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Compound extremes—particularly hot and dry years—can reduce crop yields and result in
acute water scarcity. These risks are particularly pronounced in the Upper Nile Basin, a chronically water
stressed agricultural region that includes western Ethiopia, South Sudan, and Uganda. While the causes of
humanitarian crises in the Nile Basin are complex and involve governance, conﬂict, and climate, we
demonstrate that nearly all recent regional crop failures have occurred amid hot and dry conditions and low
runoff supplies. Using an observational ensemble, we ﬁnd that such hot and dry years have been more
frequent in recent decades, driven by increasing regional temperatures. This trend is likely to continue
despite climate model projections of increasing regional precipitation. By the late 21st century, the frequency
of hot and dry years may rise by a factor of 1.5–3, even if warming is limited to 2 °C. Regional water scarcity
will continue to be a chronic issue for the Upper Nile from population growth alone, but runoff deﬁcits
during future hot and dry years will amplify this effect, leaving an additional 5–15% of the future population
facing water scarcity. Climate change, along with the region's complex water politics, dependence on
subsistence agriculture, and history of geopolitical instability, places the region at risk of severe food and
water shortages as hot and dry years become more frequent. Adaptation and climate‐resilient water
management policies informed by an understanding of compound extremes will be essential to manage
these risks.

Plain Language Summary The Upper Nile Basin covers parts of western Ethiopia, South Sudan,
and Uganda and is at high risk of agricultural disruption due to climate extremes. Most agriculture in the
region is rain fed, making yields vulnerable to hot and dry conditions. Recent droughts have severely
reduced crop yields in the region, sometimes leading to food insecurity. This study shows that despite
projected increases in regional precipitation due to climate change, the frequency of hot and dry years is
likely to also rise due to warming. These increased hot and dry extremes will stress regional agriculture, and
coupled with rapid population growth, they will exacerbate water scarcity across the Upper Nile Basin
in the coming decades.
1. Introduction

©2019. The Authors.
This is an open access article under the
terms of the Creative Commons
Attribution License, which permits use,
distribution and reproduction in any
medium, provided the original work is
properly cited.

COFFEL ET AL.

The Upper Nile Basin covers parts of Ethiopia, South Sudan, and Uganda and is climatologically diverse,
rapidly growing, and historically at risk for climate‐induced agricultural shocks. Many inhabitants of the
region are engaged in subsistence agriculture (African Union, Addis Ababa, n.d.), and there is strong evidence that heat and drought can damage crop yields, particularly when they co‐occur (Kent et al., 2017;
Lesk et al., 2016; Lobell et al., 2011; Matiu et al., 2017; Zscheischler et al., 2018; Figure 1). Climate
extremes in the region—particularly hot and dry years—coupled with periodic water and food insecurity,
as well as a history of geopolitical instability, can contribute to migration, conﬂict, and humanitarian disaster (Burrows & Kinney, 2016), as has occurred during a number of Upper Nile droughts in recent decades (Broad & Agrawala, 2000). By 2050, regional population is projected to more than double (World
Population Prospects The 2012 Revision Volume I: Comprehensive Tables, 2013), imposing large
additional demands on already‐stressed ecosystems and likely complicating regional water politics
(Asseng et al., 2018). As climate change raises temperatures and modiﬁes precipitation patterns,
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Figure 1. Poor crop yields co‐occur with hot and dry years in Ethiopia. (a) Normalized, detrended yield anomalies
averaged over six cereal crops (maize, millet, barley, pulses, sorghum, and wheat) in Ethiopia between 1961 and 2014,
using UN Food and Agriculture data (black line; see section 2). Red (blue) shading indicates years with yield anomalies at
least 1 standard deviation (STD) below (above) the mean. Gray vertical bars indicate years with armed conﬂict in
Ethiopia (see section 2, and Table S1 for a list of armed conﬂicts). (b) Precipitation (P), temperature (T), and estimated
runoff (R) percentiles in the 11 years with mean yields at least 1 STD above the mean (blue shading). (c) Precipitation,
temperature, and estimated runoff percentiles in the 8 years with mean yields at least 1 STD below the mean (red shading).
In (b) and (c), temperature and precipitation percentiles are calculated using the University of Delaware data set relative to
a 1961–2000 baseline, and runoff percentiles are estimated using GLDAS (see section 2). Asterisks indicate that bootstrapped cumulative distribution function (CDFs) for precipitation, temperature, and runoff are signiﬁcantly (K‐S test, p <
0.05) different between years with good and poor yields (see Figure S4).

understanding the relationships among compound extremes, water supply, and its demand for food and
human well‐being will be critical to sustain development and avoid environmental and potentially
humanitarian crisis in the region.
Nearly all of the rainfall that feeds the two major tributaries to the Nile—the Blue and White Nile—falls in
South Sudan, western Ethiopia, and Uganda, with parts of the Lower Nile Basin—Sudan and Egypt—receiving very little precipitation and depending heavily on the Nile for water. The climate in the Upper Basin is
strongly inﬂuenced by teleconnections with the El Niño–Southern Oscillation and with sea surface temperatures in the Indian Ocean and the Gulf of Guinea, which inﬂuence regional precipitation and thus Nile River
streamﬂow (Giannini et al., 2003; Giannini et al., 2008; Kim & Kaluarachchi, 2009; Siam et al., 2014; Taye
et al., 2011). Prior work has shown that global climate models project increases in annual mean rainfall
and interannual precipitation variability (Siam & Eltahir, 2017), both of which have been linked to stronger
and more frequent El Niño and La Niña events (Cai et al., 2014, 2015; Siam & Eltahir, 2017). As a result, the
variability of Nile River streamﬂow could increase (Taye et al., 2011), requiring additional water storage
capacity on the Nile and its tributaries to utilize and control the ﬂow (Siam & Eltahir, 2017), while increasing
the risk of both ﬂooding and water shortage. Along with modiﬁed precipitation patterns, climate change will
bring large increases in temperature across the region, raising the frequency, intensity, and duration of heat
waves, as well as increasing evaporative demand on the soil and on the Nile River, its tributaries,
and reservoirs.

2. Materials and Methods
2.1. Calculating Crop Yield Anomalies in Hot and Dry Years
We use annual yield data for maize, millet, barley, pulses, sorghum, and wheat from 1961–2014 in Ethiopia
from the Food and Agriculture (FAO). These six crops represent the major staples of Ethiopia's food supply.
Each crop's yield time series is normalized and detrended using two linear trends separated by a break point
analysis to account for a sharp change in the growth rate of yields in the mid‐2000s. For each crop listed
above, the identiﬁed break points occur in 2006, 2009, 2006, 2006, 2007, and 2005, respectively. Finally,
the detrended, normalized yields for each crop are averaged. Median temperature and precipitation percentiles during years with good (more than one standard deviation [STD] above the mean) and bad (more than
COFFEL ET AL.
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one STD below the mean) mean crop yields are identiﬁed using the University of Delaware data set relative
to a 1961–2000 baseline (see supporting information).
2.2. Historical Trends and Future Projections of Hot and Dry Years in the Nile Basin
We assess historical climate trends in the Upper Nile Basin using eight observation‐based data sets: the
ERA‐Interim reanalysis (1981–2016, temperature and precipitation), University of Delaware (1901–2016,
temperature and precipitation), GLDAS version 2 (1961–2010, temperature and precipitation), CPC
(1981–2016; temperature only), BerkeleyEarth (1901–2016, temperature only), HadCRUT4 (1901–2016, temperature only), GPCP (1981–2016; precipitation only), and CHIRPS‐v2 (1981–2016; precipitation only). We
compute linear trends from the time series of regionally and annually averaged monthly mean temperature
and monthly total precipitation. Similarly, we compute historical temperature and precipitation trends
across all available models (see Table S2) from the Coupled Model Intercomparison Project Phase 5
(CMIP5) models (variables: tas and pr) from 1981–2005 (using r1i1p1 and the historical run). These model
data are compared to an observational ensemble constructed using all temperature‐precipitation combinations from the CPC, BerkeleyEarth, HadCRUT4, GPCP, and CHIRPS‐v2 data sets. The longest available historical time series is used for each data set at the expense of comparing trends in time series of
differing lengths.
Projected changes in temperature and precipitation are calculated in 2061–2085 as compared with
1961–2005 (to match the time period used in the historical crop yield analysis shown in Figure 1).
Projections are made under Representative Concentration Pathway (RCP) 4.5 and RCP 8.5. Precipitation
variability is computed for each model as the STD of annual mean precipitation with the linear trend
removed. Detrending these precipitation data is necessary to avoid conﬂating changes in interannual variability with the long‐term trend. All models are bilinearly regridded to a 2° × 2° resolution to allow for spatial
comparison. No bias correction is applied to the models, as each model's signal associated with future projections is compared to its historical simulations.
The Blue and White Nile Basins have different climatological distributions of rainfall and runoff yet share
observed and projected climate trends that are similar in magnitude (Figures S5, S6, and S7). Because of their
similar climate trends, we choose to aggregate our analysis across both basins.
We assess the changing frequency of hot and dry years in observations for three different thresholds of “hot”
and “dry” to show the robustness of the observed increases in frequency across thresholds. We deﬁne hot
and dry as those conditions consistent with years of poor agricultural yield: temperatures above the 83rd percentile and precipitation below the 20th percentile. For purposes of comparison, we employ two additional,
more severe, deﬁnitions of hot and dry: temperature above the 85th and precipitation below the 15th and
temperature above the 95th and precipitation below the 5th percentiles.
To assess the factors that drive projected increases in hot and dry years in the models, we use multivariate
regression analysis. In order to increase the sample size and allow for a more robust estimate of coefﬁcients,
we relax our hot and dry thresholds to the be above the 50th percentile for temperature and below the 50th
percentile for precipitation. Using these less strict hot and dry deﬁnitions, we estimate the contribution of
changes in mean precipitation, precipitation variability, and their interaction to hot and dry years in
2020–2099 relative to the 1901–2005 distribution. Projected changes are computed for each model and each
grid cell, and results for each model are normalized, allowing normalized regression coefﬁcients to be computed across the CMIP5 model ensemble.
The chances of a year being hot and dry (with a temperature ≥83rd percentile and precipitation ≤20th percentile) absent temperature‐precipitation correlation are calculated as (17/100) * (20/100). The factor by
which temperature‐precipitation correlation modiﬁes the chances of a hot and dry year is calculated by
dividing the observed frequency of hot and dry years by this expected frequency.
2.3. Assessing Changing Water Scarcity in the Nile Basin
Spatially explicit population projections consistent with the Shared Socioeconomic Pathways Project
scenarios (Jones & O'Neill, 2016) are used to project future population growth. All projections are upscaled
to 2° × 2° resolution to match model projections. Only SSP scenarios consistent with each RCP are used
(SSP3 and SSP5 for RCP 8.5 and SSP2 and SSP4 for RCP 4.5). Basin‐wide runoff demand projections are
COFFEL ET AL.

3

Earth's Future

10.1029/2019EF001247

calculated for each decade by multiplying total population in that decade by water scarcity thresholds of 500,
1,000, and 1,700 m3 per person per year (Gosling & Arnell, 2016). Runoff supply is computed from CMIP5
total runoff data (variable: mrro) by multiplying runoff in millimeters per day by each grid cell's area in
square meters and subtracting the environmental ﬂow requirement. Basin‐wide runoff is calculated by summing over all grid cells in the Blue and White Nile Basins. This basin‐wide aggregation likely reduces the
runoff uncertainties due to parametrization of runoff and a lack of model representation of numerous other
crucial runoff processes assuming the errors associated with them are normally distributed (Clark et al.,
2015). The decadal mean runoff is computed for each model in each decade. While there is a projected
upward trend in precipitation over the 21st century, this trend is slow enough not to result in signiﬁcant
changes indrologic modeling: 1. Modeling runoff over any particular 10‐year period.
The percentage of the population with unmet runoff demand is computed by dividing projected runoff
demand by projected runoff supply. Supply in hot and dry years is estimated for each model by selecting
the years in each 21st century decade which are both hotter and drier than the decadal average. This deﬁnition differs from that in Figure 1c to allow for comparisons of runoff in hot and dry years in each decade; the
number of years following the Figure 1c deﬁnition is too small to allow for such an analysis. Supply in normal years is estimated for each model by selecting all years in each 21st century decade which are not hot
and dry.
The sensitivity of unmet runoff demand to the environmental ﬂow requirement, water scarcity threshold,
and the emissions scenario is estimated by varying each parameter while holding the others to their default
values of a ﬂow requirement of 60%, a 1,000‐m3‐per‐person‐per‐year scarcity threshold, RCP 8.5, and the
mean of SSP3 and SSP5.

3. Results
3.1. Hot and Dry Years and Nile Agriculture
Understanding the climate conditions most impactful to the region, how such conditions will change in a
warming world, and how they interact with social and political events is crucial to assessing future risk
from environmental change. As shown in Figure 1, there are tight but complex linkages among climate,
water availability, agricultural production, and regional stability. While strong evidence exists for the
severely detrimental effects of heat and moisture shortage on crop yields on national or global scales
(Lesk et al., 2016; Matiu et al., 2017), in regions such as the Nile Basin, the climatic contribution to negative agricultural shocks can be obscured by social, technological, and political events, as well as data constraints. To assess the effect of climate among these other critical factors, we conduct an analysis of the
climate conditions present during years with poor yields in Ethiopia, which spans much of the Upper
Nile Basin. Ethiopia is rare among Upper Nile countries in that it provides the long‐term agricultural
yield data against which we can assess the agricultural impacts of extreme climate conditions, such as
hot and dry years.
Figure 1a shows that Ethiopian crop yields exhibit substantial interannual variability, resulting from interactions among climate (Figures 1b and 1c), governance, and war (gray vertical shading, Figure 1a, see Table
S1), along with other environmental and social factors. Despite the varied sources of yield variability, we ﬁnd
consistently normal climate conditions in years with good crop yields (at least one STD above the mean),
with median temperature, precipitation, and runoff at the 60th, 45th, and 45th percentiles, respectively
(Figure 1b), suggesting that regional agricultural practices are potentially adapted to the average
twentieth‐century climate. Climate conditions are not signiﬁcantly different during years with good crop
yields as compared to years with normal crop yields (Figure S1). In contrast, years with poor yields are
almost always both hot and dry with median temperature, precipitation, and runoff at the 20th, 83rd, and
21st percentiles, respectively (Figure 1c). These results are robust across individual crops (Figure S2) and
detrending methods (Figure S3) and are statistically signiﬁcant; similar percentile results are found for
1,000 bootstrapped yield time series (Figure S4). The similar climate conditions found in years with normal
and above‐normal yields suggests that in good years, nondamaging climate conditions combine with favorable nonclimatic factors (such as perhaps a lack of conﬂict or detrimental policy conditions) to promote
higher agricultural output.
COFFEL ET AL.
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Figure 2. Historical trends in the Nile Basin. (a) The Upper Nile Basin, with the Blue and White Nile regions outlined. Red shading shows 2010 population density
(see section 2). (b) Trends in annual mean temperature and precipitation in the combined Blue and White Nile region across eight observation‐based data sets and
the historical Coupled Model Intercomparison Project Phase 5 model ensemble. Boxplots show the range across 31 models, with the orange horizontal line
indicating the multimodel median. (c) Trends in the frequency of hot and dry years (temperatures above the historical 83rd percentile and precipitation below the
historical 20th percentile, see Figure 1c) in the combined Blue and White Nile region for three joint temperature‐precipitation data sets, an ensemble of all
combinations of observed temperature and precipitation data sets (see section 2), and the Coupled Model Intercomparison Project Phase 5 model ensemble. The
time period for the data sets varies and is shown above each unique trend marker in (b) and (c). Filled circles indicate signiﬁcant (p < 0.05) linear trends. Error bars
show the standard error around trend coefﬁcient estimates. In all boxplots, boxes represent the interquartile range, whiskers represent the 99.3rd and 0.7th
percentiles, and red crosses represent outlier models beyond this range.

3.2. Hot and Dry Years in the Past and Future
Given this consistent co‐occurrence of hot and dry conditions and poor agricultural yields in Ethiopia, we
examine how such hot and dry conditions have changed over the historical record over the entirety of the
Upper Nile Basin (Figure 2a), where agricultural conditions are similar and where much of the precipitation
that feeds the Nile River falls. We divide the basin into two regions, roughly corresponding to the Blue and
White Nile Basins, which we analyze together (see section 2). We employ ﬁve observed temperature data sets
(ERA‐Interim (Dee et al., 2011), University of Delaware (Willmott & Matsuura, 2018), CPC (“CPC Global
Temperature Data,”, n.d.), HadCRUT4 (Morice et al., 2012), and BerkeleyEarth), four observed precipitation
data sets (ERA‐Interim, University of Delaware, GPCP (Adler et al., 2003), and CHIRPS‐2 (Funk et al.,
2015)), and one land surface reanalysis data set (GLDAS (Matthew & Beaudoing, 2015), forced by
Princeton meteorological forcing of temperature and precipitation), covering various time periods between
1901 and 2016. These data sets are compared with each other and with a suite of 31 models from CMIP5
(Taylor et al., 2012; see Table S1 for selected CMIP5 models and Figure S5 for model veriﬁcation with historical data in the Nile Basin).
Temperatures show a consistent and statistically signiﬁcant (p < 0.05) upward trend in all observation‐based
data sets, while the CMIP5 models show positive but not always signiﬁcant trends (Figure 2b; left).
Precipitation observations show nonsigniﬁcant and near‐zero long‐term trends in both models and observations (Figure 2b; right). Sparse regional precipitation measurements likely contribute to the disagreement
about precipitation changes across observational products. The models generally show trends of comparable
magnitude and direction as the observation‐based data sets: Approximately two thirds of models have significant (p < 0.05; 22/31 models) positive temperature trends, while only 4/31 models have signiﬁcant (positive)
trends in precipitation. The distribution of modeled precipitation trends is not signiﬁcantly different than
the distribution of observed trends (K‐S test, p < 0.05), leading us to conclude that the models are appropriate
tools for the analysis herein.
Stationary precipitation coupled with rising temperatures have driven signiﬁcant increases in the frequency
of hot and dry years since 1901 (Figure 2c). We compare the distributions of trends in hot and dry years from
three joint temperature‐precipitation data sets (ERA‐Interim, GLDAS, and UDel) with an ensemble of
COFFEL ET AL.
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Figure 3. Future changes in temperature, precipitation, and the frequency of hot and dry years. Multimodel median projected change in annual mean temperature
(a), precipitation (b), and the standard deviation of detrended annual mean precipitation (c) in 2061–2085 relative to 1961–2005 under the Representative
Concentration Pathway (RCP) 8.5 emissions scenario, across the Coupled Model Intercomparison Project Phase 5 (CMIP5) model ensemble. Hatching indicates less
than two‐thirds model agreement on the direction of change. (d) Percentage change in precipitation (P) versus percentage change in interannual precipitation
standard deviation (P STD) across the CMIP5 ensemble. Blue circles indicate models with signiﬁcant (K‐S test, p < 0.05) precipitation change. The blue dashed line
shows the linear ﬁt across models (slope = 0.69, p = 0.01). Gray line shows the 1:1 line. See Table S1 for a list of models. Inset shows relative contributions of
precipitation change (P Chg), precipitation standard deviation change (P STD Chg), and their interaction to the change in hot and dry year frequency (see section 2).
Asterisks in the inset box plot in (d) indicate signiﬁcant regression coefﬁcients (p < 0.05; e): Frequency of hot and dry years using differing deﬁnitions of hot and dry
in the historical period (green), RCP 4.5 (blue), and RCP 8.5 (red). Boxplots show the range across the CMIP5 ensemble. Boxes represent the interquartile
range, whiskers represent the 99.3rd and 0.7th percentiles, and red crosses represent outlier models beyond this range.

combinations of the three independent temperature (BerkeleyEarth, HadCRUT4, and CPC) and two
independent precipitation (GPCP and CHIRPS‐2) data sets shown in Figure 2b as well as with the CMIP5
ensemble. All observation‐based temperature‐precipitation data sets (ERA‐Interim, GLDAS, and UDel)
show upward, signiﬁcant (p < 0.05) trends in the occurrence of hot and dry years in the Upper Nile over
the record. In addition, the CMIP5 ensemble median generally agrees with the observational ensemble,
indicating that the models have captured the range of observed trends in these extremes over recent decades.
The observed upward trends in hot and dry years are projected by all models to continue throughout the 21st
century, driven by rapidly rising temperatures (Figure 3a) and slightly mitigated by modest increases in precipitation (Figure 3b). All models project mean temperature increases of 2–4 °C, while one half to two thirds
of models project annual mean precipitation increases of 0.1–0.5 mm/day (0 to +10% change) by 2061–2085
COFFEL ET AL.
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as compared with 1961–2005 under RCP 8.5, with somewhat reduced changes under RCP 4.5 (see Figure S8).
Alongside the increase in total precipitation, interannual precipitation variability (represented by the STD of
detrended annual mean precipitation) is uncertain and projected to change from −30% to +40% across models, with a slight increase in the multimodel median (Figures 3c and 3d; see section 2). However, the magnitude of projected model changes in total precipitation are positively correlated with changes in interannual
precipitation variability (Figure 3d; r = 0.69, p = 0.01). As a result, hot and dry years are more frequent across
the ensemble than they would be absent this positive correlation: When controlling for total model‐based
precipitation change, this correlation results in larger increases in hot and dry year frequency (Figure 3d,
inset) than would be expected if no relationship across the ensemble existed. Additionally, moderately strong
annual temperature‐precipitation correlations (−0.5 to −0.75) in the region increase the frequency of hot
and dry years by a factor of 1.5–2.0 compared to a world where temperature and precipitation are uncorrelated (see section 2) in the historical period and will continue to do so in the future (see Figure S9).
Temperature variability is not assessed, as due to mean warming most future dry years are projected to also
be hot. Because of monotonic temperature increases, each year is projected to be hot by the models; coupled
with an increase in precipitation variability (despite mean precipitation increases), the likelihood of a given
year in the future being both hot and dry increases markedly (Diffenbaugh et al., 2015).
Because of their association with poor agricultural yields historically (Figure 1c), we know precipitation
anomalies below the 20th percentile and temperature anomalies above the 83rd percentile (relative to
1961–2005) generate hot and dry years that are impactful to people in the Upper Nile. In total, the frequency
of hot and dry years equivalent in magnitude to those associated with the historically poor crop yields is projected to increase by a median factor of 1.8 (range: 0.5–2.5) under RCP 8.5 and 2.6 (range: 0.9–3.4) under RCP
4.5. Historically, such conditions occurred in 6% of years; by 2061–2085, 14% and 10% of years are projected
to experience the same or worse hot and dry conditions under RCP 4.5 and RCP 8.5, respectively (Figure 3e).
Substantial increases in frequency are also projected for more extreme deﬁnitions of hot and dry years
(Figure 3e; T85/P15: median factor of 2.0 [2.6], T95/P5: median factor of 5.2 [10.0], under RCP 8.5 [RCP
4.5]). We note that seven out of 31 models project the frequency of hot and dry years to stay the same or
decline, suggesting that either low‐frequency hydroclimate variability or model structure is a crucial source
of uncertainty for these projections. However, the robust increase in basin precipitation projected with a
large initial condition ensemble (Mankin et al., 2017) suggests that model structure may be a more important
source of uncertainty for precipitation change than internal variability.
Interestingly, the increase in frequency of hot and dry years is slightly greater under the lower forcing of RCP
4.5 than the higher forcing of RCP 8.5 (Figure 3e). This counterintuitive result occurs because of the larger
increase in mean precipitation projected under the higher RCP 8.5 emissions scenario and highlights how
considering compound climate extremes (here hot and dry years) in some cases complicates the assumption
that more warming monotonically increases climate risk. However, despite the modestly lower hot and dry
year frequency under RCP 8.5, temperatures under the higher emissions scenario are more extreme; furthermore, these results suggest that the Upper Nile region is committed to facing increasing hot and dry years
over the near‐term decades regardless of mitigation choices.
3.3. Increasing Water Scarcity in the Nile Basin, Exacerbated by Hot and Dry Years
Yet climate conditions (such as hot and dry occurrence) are not the only, nor even the most important, factor
determining future water stress. A rapidly rising population is likely to dramatically increase water stress in
the Nile Basin as measured by per‐capita runoff supply, irrespective of climate change and in spite of the projected increase in future precipitation (Figure 4). But the increasing frequency of hot and dry years projected
by the CMIP5 ensemble ampliﬁes the chronic water scarcity driven by this secular trend in population. We
quantify the balance between runoff supply and demand under a variety of deﬁnitions of water scarcity,
environmental ﬂow requirements within the Nile Basin, and population trajectories to assess the factors
driving projected increases in runoff deﬁcits. Our projections conservatively assume that basin‐wide runoff
is equally available to the basin's population.
Projected multimodel median runoff supply (using a subset of 15 of the 31 CMIP5 models that provide runoff
data; see Table S2 for a list of models and Figure S10 for a comparison of model projections using this subset
and the full 31‐member ensemble) does not substantially increase through 2080 (Figure 4a, blue and brown
boxplots), due to the increased evaporative demand from higher temperatures counteracting the modest
COFFEL ET AL.
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Figure 4. Increasing basin‐wide water scarcity exacerbated by hot and dry years. (a) Projected changes in runoff supply during normal years (blue boxplots) and
hot and dry years (brown boxplots), both assuming an environmental ﬂow requirement (EFR) of 60% (see section 2) and Representative Concentration Pathway
3
(RCP) 8.5. Blue circles indicate runoff demand, assuming historical per‐capita usage, a water scarcity threshold of 1,000 m per person per year, and population
changes from an average of the SSP3 and SSP5 (Jones & O'Neill, 2016) scenarios (see section 2). The percentage of runoff demand which is unmet is shown in
normal years (orange boxplots) and in hot and dry years (red boxplots; see section 2). (b) Water scarcity under differing environmental ﬂow requirements and a
3
scarcity threshold of 1,000 m per person per year and RCP 8.5. (c) Water scarcity under differing per‐capita thresholds and an environmental ﬂow requirement
3
of 60% and RCP 8.5. (d) Water scarcity under RCP 4.5 and RCP 8.5 with an environmental ﬂow requirement of 60% and a scarcity threshold of 1,000 m per person
per year. In (b) and (c), runoff projections use RCP 8.5; solid lines show results with an average of the SSP3 and SSP5 population scenarios, dashed lines show
SSP3, and dotted lines show SSP5. In (d) dashed and dotted lines for RCP 8.5 show results using SSP3 and SSP5, while dashed and dotted lines for RCP 4.5 show
results using SSP2 and SSP4.

regional precipitation increases. However, runoff demand, assuming a conservative per‐capita minimum
water requirement of 1,000 m3/year and an environmental ﬂow requirement of 60%, approximately
doubles from 200 billion cubic meters per year to 400 billion cubic meters per year as regional population
increases following the mean of the SSP3 and SSP5 scenarios, both of which are compatible with RCP 8.5
(Jones & O'Neill, 2016; Figure 4a, blue circles). By 2030, estimated runoff demand almost always exceeds
the projected multimodel median runoff supply and the percentage of the regional population for whom
there is insufﬁcient water rises sharply. By 2080, we estimate 95 to 250 million people per year (25–65% of
regional population; Figure 4a, orange and red boxplots) could face chronic water scarcity (per‐capita
annual supply of <1,000 m3), as compared to less than 25 million in 2020. We also note that most of this
increase in unmet runoff demand occurs during a rapid rise between 2020 and 2040, concurrent with the
lower forcing (and lower mean precipitation increase; see Figure 3e).
On top of this background rise in water scarcity, the increasing frequency of hot and dry years (Figure 3e;
those both hotter and drier than the decadal mean; see section 2) will result in more negative shocks to runoff supply. We ﬁnd that runoff supply is approximately 20% lower than normal during hot and dry years, a
deﬁcit that is projected to remain roughly constant through the 21st century (Figure 4a, blue and brown boxplots). Crucially, however, base level per‐capita runoff supply will be lower in the future due to population
increase, meaning that the runoff deﬁcits in hot and dry years will result in large increases in the number of
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people with unmet runoff demand as compared to normal years. On average in 2020–2090, we ﬁnd that 20–
40% (~10M in 2020 rising to ~170M by the 2080s) of the population may have unmet demand during normal
years and 30–55% (~25M in 2020 rising to ~200M by the 2080s) during hot and dry years (Figure 4a), with
these percentages generally being higher in later decades.
However, real‐world environmental ﬂow requirements are uncertain and depend on complex regional
hydrology inﬂuenced by vegetation, terrain, and geopolitical factors (such as treaties governing the use of
water from Nile tributaries). In addition, a variety of per‐capita deﬁnitions of water scarcity exist, and trajectories of future population growth and greenhouse gas emissions are uncertain. To account for some of these
uncertainties, we show the evolution of runoff supply deﬁcits under three population growth scenarios for a
variety of plausible environmental ﬂow requirements (Figure 4b), water scarcity thresholds of 500 m3 per
person per year (absolute water scarcity), 1,000 m3 per person per year (chronic water scarcity), and 1,700
m3 per person per year (water stress; Gosling & Arnell, 2016; Figure 4c), and the RCP 4.5 and RCP 8.5 emissions scenarios (Figure 4d), holding other parameters to their default values as shown in Figure 4a (60%
environmental ﬂow requirement, 1,000‐m3 scarcity threshold, and RCP 8.5). We note that the environmental ﬂow requirement is the largest contributor to unmet runoff demand uncertainty, followed by the population scenario, and ﬁnally the emissions scenario.

4. Conclusions
Populations in the Upper Nile Basin are highly vulnerable to climate extremes and their impacts, including
crop failures driven by drought, ﬂoods, heat, and the spread of agricultural pests and vector‐borne diseases.
While the majority of climate models suggest hot and dry years will become more frequent, large‐scale circulation biases or subgrid scale processes not well represented in the models could result in some regions
being more or less water scarce than projected here in absence of changes in population and net water consumption. In addition, the CMIP5 models are known to perform poorly over other parts of East Africa, particularly in Somalia and Kenya (Rowell et al., 2015). However, our analysis suggests that the seasonal rainfall
and temperature cycles in the Upper Nile Basin are relatively well represented by the CMIP5 ensemble, lending some conﬁdence to these projections (Figure S5). Our results point to increasing regional water scarcity
even in the face of increasing precipitation; if precipitation remains constant or declines in the future, hot
and dry years will become more frequent than we project here.
As the Upper Nile Basin develops, additional multiyear water storage coupled with groundwater withdrawals and interbasin transfers may be able to provide additional water resources in some regions; though it
is unclear whether such withdrawals would be sustainable (Gleeson et al., 2012). Finally, research is needed
on how climate change alongside industrialization and modiﬁed agricultural practices will inﬂuence society
in the region, to what extent climate extremes contribute to migration and conﬂict, and which adaptation
strategies are most effective and efﬁcient at reducing regional climate risk.
Our results demonstrate that hot and dry years have become more common over the past four decades in the
Upper Nile Basin. This trend is projected to continue by nearly all CMIP5 models, despite uncertainty in
model representations of ocean‐atmosphere teleconnections, land‐atmosphere feedbacks, and regional
monsoon dynamics. Because of large population increases, water scarcity as measured by per‐capita runoff
deﬁcits will likely increase and this scarcity will be exacerbated by hot and dry conditions. In addition, while
trends in hot and dry year frequency are sensitive to uncertain projected precipitation changes, the strong
dependence of per‐capita runoff supply on population growth makes it unlikely that larger than expected
precipitation increases would signiﬁcantly improve water scarcity outcomes in the region over the near‐term
decades. Finally, the increasing frequency of hot and dry years will raise the likelihood of multiyear hot and
dry spells, during which impacts on agriculture and people may compound nonlinearly. Our results highlight the need for regional development efforts to urgently focus on climate resilience as the Upper Nile
Basin undergoes rapid climate and socioeconomic change in the coming decades.
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