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Abstract
A large body of scientific research has demonstrated a changing climate, which affects river flow regimes and extreme flood 
frequencies and magnitudes. The magnitude and frequency of extreme events are of critical importance in the evaluation 
of river systems to inform flood risk reduction under current and future conditions. The global climate projections from the 
Coupled Model Intercomparison Project, Phase 5 (CMIP5) datasets were used by the Variable Infiltration Capacity (VIC) 
land surface model to produce a runoff dataset, implementing a Bias-Correction Spatial Disaggregation (BCSD) approach. 
The resulting runoff was then used as input to the Routing Application for Parallel computatIon of Discharge (RAPID) river 
routing model to simulate daily flows within all 1.2 million Mississippi River Basin river reaches for years 1950 through 2099. 
This research effort analyzed the performance of the models for the historical time period, comparing with the observations 
at 64 gage locations for 16 different climate models. A recurrence interval analysis was performed to determine the 2-, 5-, 
10-, 50-, 100-, 500-, and 1000-year events within both the historical and projected time periods, highlighting the relative 
changes predicted into the future. Anticipated seasonal changes are demonstrated by comparing monthly average streamflows 
for three different time periods (1951–2005, 2006–2049, and 2050–2099). Results indicate that the hydrologic conditions 
of the Lower Mississippi River are not stationary. Based on all 16 models considered in this study, the median of the model 
projections shows an 8% increase in the 100-year return period discharge at Vicksburg, Mississippi, into the future time 
period, although the full range of 16 models varies widely from − 11 to + 85% change in the 100-year discharge in the future.

1 Introduction

While climate change has been empirically proven, it 
remains critical to evaluate the effect that the non-stationary 
conditions due to climate change will have on the Earth and 
its human population (Intergovernmental Panel on Climate 
Change [IPCC], Masson-Delmotte et al. 2019). Although 
geophysical processes and the hydroclimate are inherently 
non-stationary, historical observations can be represented 
by stationary stochastic models. Therefore, referring to the 
hydroclimate as non-stationary designates a break in that 
trend, requiring a complex deterministic characterization of 

the process (Lins 2012). This non-stationarity is affected by 
anthropogenic contributions, as atmospheric water-holding 
capacity is expected to increase with temperature from ris-
ing global emissions, thus more extreme precipitation events 
become more likely to occur (Min et al. 2011). Across the 
Northern Hemisphere, such increases in greenhouse gases 
have contributed to two-thirds of the intensification of pre-
cipitation events from the latter twentieth century onwards 
(Min et al. 2011). In the contiguous United States, precipita-
tion rates in the heaviest one percent of rain events increased 
twenty percent over the last century (1901–2000) according 
to Kunkel et al. (2008). This research suggests that heavy 
downpours will also increase: “1-in-20-year occurrences are 
projected to occur about every 4 to 15 years by the end of 
this century, depending on location, and the 1-in-20-year 
heavy downpour is expected to be between 10 and 25% heav-
ier by the end of the century than it is now” (Kunkel et al. 
2008). Increases in extreme precipitation events pose serious 
challenges to both human populations and the environment, 
rendering it critical to accurately model potentially destruc-
tive extreme events, such as floods.
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Gudmundsson, et  al. demonstrated that externally 
forced climate change has globally adjusted both the 
mean and extreme river flows, presenting new challenges 
for water management and flood protection (2021). Sev-
eral studies have used the Inter-Sectoral Impact Model 
Intercomparison Project (ISIMIP) simulation results 
(simulation experiment 2a by Gosling et al. 2017, and 
phase 2b Frieler et al. 2017) to evaluate streamflow pro-
jections at both the global and regional scales. Krysa-
nova et al. emphasize the importance of evaluating model 
projections over the historical time period (2020, 2018). 
Some studies evaluate the models with an expectation 
that the temporal fluctuations of streamflow would match 
the pattern of the observations. Even when converting the 
data to annual values, a different sequence of wet and dry 
years than was observed can cause a model to appear to 
perform poorly. However, some studies avoid this expec-
tation by evaluating the model results for longer term 
trends or through methods independent of the tempo-
ral sequence of streamflows. For example, Kiesel et al. 
evaluated model performance for the Danube River sepa-
rately for the 10 warmest, 10 coldest, 10 wettest, and 
10 driest years (2020). The analysis presented below 
(Section 3.2) does not expect the temporal sequence of 
the model flows to match the observations, but rather it 
calculates the residual errors across the statistical distri-
butions of modeled and observed streamflows.

The Mississippi River Basin (MRB) is the USA’ larg-
est watershed, covering all or part of 31 states, or 41% 
of the contiguous United States. This area comprises 
approximately 3,298,800  km2 (Tavakoly et al. 2017). The 
Mississippi River provides critical services to the USA: 
the efficient waterway annually provides half a trillion 
dollars to the economy and 1.3 million jobs (Bridges 
2019). Around 18 million people rely on the river for 
their water supply, and many million live within the basin 
area. It holds 25% of the USA’ hydropower, 25% of North 
America’s fish species, and 60% of North America’s bird 
population (Bridges 2019). The Great Mississippi River 
Flood of 1927 was the most destructive flood in U.S. his-
tory, inundating 68,000  km2 and displacing hundreds of 
thousands of people. The Great Flood of 2011 was of a 
similar size to the floods of 1927 and 1937, but there was 
far less destruction due to the major federal investment 
following the 1927 flood. Protection from future Mis-
sissippi River floods continues to be a national priority.

Future flood projections of MRB with respect to cli-
mate change have been the subject of a few case studies 
(e.g., Krysanova et al. 2020 and Zaherpour et al. 2018), 
although it has mostly been limited to the Upper Missis-
sippi River Basin (UMRB). Jha et al. (2006) showed that 
the UMRB is located at the intersection of three major 
air masses (Pacific, Arctic, and Gulf of Mexico) driving 

the climate of North America and is therefore very sensi-
tive to climate change (2006). Historical analyses from 
the Holocene and U.S. Geological Survey (USGS) lake 
sediment cores suggest significant climate change condi-
tions (Jha et al. 2006). Layering in the sediment records 
indicates that flooding magnitudes are sensitive to cli-
matic changes, revealing that large floods are commonly 
associated with the beginning of warm and dry seasons 
(Knox 2002). The same sediment data showed the longer 
the term of warmer conditions, the more small floods of 
high short-term variability (Knox 2002). Changes in pre-
cipitation and other climate conditions could also have 
major environmental consequences. Some of the in-depth 
recent studies on climate change and streamflow analysis 
are limited to small- or regional-scale modeling (e. g. 
Dahl et al. 2021, Johnson et al. 2015, Park et al. 2011, 
Verma et al. 2015, and Huang et al. 2020). Our study 
is the first to use a high-resolution stream network to 
quantify climate change effects on an entire river system, 
using 1.2 million river reaches to represent all streams 
and tributaries for the entire MRB.

For this purpose, a set of varying climate simulations 
was executed using the Routing Application Parallel Dis-
charge (RAPID) river routing model (David et al. 2011). 
The Coupled Model Intercomparison Project (CMIP) 
consists of Atmosphere–Ocean General Circulation Mod-
els (AOGCMs) that include decadal hindcast and predic-
tion simulations, as well as long-term simulations and 
atmosphere-only simulations (Taylor et al. 2012). This 
divides the four greenhouse gas trajectories described 
by the IPCC as Representative Concentration Pathway 
(RCP) scenarios, which have values of 2.6, 4.5, 6.0, and 
8.5, referring to the peak radiative forcing in W/m2. The 
Variable Infiltration Capacity (VIC) land surface model 
was set up to downscale and bias-correct raw Coupled 
Model Intercomparison Project, Phase 5 (CMIP5) pre-
cipitation and temperature using Bias-Correction Spa-
tial Disaggregation (BCSD; Reclamation 2014). Runoff 
data was generated for 31 AOGCMs with four aforemen-
tioned RCP scenarios. In this study, the runoff data were 
obtained for 16 selected global climate models with RCP 
4.5 (Masui et al. 2011) from 1950 through 2099. In Tava-
koly et al., RAPID was used to simulate streamflow in 
the MRB for 1.2 million river reaches across a decade of 
data in order to understand both the challenges and suc-
cesses in continental flow computation of river discharge 
across the MRB (2017 and 2021). The performance of 
using VIC runoff, driven by observed meteorological 
data, in the RAPID model is demonstrated in Tavakoly 
et al. (2017), Follum et al. (2017), and Tavakoly et al. 
(2021). Our study takes this RAPID model setup from 
Tavakoly et al. and applies it to the climate projections 
found in the CMIP5 dataset (2017). The results are then 
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analyzed through recurrence intervals and seasonal vari-
ation at different USGS and U.S. Army Corps of Engi-
neers (USACE) gage locations.

To the authors’ knowledge, there has not been a com-
prehensive study covering climate projections and future 
flood conditions at the continental scale of the MRB using 
high-resolution vector-based river networks. The capability 
to run such large-scale river routing is made possible by 
the advancement in numerical modeling on supercomputer 
parallelization, which will be further discussed in Section 2.

2  Methodology

The CMIP is a global scientific effort to standardize 
and compare projections of the earth’s climate. Climate 
models have been developed by various science groups 
around the world in support of CMIP. Multiple phases of 
CMIP have occurred and are ongoing (Eyring et al. 2019). 
The research documented in this paper uses results of the 
CMIP Phase 5 (CMIP5), because it is the most recent 
effort with available hydrology data including the BCSD 
runoff dataset. The different models within CMIP5 shared 
common forcings, such as emission levels, and performed 
simulations to calculate climate conditions such as pre-
cipitation and temperature values. The CMIP5 modeling 
results start in the year 1950 and continue through the 
year 2099. The time period 1950 to 2005 used observed 
climate forcings and is called the historic time period. 
Model simulations of 2006–2099 use projected forcings 

according to four different emission scenarios. Emission 
scenarios are labeled by their RCP. RCP 2.6 assumes 
global annual greenhouse gas emissions peak between 
2010–2020 and then decline. RCP 4.5 assumes a peak 
in emissions around 2040, and RCP 6.0 assumes a peak 
around 2080. RCP 8.5 assumes emissions continue to rise 
throughout the twenty-first century.

Due to resource and practical limitations, this initial effort 
could not compute and evaluate streamflow for all models 
and all scenarios. This effort chose the intermediate RCP 
4.5 scenario as opposed to either extreme (RCP 2.6 or RCP 
8.5), and as RCP 6.0 had less available hydrology data. Six-
teen of the 31 available climate models were chosen for this 
analysis, as listed in Table 1. The selection of the 16 CMIP5 
climate models used in this analysis was based on accuracy 
rankings available within the literature for either precipita-
tion or runoff. Törnqvist et al. ranked 22 CMIP5 models for 
the Lake Baikal basin based on monthly precipitation, tem-
perature, evapotranspiration, and runoff (2014). Similarly, 
Ahmadalipour et al. analyzed the performance of 20 models 
for the Columbia River Basin regarding monthly and daily 
precipitation and temperature parameters (2015).

This effort utilized the hydrologic data available for 
CMIP5 computed by Reclamation (2014) using the VIC 
hydrologic model (Liang et al. 1994; and Nijssen et al. 
1997), version 4.1.2. In particular, the gridded VIC run-
off data was used here as input for streamflow compu-
tations. Hydrologic processing of the CMIP5 modeling 
data included Bias-Correction and Spatial Disaggrega-
tion (BCSD) as well as a technique to time-disaggregate 

Table 1  Selected CMIP5 Models (using the BCSD processed Reclamation datasets with RCP 4.5 results)

Modeling Group (Reclamation, 2014) Model ID

Beijing Climate Center, China Meteorological Administration BCC-CSM1-1
Beijing Climate Center, China Meteorological Administration BCC-CSM1-1-M
Canadian Centre for Climate Modelling and Analysis CanESM2
National Center for Atmospheric Research CCSM4
Community Earth System Model Contributors CESM1-BGC
Commonwealth Scientific and Industrial Research Organization, Queensland Climate Change Centre of Excellence CSIRO-Mk3-6–0
Laboratory of Numerical Modeling for Atmospheric Sciences and Geophysical Fluid Dynamics, Institute of Atmospheric 

Physics, Chinese Academy of Sciences, and Center for Earth System Science, Tsinghua University
FGOALS-g2

NOAA Geophysical Fluid Dynamics Laboratory GFDL-CM3
NOAA Geophysical Fluid Dynamics Laboratory GFDL-ESM2G
NASA Goddard Institute for Space Studies GISS-E2-R
Institut Pierre-Simon Laplace IPSL-CM5A-MR
Atmosphere and Ocean Research Institute (The University of Tokyo), National Institute for Environmental Studies, and Japan 

Agency for Marine-Earth Science and Technology
MIROC5

Max-Planck-Institute für Meteorologie MPI-ESM-LR
Max-Planck-Institute für Meteorologie MPI-ESM-MR
Meteorological Research Institute MRI-CGCM3
Norwegian Climate Centre NorESM1-M
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monthly BCSD climate projections into daily VIC 
weather inputs (Reclamation 2014). The VIC products 
selected for this study use a specific statistical downs-
caling approach (BCSD) to downscale (and bias-correct) 
raw CMIP5 precipitation and temperature outputs. After 
BCSD, the downscaled precipitation and temperature 
values have the same monthly distribution compared to 
the chosen gridded observation (Maurer et al. 2002); this 
effort was primarily led by the Bureau of Reclamation. 
More details can be found in the Reclamation techni-
cal report (Reclamation 2014). The downscaled pre-
cipitation and temperature values are then used to drive 
the 12 km VIC model used by the National Center for 
Atmospheric Research. The CMIP5-BCSD-VIC was not 
further bias-corrected.

Runoff products from the BCSD-VIC model were 
then used to drive the RAPID river routing model in 
this study. The RAPID model is capable of calculating 
streamflow at a continental scale by routing the volu-
metric runoff data through a high resolution of streams. 
The RAPID model uses a vector-based computation of 
the Muskingum method within each river segment. This 
model has been applied to study nitrogen transport in 
large-scale river networks (Tavakoly et al. 2016; 2019), 
detection and attribution analysis (Forbes et al. 2019), 
and flood simulation over the continental scale river net-
work (Salas et al. 2018; Tavakoly et al. 2017).

This study takes geospatial RAPID parameters from 
Tavakoly et al. and inputs from the climate projections in 
the CMIP5-BCSD-VIC runoff dataset to simulate daily 
streamflows throughout the MRB and analyze recurrence 
interval relationships and seasonal variations at differ-
ent USGS and USACE gage locations (2017). Using 
RAPIDpy, a Python interface for pre and post process-
ing for RAPID, a static weight table was created to dis-
tribute the VIC runoff data to each individual catchment 
based on the catchment area within each grid cell (Snow 
et al. 2016). For each daily time step, the volumetric run-
off was calculated for each catchment. The Muskingum 
parameters k and x for each river segment were used 
from the previously calibrated effort for the MRB (Tava-
koly et al. 2017). The daily computations were performed 
using the Topaz supercomputer at the U.S. Army Engi-
neer Research and Development Center. Due to stream-
flow initialization effects, the first year of simulation was 
discarded from the analysis of results.

The daily flows were extracted at 64 different loca-
tions around the MRB for analysis, as shown in Fig. 1. 
The flowlines used by RAPID and shown in the figure are 
from the NHDPlus river network (McKay et al. 2012). 
Observed data also existed at each of the 64 locations, 
which were obtained from the USGS National Water 
Information System (NWIS) and from the Memphis 

and Vicksburg U.S. Army Corps of Engineers District 
Offices. Three of the locations (Vicksburg, MS; Metrop-
olis, IL; and Thebes, IL) were chosen strategically to 
evaluate combined effects from very large areas of the 
MRB. The Vicksburg station is on the main stem of the 
Lower Mississippi River below the confluences with 
most of the large tributary basins. The Metropolis sta-
tion is on the Ohio River near its mouth, and the Thebes 
location is on the Mississippi River upstream of the con-
fluence with the Ohio River.

3  Results

The primary purpose in evaluating the simulation results 
is to highlight the relative changes and the uncertainty 
that can be expected for future river conditions. An 
analysis of changes between the historical and future 
time periods begins with a linear regression calculation 
of an ensemble, as described in the first section below. 
The second section will evaluate the performance dur-
ing the historical time period using a residual sum of 
squares calculation across the statistical distribution of 
streamflows. The third section will analyze the changes 
in the streamflow distributions between the historical 
and future time periods. The fourth section will evalu-
ate the extremely high streamflow events and explore 
the changes and uncertainty in those magnitudes. Lastly, 
the fifth section will investigate the relative changes in 
seasonal streamflow behavior between the historical and 
future time periods.

3.1  Calculation of an ensemble of model results

A representative ensemble was calculated using a linear 
regression method as described in Crawford et al. (2019), 
shown in Eq. 1.

where y is the ensemble prediction, i is time, j is for each 
independent model (p = 16), x is the individual model result, 
and the vector β = (β0, β1, …, βp) contains the regression 
coefficients.

The β coefficients were found using a Generalized 
Reduced Gradient solver (Lasdon et  al. 1974) in a 
least-squares regression approach, fitting the 16 mod-
els’ annual averages with the observed annual averages 
for the time period 1951 to 2005 at each of the 64 gage 
locations. Using annual values is in line with Krysanova 
et al., who recommended the calculation of the ensem-
ble was better suitable for mean annual values (2020). 

(1)yi = β0 +

p
∑

j=1

βjxij, i = 1,… , n
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Table 2 below shows the values for the β coefficients 
at the three selected locations and also the average of 
the β coefficients across all 64 gage locations. At the 
three selected locations, we see that the ensemble calcu-
lation consistently gives a relatively high weight (high 
β coefficient) to model CCSM4 (≥ 0.15 in each case). 
Model GISS-E2-R had the highest β coefficient at both 
the Thebes and Vicksburg locations. A simple arithmetic 
mean of the models would be equivalent to a β coeffi-
cient (β1, …, βp) of 0.0625 across each model, which is 
a reference value for comparing which models received 
higher/lower coefficients in the ensemble calculation 
than a simpler ensemble mean approach.

The resulting β coefficients, at each of the 64 gage 
locations, were used to calculate the ensemble for each 
date of the entire simulated time period through 2099. 
The ensemble results for the three locations are shown in 
Fig. 2. The authors recommend the coefficient weighting 
used in the ensemble calculation should not be used for 
evaluating or comparing the performance of a model. A 
model may do very well at matching the distribution of 

observed streamflows, but if the timing of simulated wet 
and dry years does not line up with the observed timing 
of wet and dry years it could receive a low β coefficient 
value. In this work, the model performance is evaluated 
based on the distribution of flows, as discussed in the 
next section. One other note is that the ensemble results 
are smoother than the models. When fitting the ensemble 
to the observations, the high and low values for particular 
years are not as extreme as an individual model.

3.2  Evaluation of modeling performance

This section of the report evaluates how well the routed 
climate modeling results were able to replicate the his-
torical time period. As defined in the CMIP5 documen-
tation the historical time period 1950 to 2005 includes 
common emission-forcing data across the GCMs (Rec-
lamation 2014). It is not reasonable to compare model 
results and recorded streamflows within each year due 
to the variations in meteorological conditions gener-
ated by each GCM at any particular time. Furthermore, 

Fig. 1  A map of the USA showing selected gages in this study: the three highlighted locations include the Ohio River at Metropolis, IL; Missis-
sippi River at Thebes, IL; and Mississippi River at Vicksburg, MS. (“HUC 02” polygons show the hydrologic unit code major regions)
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simulations are not expected to match observations at 
any specific time or match the temporal sequence of wet 
and dry years. For example, it is not anticipated that the 
temporal fluctuations of the climate models will produce 
a dry year in 1992 followed by a wet year in 1993, as was 
observed for the Mississippi River. Rather, the focus is 
on comparing the distribution of simulated and recorded 
streamflows over the historical time period in its entirety. 
The ability of the modeled streamflows to match the dis-
tribution of observed streamflows is of interest.

Here, we directly calculate the differences between 
the distribution of the observed streamflows with each 
model’s distribution through the historical time period 
(1951–2005). The distributions were characterized using 
the statistical software R and the standard “stats” pack-
age within R (2018). Using the “quantile” function, each 
distribution was represented by 99 values from the 1st to 
99th percentiles, using daily values from 1951 to 2005. The 
distribution of the observed data and each of the 16 models 
was found for each of the 64 gage locations. The residual 
errors between the observations and each model were cal-
culated for each percentile in the distribution, and the sum 
of the squares of the residuals was calculated (Morgan and 
Tatar 1972). This approach, as shown in Eq. 1, provides 
a direct way to analyze how well each model’s results fit 
the observed distribution of streamflows at each location.

where S is the residual sum of squares, j is each independ-
ent model (p = 16), k and m represent the range of percen-
tiles over which the summation is performed, zk is the value 
in the observed distribution at the kth percentile, and ẑj,k 
is the value of the distribution in the jth model at the kth 
percentile.

The residual sum of squares error was compared across 
models to rank them 1 to 16 (1 being the model that had the 
lowest error and 16 having the highest error). For example, 
looking at the lowest and highest error sums at the Vicks-
burg location, the models IPSL-CM5A-MR, BCC-CSM1-
1-M, MRI-CGCM3, and MIROC5 were the 1st, 2nd, 15th, 
and 16th ranked models, respectively. From the red and 
orange symbols of Fig. 3, you can see how the MIROC5 
and MRI-CGCM3 models, respectively, have portions of 
the distribution where they are significantly further away 
from the black line of observations, compared to the green 
and blue symbols for the IPSL-CM5A-MR and BCC-
CSM1-1-M results, respectively, at Vicksburg. This rank-
ing process, based on the sum of the squares method, was 
performed at each of the 64 gage locations. The full table 
of ranking results for each model at each gage location can 
be seen in the Appendix.

(2)Sj =

m
∑

k=1

(

ẑj,k − zk
)2

j = 1,… , p
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The performance of the models across the basin can 
be compared by calculating an average rank across all 
locations, as shown by the gray bars in Fig. 4. The mod-
els with the best average ranks across locations were 
CSIRO-Mk3-6–0 and BCC-CSM1-1-M with average 

ranks of 5.9 and 6.7, respectively. Models with relatively 
poor average rankings were GISS-E2-R (average rank 
of 11.0) and MRI-CGCM3 (average rank of 10.7). The 
same procedure was calculated again using only 9 values 
to represent each distribution, instead of 99, in order to 

Fig. 2  Annual streamflows at the three selected gages a Thebes, b Metropolis, and c Vicksburg, where the gray lines show the minimum and 
maximum model values for each year, the blue line shows the calculated ensemble, and the black line shows the observed values
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see the influence of the distribution characterization (i.e., 
the summation is performed for 9 terms: k = 10, 20, … 
90). These are shown by the blue bars in Fig. 4. Lastly, 
the same procedure was also performed focusing only on 
the upper 10 pecentiles (i.e., the summation is performed 
for k = 90, 91, … 99) in order to evaluate how well the 
models match the higher end of the observation distri-
bution (orange bars in Fig. 4). In general, the average 

ranking of the models is somewhat consistent across the 
three different methods. For example, the GFDL-ESM2G 
model has an average ranking between 7.47 and 7.61 for 
all three methods.

Focusing on the distribution which uses 99 percen-
tile values, a further analysis tallied the number of loca-
tions that each model was ranked in first place. Here, 
the IPSL-CM5A-MR model stood out above the others, 

Fig. 3  Percentile streamflows  (m3/s) for 1951–2005 at the Vicksburg location for the observations and four of the models

Fig. 4  Model performance evaluated by averaging the model’s rank across all 64 locations using three different methods to represent the statisti-
cal percentiles of interest (a rank of 1 is best, so a lower value shows the model performed better)
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being ranked first at 14 different gage locations out of 64. 
Behind it, CSIRO-Mk3-6–0 was ranked first at 9 loca-
tions, and CCSM4, GISS-E2-R, and MPI-ESM-LR were 
ranked first at 6 locations each. The IPSL-CM5A-MR 
model is used below in Sections 3.3 and 3.4, because it 
had the lowest error at the most locations. For the three 
primary locations highlighted in this work, IPSL-CM5A-
MR was ranked the best at Vicksburg, 2nd at Thebes, and 
10th at Metropolis.

3.3  Changes in streamflow distributions over time

The modeling results can also be evaluated for changes 
over time. The percentile distributions of streamflow 
for three time periods are represented in Fig. 5 using 
the model IPSL-CM5A-MR at the three selected loca-
tions. The three time periods include 1951–2005 in blue; 
2006–2049 in red; and 2050–2099 in green, while the 
observations for the historical time period 1951–2005 are 
shown in black. In general, spots in a dataset exhibiting 
a more horizontal behavior indicate a larger percentage 
of the flows at that discharge, whereas a more vertical 
behavior indicates that there is a relatively small percent-
age of flows at that discharge. Additionally, a time period 
shown higher than another time period indicates that the 
discharges are higher across that range of percentiles. Of 
particular interest here is to compare the relative changes 
in the modeling results across the three time periods. 
Observations from the IPSL-CM5A-MR results are dis-
cussed by location in the paragraphs below. An overall 
observation is that the future changes in discharge are not 
expected to be uniform across the distribution. One can-
not simply state that all of the discharges are projected 
to go up or down.

The Thebes results in Fig. 5a show that the future time 
periods have higher discharges for much of the upper 
percentiles compared to the historical time period since 
the blue symbols are below the other two colors. How-
ever, the right-most point for the 99th percentile shows 
that all three time periods have approximately the same 
discharges for that most extreme part of the distribution. 
This indicates that the 99th percentile of discharge is 
not projected to change much in the future for the IPSL-
CM5A-MR model at Thebes. The 99th percentile dis-
charges for the 1951–2005, 2006–2049, and 2050–2099 
time periods are 20,100  m3/s; 19,800  m3/s (− 1.5%); and 
19,600  m3/s (− 2.5%), respectively.

The Metropolis results in Fig. 5b show some discrep-
ancies between the observed discharges and the IPSL-
CM5A-MR model results for much of the distribution. 
For the Metropolis location, the IPSL-CM5A-MR model 
error was ranked 10th out of the 16 models, according to 
the method described above in Section 3.2. This model’s 

results at Metropolis show that the lower 60% of the dis-
tribution exhibit negligible change into the future time 
periods. At the 60th percentile, there is a noticeable sepa-
ration where the future time periods are expected to have 
lower discharges until about the 90th percentile. How-
ever, the most extreme percentile (99th) shows that the 
future time period is expected to have higher streamflows 
at the extreme. The 99th percentile discharges for the 
1951 − 2005, 2006 − 2049, and 2050 − 2099 time periods 
are projected to be 28,800  m3/s; 29,800  m3/s (+ 6.4%); 
and 31,700  m3/s (+ 13.2%), respectively.

The Vicksburg modeling results in Fig.  5c  show 
relatively little change from the historical time period 
(1951–2005) to the first future time period (2006–2049). 
However, there are noticeable changes for the second 
future time period (2050–2099) shown in green, with 
portions of the distribution having higher streamflows 
and other portions lower. The future discharges for 
2050–2099 are expected to be lower for the 40th to 
the 90th percentiles in the IPSL-CM5A-MR results at 
Vicksburg. But at the upper end of the distribution, the 
2050–2099 discharges are expected to be higher than 
the historical period. The 99th percentile streamflow 
for 1951–2005 is 49,700  m3/s while it is 49,100  m3/s 
(− 1.2%) for 2006–2049 and 51,700  m3/s (+ 4.0%) for 
2050–2099.

3.4  Annual maximums and recurrence relationships

Additional attention is given here to the extremely high 
streamflow magnitudes and the annual maximums. The 
upper tail of the streamflow distribution contains helpful 
information for many water resource management ques-
tions related to how flooding risks could be impacted by 
climate change. Figure 6 shows the annual maximums 
for each of the 16 GCMs with the light-gray lines; model 
IPSL-CM5A-MR is highlighted in blue. The green line 
represents the median of the 16 simulated maximums 
for each year, and the observed annual maximums are 
shown by the black line. When looking at the highest of 
the peaks within the model results (gray lines) of Fig. 6, 
there is an increase in the frequency and magnitude of 
the most extreme events. In each location, there was an 
increase in the highest annual maximum discharge event 
across the three time periods of 1951–2005, 2006–2049, 
and 2050–2099. For the Thebes location, the highest 
annual maximum from 1951–2005 was 43,741  m3/s 
using model FGOALS-g2, 2006–2049 was 50,059  m3/s 
using model FGOALS-g2, and 2050–2099 was 57,360 
 m3/s using model GFDL-CM3. For the Metropolis loca-
tion, the highest annual maximum from 1951 to 2005 was 
60,733  m3/s using model MPI-ESM-LR, 2006–2049 was 
75,222  m3/s using model NorESM1-M, and 2050–2099 
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was 102,028  m3/s using model GISS-E2-R. For the 
Vicksburg location, the highest annual maximum from 
1951 to 2005 was 91,437  m3/s using model MPI-ESM-LR, 
from 2006 to 2049 was 101,353  m3/s using model GFDL-
ESM2G, and 2050–2099 with 123,861  m3/s with model 
GISS-E2-R.

A recurrence interval analysis was performed in order 
to quantitatively compare the extremely high streamflows 
across models and time periods, as well as relative to obser-
vations. Annual maximums were used with a generalized 
extreme value routine of the R statistical software to estimate 
the 2-, 5-, 10-, 50-, 100-, 500-, and 1000-year return interval 
streamflows (Gilleland and Katz 2016). Figure 7 shows the 
observed and simulated return interval streamflows for the 
historical time period 1951–2005 in the left column and the 
comparison between historical and future time periods in 
the right column. In the left column, the light gray lines 
represent the individual models, the dashed black line rep-
resents the historical observations, and the blue solid line 
is the median of the 16 GCM values at each return interval. 
The right column of Fig. 7 shows a comparison between the 
return interval streamflows of the future time period and 
the historical time period. The difference between the solid 
red and solid blue lines identifies the change between the 
historical and future time periods for each return interval. 
That relative difference is then applied to the recurrence 
interval relationship based on the observations to estimate 
the projected future streamflows for each return interval, 
shown by the solid black line. For the historical time period 
(1951–2005), there were some large differences between 
the recurrence interval relationship for the observations and 
the median of the 16 models; for example, the blue lines of 
Fig. 7a–c show significant deviation from the observations. 
Therefore, this effort focused on the relative difference in 
the modeling results between the historical (1951–2005) and 
future (2006–2099) recurrence interval relationships. There 
is general agreement among many of the simulations that the 
extreme streamflows of the future time period will be higher 
than the historical time period, especially for Metropolis and 
Vicksburg. The figure for Thebes indicates an increase in 
the 2-year through 100-year streamflows, but then not much 
change for the 500- and 1000-year return intervals, since the 
blue and red solid lines are on top of one another.

Uncertainties associated with the streamflow simulations 
are visible across the recurrence interval relationships. The 
recurrence figures show that the extreme streamflows of the 

observed data are nearly always less than the extreme stream-
flows of the simulations. Zaherpour et al. also found an over-
estimation of runoff and recommended it be addressed by 
the global scale hydrological modeling community (2018). 
Figures 6 and 7 show large differences between gray lines 
representing a wide spread of the model values. This spread 
across the different GCMs is largely attributed to variations 
in the input data for the RAPID model, since the RAPID 
model parameters were unchanged between GCMs for this 
effort. Therefore the input data to the RAPID model is a major 
source of uncertainty. The authors also acknowledge uncer-
tainties within the RAPID model due to the lack of reser-
voir regulation and routing, but these are not as large as the 
uncertainties from the RAPID input data. Uncertainty in the 
RAPID input data includes both the meteorological variations 
and the hydrologic modeling uncertainty. Although the GCM 
results have been bias-corrected and spatially downscaled for 
both precipitation and temperature, the macroscale hydro-
logic model used to generate runoff did not undergo compre-
hensive calibration. Hundecha et al. (2020) and Hattermann 
et al. (2018) state that the climate model uncertainty is very 
large and much greater than hydrologic modeling uncertainty. 
Even with these uncertainties in mind, relative changes across 
the historical and future time periods still exhibit important 
findings. Future work to improve the accuracy of climate or 
hydrologic modeling would be very valuable.

At all three locations, the median of the models showed 
a higher discharge event for the 100-year recurrence inter-
val than the historical observations. The results show an 
increase of 8.5% in the 100-year recurrence interval flow 
for the Mississippi River at Thebes, a 10.9% increase at 
Metropolis, and an 8.0% increase at Vicksburg. Eleven out 
of the 16 models show an increase in the 100-year discharge 
at Thebes, 12 show an increase at Metropolis, and 12 show 
an increase at Vicksburg (Table 3).

Changes to the 100-year return period discharge are 
shown in Fig. 8 for the two future time periods, 2006–2049 
and 2050–2099, relative to the historical time period 
1951–2005 at each of the gage locations from the model 
ensemble (Fig. 8a and b) and IPSL-CM5A-MR simulation 
(Fig. 8c and d) results. The ensemble of the 16 models was 
described in Section 3.1. The IPSL-CM5A-MR was also 
selected for mapping the 100-year return period discharge, 
because it had the most locations where it was ranked high-
est. Both ensemble and IPSL-CM5A-MR models show 
increasing of the 100-year return period discharge for a 
majority of the locations in the time period 2006–2049 and 
2050–2099. The IPSL-CM5A-MR model tends to show a 
higher increase for the 100-year flood in comparison to the 
ensemble results. The ensemble model predicts the lowest 
increase of the 100-year discharge in the Ohio and Tennes-
see Regions (Regions 5 and 6) among other MRB major 
regions. The average percent changes from 1951–2005 to 

Fig. 5  Comparison of observed and simulated streamflow  (m3/s) dis-
tributions for different time periods for the IPSL-CM5A-MR model 
for a Thebes, b Metropolis, and c Vicksburg stations. In each figure, 
the blue symbols show the location’s simulated streamflow distribu-
tion for the time period 1950–2005, the red symbols for 2006–2049, 
and the green symbols for 2050–2099

◂
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2006–2049 and 1951–2005 to 2050–2099 are 10% and 5%, 
respectively, averaged across gage locations in this region. 
Regions 10 (Missouri Region) and 11 (Arkansas-White-Red 

Region) show the largest increase in the 100-year recurrence 
interval discharge with both the IPSL-CM5A-MR and the 
ensemble model. These two major basins are hydrologically 

Fig. 6  Annual maximum streamflows for a Thebes, b Metropolis, and 
c Vicksburg. At each location, the black line shows the time series of 
observed annual max, the light gray lines show all of the annual max-

imums from all models, the blue line highlights model IPSL-CM5A-
MR, and the green line shows the time series of the median annual 
max among the 16 models
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very important. The Missouri Region is heavily regulated 
by the largest dams of the USA and the High Plains Aquifer 
underlies part of the Missouri, the Arkansas-White-Red, and 
the Texas Gulf Coast Regions. Therefore, any future varia-
tion in the hydrology of these basins due to climate change 
can impact both reservoir operations and groundwater.

3.5  Seasonal analysis

This section evaluates seasonal differences within the 
simulated results for the three time periods: 1951–2005, 
2006–2049, and 2050–2099. The box-and-whisker plots 
of Fig. 9 show the general distribution of monthly-average 
streamflows for each of the three time periods for all 16 
models. To clarify, the first red box and whisker on the left 
of the figure represent 880 values (16 × 55), all of the 16 
models’ January values for all of the 55 years 1951–2005 
at that location. Looking first at the historical time period 
1951–2005, the annual cycle of generally higher springtime 
streamflow and lower autumn streamflow is apparent in the 
pattern. The following paragraphs describe observations 

from these results (1) by location and then (2) across all 
three locations overall.

3.5.1  Results by location

Figure 9 shows that the Thebes location is expected to see 
increases in average discharge for the months of January 
through July. Thebes’ discharges for September and October 
are projected to have slight declines into the future, while 
August, November, and December may experience relatively 
little change.

The Metropolis monthly average discharges are pro-
jected to have steady increases for January and February, as 
shown in Fig. 9. March does not show a significant change 
between the first (1951–2005) and second (2006–2049) 
time periods, but then there is a significant increase into the 
third (2050–2099) time period. The April median shows an 
increase from the first to the second time periods but then 
a slight decline into the third time period. May, June, and 
December may increase while July through November show 
relatively little change in monthly discharges into the future.

Fig. 7  Return interval streamflows for historical (a, b, c) and future 
(d, e, f) time periods. The left figures (a, b, c) show the modeled and 
observed recurrence relationships for the historical time period 1951–
2005. The right figures (d, e, f) show dashed lines for the range of 

models and solid lines for the median of the models for both the his-
torical (1951–2005) and future (2006–2099) recurrence relationships. 
The solid black line takes the relative future change in the models 
projected onto the historical observations
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slight decreases in discharge, meaning the months with high 
discharges will become significantly higher. This is likely 
due to the greenhouse effect where warmer air temperatures 
are able to carry more moisture and thus produce more rain-
fall. This has important implications that times of surface 
water abundance will generally grow in abundance while 
times of low water levels could remain low.

The increases in streamflow have important implications 
about the transport capacity through these locations. The 
simulated results indicate that the overall volume of water 
will increase for the future time periods, since increases 
are larger than decreases overall. The increased volume of 
water would imply that an increased amount of constituents 
could be transported in the future. Indeed some constituents 
such as suspended sediment, which are not linearly related 
to discharge, could increase significantly in the future, if 
you assume consistent sediment delivery from the water-
shed. That is, since the concentration of sediment generally 
increases with discharge and the months of high discharge 

Table 3  100-year recurrence interval discharge (cms and % change) by location.

a The percentage change in the median of the computed streamflows from 1951–2005 to 2006–2099 time periods.

Thebes (cms) Metropolis (cms) Vicksburg (cms)

Observed (1951–2005) 26,560 34,660 53,750
Median (1951–2005) 34,880 51,470 81,670
Median (2006–2099) 37,840 (+ 8.5%a) 57,080 (+ 10.9%a) 88,170 (+ 8.0%a)
Lowest change among models (1951–2005 to 2006–2099)  − 39% (CCSM4)  − 16% (MRI-CGCM3)  − 11% (BCC-CSM1-1)
Highest change among models (1951–2005 to 2006–2099) 78% (GFDL-CM3) 105% (GISS-E2-R) 85% (GISS-E2-R)

Fig. 8  Comparison of 100-year flood events over 64 gages. a Percent 
changes between 1951–2005 and 2006–2049 using the model ensem-
ble. b Percent changes between 1951–2005 and 2050–2099 using the 

model ensemble. c Percent changes between 1951–2005 and 2006–
2049 using the IPSL-CM5A-MR model. d Percent changes between 
1951–2005 and 2050–2099 using the IPSL-CM5A-MR model

The Vicksburg discharges in Fig. 9 are influenced by com-
binations of the Thebes and Metropolis behaviors as well 
as other tributaries. For example, the September through 
November discharges at Vicksburg show decreases which 
are likely influenced by the Thebes declines in those months. 
The large increase in March discharge between the second 
and third time periods can be seen at Vicksburg, which is 
similar to the March pattern at Metropolis. The months of 
January through August are projected to have increasing dis-
charges. The 25th and 75th percentiles show that the month 
of December is expected to remain generally consistent.

3.5.2  Overall results

This section focuses on the consistent observations from the 
results across all three of the locations shown in Fig. 9. All 
three locations show an increase in the spring streamflows 
into the future time periods. On the other hand, the late 
summer and autumn months show relatively little change or 
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will see large increases relative to other months, the overall 
potential for transporting sediment could increase more than 
linearly with water volume change.

4  Conclusions

Processed CMIP5 daily total runoff data (i.e., VIC driven 
by BCSD) were used in the RAPID model to simulate daily 
flows in 1.2 million river segments over the entire MRB 

from 1950 to 2099. The following list of conclusions can be 
drawn from this effort:

• Models vary significantly from the recorded flows dur-
ing the historical time period. This is primarily due to 
the uncertainties in inputs for the RAPID model, as is 
demonstrated by the wide range of climate model results.

• A linear regression ensemble was calculated, using the 
annual averages of the 16 models over the historical time 
period 1951–2005. The ensemble is generally smoother 

Fig. 9  Seasonal analysis using the monthly average discharges from the three different time periods at the three different locations: a Thebes, IL; 
b Metropolis, IL; and c Vicksburg, MS
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than the individual models; the high and low values for 
particular years are not as extreme as an individual model.

• A direct calculation of the residual sum of squares error 
for each model’s distribution compared to observations 
was performed at each location. The models were ranked 
to determine their performance across the basin. The 
IPSL-CM5A-MR model was ranked the best at the most 
number of locations, 14 different gage locations out of 64.

• The future changes in discharge are not expected to be 
uniform across the distribution. For the locations we 
evaluated, it would be incorrect to simply state that all 
of the discharges are projected to go up or down.

• When looking at the extremely high flows in the model 
results of Fig. 6, some climate models predict that the 
extreme peak events will occur at greater magnitudes, or at 
higher frequencies, in the future. However, Table 3 shows 
that some models show a decrease in extremely high flows.

• The recurrence interval analysis generally shows an over-
estimation of the upper tail model discharges for the histor-
ical time period in comparison with the observations. The 
primary causes of the overestimation should be investi-
gated further, as recommended by Zaherpour et al. (2018).

• Results from this effort can be used to attribute contribut-
ing influences between the Ohio River and the Missis-
sippi River above the confluence at Cairo, IL. At all three 
locations, the median of the models showed a higher 
discharge event for the 100-year recurrence interval 
than the historical observations. Based on the 16 mod-

els considered in this study, the median of the model 
results shows an increase of 8.5% in the 100-year recur-
rence interval flow for the Mississippi River at Thebes, 
a 10.9% increase at Metropolis, and an 8.0% increase at 
Vicksburg. The uncertainty is large, though; for example, 
the future 100-year return period discharge at Vicksburg 
ranges from − 11 to + 85% across models. Future efforts 
to reduce the uncertainty in the climate and hydrologic 
models are recommended.

• Results indicate that the hydrologic conditions of the 
Mississippi River are not stationary and that discharges 
associated with the extreme events are projected to 
likely increase in the future. 11 of the 16 models show 
an increase in the 100-year return period discharge at 
Thebes, and 12 out of 16 show an increase at Metropolis 
and Vicksburg.

• Seasonal analysis of the simulated results indicates that 
the spring months with high discharges will become sig-
nificantly higher while the months with low discharges 
will remain relatively consistent.

• Increases in streamflow into the future indicate the poten-
tial for increased constituent transport.

• This work establishes a continental-scale modeling 
framework and a point of comparison for future anal-
ysis of Mississippi River Basin streamflows. Future 
efforts could incorporate climate and hydrologic model 
improvements to compare with the results and uncer-
tainty in this work.

Table 4  Model ranking based 
on the residual sum of squares 
error for each gage location

USGS site # 06910800 06911000 03340900 03340500 03342000 06077200
COMID 10116766 10117304 10209571 10210063 10288896 12419159
BCC-CSM1-1 6 10 5 6 6 11
BCC-CSM1-1-M 8 7 3 2 3 6
CanESM2 10 9 7 9 8 7
CCSM4 1 1 11 7 7 12
CESM1-BGC 3 3 13 12 10 4
CSIRO-Mk3-6–0 12 13 2 1 1 8
FGOALS-g2 9 11 8 11 11 9
GFDL-CM3 5 5 9 8 9 2
GFDL-ESM2G 11 8 4 4 4 5
GISS-E2-R 15 15 16 16 16 10
IPSL-CM5A-MR 2 4 1 3 2 15
MIROC5 16 16 12 14 15 16

Appendix

The following Table 4 shows the ranking results for each 
model at each gage location. The headers of the table show 
the USGS site number and the stream segment’s COMID 
(based on the NHDPlus river network). For each gage 

location, the models are ranked 1 through 16 based on the 
residual sum of squares method across the 99 percentiles, 
as described in Section 3.2. A rank of 1 shows the best per-
forming model at that location with the lowest residual sum 
of squares error, while a rank of 16 corresponds to the high-
est residual sum error.
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Table 4  (continued) MPI-ESM-LR 7 6 6 5 5 3
MPI-ESM-MR 4 2 10 15 13 1
MRI-CGCM3 14 14 14 10 14 13
NorESM1-M 13 12 15 13 12 14 

USGS site # 06109500 06295000 05413500 05432500 05520500 07024000
COMID 12735448 13260207 13324626 13412928 13438215 14126587
BCC-CSM1-1 4 11 15 12 8 8
BCC-CSM1-1-M 13 13 10 3 3 15
CanESM2 14 14 5 6 9 6
CCSM4 12 12 13 16 2 11
CESM1-BGC 10 9 8 5 10 5
CSIRO-Mk3-6–0 7 6 14 13 1 3
FGOALS-g2 6 5 6 8 12 12
GFDL-CM3 15 15 11 14 4 7
GFDL-ESM2G 8 7 9 10 7 4
GISS-E2-R 9 3 2 2 13 13
IPSL-CM5A-MR 3 1 7 9 5 9
MIROC5 1 2 1 1 16 10
MPI-ESM-LR 11 8 12 11 6 2
MPI-ESM-MR 16 16 16 15 11 1
MRI-CGCM3 5 10 3 4 15 16
NorESM1-M 2 4 4 7 14 14 

USGS site # 07047970 06337000 06606600 05558300 08015500 08010000
COMID 14190051 14469195 14624658 14837877 15085965 15140365
BCC-CSM1-1 7 6 9 6 16 11
BCC-CSM1-1-M 2 8 6 5 2 1
CanESM2 9 4 15 9 1 2
CCSM4 4 12 7 3 15 16
CESM1-BGC 8 2 3 10 5 8
CSIRO-Mk3-6–0 1 13 2 2 7 9
FGOALS-g2 12 16 13 13 14 12
GFDL-CM3 11 7 11 1 6 3
GFDL-ESM2G 10 5 5 4 12 6
GISS-E2-R 16 11 16 15 8 5
IPSL-CM5A-MR 3 9 1 8 10 15
MIROC5 15 10 14 16 4 4
MPI-ESM-LR 5 15 12 7 9 13
MPI-ESM-MR 6 3 4 12 3 14

MRI-CGCM3 14 14 10 11 11 7
NorESM1-M 13 1 8 14 13 10 

USGS site # 07268000 03015000 06463500 06354000 06610000 06775900
COMID 15288074 15445645 16039510 16203752 17219468 17391613
BCC-CSM1-1 11 10 10 15 10 13
BCC-CSM1-1-M 13 2 3 3 14 7
CanESM2 9 11 15 6 9 4
CCSM4 2 6 4 14 11 10
CESM1-BGC 6 9 1 13 13 15
CSIRO-Mk3-6–0 10 7 12 7 6 1
FGOALS-g2 15 4 8 10 4 11
GFDL-CM3 4 3 13 16 15 2
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Table 4  (continued) GFDL-ESM2G 8 8 11 8 12 6
GISS-E2-R 12 13 16 11 2 5
IPSL-CM5A-MR 7 16 2 1 5 9
MIROC5 5 14 6 5 1 12
MPI-ESM-LR 1 1 5 2 8 16
MPI-ESM-MR 3 12 9 9 16 14
MRI-CGCM3 16 5 14 4 3 8
NorESM1-M 14 15 7 12 7 3 

USGS site # 07288650 03611500 03426310 03359000 03358000 03360500
COMID 17963095 1840025 18415989 18465666 18465674 18470962
BCC-CSM1-1 11 8 4 8 10 5
BCC-CSM1-1-M 4 2 10 3 11 4
CanESM2 1 7 16 5 6 7
CCSM4 8 6 14 11 15 13
CESM1-BGC 5 13 5 9 7 9
CSIRO-Mk3-6–0 2 1 12 2 4 3
FGOALS-g2 16 12 11 14 13 12
GFDL-CM3 3 3 8 10 8 8
GFDL-ESM2G 10 5 9 4 5 2
GISS-E2-R 15 15 6 16 16 16
IPSL-CM5A-MR 13 10 2 1 1 1
MIROC5 9 16 7 12 3 11
MPI-ESM-LR 6 4 15 6 9 6
MPI-ESM-MR 7 9 13 7 2 10
MRI-CGCM3 12 14 1 15 14 15
NorESM1-M 14 11 3 13 12 14 

USGS site # 03331500 06877600 07377500 06809500 07289000 07290880
COMID 18487750 18887262 18988724 19166807 19266232 19268286
BCC-CSM1-1 6 1 14 10 12 16
BCC-CSM1-1-M 2 5 2 2 2 3
CanESM2 9 9 9 9 10 12
CCSM4 5 16 7 7 5 5
CESM1-BGC 15 14 5 15 6 6
CSIRO-Mk3-6–0 1 4 10 1 4 4
FGOALS-g2 11 6 13 12 14 15
GFDL-CM3 4 7 4 8 8 9
GFDL-ESM2G 8 3 12 3 7 8
GISS-E2-R 13 13 6 4 11 7
IPSL-CM5A-MR 3 2 15 16 1 1
MIROC5 12 10 1 11 16 14

MPI-ESM-LR 7 11 11 14 9 10
MPI-ESM-MR 10 8 16 5 3 2
MRI-CGCM3 14 15 3 6 15 13
NorESM1-M 16 12 8 13 13 11 

USGS site # 03155000 03112000 03465500 07344370 07182510 07179795
COMID 19415571 19452609 19487554 19950146 20890375 20919029
BCC-CSM1-1 9 8 3 9 3 7
BCC-CSM1-1-M 6 5 6 11 4 8
CanESM2 3 3 12 8 12 11
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Table 4  (continued) CCSM4 5 10 1 2 9 5
CESM1-BGC 13 16 15 16 1 2
CSIRO-Mk3-6–0 8 7 4 5 6 4
FGOALS-g2 16 9 14 3 10 9
GFDL-CM3 2 4 2 12 7 6
GFDL-ESM2G 7 6 5 15 8 10
GISS-E2-R 14 15 13 1 16 14
IPSL-CM5A-MR 11 11 7 13 5 1
MIROC5 12 12 16 10 13 13
MPI-ESM-LR 1 2 9 7 14 12
MPI-ESM-MR 10 14 11 14 2 3
MRI-CGCM3 15 13 8 6 15 16
NorESM1-M 4 1 10 4 11 15 

USGS site # 07152500 07191500 07263450 06751490 07164500 07237500
COMID 20969328 21773127 22848095 2900581 369211 388800
BCC-CSM1-1 4 5 13 4 13 10
BCC-CSM1-1-M 5 6 11 9 9 7
CanESM2 12 12 3 3 4 4
CCSM4 14 11 16 1 8 12
CESM1-BGC 6 4 10 6 14 14
CSIRO-Mk3-6–0 3 3 6 8 10 9
FGOALS-g2 10 9 4 13 6 5
GFDL-CM3 8 7 2 16 7 6
GFDL-ESM2G 7 8 1 11 12 15
GISS-E2-R 16 16 14 7 1 1
IPSL-CM5A-MR 1 1 9 14 15 8
MIROC5 9 13 5 10 11 16
MPI-ESM-LR 15 14 12 2 5 3
MPI-ESM-MR 2 2 15 12 16 13
MRI-CGCM3 13 15 7 15 2 11
NorESM1-M 11 10 8 5 3 2 

USGS site # 03308500 06895500 05211000 05227500 07022000 07245000
COMID 4001162 4388401 4836784 4853487 5092616 512987
BCC-CSM1-1 6 9 6 15 1 9
BCC-CSM1-1-M 11 14 16 6 4 10
CanESM2 3 5 5 7 12 4
CCSM4 8 16 7 10 3 6
CESM1-BGC 9 15 9 2 5 14
CSIRO-Mk3-6–0 2 8 3 12 6 8
FGOALS-g2 10 6 4 13 11 3
GFDL-CM3 4 11 1 1 7 11
GFDL-ESM2G 7 7 2 5 10 15
GISS-E2-R 15 1 12 14 15 1

IPSL-CM5A-MR 12 13 14 9 2 13
MIROC5 14 2 10 8 16 12
MPI-ESM-LR 1 10 11 4 9 7
MPI-ESM-MR 5 12 8 3 8 16
MRI-CGCM3 16 3 15 16 14 2
NorESM1-M 13 4 13 11 13 5
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