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Abstract

Enhanced riverine delivery of terrestrial nitrogen (N) has polluted many freshwater and coastal
ecosystems, degrading drinking water and marine resources. An emerging view suggests a
contribution of land N memory effects—impacts of antecedent dry conditions on land N
accumulation that disproportionately increase subsequent river N loads. To date, however, such
effects have only been explored for several relatively small rivers covering a few episodes. Here we
introduce an index for quantifying land N memory effects and assess their prevalence using
regional observations and global terrestrial-freshwater ecosystem model outputs. Model analyses
imply that land N memory effects are globally prevalent but vary widely in strength. Strong effects
reflect large soil dissolved inorganic N (DIN) surpluses by the end of dry years. During the
subsequent wetter years, the surpluses are augmented by soil net mineralization pulses, which
outpace plant uptake and soil denitrification, resulting in disproportionately increased soil
leaching and eventual river loads. These mechanisms are most prominent in areas with high
hydroclimate variability, warm climates, and ecosystem disturbances. In 48 of the 118 basins
analyzed, strong memory effects produce 43% (21%—88%) higher DIN loads following drought
years than following average years. Such a marked influence supports close consideration of
prevalent land N memory effects in water-pollution management efforts.

1. Introduction

Enhanced riverine delivery of terrestrial nitrogen (N)
has impaired the quality of freshwaters for drinking,
causing adverse health effects (Ward et al 2005), and
has contributed to eutrophication of coastal waters
(Smith 2003). Coastal impacts are often most acute in
the vicinity of river mouths, which funnel loads from
diverse upstream sources into restricted and heavily
utilized nearshore habitats. Increased river N loads to
the coastal ocean have been linked to hypoxic dead
zones (Diaz and Rosenberg 2008) and harmful algal
blooms (Anderson et al 2002) that threaten coastal
and marine resources, the economies they support,
and public health (Paerl et al 1998, Breitburg 2002,
UNEP 2006).

© 2021 The Author(s). Published by IOP Publishing Ltd

Precipitation, resulting river discharge, and their
variability have proven to be effective predictors
of concurrent river N loads (Mclsaac et al 2001,
Howarth et al 2012, Sinha et al 2017). A grow-
ing number of observational and modeling studies,
however, have noted abruptly elevated river N loads
or unusual coastal phytoplankton blooms following
a drought lasting several months to multiple years
(Morecroft et al 2000, Acker et al 2005, Kaushal et al
2008, Lee et al 2016, Loecke et al 2017). These stud-
ies have focused their analyses on relatively small
basins (<200 000 km?) and have not explored vari-
ations across basins with very different climate and
land characteristics.

Determining where, when, and how much
such antecedent dry conditions contribute to water
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pollution is made difficult by the absence of an analyt-
ical framework for quantifying them and the paucity
of long-term time series of N monitoring data needed
to elucidate river N load responses to climate vari-
ability. Understanding the underlying mechanisms
is furthermore hindered by the scarcity of direct,
basin-scale measurements of concurrent land N stor-
age and its controlling processes (e.g. plant uptake
(McFarlane and Yanai 2006), soil denitrification
(Groffman et al 2006), net mineralization (Bottomley
et al 1994), and leaching).

The capacity of antecedent conditions to influ-
ence current ecological processes has been referred to
as ‘ecological memory’ (Ogle et al 2015), and consid-
eration of its impacts has improved understanding of
tree phenology (Fu et al 2015), ecosystem productiv-
ity (Sala et al 2012, Reichmann et al 2013, Ogle et al
2015, Liu et al 2018) and carbon exchanges (Shim et al
2009, Vargas et al 2011, Ogle et al 2015). Aligning
with this definition, here we explicitly define land N
memory effects’” as impacts of antecedent dry condi-
tions on land N accumulation that disproportionately
increase subsequent river N loads. Note that these rel-
atively short-term hydroclimate (dry-wet transition)-
driven effects have not been explored for large basins
and differ from previously noted long-term legacy
effects (Van Meter et al 2018, Vero et al 2018), whereby
accumulated N in soils and groundwaters due to past
years to decades of land use and agricultural intensi-
fication delays the response of river N loads to reduc-
tions in anthropogenic N inputs over the next years
to decades.

In this study, we introduce a data-driven index
for quantifying land N memory effects and assess
their global imprint by using available long-term
(>30 years), measurement-based data from well-
monitored, large (>400000 km?) basins within the
Mississippi River basin (MRB) and outputs from the
global terrestrial-freshwater ecosystem model LM3-
TAN (Lee et al 2019b). We estimate the degree to
which river dissolved inorganic N (DIN) loads from
118 major rivers were amplified by land N memory
effects under recent climate during 1981-2010 and
classify the basins into nine types according to the
strength of memory effects and the amount of DIN
loads. Finally, we analyze the model simulations to
elucidate the mechanisms underlying global variation
in the strength of land N memory effects.

2. Methods

2.1. Quantifying land N memory effects

We decompose the river N load for each year into
a linear combination of current- and previous-year
river discharge components, with the previous-year
discharge providing the dependence on antecedent
hydroclimate conditions:

0L, = adQ; — B6Q;_1 + ¢ (1)
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where dL; and 0Q; are, respectively, the annual
anomalies of river N load (ktN yr—!) and discharge
(m?® s7!) during the year i, Q;_, is the annual dis-
charge anomaly in the previous year, ¢; is the model
error, and « and 3 are constants. Here, an anomaly is
the departure of a variable from its linear trend over
time; the mean value of the anomaly over the period
of analysis is thus zero. Detrending is used to isolate
the effect of hydroclimate variability from the effects
of long-term trends in other concurrent factors, such
as precipitation, fertilizer applications, and land use.
We acknowledge that more sophisticated methods
could be used to eliminate such effects, but have not
explored them herein. A river basin exhibits a land N
memory effect if 5 islarger than zero, indicating a dis-
proportionately high N load anomaly relative to a dis-
charge anomaly during a year that follows a year hav-
ing a negative discharge anomaly (6Q;_; < 0). (The
reverse is also true: a prior wet year will suppress the
N load anomaly relative to what it would be follow-
ing an average year.) The mean values of N load and
discharge will be denoted by L and Q.

Under the assumption that the discharge anom-
aly and model error are neither serially correlated nor
cross-correlated, the variance of §L; is given by

o7 = (? + %) Ué +o? (2)

in which o7, aé, and o2 are the variances of anomalies
of N load and discharge and of model error. It can be
seen that land N memory increases the variance of N
load. Thus, memory contributes to the occurrence of
extreme N loads. Normalizing the N load variance by
the part of it that is induced by current-year discharge
variance, we have

o? o?
sz :(1+K2)+ 282 (3)
atog atoy
in which
K= é (4)
«

K is thus a dimensionless ratio, expressing the
dependence of current-year N load on previous-year
discharge relative to its dependence on current-year
discharge, with high K indicating strong antecedent
hydroclimate impacts on N loads relative to the
response to contemporaneous hydroclimate. To the
extent that the model error is small, land N memory
increases the standard deviation of N load by the
factor v/1+ K2, indicating that the relatively short-
term (months to several years) memory (Morecroft
et al 2000, Acker et al 2005, Kaushal et al 2008, Lee
et al 2016, Loecke et al 2017) does not enhance long-
term average N loads, but increase their variability.

From a management perspective, it is critical to
quantify how much a previous-year departure of dis-
charge from its mean alters the N load in the current
year, relative to what it would have been if 3 were zero
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or if the previous year were a normal discharge year.
The relative difference (difference divided by mean)
in expected N load can be derived from equation (1)
tobe —35Q;_1 /L. If we adopt the approximation that
the intercept of linear load-discharge relation is zero,
then L = aQ, and thus the relative difference in N
load associated with land N memory is given simply
by —K8Q;_/Q. Therefore, if §Q;_, is expressed as
Zo, where Z is the number of standard deviations
of 6Q;_; below the mean, then the relative increase in
N load due to land N memory is given by a memory
effect index (MEI):

MEl, = Z-K-CV (5)

where CV is the coefficient of variation of discharge
anomaly.

K is thus a measure of the intrinsic suscept-
ibility of land to N memory effects, while CV
accounts for the hydroclimate variability to which
the land is subjected. MEI; quantifies the N load
enhancement following a year with river discharge
Z standard deviations below the mean, relative to
the load following an average discharge year. As
an example, consider published measurement-based
data from the Ohio River at Olmsted, IL (Lee et al
2018) (table S1 and figure S1 (available online at
stacks.iop.org/ERL/16/014049/mmedia)), for which
we find the K equal to 0.25 and CV equal to 0.23. This
yields the MEI, of 0.12, indicating that the load fol-
lowing a year with river discharge two standard devi-
ations below the mean (hereafter ‘drought’ for our
purposes) would be enhanced by 12% relative to the
load following an average discharge year. In light of
the relevance of large values of MEI, to management,
we focus on it in our results and discussion.

2.2. Global implementation of the
terrestrial-freshwater ecosystem model LM3-TAN
The Geophysical Fluid Dynamics Laboratory (GFDL)
Land Model LM3-Terrestrial and Aquatic Nitrogen
(TAN) (Lee et al 2014, 2019b) simulates coupled
water, carbon, and N cycles within a vegetation-
soil-river-lake system (Shevliakova et al 2009, Gerber
et al 2010, Milly et al 2014). Unlike most empirical
watershed models, assuming that N is in steady state
and does not accumulate on land, LM3-TAN cap-
tures N accumulation within or release from veget-
ation, soil, and freshwater storage, in response to
changes in atmospheric CO,, climate, anthropogenic
N inputs, and land use and land cover (Lee et al
2019b). It is thus well suited to simulate land N
memory effects. Specifically, LM3-TAN simulates five
vegetation functional types based on total biomass
and prevailing climate conditions, with their stor-
age updated to account for vegetation growth and
allocation, leaf fall and display, and natural and fire-
induced mortality. Historically reconstructed scen-
arios of land-use transitions including the effects of

3
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wood harvesting and shifting cultivation are used to
simulate four land-use types: primary lands—lands
undisturbed by human activities during land-use
reconstruction, secondary lands—abandoned agri-
cultural land or regrowing forest after logging, cro-
plands, and pastures. The model simulates various
soil and freshwater microbial processes and associ-
ated storage changes, and routing of river flow and
N See Lee et al (2014, 2019b) for the detailed model
descriptions and schematic diagram.

LM3-TAN was globally implemented at 1 x 1
degree resolution to simulate the past two and half
centuries of terrestrial-freshwater N and carbon stor-
age and fluxes to the ocean and atmosphere (Lee
et al 2019b), considering historical changes in atmo-
spheric CO,, climate (Sheffield et al 2006), anthro-
pogenic N inputs (Green et al 2004, Van Drecht
et al 2009, Bouwman et al 2013a), and land use and
land cover (Hurtt et al 2006). Land N inputs include
simulated biological N fixation, synthetic fertilizers
(Bouwman et al 2013a), and atmospheric deposition
(Green et al 2004). Land N outputs include river
loads to the ocean, emissions to the atmosphere,
and net harvest—N in harvested woods, crops, and
grasses after subtracting out manure applied to cro-
plands (Bouwman et al 2013a) and urban wastewa-
ter discharges (Van Drecht et al 2009). We note
that a recently recognized rock weathering N input
(Houlton et al 2018) was not added in our model sim-
ulations which were evaluated based on traditional
terrestrial N budgets without consideration of rock
weathering (Galloway et al 2004, Ciais et al 2013,
Bouwman et al 2013a). However, we would expect
our findings to be insensitive to an addition of this
new input, given its small value (15, 11-18 TgN yr~!)
(Houlton et al 2018) relative to our total N inputs
(274, 236-291 TgN yr—!) (Lee et al 2019b).

Simulated global, latitudinal, and regional
terrestrial-freshwater N and carbon budgets were
found to be consistent with published synthesis from
26 different studies, when comparable categoriza-
tion, definitions, and assumptions were applied (Lee
et al 2019b). Here we further show that spatial pat-
terns in N use efficiency (which we take as indicative
of LM3-TAN capability to simulate plant uptake)
and soil denitrification are consistent with published
estimates (Bouwman et al 2013b, Lassaletta etal 2016)
(table S2 and figure S2).

In this study, we used the global LM3-TAN out-
puts (Lee et al 2019b) to explore land N memory
effects and the underlying mechanisms. For com-
parison of LM3-TAN-based memory effects with
measurement-based estimates (figure 1), ~35 years
(~1976-2010) of annual outputs were used to match
the measurement periods (table S1). For global ana-
lyses (figures 2—4), 30 years (1981-2010) of annual
outputs were used. Among 159 major rivers (of which
basin areas and logl0 of discharges are, respect-
ively, larger than 100 000 km? and 2.2), we excluded,
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for the memory effect analyses, 41 basins exhibiting
insignificant « in equation (1) at the 0.01 level (light-
est grey shade in figure 2(a)). This filters out rivers
where interannual variability of N loads is not sig-
nificantly related to contemporaneous hydroclimate
variability due to the predominance of other factors
(e.g. abrupt changes in land use and anthropogenic
N inputs) that fall outside the scope of our ana-
lysis and are not effectively removed by detrending.
The MEI; associated with hydroclimate variability
(i.e. equation (5)) cannot be reliably defined in cases
where o cannot be statistically distinguished from 0
(B/cv is undefined at o« = 0). Application of this filter
left 118 of 159 rivers for which MEI, could be reliably
calculated.

2.3. Baseline and sensitivity simulations

Storage, input and output fluxes of N in many ter-
restrial and freshwater ecosystems remain uncer-
tain due to sparse measurements (Galloway et al
2004, 2008, Gruber and Galloway 2008). To quantify
uncertainties, a baseline simulation was defined, and
sensitivity simulations were repeated with various
forcings (Lee et al 2019b). The baseline simulation
simulated global biological N fixation near the cen-
ter of published ranges (128, 112-139 TgN yr~!)
(Galloway et al 2004, Green et al 2004), used fertilizer
inputs from Bouwman et al (2013a), and a land use
and land cover change scenario including the effects
of wood harvesting and shifting cultivation (Hurtt
et al 2006).

The sensitivity simulations were forced with bio-
logical N fixation settings producing simulations
that spanned the upper (116 TgN yr~!) and lower
(145 TgN yr~!) bounds of the published ranges
(Galloway et al 2004, Green et al 2004), different
fertilizer inputs from Lu and Tian (Lu and Tian
2017), a different land use and land cover change
scenario without shifting cultivation (Hurtt et al
2006), and different fractions to divide anthropogenic
N inputs into three N species of organic, ammonium,
and nitrate plus nitrite N (USEPA 2010, Lamarque
et al 2013). In recognition of the uncertainty sur-
rounding the degree of CO, fertilization effects on
terrestrial C sinks (Gregory et al 2009, Huntzinger
2017), robustness of the results to a scenario with no
CO, fertilization was also considered. See Lee et al
(2019b) for a detailed description of model forcing
and simulations.

3. Results

3.1. Land N memory effect variation across the
MRB

An analysis of K and MEI, calculated by using
long-term (>30 years) observed annual river dis-
charges and published, measurement-based estim-
ates of annual inorganic N loads from the large
(>400 000 km?), well-monitored river basins inside

4
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the MRB (Aulenbach et al 2007, Lee et al 2018) (See
table S1 and figure S1 for a data description and map
of the basins) reveals that land N memory effects
vary across the basin (figure 1). In headwaters of the
MRB, a significant land N memory affects Ohio River
loads (MEI, = 0.12, 0.08-0.15), while the effect is
insignificant for Missouri River loads (MEI, = 0.05,
—0.04-0.13). The aggregation of these basins at the
Mississippi River at Thebes, IL yields an intermedi-
ate, marginally significant effect (MEL, = 0.07, 0.04—
0.11) that becomes weakened through the main stem
Mississippi River (MEL, = 0.05, —0.02-0.11) after
integrating a signal without a memory effect from
the Arkansas River measured at Murray Dam, AR
(MEIL, = 0.05, —0.01-0.12). A memory effect for
loads from the whole MRB (including the portion of
its discharge that flows through the Atchafalaya River)
becomes insignificant (MEIL, = 0.03, —0.05-0.08).

Despite the limited resolution of subbasins within
the MRB in the globally implemented LM3-TAN and
the limited strength of measurement-based memory
effects (i.e. MEI, < 0.2), LM3-TAN captures vari-
ation in the strength throughout the main stem Mis-
sissippi River (red circles in figure 1). However, unlike
the measurement-based estimates, LM3-TAN shows
significant memory effects for Arkansas and Mis-
sissippi/Atchafalaya River loads (black circles). The
global implementation of LM3-TAN poorly resolves
the Arkansas and Atchafalaya River Basins (figure S1)
and does not account for complex hydraulic con-
trols in both rivers that could subvert natural memory
effects. While long-term data sets for validating sim-
ulated land N memory effects are admittedly limited
and themselves subject to uncertainty (Lee e al 2019a;
see section 4), the consistency between LM3-TAN-
based and measurement-based memory effect estim-
ates along the main stem Mississippi River supports
further analysis of the potential global extent of land
N memory effects and the mechanisms that underlie
them. We note, however, that LM3-TAN estimates
likely represent an upper bound on the memory
effect, particularly for rivers under strong hydraulic
controls.

3.2. Globally prevalent land N memory effects

LM3-TAN-based estimates of MEI, for the period
1981-2010 suggest that land N memory effects
are globally prevalent yet vary widely in strength
(figure 2(a)). Of the 118 major river basins, 85 basins
(accounting for 67% by area) exhibit significant
memory effects at the 0.1 level (MEL, > 0) and 48
basins (accounting for 32% by area) enhanced DIN
loads by over 20% following drought years relative to
those following average years (MEL, > 0.2). These res-
ults are robust to different partitioning assumptions
for anthropogenic N inputs into different N species
(USEPA 2010, Lamarque et al 2013), biological N
fixation parameters spanning the upper and lower
bounds of published ranges (Galloway et al 2004,
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Figure 1. Measurement-based vs LM3-TAN-based K (a) and MEI, (b) for the Ohio River, Missouri River, Mississippi River at
Thebes, IL, and Mississippi River near St. Francisville, LA (red circles), with Pearson’s correlation coefficient (r) and p-value (p)
(red text) and for the Arkansas and Mississippi/Atchafalaya Rivers (black circles). Black r and p are for all red and black circles.
Error bars show 1 standard deviation bootstrapping (1000 times random sampling with replacement) confidence intervals for
measurement-based (horizontal) and LM3-TAN-based (vertical) estimates.

Green et al 2004), scenarios of land use and land cover
change (Hurtt et al 2006), levels of CO, fertilization,
and fertilizer input datasets (Bouwman et al 2013a, Lu
and Tian 2017) (figure S3).

We classify the 118 basins into 9 types accord-
ing to the strength of memory effects (as meas-
ured by MEI,) and the magnitude of long-term
(1981-2010) mean river DIN loads (figure 2(a)).
For example, basins (B) characterized by strong
(S, MEI, > 0.2) memory effects and high (H,
DIN > 100 ktN yr~') DIN loads are designated as
‘Bs,y> This basin type likely poses the highest pollu-
tion potential following drought years; that is, strong
memory effects further amplify already high DIN
loads (generally due to high long-term mean anthro-
pogenic N inputs or large basin area). The poten-
tial spatiotemporal extent of pollution declines for
moderate (M, 20 ktN yr~! < DIN <1 00 ktN yr~!)
and low (L, DIN < 20 ktN yr~!) load basins with
strong memory effects (Bsy and Bgp), though the
potential for localized acute impacts remains.

Strong and weak (W, 0 < MEL, < 0.2) memory
effect basins, respectively, produce 43% (21%—88%)
and 13% (3%-20%) higher DIN loads after drought
years than after average years (figure 2(b)). In basins
with no (N, MEI, < 0) memory effects, DIN loads
following drought years are essentially no greater than
those following any other years. It is noteworthy that
many Bgp, Bsm, and Bwy type basins posing high
pollution potentials (e.g. Mississippi, Vistula, Rhine,
Elbe, Yellow) are located in regions with documented
severe coastal water pollution associated with river
N loads (e.g. Gulf of Mexico (Turner et al 2008),
Baltic (Eriksson et al 2007, Conley 2012), Wadden
(Van Beusekom 2018), North (Van Beusekom 2018),
and Yellow (Liu et al 2013) Seas).

3.3. Mechanisms underlying land N memory effects
To understand the mechanisms underlying land N
memory effects, we trace land N memory from its ori-
gins within the river basins to its manifestation at the
river mouths. For each basin, the mean of DIN storage
or flux anomalies for the ten driest years during the
period 1981-2009 (red box plots, figure 3) and for the
following ten wetter years (blue box plots) was calcu-
lated. Figures 3(a)—(d), respectively, show composites
of the means for high load systems with strong and no
memory effects (Bs i and By p).

In strong-memory/high-load Bgy basins, dry
years begin, on average, with soil DIN storage near
historical means (figure 3(a)). Reductions in plant
uptake, soil denitrification and leaching, however, all
contribute to considerable soil DIN surpluses by the
end of the dry years (moving from left to right in
figure 3(a)). During the subsequent wetter years, the
considerable surpluses are further augmented by soil
net mineralization pulses (Xiang et al 2008, Borken
and Matzner 2009). Plant uptake and soil denitrifica-
tion are also enhanced, but not by enough to prevent
significantly elevated soil leaching to rivers. Once in
the rivers, the elevated leaching is eroded by increased
freshwater denitrification, but buoyed by enhanced
mineralization of organic N (figure 3(b)). This res-
ults in positive DIN load anomalies at the river
mouths.

In no-memory/high-load By basins, negative
anomalies of plant uptake, soil denitrification and
leaching during the dry years and resulting soil sur-
pluses are much smaller than those exhibited by
the Bgy basins (figure 3(c)). Furthermore, dur-
ing the subsequent wetter years, nearly neutral soil
net mineralization does not supplement the smaller
surpluses, which are effectively consumed by plant
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Figure 2. Circles in figure 2(a) show mouths of 118 major rivers that discharge into the coastal ocean, with color representing the
strength of memory effects (as measured by MEI,) and size representing the magnitude of long-term (1981-2010) mean river
dissolved inorganic N (DIN) loads. The 118 basins are classified into 9 types according to the strength of memory effects and the
magnitude of DIN loads: 12 Bg i, 25 Bsm, and 11 B type basins (accounting for 12%, 16%, and 3% by area) are characterized
by strong (S, MEI, > 0.2) memory effects with high (H, DIN > 100 ktN yr~!), moderate (M, 20 ktN yr~! < DIN <

100 ktN yr—1), and low (L, DIN < 20 ktN yr—!) DIN loads, respectively; 18 Bw,u, 10 Bw,m, and 9 By, type basins (accounting for
18%, 7%, and 11% by area) are characterized by weak (W, 0 < MEI, < 0.2) memory effects with high, moderate, and low DIN
loads; 10 By, 5 Bxym, and 18 By type basins (accounting for 6%, 7%, and 20% by area) are characterized by no (N, MEI, < 0)
memory effects with high, moderate, and low DIN loads. Strong, weak, and no memory effect basins are shaded in darkest grey,
grey, and light grey respectively. Lightest grey shade (not shown in the right bottom legend) shows additional 41 basins for which
the estimates of « in equation (1) are not significant at the 0.01 level. White shade shows any basins of which basin areas and
log10 of discharges are, respectively, smaller than 100 000 km? and 2.2. Figure 2(b) shows MEI, for basins characterized by strong

and weak memory effects.

uptake, leaving soil leaching, and eventual river loads,
near average levels (figure 3(d)).

While the large spread in the Bgy and Byy
composites in figure 3 suggests considerable basin-
specific variations, their contrast suggests a leading
role of relatively low plant uptake and high soil net
mineralization pulses following dry years in pro-
moting land N memory signals to rivers. We next
investigate which observable, basin-scale climate and
land characteristics, interacting with the ecological
and biogeochemical mechanisms described above,
determine the strength of land N memory effects.

According to equation (5), the strength of land
N memory effects (MEI;) depends on a combin-
ation of hydroclimate variability, captured by CV,
and additional factors determining K. We use a step-
wise linear regression to identify possible controls on
MEI, across the 118 basins (shown in figure 2(a))
by climate and land characteristics—climate mean
and variability (precipitation, soil moisture, runoff,
river discharge, air temperature, and their standard
deviations), anthropogenic N inputs, basin area, and
land use type. The use of stepwise regression partially
obviates the problem of cross-correlation among the

6
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Figure 3. For each basin, the mean of DIN storage (kgN km~2) or flux (kgN km™~

during the period 1981-2009 (red box plots) and for the following

2 yr~!) anomalies for the ten driest years

ten wetter years (blue box plots) was calculated. Figures

(a)—(d), respectively, show composites of the means for the high load systems with strong and no memory effects: 12 Bg (a) and
(b) and 10 By,u (c) and (d) type basins. We focus on these high load systems, because they pose high pollution potentials and
because they correspond to relatively large basins best resolved by our global model. Soil surplus is soil DIN storage at the
beginning of the years. The anomalous fluxes are traced through the soils (left hand side) to the rivers (right hand side). There is
spread around the composite patterns. This suggests that the dynamics underlying the memory effects in each basin are, to some
degree, unique. However, all 12 Bs i basins exhibit positive soil surpluses following the driest years, during which negative
anomalies in plant uptake, soil denitrification and leaching contribute to the surpluses in 8, 11, and 11 of the 12 Bgy basins
respectively. Likewise, positive plant uptake and soil denitrification signals in the following wetter years damp the influence of soil

surpluses on soil leaching to rivers in 9 and 9 of the 12 Bgy basins,
eventual river load anomalies during these wetter years.

predictor variables. We find that the fraction of pre-
viously undisturbed, primary lands (figure S4) and
air temperature emerge clearly as two primary factors
governing the K variation (r = 0.48, figure 4(a)).
Combining these predictors with the direct depend-
ence on CV, we obtain the overall correlation with
LM3-TAN-derived MEIL, of 0.72 (figure 4(b)). Thus,
high hydroclimate variability is a key driver of vari-
ation in the memory effect strength, and anthropo-
genic land disturbances and warm climates can amp-
lify hydroclimate effects. We show that this result is
robust to the exclusion of 28 and 65 basins exhibiting
insignificant « in equation (1) at the 0.5 and 0.001
level, respectively (figure S5).

4, Discussion and conclusion

While there are very limited observations of
contemporaneous N processes to constrain the
simulated global land N memory effect patterns,

7

respectively. All Bs i basins exhibit positive soil leaching and

our combined analyses of regional observations
and global LM3-TAN simulations provide a unique
insight into land N memory effects and the under-
lying mechanisms. Strong memory effects reflect
relatively low plant N uptake following dry years
(figure 3), which aligns with long-term data analysis
and experimentation showing legacies of dry years
leading to below-average primary production even
upon returning to average precipitation years (Sala
et al 2012, Reichmann et al 2013). Attributing such
low plant uptake to a large fraction of disturbed lands
(figure 4) is further supported by pronounced dry-
year legacy effects on primary production found in
grasslands (Sala et al 2012, Reichmann et al 2013).
On the other hand, relatively high soil net miner-
alization pulses following dry years in the strong
memory effect basins are attributed to low hydro-
phobicity of grassland and cropland soils (Borken
and Matzner 2009) and to warm climates with fast
mineralization rates (Haney et al 2004) (figures 3
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Figure 4. X-axis is K (a) or MEI, (b) across the 118 basins and Y-axis is their estimates considering the fraction of long-term
(1981-2010) mean primary lands (PrimF) and long-term mean air temperature (Temp), with Pearson’s correlation coefficient ()
and p-value (p). The relationships in the figures 4(a) and (b) were derived by independent fitting to explain K and MEI,
respectively. This refitting results in very modest changes to the coefficients (i.e. with the noise of the fitting process of multilinear

regression).

and 4). These results are consistent with previously
observed memory effects exhibited by basins includ-
ing large agricultural or urban areas (Morecroft et al
2000, Acker et al 2005, Kaushal et al 2008, Lee et al
2016, Loecke et al 2017), as well as the measurement-
based memory effect contrasts between the Ohio
and Missouri Rivers shown in figure 1. The former
basin, influenced by a larger fraction of disturbed
lands and warmer climates, exhibits stronger memory
effects.

Important factors that are not resolved in
LM3-TAN include the potential role of hydraulic con-
trols (e.g. dams, reservoirs, and irrigation) in shaping
land N memory effects. Retaining waters in dams and
reservoirs would presumably act as a buffer, causing
river loads to be less sensitive to natural hydroclimate
variability. The absence of these controls in the model
thus suggests that the model results present an upper
bound of memory effects, particularly for basins
under strong hydraulic controls. Irrigation would
presumably limit soil N buildup during droughts, and
thus also weaken memory effects. However, we would
not expect that this has significantly impacted our
primary findings given that irrigated land (Siebert
et al 2015) covers only 2% of global land area and 6%
of global agricultural land area. We also note that this
limitation does not prevent LM3-TAN simulations
of river discharge, dissolved inorganic and organic N
loads and concentrations from showing robust agree-
ments with measurement-based estimates across 47
globally distributed rivers (r = 0.74-0.91) (Lee et al
2019). Moreover, the agreement of LM3-TAN simula-
tion of DIN loads with measurement-based estimates

(r = 0.82) is comparable with that of a land surface
and river transport model that includes irrigation
(Liu et al 2019).

In addition, our theoretical framework for the
land N memory effect index rests on the capacity to
estimate the ratio of the previous-year hydroclimate
impacts on current-year river N loads, relative to the
current-year hydroclimate impacts (i.e. K = S/« in
equation (5)). The scope of our index is thus lim-
ited to those basins, exhibiting significant current-
year discharge-N load relationships (v # 0) against
which the dependence to the previous-year discharge
can be judged (5/« is undefined at o = 0). Other
factors (e.g. abrupt changes in land use and anthro-
pogenic N inputs) can modulate the response of each
basin to hydroclimate variability, but our approach
cannot capture memory effects in systems with very
weak discharge-N load relationships, or those that
have been significantly and non-linearly interrupted
by factors that cannot be captured with the simple
detrending applied herein. Further consideration of
memory effects in such basins requires closer inspec-
tion of basin-specific trajectories and dynamics that
we leave to future basin-specific studies.

Finally, our results highlight the relative paucity of
long time series of measurement-based river N load
estimates for validating model dynamics (figure 1).
In addition, available measurement-based estimates
of annual N loads are themselves fraught with meth-
odological details related to sampling and analytical
procedures, as well as statistical methods that use rel-
atively frequent (e.g. daily) discharge observations to
calculate continuous N concentrations, in the absence
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of frequent N samples (Lee et al 2019a). In fact, some
statistical methods appear to reduce the strength
of memory effects (table S3). This might explain,
in part, higher LM3-TAN-based K and MEI, than
measurement-based ones shown in figure 1. Thus,
a commitment to fostering long-term, frequent N
sampling and further scrutiny of the impacts of using
different N load estimation methods on memory
effect analyses are both essential for strengthening
the observational foundations of this globally relev-
ant phenomena.

River basins are projected to experience dramatic
shifts in hydroclimate variability, warming, land
use (IPCC 2019)—the primary governing factors
of emergent land N memory effects in our global
model simulations. Projected increases in severe
droughts, precipitation extremes, and temperature
due to climate change (Coumou and Rahmstorf
2012, Dai 2013, IPCC 2019) may accentuate memory
effects to amplify river N load extremes in many
regions. Furthermore, continuous development in
tropical regions (Mclntyre et al 2009, Hurtt et al
2011, IPCC 2019) may convert no-memory/high-
load basins like the Amazon to be more sensitive to
drying—rewetting stress, and thus exacerbate exist-
ing severe water N pollution (Wang et al 2019). We
thus conclude by stressing the necessity to carefully
consider hydroclimate-associated memory effects
for future water-pollution policies and mitigation
strategies.

Data availability

Reported river discharge and empirical estimates
of river inorganic (NO,+NO3;+NH;3;) N loads at
the Mississippi River near St. Franciswill, LA, and
Atchafalaya River at Melville, LA, are available at
(https://toxics.usgs.gov/hypoxia/mississippi/flux_ests
/delivery/Gulf-Monthly-2016.xlsx) (Aulenbach
et al 2007); last accessed 22 September 2020.
The other four data of discharges and N loads
within MRB are available at (www.sciencebase.
gov/catalog/item/5af49c2ae4b0da30c1b44e2b) (Lee
et al 2018); last accessed 22 September 2020.

The data that support the findings of this study are
available upon reasonable request from the authors.
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