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Predators have akey role in structuring ecosystems' . However, predator loss is
accelerating globally*¢, and predator mass-mortality events’ (MMEs)—rapid large-
scale die-offs—are now emblematic of the Anthropocene epoch®. Owing to their rare
and unpredictable nature’, we lack an understanding of how MMEs immediately
impact ecosystems. Past predator-removal studies?* may be insufficient to understand
the ecological consequences of MMEs because, in nature, dead predators decompose
insitu and generate aresource pulse®, which could alter ensuing ecosystem dynamics
by temporarily enhancing productivity. Here we experimentally induce MMEs in
tritrophic, freshwater lake food webs and report ecological dynamics that are distinct
from predator losses*? or resource pulses’® alone, but that can be predicted from
theory®. MMEs led to the proliferation of diverse consumer and producer communities
resulting from weakened top-down predator control' and stronger bottom-up effects
through predator decomposition®. In contrast to predator removals alone, enhanced
primary production after MMEs dampened the consumer community response. As a
consequence, MMEs generated biomass dynamics that were most similar to those of

undisturbed systems, indicating that they may be cryptic disturbancesin nature.
These biomass dynamics led to trophic decoupling, whereby the indirect beneficial
effects of predators on primary producers are lost and later materialize as direct
bottom-up effects that stimulate primary production amid intensified herbivory.
These results reveal ecological signatures of MMEs and demonstrate the feasibility of
forecasting novel ecological dynamics arising with intensifying global change.

MMEs are rapid, large-scale die-offs in wild animal populations’. In
contrast to other episodic die-offs such asanadromous fish spawns or
cicadaemergence, MMEs simultaneously affect all life stages’ and often
decimate populations'. Over the past century, MMEs have increased in
frequency and magnitude across most animal groups, including many
predator populations’. The magnitudes of MMEs can be staggering—
eradicatingmore thanabillion fish, eliminating hundreds of thousands
of mammals and birds, and producing hundreds of millions of tons of
dead biomass almost instantly’. Over long timescales, these events
can contribute to trophic downgrading* and sustained defaunation®.
Despite progress in detecting’ and predicting®" their occurrence, our
empirical understanding of their ecological repercussions is far less
established. This lack of understanding precludes accurately forecast-
ing food web responses to these increasingly frequent catastrophes.
Ecological theory on the immediate food-web consequences of
predator MMEs® proposes that the ensuing dynamics may be explained
either by the additive effects of predator losses and resource pulses' >,
or through emergent non-additive effects of these perturbations'>".
These predictions remain untested and hinge on two key features of
MMEs2: (1) rapidly weakened top-down (that is, predator controlled)
effects, which release intermediate trophic levels from predation but

increase consumption at lower trophic levels'"; and (2) concurrent

strengthening of bottom-up (that is, resource controlled) effects as
predators decompose and release nutrients®. These features are remi-
niscent of predator removals™ and intensified resource additions®™
(for example, eutrophication)—two overarching perturbations of the
Anthropocene that shaped foundational ecological theory on commu-
nity structure, food-web dynamics and biomass stability' *, Although
aconsensus exists about the independent effects of predator remov-
als and resource additions on community dynamics', an expanding
list of global drivers has intensified predator declines® and excessive
nutrient additions that enhance productivity® since these ideas were
formulated in the mid-twentieth century. Such widespread degrada-
tion raises questions about whether food web responses to predator
MMEs can be adequately predicted by paradigms established inaless
volatile world.

Here we used freshwater lake mesocosms to experimentally resolve
the ecological aftermath of predator MMEs and determine whether
foundational ecological theory canreadily anticipate the structure and
dynamics of post-perturbation communities. We used a freshwater lake
system because it has extremely well-understood trophic links>'>7-2°
and exhibits rapid nutrient cycling and remineralization when preda-
tors decompose'>”®and release growth limiting nutrients®. Moreover,
most documented MMEs have affected freshwater lake fish’, and these
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Fig.1|Food-webbiomassresponses to predator removals, resource pulses
and MMEs. a, Factorial experimental design to create four ecological scenarios
intritrophic freshwater food webs: control (live fish; dark blue; n = Sreplicates),
predator removal (no fish; light blue; n =4 replicates), resource pulse (live fish
with additional dead fishadded; dark green; n=4replicates) and MME (dead fish;
light green; n=Sreplicates) scenarios. b, A visual comparison shows illustrative
photographs of each disturbance treatment. c-e, Time-series analysis of

the mean consumer biomass (zooplankton; ¢) and the total production
(chlorophyll a; d) or microalgal biomass (e) afterinducing treatments (dashed
lines) over120 days. The solid lines and shaded regions indicate the model
predictions and the 95% confidence intervals (Cls), respectively, based on
smoothed moving averages (Methods). The points and lines indicate

events are predicted to occur more frequently in coming decades!.
Within mesocosms, we established simplified food webs containing
phytoplankton, zooplankton and planktivorous fish, which capture the
major trophiclevels and links between primary producers and the top
consumer inthelittoral zone of lake food webs. We thenimplemented a
2 x 2factorial experiment with treatments thatincluded the presence/
absence of live predators and/or predator carrion (Fig. 1a). This created
an experimental control (fish present, carrion absent) and three per-
turbations: predator removal (fish and carrion absent), resource pulse
(fish and carrion present) and MME (fish absent, carrion present). To
acquire dead fish, we performed euthanasia on haphazardly selected
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mean +1s.e.m.bysampling period and treatment; points arejittered.f-h, The
mean consumer biomass (f), total production (g) and microalgal biomass (h)
responses across mesocosms and samples. The large points, lines and small
pointsindicate the meanvalues, 95% Cls and raw data, respectively.i,j, Coupled
time-series plots showing the mean consumer biomass alongside the mean
producer (i) or microalgal biomass (j). The circles and arrows indicate the
starting locations and direction through time, respectively. Datawere analysed
from355biologicallyindependent samples (that s, trophic biomass estimates)
for the control (n=96), predator removal (n = 80), resource pulse (n=80) and
MME (n=96) conditions, respectively, from one experiment. Statistical analysis
was performed using ageneral additive mixed model (GAMM; c-e) and two-sided
two-way ANOVA (f-h).

bluegill usinga method approved by the University of Arkansas Institute
of Animal Care and Use (IACUC, 191060; Methods).

To compare perturbations, we sampled large-bodied zooplankton
consumers, microalgae (primary producers) and total primary pro-
duction (chlorophyll g, total primary production minus herbivory; for
example, the amount of standing phytoplankton biomass) for 120 days
(Methods). We focused on these consumers and producers because
they often exhibit strong responses to predation** and herbivory” %,
respectively. Although our sampling methods probably missed rare
species, which precludes us from drawing inferences about individual
species responses, they do enable determining general ecological
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dynamics of trophic levels and key functional groups (family for zoo-
plankton, phyla for microalgae) to each experimental perturbation
(Methods). We first determined whether trophic biomass responses
to predator MMEs can be predicted from classic theory by analysing
the additive effects of predator removals (that is, fish removed) and
resource pulses (thatis, carrionadded). In the presence of non-additive
(interactive) effects, classic theory would not correctly forecast trophic
biomass responses to predator MMEs. We next compared four key
aspects of food webs after perturbations: community structure, eco-
logical functional traits thatinfluence consumer-resource interactions
(thatis, body size), patterns of community dynamics and the temporal
stability of community biomass.

Trophicbiomass responses

Our results demonstrate that predator MMEs, predator removals and
resource pulses generate predictable trophic biomass responses over
time, while also exhibiting distinct food web structures and dynamics
(Fig. 1b—j). Relative to the control conditions, MMEs increased zoo-
plankton biomass (general additive mixed model, +106%, ¢, 5; =10.78,
P <0.01;Fig.1c,f), increased total primary production (+137%, chloro-
phylla, ty;,,=16.73,P< 0.01; Fig.1d,g) and decreased biomass of micro-
algae (-82%, t;550=-7.80, P < 0.01; Fig. 1e,h). Comparatively, predator
removals strongly increased the zooplanktonbiomass (+95%, t,5; = 8.64,
P <0.01; Fig. 1c,f), but decreased the total primary production
(=22%, ty3,, = —=7.57, P< 0.01; Fig. 1d,g) and decreased the microalgal
biomass (-75%, t;; 5o = —5.26, P< 0.01; Fig.1e,h), whereas resource pulses
primarily increased the total production (+195%, t;;,,, = 22.54, P < 0.01;
Fig.1d,g). Distinct trophic biomass responses to perturbations were
particularly evident when comparing coupled time series (Fig. 1i,j).
Only MMEs led to concurrent proliferation of consumers and producers
(Fig.1i), yet overall declines in microalgae (Fig. 1j), which highlighted

—@— Resource pulse MME

and key functional traits—individual body size (mm) or biovolume (In[um?])—
by treatment. The coloured points that are connected by lines within the radar
plotsrepresentscaled and centred mean values by treatment for dominant
zooplankton and microalgae. The coloured circles bordering the radar plots
represent major zooplankton families (a) and microalgal phyla (b).

the capacity for zooplankton herbivory to rapidly regulate these
resources” ™,

While previousresearch hasindicated that excessive resource inputs
canstrengthen trophic cascades after predator losses?, there were no
interactive effects of MMEs on zooplankton biomass (two-way analysis
of variance (ANOVA), predator removal x resource pulse; F;,, = 0.06,
P=0.82; Fig.1f), total primary production (F ,, = 0.49, P=0.50; Fig.1g)
or microalgal biomass (F;, = 0.01, P = 0.93; Fig. 1h) over time. Instead,
food-web responses to MMEs were predicted by additive effects of
predator removals and resource pulses on zooplankton biomass
(F14=5.59,P=0.03; F;, = 0.62, P= 0.44), total primary production
(F114=7.89,P=0.01; F,;,=230.37, P< 0.01) and microalgal biomass
(F1,=3.97,P=0.07; F;,= 0.70, P= 0.42). This suggests that the effects
of predator MMEs on trophic biomass over short timescales can be read-
ily predicted by combining knowledge about how predator removals*
and resource pulses’ propagate through food webs in other systems.
Below, we subsequently explore the mechanisms underlying zooplank-
ton and microalgal dynamics after perturbations.

Community structural responses

Broad similarities in zooplankton and microalgal community structure
after predator MMEs and predator removalsindicated that structural
changes were predominately driven by predator and zooplankton
consumer-mediated effects (Fig. 2, Extended Data Figs.1and 2 and
Supplementary Table 1). Relative to the controls, both treatment
conditions without predators had a higher biomass of key consumer
competitors (Extended Data Fig. 3 and Supplementary Tables 1and
2), including Cyclopoida (MMEs: +64%; predator removals: +88%),
Daphniidae (MMEs: +231%; predator removals: +199%) and Bosmini-
dae (MMEs: +53%; predator removals: +31%). Treatment conditions
with resource additions had a higher biomass of other competitors
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withvaried functional roles (Extended DataFig. 3 and Supplementary
Table2), including Cyprididae (MMEs: +29%; resource pulses +28%) and
Brachionidae (MMEs: +53%), the latter of which often proliferate along-
side carrion additions'>, Notably, our sampling approach prioritized
enumerating large-bodied zooplankton that experience strong preda-
tor consumptive effects***, which may have led tounder-representation
of some small rotifers and juvenile crustaceans (Methods). Despite
thisshortcoming, we still observed appreciable shiftsin zooplankton
composition andsize, which often mediate ecological functional roles
(Fig.2). These shifts were probably attributable to altered competitive
interactions®** amid reduced predation, because predator losses led
to a high biomass of omnivorous (such as Cyclopoida) and primarily
herbivorous consumers (such as Daphniidae), as well as changes in
production, because diverse competitor communities often proliferate
after resource additions™?*, This increase in omnivorous consumers
differentiated responses of MMEs and predator removals because the
latter is initially expected to primarily increase herbivory®.

Overall, biomass differences across trophic levels (Figs.1and 2,
Extended Data Figs. 3 and 4 and Supplementary Tables 1-3) largely
resulted from substantial density differences (Extended DataFigs.1,5
and 6 and Supplementary Tables 4 and 5) combined with modest differ-
encesin zooplanktonbody size (Fig. 2a, Extended Data Figs.2and 7 and
Supplementary Table 6) and microalgal biovolume (Fig. 2b, Extended
DataFigs. 2 and 8 and Supplementary Table 7). Planktivorous fish are
well known to structure lake food webs by regulating zooplankton
densities?,and the mean zooplankton density increased inboth treat-
ment conditions without predators (MMEs: +34%; predator removals:
+33%; Extended Data Fig. 5 and Supplementary Table 5). Planktivorous
fish also exert selection on consumer body size?, and both treatment
conditions without predators had a larger mean zooplankton body
size (MMEs: +14%; predator removals: +11%; Extended Data Fig. 2 and
Supplementary Table 1), particularly among key consumer competi-
tors after MMEs (Extended Data Fig. 7 and Supplementary Table 6).
Comparatively, predator removalsresultedinalarger meanbody size
of fewer key consumer competitors (Extended Data Fig. 7 and Supple-
mentary Table 6) and asmaller meanbody size of Brachionidae (-5%).
Thisindicated that removing predators probably indirectly increased
resource competition>* after consumer densities increased (Figs. 1h
and 2b), and zooplankton biomass simultaneously responded to both
relaxation of size-selective predation? and temporary production
enhancement’ after the death and decomposition of predators, respec-
tively. Thus, accounting for changes in body size (Fig. 2), which drive
rapid ecological changes®, could enhance forecasting community
responses to MMEs.

Microalgal community responses to MMEs were also affected more
by fish predator- and zooplankton-consumer-mediated effects rather
thanresource additions (Fig. 2b and Extended Data Figs.2 and 4), which
corroborates observations of fish MMEs in nature??, These effects
were particularly evident several weeks after perturbations, when
MMEs experienced sustained declines in production and microalgal
biomass that were indicative of intensified herbivory™' (Fig.1i,j), but
also consistent withreductions in predator-mediated nutrient cycling?
(forexample, excretion), and/or their combined effect>" (for example,
the dead fish paradox). Threelines of evidence suggest that intensified
herbivory played the dominant role in this system.

First, MMEs and predator removals increased the mean biomass
of key zooplankton competitors (Cyclopoida, Daphniidae; Fig. 2a,
Extended DataFig. 3 and Supplementary Table 2) that often have high
consumption rates on phytoplankton’®. Second, the mean biomass
of green algae (Chlorophyta), which are frequently consumed by
zooplankton*°, was low after predator removals (-42%, t,,0; = —1.75,
P=0.08; Extended Data Fig. 4 and Supplementary Table 3) and high
after resource pulses (+11%, t,o.o; = 3.19, P < 0.01). Moreover, both treat-
ments without predators had a high mean biovolume of green algae
(MMEs: +17%; predator removals: +23%; Fig. 2b, Extended Data Fig. 8
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and Supplementary Table 7), which often attain a larger size through
grazer-induced plasticity®°. Third, resource pulses had a relatively
high mean cyanobacteria biomass (+69%, t,,; = 2.05, P= 0.04; Fig. 2b,
Extended Data Fig. 4 and Supplementary Table 3) and density (+63%;
ty156=1.93, P=0.06; Extended Data Fig. 6 and Supplementary Table 5),
whereas MMEs had arelatively low mean cyanobacteriabiomass (-48%,
ty,=-1.85,P=0.07) and density (-47%, t,; s, = —1.68, P= 0.10). This pos-
sible suppression of cyanobacteria differentiates microalgal responses
to MMEs and resource pulses, and corroborates observations that
zooplankton herbivory can facilitate recovery from cyanobacteria
blooms?.

Community biomass dynamics

Community trajectory analyses® indicated that MMEs generated
unique community biomass dynamics through time compared with
other perturbations (Fig. 3). Among zooplankton (Fig. 3a), MME dynam-
ics were largely contained in community space occupied by smaller
competitors; predator-removal dynamics occurred in space occupied
by key competitors; and resource-pulse dynamics occurred in space
occupied by smaller consumers with varied functional roles. Mean
directed segment path dissimilarities (DSPD; Fig. 3b,e)—the relative
distance incommunity space between treatments (that s, similarity in
community composition)—also differed. Notably, zooplankton dynam-
ics after MMEs were most like the controls (lowest DSPD in Fig. 3b),
but dynamics after predator removals were most unlike the controls
(highest DSPD in Fig. 3b). Similarly, predator removals exhibited the
highest temporal stability in biomass among zooplankton groups
(Fig. 3c) because lasting biomass shifts toward key competitors
occurred (Fig. 3a and Extended Data Fig. 3). Lastly, zooplankton com-
munity dynamics after MMEs and resource pulses, but not predator
removals, moved toward and ultimately converged with the control
(Supplementary Table 8). Thus, in contrast to predator removals,
enhanced production after MMEs weakened biomass shifts, even after
fish predation was removed, as diverse consumers proliferated®®
(Extended DataFig. 7). This maintenance of biomass among competi-
tors probably resulted from novel ecological opportunities that arose
in the aftermath of MMEs—namely enhanced productivity of phyto-
plankton resources amid decreased predation®.

Compared with zooplankton, microalgal community dynamics
were more similar across perturbations (Fig. 3d,e and Extended Data
Figs.2 and 6). The microalgal dynamics after MMEs were most like
the controls (lowest DSPD in Fig. 3e), and the dynamics after preda-
tor removals were most unlike the controls (highest DSPD in Fig. 3e),
similar to zooplankton. Biomass among microalgal groups exhibited
similar temporal stability across perturbations (Fig. 3f),and dynamics
after all perturbations moved towards and ultimately converged with
the control (Supplementary Table 9). Thus, MMEs maintained biomass
amongabroaddiversity of key consumers and exhibited minor changes
in primary producer composition through time. This suggests that
MMEs probably generated bothinfluxes into green (autotrophic) food
webs and, while not quantitatively explored here, brown (detrital) food
webs, as decomposing predators generated appreciable periphyton
(Fig.1b). Theory suggests thatinfluxes into both green and brown food
webs can increase ecosystem stability because both consumers and
decomposers enhance community resiliency**>*. Conversely, MMEs
may also destabilize communities if nutrients are not readily converted
into producer biomass®,

Considerable work has focused on how predator losses destabi-
lize food webs through long-term shifts in consumer and producer
biomass*®*. Yet understanding how communities are restructured
after predator losses may be critical for resolving their short- and
long-term effects®**”. Predator removal conditions, which had high
consumer densities (Extended Data Figs.1and 5) and no resource addi-
tions (Fig.1), generated lasting shiftsin consumer biomass (Fig.2a and
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Extended Data Fig. 3). Comparatively, only MMEs maintained appre-
ciable biomass among various community members (Fig. 2a) while
exhibiting consumer and primary producer biomass dynamics that ulti-
mately converged with undisturbed systems (Supplementary Tables 8
and 9). This indicated greater productivity and functional diversity
probably led to weakened biomass shifts among key competitors after
predatorlosses, which corroborates expectations based on the produc-
tivity—stability®® and diversity-stability hypotheses®. Paradoxically,
these properties also indicate that the ecological aftermath of MMEs
may be crypticinnature®, potentially leading to underestimations of
their occurrence and effects over short timescales.

Theroles of top-down and bottom-up effects in shaping communi-
ties have influenced ecology for over 50 years'>*%, Qur study shows
that predator MMEs generate trophic biomass responses that can be
predicted by integrating classic theory on top-down and bottom-up
regulation?, yet exhibit distinct food web dynamics and community
structure that cannot be readily predicted by integrating these ideas. It
isnotable that the effects of MMEs cannot be predicted by only remov-
ing predators. Indeed, our results indicate that the effects of trophic
downgrading in the immediate aftermath of MMEs might be thought
of as ‘trophic decoupling’. During this shuffling of the food web, the
effects of predators were initially decoupled from lower trophiclevels,
buttheir biomass was later assimilated by producers and subsequently
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distance between the focal trajectory and acomparison trajectory during the
same sample periods (asillustrated by the small insets on the left) for
zooplankton (b) and microalgae (e). c,f, The temporal stability (temporal
mean/temporals.d.)and 95% Cls (squares and lines, respectively), for the
biomass of zooplankton (c) and microalgae (f). Data were analysed from 228
biologicallyindependent samples for DSPD estimates (b and e; n =57 for each
treatment) from one experiment. Data were analysed from 18 samples (cand f)
for the control (n=5), predator removal (n =4), resource pulse (n =4) and MME
(n=5)scenarios from one experiment. Statistical analysis was performed using
aGAMM (a-c) and two-sided two-way ANOVA (d-f).

passed upwards. Predator mortalities can therefore generate direct
bottom-up effects in ecosystems that may facilitate their eventual
recovery. Future studies may be able to anticipate ecological outcomes
of these and other increasingly common ecological catastrophes’
by similarly synthesizing foundational concepts formulated in a less
volatile world.
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Methods

Experimental design

Our maingoal was to experimentally compare ecological dynamicsin
tritrophic freshwater food webs (phytoplankton producers, zooplank-
ton consumers and fish predators) after three different ecological
perturbations: predator removals (that s, top-down effects are manipu-
lated), resource pulses (that is, bottom-up effects are manipulated)
and predator MMEs (that is, both top-down and bottom-up effects
aremanipulated, hereafter MMEs). We specifically aimed to compare
these perturbations to an undisturbed experimental control (that is,
no manipulation oftop-down or bottom-up effects) and make compari-
sons among different perturbations. In this study, we experimentally
induced mortalities of only predators (see the ‘Freshwater mesocosms’
section). Thiskind of mortality event exemplified asingle-trophic-level
MME, such as might occur during adisease outbreak—the leading cause
of MMEs in freshwater fish”, In nature, MMEs can be driven by many
biotic and abiotic factors, as well as affect numerous trophic levels
simultaneously™.

Wefocused these inquiries ontritrophic food web responses within
freshwater lake communities for several reasons. First, phytoplankton,
zooplankton and planktivorous fish constitute major food web com-
ponentsin freshwater lake systems*’. Second, freshwater lake systems
have well-understood trophiclinks, such as between planktivorous fish
and herbivorous zooplankton>7 122 Third, freshwater lake systems
frequently experience fish MMEs”", and fish carrion rapidly decom-
poses and remineralizes within lentic systems'***%28 Moreover, fish
MMEsinnaturerapidly generate temporary increasesin total produc-
tivity” owing to rapid increasesin limiting nutrient concentrations as
fish carrion decomposes®. Fourth, the addition and/or removal of fish
predatorsandresources rapidly alters zooplanktonand phytoplankton
community structure?, Fifth, ecological dynamics of freshwater lake
communities can be coarsely approximated using smaller-scale experi-
mental mesocosms**2 Lastly, mesocosms that mimic major biological
conditions of lakes can, in contrast to whole-lake manipulations and
natural observations, bereplicated and controlled**2. Mesocosms are
therefore amendable and ideal for studying extreme events in nature,
such as MMEs affecting wild populations*?,

To understand how perturbations affected different trophic levels
and major functional groups, we used asampling approach that aimed
to efficiently collect and enumerate key consumer and producer groups
at coarse taxonomic scales of family and phyla, respectively, within
mesocosms and through time (see the ‘Freshwater mesocosms’ sec-
tion). We used this approach because it allowed for the time-efficient
enumeration of focal consumers and producers, as well as the robust
estimation of key traits that underlie consumer-resource interactions,
such as body size or volume?®, using a combination of historical and
modern methods described below. Moreover, these body measure-
ments may be used alongside density estimates to approximate bio-
mass through length-weight*** and volume-biomass**¢ equations,
respectively. Future studies with sampling approaches that obtain
higher taxonomic resolution data are necessary to address questions
about how individual species are affected by the perturbations induced
in this study.

Importantly, recent theory predicts that predator MMEs simultane-
ously generate top-down and bottom-up forces, and thereby exhibit
distinct temporal ecological dynamics that cannot be explained solely
by the independent effects of predator removals or resource pulses®.
We therefore conducted amesocosm experiment witha2 x 2 factorial
design (Fig. 1a; five replicates each) by manipulating the presence/
absence of live fish predators and the presence/absence of dead fish
predators (thatis, fish carrion) to create three different ecological per-
turbations and an experimental control. These perturbationsincluded
predator removals (ten live fish absent, dead fish absent), resource
pulses (tenlive fish present, ten dead fish added) and predator MMEs

(live fish absent, ten dead fish added), in addition to an undisturbed
control treatment (ten live fish present, dead fish absent).

We prepared 20 mesocosms by sequentially adding trophic levels
over 5 weeks; waiting three weeks; removing all fish (bluegill; Lepomis
macrochirus) predators across mesocosmes to induce similar pertur-
bations and perform fish euthanasia through approved procedures
(IACUC, 191060); and inducing treatments with live and euthanized
fish (Fig.1b). We then extensively monitored larger-bodied zooplank-
ton communities, microalgal communities (that is, phytoplankton
within the size range of 2-100 pm that are readily consumed by com-
monzooplankton %) and total production (chlorophyll a) for 120 days.
This experimental duration encompassed the timespan that limiting
nutrient concentrations (thatis, N, P) are elevated and diminish after
experimentally induced bluegill mortalities in similarly sized meso-
cosms?. We checked mesocosms approximately daily for inadvertently
dead bluegill to the best of our ability and, when necessary, replaced
eachwith asimilarly sized live bluegill. We later excluded one replicate
eachfromthe predator removal and resource pulse treatments because
frogs deposited eggs and a Fuglena algal bloom occurred, respectively.
Thus, there were five mesocosm replicates for the MME and control
treatments, and four mesocosm replicates for the predator-removal
and resource-pulse treatments.

Freshwater mesocosms

Wearranged 20 mesocosms (1,0001,1.61m x1.75m x 0.64 m)ina2 x 10
matrix atanoutdoor facility at the University of Arkansas, Fayetteville,
USA. Each mesocosm was filled with 750 | of low-nutrient tap water
that was allowed to dechlorinate for 1 week. We added ten partially
unravelled strands of 0.91 m x 0.95 cm polyester rope weighted down
by a cinderblock to the same quadrant of each mesocosm to serve as
underwater refugia for fish and zooplankton. Each mesocosm was
covered with 1 mm plastic mesh to hinder introduction of non-target
taxa, aswell equipped with a plastic tarp that was used to cover meso-
cosms when heavy precipitation occurred to help mitigate substantial
water level changes. We obtained leaf litter from deciduous forests
surrounding Lake Wilson, Arkansas, USA (35.999387°, -94.136369°,
WGS84) and dried it for 1 week, after which we added 500 g of dried
leaflitter to eachmesocosm for aninitial nutrient source and microbial
detritivore community.

After 1week, we inoculated each mesocosm with local phytoplank-
ton communities through around 189 | of filtered lake water (125 pm
sieve) obtained from the littoral zone of Lake Wilson, Arkansas. We
then allowed phytoplankton communities to proliferate for 2 weeks
before adding zooplankton. We collected zooplankton from the lit-
toral zone of Lake Wilson, Arkansas, USA at day (approximately 0.5 m
depth) and night (<1 mdepth) through a 50 pum mesh net. Lake Wilson
is alow-productivity lake with low chlorophyll a (-3.7 pg 1™) and zoo-
plankton densities (around 59 individuals per I) over recent surveys.
We removed insect taxa from eachzooplankton sample and then con-
solidated zooplankton samples in a separate 1,000 | mesocosm that
was assembled as described above. This sample consolidation process
was necessary toacquire adequate zooplankton abundances for stock-
ing mesocosms at target densities. After collecting zooplankton for
2 weeks, we passed the consolidated zooplankton samples through
a50 pmssieve and aliquoted filtered samples into 20 subsamples that
contained around 200 individuals, to mimic near natural densities,
of each locally dominant zooplankton family: Brachionidae, Bosmi-
nidae, Cyclopoida, Cyprididae and Daphniidae. We focused on these
zooplankton families because they often experience varying levels of
fish predation>>*%** and have available length-weight biomass equa-
tions that span the range of expected body sizes for most adults***,
Moreover, the range of body sizes applicable to these equations spans
the range of expected adult body sizes of the focal taxa"**,

We allowed zooplankton communities to proliferate for 10 days
before adding 10 live bluegill of similar length (mean=7.15cm;
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s.d.=0.33 cm). Bluegill were about or less than 1 year old, mostly male
individuals, and obtained from the Arkansas Department of Game
and Fish, to each mesocosm. Bluegill are common planktivorous fish
that act as keystone predators in littoral communities*® and exhibit
size-selective predation on zooplankton®. To ensure that all meso-
cosmsinitially experienced similar ecological dynamics, we maintained
tritrophic food webs across mesocosms for 3 weeks before inducing
treatments (that is, perturbations). Next, we used an electroshocker
to remove all fish from all mesocosms. We administered the elec-
troshocker to all mesocosms to remove all fish so that there were
no potential effects of electroshocking-specific treatments and so
that all community members within mesocosms (that is, producers,
consumers) were equally affected. We next performed euthanasia by
rapid chilling for atleast1h (-2-4 °C) and then freezing fish (for those
assigned to predator mortalities) for at least 24 h (IACUC, 191060).
This euthanasia method helped to avoid potential confounding factors
from chemical-based euthanasia approaches*’. Moreover, our use of
predator carrion as the resource addition enabled the stoichiometry
of the resource pulses and influx of resources during the MME to be
held constant. The next day, we used additional live bluegill, which
were housed in non-experimental mesocosms, and euthanized bluegill,
obtained fromthe above procedure, toinduce treatments. Researchers
were aware of which bluegill were placed in each replicate (thatis, there
was no blinding). Treatments were randomly assigned to mesocosms
(n=5per treatment) using arandom number generator.

Sample collection

We were specifically interested in understanding whether predator
removals, resource pulses and predator MMEs generated disparate
responses through trophic biomass, community structure, functional
trait composition and transient community dynamics. To make com-
parisons between these aspects of food web dynamics, we extensively
monitored zooplankton communities, microalgal communities and
total production over the entire experimental duration.

As recent theory suggests predator MMEs generate transient
dynamics that are distinguishable from dynamics expected frominde-
pendent effects of predator removals or resource pulses®, we used a
high-intensity sampling regime to capture transient dynamics of zoo-
plankton communities, microalgal communities and chlorophyll a that
may differentiate these perturbations. This sampling regime involved
two different sampling intensities over the experimental duration:
once per week for the first 3 weeks (that is, before treatments were
induced), then twice per week for 5 weeks, then once per week for an
additional 10 weeks. For each sampling effort, we collected zooplank-
ton and phytoplankton samples over three consecutive days. This stag-
gered sampling regime was necessary due to logistical constraints and
involved acquiring phytoplankton samples over two consecutive days
and zooplankton samples over one separate day for each respective
sampling period. We used these samples to estimate total production
(chlorophyll a) and enumerate characteristics of zooplankton and
microalgal communities. We identified zooplankton to family and
microalgae to phyla, which correspond to major functional groups for
freshwater consumers and producers, respectively®2,

For chlorophyll aestimates, we used a standard and widely adopted
fluorescence-based alcohol-digestion approach®***. From each mes-
ocosm on each sampling date, two 50 ml subsamples were passed
through 47 mm wide nylon filters with 0.22 um perforations (AllPure
Biotechnology), placed in separate scintillation tubes with 4 ml of
95% ethanol and refrigerated (-2-4 °C) for 24 h. We used nylon filters
because they have been shown to provide more consistent, repeatable
chlorophyll a estimates than traditional glass filters due to their higher
retention of chlorophyll a®. We then used a fluorometer (Trilogy, Turner
Designs), which we standardized before use with a known concentra-
tion of chlorophyll g, to quantify chlorophyll a from both samples:
the mean value was used in all analyses. Although fluorescence of the

chlorophyll adegradation product pheophytin a can generate bias by
overestimating chlorophyll a concentrations by approximately 10%
(refs.56,57), the highly selective optical filters used in this fluorometric
method minimize these interferences®. We did not monitor limiting
nutrient concentrations. However, astudy with similar mesocosms has
demonstrated that both dissolved nitrogen and phosphorus concen-
trations are rapidly elevated after bluegill decomposition, especially
several weeks after adding carcasses?.

To quantify microalgal community structure, we examined a por-
tion of the remaining water sample using fluid imaging (FlowCAM
VS-Series, Fluid Imaging). To perform fluid imaging, we first passed
each water sample through a 125 pm sieve and homogenized them,
after which a2 ml subsample was placed through a100 pm x 1 mm
FlowCell (Fluid Imaging). This sample volume is commonly used to
enumerate phytoplankton communities from various environments,
ranging from microcosms® to large freshwater lakes®. In this study,
FlowCam settings included an Autolmage rate of 20 fps and flow rate
of 0.170 ml min™. These settings were similar to previous studies that
used fluid imaging to enumerate phytoplankton®, and resulted ina
23.4% efficiency rate per sample. Efficiency rate is the percentage of
fluid volume imaged relative to the total sample volume processed,
and an efficiency under 70% ensures repeated pictures of the same
particles are not captured. We used VisualSpreadsheet (v.4) to examine
and classify microalgal taxa. Specifically, we post hoc examined all
images from every fifth sample from each mesocosm to create image
libraries of dominant microalgal genera. We then manually examined
allimages acquired from each 2 ml sample; assigned all images of liv-
ing microalgae to genera; and categorized genera by phylum as fol-
lows: Charophyta (Cosmarium, Mougeotia, Staurastrum), Chlorophyta
(Ankistrodesmus, Closteriopsis, Closterium, Coelastrum, Crucigenia,
Franceia, Oocystis, Scenedesmus), Cyanobacteria (Anabaena), Dino-
flagellata (Gymnodinium), Euglenozoa (Euglena). We identified 28,161
microalgae to phylum for analyses (mean = 68 individuals per sample,
s.d.=211lindividuals per sample).

Aswewereinterested in understanding how perturbations affected
microalgal community dynamics through time, we next used fluid
imaging datato enumerate microalgal biomass, density and biovolume
(area-based volume) through time. For microalgal density estimates, we
converted abundance estimates of eachmicroalgal phylumand across
phylafrom each fluidimaging sample (2 ml) to natural log-transformed
density per L. For microalgal biovolume estimates, we used the
area-based volume of each microalgae individual and the FlowCam
VS-Seriesimage scaling factor (0.56) to estimate the mean biovolume
of each phylumand across phylafor each sample. Specifically, we used
themeanarea-based volume in volume-biomass equations of congener
microalgae**® to estimate the biomass of each microalgal individual.
We used these data to calculate the natural-log-transformed biomass
per litre of each phylum and across phyla. We included all individual
microalgae that were assigned to phyla when calculating density, bio-
volume and biomass estimates. These microalgal density and biomass
estimates were similar to comparable estimates in previous studies
with similar fluid imaging equipment®®, We considered chlorophyll
atobe anindicator of total primary production minus herbivory, or
the amount of resources available during asample period, and micro-
algal biomass to be an indicator of the availability of key resources to
consumers.

We also quantified zooplankton biomass, density and body size
through time. To acquire zooplankton samples, we lightly mixed each
mesocosm using a perforated Secchi disk (-20 cm diameter), allowed
the disturbed leaflitter to settle and placed anintegrated tube sampler
(-5 cm diameter, ~91 cm length) through the water column. We used
standardized measurements on the side of theintegrated tube sampler
to measure the water level of each mesocosm toimprove estimates of
mesocosm water volume when samples were acquired, and therefore
zooplankton density estimates, through time. Allzooplankton samples



were collected from the same quadrant across mesocosms. We passed
zooplankton samples through a 125 pm sieve and placed samples in
Lugol'siodine solution for preservation and to aid visual identification.
We used this pore size to provide reliable and robust information about
dynamics of mediumto large-bodied zooplankton, though at the poten-
tial cost of underrepresenting certain small zooplankton, such as juve-
nile crustaceans and rotifers®. Large-bodied zooplankton taxa often
exhibit high consumptionrates of algae'®, and L. macrochirus is known
to exhibit size-selective predation of large-bodied zooplankton*—
factors that probably strongly influence community responses to the
manipulation of abundances of predators and/or resources based on
existing knowledge of trophic links?>17°222* Fuyture studies would
benefit from examining a broader range of zooplankton size classes,
as well as larger volumes of water when assessing microalgal commu-
nities, to understand additional ecological responses to this set of
perturbations.

After collecting all of the zooplankton samples, we used light micros-
copy (x20; Leica Camera Model EC4) to identify and measure the body
sizes of dominant zooplankton families: Bosminidae (Bosmina), Bra-
chionidae (Brachionus), Cyclopidae (Cyclops), Cyprididae (Cypridop-
sis) and Daphniidae (Daphnia). On average, we counted around 53.9
individuals per sample to family for abundance estimates (s.d. =19.4
individuals per sample). These individuals were obtained from samples
(throughtheintegrated tube sampler) with water volumes that ranged
fromaround 0.74 1to1.11. We also measured body sizes of ten haphaz-
ardly selected individuals (or allindividualsif there were less than ten)
foreach zooplankton family from each sample. We used the mean body
size of each zooplankton family and sample period to estimate mean
zooplankton biomass through length-weight regressions for Bosmi-
nidae*, Brachionidae*, Cyclopidae*, Cyprididae* and Daphniidae*.
We used these data to calculate the natural-log-transformed biomass
per litre of each zooplankton family and across families. Lastly, we
converted abundances of each zooplankton family and across families
tonatural-log-transformed density per litre. On average, we measured
body size of around 19.7 individuals per family per sample (s.d. =2.68
individuals per sample). We included all individual zooplankton that
were assigned to family when calculating density, body size and bio-
mass estimates.

Although multiple traits shape food web dynamics, we focused on one
shared trait—overall size—to understand the functional trait response
of microalgae and zooplankton and, therefore, consumer-resource
interactions, for several reasons. First, we measured microalgal body
volume and zooplankton body size because these body measurements
are central functional traits mediating consumer-resource interac-
tions in freshwater systems'®*?2¢!, Second, body size shapes meta-
bolic rates that influence many biological processes®, as well as how
organismsinteract within food webs®*¢*, Third, size measurements are
commonly recorded traits that often correlate with other functional
traits associated with ecological processes (that is, respiration rates,
foraging rates, mortality rates)®*. Lastly, body measurements allowed
for quantification of zooplankton and microalgal biomass through the
regression-based approach described above.

After collecting and enumerating all samples, we used linear mixed
models to compare average chlorophyll a, microalgal biomass and
zooplankton biomass estimates during the first three sample periods
to determine whether mesocosms had a similar community struc-
ture before treatments were induced. These models used the raw
(non-smoothed) data and had the form: biomass estimates -~ treat-
ment with anested random effect of sampling period and mesocosm.
There were no differences in chlorophyll @, microalgal biomass and
zooplankton biomass between treatments during the first three sample
periods (Extended Data Fig. 9).

We next calculated smoothed moving averages of chlorophyll a,
zooplankton community characteristics (biomass, density, body size),
microalgal community characteristics (biomass, density, biovolume).

We used this smoothing method, described below, to reduce the
propagation of sampling error into temporal variation (for example,
slightly weaken large increases and decreases between adjacent sam-
ple periods). Smoothing has become a widely adopted approach for
time-series data®*®®, and there are many different types of smooth-
ing approaches® %, The approach used here involved calculating
smoothed moving averages over three adjacent sample periods (that
is, afocal, previous and subsequent sample period), with the focal
sample period being weighted more than the previous and subsequent
sample periods. These weights were 1for the focal sample period and
1/3for the other periods. Notably, this approachled to the firstand last
sample periods being excluded from the smoothed data, as they did
not have a previous or subsequent sample period, respectively, for the
necessary calculations. We used smoothed data at the replicate level
for all statistics except for community trajectory analyses, described
below, because associated statistical testsinvolved pairwise compari-
sons and thus treatment-level data (that is, averaged by treatment)
addressed more intuitive and informative questions.

Statistical analyses

We used three statistical approaches to compare ecological dynam-
ics after perturbations. First, we used two-sided, two-way ANOVA to
understand whether MMEs exhibited additive or non-additive (thatis,
synergistic or antagonistic) effects of predator removals and resource
pulses on trophic biomass. This was possible because treatments
included all combinations of these two factors: (1) predator removals
(both fish and carrion absent); (2) resource pulses (both fish and car-
rion present); (3) MMEs (fish absent, carrion present); and (4) a control
treatment (fish present, carrion absent). These models had the form:
response - predator removal x resource pulse with a nested random
effect of sampling period and mesocosm. We used trophic biomass
(chlorophyll a, zooplankton biomass or microalgal biomass) as the
response variable. For the reference groups, we considered fish pre-
sent (thatis, the absence of a predator removal) and predator carrion
absent (that is, the presence of a resource pulse), as provided in the
control treatment.

If present, we considered a significant interaction to be indicative
of non-additive (thatis, interactive) effects MMEs on trophic biomass
over the entire experimental duration that would not be readily pre-
dicted by the simple additive effects (that is, only independent effects)
of predator removals and resource pulses. To evaluate the robust-
ness of this core analysis to our smoothing approach, we performed
models as described above but with the raw (that is, non-smoothed)
data. These models had the same form as above: response ~ predator
removal x resource pulse with a nested random effect of sampling
period and mesocosm. These models (Extended Data Fig.10) generated
nearly identical findings as described in the main text (Fig. 1).

Second, we used general additive mixed models®* (GAMMs) to
understand whether disturbances generated disparate responses in
zooplankton and microalgal communities through time. These models
had biomass, density and individual body size or biovolume of trophic
levels (thatis, chlorophyll a, zooplankton or microalgae) or functional
groups (that is, zooplankton family or microalgal phyla) as separate
response variables. All GAMMs had agamma error distribution with a
log link, except for models with zooplankton body size because they
did not require log transformations. For each response variable, we
used the Akaike information criterion (AIC) to compare five GAMM
forms (Supplementary Table 9) that allowed for different or similar
shapes, different or similar intercepts and the presence/absence of a
smoothing penalization on the time effect. We considered a delta-AIC
of <2 to be significant for comparisons among these model forms,
whichincluded fixed effects of treatment, sample or both treatment
and sample, as well as the presence/absence of a smoothing penaliza-
tion on the time effect. For these models, we used treatment as the
predictor variable with the control treatment as the reference group,
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rather than predictor variables of predator removal x resource pulse
asinthefirstapproach, sothatthere were treatment-specific temporal
smoothing penalizations.

After this first step in model selection, 29 out of 34 models (Sup-
plementary Table 10) were best explained with temporal smoothing
penalization (that is, models 4-5 in Supplementary Table 9). The
five remaining models (Supplementary Table 4) were best explained
without temporal smoothing penalization (thatis, models 1-3in Sup-
plementary Table 3), as there were similar fits for model forms with
or without such penalization. We next performed additional model
selection on the first group of models to obtain the best penalization
parameter and account for correlation of autoregressive moving aver-
ages by auto-regressive moving average using the nime package’. We
used AIC to compare six dimensions (k; 3, 5, 8,10, 12 and 15), which
encompassed the full range of possible dimensions, for the smooth
term for eachmodel through penalized spline regressionsin the mgcv
package”. The final form of each GAMM is listed in Supplementary
Table 4. For all GAMMs, we considered differences in intercepts (that
is, parametric coefficients of treatments and corresponding t values) to
indicate differencesin meanresponses, and differencesin model shape
(thatis, treatment-specific time effect) toindicate whether treatments
had different trajectories, compared with the control. For brevity, we
discuss only differencesinintercepts for GAMMSs in the main text. We
used this GAMM-based approach for all biomass, density and body
size or biovolume responses except for biovolume of three microalgal
phyla (Cyanobacteria, Dinoflagellata and Euglenozoa), which were
too variable within and across mesocosms for meaningful inferences
and, therefore, only summarized for descriptive purposes (Fig. 2b).
Complete details about GAMMs are shown in Supplementary Table 1
for trophic biomass estimates, Supplementary Table 2 for zooplankton
biomass estimates, Supplementary Table 3 for microalgal biomass
estimates, Supplementary Table 4 for zooplankton density estimates,
Supplementary Table 5 for microalgal density estimates, Supplemen-
tary Table 6 for zooplankton body size estimates and Supplementary
Table 7 for microalgal biovolume estimates.

Third, we used communities trajectory analyses®>’?to compare the
ordination of zooplankton and microalgal community biomass dynam-
icsafter perturbations. This recently developed approach canbe used
to examine and compare dynamics of biological systems (for example,
communities) using PCoA. In this approach, experimental units (meso-
cosms withdifferent perturbation treatments in this case) are tracked
through time and differences in temporal dynamics are quantified by
their position along axes describing community composition (that s,
PCoA loadings of different taxonomic groups). To compare biomass
dynamics after perturbations and obtain intuitive results from statisti-
caltestsassociated with this approach, two standard data adjustments
were necessary. First, community trajectory analyses require data
continuity, and there were samples in which some microalgal phyla,
especially Cyanobacteriaand/or Euglenozoa, were not observed. Thus,
toaccount for this lack ofinformation and ensure data continuity with-
out distorting trends, we added the minimum observed biomass and
density (across allmesocosms and samples) to each microalgal phyla
biomass and density estimate before performing analyses. Second, we
used smoothed data at the treatment level rather than at the replicate
level for this set of analyses because the associated statistical tests com-
pare aspects of community trajectories through pairwise comparisons.
Thus, treatment-level data allowed for direct comparisons of com-
munity biomass dynamics between treatments. We next determined
the most appropriate ordination approach separately for biomass
among zooplankton groups and biomass among microalgal groups
by comparing Euclidean distances of each set of biomass estimates
through time to several dissimilarity indices, including Bray-Curtis,
local transformation, square root, metric multidimensional scaling
and non-metric multidimensional scaling. We used local transforma-
tions because they provided the lowest stress levels” (>0.2), passed

the triangle inequality, and are recommended to limit distortion and
aid interpretability of community trajectories®.

After determining the appropriate transformation for models,
we then compared two characteristics of biomass dynamics (that is,
trajectories) between treatments. First, we calculated mean DSPDs
(Fig. 3b,e) for each pairwise comparison between treatments. This
metric represents the average distance between segment midpoints
of different trajectoriesin community ordination space at comparable
sample periods, or how different communities are in overall ordination
space. We were therefore able to use this metric to understand whether
specific perturbations generated community biomass dynamics that
were similar (low DSPD) or dissimilar (high DSPD) to other perturba-
tions, as well as whether perturbations generated biomass dynamics
that were similar or dissimilar to the control. We therefore consid-
ered the lowest mean DSPD among perturbations, compared with the
control, toindicate which perturbation generated biomass dynamics
that were most similar to dynamics after the control treatment and
through time.

For the second trajectory metric, we compared the ending direc-
tions of different trajectories, or whether trajectories converged or
diverged through time, using Mann-Whitney U-tests in the ecotraj
package®. These asymmetric convergence/divergence testsinvolved
pairwise comparisons that determined whether different combinations
of treatment-level trajectories (as shown in each column of Fig. 3a,d)
moved toward (that is, converge) or away from (that is, diverge) each
other through time® (Supplementary Tables 8 and 9). Specifically,
this involved pairwise comparison tests that examined whether the
distance between a focal trajectory and a comparison trajectory
became smaller (convergence) or larger (divergence) through time.
We used that approach for this study to specifically determine whether
perturbations converged or diverged with the control. Each pairwise
comparison between treatments provided a single tau statistic (7)
that was bounded by —-1and 1, such that negative and positive values
indicated divergence or convergence fromthe focal trajectory toward
the comparison trajectory.

To complement comparisons of these two community trajectory
characteristics by treatment, we calculated one additional metric
with the same community biomass data (that is, averaged by treat-
ment). This metric, temporal stability™, is used to describe temporal
patternsintotal community biomass among different groups (such as
zooplankton or microalgae). This metric was calculated as temporal
mean/temporals.d. of the different trophiclevels across the duration
ofthe experiment. We calculated this stability measurement separately
for zooplankton families (Fig. 3¢) and microalgal phyla (Fig. 3f). Nota-
bly, stability often has many definitions”. In this study, high temporal
stability would be indicated by a high value of this temporal stability
metric, indicating biomass exhibited little change among groups and
through time.

We checked models for meeting assumptions of homogeneity of
variance and normality. For ANOVA and GAMM analyses, we consid-
ered treatment effects to be statistically significant based on a = 0.05.
For community trajectory analyses, we considered instances in which
treatments exhibited non-overlapping 95% Cls to be statistically signifi-
cantly different from one another. All statistical tests were performed
inR (v.4.2.1).

Reporting summary
Furtherinformation onresearch designisavailablein the Nature Port-
folio Reporting Summary linked to this article.

Data availability

All data for analyses are available at a permanent Zenodo repository
(https://doi.org/10.5281/zenod0.10070514). Source dataare provided
with this paper.


https://doi.org/10.5281/zenodo.10070514

Code availability

All code for analyses is available at a permanent Zenodo repository
(https://doi.org/10.5281/zenod0.10070514).
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