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POPULATION, COMMUNITY, AND ECOSYSTEM VARIATES AS
ECOLOGICAL INDICATORS: PHYTOPLANKTON RESPONSES TO

WHOLE-LAKE ENRICHMENT

KaTHRYN L. COTTINGHAM' AND STEPHEN R. CARFENTER

Center for Limnology, University af Wisconsin, Madison, Wisconsin 53706 USA

Abstract. We quantified the reliability of phytoplankton population, community, and
ecasystem variates as indicators of whole-lake enrichment. Variates with high sensitivity
to perturbation and low background variability were assumed to be more reliable indicators
than variates with low sensitivity or high variability. Our data set included weekly data in
four lakes (three manipulated and one reference) during twao pretreatment summers and two
summers of enrichment. We determined background variability by evaluating change in
each variate from year to year in the reference lake throughout the experiment and in each
manipulated lake during the pretreatment period. We evaluated sensitivity to enrichment
using the frequency of departure from expected conditions for each variate during the period
of experimental enrichment. Using this information, we then {1) tested the expectation that
species populations are more reliable indicators of perturbation than ecosystem variates
(biomass, chlorophyll, and primary productivity), and (2) evaluated whether community
variates {genera, taxonomic divisions, allometric variates, and community diversity) were
reliable indicators of enrichment.

Contrary to expectations from other perturbations, phytoplankton species populatians
were less reliable indicators of enrichment than community and ecosystem variates. Chlo-
rophyll, species diversity, and species evenness were the most reliable indicators of en-
richment: each changed significantly only during the first year of enrichment and only in
the three enriched lakes. Simultaneous changes in multiple taxonomic divisions also sig-
naled enrichment very reliably. In contrast, the frequency of significant changes in species
populations differed little between the reference lake and the enriched lakes, even after
experimental enrichment. Changes in species were difficult to detect reliably due to high
background variability in all four lakes: most taxa were not present often enough during
a single year to assess reliably whether they had increased or decreased compared to the
previous years. Genera and allometric variates were also unreliable indicators due to high
variability and moderate sensitivity, respectively. Reliable indicators of phytoplankton re-
sponses to enrichment were very different from reliable indicators of animal responses to
toxic stressors, suggesting that it may be difficult to make generalizations regarding the
use of papulation, community, and ecosystem variates as indicators of a wide array of

perturbaticns.
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INTRODUCTION

Natural ecosystems are increasingly impacted by an-
thropogenic perturbations, including habitat loss and
degradation, chemical and organic pollution, exotic
species, and overharvesting. To assess the conse-
quences of these perturbations, ecologists and ecesys-
tem managers are attempting to develop effective pro-
grams for the rapid detection of ecosystem change fol-
lowing perturbation. Unfortunately, we lack the re-
sources to monitor all possible ecological parameters
in all ecosystems of concern. Therefore, we need ways
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to decide what to measure. One approach to selective
monitoring is to focus on a subset of variates (usually
called ““ecalogical indicators®’) that describe ecosystem
conditions, allow detection of change in those condi-
tions, and point to the possible causes of observed
change (Thaornton et al. 1993). This paper describes a
methad for systematic evaluation of a large number of
candidate indicators, then applies this method to a case
study: responses of freshwater phytoplankton to nutri-
ent enrichment.

Reliable ecological indicators will share a number
of common properties {e.g., Noss 1990, Bernstein
1992, McCormick and Cairns 1994). For example, in-
dicators should minimize both false positives (signal-
ing a response when in fact there has not been a per-
turbation) and false negatives (failing to signal a re-
sponse when a perturbation has occurred) (Caijrns et al.
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1993, McCormick and Cairns 1994). Indicators also
need to balance sensitivity to perturbation with low
natural variability (Kelly and Harwell 1990). Sensitiv-
ity ensures that the effects of perturbation are detected
quickly and at low levels of perturbation, while low
variability ensures that there is a suitable baseline
against which the effects of perturbation can be eval-
vated; these two properties could be mutually exclusive
{Frost et al. 1992}, Finally, indicatars should be mea-
surable consistently across time and space (Noss 1990).
Suppositions about the kinds of varjates that might fit
these descriptions abound (see e.g., McKenzie et al.
1992}, but few have been tested experimentally.

In aguatic ecosystems, species populations tend to
be more sensitive te perturbation than aggregate prop-
erties such as total biomass, productivity, and nutrient
eycling (Gdum 1985, Schindler 1990, 1996, Howarth
1991}. Evidence to support this generalization comes
primarily from studies of acidification and toxic con-
taminants. For example, zooplankton biomass changes
little with acidification, despite large changes in com-
munity composition (Schindler et al. 1985, Frost et al.
1995). Howarth (1991) found no studies in which
changes in ecosystem function were observed without
changes in population and community structure, al-
though he did identify a number of studies in which
community composition changed without an accom-
panying shift in function. Because of this apparently
greater sensitivity, species populations are generally
expected to be more reliable ecological indicators than
ecasystem variates (Noss 1990, Rapport 1990, Schin-
dler 1990, Vitousek 1990},

The lower sensitivity of biomass and functional var-
iates is often attributed to complementarity among
functionally similar species within a trophic level
(Schindler 1990, Frost et al. 1995), When sensitive
species are lost, others with similar functional roles
may increase, thereby buffering aggregated variates
from change (Frost et al. 1995). Changes in species
composition therefere tend to be more readily apparent
than changes in more aggregated variables. For the
purposes of this paper, we refer to these aggregated
properties as “ecosystem’ variates; examples include
the total biomass of organisms at a particular trophic
level as well as functional variates such as primary and
secondary productivity or nutrient cycling (e.g., nutri-
ent turnover rates, nitrogen fixation, and sulfate re-
duction).

Unfortunately, high sensitivity to perturbation does
not necessarily imply that a particular variate is a re-
liable ecological indicator. For example, although spe-
cies populations may be more sensitive to perturbation
than ecosystem variates, they also can be quite variable
{Frost et al. 1992). In fact, population variates are nated
for high statistical variance as well as variability in
presence and/or absence across time and space (Bern-
stein and Zalinskl 1986, McCormick and Cairns 1994).
Furthermore, if only a subset of populations can be
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monitored, how does one choase from among the can-
didates? It is difficult, if not impessible, to predict
which species are going to be ecalogically important
after perturbation {e.g., Schindler et al. 1985, Soranno
et al. 1993, Schindler 1996), particularly if the type of
perturbation is not known in advance. Therefore, a sub-
set of species chosen now is unlikely to give adequate
information ahout response to an unknown future per-
turbation.

If populations are too variable and ecosystem vari-
ates are too insensitive to be reliable ecological indi-
cators, then we need to identify alternative indicators
that better balance sensitivity and variability. Com-
munity variates that incorparate information from mul-
tiple populations, yet retain some information about
population identity, could be more reliable indicators
than either species populations or ecosystem variates
(Bernstein and Smith 1986, Frost et al. 1992, Cairns
etal. 1993, McCormick and Cairns 1994). For example,
taxonomic categories at levels higher than species (Sul-
livan and Carpenter 1982, Herman and Heip 1988, War-
wick 1988, Keough and Quinn 1991), allometric or
size-based groupings (Sprules 1984), guilds (Cranston
1990, Smith and Simpson 1992), and diversity prop-
erties such as species diversity, richness, and evenness
(Odum 1985, Rapport et al. 1985, Caswell and Wein-
berg 1986) have all been proposed as possible indi-
cators of ecosystem perturbation. However, few of
these community-level candidates have been compared
to population or ecosystem variates within a single data
set using a rigorous quantitative approach.

In this study, we determine whether population (spe-
cies), community {genera, divisions; size classes, size
spectra, average size; diversity, richness, evenness) and
ecosystem {primary productivity, total chlorophyll, to-
tal biomass) variates are reliable indicators of phyto-
plankton responses to deliberate experimental enrich-
ment. OQur data set includes weekly data from four lakes
(three enriched and one reference systern) during two
summers of pretreatment sampling and two summers
of enrichment. We used dynamic linear models (West
and Harrison 1989, Pole et al. 1994) to evaluate the
background variability and sensitivity to enrichment of
each variate at the time scale of a summer. We deter-
mined background variability by evaluating change in
each variate from year to year in the unmanipulated
reference lake throughout the experiment, and in each
manipulated lake during the pretreatment period. We
determined sensitivity from the frequency of departure
from expected conditions for each variate during the
period of experimental enrichment. Using this infor-
mation, we (1) tested the expectation that species pop-
ulations are more reliable indicators of perturbation
than ecosystem variates, and (2) evaluated which com-
munity variates are reliable indicators of enrichment.
Qur results demonstrate that reliable indicators of phy-
toplankton responses to enrichment are very different
from reliable indicators of animal responses to toxic
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Qualitative assessment of zooplanktivory and dominant zooplankton and phytoplankton taxa in each lake in each

year of the experiment, extracted from Carpenter et al. (1994), Cottingham {199&), and Carpenter et al. {unpublished data).

Lake Year Planktivary Dominant zooplankton Dominant phytoplankton
Paul 1991  low Holopedium gibberum, Skistodiaptomouns chrysophytes, chlorophytes
oregonensis, Daphnia pulex
1992 low nauplii, 8. aregonensis, H. gibberum, chrysaphytes, chlorophytes
Cyclops varicans rubellus, Orthocy-
clops modestus
1993  maoderatet nauplii, 5. oregonensis, H. gibberum, chrysaphytes, cyanobacteria
Basming longirasiris
1994 low nauplii, D pulex, O. modestus, H. gib-  chrysophytes, chlorophytes
berum
Pater 1991 high Asplanchna chrysophytes, chlorophytes,
dinoflagellates
1992  high Asplanchna, C. varicons rubelius, nau-  chrysophytes, dinoflagellates
plii
1993  high Asplanchna cyanabacteria, chlorophytes
1994 high until midsummer,  Daphaia rosea, Diacyclops thomasi, B.  chlorophytes, cyanobacteria
then lowd longirasiris, Asplanchna
West Long 1991  low D. pulex, Asplanchna, D. rosea chrysophytes, chloraphytes,
cryptophytes
1992 low D pulex, Asplanchuna, Q. modestus chrysophytes, dinoflagellates
1993 low D. rasea, D. pulex cyanobacteria, cryptophytes,
chlorophytes
1994 law D. rosea, D. pulex cyanohacteria
East Lang 1991 high Asplanchna chrysaphytes, dinoflagellates
1992 moderate through mid-  Asplanchna, D. pulex chrysophytes, dinoflagellates
summer; then lowd
1993 low D. rosea, Asplanchna, D. pulex cryptophytes, chrysophytes,
dinoflagellates
1994 low D. rosea, D. pulex chlorophytes, cryptophytes

1 Due to a large cohort of young-af-year largemouth bass; see Past et al. {1997) for details.

¥ There was a midsummer fish kill of the dominant planktivores; see Schindler et al. {1997) for more information.

§ Golden shiners stocked into this lake in May 1991 to increase zooplanktivary did not survive into their secand year,
probably due to low pH. This lake was essentially fishless beginming in late 1992 (Christensen et al. 1996).

stressors. This suggests that it may be difficult to make
general statements regarding the use of population,
community, and ecosystem variates as indicators of a
wide array of perturbations.

METHODS
Whole-lake experiments

Paul, Peter, West Long, and East Long lakes (Go-
gebic County, Michigan, USA: 89°32" W, 46°13' N)
are small, stratified, seepage systems that were studied
intensively from 1991-1994 as part of an experiment
evaluating the role of food web structure in lake re-
sponse to increased nutrient loading. Lake character-
istics, experimental design and execution, and re-
sponses to manipulation are described in detail else-
where (e.g., Carpenter et al. 1996, Christensen et al,
1996, Cottingham 1996), a brief summary of the food
web structure for each lake in each year appears in
Table 1. This paper focuses on epilimnetic phytoplank-
ton as indicators of nutrient enrichment.

During 1991 and 1992, each lake was monitored un-
der baseline nutrient conditions (P loading rates of
~{0.1-0.2 g per liter of epilimnion per day). In 1993
and 1994, Peter, West Long, and East Long lakes were
enriched with liquid fertilizer from late May through
early September. The fertilizer, which contained PO,

NH,, and NO, at an N:P ratio of 25:1 by atams (Car-
penter et al. 1996), was added at identical target loading
rates for each lake. Realized loading rates were, how-
ever, slightly different among lakes. In 1993, the av-
etage daily loading rates of phosphorus were 1.2
pg-L-t-d-!in Peter Lake, 1.4 pg-L-'-d-! in West Long
Lake, and 1.3 pg-L-'-d-! in East Long Lake. In 1994,
rates were slightly lower, averaging 0.7 pg-L-'-d-! in
Peter Lake and 0.9 pg-L.-'.d~' in West and East Long
lakes {Carpenter et al. 1996).

Limnological analyses

Sampling methads for Paul, Peter, and Long lakes
have been thoroughly described elsewhere (Carpenter
and Kitchell 1993, Voichick and LeBoutan 1994) and
are recounted only briefly here. Each year during the
period of summer stratification (approximately mid-
May to mid-September), we sampled each lake weekly
at a central station. In the field, we recarded temper-
ature, oxygen, and light profiles, and took epilimnetic
water samples at 100%, 50%, and 25% of surface ir-
radiance using a van Dorn sampler. We then analyzed
water samples for chlerephyll and primary preductiv-
ity, as well as phytoplankton species composition. All
variates were measured weekly except for primary pro-
ductivity, which was measured monthly in 1991 and
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1992 and biweekly (once every two weeks) in 1993
and 1994,

Primary productivity (PPR) and chlorophyll ¢ were
measured for each of the three water samples. PPR was
measured using replicate estimates of in situ *C fixa-
tion {(Vollenweider 1974). Two 125 mL light baottles
and a DCMU (dichlorophenol dimethylurea) control
bottle were incubated with 185 kBq of NaH"“CQ, at
each depth from 1000 ta 1600 h. After incubation, phy-
toplankton were collected on glass-fiber filters, rinsed
with 1 mol/L HCI, and dried overnight before liquid
scintillation counting. Total chlorophyll ¢ was mea-
sured fluorometrically after filtering water through
glass-fiber flters, freezing the flters in the dark, and
extraction in methanol (Marker et al. 1980). Means of
the three water samples were used for all chlorophyll
and PPR analyses included in this paper.

Samples for microscopic analysis of epilimnetic phy-
toplankton were pooled from the three van Dorn casts,
preserved in glutaraldehyde, mounted in methacrylic
resin, and enumerated and measured (St. Amand 1990,
Cottingham 1996). Organisms were identified to spe-
cies as much as possible. For each sample, the mean
greatest axial linear dimension (GALD), mean indi-
vidual biovolume (protoplasm exclusive of loricae and
sheaths, determined by geometric formulae), and total
concentration of each taxon were determined (Sc
Amand 1990). Biovolume (cubic micrometers per mil-
liliter) was converted to biomass (milligrams per liter)
assuming a specific gravity of 1.Q. Information on mean
GALD and total biomass of each phytoplankton taxon
was then used to estimate other variates describing phy-
toplankton community structure.

Assembly of data sets for analysis

Prior to analysis with dynamic linear models (DLM),
time series for each variate in each lake were compiled
into a master database of standard length and format.
All time series were truncated to a maximum of 16
samples per year at 1-wk intervals from 15 May to 7
September (64 total ohservations). For variates sam-
pled at biweekly or monthly intervals {i.e., PPR), a
certain number of weeks were missing, but this was
easily handled by the DLM (see Methods: Dynamic
linear models).

Species-level information was then aggregated in
different ways to determine the other community and
ecosystem variates; only chlorophyll and PPR were not
determined from the cell counts (Table 2). For example,
ta obtain data on higher taxonomic categories, we ag-
gregated species into genera and divisions (cyanobac-
teria, chlorophytes, cryptomonads, dinoflagellates, and
chrysophytes; diatoms and euglenoids were rare
throughout this study and were not analyzed at this
level of taxonomic resclution). We quantified size
structure by (1) aggregating species by size into small
(<230 pm) vs. large (=30 pm) size classes, (2) cal-
culating the biomass-weighted average GALD (Elser
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TagLE 2. List of variates by category.

No.
vari-
Category ates List of variates
Papulation
Speciest 145 includes 81-107 species
per lake
Community

[} Taxonomic
Geperat 107
Divisions 5

includes 67-81 genera per lake

cyanohacteria

chlorophytes

eryptornonads

chrysaphytes

dinoflagellates

biomass <30 pm

biomass =30 pm

slope for size spectrunt

mean square error for size spee-
trum

hioniass-weighted average
GALD

species richness

Shannon-Wiener species diversity

Shannon-Wigner species evenness

1) Allometric 5

3) Diversity 3

tota] biomass
tatal chlorophyll
primary productivity

Ecosystem 3

T Only species that could be uniquely identified were in-
cluded in this analysis; organisms identified only to genus or
ta a higher taxonomic categary were not included.

1 Only genera that could be uniquely ideatified were in-
cluded; organisms classified to higher taxonamic categories
were not included.

et al. 1986), and (3) fitting linear regressions to nor-
malized biomass size spectra (e.g., Ahrens and Peters
1991, Cottingham 1996, we used the slope and residunal
mean square error of the regressions here). We also
calculated three indices of community diversity: spe-
cies richness (number of species present in each sam-
ple), Shannon-Wiener species diversity ('), and even-
ness {(Pielou 1977). Finally, we summed the biomass
of all species as an estimate of total phytoplankton
biomass based on microscopic cell counts.

Species, genera, divisions, size classes, and total bio-
mass required logarithmic transformation to improve
model fit. Because zeros cause problems during log
transformation, we replaced all zeros with 1074, the
lowest recorded biomass for any taxon, prior to taking
the base 10 logarithm. Transformation enhanced our
ability to detect decreases in particular variates follow-
ing enrichment, but had little effect on the detection
of increases. This substitution was rarely used for di-
visions, size classes, and total biomass. However, it
was often used for species and genera, many of which
were missing from >50% of the samples. Other vari-
ates (primary productivity, total chlorophyll, species
diversity, richness, evenness, biomass-weighted aver-
age GALD, and the surnmary statistics for size spectra)
were untransformed, and analyses were performed in
the units in which the data were recorded.
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Dynamic linear models

At present, there are many statistical methods for
detecting changes following perturbation (Stow et al,
1998). Time series analysis works well when there are
long-term records extending both before and after the
perturbation. Although most ecological time series
work has used autoregressive integrated moving-av-
erage (ARIMA) models (Box et al. 1994}, ecological
data may not meet the assumptions of these models.
For example, ecological time series may be nonsta-
tionary, sampled at irregular intervals, contain missing
values, or contain outliers and rare events that have
great influence on model structure and parameter val-
nes. A less restrictive and more flexible approach is
needed for broadscale, comparative analyses of the re-
sponses of many different variates in multiple ecosys-
tems.

We assessed trends and events using dynamic linear
models (DLM; West and Harrison 1989, Pole et al.
1994}, which have recently been introduced as tools
for studying phytoplankton ecology (Soudant et al.
1997). We used DLM fit to premanipulation data to
estimate the probability distribution (mean, variance}
expected in the absence of perturbation, then compared
postmanipulation data to this expected distribution to
check for manipulation effects. DLM easily handle
missing values and unequally spaced data, and the in-
fluence of outliers and rare events can be minimized.
Thus, DLM overcome sotne key difficulties of ARIMA
models for ecological data.

DLM are distinct from the more familiar general
linear models (GLM) in two ways (Ljung 1987, West
and Harrison 1989, Pale et al. 1994). First, they ex-
plicitly account for structure contained within a time
series due ta the ordering of the data points: the ob-
servations are given and analyzed in a specific se-
quence ¥, ¥,, ..., ¥, Second, parameters are dynamic
and time ordered, changing through time as the system
changes. There are two equations for each DLM: an
observation equation relating observations to param-
eters, and a system equation deseribing the evolution
of parameters through time. We used the simplest pos-
sible DLM, one parameter () for the level of the series.
Preliminary analyses showed that more sophisticated
models were overparameterized and ill-fitting. The
equations were as follows:

Y, =+ v, ~ N[0, V] Q)

"LJ = }"La—[ + (l.l! (L] n, |[0 w] (2)

The abservation Eq. 1 equates the observation at time
t(¥) with the model state parameter (the level, u} plus
a stochastic error term v, called the observation vari-
ance. The observation variance is normally distributed
with zero mean and variance V.. The system evolution
Eq. 2 describes the evolution of the state parameter or
level through time; the evolution variance has a Student
¢t distribution with mode 0 and scale matrix W, The
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v
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\

Posterior
Belief

Discaunting

Fta. L. Schematic showing how dynamic linear models
(DLM) are estimated, with emphasis on how Bayesian learn-
ing is incorparated into the estimation procedure {modified
fram Lamon et al. [1998], with permission).

error terms v, and o, are assumed to be temporally and
mutually independent (Pole et al. 1994). We used
Bayesian learning to estimate ., and V, (West and Har-
rison 1989, Pole et al. 1994). W, and some aspects of
V. were incorporated into the estimation process
through discount facters, &, and &,, which were deter-
mined separately for each time series (Pole et al. 1994,
Appendix).

Moadel fitting consisted of an iterative cycle of steps
for each time period (Fig. 1A; Pole et al. 1994). First,
we calculated the prior probability for the parameters
at time ¢ using the system evolution equation and the
posterior parameter distribution for time ¢ — 1. Second,
we made a one-step-ahead forecast for the observation
Y, using the observation equation and the prior for time
t. Third, we compared the one-step-ahead forecast for
time ¢ to the ohservation for time ¢ using a likelihood
function. Finally, we used Bayes’ theorem to determine
the posterior parameter distribution from the prior and
the likelihood. For each new observation, the cycle of
posterior to priot to one-step-ahead forecast to likeli-
hood to posterior was repeated. When desired, predic-
tions for more than ane step ahead (i.e., & steps ahead,
where k& = 1) were made just after the posterior dis-
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Fig. 2. Schematic showing how we used dynamic linear models (DLM) to evaluate the background variability and
sensitivity to enrichment for each variate in each lake. The sample data are total phytoplankton biomass in West Long Lake,
we compared aobservations (X} with DLM predictions (middle, straight line) and 90% high posterior density (HPD) intervals

{outer, dashed lines).

tribution was determined, Missing values were handled
by skipping steps 2 and 3, then setting the posterior
mean (the level) equal to the prior mean and the pos-
terior variance to the prior variance plus a small amount
of additional uncertainty (discounting; Fig. 1B). Equa-
tions for each step of the analysis are described fully
elsewhere (West and Harrison 1989, Pole et al. 1994).
A summary appears in the Appendix.

All DLM were fit using original software developed
within the Matlab programming environment (Ljung
1991) by KLC and cross calibrated to commercial soft-
ware (BATS: Pole et al. 1994). This software allowed
autamated fits of the nearly 50000 (4 lakes X 45 dis-
count factors x 270 variates) DLM analyzed for this

paper.

Use of DLM to detecr changes in
phytoplankion time series

Changes in each phytoplankton variate were assessed
by a sequential process of fitting a DLM to some of
the data, making predictions for the next year of the
series, and then continuing to fit the model (Fig. 2).
After the full DLM was fit, observations were com-
pared to the predictions for each year. This procedure
is outlined below:

1) We fit a DLM rto the data from 1991 and the first
sample from 1992 (Fig. 2A) using the mean and vari-
ance of data from 1991 as the initial prior probabilities
for the level mean and variance. We then forecast the
level and 90% highest posterior density (HPD) inter-
vals for the rest of 1992 in order to compare the actual
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results in 1992 with our expectations based on prior
information. This analysis indicated potential back-
ground rates of change in all four lakes prior to en-
richment. Bayesian HPD intervals correspond to many
people's intuitive (but incorrect) interpretation of con-
fidence intervals in frequentist statistics (Box and Tiac
1992). That is, HPD intervals represent the range of
values in which 90% of the distribution lies. Because
of discounting, the HPD intervals grow through time
as forecasts are made further and further into the future.
In the results, we refer to these intervals as the “*pre-
dictien limits.”

2) We continued ficting the DLM to the data from
step 1, adding all data from 1992, plus the first sample
from May 1993, which was taken prior to the beginning
of experimental fertilization (Fig. 2B). We then forecast
the level and 90% highest posterior density (HPD) in-
tervals for the rest of 1993, For Peter, West Long, and
East Lang lakes, this generated a nominal state for what
might have happened had we not added nutrients to
these systems; differences from this state could indicate
responses ta the onset of experimental enrichment. For
Paul Lake, this was another opportunity to evaluate
background variability.

3) We continued ficting the DLM from step 2, adding
all data from 1993 plus the first sample from May 1994,
which was taken prior to the beginning of enrichment
(Fig. 2C). We then forecast the level and 30% HPD
interval for the rest of 1994. This allowed us to deter-
mine which variates showed delayed or continuing re-
sponses to experimental enrichment in Peter, West
Long, and East Long lakes.

4) We finished fitting the DLM by adding data from
1994 to the model from step 3. We then evaluated mod-
el it using the cumulative predictive density {(CPD,
described in the Appendix), plus standard methods for
analyzing residuals: normal probability plots, mean ab-
solute deviation, mean square error, and correlations
between one-step-ahead predictions and observations.

Analysis of DLM owutput

After all dynamic linear models were fit, we com-
pared the predictions for each variate to the observa-
tions from 1992, 1993, and 1994, and determined
whether that variate had changed significantly in each
vear (Fig. 2D). To do this, we calculated the percent
of observations that fell either above or below the 90%
HPD interval around the predicticns made at the be-
ginning of each year. The more observations outside
the 90% HPD intervals {prediction limits}, the maore
evidence that a particular variate changed in a partic-
ular year.

There were four basic patterns of response: {1) no
observations outside the prediction limits, and thus no
change in that variate in that year (Fig. 3A); (2) a few
observations outside the prediction limits, but probably
not enough to infer that there was significant change
from expectations (Fig. 3B}, {(3) many observations
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above the prediction limits, suggesting an increase dur-
ing that year {Fig. 3C); and (4) many observations be-
low the prediction limits, suggesting a decrease during
that year {Fig. 3D). To separate case 2 from cases 3
and 4, we defined an ecologically significant change as
one for which 220% of the gbservations were outside
of the prediction limits. We would expect 10% of the
observations to differ from the prediction limits by
chance {because they are 90% HPD intervals), so this
cuteff balances the need to minimize both false positive
and false negative results. Qualitative results were ro-
bust to *10% changes in this cutoff.

In evaluating whether a particular variate was a re-
liable indicator of nutrient enrichment, we tested for
two conditions. First, that the variate changed signif-
icantly in all three enriched lakes in 1993; this would
show that the variate was consistently sensitive to the
onset of experimental enrichment and reduce the like-
lihood of ““false negative" results. Second, that the
variate did not change significantly in Paul Lake at any
time or in Peter, West Long, or East Long lakes in 1992;
this would show that background rates of change were
low and reduce the likelihood of “‘false positive™ re-
sults. Variates which were sensitive to enrichment in
only one or two of the enriched lakes or which changed
significantly in 1994 were considered less reliable in-
dicators because of their lack of consistency or tardi-
ness 1n responding to the experimental perturbation.

RESULTS
Model fit and choice of discount factors

A one-parameter DLM was a suitable description of
seasonal and interannual dynamics for most variates.
Depending on the discount factars for the evolution
and observation variance, the level parameter tracked
the dynamics of each series either slowly (8, and 3§,
nearer 1) or quickly (&, and &, nearer 0.8 or 0.9, re-
spectively) (Fig. 4A). The discount factors &, and &,
for each variate in each lake were selected hased on
the cumulative predictive density (CPD} of the one-
step-ahead forecasts. The shape of the surface tracing
CPD vs. 8, and §, and hence the optimal value for
these parameters, varied considerably among lakes
(Fig. 4B-E) and types of variates (not shown}. The
optimal &, was 0.99 for 54% of the variates, between
(0.825 and 0.975 for 14%, and 0.8 for the remaining
32%. The optimal 8, was 0.99 for 15% of the variates,
between 0.925 and 0.975 for 2%, and 0.9 for the re-
maining 83%. All further results are based on the op-
timal 3, and &, for each time series,

Given the optimal &, and §,, observations during
unmanipulated lake-years generally fell within the 90%
HPT) intervals around the level. One-step-ahead pre-
dictions were pasitively correlated with observations
for all variates {Table 3); correlations tended to be high-
er for community and ecosystem variates than for pop-
ulation variates. Residuals from these one-step-ahead
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Biomass-weighted average phytoplanktan size, East Lang Lake:; (B} Achnantiies, Paul Lake, {C) Anabaena, West Long Lake;

{D) Shannon-Wiener species diversity, Peter Lake.

predictions were normally distributed for many, but not
all, variates. Skewed residuals occurred for variates
that were mostly within one narrow range of values,
but had occasional outbreaks or bloom-type behavior;
this pattern was most commeon for rare species and
genera,

Background variability and sensitivity fto enrichmeni
of population, community, and ecosystem variates

Most species had high background variability and
did not change significantly with enrichment (Fig. 5A,
Table 4). On average, only one-third of the species were
present in a sufficient number of samples {>20%) to
register as having changed significantly from one year
to the next. As a result, few species changed signifi-
cantly within any particular year of the experiment.

Neither the number nor the proportion of species that
shawed significant change fram one year to the next
increased after enrichment in the enriched lakes. In
fact, there was little difference between the enriched
and reference lakes in the number of taxa which
changed significantly from year to year.

Nevertheless, several species did change signifi-
cantly following experimental enrichment (Fig. SA, Ta-
ble 4). Some increased considerably in only one of the
enriched lakes (e.g., Anabaena flos-agquae and A. ma-
crospora in West Long, Monoraphidium capricornu-
tum and four species of Staurastrum in Peter, and Schi-
zochlamys compacta and Cystomonas starri in East
Long), while others changed in two of the three en-
riched lakes, including Dictyosphaerium pulchelium,
Gymnodinium sp. 1, Selenastrin minutum, Sphaero-
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than the model with &, = 8, = 0.99 (for West Long Lake only). {B-E) Cumulative predictive density {CPD} at each value
of &, and &, in each lake: {B) Paul Lake, {C) Peter Lake, (D} West Lang Lake, {E} East Lang Lake.

TaBLE 3. Pearson product-inoment correlations between ah-
served values and ane-step-ahead model predictions for
each type of variate. The data are far all four lakes poaled;
differences among lakes were small,

Variate type Mean * | sE IS
Papulation
Species 0.212 = 0.015 292
Cammunity
Taxaonomie
Genera 0.231 = 0.019 182
Divisions 0.454 + 0.055 20
Allometric g.361 + 0.046 20
Diversity 0.529 + 0.043 12
Ecagystem
Total biomass/chlarophyll 0.473 * 0.106 8
Primary produetivity 1.508 = 0.055 4

cystis schroereri, and Tellingia granulata. However,
only one species, Scenedesmus denticularus, changed
significantly in all three enriched lakes but pot in the
unenriched control lake. Qverall, there were few con-
sistently responsive species, and the presence or ab-
sence of a particular species did not appear to be a
particularly reliable indicator of enrichment in these
lakes.

Like the species populations, phytoplankton genera
tended to be highly variable and only somewhat sen-
sitive to enrichment (Fig. 5B). On average, <<50% of
the genera were present in >20% of samples, meaning
that less than one-half of the genera could signal a
significant change from one year to the next. Few gen-
era changed significantly within any particular year of
the experiment, and the number of genera that changed
significantly from one year to the next did not increase
after enrichment (Fig. 5B). Some genera, however, did
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Fta. 5. Numbers af {A) species and (B) genera in each
response category in each lake in each year: each histogram
bar is subdivided to show taxa presentin =20% of the samples
and therefore not able ta register a sigpificant response; taxa
present in =20% of the samples, but with =20% of the sam-
ples autside the prediction limits; and taxa that showed sig-
nificant change (were present in =20% of the samples and
with =20% of the total number of samples outside the pre-
diction limits). Abhkreviations: L = Paul Lake, B = Peter
Lake, W = West Long Lake, and E = East Lang Lake.

change significantly following the onset of experimen-
tal enrichment, and the identities of these genera con-
veyed some information about enrichment (Table 5).
For example, Dictyasphaerium and Gymnodinium
changed significantly in all three enriched lakes.
Chroomonas, Cryptomonas, Scenedesmus, Schroeder-
ia, Sphaerocystis, and Teilingia increased in two of the
three enriched lakes, while Dinobryon and Ochromon-
as decreased in twa of the three lakes. Thus, although
the number of genera changing significantly from year
to year was not particularly sensitive ta enrichment,
there were a few individual taxa that were consistently
sensitive to our experimental perturbation.

Unlike species and genera, taxonomic divisions were
highly sensitive to experimental enrichment (Fig. 6).
All five divisions changed significantly in Peter and
West Long lakes in 1993, and four of the five changed
in East Long Lake. Cryptomonads increased and chry-
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sophytes and dinoflagellates declined in all three en-
riched lakes; chlorophytes and cyanobacteria inereased
in West Long and Peter lakes; and chlorophytes de-
clined in East Long Lake. However, this high sensitiv-
ity was offset somewhat by high background variabil-
ity, including significant ““false positive” changes in
non-enriched lake-years, as well as delayed responses
to enrichment in one or two taxa in each enriched lake
(Fig. 6). Change in three or more divisions was there-
fore a more reliable signal of enrichment than change
in a single division.

Although background variahility was lower for the
size-based variates than for taxonomic divisions, al-
lometric variates were also much less sensitive to en-
richment {Fig. 7). None of the five variates changed
significantly in all three enriched lakes during the first
year of enrichment, suggesting that size-based variates
could give “false negative’ results. The large size class
(=30 pm), slope of the normalized size spectrum, and
average GALD increased in two of the three enriched
lakes, while the small size class (=30 pm) and the
mean square error of the normalized size spectrum
changed in only one lake. Delayed responses were ob-
served for large phyteplankton in Peter Lake, slope of
the normalized size spectrum in West Lang Lake, and
mean square error in East Long Lake. Furthermore,
average GALD increased in 1994 in the reference lake.
Clearly, none of the five allometric variates met the
reliability criteria of high sensitivity and low hack-
ground variability in these lakes and at this temporal
scale.

In contrast, all three community diversity variates
were very sensitive to experimental enrichment, and
two of the three had low background variability (Fig.
8). Species diversity, evenness, and richness decreased
significantly in all three enriched lakes in 1993. How-
ever, species richness also declined significantly in Pe-
ter Lake in 1992 and increased in Peter and East Long
lakes in 1994, suggesting that background variability
was higher for species richness than for species diver-
sity and evenness.

The ecosystem variates were also highly sensitive to
enrichment (Fig. 8). Chlorophyll and primary produc-
tivity increased in all three enriched lakes in 1993,
while total biomass increased in Peter and West Long
lakes. However, primary productivity also increased
significantly in the unenriched cantrol lake in 1994,
suggesting that changes in factors other than nutrient
loading can cause changes in productivity. Therefare,
of the three ecosystem wvariates, only chlorophyll
showed both high sensitivity and low background vari-
ahility.

DiscUssIoN

Dynamic linear models

Dynamic linear models could be fit ¢o a1l of our time
series, whereas other time series approaches were in-
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TabLE 4. Significant changes in each species; *“+" indicates
samples were above the prediction Lhimits), “—" indicates a
present but did nat change significantly. Abbreviations: L =
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a significant increase in that lake in that year {=20% of the

significant decrease, and “x

indicates that the species was

Paul Lake, R = Peter Lake, W = West Long Lake, and E =

Division

Species name

1992

1923

1994

R W E L R

W

E L R W E

Cyanobacteria

Chlorophytes

Anabaena affinis
Anabaena aphanizomenoides
Anabaena circinealis
Anabaena flos-aquae
Anabaena laponica
Anabaena macraspore
Anabaena subcyelindrica
Anabaena variabelis
Aplranizomenon flos-aquae
Aphanocapsa elachista
Chroococcus dispersus
Chroococcus limneticus
Dactylococcapsis smithii
Gamphaosphaeria aponing
Gamphasphaeria lacustris
Lynghya contorta
Mevismapedia tenuissima
Micracystis aerugingsa
Microcystis incerta
Qscillaroria limnetica
Qscillatgria sp. 2

Actinastrion hantzschil
Ankistradesmus falcatus

Anlistradesmus falcatus v. mirabilis

Arthrodesmus incus
Arthrodesmus sp. 3
Arthrodesmus subulatus
Bofryacaccus breaunii
Carteria platyrhyncha
Characium Nmnelicum
Chiamydamonas dinobryoni
Chlamydomonas giobosa
Chlamydomendopsis curvata
Clasteriopsiz longizsima
Clasterium moniliferum
Casmarium lenue
Crucigenia fenestraia
Crucigenia quadrata
Crucigenia rectangularis
Cystamongs starvii
Dicivosphaerism pulcheliom
Elakarothrix gelaringsg
Eurastrum abraptum
Franceig droescheri
Glococystis ampla
Gloeacystis sp. |
Golenkinia radiata
Ganatozygon acileatim
Kirchneriella conrorta
Micractinim pusiliuom
Mononastix astigmeata
Manaraphidivm capricornutunt
Oacystis borger

ODacysiis parva

Qocystis sp. |

Oocystis sp. 2
Panfschulzia tenera
Pediastrien duplex
Pediastrim ierras
Quadrigula chodatti
Quadrigula lacustris
Seenedeginuy denticulafus
Scenedesmus quadricauda
Scenedesmus sp. |
Schizochlamys compacia
Schroedesta judayt
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Dhivision

Species name

1992

1994

Chlarophytes
{continued)

Cryptophytes

Dinaflagellates

Chrysophytes

DHatoms

Schroedaria setigra
Selenastrum minutum
Sphaergcystis scftroeter]
Staurastrum arcriscon
Staurastrum capitifum
Staurastrum cingulium
Staurastrum defjectim
Stertarastrum iolanim
Staurastrum megacanthum
Staurastrum natator
Staurastrum aphiura
Staurasrrum tefraceruin
Staurasirum ryssos
Teilingia granularg
Tetraedron minimum
Tetraedron plancronicum
Tetrastrum staurogeniaeforme

Chroomonas pulex
Crypromanas |
Crypromaias 1
Cryptomonas caudaia
Crypromonas ervasa
Crypramonas gvaia
Rhodomonas minuta

Ceratinm hirudinella
Glenadinium quadridens
Gymnodinium sp. 1
Gymaadinin sp. 2
Gymuadinium sp. 3
Paridinium cinctum
Peridinium wmbonatum
Peridinium wiscansinepnse

Chrysasphaerella longispina
Dinobryon bavarictun
Dinobryon cylindvicum
Dinobryon divergens
Dinobivon monads
Dinobryon sertularia
Dinobryon sociale
Dinabryon sp. 10
Dinobryon sp. L1
Dinabryon sp. 12
Dingbryon sp. 2

Dinabryon sp. 3

Dinobrvon sp. 4

Dinobryon sp. 6

Dinobryon sp. 7
Ellipsoidion pachydermum
Erkenia subaequiciliata
Kephyrion sp.
Kephyrion sp.
Kepfryrion sp.
Kephyrion sp.
Kephyrion sp.
Kephryion sp.
Kephyrion
Mallomonas acaroides
Mallamonas akrokomos
Mallomonas caudara
Mallomeonas sp. 3
Stichogloea olivacea
Synura sphagnicola
Synura spinosa

Synura uvellalsphagnicala
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Achnanrhes deflexa
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Cyclotella canunensis
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TasLE 4. Cantinued.
1992 1993 1994
Division Species name L R W E L R W E L R W E
Diatoms Cyinbella micracephala
{eantinued) Fragilaria construens %
Fragilaria crotonensis X
Navicula cruptocepiiala
Navicula sp. 1 X X X
Nitzschia acicularis % £ b 4 X X + X X
Nitzschia gracilis
Nitzschia perminuta X + x
Tabellaria fenestrata X X% S £ X X
QOthers Euglena acus

GOH._}‘OS TN senmen

appropriate for some of our data. DLM overcame many
of the problems with ARIMA models, including miss-
ing values, unequally spaced data, and the undue in-
fluence of outliers and rare events. DLM allowed us to
incorporate history, estimate nominal states for each
variate, and quantify uncertainty in these predictions.
Fits to phytoplankcon variates above the level of genus
were quite good and correspondence between one-step-
ahead predictions and ohservations was excellent. Like
ARIMA models, however, DLM could not describe the
extreme scasonal variations of many species and gen-
era.

Discount factors, 8, and 8,, differed widely among

these time series. For >80% of the variates examined,
the lowest discount factor for the evolution variance
(8, = 0.90) yielded the best model. For one-third of
the variates, the lowest discount factor for the obser-
vation variance (8, = 0.80) was selected. With these
low discount factors, the information value of each data
point is relatively laow, such that information from the
last two to five samples dominates model estimation
(Pole et al. 1994). This suggests that there was little
cantinuity in the phytoplankton community from week
to week, especially for species or genera. Continual
fuctuations in light, nutrients, and mixing rates make
the epilimnion a very volatile environment, and week-

West Long

anl Fjeter

1992
Cyanobacteria
Chiorophytes
Cryptomanads
Dinoflageliates
Chrysaphytes

[ | @ Decrease

BB Increase
[ Bath

I

East Long

1993
Cyancbacteriar
Chlarophytes
Cryptomonads
Dinoflagellates
Chrysophytes

1994 —
Cyanchbacteria
Chlorophytes
Cryptomonads
Dinoflagellates
Chrysophytes

F1
|
1

=i

0 20 40 60 80

0 20 40 60 80

0 20 40 60 80 0 20 40 60 80

Percentage of Samples Qutside Prediction Limits

FiG. 6.

Percentage of samples outside the predictiop limits for each taxonomic division in each lake during 1992, 1993,

and 1994. Filled bars indicate significant increases (=20% of samples above the prediction limits}, cross-hatched bars indicate
significant decreases (>>20% of samples below the prediction limits}, vertically lined bars indicate > 20% of samples above
prediction limits and >20% of samples below prediction limits, and open bars indicate nansignificant changes.
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Waest Long East Long

1992
Biomass 30 um
Biomass »>30 um ¢

Slope

Mean square error

Average GALD H

1993

Biomass =30 pm
Biomass >30 pm [
Slape +

Mean square error [
Average GALD |

1994

Biomass <30 ym
Biomass »30 um
Slope

Mean square error
Average GALD B
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Percentage of Samples Qutside Pradiction Limits

Fis. 7.

to-week variability in the phytoplankton community
reflects this. Gver longer time scales, though, there is
an extensive ecological memaory in the algal commu-
nity due to a sediment “‘seed bank’ of resting spores
and cysts (e.g., Sandgren 19885, Padisak 1992, Hans-
son 1993). Emergence from this seed bank contributes
to the rapid and variable appearance of species in the
epilimnion, but also ensures that a pool of species is
available for colonization should epilimnetic condi-
tions change dramatically within a relatively short time
petriod.

Population vs. ecosystem variates as
ecolagical indicators

One of the goals of this study was to test the ex-
pectation that species populations are more reliable in-
dicators of perturbaticn than ecosystern variates be-
cause functional complementarity buffers aggregated
variates from change (Odum 19835, Schindler 1990, Ho-
warth 1991, Frost et al. 1999). This expectation hinges
on two assumptions: (1) population variates are maore
sensitive to perturbation than ecosystem variates, and
(2) population variates have sufficiently low back-
ground variability to ensure that changes due to pet-
turhation can be detected. Our results do not suppaort
either of these assumptions.

Contrary to expectations from the perturbation lit-
erature {e.g., Odum 1985}, but consistent with limno-
logical understanding, phytoplankton ecosystem vari-
ates were very sensitive to enrichment. Chlorophyll,
total biomass, and primary praductivity increased con-

Percentage af samples outside the prediction limits for each allometric variate. Presentation 15 as in Fig. 6.

siderably following the onset of experimental enrich-
ment in Peter, West Long, and East Long lakes: mean
chlorophyll concentrations increased by a factor of 2.8~
4.7, total biomass by a factor of 3.7-8.2, and primary
productivity by a factor of 3.1-7.1. This result is very
similar to other whole-lake enrichments (e.g., Schindler
et al. 1971, 1973, Schindler 1974, Holmgren 1984} as
well as patterns observed following cultural eutrophi-
cation of lakes around the warld (Harper 1992, Thomp-
son and Rhee 1994). It is well established that phy-
toplankton chlorophyll, hiomass, and productivity
scale to phosphorus loading; Schindler (1988) showed
that these variates are proportional to P loading re-
gardless of other stressors, including acidification. In
fact, relationships between phytoplankton ecosystem
variates and P loading (e.g., Dillon and Rigler 1974,
Vollenweider 1976, Schindler et al. 1978) have been a
vital component of lake management strategies for =2
decades {Cooke et al. 1993).

Several other studies also helie the complete gen-
erality of the relative insensitivity of ecosystem vari-
ates. For example, although phytoplankten productivity
1s relatively resistant to acidification, benthic algal pro-
duction and production : respiraticn ratios wete very
sensitive to experimental acidification at the Experi-
mental Lakes Area (Turner et al. 1995, Schindler 1996).
In mesacosm experiments, low concentrations of atra-
zine, mercury, and other chemical stressors promoted
change in primary productivity, nutrient cycling, and
daily patterns of production and respiration (Pratt and
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TaBLE 5. Significant changes in each genus, ="' ndicates a significant increase in that lake in that year {=20% of the
indicates a significant decrease, and “'x*" indicates that the genus was
present but did not change significantly. Abbreviations: L. = Paul Lake, R = Peter Lake, W = West Long L.ake, and E =

samples were abhove the prediction limits),

East Long Lake.

fr_ 1

1992 1993 1994
Division Genus name L R W E L R W E

Cyanobacteria Anabaeana X + X i i X

Ancbaenopsis %

Aphanizomenon

Aphanocapsa + X X

Chroococcus X X

Dactviacoccopsis + X

Gomphosphaeria X X X X +

Lyngbye X X X

Mevismapedia X X b b4 b X X - X

Microcystis X

Nastar + X

Oscillatoria x X X X X X - X X
Chlaraphytes Actinasirum X X

Ankistradesmus X, + + - X X X k3 %

Arthradesmmns X X X X X + X

Bambusina k3

Borryococcus + X b b b3 X X

Carteria X X

Characium X X

Chilamydomonas + S X X x + X X

Chiamydomondopsis +

Clasteriapsis X

Clasteritom X

Caelastrint b3

Casmarinm +

Crucigenia X X % X X

Custamanas + + + +

Diciyosphaerium X X X % + +

Elakatarhvix X x x X X X X

Endorina X

Eurastrum X %

Fremeera X

Gloeocystis b3 X X X X

Golenkinia

Gonarozygon X

Kirehneriella + X, X

Laobomonas X X X X X X X X X

Micractinitm + X X

Manomasiix X + X X - X + X X

Monoraphidium + + b3 X

Margeoria X

Nephracytiam X

Qadagonium X

Oocystis X X X X X + + + b3

Pandarina X

Paulschulzia X X

Pediastrum X 4+ X

Ouadrigula + + * X x

Scenedesinus X + X X X X b3 + +

Schizochlamys b3 b3 +

Schraederia X X X + X X X

Selanastriom X X b3 X X + +

Sphaerocystis X X b3 + X X + + b3

Staurastium X, X X X + b3

Sticheococeus

Stigeacionium X

Teilingia X b3 X + +

Tetracysiis - X - +

Tetraedron X X X X X X

Tetrastrum b3

Llohrix X

Voluax X X X

Xanthidivn X X X X X
Cryptophytes Chrogmaonas X X X + +

Cryproingnas X X X + X X X X X

Rhadomonas + X X k3
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TabLE 5. Continued.
1992 1993 1994
Division Genus name L R W B L R W E L R W E

Dinoflagellates Caralium X X

Glenodinium X b3 X X X

Gymnodintun X X X + X - - + - X - -

Paridiniuin + X X b3 b3 - X X X + X X
Chrysophytes Chlaraocioster X X 4+

Chrysocapsa X

Chrysachramuling X %

Chrysacaccus X + X X X

Chiysolvkos + X X

Chrysosphaerella + + + X +

Diceras + X X X X X X X X X X

Dinabryan X X X X X - - X X b3 X X

Ellipsoidion X

Erkenia X X k3

Kephyrion X X X b3 X X - X X X

Mallomonas b3 X + X X X - X + k3 %

Ochromonas X X X X X - b3 - X b3 X +

Fsendoretraedron X

Srichogloea X X + - + + X

Svmerypra +

Svaura - X X X X + X X X X X X

Liroglena + x X X X X X X X X X ¥
Diatoms Achnanthes X X b3 b3

Amphiplenra

Asterignella X +

Cocconeis

Cyelateila ¥ X x

Cymbelin X

Fragflaria X X b3 x

Frustulia X

Gamphangmag %

Melasira

MNavicida X X b3 X b3 b3 + X X X

Mirzschia X x X X X X + X X

Pinpalaror X

Rhizolenia X % X

Stauraneis X

Tabellaria X X X b3 X b3 X
Others Euglena

Trachelomonas X X X b3 X X

Gonyostamum X + X X b3 %

Cairns 1996). Clearly, not all ecosystem variates are
robust to all perturbations.

In contrast to the high sensitivity to enrichment of
phytoplankton ecosystem variates, significant changes
were detected in few phytoplankton species. This can
be traced to high background variability: two-thirds of
the species were not present in enough samples to de-
termine whether they were significantly different from
expectations, and wide fluctuations in biomass from
week to week led to high forecast uncertainty and wide
prediction limits for the remaining one-third. Conse-
quently, only a handful of species changed significantly
in two or more enriched lakes. This suggests that sig-
nals at the population level were not particularly con-
sistent among lakes—and therefore, that in these lakes
and at this temporal scale, phytoplankton species were
not reliable indicators of enrichment. McCormick and
Cairns (1994) expressed similar reservations about the

use of phytoplankton population variates as ecological
indicators.

Thete are many passible explanations for why we
did not detect widespread changes in phytoplankton
species, including the particular kind of perturbation
examined, the organism chosen, and the time scale at
which our study was conducted. For example, we fo-
cused on an enrichment perturbation that maintained
N:P ratios at high, pre-manipulation levels. This is a
less severe perturbation than enrichment at low N:P
ratios, since phytoplankton communities respond to
both tatal nutrient supply and ratios of nutrients (e.g.,
Tilman et al. 1982). Low N:P ratios swing the com-
petitive advantage from eukaryotic algae with efficient
P uptake mechanisms to heteracystous cyanobacterial
species with the ability te fix atmospheric nitrogen
(Smith 1983). Judging from the results of whole-lake
enrichments at low N:P ratios (e.g., Persson et al. 1975,
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Holmgren 1984, Findlay et al. 1994}, phytoplankton
may respond very differently to additions of nutrients
at low vs. high N:P ratios. In Lake 227, for example,
responses to high N:P enrichment were very similar to
those documented for Peter, West Long, and East Long
lakes. However, when NP ratios were reduced, there
wag a pronounced shift towards nitrogen-fixing cyano-
bacteria with little change in biomass or productivity
(Findlay et al. 1994, Hendzel et al. 1994). Applying
the quantitative approach intreduced here to compa-
table data from a low N:P enrichment experiment
would be one way to quantify whether species popu-
lations are more sensitive to enrichment at low N:P
ratios than at high N:P ratios.

A second explanation for the insensitivity of species
population is our focus on phytoplankton rather than
zooplankton ar benthos. Much of the evidence for spe-
cies sensitivity to perturbation comes from animal pop-
ulations like zooplankton, benthos, or fish (Schindler
ct al. 1985, Howarth 1991, Frost et al. 1995, Pratt and
Calirps 1996). Species of zooplankton or benthas could
therefore be more reliable indicators of enrichment than
species of phytoplankton; we plan to test this possi-
bility in a future analysis.

Interestingly, fossils of siliceous phytoplankton spe-
cies are reliable indicators of environmental change at
paleoecological time scales (e.g., Dixit et al. 1992,
Smol 1992, Anderson 1993). For example, indicator
species and suites of species have been identified for
a number of large-scale anthropogenic disturbances,
including acidification (e.g., Charles et al. 1990), eu-

Percentage of samples outside the prediction limits for community diversity and ecosystem variates, Presentation

trophication (Anderson et al. 1990), changes in food
web structure (Leavitt et al. 1989), and climate shifts
(Smol et al. 1991). The difference berween our findings
and those of paleolimnological studies could be due to
our focus on dynamics within and among summers;
this is a very short temporal scale as compared to pa-
leolimnological investigations that look at changes in
samples that cover ~2- to 3-yr intervals over decades
to centuries {Smol 1992). The week-to-week oscilla-
tions in phytoplankton abundance that predominate in
our study are smoothed out in the sediment record. In
addition, surnmer taxa are supplemented by those that
occur in the fall, winter, and spring, providing a more
balanced perspective across an annual cyecle. Thus,
temporal scale may have an important effect on whether
phytoplankton species are consideted to be reliable in-
dicators.

Despite these caveats, it is clear that species popu-
lations are not necessarily more reliable indicators than
ecosystem variates n every ecosystem and for every
stress. This suggests that we need to be very careful
in making generalizations about indicators of ecosys-
tem responses to perturbation (Schindler 1996). Rather
than asking which are better, population or ecosystem
variates, we should focus on determining what kinds
of variates wark best under particular conditions, and
seek general patterns among systems and among stress-
es.

Community variates as ecological indicators

Community variates, including higher taxonomic en-
tities, allometric variates, and diversity properties, have
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been suggested as possible ecological indicators by a
number of researchers. There is published evidence to
support the use of each of the variates considered in
this paper as an ecolagical indicator. However, never
before have all of these different variates been com-
pared for the same data using the same quanfitative
approach. Thus, this study 1s a unique attempt to eval-
uate a wide variety of candidate indicators using a
quantitative approach. Qur results show that shifts in
multiple taxonomic divisions and declines in species
richness and evenness were reliable community-level
indicators of nutrient enrichment.

Phyteplankton genera were only slightly more reli-
able indicators of enrichment than species populations.
Patterns in the proportions of taxa that were sensitive
to enrichment were quite similar for species and genera,
although increases and decreases in several indicator
taxa were detected somewhat more readily at the genus
level. This suggests that little additional information is
gained when phytoplankton are identified to species
rather than genera.

In contrast, changes in phytoplankton taxonormic di-
visions, particularly concurrent changes in several di-
visions, were highly reliable indicators of enrichment
in these lakes. Changes at this level of taxonomic ag-
gregation have a long history as diagnostics of nutrient
enrichment {(e.g., Pearsall 1932, Nygaard 1949). We
therefore expected to detect changes in several taxo-
nomic divisions with enrichment, including increases
in cyanobacteria and chlorophytes at the expense of the
pre-enrichment dominants, chrysophytes and dinoflag-
ellates (Reynolds 1984, Harper 1992). Qur results sup-
poerted this expectation: all five taxonomic divisions
were sensitive to enrichment. However, background
variability was also relatively high, so that changes in
any one division were not particularly reliable signals
of enrichment. In contrast, changes in three or more
divisions were a very consistent signal of enrichment
in these lakes. The direction of change also carried
information about enrichment—for example, declines
in chrysophytes and dinoflagellates occurred in all
three enriched lakes (as well as in many lakes in the
literature; e.g., Pollingher 1988, Sandgren 1988a).

Because species identification is time-consuming
and requires specially trained taxonomists, it is worth-
while to know whether we even need to evaluate sam-
ples at the species level (Sullivan and Carpenter 1982,
Herman and Heip 1988, Warwick 1988). We do need
to identify organisms to a leve] where there i reliable
sensitivity to perturbation, but more aggregated taxo-
nomic categories may work equally well or better than
species. Warwick (1988) suggested that changes due
to anthropogenic perturbations were easier to detect for
taxonomic categories like genera, families, and orders,
because these taxa respond less to environmental vari-
ability than species. Our data support this pattern, par-
ticularly when phytoplankton are aggregated into di-
visions. Phytoplankton genera, though, gave similar re-
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sults as species. Therefore, identification te genus or
even to division could improve efficiency of phyto-
plankton monitoring without large sacrifices in the
amount of information obtained.

Size-bhased phytoplankton variates were less reliable
indicators of enrichment than taxonomic divisions.
Odum (1985) and Rapport et al. {1985} predicted that
perturbations should favor smaller organisms, but en-
richment tends to have the opposite effect, in that large
phytoplankion usually increase with enrichment (Ma-
lone 1980, Schindler 1990, 1996). We observed in-
creases in average phytoplankton size and the biomass
of large phytoplankton in Peter and West Long lakes,
as well as increases in the slope of the normalized size
spectrum in West Long and East Long Takes. All of
these changes indicate that large phytoplankton were
consistently more abundant after enrichment. Persistent
increases in small phytoplankton were detected only in
Peter Lake, supporting results of camparative studies
that on average, biomass of small phytoplankton may
not show sustained increases with enrichment {Watson
et al. 1992). Overall, though, no allometric variate was
sensitive ta enrichment n all three enriched lakes, sug-
gesting that changes in size structure may he difficult
ta detect with a single measure, particularly at a sum-
met time scale. Approaches which focus on shorter
term patterns or evaluating the source of shifts in size
structure (e.g., changes in community composition}
may therefore be more reliable diagnostics of enrich-
ment.

The utility of community diversity indices as eco-
logical indicators has been widely criticized (e.g., Sul-
livan and Carpenter 1982, Kecugh and Quinn 1991,
[gnatiades et al. 1992), but our results demonstrate that
some diversity indices can be reliable indicators of phy-
toplankton responses to experimental enrichment.
Qdum (1983) and Rapport et al. (1985) predicted that
species diversity declines, while dominance increases,
after perturbation. Because phytoplankton species rich-
ness declines with increased productivity (Schindler
1987), we also expected richness to decline with nu-
trient enrichment. We observed significant declines in
species diversity, richness, and evenness in Peter, West
Long, and East Long lakes in 1993. Like chlorophyll,
species diversity and evenness changed significantly
only in the enriched lakes and only in the first year of
enrichment, suggesting that these variates are very re-
liable indicators of enrichment. This result supports
Caswell and Weinberg (1986), who argued that com-
munity indices, especially species evenness and diver-
sity, have more power to detect changes than individual
populations. Species richness, though, had higher back-
ground variability, and in particular, showed evidence
of rapid adjustment to enriched conditions by increas-
ing in 1994 in Peter and East Long lakes. These in-
creases were due in part to several new species not
previously noted in these lakes, suggesting that im-
migration can be an important factor in stabilizing com-
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munity responses to perturbation. Species richness,
then, was not as reliable as an indicator as species
diversity and evenness.

One negative aspect of phytoplankton diversity in-
dices is the labor required to estimate them, particularly
in contrast to ecosystem variates such as chlorophyll
(Sullivan and Carpenter 1982). Determining diversity
and evenness requires the identification and enumer-
ation of all species in a particular sample. Community
diversity variates are therefore less viable candidates
for high intensity monitoring programs {e.g., daily or
subdaily time scales and/or multiple lakes), but the
information gathered in the process of calculating these
indices may be valuable for other reasons.

Recommendations for monitoring programs

Our results demonstrate that chlorophyll indicates
deliberate nutrient enrichment very reliably. Chloro-
phyll should therefore be a dependable indicater of
cultural eutrophication, the most widespread water
quality problem in lakes of the United States (National
Research Council 1992). Human fixation of nitrogen
and nitrogen runoff will also make eutrophication a
widespread problem of estuaries and coastal oceans for
the foreseeable future (Vitousek 1994). Chlorophyll
can be assayed rapidly and cheaply. Surface chloro-
phyll can be quantified by remote sensing (e.g., Lil-
lesand and Kiefer 1994, Richardson 1996). If a mon-
itoring or assessment program is intended solely to
detect eutrophication, then chlorophyll is probably the
optimal indicator. However, programs with broader ob-
jectives should consider a broader range of indicators.

For example, certain species-level data are indicative
of serious correlates of eutrophication—blooms of po-
tentially toxic blue-green algae in freshwater and di-
noflagellates in marine systerns (Paer] 1988). Sampling
focused on these taxa is necessary to document these
problems.

Species-level data appear to be reliable indicators of
toxic chemical stress (Schindler 1990, Howarth 1991,
Frost et al. 1995). Acid depaosition, toxic metals, and
organic toxins are commen stressors of aquatic systems
(National Research Council 1992}, Monitoring pro-
grams intended to detect toxic stress should therefore
consider raxon-specific indicators, probably zooplank-
ton, benthos, or fish, rather than phytoplankton.

Community properties such as species diversity and
richness may be related to ecosystem recovery from
stress (Tilrman and Downing 1994, Tilman 19986) or the
capacity to recover from repeated stresses {Mooney et
al. 1995). Qur data demonstrate the utility of species
diversity and evenness, but not species richness, as
indicators. All species must be enumerated to calculate
these indices. However, our data do not show that di-
versity indices provide information about eutrophica-
tion beyond that provided by simpler measurements
such as chlorophyll. The observation that ecosystem
function may depend on biodiversity {Johnson et al.
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1996} does not mean that diversity is necessarily a
useful indicator of ecosystem perturbation.

Like ather researchers, we conclude that no single
indicator of ecosystem status is sufficient (Cairns and
van der Schalie 1980, Kelly and Harwell 1990, Noss
1990, Rapport 1990). The choice of indicators for lake
monitoring programs will depend on the stresses one
wants to detect. However, it seems unlikely that com-
prehensive, species-level data on phytoplankton would
be needed for effective monitoring of lakes. Taxon-
specific studies can be targeted on species that are es-
pecially problematic (such as potentially toxic algae)
or are especially sensitive to toxins or food web change
(such as certain zooplankton species). An lmportant
generality that emerges from this study, and many oth-
ers, is that ecosystem stresses of lakes are usually not
subtle. Consequently, ecosystem stress can be docu-
mented effectively using relatively few selected indi-
cators.
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APPENDIX

The iterative analysis of the Dynamic Linear Model {Eqs.
| and 2}, variance estimation, and intervention algorithms is
summarized here.

{rerative analysis

At each time step, the DLM uses current information to
generate prior probabilities, then makes one-step-ahead fore-
casts and calculates pasterior prababilities (Fig. 1). Forecasts
for a longer time horizan of & steps can also be calculated.
Equations for each of these caleulations, presented below,
were adapted from Table 3.2 of Pole et al. {1994} with mod-
ifications for how we handled information discounting and
allowed the model to adapt to the onset of experimental en-
richment.

At time ¢ — 1, the current information (data D _ ) can be
summarized using the following two equations:

P(Mr-l | Dr—l) - far,.,[”lr—la CJ—I}
2., | D)~ Gln, /2, 4,.,12]. (A2)

In these equations, the natation pfAlB} indicates the proba-
bility of A given 8. These probabilities take a number of
different distributions, including normal {#), multivariate-r
(t), and gamma (&). In Eq. A.1, the leve] parameter ju,_, given
the data D, _, has a Student’s r distribution with »,_, degrees
af freedom, mode m,_| and scale marrix C,_,. In Eq. A.2, &,
15 used to estimate the observation variance V,, where ¢, =
Vil &, has a gamma distribution with parameters n,_/2 and
d,_ /2. The parameter # of the gamma distribution is also used
to paratreterize the ¢ distribution for the level parameter. We
learned about ¢, through information discounting {see Esti-
marting rhe variances, below). Initial values for ¢ were set to
| for all variates.

The prior probability for ., the level at the next time in-
terval £, 15 deseribed by

(A1)

POL I Do) =ty a0 R)] (A.3)
and the prior probability for &, is:
sl | D,y ~ GIBm,_ /2, B4, 2], (A4)

In Eq. A.3, the prior probability for p, is distributed as a
student ¢ distribution with &, degrees of freedom, mode
a4, = nt,_, and scale matrix R, = C,_f 5, 3, is the discount

factor for the observation variance. Therefare, the prior value
for the mode of the level parameter at time ¢ is the same as
the posterior for time ¢ — |, with the variance increased by
an amount 148, where d, is the discount factar far W, In Eq.
A4, the parameters of the gamma distribution far &, _, are
decreased by &, to create the prior distribution for time r.

One-step-ahead forecasts for time ¢ are calculated using
equation A.3:

P D)~ b, [ Q)

In this equation, f, = a,and §, = R, + 5,_. Thus, step-ahead
farecasts for the observatian ¥, are determined fram the priors
for time #a,, R,) and a measure of the obgervation variance,
S.-1,» which is the ratio of the gamma disteibution parameters
(da—lina—l)'

K-step-ahead forecasts (e.g., thase used to make predictions
for more than one-step-ahead, as for 2 whaole summer), are
caleulated as follows, assuming & = 1:

Bl | D)~ 1y 1 la k), BN
pYnl DY ~ o0 [f(R), Q).
In these equatians,

afk) = atk — 1)

(A5)

(A.6)

(ALT)

Ry = Rk — 1) + (CLl — &, W&,)

Sik) = k]
Q) = Rk) + 5,
a,(0] = m,

R0) = C,

Finally, atter calculating one-step-ahead and k-step-ahead
predictions, posteriar distributions far time ¢ are calculated
using equations A 8 and A.9:

g D)~ tlm, €
pl,| D) ~ G2, d,2].

In these equatians,

(A.8)
(A9)
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m, = m,_, + A.e

€, = (875, )[R, — AAG]

A, = RJQ,
e[ = Y[ - ﬁ‘.
w, = G.n,_, T |

d: = audx-l + Srvlerz"fQJ
S, = d/in,.

If the time series continues, analysis resumes at Eq. Al

Estimating the variances

In practice, the error variances V, and W, are unknown and
difficult to specify {West and Harrisan 1989, Pole et al. 1994).
Therefore, we used a pracess known as information discount-
ing to estimate V, and W, When making a farecast, infar-
matian frem two months ago is potentially less useful than
information from last week; discounting is a formal means
af describing this loss in the value of a particular data point
with the passage of time (Pole et al. 1994). Discaunting is
incorparated inta the DLM when calculating prior probabil-
ities ar making forecasts. If there is no additional information,
the prior variance at time ¢ is made larger than the pasterior
variance at time ¢ — I, simply due to the passage of time.
For example, in calculating the prior probability of the level
parameter p. at tme &

Viw D] = Ve, |D_] + W, {(A.10)

In Eq. A.10, W, represents the increment in variance over the
time step f. Information discounting increases the variance
hy a proportion h each time step:

Vi Doyl = (1 + 1) Vi, | D). (A1)
More usually, Equation A L[ is written as:
Vi Do) = 85 Vi | D)) (A.12)

where 8, = (1 + x)-L

A similar approach is used to increage the uncertainty in
estimates that involve V. In this case, thaugh, the discounting
accurs in the degrees of freedom in the ¢ distribution in the
prior for p, (e.g., Eq. A.3) and in the gamma distribution
parameters for &, {e.g., Eq. A.4).

The discount factors, 8,, and §,, can take values from 0 to
I {Pale et al. 1994: 21~23, West and Harrison [989). Low
discount factors allow rapid detection of changes in param-
eters but are sensitive ta noise, while high discount factors
reduce sensitivity to noise but may also slow a parameter’'s
ability ta adapt to change in the observations (Ljung [987;
see example in Fig. 2A). In practice, only discount factors
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from ~0.8-1 are explored, since only information from the
last few observations is incorparated into the model when &
< 0.8,

Because discount factars represent a halance between re-
sistance to noise and sensitivity w parameter change (Ljung
1987), they must be chosen carefully. Unlike the other pa-
rameters, discount factors generally do not change during the
fitting process {but see Variance infervention, helow). Instead,
the usual practice is to fit models with several different §,'s
and &,'s, and then to compare the performance of one-step-
ahead forecasts using the cumulative predictive density (CPD;
West and Harrison 1989, Pale et al. [994):

CPD = p(¥y, Yueyy Yucxo -0 ¥y Dg) = [T 6¢¥,1 D)
=1

tA.13)

In Eq. A.13, ¥, is the ohservation at time r, » 5 the number
of time periods, D, is the data available at the beginning of
the time series, and p{¥|D,_,] is the probability that the step-
ahead forecast is correct, evaluated using the current made
and scale matrix for the Student’s ¢ distnibution. Better fitting
models have higher CPD. Far analyses reported in this paper,
we compared 45 alternative discount factors (&, from 0.8 o
0.975 with a step of 0.025, plus ¢.99; and &, from 0.9 10 0.975
with a step of 0,025, plus (.99} for each variate, but repaort
only the results for the discount factors which gave the max-
imum CPD for a madel fit ta all pre-enrichment data (199 1-
1992, see examples in Fig. 4B-E). Post-enrichment data were
not included in the estimates of 8, and &, because of the large
changes that occurred following enrichment.

Veartenee intervention

We used variance intervention to allow each DM to re-
spand quickly to any changes that might have occurred fol-
lowing experimental enrichment, These interventions in-
valved deliberate increases in the variance around the level
parameter p, and observation variance parameter ¢, during a
7-wk period immediately following the onset of experimental
enrichment in 1993 and 1994, By increasing the variance, we
increased the uncertainty in the parameter estimates during
this periad of time, and herce, increased the relative amount
of information contained in new observations. This meant
that the model was able to adapt to changes in the observa-
tions more readily.

Because there were (oo many variables and models ta ap-
timize the adjustments in all variances, we opted ta increase
variances by adopting lower discount factors during this pe-
riod: &, was set to 0.9, and &, was set to 0.4, These changes
resulted in 2.5 and 1.1 times higher variances around ., and
&, respectively. Analyses with different adjustments te &, and
&, yielded similar results, and are not included here.



