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Models predict planned phosphorus load reduction
will make Lake Erie more toxic
Ferdi L. Hellweger1*, Robbie M. Martin2, Falk Eigemann1, Derek J. Smith3,
Gregory J. Dick3,4, Steven W. Wilhelm2*

Harmful cyanobacteria are a global environmental problem, yet we lack actionable understanding of toxigenic
versus nontoxigenic strain ecology and toxin production. We performed a large-scale meta-analysis including
103 papers and used it to develop a mechanistic, agent-based model of Microcystis growth and microcystin
production. Simulations for Lake Erie suggest that the observed toxigenic-to-nontoxigenic strain succession
during the 2014 Toledo drinking water crisis was controlled by different cellular oxidative stress mitigation
strategies (protection by microcystin versus degradation by enzymes) and the different susceptibility
of those mechanisms to nitrogen limitation. This model, as well as a simpler empirical one, predicts that
the planned phosphorus load reduction will lower biomass but make nitrogen and light more available,
which will increase toxin production, favor toxigenic cells, and increase toxin concentrations.

H
armful cyanobacteria and their toxins
constitute one of the most important
global environmental challenges faced
by humanity, which is expected to get
worse in a warmer climate (1, 2). The

problem is exemplified by Microcystis, which
can produce the potent hepatotoxin micro-
cystin (MC), a class of cyclic nonribosomal
peptides originally known as “fast death fac-
tor” that has already disrupted the drinking
water supplies of Toledo, Ohio on Lake Erie
and those of other cities (3).
In fresh waters, phytoplankton growth is

often limited by the availability of phospho-
rous (P), and that concept has been applied
in mathematical models and used to control
bulk biomass—i.e., eutrophication—in many
systems (4). It is also the basis for a costly
binational agreement aimed at controlling
toxic cyanobacteria in Lake Erie using a 40%
P load reduction (5). However, this simple
model does not address or explain the ecol-
ogy of toxigenic versus nontoxigenic strains
or the production of toxins, where nitrogen
(N), temperature, and reactive oxygen species
[e.g., hydrogen peroxide (H2O2)] are impor-
tant factors (6–10). Advances in our under-
standing and management of cyanobacteria
necessitate the development of new concep-
tual and quantitative models that incorpo-
rate relevant mechanisms.
The biology of Microcystis, including toxin

production, has been extensively investigated
in the laboratory, and a natural first step in
the development of a next-generationmodel is
to summarize and synthesize this information.

We performed a broad literaturemeta-analysis,
including 103 papers published from 1958
and totaling 708 experiments (i.e., cultures,
all cataloged and discussed individually in
the supplementary materials). Experiments
were conducted with 67 strains using vari-
ous methods. Consequently, the database is
heterogeneous, but some consistent and eco-
logically relevant patterns emerge (Fig. 1;
model results discussed subsequently). Across
20 experiments, the optimum T for MC pro-
duction is not 6.3°C, it is 6.3°C less than that
for growth (Fig. 1A). As expected from the
chemical formula of MC, which includes
~10 N atoms per molecule, lower N avail-
ability reduces MC content (Fig. 1B). The
observedMC content can be higher or lower
at increased light, which is also affected by
binding to proteins (Fig. 1, C and F) (9, 11).
These patterns show that the catalog of ob-
servations is a useful resource, even without
model analysis.
Building on this large catalog of observa-

tions and existing cyanobacteria models (12)
and following a pattern-orientedmodeling ap-
proach (13), we developed a dynamic, mecha-
nistic, and molecular-level model ofMicrocystis
growth and toxin production. The agent-based
model (ABM) simulates individual cells (14),
with explicit representation of select repre-
sentative genes with corresponding transcripts,
enzymes, and metabolite pools (Fig. 2 shows
a subset of the model). For example,mcyD is
used as a proxy for all 10 genes in the MC syn-
thesis cluster. Themodel includes a single gene,
t2prx, as a representative of all H2O2-degrading
enzymes [e.g., katG and trxA (10, 15)]. GLU and
G3P represent labile N and C pools.
We repeated each experiment in the data-

base in silico using the model. The ability of
themodel to reproduce observations is quanti-
fied using a pattern-oriented approach, where
we identify patterns in the observations and
compare them with the model (12) (supple-

mentarymaterials). In total, there are 897 pat-
terns, and the model reproduces 87% of them.
Mechanistic modeling thus provides a natural
and intuitive way to summarize and interpret
observations for Microcystis, as has been found
for other organisms (12, 16).
The model can reproduce the relatively sim-

ple temperature optima, but also the more
complex effect of N onMC content (Fig. 1B). It
also predicts the decrease in free or measur-
able MC content at higher light intensities,
which is the result of increased MC binding
to proteins (9, 11). In some cases, the model
proposes mechanisms underlying previously
unexplained observed patterns, like the tran-
sient increase inMC content upon light down-
shift (Fig. 1D). In the model, this pattern is
related to the dynamics of G3P and GLU, which
are the limiting substrates for biomass synthe-
sis and MC synthesis, respectively, in this ex-
periment (fig. S109). When the light intensity
decreases abruptly, photosynthesis and G3P
content drop rapidly, and biomass decreases.
However, N assimilation continues, and the
biomass-based GLU content increases. Conse-
quently, biomass-based MC synthesis increases.
ThemcyD gene is down-regulated rapidly upon
light-downshift, but it takes some time for the
enzyme level to respond. Once this occurs, the
MC synthesis and content also decrease.
For some experiments, there can be sub-

stantial differences between observations and
model predictions (Fig. 1E). This can be par-
tially attributed to the constraint of calibrating
the model with one parameter set (for each
strain) to multiple datasets. There are experi-
ments from 28 papers for this strain in the
database. However, the main purpose of the
model application to the database is to test
its structure, i.e., mechanisms; differences in
magnitude are less relevant than patterns
because they can be calibrated for any field
application of the model. In this example (Fig.
1E), themain observed pattern, the increase in
MC content upon temperature decrease and
vice versa, is reproduced by the model.
The key to understanding the differential

ecology of toxigenic and nontoxigenic strains
lies in the biological role of MC. There is in-
creasing evidence that MC binds to enzymes
and protects them from damage by reactive
oxygen species, such as H2O2 (7, 9). Experi-
ments with toxigenic wild-type and nontoxi-
genic DmcyB mutant cells show that, when
H2O2 is added at environmentally relevant
concentrations, the MC producer is less vul-
nerable than the non–MC-producingmutant
(7) (Fig. 3). By contrast, when H2O2 is added
at very high concentrations—levels correspond-
ing to algicide or cyanocide treatment—the
MC producer is more vulnerable (15). These
observed patterns are relevant to the strain-
level ecology and test the structural realism
of the model.
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The model includes generation of H2O2,
damage to enzymes by H2O2, and two H2O2-
management systems, including protection
by MC and degradation by T2prx (which rep-
resents all H2O2-degrading enzymes) (Fig. 2),
and it reproduces the observations (Fig. 3).
The pattern at low-H2O2 levels can simply be
attributed to protection by MC. The pattern
at high-H2O2 levels is more complex. In the
model, before the H2O2 addition, the wild-
type strain relies on the MC system for H2O2

management and has the T2prx system down-
regulated.WhenhitwithH2O2, theMC system
is overwhelmed. The cells express t2prx, but
by this time, the ribosomes are damaged and
the cells cannot synthesize T2prx enzymes and
do not recover. The mutant, however, has the
T2prx system active before H2O2 addition and
rapidly degrades theH2O2 and recovers. These
are the mechanisms underlying the pattern in
the model, which is consistent with the ob-
served pattern. The model thus constitutes a

viable mechanistic explanation or hypothe-
sis for the mechanisms responsible for the ob-
served pattern.
In the high-H2O2 experiment, the toxigenic

strain down-regulatedH2O2-degrading enzymes
under ambient conditions. This general strat-
egy of protection against H2O2 by MC over
degradation with enzymes may also be re-
flected in the gene repertoire of Microcystis
strains—e.g., katG genes are less frequently
found in toxigenic genotypes (10).
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Fig. 1. Patterns of toxin production in Microcystis
and comparison with model. (A) Temperature
optima for MC production and growth (n = 20); error
bars are 95% CIs. (B) MC content under lower N
(n = 41) and P (n = 24) relative to control; values are
log2 ratios. (C) MC content (solid symbols) or mcy
transcripts (open symbols) at high relative to low
light (HL/LL) (n = 16); values are log2 ratios. Diagonal
solid line is 1:1 (indicating perfect model-data
agreement), and the dashed line is linear regression;
R2 = 0.77. (D and E) Transient response of MC
content to changes in light (D) and temperature
(E) in continuous culture. Data are from (8, 27).
(F) MC content versus light. Data are from (11).
Symbols are data, and lines are models in (D) to (F).
(G) Relative fitness of toxigenic and nontoxigenic
strains in mono- and coculture under various light,
temperature, and nutrient conditions (n = 13).
Growth rate difference (D Gr. rate) indicates the
toxigenic – nontoxigenic growth rate. Co-H2O2 is
a coculture simulation with the H2O2 damage turned
off to illustrate that the advantage of the toxigenic
strain in coculture is the result of interaction through
H2O2. Data are from (18). nd, no data.

Fig. 2. H2O2 generation, damage to enzymes and
protection by MC, or degradation by T2prx in the
model. Only select components and processes are
shown; see supplementary materials for full model
details. H2O2 is generated by photosynthesis and
respiration, diffuses across the membrane, and inhibits
enzymes, including PSURbcL and RptMH (ribosome).
MC is synthesized from G3P and GLU and binds to and
protects enzymes. T2prx (peroxiredoxin, used as a proxy
for all H2O2 degradation enzymes) degrades H2O2.
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H2O2 readily diffuses across cell membranes,
and the model predicts that degradation by
the nontoxigenic strain leads to lower extra-
cellular H2O2 levels, which also benefits the
toxigenic strain—like the interaction between
marine cyanobacteria and heterotrophic bacte-
ria demonstrated previously (17). This interac-
tionmechanism can explain observationswhere
toxigenic strainsoutcompetenontoxigenic strains
in coculture, despite equal or lower growth
rate in monoculture (18, 19) (Fig. 1G).
The success of the model in reproducing

Microcystis biology suggests that it may pro-
vide useful insights into ecology at the field
scale. To test this, we simulate the water col-
umn around the Toledo drinking water intake
during the 2014 growing season, when MC
was detected in the drinking water (Fig. 4A).
We use a simplified approach and simulate
a completely mixed box [continuous stirred
tank reactor (CSTR)] with dissolved inorganic

nitrogen (DIN) and soluble reactive phospho-
rus (SRP) input rates estimated from observed
in situ DIN, SRP, and phycocyanin (PCN) con-
centrations and including estimates of photo-
chemical H2O2 production (20) (details in
section S3). The simulation includes toxigenic
and nontoxigenic strains that differ only in
their H2O2 management strategy—i.e., the
toxigenic strain has mcyD and the nontoxi-
genic has t2prx—so any differences in their
behavior can be directly attributed to these
mechanisms. The parameters of the Lake Erie
strains (same for toxigenic and nontoxigenic)
were calibrated within the range of the labo-
ratory strains, except that a lower H2O2 mem-
brane permeability is needed, which may be
associated with colony formation in the field.
The succession from toxigenic to nontoxi-

genic strains in the model is the result of dif-
ferences in H2O2 management strategies that
have different susceptibilities to N limitation

(fig. S111). In June and July, the DIN concen-
tration is high, and the toxigenic strain can syn-
thesize sufficient MC to protect its enzymes—
it incurs less damage and outcompetes the
nontoxigenic strain. In August and September,
DIN is depleted, curtailing the production
of MC by the toxic strain, which increases
damage and lowers its growth rate. The t2prx
system of the nontoxic strain is not affected by
the lower DIN, and it outcompetes the toxic
strain at that time.
Laboratory experiments show that N limi-

tation results in lower MC levels (Fig. 1B) and
thatMChelps protect againstH2O2 at ambient
concentrations (Fig. 3) (7, 9). Together, these
observations (and the model) suggest that
toxigenic Microcystis is more vulnerable to
H2O2 under N limitation, although that hy-
pothesis has not yet been tested experimen-
tally at environmental H2O2 levels.
Although our model does not consider all

factors expected to affect strain-level ecology
and toxin production (10, 21), it is based on
mechanisms and reproduces the laboratory
and field observations. It therefore represents
a step forward in the mechanistic understand-
ing of toxic cyanobacteria ecology and can in-
form lake management.
We used the model to evaluate load reduc-

tion scenarios, including 40% reduction in N,
P, and both N and P (Fig. 4B). The largest bio-
mass decrease is predicted for the N and P
scenario, but all scenarios produce a decrease
and none reach 40%, pointing to N, P, and
light limitation. For the P-only reduction sce-
nario, total Microcystis biomass decreases,
but the increased N and light availability in-
crease MC synthesis by the toxigenic strain
(Fig. 1, B, C, D, and F), which lowers H2O2

damage and increases the toxigenic fraction.
The toxigenic cells have more MC, and there
are more of them. These two factors counter-
act the decrease in biomass and lead to in-
creased MC concentration. When the effect
of N and light on MC production is removed
in the model, it predicts that MC concentra-
tion will decrease also for the P-only reduc-
tion scenario (Fig. 4B, part 1). Simulations
where the P load reduction is focused earlier,
when P is limiting (Fig. 4A, part 5) (22), are
more effective at controlling biomass but will
further increase MC concentrations through
the same mechanisms as those for the even
reduction (fig. S117). This pattern emerges in
the relatively complex model, but the causal
chain is simple and is predicted using a simple
calculation or model that builds on mass bal-
ance and previous models and is parameterized
directly from laboratory experiments (23, 24)
(Fig. 4C and section S4).
In addition to changes in nutrient loads,

global warming is expected to affect the lake
(1–3, 25). For present loading, the model pre-
dicts cyanobacteria biomass increases and
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Fig. 3. H2O2 management and vulnerability of toxigenic and nontoxigenic strains. At environmental
H2O2 concentrations (left), protection of enzymes by MC is advantageous. Data are from (7). At very high
H2O2 concentrations, i.e., treatment levels (right), degradation is advantageous. Symbols are data, and lines
are model. Data are from (15).
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MC concentration decreases with rising tem-
perature (Fig. 4B, part 2, CTRL). These results
and observations of lower temperature op-
tima for MC synthesis (Fig. 1A) suggest that
toxin concentrations will not go up with the
expected increase in biomass and brightens
the otherwise bleak outlook for harmful cyano-
bacteria blooms. The model predicts that the
temperature effect superimposes those of
nutrient load reductions, and for the 40%P
scenario, the net effect is a reduction in MC
concentration for the higher temperature in-
crease evaluated (Fig. 4B, part 2, 40%P). How-
ever, the decrease in MC concentration for
this scenario is the result of the warmer tem-
perature and not the P load reduction—i.e.,
the load reduction still increases the MC con-
centration relative to the warmer BaseCase
scenario. These results suggest that P-only
management is counterproductive for reduc-
ing MC concentration under all climate sce-

narios evaluated, and they support a dual N
and P management strategy.
Our results suggest that future manage-

ment efforts limited to P will increase relative
availability of N and light, promote toxigenic
strains, and increase toxin concentrations.
This mechanism may be in part responsible
for the presently observed resurgence of toxic
cyanobacteria after historical P load reduc-
tions to Lake Erie and many other systems
(26). Lake health is endangered by climate
change and can be threatened by manage-
ment actions that are well intended but
based on an incomplete understanding of
Microcystis biology and biochemistry. We
may presently be witnessing the consequences
of both threats
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Fig. 4. Lake Erie simulation. Station W12 in 2014. (A) BaseCase model (lines)
and data (symbols) versus time. From top to bottom, cyanobacteria biomass
(PCN), toxigenic fraction, particulate and dissolved MC concentration (methanol-
extractable fraction), H2O2 concentration, and nutrient concentrations are
shown. See section S3 for additional results and discussion. Data are from this
study and other sources (section S3). (B) Management and temperature
scenarios. Shown are reductions in average PCN and observable MC relative to
the current loading (CTRL) and temperature. Part 1 (top) is for present

temperature and shows all management scenarios, as well as results from the
simple model and a diagnostic run to illustrate the effect of N and light. Part 2
(bottom) is for various temperature scenarios and shows current loading (CTRL)
and 40% P-only reduction (40%P). (C) Response of full complex and a simpler
model to reductions in P loading. From top to bottom, volume-based MC
concentration (CMC), toxigenic fraction (fTOX), biomass-based MC content (RMC),
DIN concentration, and cyanobacteria biomass (PCN) are shown. The asterisk
indicates units converted using 0.35 gC/gDW and 89 gC/gPCN, see table S4.
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Nutrient control must include nitrogen
Lake Erie receives water from important agricultural areas of Canada and the United States and is subject to high
levels of nitrogen and phosphorus in runoff. These nutrients can lead to rapid growth of photosynthetic organisms,
some of which produce toxins that harm aquatic animals and compromise drinking water. Recent efforts have focused
on reducing phosphorus loading. With support from a large literature meta-analysis, Hellweger et al. developed an
agent-based model of cyanobacterial metabolism to determine how toxin production changed under a range of nutrient
and environmental conditions and defined the associated molecular mechanisms (see the Perspective by Ofi#eru
and Picioreanu). They found that phosphorus reduction alone was potentially harmful, lowering total biomass but
increasing toxin production. The proposed mechanism involves response to hydrogen peroxide stress and increased
light transmission. —MAF
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By Irina D. Ofiţeru1 and Cristian Picioreanu2

C
yanobacterial algal blooms, particu-
larly the ones that produce power-
ful toxins, are a grave threat to lake 
ecosystems  around the world. One 
such toxin is microcystin, which was 
the cause of a drinking water crisis in 

2014 in Toledo, Ohio. In an effort to curb 
algal blooms in Lake Erie, American and 

Canadian government agencies agreed on a 
plan to control excessive algal growth in the 
lake (1) . The plan emphasizes the need to 
reduce phosphorus , but there is a growing 
body of literature that suggests the need for 
both phosphorus and nitrogen reduction 
(2). On page 1001 of this issue, Hellweger 
et al. (3) report mathematical modeling re-
sults that support the latter management 
strategy. The results suggest that the action 

plan developed by the US Environmental 
Protection Agency for only phosphorus re-
duction may have the opposite effect, in-
creasing the microcystin concentration in 
Lake Erie.

Hellweger et al. propose an agent-based 
model of Microcystis (a producer of mi-
crocystin) that includes a representation 
of growth and toxin release by the cyano-
bacterium, which mainly obtains its energy 

ENVIRONMENTAL SCIENCE

No model is perfect, but some are useful 
Agent-based model should inform the action plan to curb algal blooms in Lake Erie 
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through photosynthesis. Agent-based  mod-
els first appeared several decades ago to 
represent a population of autonomous 
agents that interact with one another and 
with their environment, thus generating the 
emergent properties of the systems (4). This 
type of model has been used in sociology 
and economics. However, in environmental 
microbiology, these models were rarely ap-
plied in large-scale analyses because of the 
need for millions of agents to produce sta-
tistically relevant results (5). This require-

ment made this approach computationally 
prohibitive. Therefore, agent-based models 
have not been commonly used to support 
environmental management policies of 
high impact. 

Hellweger et al. took the plunge and 
integrated a sophisticated agent-based 
model comprising toxigenic and nontoxi-
genic Microcystis cells with some of their 
specific biology at the Lake Erie scale. In 
this process, they made a gargantuan effort 
to compile, reconcile, and integrate vari-
ous experimental data, both from the lab 
and the field. As the authors rightly point 
out, their model’s main advantage is to 
reproduce the observed patterns reflected 
in the hundreds of experiments gathered 
from the literature. The inability to scale 

up has been an issue for agent-based mod-
els. Because these models are inherently 
intricate, they are laborious to develop and 
require extensive computational power. 
Moreover, most agent-based models are 
built in the developer’s favorite program-
ming language (Hellweger et al. used 
Fortran).  The stochastic features of agent-
based models, such as the randomness of 
the agents’ movements, make software er-
rors more difficult to identify, especially 
when their experimental validation is 
limited. But, just as one would not expect 
simplicity from a model of the cosmos, one 
should also not expect it from a model that 
involves even simplified metabolic path-
ways, with different time and space scales. 
After all, there are 1 billion times as many 
bacteria on Earth as there are stars in the 
observable Universe (6).

There is no easy solution for scaling up, 
and compromises must always be made. 
Hellweger et al. simplified the spatial struc-
ture of the lake by considering it “well 
mixed” and therefore homogeneous. This is 
a limitation of their current model, because 
spatial structure (e.g., three-dimensional 
variations in concentrations, temperature, 
etc.) plays an important role and may ap-
pear at different length scales (7). The lake 
forms a complex ecosystem, with multiple 
microbial species interacting in different 
ways with the nutrients, and considering 
more microbial diversity could change the 
model outcome. Nevertheless, the current 
assumptions may have been the necessary 
compromise, dictated also by the multitude 
of sampling points used in the available ex-
perimental databases. 

Attempts to integrate “everything” in an 
agent-based model across multiple scales 
have been reported before (8, 9) but with-
out clear and targeted questions, and be-
cause they lack the experimental data for 
validation, they can be regarded more as 
proof-of-principle exercises. By compari-
son, Hellweger et al. had a clear question 
and a plethora of experimental data to test 
their models . Arguably, their code, although 
available to be downloaded on Zenodo , 
will not attract many users for several rea-
sons. It is usually difficult to delve into 
someone else’s code, even when reason-
ably well documented. Furthermore, even 
if Fortran is still heavily used by physicists 
or in large-scale climate models, there ex-
ist other more user-friendly or open-access 
simulators like NetLogo, which uses Scala 
and Java (10); IDynoMiCS, which uses 
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Reuse Center, Biological and Environmental Sciences and 
Engineering Division, King Abdullah University of Science 
and Technology, Thuwal 23955-6900, Saudi Arabia. 
Email: dana.ofiteru@ncl.ac.uk

  Regulatory agencies should reevaluate policies 
regarding phosphorus reduction  for 
controlling algal blooms, such as the ones 
that occur in Lake Erie pictured here. 
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By Paola Passalacqua and Andrew J. Moodie

I
n 1855, the Yellow River in China sud-
denly and rapidly changed its path, 
generating catastrophic flooding in a 
process known as avulsion. The natu-
ral disaster lasted for years and dam-
aged cities and villages along the river 

for hundreds of kilometers (1). A more 
recent avulsion happened at the Kosi 
River fan in India in 2008, which gener-
ated flooding that killed more than 400 
people and displaced 3 million. Are these 
disasters predictable? Could human lives 
and livelihoods be saved if information 
about future avulsions was at hand? The 
availability of remotely sensed data and 
analysis techniques has made possible new 
observations of avulsions. On page 987 of 
this issue, Brooke et al. (2) present a global 
analysis of river avulsions, highlighting 
controls on avulsions and helping predict 
where the next avulsion might happen.

Avulsions occur along rivers from moun-
tains to the coast. In confined environments, 

they are typically located at the mouth of 
canyons (3). In both coastal and inland del-
tas, which form where a river flows into a 
body of standing water such as a sea or a 
lake, avulsions are expected to be located in 
the backwater region (4), which is defined 
as the portion of a river that responds to 
changes in the downstream receiving body of 
water. Brooke et al. identified an additional 
behavior of avulsions in deltas in their global 
analysis. They analyzed 80 avulsion events 
on deltas. Of these, 38% were located up-
stream of where they are normally expected 
(see the figure). This behavior, primarily 
found in steep sediment-rich deltaic systems 
in tropical islands and deserts, where flood-
driven erosion can extend upstream of the 
backwater region, will have wide-reaching 
effects in the future (5). According to the au-
thors, their analysis implies that an increase 
in sediment down rivers, because of land 
use and climate change, could cause rivers 
to shift their avulsion events from the back-
water region to more upstream locations. 
As a result, upstream communities could be 
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Java (11); CellModeller, which uses Python 
(12); NUFEB , which uses C++ (13); and 
BioDynaMo, which also uses C++ and is de-
veloped with CERN openlab (14). However, 
each of these simulators is serving fairly 
limited audiences and very likely requires 
good coding skills for additional develop-
ment. This is a real limitation in academia, 
where very few are using software profes-
sionals to implement models, though at-
tempts exist (15). One can only hope that 
the model developed by Hellweger et al.
is an impetus to the modeling community 
to build more user-friendly and verifiable 
models that can be used to inform environ-
mental policies.

How sophisticated should the model 
be? Hellweger et al. also propose a sim-
pler empirical model that predicts similar 
outcomes and suggests that both nitro-
gen and phosphorus need to be reduced 
in Lake Erie to control the algal blooms. 
Critics will rightly refer to the principle 
of Occam’s razor and doubt that the more 
complicated model is absolutely neces-
sary. The answer to this could be that 
without access to the ground truth, one 
cannot know a priori  if the simpler model 
would give a “good enough” representa-
tion of the system. For such an important 
environmental management decision that 
will affect millions of people’s health and 
their drinking water source, we ought to 
try both, especially considering that the 
United States and Canada are due to re-
vise and adjust their domestic action plans 
for Lake Erie in 2023. Based on the results 
reported by Hellweger et al., and on the 
increasing body of literature, the need to 
also consider nitrogen reduction should be 
assessed in the control of algal blooms. j
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When a river changes its course
Avulsion-driven channel relocation operates at larger spatiotemporal scales than engineering  
interventions. Sustainability cannot be achieved through superposition of local short-lived interventions 
 and requires a system-scale approach that accounts for human perspective.

1  Avulsions in deltas are expected to happen within the backwater 
region, which is the portion of the river that responds 
to changes in the downstream body of water.

2  A newly categorized type of avulsion 
may occur further upstream than what 
is commonly expected.  This type of 
avulsion can affect communities 
that have not been exposed 
to avulsions. before.
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