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• The derivation of GPLake provides a
model with a solid mechanistic founda-
tion.

• GPLake parameterization benefits lake
managers by using complementary in-
formation.

• Comparable nutrient to chl-a relations
are found among knowledge sources.

• Lakewater quality can be estimated by a
few inputs in GPLake application.

• GPLake provides a versatile and simple
tool for lake management.
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Worldwide, eutrophication is threatening lake ecosystems. To support lake management numerous eutrophica-
tion models have been developed. Diverse research questions in a wide range of lake ecosystems are addressed
by these models. The established models are based on three key approaches: the empirical approach that em-
ploys field surveys, the theoretical approach in which models based on first principles are tested against lab ex-
periments, and the process-based approach that uses parameters and functions representing detailed
biogeochemical processes. These approaches have led to an accumulation of field-, lab- andmodel-based knowl-
edge, respectively. Linking these sources of knowledge would benefit lake management by exploiting comple-
mentary information; however, the development of a simple tool that links these approaches was hampered
by their large differences in scale and complexity. Here we propose a Generically Parameterized Lake eutrophi-
cationmodel (GPLake) that links field-, lab- andmodel-based knowledge and can be used tomake a first diagno-
sis of lake water quality. We derived GPLake from consumer-resource theory by the principle that lacustrine
phytoplankton is typically limited by two resources: nutrients and light. These limitations are captured in two ge-
neric parameters that shape the nutrient to chlorophyll-a relations. Next, we parameterized GPLake, using
knowledge from empirical, theoretical, and process-based approaches. GPLake generic parameters were found
to scale in a comparable manner across data sources. Finally, we show that GPLake can be applied as a simple
tool that provides lake managers with a first diagnosis of the limiting factor and lake water quality, using only
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the parameters for lake depth, residence time and current nutrient loading.With this first-order assessment, lake
managers can easily assess measures such as reducing nutrient load, decreasing residence time or changing
depth before spending money on field-, lab- or model- experiments to support lake management.

© 2019 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license (http://
creativecommons.org/licenses/by/4.0/).
1. Introduction

Severe eutrophication may lead to phytoplankton blooms that
plague societies around the world (Hallegraeff, 1993; Heisler et al.,
2008; Schindler et al., 2012). Action to reduce eutrophication is ur-
gent because phytoplankton blooms pose risks to drinking water
and lead to ecosystem degradation (Carpenter et al., 1998; Qin
et al., 2010). Since managers spend much effort and money on mea-
sures to improve water quality (Thornton et al., 2013), they would
benefit from a simple tool that quickly provides insight into phyto-
plankton concentrations under different nutrient loads for a wide
range of lakes. This insight provides a way to assess the amount of ef-
fort needed in nutrient load reduction to meet water quality stan-
dards (Janssen et al., 2017; Jeppesen et al., 2007). Many researchers
have tried to develop such tools, each using different types of knowl-
edge with their respective data sources, methods and approaches
(Cuddington et al., 2013; Huisman et al., 2002; Janssen et al., 2015;
Schindler, 2006).

Half a century ago, when the first signs of ‘cultural eutrophica-
tion’ became increasingly evident, scientists started developing
models to support lake management (Jones and Lee, 1986;
Schindler, 2006; Thornton et al., 2013; Vollenweider, 1968). Due
to limited computing power and understanding of mechanisms at
that time, the study of lake eutrophication was limited to the ap-
proach of simple regression analysis based on data from field mea-
surements and lake characteristics. For example, empirical models
such as Vollenweider's model (Vollenweider, 1975) estimate the
trophic state of lakes and give general recommendations for the ex-
tent to which nutrient loading should be limited to maintain a
healthy state (Brett and Benjamin, 2008; Costanza et al., 1983;
OECD, 1982; Ogawa, 1977). Although these empirical models are
transparent in their calculations, their reliability can be lost when
applied beyond their calibration domain (Cuddington et al., 2013;
Janssen et al., 2019). As a result, many versions of Vollenweider's
model have been proposed in different contexts; however, each is
limited to its own calibration domain (Carpenter et al., 1995;
Kimmel and Groeger, 1984; Lijklema et al., 1989; Nürnberg, 1984;
Reckhow, 1983).

A second approach, that of theoretical models, was developed based
on first principles. These first principles are, for example, based onmass
or energy flows, thereby describing consumer-resource interactions
using clear mathematical equations (Huisman et al., 1999; Tilman,
1982). These models are tested against and supported by data from
comprehensive laboratory experiments and describe the relationship
between nutrient and phytoplankton concentration by fundamental
mechanisms (Evers, 1991; Huisman et al., 2002; Huisman and
Weissing, 1994; Sommer, 1989; Tilman, 1977). However, it is hard to
apply theoretical models to predict the impacts of eutrophication for
real cases due to the models' abstractness.

Last but not least, a third approach emerged, that of process-based
models. Process-based models are valuable, as they are based on a
mechanistic understanding of ecosystems,which results in highflexibil-
ity when applied to lake management questions (Cuddington et al.,
2013; DeAngelis and Mooij, 2003; Robson et al., 2008). Process-based
models arewell suited for scenario analyses for management strategies,
as has been shown by various applications with PCLake (Janse et al.,
2010; Janssen et al., 2017; Mooij et al., 2007) and many other models
(Cuddington et al., 2013). Nevertheless, understanding the model and
measuring its parameters is complex and demanding.
Linking knowledge obtained from empirical, theoretical and
process-based approaches in one generic model can be beneficial to
lake managers for three reasons. First, such a model will rely on an em-
pirical approach, collecting data through field surveys andmake predic-
tions based on correlations. The empirical approach, by its nature of
deriving predictions from field data, is inherently realistic without fur-
ther effort. Second, a generic model will encompass the knowledge
from a theoretical approach that uses first principles and laboratory ex-
periments. Incorporation of this knowledge increases the transparency
of underlying mechanisms that lead to trophic states in lakes. Third,
the generic model will incorporate mechanistic knowledge from a
process-based approach. This increases the flexibility of its application
since it is not limited to a calibration domain.Managerswill thus benefit
from the realism, transparency and flexibility when knowledge ob-
tained with these three approaches is linked. Such a model will be
widely applicable to lakes, including those lakes that have not been sub-
jected to rigorous empirical study due to their geographic location or
monetary constraints.

In this paper, we propose a Generically Parameterizedmodel of Lake
eutrophication (GPLake) that links field-, lab- and model-based knowl-
edge. Field-based knowledge arises from an empirical approach in
which field data are collected during field surveys. Lab-based knowl-
edge is obtained when theoretical first principles are tested using data
gathered in lab-experiments. Model-based knowledge is captured in
the structure, parameters and functions of process-based models that
produce model output and consequently provide ecological insight
through model runs.

The basis of this GPLake model is derived from Tilman's resource
competitionmodel,which explains species nutrient limitation by apply-
ing the R⁎ theory (Tilman, 1982), and the Huisman et al. light competi-
tion model (Huisman et al., 2002; Huisman and Weissing, 1994;
Huisman and Weissing, 1995), which accounts for the effects of light
limitation on phytoplankton species using the so-called Iout

∗ theory
(Fig. 1, GPLake derivation). The resulting expressions for GPLake are pa-
rameterized by capturing the essential information of field-, lab- and
model-based knowledge (Fig. 1, GPLake parameterization). Finally we
showcase with a hypothetical lake that GPLake can be applied as a sim-
ple tool to provide lake managers with a first diagnosis of limiting fac-
tors and lake water quality, using only the parameters lake depth,
residence time and nutrient load (Fig. 1, GPLake application).

2. Methods

2.1. Theoretical background for GPLake

In the 1980s, Tilman (1982) developed his seminal resource compe-
tition theory. This theory was extended by Huisman and Weissing
(1994, 1995) in the 1990s by adding light as a heterogeneous resource
in the water column. According to Huisman's theory the ecosystem
will go through three phases while nutrient loading is increasing: the
Zero-growth-phase, the Nutrient limitation phase and the Light limitation
phase. The phytoplankton concentration at equilibrium W⁎ and the nu-
trient concentration at equilibrium R⁎ for each of the phases are as fol-
lows (for the model symbols and descriptions for communities of
phytoplankton see Table 1):

Zero-growth phase: In this phase nutrient loading is too low to sup-
port species growth and all the inflowing nutrients will remain in
their inorganic form. Hence the phytoplankton concentration at

http://creativecommons.org/licenses/by/4.0/
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Fig. 1. Schematic structure of the derivation, parameterization and application of GPLake (green oval). In the derivation step, consumer-resource theory is used to derive the expressions of
GPLake that consist of two generic parameters. In the parameterization step, the GPLake model links field-, lab- and model-based knowledge that emerges from three levels: the
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equilibrium W0
∗ is zero, and the nutrient concentration at equilib-

rium R0
∗ equals the inflowing resource concentration Rin.

W�
0 ¼ 0; ð1aÞ

R�
0 ¼ Rin: ð1bÞ
Table 1
Model symbols and descriptions used in this study.

Symbol Unit Description

Slope mg mg−1 Phytoplankton concentration over inflowing resource concentr
Plateau mg m−3 Phytoplankton concentration at equilibrium in the light limitat
Rin, switch mg m−3 Inflowing resource concentration at which nutrient limitation
Rin mg m−3 Inflowing resource concentration
D day−1 Dilution rate (reciprocal of residence time)
z m Depth
Iin W m−2 Light supply intensity
pmax day−1 Phytoplankton community maximum growth rate
l day−1 Phytoplankton community loss rate
c g g−1 Phytoplankton community stoichiometry
k m2 g−1 Phytoplankton community extinction coefficient
HL W m−2 Phytoplankton community half saturation constant of light
HR g m−3 Phytoplankton community half saturation constant of resource
W0

∗ mg m−3 Phytoplankton concentration at equilibrium in the zero-growth
W1

∗ mg m−3 Phytoplankton concentration at equilibrium in the nutrient lim
W2

∗ mg m−3 Phytoplankton concentration at equilibrium in the light limitat
R0

∗ mg m−3 Resource concentration at equilibrium in the zero-growth phas
R1

∗ mg m−3 Resource concentration at equilibrium in the nutrient limitatio
R2

∗ mg m−3 Resource concentration at equilibrium in the light limitation ph
Iout
∗ W m−2 Light intensity at the bottom of the water column at equilibriu

c1 day mg mg−1 Phytoplankton concentration over inflowing resource concentr
c2 mg m−2 Phytoplankton abundance per unit of surface area in the light l
Nutrient limitation phase: In this phase the phytoplankton is able to
deplete the inflowing resource concentration Rin and becomes nutri-
ent limited.As a result, the equilibriumphytoplankton concentration
W1

∗ has a linear relationship with nutrient loading minus remaining
resource concentration R1

∗ and dilution rate D (reciprocal of the res-
idence time), and an inverse linear relationship with phytoplankton
community loss rate l and phytoplankton community stoichiometry
c. The remaining resource concentration at equilibrium R1

∗ depends
Category

ation at equilibrium in the nutrient limitation phase Generic parameter
ion phase Generic parameter
will switch to light limitation Auxiliary parameter

Input variable
Physical parameter
Physical parameter
Physical parameter
Biological parameter
Biological parameter
Biological parameter
Biological parameter
Biological parameter
Biological parameter

phase Output variable
itation phase Output variable
ion phase Output variable
e Output variable
n phase Output variable
ase Output variable

m Output variable
ation over dilution rate in the nutrient limitation phase Scaling constant
imitation phase Scaling constant
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on the phytoplankton community growth rate pmax, the phytoplank-
ton community loss rate l and the phytoplankton community half-
saturation constant for nutrient uptake HR.

W�
1 ¼ D Rin−R�

1

� �
lc

; ð2aÞ

R�
1 ¼ l HR

pmax−l
: ð2bÞ

Light limitation phase: In this phase the phytoplankton is light limited
due to the excessive phytoplankton concentration enabled by high
nutrient loading. The equilibrium phytoplankton concentration W2

∗

becomes a constant number even at increasing nutrient loading be-
cause the excessive phytoplankton concentration leads to self-
shading that prevents further phytoplankton growth. Here, W2

∗ is
dependent on the depth z, the incident irradiance Iin, the light inten-
sity at bottomofwater column at equilibrium Iout

∗ , the phytoplankton
community half-saturation constant for light uptake HL, the phyto-
plankton community extinction coefficient k, the phytoplankton
community loss rate l and the phytoplankton communitymaximum
growth rate pmax. Here, Iout∗ obeys Lambert-Beer's law stating that ab-
sorbance is directly proportional to the thickness of the water layer:
Iout
∗ = Iin e

−kW2
∗z. In this phase the equilibrium resource concentra-

tion R2
∗ is proportional to inflowing resource concentration Rin,

since the excessive nutrients can no longer be taken up for phyto-
plankton growth.

W�
2 ¼ pmax

zkl
ln

HL þ Iin
HL þ I�out

; ð3aÞ

R�
2 ¼ Rin−W�

2
lc
D
: ð3bÞ

2.2. Derivation of GPLake

The GPLake model is derived by first building the model structure
and then deriving the expressions of the scaling constants. These scaling
constants will be used to link data from the three knowledge sources.
Below more details are given for each of the derivation steps.

2.2.1. GPLake model structure
To derive the model structure, we assume that nutrient limitation

and light limitation are the twomost importantmechanisms that define
the relationship between phytoplankton and nutrient loading (Fig. 1,
GPLake derivation). Therefore, we combine the aforementioned re-
source and light competition models to derive GPLake. We use the
resulting GPLake equations (Eqs. (4a)–(7b)) to calculate phytoplankton
and nutrient concentration at equilibrium; i.e., where phytoplankton
and nutrient concentrations do not change over time because their de-
rivatives equal zero. For details on the derivation of these equations
please see Appendix A. In our model we make the following assump-
tions to simplify our approach: 1) Because the minimal resource re-
quirement to support the start of phytoplankton growth is tiny, we
assume that the first phase of zero growth can be neglected (Rigler,
1956); 2) similarly, at the nutrient limitation phase, the minimum nu-
trient concentration required for phytoplankton growth R1

∗ is assumed
to be close enough to zero that the difference can be ignored here for
practical purposes; 3) in the light limitation phase, where phytoplank-
ton is limited by self-shading, we assume that light extinction caused
by phytoplankton can make the Iout

∗ approximately zero. GPLake can
thus be defined as a two phasemodel that describes the relationship be-
tween phytoplankton concentration and nutrient loading in two phases
that are characterized by the limitation by one of two main resources,
either nutrient or light (Cloern, 1999); i.e., GPLake obeys Liebig's law
of theminimum. To derive themodel, we need to know the relation be-
tween phytoplankton concentration and inflowing resource concentra-
tion under nutrient limiting conditions to set the Slope parameter of
GPLake, and themaximumphytoplankton concentration at light limita-
tion to set the Plateau parameter of GPLake. A graphical representation
of GPLake is given in Fig. 2.

Based on Eqs. (2a) and (3a), the Slope and Plateau of GPLake can be
defined as:

Slope ¼ D
lc
; ð4aÞ

Plateau ¼ pmax

zkl
ln
HL þ Iin

HL
; ð4bÞ

and the switch point of the inflowing resource concentration where the
model changes from nutrient limitation to light limitation equals.

Rin;switch ¼ lc
D
pmax

zkl
ln
HL þ Iin

HL
¼ Plateau

Slope
: ð5Þ

Once the Slope and the Plateau are known, the phytoplankton and
resource concentration at equilibrium under nutrient limitation (Rin
≤Rin,switch) can be calculated as:

W�
1 ¼ Slope Rin; ð6aÞ

R�
1 ¼ 0; ð6bÞ

and, in the case of light limitation (Rin N Rin,switch,) as:

W�
2 ¼ Plateau; ð7aÞ

R�
2 ¼ Rin−

Plateau
Slope

¼ Rin−Rin;switch: ð7bÞ

We need eight mechanistically interpretable parameters to deter-
mine the Slope and Plateau of GPLake (Table 1). Among them, the
depth z, dilution rate D and light intensity Iin are physical parameters
that depend on the lake characteristics, while the maximum growth
rate pmax, loss rate l, extinction coefficient k, half saturation constant of
light HL and nutrient stoichiometry c are biological parameters that
vary among phytoplankton species. Importantly, the biological parame-
ters in the equations should bemeasured at the phytoplankton commu-
nity level. To show the dependency of the output variables of GPLake on
its parameters we performed a two-level analytical sensitivity analysis
(see Appendix B for further details). The first level deals with the sensi-
tivity of GPLake output variables, i.e. W1

∗, W2
∗, R1∗ and R2

∗, to the generic
parameters Slope, Plateau and the auxiliary parameter Rin,switch

(Eqs. (6a)–(7b)). The second level deals with the sensitivity of the
GPLake parameters: Slope, Plateau and Rin,switch (Eqs. (4a)–(5)), to the
physical (D, z, Iin) and biological (pmax, l, k, HL, c) parameters.

2.2.2. Linking knowledge from three sources
Within the derivation of GPLake we developed a method to link the

knowledge from empirical, theoretical and process-based approaches.
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Fig. 2. A graphical representation of GPLake. The response of both the equilibrium resource concentration (right Y-axis) and the equilibrium phytoplankton concentration (left Y-axis) on
the inflowing resource concentration (X-axis). The figure shows the contrast between the nutrient limitation and the light limitation phase of the GPLake model. Rin,switch is an auxiliary
parameter defined by Slope and Plateau and represents the inflowing resource concentration at which themodel switches between these two phases. In the nutrient limitation phase, the
phytoplankton concentration increases linearly with increasing nutrient loading. The Slope of the increasing phytoplankton concentration is determined by dilution rate, community loss
rate and community stoichiometry. In the light limitation phase, the phytoplankton achieves a Plateau and excessive nutrients can no longer be taken up.

Table 2
Depth, residence time and dilution rate of the different data sources.

Data
type

Data source Mixed water layer depth
(m)

Residence time
(d)

Dilution
rate(d−1)

Fielda Vollenweiderb 10.0 1460 6.85E-04
Janse 2.02 171 5.85E-03

Lab Marinho: LEA 0.05 8.33 0.12
Marinho: MIRF 0.05 8.33 0.12
Marinho: CP 0.05 8.33 0.12
Marinho: CS 0.05 8.33 0.12

Model Model runsc 2 100 0.01

a The values for field data sets represent averaged values.
b Depth and dilution rate for the Vollenweider data set were estimated using expert

judgement based on lake types included in thedata set, as these variables are not specified.
c The model settings are described in Appendix C.
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Next, the Slopes and Plateaus of GPLake were obtained from field data,
lab data and from process-basedmodel output to benefit from the com-
plementary information they hold (Roebber et al., 2004; Tebaldi and
Knutti, 2007; Wang et al., 2011). To meet this challenge, we standard-
ized the physical parameters that represent the characteristics of the
systems for whichwe fitted GPLake. Assuming that incoming irradiance
(Iin) is similar for each system, we defined two scaling constants c1 and
c2 that depend only on the phytoplankton community composition. As
such, an increase in dilution rate or depth should result, respectively,
in an increase of the Slope or a decrease of the Plateau:

c1 ¼ 1
lc
¼ Slope

D
; ð8aÞ

c2 ¼ Pmax

lk
ln

HL þ Iin
HL

� �
¼ z Plateau: ð8bÞ

Both constants can be calculated using the GPLake Slope and Plateau
obtained by using data of each source of knowledge while using the
depth and dilution rate of the same source of knowledge as scaling
factors.

2.3. Parameterization of GPLake

To optimize its applicability to practical eutrophication problems,
we parameterized GPLake with field data, lab data and model output
that relate respectively to empirical, theoretical and process-based ap-
proaches (Fig. 1, parameterization). We linked these three data sources
for comparable ranges of nutrient loadings that are normalized bywater
depths and dilution rates using the Vollenweider method shown by
Eq. (9) (Table 2) (Jones and Lee, 1988; Vollenweider, 1975). Here P is
the normalized P loading inmg Pm−3; L(P) is the annual total phospho-
rus load per unit of surface area in mg P m−2 year−1; qs is the mean
depth divided by the hydraulic residence time in m year−1; and τw is
the hydraulic residence time in years. Here the residence time can be
calculated by dividing the total volume of water by the water flux into
the lake.

P ¼ L Pð Þ
qs 1þ ffiffiffiffiffiffi

τw
pð Þ ð9Þ

2.3.1. Parameterization of GPLake with field data
To parameterize GPLake with field data we calibrated the two ge-

neric parameters of GPLake, the Slope and Plateau, using two field data
sets. One field data set is the one compiled by Vollenweider, which in-
cludes numerous deep lakes that are situated around the globe (Jones
and Lee, 1986; Rast and Lee, 1978). The second data set has been com-
piled by Janse for the calibration of PCLake, which includes 52 shallow
lakes in Europe (Janse, 2005). Please note that the latter data set also in-
cludes some lakes with a high vegetation coverage, while the
Vollenweider data set comprises only phytoplankton-dominated lakes.
The nutrient loadings of both the Vollenweider data set and the Janse
data set were normalized by lake depth and dilution rate according to
the Vollenweider method (Eq. (9)) (Jones and Lee, 1988;
Vollenweider, 1975). The calibration was performed using the
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Generalized Reduced Gradient Non-linear method included in the solver
analysis tool of MS Excel to find the values of Slope and Plateau that
can maximize the coefficient of determination R2 between the GPLake
prediction and the field data (Winston, 2016). After calibrating GPLake,
we compared various measures of goodness-of-fit (R2, RMSE and Bias)
of the GPLake model with the regression model applied by
Vollenweider (Vollenweider, 1975). In addition, we performed an un-
certainty analysis of the fit of both models to the Vollenweider and
the Janse data sets using a randomization technique. For details of un-
certainty analyses see Appendix D.
2.3.2. Parameterization of GPLake with lab data
To parameterize GPLake with lab data, we used the published lab

data for chl-a concentration in a chemostat experiment that ran under
both phosphorus limitation and light limitation (Marinho et al., 2013).
To link GPLake with lab data it is important that the total light (Iin) in
the laboratory is comparable to field conditions. We used published
data from lab experiments for four strains of two phytoplankton species
(Microcystis aeruginosa and Cylindrospermopsis raciborskii) isolated
from four Brazilian lakes (Marinho et al., 2013). Lab data from other
phytoplankton species can be applied to determine GPLake generic pa-
rameters using the same approach as we describe here. We determined
the Slope in the nutrient limitation phase based on two values: one de-
fined by the origin and the seccond by the chl-a concentration under a
phosphorus limited nutrient load. This calculation is based on the as-
sumption that the minimal resource requirement to support phyto-
plankton growth is sufficiently close to zero (Fig. 2). The chl-a
concentration under light limited conditions determines the level of
the Plateau. The values of the inflowing resource concentration at the
switch point Rin,switch are calculated by Eq. (5).
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Fig. 3. Linear regression models based on the log-log-transformed Vollenweider data set
for N300 water bodies (Jones and Lee, 1986) and the Janse data set for 52 shallow lakes
in Europe, which data set was applied in the PCLake calibration (Janse, 2005). The
Vollenweider data set and the Janse data set are shown by blue circles and red triangles,
respectively, and the coloured lines show the regression model of the corresponding
data set. The uncertainty of the models is illustrated by showing 30 model fits based on
randomized data (transparent coloured lines). See Appendix D for details. (For interpreta-
tion of the references to colour in this figure legend, the reader is referred to the web ver-
sion of this article.)
2.3.3. Parameterization of GPLake with model output
To parameterize GPLake with process-based model output, we

selected PCLake as amodel example. PCLake is a well-established eu-
trophication model used to simulate biogeochemical processes, in-
cluding phytoplankton and nutrient dynamics in homogeneous
shallow lakes (Janse, 2005). The default PCLake version (the full
model can be found at GitHub: https://github.com/pcmodel) in-
cludes phytoplankton, zooplankton, fish, aquatic vegetation, inor-
ganic and organic nutrients in the lake water column and accounts
for interaction between these components and the sediment. For de-
tails on the model settings and parameters see Janse (2005). In this
study, we used the default version of PCLake except that we excluded
aquatic vegetation because it is a primary producer that competes
with phytoplankton for nutrients. Including aquatic vegetation
would violate the assumptions in GPLake on the relationship be-
tween phytoplankton and nutrients. To make the output of the
PCLake simulations comparable with field data sets, we used the nor-
malized nutrient loading (Eq. (9)) in the range of 1–1000 mg P m−3,
as in the Vollenweider data set (Jones and Lee, 1988; Vollenweider,
1975). We ran PCLake for nutrient loads with ranges of 1–10 mg P
m−3, 10–100 mg Pm−3 and 100–1000 mg P m−3, each with 20 equi-
distant intervals. Consequently, we ran PCLake for 60 simulations.
We used the Vollenweider method (Jones and Lee, 1988), as de-
scribed by Eq. (C1) in Appendix C, to denormalize the nutrient load-
ing from 1 to 1000mg Pm−3 to the nutrient loading in the unit of mg
P m−2 day−1 prescribed by PCLake. The resulting annually averaged
chl-a levels at equilibrium of each simulation were reported. These
simulation outputs were used to fit the two generic parameters of
GPLake in the same way as was done for the field data sets
(Section 2.3.1). In addition, we performed simulations with different
lake characteristics in PCLake to see how the GPLake Slope and Pla-
teau vary between lake types with different physical, chemical and
biological characteristics (for details and results see Appendix C).
2.4. Application of GPLake

For the application of GPLake, the parameterized scaling constants c1
and c2 from the three data sources are used. Through these scaling con-
stants the Slope and Plateau can be obtained for any lake to which
GPLake is applied by adopting the lake specific depth z and dilution
rate D:

Slope Dð Þ ¼ c1D; ð10aÞ

Plateau zð Þ ¼ c2
z
: ð10bÞ

Hence, the first diagnosis can bemade by lakemanagers by building
the relations between chl-a levels and inflowing nutrient concentration
Rin:

Chl� a ¼ min Slope Dð Þ Rin; Plateau zð Þð Þ ¼ min c1DRin;
c2
z
Þ

�
ð11Þ

Besides, the comparison between Rin and Rin,switch (Eq. (5)) can be
used to estimate the limiting factor of lakes, i.e. nutrient limited if Rin ≤
Rin,switch and light limited if Rin N Rin,switch.

For illustrative purposes, we showcase an application for a hypothet-
ical lake of 2m depth and a dilution rate of 0.006 day−1 (residence time
of 167 days). By applying GPLake to this hypothetical lake, the lake spe-
cific Slope and Plateau are obtained. This Slope and Plateau form a graph
that gives a first assessment of the response of this lake to nutrient load-
ing. With knowledge of the current nutrient load, a lake manager can
make a first diagnosis of the lake water quality, e.g. chl-a level and lim-
iting factors. Also, the lakemanager can calculate the required reduction
in nutrient load. Finally, GPLake can be applied to estimate the effect of
measures such as a changed residence time or lake water level.

3. Results

3.1. Parameterization of GPLake

For a full parameterization of GPLake we first used the three sources
of data (from field, lab and model) to estimate the generic parameters
and the scaling constants. Next all estimates for the scaling constants
are averaged. For each step we give details below.

https://github.com/pcmodel
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3.1.1. Parameterization of GPLake with field data
First, we parameterized GPLakewith field data to illustrate its link to

a natural situation. Fig. 3 shows the commonly applied method in em-
pirical studies of linear regression in log-log space (i.e., estimating a
power function in linear-linear space) to fit both the Vollenweider and
Janse lake data sets (Janse, 2005; Jones and Lee, 1986; Vollenweider,
1975). Here, the Vollenweider data set refers mainly to deep lakes and
the Janse data set refers to shallow lakes. Under the same normalized
nutrient loading, the chl-a levels in shallow lakes (red triangles) are
generally higher than in deep lakes (blue circles). This illustrates that
depth inversely correlates with chl-a level. The maximum chl-a level
(Plateau) also correlates inversely with depth, which suggests that our
assumption that c2 (Eq. (8b)) is a constant is valid. When parameteriz-
ing GPLake, a larger Slope for the Janse data set was observed than for
the Vollenweider data set, as shown in Fig. 4. Consequently, phyto-
plankton concentrations in shallow lakes were more sensitive in its re-
sponse to increasing inflowing nutrient concentration than in deep
lakes. Shallow lakes often have lower residence time (i.e. higher dilution
rates). This is consistentwith our assumption about the scaling constant
c1 (Eq. (8a)): an increase in dilution rate should be followed by an in-
crease in Slope in order to keep c1 constant. Table 3 shows that the linear
regression model and GPLake are comparable in the goodness-of-fit.
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3.1.2. Parameterization of GPLake with lab data
When GPLake was parameterized with lab data of Marinho et al.

(2013), the GPLake generic parameters showed Slopes and Plateaus
that were more similar within species than between species (Fig. 5).
The Plateaus reached by theMicrocystis strainswere lower than the Pla-
teaus reached by the Cylindrospermopsis strains, indicating differences
between these taxa in their physiology (e.g. different chl-a per cell vol-
ume (Marinho et al., 2013)). Interspecific differences in Slopes may be
expected among species, as species are known to beflexible and distinct
Table 3
Comparison of the goodness-of-fit of the log-log linear regression model and GPLake to
the Vollenweider and Janse data set.

Data set Model R2 RMSE Bias

Vollenweider Linear regression 0.75 0.26 -5.55E-07
GPLake 0.72 0.28 2.27E-08

Janse Linear regression 0.29 0.40 9.03E-07
GPLake 0.23 0.42 -1.26E-04
in their stoichiometric composition (Droop, 1974; Sterner et al., 1992).
Nutrient limitation is species-specific (Beardall et al., 2001), and for a
correct estimation of the Slope it is imperative that phytoplankton in-
deed experiences nutrient limiting conditions in the chemostat (See
Fig. 5, CP as an example of non-limiting conditions). Intraspecific differ-
ences between Slopes and Plateaus of different strains are likely the re-
sult of a high variability among the strains' traits within the species,
which is, for example, reflected by the variability in the growth of
Microcystis strains (Marinho et al., 2013).
3.1.3. Parameterization of GPLake with model output
The result of the parameterization of GPLake with the output of

PCLake is shown in Fig. 6. The grey dashed line shows the PCLake results
with the default setting, and the black dots show PCLake results in the
same default settings except that aquatic vegetation was excluded. Fur-
thermore, lake characteristics like dilution rate, depth, fetch, N:P ratio of
nutrient loading and sediment type can be associated with the values of
GPLake generic parameters. In Appendix C we present examples with
different settings using PCLake. This comparison revealed clear positive
impacts of fetch on the Slope while not impacting the Plateau. Lake
1 10 100 1000
Normalized P loading (mg P m-3)

Fig. 6. PCLake output and GPLake fit. The grey dashed line shows the results of PCLake
under the default setting for a series of nutrient loading values ranging from
oligotrophic to hypertrophic conditions, normalized nutrient loadings range from 1 to
1000 mg P m−3, following the normalization method proposed by Vollenweider
(Eq. (9)) (Jones and Lee, 1988; Vollenweider, 1975). The black dots show the
simulations with the same parameter setting as the default values, with the exception
that aquatic vegetation is excluded. We calibrated the Slope and Plateau of GPLake with
the results of the simulations excluding aquatic vegetation, because in GPLake
vegetation is not considered.



Table 4
Parameterization of GPLake scaling constants.

Knowledge
source

Data set Slope (mg
mg−1)

Plateau (mg
m−3)

c1 (day mg
mg−1)

c2 (mg
m−2)

Field data Vollenweider 0.235 25.3 343 253
Janse 0.560 64.2 95.8 128
Average 219a 191a

Model output PCLake 0.562 123 56.2a 246a

Lab data MIRF 1.32 2047 11.0 102
LEA 0.371 1203 3.09 60.1
CP 20.6 3560 172 178
CS 10.3 4899 85.7 245
Average 67.9a 146a

Overall average 115b 194b

a These numbers are averaged to calculate the final value of the scaling constants.
b Final scaling constants used for the GPLake application.
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Fig. 7. Graphical depiction of the GPLake parameters fitted on the basis of field data, lab
data and model output and scaled for a hypothetical lake with 2 m depth and
0.006 day−1 dilution rate using Eqs. (10a)–(10b) (see Table 5 for technical details and
numerical values). The field data are representative for natural communities of
phytoplankton species. The lab data are an average of the generic parameters of GPLake
fitted for Microcystis aeruginosa and Cylindrospermopsis raciborskii. The process-based
model output resembles an ensemble of functional types of green algae, diatoms and
cyanobacteria. The black line shows the average of all the generic parameters of GPLake
for the three approaches. Please note that the apparent visual similarity of the Slope
parameter of GPLake is a result of the log-log scale. Differences in Slopes result in
differences in intercept in the log-log plot shown here. The steepness of one of each of
the lines in the log-log plot shown here reflects the fact that GPLake assumes a linear
response of chl-a to nutrient loading in the nutrient-limited phase of the model (Fig. 2).
(For interpretation of the references to colour in this figure legend, the reader is referred
to the web version of this article.)
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depth was shown to strongly impact the Plateau of phytoplankton con-
centration,while not affecting the Slope. This is in linewith the two scal-
ing constants c1 and c2 of GPLake.

3.1.4. Parameterizing GPLake combining the three sources of knowledge
Next, we brought together all values for the generic parameters of

GPLake that we estimated from field data, lab data and model output
as explained above. The result is a set of Slopes and Plateaus that are
characteristic for each source of knowledge (Table 4).With these Slopes
and Plateaus, we estimated the scaling constants c1 and c2 for each data
set within the three knowledge sources. The differences between the
resulting scaling constants might be attributed to different species or
light conditions in the different systems. This difference can be used as
an indicator of the uncertainty of GPLake (Fig. 7). Averaging the scaling
constants from the three knowledge sources resulted in a value of
115 day mg mg−1 for c1 and 194 mg m−2 for c2.

3.2. Application of GPLake

For the application of GPLake the depth, dilution rate and nutrient
load of the system are required. To showcase the application of GPLake,
we added an appendix with a simple Excel GPLake tool to get a first ap-
proximation of the water quality of any lake system (see Appendix E).
Moreover, here we give a detailed example with background informa-
tion on the application of GPLake to a hypothetical lake of 2 m depth
and a dilution rate of 0.006 day−1.

The application of GPLake is based on the scaling constants c1 and c2.
The overall average of the scaling constants presented in Table 4 was
used as default for a first approximation of the water quality. We used
the different estimates of the scaling constants based on the three
data sources to give an indication of the uncertainty (Table 5). With
Eqs. (10a)–(10b) we scaled the Slopes and Plateaus for our hypothetical
lake (Table 5). Fig. 7 shows a comparison for the resulting Slopes and
Plateaus. Scaling the Plateaus to a specific system of a given depth and
dilution rate results in the disappearance of the strong differences in
GPLake Plateaus that we have previously observed among the different
sources of knowledge (Table 4 vs Table 5). The physiological limitation,
set by a more or less constant available light Iin for each of the systems,
leads to this apparent constant upper boundary for phytoplankton con-
centration. Moreover, we also obtained Slopes of comparable degree for
each of the data sources (Table 5). The slight differences between the
GPLake Slopes (represented by different intercepts in the log-log plot
of Fig. 7)might be attributed to different sets of traits in the phytoplank-
ton community assemblage in each system. Now, given the current nu-
trient load of the system as known by the lake manager, the water
quality can be determined. For example, if the current nutrient load is
1 mg P m−2 day−1, the normalized P-loading will be 49.8 mg P m−3

and the chl-a level approximated byGPLakewill be 34.3mgm−3 (num-
bers obtained by the GPLake tool, Appendix E).
4. Discussion

4.1. Towards a generically parameterized model of lake eutrophication

Our aim with GPLake is to provide water quality managers with a
model that is 1) as solid in its derivation from ecological theory as the
Tilman nutrient competition and Huisman light competition models,
2) as versatile in its parameterization that it can be based on either
field data, lab data or model output and 3) as simple in its application
as the calibration lines provided by the linear regressions through the
Vollenweider and Janse data sets. These three points reflect each of
the three steps we went through: derivation, parameterization, and ap-
plication. First, we achieved our first aim, by providing expressions
(Eqs. (4a)–(4b)) for how Slope and Plateau relate to the parameters of
the Tilman and Huisman models (Huisman et al., 2002; Huisman and
Weissing, 1994; Huisman and Weissing, 1995; Tilman, 1982). We pro-
vided expressions for how Slope and Plateau scale with dilution rate
and depth (Eqs. (10a)–(10b)), respectively, thereby paving the way
for the parametrization of GPLake from field-, lab- or model- systems
that differ in depth and dilution rate to satisfy our second aim. This re-
sulted in a parameterized model of lake eutrophication that has only
two parameters: Slope and Plateau. Together these parameters form a
simple expression (Eq. (11)) bywhich a first estimate of chl-a as a func-
tion of the inflowing nutrient concentration can be obtained, thereby
satisfying our last aim.With GPLakewe thus have amodel that is simple
in its application. A full appreciation of the derivation of GPLake requires
a certain level of familiaritywith consumer-resource theory, while a full
understanding of the parameterization of GPLake requires some basic
mathematical and statistical skills. Application of GPLake, however, re-
quires only a few calculations that can be performed by anyone with a
basic knowledge of Excel (Appendix E).

While we fully achieved each of our three aims, one could ask what
the added value of GPLake is over the linear regressions through the
Vollenweider and Janse data sets (Jones and Lee, 1988; Vollenweider,
1975), given that GPLakefits these data setswith a slightly higher unex-
plained variance for both data sets.We argue that indeed for those cases
where extensive empirical knowledge on the system of interest is



Table 5
GPLake parameterization for a hypothetical lake of 2mdepth and0.006 day−1 dilution rate. Using the scaling constants c1 and c2 from Table 4 and Eqs. (10a)–(10b) the generic parameters
Slope and Plateau and the auxiliary parameter Rin,switch are scaled.

c1 (day mg mg−1) c2 (mg m−2) Slope (mg mg−1) Plateau (mg m−3) Rin,switch (mg m−3)

Scaled field data 219 191 1.32 95.4 72.4
Scaled lab data 67.9 146 0.408 73.2 180
Scaled model output 56.2 246 0.337 123 365
Overall average 115 194 0.687 97.2 206
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available, a statistical approach will most likely produce more accurate
results than a mechanistic approach because the latter approach is
more constrained in the type of functional relationships. However,
data availability here relates to both the types of lakes as well as the
range of nutrient loadings forwhich data are available. Therefore, statis-
tical approaches such as Vollenweider's are bound to the calibration do-
main (Cuddington et al., 2013). In fact, our analysis shows that at low
and high nutrient loadings the linear regressions on the Vollenweider
respectively Janse data sets in log-log space are bound to fail because
statistical approaches will lead to unrealistic chl-a to nutrient ratios at
very low loadings and to unrealistic high chl-a levels when light limita-
tion sets in. The mechanistic foundation of GPLake deals with both is-
sues. But even within the range of nutrient loadings for which
observations are available in the Vollenweider and Janse data sets one
could question a one-to-one application of these data. Vollenweider's
data were collected in the 1980s when lakes had a different loading his-
tory and where exposed to different climatic conditions compared to
the current situation. Such differences might be captured by process-
basedmodels (Cuddington et al., 2013)which can then serve as a source
of data to parameterize GPLake. Or one might rely on GPLake parame-
ters that are derived from lab experiments with the most dominant
phytoplankton species that occur in a given lake.

4.2. Scientific significance of GPLake

This study addresses three basic scientific issues involved in under-
standing lake eutrophication through modelling. The first issue is
whether empirical models, limited by their calibration domain, can be
extended to apply to a wide variety of lakes (Janssen et al., 2019). The
second issue is whether theoretical models, parameterized with and
tested against laboratory experiments, can be scaled up tomake predic-
tions regarding large ecological systems such as lakes (akin to Schindler,
1998). The third issue is whether complex process-basedmodels can be
scaled down in complexity (Kuiper et al., 2015; Murray, 2007) to a sim-
ple, transparent mathematical version that still captures the essential
features of the complex model and, to a good approximation, the main
predictions of that model. In this study we deal with those scientific is-
sues by presenting the simple, transparent and flexible approach of
GPLake, which links the three key sources on lake eutrophication
(Fig. 1, GPLake parameterization). By condensing the available sources
of knowledge into two generic parameters, Slope and Plateau, GPLake
creates synergy between the realism of the empirical approach, the sci-
entific transparency of the theoretical approach and theflexibility in the
application domain of the process-based approach.

GPLake shares its number of generic parameters with the power
functions that are typically fitted to Vollenweider-type data sets
(e.g., Vollenweider, 1975 and Nürnberg, 1984), but it does so through
its linkwith theory, which gives a specific,mechanistically interpretable
meaning to both the Slope and Plateau. The mechanistic foundation of
the two generic parameters allows us to easily scale these parameters
for different lakes and their specific depths and dilution rates. Like
GPLake, models applying the process-based approach such as PCLake
are themselves based on a combination of first principles, lab-derived
and heuristic functions and parameters, but the twomodels differ enor-
mously in the number of parameters (GPLake 2, PCLake N300). This
makes the application of GPLake simpler than that of PCLake.
GPLake is able to link knowledge from three approaches by describ-
ing the relationship between nutrient loading and phytoplankton con-
centration at equilibrium that is shared by all three approaches. This
relationship addresses one of the most substantial questions to eutro-
phication studies: what is the maximum equilibrium phytoplankton
concentration that can be produced given a certain nutrient loading
(Prairie et al., 1989; Smith et al., 1999)? The three approaches have
complementary strengths in answering this question and GPLake com-
bines these strengths and shows their compatibility. The empirical ap-
proach addresses this question by deriving statistical relationships
between nutrients and chl-a based on a large number of lakes
(e.g., Dillon and Rigler, 1974; Vollenweider, 1975). Importantly, the av-
eraging and steady-state assumptions underlying these relationships
(Brett and Benjamin, 2008) are adopted in GPLake to derive realistic
values of themodel's generic parameters. In comparison, the theoretical
approach addresses this question by a prediction based on first princi-
ples. These first principles provide mechanistic interpretations of how
much nutrients can be consumed by phytoplankton, depending on the
nutrient or light supply (Huisman and Weissing, 1994; Tilman et al.,
1982). GPLake scales these transparent results from the theoretical ap-
proach to real systems found in the field. Finally, the process-based ap-
proach addresses this question by applying the accumulated knowledge
of biogeochemical processes in ecosystems. The process-based ap-
proach has the flexibility to describe a wide variety of lakes through dif-
ferent parameter combinations (Janssen et al., 2015). By simplifying the
output of the process-based model PCLake using GPLake, we revealed
how the different lake characteristics affect the Slope and Plateau (Ap-
pendix C).

The effectiveness of GPLake is shown by the consistency between
GPLake and field data sets (Fig. 4), with comparable explanatory
power (Table 3). Moreover, once scaled to a system of comparable
depth and dilution rate, GPLake obtained similar Slope and Plateau pa-
rameters independent of whether the model was parameterized based
on field data, lab data or model output (Table 5 and Fig. 7), allowing
us to increase our understanding of lake ecosystems through multiple
approaches. First, GPLake considers the underlying mechanisms,
allowing a better interpretation of differences in shallow (Janse) and
deep (Vollenweider) lake data sets (Section 3.1.1). Second, laboratory
studies provide lab data for the parameterization of GPLake that repre-
sent accuratemeasurements of phytoplankton growth under controlled
conditions (Section 3.1.2, Huisman et al., 2002). Third, existing process-
based models provide model output to build a database that associates
lake characteristics to GPLake parameters to serve eutrophication man-
agement. Lake managers can estimate the parameter values according
to their lake types (e.g., sand or peat lake) from that database and
build specific GPLake models for their lakes. We have shown that all
three approaches, when scaled by depth and dilution rate, showed com-
parable outcomes, implying a wide application domain of GPLake.

4.3. Societal significance of GPLake

We were motivated to develop GPLake by the practical demands of
water quality management; therefore, simplicity in both inputs as
well as model interpretation is key. The application goal of GPLake is
to diagnose the trophic status of lakes using simple inputs. The two ge-
neric GPLake parameters, Slope and Plateau, contain all the information
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needed to apply GPLake in addition to the depth, dilution rate and nutri-
ent loading of the system under study. Similar to general practitioners
giving a first diagnosis to a patient, GPLake uses these two generic pa-
rameters as first diagnostic indicators of lake ecosystem health. This di-
agnosis includes whether the system is in the nutrient or the light
limitation phase. As an example, we showed a hypothetical case study
with a lake of 2 m depth and a 0.006 day−1 dilution rate. For this lake
thefield data, lab data andmodel outputwere linked and showed a sim-
ilar result (Table 5 and Fig. 7). The results gained by Fig. 7 show that the
advantage of GPLake lies in that lake managers have a simple tool for
which only depth, dilution rate and nutrient loading are needed to ob-
tain a first indication of the chl-a concentration. Moreover, with some
basic mathematical skills managers can make use of simple lab studies
to parameterize GPLake for their specific situation (for details see Ap-
pendix F). Thereby, it offers a straightforward and cost effective way
(via a lab study) to assess the needed nutrient reduction effort to
reach chl-a targets.Moreover, it allowsmanagers tomake first-order as-
sessments of measures such as decreasing residence time (c.f. increas-
ing dilution rate) and changing depth profiles. This is possible because
GPLake provides mechanistic information for lakes, and thus is not
constrained by the range of lakes forwhich data are available. Therefore,
it enables managers to make predictions for lakes not represented by
existing regression models, such as those for the Vollenweider data,
with only data for depth and residence time as a requirement. Finally,
GPLake provides information about whether the lake is light-limited
or nutrient-limited. This additional information, which is out of the
scope of the Vollenweider model, can provide information to lake man-
agers on the limiting resource in their lake. Using GPLake, a lake man-
ager can identify 1) the expected current phytoplankton
concentration (Schindler, 1978), 2) risk of bloomswith increasingnutri-
ent loads (Carvalho et al., 2011) and 3) the reduction targets to reach a
desirable level of phytoplankton concentration (i.e., Jeppesen et al.,
2005). Please note, however, that while phytoplankton concentration
may stagnate in the light limitation phase (Plateau), the toxin produc-
tion by the phytoplankton communitymay change strongly along a gra-
dient of nutrient supply (Paerl, 2006; Van de Waal et al., 2014). Hence,
we envision that GPLake can act as a ‘general practitioner model’ that
gives a first diagnosis of the response of phytoplankton to lake eutrophi-
cation and from there paves the way for more specialized studies with
empirical, theoretical or process-based approaches. Or, alternatively,
the model can be used for lakes of which data are scarce but estimates
of depth and residence time are available (Messager et al., 2016).

4.4. Limitations of GPLake

While we have shown the general applicability of GPLake as a prac-
tical management tool, several limitations of GPLake need to be consid-
ered. An obvious limitation of the GPLake model is the equilibrium
assumption. Consequently, GPLake is suitable as long-term prediction
tool for lakes but is not suitable as a tool to predict daily phytoplankton
bloom formation. The assumption that R1∗ is zero suggests that in the nu-
trient limitation phase the phytoplankton in the lake can take up all the
nutrients in the lake system independent of the nutrient concentration
itself. This assumption may not apply to highly oligotrophic lakes that
have little nutrient loading. Yet these highly oligotrophic lakes are
rare, especially in our contemporary world where many lakes are
heavily eutrophied (Paerl and Huisman, 2009; Rigler, 1956). Besides,
GPLake captures only the relationship between nutrient loading and
phytoplankton concentration, thereby ignoring other primary pro-
ducers like aquatic vegetation. Consequently, GPLake will have difficul-
ties when applied to lakes with significant aquatic vegetation growth. A
further limitation is that only P and light are considered as limiting fac-
tors in GPLake, yet N also plays a role in the eutrophication of lakes
(Conley et al., 2009; Lewis Jr and Wurtsbaugh, 2008). Based on the
study by Smith (1982), we expect that the pattern with a Slope and Pla-
teau shown by GPLake can also be found in systems that differ in
limitation factors: for example, a system first limited by P and later by
N, first limited by N and later by light, or first limited by N and later by
P. Concerning the light limitation phase, GPLake ignores the impact of
background light extinction, for instance by humic substances, that
may lead to a lower phytoplankton concentration. The focus of this
study on an idealized case of nutrient and light limitation effects onphy-
toplankton development will not answer all questions of ecologists and
managers. However, it will facilitate comparison of general patterns
acrossmany lakes and reservoirs. Moreover, each of thementioned lim-
itations will necessarily lead to lower phytoplankton concentrations
than those predicted by GPLake. As such, GPLake can be seen as a
worst case predictor of phytoplankton concentration in response to
eutrophication.

4.5. Future directions for GPLake

GPLake provides a common language to link data obtained from em-
pirical, theoretical and process-based approaches. Hence it is possible to
use GPLake as a ‘meeting point’ (Fig. 1) that connects the knowledge
captured by the three approaches and that facilitates benefiting from
their complementarity (Fig. 7). In the future, we foresee that water
quality is assessed by a further and deeper integration of field-, lab-
and model-based knowledge (i.e., deeper than identified by Robson,
2014), and we propose that GPLake provides a mechanism to do so.
We foresee the build-up of a library of GPLake Slopes and Plateauparam-
eter values frommore lab data,field data andmodel output (see Robson
et al., 2018), whichwould allow one to inspect the average and variance
in these generic parameters and the scaling constants. Finally, the values
of Slope and Plateau can be further studied by directly using the lake bio-
geochemical characteristics from Eqs. (4a)–(4b) from specific lakes to
compare with the calibration result.

5. Conclusions

Eutrophication is an ongoing challenge in the Anthropocene that is
caused by excessive nutrients originating from human activities. In ad-
dressing these challenges, many studies have provided rich and diverse
knowledge on lake eutrophication. By developing GPLake we have
taken up the scientific and societal challenge to link three sources of
knowledge: field, lab andmodel-based. Linking this knowledge contrib-
utes to both scientific understanding and lake management. By
connecting different approaches that are each characterized by their
own scale and complexity, GPLake provides a common language for
lake managers. GPLake is able to indicate the limiting factors of lakes
and provides lakemanagerswith a cost-effectiveway to quickly gain in-
sight into expected chl-a levels for a wide range of nutrient loads. Addi-
tionally, GPLake assists managers in making a first-order assessment of
measures such as increasing residence time or changing depth, and al-
lows them to assess the amount of effort needed for nutrient load reduc-
tion to meet their water quality standards. As such, GPLake can be
regarded as a versatile and cost-effective tool to estimate the trophic
state of lakes and to explore solutions to eutrophication issues.
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