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Abstract. In this papera knowledge-basediecision support systemis
described that determines the abiditlemicaland physical) characteristics
of a site on the basis of in-homogeneoussamples of plant species.
Techniques from thareaof non-monotonicreasoningare applied to model
multi-interpretable input information.

1 Introduction

Plantsonly grow in environmentswhere conditions are appropriate. Knowledge of
which set of factors is necessary for species to germinate and cothpietde-cycle,
has been acquiredby expertsover a large number of years. This knowledge of
environmentapreference®f plant speciesmakesit possibleto derive information
abouta terrain’s abiotic (physical and chemical) characteristicon the basis of the
plant species found. More specifically, experts are able to deriabtbéic conditions
of a site in term®f acidity, nutrient value and moisturefrom the abiotic preferences
of the species comprising the vegetation.

If knowledge onabiotic preference®f plant specieds available,naturemanagers
can use their knowledge of the plant species found in a specific terdetetmineits
abiotic conditions. Often, however, these managersdo not possesssuch detailed
knowledge. AnEnvironmentalkKnowledge-base®ystem,EKS, hasbeendesignedo
support them in this decision making process. Once the abiotic condifi@terrain
have been determined, measures can be proposed to maintain or to ithprgwality
of the site.

The specificdomainof applicationin the currentimplementationis grasslands.
The knowledge-basedsystem, the developmentof which was funded by the

1 In: A.P. del Pobil, J. Mira, and M. Ali (eds.), Tasksand Methodsin Applied
Artificial Intelligence (Proceeding®f the 11th InternationalConferenceon Industrial

and Engineering Applications of Al and Expert Systems, IEA/AIE'98, vol. I1), Lecture
Notes in Al, vol. 1416, Springer Verlag, 1998, pp. 815-825
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organisationdnternationalPlant TechnologyServices(IPTS) andthe State Forestry
Department of the Dutch Ministry of Agriculture and Nature Management
(Staatsbosbeheer), is basmtknowledgeacquiredfrom expertsin the fields of Plant
Ecology, Eco-hydrology, and SdiciencesAcquiring consensudetweenexpertson

the responsef individual plant specieswith respectto specific abiotic conditionsis

one of the main achievements of this project.

The observationgnadein the field, a sample,canoften be interpretedin various
ways. The meaning of the presence of a specific plant species depehdvign the
experttakes.To be ableto determinewhich conclusionscan be reachedthe expert
needs to identify and interpret the different views possible. In this paper, the domain of
application is introduced in Section 2. In Sect®the knowledge-basedystemEKS
is described. In Section 4 the reported results are discussed.

2 Domain of Application

Experts identify theabiotic conditionsof a terrainon the basisof plant specieghey
encounterTheseconditionsare expresseds valuesfor eachof the abiotic factors:
acidity (basic,neutral,slightly acid, fairly acid, acid), nutrient value (nutrient poor,
fairly nutrient rich, nutrient rich, very nutrient rich) amaisture (very dry, fairly dry,
fairly moist, very moist, fairly wet, very wet).

In an abiotic homogeneous situation, a common set of abiotic conditions are found
that are (by definition) shared by the plant species encountered on thetsitAniyue
to determine the abiotic conditions in this case is described in Sectidn Prhctice,
however, samplesoften include groups of plant speciesthat, accordingto the
knowledge available, could not possibly be found under the same abiotic condiitions.
may also be the casethat the samplehasbeentaken from a site where the abiotic
conditions vary (for instance, ontarrainforming the transition betweendry and wet
ground).But it also may happenthat the heterogeneitycan be explainedby specific
interactionbetweenthe speciesn the sample.In many casesit is not possibleto
eliminate heterogeneitfrom a sample.Thereforea methodis requiredthat respects
heterogeneityand provides a basis for the analysis of the ingredients of the
heterogeneityA methodto determinewhich compatiblegroupsof plant speciescan
be distinguished within such a sample is described in Section 2.2.

2.1. Homogeneous Sample: Greatest Common Denominator

In a homogeneous situation, at least one set of abiotic conditiorisedannd that is
shared by all species inhabiting the site. @@ampleof a group of plant specieshat
can occur in a homogeneous situation is used to illustrate this techBicaraination
of these plant speciedepictedin Table 1, showsall possiblevaluesfor eachof the
three abiotic factors, for each of the plant species.For example, the abiotic
requirements o€altha palustris, are:

- very moist or fairly wet,

- basic, neutral or slightly acid,

- nutrient poor, fairly nutrient rich or nutrient rich terrain.
For the specieBoa trivialis a terrain needs to be
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- fairly moist, very moist or fairly wet,
- basic or neutral,
- nutrient rich or very nutrient rich.
If both species occur in a terrain, this implies that the terrain can only be:
- very moist or fairly wet,
- basic or neutral,
- nutrient rich.

The occurrenceof a single speciesrestrictsthe possible abiotic conditions of the
terrain, but the occurrenceof speciesin combinationrestrictsthe possible abiotic
conditions even further.

Moisture Acidity Nutrient Value
Species vd | fd | fim Jvm| fw| vw]lbas|ned sad fac| ac|{np|fnr | nr Jvnr|
Angelica sylvestris x | x x | x x | x
Caltha palustris ssp palustrig| X | x X | x | x x | x |x
Carex acutiformis x | x x | x x | x
Carex acuta X | x| xlIx|x]x X | x| x
Deschampsia caespitosa x | x| x x | x |x x| x| x
Epilobium parviflorum X | x X | x | x X | x
Equisetum palustre X Ix I x| xlIx|x]x x | x| x
Galium palustre x | x X | x | x x| x | x| x
Glyceria fluitans x| x| xIx|x]x]x x| x| x
Juncus articulatus X | x X | x | x x| x | x| x
Lathyrus pratensis x | x x | x |x x | x
Myosotis palustris X | x X | x | x X | x| x
Phalaris arundinacea xIx | x| xIx|x x | x
Phleum pratense ssp pratende X | x X | x x | x
Poa trivialis x | x| x x | x x | x
Scirpus sylvaticus X | x| x I x| x|]x X | x

Table 1. A homogeneous sample

Analysis of the abiotic conditions for all plant spegiessentedn Table 1 shows
that only a limited number of possibilities (but more than one) céourel in which
all of these plant speciesn occurtogether.This greatest common denominator for
the given plant species is defined by the following set of abiotic conditions:

- very moist

- basic or neutral

- nutrient rich
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The combinationof theseplant speciesindicatesthat a site on which theseplant
species are found necessarily fulfils these conditions.

Moisture Acidity Nutrient Value
Species vd | fd | fim Jvm] fw] vw]lbasiney sad fac| ac|inp|fnr| nr Jvnr
Angelica sylvestris x | x x | x x | x
Anthoxanthum odoratum x | x |x x | x x | x
Caltha palustris ssp palustrig x | x x | x |x x | x| x
Carex acutiformis X | x x | x x | x
Carex acuta x| x| x|Ix|x]x X | x| x
Carex nigra x | x| x x I x| xIx]x
Carex panicea x | x| x x | x x | x
Carex riparia x| x| xIx]x x | x
Cirsium oleraceum x | x x | x x | x
Cirsium palustre X X | x | x x | x |x
Crepis paludosa x | x| x x | x |x x | x
Deschampsia caespitosa x | x| x X | x | x X | x| x
Epilobium palustre x | x| x X x | x
Epilobium parviflorum X | x X | x | x X | x
Equisetum palustre X Ix I x| xlIx|x]x x| x| x
Filipendula ulmaria X X | x | x x | x |x
Galium palustre x | x x | x |x x I x| x]x
Glyceria fluitans X | x| xfIx|x]x]x X | x| x
Juncus articulatus x | x X | x |x X Ix | x| x
Juncus conglomeratus x | x | x X | x X | x
Lathyrus pratensis x | x x | x |x x | x
Lotus uliginosus x | x| x X | x | x x | x |x
Lychnis flos cuculi x | x x | x |x x | x
Lysimachia vulgaris x | x| x X | x | x x | x |x
Myosotis palustris x | x x | x |x x| x| x
Phalaris arundinacea x| x | x| xIx|x x | x
Phleum pratense ssp pratende x | x x | x x | x
Poa trivialis x | x| x x | x x | x
Scirpus sylvaticus X I x| xix]x|]x x | x

Table 2. An inhomogeneous sample
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2.2 Inhomogeneous Sample: Maximal Indicative Subsets

In the inhomogeneousase,a sampledoesnot havea greatescommondenominator
of abiotic conditions. An examplesample (from the Pommerensite) is shownin
Table 2, together withhe possiblevaluesfor the threeabiotic factorsfor eachplant
species. Focusing on the acidity of a terrain shihasAngelica sylvestris and Carex
acutiformis, for example,only grow underbasicor neutral conditions, whereas for
example Carex nigra and Carex panicea, foundin the samesample,only grow on a
slightly or fairly acid site. Thesespecieshowever,areall in the samesample.One
common set of possiblealuesof the abiotic factorsfor all plant speciescannot be
derived.

A comparableanalysisfor all plant speciesin the samesamplefor the abiotic
factors is required. To this purpose groups of plant speciademtified: plant species
that canall abidein the sameabiotic conditions,defininga homogeneougroup of
plants. By groupingplant speciesinto the largestpossible homogeneougroups of
plant speciesnaximal indicative subsets are derived.

These subsets are maximal with respect to compatibility of the plant species in the
subset.In otherwords,all plant speciesn the samplethat are compatiblewith the
plants in a maximal indicative subset amethe subset.As shownin Table 3, in the
examplesampletwo maximal indicative sets of plant speciescan be distinguished
Thefirst maximal indicative subset contains all plant species that can grow under

- very moist

- basic or neutral

- nutrient rich
conditions.The second maximal indicative subset containsall plant specieshat can
grow under

- very moist

- slightly acid

- fairly nutrient rich
conditions.

Note that the two maximal indicative subsetssharea number of plants (the
intersectionof the two subsets).Theseplants have a relatively broad amplitude of
abiotic preferences. Note altlvat the conditionsfor the plant specieshat thesetwo
groupsdo not havein common are mutually exclusivewith respectto acidity and
(partially) nutrient value.

To interpret the abiotic heterogeneity indicated by the subsets addkimvaledge
is required. For example, in thimseone expertinterpretationis that the samplehas
beentakenin aterrainthat has a specific type of stratification (so-calledrainwater
lenses):thus providing an explanationfor the two abiotic indicative sets of plant
species.
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Moisture Acidity Nutrient Value
Species vd | fd | fim Jvm] fw] vw]lbasiney sad fac| ac|inp|fnr| nr Jvnr
Angelica sylvestris X | x X | x X | x
Carex acutiformis x | x x | x x | x
Carex riparia x| x| xIx|[x x | x
Cirsium oleraceum x | x x | x x | x
Phalaris arundinacea x|x | x| xIx|x x | x
Phleum pratense ssp pratende x | x x | x x | x
Poa trivialis x | x| x x | x x | x
Caltha palustris ssp palustrig| X | x X | x | x x | x |x
Carex acuta X x| x|Ix|x]x X | x| x
Cirsium palustre X X | x | x x | x |x
Crepis paludosa x | x| x x | x |x x | x
Deschampsia caespitosa x | x| x X | x | x X | x| x
Epilobium parviflorum x | x x | x |x x | x
Equisetum palustre X Ix | x| xlIx|x]x x | x |x
Filipendula ulmaria X x | x |x x| x| x
Galium palustre X | x X | x | x x| x | x| x
Glyceria fluitans x| x| xQix|x]x]x x| x| x
Juncus articulatus x | x x | x |x x| x| x]x
Lathyrus pratensis x | x x | x |x x | x
Lotus uliginosus x | x| x X | x | x x | x |x
Lychnis flos cuculi x | x x | x |x x | x
Lysimachia vulgaris x | x| x X | x | x x | x |x
Myosotis palustris x | x x | x |x x| x| x
Scirpus sylvaticus X | x| xIx|x]x X | x
Anthoxanthum odoratum x | x |x x | x x | x
Carex nigra x | x| x x| x| xIx]x
Carex panicea X | x| x X | x X | x
Epilobium palustre x | x| x X x | x
Juncus conglomeratus X | x | x X | X X | x

Table 3. Maximal indicative subsets within an inhomogeneous sample
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3 The Decision Support System EKS

The abovedescribedexpertknowledgeon the determinationof abiotic conditionson
the basis of a terrain’s vegetatidrgsbeenusedto designa knowledge-basedystem
to support ecologistsin the managemenbf nature reserves.The compositional
development method DESIRE (sexg., [2]) hasbeenusedto designandimplement
this system, called EKS (Environmental Knowledge-based System).

3.1 The Compositional Development Method DESIRE

DESIRE is a compositionaldevelopmenimethodfor the designandimplementation
of knowledge-base@nd multi-agent systems.A knowledge engineeris supported
during all (iterative) phases of design: from initial conceptualisation to
implementation, by the DESIRE method and the DESIRE software environment.

During all phasesof design,the following typesof knowledgeare distinguished:
process composition, knowledge composition and relations between process
composition and knowledge composition. Process composition includes the
identification of processesit different processabstractionlevels (including task and
role delegation)and processcompositionrelations(defined by information exchange
andtask control). Knowledge composition includesknowledgestructuresat different
knowledge abstraction levels and knowledge composition relatRetetions between
processes and knowledge structures express which knowledge is used in which process.

Knowledge analysis focuseson the acquisition of a shared task model: an
intermediaryagreedmodel sharedby both the expertandthe knowledgeengineer,in
which these types of knowledge are made explicit (see [4], [5]).

Processesor tasks distinguished during conceptual design are modelled as
components. Componentscan be primitive or composed:a component may
encompass numberof other (either primitive or complex) componentspor it may
not. If not, the component is either a reasoréogiponentwith a knowledge base or
a component with go-calledalternative specification (only its input and output are
explicitly specified in the DESIRE modelling language, e.g., databases,OR-
algorithms, neural networks, etc.). A knowledge-baseadystem’s behaviour,as a
whole, is defined by the interaction between componentshetwkenthe systemand
its users.

DESIRE includesa softwareenvironmentwhich consistsof a graphicaleditor to
supportconceptualand detailed design,an implementationgeneratorthat translates
DESIRE specifications intexecutablecode,andan executionenvironmentin which
the translated code can be executed.

selection

of a maximal
indicative

subset

determination
of maximal
indicative

subsets

determination
of abiotic
conditions

set of observed possible maximal selected maximal possible abiotic conditions
species indicative subsets indicative subset for the selected maximal
indicative subset

Fig. 1. The global design of EKS
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3.2 Process composition

In Section 2, three tasks are distinguish@d:groupingof plant specieshat "belong
together”, (2) selectinthe set of plant speciesexpertsconsidermost "defining"”, and
(3) identifying the relatedabiotic conditions.Thesethreetasksare modelledby three
componentsas shown in Figure 1. The first task, the determination of maximal
indicative subsets, entails analysis of the plant speciesin the sample and the
correspondingabiotic conditionsto determinemaximal indicative subsetsof plant
species.The choice of the most defining subsetis performedby the component
selection of a maximal indicative subset. The third task, determination of abiotic
conditions, is relatively simple, and includes the presentation oathietic conditions
of a maximalindicative subset.Task delegation is asfollows: the first task and the
third task are performed by the system; the second task is performed by the user.
Theinformation exchange is depictedin Figure 1. The initial information needed
by the systemto determinethe abiotic conditionsof a terrainis a list of observed
plant species. This is thaput for the first componentThe maximal indicative sets
of plant species derived in the first task are the input for the second testesult of
the selection process (the second task), one of the maximal indicative subsgts,
is input for the third task (determinationof abiotic conditions). The final output
consists of the possible abiotic conditions for the selected maximal indicative subset.

select (by typing or clicking twice) the plant speciesin your sample:
Enter name of species: i
Plant species: Sample:

A chillea millef olinm N iAngelica syvestris

S A chillea ptarmica { [Amhoxanthum odoratum

B o 4 ez opodium podagraria Caitha palustr’s ssp palustris
Agrimonia enpatoria Carex acigiprmis

< P Agrimonia procera Carexacuta

D Q Agrostis canina Carexnigra
Agrostis capillaris Carex panicea

£ r Agrostis gigantea Carexriparia

F s Agrostis stolonifera Cirsium oleracewn
A uga reptans Cirsaum palustre

S 0T 1 Aliumvinede Crepis paludosa

H u Alopecurms bulbosus Deschampsia caes posa
Alopecurns geniculatus Epilobiwnm palustre

1 v . = N
Alopecurns pratensis Epilobiwm parvifiorwn

J w Andromeda polyfolia Equisetum palustre

- - Angelica archang elica Fii;?end’ula wWmaria
Angelica sylvestds Galium palustre

L v Anthoxanthum odoratum Glyceria fuians

M z Anthriscus sylvestris
Arctium lappa 2 Remove f Remove all

§ File “ponumerend 1 vb’ is loaded.

OK i Load sample { Save sample I Cancel

Fig. 2. Input window of EKS
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Task activation is straightforward. Completion of the first task resultadtivation of
the second.Completion of the secondtask results in activation of the third.
Completion of the third task results in completion of the entire task.
The knowledge includesknowledgeof plant speciesandthe abiotic conditionsin
which they can abidegart of which is presentedibovein table format (seeTables1
and 2). Each plant species hatatedvaluesfor eachof the threeabiotic factors.For
reasons of efficiency, the first component is specified by an alternative specification.
EKS has been developed using BESIRE methodand softwareenvironment.n
addition, a graphical user interface has been designed specifically for the system.

3.3 User-System Interaction

Initially a user is presented with a screen with which he/she can enter thepdeies
found on a terrain, as shownin Figure 2. The systemanalysesthis information,
resulting in this example in the two maximal indicative subsets of plagtiesThis
informationis presentedo the userasshownin Figure 3. The overlapbetweenthe

two maximal indicative subsets of plaspecieds presenten the screenasthe list

of shared plant species. The remainingplants are listed separatelyfor eachof the
maximal indicative subsetsas abiotic indicative groups. The user chooseswhich
maximal subset he or she wants to analyze further. The final output of the syastem is
graphical presentation of the abiotic conditions for the site in question.

Fig. 3. Presentation of the maximal indicative subsets
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4 Discussion

The multi-interpretability of samples of plant species has prowdie a centralissue
in this domainof application.Given the assumptiorthat samplesare alwayscorrect
(the plant species named are indeed the plant species encountered), and thaesamples
only taken from sites which are homogeneousthe only reason for conflicting
indicative information is that the specific domain knowledge on which concluaiens
basedis incorrector incomplete.During the designof EKS this specific domain
knowledge was continual subject of discussionbetweenexperts. The knowledge
currently implementeéh EKS is the resultof consensuwetweenexperts,andis no
longer a likely reason for conflicting indicative information.

The lack of homogeneityof a terrain is the causeof most conflicts, requiring
additional expert knowledge tmderstandhe natureof the heterogeneityThe reason
for the lack of homogeneitycan, for example,be vertical stratification, as in the
examplediscussedn this paper.Another possibility is the developmenbf a terrain
over time: internal as well as externiafluences(pollution) can provokechangesand
transitionsin abiotic conditions,hencein vegetations.Inhomogeneouserrains are
more commonthaninitially proposed:multi-interpretablesamplesmay not be the
exception, but the rule. Different views of a sample are essential to the aoélisis
plant speciesobserved EKS identifiestheseviews and presentstheseviews to the
user. How theseviews can be interpretedrequiresadditional knowledge, not (yet)
included in the system.

The idea that information abotite world can often be interpretedin differentand
conflicting manners was a central themethe researctreportedin [8], [9], [12], and
[14]. Using techniquego formalize non-monotonicreasoningsuch as default logic
(e.g., [2], [10], [11], [13]), often different (and often conflicting) possitilicomesof
a reasoning process are obtained. Inale@of researcton non-monotonicreasoning,
in generalthis is consideredto be disturbing (e.g., called the multiple extension
problem). In the literature often the non-monotoimderenceoperationdefinedby the
intersection of alpossibleoutcomess taken(scepticalapproach)or sometimeshe
union of all possible outcomes (credulous approach), to obtain one®@iadisions.
For a particulardomain,suchasthe ecologicaldomainaddresseéh this paper,both
approachesare unsatisfactory:the sceptical approachoften does not lead to any
possible conclusions atie abiotic conditions,whereashe credulousapproachoften
leads to inconsistent information. For reasons tiiese,in [8] and[14] the multiple
outcomesof a non-monotonicreasoningprocessare not consideredo be disturbing,
but are instead exploited as a usdéaturethat can provide an adequatdormalization
of the multi-interpretability often presentin real-life information. In [6] and [7] a
similar approach is developed, based on priority orderings between defaults.

In [8] the notion of belief set operatoris introducedto formalize the multiple
outcomes of a non-monotonic reasonprgcessanda selectionoperatorthe makea
choicebetweenthe different options. For the application domain discussedn this
paperthe latter approachis more suitable, becausen this approachall alternative
interpretationsare generatedA formalisationof this expertreasoningtask (and the
system EKS presented here), based on belief set operators can be found in [3].
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