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a b s t r a c t
Study region: Northeast and Midwest, United States.
Study focus: Assessing the climate change impacts on the basin scale is important for water
and natural resource managers. Here, the presence of monotonic trends and changes in
climate-driven simulated 3-day peak ﬂows, 7-day low ﬂows, and mean base ﬂows are
evaluated in the Northeast and Midwest U.S. during the 20th and the 21st centuries using
climate projections from sixteen climate models. Proven statistical methods are used to spatially and temporally disaggregate precipitation and temperature ﬁelds to a ﬁner resolution
before being used as drivers for a hydrological model.
New hydrological insights for the region: Changes in the annual cycle of precipitation are likely
to occur during the 21st century as winter precipitation increases and warmer temperatures
reduce snow coverage across the entire domain especially in the northern basins. Maximum
precipitation intensities are projected to become more intense across the region by midcentury especially along the coast. Positive trends in 3-day peak ﬂows are also projected in
the region as a result of the more intense precipitation, whereas the magnitude of 7-day low
ﬂows and mean base ﬂows are projected to decrease. The length of the low ﬂows season
will likely extend by mid-century despite the increased precipitation as the atmospheric
demand increases.
Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction
Changes in the magnitude and frequency of river ﬂows can have signiﬁcant impacts on freshwater resources for the
ecosystem and human activities. Shifts in the volume and timing of streamﬂows can be critical to aquatic species that rely
on them for important transitions in their life cycle, which can affect the existing infrastructure, and impact the water quality
and the quantity for human water supply (Barnett et al., 2005; Comte et al., 2013; Hayhoe et al., 2007). The Northeast Climate
Science Center (NE CSC) was established in 2012 by the Department of the Interior to address the regional challenges of
climate variability and change in the Northeast and Midwest of the US. The NE CSC study area encompasses the 22 U.S.
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states east of the −98◦ W meridian and north of 36◦ N latitude. This region is inhabited by 131 million people (40% of the
U.S. population), and the population is projected to increase by 20% by the year 2050 which will impose more stress on
an already affected natural ecosystem and will have long-term impacts on the ecological and socioeconomic systems. This
region contains several basins of economic and ecologic importance in the country, such as the Great Lakes Drainage, the
Upper Mississippi river basin, the Ohio River basin, and the Connecticut River basin.
There is strong evidence that the intensity of precipitation events in the Northeast (NE) U.S. has increased in the 20th
century as a result of anthropogenic effects in the hydrological cycle (Brown et al., 2010; Changnon, 2002; Douglas and
Fairbank, 2011; Easterling et al., 2000; Groisman et al., 2001; Guilbert et al., 2015; Mishra and Lettenmaier, 2011). Heavy
downpours, the events that are exceeded 1% of the time in any given year, have increased by 71% in the Northeast and 37%
in the Midwest during the last three to ﬁve decades (Walsh et al., 2014). However, studies have found that the magnitude of
annual maximum streamﬂows in the NE has not necessarily increased accordingly (Douglas et al., 2000; Lins and Slack, 1999,
2005; Villarini and Smith, 2010; Villarini et al., 2011). Positive trends in the number of high-frequency ﬂoods (5-year return
period) have been found in most New England rivers throughout the 20th and early 21st centuries with a steep increase
around 1970 (Armstrong et al., 2012). More frequent extreme streamﬂow events (above the 95th percentile) have been
observed in the 21st century during the warm season in New England (Frei et al., 2015). In addition, earlier winter-spring
ﬂows in the range of 6–8 days has also been observed in the region and is thought to be linked to increased snow melting and
rain-on-snow episodes (Hodgkins and Dudley, 2006), and this trend is likely to continue during the 21st century (Campbell
et al., 2011). Increases in the magnitude and frequency of ﬂood events have been observed in the central United States during
the period of 1962–2011 (Mallakpour and Villarini, 2015).
Mean annual ﬂows have increased in the eastern part of the United States during the last half of the 20th century (Collins,
2009; Hodgkins et al., 2005; McCabe and Wolock, 2011). Furthermore, low ﬂows or base ﬂows (groundwater contribution)
have also shown robust upward trends (Douglas et al., 2000; Lins and Slack, 2005) that have been linked to the increasing
precipitation during the summer in New England (Hodgkins et al., 2005), and during the fall in the upper Mississippi basin and
upper Midwest (Small et al., 2006). From an ecosystems perspective, base ﬂow is particularly important because it inﬂuences
water temperatures in the summer and provides a minimum ﬂow to sustain aquatic life. Climate model simulations indicate
a shift toward higher winter ﬂows and lower spring ﬂows in New England (Campbell et al., 2011) and in the Great Lakes
(Marshall and Randhir, 2008). In addition, short term soil moisture deﬁcits, directly linked to the availability of water for
agriculture and public water supplies, may also become more frequent (Hayhoe et al., 2007).
Several studies have identiﬁed the presence of changes in the mean and variance of observed streamﬂows in the region.
McCabe and Wolock (2002) examine the maximum, mean, and minimum annual streamﬂows for the continental U.S. for
the period of 1941–1999 and ﬁnds a step change in the mean and minimum values around 1970, suggesting that the
climate system has shifted to a new regime with different statistical properties. Collins (2009) identiﬁes a step change in the
maximum annual observed ﬂows around 1970 in 23 (out of 28) basins in New England (U.S.) and attributes those changes
to the inﬂuence of the North Atlantic Oscillation’s variability. The author also ﬁnds statistically signiﬁcant upward trends
in 40% of the basins. Conversely, changes in the mean and variance of ﬂood peaks in 27% (40%) of the stations analyzed in
the Eastern (Midwestern) U.S., have been attributed to changes in land use-land cover and might not be linked to climatic
forcings (Villarini and Smith, 2010; Villarini et al., 2011).
Precipitation projections for the 21st century consistently indicate a wetter winter by the end of the century (Anderson
et al., 2010; Hayhoe et al., 2007; Rawlins et al., 2012; Thibeault and Seth, 2014). For spring and fall, model projections agree
on small positive changes in the Northeast U.S., which are signiﬁcant over much of the region in spring and within the level
of natural variability in the fall (Rawlins et al., 2012). In the Great Lakes region, winter and spring precipitation is projected
to rise by as much as 20–30% before the end of the 21st century. Summer rainfall will experience no or little increase,
which along with warmer temperatures, is likely to increase evapotranspiration and result in a net decrease of soil moisture
storage in the region. Furthermore, declining snow pack can also reduce snowmelt recharge to groundwater reserves, which
provides the water supply to sustain base ﬂows during the summer (Hayhoe et al., 2008).
Although there have been several studies that evaluated temporal changes in streamﬂow properties for different subregions in the Northeast (NE) and Midwest (MW), to date no comprehensive region-wide analysis of the temporal trends in
the future streamﬂow characteristics has been done. In this study, three streamﬂow characteristics are deﬁned: 3-day peak
ﬂows, 7-day low ﬂows, and mean base ﬂows. The ﬁrst two are particularly relevant to decision makers since peak ﬂows impact
the egg hatching of aquatic species while minimum ﬂows propitiate healthy ecosystems and greatly impacts the municipal
water supply during the warm summer months. The purpose of this paper is to investigate the magnitude, direction, and
signiﬁcance of temporal changes in streamﬂow characteristics in the NE–MW during the 20th and 21st centuries using
climate-driven hydrologic simulations. Changes in the magnitude of the peaks and low ﬂows will be evaluated for a 100-year
return period. An additional goal is to identify the climate models that best represent the climatology of the region.
2. Data sources, models, and methods
2.1. Basin selection and observational data
The NE–MW region can be subdivided into four distinct climatic regions according to Fan et al. (2014): Region A (drycold), Region B (wet-cold), Region C (dry-warm), and Region D (wet-warm). Fig. 1a shows the spatial extent of each region.
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Fig. 1. (a) Geographical extend of the Northeast–Midwest (NE–MW) region and location of the basins selected for the study. Region A is dry-cold, Region
B is wet-cold, Region C is dry-warm, and Region D is wet-warm. The insert shows the distribution of catchment’s size. (b) Area averaged observed and
GCM simulated precipitation climatology for the period 1901–2005, and (c) Area averaged observed and GCM simulated temperature. (d) Model reliability
score (REA) for both precipitation and temperature averaged over the NE. Ranking based on closeness to historical observations (1901–2005) and to the
ensemble average (2006–2099).

Basins with near-natural conditions, i.e., basins with no impoundments, ﬂow diversions or other factors that could inﬂuence
natural streamﬂows, were selected from the USGS Geospatial Attributes of Gages for Evaluating Streamﬂow (Gauges II)
dataset (Falcone et al., 2010). For consistency, basins with 55 years of data during the period of 1950–2005 were selected.
Additionally, basins were ﬁltered to include only those that had at least 80% complete daily records. From the pool of available
basins, 158 basins with drainage areas that range between 10 and 2500 km2 (average 1000 km2 ) met the two criteria (Fig. 1a).
Observed daily precipitation, maximum and minimum temperature at a 0.125◦ resolution for the conterminous U.S. were
obtained from three datasets: (1) the North American Land Data Assimilation System version 2.0 (NLDAS-2, Xia et al., 2012)
for the period of 1980–2008 was used by Princeton University to calibrate the VIC model, (2) the Maurer et al. (2002) dataset
for the period of 1949–2005 was used to temporally disaggregate the climate simulations from monthly to daily values since
its longer temporal record increases the number of observed events to be included in the analysis, and (3) monthly observed
precipitation and temperature data from the Climate Research Unit (CRU) dataset for the period 1901–2005 (New et al.,
2002) were selected to evaluate the skill of the climate models representing the historical climate of the region. Note that
these three datasets are not independent since they share many of the rain gauges in the region and that the only reason
behind their use was the different record lengths.

2.2. Streamﬂow simulations
The Variable Inﬁltration Capacity (VIC) model was used to simulate the streamﬂow of the 158 selected basins in the
study area. The VIC model is a macro-scale hydrological model that represents surface and subsurface hydrologic processes
in spatially distributed grids (Liang et al., 1994, 1996). VIC (version 4.0.6) was run in water balance mode at a daily time step,
with a 3-h snow model, and a 0.125-degree spatial resolution. The VIC model calibrated parameters used in this study were
obtained from Princeton University as described in Yuan et al. (2013). Brieﬂy, VIC was calibrated using the method of Troy
et al. (2008), which uses over 1700 USGS stream gauges and precipitation from the NLDAS-2 dataset, to create a monthly
spatially-continued runoff ﬁeld over the continental United States. The runoff ﬁeld is then used to calibrate individual grid
cells for the 1980–2004 period. The most common surface and subsurface VIC parameters: the inﬁltration parameter (b),
the maximum baseﬂow generated in the deepest layer (Dm ), the fraction of Dm where non-linear baseﬂow begins (Ds ),
the fraction of maximum soil moisture where non-linear baseﬂow is generated (Ws ), and the thickness of soil layers 2
and 3 (D2 and D3 , respectively) were calibrated for each 0.125-degree grid cell using the Shufﬂe Complex Evolution (SCE)
algorithm (Duan et al., 1992). The objective function used for the optimization was the Kling–Gupta Efﬁciency (KGE, Gupta
et al., 2009). All other soil, vegetation, and snow parameters were obtained from the LDAS dataset. In order to provide
streamﬂow predictions at the 158 basins, the surface and subsurface generated runoff from VIC is routed using the channel
routing scheme of Lohmann et al. (1998). The parameters for the routing model were calibrated independently from the
VIC parameter calibration by using ofﬂine simulation of the calibrated VIC model forced by NLDAS-2. The wave velocity,
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diffusivity, and the impulse response function were calibrated against the daily streamﬂow measurements from the USGS
for each basin using the Shufﬂe Complex Evolution algorithm (Duan et al., 1992).
2.3. Future climate projections
In order to simulate the future streamﬂow characteristics in the basins using the VIC model, future climate projections from the Coupled Model Intercomparison Project Phase 5 archives (CMIP5, Taylor et al., 2012) were obtained
at a 0.125◦ grid from the publicly available Bias Corrected and Statistically Downscaled WCRP CMIP5Climate Projections archive (Maurer et al., 2007) for two Representative Concentration Paths (RCPs): a mid-range concentration
path (RCP 4.5) and a high concentration path (RCP 8.5). The dataset with climate projections can be accessed at
http://gdo-dcp.ucllnl.org/downscaled cmip projections/dcpInterface.html. Several methods are available in the literature
for removing biases in climate model simulations: Delta change, Quantile-Mapping, Analogue methods, Multiple linear
regression (a more complete list of the methods can be found e.g., Themessl et al., 2011). We use a Quantile-Mapping
approach (Panofsky and Brier, 1968) to bias-correct the monthly climate projections by matching their empirical probability
distribution function to the observed. A spatial and a temporal disaggregation are performed to the bias-corrected ﬁelds. The
spatial disaggregation consists of a linear interpolation that is applied to the anomalies of the monthly bias-corrected ﬁelds.
The temporal disaggregation allows obtaining daily precipitation and temperature ﬁelds by randomly selecting observed
daily time series from the historical climatology. For each month of the GCM (e.g., March, 2021) one month is randomly
selected from the observations (e.g., February 1966) and used to disaggregate all the grid cells in the study area to be able to
maintain the spatial structure of the storms. Each observed daily value is rescaled to match the climate simulated monthly
total precipitation and average temperature using a multiplicative factor for precipitation and an additive factor for temperature. This method implicitly assumes that the day-to-day variability of future precipitation has been observed in the
historical record; however the magnitude of the daily precipitation event is generated by the climate model and will change
in time according to local and large-scale processes. This method has widely and successfully been used for hydrologic
impacts studies (Brekke et al., 2004; Maurer et al., 2010b; Vano et al., 2014; Wood et al., 2004, 2002) and it has been shown
to reproduce well extreme events and wet day frequencies at different spatial and temporal scales, however its skillfulness
is limited to weather patterns observed during the historical period (Gutmann et al., 2014).
Additionally, raw, i.e., no spatial downscaling and bias correction, monthly precipitation and temperature ﬁelds were
obtained from the CMIP5 archives (www.http://cmip-pcmdi.llnl.gov/). Since the main focus of this paper is on long-term
trend analysis and the near future change, the analysis is performed in two 55-year periods: a historical period (1951–2005)
and a future period centered around mid-century (2028–2082).
Multi-model ensembles have demonstrated increases in the skill and reliability of climate projections over a single-model
projection (Tebaldi and Knutti, 2007), therefore the best performing General Circulation Models (GCMs) for the NE–MW
were selected using a modiﬁed version of the Reliability Ensemble Average method (REA, Dominguez et al., 2010), which
evaluates the GCM skills to simulate the present-day climate and the convergence of future climate to the ensemble average.
The modiﬁed REA scores are computed as:
REAi = RPi × RTi

(1)

where RPi = RH,i × RF,i and is a measure of reliability for precipitation and RTi = RH,i × RF,i is for mean temperature. In both
cases, RH,i measures model reliability in representing the historical climate (1901–2005) and RF,i accounts for the convergence of each climate model to the REA average in the future (2006–2099). This does not imply that the REA represents the
“true” future response for an emission scenario, but it represents the best estimated response (Giorgi and Mearns, 2002).
For each climate model, we computed the mean square error (MSE) between observed and simulated ﬁelds for the
historical period, and between simulated ﬁelds and the REA-weighted average change for each month.

2
1 
fj,i − xi
M
M

RH,i = MSE (f, x) =

(2)

j

where fj,i represents the ith GCM for the month j. In the case of historical simulations xj are regionally average observations.
For the future period, RF,i is computed with the same equation but in this case xj is the REA-weighted average of the ensemble
members for each month and it is computed as follows:
N


xj =

Ri × fi,j

1
N


(3)
Ri

1

To obtain a REA score where the largest values represent the best performing GCMs, RH,i and RF,i were normalized by the
maximum value. For more details about the method the reader is referred to Dominguez et al. (2010).
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2.4. Statistical methods
The use of moving averages in long-term trend analysis removes the effect of short-term oscillations or periodicities
and minimizes the chance of selecting anomalously large or small values (Liuzzo and Freni, 2015). Three daily ﬂow metrics
were deﬁned: the 3-day peak ﬂow, the 7-day low ﬂow, and the mean base ﬂow (Das et al., 2011; Maurer et al., 2009; Risley
et al., 2008). The 3-day ﬂow peak is widely used for planning purposes, in particular in California and it has been widely in
the literature for extreme analysis (Brekke et al., 2009; Das et al., 2011; Maurer et al., 2009, 2010a). The 7-day low ﬂow is
frequently used to characterize water quality and ecosystems impacts (Helsel and Hirsch, 2002; WMO, 2009), whereas the
mean base ﬂow characterizes the recession curve of the hydrograph and it is representative of groundwater contribution to
stream runoff throughout the year (Sawaske and Freyberg, 2014).
To compute the ﬁrst two metrics, ﬁrst a 3-day and 7-day moving windows were applied to the data, and second the
maximum and minimum values for each year were selected. Mean base ﬂow was quantiﬁed through base ﬂow separation
using a low-pass ﬁlter parameter (Arnold and Allen, 1999; Carrillo et al., 2011), as follows:
Qb (t) = εQb (t − 1) +

1−
[Q (t) − Q (t − 1)]
2

(4)

where Q(t) is the total streamﬂow at time t, Qb is the computed base ﬂow contribution to total ﬂow, and  is a low-pass ﬁlter
parameter.
Since base ﬂow can be highly correlated, hence masking the presence of a trend (Villarini and Smith, 2010), daily base
ﬂows were pre-whitened (i.e., remove unwanted correlations from the time series) with a process that removes a lag-one
autoregressive (AR(1)) process from a time series (Douglas et al., 2000; Serinaldi and Kilsby, 2015), using the following
formula:
Y(t) = Qb (t) − r1 Qb (t − 1)

(5)

where Y(t) is the residual time series and r1 is the lag one autocorrelation coefﬁcient (Yue et al., 2002).
Statistically signiﬁcant changes in the median of annual and seasonal precipitation, evapotranspiration, soil moisture,
snow water equivalent (SWE), and streamﬂows were evaluated with the Wilcoxon (or Wilcoxon–Mann–Whitney) nonparametric test (Wilks, 2006). Changes () are estimated as:
=





(XF − XH )
× 100
XH

(6)

where X represents the hydrological variable of interest for the future period of 2028–2082 (XF ), and for the historical period
of 1951–2005 (XH ).
Step changes in the mean of streamﬂows were investigated with the Pettitt test (Pettitt, 1979) for each streamﬂow metric.
The Pettitt test is a non-parametric test that does not make any assumptions about the functional form of the data distribution
function. The magnitude of monotonic linear trends was evaluated with the Mann–Kendall (M–K) non-parametric test for
each basin and for the GCM ensemble mean. The magnitude of the trends was estimated with the Sen’s method (Kendall,
1975; Mann, 1945; Sen, 1968). The statistical signiﬁcance of the results was evaluated at a 0.05 signiﬁcance level. No hinge
trend analysis was carried out (Livezey et al., 2007), hence only basins without detected changes in the mean were included
in the trend analysis.
Changes in the frequency (events per year) of daily ﬂows above/below the baseline 90th/10th percentile were evaluated
for each basin (Hayhoe et al., 2007). Changes in the length of the low ﬂow (summer) season in the future were analyzed by
selecting the number of days below the 10th percentile for each basin.
To evaluate if the magnitude of ﬂow peak is likely to increase in the 21st century as a result of the projected climate
change, a Generalized Extreme Value (GEV) distribution function (Das et al., 2011; Hurkmans et al., 2010; Maurer et al., 2009)
was ﬁtted to the ensemble mean annual 3-day peak ﬂows and the model parameters were estimated with the maximum
likelihood method (Coles, 2001).
G (z) = exp

 

− 1+

 z −   −1




(7)

where  is the location parameter,  is the scale parameter and  is the shape parameter.
Similarly, a Weibull theoretical distribution was ﬁtted to the annual 7-day low ﬂows ensemble mean (Maurer et al., 2009;
Vicente-Serrano et al., 2012). The Weibull distribution is a special case of Eq. (7) when the shape parameter () is <0.
3. Climate and hydrological models validation
3.1. GCM performance for the study area
The skill of GCMs representing the climatology of the NE–MW was evaluated by comparing the raw GCMs (before bias
correction) to the observed ﬁelds from the CRU dataset during the period of 1901–2005, and the individual GCM convergence
to the REA average in the future climate simulations. GCM and CRU monthly precipitation and temperature were averaged
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Fig. 2. Monthly VIC model performance for the calibration period (1980–2004) and validation period (2005–2010) for the 124 basins included in the study.
Nash–Sutcliffe Efﬁciency (a) and (b) and Percent bias (Pbias) in% (c) and (d). Panels show the Pbias (e) for daily ﬂows above the 98th percentile and (f) daily
ﬂows above the 70th percentile.

for the study region. It is worth noting that higher spatial resolution precipitation and temperature products are available
for the conterminous U.S., however the CRU dataset has shown comparable results to PRISM (Daly et al., 1994) for the region
(Fan et al., 2014; Fan and van den Dool, 2008; Nag et al., 2014).
Fig. 1b and c shows that the observed precipitation is overestimated by the climate model ensemble-mean, whereas
ensemble mean temperature is closer to the observations. The sixteen best performing models, selected with a combined
(RCP 4.5 + RCP 8.5) REA score of 0.3 average for the region, are shown in Fig. 1d: bcc-csm1-1, CCSM4, CESM1-BGC, CESM1CAM5, CNRM-CM5, CSIRO-Mk3-6-0, FIO-ESM, GFDL-ESM2G, GFDL-ESM2M, IPSL-CM5A-LR, IPSL-CM5A-MR, MIROC-ESM,
MIROC-ESM-CHEM, MIROC5, MPI-ESM-LR, and NorESM1-M.
3.2. VIC validation
The VIC model was forced with daily observed precipitation, maximum and minimum temperature from the NLDAS-2
dataset from 1980 to 2010 (the reader is referred to Yuan et al., 2013 for details). Calibration (1980–2004) and validation
(2005–2010) statistics at the monthly and daily levels are shown in Fig. 2. From the originally selected 158 basins, 34 reported
negative Nash–Sutcliffe Efﬁciency values (NSE) and were excluded from the analysis to ensure a reasonable representation
of the climate-streamﬂow characteristics of the basins. Fig. 2 shows NSE and the relative bias (Pbias) of the monthly streamﬂows during the calibration and validation periods. During the calibration period the average NSE for the 124 basins was
0.70(±0.14) and the Pbias was 2.50(±16.6)% which meet the criteria for “satisfactory” calibration by Moriasi et al. (2007).
For the validation period, the NSE and Pbias deteriorate to 0.61(±0.25) and −1.97(±17.9)%, respectively. Since the study
focuses on extremes, Fig. 2e and f shows the Pbias for daily ﬂows exceeded 2% of the time and 70% of the time in any given
year following recommendation by Yilmaz et al. (2008). VIC simulated low ﬂows overestimated observations in most of the
region whereas peak ﬂows were systematically underestimated. This is not surprising since VIC was calibrated to match
monthly values and it is quite likely that the low performance is due to a differences in the timing of the peaks. Similar
limitations using VIC for basins in New England have been reported by Hayhoe et al. (2007). The Proportions test (King and
Mody, 2010) was used to evaluate if the proportion of daily observed and simulated streamﬂows below/over the 70th/98th
percentile was equal in both samples. The null hypothesis H0 states that both population proportions are equal to p. The
proportion (p), average for the 124 basins, of daily streamﬂows below the 70th threshold was found to be 0.613(±0.29) and
0.612(±0.29) for observations and simulations during the calibration period, respectively. The Z-test was used to measure
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Table 1
Model names and hosting institutions used in this study. Only best performing models are included.
Model

Modeling center

1
2
3
4
5
6

bcc-csm1-1
CCSM4
CESM1-BGC
CESM1-CAM5
CNRM-CM5
CSIRO-mk3-6-0

7
8
9
10
11
12

FIO-ESM
GFDL-ESM2G
GFDL-ESM2M
IPSL-cm5a-lr
IPSL-cm5a-mr
MIROC-esm

13
14
15
16

MIROC-esm-chem
MIROC5
MPI-ESM-LR
NORESM1-m

Beijing Climate Center, China Meteorological Administration
National Center of Atmospheric Research, USA
Community Earth System Model Contributors
Community Earth System Model Contributors
National Centre of Meteorological Research, France
Commonwealth Scientiﬁc and Industrial Research Organization/Queensland
Climate Change Centre of Excellence, Australia
The First Institute of Oceanography, SOA, China
NOAA Geophysical Fluid Dynamics Laboratory, USA
NOAA Geophysical Fluid Dynamics Laboratory, USA
Institut Pierre Simon Laplace, France
Institut Pierre Simon Laplace, France
Japan Agency for Marine-Earth Science and Technology, Atmosphere and
Ocean Research Institute (The University of Tokyo), and National Institute for
Environmental Studies
Same as MICOC-esm
Same as MIROC4h
Max Planck Institute for Meteorology, Germany
Norwegian Climate Center, Norway

the statistical signiﬁcance of the differences at a 5% level. The associated Z value was 0.169(±0.28) which is within the <±1.96
limits of a N(0,1) distribution. For peak ﬂows, the proportion was 0.0164(±0.0078) for both samples with an average Z value
equal to 0.0356(±0.0594), respectively. For low and peak ﬂows, the hypothesis of difference in the proportion of daily events
below/above the threshold cannot be rejected at the signiﬁcance level indicating that the VIC model can realistically capture
the occurrence of extreme ﬂows in the basins.

4. Results and discussion
In this section, we will evaluate the future projected changes in hydrological variables, and whether the magnitude of
peak and low ﬂows is likely to increase during the 21st Century. First, daily streamﬂows are simulated in the 124 basins
using daily precipitation and temperature for each of the sixteen GCMs. Second, for each basin the GCM ensemble-mean is
computed; and third to make the magnitude of the trends comparable between basins, speciﬁc discharges are computed by
dividing 3-day, 7-day, and mean base ﬂows by the respective basin areas (Table 1).

4.1. Changes in annual and seasonal hydrologic states and ﬂuxes
We begin our evaluation by comparing the future changes in ensemble-mean seasonal ﬂuxes (i.e., evapotranspiration,
slow response ﬂow, fast response ﬂow) and states (i.e., soil moisture and snow water equivalent (SWE)) for each sub-region
(Table 2) between the future and historical periods. The seasons are deﬁned as: Winter (December–January–February),
Spring (March–April–May), Summer (June–July–August), and Fall (September–October–November). For each basin, ﬁrst
precipitation and evapotranspiration are summed over the analysis period whereas temperature, soil moisture, SWE, slow
response ﬂow, and fast response ﬂow are averaged. Second, each hydrologic variable is averaged for the basins located in
each region: Region A contains 15 basins; Region B, 22 basins; Region C, 21 basins; and Region D, 68 basins. The statistical
signiﬁcance of the changes was tested with the Wilcoxon test. Regions A, B, and D will experience the largest increases
in precipitation in Winter and Spring ranging from 9.8% to 13.6%; while in Region C the increases will range from 8.3%
to 10.8%. In average for the four regions, Summer precipitation is expected to increase by mid-century, by 7.9/7.2% in the
RCP 4.5/RCP 8.5 scenarios, respectively. During the Fall, the eastern basins will receive slightly more precipitation than the
western basins. Changes in temperatures will be evenly distributed in all four regions with changes ranging from 2.3 ◦ C to
2.9 ◦ C in the mid-range emission scenario and between 2.9 ◦ C and 4.0 ◦ C in the high emission scenario.
Evapotranspiration will likely increase throughout the year in all four regions with the exception of the Winter season in
the northern basins (Region A and B), perhaps due to less sublimation from reduced snow packs. Coincidently, SWE shows
the largest negative changes during the cold season in the two regions from −15.7 to −31.8 mm day−1 /seas for RCP 4.5 and
from −19.9 to −41.8 mm day−1 /seas for RCP 8.5. Larger evaporation rates during the warm months (Summer and Fall) are
likely to reduce soil moisture storage and minimize slow response runoff generation in order satisfy the atmospheric water
deﬁcit. Finally, fast response runoff (fast model response to precipitation when the upper soil layer saturates) is projected
to increase in the Winter months as a response to more rainfall.
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Table 2
Changes in future (2028–2082) seasonal ﬂuxes and states for the 4 climatic regions in the NE–MW: Region A (dry-cold), Region B (wet-cold), Region C
(dry-warm) and Region D (wet-warm). Hydrologic components are averaged only for the basins included in each climatic region. Numbers in parentheses
indicate not statistically signiﬁcant changes (␣ 0.05).

Precipitation

Region
Units
%

DJF (winter)
MAM (spring)
JJA (summer)
SON (fall)
Temperature
DJF (winter)
MAM (spring)
JJA (summer)
SON (fall)

◦

Evapotranspiration
DJF (winter)
MAM (spring)
JJA (summer)
SON (fall)

mm day−1 /seas

Soil moisture
DJF (winter)
MAM (spring)
JJA (summer)
SON (fall)

mm day−1 /seas

SWE
DJF (winter)
MAM (spring)
JJA (summer)
SON (fall)

mm day−1 /seas

Slow response ﬂow
DJF (winter)
MAM (spring)
JJA (summer)
SON (fall)

mm day−1 /seas

Fast response ﬂow
DJF (winter)
MAM (spring)
JJA (summer)
SON (fall)

mm day−1 /seas

A
RCP 4.5

B

C

D

A
RCP 8.5

B

C

D

11.6
9.8
6.4
6.6

10.4
7.1
7.3
8.8

8.3
10.1
8.9
6.9

12.5
9.1
9.0
8.6

13.6
13.1
5.1
5.0

12.6
12.7
8.5
6.5

9.2
10.8
7.6
8.1

11.3
12.0
7.6
7.1

2.7
2.6
2.5
2.6

2.9
2.6
2.5
2.5

2.3
2.3
2.5
2.6

2.7
2.6
2.5
2.6

3.8
3.2
3.4
3.3

4.0
3.3
3.4
3.3

3.1
2.9
3.3
3.3

3.6
3.2
3.3
3.3

−0.7
11.9
17.8
11.0

(−0.2)
11.7
19.2
12.3

4.9
14.5
19.5
13.1

1.8
14.0
18.7
13.6

−1.0
16.0
21.4
13.2

−0.6
15.3
25.2
15.3

6.8
20.6
20.9
14.9

2.3
18.1
22.0
14.5

2.2
(0.1)
(−0.5)
(−0.5)

4.3
(−0.2)
−1.1
(−0.6)

1.2
(0.2)
(−0.3)
(−0.2)

2.4
(0.2)
(−0.2)
(0.0)

2.2
(0.2)
−1.4
−1.8

5.3
(−0.1)
−1.8
−2.3

0.4
(0.1)
−1.6
−1.6

2.3
(0.0)
−1.4
−1.2

−15.7
−5.9
0.0
−0.2

−31.8
−33.7
−0.1
−0.5

−5.8
−1.8
0.0
−0.1

−17.0
−13.4
0.0
−0.2

−19.9
−6.9
0.0
−0.2

−41.8
−40.6
−0.1
−0.6

−7.3
−2.1
0.0
−0.1

−21.4
−15.9
0.0
−0.3

0.4
(0.0)
(0.0)
(0.0)

0.6
−0.2
(0.0)
(0.1)

0.2
(0.0)
(0.0)
(0.0)

0.3
0.0
(0.0)
0.1

0.4
(0.0)
(0.0)
−0.1

0.8
−0.2
(0.0)
(0.0)

0.1
(0.1)
0.0)
(0.0)

0.4
−0.1
(0.0)
(0.0)

0.3
(0.0)
0.0
0.1

0.3
−0.1
0.0
0.1

0.1
0.1
0.1
0.1

0.2
(0.0)
0.0
0.0

0.4
(0.0)
(0.0)
(0.0)

0.4
−0.1
(0.0)
(0.0)

0.1
(0.0)
(0.0)
0.1

0.2
(0.0)
(0.0)
(0.0)

C

4.2. Trends in precipitation and streamﬂows
Given the high dependence on the frequency, intensity, and timing of extreme precipitation and streamﬂows for water
resources sustainability, a primary need is to estimate the potential changes in the temporal and spatial variability of extreme
events due to a changing climate. The frequency of very heavy precipitation (101.6 mm or 4 in.) has increased in the region
during the last century (Changnon and Westcott, 2002; Douglas and Fairbank, 2011; Groisman et al., 2001; Mishra and
Lettenmaier, 2011), perhaps as a result of warmer atmospheric temperatures which increased the atmospheric water vapor
holding capacity (Trenberth et al., 2003). Since antecedent precipitation in a catchment is more likely to be related to large
peaks than a single isolated precipitation event, ﬁrst we computed the maximum 5-day cumulative precipitation following
the U.S. Natural Resources Conservation Service (NRCS, 2004) recommendations for rainfall-runoff estimations for each
GCM and each basin. Second, the maximum 5-day value was selected for each year in the 1951–2099 period; and third, the
presence of linear trends in the GCM ensemble-mean was assessed with the Mann–Kendall test with a 0.05 signiﬁcance
level.
Fig. 3 shows trends in the annual maximum cumulative 5-day precipitation for the GCM ensemble-mean during the
historical period (left panel), and for the future period (center and right panels). Upward/downward pointing triangles
indicate positive/negative trends, with colored markers showing statistically signiﬁcant trends. The percentage of cases
with statistically signiﬁcant positive and negative trends in the 55-year period is noted between brackets. Mostly, positive
changes result from the simulated GCM 5-day maximum precipitation with statistically signiﬁcant trends restricted to the
western part of the domain. By mid-century, GCM ensemble-mean precipitation is projected to be more intense in the eastern
part of the U.S. (Regions B and D) under both concentration paths with 22% of the basins showing statistically signiﬁcant
upward trends.
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Change point analysis of the observed 3-day peak ﬂows using the Pettitt test shows changes in the mean in 14% of the
basins at a 5% conﬁdence level (Fig. 4a). Most of the basins are located in the western part of the domain and a few basins in
the southeastern corner. The median value of the change date is 1978 with a standard deviation of ±8 years. The number of
basins with identiﬁed changes in the mean increases to 31% for the ensemble mean of GCM-driven maximum ﬂows (Fig. 4d)
with most of the basins located in the eastern region. For 7-day low ﬂows, observations show that 32% of the basins have a
change in mean around the year 1974 (±13 years), whereas for GCM-driven simulations only 14% of the basins experience
statistically signiﬁcant changes (Fig. 4e). Mean observed base ﬂows report changes in the mean in 19% of the basins occurring
around the year 1979(±11 years). Basins with detected changes tend to be concentrated in the western part of the domain.
Conversely, GCM-driven VIC simulations show 73% of the basins having changes in the mean in the year 1983(±10 years). In
all cases, the observed year of the detected changes in mean is, in average, slightly later in the 20th Century than the dates
reported in previous studies (Villarini and Smith, 2010). Perhaps the differences arise from the length of the ﬂow records used
in this study, which spans 55 years, whereas the aforementioned study used longer records. These differences could be due
to deﬁciencies in the climate model simulating the inter-annual variability of precipitation in the region (the 1960’s drought
signiﬁcantly impacted these values (Hayhoe et al., 2007; Namias, 1966)). During this intense drought, changes in moisture
ﬂuxes and in the position of the storm tracks in the northeast U.S. were the result of a negative North Atlantic Oscillation
(NAO) pattern, la Niña conditions, and a negative Paciﬁc–North American (PNA) pattern (Ning and Bradley, 2014), and might
have inﬂuence the trend of hydrological variables (Hayhoe et al., 2007).
The presence of linear trends in ensemble-mean 3-day peak ﬂows, 7-day low ﬂows, and mean base ﬂows was evaluated
for each basin with the Mann–Kendall test. Fig. 5 shows the direction of the trend GCM-driven streamﬂow characteristics
during the historical (1951–2005) and the future (2028–2082) periods in those basins where no point changes in the mean
were found with the Pettitt test (Fig. 4). During the historical period, the ensemble mean GCM-driven 3-day peak ﬂows show
widespread positive trends throughout the region, however only 6% basins exhibit statistically signiﬁcant trends (Fig. 5a).
Climate projections for the period of 2028–2082 for both concentration paths show positive trends in the eastern half of the
study area (Fig. 5b) and negative trends in the western side of the domain (Regions A and D) for the mid-range mitigation
scenario. Under the high emission scenario, more intense precipitation (Fig. 3) might be linked to signiﬁcant changes toward
larger peak ﬂows in the eastern half with the exception of the far northeastern U.S. (Maine) where peak ﬂows show a
downward trend. These pattern involving decreasing peak ﬂows despite a projected intensiﬁcation in precipitation could be
linked to: (1) projected decreases in snow cover during the winter–spring season which will impact the magnitude of peak
ﬂows. During the historical period, peak ﬂows occur, in average for the ensemble mean, during the spring season (Julian

Fig. 3. Linear trends in annual maximum cumulative 5-day precipitation for the GMC ensemble-mean: (a) historical period (1951–2005), (b) RCP 4.5 future
period (2028–2082), and c) RCP 8.5 future period (2028–2082). Statistically signiﬁcant trends are shown with ﬁlled triangles (␣ 0.05). Upward pointing
triangles indicated positive trends and downward pointing ones denote negative trends.

Fig. 4. Spatial distribution of basins with changes in the mean (Pettitt test) in observations (top row) and ensemble mean of GCM-driven simulations
(bottom row): 3-day peak ﬂows, 7-day low ﬂows, and mean base ﬂows. The numbers in the lower right corner indicate the percentage of basins with
statistically signiﬁcant changes at the 5% conﬁdence level, and the median and standard deviation of the year when the change was detected.
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Fig. 5. Trends in GCM-driven simulations of 3-day peak ﬂows (left column), 7-day low ﬂows (middle column), and annual pre-whitened mean base ﬂows
(right column), during the historical (1951–2005) and future (2028–2082) periods. The black dot indicates the location of basins with statistically signiﬁcant
(␣ 0.05) point changes in the mean using the Pettitt test in Fig. 4. The numbers in the lower right corner indicate the percentage of basins with statistically
signiﬁcant trends.

day 120 ± 70 days). Climate projections for the 21st century show a negative trend in the date of the 3-day peak ﬂows of
0.055 days/year for the RCP 4.5 path, which suggests changes in snow melting as atmospheric temperatures increase; and
(2) the seasonality of the extremes since climate model simulations indicate that maximum precipitation intensities occur
in late summer (Julian day 220 ± 80 days) therefore the increases in storm intensity shown in Fig. 3 might not be related to
increases in channel runoff. A follow up study will evaluate changes in precipitation and streamﬂow characteristics at the
seasonal level. Overall, 35/5% basins will experience positive/negative trends by mid-century.
Annual 7-day low ﬂows show a mix of positive and negative trends across the domain with most of them being not
statistically signiﬁcant (Fig. 5d). Increasing trends in 4% of the basins are projected for the GCM-ensemble for 7-day low
ﬂows by mid-century with most of the basins located in the eastern half of the domain (Fig. 5e). Under the high emission
scenarios, climate model simulations yield widespread negative trends in the region with only 2 basins having statistically
robust positive trends (Fig. 5f). Changes in the magnitude and duration of future summer–fall low ﬂows in the Northeast US
has been documented by Hayhoe et al. (2007), suggesting that even with the projected increase in precipitation during the
winter months and small changes during the warm months, we are likely to experience more dramatic low ﬂow conditions.
Annual mean base ﬂows show not statistically robust positive trends in the eastern half of the domain (Regions B and
D) and negative trends in Regions A and C under the RCP 4.5 concentration path (Fig. 5h). This positive trends can be linked
to increasing summer precipitation or to increased aquifer recharge due to earlier snow melting or to more rain falling as
liquid in the cold months. By mid-century, negative trends are likely to be found in most of the domain under the RCP 8.5
concentration path with 8% of the basins showing statistically signiﬁcant trends in Regions A and C (Fig. 5i).
For each 55-year period, a GEV distribution function was ﬁtted to the time series of 3-day peak ﬂows and the inverse of
the probability was computed for the 100-year return period. It is worth noticing that stationarity in the GEV parameters
was assumed. Percentage changes between future and historical projections are mostly positive throughout the region with
changes reaching up to 40% under the RCP 8.5 concentration path (Fig. 6a and b). Interestingly, negative changes are projected
for part of Region B (northeastern U.S.), which is in agreement with the trend analysis shown in Fig. 5. Similarly, for 7-day
low ﬂows a Weibull distribution was ﬁtted to the data. Fig. 6c and d show a projected decrease in the magnitude of low
ﬂows by mid-century of up to 90% under the RCP 8.5 concentration path.
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Fig. 6. Percentage changes in the magnitude of the 100-year return period 3-day peak ﬂow (top panels) and 7-day low ﬂows (bottom panels). Changes are
expressed as percentage changes from the historical period (1951–2005).
Table 3
Ensemble mean frequency (events/year) of daily ﬂows above/below the 90th/10th baseline percentile. Frequencies are average for all the basins in each
climatic Region. Streamﬂow simulations, forced with the mid-range (RCP 4.5) and high (RCP 8.5) concentration path, are compared to the historical period.
The number between parentheses represents the percent change from the historical period.
1951–2005

2028–2082

(a) Peak Flows
Region A (dry-cold)
Region B (wet-cold)
Region C (dry-warm)
Region D (wet-warm)

Historical
39.9
41.2
42.3
40.8

RCP 4.5
48.1(+20.7)
46.1(+11.7)
50.3(+18.9)
48.4(+18.5)

RCP 8.5
49.2(+23.5)
48.9(+18.7)
49.8(+17.7)
48.7(+19.1)

(b) Low Flows
Region A (dry-cold)
Region B (wet-cold)
Region C (dry-warm)
Region D (wet-warm)

16.4
22.6
23.5
20.2

19.2(+17.6)
21.9(−3.2)
24.9(+5.9)
20.4(+0.8)

20.9(+27.8)
20.7(−8.4)
22.5(−4.3)
23.0(+13.6)

4.3. Extreme ﬂow events at mid-century: will they become more frequent?
To further evaluate how high and low ﬂow events will be impacted by anthropogenic-induced changes in climate an
over-the-threshold analysis is conducted on daily streamﬂows for each of the selected GCMs. In contrast to the annual
extreme analysis used in the previous sections, this method includes all the streamﬂow values that are above or below a set
threshold allowing a larger sample size. To select the streamﬂows, ﬁrst we determine the 10th and 90th percentiles from
the observation-driven VIC simulations. Second, we compute the frequency (events per year) of daily ﬂows above/below
the 90th/10th percentile for each basin and each GCM during the historical and the future periods. Third, we obtain the
frequencies (events per year) mean and standard deviation for each climatic region and we average them for all the climate
models. Table 3a shows that the ensemble mean GCM simulations under the RCP 4.5 scenario yield increases in daily peak
ﬂows in all regions by mid-century ranging from 11% to 20% (percentages are expressed with respect to the historical period).
Under the RCP 8.5 scenario, increases range from 17% to 23% indicating that despite the negative trends in annual maximum
ﬂows found for the western region (Fig. 6a and b), ﬂooding events of a moderate magnitude will be more frequent in the
future. Similarly, daily ﬂows below the 10th percentile, i.e., low ﬂow conditions, will become more frequent in Regions A, B,
and D under the RCP 4.5 scenario with the largest changes expected to occur in the wetter basins. The number of days with
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Fig. 7. (a) Change in the number of days with ﬂows below the observed 10th percentile and (b) Changes in ﬂow volumes. Results are valid for the low ﬂow
season deﬁned as May 1st and October 31st. Changes are computed between the future (2028–2082) period and the historical period.

low ﬂow conditions will increase between 0.8 and 17.6%. Under the RCP 8.5 scenario, negative changes in Regions B and C
suggests that after evapotranspiration demand is met, excess precipitation contributes to ﬂow generation or soil moisture
content in the basins.
Since summer and fall ﬂows are vital for ecosystem functioning, water supply and hydroelectric purposes, we assess
whether the length of low ﬂow condition will extend in the future. For each basin, the number of daily ﬂows below the 10th
percentile during the low ﬂow season (May 1st to October 31st) are computed and subsequently averaged for each region.
Under the RCP 4.5 pathway the length of the low ﬂows season will increase, in average, by 6% for the four climatic regions
with respect to the historical period (Fig. 7a). Changes under RCP 8.5 are larger, 18% on average, for all basins indicating that
despite the projected increased in precipitation low ﬂow conditions will still prevail in the basins as water demand increases
during the warm months. The length of the low ﬂow season will extend, in average, by 5 ± 3 days under warmer climate
conditions by mid-century (statistically signiﬁcant at the 95% signiﬁcance level).
Additionally, we compute the yearly total ﬂow volume for the 184 days between May and October for each basin and each
climate model to evaluate if, despite the increase in the number of low ﬂow conditions, the volume of water in the channel
will be affected. Results indicate a slight increase of ﬂow volumes in the future under the RCP 4.5 scenario perhaps as a result
of intense precipitation events which will bring more frequent high ﬂow conditions (Fig. 7b). Conversely, volumes will
slightly decrease for RCP 8.5 (changes not statistically signiﬁcant) despite projected precipitation increases during spring,
summer, and fall (Table 2). During the warm period, larger evapotranspiration rates associated to warmer temperatures will
likely contribute to lower water levels in the channels which will potentially affect aquatic and human ecosystems.

5. Conclusions
Our work investigates the projected trends and changes on streamﬂow characteristic in the Northeast–Midwest U.S.
during the 20th and 21st centuries. We selected 124 basins throughout the region to assess trends in 3-day peak ﬂows, 7-day
low ﬂows, and mean base ﬂows by mid-century. Spatially disaggregated and bias-corrected precipitation and temperature
ﬁelds for sixteen well performing climate models from the CMIP5 Project and for two future concentration paths were
used as an input to the VIC hydrological model. Simulations were compared between two 55-year periods: the historical
(1951–2005) and a future centered at mid-century (2028–2082).
Changes in the annual cycle of precipitation are projected to occur during the 21st century with increases in winter
precipitation and small positive changes in summer precipitation. The northern basins will experience larger increases
of precipitation, whereas temperature increases will be spatially distributed across the region. Declining snow packages,
despite increased winter and fall precipitation, is likely to occur across the entire domain due to higher snow-melting and
sublimation rates or perhaps due to changes in rainfall phase as documented in the Western U.S. (Barnett et al., 2005).

E.M.C. Demaria et al. / Journal of Hydrology: Regional Studies 5 (2016) 309–323

321

Spatial analysis indicates that annual maximum 5-day precipitation is projected to have robust positive trends in the
eastern half of the region by mid-century. Similarly, simulations show that the magnitude of 3-day peak ﬂows is likely to
increase across the eastern side of the region as a result of more intense precipitation events whereas the western region
is likely to experience decreases. Positive future changes in the 100-year 3-day ﬂows are likely to dominate the NE–MW
region by mid-century.
Regional declining trends in 7-day low ﬂows under the RCP8.5 concentration path are projected for the GCM ensemblemean, whereas negative trends in mean base ﬂows will likely be frequent in the west. Negative changes in the magnitude
of the 7-day low ﬂows with a 100-year return period will be widespread throughout the region.
The frequency (events per year) of daily low ﬂows (below the observed 10th percentile) and peak ﬂows (above the
observed 90th percentile) is likely to increase across the region, and the length of the low ﬂow season is likely to extend
under the RCP 8.5 concentration path as water demands increase. By mid-century, projected streamﬂow simulations using
16 climate models show a decrease in river channel volumes during the warm months.
Selection of climate models for the region, based on how well they reproduce observations and how close future simulations are to the ensemble-mean, can reduce simulation uncertainty. However, the uncertainty in GCM projections due
to their coarse spatial resolution is not reduced with statistical downscaling making the use of Regional Climate Models an
attractive alternative for future studies as they become more widely available (Liang et al., 2012). Furthermore, structural
biases in the hydrological models and uncertainty in the bias correction–temporal disaggregation process can contribute to
underestimation of streamﬂow extremes, which implies that mid-century projected positive trends can be a conservative
estimate of their magnitude. Low ﬂows conditions on the other hand will likely be less pronounced. However, there are two
caveats. First, VIC simulations assume that the vegetation cover is static in time, therefore the interaction between snow and
vegetation might not be realistically represented in the future. Second, VIC model structure assumes model transportability
in time hence the parameter calibration will be valid under different climatic conditions.
Based on our results, it is evident that under the current warming trend, different natural and social economic factors
will be affected by extreme streamﬂow events, and by low ﬂow conditions during the crucial warm season. Thus, wildlife
managers, water managers, and decision makers in the region may need to adapt to less water availability during the
warmer months; and as peak ﬂows become more extreme, efforts should be directed at quantifying their impact on existent
infrastructure and on riverside human settlements due to erosion processes and ﬂooding.
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