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a b s t r a c t

Conceptual mathematical modelling of aquatic ecosystems comprises a considerable

amount of knowledge reflected through a vast variety of different models that can be found

in literature. While there is a growing interest in developing unifying documentation sys-
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tems that allow storage of these models, not much work has been done yet on formalization

and storage of the modelling knowledge itself. Such formalization would allow for better

sharing and exchange of knowledge between experts on one hand and make it available

to computational methods for modeling on the other. The knowledge library we develop

here covers the knowledge in the domain of food web modelling in lakes based on dif-

ferential equations. We illustrate the generality of the knowledge in the library through

reconstruction of three well-known models of different complexity from the library, i.e.

[Vollenweider, R.A., The Scientific Basis of Lake and Stream Eutrophication with Partic-

ular Reference to Phosphorus and Nitrogen as Eutrophication Factors. Organisation for

Economic Cooperation and Development, Paris, 1968; Imboden, D., Phosphorus model of

lake eutrophication. Limnol. Oceanogr. 19 (1974) 297–304] and SALMO model [Bendorf, J.,

A contribution to the phosphorus loading concept. Int. Revue ges. Hydrobiol. 64 (2) (1979)

177–188; Recknagel, F., Systemtechnische Prozedur zur Modellierung und Simulation von

Eutrophierungs-prozessen in stehenden und gestauten Gewässern: Sektion Wasserwesen,

TU Dresden, Dresden, 1980]. We also illustrate how computational methods for model induc-

tion from data can benefit from the developed library of knowledge.

© 2005 Elsevier B.V. All rights reserved.

1. Introduction

There are at least three good reasons for modelling of aquatic
systems, i.e. management, prediction and better understand-
ing of the system. Mathematical conceptual models are mostly
used and very popular among scientists (e.g. Jørgensen and
Bendoricchio, 2001; DeAngelis, 1992; Chapra, 1997; and so on)
due to their transparency and clearness to the domain experts.
Many such models have been developed and published in
literature—a comprehensive database of ecological models

∗ Corresponding author. Fax: +386 1 251 98 97.
E-mail address: natanaso@fgg.uni-lj.si (N. Atanasova).

can be found on: http://dino.wiz.uni-kassel.de/ecobas.html
(Benz and Voigt, 1996; Benz and Knorrenschild, 1997). The
models in the database are documented under a unifying doc-
umentation system called ECOBAS (Benz and Hoch, 1997; Hoch
et al., 1998; Benz et al., 2001). Despite their omnipresence,
the task of establishing conceptual models is a very demand-
ing task. The processes we are dealing with in ecological
modelling are dynamic, interdependent, complex, and mostly
not completely understood. The equations used for mod-
elling are therefore adapted to (and reflecting) our incomplete

0304-3800/$ – see front matter © 2005 Elsevier B.V. All rights reserved.
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knowledge. One consequence of this is that the quality of the
obtained models greatly depends on the modeller skills and
experiences and the other is that there is a variety of mathe-
matical formulations for a specific ecological process. In other
words there is no single suitable (corresponding, but not nec-
essarily correct!) model for a specific system.

Computational methods for automated modelling (AM)
aim at assisting scientists with the task of model building.
A subclass of these methods, known as compositional mod-
elling methods are used to build models by composing model
fragments, commonly encoded in a library, into an adequate
model of the entire system. Main elements of the composi-
tional modelling framework are the knowledge base, the spec-
ification of the observed system, and an algorithm capable of
composing and evaluating different models. Rickel and Porter
(1997) introduced and applied an automated modelling sys-
tem TRIPEL, based on compositional modelling approach, for
building models in the complex domain of plant physiology. In
contrast to the compositional modelling approaches, machine
learning methods are usually used to induce models from data
only. Induction enables us to tackle various problems with-
out the necessity to introduce any domain knowledge in the
process of model construction. Successful applications of dif-
ferent machine learning (ML) techniques in ecology can be
found for example in (Kompare, 1995; Kompare et al., 2001;
Todorovski et al., 1998). The models induced by these meth-
ods are so called semi-transparent models, which mean that
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alternative models of the basic processes, and (4) knowledge
how to combine models of individual processes into a model
of the entire ecosystem. Such formalization of the modeling
knowledge paves a way towards easier sharing and exchange
of knowledge between experts. It provides a solid unifying
framework for both handcrafting ecological models as well as
their automated induction from measured data.

The paper is organized as follows. First the automated
modeling framework is explained. Next the domain knowl-
edge about food web modeling in a lake, i.e. basic types of state
variables, processes and mass balances of the state variables
is explained. In Chapter 4, we introduce the library language
formalism and how the library and the modeling task spec-
ification are included in the model induction procedure. In
chapter five we evaluate the generality of the knowledge in the
library by deriving some well-known models from the library.
Finally we give discussion, some guidelines for further work
and conclusions.

2. Automated modelling framework

The procedure of automated modelling using the submit-
ted, i.e. measured and suitably (re)interpreted data (Kompare,
1995) on the one side and the background knowledge on the
other side is shown in Fig. 1. The modelling knowledge is gath-
ered and formalized in a library of domain-specific knowledge.
hey can be partly explained and understood by an expert.
owever, the fact remains that they are induced from data,
ithout incorporating any domain knowledge in the induc-

ion procedure.
Recently, a machine learning approach to AM has been

eveloped, which make use of the domain expert knowledge
o guide the process of induction towards models that follow
he basic principles in the domain of interest (Džeroski and
odorovski, 2003; Todorovski, 2003). In the early days of the
evelopment of these tools (Todorovski and Džeroski, 1997)
he knowledge had to be provided as an explicit specifica-
ion of the space of candidate models. Now, these tools allow
he user to provide higher-level (generic) domain knowledge
bout building mathematical models of complex real-world
ystems. Todorovski (2003) introduced a simple knowledge
ibrary for building models of aquatic ecosystems in order to
onfirm the applicability of knowledge-based induction to the
ask of modelling real-world aquatic ecosystems from noisy

easurement data. He also successfully evaluated the method
n some real-world data, such as Lagoon of Venice and Lake
lumsø. However, the library is rather simple as it does not
roperly cover all aspects of knowledge from the domain of
ood web modelling in lakes.

The main focus of this paper is on building a comprehen-
ive knowledge library that would cover most of the existing
nowledge about modeling aquatic ecosystems. In order to be
ut in the library the knowledge needs to be coded accord-

ng to the formalism (Todorovski, 2003) that is understood by
he AM tool called Lagramge. The knowledge in the library
omprises modeling of food web (or nutrients cycling) in a
ake by following the mass conservation principle. It is for-

alized in terms of (1) taxonomy of variable types, (2) basic
rocesses that govern the behavior of aquatic ecosystems, (3)
The process of gathering and formalizing such knowledge
for food web modelling is the topic of this paper. Next, the
modelling task has to be defined. This is done by user’s spec-
ification of the observed system variables and processes that
are expected to influence the behaviour of the system. Given
a specification of modelling task at hand, Lagramge can now
automatically transform the high-level knowledge from the
library into an operational form of a grammar. This grammar
now completely specifies the space of candidate models of the
observed system. This is illustrated in the lower, left-hand side
of Fig. 1.

Once we have the grammar, we can use the equation dis-
covery system Lagramge to heuristically search through the
space of candidate models, match each of them against sub-
mitted data by fitting the values of the constant parameters.
These models are evaluated (sorted) by two error measure-
ments. One is mean square error (MSE)—it measures the dis-
crepancy between measured data and data obtained by sim-
ulating the model. The other is minimum description length
(MDL) function that takes into account model complexity and
introduces preference towards simpler models. Further details
about the modelling framework from Fig. 1 can be found in
Todorovski (2003).

3. Conceptual mathematical modelling of
aquatic ecosystems

3.1. Conceptualisation of the aquatic ecosystem

After defining the problem and modelling goals, the next step
towards building a mathematical model is conceptualisation
of aquatic ecosystem. It involves a choice regarding spatial
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Fig. 1 – An automated modelling framework based on the integration of domain-specific modelling knowledge in the
process of inducing models from data.

segregation of the aquatic ecosystem into a number of a dis-
crete segments or layers as well as grouping and differen-
tiation of biotic components according to their roles in the
aquatic environment (Beck, 1983). To formulate the model of
a system with a specific conceptualisation we need first to
define the aquatic system. One of the most general definitions
of a system was given by (Bertalanffy, 1972). He defines a sys-
tem as a set of components interrelated between each other
and with the environment. The components are connected
with relations that usually represents exchange of matter,
energy and information. Some components are related with
the environment. The relations that have influence the com-
ponents are called input to the system and those which have
influence on the environment are output from the system.

Having this definition in mind we can conceptualize an
aquatic system through the following groups of variables
(Beck, 1983): (1) independent variables also called forcing or

driving functions, or exogenous variables, representing the
input in the system, (2) dependent variables, also called state
or endogenous variables, which characterise the essential
properties or behaviour of a system as functions of space
and time. These variables represent the systems components,
and (3) measured output variables (in most cases these are
measurements of some of the state variables). Further devel-
opment of this concept leads to a more detailed insight into
the grouping of the biotic components or state variables and
their relations. One way to observe the system is through the
nutrient cycles in the system. State variables are connected
with bio-chemical and physical processes, which are driven
by the forcing functions. In this manner a process is a relation
between the state variables and the independent variables (or
forcing functions). In Fig. 2, we show states and processes in
one segment of a water body. The boxes represent the state
variables, whereas the arrows stand for processes. The names

and
Fig. 2 – Generalized scheme of state variables (boxes)
 relations or processes (arrows) in aquatic ecosystem.
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Fig. 3 – Hierarchical representation of variable types and
sub-types in the knowledge library for lake modelling.

of the physical and biochemical processes are given on the
right-hand side of the picture.

Most models of lake food webs distinguish between fol-
lowing types of state variables: dissolved inorganic nutrients
(like inorganic nitrogen, phosphate, carbon), dissolved oxy-
gen, primary producers (for example some species of algae),
secondary producers (for example some species of zooplank-
ton or fish), dissolved organic matter and detritus (boxes in
Fig. 3). A type of state variable represents one or more state
variables that are influenced similarly by the same type of
processes. For instance two species of algae represent two
state variables of same type (primary producer). Variables are
related with physical, chemical and biological processes as
shown in Fig. 2.

3.2. From conceptual to mathematical model

Mathematically the conceptual model of the system can be
represented in terms of ordinary differential equations (ODEs).
State variables are time and space dependant, so these equa-
tions are commonly used to describe the temporal change of
a specific state variable. The equation is set so that the mass
conservation principle is fulfilled, i.e. all the processes that
influence on the mass change of that variable are summa-
rized in the equation. For example, the mass balance equation
for primary producers includes following biological processes:
growth of pp, non-predatory losses due to respiration, sedi-
m
z

f

describe the relationship between the forcing functions and
the state variables.

3.3. Alternative models for the basic processes

In general the processes can be divided into physical and
bio-chemical. Physical processes include transport and mix-
ing of matter, i.e. they connect the states between different
compartments within the system, such as sediment–water
interaction. To name few: settling of a substance, inflow (of
nutrients), outflow of substances from the system, entrain-
ment of a substance from one to another compartment and
diffusion or mixing. Mathematical formulations of these pro-
cesses are listed in Table 1.

3.3.1. Release of nutrients from sediment
The simplest approach to model this process is to specify an
areal flux from the sediment in the mass balance equations for
dissolved nutrients. This approach is used in QUAL II (Roesner
et al., 1991; Duke and Masch, 1973; Johanson et al., 1980), and
in SALMO (Recknagel, 1980). The other approach (e.g. Chen
and Orlob, 1975; Smith, 1978; Thebault and Salencon, 1993) is
to model nutrients in sediment as a separate dynamic pool (or
layer).

Bio-chemical or kinetic processes involve transformations
of the nutrients from their inorganic form (like PO4

3−, NH3

in the

tion o

olum
entation and mortality, predatory losses due to grazing by
ooplankton species and loss due to outflow (1):

dPP
dt

= growth − respiration − excretion − sedimentation

− mortality − grazing − outflow (1)

Further, each of the processes in the mass balance equation is
ormulated with a mathematical expression. The expressions

Table 1 – Physical processes in a lake

Process description

Inflow of a substance (Cin) that contributes to the concentration of C

Load of a substance (Cin) from land that contributes to the concentra
Outflow of C caused by an outflow from the system
Settling of a substance with concentration C
Diffusion of a substances from one layer (Ci+1) to another (Ci)

C: observed substance (nutrient or biomass) concentration in (mass/v
(time−1); v: settling rate in (depth/time); h: the water layer depth.
or NO3
−) through the food chain to organic form and their

recycling back to inorganic form. These processes involved in
nutrients’ cycling are shown in Fig. 2.

3.4. Chemical processes (first-order kinetics)

Chemical processes include transformations of inorganic
nutrients from one to another inorganic form, such as nitri-
fication (transformation of ammonia to nitrate) and denitri-
fication (transformation of nitrate to nitrogen), hydrolysis of
the dissolved organic matter and decomposition of the partic-
ulate dead organic matter. In most cases they are described
with first-order kinetics equation (2):

dC

dt
= kreff (T)C (2)

where kref is the value of the rate coefficient at reference
temperature (Tref) in (time−1), C the substance concentration
in (mass/volume), f(T) is a temperature adjustment function.
Usual temperature adjustment formulation in these processes

Expression

lake inflow = Cin
Qin
V

f C land load = Cin
Ai
V

outflow = C Q
V

settling = sC A
V

diffusion = vi
h

(Ci+1 − Ci)

e); A: area of the lake; V: volume of the lake; s: sedimentation rate in
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is Arrhenius equation (3):

f (T) = �T−Tref (3)

3.5. Primary producers’ growth

In general the growth of primary producer growth can be
stated as (4):

growth pp = �PP (4)

where PP is a primary producer concentration in
(mass/volume) and � is the primary producer growth rate in
(time−1).

There are three general formulations of the growth pro-
cess according to the growth rate assumptions. Exponential
model assumes a constant growth rate or unlimited growth. It
supposes continuous reproduction, identical organisms, con-
stant environment in space and time (e.g. resources are unlim-
ited). Thus, the process is formulated as (4, where growth rate
� is constant). Unlike the exponential model, logistic model
(Verhulst, 1845) suggests that the population growth is lim-
ited, i.e. it may depend on population density (5):

� = �maxPP
(

1 − PP
PPmax

)
(5)

Ta
bl

e
2

–
A

lt
er

n
at

iv
e

te
m

p
er

at
u

re
ad

ju
st

m
en

t
fu

n
ct

io
n

s
f 1

(T
)

D
es

cr
ip

ti
on

Ex
p

re
ss

io
n

R
ef

er
en

ce

Li
n

ea
r

te
m

p
er

at
u

re
re

sp
on

se
fu

n
ct

io
n

s
ab

ov
e

so
m

e
m

in
im

al
te

m
p

er
at

u
re

T
m

in

f(
T

)=
T
−T

m
in

T
re

f−
T

m
in

Fo
rT

m
in

=
0

:
f(

T
)=

T
T

re
f

T
h

is
ap

p
ro

ac
h

h
as

be
en

u
se

d
e.

g.
in

EX
PL

O
R

E-
I

(B
ac

a
et

al
.,

19
73

),
in

an
ea

rl
y

ve
rs

io
n

of
W

A
SP

(D
iT

or
ro

et
al

.,
19

71
)

Ex
p

on
en

ti
al

te
m

p
er

at
u

re
ad

ju
st

m
en

t
fu

n
ct

io
n

s
f(

T
)=

�
T
−T

re
f

A
rr

h
en

iu
s

or
va

n
’t

H
of

f
eq

u
at

io
n

O
p

ti
m

al
te

m
p

er
at

u
re

ad
ju

st
m

en
t

fu
n

ct
io

n
s

f(
T

)=
ex

p
( −2

.3

∣ ∣ ∣T
−T

op
t

T
op

t−
T

m
in

∣ ∣ ∣)
U

se
d

in
e.

g.
(J

ør
ge

n
se

n
,1

97
6;

Jø
rg

en
se

n
et

al
.,

19
78

)

f(
T

)=
V

x
ex

(1
−V

) ,
V

=
T

m
ax

−T
T

m
ax

−T
op

t
,

x
=

[ W
(1

+√ 1+
40

/
W

)
20

] 2 ,
W

=
ln

(Q
10

)(
T

m
ax

−
T

op
t)

a
Sh

u
ga

rt
et

al
.

(1
97

4)
;

im
p

le
m

en
te

d
in

C
LE

A
N

(B
lo

om
fi

el
d

et
al

.,
19

73
),

C
LE

A
N

ER
(S

ca
vi

a
an

d
Pa

rk
,

19
76

),
M

S.
C

LE
A

N
ER

(P
ar

k
et

al
.,

19
80

)

Si
m

p
li

fi
ed

in
th

e
li

br
ar

y:
f(

T
)=

( T
m

ax
−T

T
m

ax
−T

op
t

) x ·e
xp

[ x

( 1
−

T
m

ax
−T

T
m

ax
−T

op
t

)]
f(

T
)=

2(
1

+
b

)
x

x
2
+2

b
x
+1

,
x

=
T
−T

m
in

T
op

t−
T

m
in

T
h

eb
au

lt
an

d
Sa

le
n

co
n

(1
99

3)
,

im
p

le
m

en
te

d
in

th
e

A
ST

ER
m

od
el

T
m

in
:m

in
im

al
te

m
p

er
at

u
re

;T
re

f:
re

fe
re

n
ce

te
m

p
er

at
u

re
;T

op
t:

op
ti

m
al

te
m

p
er

at
u

re
.

a
Fr

om
th

e
A

rr
h

en
iu

s
eq

u
at

io
n

:k
(T

)=
k
(T

re
f)

�
(T

−T
re

f)
or

Q
10

=
�

10
=

k
(T

x
)/

k
(T

x
−

10
);

k
(T

)=
k
(T

re
f)

Q
(T

−T
re

f)
/1

0
10

.
where �max is the maximal growth rate and PPmax is the upper
limit of the primary producer concentration, referred to as
carrying capacity. Population growth rate declines with the
increase of PP, and reaches zero when PP = PPmax. If PP > PPmax

then the concentration of the primary producer declines.
Most ecological models account for growth, limited by sev-

eral factors, i.e. light, temperature and nutrients. The limiting
factors or functions can be implemented differently in the
expression for the growth rate. Most common formulation of
the process is a product of the limiting functions of tempera-
ture, light and nutrients. The growth rate becomes (6):

� = �max(Tref)f1(T)f2(L)f3(N1, N2, N3) (6)

where �max(Tref) is the growth rate at the reference tempera-
ture (Tref) and optimal conditions (in terms of food, temper-
ature, and light), f1(T) the temperature adjustment of growth
rate, f2(L) the light limitation on growth rate, and f3(N1,N2,N3)
models the nutrients limitation on growth. N1,N2,N3 are the
limiting nutrients for the primary producer growth, such as
phosphorus, carbon, and nitrogen.

Temperature influence on the growth rate can be modelled
with three most common types of functions, i.e. linear, expo-
nential, and optimal temperature adjustment functions. The
linear (exponential) temperature function adjust the growth
rate, so that it increases linearly (exponentially) with the tem-
perature increase. The optimal function adjusts the growth
rate coefficient, so that it increases up to some optimal tem-
perature value, and when the temperature exceeds this value
the growth rate decreases with the temperature. The expres-
sions are listed in Table 2.

The light influence is usually modeled with (1) saturation
type of light limitation functions or (2) photoinhibition type
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of light functions. The first type of the light function can be
expressed with a simple Monod expression (7), or with the
Smith formulation (Smith, 1936) (8):

f2(L) = L

ksL + L
(7)

f2(L) = a1L√
1 + (a1L)2

(8)

where L is the intensity of the light useful for photosynthesis,
KsL the half-saturation constant, and 1/a1 is the slope of the
linear portion of the photosynthesis versus light curve. Note
that the unit of a1 is (light−1).

Photoinhibition type of light function takes into account
that light can also have negative effect on primary producer
growth (photosynthesis) when exceeding a certain value of
light intensity, i.e. optimal light intensity. The function can be
expressed with Steele formulation (Steele, 1965) (9). (Walker,
1975) used a slightly different expression (10):

f2(L) = L

Lopt
e(1−(L/Lopt)) (9)

f2(L) =
(

L

Lopt

)n

e(1−(L/Lopt)n) (10)
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3.6. Secondary producers’ growth

This process models predator–prey interactions, which
include a predatory loss (due to e.g. grazing) of prey on one
hand and the predator growth on the other. Note the impor-
tant difference between primary and secondary producers’
growth. While primary producers need all the inorganic nutri-
ents to be present in the environment at the same time (and
their concentration does not grow in absence of any), sec-
ondary producers can feed on any prey species (and their
concentration grow even in the absence of others). In terms of
mathematical models, this means that we can sum up con-
centrations of individual prey species (Fk) into a total food
concentration (FT) as in (17):

FT =
n∑

k=1

Fk (17)

In cases when predator prefers some prey species over others,
we can take the selective feeding into account using weighted
sum:

FT =
n∑

k=1

pfkFk (18)

where pfk is food preference factor for Fk species.
Two types of the grazing process are usually used in lit-
here Lopt is the optimal light intensity for algal growth and
adjusts the decline rate of the photosynthesis versus light

urve for light intensities above and below the optimum. The
ypical values for n are 0.67, 0.80, and 1.

Talbot et al. (1991) proposed coupled effects of light and
emperatures into one expression in their ASTER model:

= �max(Tref)g(T, L)f3(N1, N2, N3)

utrient limitation for primary producer growth, i.e. function

3 is usually expressed with Monod expression. Limiting func-
ion for a single limiting nutrient is expressed as

3(N) = N

k + N
(11)

rowth limitation by several nutrients is modelled by combin-
ng the single nutrient limitation functions. Different ways of
ombining have been proposed, e.g. Liebig’s law of minimum
12), multiplication (13), or arithmetic mean (14):

3(N1, N2, N3) = min [f3(N1), f3(N2), f3(N3)] (12)

3(N1, N2, N3) = f3(N1)f3(N2)f3(N3) (13)

3(N1, N2, N3) = f3(N1) + f3(N2) + f3(N3)
3

(14)

nstead of Monod model we can also use the Monod2 model
15) or the exponential model (16) as a single nutrient limita-
ion function:

3(N) = N2

k + N2
(15)

3(N) = 1 − e−kN (16)
erature. The first one uses the ingestion rate coefficient and
the second uses the filtration rate, which states the amount
of water filtrated per unit of zooplankton per time, since most
of the zooplankton are filter feeders. Both formulations, i.e.
using the grazing rate coefficient (19) and using the filtration
rate (20) are shown below:

feeding = cg maxf1(T)f3(FT)SP (19)

feeding =
n∑

k=1

Fkcf maxf1(T)f3(FT)SP (20)

where cgmax is the maximal zooplankton ingestion rate coeffi-
cient in (mass PP/(mass SP × time)), SP the secondary producer
concentration (mass/volume), cfmax the maximal filtration rate
coefficient (volume/(mass SP × time)), and Fk is the individual
prey concentration.

Both ingestion and filtration rate coefficients are temper-
ature dependent and should be corrected with temperature
adjustment functions f1(T), presented in the previous section.
Food limitation function f3 is formulated similarly as the nutri-
ent limitation functions for primary producers’ growth, Eqs.
(11), (15), and (16). Here we use the total available food con-
centration FT instead of a single nutrient concentration (Eq.
(21):

f3(FT) = FT

k + FT
(21)

3.7. Respiration and excretion

Excretion by primary producers and animals contribute signif-
icantly to nutrient recycling. Loss of an organism due to respi-
ration or excretion can be generally written as a first-order
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Table 3 – Primary producer respiration rates (r)

Expression Description

r = const Exponential model
r = rreff (T) Rate influenced by temperature,

commonly used in e. models
r = rreff (T) + krf (T)f (N)f (L) Scavia (1980)
r = (ropt − rmin) T

Topt
+ rmin) + r1� Used in SALMO by (Bendorf,

1979; Recknagel, 1980)

rref: respiration rate at reference temperature; ropt: respiration rate
at optimal temperature; kr: maximum incremental increase in res-
piration under conditions of maximal growth; rmin: respiration at
0 ◦C r1 is a portion of gross photosynthesis rate which is consumed
by respiration additionally to the basis respiration.

Table 4 – Primary producer mortality rates (m)

Expression Description and references

m = const Exponential, non-limited model
m = mreff1(T) Temperature influenced model
m = mrefPPf1(T) Second-order kinetics,

temperature influenced
m = mreff1(T)(1 − f2(N)f3(L)) Scavia and Park (1976)
m = mreff1(T) PP

k+PP Nyholm (1978)

mref: mortality rate at reference temperature.

equation (see Eq. (1)), where the rate coefficient is a func-
tion of temperature and/or physiological conditions of the
organism. Many models include only temperature influence.
(Scavia, 1980) and (Recknagel, 1980) in his SALMO model for
example use a model that relates the algae respiration rate
to the physiological conditions of the algal cells. The expres-
sion represents a sum of two components: a low maintenance
rate representing periods of minimal growth and a rate which
is proportional to the maximum growth rate limited by the
growth limitation factors. Formulations for primary producer’s
respiration rate are listed in Table 3.

In case of zooplankton (Table 4) respiration rate is mostly
modeled with first order kinetics, (see Eq. (1)), i.e. only tem-
perature influenced. Some models divide the respiration into
(1) basal metabolism and digestion energetics and (2) active
respiration rate, i.e. the additional respiration associated with
zooplankton activity. This approach is used by e.g. (Scavia,
1980) or (Recknagel, 1980).

Table 6 – Secondary producer mortality rates (m)

Expression Description and references

m = const Exponential, non-limited model
m = mreff1(T) Temperature influenced model
m = mreff1(T)SP Quadratic, e.g. (Steele and Henderson,

1981; Fasham, 1995)
m = m1f1(T) + SPkmf1(T) Bierman et al. (1980)
m = mref

SP
k+SP Hyperbolic expression (Frost, 1987;

Fasham, 1993; Ross et al., 1994)

m = mref
SP2

k2+SP2 Sigmoid expression (Malchow, 1994)

m = mmin + moptT
SP

k+SP SALMO model (Bendorf, 1979;
Recknagel, 1980)

mref: mortality rate at reference temperature; m1: mortality rate
below the critical animal density at reference temperature; km: den-
sity dependant mortality coefficient for increased mortality above
the critical animal density; k: half saturation constant; mmin: mini-
mal mortality rate; mopt: mortality rate at optimal temperature.

3.8. Mortality

Nonpredatory mortality of primary producers includes pro-
cesses like senescence, bacterial decomposition of cells (par-
asitism) stress-induced mortality, due to severe nutrient defi-
ciencies, extreme environmental conditions, or toxic sub-
stances. Commonly, this process is modelled when no other
loss process, such as settling is included. Mortality rate can
be formulated as a constant or a temperature adjusted rate.
Some models relate the mortality rate to the physiological con-
ditions of the algal cells. For example (Scavia and Park, 1976)
use the growth limitation factor as a measure of cell health.
When the limiting factor is near the value of 1 (low limita-
tion) then the mortality is low and vice versa. (Nyholm, 1978)
uses a Monod saturation function of the algal concentrations.
Primary producers’ mortality rates are shown in Table 5.

Zooplankton mortality is modelled with simple tempera-
ture dependant expression, when zooplankton predators are
modelled separately. But if zooplankton mortality represents
the closure term in the food-chain model then more com-
plex expressions are used, which also account for the predator
influence. Bierman et al. (1980) for example use a second order
formulation when the zooplankton density exceeds a certain
level. Other formulations include quadratic (e.g. Steele and
Henderson, 1981; Fasham, 1995), hyperbolic (e.g. Frost, 1987;
Fasham, 1993; Ross et al., 1994) and sigmoid (Malchow, 1994)
closure term. See Table 6 for mortality rate formulations.

Table 5 – Secondary producer respiration rates (r)

Expression

r = const
r = rreff1(T)
r = rminf1(T) + raf1(T)f3(FT)
r = rreff1(T) + krf1(T)Cg( ) ( )

ogeno
espir
food
r = ropt−rmin
Cg max

Cg + rmin
1

ropt
(ropt − rmin) T

Topt
+ rmin

rref: the respiration rate at reference temperature; rmin: minimum end
ra: active respiration rate, kr is fraction of ingested food which is r
maximum ingestion rate, rmin is respiration rate at 0 ◦C and optimal
Description and references

Exponential model
Rate influenced by temperature, commonly used in e models
Scavia et al. (1976) and Scavia (1980)
Scavia et al. (1976) and Park et al. (1980)

Used in SALMO by Bendorf (1979) and Recknagel (1980)

us respiration under starvation conditions at reference temperature;
ed, ropt is respiration rate at optimal temperature for feeding and
supply.
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3.9. The oxygen model

A simple oxygen model is included in the knowledge base. The
general mass balance for oxygen can be written as (22):

dO

dt
= reaeration − consumptions + production (22)

Reaeration represents the exchange of oxygen between air and
water. Usually it is modelled as (23):

reaeration = kL(CS − C) (23)

where C is the concentration of dissolved oxygen, CS the oxy-
gen concentration at saturation, and kL is the transfer coeffi-
cient (time−1).

Consumption of oxygen in lakes is due to following pro-
cesses: microbial degradation of dissolved and particulate
organic matter (decomposition), oxidation of nitrogen (nitri-
fication), sediment oxygen demand (SOD) including oxidation
of settled organic matter and respiration of benthic biota. Oxy-
gen consumption processes, i.e. nitrification, decomposition
and respiration are expressed in same terms as explained
above. The processes are multiplied by a stoichiometric factor
that converts the specific mass into oxygen units. For example
oxygen consumption due to microbial degradation of organic
matter (decomposition) is usually modelled by first-order reac-
t
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the oxygen production per unit of mass PP (mass oxygen/mass
PP).

4. Encoding the lake modelling knowledge
into a knowledge library

The main goal of the AM approach used in this research is
to use the background expert knowledge in the procedure of
automated model induction from data. In order to be used
in the automated modelling procedure the modelling knowl-
edge needs to be coded in appropriate formalism (Todorovski,
2003) understandable to the AM tool (Lagramge) and stored in
a domain specific library. The knowledge library is written in
a form of generic processes connected in combining schemes,
which in ecological language represent a mass balances for
the state variables. Thus, the library offers knowledge for mod-
elling of the aquatic system processes through mass balances
of the system’s state variables. Fig. 2 shows the basic processes
in the knowledge library and their influence on the state vari-
ables.

The knowledge in the library is coded in form of (1) taxon-
omy of variable types, (2) taxonomy of basic process classes
that govern the behavior of aquatic ecosystems, (3) alterna-
tives for modeling processes from each class, and (4) knowl-
edge how to combine models of individual processes into a
model of the entire ecosystem (Todorovski, 2003).

or la
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ion (24):

ons decomposition = −kDDYO:C (24)

here D is the organic matter concentration, k the mineral-
zation coefficient, and Y is the stoichiometric coefficient of
ransformation from org. C to O (mgO2/mgC).

Finally, oxygen production in photosynthesis is expressed
n terms of growth of primary producers:

x prod = �PPYO:PP (25)

here m is the growth rate of primary producer (time−1), PP the
rimary producer concentration (mass/volume) and YO:PP is

Table 7 – Taxonomy of variables in the knowledge library f

Variable type

Type Concentration is real Concentration
Type Light is real Light intensit
Type Temperature is real Temperature
Type Precipitation is real Precipitations
Type Flow is real Flow rate
Type Area is real Contributing a
Type Inorganic is Concentration Dissolved ino
Type Population is Concentration Concentration
Type Detritus is Population Particulate de
Type Oxygen is Concentration Dissolved oxy
Type Dom is Concentration Dissolved org
Type Primary producer is Population Primary produ
Type Animal is Population Secondary pro
The types of variables defined in the library correspond to
the types presented in Section 3. Taxonomy of variable types
is given in Table 7, which is schematically represented in Fig. 3.

Concentration is generic variable type that is defined as
a non-negative real number. It has four subtypes, i.e. Inor-
ganic, representing the dissolved inorganic nutrients, pop-
ulation representing the organic particulate matter, Dom,
denoting a dissolved organic matter and oxygen representing
dissolved oxygen concentration. Population has again three
sub-types—Primary producer, Animal, and Detritus. Note that
the hierarchical representation defines inheritance of types,
i.e. a variable of a type Animal also belongs to Population and
Concentration types. To model interactions between many
species, e.g. when we model interaction between a single

ke modelling

cription Dependant
(state)/independent

substance Generic
Independent
Independent
Independent
Independent

f the incoming nutrients Independent
nutrients Dependant

population Generic
ganic matter Dependant

Dependent
atter Dependant

Dependant
rs Dependant
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Fig. 4 – Encoding the modelling knowledge for the process class of primary producer growth.

primary producer and more than one inorganic nutrient,
the later is specified as a set of variables. Thus, a variable
type can be defined that denote a set of variables of the
same type. Declaration of a set of primary producers is given
below:

type Inorganics is set(Inorganic)

Furthermore, we have to specify the basic bio-chemical
and physical process classes that influence the state vari-
ables in the domain of interest. Fig. 2 specifies these pro-
cess classes—each process class correspond to one of the
enumerated arrows there. Each process class definition spec-
ifies the types of the variables involved in (or influenced
by) the process, and typical alternative expressions used to
model processes in the class. We define as many process sub-
classes of the process class as there are alternative models
for that class. Each model is specified as an expression tem-
plate that includes variables involved in the process class and
generic constant parameters, which are specified with the
symbol const(name, lower bound, initial value, upper bound).
The values of the generic parameter constants are to be fit-
ted against measurement data in the model calibration phase.
Expressions may also refer to other processes as well as func-
tions, which are defined separately in the library. The defini-
tion of function class is equivalent to the process class def-
inition except the keyword process class is replaced with the
keyword function class. The difference is in the fact that func-

in Section 3. The formal encoding of the process class can be
found in Appendix A.

Finally, in order to build a model of the whole system, we
have to know how to combine the models of individual pro-
cess classes together. Mass balance equation (1) gives a recipe
for combining expressions used to model different process
classes into a differential equation for the temporal change of
primary producer concentration. In our formalism, we have
to specify such a combining scheme for each system variable
type.

Consider the two combining schemes presented in Table 8.
The first one is for inorganic nutrients while the is for primary
producers.1 The temporal change of primary producer is influ-
enced by eight process classes. Two process classes positively
influence the primary producer change: PP growth and Diffu-
sion. The latter refers to processes of interchange of primary
producer concentrations between lake layers—the expression
sum({pp1}, true, Diffusion(pp, pp1)) denotes that we want to
sum up all the processes that contribute to the pp concen-
tration in the current layer from all the neighboring layers
(pp1 denotes primary producer concentration in each of the
neighboring layers). Note however, that the Diffusion(pp1, pp)
denotes the concentration flow in the opposite direction (from
current to neighboring layers)—that is why the influence of
these processes to the pp concentration is negative. Similarly,
the process class of PP growth positively influences the con-
centration of primary producer (second combining scheme),
tions do not necessary represent processes in the domain of
interest.

For example, consider the definition of the primary pro-
ducer growth process class, presented in Fig. 4. From this
illustration we can understand the tree structure of the for-
malism. The primary producer (pp) growth can be influenced
by a set of inorganic nutrients (ns), temperature (ts), and light
(ls). Recall from Section 3, that the growth is modelled using
one of the alternatives presented in Eqs. (4)–(6), which corre-
spond to three different models of Growth rate, multiplied by
concentration pp. When the third (limited growth) alternative
is being used, we have to consider the modelling alternatives
for food limitation (3 different forms), light limitation (two
forms), and temperature influence (three forms) as specified
while it causes decrease of the concentrations of inorganic
nutrients consumed by pp (first combining scheme). The con-
dition i in food specifies that only those inorganic nutrients
consumed by pp are negatively influenced by its growth. While
the sum aggregation function is usually used to bring together
all the processes from a particular class that influence the
observed system variable, it also denotes that in absence of
such processes, the value of the corresponding term is zero.

The complete knowledge library for modelling lake ecosys-
tems is given in Appendix A.

1 Note that for clarity reasons, the combining scheme for inor-
ganic nutrients is only partially presented.
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Table 8 – A segment of the combining schemes specification for the variable types Inorganic and Primary producer

4.1. Modelling task specification—using the library for
inducing different model structures

The presented library encodes knowledge that can be used
for modelling an arbitrary lake ecosystem. User faced with a
particular modelling task has to specify a list of observed vari-
ables and processes in the observed system (see also Fig. 1).
Observed variables are declared in following way:

variable variable type ‘variable name’

We can use the word system in front of the word variable
if the variable is a state variable and we want to discover an
equation for that specific variable. The processes are declared
by the word process, process name and the process arguments.
For example the process:

process PP growth(phyto, {ortp}, {temp}, {light})

describes that the phytoplankton (phyto) growth is limited
by temperature, light, and inorganic nutrient ortp. Note that
the variables in the curly brackets, i.e. {ortp}, {light} and
{temp} denote sets. They can include arbitrary number of
elements—note that empty sets are also allowed as in

process PP growth(phyto, {phosp, nitro}, {temp}, {})

which denotes that phytoplankton growth is limited by two
inorganic nutrients (phosp and nitro) and temperature and is
n

l
t
o
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only defines the state variables and does not specify any pro-
cesses. In this case, Lagramge would search for models that are
based on an arbitrary combination of possible basic processes.
If we know the relevant process classes for the observed sys-
tem (or the particular system variable), we can further limit
the space of candidate models to those that include these
processes from those classes. Now, Lagramge will search for
a suitable process formulation within the specified process
classes. Further limitation would include a specification of the
process formulation within the process class. In this case, the
structure of the model is completely defined by the user and
Lagramge performs only parameter calibration according to
the given data set. Theoretically, we could even determine the
parameters’ values and contract the search space to a single
model, which would be a null task for Lagramge. Thus, the
modelling formalism has the ability to complete a partially
specified model.

5. Generality of the domain knowledge in
the library - deriving well-known models

The generality of the knowledge comprised in the library was
evaluated by generating grammars for several well-known
ecological models of different complexity. One of the first eco-
logical models for the estimation of a lake trophic state was
ot influenced by the light intensity.
The space of candidate models depends on the knowledge

ibrary and the modelling task specification. The user can con-
rol the space of candidate models by providing different levels
f detail about the model in the task specification. The detail

evel of the model definition can vary according to the expert
nowledge about the observed system—the more structure is
efined (or fixed) in the task specification, the smaller is the
pace of candidate models. This space is largest if the user
Vollenweider’s model (Vollenweider, 1968). The model consists
of a single Eq. (26) that describes the change in phosphorus
concentration in a lake. Thus, it has one state variable ([P]) and
three processes, i.e. inflow of phosphorus to the lake, loss of
phosphorus due to sedimentation and outflow of phosphorus
from the lake:

d [P]
dt

= Pin

V
− Ksed

h
[P] − Q

V
[P] (26)
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Table 9 – Task specification for the Vollenweider’s model

Variable Inorganic p in Process Inflow(p, p in, q in) inflow
System variable Inorganic p Process Outflow(p, q out) outflow
Variable Flow q in Process class Sedimentation (p)

sedimentation
Variable Flow q out

Table 10 – The grammar of model structures for the
Vollenweider’s model task specification (Table 9)

Outflow(p, q out) → p*q out/const (volume)
Inflow(p, p in1, q in) → p in1*q in/const (volume)
Sedimentation(p) → p*const[s:0.0001:0.02:0.3]/const[h:10:10:10]

Task specification to describe this model is given in Table 9.
Variables are declared in the first four lines, i.e. one state
variable, i.e. phosphorus (p of type Inorganic) and three inde-
pendent variables, i.e. phosphorus concentration in the inflow
(p in of type Inorganic), inflow and outflow flow rates (q in and
q out of type Flow). In the next lines processes in the system
are given. The process Inflow represents inflow of phospho-
rus (p in) with the flow rate q in to the system, contributing
to the concentration of phosphorus in the lake (p). Next pro-
cess, i.e. Outflow represents the outflow of p with the flow
rate q out. Finally, the process Sedimentation is declared with a
single attribute p representing the sedimentation of the state
variable p.

Given the task specification from Table 9 and the knowl-
edge library Lagramge transformed the task into a grammar
of possible model structures. The grammar specifies the can-
didate models in following way. First the combining schemes
(mass balances) for the system variables (p) are applied:

p′ = Inflow(p, p in1, q in) − Outflow(p, q out) − Sedimentation(p)

Each combining scheme (only one in this case) adequately
combines the processes that influence on the specific state
variable. The automated modelling system then enquires the
taxonomy for all possible expressions used to model each of
the component processes (that is Inflow, Outflow, and Sedi-
mentation, see Table 10).

From Table 10, it is evident that for this task we have a

Fig. 5 – Conceptual model for stratified lake (Imboden,
1974).

Imboden (1974) suggested a two-compartment (stratified)
model for soluble reactive (inorganic) phosphorus (SRP) and
phosphorus in algae or particulate reactive phosphorus (PRP),
or phosphorus in phytoplankton. The model includes four
state variables (SRP in epi- and hypolimnion and PRP in epi-
and hypolimnion) and 14 processes as shown in Fig. 5. In its
first version of the Imboden model the processes were for-
mulated with first-order equations. The model was improved
(Imboden and Gachter, 1978) by replacing first-order kinetics
(2) with the Monod one (11). All variations of the original model
can be generated from the knowledge library with the task
given in Table 11. This is evident from the grammar (Table 12)
obtained from the knowledge library and the given task spec-
ification. Note however that with proper limitations in the
library we can derive the structures one at a time, as explained
in Section 4.

First, the mass balance equations (combining schemes of
processes) are listed for the state variables: ortp e, ortp h,
phyto e and phyto h (lines 1–4 in Table 12). Note that processes
are the same as those given in Fig. 5. Further in the gram-
mar we show the variations of the primary producer growth
process for phytoplankton in epilimnion (line 5 in Table 12),
in this case unlimited growth, which represents a first-order
kinetics formulation (lines 6 and 8 in Table 12) and limited
growth representing nutrient limited growth using the Monod
formulation (see lines 7, 9, 12 and 13 in Table 12). Temperature
and light are not taken into account by this model. The terms
single model structure, identical to the Vollenweider’s model
(26).

Further development of the lake models included more
complexity, i.e. modelling more state variables and processes.

Table 11 – Task specification for Imboden’s model

Variable Inorganic ortp in
Variable Flow q in
Variable Flow q out
System variable Inorganic ortp e
System variable Inorganic ortp h
System variable Primary producer phyto e
System variable Primary producer phyto h
Process Inflow(ortp e, ortp in,q in) inflow1
Process Outflow(ortp e, q out) outflow1
Process Diffusion(ortp e,ortp h) diff1
Process Diffusion(phyto e,phyto h) diff3
for those influences are equal to 1, which means no influence
(lines 10 and 11 in Table 12).

Process PP growth(phyto e, {ortp e}, {}, {}) gr1
Process Respiration PP(phyto e, {},{},{}) respiration1
Process Respiration PP(phyto h, {},{},{}) respiration2
Process Respiration PP nut(ortp e,phyto e,{},{},{}) respiration nut1
Process Respiration PP nut(ortp h,phyto h,{},{},{}) respiration nut2
Process Sedimentation to(phyto e,phyto h) sed1
Process Sedimentation to(ortp e,ortp h) sed2
Process Sedimentation(ortp h) sed3
Process Sedimentation(phyto h) sed4
Process Sediment release(ortp h,{}) sed release1
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Table 12 – A segment of the Imboden’s model grammar

The last example of model generation is a fairly complex
model SALMO elaborated by (Bendorf, 1979) and (Recknagel,
1980). The model simulates system variables in a strati-
fied lake with two layers epi- and hypolimnion. The con-
ceptual model in Fig. 6 shows the state variables and
how they are related with processes. In each layer we

have seven state variables, i.e. two inorganic nutrients
(ortophosphate and nitrogen), two primary producers, one
animal (zooplankton), detritus and dissolved oxygen. Mix-
ing is applied to connect the states of a specific variable
in separate layers. The process is defined in the library as
Diffusion.

Fig. 6 – Conceptual model of SALMO (Bendorf, 1979; Recknagel, 1980).
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Table 13 – Task specification for SALMO-two layers

The task specification for this model (two layers) is given
in (Table 13). First, the independent variables are declared,
i.e. external loads with inorganic nutrients (soluble inorganic
phosphorus and nitrogen in the epi- and hypolimnium inflows
psepi in, pshypo in, nsepi in and nshypo in), flow rates of the
inflow and outflow (q in and q out), water temperature in epi-
and hypolimnion (temp e and temp h) and light intensity in
both layers (light e and light h). Next the system variables
described above (seven variables in each layer) are defined.
The rest of the task specification contains knowledge about
the processes taking place in the system. The processes cor-
respond to the conceptual model in Fig. 6.

Nutrient consumption is defined through the process
PP Growth, while Grazing correspond to the process Feeds on.
P- and N-remineralisation are defined in process Excretion A.
The process Mortality A represents the loss of zooplankton
due to predation by fish, though fish is not included in the
model as state variable. In the library the PP Growth pro-
cess represent the gross growth rate of a primary producer
therefore we additionally introduced the process Respiration PP
to account for net growth of PP. State variables in epi and

hypolimnion are connected through the process Diffusion. The
process Transformation minus stands for loss of inorganic nutri-
ent. In this case it is used for (1) loss of soluble phospho-
rus in epilimnion due to precipitation with calcite or other
materials and (2) loss of nitrate in hypolimnion due to deni-
trification. Production of oxygen in photosynthesis is defined
with the process Ox prod and finally oxygen consumptions are
put in the process Load sed. This task specification is trans-
formed into a grammar of many different model structures.
However, the SALMO model can also be found among those
structures.

6. Discussion

In this paper we present an approach to AM of food webs
in lakes as a solid unifying framework for both handcrafting
ecological models as well as their automated induction from
measured data. This is enabled by encoding the existing mod-
eling knowledge into a library of generic variables, constants
and processes. Given a specification of an observed system,
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the AM tool transforms the task specification into specific
model structures for the observed system. The structures are
later optimized (according to given measurements of the sys-
tem variables). This part is not presented here, but is described
in the paper by Todorovski and Džeroski in this issue.

The generality of the knowledge in the library was demon-
strated by generating grammars (from task specifications) that
include some known lake models. Here we should point that
giving those task specifications to Lagramge, produces gram-
mars that may generate alternative models in addition to the
specified ones. As we already mentioned the library contain
more than one formulation for a specific process, which is
reflected in the grammars. However, if the user prefers a cer-
tain model structure and do not wish other structures to be
calibrated against the given data set, they can simply turn off
the other formulations in the library.

The task for the simple Vollenweider’s model (Table 9) gen-
erates a grammar that includes a single possible model since
the model processes (inflow, outflow and sedimentation) have
only one possible formulation in the library (see Table 10).
This is not the case with the other two models. Imboden’s
model task specification contains processes with multiple for-
mulations in the library. For example the process PP growth
has 20 different formulations (if light and temperature influ-
ences are included), as evident from Fig. 4. In this case, since
temperature and light influences are not included we have
five alternatives for this process. The task given in Table 11
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However the library has limitations, but is also a subject of
extension. Major limitations of the library are connected with
the present stage of Lagramge software development, i.e. (1)
regarding the physical segmentation only box models can be
built, i.e. partial differential equations can not be induced and
(2) only fixed internal nutrient levels in primary producers and
animals are supported. The models considered here emerged
extensively in the 1970s and early 1980s. More recent models
include a spatial dimension, since the progress in computing
power facilities. Our estimation is that the library covers most
of the models developed in the 1970s and 1980s.

Our work on building a library of knowledge for build-
ing models of ecosystem is closely related to several other
approaches. First, the PRET reasoning system for automated
modeling employs different kinds of modeling knowledge
(Bradley et al., 2001): domain specific knowledge in the form
of “conservation rules”, which are more general than the
domain knowledge about model fragments and their composi-
tion used in our approach. Therefore, PRET rules constrain the
space of possible models much less. Our approach is also sim-
ilar to the ECOLOGIC (Robertson et al., 1991) approach since
they both allow for representing modeling knowledge and
domain-specific knowledge. However, in ECOLOGIC, the user
has to select himself among the alternative models, whereas
in our approach observational data is used to select among
the alternatives. Finally, Salles and Bredeweg (2003) present a
similar framework for building models of population and com-
nduces a grammar that contains all variations of the Imbo-
en’s model: from the simplest one which formulates all of the
rocesses with a first-order kinetics to the more complex that

ncludes the Monod kinetics as evident from the segment of
he grammar shown in Table 12. Further procedure of system
dentification with Lagramge would require a suitable data set

ith the measurements of all state variables in the model.
agramge would evaluate (calibrate) all variations in order to
eturn the variation of the Imbodens model that fits the mea-
ured data best. Note however that with proper limitations in
he library we can derive the structures one at a time.

SALMO (Bendorf, 1979) and (Recknagel, 1980) is the most
omplex model in this series. Consequently the biggest task
pecification (Table 13) is required to describe the model. The
orresponding grammar is much bigger than the previous
wo. Besides the formulations used in SALMO the grammar

ay also contain all others from the library, unless they are
switched off’. In that case the grammar will only contain
he SALMO model and the calibration on given measure-

ents will only include this model. Note that SALMO in its
riginal formulation accounts for system seasonality by ade-
uately changing its structure. This cannot be considered in
ur modelling procedure in a straightforward manner. Data
re-processing is needed, in order to construct models of dif-
erent structure for each season. Models for each season need
o be induced on adequately prepared data for that season, e.g.
inter stagnation (full circulation) models need to be induced
n data that represent the winter stagnation period.

In this research we illustrated the generality of the knowl-
dge included in the library by writing task specifications
hat would generate grammars for some well-known models.
ndeed, the knowledge is quite comprehensive, since we can
enerate fairly complex models, like SALMO (Recknagel, 1980).
munity dynamics. In contrast with our approach, they focus
on building qualitative conceptual models that do not require
numeric data nor provide precise simulation of system behav-
ior.

We should stress that the knowledge in the library is
expressed in a process-based modeling formalism and can
be used by machine learning systems that induce process
models: Lagramge is one of these, but other systems exist,
cf. Asgharbeygi et al. (in press) and Todorovski et al. (in press).
The AM method need not use a transformation to grammars,
but may instead search the space of process models directly
(Todorovski et al., in press).

In terms of limitations of the proposed approach, we should
mention that the more background knowledge (in terms of
alternative formulations of generic processes), the larger the
search space, i.e. number of generated models, is. This, in turn,
makes a discovery of the “right” model more difficult, in the
sense that larger quantities of good quality data are needed
to identify it from the remaining candidate models. Thus, one
should be careful and design the task specification (and to an
extent the knowledge library) so as to identify the most rele-
vant processes and formulations for the task at hand.

7. Further work

In order to spread this approach of automated modelling
among experts further work is aimed to developing a graphi-
cal user interface for model construction. All levels of model
building supported by Lagramge will be included, namely:

- The user lets Lagramge to build the model. For this task
the user must give following data to the software: physical
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segmentation and data of the system, a choice and type of
state variables and forcing functions. Based on this informa-
tion Lagramge can build a model according to the combining
schemes (mass balances) coded in Lagramges library.

- User builds a model according to his or her knowledge about
the system, or building models from scratch. This option
requires for user to define the model structure: required data
are same as above plus connections of the state variables
with processes and definition of the processes. The pro-
cesses and their formulations are chosen from the library.
The range of parameters values can be set or the default
values from the library can be used.

- The third option will offer some ready made models, like
those explained in this paper. Those can be used as they
are (only calibration) or they can be modified. Modifica-
tion includes either a choice of another formulation for
some processes, or enlargement of the search space of mod-
els by choosing more than one formulation for a specific
process.

Extension of Lagramge to other related domains, like mod-
elling of wastewater treatment plants, river modelling, which
also means solving of partial differential equations is another
task to be done in near future.

Finally a task that we are working on at the moment is
application of the method to real world problems. This has
partly been done by Todorovski (2003), who tested Lagramge

library enables building more comprehensive and complex
models, which is by now strongly limited by the computational
demands of the non-linear optimisation method.

8. Conclusions

In this research we introduced an approach to automated
modelling relying on compositional induction that joins con-
ceptual modelling and model induction from data. In particu-
lar we focused on building a comprehensive domain library of
lakes ecosystem generic (elementary) models to support such
modelling. The library includes many important processes
used in a lake food web modelling and covers a great part of
ecological models. The generality of the library was shown
by reconstruction of well-known ecological models starting
with the simple Vollenweider’s model of one equation. Further
we reconstructed two more complex models, i.e. (Imboden,
1974) and SALMO (Bendorf, 1979; Recknagel, 1980) model. Both
models support physical segmentation of the lake. Moreover,
SALMO includes many additional processes including sedi-
ment interaction. These examples illustrated the generality
of the knowledge encoded in the library. However, the real
power of the presented approach is in the searching technique
among the space of all possible models, i.e. discovering the
best model structure for given knowledge and data. Further
work is focused on popularisation of the method among ecol-
using the previous version of the knowledge library on sev-
eral domains like lake Glumsoe and lagoon of Venice. Models
were simple (one equation). The extension of the knowledge

Appendix A. Complete knowledge library
ogy experts and implementation to real world data, i.e. real
system identification using the combination of domain knowl-
edge and measured data.
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comparative study and mathematical modelling of
temperature and light on growth of three microalgae
potentially useful for wastewater treatment. Water Res. 25,
465–472.

Thebault, J.-M., Salencon, M.-J., 1993. Simulation model of a
mesotrophic reservoir (Lac de Pareloup, France): biological
model. Ecol. Model. 65 (1–2), 1–30.

Todorovski, L., Bridewell, W., Shiran, O., Langley, P., in press.
Inducing hierarchical process models in dynamic domains.

Proceedings of the 12th National Conference on Artificial
Intelligence.

Todorovski, L., 2003. Using Domain Knowledge for Automated
Modeling of Dynamic Systems with Equation Discovery:
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d’accroissement de la population. Nouv. mém. de
l’Academie Royale des Sci. et Belles-Lettres de Bruxelles 18,
1–41.

Vollenweider, R.A., 1968. The scientific basis of lake and stream
eutrophication with particular reference to phosphorus and
nitrogen as eutrophication factors. Organisation for
Economic Cooperation and Development,
Paris.

Walker, W. Description of the Charles River Basin Model: Ch. 6
of the Final Report on the Storrow Lagoon Demonstration
Plant, Process Research, Inc. For Commonwealth of
Massachusetts, Metropolitan District Commision,
Cambridge, Massachusetts, 1975.


	Constructing a library of domain knowledge for automated modelling of aquatic ecosystems
	Introduction
	Automated modelling framework
	Conceptual mathematical modelling of aquatic ecosystems
	Conceptualisation of the aquatic ecosystem
	From conceptual to mathematical model
	Alternative models for the basic processes
	Release of nutrients from sediment

	Chemical processes (first-order kinetics)
	Primary producers' growth
	Secondary producers' growth
	Respiration and excretion
	Mortality
	The oxygen model

	Encoding the lake modelling knowledge into a knowledge library
	Modelling task specification-using the library for inducing different model structures

	Generality of the domain knowledge in the library - deriving well-known models
	Discussion
	Further work
	Conclusions
	Complete knowledge library
	References


