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Abstract

Existing tools for sciertic modeling o er little support for improving models in
responseto data, whereascomputational methods for sciertic knowledgediscovery
provide few opportunities for userinput. In this paper, we presen a languagefor
stating processmodels and badkground knowledge in terms familiar to scierists,
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 environment. Finally, we discussrelated researt
on modeling formalisms and model revision, as well as suggesting priorities 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 phonemendor which they accoun, the more
important that they be castin someformal notation with an unambiguous
interpretation. Moreover, the advert of elds like Earth scienceand systems
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biology, which to attempt to explain the behavior of complexsystemsin terms
of interacting componerts, have increasedthe needfor computational tools to
aid model construction and use.

A variety of computational modeling tools already exist, though they aretypi-
cally assaiatedwith particular elds. For example,STELLA (Richmondetal.,
1987) provides a languageand ernvironmert for creating quartitativ e models
in terms of instantaneousand di erence equations.This framework hasbeen
adopted widely in the Earth sciencecommunity for usein ecosystemmod-
els. Similarly, MATLAB (The Mathworks, Inc., 1997) o ers an alternative
formalism and environment for specifying quarntative modelsthat include in-
stantaneousand di erential equations.Howe\er, it has proved most popular
in engineeringcirclesto model the behavior of 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 discovery. Howewer, as data becomesmore available and as the
complexity of models grows, scientists would increasingly stand to benet
from sudh computational assistance.

On another front, there has been considerableresearb on computational
methods for discovering knowledgefrom data. Much of this work, especially
with the data mining paradigm (e.g.,Fayyad et al., 1996),hasemphasizedor-
malismslike decisiontreesand logical rulesthat cameoriginally from the eld
of arti cial intelligence.Thesenotations are perfectly appropriate for business
applications, sincethe corporate world has no establishedways to represen
domain knowledge, but they are more poorly suited for scieri ¢ disciplines,
which have a long history of formalismsfor encaling knowledge.

Fortunately, an alternative paradigm, known as computational scienti ¢ dis-
covery (e.g.Langley 2000),hasdealt insteadwith discovery of knowledgecast
as numeric equationsand other notations widely usedin elds of scienceand
engineering.Yet researt in this framework shareswith data mining an em-
phasison automating the discovery process,sothat, with few exceptions,the
deweloped methods provide little support for interaction with human users.
Another drawbad is that thesemethods typically focuson discovering knowl-
edgefrom scratdh, and thus o er no way to incorporate 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 an ecosystemwith one predator (D. nasutum) and
one prey (P. aurelia).

model Predator_Prey;
variables aurelia{prey}, nasutum{predator};
observable aurelia, nasutum;

process nasutum_decay;

equations d[nasutum,t,1] =-1 * 1.2 * nasutum;
process aurelia_exponential_grow th;
equations d[aurelia,t,1] = 2.5 * aurelia;

process predation_volterra;
equations d[aurelia,t,1]
d[nasutum,t,1]

-1 * 0.1 * aurelia * nasutum;
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 scierist would devisethe initial model and guide high-level de-
cisionsabout re nement, with the computerhandling predictions, ne-grained
seart, and other stepsthat are easilyautomated. This view is consisten with

Shneiderman's(2000) proposal for computational tools that support creative
enquiry.

In this paper we introducePr ometheus , an ervironmernt that supports inter-
active knowledgediscorery in this manner. As we descrite shortly, the system
includesa formalismfor specifying modelsand badkground 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 demonstrate these capabilities in the cortext of revising in
three domainsrelated to Earth scienceand microbiology In closing, we dis-
cussrelated work on simulation and discovery, alongwith directions for future
researb in this area.

2 A Language for Pro cess Mo dels

Beforea scientist 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. Howeer, traditional mathematical modelsleave im-
plicit an important aspect of scieriic knowledge| processe$vhereas Pr o-



metheus makesit an explicit part of its models.? In fact, the notion of a
processs the certral organizingprinciple in the programminglanguage,sowe
refer to programswritten in this formalism as processmadels.

To illustrate the structure of processmodels, we appeal to a classicexample
of predator-prey interaction. Consideran ecosystemconsisting of two protist
speciesParamecium aurelia and Didinium nasutum whereinthe latter preys
upon the former. Jost and Eliner (2000) give a thorough analysisof this simple
ecosystemusing traditional modeling methods. We basedour model of the
ecosystenon the samegeneralmodel structure that guided Jost and Ellner's
exploration, and we usethis modelto illustrate the procesamodeling formalism
and to demonstratethe Pr ometheus environmert.

Table 1 shavs a candidate processmodel for the protist ecosystemThe spec-
i cation beginswith the model name (here, Predator_Prey) and the variables
referencedby the model. This model hastwo variables, aurelia and nasutum,
that represemn the population density of eat speciesin the ecosystemA type,
usedprimarily during model revision, follows the variable's name. In this ex-
ample, aurelia has the type prey and nasutum has the type predator. Both
aurelia and nasutum are also declaredobsenable, meaningthat they can be
measuredat somepoint during systemactivity.

Following the variable de nitions comedescriptionsof the model's processes.
Here we have three processeghat explain how the values of the variables
changeover time. Each processhasa hame (e.g., predation_volterra) followed
by an optional set of conditions and one or more di erential equations? The
conditions specify when a processis active, while the equationscharacterize
the process'se ect. Sincetheseprocessesave no conditions, their assaiated
equationsare always applicable.

The rst process,nasutum.decy, indicates the death rate of D. nasutum

in which the left-hand side of the equation speci es a rst-order di erential

equation for aurelia with respect to t (time) and the right-hand side indi-

cates that density decreaseq 1) with a rate of 1.2. The secondprocess,
aurelia_exponertial _growth, de nes the growth rate for P. aurelia. The nal

procesgdescrilteschangeswithin both population densities,with the rst equa-
tion giving the rate at which D. nasutum consumedP. aurelia and the second
equation specifying the resulting increasein nasutum. When multiple pro-
cessedn uence the samevariable, the e ects are assumedto be additive,
although other conbining functions are possible.

2 Qur approad is similar, on the conceptuallevel, to the ertit y{activit y relationship
proposedby Machamer et al. (2000), with variables corresponding to ertities and
processedo activities.

3 The modeling languagealso supports algebraic equations, which we will describe
in a later section.
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Fig. 2. Simulated trajectories for the predator-prey model from Table 1.

3 Visualization and Simulation of Pro cess Mo dels

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

of the model from Table 1. Pr ometheus displays processessrectanglesand
variablesasellipses.A thick line betweena variable and a process sud asthe
one from nasutum to nasutum.deca, indicates that the variable appearson
the left-hand sideof a di erential equationwithin that processaA thin line, not
seenin this example,signi es that the variable participates as either input or
output of the process Additionally, whena clear causalordering existsamong
variables,the ervironment placesthosevariablesservingasinput to the causal
processto the left of the variablesa ected by that process.By viewing this
represetation, the scierist can seehow the variablesin the model interact.
He can examinethe details of theseinteractions by clicking 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 scienist must provide the values
for eath exogenouwvariable (i.e., variablesthat the model shouldnot explain),
initial valuesfor ead variable that occursin the left-hand side of a di eren-

tial equation, the length of the simulation, and the size of the time step. In

one sud run, we usedinitial valuesfrom Jost and Ellner's 2000 analysis,*

setting aureliaand nasutumto 276.60and 64.67individuals/mL, respectively.

In addition, we setour simulation length to 70 samplesand our samplingrate
to twice per time step. Thesevaluescorrespnd with thosefrom the obsened
data, which were sampledewery 12 hours for 35 days.

After running the simulation, the user can selecta variable to view how its
predicted valueschangeover time, asshavn in Figure 2. Pr ometheus draws
a graph for the variable, with the x axis represeting time and the y axis
represeting the variable itself. As the results indicate, the model producesa
seriesof sharp peakswhereinthe growth of D. nasutum occursslightly after
the growth of P. aurelia. Oncethe prey population readesits peak, there is
a sharpdeclinethat precedesa similar declinein the predator population. To
further evaluate a model, the usercan plot the simulated results against the
obsened data. For example,Figure 3 shavs how the processmodel's behavior
comparesto the data from Jost and Ellner's 2000analysis.In both speciesthe
model producesfewer and sharper peaksthan were experimertally obsened,
with the peaksbeing slightly out of syndironization with the obsenations.

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

enablesthe addition and alteration of variables and processesadditionally

providing full accesso the underlying model. Thus the sciertist can adjust

the model, view the new causalstructure, and simulate the newmodel'sbehav-

ior. Usedin this manner, Pr ometheus senesprimarily asa tool for model

visualization and simulation, but it canalsoserne asan active assistan in the

analysisof data.

4 Revision of Pro cess Mo dels

BeforePr ometheus canaid in model revision, it must have someknowledge
about the domain. One type of knowledgeis generic processeswhich sene
as building blocks when adding new processedo the model. Generic pro-
cessesle ne the form of speci ¢ processesvithin a model and have an analo-

4 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.
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Fig. 3. Simulated versusobsened output for the protozoan ecosystem.

Table 2
Generic processeselevant to the predator-prey model.

generic process logistic_growth;

variables  S{prey};

parameters p[0,3], K[0,1];

equations d[Stl] =p*S* (1 - k* 9),
generic process predation_volterra;

variables Sl1{prey}, S2{predator};

parameters a[0,1], b[0,1];

equations d[S1tl] =-1 * a* S1* S2;

ds2tl] =b* a* S1* S2;

generic process predation_holling;

variables S1{prey}, S2{predator};

parameters a[0,1], b[0,1], ¢[0,1];

equations d[S1tl] =-1 *a* S1* S2/(1 +c * a* Sl),

ds2tl] =b*a*Sl1* S2/ (1 +c* a* Sl)

generic process exponential_growth;

variables  S{prey};

parameters b[0,2];

equations d[Sit,1]] =b * S;
generic process exponential_decay;

variables S{species};

parameters a[0,2];

equations d[Stl] =-1 * a* S;

gousrepresetation. Table 2 shovs v e genericprocesseselevant to modeling
predator-prey interaction. Eadh genericprocessconsistsof v e componerts:
a name, a set of variables, a set of parameters,a set of conditions, and a set
of equation forms. Of these componerts, the parametersand conditions are
optional. To instantiate a generic process,one must provide both variables
of the correct type and parametersthat fall within a speci ed range. For ex-
ample, aurelia.exponertial _growth in Table 1 instantiates exponertial _growth
sud that aurelia lls the role of S and b hasthe value 2.5.
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Fig. 4. Parametersusedfor revising the model of the protist ecosystem.

In addition to the genericprocesseghe scierist must provide atype 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 the predator and the prey switch roles.

In addition to this more general domain knowledge, the scientist provides
Pr ometheus with additional, task-speci ¢ information to direct its seard
for alternative models. This information includesa set of variablesto include
in the model, a data set cortaining valuesfor the obsenable variables, and
guidelinesconcerningthe modi cation of the model. Speci cally, the scienist
canselectwhich genericprocesseshouldbe consideredor addition and which
currernt processegan be deletedor tuned by altering their parameters.Addi-
tionally, he can placelimits on the total number of processesn the model, as
well asthe number of instantiations allowed for ead genericprocess.



r@ 0 “__:‘ X Prometheus
File Edit Settings Tools Yiew Help

‘Predator_Prey_45 | Predator_Prey_45 sorthy + .
= |IPredator_Prey_<45 (041467.9
+2[-0]41|=0
Predator_Prey_42 (149194.7)
+3[-0141|=0
Predator_Prey_16 (150015.%
predation_volterra_1 | +1]-0141|=1
Predator_Prey_53 (150429.1)
+31-0/41|=1 =
Predator_Prey_553 ¢(150929.5)
+4|-0]+1|=0
Predator_Prey_19 (151807.0)
+2[-01+1|=0

logistic_growth_1

[4]

Predator_Prey_49 ¢(151992.1)
<] [l I} s 31-01011=0
Revision process color kKey - Predator_Prey_52 (153968.4)
+3[-0+1|=0

added [l deleted [ changed parameters

[Calor toggled.

Fig. 5. The best revised model for the protozoan ecosystemas displayed in Pr o-
metheus .

Figure 4 shaws the settings given to Pr ometheus when asked to revisethe
model in Table 1. The top portion of the dialog box indicatesthat we asked
the program to consideradding instantiations of predation_volterra, preda-
tion_holling, logistic_growth, and exponertial _growth. We also told Pr ome-
theus to considerdeleting the current aurelia_exponertial _growth and pre-
dation_volterra processesand to alter the parametersof nasutum.decyg. In
addition, we stated that the resulting model should cortain no fewer than
two processesno morethan v e processesand only oneinstantiation of eah
genericprocess.

Once provided with the necessaryinformation, Pr ometheus seartiesfor a
revisedmodel using the method descriked by Langley et al. (2004). Initially ,
the ervironment builds every model that is consisten with the given con-
straints, leaving the parametersunspeci ed. Next, Pr ometheus performsa
gradiert desceh seard through the parameter spaceof eady model using the
Leverberg-Marquardt method. The seart beginsat a random point falling
within the allowed intervals for the parametersand endsat a local optimum
identied by corvergence.To more thoroughly explore the parameter space,
the ervironmert repeatsthis sear&t multiple times for ead model, and selects
the parametersthat producethe smallesterror score.

In this example, Pr ometheus returns for the sciertist's inspection the 20
modelsthat best t the data. Figure 5 shavs how the revisionsare displayed
within the ernvironmernt. The list of modelsappearson the right, eat with its
name,sumof squarederror, and the number of processeshat wereadded(+),
deleted (-), changed ("), and unchanged(=). The user can inspect a model
by selectingit on the screen.In addition, the models are color coded to ease
the identi cation of altered processesFigure 5 displays the causalstructure
of the model with the smallesterror on the protozoandata.



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

model Predator_Prey revised;
variables nasutum{predator},aureli  a{pr ey};
observable nasutum,aurelia;
process logistic_growth_1;
equations d[aurelia,t,1] = 1.810082 * aurelia *
(1 - 0.000288 * aurelia);
process predation_volterra_1;

equations d[aurelia,t,1] =-1 * 0.03002 * aurelia *
nasutum;
d[nasutum,t,1] = 0.292278 * 0.03002 * aurelia *
nasutum;
process nasutum_decay;
equations d[nasutum,t,1] = -1 * 1.034667 * nasutum;
‘@80 X| Results for nasutum » @eo x| Results for aurelia

nasutum
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Fig. 6. Simulated tra jectories predicted by the revisedprotozoanmodel and obsened
valuesfor the samesystem.

Table 3 shownsthis bestscoringmodel, which di ers from the initial onein three
ways. At the structural level, aurelia_exponertial _growth hasbeenreplacedby
a logistic process.Thus population growth now slowvs oncea certain density
hasbeenreaded. Within processesthe rate of changehasdecreasedn both
equationsassaiated with predation_volterra, and the processnasutum.deca/
now hasa slover death rate for D. nasutum

Figure 6 comparesthe trajectoriesfor D. nasutumand P. aurelia density pro-

ducedby the new model with the original data. In both species,the number

of peaksand the syndironization of the oscillations match the obsenations
much more closely Although peakheights have alsoimproved, the model does
not accoun for the peak occurring in both populations on the thirtieth day.

Howeer, using Pr ometheus the scierist can further re ne this model to

incremertally improve its behavior comparedto that obsened in the ecosys-
tem.

10



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 in length. For this system, scien-
tists are particularly interested in the changein phytoplankton population
throughout the year. Suspectedin uences include availability of nutrients and
light, as well as grazing behavior by zooplankton. Table 4 showvs a process
model for this ecosystem.

As in the model of the protozoanecosystemyariablesappear rst. In this case,
zooplankton (zoo) and phytoplankton (phyto) indicate two species,nitrate is
the primary nutrient for the phytoplankton, and both light and ice are per-
tinent environmertal factors. Of thesevariables, only phyto, nitrate, and ice
are obsenable; these denote the measuredconcetrations of phytoplankton,

N O3, and seaice, respectively. In addition to being obsenable, ice is exoge-
nous,meaningthat the model shouldnot explain its behavior. As a result, the

scientist must provide the changesin the variable's value when simulating or

revising the model.

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

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

shavs how, within our formalism, the usercan de ne constart valuesthat are
sharedamongmultiple processesSinceour languagerevolvesaround variables
and processeshe usertreats the constarts asvariables,placing equationsthat

de ne the valuesinside a process.Thus we neednot introduce new language
structures to represen 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 equations, can be usedto expressinstantaneous ef-
fects. In practice, Pr ometheus computesthe valuesof these equationsim-
mediately after it simulates the di erential equationsfor a particular point.
The algebraicequation within light_production indicates that sunlight varies
basedupon seasonalchanges.Sincethe Ross Seasits deepin the Southern
Hemisphere,the periods of day and night are extended. The equation pro-
ducescyclesin rough accordancewith the natural availability of sunlight while
ensuringthat valuesnewer becomenegative. We multiply the light intensity
by the ice concelration becausethe ice particles reducethe availability of
light to the phytoplankton.

Figure 7 shaovs how Pr ometheus displays this model graphically. The top
portion indicatesthat 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 Oz to phytoplankton's growth. The conceiration of phyto-

11



Table 4
A quartitativ e processmodel of the RossSeaecosystem.

model Ross_Sea_ Ecosystem;
variables zoo{z_species}, nitrate_to_carbon_ratio {n_const},
light{signal}, nitrate{n_nutrient}, phyto{p_species},
ice{fraction}, light_rate{l_rate}, G{gz_rate},
growth_rate{gw_rate}, nitrate_rate{n_rate},
remin_rate{r_rate}, r_max{r_const}, residue{residue};
observable nitrate, phyto, ice;
exogenous ice;
process light_production;
equations light = max(0.5 * 410 * cos(6.283 * t / 365), 0)
* ice;
process phyto loss;

equations d[phyto,t,1] = -0.1 * phyto;
d[residue,t,1] = 0.1 * phyto;
process phyto_growth;
equations d[phyto,t,1] = growth_rate * phyto;
process phyto_absorbtion_nitrate
equations d[nitrate,t,1] = -1 * nitrate_to_carbon_ratio *

growth_rate * phyto;
process growth_limitation;
equations growth _rate =r_max *

min(nitrate_rate,light_r ate) ;
process nitrate_availability;
equations nitrate_rate = nitrate / (nitrate + 5);
process light_availability;
equations light_ rate = light / (light + 50);
process set_constants;
equations nitrate_to_carbon_ratio = 0.251247;

r_max = 0.193804;
remin_rate = 0.067559;

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 includesno e ects of grazing.

Figure 8 comparesthe changeover time in phytoplankton and nitrate con-
certrations as simulated by our model to that actually obsened. Although
the model shaws a slight increasein phytoplankton, this increasecomestoo
late in the seasonafter light availability has already diminished. Therefore,
we newer seethe exponertial growth followed by an exponenial decreasehat
actually occurred in the Ross Sea. Howewer, we do obsene that when the
phytoplankton population doesincrease lessnitrate is available.

12



'6 e X Prometheus |
File Edit Settings Tools Yiew Help

Russ,SeLEcusislem

light_production light_availability

&

nitrate_availability

phyto_absorbtion_nitrate

nitrate

set_constants

phyto_growth

phyto_loss

4] [*]
fuantitative model opened sucesstully.

Fig. 7. The graphical represenation of a RossSeaecosystemmodel.

~

"@@0 |X| Results for phyto :@ 8.0 | Results for nitrate

30.0 4
275
25.0 4

225
= 1a

nitrate

20.0
17.5
15.0
1:2i5

10.0 4

300 325 350 375 400 425 450 475 300 325 350 375 400 425 450 475

[ oK I oK
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To revisethe model sothat it better ts the data, we invoked Pr ometheus 's
revision componert. As in the predator-prey example,we provided typesfor
our 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 environ-
mert alter the parametersof all currert processegxceptfor light_availability,
light_production, and set.constarits.

Table 6 presens the alterations to the original model in the best scoring
revision. Pr ometheus added one eat of the generic processesn Table 5
and altered the parameters of phyto_loss and nitrate _availability. The new
processeszoo_grazesphyto_1 and Ivlev_rate_1 jointly characterize zooplank-
ton's grazing on phytoplankton, while residuelossto_remineralization 1 and
nitrate _remineralization 1 descrike the restoration of nitrate ionsto the ernvi-
ronmert that results from the parameterin phytoplankton death and decg.
Additionally, nitrate _availability was increasedand the death rate of phyto-
plankton was sloved.

13



Table5
Generic processesaisedfor revising the model of the RossSeaecosystem.

generic process zoo_grazes_phyto;
variables P{p_species}, Z{z_species}, R{residue}, G{gz_rate},
parameters gamma|0,1];
equations d[P,t,1]] =-1.0 * G* Z
dR,t1] = gamma G* Z;
dzt1l] = (1 - gamma)* G* Z;
generic process lvlev_rate;
variables G{gz_rate}, P{p_species};
parameters delta[0,10],rho[0,10];
equations G=rho * (1 - exp(-1 * delta * P));
generic process residue_loss_to_remineral izat ion;
variables RES{residue}, REM{r_rate};
equations d[RES,t1] = -1 * REM* RES;
generic process nitrate_remineralization;
variables  N{n_nutrient}, REM{r_rate}, RES{residue},
NtoC{n_const};
equations d[N,t,1] = REM* NtoC * RES;

Table 6
Processeghat were either altered or added by Pr ometheus to the original Ross
Seamodel.

process zoo_grazes_phyto_1{zoo_gra zes_phyto,f ix};

equations d[phyto,t,1] =-1* G* zoo;
d[residue,t,1] = 0.914228 * G * zoo0;
d[zoo,t,1] = (1 - 0.914228) * G* zoo;

process Ivlev_rate_1;
equations G = 2.232819 * (1 - exp(-1 * 0.004399 * phyto));
process residue_loss_to_reminerali  zati on_1;

equations d[residue,t,1] = -1 * remin_rate * residue;
process nitrate_remineralization_1 ;
equations d[nitrate,t,1] = remin_rate *
nitrate_to_carbon_ratio * residue;

process phyto_loss;
equations d[phyto,t,1] -0.017099 * phyto;

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

process nitrate_availability;
equations nitrate_rate

nitrate / (nitrate  + 9.804389);
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Fig. 9. Simulated versus obsened output using a revised model of the Ross Sea
ecosystem.

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 concetration decreasesnore than it should. How-
ewer, the revisions produced by Pr ometheus let one concerrate on these
secondaryfeaturesof the system,giving a more appropriate starting point for
these ne-grained analyses.

6 Mo deling Photosyn thesis Regulation with Pr ometheus

In addition to the two ecosystemsalready descriked, we have used Pr ome-
theus to investigate the regulation of photosyrthesis. Although the com-
ponens of photosyrthesis regulation have beenwell studied in the past, re-
searderscortinue to investigatethe underlying medanism. Recertly, Labiosa
et al. (2003) examined photosyrthetic behavior within the cyanobacterium
Synehacystis sp. PCC 6803. Their experimerts simulated natural lighting
conditions and sampledthe bacteria at nine points within a 24-hour period.
They processedhese samplesusing cDNA microarray technology and mea-
sured mRNA conceftrations for numerousgenes.We used Pr ometheus to
build a plausible model of photosyrthesisregulation, to analyzethe resulting
data, and to revisethis model.

Table 7 displays the initial model of photosyrthesis regulation, which relates
six variables.The rst represeis the amourt of light available to the obsened

5 In addition to tting parametersin the di erential equations, Pr ometheus also
selectsinitial valuesfor the variablesin the revised model. The use of thesevalues
accourts for the discrepancyin the starting points for the simulated versusobsened
trajectories.
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Table 7
The initial model of photosynthesis regulation.

model Photosynthesis_Regulatio n;
variables light{light}, MRNA{mMRNA}ranscription_rate{rate} ,
ROS{ros}, redox{redox}, photo_ protein{photo_protei  n};
observable mMRNA;
process photosynthesis;
equations d[redox,t,1] = 1.50 * light * photo_protein;
d[ROS,t,1] = 1.00 * light * photo_protein;
process photo_translation;
equations d[photo_protein,t,1] = 0.20 * mRNA;
process protein_degradation_ros;
conditions photo_protein > 0, ROS> 0;
equations d[photo_protein,t,1] = -0.05 * ROS;
d[ROS,t,1] = -0.05 * ROS;
process MRNA_transcription;
equations d[mRNA,t,1] = transcription_rate;
process regulate light;
equations transcription_rate = 0.80 * light;
process regulate redox;
conditions redox > O;
equations transcription_rate = -2.00 * redox;
d[redox,t,1] = -1.00 * redox;
process mRNA_degradation;
conditions mMRNZA O;
equations d[mRNA,t,1] = -0.02 * mRNA;
process lighting;
equations light =1 - cos((2 * 3.1415926 / 24) * t);

plants throughout the day. As in the RossSeamodel, the amourt of light is
simulated usinga trigopnometric 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 damaging byproduct of the process.The
nal two variablessignify the amourt of energyin the system(redox) and the
rate of mMRNA transcription.

The eight processesn our initial model are similar in form to those we 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

16



‘800 X/ Prometheus
File Edit Sewings Tools View Help

Photo_Reg
-
photo_protein —= photo_translation

lighting

photosynthesis

regulate_light

| ¥
[Color toggled.

Fig. 10. Pr ometheus ' display of the photosyrnthesis model from Table 7.

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 presei, sothe model explicitly requiresa positive mRNA concen-
tration for the degradation processto proceed.

Figure 10 shonvs 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 cortaining ROS and photosyrthetic protein

descrikes how protein conceirations 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 processphotosyrthesis, which useslight and produces
both ROS, which lowersthe protein concettration, and redax, which increases
MRNA transcription.

Figure 11 presens 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 ewverts are incorrect. The rst peakproducedby
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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.

Table 8
A revised model of photosynthesis regulation.

model Photosynthesis_Regulatio n;
variables light{light}, MRNA{MRNA}ranscription_rate{rate} ,
ROS{ros}, redox{redox}, photo_protein{photo_protei  n};
observable mRNA;
process photosynthesis;
equations d[redox,t,1] = 3.62 * light * photo_protein;
d[ROS,t,1] = 1.34 * light * photo_protein;
process photo_translation;
equations d[photo_protein,t,1] = 0.05 * mRNA;
process protein_degradation_ros;
conditions photo_protein > 0, ROS> 0;
equations d[photo_protein,t,1] =-1 * 0.10 * ROS;
d[ROS,t,1] =-1 * 0.10 * ROS;
process MRNA_transcription;
equations d[mRNA,t,1] = transcription_rate;
process regulate_redox;
conditions redox > O;
equations transcription_rate = -12.72 * redox;
d[redox,t,1] = -1 * 531 * redox;
process mRNA_degradation;
conditions mMRNZA O;
equations d[mRNA,t,1] = -1 * 0.82 * mRNA,
process lighting;
equations light =1 - cos((2 * 3.1415926 / 24) * t);

the model occurstoo early in the day, and the last peak both occurstoo late
and overshmts the obsened maximum concettration. Even more distressing
is that the conceiration of MRNA dips below zero for seweral hours. Each
of these discrepanciesin the simulated trajectory indicates that we should
attempt to revisethe model.
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In earlierwork (Langley et al., 2004),we reported the model in Table 8, which
providesanimproved 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. ©

7 Related Research on Mo deling and Discovery

In the precedingtext, we illustrated both the structure of quartitativ e process
modelsand the capabilitiesof Pr ometheus . Weintroducedboth a formalism
that lets a sciertist represeh medanismsas networks of variablesand famil-

iar processesand an ervironmert that not only displays the causalstructure

of the model but also simulatesits behavior. If the simulated trajectoriesfail

to match obsened data, the usercan ask Pr ometheus to proposerevisions
that improve its t in ways consistem with domain knowledge. Generic pro-

cessegprovide the link in theserevision e orts, giving the ability to produce
explanatory models, as opposedto simply descriptive ones.This conbination

of featuresdistinguishesPr ometheus from other quartitativ e modeling en-
vironmerts.

As we indicated in the introduction, Pr ometheus 's 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 ervironmert 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 syrtax, aswell asinvoke an as-
scciated simulator that canrun thosemodelsto generatepredictions. Finally,

6 We have not reported the obsened data becauseour biologist collaborators have
not yet published them. Also, Given the noiseinherert in microarrays, suc a good
match suggestshat 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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they all provide a graphical interfacethat lets the userdiplay and inspect the
logical structure of his mathematical models. Our approad alsosharesmany
featureswith Keller's 1995SIGMA, another graphical ervironmernt that takes
an interactive approad to model building, visualization, and analysis,aswell
as providing extensiwe cheds to ensuremodel consistencyand handle unit
corversions.

Howewer, Pr ometheus movesbeyond theseearlier modeling environmerns by
requiring the userto organizeequationsinto processes This ideathat plays a
certral rolein many scieri ¢ disciplines,but previousquartitativ e simulation
languageshave not supported it. Equally important, the new environment
supports computational revision of models in responseto data, constrained
by domain knowledgein the form of genericprocessesnd by input from the
user. MATLAB includes somefacilities for attempting to optimize a model's
parametersfor a given data set, but it cannot alter the basic structure of a
model.

On the other hand, Pr ometheus incorporatesmany ideasfrom earlier work
on computational scierti ¢ discovery. In particular, it adoptsthe metaphor of
heuristic seart through a spaceof candidate hypothesesor modelsguided by
their ability to t data. Our approad di ers from other quartitativ e discovery
work (e.g., Langley et al., 1987; Washio and Motodoa, 1998) by focusingon
processmodels, rather than on independen setsof equations,and by empha-
sizing revision of models rather than on their generation,though it borrows
ideason this front from someother e orts. Early researt in this areafocused
on qualitative models (e.g., Ourston and Mooney, 1990; Towell, 1991), al-
though somemore recert work has dealt with quartitativ e models composed
of numeric equations (e.g., Chown and Dietterich, 2000; Saito et al., 2001;
Todorovski and Dzeroski,2001).

The ervironment also di ers from most earlier discovery researt by its re-
liance on explicit domain knowledgeto constrain seart. For example,Easley
and Bradley (1999) utilize \generalized physical networks", which take the
form of generalizedequations,as badkground knowledgein their approad to
identifying di erential equation models of nonlinear dynamic systems.Simi-
larly, Todorovski and Dzeroski's1997Lagramge encalesbadkground knowl-
edgein terms of cortext-free grammarsthat specify the spaceof equationsto
considerduring its seart for models.Pr ometheus drawson a similar med-
anism, but statesits domain knowledgein terms of genericprocessesather
than theseother formalisms, as has Todorovski (2003) in his recert work.

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

We should note that our environmert is not quite the rst designedto accept
userinput.  For example,Valdes-Rerez(1995)hasdeweloped 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 environmen.
Newertheless,the systemhas produced a number of novel reaction pathways
that have appearedin the chemistry literature.

Another exampleis Mitchell et al.'s 1997Daviccand , which was designedto
discover quartitativ e relationsin metallurgy. This systemencouragesisersto
actively direct the seart processand provides explicit cortrol points where
they 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 variablesto usewhen looking for nu-
meric laws. The user can also manipulate the data by selectingwhich points
to treat asoutliers. Daviccand presens its resultsin terms of graphical dis-
plays and functional formsthat arefamiliar to metallurgists, and hasproduced
knowledgepublishedin their literature.

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

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 independen variableson dependen measuresyecommendshanges
to this model in terms of link additions and deletions, which the user must
approve beforethey areimplemenrted. 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

” A number of commercial environments for knowledge discovery also support user
interaction, but, besidesfocusingon businessapplications, theseemphasizedecisions
about how to preprocessthe data and selectingwhich algorithm to run on them.
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with quartitativ e processmodels. Their underlying algorithms alsodi er, but
theseare far lessvisible to usersthan the model formalism and interface.

8 Directions for Future Research

Although the Pr ometheus breaksnewgroundin computer-assisteanodeling
and discovery, we must still extend it alonga number of dimensionsbeforeit

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
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

decompsitional approad would let usershide information when desiredand
help them managemore complexmodelsby letting them focusboth their own

attention, and that of Pr ometheus 's revision module, on one subsystemat

atime.

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 taxonomy of processego provide the userwith
more exibilit y to direct model revision. For instance,sud a taxonomy might
include genericprocessedike ‘growth' at higher levels that specify only qual-
itativ e proportionalities betweenvariables, whereasprocessesat lower levels
would encale specializedtypeslike "exponertial growth' that give the forms
of numeric equations.Sud a hierarchy would let usersidertify either the ab-
stract processe®r the more concreteonesas candidatesfor the revision mod-
ule. More generally the environmert should also support the creation and
revision of qualitative models, which are especially appropriate for domains
wheredata are limited.

The current implemertation of Pr ometheus relieson a singlerevision algo-
rithm, but this is certainly not a logical necessy. In future versions,we plan
to incorporate other discovery algorithms that would broaden the methods
available for model revision, which in turn should make this facility more ro-
bust and e ective. We should also extend the Pr ometheus ervironmert to
move beyond model revisionto support the induction of processmodelsfrom
genericcomponerts and data, aswe have descriked elsewhergLangley et al.,
2002).
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Finally, we plan to test Pr ometheus on modelsand data from additional sci-
ertic domainsin order to provide further evidenceof its generality. As part
of this e ort, we alsointend to study its utilization by sciertists in cortrolled
settings, which should give insights into its suitability asa practical modeling
tool. This e ort should include both detailed analysesof interaction traces,
to reveal placeswhere confusionsand bottleneds occur, and systematic ex-
perimerts that remove someparts of the system,to identify sourcesof power.
Naturally, the results of these studies would then in uence the next version
of the ervironmert, bringing it closerto becominga exible and robust tool
that would be readily adopted and usedby domain scienists.

9 Concluding Remarks

In this paper, we presetied a new framework for modeling and discovering sci-
erntic knowledge,alongwith Pr ometheus , an interactive environmert that
implemerts this approad. The ervironment 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 alsoprovidesadditional structure to aid in presert-
ing and revising models. We illustrated the processmodeling languagewith
examplesfrom three domains, which also clari ed the interactive featuresof
Pr ometheus . Theseinclude options for visualizing the causal structure of
processmodels, for simulating thesemodelsto generatepredictions, for ana-
lyzing the resulting behavior of models, and for semi-automatically revising
models in responseto obsenations. The latter facility lets the user specify
which portions of a model to revise and to indicate alternative processes,
taken 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 one that involved generegulation. Us-
ing a simple predator-prey ecosystemwe demonstratedthat Pr ometheus
can produce revisedmodels that yield improvemers to both the qualitative
shape and quartitativ e error scorewith respect to the original model. Ap-
plication to the RossSeaecosystenindicated that the ernvironmert's revision
capabilitiesscaleup to represeh more complicatedinteractions, while revision
of a photosyrthesis-regulation model further indicated the generality of the
approad.

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
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that remainsfor extensionsand improvemerts, we feelthat they demonstrate
the promiseof sud an interactive framework for computer-assistednodeling
and discovery.
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