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ric k el@cs.utexas.edu, p orter@cs.utexas.eduAbstractThe ability to answer prediction questions is cru-cial to reasoning about physical systems. A pre-diction question poses a hypothetical scenarioand asks for the resulting behavior of variables ofinterest. Prediction questions can be answeredby simulating a model of the scenario. An ap-propriate system boundary, which separates as-pects of the scenario that must be modeled fromthose that can be ignored, is critical to achievinga simple yet adequate model. This paper presentsan e�cient algorithm for system boundary selec-tion, it shows the important role played by themodel's time scale, and it provides a separate al-gorithm for selecting this time scale. Both algo-rithms have been implemented in a compositionalmodeling program called tripel and evaluated inthe plant physiology domain.
1 In tro duction

The abilit y to answ er prediction questions is crucial to

reasoning ab out ph ysical systems. A prediction ques-tion p oses a h yp othetical scenario (e.g., a plan t whose

soil moisture is decreasing) and asks for the result-

ing b eha vior of sp eci�ed variables of interest (e.g., the

plan t's gro wth rate). Suc h questions are imp ortan t in

v erifying designs, testing diagnostic h yp otheses, and

tutoring in science and engineering.

Prediction questions can b e answ ered b y sim ulat-

ing a mo del of the scenario. Sim ulatio n pro vides the

desired predictions, and the mo del additionally sup-

p orts subsequen t explanation. The mo del m ust b e suf-

�cien tly comprehensiv e to ensure reliable predictions

y et simple so sim ulation is e�cien t and the explana-

tion is comprehensible.

T o balance these comp eting requiremen ts, a mo deler

m ust c ho ose a system boundary that separates asp ects

of the scenario that m ust b e mo deled from those that�Support for this research is provided by a grant fromthe National Science Foundation (IRI-9120310), a contractfrom the Air Force O�ce of Scienti�c Research (F49620-93-1-0239), and donations from the Digital EquipmentCorporation.

can b e ignored. Despite the imp ortance of c ho osing a

suitable system b oundary , curren t mo deling programs

for answ ering prediction questions shift resp onsibilit y

for this issue to the p eople p osing the question or rep-

resen ting the domain kno wledge (see Section 8).

This pap er presen ts an e�cien t algorithm for

c ho osing system b oundaries and explains its role intripel, a mo deling program for answ ering prediction

questions.

1
The pap er sho ws that the system b ound-

ary can b e c hosen e�cien tly b y �rst iden tifying the

time scale on whic h the v ariables of in terest are af-

fected in the scenario. It presen ts a separate algorithm

for determining this time scale. The correctness and

e�ciency of our metho ds ha v e b een ev aluated on ques-

tions ab out plan t ph ysiology .

2 The Mo deling T ask

The input to the mo deler consists of a prediction

question and domain kno wledge. The question has

t w o parts: the scenario and the v ariables of in terest.

The scenario includes ph ysical ob jects, relations among

them, and behavioral conditions. Beha vioral conditions

sp ecify the initial v alue of selected v ariables (e.g., the

amoun t of soil w ater is ab o v e the p ermanen t wilting

p ercen tage) and/or their b eha vior (e.g., the amoun t of

soil w ater is decreasing).tripel uses the comp ositional mo deling approac h

in tro duced b y F alk enhainer and F orbus (1991), in

whic h the domain kno wledge pro vides a set of modelfragments, the building blo c ks for mo dels. Eac h

mo del fragmen t describ es some asp ect of the scenario.

(F alk enhainer and F orbus sho w ho w to generate the

mo del fragmen ts for a scenario from general domain

kno wledge.) The mo deler constructs a mo del of the

scenario b y c ho osing a subset of the mo del fragmen ts.

Mo del fragmen ts sp ecify relations among v ariables

of the scenario. In plan t ph ysiology , in
uences are

the most natural represen tation for suc h relations. An

in
uence is a causal relation b et w een t w o v ariables,

as in Qualitativ e Pro cess (QP) Theory (F orbus 1984),1tripel is an acronym for \Tailoring Relevant In
u-ences for Predictive and Explanatory Leverage." It is alsoa style of strong ale made by Trappist Monks in Belgium.



along with its operating conditions (b eha vioral condi-

tions under whic h it holds) and asso ciated modeling as-sumptions. The v ariables are real-v alued, time-v arying

prop erties of the scenario. There are t w o t yp es of in
u-

ences: a functional in
uence sp eci�es that one v ariable

is a function of another (e.g., QP theory's indirect in-


uences), and a di�erential in
uence sp eci�es that the

�rst deriv ativ e of one v ariable is a function of another

v ariable (e.g., QP theory's direct in
uences).

In tripel, eac h in
uence serv es as a mo del frag-

men t. This is natural, since eac h is an indep enden t

fact. It also allo ws the mo deler 
exibilit y to include or

exclude an y in
uence from the mo del. T o emphasize

their role in mo deling, w e call the in
uences (mo del

fragmen ts) for a scenario the candidate in
uences.

The output of the mo deler, the scenario model, is a

subset of the candidate in
uences. The v ariables ref-

erenced in this mo del are partitioned in to exogenous
v ariables, whose b eha vior is determined b y in
uences

external to the mo del, and dependent v ariables, whose

b eha vior is determined b y the mo del. T o determine

whic h com binations of candidate in
uences constitute

an acceptable scenario mo del, the domain kno wledge

includes coherence constraints, whic h sp ecify inconsis-

ten t com binations of mo deling assumptions (e.g., as-

sumption classes (F alk enhainer & F orbus 1991)).

Once constructed, the scenario mo del is sim ulated

starting from the initial state, and the mo del and sim-

ulation results are used to answ er the question and

explain the answ er.

3 Mo deling Algorithm

The exogenous v ariables of a scenario mo del consti-

tute its system b oundary . T o illustrate the role of sys-

tem b oundary decisions in comp ositional mo deling, w e

brie
y presen t our mo deling algorithm.tripel conducts a b est-�rst searc h for a scenario

mo del for the question. Eac h state in the searc h space

is a partial model, a mo del that ma y con tain free vari-ables (v ariables not y et c hosen as exogenous or dep en-

den t). The initial state in the searc h is a partial mo del

consisting only of the v ariables of in terest, all free. The

successor function, describ ed b elo w, extends a partial

mo del with alternativ e w a ys of mo deling one of its free

v ariables; this ma y add new free v ariables to the mo del.

A partial mo del is pruned from the searc h if it is in-

coheren t (i.e., violates the coherence constrain ts); an y

extension of an incoheren t partial mo del is also inco-

heren t. The goal of the searc h is to �nd the simplest

adequate scenario mo del for the question.

A scenario mo del is adequate if it satis�es the fol-

lo wing conditions: it includes all v ariables of in terest,

it satis�es all coherence constrain ts, its system b ound-

ary (set of exogenous v ariables) is adequate (discussed

in Section 4), and eac h dep enden t v ariable has an ade-

quate set of in
uences on it (i.e., the in
uences repre-

sen t all signi�can t in
uencing phenomena at some lev el

of detail).

The adequate mo dels are partially ordered b y sim-

plicit y . While an y simplicit y criteria could b e used, w e

de�ne one mo del as simpler than another if it has few er

v ariables. With this criterion, the searc h ends when an

adequate mo del is found that is at least as simple as

all remaining partial mo dels; these partial mo dels can

only gro w. This criterion also serv es as the ev aluation

function for the b est-�rst searc h.

The successor function, extend-model, extends a par-

tial mo del with alternativ e w a ys of mo deling one of its

free v ariables. Extend-model �rst determines whether

all the free v ariables can b e exogenous; if so, it marks

eac h one as exogenous and returns the resulting mo del.

Otherwise, it c ho oses a v ariable that m ust b e dep en-

den t and determines all com binations of candidate in-


uences on that v ariable that w ould pro vide an ade-

quate mo del of it (m ultiple com binations arise from

alternativ e w a ys of mo deling some of the underlying

in
uencing phenomena).

2 Extend-model returns a set

of new partial mo dels, eac h the result of extending the

original partial mo del with one of the com binations.

T o extend the original partial mo del with one of

the com binations of candidate in
uences, extend-model
adds the in
uences to the mo del, marks the v ariable

as dep enden t, and adds an y new free v ariables to the

mo del. These new free v ariables include an y v ariable

referenced b y the new in
uences that w as not already

in the mo del (e.g., an in
uencing v ariable or a v ariable

app earing in op erating conditions).

System b oundary decisions arise in the successor

function extend-model. Giv en a partial mo del and

one of its free v ariables, extend-model m ust determine

whether the v ariable can b e exogenous. Suc h decisions

are imp ortan t; if the v ariable is dep enden t, the mo del

m ust b e extended to include additional in
uences (on

that v ariable) and v ariables (referenced b y those in-


uences). The next section describ es tripel's criteria

and algorithm for determining if a v ariable can b e clas-

si�ed as exogenous.

4 System Boundary SelectionSelection Criteria
An exogenous v ariable m ust satisfy t w o criteria. First,

b y de�nition, the v ariable m ust not b e \signi�can tly in-


uenced" (de�ned b elo w) b y an y other v ariable in the

mo del. Second, the v ariable m ust not b e signi�can tly

in
uenced b y an y driving variable (v ariable referenced

in the question's b eha vioral conditions). The second

criterion ensures that the system b oundary do esn't dis-

connect the mo del from relev an t b eha vioral conditions.

T o determine whether one v ariable signi�can tly in-


uences another, tripel uses the candidate in
uences.2This step is not discussed in this paper. tripel has amethod for identifying these combinations, but any methodwill do; the algorithms in this paper do not depend on howthe combinations are determined.
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The candidate in
uences form a graph in whic h v ari-

ables are no des and the in
uences are directed edges

from their in
uencing v ariable to their in
uenced v ari-

able. One v ariable signi�cantly in
uences another v ari-

able if and only if there is an in
uence path (path in

the graph) from the �rst v ariable to the second and

ev ery in
uence in the path is signi�can t.tripel determines whether an individual in
uence

is signi�can t using time scale information. Pro cesses

cause signi�can t c hange on widely disparate time

scales. F or example, in a plan t, w ater 
o ws through

mem branes on a time scale of seconds, solutes 
o w

through mem branes on a time scale of min utes, gro wth

requires hours or da ys, and surrounding ecological pro-

cesses ma y o ccur on a time scale of mon ths or y ears.

In tripel, eac h di�eren tial in
uence, whic h sp eci�es

an e�ect of a pro cess, has an asso ciated mo deling as-

sumption that sp eci�es the fastest time scale on whic h

the e�ect is signi�can t. F unctional in
uences, b eing

instan taneous, are signi�can t on an y time scale. After

c ho osing an appropriate time scale of interest for the

question (as discussed in Section 5), tripel concludes

that an y candidate in
uence with a slo w er time scale

is insigni�can t.

F or example, consider the question \What happ ens

to the amoun t of ABA in a plan t's guard cells when

the turgor pressure in its lea v es decreases?" T urgor

pressure is the h ydraulic pressure in plan t cells. ABA

(abscisic acid) is a hormone that con trols the plan t's

resp onse to w ater stress. As will b e discussed in Sec-

tion 5, this question is b est answ ered on a time scale

of min utes.

P art (A) of Figure 1 sho ws some of the candidate

in
uences for the example question. Leaf turgor pres-

sure signi�can tly in
uences guard cell ABA amoun t

b ecause there is an in
uence path from the former to

the latter (along the top of the �gure), and ev ery in-


uence in this path is signi�can t on a time scale of

min utes. Ho w ev er, the w ater uptak e rate (lo w er left

corner) do es not signi�can tly in
uence guard cell ABA

amoun t, b ecause the �rst in
uence on the in
uence

path is signi�can t only on a time scale of hours or

longer.Selection Algorithm
Using the notion of in
uence paths, extend-model could
run a graph connectivit y algorithm for eac h system

b oundary decision. A free v ariable in a partial mo del

can b e exogenous if the graph algorithm determines

that the v ariable is not signi�can tly in
uenced b y an y

driving v ariable of the question or an y other v ariable

in the mo del.

Ho w ev er, this naiv e algorithm is ine�cien t. Eac h

run of the graph algorithm will rep eat m uc h of the

searc h that previous runs did. T o a v oid this prob-

lem, tripel determines all v ariables and in
uences

that might b e relev an t to the question and computes

and cac hes connectivit y relations among the v ariables

before b eginning the searc h for an adequate scenario

mo del. These p oten tially relev an t v ariables and in
u-

ences constitute the searc h space that w ould b e rep eat-

edly searc hed b y the naiv e algorithm.

T o iden tify all the p oten tially relev an t v ariables and

in
uences, tripel starts with the v ariables of in terest

and conducts a breadth-�rst searc h bac kw ards through

the candidate in
uences. If a v ariable is p oten tially

relev an t, so is an y signi�can t in
uence on it. If an

in
uence is p oten tially relev an t, so are its in
uencing

v ariable and an y v ariables app earing in its op erating

conditions. This searc h ends at v ariables that are not

signi�can tly in
uenced on the time scale of in terest

or v ariables that are signi�can tly in
uenced only b y

previously-disco v ered relev an t v ariables (i.e., through

feedbac k lo ops).

In the example in Figure 1, the searc h for p oten-

tially relev an t v ariables and in
uences b egins with the

in
uences on guard cell ABA amoun t. The in
uences

of transpiration on leaf mesoph yll w ater and w ater up-

tak e on xylem w ater are insigni�can t on the time scale

of in terest (min utes); remo ving these t w o in
uences

disconnects the p oten tially relev an t v ariables from the

remainder of the candidate in
uences, including the

feedbac k lo op through transpiration. P art (B) of Fig-

ure 1 sho ws the result, the p oten tially relev an t v ari-

ables and in
uences for the example.

As illustrated b y the example, the searc h for p o-

ten tially relev an t v ariables and in
uences will t ypi-

cally ha v e to tra v erse only a fraction of the v ariables

and candidate in
uences of the scenario. In natural

systems, lik e plan ts, animals, and ecosystems, mo d-

ularit y arises from the widely disparate time scales

at whic h pro cesses cause c hange (Allen & Starr 1982;

Kuip ers 1987; O'Neill et al. 1986; Rossw all, W o o d-

mansee, & Risser 1988; Segal 1980). The result is a hi-

erarc h y of nearly decomp osable subsystems; pro cesses

acting within a subsystem cause signi�can t c hange

quic kly , while pro cesses acting across subsystems cause

c hange more slo wly (Allen & Starr 1982; Kuip ers 1987;

O'Neill et al. 1986; Simon & Ando 1961). The time

scale of in terest �lters out in
uences that are signi�-

can t only on slo w er time scales, th us isolating the v ari-

ables of in terest in their o wn nearly decomp osable sub-

system. The searc h for p oten tially relev an t v ariables

and in
uences is con�ned to this subsystem b ecause

the in
uences from other subsystems are insigni�can t.

After determining the graph of p oten tially rele-

v an t v ariables and in
uences, tripel constructs the

adjacency matrix for the transitiv e closure of this

graph. This t w o-dimensional, Bo olean connectivityarray records the connectivit y b et w een ev ery pair of

p oten tially relev an t v ariables; th us, tripel can tell

whether an y v ariable signi�can tly in
uences an y other

v ariable b y consulting a single cell of the arra y . This

arra y can b e computed e�cien tly; the Flo yd-W arshall

algorithm computes it in �( n

3
) time, where n is the

n um b er of no des (p oten tially relev an t v ariables) in the

3
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Figure 1:(A) A subset of the candidate in
uences for the question \What happens to the amount of ABA in a plant's guard cells whenthe turgor pressure in its leaves decreases?" The driving variable, leaf turgor pressure, and the variable of interest, guardcell ABA amount, are shown in bold. Each in
uence is labeled with its type (Q+ and Q� are types of functional in
uences,and I+ and I� are types of di�erential in
uences) and the time scale on which it is signi�cant (functional in
uences aresigni�cant on any time scale). Ellipses indicate connection to the remainder of the candidate in
uences. To focus on systemboundary issues, the �gure does not show alternative levels of detail. (B) The potentially relevant variables for the question.(C) An adequate scenario model for the question.
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graph (Cormen, Leiserson, & Riv est 1989).

After computing the connectivit y arra y , tripel
searc hes for an adequate scenario mo del as describ ed

in Section 3. Extend-model consults the arra y for eac h

system b oundary decision. A free v ariable v in a par-

tial mo del m m ust b e dep enden t in m (and an y exten-

sion of m) if, in the connectivit y arra y , v is in
uenced

b y an y other v ariable in m or an y driving v ariable of

the question. If not, v can b e exogenous in m but

not necessarily in extensions of m, since they ma y con-

tain additional v ariables that in
uence v. Therefore,

as describ ed in Section 3, extend-model do esn't mark

v ariables in a partial mo del as exogenous un til all re-

maining free v ariables in that mo del can b e exogenous.

A t that p oin t, the mo del is complete, so no other v ari-

ables need to b e added.

In the example, the searc h for an adequate scenario

mo del b egins with the partial mo del consisting only

of guard cell ABA amoun t. tripel incremen tally ex-

tends this mo del un til its con ten ts matc h those sho wn

in P art (C) of Figure 1. A t this p oin t, the free v ariable

leaf turgor pressure is c hosen as exogenous b ecause it

satis�es b oth criteria: it is not signi�can tly in
uenced

b y an y other v ariable in the partial mo del nor b y an y

other driving v ariable. This mo del is the simplest ad-

equate mo del for the question.

5 Time Scale Selection

A time scale of in terest pro vides an imp ortan t source of

p o w er in mo deling. Besides pro viding the criteria for

assessing the signi�cance of in
uences, a time scale of

in terest also allo ws tripel to use quasi-static appro x-

imations, in whic h fast pro cesses are mo deled through

simple functional relations that summarize their equi-

librium results (Iw asaki 1988; Kuip ers 1987; Ric k el &

P orter 1992; Sc ha�er 1981; Simon & Ando 1961). Sim-

ilarly , tripel can mo del separate p o ols of substance or

energy as a single aggregate compartmen t when they

are kinetically distinguishable only on time scales m uc h

faster than the time scale of in terest (Jacquez 1985;

Simon & Ando 1961; Zeigler 1980). Th us, a time scale

of in terest allo ws man y imp ortan t mo del simpli�ca-

tions.

Ho w ev er, the p erson asking the question cannot b e

exp ected to pro vide the time scale of in terest. T ypi-

cally , this p erson will not ev en kno w whic h in
uences

link the b eha vioral conditions to the v ariables of in-

terest, m uc h less their time scales. The mo deler m ust

c ho ose, as the time scale of in terest, a time scale that

is adequate for answ ering the question. This section

describ es tripel's criteria and algorithm for c ho osing

a time scale of in terest.Selection Criteria
A prediction question asks for the e�ects of b eha vioral

conditions on v ariables of in terest. Therefore, a time

scale is adequate for answ ering the question only if,

on that time scale, ev ery v ariable of in terest is signi�-

can tly in
uenced b y some driving v ariable. Addition-

ally , assuming that a prediction question asks for the

b eha vior of the v ariables of in terest beyond the initial

state, the in
uence paths relating the driving v ariables

to the v ariables of in terest m ust b e capable of causing

c hanges in the v ariables of in terest.

Through an individual in
uence, one v ariable can

cause c hange in another v ariable in t w o w a ys: (1) with

a di�eren tial in
uence, a sp eci�ed v alue for the in
u-

encing v ariable (along with v alues for other in
uencing

v ariables) pro vides the rate of c hange of the in
uenced

v ariable; (2) in con trast, a functional in
uence can

cause c hange only if the in
uencing v ariable is c hang-

ing (F orbus 1984). This implies that a driving v ariable

can cause c hange in a v ariable of in terest only if the

in
uence path connecting them con tains a di�eren tial

in
uence or the b eha vioral conditions sp ecify that the

driving v ariable is c hanging (in whic h case a path of

functional in
uences will propagate the c hange). If ei-

ther case is satis�ed, the in
uence path is a di�erentialin
uence path.

In our earlier example, since the question sp eci�es

that turgor pressure is decreasing, an y in
uence path

from turgor pressure to another v ariable is a di�eren-

tial in
uence path, capable of causing c hange. In con-

trast, if the question only sp eci�ed that turgor pressure

is ab o v e the \yield p oin t" (ab o v e whic h the pressure

causes cell gro wth), an in
uence path leading from tur-

gor pressure is di�eren tial only if it con tains a di�eren-

tial in
uence (as is the case with the in
uence of turgor

pressure on cell gro wth).

Using this concept, the criterion for an adequate

time scale is more concrete: A time scale is adequate

for answ ering a prediction question only if, for ev-

ery v ariable of in terest, there is a di�eren tial in
uence

path, consisting solely of candidate in
uences that are

signi�can t on that time scale, leading from some driv-

ing v ariable to that v ariable of in terest. This criterion

prev en ts tripel from selecting a time scale on whic h

sim ulation could only predict the initial state of the

v ariables of in terest resulting from the b eha vioral con-

ditions.Selection Algorithm
While the searc h for in
uence paths during system

b oundary selection is k ept manageable b y the time

scale of in terest, no suc h fo cus is a v ailable when c ho os-

ing the time scale of in terest. The complete set of

candidate in
uences could b e enormous, so generating

that set and searc hing through it for in
uence paths

could b e prohibitiv ely exp ensiv e. E�cien t time scale

selection requires the abilit y to generate and searc h

through only a fraction of the candidate in
uences.tripel gains e�ciency b y starting with the fastest

p ossible time scale and testing successiv ely slo w er time

scales un til it �nds one that is adequate. When tripel
tests a time scale, it can ignore all in
uences that are
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signi�can t only on slo w er time scales, so eac h test op-

erates on a manageable fraction of the candidate in
u-

ences. The set of signi�can t in
uences gro ws monoton-

ically as tripel considers slo w er time scales, so tripel
p erforms the inexp ensiv e tests b efore the more exp en-

siv e ones. tripel c ho oses the �rst adequate time scale

it �nds as the time scale of in terest.

T o determine whether a candidate time scale is ad-

equate, tripel conducts a breadth-�rst searc h, start-

ing from the driving v ariables, for v ariables that are

reac hable via signi�can t (on that time scale) in
uence

paths. F or eac h reac hable v ariable, tripel records

whether it is reac hable via a di�eren tial in
uence path

or a functional one. The actual in
uence paths are not

recorded. The searc h ends when ev ery v ariable of in-

terest is reac hable b y a di�eren tial in
uence path (in

whic h case the time scale is adequate) or when the set

of v ariables reac hable at that time scale is exhausted

(in whic h case the time scale is not adequate).

F or the example question, tripel �rst tests a time

scale of seconds. P art (A) of Figure 1 illustrates that

only the ABA syn thesis rate is signi�can tly in
uenced

b y leaf turgor pressure on this time scale. Next, tripel
tests a time scale of min utes. On this time scale, there

is a di�eren tial in
uence path from leaf turgor pressure

to guard cell ABA amoun t (along the top of the �gure),

so this time scale is c hosen.

6 Ev aluation

T o ev aluate our metho ds of time scale and system

b oundary selection, w e tested tripel on sev en pre-

diction questions concerning the ph ysiology of a proto-

t ypical plan t, including the example describ ed ab o v e.

Eac h question sp eci�es the qualitativ e b eha vior of one

v ariable and asks for the resulting b eha vior of another.

Our plan t ph ysiology kno wledge base pro vides 77

v ariables and 155 candidate in
uences for this plan t.

Of the v ariables, 33 represen t an amoun t of some sub-

stance or energy in a plan t compartmen t, and 39 rep-

resen t the rates of di�eren t pro cesses. The candidate

in
uences co v er pro cesses of w ater regulation, carb on

dio xide regulation and carb oh ydrate regulation. The

time scales of these pro cesses range from seconds to

hours. Man y phenomena are represen ted at m ultiple

lev els of detail, based on the follo wing:

� aggregation of p o ols (e.g., mo deling w ater in the

ro ots and stem as separate p o ols or as a single ag-

gregate p o ol)

� aggregation of pro cesses (e.g., mo deling photosyn-

thesis as an aggregate pro cess or separately mo del-

ing its comp onen ts, the ligh t and dark reactions)

� quasi-static appro ximations (i.e., mo deling the net

equilibrium result of a set of pro cesses or mo deling

their underlying dynamics)

F or eac h question, tripel c hose the appropriate

time scale and a reasonable system b oundary , as

judged b y a domain exp ert. Consequen tly , the c ho-

sen scenario mo dels included the v ariables and in
u-

ences required for answ ering eac h question, and they

excluded irrelev an t ones. On a v erage, the mo dels con-

tained 11 v ariables and 14 in
uences, substan tially

few er than the n um b er in the kno wledge base. The

largest scenario mo del con tained only 15 v ariables and

20 in
uences. While the simplicit y of these mo dels

is partially due to omitting unnecessary detail, their

simplicit y also re
ects a w ell-c hosen system b oundary;

eac h mo del excludes a n um b er of plan t subsystems.

Moreo v er, tripel generated these mo dels e�cien tly ,

requiring less than 15 seconds to �nd the time scale

and the simplest adequate mo del for eac h question. In

eac h case, connectivit y analysis | the most exp ensiv e

step in determining the system b oundary | w as p er-

formed on only a fraction of the in
uence graph. In

the b est case, connectivit y analysis considered only 4

p oten tially relev an t v ariables, and it considered 51 in

the w orst case. This sho ws ho w e�ectiv ely the time

scale of in terest restricts the set of p oten tially relev an t

v ariables and in
uences; disregarding time scale, all

the v ariables in the kno wledge base are connected. W e

exp ect the fraction of p oten tially relev an t v ariables to

b e ev en smaller for a kno wledge base with a wider v a-

riet y of time scales and a more extensiv e co v erage of

plan t subsystems.

7 F uture W ork

Our metho d of time scale selection has sev eral limi-

tations. It assumes that a single time scale will suf-

�ce for answ ering the question, but some questions

require m ultiple time scales (Iw asaki 1990; Kuip ers

1987). Also, the criteria for an adequate time scale

are necessary but not alw a ys su�cien t; the most im-

p ortan t connections b et w een the b eha vioral conditions

and the v ariables of in terest ma y not lie at the fastest

adequate time scale.

The algorithm for system b oundary selection can b e

strengthened with additional metho ds for recognizing

insigni�can t in
uences. Eac h suc h metho d further re-

duces the n um b er of p oten tially relev an t v ariables and

tigh tens the resulting system b oundary .

A more thorough ev aluation requires more exten-

siv e domain kno wledge. W e are curren tly ev aluatingtripel using the Botan y Kno wledge Base (P orter etal. 1988), whic h includes o v er 200 pro cesses describ ed

at m ultiple lev els of detail.

W e exp ect our metho ds to apply to a wide v ariet y

of domains. In addition to biological and ecological

domains, time scale kno wledge app ears useful in en-

gineering domains as w ell. Kok oto vic, O'Malley , and

Sann uti (1976) and Saksena, O'Reilly , and Kok oto vic

(1984) surv ey h undreds of applications in man y di�er-

en t engineering �elds in whic h mo dels are simpli�ed

using kno wledge of the disparate time scales of pro-

cesses.
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8 Related W ork

The mo deling algorithm of F alk enhainer and F orbus

(1991) requires, as input, a system decomp osition for

the scenario. In con trast, our algorithm determines

system b oundaries using only the mo del fragmen ts.

F alk enhainer and F orbus assume the system decom-

p osition is based on partonomic structure; ho w ev er,

O'Neill et al. (1986) argue that appro ximate system

b oundaries in natural systems arise from di�erences

in pro cess rates and that these b oundaries ma y not

corresp ond to standard structural decomp ositions. Fi-

nally , as illustrated in our previous pap er (Ric k el &

P orter 1992), F alk enhainer and F orbus's approac h to

selecting system b oundaries is not su�cien tly sensitiv e

to the connection b et w een b eha vioral conditions and

v ariables of in terest.

The mo deling algorithm of Na y ak et al. (Na y ak

1992; Na y ak, Josk o wicz, & Addanki 1992) requires

\mo del-as" constrain ts, pro vided in the domain kno wl-

edge, to iden tify p oten tially relev an t mo del fragmen ts.

These constrain ts don't ensure that the mo del includes

an in
uence path from the driving v ariable to the v ari-

able of in terest, so a subsequen t step adds mo del frag-

men ts un til the mo del is adequate. In con trast, our

metho d �nds all p oten tially relev an t v ariables and in-


uences using only the candidate in
uences, and these

v ariables and in
uences will include the signi�can t in-


uence paths from the driving v ariables to the v ariables

of in terest. F urthermore, their criteria for c ho osing ex-

ogenous v ariables are suitable for their task, explaining

a sp eci�ed causal relation, but are to o w eak for predic-

tion questions. Their criteria only require some in
u-

ence path from the driving v ariable to the v ariable of

in terest; the resulting scenario mo del ma y include an

exogenous v ariable that, in realit y , is signi�can tly in-


uenced b y another v ariable in the mo del.

The mo deling algorithms of William s (1991) and

Iw asaki and Levy (1993) require, as input, the v ari-

ables that can b e exogenous for the question. Although

these algorithms can determine whic h exogenous v ari-

ables m ust b e included in the scenario mo del, neither

algorithm can determine exogenous v ariables automat-

ically .

Iw asaki (1990), Kuip ers (1987), and Yip (1993)

presen t mo deling and sim ulation metho ds that exploit

time scale information, but they do not pro vide meth-

o ds for selecting the time scale of in terest.

The time scale on whic h a di�eren tial in
uence is

signi�can t bundles t w o pieces of kno wledge: the rates

at whic h the in
uencing pro cess op erates and the lev el

of c hange in the in
uenced v ariable that is considered

signi�can t. tripel directly asso ciates di�eren tial in-


uences with their time scale of signi�cance b ecause

this coarse lev el of kno wledge is often more readily

a v ailable than the underlying kno wledge. Ho w ev er, it

ma y b e useful or necessary in some domains to infer

the time scale from the underlying kno wledge, esp e-

cially if the lev el of signi�can t c hange dep ends on the

question. Iw asaki (1990) has explored this approac h.

The w ork describ ed in this pap er builds on our pre-

vious metho ds for selecting a time scale and system

b oundary (Ric k el & P orter 1992). The previous meth-

o ds had to k eep trac k of all the particular in teraction

paths, whic h can b e prohibitiv ely exp ensiv e when there

are man y candidate in
uences. In con trast, our cur-

ren t metho ds require only connectivit y information, for

t w o reasons: (1) the in
uences in a mo del are selected

through incremen tal extension of partial mo dels (Sec-

tion 3) rather than a searc h for all in teraction paths,

and (2) a time scale of in terest is selected b y testing

candidate time scales one b y one (Section 5).

9 Conclusions

T o pro vide a reliable, comprehensible answ er to a pre-

diction question, a mo deler m ust c ho ose an appropri-

ate system b oundary . The time scale of in terest pla ys

an imp ortan t role in selecting the system b oundary;tripel uses this time scale to iden tify insigni�can t in-


uences. T o c ho ose the time scale of in terest and sys-

tem b oundary , tripel searc hes for relev an t in
uence

paths. Time scale kno wledge mak es this searc h prac-

tical. Our ev aluation indicates that tripel e�cien tly

selects appropriate time scales and system b oundaries.
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