.G., Pereira, L.S., Raes, D., Smith, M., 1998. Crop evapotranspiration: Guidelines
for computing crop water requirements (FAO Irrigation and Drainage Paper No. 56).
United Nations Food and Agriculture Organization, Rome.
Allred, B.J., Brown, L.C., Fausey, N.R., Cooper, R.L., Clevenger, W.B., Prill, G.L.,
Czartoski, B.J., 2003. Water table management to enhance crop yields in a Wetland
Reservoir Subirrigation System. Appl. Eng. Agric. 19 (4), 407–421.
Andres, A.S., Ballestero, T.P., Musick, M.L., 2018. Stormwater management: when is
green not so green? Groundwater. https://doi.org/10.1111/gwat.12653.
Ankenbauer, K.J., Loheide, S.P., 2017. The eﬀects of soil organic matter on soil water

119

Journal of Hydrology 565 (2018) 106–122

S.C. Zipper et al.

of Pheasant Branch, Dane County, Wisconsin, 1975-2008 (No. Scientiﬁc
Investigations Report 2012–5014). U.S. Geological Survey, Middleton WI, pp. 27.
Gillon, S., Booth, E.G., Rissman, A.R., 2016. Shifting drivers and static baselines in environmental governance: challenges for improving and proving water quality outcomes. Reg. Environ. Change 16 (3), 759–775. https://doi.org/10.1007/s10113-0150787-0.
Giménez, R., Mercau, J., Nosetto, M., Páez, R., Jobbágy, E., 2016. The ecohydrological
imprint of deforestation in the semiarid Chaco: insights from the last forest remnants
of a highly cultivated landscape. Hydrol. Process. 30 (15), 2603–2616. https://doi.
org/10.1002/hyp.10901.
Gupta, S.C., Kessler, A.C., Brown, M.K., Zvomuya, F., 2015. Climate and agricultural land
use change impacts on streamﬂow in the upper midwestern United States. Water
Resour. Res. 51 (7), 5301–5317. https://doi.org/10.1002/2015WR017323.
Gyawali, R., Greb, S., Block, P., 2015. Temporal changes in streamﬂow and attribution of
changes to climate and landuse in Wisconsin watersheds. JAWRA J. Am. Water
Resourc. Assoc. 51 (4), 1138–1152. https://doi.org/10.1111/jawr.12290.
Haddeland, I., Skaugen, T., Lettenmaier, D.P., 2007. Hydrologic eﬀects of land and water
management in North America and Asia: 1700–1992. Hydrol. Earth Syst. Sci. 11 (2),
1035–1045.
Hadi, A.S., Ling, R.F., 1998. Some cautionary notes on the use of principal components
regression. Am. Statistician 52 (1), 15–19. https://doi.org/10.1080/00031305.1998.
10480530.
Harding, K.J., Twine, T.E., VanLoocke, A., Bagley, J.E., Hill, J., 2016. Impacts of secondgeneration biofuel feedstock production in the central U.S. on the hydrologic cycle
and global warming mitigation potential. 2016GL069981. Geophys. Res. Lett. 43
(20). https://doi.org/10.1002/2016GL069981.
Homer, C., Dewitz, J., Yang, L., Jin, S., Danielson, P., Xian, G., Megown, K., 2015.
Completion of the 2011 National Land Cover Database for the conterminous United
States – representing a decade of land cover change information. Photogramm. Eng.
Remote Sens. 81 (5), 345–354. https://doi.org/10.14358/PERS.81.5.345.
Homer, C., Dewitz, J., Fry, J., Coan, M., Hossain, N., Larson, C., Wickham, J., 2007.
Completion of the 2001 national land cover database for the conterminous United
States. Photogramm. Eng. Remote Sens. 73 (4), 5.
Huo, Z., Feng, S., Kang, S., Li, W., Chen, S., 2008. Eﬀect of climate changes and waterrelated human activities on annual stream ﬂows of the Shiyang river basin in and
north-west China. Hydrol. Process. 22 (16), 3155–3167. https://doi.org/10.1002/
hyp.6900.
Hwang, J.T.G., Nettleton, D., 2003. Principal components regression with data chosen
components and related methods. Technometrics 45 (1), 70–79. https://doi.org/10.
1198/004017002188618716.
Jeﬀerson, A.J., Bhaskar, A.S., Hopkins, K.G., Fanelli, R., Avellaneda, P.M., McMillan, S.K.,
2017. Stormwater management network eﬀectiveness and implications for urban
watershed function: a critical review. Hydrol. Process. 31 (23), 4056–4080. https://
doi.org/10.1002/hyp.11347.
Jiang, C., Xiong, L., Wang, D., Liu, P., Guo, S., Xu, C.-Y., 2015. Separating the impacts of
climate change and human activities on runoﬀ using the Budyko-type equations with
time-varying parameters. J. Hydrol. 522, 326–338. https://doi.org/10.1016/j.
jhydrol.2014.12.060.
Jiang, S., Ren, L., Yong, B., Singh, V.P., Yang, X., Yuan, F., 2011. Quantifying the eﬀects
of climate variability and human activities on runoﬀ from the Laohahe basin in
northern China using three diﬀerent methods. Hydrol. Process. 25 (16), 2492–2505.
https://doi.org/10.1002/hyp.8002.
Jolliﬀe, I.T., 1982. A note on the use of principal components in regression. J. Roy. Stat.
Soc.: Ser. C (Appl. Stat.) 31 (3), 300–303. https://doi.org/10.2307/2348005.
Joo, E., Zeri, M., Hussain, M.Z., DeLucia, E.H., Bernacchi, C.J., 2017. Enhanced evapotranspiration was observed during extreme drought from Miscanthus, opposite of
other crops. Global Change Biol. Bioenergy. https://doi.org/10.1111/gcbb.12448.
Juckem, P.F., Hunt, R.J., Anderson, M.P., Robertson, D.M., 2008. Eﬀects of climate and
land management change on streamﬂow in the Driftless Area of Wisconsin. J. Hydrol.
355 (1–4), 123–130. https://doi.org/10.1016/j.jhydrol.2008.03.010.
Krause, S., Lewandowski, J., Grimm, N.B., Hannah, D.M., Pinay, G., McDonald, K., Turk,
V., 2017. Ecohydrological interfaces as hot spots of ecosystem processes. Water
Resour. Res. 53 (8), 6359–6376. https://doi.org/10.1002/2016WR019516.
Kucharik, C.J., 2003. Evaluation of a process-based agro-ecosystem model (Agro-IBIS)
across the US Corn Belt: simulations of the interannual variability in maize yield.
Earth Interact 7, 14.
Kucharik, C.J., Brye, K.R., 2003. Integrated BIosphere Simulator (IBIS) yield and nitrate
loss predictions for Wisconsin maize receiving varied amounts of nitrogen fertilizer.
J. Environ. Qual. 32 (1), 247–268.
Kucharik, C.J., Foley, J.A., Delire, C., Fisher, V.A., Coe, M.T., Lenters, J.D., Gower, S.T.,
2000. Testing the performance of a dynamic global ecosystem model: Water balance,
carbon balance, and vegetation structure. Global Biogeochem. Cycles 14 (3),
795–825. https://doi.org/10.1029/1999GB001138.
Lathrop, R.C., Carpenter, S.R., 2013. Water quality implications from three decades of
phosphorus loads and trophic dynamics in the Yahara chain of lakes. Inland Waters 4
(1), 1–14.
Li, Z., Liu, W., Zhang, X., Zheng, F., 2009. Impacts of land use change and climate
variability on hydrology in an agricultural catchment on the Loess Plateau of China.
J. Hydrol. 377 (1–2), 35–42. https://doi.org/10.1016/j.jhydrol.2009.08.007.
Lim, K.J., Engel, B.A., Tang, Z., Choi, J., Kim, K.-S., Muthukrishnan, S., Tripathy, D.,
2005. Automated Web GIS Based hydrograph analysis tool, WHAT. JAWRA J. Am.
Water Resourc. Assoc. 41 (6), 1407–1416. https://doi.org/10.1111/j.1752-1688.
2005.tb03808.x.
Mango, L.M., Melesse, A.M., McClain, M.E., Gann, D., Setegn, S.G., 2011. Land use and
climate change impacts on the hydrology of the upper Mara River Basin, Kenya:
results of a modeling study to support better resource management. Hydrol. Earth

retention and plant water use in a meadow of the Sierra Nevada, CA. Hydrol. Process.
31 (4), 891–901. https://doi.org/10.1002/hyp.11070.
Arnone, E., Pumo, D., Francipane, A., Loggia, G.L., Noto, L.V., 2018. The role of urban
growth, climate change, and their interplay in altering runoﬀ extremes. Hydrol.
Process. 32 (12), 1755–1770. https://doi.org/10.1002/hyp.13141.
Bhaskar, A.S., Jantz, C., Welty, C., Drzyzga, S.A., Miller, A.J., 2016. Coupling of the water
cycle with patterns of urban growth in the baltimore metropolitan region, United
States. JAWRA J. Am. Water Resourc. Assoc. 52 (6), 1509–1523. https://doi.org/10.
1111/1752-1688.12479.
Bhaskar, A.S., Hogan, D.M., Nimmo, J.R., Perkins, K.S., 2018. Groundwater recharge
amidst focused stormwater inﬁltration. Hydrol. Process. https://doi.org/10.1002/
hyp.13137.
Blöschl, G., Montanari, A., 2010. Climate change impacts–throwing the dice? Hydrol.
Process. 24 (3), 374–381. https://doi.org/10.1002/hyp.7574.
Boggs, J.L., Sun, G., 2011. Urbanization alters watershed hydrology in the Piedmont of
North Carolina. Ecohydrology 4 (2), 256–264. https://doi.org/10.1002/eco.198.
Booth, E.G., Zipper, S.C., Loheide, S.P., Kucharik, C.J., 2016a. Is groundwater recharge
always serving us well? Water supply provisioning, crop production, and ﬂood attenuation in conﬂict in Wisconsin, USA. Ecosyst. Services 153. https://doi.org/10.
1016/j.ecoser.2016.08.007.
Booth, E.G., Qiu, J., Carpenter, S.R., Schatz, J., Chen, X., Kucharik, C.J., Turner, M.G.,
2016b. From qualitative to quantitative environmental scenarios: translating storylines into biophysical modeling inputs at the watershed scale. Environ. Modell.
Software 85, 80–97. https://doi.org/10.1016/j.envsoft.2016.08.008.
Breyer, B., Zipper, S.C., Qiu, J., 2018. Sociohydrological impacts of water conservation
under anthropogenic drought in Austin, TX (USA). Water Resour. Res. 54 (4),
3062–3080. https://doi.org/10.1002/2017WR021155.
Bristow, K.L., Campbell, G.S., 1984. On the relationship between incoming solar radiation
and daily maximum and minimum temperature. Agric. For. Meteorol. 31 (2),
159–166. https://doi.org/10.1016/0168-1923(84)90017-0.
Carpenter, S.R., Booth, E.G., Kucharik, C.J., Lathrop, R.C., 2015a. Extreme daily loads:
role in annual phosphorus input to a north temperate lake. Aquat. Sci. 77 (1), 71–79.
https://doi.org/10.1007/s00027-014-0364-5.
Carpenter, S.R., Booth, E.G., Gillon, S., Kucharik, C.J., Loheide, S., Mase, A.S.,
Wardropper, C.B., 2015b. Plausible futures of a social-ecological system: Yahara
watershed, Wisconsin, USA. Ecol. Soc. 20 (2), 10. https://doi.org/10.5751/ES07433-200210.
Chawla, I., Mujumdar, P.P., 2015. Isolating the impacts of land use and climate change on
streamﬂow. Hydrol. Earth Syst. Sci. 19 (8), 3633–3651. https://doi.org/10.5194/
hess-19-3633-2015.
Chezik, K.A., Anderson, S.C., Moore, J.W., 2017. River networks dampen long-term hydrological signals of climate change. 2017GL074376. Geophys. Res. Lett. 44 (14).
https://doi.org/10.1002/2017GL074376.
Debbage, N., Shepherd, J.M., 2018. The Inﬂuence of urban development patterns on
streamﬂow characteristics in the charlanta megaregion. Water Resour. Res. https://
doi.org/10.1029/2017WR021594.
Deshmukh, A., Singh, R., 2016. Physio-climatic controls on vulnerability of watersheds to
climate and land use change across the U. S. Water Resourc. Res. 52 (11), 8775–8793.
https://doi.org/10.1002/2016WR019189.
Duan, L., Man, X., Kurylyk, B.L., Cai, T., Li, Q., 2017. Distinguishing streamﬂow trends
caused by changes in climate, forest cover, and permafrost in a large watershed in
northeastern China. Hydrol. Process. 31 (10), 1938–1951. https://doi.org/10.1002/
hyp.11160.
Eckhardt, K., 2005. How to construct recursive digital ﬁlters for baseﬂow separation.
Hydrol. Process. 19 (2), 507–515. https://doi.org/10.1002/hyp.5675.
Elliott, R.M., Gibson, R.A., Carson, T.B., Marasco, D.E., Culligan, P.J., McGillis, W.R.,
2016. Green roof seasonal variation: comparison of the hydrologic behavior of a thick
and a thin extensive system in New York City. Environ. Res. Lett. 11 (7), 074020.
https://doi.org/10.1088/1748-9326/11/7/074020.
Fanelli, R., Prestegaard, K., Palmer, M., 2017. Evaluation of inﬁltration-based stormwater
management to restore hydrological processes in urban headwater streams. Hydrol.
Process. 31 (19), 3306–3319. https://doi.org/10.1002/hyp.11266.
Foley, J.A., 2005. Global consequences of land use. Science 309 (5734), 570–574. https://
doi.org/10.1126/science.1111772.
Foley, J.A., Prentice, I.C., Ramankutty, N., Levis, S., Pollard, D., Sitch, S., Haxeltine, A.,
1996. An integrated biosphere model of land surface processes, terrestrial carbon
balance, and vegetation dynamics. Global Biogeochem. Cycles 10 (4), 603–628.
https://doi.org/10.1029/96GB02692.
Frans, C., Istanbulluoglu, E., Mishra, V., Munoz-Arriola, F., Lettenmaier, D.P., 2013. Are
climatic or land cover changes the dominant cause of runoﬀ trends in the Upper
Mississippi River Basin? Geophys. Res. Lett. 40 (6), 1104–1110. https://doi.org/10.
1002/grl.50262.
Fry, J.A., Xian, G., Jin, S.M., Dewitz, J.A., Homer, C.G., Yang, L.M., Wickham, J.D., 2011.
Completion of the 2006 national land cover database for the conterminous United
States. PE&RS, Photogram. Eng. Remote Sens. 77 (9), 858–864.
Fry, T.J., Maxwell, R.M., 2017. Evaluation of distributed BMPs in an urban watershed –
high resolution modeling for stormwater management. Hydrol. Process. 31 (15),
2700–2712. https://doi.org/10.1002/hyp.11177.
Fuka, D., Walter, M., Archibald, J., Steenhuis, J., & Easton, Z. (2014). EcoHydRology: A
community modeling foundation for Eco-Hydrology (Version 0.4.12). Retrieved from
https://CRAN.R-project.org/package=EcoHydRology.
Gao, Z., Zhang, L., Zhang, X., Cheng, L., Potter, N., Cowan, T., Cai, W., 2016. Long-term
streamﬂow trends in the middle reaches of the Yellow River Basin: detecting drivers
of change. Hydrol. Process. 30 (9), 1315–1329. https://doi.org/10.1002/hyp.10704.
Gebert, W.A., Rose, W.J., Garn, H.S., 2012. Evaluation of the Eﬀects of City of Middleton
Stormwater-Management Practices on Streamﬂow and Water-Quality Characteristics

120

Journal of Hydrology 565 (2018) 106–122

S.C. Zipper et al.

1175/JAMC-D-14-0107.1.
Schifman, L.A., Herrmann, D.L., Shuster, W.D., Ossola, A., Garmestani, A., Hopton, M.E.,
2017. Situating green infrastructure in context: a framework for adaptive socio-hydrology in cities. Water Resour. Res. 53 (12), 10139–10154. https://doi.org/10.
1002/2017WR020926.
Schott, L., Lagzdins, A., Daigh, A.L.M., Craft, K., Pederson, C., Brenneman, G., Helmers,
M.J., 2017. Drainage water management eﬀects over ﬁve years on water tables,
drainage, and yields in southeast Iowa. J. Soil Water Conserv. 72 (3), 251–259.
https://doi.org/10.2489/jswc.72.3.251.
Schottler, S.P., Ulrich, J., Belmont, P., Moore, R., Lauer, J.W., Engstrom, D.R.,
Almendinger, J.E., 2014. Twentieth century agricultural drainage creates more erosive rivers. Hydrol. Process. 28 (4), 1951–1961. https://doi.org/10.1002/hyp.9738.
Schwartz, S.S., Smith, B., 2014. Slowﬂow ﬁngerprints of urban hydrology. J. Hydrol. 515,
116–128. https://doi.org/10.1016/j.jhydrol.2014.04.019.
Shi, P., Ma, X., Hou, Y., Li, Q., Zhang, Z., Qu, S., Fang, X., 2012. Eﬀects of land-use and
climate change on hydrological processes in the upstream of Huai River, China.
Water Resourc. Manage. 27 (5), 1263–1278. https://doi.org/10.1007/s11269-0120237-4.
Shuster, W.D., Darner, R.A., Schifman, L.A., Herrmann, D.L., 2017. Factors contributing
to the hydrologic eﬀectiveness of a rain garden network (Cincinnati OH USA).
Infrastructures 2 (3), 11. https://doi.org/10.3390/infrastructures2030011.
Šimůnek, J., Šejna, M., Saito, H., Sakai, M., van Genuchten, M.T., 2013. The HYDRUS-1D
Software Package for Simulating the One-Dimensional Movement of Water, Heat, and
Multiple Solutes in Variably-Saturated Media, version 4.17. Department of
Environmental Sciences, University of California Riverside, Riverside, CA, USA.
Soylu, M.E., Kucharik, C.J., Loheide, S.P., 2014. Inﬂuence of groundwater on plant water
use and productivity: Development of an integrated ecosystem – variably saturated
soil water ﬂow model. Agric. For. Meteorol. 189–190, 198–210. https://doi.org/10.
1016/j.agrformet.2014.01.019.
Steﬀen, W., Richardson, K., Rockström, J., Cornell, S.E., Fetzer, I., Bennett, E.M., Sörlin,
S., 2015. Planetary boundaries: Guiding human development on a changing planet.
Science 347 (6223), 1259855. https://doi.org/10.1126/science.1259855.
Tang, Y., Wang, D., 2017. Evaluating the role of watershed properties in long-term water
balance through a Budyko equation based on two-stage partitioning of precipitation.
Water Resour. Res. 53 (5), 4142–4157. https://doi.org/10.1002/2016WR019920.
Tao, B., Tian, H., Ren, W., Yang, J., Yang, Q., He, R., Lohrenz, S., 2014. Increasing
Mississippi River discharge throughout the 21st century inﬂuenced by changes in
climate, land use, and atmospheric CO2. Geophys. Res. Lett. 41 (14), 4978–4986.
https://doi.org/10.1002/2014GL060361.
The Inkscape Team. (2015). Inkscape (Version 0.91). Retrieved from https://inkscape.
org/en/.
Tomer, M.D., Schilling, K.E., 2009. A simple approach to distinguish land-use and climate-change eﬀects on watershed hydrology. J. Hydrol. 376 (1–2), 24–33. https://
doi.org/10.1016/j.jhydrol.2009.07.029.
Twine, T.E., Kucharik, C.J., Foley, J.A., 2004. Eﬀects of land cover change on the energy
and water balance of the Mississippi River basin. J. Hydrometeorol. 5 (4), 640–655.
https://doi.org/10.1175/1525-7541(2004) 005<0640:EOLCCO>2.0.CO;2.
Twine, T.E., Bryant, J.J., Richter, T.K., Bernacchi, C.J., McConnaughay, K.D., Morris, S.J.,
Leakey, A.D.B., 2013. Impacts of elevated CO2 concentration on the productivity and
surface energy budget of the soybean and maize agroecosystem in the Midwest USA.
Global Change Biol. 19 (9), 2838–2852. https://doi.org/10.1111/gcb.12270.
U.S. Geological Survey. (2017). National Water Information System. Retrieved May 9,
2017, from https://waterdata.usgs.gov/nwis.
Usinowicz, J., Qiu, J., Kamarainen, A., 2017. Flashiness and ﬂooding of two lakes in the
upper midwest during a century of urbanization and climate change. Ecosystems 20
(3), 601–615. https://doi.org/10.1007/s10021-016-0042-7.
VanLoocke, A., Bernacchi, C.J., Twine, T.E., 2010. The impacts of Miscanthus x giganteus
production on the Midwest US hydrologic cycle. Global Change Biol. Bioenergy 2 (4),
180–191. https://doi.org/10.1111/j.1757-1707.2010.01053.x.
Vicente-Serrano, S.M., Azorin-Molina, C., Sanchez-Lorenzo, A., Revuelto, J., MoránTejeda, E., López-Moreno, J.I., Espejo, F., 2014. Sensitivity of reference evapotranspiration to changes in meteorological parameters in Spain (1961–2011). Water
Resour. Res. 50 (11), 8458–8480. https://doi.org/10.1002/2014WR015427.
Villarini, G., Strong, A., 2014. Roles of climate and agricultural practices in discharge
changes in an agricultural watershed in Iowa. Agric. Ecosyst. Environ. 188, 204–211.
https://doi.org/10.1016/j.agee.2014.02.036.
Vörösmarty, C.J., Green, P., Salisbury, J., Lammers, R.B., 2000. Global water resources:
vulnerability from climate change and population growth. Science 289 (5477),
284–288. https://doi.org/10.1126/science.289.5477.284.
Wadzuk, B.M., Rea, M., Woodruﬀ, G., Flynn, K., Traver, R.G., 2010. Water-quality performance of a constructed stormwater wetland for all ﬂow conditions. J. Am. Water
Resour. Assoc. 46 (2), 385–394. https://doi.org/10.1111/j.1752-1688.2009.00408.x.
Wagner, M., Wang, M., Miguez-Macho, G., Miller, J., VanLoocke, A., Bagley, J.E.,
Georgescu, M., 2017. A realistic meteorological assessment of perennial biofuel crop
deployment: a Southern Great Plains perspective. Global Change Biol. Bioenergy 9
(6), 1024–1041. https://doi.org/10.1111/gcbb.12403.
Wang, D., Hejazi, M., 2011. Quantifying the relative contribution of the climate and direct human impacts on mean annual streamﬂow in the contiguous United States.
Water Resour. Res. 47 (10), W00J12. https://doi.org/10.1029/2010WR010283.
Wang, H., Stephenson, S.R., 2018. Quantifying the impacts of climate change and land
use/cover change on runoﬀ in the lower Connecticut River Basin. Hydrol. Process.
https://doi.org/10.1002/hyp.11509.
Wang, J., Sheng, Y., Wada, Y., 2017. Little impact of the Three Gorges Dam on recent
decadal lake decline across China’s Yangtze Plain. Water Resour. Res. https://doi.
org/10.1002/2016WR019817.
Wang, L., 2012. Bayesian principal component regression with data-driven component

Syst. Sci. 15 (7), 2245–2258. https://doi.org/10.5194/hess-15-2245-2011.
Marhaento, H., Booij, M.J., Rientjes, T.H.M., Hoekstra, A.Y., 2017. Attribution of changes
in the water balance of a tropical catchment to land use change using the SWAT
model. Hydrol. Process. 31 (11), 2029–2040. https://doi.org/10.1002/hyp.11167.
Martin, K.L., Hwang, T., Vose, J.M., Coulston, J.W., Wear, D.N., Miles, B., Band, L.E.,
2017. Watershed impacts of climate and land use changes depend on magnitude and
land use context. Ecohydrology. https://doi.org/10.1002/eco.1870.
Menne, M.J., Durre, I., Vose, R.S., Gleason, B.E., Houston, T.G., 2012. An overview of the
global historical climatology network-daily database. J. Atmos. Oceanic Technol. 29
(7), 897–910. https://doi.org/10.1175/JTECH-D-11-00103.1.
Milly, P.C.D., Betancourt, J., Falkenmark, M., Hirsch, R.M., Kundzewicz, Z.W.,
Lettenmaier, D.P., Stouﬀer, R.J., 2008. Stationarity is dead: whither water management? Science 319 (5863), 573–574. https://doi.org/10.1126/science.1151915.
Moriasi, D.N., Arnold, J.G., Van Liew, M.W., Bingner, R.L., Harmel, R.D., Veith, T.L.,
2007. Model evaluation guidelines for systematic quantiﬁcation of accuracy in watershed simulations. Trans. ASABE 50 (3), 885–900.
Motew, M., Chen, X., Booth, E.G., Carpenter, S.R., Pinkas, P., Zipper, S.C., Kucharik, C.J.,
2017. The inﬂuence of legacy p on lake water quality in a midwestern agricultural
watershed. Ecosystems 20 (8), 1468–1482. https://doi.org/10.1007/s10021-0170125-0.
Newcomer, M.E., Gurdak, J.J., Sklar, L.S., Nanus, L., 2014. Urban recharge beneath low
impact development and eﬀects of climate variability and change. Water Resour. Res.
50 (2), 1716–1734. https://doi.org/10.1002/2013WR014282.
Nosetto, M.D., Jobbágy, E.G., Brizuela, A.B., Jackson, R.B., 2012. The hydrologic consequences of land cover change in central Argentina. Agric. Ecosyst. Environ. 154,
2–11. https://doi.org/10.1016/j.agee.2011.01.008.
Oliveira, P.T.S., Leite, M.B., Mattos, T., Nearing, M.A., Scott, R.L., de Oliveira Xavier, R.,
Wendland, E., 2017. Groundwater recharge decrease with increased vegetation
density in the Brazilian cerrado. Ecohydrology 10 (1), e1759. https://doi.org/10.
1002/eco.1759.
Paturel, J.E., Mahé, G., Diello, P., Barbier, B., Dezetter, A., Dieulin, C., Maiga, A., 2017.
Using land cover changes and demographic data to improve hydrological modeling in
the Sahel. Hydrol. Process. 31 (4), 811–824. https://doi.org/10.1002/hyp.11057.
Peng, H., Tague, C., Jia, Y., 2016. Evaluating the eco-hydrologic impacts of reforestation
in the Loess Plateau, China, using an eco-hydrologic model. Ecohydrology 9 (3),
498–513. https://doi.org/10.1002/eco.1652.
Peterson, H.M., Nieber, J.L., Kanivetsky, R., 2011. Hydrologic regionalization to assess
anthropogenic changes. J. Hydrol. 408 (3), 212–225. https://doi.org/10.1016/j.
jhydrol.2011.07.042.
Pribulick, C.E., Foster, L.M., Bearup, L.A., Navarre-Sitchler, A.K., Williams, K.H., Carroll,
R.W.H., Maxwell, R.M., 2016. Contrasting the hydrologic response due to land cover
and climate change in a mountain headwaters system. Ecohydrology 9 (8),
1431–1438. https://doi.org/10.1002/eco.1779.
Pumo, D., Arnone, E., Francipane, A., Caracciolo, D., Noto, L.V., 2017. Potential implications of climate change and urbanization on watershed hydrology. J. Hydrol.
554, 80–99. https://doi.org/10.1016/j.jhydrol.2017.09.002.
Qiu, J., Turner, M.G., 2013. Spatial interactions among ecosystem services in an urbanizing agricultural watershed. Proc. Natl. Acad. Sci. https://doi.org/10.1073/pnas.
1310539110.
Qiu, J., Turner, M.G., 2015. Importance of landscape heterogeneity in sustaining hydrologic ecosystem services in an agricultural watershed. Ecosphere 6 (11), 1–19.
https://doi.org/10.1890/ES15-00312.1.
Qiu, J., Wardropper, C.B., Rissman, A.R., Turner, M.G., 2017. Spatial ﬁt between water
quality policies and hydrologic ecosystem services in an urbanizing agricultural
landscape. Landscape Ecol. 32 (1), 59–75. https://doi.org/10.1007/s10980-0160428-0.
Qiu, J., Carpenter, S.R., Booth, E.G., Motew, M., Zipper, S.C., Kucharik, C.J., Turner,
M.G., 2018a. Scenarios reveal pathways to sustain future ecosystem services in an
agricultural landscape. Ecol. Appl. 28 (1), 119–134. https://doi.org/10.1002/eap.
1633.
Qiu, J., Carpenter, S.R., Booth, E.G., Motew, M., Zipper, S.C., Kucharik, C.J., Turner,
M.G., 2018b. Understanding relationships among ecosystem services across spatial
scales and over time. Environ. Res. Lett. 13 (5), 054020. https://doi.org/10.1088/
1748-9326/aabb87.
R Core Team. (2018). R: A language and environment for statistical computing (Version
3.4.4). Vienna, Austria: R Foundation for Statistical Computing. Retrieved from
https://www.R-project.org/.
Razavi, S., Tolson, B.A., 2013. An eﬃcient framework for hydrologic model calibration on
long data periods. Water Resour. Res. 49 (12), 8418–8431. https://doi.org/10.1002/
2012WR013442.
Renner, M., Seppelt, R., Bernhofer, C., 2012. Evaluation of water-energy balance frameworks to predict the sensitivity of streamﬂow to climate change. Hydrol. Earth
Syst. Sci. 16 (5), 1419–1433. https://doi.org/10.5194/hess-16-1419-2012.
Robertson, W.M., Böhlke, J.K., Sharp, J.M., 2017. Response of deep groundwater to land
use change in desert basins of the Trans-Pecos region, Texas, USA: eﬀects on inﬁltration, recharge, and nitrogen ﬂuxes. Hydrol. Process. 31 (13), 2349–2364.
https://doi.org/10.1002/hyp.11178.
Rose, S., Peters, N.E., 2001. Eﬀects of urbanization on streamﬂow in the Atlanta area
(Georgia, USA): a comparative hydrological approach. Hydrol. Process. 15 (8),
1441–1457. https://doi.org/10.1002/hyp.218.
Scanlon, B.R., Reedy, R.C., Stonestrom, D.A., Prudic, D.E., Dennehy, K.F., 2005. Impact of
land use and land cover change on groundwater recharge and quality in the southwestern US. Glob. Change Biol. 11 (10), 1577–1593. https://doi.org/10.1111/j.13652486.2005.01026.x.
Schatz, J., Kucharik, C.J., 2014. Seasonality of the urban heat island eﬀect in Madison,
Wisconsin. J. Appl. Meteorol. Climatol. 53 (10), 2371–2386. https://doi.org/10.

121

Journal of Hydrology 565 (2018) 106–122

S.C. Zipper et al.

Yang, L., Feng, Q., Yin, Z., Wen, X., Si, J., Li, C., Deo, R.C., 2017. Identifying separate
impacts of climate and land use/cover change on hydrological processes in upper
stream of Heihe River, Northwest China. Hydrol. Process. 31 (5), 1100–1112. https://
doi.org/10.1002/hyp.11098.
Ye, B.S., Yang, D.Q., Kane, D.L., 2003. Changes in Lena River streamﬂow hydrology:
human impacts versus natural variations. Water Resour. Res. 39 (7), 1200. https://
doi.org/10.1029/2003WR001991.
Zhang, Q., Liu, J., Singh, V.P., Gu, X., Chen, X., 2016. Evaluation of impacts of climate
change and human activities on streamﬂow in the Poyang Lake basin, China. Hydrol.
Process. 30 (14), 2562–2576. https://doi.org/10.1002/hyp.10814.
Zhou, S., Yu, B., Huang, Y., Wang, G., 2014. The eﬀect of vapor pressure deﬁcit on water
use eﬃciency at the subdaily time scale. Geophys. Res. Lett. https://doi.org/10.
1002/2014GL060741.
Zipper, S.C., Soylu, M.E., Kucharik, C.J., Loheide II, S.P., 2017a. Quantifying indirect
groundwater-mediated eﬀects of urbanization on agroecosystem productivity using
MODFLOW-AgroIBIS (MAGI), a complete critical zone model. Ecol. Model. 359,
201–219. https://doi.org/10.1016/j.ecolmodel.2017.06.002.
Zipper, S.C., Loheide, S.P., 2014. Using evapotranspiration to assess drought sensitivity
on a subﬁeld scale with HRMET, a high resolution surface energy balance model.
Agric. For. Meteorol. 197, 91–102. https://doi.org/10.1016/j.agrformet.2014.06.
009.
Zipper, S.C., Soylu, M.E., Booth, E.G., Loheide, S.P., 2015. Untangling the eﬀects of
shallow groundwater and soil texture as drivers of subﬁeld-scale yield variability.
Water Resour. Res. 51 (8), 6338–6358. https://doi.org/10.1002/2015WR017522.
Zipper, S.C., Schatz, J., Singh, A., Kucharik, C.J., Townsend, P.A., Loheide, S.P., 2016.
Urban heat island impacts on plant phenology: intra-urban variability and response
to land cover. Environ. Res. Lett. 11 (5), 054023. https://doi.org/10.1088/17489326/11/5/054023.
Zipper, S.C., Schatz, J., Kucharik, C.J., Loheide, S.P., 2017b. Urban heat island-induced
increases in evapotranspirative demand. 2016GL072190. Geophys. Res. Lett. 44 (2).
https://doi.org/10.1002/2016GL072190.

selection. J. Appl. Stat. 39 (6), 1177–1189. https://doi.org/10.1080/02664763.
2011.644524.
Wardropper, C.B., Chang, C., Rissman, A.R., 2015. Fragmented water quality governance:
constraints to spatial targeting for nutrient reduction in a Midwestern USA watershed. Landscape Urban Plann. 137, 64–75. https://doi.org/10.1016/j.
landurbplan.2014.12.011.
Wardropper, C.B., Gillon, S., Mase, A.S., McKinney, E.A., Carpenter, S.R., Rissman, A.R.,
2016. Local perspectives and global archetypes in scenario development. Ecol. Soc.
21 (2). https://doi.org/10.5751/ES-08384-210212.
WICCI. (2011). Wisconsin’s Changing Climate: Impacts and Adaptation. Madison,
Wisconsin: Wisconsin Initiative on Climate Change Impacts, Nelson Institute for
Environmental Studies, University of Wisconsin-Madison and the Wisconsin
Department of Natural Resources.
Wickham, H., 2009. ggplot2: Elegant Graphics for Data Analysis. Springer-Verlag, New
York Retrieved from http://ggplot2.org.
Wisconsin Department of Natural Resources, 2016. Wisconsin land cover data –
“Wiscland”. Retrieved July 25, 2017, from. http://dnr.wi.gov/maps/gis/
datalandcover.html.
Wolter, P., Townsend, P., Sturtevant, B., Kingdon, C., 2008. Remote sensing of the distribution and abundance of host species for spruce budworm in Northern Minnesota
and Ontario. Remote Sens. Environ. 112 (10), 3971–3982. https://doi.org/10.1016/
j.rse.2008.07.005.
Wu, C.S., Yang, S.L., Lei, Y., 2012. Quantifying the anthropogenic and climatic impacts on
water discharge and sediment load in the Pearl River (Zhujiang), China (1954–2009).
J. Hydrol. 452, 190–204. https://doi.org/10.1016/j.jhydrol.2012.05.064.
Wu, F., Zhan, J., Su, H., Yan, H., Ma, E., 2015. Scenario-based impact assessment of land
use/cover and climate changes on watershed hydrology in Heihe River Basin of
Northwest China. Adv. Meteorol. 410198. https://doi.org/10.1155/2015/410198.
Xu, X., Scanlon, B.R., Schilling, K., Sun, A., 2013. Relative importance of climate and land
surface changes on hydrologic changes in the US Midwest since the 1930s:
Implications for biofuel production. J. Hydrol. 497, 110–120. https://doi.org/10.
1016/j.jhydrol.2013.05.041.

122

