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Abstract

Existing tools for scienti�c modeling o�er little support for improving models in
responseto data, whereascomputational methods for scienti�c knowledgediscovery
provide few opportunities for user input. In this paper, we present a languagefor
stating processmodels and background knowledge in terms familiar to scientists,
along with an interactive environment for knowledge discovery that lets the user
construct, edit, and visualize scienti�c models, use them to make predictions, and
revise them to better �t available data. We report initial studies in three domains
that illustrate the operation of this environment and the results of a user study
carried out with domain scientists. Finally, we discussrelated research on modeling
formalisms and model revision, and we suggestpriorities for additional research.
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1 Background and Motiv ation

Modelsplay a central role in science,in that they utilize generallaws or theo-
ries to predict or explain behavior in speci�c situations. Modelsoccur in many
guises,but the morecomplexthe phenomenafor which they account, the more
important that they be cast in someformal notation with an unambiguous
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interpretation. Moreover, the advent of �elds like Earth scienceand systems
biology, which attempt to explain the behavior of complex systemsin terms
of interacting components, have increasedthe needfor computational tools to
aid model construction and use.

A variety of computational modeling tools already exist, although they are
typically associated with particular �elds. For example,STELLA (Richmond
et al., 1987) provides a languageand environment for creating quantitativ e
models in terms of instantaneousand di�erence equations.This framework
has beenadopted widely in the Earth sciencecommunity for use in ecosys-
tem models. Similarly, MATLAB (The Mathworks, Inc., 1997) o�ers an al-
ternative formalism and environment for specifying quantitativ e models that
include instantaneousand di�erential equations.However, it is most popular
in engineeringcirclesthat model complexartifacts like electric circuits.

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

On another front, there has been considerableresearch 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
formalisms like 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-
resent domain knowledge,but they are more poorly suited for scienti�c disci-
plines, which have a long history of formalismsfor encoding knowledge.

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

Clearly, scientists would bene�t from computational tools that combine the
advantagesof available modeling environments with the strengths of existing

2



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

model Predator Prey;
variables aureliaf preyg, nasutumf predatorg;
observable aurelia, nasutum;

processnasutum decay;
equationsd[nasutum,t,1] = � 1 * 1.2 * nasutum;

processaurelia exponential growth;
equationsd[aurelia,t,1] = 2.5 * aurelia;

processpredation volterra;
equationsd[aurelia,t,1] = � 1 * 0.1 * aurelia * nasutum;

d[nasutum,t,1] = 0.3 * 0.1 * nasutum * aurelia;

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

In this paper we introducePr ometheus , an environment that supports inter-
active knowledgediscovery in this manner.As we describe shortly, the system
includesa formalismfor specifyingmodelsandbackgroundknowledgein terms
of quantitativ e processes,which play a role in many scienti�c accounts. The
environment includestools for constructing, visualizing, and editing such pro-
cessmodels, for utilizing them in predictive simulation, and for constrained
revision of models in responseto observations, thus supporting their iterativ e
re�nement. We demonstratethesecapabilities in the context of revising mod-
els from three domains related 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 research in this area.

2 A Language for Pro cess Mo dels

Beforea scientist can develop and evaluate scienti�c models,he must �rst be
able to represent them. To this end, the Pr ometheus environment provides
a programminglanguagefor specifying formal models.As in other formalisms
for expressingquantitativ e knowledge,variablesand the equationsthat relate
them play a central role. However, traditional mathematical models leave im-
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plicit an important aspect of scienti�c knowledge| processes|whereas Pr o-
metheus makes it an explicit part of its models. In fact, the notion of a
processis the central organizing principle in the programming language,so
we refer to programswritten in this formalism as processmodels.

We borrow this distinctive characteristic from work in qualitativ e processthe-
ory (Forbus,1984),in which a userdescribesa dynamic systemby the general
relationships among its parts. That representation was designedto support
commonsensereasoningand knowledge,whereaswe developed Pr ometheus '
languagewith deterministic scienti�c modeling in mind. Somework in quali-
tativ e processtheory includessupport for quantitativ e knowledge(Forbusand
Falkenhainer,1990),which brings this work closerto our own, but the empha-
sis still rests on the qualitativ e processes,with the quantitativ e information
stored in a separatelibrary. Sincewe built Pr ometheus as a tool for devel-
oping mathematical models, the associated languageplacesthe quantitativ e
information on equalgroundswith the qualitativ e content.

To illustrate the use of processmodels, we appeal to a classicexample of
predator{prey interaction. Consider an ecosystemconsisting of two protist
speciesParamecium aurelia and Didinium nasutum, wherein the latter preys
upon the former. Jost and Ellner (2000)give a thorough analysisof this simple
ecosystemusing traditional modeling methods. We developed a model of this
ecosystemon the samegeneralmodel structure that guided their exploration,
and we use this model to illustrate the processmodeling formalism and to
demonstratethe Pr ometheus environment.

Table 1 shows the candidate processmodel for the protist ecosystem.The
speci�cation beginswith the model name(here, Predator Prey) and the vari-
ables it references.This model has two variables,aurelia and nasutum, that
represent the population density of each speciesin the ecosystem.A 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 observable, which meansthat they
were measuredat somepoint during systemactivit y.

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

The �rst process,nasutum decay, indicatesthe death of D. nasutum, in which
the left-hand side of the equation speci�es a �rst-order di�erential 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 decreases(� 1) with a rate of 1.2. The secondprocess,aure-
lia exponential 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-
cessesin
uence the samevariable, Pr ometheus assumesthe 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 scientist visualize
its causalstructure. To illustrate, Figure 1 shows the graphical representation
of the model from Table 1. The environment displays processesas rectangles
and variablesasellipses.A thick line betweena variable and a process,such as
the one from nasutum to nasutum decay, indicates that 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 aseither
input or output of the process.Additionally , whena clearcausalorderingexists
among variables, the environment placesthose variables serving as input to
the causalprocessto the left of the variables a�ected by that process.This
representation shows how the variablesin the model interact. To examinethe
details of theseinteractions (e.g., the governing conditionsand equations),the
scientist can click on the corresponding processrectanglein the display.

In addition to displaying a model's causalstructure, Pr ometheus can sim-
ulate the model's behavior. To this end, the scientist must provide the values
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Fig. 2. Simulated tra jectories for the predator{prey model from Table 1.

for each exogenousvariable (i.e., thoseinput variablesthat the model should
not explain), initial valuesfor each variable that occurs in 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 such run, we used initial values from Jost and
Ellner's (2000)analysis,2 setting aurelia and nasutum to 276.60and 64.67in-
dividuals/mL, respectively. We also told the program to start the simulation
on day 10, to end on day 35, and to report valuesonceevery 12 hoursso that
the timing of the predictions and the observed data would correspond.

After running the simulation, the user can view how a variable's predicted
valueschangeover time, as shown in Figure 2. Pr ometheus draws a graph
for the variable, with the x axis representing time and the y axis representing
the variable's value. As the results indicate, the model producesa seriesof
sharp peaks such that the growth of D. nasutum occurs slightly after the
growth of P. aurelia. Oncethe prey population reachesits peak,a sharpdecline
precedesa similar decline in the predator population. To further evaluate a
model, the usercan plot the simulated results against the observed data. For
example,Figure 3 shows how the processmodel's behavior comparesto the
data from Jost and Ellner's analysis. For both speciesthe model produces
fewer and sharper peaks than were observed, with the peaksbeing slightly
out of synchronization with the observations.

Sincethe model fails to adequatelyreproducethe behavior of the ecosystem,
the scientist may want to revise it. To this end, the graphical environment
supports the addition and alteration of both variables and processes,3 and
the userhasfull accessto the underlying text of the model. Thus the scientist
can adjust the model, view the new causalstructure, 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 can alsoserve as an active

2 These data 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 user can either instantiate a genericprocessfrom the library or createa new
processfrom scratch.
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Fig. 3. Simulated versusobserved output for the protist ecosystem.

assistant in the analysisof data as we will illustrate in the next section.

4 Revision of Pro cess Mo dels

When a model's predictionsdisagreewith the observations, the Pr ometheus
user can also invoke a module for automated model revision. We can charac-
terize the behavior of this systemcomponent as:

� Given: tra jectories for a set of continuous variablesover time;

� Given: backgroundknowledgecast in termsof genericprocessesand variable
type hierarchies;

� Given: observable and theoretical variablesto be modeled;

� Given: an initial model, processesthat may be removed from the model or
have their parameterschanged,genericprocessesthat may be added to
the model, and constraints on model size;

� Find : a set of processmodels, ranked by their �t to the data, that explain
the observed tra jectories.

In this section,we discussthe input to this approach in more detail, describe
the search algorithm that producesthe revisedmodels, and show the output
from the module.

Before Pr ometheus can aid in model revision, it must have someknowl-
edge about the domain. One type of knowledge takes the form of generic
processes,which serve as building blocks when adding new processesto the
model. Genericprocessesspecify the form of a model's instantiated processes
and have an analogousrepresentation. Table 2 shows �v e genericprocesses
relevant to modeling predator{prey interaction. Each genericprocessconsists
of �v e components: a name, a set of variables, a set of parameters,a set of
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Table 2
Somegenericprocessesrelevant to the predator{prey model in Table 1.

genericprocesslogistic growth;
variables Sf preyg;
parametersp[0,3], k[0,1];
equationsd[S,t,1] = p * S * (1 � k * S);

genericprocesspredation volterra;
variables S1f preyg, S2f predatorg;
parametersa[0,1], b[0,1];
equationsd[S1,t,1] = � 1 * a * S1 * S2;

d[S2,t,1] = b * a * S1 * S2;
genericprocesspredation holling;

variables S1f preyg, S2f predatorg;
parametersa[0,1], b[0,1], c[0,1];
equationsd[S1,t,1] = � 1 * a * S1 * S2/(1 + c * a * S1);

d[S2,t,1] = b * a * S1 * S2 / (1 + c * a * S1);
genericprocessexponential growth;

variables Sf preyg;
parametersb[0,3];
equationsd[S,t,1] = b * S;

genericprocessexponential decay;
variables Sf speciesg;
parametersa[0,2];
equationsd[S,t,1] = � 1 * a * S;

conditions, and a set of equation forms. Of thesecomponents, 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 exponential growth in Table 1 instanti-
atesexponential growth so that aurelia �lls the role of S and b equals2.5.

In addition to genericprocesses,the scientist 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 number|the root
of the hierarchy. When instantiating a genericprocess,Pr ometheus must
selectvariables of the appropriate types. Consider exponential decay, which
expects a speciesvariable. Sinceboth aurelia and nasutum are instancesof
species,either onecan �ll the role. In contrast, predation volterra requiresone
variable each of the morespeci�c typespredator and prey. Here,knowledgeof
the variable types keepsPr ometheus from consideringimplausible models
in which predator and prey switch roles.

Along with this general domain knowledge, the scientist provides Pr ome-
theus with additional, task-speci�c information to direct its search for alter-
native models. This information includes a set of variables to include in the
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Fig. 4. Parametersusedto revise the model of the protist ecosystem.

model, a data setcontaining valuesfor the observablevariables,and guidelines
concerningthe modi�cation of the model. Speci�cally, the scientist can select
which genericprocessesshould be consideredfor addition and which current
processescan be deletedor tuned by altering their parameters.Additionally ,
he can place limits on both the total number of processesin the model and
the number of instantiations allowed for each genericprocess.

Figure 4 shows settings given to Pr ometheus to guide its revision of the
model in Table1. The top portion of the dialog box indicatesthat the program
shouldconsideradding instantiations of predation volterra, predation holling,
logistic growth, and exponential growth. The useralso told Pr ometheus to
considerdeletingthe current aurelia exponential growth andpredation volterra
processes,and to alter the parametersof nasutum decay. Additional input
speci�es that the resulting model should contain from two to �v e processes
and only one instantiation of each genericprocess.

Once provided with this information, Pr ometheus searches for a revised
model using the method described by Asgharbeygi et al. (2006). First, the
program removesthe deletableprocessesfrom the model and setsthem aside,
which producesa model containing both the immutable processesand the
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Fig. 5. Revisedmodelsfor the protist ecosystem,rankedby the sumof squarederror,
along with the structure of the best �tting candidate, asdisplayed in Pr ometheus .

processeswith alterable parameters.Second,Pr ometheus binds variables
by type to the genericprocessesthat may be added to the model. This step
can leadto multiple instantiations of the samegenericprocess.For example,if
thereweretwo di�erent prey in the protist ecosystem,then two logistic growth
processesfrom Table 2 could be created.Third, the program placesboth the
deletableand the freshly bound processesinto a pool of addablecomponents.

After dividing the input into required and optional processes,Pr ometheus
carries out a two-stagesearch through the model space.In the �rst stage,
the program createscandidate structures by �rst generating all subsetsof
the component pool and then adding each one to the basemodel. To remain
viable, each model structure must satisfy �v e constraints:

� the number of processesmust fall within the user-speci�ed bounds;
� a cyclecomposedsolelyof algebraicequationscannot exist;
� exogenousvariablescannot act as the output of any process;
� any observable variable acting asan input to a processmust alsoact as the

output of another process;and
� each unobservable variable must be both the output of someprocessand

the input to another process.

For each structure, Pr ometheus performsa gradient-descent search through
the parameterspacede�ned by the newprocesses,thosemarkedaschangeable,
and the initial values of the variables. The search algorithm is an iterativ e
procedurewith an external loop that �rst, selectsa random starting point and
usesthe Levenberg{Marquardt method (Levenberg, 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 results in a
lower error score,Pr ometheus calls the Levenberg-Marquardt method from
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Table 3
The most accurate revisedmodel for the protist ecosystem.

model Predator Prey revised;
variables nasutumf predatorg,aureliaf preyg;
observable 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 decay;

equationsd[nasutum,t,1] = � 1 * 1.034667* nasutum;

this point and restarts the internal loop. When this strategy fails to reducethe
error, the environment restarts the iterativ e procedurefrom another randomly
selectedpoint. The search endsafter a �xed number of random restarts.

OncePr ometheus completesthe search, it returns the set of n modelswith
the smallesterror score.In this example,the programreturns for the scientist's
inspection the 20 model structures, with their best parameterestimates,that
result in the lowest sumof squarederror. Figure 5 shows how the environment
displays the revisions.The list of models appearson the right, each with its
name,sumof squarederror, and the number of processesthat wereadded(+),
deleted(-), changed(^), and unchanged(=). The user can inspect a model's
details by selectingit on the screen.In addition, each model's components are
color coded to easethe identi�cation of altered processes.Figure 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 one in
three ways. At the structural level, aurelia exponential growth has been re-
placedby a logistic processsothat population growth now slowsoncea certain
density hasbeenreached.Within processes,the rate of changeis lower in both
equationsassociated with predation volterra, and the processnasutum decay
now hasa slower death rate for D. nasutum.

Figure 6 comparesthe tra jectories for D. nasutum and P. aurelia density
producedby the newmodel with the original data. In both species,the number
of peaksand the synchronization of the oscillations match the observations
much morecloselythan before.Although peakheights havealsoimproved, the
model does not account entirely for the peak occurring in both populations
on the thirtieth day. However, using Pr ometheus , the scientist can re�ne
this model further to improve its behavior comparedto that observed in the
protist ecosystem.
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Fig. 6. Simulated tra jectories predicted by the revised protist model and observed
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 described at length. For this system, scien-
tists are particularly interested in the change in phytoplankton population
throughout the year. Suspectedin
uences include the availabilit y of nutrients
and light, aswell asgrazingbehavior by zooplankton. Table4 shows 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 environmental
factors. Of thesevariables,only phyto, nitrate, and ice are observable; these
denote the measuredconcentrations of phytoplankton, N O3, and seaice, re-
spectively. In addition to being observable, ice is exogenous,meaning both
that the model should not explain its behavior and that the scientist must
provide the valuesof this variable when simulating or revising the model.

The processde�nitions follow the list of variables. While most processesin
this model are relatively straightforward, set constants is distinctive in that
it shows how, within our formalism, the user can de�ne parametersthat are
sharedamongmultiple processes.Sinceour languagerevolvesaroundvariables
andprocesses,the usertreats the constants asvariables,placingequationsthat
specify the valuesinside a process.Thus we neednot introducenew language
structures to represent global parameters.As with the parameterslocal to a
process,the valuesof theseconstants can be tuned during model revision.

The processfor light production clari�es another important feature of the
environment|algebraic equationscan expressinstantaneouse�ects. In prac-
tice, Pr ometheus computesthe valuesof theseequationsimmediately after
it simulates the di�erential equations for 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,
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Table 4
A quantitativ e processmodel of the RossSeaecosystem.

model RossSeaEcosystem;
variables zoof z speciesg, nitrate to carbon ratiof n constg,

light f signalg, nitrate f n nutrientg, phytof p speciesg,
icef fractiong, light ratef l rateg, Gf gz rateg,
growth ratef gw rateg, nitrate ratef n rateg,
remin ratef r rateg, r maxf r constg, residuef residueg;

observable nitrate, phyto, ice;
exogenousice;

processlight production;
equations light = 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;

equationsd[nitrate,t,1] = � 1 * nitrate to carbon ratio * growth rate * phyto;
processgrowth limitation;

equationsgrowth rate = r max * min(nitrate rate,light rate);
processnitrate availabilit y;

equationsnitrate rate = nitrate / (nitrate + 5);
processlight availabilit y;

equations light rate = light / (light + 50);
processset constants;

equationsnitrate 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 availabilit y of sunlight while ensuringthat
values never becomenegative. The processmultiplies the light intensity by
the ice concentration becausethe ice particles reducethe availabilit y of light
to the phytoplankton.

Figure 7 shows how Pr ometheus displays this model graphically. The top
portion indicates that the concentration 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 concentration of phyto-
plankton itself is a direct result of the processgoverning its growth and the
processgoverning its loss.Two variables,zoo and G, which refer to zooplank-
ton's concentration and growth rate, are unconnected,indicating that this
model lacks grazing e�ects.
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Fig. 7. The graphical representation of tje RossSeaecosystemmodel from Table 4
as displayed in Pr ometheus .

Figure 8 comparesthe changeover time in phytoplankton and nitrate con-
centrations as simulated by this model to that actually observed. Although
a slight increaseappears in the phytoplankton tra jectory, it comestoo late
in the season,after light availabilit y has already diminished. Therefore, the
model doesnot reproducethe exponential growth followed by an exponential
decreasethat actually occurred in the RossSea.However, when the phyto-
plankton population increases,lessnitrate is available.

To revisethe model so that it better �ts the data, we invoked Pr ometheus '
revision component. As in the predator{prey example,we provided typesfor
the variables and a list of genericprocesses.Table 4 shows the types in the
original model,whereasthe genericprocessesthat welet Pr ometheus instan-
tiate and add to this model appear in Table5. In addition, we let the environ-
ment alter the parametersof all current processesexceptfor light availabilit y,
light production, and set constants.

Table 6 presents the alterations to the original model that occurred in the
best-scoringrevision.Pr ometheus addedoneeach of the genericprocessesin

Fig. 8. Observed concentrations of phytoplankton and nitrate, along with values
predicted by the initial model of the RossSeaecosystem.
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Table 5
Generic processesusedfor revising the model of the RossSeaecosystem.

genericprocesszoo grazesphyto;
variables Pf p speciesg, Zf z speciesg, Rf residueg, Gf gz rateg;
parametersgamma[0,1];
equationsd[P,t,1] = � 1:0 * G * Z;

d[R,t,1] = gamma * G * Z;
d[Z,t,1] = (1 � gamma) * G * Z;

genericprocessIvlev rate;
variables Gf gz rateg, Pf p speciesg;
parametersdelta[0,10],rho[0,10];
equationsG = rho * (1 � exp(� 1 * delta * P));

genericprocessresidue loss to remineralization;
variables RESf residueg, REMf r rateg;
equationsd[RES,t,1] = � 1 * REM * RES;

genericprocessnitrate 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 availabilit y. The
new processeszoo grazesphyto 1 and Ivlev rate 1 jointly characterize zoo-
plankton's grazingon phytoplankton, while residuelossto remineralization 1
and nitrate remineralization 1 describe the restoration of nitrate to the envi-
ronment that results from the death and decay of phytoplankton. Addition-
ally, the parameter in nitrate availabilit y increasedand the one controlling
phyto lossdecreased.

Figure 9 presents the results of simulating the revised model and their re-
lation to the observed data. 4 As can be seen,this model conforms to the
observed data much better than the original version.The modeledgrowth of
phytoplankton now peaksat the right time and magnitude, while the nitrate
concentration alsochangesin roughly the correct fashion.However, discrepan-
ciesstill exist betweenthe predicted and observed tra jectories.Most notably,
the initial increasein phytoplankton concentration grows more slowly than
observed, and the nitrate concentration decreasesmore than it should. How-
ever, the revisions produced by Pr ometheus let one concentrate on these
secondaryfeaturesof the ecosystem,giving a more appropriate starting point
for �ne-grained analysis.

4 In addition to �tting parametersin the di�eren tial equations,Pr ometheus also
selectsinitial valuesfor the variables in the revisedmodel. Thesevaluesaccount for
the discrepancyin starting points for the simulated versusobserved tra jectories.
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Table 6
Processesthat 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;

processIvlev rate 1;
equationsG = 2.232819* (1 � exp(� 1 * 0.004399* phyto));

processresidue loss to 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 usedPr ometheus
to investigatethe regulation of photosynthesis.Biologistshave devoted a large
amount of time to this system,and they continue to investigatethe underlying
mechanisms.Recently, Labiosaet al. (2003) examinedphotosynthetic behav-
ior within the cyanobacteriumSynechocystis sp.PCC 6803.Their experiments
simulated natural lighting conditions and sampledthe bacteria at nine points
within a 24-hour period. They processedthesesamplesusing cDNA microar-
ray technology, and measuredmRNA concentrations for numerousgenes.We
usedPr ometheus to build a plausible model of photosynthesis regulation,
to analyzethe microarray data, and to revisethis model.

Fig. 9. Observed concentrations of phytoplankton and nitrate, along with values
predicted by the revisedmodel of the RossSeaecosystem.
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Table 7 displays the initial model of photosynthesis regulation, which relates
six variables.The �rst represents the amount of light available to the observed
plants throughout the day. As in the RossSeamodel, the amount of light is
simulated usinga trigonometric function, which ensuresthat the light intensity
peaksat noon. The next three variables represent concentrations of mRNA,
photosynthetic protein, and reactive oxygen species(ROS), respectively. The
mRNA variable encodesan aggregateover 17 genesthat were implicated in
regulation of the photosynthetic system,whereasboth photosynthetic protein
and ROS are biologically plausible theoretical terms. The former denotesthe
averageconcentration of all proteins involved in photosynthesis, whereasthe
latter represents the amount of a damagingbyproduct the processproduces.
The �nal two variablessignify the amount of energyin the system(redox) and
the rate of mRNA transcription.

The eight processesin the initial model are similar in form to thosewe have
previously discussed.Photosynthesisproducesboth redox and ROS. Transla-
tion increasesthe amount of protein, while transcription increasesthe mRNA
concentration while consumingredox. The negative e�ect of ROS on protein
is captured in protein degradation ros, and the normal degradationof mRNA
is represented by mRNA degradation.

Unlike the other models, someof the processesin Table 7 have conditions,
which are stated as arithmetic relations placedbeforethe equationsand sep-
arated by commas.During simulation, a processis active only when all of its
conditions are met. As an example,mRNA degradation cannot occur unless
mRNA is present, so the model explicitly requiresa positive mRNA concen-
tration for the degradationprocessto proceed.

Figure 10 shows how Pr ometheus displays the processmodel for photosyn-
thesis regulation. This graphical representation reveals three primary path-
ways that are tied together by three processes.The lighting pathway provides
input to photosynthesis and a�ects the amount of mRNA by in
uencing the
transcription rate. The pathway containing ROS and photosynthetic protein
describes how protein concentrations decreasewithin the cell as a�ected by
the amount of mRNA through photo translation. The last pathway describes
the change in mRNA due to the amount of cellular energy. All three inter-
act through the central photosynthesis processthat useslight and produces
both ROS,which lowersthe protein concentration, and redox, which increases
mRNA transcription.

Figure 11 presents the simulated results from the model comparedwith the
observedmRNA values.As in the data, the predictedtra jectory hastwo peaks,
with a striking drop in mRNA concentration at noon. However, both the
magnitude and timing of the events 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 light f lightg, mRNAf mRNAg, transcription ratef rateg,

ROSf rosg, redoxf redoxg, photo proteinf photo proteing;
observable mRNA;

processphotosynthesis;
equationsd[redox,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,1] = � 0:05 * ROS;
processmRNA transcription;

equationsd[mRNA,t,1] = transcription rate;
processregulate light;

equations transcription rate = 0.80 * light;
processregulate redox;

conditions redox > 0;
equations transcription rate = � 2:00 * redox;

d[redox,t,1] = � 1:00 * redox;
processmRNA degradation;

conditions mRNA > 0;
equationsd[mRNA,t,1] = � 0:02 * mRNA;

processlighting;
equations light = 1 � cos((2 * 3.1415926/ 24) * t);

and overshoots the observed maximum concentration. Even more distressing
is that the concentration of mRNA dips below zero for several hours. Each
of these discrepanciesin the simulated tra jectory indicates that we should
attempt to revisethe model.

In earlier work (Langley et al., 2006),we reported the model in Table8, which
providesan improved �t to the data. Structurally, this model di�ers from that
in Table 7 due to the absenceof regulate light. Originally, the amount 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 redox. In addition to this
structural change,Pr ometheus altered the parametersof all the processes.
The resulting model leads to the behavior shown on the right in Figure 11,
which �ts the observations almost perfectly. 5

5 We have not reported the observed data becauseour biologist collaborators have
not yet published them. Also, given the noise inherent in microarrays, such a good
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Fig. 10. Pr ometheus ' display of the photosynthesis model from Table 7.

7 Feedback from Users

While developingPr ometheus , we interactedwith ecologiststo get feedback
about the utilit y of the program.Two of thesescientists belongto our research
team: oneis a prominent oceanographerwho both developsmodelsand trains
students in his department; the other is a postdoctoral ecologistwho spends
most of his time working directly with the Pr ometheus developers. Their
input hasbeeninvaluable to improving the system'susability and incorporat-
ing meaningful domain knowledge,but we wanted additional evidenceabout
the environment's suitabilit y asa computational aid to model development.

To this end, we carried out a pilot study to obtain input from two graduate
students and a seniortechnician, all from the oceanographer'sresearch group.
Each user had experiencewith building ecologicalmodels, but this had in-
volved writing programsin FORTRAN . To gather feedback, we introduced
users to the system's capabilities, interface, and modeling conventions. 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
parameterswerenecessaryto successfullycompletethe task, and each partic-
ipant discoveredthe generatingmodel. This result indicatesthat even though
they found the systemunfamiliar, the userscould learn to useit productively

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

model Photosynthesis Regulation;
variables light f lightg, mRNAf mRNAg, transcription ratef rateg,

ROSf rosg, redoxf redoxg, photo proteinf photo proteing;
observable mRNA;

processphotosynthesis;
equationsd[redox,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 * mRNA;
processprotein degradation ros;

conditions photo protein > 0, ROS > 0;
equationsd[photo protein,t,1] = � 1 * 0.10 * ROS;

d[ROS,t,1] = � 1 * 0.10 * ROS;
processmRNA transcription;

equationsd[mRNA,t,1] = transcription rate;
processregulate redox;

conditions redox > 0;
equations transcription rate = � 12:72 * redox;

d[redox,t,1] = � 1 * 5.31 * redox;
processmRNA degradation;

conditions mRNA > 0;
equationsd[mRNA,t,1] = � 1 * 0.82 * mRNA;

processlighting;
equations light = 1 � cos((2 * 3.1415926/ 24) * t);

within a single,three-hoursession.6 To document usercomments and actions,
we recordedthe sessionson video, captured screenactivit y with software, and
elicited opinions using a survey. As we analyzed the feedback, we placed it
into three categories:the visual environment, the supported tasks, and the
underlying formalism.

Pr ometheus ' interface is relatively basic, and usershad a variety of com-
ments about how to improve it. Someof their suggestionsemphasizedmodi�-
cations in the menu-driven stepsneededto carry out revision, the conventions
and display of model names,and the directnessof accessingthe genericpro-
cesslibrary. In addition, the edgesemantics in the graphical display provided
a commonsourceof confusion.For instance, when a variable serves as both
input and output to di�erential equations in a process,Pr ometheus only
shows the edgefrom the processto the variable. In response,we intend to

6 The participants useda slightly di�eren t 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 observed tra jectoriesof mRNA concentration using the orig-
inal (left) and revised (right) model of photosynthesis regulation. The observed
tra jectories are not shown.

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

As an integratedmodelingenvironment, Pr ometheus supports multiple tasks,
someof which werenovel to the users.The participants in our study had little
di�cult y familiarizing themselves with the various operations supported by
the program, and they expressedinterest in the automated revision module.
Usersalsoappreciatedthe inclusion of the simulation and plotting tools, since
model evaluation in ecologyextendsbeyond a singlemeasureof �tness. They
also liked the abilit y to alter the model at an abstract, process-oriented 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 useful in their current re-
search, wemust extendit to support spatial models.However, the participants
did mention that the existing environment would be usefulfor other ecological
tasks and for teaching.

A key claim about Pr ometheus and the processmodeling formalism is that
domain scientists can understandmodelsbuilt within the environment. While
developingthe program,our primary sourceof feedback wasfrom the oceanog-
rapher in the group. After we explained the syntax of the languageand the
graphical layout, he had no di�cult y understandingthe model at either level.
During informal discussions,he could alsomap genericprocessesto piecesof
his working model of the RossSea(Arrigo et al., 2003).Although each partic-
ipant in the userstudy spent sometime looking at the underlying representa-
tions of the processes,only onewanted to examinethe processlibrary in detail.
He expressedsomesurpriseat the organizationof the processes,but hehad no
di�cult y interpreting the formalism for expressingprocessesor mapping be-
tweenprocessand equation representations. The primary sourceof confusion
in understanding the processmodeling languageappeared to be familiarit y
with the stock-and-
ow approach to modeling supported by STELLA (Rich-
mond et al., 1987).Subjects were accustomedto edgesthat indicate material
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o w between variables as opposedto causal in
uences. As a result, we plan
to incorporate a secondgraphical view that better matchesstock-and-
ow di-
agrams,thus providing a familiar representation to help ecologistsinterpret
their models.

The user study provided generallyencouragingresults, but it also suggested
extensionsthat should make Pr ometheus more useful to domain scientists.
In summary, the usersappreciated the abilit y to search through a spaceof
model structures and liked the integration of multiple model-related tools.
However, their comments about spatial modelingand the visual representation
of the model indicated obvious areasfor improvement.

8 Related Research on Mo deling and Disco very

In the precedingtext, we illustrated both the structure of quantitativ e pro-
cessmodelsand the capabilitiesof Pr ometheus . We introduceda formalism
that lets a scientist represent mechanismsasnetworks of variablesand familiar
processes,alongwith an environment that displays the causalstructure of the
model andsimulatesits behavior. If the simulated tra jectoriesfail to match ob-
served data, the usercanaskPr ometheus to proposerevisionsthat improve
its �t in ways consistent with domain knowledge.Generic processesprovide
the link in these revision e�orts, giving the abilit y to produce explanatory
models, as opposedto simply descriptive ones.This combination of features
distinguishesthe systemfrom other quantitativ e modeling environments.

As we indicated in the introduction, Pr ometheus ' approach to scienti�c
modeling is not entirely new, but rather borrows ideas from two previously
disconnectedliteratures. However, it doesmore than simply combine two ex-
isting technologies;it moves beyond them to demonstratenew functionality
and addressnew issuesin interfacedesign.Herewe discussin more detail the
relations betweenour approach and earlier work.

On the one hand, the Pr ometheus environment has many similarities to
modeling frameworks like STELLA (Richmond et al., 1987) and MATLAB
(The Mathworks, Inc., 1997). They share the notion of a formal syntax for
specifying both instantaneousand dynamic quantitativ e models in terms of
mathematical equations,although their detailed notations di�er. In addition,
they let the usercreateand edit modelsin this syntax, aswell asinvoke an as-
sociated simulator that can run thosemodelsto generatepredictions.Finally,
they all provide a graphical interfacethat lets the userdisplay and inspect the
logical structure of his mathematical models.Our approach alsosharesmany
featureswith Keller's (1995)SIGMA, which is another graphical environment
that takesan interactive approach to model building, visualization, and anal-

22



ysis,aswell asproviding extensive checks to ensuremodel consistencyand to
handle unit conversions.

However, Pr ometheus moves beyond these earlier modeling environments
by requiring the user to organizeequationsinto processes. This idea plays a
central role in many scienti�c disciplinesand appearsin qualitativ e modeling
tools such as Homer (Bredeweg and Forbus, 2003), but previous quantita-
tive simulation languageshave not supported it. Equally important, the new
environment supports computational revision of models in 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 scienti�c discovery. In particular, it adopts the metaphor of
heuristic search through a spaceof candidatestructuresguidedby their abilit y
to �t data. Our approach di�ers from other quantitativ e discovery work (e.g.,
Langleyet al., 1987;WashioandMotoda, 1998)by focusingon processmodels,
rather than on independent setsof equations,and by emphasizingrevision of
models rather than their generation,although it borrows ideason this front
from other e�orts. Early research in this area emphasizedqualitativ e models
(e.g., Ourston and Mooney, 1990;Towell, 1991), although somemore recent
work addressesquantitativ e modelswith numeric equations(e.g., Chown and
Dietterich, 2000;Saito et al., 2001;Todorovski and D�zeroski,2001).

The environment also di�ers from most earlier discovery research by its re-
liance on explicit domain knowledgeto constrain search. Easleyand Bradley
(1999) take a similar approach in that their systemusesgeneralized physical
networks, which take the form of general equations, as background knowl-
edgeto discover di�erential equation models of nonlinear dynamic systems.
Similarly, Todorovski and D�zeroski's(1997) La gramge encodesbackground
knowledgein terms of context-free grammarsthat specify the spaceof equa-
tions to considerduring its search for models.Pr ometheus drawson a similar
idea,but employs domain knowledgein terms of genericprocessesrather than
theseother formalisms,as hasTodorovski's (2003) recent work.

But the main di�erence from earlierdiscovery research concernsthe interactive
nature of our environment. Previouswork on computational scienti�c discov-
ery has focusedalmost exclusively on automated methods, whereasPr ome-
theus aims explicitly to support scientists rather than to replacethem. This
philosophy is consistent with a generaltrend in arti�cial intelligenceresearch
toward advisory systems,but it meanswe have had to addressissuesabout
human{computer interaction (e.g., how best to let usersconstrain the search
for revised models) that somealgorithm-oriented researchers will �nd unin-
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teresting. Nevertheless,such issuesmust receive seriousattention if we hope
to develop computational discovery tools that practicing scientists will useon
a regular basis.

We should note that our environment is not quite the �rst designedto accept
user input. 7 For example, Vald�es-P�erez (1995) developed Mechem , which
�nds chemicalreactionpathways that explain how a setof reactants producea
setof observedproducts. In addition to background knowledgeabout catalytic
chemistry, the systemacceptsinput from the userabout constraints, expressed
in terms familiar to chemists, that the inferred pathways must satisfy. The
usercan only in
uence Mechem 's behavior by setting switchesbeforea run,
not in an on-line manner, as we envision for the Pr ometheus environment.
Nevertheless,the systemhas produceda number of novel reaction pathways
that have appearedin the chemistry literature.

Another exampleis Mitchell et al.'s (1997) Daviccand , which was designed
to discover quantitativ e relations in metallurgy. This systemencouragesthe
user to actively direct the search processand provides explicit control points
where he can in
uence choices.In particular, the user formulates a problem
by specifying the dependent variable the laws should predict, the region of
the spaceto consider, and the independent variables to use when looking
for numeric laws. The user can also manipulate the data by selectingwhich
points to treat asoutliers. Daviccand presents its resultsin termsof graphical
displays and functional formsthat arefamiliar to metallurgists,and the system
hasproducedknowledgepublished in their literature.

The research that appears closest to our own comesfrom Mahidadia and
Compton (2001), who report an integrated environment for the development
and revision of qualitativ e causalmodels. Their systemprovides a graphical
interfacefor model construction and visualization that mapswell onto models
in their target domain, neuroendocrinology. The JustAid systemstarts with
an initial model provided by the userand, using experimental data about the
e�ects of independent variableson dependent measures,recommendschanges
to this model in terms of link additions and deletions, which the user must
approve beforethey are implemented. The main functional di�erence between
JustAid and Pr ometheus are that the former supports qualitativ e models,
stated as signedlinks betweencontinuous variables,whereasthe latter deals
with quantitativ e processmodels.Their underlying algorithms alsodi�er, but
theseare far lessvisible to usersthan the model formalism and interface.

7 A number of commercialenvironments for knowledgediscovery 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 scientists. 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
variablesandprocesses.A natural responseis to expandthe modeling language
to incorporate the notion of subsystemsthat characterizecomponents of the
overall model. For example,an ecosystemmodel might include onesubsystem
for water-related processesand another for sunlight-related processes.This
\decompositional" approach would let usershide information and help them
managemore complexmodelsby letting them focusboth their own attention
and that of Pr ometheus ' revision module on onesubsystemat a time.

Other extensionswould augment the background knowledgeavailable to the
environment, which is currently limited to a taxonomy of variables that is
linked to a set of genericprocesses.Future versionsof Pr ometheus should
incorporate dimensional information about classesof variables,which would
give the system enough knowledge to check models more carefully for cor-
rectnessand convert units acrossprocessesthat usedi�erent measures.The
systemshould alsosupport a taxonomy of processesto provide the userwith
more 
exibilit y to direct model revision.For instance,such a taxonomy might
include genericprocesseslike `growth' at higher levels that specify only quali-
tativ e proportions betweenvariables,whereasprocessesat lower levels would
encode specializedtypes like `exponential growth' that give the forms of nu-
meric equations.Such a hierarchy would let usersidentify either the abstract
processesor the moreconcreteonesascandidatesfor revision.More generally,
the environment should also support the creation and revision of qualitativ e
models,which are especially appropriate for domainswith limited data.

The current implementation of Pr ometheus relies on a single revision al-
gorithm, but this is certainly not a logical necessity. 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 scientists will need to
manually edit the models that the program produces(e.g., to account for mi-
nor discrepanciesasdiscussedat the endof Section5). In response,we should
include tools that easeparameter tuning and sensitivity analysis,which will
help the scientist better understand the interrelationships within the model.
We shouldalsoextend the Pr ometheus environment to move beyond model
revision to support the induction of processmodels from genericcomponents
and data, as we have described elsewhere(Langley et al., 2003).
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Finally we plan to modify Pr ometheus ' interfacebasedon the resultsof our
user study. Currently, usersinstantiate processesby selectinga genericpro-
cessfrom a list and specifying the variable bindings and parametervaluesin
a dialog window. Ideally, this activit y should take on a more visual character.
Research on educational modeling tools such as IQON (Miller et al., 1993)
and VModel (Bredeweg and Forbus, 2003) suggestspossibleimprovements
in this direction. Pr ometheus alsoneedstools that help the userunderstand
the deepnature of the relationshipsamongvariables.Although the program
can produce simulated tra jectories, the user must engagein tedious parame-
ter tuning to explore the behavior of a particular model structure. To enable
more meaningfulexploration of the structure, the environment could createa
qualitativ e versionof the model and usea tool like VisiGarp (Salles,2003)to
let the userseethe e�ects of large-scalechangeswithout worrying about para-
metric details. Such additions will bring the environment closerto a 
exible
and robust tool that domain scientists would readily adopt and use.

10 Concluding Remarks

In this paper, we presented a newframework for modeling and discovering sci-
enti�c knowledge,along with Pr ometheus , an interactive environment that
implements this approach. The environment includesa languagefor specifying
quantitativ e models in which the notion of processplays a central role. This
formalism takesadvantageof traditional scienti�c notations like algebraicand
di�erential equations,but provides additional structure to aid in presenting
and revising models. We illustrated the processmodeling languagewith ex-
amples from three domains, which also clari�ed the interactive features of
Pr ometheus . These include options for visualizing the causalstructure of
processmodels, for simulating thesemodels to generatepredictions, for visu-
alizing the resulting behavior of models, and for semi-automatically revising
modelsin responseto observations. The latter facility lets the userspecify the
portions of a model to reviseand indicate additional processes,taken from a
library of genericbackground knowledge,that the systemshould consider.

We evaluated this approach to model revision on two domainsthat concerned
interactionswithin an ecosystemand onethat involved generegulation. Using
a simple predator{prey ecosystem,we demonstratedthat Pr ometheus can
producerevisedmodelsthat yield improvements to both the qualitativ e shape
and quantitativ e error scorewith respect to the original model. Application to
the RossSeaecosystemindicated that the environment's revision capabilities
scale up to represent more complicated interactions, whereasrevision of a
photosynthesis-regulationmodel supported the generality of the approach. In
addition, ecologistswho worked with Pr ometheus were interested in the
revision module and found its output understandable.
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Although our development of Pr ometheus is still in its early stages,we be-
lieve the environment makesimportant contributions to simulation languages,
to human{computer interaction, and to computational scienti�c discovery. Our
initial results with the systemhave beenencouragingand, despite the room
that remainsfor extensionsand improvements, we feel that they demonstrate
the promiseof such an interactive framework for computer-assistedconstruc-
tion and useof scienti�c models.
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