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Abstract

Existing tools for sciertic modeling o er little support for improving models in
responseto data, whereascomputational methods for scientic knowledgediscovery
provide few opportunities for userinput. In this paper, we presen a languagefor
stating processmodels and badkground knowledge in terms familiar to sciertists,
along with an interactive environment for knowledge discovery that lets the user
construct, edit, and visualize sciertic models, usethem to make predictions, and
revisethem to better t available data. We report initial studiesin three domains
that illustrate the operation of this ervironment and the results of a user study
carried out with domain scienists. Finally, we discussrelated researt on modeling
formalisms and model revision, and we suggestpriorities for additional researd.
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1 Background and Motiv ation

Modelsplay a certral role in sciencejn that they utilize generallaws or theo-
riesto predict or explain behavior in speci ¢ situations. Modelsoccur in many
guisesput the more complexthe phenomendor which they accoun, the more
important that they be castin someformal notation with an unambiguous
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interpretation. Moreover, the advert of elds like Earth scienceand systems
biology, which attempt to explain the behavior of complex systemsin terms
of interacting componerts, have increasedthe needfor computational tools to
aid model construction and use.

A variety of computational modeling tools already exist, although they are
typically assaiated with particular elds. For example,STELLA (Richmond
et al., 1987) provides a languageand ernvironment for creating quartitativ e
models in terms of instantaneousand di erence equations. This framework

has beenadopted widely in the Earth sciencecommnunity for usein ecosys-
tem models. Similarly, MATLAB (The Mathworks, Inc., 1997) o ers an al-

ternative formalism and ervironment for specifying quartitativ e models that

include instantaneousand di erential equations.Howe\er, it is most popular
in engineeringcirclesthat model complexartifacts like electric circuits.

Both these and other ervironmerts o er interactive tools that let usersvi-
sualizethe structure of models, run them as simulations, and examinetheir
predictions. Howeer, they provide at most limited facilities for using available
data to generateor improve models. That is, current modeling ervironmerts
are concernedprimarily with the formulation and simulation of models, not
with their discorery. Howewer, asdata becomemore available and asthe com-
plexity of models grows, scientists would increasingly stand to bene t from
sud computational assistance.

On another front, there has been considerableresearb on computational

methods for discovering knowledgefrom data. Much of this work, especially

within the data mining paradigm (e.g., Fayyad et al., 1996), has emphasized
formalismslike decisiontrees and logical rules that cameoriginally from the

eld of arti cial intelligence. These notations are perfectly appropriate for

businessapplications, sincethe corporate world lacks establishedways to rep-

resert domain knowledge,but they are more poorly suited for scierti ¢ disci-

plines, which have a long history of formalismsfor encading knowledge.

Fortunately, an alternative paradigm, known as computational scienti ¢ dis-
covery (e.g., Langley, 2000), has dealt instead with discovery of knowledge
cast as numeric equations and other notations widely usedin elds of sci-
enceand engineering.Yet researt in this framework shareswith data mining
an emphasison automating the discovery process,so that, with few excep-
tions, the deweloped methods provide little support for interaction with human
users.Another drawbad is that thesemethods typically focuson discovering
knowledge from scratd, and thus takes no advantage of scierists' existing
knowledgeabout a domain.

Clearly, sciertists would bene t from computational tools that combine the
advantagesof available modeling environmerts with the strengths of existing



Table 1
A quartitativ e processmodel of a simple ecosystemwith onepredator (D. nasutum)
and one prey (P. aurelia).

model Predator_Prey;
variables aureliaf preyg, nasutumf predatorg;
obsenable aurelia, nasutum;
processnasutum_decy;
equationsd[nasutum,t,1] = 1* 1.2* nasutum;
processaurelia_exponertial _growth;
equationsd[aurelia,t,1] = 2.5* aurelia;
processpredation_volterra;
equationsdfaurelia,t,1] = 1* 0.1* aurelia* nasutum;
d[nasutum,t,1] = 0.3* 0.1 * nasutum * aurelia;

discovery methods. We ernvision a computational framework that lets a scien-
tist formulate a model, generatepredictions from that model, detect anoma-
liesthat indicate needfor revisions,and semi-automaticallyalter the model in
response.The scientist would devisethe initial model and guide high-level de-
cisionsabout re nement, with the computerhandling predictions, ne-grained
seart, and other easily automated steps. This view ts well with Shneider-
man's (2000) proposalfor computational tools that support creative inquiry.

In this paper weintroducePr ometheus , an ervironmen that supports inter-
active knowledgediscorery in this manner. As we descrite shortly, the system
includesa formalismfor specifying modelsand badground knowledgein terms
of quartitativ e processeswhich play a role in many scierii ¢ accouns. The
ervironmert includestools for constructing, visualizing, and editing sud pro-
cessmodels, for utilizing them in predictive simulation, and for constrained
revision of modelsin responseto obsenations, thus supporting their iterative
re nement. We demonstratethesecapabilitiesin the cortext of revising mod-
els from three domainsrelated to Earth scienceand microbiology We also
report the results of a user study that we carried out with ecologiststrained
in model construction. In closing, we discussrelated work on simulation and
discovery, along with directions for future researt in this area.

2 A Language for Pro cess Mo dels

Beforea scierntist can dewelop and evaluate scierii ¢ models, he must rst be
able to represemn them. To this end, the Pr ometheus ernvironment provides
a programminglanguagefor specifying formal models. As in other formalisms
for expressingguartitativ e knowledge,variablesand the equationsthat relate
them play a certral role. Howewer, traditional mathematical modelsleave im-



plicit an important aspect of sciertic knowledge| processe$wvhereas Pr o-
metheus makes it an explicit part of its models. In fact, the notion of a
processis the certral organizing principle in the programming language,so
we refer to programswritten in this formalism as processmodels.

We borrow this distinctiv e characteristic from work in qualitativ e processthe-
ory (Forbus, 1984),in which a userdescritesa dynamic systemby the general
relationships among its parts. That represetation was designedto support
commonsenseeasoningand knowledge,whereaswe deweloped Pr ometheus '
languagewith deterministic sciertic modeling in mind. Somework in quali-
tativ e processheory includessupport for quartitativ e knowledge(Forbusand
Falkenhainer,1990),which brings this work closerto our own, but the empha-
sis still rests on the qualitative processeswith the quartitativ e information
storedin a separatelibrary. Sincewe built Pr ometheus asa tool for dewel-
oping mathematical models, the asseiated languageplacesthe quartitativ e
information on equal groundswith the qualitative cortent.

To illustrate the use of processmodels, we appeal to a classic example of
predator{prey interaction. Consider an ecosystemconsisting of two protist
speciesParamecium aurelia and Didinium nasutum whereinthe latter preys
upon the former. Jost and Ellner (2000) give a thorough analysisof this simple
ecosystenusing traditional modeling methods. We deweloped a model of this
ecosystenon the samegeneralmodel structure that guidedtheir exploration,
and we use this model to illustrate the processmodeling formalism and to
demonstratethe Pr ometheus ervironmert.

Table 1 shows the candidate processmodel for the protist ecosystem.The
speci cation beginswith the model name (here, Predator_Prey) and the vari-
ablesit referencesThis model has two variables, aurelia and nasutum, that
represen the population density of ead speciesin the ecosystemA type, used
primarily during model revision, follows the variable's name.In this example,
aurelia hasthe type prey and nasutum hasthe type predator. The model also
declaresboth aurelia and nasutum to be obsenable, which meansthat they
were measuredat somepoint during systemactivity.

Following the variable de nitions comedescriptionsof the model's processes.
Here we have three processeshat explain how the valuesof variables change
over time. A processconsistsof a name (e.g., predation_volterra) and one or
more equations, plus an optional set of conditions. The processesn Table 1
involve di erential equations,although we will seeexamplesof algebraicequa-
tions later in the paper. The processe this model always apply, sothey have
no conditions to restrict their activity.

The rst processhasutum.decy, indicatesthe death of D. nasutum in which
the left-hand side of the equation species a rst-order dierential equa-
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Fig. 1. Pr ometheus ' graphical display of the processmodel from Table 1.

tion for aurelia with respect to t (time) and the right-hand side indicates
that density decreaseq 1) with a rate of 1.2. The secondprocess,aure-
lia_exponertial _growth, de nes the growth of P. aurelia. The nal process
describes changeswithin both population densities, with the rst equation
de ning the rate at which D. nasutum consumesP. aurelia and the second
equation specifying the resulting increasein nasutum. When multiple pro-
cessesn uence the samevariable, Pr ometheus assumedhe e ects are ad-
ditiv e, although other combining functions are possible.

3 Visualization and Simulation of Pro cess Mo dels

Onceprovided with a processmodel, Pr ometheus lets the sciertist visualize
its causalstructure. To illustrate, Figure 1 shows the graphical represetation

of the model from Table 1. The environmernt displays processess rectangles
and variablesasellipses.A thick line betweena variable and a processsud as
the onefrom nasutum to nasutum.decg, indicatesthat the variable appears
on the left-hand side of a di erential equation within that process.A thin

line, not seenin this example,signi es that the variable participates as either
input or output of the processAdditionally, whena clearcausalordering exists
among variables, the environmen placesthose variables serving as input to

the causalprocessto the left of the variablesa ected by that process.This

represemation shavs how the variablesin the model interact. To examinethe
details of theseinteractions (e.g., the governing conditions and equations),the
scierist can click on the correspnding processrectanglein the display.

In addition to displaying a model's causalstructure, Pr ometheus can sim-
ulate the model's behavior. To this end, the scierist must provide the values



Fig. 2. Simulated trajectories for the predator{prey model from Table 1.

for ead exogenousvariable (i.e., thoseinput variablesthat the model should
not explain), initial valuesfor ead variable that occursin the left-hand side
of a di erential equation, the start and end times of the simulation, and the
size of the time step. In one sud run, we usedinitial valuesfrom Jost and
Ellner's (2000) analysis? setting aurelia and nasutumto 276.60and 64.67in-
dividuals/mL, respectively. We alsotold the programto start the simulation
onday 10,to endon day 35, and to report valuesonceewery 12 hours sothat
the timing of the predictions and the obsened data would correspnd.

After running the simulation, the user can view how a variable's predicted
valueschangeover time, asshowvn in Figure 2. Pr ometheus draws a graph
for the variable, with the x axis represeting time and the y axis represeting

the variable's value. As the results indicate, the model producesa seriesof
sharp peaks sud that the growth of D. nasutum occurs slightly after the

growth of P. aurelia. Oncethe prey population reatesits peak,a sharpdecline
precedesa similar declinein the predator population. To further ewaluate a
model, the usercan plot the simulated results againstthe obsened data. For
example, Figure 3 showvs how the processmodel's behavior comparesto the
data from Jost and Ellner's analysis. For both speciesthe model produces
fewer and sharper peaksthan were obsened, with the peaksbeing slightly

out of syndronization with the obsenations.

Sincethe model fails to adequatelyreproducethe behavior of the ecosystem,
the sciertist may want to reviseit. To this end, the graphical ervironment

supports the addition and alteration of both variables and processes, and
the userhasfull accesgo the underlying text of the model. Thus the sciertist

can adjust the model, view the new causal structure, and simulate the new
model's behavior. Used in this manner, Pr ometheus acts primarily as a
tool for model visualization and simulation, but it canalsosene asan active

2 Thesedata are available at http://www.pubs.ro yalsoc.ac.uk/ as an appendix to
Jost and Ellner's article. For this example,we usedthe data from their Figure 1(a)
starting at day 10.

3 The usercan either instantiate a genericprocessfrom the library or create a new
processfrom scratch.



Fig. 3. Simulated versusobsened output for the protist ecosystem.

assistanm in the analysisof data aswe will illustrate in the next section.

4 Revision of Pro cess Mo dels

When a model's predictionsdisagreewith the obsenations, the Pr ometheus
user can alsoinvoke a module for automated model revision. We can charac-
terize the behavior of this systemcomponen as:

Given: trajectoriesfor a set of cortinuous variablesover time;

Given: badkground knowledgecastin terms of genericprocesseand variable
type hierardhies;

Given: obsenable and theoretical variablesto be modeled;

Given: an initial model, processeshat may be removed from the model or
have their parameterschanged, genericprocesseshat may be addedto
the model, and constrairts on model size;

Find: a set of processmodels, ranked by their t to the data, that explain
the obsened trajectories.

In this section,we discussthe input to this approad in more detail, descrike
the seart algorithm that producesthe revisedmodels, and show the output

from the module.

Before Pr ometheus can aid in model revision, it must have some knowl-
edge about the domain. One type of knowledge takes the form of generic
processeswhich sene as building blocks when adding new processeso the
model. Generic processespecify the form of a model's instantiated processes
and have an analogousrepresetation. Table 2 shavs v e generic processes
relevant to modeling predator{prey interaction. Each genericprocessconsists
of v e componerts: a name, a set of variables, a set of parameters,a set of



Table 2
Somegeneric processeselevant to the predator{prey model in Table 1.

generic processlogistic_growth;
variables Sf preyg;
parameters p[0,3], k[0,1];
equationsd[S,t,1]=p*S* (1 k* S);
generic processpredation_volterra;
variables S1f preyg, SZ predatorg;
parametersal0,1], b[0,1];
equationsd[S1,t,1]= 1* a* S1* S2;
dis2,t,1]= b* a* S1* S2;
generic processpredation_holling;
variables S1f preyg, SZ predatorg;
parametersal0,1], b[0,1], c[0,1];
equationsd[S1,t,1]= 1*a* S1* S2/(1 + c* a* Sl);
d[s2,tl]=b*a* S1* S2/ (1 + c* a* Sl);
generic processexponertial _growth;
variables Sf preyg;
parametersb[0,3];
equationsd[S,t,1]= b * S;
generic processexponertial _decyy;
variables Sf specieg;
parametersal0,2];
equationsd[S,t,1]= 1*a* S;

conditions, and a set of equation forms. Of thesecomponerts, the parameters
and conditions are optional. To instantiate a genericprocess,the user must
provide both variables of the correct type and parametersthat fall within a
speci ed range. For example,aurelia_exponertial _growth in Table 1 instanti-

atesexponertial _growth sothat aurelia lls the role of S and b equals2.5.

In addition to genericprocessesthe scienist must provide a type hierarchy

over the variables. The types predator and prey from the protist ecosystem
model are subtypesof species which in turn is a subtype of numter|the root

of the hierarchy. When instantiating a genericprocess,Pr ometheus must

selectvariables of the appropriate types. Consider exponertial _.deca, which

expects a speciesvariable. Since both aurelia and nasutum are instancesof

species.either onecan Il the role. In cortrast, predation_volterra requiresone
variable eat of the more speci ¢ typespredator and prey. Here, knowledgeof

the variable types keepsPr ometheus from consideringimplausible models
in which predator and prey switch roles.

Along with this generaldomain knowledge, the scierist provides Pr ome-
theus with additional, task-speci ¢ information to direct its seart for alter-
native models. This information includesa set of variablesto include in the



Fig. 4. Parametersusedto revise the model of the protist ecosystem.

model, a data setcontaining valuesfor the obsenable variables,and guidelines
concerningthe modi cation of the model. Speci cally, the scienist can select
which genericprocesseshould be consideredfor addition and which current
processegan be deletedor tuned by altering their parameters.Additionally,
he can place limits on both the total number of processesn the model and
the number of instantiations allowed for eat genericprocess.

Figure 4 shows settings given to Pr ometheus to guide its revision of the
modelin Table 1. The top portion of the dialog box indicatesthat the program
should consideradding instantiations of predation_volterra, predation_holling,
logistic_growth, and exponertial _growth. The useralsotold Pr ometheus to
considerdeletingthe current aurelia_exponertial _growth and predation_volterra
processesand to alter the parametersof nasutumdecg. Additional input
speci es that the resulting model should cortain from two to v e processes
and only oneinstantiation of ead genericprocess.

Once provided with this information, Pr ometheus seartes for a revised
model using the method descriked by Asgharbeygi et al. (2006). First, the
program removesthe deletableprocesse$rom the model and setsthem aside,
which producesa model containing both the immutable processesand the



Fig. 5. Revisedmodelsfor the protist ecosystemyanked by the sum of squarederror,
alongwith the structure of the best tting candidate, asdisplayedin Pr ometheus .

processeswith alterable parameters. Second,Pr ometheus binds variables
by type to the genericprocesseshat may be addedto the model. This step
canleadto multiple instantiations of the samegenericprocess For example,if
there weretwo di erent prey in the protist ecosystemthen two logistic_growth
processedrom Table 2 could be created. Third, the program placesboth the
deletableand the freshly bound processesnto a pool of addablecomponerts.

After dividing the input into required and optional processesPr ometheus
carries out a two-stage seard through the model space.In the rst stage,
the program creates candidate structures by rst generatingall subsetsof
the componert pool and then adding eat oneto the basemodel. To remain
viable, ead model structure must satisfy v e constrairts:

the number of processesnust fall within the user-sgeci ed bounds;

a cycle composedsolely of algebraicequationscannot exist;
exogenous/ariablescannot act asthe output of any process;

any obsenable variable acting asan input to a processmust alsoact asthe
output of another process;and

eat unobsenable variable must be both the output of someprocessand
the input to another process.

For eadh structure, Pr ometheus performsa gradiert-descen seart through
the parameterspacede ned by the newprocesseshosemarkedaschangeable,
and the initial values of the variables. The seart algorithm is an iterative
procedurewith an externalloopthat rst, selectsarandom starting point and
usesthe Leverberg{Marquardt method (Leverberg, 1944; Marquardt, 1963)
to nd a local optimum. An internal loop makes random jumps from this
optimum along the dimensionsof the parametervector. If a jump resultsin a
lower error score,Pr ometheus callsthe Leverberg-Marquardt method from

10



Table 3
The most accurate revised model for the protist ecosystem.

model Predator_Prey_revised,;
variables nasutumf predatorg,aureliaf preyg;
obsenable nasutum,aurelia;
processlogistic_growth _1;
equationsd[aurelia,t,1] = 1.810082* aurelia* (1 0.000288* aurelia);
processpredation_volterra_1;
equationsd[aurelia,t,1] = 1 * 0.03002* aurelia * nasutum;
d[nasutum,t,1] = 0.292278* 0.03002* aurelia * nasutum;
processnasutum_decy;
equationsd[nasutum,t,1] = 1 * 1.034667* nasutum;

this point and restarts the internal loop. When this strategy fails to reducethe
error, the ervironmert restarts the iterativ e procedurefrom anotherrandomly
selectedpoint. The sear® endsafter a xed number of random restarts.

OncePr ometheus completesthe seard, it returns the set of n modelswith
the smallesterror score.In this example,the programreturns for the sciernist's
inspection the 20 model structures, with their best parameterestimates,that
result in the lowest sum of squarederror. Figure 5 shovs how the ervironment
displays the revisions. The list of models appearson the right, ead with its
name,sum of squarederror, and the number of processeshat wereadded(+),

deleted(-), changed(”), and unchanged(=). The usercan inspect a model's
details by selectingit on the screen.n addition, eatc model's componenrts are
color coded to easethe identi cation of altered processesFigure 5 displays
the causalstructure of the model with the smallesterror on the protist data.

Table 3 shows this best scoring model, which di ers from the initial onein
three ways. At the structural level, aurelia.exponertial _growth has beenre-
placedby alogistic processsothat population growth now slows oncea certain
density hasbeenreaded. Within processesthe rate of changeis lower in both
equationsassaiated with predation_volterra, and the processnasutum.decgy
now hasa slover death rate for D. nasutum

Figure 6 comparesthe trajectories for D. nasutum and P. aurelia density
producedby the newmodel with the original data. In both speciesthe number
of peaksand the syndironization of the oscillations match the obsenations
much morecloselythan before.Although peakheighs have alsoimproved, the
model does not accour ertirely for the peak occurring in both populations
on the thirtieth day. Howewer, using Pr ometheus , the sciertist can re ne
this model further to improve its behavior comparedto that obsened in the
protist ecosystem.

11



Fig. 6. Simulated trajectories predicted by the revised protist model and obsened
valuesfor the samesystem.

5 Mo deling an Aquatic Ecosystem Using Pr ometheus

In evaluating Pr ometheus , we have also modeled the RossSeaecosystem,
which Arrigo et al. (2003) have descrited at length. For this system, scien-
tists are particularly interestedin the changein phytoplankton population
throughout the year. Suspectedin uences include the availability of nutrients
and light, aswell asgrazingbehavior by zooplankton. Table 4 showns an initial
processmodel for this ecosystem.

As in the protist model, variablesappear rst. In this case,zooplankton (zoo)
and phytoplankton (phyto) indicate two species,nitrate is the primary nutri-
ent for the phytoplankton, and both light and ice are pertinent ervironmental
factors. Of thesevariables, only phyto, nitrate, and ice are obsenable; these
denotethe measuredconcentrations of phytoplankton, N Oz, and seaice, re-
spectively. In addition to being obsenable, ice is exogenousmeaning both
that the model should not explain its behavior and that the scienist must
provide the valuesof this variable when simulating or revising the model.

The processde nitions follow the list of variables. While most processesn

this model are relatively straightforward, set.constans is distinctive in that

it shavs how, within our formalism, the user can de ne parametersthat are
sharedamongmultiple processesSinceour languagerevolvesaround variables
and processeshe usertreats the constarts asvariables,placing equationsthat

specify the valuesinside a process.Thus we neednot introduce new language
structures to represeh global parameters.As with the parameterslocal to a
process the valuesof theseconstaris can be tuned during model revision.

The processfor light_production clari es another important feature of the
ervironmert|algebraic equationscan expressinstantaneouse ects. In prac-
tice, Pr ometheus computesthe valuesof theseequationsimmediately after
it simulates the di erential equationsfor a particular point. The algebraic
equation within light_production indicates that sunlight varies as a function
of the day of the year. Sincethe RossSeais deepin the SouthernHemisphere,

12



Table 4
A quartitativ e processmodel of the RossSeaecosystem.

model Ross SeaEcosystem;

variables zoof z_specieg, nitrate _to_carbon_ratiof n_consty,
lightf signalg, nitrate f n_nutrientg, phytof p_specieg,
icef fractiong, light _ratef |_rateg, Gf gz_rateg,
growth _ratef gw_rateg, nitrate _ratef n_rateg,
remin_ratef r_rateg, r_maxf r_constg, residud residueg;
obsenable nitrate, phyto, ice;
exogenousice;
processlight _production;
equationslight = max(0.5* 410* cos(6.283* t / 365), 0) * ice;
processphyto_loss;
equationsd[phyto,t,1] = 0:1 * phyto;
d[residue,t,1]= 0.1 * phyto;
processphyto _growth;
equationsd[phyto,t,1] = growth _rate * phyto;
processphyto _absorption_nitrate;
equationsdlnitrate,t,1] = 1 * nitrate _to_carbon_ratio * growth rate * phyto;
processgrowth _limitation;
equations growth _rate = r_max * min(nitrate _rate,light _rate);
processnitrate _availabilit y;
equationsnitrate _rate = nitrate / (nitrate + 5);
processlight _availabilit y;
equationslight rate = light / (light + 50);
processset constarts;
equations nitrate _to_carbon_ratio = 0.251247;
r_-max = 0.193804;
remin_rate = 0.067559;

the periods of day and night are extended. The equation producescyclesin
rough accordancewith the natural availability of sunlight while ensuringthat
values never becomenegative. The processmultiplies the light intensity by
the ice concenration becausethe ice particles reducethe availability of light
to the phytoplankton.

Figure 7 shaovs how Pr ometheus displays this model graphically. The top
portion indicates that the conceitration of ice a ects the available light and
hencethe growth rate of phytoplankton. Similarly, the next chain of in uence
down relates N O3 to phytoplankton's growth. The conceiration of phyto-
plankton itself is a direct result of the processgoverning its growth and the
processgoverning its loss.Two variables,zoo and G, which referto zooplank-
ton's concetration and growth rate, are unconnected,indicating that this
model lacks grazing e ects.

13



Fig. 7. The graphical represenation of tjie RossSeaecosystemmodel from Table 4
as displayed in Pr ometheus .

Figure 8 comparesthe changeover time in phytoplankton and nitrate con-
certrations as simulated by this model to that actually obsened. Although
a slight increaseappearsin the phytoplankton trajectory, it comestoo late
in the season,after light availability has already diminished. Therefore, the
model doesnot reproducethe exponertial growth followed by an exponertial
decreasethat actually occurred in the Ross Sea.Howewer, when the phyto-
plankton population increases]essnitrate is available.

To revisethe model sothat it better ts the data, we invoked Pr ometheus '
revision componert. As in the predator{prey example,we provided typesfor
the variablesand a list of genericprocessesTable 4 shaws the typesin the
original model, whereaghe genericprocesseshat welet Pr ometheus instan-
tiate and add to this model appearin Table 5. In addition, we let the erviron-
mert alter the parametersof all currernt processegxceptfor light_availability,
light_production, and set constarts.

Table 6 presens the alterations to the original model that occurred in the
best-scoringrevision.Pr ometheus addedoneead of the genericprocessen

Fig. 8. Obserned concerrations of phytoplankton and nitrate, along with values
predicted by the initial model of the RossSeaecosystem.
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Table5
Generic processesisedfor revising the model of the RossSeaecosystem.

generic processzoo_grazesphyto;
variables Pf p_species, Zf z_specieg, Rfresiduegy, Gf gz_rateg;
parametersgammal0,1];
equationsd[P,t,1] = 1.0* G * Z
d[R,t,1] = gamma* G * Z;
dzt1l] = (1 gamma)* G * Z;
genericprocesslvlev _rate;
variables Gf gz_rateg, Pf p_specieg;
parametersdelta[0,10],rho[0,10];
equationsG = rho * (1 exp( 1* delta * P));
generic processresiduelossto_remineralization;
variables RESf residuay, REMfr_rateg;
equationsd[RES,t,1] = 1* REM * RES;
generic processnitrate _remineralization;
variables Nf n_nutrientg, REMf r_rateg, RESf residueg, NtoCf n_constg;
equationsd[N,t,1] = REM * NtoC * RES;

Table 5 and altered the parametersof phyto_lossand nitrate _availability. The
new processesxzoo_grazesphyto_1 and Ivlev_rate_1 jointly characterize zoo-
plankton's grazingon phytoplankton, while residuelossto_remineralization 1
and nitrate remineralization 1 descrike the restoration of nitrate to the erwvi-
ronmert that results from the death and deca of phytoplankton. Addition-
ally, the parameter in nitrate _availability increasedand the one cortrolling
phyto _lossdecreased.

Figure 9 preseits the results of simulating the revised model and their re-
lation to the obsened data.# As can be seen,this model conformsto the
obsened data much better than the original version. The modeled growth of
phytoplankton now peaksat the right time and magnitude, while the nitrate
concerration alsochangesin roughly the correctfashion.Howewer, discrepan-
ciesstill exist betweenthe predicted and obsened trajectories. Most notably,
the initial increasein phytoplankton concefttration grows more slowly than
obsened, and the nitrate conceiration decreasesnore than it should. How-
ewer, the revisions produced by Pr ometheus let one conceltrate on these
secondaryfeaturesof the ecosystemgiving a more appropriate starting point
for ne-grained analysis.

4 In addition to tting parametersin the di erential equations, Pr ometheus also
selectsinitial valuesfor the variablesin the revised model. Thesevaluesaccoun for
the discrepancyin starting points for the simulated versusobsened trajectories.
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Table 6
Processeghat were either altered or added by Pr ometheus to the original Ross

Seamodel.

processzoo_grazesphyto 1;
equationsd[phyto,t,1] = 1* G * zoo;
d[residue,t,1]= 0.914228* G * zoo;
d[zoo,t,1] = (1 0.914228)* G * zoo;
processlvlev _rate_1;
equationsG = 2.232819* (1 exp( 1* 0.004399* phyto));

processresiduelossto_remineralization_1;

equationsd[residue,t,1]= 1 * remin_rate * residue;
processnitrate _remineralization_1;

equationsd[nitrate,t,1] = remin_rate * nitrate _to_carbon_ratio * residue;
processphyto _loss;

equationsd[phyto,t,1] = 0:017099* phyto;

d[residue,t,1]= 0.017099* phyto;

processnitrate _availabilit y;

equationsnitrate _rate = nitrate / (nitrate + 9.804389);

6 Mo deling Photosyn thesis Regulation with Pr ometheus

In addition to the two ecosystemsalready described, we used Pr ometheus
to investigatethe regulation of photosyrthesis. Biologists have dewoted a large
amourt of time to this system,and they cortinue to investigatethe underlying
medanisms.Recerly, Labiosaet al. (2003) examinedphotosyrthetic behav-
ior within the cyanobacteriumSynehacystis sp. PCC 6803.Their experimerts
simulated natural lighting conditions and sampledthe bacteria at nine points
within a 24-hour period. They processedhesesamplesusing cDNA microar-
ray technology, and measuredmRNA conceftrations for numerousgenes.We
used Pr ometheus to build a plausible model of photosyrthesis regulation,
to analyzethe microarray data, and to revisethis model.

Fig. 9. Obsened concerrations of phytoplankton and nitrate, along with values
predicted by the revised model of the RossSeaecosystem.
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Table 7 displays the initial model of photosyrthesis regulation, which relates
six variables.The rst represeis the amourt of light available to the obsened
plants throughout the day. As in the RossSeamodel, the amourt of light is
simulated usinga trigonometric function, which ensureghat the light intensity
peaksat noon. The next three variablesrepresein concetrations of mRNA,
photosyrthetic protein, and reactive oxygen species(ROS), respectively. The
MRNA variable encales an aggregateover 17 genesthat were implicated in
regulation of the photosyrthetic system,whereasboth photosyrthetic protein
and ROS are biologically plausible theoretical terms. The former denotesthe
averageconceiration of all proteins involved in photosyrthesis, whereasthe
latter represets the amourt of a damagingbyproduct the processproduces.
The nal two variablessignify the amourt of energyin the system(redox) and
the rate of mMRNA transcription.

The eight processesn the initial model are similar in form to thosewe have
previously discussed Photosyrthesis producesboth redax and ROS. Transla-
tion increaseghe amourt of protein, while transcription increaseshe mRNA
concerration while consumingredak. The negative e ect of ROS on protein
is captured in protein_degradationros, and the normal degradationof mMRNA
is represetted by mRNA _degradation.

Unlike the other models, someof the processesn Table 7 have conditions,
which are stated as arithmetic relations placedbeforethe equationsand sep-
arated by commas.During simulation, a processis active only whenall of its
conditions are met. As an example, mMRNA _degradation cannot occur unless
MRNA is presen, sothe model explicitly requiresa positive mRNA concen-
tration for the degradationprocessto proceed.

Figure 10 showvs how Pr ometheus displays the processmodel for photosyn-

thesis regulation. This graphical represetation revealsthree primary path-

ways that aretied together by three processesThe lighting pathway provides
input to photosyrthesis and a ects the amourt of mMRNA by in uencing the

transcription rate. The pathway containing ROS and photosyrthetic protein

describes how protein concetrations decreasewithin the cell as a ected by

the amourt of mMRNA through photo_translation. The last pathway descrikes
the changein mMRNA due to the amourt of cellular energy All three inter-

act through the certral photosyrthesis processthat useslight and produces
both ROS, which lowersthe protein concettration, and redax, which increases
MRNA transcription.

Figure 11 presets the simulated results from the model comparedwith the
obsened mMRNA values.As in the data, the predictedtrajectory hastwo peaks,
with a striking drop in mRNA concetration at noon. Howewer, both the
magnitude and timing of the ewerts are incorrect. The rst peakproducedby
the model occurstoo early in the day, and the last peak both occurstoo late
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Table 7
The initial model of photosynthesis regulation.

model Photosynthesis Regulation;

variables lightf lightg, mMRNAfmMRNA g, transcription _ratef rateg,
ROSf rosg, redaxf redaxg, photo_proteinf photo_proteing;

obsenable mRNA;

processphotosynthesis;
equationsd[redax,t,1] = 1.50* light * photo_protein;
d[ROS,t,1] = 1.00* light * photo_protein;
processphoto_translation;
equationsd[photo_protein,t,1] = 0.20* mRNA;
processprotein_degradation.ros;
conditions photo_protein > 0, ROS > 0;
equationsd[photo_protein,t,1] = 0:05* ROS;
d[ROS,t,11= 0:.05* ROS;
processmRNA _transcription;
equationsd[mRNA,t,1] = transcription _rate;

processregulate_light;
equationstranscription _rate = 0.80* light;

processregulate_redox;

conditions redax > O;

equationstranscription rate =  2:00 * redox;

dlredox,t,1] = 1:.00* redox;

processmRNA _degradation;

conditions mMRNA > 0O;

equationsd[mRNAt,1] = 0:02* mRNA;
processlighting;

equationslight = 1 cos((2* 3.1415924 24) * t);

and overshmts the obsened maximum concertration. Even more distressing
is that the conceftration of mMRNA dips below zero for seweral hours. Each
of these discrepanciesin the simulated trajectory indicates that we should
attempt to revisethe model.

In earlierwork (Langley et al., 2006),we reported the model in Table 8, which
providesan improved t to the data. Structurally, this model di ers from that
in Table 7 dueto the absenceof regulate light. Originally, the amourt of light
a ected mRNA translation directly, but the revisedversion posits that light
has only an indirect e ect due to its in uence on redax. In addition to this
structural change,Pr ometheus altered the parametersof all the processes.
The resulting model leadsto the behavior shavn on the right in Figure 11,
which ts the obsenations almost perfectly. ®

5 We have not reported the obsened data becauseour biologist collaborators have
not yet published them. Also, given the noiseinherent in microarrays, suc a good
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Fig. 10. Pr ometheus ' display of the photosyrnthesis model from Table 7.

7 Feedback from Users

While deweloping Pr ometheus , we interacted with ecologistso get feedba&
about the utilit y of the program. Two of thesesciertists belongto our researt
team: oneis a prominert oceanographefmho both dewelopsmodelsand trains
studerts in his departmen; the other is a postdoctoral ecologistwho spends
most of his time working directly with the Pr ometheus dewlopers. Their
input hasbeeninvaluableto improving the system'susability and incorporat-
ing meaningful domain knowledge, but we wanted additional evidenceabout
the ervironment's suitability asa computational aid to model developmert.

To this end, we carried out a pilot study to obtain input from two graduate
studerts and a seniortechnician, all from the oceanographer'seseart group.
Eadh user had experiencewith building ecologicalmodels, but this had in-
volved writing programsin FORTRAN . To gather feedbag&, we introduced
usersto the system's capabilities, interface, and modeling convertions. We
then asked them to revisea model of the RossSeato producea better t to
simulated data for four variables.Changesto both the model's structure and
parameterswere necessaryto successfullyjcompletethe task, and ead partic-
ipant discoveredthe generatingmodel. This result indicatesthat even though
they found the systemunfamiliar, the userscould learn to useit productively

match suggestsghat we are over tting the training set, but our point wasto demon-
strate another domain for which our approad is relevant, not to proposethis asthe
correct model.
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Table 8
A revised model of photosynthesis regulation that Pr ometheus produced.

model Photosynthesis Regulation;

variables lightf lightg, mMRNAfmMRNA g, transcription _ratef rateg,
ROSf rosg, redaxf redaxg, photo_proteinf photo_proteing;
obsenable mMRNA;
processphotosynthesis;
equationsd[redax,t,1] = 3.62* light * photo_protein;
d[ROS,t,1] = 1.34* light * photo_protein;
processphoto_translation;
equationsd[photo_protein,t,1] = 0.05* mMRNA;
processprotein_degradation.ros;
conditions photo_protein > 0, ROS > 0;
equationsd[photo_protein,t,1] = 1* 0.10* ROS;
d[ROSt,1]= 1* 0.10* ROS;
processmRNA _transcription;
equationsd[mRNA,t,1] = transcription _rate;
processregulate_redox;
conditions redax > O;
equationstranscription _rate = 1272 * redox;
dfredox,t,1] = 1* 5.31* reduwx;
processmRNA _degradation;
conditions mMRNA > 0O;
equationsd[mRNAt,1] = 1* 0.82* mRNA;
processlighting;
equationslight = 1 cos((2* 3.1415924 24) * t);

within asingle,three-hoursession® To documert usercommerns and actions,
we recordedthe session®n video, captured screenactivity with software, and
elicited opinions using a survey. As we analyzedthe feedba&, we placed it
into three categories:the visual ervironmert, the supported tasks, and the
underlying formalism.

Pr ometheus ' interface is relatively basic, and usershad a variety of com-
merts about how to improve it. Someof their suggestioneemphasizednodi -

cationsin the meru-driven stepsneededto carry out revision, the corvertions
and display of model names,and the directnessof accessinghe genericpro-
cesdlibrary. In addition, the edgesemattics in the graphical display provided
a common sourceof confusion. For instance, when a variable senes as both
input and output to di erential equationsin a process,Pr ometheus only
shows the edgefrom the processto the variable. In response,we intend to

6 The participants useda slightly dierent version of Pr ometheus than we have
detailed here, with a modi ed menu and window layout.
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Fig. 11. Simulated and obsened tra jectories of MRNA concerration usingthe orig-
inal (left) and revised (right) model of photosynthesis regulation. The obsened
tra jectories are not shawn.

modify the display to make the relations betweenprocessesnd variablesex-
plicit without increasingvisual clutter.

As anintegrated modelingervironment, Pr ometheus supports multiple tasks,
someof which werenovel to the users.The participants in our study had little
di cult y familiarizing themseles with the various operations supported by
the program, and they expressednterest in the automated revision module.
Usersalsoappreciatedthe inclusion of the simulation and plotting tools, since
model evaluation in ecologyextendsbeyond a single measureof tness. They
alsoliked the ability to alter the model at an abstract, process-orieted level
instead of editing equationsor FORTRAN code. Indeed, they wanted the
functionality deepenedbecausemany of their modeling tasks include partial
di erential equations;thus, for Pr ometheus to be usefulin their current re-
seart, we must extendit to support spatial models.Howe\er, the participants
did mertion that the existing ervironment would be usefulfor other ecological
tasks and for teacing.

A key claim about Pr ometheus and the processmodeling formalism is that
domain scientists can understandmodelsbuilt within the environment. While
dewelopingthe program, our primary sourceof feedba& wasfrom the oceanog-
rapher in the group. After we explainedthe syrtax of the languageand the
graphical layout, he had no di cult y understandingthe model at either level.
During informal discussionshe could also map genericprocessedo piecesof
his working model of the RossSea(Arrigo et al., 2003).Although ead partic-
ipant in the userstudy spernt sometime looking at the underlying represeta-
tions of the processespnly onewanted to examinethe procesdibrary in detail.
He expressedomesurpriseat the organization of the processeshut he had no
di cult y interpreting the formalism for expressingprocesse®r mapping be-
tweenprocessand equation represetations. The primary sourceof confusion
in understanding the processmodeling languageappearedto be familiarity
with the stock-and- ow approad to modeling supported by STELLA (Rich-
mond et al., 1987). Subjects were accustomedto edgesthat indicate material
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ow between variables as opposedto causalin uences. As a result, we plan
to incorporate a secondgraphical view that better matchesstock-and- ow di-
agrams, thus providing a familiar represetation to help ecologistsinterpret
their models.

The user study provided generally encouragingresults, but it also suggested
extensionsthat should make Pr ometheus more usefulto domain sciertists.
In summary the usersappreciatedthe ability to seart through a spaceof
model structures and liked the integration of multiple model-related tools.
Howe\er, their comments about spatial modeling and the visual represetation
of the model indicated obvious areasfor improvemer.

8 Related Research on Mo deling and Discovery

In the precedingtext, we illustrated both the structure of quartitativ e pro-
cessmodelsand the capabilities of Pr ometheus . We introduceda formalism
that lets a sciertist represeh metanismsasnetworks of variablesand familiar
processesalongwith an environmert that displays the causalstructure of the
model and simulatesits behavior. If the simulated tra jectoriesfail to match ob-
sened data, the usercanaskPr ometheus to proposerevisionsthat improve
its t in ways consisten with domain knowledge. Generic processegprovide
the link in theserevision e orts, giving the ability to produce explanatory
models, as opposedto simply descriptive ones.This conbination of features
distinguishesthe systemfrom other quartitativ e modeling environmens.

As we indicated in the introduction, Pr ometheus ' approad to scieric
modeling is not ertirely new, but rather borrows ideas from two previously
disconnectediteratures. Howeer, it doesmore than simply combine two ex-
isting technologies;it moves beyond them to demonstrate new functionality
and addressnew issuesin interface design.Here we discussin more detail the
relations betweenour approad and earlier work.

On the one hand, the Pr ometheus ervironmernt has many similarities to
modeling frameworks like STELLA (Richmond et al., 1987) and MATLAB
(The Mathworks, Inc., 1997). They sharethe notion of a formal syntax for
specifying both instantaneousand dynamic quartitativ e models in terms of
mathematical equations,although their detailed notations di er. In addition,
they let the usercreateand edit modelsin this syrntax, aswell asinvoke an as-
saciated simulator that canrun thosemodelsto generatepredictions. Finally,
they all provide a graphicalinterfacethat lets the userdisplay and inspect the
logical structure of his mathematical models. Our approad alsosharesmany
featureswith Keller's (1995) SIGMA, which is another graphical ervironment
that takesan interactive approad to model building, visualization, and anal-
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ysis, aswell as providing extensiwe cheds to ensuremodel consistencyand to
handle unit cornversions.

Howewer, Pr ometheus moves beyond these earlier modeling environmerts
by requiring the userto organizeequationsinto processes This idea plays a
certral role in many scieri ¢ disciplinesand appearsin qualitative modeling
tools such as Homer (Bredeweg and Forbus, 2003), but previous quartita-
tive simulation languageshave not supported it. Equally important, the new
ervironmert supports computational revision of modelsin responseto data,
constrained by domain knowledge in the form of generic processesand by
input from the user. MATLAB includessomefacilities for attempting to esti-
mate a model's parametersfor a given data set, but it cannot alter the basic
structure of a model.

At the sametime, Pr ometheus incorporates many ideasfrom earlier work
on computational scierti ¢ discovery. In particular, it adoptsthe metaphor of
heuristic seard through a spaceof candidatestructures guidedby their ability
to t data. Our approad di ers from other quartitativ e discovery work (e.g.,
Langleyet al., 1987;Washioand Motoda, 1998)by focusingon processmodels,
rather than on independen setsof equations,and by emphasizingrevision of
models rather than their generation,although it borrows ideason this front
from other e orts. Early researt in this areaemphasizedqualitative models
(e.g., Ourston and Mooney, 1990; Towell, 1991), although somemore recen
work addresseguartitativ e modelswith numeric equations(e.g., Chown and
Dietterich, 2000;Saito et al., 2001; Todorovski and Dzeroski,2001).

The ervironmernt also di ers from most earlier discovery researt by its re-
liance on explicit domain knowledgeto constrain seard. Easleyand Bradley
(1999) take a similar approad in that their systemusesgeneslized physial
networks which take the form of general equations, as badground knowl-
edgeto discover di erential equation models of nonlinear dynamic systems.
Similarly, Todorovski and Dzeroski's(1997) Lagramge encalesbadground
knowledgein terms of corntext-free grammarsthat specify the spaceof equa-
tions to considerduring its seart for models.Pr ometheus drawsonasimilar
idea, but employs domain knowledgein terms of genericprocessesather than
theseother formalisms, as has Todorovski's (2003) recernt work.

But the main di erence from earlier discovery researb concernghe interactive
nature of our environment. Previouswork on computational scierti ¢ discov-
ery hasfocusedalmost exclusiwely on automated methods, whereasPr ome-
theus aims explicitly to support scienists rather than to replacethem. This
philosoplty is consistem with a generaltrend in arti cial intelligencereseart
toward advisory systems,but it meanswe have had to addressissuesabout
human{computer interaction (e.g., how bestto let usersconstrain the seart
for revised models) that somealgorithm-oriented researbers will nd unin-
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teresting. Newertheless,sud issuesmust receiwe seriousattention if we hope
to dewelop computational discovery tools that practicing scientists will useon
a regular basis.

We should note that our ervironmert is not quite the rst designedto accept
user input. © For example, Valdes-Rerez (1995) deweloped Mechem , which
nds chemicalreaction pathways that explain how a setof reactarts producea
setof obsened products. In addition to badground knowledgeabout catalytic
chemistry, the systemacceptsinput from the userabout constrairts, expressed
in terms familiar to chemists, that the inferred pathways must satisfy. The
usercanonly in uence Mechem 's behavior by setting switchesbeforea run,
not in an on-line manner, as we ervision for the Pr ometheus ervironmert.
Newertheless,the systemhas produced a number of novel reaction pathways
that have appearedin the chemistry literature.

Another exampleis Mitchell et al.'s (1997) Daviccand , which was designed
to discover quartitativ e relations in metallurgy. This systemencourageghe
userto actively direct the seart processand provides explicit cortrol points
where he can in uence choices.In particular, the user formulates a problem
by specifying the dependen variable the laws should predict, the region of
the spaceto consider, and the independen variables to use when looking
for numeric laws. The user can also manipulate the data by selectingwhich
points to treat asoutliers. Daviccand presets its resultsin terms of graphical
displays and functional formsthat arefamiliar to metallurgists, and the system
has producedknowledgepublishedin their literature.

The researb that appears closestto our own comesfrom Mahidadia and
Compton (2001), who report an integrated ervironment for the dewelopmen

and revision of qualitative causalmodels. Their system provides a graphical
interfacefor model construction and visualization that mapswell onto models
in their target domain, neurcendacrinology. The JustAid systemstarts with

an initial model provided by the userand, using experimertal data about the

e ects of independer variableson dependen measuresyecommendschanges
to this model in terms of link additions and deletions, which the user must
approve beforethey areimplemerted. The main functional di erence between
JustAid and Pr ometheus arethat the former supports qualitative models,
stated as signedlinks between cortinuous variables, whereasthe latter deals
with quartitativ e processmodels. Their underlying algorithms alsodi er, but

theseare far lessvisible to usersthan the model formalism and interface.

” A number of commercial environments for knowledge discovery also support user
interaction, but, besidesfocusingon businessapplications, theseemphasizedecisions
about how to preprocessthe data and which algorithm to run on them.
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9 Directions for Future Research

Although Pr ometheus breaks new ground in computer-assistedmodeling
and discovery, we must still extend it along a number of dimensionsbefore
it becomesa robust tool for practicing sciertists. One limitation is that the
current framework only supports models at one level of description, which

meansthat it is most appropriate for situations that involve relatively few
variablesand processesA natural responseis to expandthe modelinglanguage
to incorporate the notion of subsystemshat characterize componerts of the
overall model. For example,an ecosystenmodel might include one subsystem
for water-related processesand another for sunlight-related processesThis

\decompositional" approad would let usershide information and help them
managemore complexmodelsby letting them focusboth their own attention

and that of Pr ometheus ' revision module on one subsystemat a time.

Other extensionswould augmern the badkground knowledgeavailable to the
ervironmert, which is currertly limited to a taxonomy of variables that is
linked to a set of genericprocessesFuture versionsof Pr ometheus should
incorporate dimensionalinformation about classesof variables, which would
give the system enoughknowledgeto ched& models more carefully for cor-
rectnessand convert units acrossprocesseghat usedi erent measures.The
systemshould also support a taxonony of processeso provide the userwith
more exibilit y to direct model revision. For instance,sud a taxonomy might
include genericprocessedike ‘growth' at higher levelsthat specify only quali-
tativ e proportions betweenvariables, whereasprocessest lower levels would
encale specializedtypeslike "exponertial growth' that give the forms of nu-
meric equations.Sud a hierarchy would let usersidertify either the abstract
processe®r the more concreteonesas candidatesfor revision. More generally
the ervironmert should also support the creation and revision of qualitative
models, which are especially appropriate for domainswith limited data.

The current implemertation of Pr ometheus relies on a single revision al-
gorithm, but this is certainly not a logical necessi. In future versions,we
plan to incorporate other discovery algorithms that would broadenthe meth-
ods available for model revision, which in turn should make this facility more
robust and e ective. Additionally, we recognizethat scierists will needto
manually edit the modelsthat the program produces(e.g.,to accourt for mi-
nor discrepanciesasdiscussedt the end of Section5). In response,we should
include tools that easeparametertuning and sensitivity analysis, which will
help the scierist better understand the interrelationships within the model.
We should alsoextend the Pr ometheus ervironmernt to move beyond model
revision to support the induction of processmodels from genericcomponerts
and data, aswe have descriked elsewhergLangley et al., 2003).
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Finally we plan to modify Pr ometheus ' interface basedon the results of our
user study. Currently, usersinstantiate processedy selectinga genericpro-
cessfrom a list and specifying the variable bindings and parametervaluesin

a dialog window. Ideally, this activity shouldtake on a more visual character.
Researb on educational modeling tools sud as IQON (Miller et al., 1993)
and VModel (Bredeweg and Forbus, 2003) suggestspossibleimprovemerns

in this direction. Pr ometheus alsoneedstoolsthat help the userunderstand
the deepnature of the relationships amongvariables. Although the program
can produce simulated trajectories, the user must engagein tedious parame-
ter tuning to explorethe behavior of a particular model structure. To enable
more meaningful exploration of the structure, the ervironmen could createa
gualitativ e versionof the model and useatool like VisiGarp (Salles,2003)to

let the userseethe e ects of large-scalechangeswithout worrying about para-
metric details. Sudh additions will bring the ervironmert closerto a exible

and robust tool that domain scierists would readily adopt and use.

10 Concluding Remarks

In this paper, we presetted a new framework for modeling and discovering sci-
ertic knowledge,alongwith Pr ometheus , an interactive ervironmert that
implemerts this approad. The ervironmernt includesa languagefor specifying
guartitativ e modelsin which the notion of processplays a certral role. This
formalism takesadvantage of traditional scierti ¢ notations like algebraicand
di erential equations,but provides additional structure to aid in presering
and revising models. We illustrated the processmodeling languagewith ex-
amples from three domains, which also clari ed the interactive features of
Pr ometheus . Theseinclude options for visualizing the causalstructure of
processmodels, for simulating thesemodelsto generatepredictions, for visu-
alizing the resulting behavior of models, and for semi-automatically revising
modelsin responseto obsenations. The latter facility lets the userspecify the
portions of a model to reviseand indicate additional processestaken from a
library of genericbadkground knowledge,that the systemshould consider.

We evaluated this approad to model revision on two domainsthat concerned
interactions within an ecosystemand onethat involved generegulation. Using
a simple predator{prey ecosystemwe demonstratedthat Pr ometheus can
producerevisedmodelsthat yield improvemerts to both the qualitativ e shape
and quartitativ e error scorewith respectto the original model. Application to

the RossSeaecosystemndicated that the environmert's revision capabilities
scaleup to represeh more complicated interactions, whereasrevision of a
photosyrthesis-regulationmodel supported the generality of the approad. In

addition, ecologistswho worked with Pr ometheus were interested in the

revision module and found its output understandable.
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Although our dewelopmen of Pr ometheus is still in its early stages,we be-
lieve the ervironmernt makesimportant cortributions to simulation languages,
to human{computerinteraction, and to computational scierti ¢ discovery. Our
initial results with the systemhave beenencouragingand, despite the room
that remainsfor extensionsand improvemerts, we feelthat they demonstrate
the promiseof sud an interactive framework for computer-assistecconstruc-
tion and useof scierti c models.
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