ized oth incomplete mo dels and insu�cien empirical data for accurate in- duction. This tec hnique is implemen ted in CARMA, system for rangeland est managemen advising. An empirical ev aluation pro vided con�rmation for the yp othesis that in tegrating mo del-based and case-based reasoning through mo del-based adaptation can lead to more accurate forage consumption predic- tions than the use of either tec hnique individually eliev that the approac to mo del-based adaptation em died in CARMA is appropriate for other domains in whic empirical and mo del-based kno wledge are eac individually insu�cien for accurate prediction. This approac ma particularly ell suited for predictiv tasks in olving biological, ecological, and other natural systems. References [AH92] T. F. H. Allen and T. W. Ho ekstra. owar Uni�e Ec olo gy Colum bia Univ ersit Press, New ork, NY, 1992. [F G93] M. eret and J. I. Glasco w. Hybrid case-based reasoning for the diagnosis of complex devices. In Pr dings of Eleventh National Confer enc on rti- �cial Intel ligenc pages 168{175, ashington, D.C., July 11{15 1993. AAAI Press/MIT Press. [Go e91] A. Go el. mo del-based approac to case adaptation. In Thirte enth nnual Confer enc of the Co gnitive Scienc So ciety pages 143{148, 1991. [Hag88] W. Hager. Applie Numeric al Line ar lgebr Pren tice Hall, 1988. [HO83] G. B. Hewitt and J. A. Onsager. Con trol of grasshopp ers on rangeland in the united states: ersp ectiv e. Journal of ange Management 36:202{207, 1983. [Kot88] Koton. Using Exp erienc in arning and Pr oblem Solving PhD thesis, Massac usetts Institute of ec hnology 1988. Departmen of Electrical Engi- neering and Computer Science. [LL91] J. Lo kw and D. Lo kw d. Rangeland grasshopp er (orthoptera: Acridi- dae) opulation dynamics: Insigh ts from catastrophe theory Envir onmental Entomolo gy 20:970{980, 1991. [Pim91] S. L. Pimm. The Balanc of Natur e: Ec olo gic al Issues in the Conservation of Sp cies and Communities Univ ersit of Chicago Press, Chicago, 1991. [RL91] S. Ra jamoney and H. Lee. Protot yp e-based reasoning: An in tegrated approac to solving large no el problems. In Pr dings of Ninth National Confer enc on rti�cial Intel ligenc Anaheim, July 14{19 1991. AAAI Press/MIT Press. [WD95] D. ettsc herec and T. Dietteric h. An exp erimen tal comparison of the nearest-neigh or and nearest-h yp errectangle algorithms. app ear in Ma- hine Learning, 1995. function is constan in the neigh orho of protot ypical cases. CARMA’s mo del- based adaptation approac uses mo del of rangeland ecology to attempt to ap- pro ximate the consumption function in the neigh orho of individual protot yp- ical cases. or example, pro jection consists of sim ulation through the temp oral in terv al necessary to align the dev elopmen tal phases of cases. Although the mo del ma insu�cien in itself for accurate consumption prediction, it ma greatly impro the accuracy of nearest-neigh or prediction. yp othesize that CARMA-sp eci�c outp erforms CARMA-global ecause the latter dep ends on the assumption that the consumption function can appro ximated single linear equation in the neigh orho of ev ery proto- ypical case. Ho ev er, the or erformance of linear appro ximation (31 as compared to 21 for the nearest-neigh or approac h) indicates that no single linear function can accurately predict consumption. Th us, it is unlik ely that single linear function is su�cien to adapt the consumption prediction of ev ery case. CARMA-sp eci�c do es not dep end on the assumption that the consumption function can appro ximated single linear equation in the neigh orho of ev ery protot ypical case. Ho ev er, CARMA-sp eci�c requires large um er of cases to accurately set the adaptation eigh ts of ev ery protot ypical case. Related ork Sev eral previous researc pro jects ha in estigated the ene�ts of in tegrating case-based reasoning with mo del-based reasoning. Ho ev er, these pro jects ha generally assumed the existence of correct and complete causal mo del. or example, CASEY Kot88 erformed diagnosis using mo del-based reasoning to assist oth case matc hing and case adaptation. Ho ev er, CASEY presupp osed oth the existence of complete causal theory of heart disease and complete explanations of eac case in terms of that theory Go el’s use of device mo dels to adapt design cases also presupp oses that the device mo dels are complete and correct Go e91 ]. Similarly Ra jamoney and Lee’s pr ototyp e-b ase asoning RL91 presupp oses complete and correct (though not necessarily tractable) causal mo del. eret and Glasco G93 describ an alterativ approac under whic mo del- based reasoning is used for \structural isolation" i.e. iden ti�cation of the struc- tural comp onen ts of device that probably giv rise to the symptoms of fault). Cases are indexed these ten tativ diagnoses, whic are then re�ned using case- based reasoning. This approac h, while appropriate for diagnosis, is ill-suited for eha vioral prediction in the absence of faults. CARMA’s tec hnique of mo del-based matc hing and adaptation represen ts an alternativ approac to in tegrating CBR and MBR appropriate for domains haracterized an incomplete causal mo del. Conclusion This pap er has describ ed tec hnique for in tegrating case-based reasoning with mo del-based reasoning to predict the eha vior of biological systems haracter- Sp eci�c eigh ts No featural adaptation Global eigh ts ull min us min us min us featural min us A, ull min us pro jection CP adaptation CP (NN) CP 22.3 23.3 18.0 29.8 21.8 24.8 20.1 able 2. CARMA’s erage ercen tage ro ot-mean-squared error across 15 exp ert sets with arious adaptation metho ds remo ed. CARMA Empirical Only Mo del-Based Only Sp eci�c eigh ts CARMA min us A, ID3 Linear Numerical min us CP CP (NN) appr. sim ulation 18.0 21.8 29.6 31.1 25.5 able 3. CARMA’s erage ercen tage ro ot-mean-squared error across 15 exp ert sets compared with purely empirical and purely mo del-based approac hes. 5.2 Discussion The results of the second exp erimen pro vide initial con�rmation for the yp oth- esis that in tegrating mo del-based and case-based reasoning through mo del-based adaptation leads to more accurate forage consumption predictions than the use of either tec hnique individually The ro ot-mean-squared error for CARMA-sp eci�c min us critical erio adjustmen (18 0) is 17.4% lo er than for the nearest- neigh or approac (21 8) and 29.4% lo er than for the umerical sim ulation (25 5). The error rates for the other empirical approac hes on this data set ere higher than for nearest-neigh or and umerical sim ulation: ID3 (29 6) and linear appro ximation (31 1). This initial con�rmation is ten tativ ecause the lo lev el of agreemen among exp erts and absence of an external standard giv es rise to uncertain ab out what constitutes correct prediction. Ho ev er, this alida- tion problem app ears to an inheren prop ert of the domain of rangeland est managemen t. Consumption prediction can view ed as appro ximating function from de- riv ed case features to consumption predictions (a onsumption function ). Proto- ypical cases constitute represen tativ oin ts in feature space for whic function alues are kno wn. The protot ypical cases can used to induce represen tation of the function as decision tree e.g. ID3) or umerical function e.g., linear appro ximation). The or erformance of ID3 and linear appro ximation suggests that the biases of these inductiv metho ds are orly suited to the consumption prediction task. Alternativ ely sim ulation can used to deriv individual alues for the func- tion. Ho ev er, the incompleteness of ailable mo dels of rangeland ecology limits the accuracy of this approac h. pure nearest-neigh or approac implicitly assumes that the consumption than global adaptation eigh ts. In the second exp erimen CARMA as there- fore tested using case-sp eci�c adaptation eigh ts and critical erio adjustmen disabled. Comparison of CARMA with Empirical and Mo del-based Approac hs. CARMA’s empirical comp onen as ev aluated erforming lea e-one-out-tests for nearest-neigh or approac and other inductiv approac hes that used CARMA’s empirical kno wledge: decision tree induction using ID3 and linear appro ximation, whic consisted of using QR factorization Hag88 to �nd least- squares �t to the feature alues and asso ciated predictions of the training cases. The predictiv abilit of CARMA’s mo del-based comp onen in isolation as ev aluated dev eloping umerical sim ulation based on CARMA’s mo del of rangeland ecology This sim ulation required forms of kno wledge implicit in CARMA’s cases: the forage er acre based on the range alue of the lo cation, and the forage ypically eaten er da er grasshopp er for eac distinct grasshop- er erwin tering yp and dev elopmen tal phase. The steps of the umerical sim ulation are as follo ws: 1. Pro ject eac grasshopp er opulation bac to eginning of the gro wth season. 2. Sim ulate the densit and dev elopmen tal phases for eac erwin tering yp through the end of the gro wth season based on the precipitation and tem- erature giv en in the case. 3. Calculate the forage eaten er da er acre based on the grasshopp er densit er acre and the forage eaten er da er grasshopp er for eac erwin tering yp and dev elopmen tal phase as a�ected temp erature. 4. Con ert the total forage consumed to the prop ortion of ailable forage con- sumed based on the forage er acre. The e�ect of temp erature on consumption (as result of hanging metab olism rates) as represen ted ultiplying co e�cien (determined from lo okup table indexed temp erature) the forage eaten er da er grasshopp er for eac erwin tering yp e. The umerical sim ulation as trained hill-clim bing on temp erature-based co e�cien ts to maximize the predictiv accuracy on the training cases. The accuracy of eac approac as tested using lea e-one-out testing for eac of the 15 exp ert sets. The results, whic app ear in able 3, include the ro ot-mean-squared error for eac of the metho ds. ID3 classi�ed cases in to 10 qualitativ consumption categories represen ting the mid- oin ts (5, 10, 15, ... 95) of 10 equally sized qualitativ ranges. ID3’s error as measured the di�erence et een the midp oin of eac predicted qualitativ cat- egory and the exp ected quan titativ consumption alue. This mo del, whic sim ulates eac grasshopp er opulation through the en tire gro wth season, corresp onds to the kno wledge used CARMA min us critical erio ad- justmen t. sim ulation restricted to the critical erio ould corresp ond to the full CARMA system’s kno wledge. function Lea eOneOutSp eci�cT est for eac case �T do := ;protot ypical cases := global matc eigh ts for set according to info. gain for eac protot ypical case �P do := ;training set := AdaptWeights := PredictForageLoss ExpertPred )) return Avg function Lea eOneOutGlobalT est(T) for eac case �T do := ;protot ypical cases := global matc eigh ts for set according to info. gain := AdaptWeights := PredictForageLoss ExpertPred )) return Avg Ablation Exp erimen t. determine the con tribution of the arious forms of mo del-based adaptation to CARMA’s predictiv accuracy an ablation exp eri- men as erformed in whic the erformance of the full CARMA system as compared to CARMA’s erformance with arious adaptation mec hanisms dis- abled. The �rst column of able sho ws CARMA’s erage ro ot-mean-squared error er the 15 exp ert sets using case sp eci�c eigh ts (CARMA-sp eci�c). Columns and three sho CARMA-sp eci�c with, resp ectiv ely pro jection and critical erio adjustmen remo ed, and column four sho ws CARMA with feat- ural adaptation remo ed. The erformance of nearest-neigh or prediction (NN), i.e. CARMA with pro jection, featural adaptation, and critical erio adjustmen all remo ed, is sho wn in column �v e. These data sho that full CARMA-sp eci�c actually erforms orse than NN. Remo ving pro jection or featural adaptation mak es erformance still orse, but remo ving critical erio adjustmen mak es CARMA’s erformance etter than NN. rom this, conclude that critical erio adjustmen do es not accurately re ect the problem-solving eha vior of uman exp erts in this predictiv task. Columns six and sev en sho CARMA using global eigh ts (CARMA-global). As with CARMA-sp eci�c, CARMA-global is more accurate with critical erio adjustmen remo ed. Ho ev er, CARMA-global with critical erio adjustmen remo ed, while more accurate than NN, is less accurate than CARMA-sp eci�c with critical erio adjustmen remo ed. In summary the ablation exp erimen sho ed that pro jection and featural adaptation eac increased predictiv accuracy but critical erio adjustmen decreased accuracy Case-sp eci�c adaptation eigh ts led to etter erformance Under this approac h, cases are �rst factored in to opulations with distinct erwin- tering yp es, 1-NN prediction is erformed for eac opulation, and the resulting consumption predictions for all opulations are summed. Ev aluation The design of CARMA’s forage consumption comp onen as based on the y- othesis that an in tegration of mo del-based and case-based reasoning can lead to more accurate forage consumption predictions than the use of either tec h- nique individually test this yp othesis, separated CARMA’s empirical and mo del-based kno wledge comp onen ts, tested eac in isolation, and compared the results to the erformance of the full CARMA system under oth global and case-sp eci�c adaptation eigh mo des. The ev aluation as complicated the absence of empirical data against whic to measure CARMA’s predictions. therefore turned to exp ert uman judgmen ts as an external standard. obtain represen tativ sample of exp ert opinions, sen questionnaires to 20 en tomologists recognized for their ork in the area of grasshopp er ecology Eac exp ert receiv ed 10 yp othetical cases randomly selected from complete set of 20 cases. The descriptions of the 20 cases con tained at least as uc information as is ypically ailable to an en- tomologist from ranc her seeking advice. The questionnaire ask ed the exp ert to mak sev eral predictions ab out the case, including the predicted quan titativ forage loss. total of 15 recipien ts of the questionnaire resp onded. Muc to our surprise, there as ery wide ariation (from 25 to 90%) in consumption pre- dictions among the exp erts er the set of 20 cases. The resulting exp erimen tal case sets consist of 15 sets of exp ert resp onses con taining 10 cases eac h. complication in tro duced the use of exp ert uman judgmen ts as an ev aluation standard is the ossibilit that in making consumption predictions uman exp erts fail to use of all asp ects of the mo del of grassland ecology test this ossibilit erformed an ablation study in whic tested the e�ect on prediction accuracy of remo ving eac form of adaptation kno wledge from CARMA. The con�guration of CARMA with the highest predictiv accuracy as then compared with purely mo del-based and purely empirical reasoning. 5.1 Exp erimen tal Design Eac predictiv metho as tested using series of lea e-one-out tests in whic set of cases (S) as split in to one test ase (C) and one tr aining set (S C). The metho ds ere trained on the forage loss predictions of the training set and tested on the test case. This metho as rep eated for eac case within the set (S). The forage loss predictions (0{100%) represen the prop ortion of ailable forage that ould otherwise ailable for liv esto k, but will instead consumed grasshopp ers. CARMA as tested using proto col under whic eac set of training cases is used as CARMA’s library of protot ypical cases. This proto col is implemen ted in LeaveOneOutSpecificTest and LeaveOneOutGlobalTest whic erform the lea e-one-out tests for the sp eci�c and global adaptation eigh ts sc hemes, resp ec- tiv ely Both pro cedures call AdaptWeights the hill-clim bing algorithm describ ed ab e. LeaveOneOutSpecificTest calls AdaptWeights with protot ypical case library con taining only one case. Fig. 2. Critical-p erio adjustmen from Case8 to Sub caseA. an erall quan titativ consumption estimate. In the giv en case, the sum of pre- dicted consumption of the sub cases is 57%. In summary CARMA can use mo del of grasshopp er dev elopmen tal phases, consumption, and attrition, and mo del of rangeland’s critical forage gro wth erio to adapt the cases in its library This adaptation is used oth to determine the degree of relev an matc et een cases and to mo dify the consumption predictions asso ciated with protot ypical case to apply to new case. Learning Matc and Adaptation eigh ts CARMA uses sets of eigh ts in case-based reasoning: matc eigh ts (used in the assessmen of similarit et een cases whose grasshopp er opulations ha een aligned temp oral pro jection); and featural adaptation eigh ts (used to adapt the consumption predicted the est matc hing protot ypical case in ligh of an featural di�erences et een it and the sub case). General domain kno wledge, suc as the iden tifying haracteristics and dev elopmen tal phases of grasshopp ers, can pro vided domain exp ert. By con trast, matc and featural adaptation eigh ts ust acquired the system itself. Matc eigh ts are set determining the mutual information gain et een case features and qualitativ consumption categories in giv en set of training cases, since recen researc has indicated that this is often an accurate measure of featural imp ortance for matc hing WD95 ]. eatural adaptation eigh ts are set hill-clim bing algorithm, AdaptWeights that incremen tally aries adaptation eigh ts to minimize the ot-me an-squar err or (RMSE), i.e. =n =1 PFL ExpertPred )] for protot ypical case library and matc eigh ts where PFL is CARMA’s predicted forage loss and ExpertPred is the exp ert’s prediction of consumption for eac training case CARMA can learn featural adaptation eigh ts in either of mo des: glob al in whic single set of eigh ts are acquired for the en tire en tire case library; or ase-sp ci�c in whic separate eigh ts are acquired for eac protot ypical case. Fig. 1. Pro jection of protot ypical case from PC to PC to align its dev elopmen tal phase with new case NC. eatural Adaptation. The consumption predicted the est matc hing pro- tot ypical case is mo di�ed to accoun for an featural di�erences et een it and the sub case. This adaptation is based on the in uence of eac feature on con- sumption as represen ted featural adaptation eigh ts. or example, lo er temp erature alue means lo er forage losses, ecause lo er temp eratures tend to slo dev elopmen tal sp eed, increasing grasshopp er attrition. Th us, the forage loss estimate predicted Case8|15%|m ust adapted do wn ard somewhat to accoun for the fact that temp eratures in Sub caseA (co ol) are lo er than in Case8 (normal). Critical-P erio Adjustmen t. Consumption is only damaging if it ccurs dur- ing the critical forage gro wing erio of rangeland habitat. The forage loss pre- dicted protot ypical case ust mo di�ed if the prop ortion of the lifespan of the grasshopp ers erlapping the critical erio di�ers signi�can tly in the new case from the prop ortion in the protot ypical case. This pro cess, termed critic al- erio adjustment requires determining the dev elopmen tal phases of the new and protot ypical cases that fall within the critical erio and the prop ortion of lifetime consumption ccurring in these dev elopmen tal phases. The critical erio of sp eci�c parcel of rangeland is determined from the parcel’s latitude and altitude. An example of critical-p erio adjustmen app ears in Figure 2. CARMA uses mo del of grasshopp ers’ rate of consumption at eac dev elopmen tal phase to calculate the prop ortion of lifetime consumption ccurring efore the end of the critical erio d. or example, 47% of Sub caseA’s consumption ccurs during the critical erio d, whereas only 6% of Case8’s consumption ccurs within this erio d. CARMA therefore scales the initial consumption estimate (47 6) 8. After adaptation, the consumption predictions for eac sub case i.e., opu- lations of grasshopp ers with distinct feeding patterns) are summed to pro duce Case8 New case Case8 Sub caseA Sub caseB after pro jection Ov erwin tering yp ymph ymph egg ymph eeding yp es grass 100% grass 40% grass 100% grass 100% mixed 60% Av erage phase 2.0 1.2 7.0 1.2 Densit 12.0 13.0 7.0 13.3 Date Septem er August 20 Septem er Precipitation normal dry normal emp eratures normal co ol normal Infest. history mo d-lo mo mo d-lo Range alue mo high-mo mo orage loss 15% (mo d-lo w) 15% (mo d-lo w) able 1. Case examples. actoring Cases in to Sub cases. CARMA’s consumption prediction mo dule �rst splits the erall opulation in to sub cases of grasshopp ers with distinct er- win tering yp es i.e., erwin tering as ymphs or eggs), since forage consumption those that erwin ter as ymphs is uc di�eren from consumption those that erwin ter as eggs. CARMA uses mo del of grasshopp er dev elopmen tal stages to estimate the hatc date and probable death date of eac grasshopp er opulation giv en the opulation’s curren dev elopmen tal stage, gro wing season dates for the lo cation, and curren date. emp oral Pro jection. predict the forage loss of sub case, CARMA �rst retriev es all protot ypical cases whose erwin tering yp es matc that of the sub- case. Since protot ypical cases are extended in time but are represen ted at particular time, matc hing requires temp orally pro jecting the protot ypical cases forw ards or bac kw ards to align their erage dev elopmen tal phases with that of the new sub case. This requires using the mo del to sim ulate grasshopp er attri- tion, whic dep ends on dev elopmen tal phase, precipitation, and dev elopmen tal rate (whic in turn dep ends on temp erature) throughout the in terv al of the pro jection. An example app ears in Figure 1. The pro jected protot ypical case whose eigh ted featural di�erence from the new sub case is least is selected as the est matc h. or example, the protot ypical case that est matc hes Sub caseA after pro jection is Case8, sho wn in able 1. Because the dev elopmen tal phase of Case8 efore pro jection is later than that of Sub caseA, Case8 ust pro jected bac kw ards in time, causing grasshopp ers that had een lost to attrition to added bac to the opulation. emp oral pro jection aligns dev elopmen tal phases but not necessarily dates. or example, the date of Case8 after pro jection is later than the date of Sub- caseA ecause the hatc date of Case8 as later than that of Sub caseA. As result, the dev elopmen tal phase of the grasshopp ers in Sub caseA on August 20 are the same as those of Case8 eeks later on Septem er 2. 2. Determine whether grasshopp er consumption will lead to comp etition with liv esto for ailable forage. (a) Estimate the prop ortion of ailable forage that will consumed grasshopp ers using case-based and mo del-based reasoning. (b) Compare grasshopp er consumption with the prop ortion of ailable for- age needed liv esto k. 3. If there will comp etition, determine what ossible treatmen options should excluded using rules suc as \W et conditions preclude the use of malathion"; \En vironmen tal sensitivit precludes all hemical treatmen ts." 4. If there are ossible treatmen options, for eac one pro vide an economic analysis estimating oth the �rst-y ear and long-term sa vings using rule- based, mo del-based, and probabilistic reasoning. ha implemen ted this problem-solving pro cess in system termed CARMA (CAse-based Range Managemen Adviser). This pap er fo cuses on the comp o- nen ts of CARMA that erform step 2(a), estimation of the prop ortion of ail- able forage that will consumed grasshopp ers. Making this estimation re- quires predicting the eha vior of rangeland ecosystem, biological system with an incomplete causal mo del. Mo del-Based Adaptation in CARMA Our proto col analysis indicated that en tomologists estimate forage consumption comparing new cases to protot ypical infestation scenarios. These protot ypical cases di�er from con en tional cases in imp ortan resp ects. First, the proto- ypical cases are not expressed in terms of observ able features e.g., \Whenev er tak step, see grasshopp ers with brigh tly colored wings y"), but rather in terms of abstract deriv ed features e.g., \Appro ximately ymphal erwin ter- ing grasshopp ers in the adult phase er square ard"). Second, the protot ypical cases are extended in time, represen ting the history of particular grasshopp er opulation er its lifespan. Eac protot ypical case is therefore represen ted \snapshot" at particular, represen tativ oin in time selected the en tomol- ogist. In general, this represen tativ oin is one at whic the grasshopp ers are at dev elopmen tal phase in whic treatmen is feasible. An example protot ypical case app ears as Case8 in able CARMA egins consultation eliciting information to infer the relev an features of new case. When the relev an case features ha een determined, CARMA can use causal mo del to assist case-based reasoning in four di�er- en ys: case factoring; temp oral pro jection; featural adaptation; and critical- erio adjustmen t. molts. de�ne the dev elopmen tal phases of grasshopp er’s lifecycle to include egg, �v ymphal instars, and adult. This case is used merely to illustrate sev eral of CARMA’s features. In ypical consultation, case ccurring so late in the gro wing season ould classi�ed as \to late" for purp oses of insecticide application. complete analysis of suc case ould pro ceed only if requested the user. This pap er describ es the use of mo del-based adaptation as tec hnique for in- tegrating case-based reasoning with mo del-based reasoning in domains in whic neither tec hnique is individually su�cien for accurate prediction. The next sec- tion describ es angeland est management task that requires predicting the eha vior of complex biological system, and sets forth pro cess description of exp ert problem solving in this domain. Section brie y describ es CARMA, system that implemen ts this pro cess description, and describ es ho CARMA erforms mo del-based case adaptation. Section describ es ho CARMA learns matc and adaptation eigh ts. An exp erimen tal ev aluation in whic the predic- tiv accuracy of CARMA’s mo del-based adaptation comp onen is compared to that of case-based and mo del-based reasoning in isolation is set forth in Section 5. This ev aluation con�rms that mo del-based case adaptation can lead to more accurate sim ulation of en tomologists’ predictions than empirical or mo del-based reasoning alone. Rangeland est Managemen Rangeland ecosystems ypify biological systems ha ving an extensiv but incom- plete causal theory and limited empirical data. Managemen tasks for rangelands include optimal sto king rates and grazing systems, ater dev elopmen t, wildlife enhancemen t, no xious eed con trol, and insect est managemen t. Eac of these managemen tasks requires ev aluating alternativ actions predicting their oten tial consequences. The particular rangeland managemen task of in terest to us is est man- agemen t. On erage, grasshopp ers ann ually consume 21{23% of rangeland for- age in the estern United States, at an estimated loss of $400 million HO83 ]. Rangeland grasshopp er infestations can treated with hemical or biological insecticides, but in man situations the costs of insecticide application exceed the alue of the forage sa ed. Determining the most cost-e�cien resp onse to grasshopp er infestation requires predicting the forage sa vings that ould ensue from eac resp onse and comparing the sa vings to the cost of the resp onse itself. While mo del-based reasoning can pla role in grasshopp er managemen t, there is general recognition that the in teractions a�ecting grasshopp er opu- lation dynamics are to orly understo and to complex to ermit precise prediction through umerical sim ulation LL91 Pim91 AH92 ]. Ho ev er, en- tomologists and est managers are able to pro vide useful recommendations to ranc hers. This indicates that other sources of kno wledge can comp ensate for the absence of complete mo del of rangeland ecosystems. Based in part on proto col analysis of problem solving exp erts in range- land grasshopp er managemen t, ha dev elop ed the follo wing pro cess descrip- tion of exp ert problem solving for this task: 1. Use rule-based reasoning to infer the relev an facts of the infestation case, suc as grasshopp er sp ecies, dev elopmen tal phases and densit from infor- mation pro vided the user. During their lifetime, grasshopp ers progress through three dev elopmen tal stages: egg, ymph, and adult. The ymphal stage usually consists of �v instars separated Case Adaptation Using an Incomplete Causal Mo del John D. Hastings L. Karl Bran ting and Je�rey A. Lo kw Departmen of Computer Science Univ ersit of Wy oming Laramie, Wy oming 82071-3682 hastings, arl @eolus.u wy o.edu Departmen of Plan t, Soil, and Insect Sciences Univ ersit of Wy oming Laramie, Wy oming 82071 lo kw d@u wy o.edu Abstract. This pap er describ es tec hnique for in tegrating case-based reasoning with mo del-based reasoning to predict the eha vior of biolog- ical systems haracterized oth incomplete mo dels and insu�cien empirical data for accurate induction. This tec hnique is implemen ted in CARMA, system for rangeland est managemen advising. CARMA’s abilit to predict the forage consumption judgmen ts of 15 exp ert en to- mologists as empirically compared to that of CARMA’s case-based and mo del-based comp onen ts in isolation. This ev aluation con�rmed the y- othesis that in tegrating mo del-based and case-based reasoning through mo del-based adaptation can lead to more accurate predictions than the use of either tec hnique individually In tro duction Man yp es of diagnostic, monitoring, and planning tasks require prediction of the eha vior of ph ysical systems. Precise mo dels exist for the eha vior of man simple ph ysical systems. Ho ev er, mo dels of biological, ecological, and other nat- ural systems are often incomplete, either ecause complete state description for suc systems cannot determined or ecause the um er and yp of in terac- tions et een system elemen ts are orly understo d. Empirical metho ds, suc as case-based reasoning, decision-tree induction, or statistical tec hniques, can used for prediction if su�cien data are ailable. In practice, ho ev er, man biological systems are haracterized oth incomplete mo dels and insu�cien empirical data for accurate induction. Accurate prediction of the eha vior of suc systems requires exploitation of ultiple, individually incomplete, kno wl- edge sources. This researc as supp orted in part gran ts from the Univ ersit of Wy oming Col- lege of Agriculture and acult Gran t-in-Aid from the Univ ersit of Wy oming O�ce of Researc h.