* Supported by the Advanced Research Projects Agencyunder contract MDA903—87—C—0641.Use of Abstraction to Simplify MonitoringThomas A. Russ*USC/Information Sciences Institute4676 Admiralty Way, Marina del Rey, CA 90292tar@isi.eduOverview of ApproachI apply existing technology for the construction ofmonitoring systems to the ICU data set provided bythe Symposium organizers. The large volume ofdata in the ICU set compels any reasoning system tooperate efficiently. It is also a good test of scalabilityof the approach. In order to reach the requiredefficiency, heavy use must be made of abstraction inorder to limit the extent to which new data samplescause reevaluation of derived conclusions.I describe the Temporal Control System (TCS), aprogramming system designed for buildingintelligent temporal monitoring programs.Empirical results from the ICU date set validate thescalable design of the TCS. I then focus on theproblem of generating interval values from samplepoints via persistence assumptions. The TCSprovides both the framework for the implementationas well as a method of calculating the �cost� ofdifferent approaches. In particular, I show thatlimiting the time span of a persistent interval can bevery costly and then suggest how the application ofsymbolic abstraction can help. Further performanceimprovements come from the development ofadditional temporal abstraction techniques.Description of Temporal Control SystemThe Temporal Control System [Russ91] is aprogramming framework designed to facilitate theconstruction of monitoring applications. It usesdependency-directed updating to allow temporalinformation to be entered in any order whileassuring that all affected calculations are redone.TCS uses data dependency declarations madeduring the building of an application to monitorinformation in temporal variables. As theinformation in those variables changes over time, allcalculations which depend on that information areautomatically recalculated to bring the system up todate.A TCS application consists of modules whichimplement arbitrary reasoning strategies, andtemporal variables which hold data. Each module�sdependency on temporal variables is declared inadvance. TCS performs the bookkeeping tasksneeded to assure that information is propagated tothe appropriate modules and that the reasoning inthe system is kept up-to-date. The data dependencyalgorithm does not depend on the particular form ofreasoning used in a module. Module functions aretreated as black boxes whose inputs and outputs aremonitored. Whenever the input data to a modulechanges, the TCS schedules a process instance toexecute. As input values change, this results in achain of process instances along the time line.

ProcessInstance

TimeInputOutputIf the output value changes, this change ispropagated in turn. When there are no morechanges, propagation stops and the application isup-to-date. Since the TCS model has a fundamentalunit of computation, the process instance, countingthe number of invocations of process instances for aparticular module gives a hardware independentmethod of assessing the amount of computationinvolved in processing temporal data. I will use thismeasure in the experiments described below.This method of propagating information and usingthe automatic updating facilities has been applied inthe areas of cardiac intensive care and themanagement of acute diabetic ketoacidosis. The TCSis specifically designed to allow information toarrive out of order, and for previous information tobe changed [Russ90]. These particular attributes arenot needed for processing the Symposium data set, since all of the information arrives quickly and inorder.The TCS approach differs from other signalprocessing approaches such as VM [Fagan80] andblackboard architectures [Nii82] in that the datadependencies allow the system itself to handle theoverhead of retraction and new calculation.ICU Data SetI have combined the ICU data sets into one masterfile so that the information can be processed intemporal sequence. There is a large amount of datathat needs to be processed. 8,050 data points areavailable at 2,623 separate times (average of 3.06items per session). The minimum time separatingany of the data points is one second. The maximumtime separating the data points is three hours andforty-seven minutes. The average elapsed timebetween data points is 25 seconds. Once monitoringstarts, the average elapsed time between data pointsis less than 20 seconds (17.95).The implications of these figures is that anyreasoning system that hopes to operate in real timemust be able to process a large amount ofinformation quickly. On average, the system mustbe able to handle around 10 data items per minute.Note that this includes the processing of the rawinformation as well as the higher level deliberationof the system. In this paper I will restrict myattention to the low-level processing of the raw data.Although there is a lot of data to be processed, mostit does not add information to the existingdescription of the patient’s state. In order to nothave the system collapse under the weight of thenew data, the redundant information must beeliminated from consideration as soon as possible.Use of Abstraction to Simplify ProblemThe standard approach to eliminating unimportantdetails is to use abstraction of the detailedinformation. In addition to the TCS, recent medicalAI work [Haimowitz93, Kahn90] has examinedabstraction methods for handling temporal data. Bysuppressing the unimportant details, a reasoner canfocus on the important principles. This isparticularly important when there is a lot ofautomated monitoring. Such systems can producedata much faster than the raw information can beassimilated. There are several levels at which thisabstraction can occur:Symbolic Abstraction to Cut-Off PropagationThe first and most common approach is to abstractraw numeric data into symbolic (or even numeric)ranges. This serves two purposes: 1) It reduces thereliance of higher level reasoning on the specificnumeric value of the underlying data. The samereasoning can then be used in different situationsjust by varying the function that is responsible forabstracting the numbers into symbols. 2) Bymapping many numeric values into fewer symbolicvalues, one can use a simpler test to determinewhether the information needs to be propagated. Inparticular, by testing for symbolic equivalence, the asystem such as TCS can operate without the need tohave domain-specific knowledge in its propagationalgorithm. This makes it easier to use the same toolin more than one application.Time Scale Abstraction to Reduce ComputationIn addition to the benefits above, symbolicabstraction typically has another benefit that servesto reduce the amount of computation needed toprocess the data. In addition to summarizingmultiple numeric results with the same label, the actof summarization will generally cover a larger timeperiod. This means that the same decision is validnot only for several different numerical values, but itremains stable for a much longer period. In a systemthat is organized around the propagation of changes,this results in less computation.Temporal Granularity to Reduce ComputationUnfortunately, these approaches are not sufficient inand of themselves. The data set for the ICU data isso large that new techniques need to be invented.The fatal flaw lies in the interaction between the useof time-limited persistence and the inexorableadvance of the time of information. If one simplypreserves the values for a fixed period of time, theneach new data point will extend the derivedpersistent interval by the amount of time since thelast data sample. With data samples arriving fasterthan two per minute this can become overwhelming.The solution to this is the use of temporalgranularity to limit the amount of computation. Forexample, if persistence were eight hours with agranularity of 15 minutes, then all data points withina fifteen minute window would not affect the lengthof time of the resulting persistent abstraction. Thiswill eliminate the need to gratuitously re plan thefuture based on another 20 seconds of projected datavalues. This technique is an abstraction along thetemporal dimension. The introduction of ranges for the temporal values is analogous to the use ofnumeric ranges for data values.Description of ExperimentsIn the experiments described here, a sample TCSapplication was built that performed the abstractionof data samples into interval values. A systemcovering all of the data was used for the scalabilityexperiment. A much simpler system was used toinvestigate the interaction of different types ofabstraction with different persistence assumptions.In the scalability test, the most expensive methodwas used.Scalability TestThe large amount of data available in the ICU dataset means that any practical scheme must have runtime characteristics that are essentially independentof the amount of data that must be processed. Todemonstrate this feature, I created a TCS system thatperformed time limited persistence of raw datavalues. As I show in the next section, this particulartype of persistence is actually quite expensivecomputationally. The test used a Macintosh Quadra800 running this test system on the entire data set of2622 data entry points. The results are shownbelow. The processing speed is the number of dataentry points processed per minute. The data valuesare the average results of two tests.

Processing Speed vs. DataProcessedNumber of Points ProcessedRate[1/min]01002003004000100020003000

DataFittedThere is an initial slowdown in processing as moredata is encountered, but processing then reaches asteady-state plateau. The graph was divided intotwo regions (0—1800 and 1800—2600) for least squaresregression fitting. The first region was welldescribed by a line with slope -0.13 (R2=0.96). Thesecond region is described by a straight line (slope =0.006) and shows no correlation (R2 =0.04) with thenumber of data points processed. The steady-stateperformance of the TCS is therefore independent ofamount of data previously processed.The initial slowdown is due to the effects of buildingup a set of processing intervals that becomefragmented as more data is added. When the firstdatum is encountered, the system is able to projectits value forward up to the pre-set time limit. Thisinvolves reexecuting the persistence process over thetime that has been changed. It also means that anyderivative calculations must be reexamined forchanges. Since the TCS takes a black box approachto the actual reasoning processes, it is necessary tore-run processes to cover the time of the change.Since the length of an interval value is also availablefor reasoning, it is also necessary to re-run processesfor intervals whose values haven�t changed, butwhose duration has been shortened. Since thereasoning is a black box, it is not possible to knowwhether a change in the duration of the intervalwould affect the outcome of the decision. If there isno change, then propagation ceases. The effects interms of excessive calculation suggest that makingmore information available to the schedulingalgorithm is a fruitful avenue for future work.Since not all of the data is collected with the samefrequency, it takes longer for some of the persistencecalculations to saturate and reach steady stateconditions. Once this condition is achieved, though,the time to process the information does notincrease. As long as the steady-state processing isfast enough to handle the data, a TCS system willscale to meet the challenge.Persistence TestsHaving passed the first qualifying hurdle for use in amonitoring setting, we can now turn our attention tothe problem of increasing the efficiency of thereasoning. I begin by considering three forms ofpersistence calculation: infinite, time limited andtime-limited with granularity. Infinite persistencemeans that a data value is retained until it isreplaced with a newer reading. This has theadvantage of simplicity, but it allows the use ofpotentially outdated information in clinicalreasoning. Since the abstraction process moves thefocus of the data from the actual time-stamped valueinto a state abstraction, there is no easy way forsubsequent reasoning modules to know how old thedata is. Time limited persistence solves this problemby associating a maximum allowable persistence forany measurement. If no new information isobtained before this deadline expires, then the state value reverts to �unknown.� This provides a simplemethod to eliminate outdated information. Limitingthe persistence with granularity means that theendpoints chosen for persistence values areconstrained to be even multiples of the grain size.This modification was developed to increase theefficiency of time limited performance, particularlywhen combined with value abstraction.Schematically, the three abstraction methods looklike this:

InfiniteLimitedGranularityInfiniteLimitedGranularityInfiniteLimitedGranularityAABABC

FirstPointTwoPointsThreePointsNote in particular that the granularity endpoint forthe �Two Points� case is in the same place as �FirstPoint�.To allow deeper analysis I performed severalexperiments using just one of the measuredparameters�heart rate as measured by the EKG.This provided 627 samples of mostly noise-free datafor analysis. I then examined the effects of usingdifferent persistence schemes on derivativecalculations. The test system was a simple TCSsystem consisting of just two modules and twovariables. The first module took the raw point dataas input and produced interval values as output.This is a temporal abstraction operation. The secondmodule took the interval value as its input andserved as a vehicle for assessing the affect ofdifferent choices of temporal abstraction onsubsequent system processing. In other words, thesecond module recorded how much data was beingpassed on for further processing by what would bethe higher level intelligence of the monitoring andcontrol system.Unfortunately, this is more much more expensivethan using the infinite persistence model. Using theTCS scheduling algorithm, infinite persistencecaused 1,254 invocations of the secondary reasoningmodule (or 2 per data point). This is expected fromthe analysis of the black box scheduling assumption.Using a time limited persistence of 240 seconds, thenumber of processes scheduled was 4,372 (aboutthree and a half times more). Part of the problem isthat the period of time covered by the persistenceextends each time a new data point is encountered.For example, at time 0 the persistence extends untiltime 240. New data at time 10 cause a reexaminationof the period from 10 to 240, as well as extending thepersistent interval until time 250. More data at time15 forces reexamination from 15 to 250 and extendsthe persistence from 250 to 255 as well, etc.It is unlikely that the incremental extensions of thepersistence are clinically significant. One way tolimit this is to set up a �granularity� in thepersistence assumption. If the persistencegranularity were set to 60 seconds, then onlychanges in input data more than 60 seconds apartwould cause the extent of the persistence to change.A change in value would still cause recalculationwithin the existing persistence window.. Using sucha granularity scheme improves the performancefigures for the heart rate data by about 30%,reducing the number of secondary processes runfrom 4,372 to 3,097. This is still 2 and a half times asmany as for infinite persistence, so there is still asignificant price to pay for limited persistence. (Theprocess scheduling heuristics are not well designedfor this particular case. By changing the heuristics toones tuned for this type of reasoning I was able toreduce the overhead to only a 50% increase for thetime-limited persistence and further reduce it to 30%when granularity was added.)The desire to limit the persistence time forces us topay a computational price in order to avoidreasoning with stale data. Fortunately, there areother techniques that can be applied which simplifythe reasoning and let us reclaim the lostperformance.Abstraction TestsA careful examination of the heart rate data indicatesthat most of it has the following form:"8/16/93 23:24:44" 176"8/16/93 23:26:04" 175"8/16/93 23:26:24" 176"8/16/93 23:26:44" 175"8/16/93 23:27:02" 176In other words, most of the changes from onereading to the next were insignificant. A morerigorous analysis of the heart rate data indicates thatthere were no two consecutive values that were thesame, but that only 60 out of 627 samples changed by more than one from the previous value. Only 30samples showed a sample-to-sample change of 5 ormore. It is also the case that only gross changes inheart rate are clinically meaningful. If we canintroduce such a distinction early in the dataprocessing, then we can save subsequent reasoningtasks the trouble of determining that the informationis about the same. To that end we introduce a valueabstraction transformation. The following tableshows three different abstraction functions that wereused in the experiments. The first two break thenumeric scale into ranges of 5 and 10 and only usethe range of the answer as the persistent value. Iftwo values occur that are in the same range, thenthat is treated as no change in the data value. (Anytemporal persistence is still used, though). �Stratify�divides the numeric range into three categories.Heart RateAbstract 5Abstract 10Stratify

< 160101010

160—165176

165—170120296359

170—17563

175—180226289

180—18520258

185—190525

> 19077

By changing the value of the persistent informationfrom a fluctuating numeric measure to an abstractvalue we can insulate higher level reasoningfunctions from this fluctuation. The effects of usingthis abstraction technique are dramatic. We will firstconsider the effects with infinite persistence. In thiscase, no transformation caused 1,254 invocations ofthe higher level calculation. With the 5 unitabstraction, this dropped to 192, with 10 unitabstraction to 126 and with stratify 132. For a realapplication the size of the abstraction bands and thebreakpoints for doing a symbolic stratification willbe determined by the medical requirements. Theexperimental results also show significant, thoughnot as large, reductions in the number of secondarycalculations used by limited persistence and limitedpersistence with granularity.InfiniteLimitedw/ Granularity

No Abstraction125443723097

Abstract 519217951159

Abstract 1012616641052

Stratify13216431052

ConclusionThe TCS methodology is shown to scale well forproblems with a large amount of data that needs tobe processed, since the running time isfundamentally independent of the amount of dataentered into the system. I describe a method forproducing abstract interval descriptions from pointdata. Varying the parameters of this transformationallows us to see the performance characteristics ofvarious options. The use of abstraction provides abig reduction in the number of subsequentcomputations needed. Adding time limitedpersistence has the effect of greatly increasing thenumber of computations. Adding granularity totime limited persistence makes a big improvement.References[Haimowitz93] IJ Haimowitz and IS Kohane, �AnEpistemology for Clinically Significant Trends�,Proceedings of the Eleventh NationalConference on Artificial Intelligence, pp. 176—181, 1993.[Russ91] TA Russ, Reasoning with Time DependentData, PhD thesis, MIT, 1991.[Russ90] TA Russ, �Using Hindsight in MedicalDecision Making,� Computer Methods andPrograms in Biomedicine, 32(1):81—90, 1990.[Kahn90] MG Kahn, CA Abrams, et al., �AutomatedInterpretation of Diabetes Patient Data:Detecting Temporal Changes in InsulinTherapy,� Symposium on Computer Applications inMedical Care, pp. 569—573, 1990.[Fagan80] LM Fagan, VM: Representing Time-Dependent Relations in a Medical Setting, PhDthesis, Stanford, 1980.[Nii82] HP Nii, EA Feigenbaum, et al., �Signal toSignal Transformation: HASP/SIAP CaseStudy,� AI Magazine, 3(2):23—35, 1982.