1A Technical Note on TREC EvaluationPeter PirolliMark WilsonXerox PARCUniversity of California, BerkeleyDecember 1995INTRODUCTIONThe purpose of this note is to address some of the evaluation problems raised byrecent discussions concerning the TREC interactive track. These include1.Assuring comparability of system measurements. This is essential toestablishing scientific measurement.2.Assessing and accounting for measurement error due to user sampling andtopic sampling, as well as site-specific sampling bias effects. This is directlyrelated to the issue of improving the power of the experiments.3.Developing appropriate statistical techniques.We will not be concerned with two other very important kinds of issues that need to beaddressed by the Interactive Track specification. The first of these concerns therepresentativeness or validity of the assessment tasks. Such issues address the degree towhich the evaluation tasks are characteristic of tasks in the real world, or some desiredstate of affairs. Neither will we be concerned with the heuristic value of the approvedevaluation tasks. Once a competition is defined and a gold medal offered to the winner,we can expect to see evolution in action. It is up to the TREC promoters and communityto decide on the evaluation tasks that best move the field forward. This note is strictlyconcerned with scientific methodology and analysis.The outline of approach and examples presented here should be taken as a startingpoint for further discussion and refinement. Much of the work requires additional reviewsince these designs and analyses are nonstandard.THE PROBLEM SITUATIONDifferent interactive information retrieval (IR) systems are tested at different sitesby their developers. One or more users at each site are selected to participate in thestudies and are asked to retrieve as many relevant documents (and as few irrelevant ones)from a common test corpus and in response to a common set of topic queries (25 ofthem). Each topic takes about 30 minutes to complete. Outcomes for each system andeach query (across one or many participants) are submitted to a central authority for score

2computations. It is tempting to think of this as a design of System · Topic variables.Unfortunately, the problems with this design are many. First, there are unknown effects of sites. In the past, participant selectionmethods at individual sites have varied greatly. In an ideal experiment, one would liketo have participants randomly sampled from some population pool and then randomlyassigned to sites. Even if a standardized solicitation procedure could be adopted at all ofthe sites (for instance, by advertising at the site institutions), there would remaindemographic differences between locales and demographic similarities within locales thatprohibit any semblance of true random selection from the population at large. Suchrandom sampling is assumed by textbook approaches to regression and analysis ofvariance (ANOVA). It has been proposed that covariate measures (such as typing speed,experience with IR systems, etc.) be assessed of participants and used to partition outsome of these site effects as well as participant effects. Unfortunately, standard analysisof covariance techniques also assume random assignment to experimental conditions. Amethod must be developed that addresses these site effects directly.Second, previous evaluations have not assessed measurement error orexperimental error. This is the uncontrolled variance that contributes to an observation.This is basically the sum of the variances within each cell of a multi-factor design. Oneway reduce this error is to introduce more controlled factors. Many testers have assumed that there is no variation in the performance ofparticipants and have only used a single participant. This ignores the relevant dataobtained in TREC4, not to mention over a 100 years of scientific psychology. Othertesters have come up against resource limitations due to the requirement of testing 25topics and have been unable to study many participants. The proposed method mustassess error due to user variance and measurement error.Third, testing 25 topics for about 13 hours to obtain a single observation per topicis very demanding of research resources. Generally, the power of a significance testconducted on an experiment (i.e., the probability of rejecting the null hypothesis whenthere is a true difference) increases as measurement error decreases.1 Although it is truethan increasing the number of observations (on topic queries) is one approach to reducingmeasurement error, we noted above that the other method is to increase the number ofexperimentally controlled variables. The experimental categorization of individual topicqueries is one way to do this and could increase experimental power while requiringfewer topic queries to be used.Fourth, the framework ought to permit additional exploratory secondary dataanalyses to take place, perhaps to investigate similarities among topics, individualdifferences in strategies, and so on.THE SOLUTIONThe solution we propose combines the following three stages, each involvingdesign elements and analyses of increasing sophistication:A.1A variation of what is called the Pretest-Posttest Control Group design (or aDifference Score) design (Campbell & Stanley, 1963).1Determination of the power of an experiment and the number of observations required in order to rejectthe null hypothesis is illustrated in most textbooks on experimental design. The procedure basicallyinvolves making the best available guesses about the true differences, the variances, making some simplecalculations and consulting standard charts.

3A.2A multilevel or hierarchical design based on approaches developed ineducational research to address the nesting of participants within sites(Raudenbush & Bryk, 1986), elaborated to include topic queries asadditional random factors.A.3The use of covariate measures on participants.BThe use of randomized block designs on topics to improve precision.CA latent variable method to address the issue of query sampling.Our presentation will initially adopt an approach that assumes the designs will beanalyzed using analysis of variance (or equivalently, linear regression) techniques. Wedo so mainly because there is a widely developed and well-established literature on theseapproaches that is familiar to most working scientists. It should not be a problem todevelop nonparametric or nonlinear equivalents. Toward the end of our discussion wewill raise an alternative approach that is based on Item Response Theory developed inpsychometrics.Measurement and ComparabilityIn the natural sciences, it is not uncommon to begin textbooks with a chapter onmeasurement (e.g., (Halliday & Resnick, 1970)). This is mimicked by both editions ofSteven�s Handbook of Experimental Psychology (Atkinson, Herrnstein, Lindzey, & Luce,1988; Stevens, 1951). The information retrieval community, and TREC in particular, hassought to measure system performance. This is a very powerful goal to hold, since directquantitative measurement of theoretical variables is a strong marker of understanding andcontrol over the phenomena of interest. Measurement, however, is founded onexperimental control and comparability:Quantification in science is inseparable from the experimental method. Thehypothesis that a particular variable is quantitative is a substantive hypothesis. Itrequires that the values of that variable manifest a definite kind of structure. Withthe possible exception of some quantitative measurements open to extensivemeasurement, evidence for or against the quantitative measurement must begained by experiment. The gathering of such evidence requires a high degree ofexperimental control and, often, sophisticated apparatus and methods ofobservation. It is no accident that the extension of quantification in physics fromgeometry and statics to dynamics, thermodynamics, and electrical phenomenawent hand in hand with experimental techniques and apparatus. ((Michell, 1990),p. 86).The marks of quantity are established by ordinal relations and additive structureamong the variables of interest (Campbell, 1928; Krantz, 1964; Luce & Tukey, 1964). Inthe case of extensive properties, such as length, specific ordinal relations are clearlymanifest in comparisons of objects of different lengths and additivity is manifest in themanner in which lengths can be concatenated to produce new lengths. For example, withrespect to the extensive property �length�, note that two particular objects can becompared and ordered (�longer than�) and they can be concatenated in a particular way toyield a new length that can be tested against other lengths. These ordering, comparison,and concatenation operations must meet certain conditions in order to be quantified in acoherent and meaningful way (Michell, 1990).The TREC interactive evaluations have proceeded as if systems combined withpeople could be measured on ruler-scales as if they were lengths of rope. The problem,however, is that the evaluation tasks measure many variables simultaneously. This raisesspecial issues regarding the separation and scaling of the different variables.

4TREC testers get observations that simultaneously measure many variables,including variables associated with the systems, users, and topic queries. Thecontribution of each of these variables to the observed performance has to be separatedfrom the mix. The observations have to be conceptually arranged in a structure thatallows one to separate the effects of the component variables and to understand how theycombine to produce the observations. The essence of such structure involves being ableto compare observations (order them) and being able to perform addition and subtraction(perhaps after applying a transformation to the data). The additive factors logicunderlying experimental designs aims to do this, and such logic will be essential toseparating the effects of systems from the effects of sites, users, and topics. As Campbelland Stanley (1963) note, the issue of experimental design is paramount and separablefrom the intricacies of appropriate statistical analysis:Good experimental design is separable from the use of statistical tests ofsignificance. It is the art of achieving interpretable comparisons and as suchwould be required even if the end product were to be graphed percentages,parallel prose case studies, photographs of groups in action, etc. In all such casesthe interpretability of the "results" depends upon control over the factors we havebeen describing...Use of significance tests presumes but does not prove or supplythe comparability of the comparison groups or the interpretability of thedifferences found. (p. 192)Random vs Fixed FactorsSome issues concerning the proper framework for analysis of evaluations willdepend on whether we view the effects of topic queries as random or fixed effects . It isworth reviewing the meaning of those terms in the context of designs based on analysis ofvariance.A factor (sometimes called a treatment, experimental variable, independentvariable) consists of a series of related levels. The levels of a factor may be quantitativevariations on an essentially quantitative variable (e.g., the word length of topic queries) orqualitatively different categories within an essentially qualitative variable (e.g., the IRsystem used among a set of IR systems).An experiment draws upon P potential levels of a factor, a1, a2, ....aP. A fixedfactor is used when1.The number of factor levels included in the experiment is P, or2.The selection of factor levels is done by a nonrandom procedure (for instance,constructing an experimental factor for query-word length in which the levelsare: word-length = 4, word-length = 8, word-length = 12).A random factor is used when the levels of the factor are a random sample from the Ppotential levels. Typically, psychology experiments attempt to randomly sample aparticipant population and so participants are a random factor in such designs.The questions that will arise (from the analysis of variance perspective) willconcern whether we think of specific topic queries as fixed factors constituting theuniverse of queries or as random samples from broader populations.Use of a Common Control Task in a Hierarchical Difference Score DesignA basic experimental design solution can be modeled after education research(Campbell & Stanley, 1963) involving the use of "difference scores" or repeated

5measures obtained from all users working on a common control (C) IR system and thesite-specific experimental (E) IR system. The difference between the C and E IR systemperformances is the basic measurement of interest. To address the effects of nestingparticipants within sites, we can elaborate upon a multilevel structural or hierarchicalmodels, similar to those developed in educational research (Raudenbush & Bryk, 1986).Such models have been used to examine effects of school sites in relation to othervariables thought to affect academic achievement.Example 1: An Elementary TREC Design and Analysis.The first example will be used to introduce the basic scheme for comparingeffects and to raise some issues for discussion. Several simplifying assumptions will bemade for the purposes of illustration and so this design should be considered unrealistic.Let us suppose that there are three test sites, Site A, Site B, and Site C, eachtesting their own IR systems, System 1, System 2, and System 3, respectively. A controlIR system, System 0, is available over the net at all sites. For the sake of concreteness wemight imagine that the dependent variable of interest is number of relevant documentsretrieved (as assessed by the TREC experts), but the response measure could equally wellbe precision or recall. One also might want to analyze all three response measures.Let us also suppose that there are four participants at each site. Each participantanswers q = 1, 2, ... Q topics on the control system (System 0) and on the experimentalsystem (System 1, 2, or 3). That is, each topic will be tested r = 1, 2 times. Assume thatthe sequencing of topic presentation and the sequencing of system testing areappropriately counterbalanced across participants such that practice effects and othertransfer effects are eliminated.2 For the qth topic, we might arrange the data as depictedin the four leftmost columns of Table 1.At this point we will propose structural model for this design that might be used todevelop an analysis of variance, then we will present a regression equation that could beused to estimate the relevant effects. The response yijsq for i = 1, ..., nj participants at j =1, ..., J sites, on s = 1, 2, ...S systems, on q = 1, 2, ...Q topic queries would be

yijsq = μ+α j +βs( j) + εi(s) + εq(1)where

μ= the grand mean,

α j = the effect of site,

βs( j) = the difference effect of system within site,

εi(s) = error associated with subjects within sites,

εq = error associated with query topics.The notation bs(j) indicates that the effect of systems (s) is nested within the effects of site(j).2This is probably unrealistic, but let us make the assumption in order to develop some of the other elementsof this illustration.

6Table 1Conceptual layout of data for the qth topic tested on four users at three sites.

Participant Site System Observation

i j yijrq X1q X2q X3q XBq XCq 1 A 0 y1A1q 0 0 0 0 0 1 A 1 y1A2q 1 0 0 0 0 2 A 0 y2A1q 0 0 0 0 0 2 A 1 y2A2q 1 0 0 0 0 3 A 0 M 0 0 0 0 0 3 A 1 M 1 0 0 0 0 4 A 0 M 0 0 0 0 0 4 A 1 M 1 0 0 0 0 5 B 0 M 0 0 0 1 0 5 B 2 M 0 1 0 1 0 6 B 0 M 0 0 0 1 0 6 B 2 M 0 1 0 1 0 7 B 0 M 0 0 0 1 0 7 B 2 M 0 1 0 1 0 8 B 0 M 0 0 0 1 0 8 B 2 M 0 1 0 1 0 9 C 0 M 0 0 0 0 1 9 C 3 M 0 0 1 0 1 10 C 0 M 0 0 0 0 1 10 C 3 M 0 0 1 0 1 11 C 0 M 0 0 0 0 1 11 C 3 M 0 0 1 0 1 12 C 0 y12,C,1,q 0 0 0 0 1 12 C 3 y12,C,2,q 0 0 1 0 1

These data in Table 1 could be entered into an ordinary least squares (OLS)regression, using "dummy" variables. One set of variables will be used to code the sitesand another to code the systems. The regression equation for each topic q would be

ŷq = β0q +β1q X1q +β2q X2q +β3q X3q +β BqXBq +βCqXCq,(2)

7where

X1q = 1, if System 1

0, otherwise ,

X2q = 1, if System 2

0, otherwise ,

X3q = 1, if System 3

0, otherwise ,

XBq = 1, if Site B

0, otherwise ,ανδ

XCq = 1, if Site C

0, otherwise .Τηε ϖαλυεσ οϕ τηεσε ϖαριαβλεσ ϕορ τηε οβσερϖατιονσ ϕορ τηε θτη τοπιχ αρε πρεσεντεδ ιν τηεϕιϖε ριγητμοστ χολυμνσ οϕ Ταβλε 1.Νοτε τηατ ονε χουλδ αππλψ τηε αναλψσισ δεσχριβεδ αβοϖε το αν αγγρεγατε οϖερ τηεινδιϖιδυαλ θυερψ ουτχομεσ (σαψ, τηε σιμπλε συμ, ορ αν αγγρεγατε οϕ τρανσϕορμεδουτχομεσ). Τηισ ωουλδ γιϖε σομε ινδιχατιον οϕ γενεραλ τρενδσ, βυτ ωουλδ νοτ αλλοω ονετο εξαμινε τηε ρεσυλτσ ϕορ διϕϕερεντιαλ εϕϕεχτσ βψ θυερψ τοπιχ.Ιϕ ωε χαρρψ ουτ σεπαρατε ρεγρεσσιονσ ον τηε θ = 1, 2, ... Θ τοπιχσ ωε ωουλδ γετ α σετοϕ παραμετερ εστιματεσ ϕορ τηε β∋σ ιν Εθυατιον 4 τηατ χουλδ βε αρρανγεδ ασ ιν Ταβλε 2. Τηεμεανσ οϕ τηε παραμετερ εστιματεσ αρε αλονγ τηε βοττομ ροω μαργιν. Ρελατιϖε το τηερεϕερενχε ϖαλυε οϕ β0∠, ωηιχη ισ τηε πρεδιχτεδ ρεσπονσε ον Σψστεμ 0 ατ Σιτε Α, τηερεμαινινγ μεαν παραμετερ ϖαλυεσ γιϖε τηε εϕϕεχτ οϕ Σψστεμ 1, Σψστεμ 2, ανδ Σψστεμ 3,ανδ Σιτεσ Β ανδ Χ. Φυρτηερμορε, τηε διστριβυτιον οϕ τηε ϖαλυεσ ιν εαχη οϕ τηε χολυμνσχουλδ βε ινϖεστιγατεδ διρεχτλψ βψ ινσπεχτιον (ορ πλοττεδ ασ ηιστογραμσ) το ρεϖεαλ τηεδιστριβυτιονσ οϕ τοπιχσ εϕϕεχτσ.Ταβλε 2Αρρανγεμεντ οϕ πρεδιχτορσ οβταινεδ ϕρομ τηε ρεγρεσσιον ον εαχη τοπιχ.

Topic β0q β1q β2q β3q β Bq βCq

12MQ β0 β1 β2 β3 β B βC

8The design above is based on the assumption that sites are closely linked toparticular systems. By using just one system as a universal comparison, we are making aminimal assumption that at least one system can be implemented without great difficultyat each site. This is, of course, not the ultimate aim--each system should be easilyimplementable at a broad range of sites. In such a situation, one could have morefreedom in design. For example, a completely random allocation of systems to siteswould allow of somewhat simpler analyses. Or, one could create more efficient designsthan those described here.Note that the nesting of some factors within others means that certain interactionscannot be tested. This is a drawback to the design that is necessitated by practicalconsiderations. For instance, we would not be able to test any interactions involving bothsites and systems. We have also not discussed how to test the significance of effects,which will be addressed in Example 2.Topics-as-Fixed-Effect FallacySome of the recent TREC e-mail discussions have suggested that there aresubstantial System ¥ Topic interactions, although no generalizations could be madeabout such interactions. This leads us to believe that some testers think of the topics as"fixed effects" rather than samples from some population(s) of queries. Similar fixed-effect assumptions plagued the analysis of psycholinguistic data before they werediagnosed (Clark, 1973). Methods that solve this problem include selecting appropriateexperimental designs, sampling procedures, and statistical techniques. The "topics-as-fixed-effect" assumption is problematic for at least two reasons: (1) it may seriouslyundermine inferences about the generalizability of results and motivate inappropriatestatistical analyses and (2) it may seriously undermine the power of the studies. For thesereasons it is worth reviewing some of the recommendations on the "language-as-fixed-effect fallacy" (Clark, 1973), as well as reviewing how to increase experimental powerthrough what are known as blocked designs.Some of the issues worth consideration are:•Topics should be treated as random factors just as participants are treated asrandom factors in the experimental design. It may be possible to categorizetopics into different classes for the purposes of experimental study, but withinthose classes the individual query items must be treated as random samplesfrom the category of interest. In Equation 1, the topic queries were treated asa random factor.•Just as within-subject designs improve experimental power, so do within-topicdesigns. Example 1 tested topic queries across systems to achieve a within-topic subdesign.•An experimental design is only as sensitive as the least sensitive of theParticipants ¥ Systems or Topics ¥ Systems subdesign. The measurementerror associated with each has to be considered and appropriately analyzed(see (Clark, 1973)). One such test statistic is the quasi-F test.•Generalizability and power are contingent on systematic repeatable sampling:(1) define populations of topics, (2) sample without bias, (3) sample byreplicable procedure.•The error variance can be reduced if it is possible to remove the contributionof individual difference variables among topics (or participants). This makesit easier to detect the effects of the independent variable of interest (i.e.,systems). This can be achieved by blocking topics (or participants) on the

9basis of their scores on some concomitant variable that is thought to becorrelated with the performance measure. As one gains knowledge of therelevant variances and correlations, one can design the optimal number ofblocks and items within blocks (Meyers, 1966).•Rather than using blocking as a method for improving experimental power,one might be interested in experimentally studying the performance effects ofdifferent categories of topic queries. If systematic topic category effects arefound, then one has gets a gain in power (for the same reasons as blocking) aswell as corroboration of a substantive hypothesis about topics. To illustrate a possible design, imagine that a total of Q topics are divided intotwo types on the basic of some feature thought to have an effect on performance: Q1topics and Q2 topics (each type having Q/2 topic queries). The Example 1 design wouldbe modified as follows. Each participant would now be tested on Q1 topics and Q2topics on both System 0 and their experimental system. If the performance differencebetween Q1 and Q2 topics is sufficiently strong, then fewer than Q/2 topics could be usedfor each topic condition. This also allows more systematic investigation of Topic Type XSystem interactions. The regression Equation 2 would be modified to include variablescoding Topic Type, as well as the relevant interaction terms.Blocking and CounterbalancingBlocked experimental designs are often constructed in conjunction withcounterbalancing schemes., so it is worth reviewing these also. Counterbalancingschemes usually refer to what are called Latin Square designs (which have close andmore sophisticated relatives called Greco-Latin Square designs), which are very commonin psychological research. We used a Latin Square design on an earlier Scatter/Gatherexperiment that will be presented at CHI-96, so let me use that as a concrete example ofthe more general idea.We defined three types of query: easy (E), medium (M), and hard (H), with 4queries in each type (i.e., 12 altogether). We then created four blocks A, B, C, D, eachcontaining an E, M, and H type queries. Two systems being tested were I1 and I2. Wewanted the testing to proceed in the order I1, I2, I1, I2. The first step in creating a LatinSquare is to create an N x N "standard square" where each row represents a participantand each column some treatment, task, material, or presentation order, or whatever aspectof the design for which you want to reduce measurement error. So the standard square is I1I2I1I2S1A B C DS2B C D AS3C D A BS4D A B CNote the constraints: Each participant is presented with all blocks, each column containsall blocks.The rows then the columns are permuted to get something lik I1I2I1I2S1 C B A DS2 D C B AS3 B A D CS4 A D C B

10which maintains the constraints but introduces a randomization. This is a Latin Square.More complicated things can be done for higher levels of combinations (e.g., 2 x 2 x 2).Example 2: A Design Including Topic Types and its AnalysisSuppose that the existing bank of TREC topic queries is examined andcategorized into t = 1, 2, ...T topic types that are thought to produce differential effects.The layout of each participant's data in Table 1 would now become,

Participant Site System TopicType Query Observation i j 0 1 1 yij011 M M M M M M M M M M Q M M M M 2 1 M M M M T 1 M M M s 1 1 M M M M M Q yijktqThat is, each subject would be tested on T topic types, each type consisting of Q queries,on both the control System 0 and the experimental System s.The structural model for an analysis of variance would be an elaboration ofEquation 1,

yijsq = μ+α j +βs( j) + γt +α γ jt +βγs( j)t + εi(s) + εq(t),(3)where we have now added a factor gt for topic types. Terms for the topic type by siteinteraction agjt, and the topic type by system within site interaction bgs(j)t, have now beenadded. Because of nesting in the hierarchical design, no other interactions can be tested.Regression equations could also be developed by analogy to Equation 2. Forinstance, suppose we the situation illustrated in Table 1 is elaborated such that we nowhave two topic types {0, 1}. Let 11

XI = 0, if topic type 0 1, if topic type 1

.Φορ ινστανχε, ρεγρεσσιον οϕ

ŷ = β0 +β1X1 +β2X2 +β3X3 +β BXB +βCXC +β I XI,(4)would provide estimates of the site, system, and topic types effects.To perform statistical tests based on analysis of variance we will need to do twothings that are nonstandard. First, our designs are nonstandard because they containnested and crossed-nested (interaction) terms. These deviate from the fully factorialANOVAs that are performed on commonly available statistical software. Second, wehave multiple random factors that block the use of the standard F statistic, so we will usewhat are known as quasi F ratios (Winer, 1962).Fully general, rule-based procedures for determining the appropriate sums ofsquares, degrees of freedom, and mean square error terms are presented in most textbookson analysis of variance and experimental design (e.g., (Winer, 1962)). More expedientmethods making use of standard ANOVA programs for fully factorial designs are alsopossible (Montgomery, 1984). The basic procedure is to submit the data to an ANOVAas if it were a fully factorial design then, for each nested factor, to pool certain sums ofsquares and degrees of freedom indicated in the analysis output. Specifically, one poolsthe nested factor, plus all interactions involving the factor and its nesting factor.Whatever the approach, the essential sources of variance can be laid out as in Table 3.In Table 3, each sum of squares is the sum of the squared deviations of eachelement of the source of variation about the mean for that source. For instance, the sumof squares for topic types computed by squaring the deviation of each topic type meanabout the grand mean of topic types and summing those squares. The degrees of freedomare computed as the number of independent observations in the source of variation lessthe number of independent parameters that are estimated. Again, the details ofcomputing the sum of squares and degrees of freedom can be found in many textbooks.The mean square is the sum of squares divided by degrees of freedom for a source.Common practice is to test hypotheses by constructing an F statistic. The value ofF for a particular treatment (a factor or interaction) is the ratio of the mean square for thatfactor divided by an appropriate error term:F(dftreatment, dferror) = MStreatment/MSerror.One then can look up the significance of the F statistic value in standard tables arrangedby the degrees of freedom dftreatment, dferror. Table 4 shows the test statistics for thevarious factors and interaction in Table 3. Only the first effect (of sites) can be testedwith a simple F statistic.For most of the factors and interactions of interest in our example, there is morethan one source of error appropriate for analysis. We have error due to both subjects andqueries. Winer (1962) has recommended the general approach of using quasi F statistics,F', and Clark (1973) has recommended the use in language research. Table 4 containswhat seems to be the appropriate F' statistics for the remaining factors and interactions.

12Table 3.Layout of the Analysis of Variance for Example 2SourceSum ofSquaresDegrees ofFreedomMean Square(SS/df)Between SubjectsSite (A)SSAdfAMSASubjects within Site (S w. S)SSSwSdfSwSMSSwSBetween TopicsTopic Types(B)SSBdfBMSBQueries within Topic Types(Q w. T)SSQ(T)dfQ(T)MSQ(T)Subjects by QueriesS w. S ¥ Q w. TSSS(S)Q(T)dfS(S)Q(T)MSS(S)Q(T)Within SubjectsTopic Type (B)SSBdfBMSBA ¥ BSSABdfABMSABB ¥ S w. SSSBS(S)dfBS(S)MSBS(S)System (C)SSCdfCMSCA ¥ CSSACdfACMSACC ¥ S w. SSSCS(S)dfCS(S)MSCS(S)B ¥ CSSBCdfBCMSBCA ¥ B ¥ CSSABCdfABCMSABCB ¥ C ¥ S w SSSBCS(S)dfBCS(S)MSBCS(S)

13Table 4Test statistics for Example 2.Factor or InteractionTest StatisticA

F'(i, j) = (MSB + MSS(S)Q(T)) (MSBS(S) + MSQ(T))

A · B

F'(i, j) = (MSAB + MSS(S)Q(T))

(MSBS(S) + MSQ(T)) C F'(i, j) = (MSC + MSS(S)Q(T))(MSCS(S) + MSQ(T))A · C

F'(i, j) = (MSAC + MSS(S)Q(T)) (MSCS(S) + MSQ(T))

B · C

F'(i, j) = (MSBC + MSS(S)Q(T))

(MSBCS(S) + MSQ(T)) A · B · C

F'(i, j) = (MSABC + MSS(S)Q(T))

(MSBCS(S) + MSQ(T))

It remains to illustrate the computation of the i and j degrees of freedom for the F’statistics. Clark (1973) suggests that i is the nearest integer value to

i'= (MS1 + MS2 )2

MS12n1 + MS22n2 ωηερε ΜΣ1 ανδ ΜΣ2 αρε τηε τωο μεαν σθυαρεσ ιν τηε νυμερατορ οϕ τηε Φ∋ στατιστιχ ανδ ν1ανδ ν2 αρε τηειρ ασσοχιατεδ δεγρεεσ οϕ ϕρεεδομ. Σιμιλαρλψ φ ισ χομπυτεδ βψ τηε σαμεϕορμυλα εξχεπτ τηατ ΜΣ1 ανδ ΜΣ2 αρε τηε μεανσ σθυαρεσ ϕορ τηε Φ∋ δενομινατορ.Εξαμπλε 3: Υσε οϕ ΧοϖαριατεσΤηε ρεγρεσσιονσ ανδ αναλψσισ μοδελσ χουλδ αλσο βε ελαβορατεδ το ινχλυδε αδδιτιοναλχοϖαριατε μεασυρεσ ον παρτιχιπαντσ ορ ον τοπιχσ. Φορ ινστανχε, ψεαρσ οϕ σχηοολινγ, ψεαρσ οϕεξπεριενχε ωιτη ΙΡ σψστεμσ, τψπινγ σπεεδ, ετχ. χουλδ βε ασσεσσεδ οϕ παρτιχιπαντσ πριορ τοτεστινγ. Αναλογουσλψ, μεασυρεσ ον τηε τοπιχ θυεριεσ χουλδ βε ασσεσσεδ πριορ το τεστινγ.Τερμσ χονταινινγ ϖαριαβλεσ ενχοδινγ τηισ μεασυρεσ χουλδ βε αδδεδ το τηε ρεγρεσσιονσ ανδαναλψσισ μοδελσ πριορ το ϕιττινγ τηε δατα. Αγαιν, ερρορ ϖαριανχε ωιλλ βε ρεδυχεδ το τηεδεγρεε τηατ τηε χοϖαριατε ϖαριαβλεσ χορρελατε ωιτη περϕορμανχε, ανδ τηισ ωιλλ ιμπροϖε ουραβιλιτψ το ρεσολϖε τηε εϕϕεχτσ οϕ διϕϕερεντ σψστεμσ.

14ΓΕΝΕΡΑΛ ΔΙΣΧΥΣΣΙΟΝΩε ηαϖε σκετχηεδ ουτ σομε ποσσιβλε σολυτιονσ το τηε ΤΡΕΧ εϖαλυατιον προβλεμσ.Ωε χονχλυδε ωιτη σομε ρεμαρκσ αβουτ ρεχεντ αναλψσισ αππροαχηεσ τηατ μαψ βε μορεποωερϕυλ ανδ αππροπριατε, βυτ ωουλδ ρεθυιρε ωορκ βψ εξπερτσ ιν τηε ϕιελδ οϕ μεασυρεμεντ.Ηιεραρχηιχαλ Λινεαρ ΜοδελινγΒρψκ ανδ Ραυδενβυση ηαϖε δεϖελοπ α γενεραλ αππροαχη χαλλεδ ηιεραρχηιχαλ λινεαρμοδελινγ (ΗΛΜ) ανδ σοϕτωαρε (αβουτ ∃400) τηατ ωορκσ ϕορ σομε δεσιγνσ. Τηε βασιχμοδελ ωασ δεϖελοπεδ ϕορ τηε αναλψσισ οϕ ϖαριαβλεσ αϕϕεχτινγ στυδεντ περϕορμανχε ατδιϕϕερεντ σχηοολ σιτεσ. Τηε γενεραλ στρυχτυραλ μοδελ ϕορ ωιτηιν-σιτε εϕϕεχτσ ον απαρτιχιπαντσ ρεσπονσε ωουλδ βε

yij = β jo +β j1Xij1+L +β jK- 1XijK- 1 + Rij(5)for i = 1, ..., nj participants at j = 1, ..., J sites, with k = 0, ..., K-1 independent variablesin the within-site model. For our purposes, the Xijk would be independent variables onparticipants, such as level of familiarity with the system or topic. The Bjk are modelparameters (to be estimated) which indicate the dependence of the outcome on thepredictors, and the Rij is the error term.Each of the within bjk coefficients in Equation 5 has a general between-sitesmodel,

β jk = θ0k +θ1kZ1j +L +θP- 1,kZP- 1, j +Ujk(6)where p = 0, ..., P-1 independent variables in the between-site model, which in our casemight be something like type of facility (academic vs industry for instance). The Zpj areindependent variables on sites and the qpk are model parameters (to be estimated) whichindicate how the site characteristics affect the relationship between the usercharacteristics and the outcome variable. The Ujk are error terms.As discussed in Raudenbush and Bryk (1986), the hierarchical linear model(HLM) of Equations 5 and 6 can be re-expressed as a single-level model that is very closeto our examples,

yij = θ00 + θ0kXijk + θ p0Zpj

p=1P- 1∑ + θ pkXijkZpl p=1P- 1∑ k=1K- 1∑ +Uj0 + UjkXijk k=1K- 1∑ + Rij k=1K- 1∑.(7)Ιϕ τηε ερρορ τερμσ Υφκ ωερε αλλ ζερο τηεν στανδαρδ ορδιναρψ λεαστ σθυαρεσ (ΟΛΣ) ωουλδ βεαππροπριατε. Ωηωνεϖερ τηατ ισ νοτ τηε χασε, ασ ισ μοστ χομμονλψ τηε χασε, τηεν ΟΛΣρεγρεσσιονσ οϕ Εθυατιον 7 ωιλλ βε ινεϕϕιχιεντ, τηε στανδαρδ ερρορσ τοο σμαλλ, ανδ τηερε ισ αλαχκ οϕ ρεσιστανχε το ουτλιερσ. Τηισ μεανσ τηατ ιϕ τηε βετωεεν-σιτεσ ϖαριαβλεσ χαν βεασσυμεδ το ενχοδε αλλ πρεδιχτεδ ϖαριατιον βετωεεν-σιτεσ, τηεν ΟΛΣ χαν βε υσεδ.Τηε μυλτι-λεϖελ μοδελ οϕ Εθυατιονσ 5 ανδ 6 ισ αδδρεσσεδ βψ ΗΛΜ (Ραυδενβυση &Βρψκ, 1986), ωηιχη υσεσ εμπιριχαλ βαψεσιαν εστιματιον τεχηνιθυεσ ανδ τηε ΕΜ αλγοριτημτο αδδρεσσ τηεσε προβλεμσ. Μοστ ιμπορταντλψ, ιτ σεπαρατεσ παραμετερ ϖαριανχε ϕρομσαμπλινγ ϖαριανχε, ανδ ∀σηρινκσ∀ τηε ουτλιερσ τοωαρδσ τηε μεανσ. Τηε ΗΛΜ αναλψσιστψπιχαλλψ γαινσ συβσταντιαλ ποωερ οϖερ ΟΛΣ τεχηνιθυεσ.

15Τηε προβλεμ ωιτη τηε ΗΛΜ αναλψσισ προγραμσ, ηοωεϖερ, ισ τηατ τηεψ ωουλδ νοτβε αβλε το δεαλ ωιτη τηε τωο σουρχεσ οϕ ερρορ (παρτιχιπαντσ ανδ τοπιχ θυεριεσ). Τηεδεϖελοπμεντ οϕ συχη σοϕτωαρε ωουλδ ρεθυιρε σομε χοντραχτινγ ωιτη ουτσιδε ρεσεαρχηερσ.Βεψονδ Ηιεραρχηιχαλ Αναλψσισ οϕ ςαριανχεΑν αλτερνατιϖε ωαψ το χονχεπτυαλιζε α σπεχιϕιχ τοπιχ σετ ισ ασ α σαμπλε ϕρομ α λαργε�βανκ� οϕ τοπιχσ, συχη ασ τηε βανκ οϕ τοπιχ θυεριεσ αλρεαδψ αχχυμυλατεδ βψ ΤΡΕΧ. Τηετοπιχ βανκ χαν βε εξπανδεδ ωιτη τιμε, ανδ χαν αλσο βε δεσιγνεδ ωιτη στρυχτυρεσ τηατρεπρεσεντ ιμπορταντ συβ-τοπιχσ τηατ μαψ βε βασεδ ον πραχτιχε ανδ ηιστορψ ανδ/ορ βε τηερεσυλτ οϕ εμπιριχαλ ινϖεστιγατιονσ οϕ ουτχομε παττερνσ. Ινστεαδ οϕ μακινγ ρεϕερενχε το αηψποτηετιχαλ (ανδ υνατταιναβλε) ινϕινιτε σετ οϕ ποσσιβλε θυεριεσ, τηισ ϕοχυσεσ αττεντιον οντηοσε τηατ ωε αχτυαλλψ ηαϖε σομε ινϕορματιον αβουτ. Ιν τεστινγ, τηισ ισ βροαδλψ τηεδιστινχτιον βετωεεν �γενεραλιζαβιλιτψ τηεορψ� ανδ �ιτεμ ρεσπονσε μοδελινγ∀.Τηε μυλτιλεϖελ μοδελ δεσχριβεδ αβοϖε χουλδ βε αππλιεδ το αν αγγρεγατε οϕ θυερψουτχομεσ, φυστ ασ ωασ δεσχριβεδ ϕορ τηε ΑΝΟςΑ αππροαχη, ορ ιτ χουλδ βε αππλιεδ τοουτχομεσ ϕορ ινδιϖιδυαλ τοπιχσ. Βοτη αρε σομεωηατ υνσατισϕαχτορψ, ηοωεϖερ, λεαϖινγ ονεειτηερ ιγνοραντ οϕ ηοω ινδιϖιδυαλ τοπιχσ αϕϕεχτ τηε ουτχομεσ, ορ , αλτερνατιϖελψ, λεαϖινγονε υνσυρε ηοω το χομβινε τηε ρεσυλτσ αχροσσ τηε τοπιχσ. Τηερε αρε α νυμβερ οϕ ρεχεντδεϖελοπμεντσ τηατ μαψ ινδιχατε διϕϕερεντ ωαψσ το ρεσολϖε τηισ.Φιρστ, τηερε ηασ βεεν σομε ωορκ ιν τηε μυλτιλεϖελ μοδελινγ λιτερατυρε τηατ αττεμπτστο δεαλ ωιτη τηε σιτυατιον ωηερε τηερε αρε το σορτσ οϕ χλυστερινγ (ι.ε., σιτεσ ανδ τοπιχσ).Αλτηουγη τηεσε αρεασ ψετ σομεωηατ ρεστριχτιϖε ιν τηειρ δεσιγν ποσσιβιλιτιεσ, τηεψ μιγητ βεαππλιχαβλε το σομεωηατ διϕϕερεντ δεσιγνσ χομπαρεδ το τηε ονε δεσχριβεδ αβοϖε.Σεχονδ, ιϕ ονε τακεσ τηε ιτεμ ρεσπονσε μοδελινγ αππροαχη δεσχριβεδ αβοϖε, τηεν αϕαμιλψ οϕ μοδελσ τηατ χαν βε αππλιεδ το τηε δεσιγν αβοϖε. Τηεσε ωουλδ αλλοωχονσιδεραβλε ϕλεξιβιλιτψ ιν τηε ωαψ τηατ τηε χομπετιτιον ωερε δεσιγνεδ, εϖεν αλλοωινγϖαριατιον ιν τηατ δεσιγν ϕρομ ψεαρ το ψεαρ (σαψ, ασ ονε βυιλτ ιν α τψπολογψ οϕ θυεριεσ) ωηιλερεταινινγ χομπαραβιλιτψ.Τηιρδ, τηε ιντροδυχτιον οϕ �ρανδομ εϕϕεχτσ� ελεμεντσ ιντο ιτεμ ρεσπονσε μοδελινγαππροαχηεσ συχη ασ τηατ οϕ Αδαμσ ανδ Ωιλσον ισ αν ονγοινγ ρεσεαρχη αρεα, ανδ μαψ σοονρεσυλτ ιν οπτιονσ τηατ αϖοιδ τηε νεεδ το ιντροδυχε χονχεπτσ συχη ασ α �θυερψ βανκ�.Το σκετχη ουτ τηε αππροαχη, ωε μιγητ ωαντ το δεϖελοπ α μυλτι-διμενσιοναλρεπρεσεντατιον οϕ ινϕορματιον ρετριεϖαλσιτυατιονσ, ωηιχη χονσιστ οϕ μυλτι-διμενσιοναλρεπρεσεντατιονσ οϕ σψστεμσ ανδ τοπιχσ. Ωε μιγητ αλσο ωαντ το δεϖελοπ μυλτι-διμενσιοναλρεπρεσεντατιονσ οϕ υσερσ∋ ρεσπονσεσ το τηεσε σιτυατιονσ. Ωε μιγητ τηεν υσε α μεασυρεμεντμοδελ δεϖελοπεδ ιν τηε χοντεξτ οϕ ιτεμ ρεσπονσε μοδελλινγ: τηε Ρανδομ ΧοεϕϕιχιεντσΜυλτινομιαλ Λογιτ (ΡΧΜΛ) μοδελ (Αδαμσ & Ωιλσον, 1992; Πιρολλι & Ωιλσον, ιν πρεσσ).Ωε χαν ρεπρεσεντ α υσερ βψ α Δ-διμενσιοναλ ϖεχτορ οϕ (ποσσιβλψ υνκνοων) υσερ-ϖαριαβλεσ,

ξ^{~.The observer will be interested in responses that occur in some specific set ofenvironmental situations which will be indexed by i = 1, 2, ... I. In each situation i, theprobability of a particular response by a user can be represented as a manifest randomvariable}

Xi having Mi possible response alternatives:

Pr(Xi = xi ) = fi(xi;ξ~ |θ~ ).(7)

16To distinguish between conditioning on specific values of random variables anddependence on known constants or unknown parameter values we use the notation

fi(xi;ξ~ |θ~ ) to indicate that the distribution depends upon˚

ξ∼ ανδ ηασ βεεν χονδιτιονεδ οντηε ρανδομ ϖαριαβλε

θ~.We use the notion of a scoring function to represent the mapping of parameters ofthe individual onto situation-response pairs and a design function for the mapping ofparameters of the environment onto situation-response pairs. For technical purposes,these functions are represented as matrices that specify linear combinations of parametersthat are associated with situation-response pairs.We specify fi as using a design matrix A and a scoring matrix B: A user in a taskenvironment agent can be characterized by the situation-response probability model:

( ′b^{11~} , ′b^{12~} ,..., ′b^{1H1~} , ′b^{21~} ,..., ′b^{2H2~} ,..., ′b^{IMI~} ).Similarly, the design matrix A is used to specify the linear combinations of the Ptask environment parameters

ξ~ = (x1,x2,....,xP)¢ used in the response probability modelto describe the behavior of the response categories to each situation. These linearcombinations are defined by design vectors

′aih~, (i=1,...,I; m=1,...,Mi) which can bedenoted collectively by the design matrix A =

( ′a11~ , ′a12~ ,..., ′a1H1~ , ′a21~ ,..., ′a2H2~ ,..., ′aIMI~ ′) .Such models have been developed in the context of studies of cognitive development andthe learning of complex cognitive skills for Lisp programming (Pirolli & Wilson, inpress).As with the HLM analysis, further development of this approach would requireadditional research and software development.ACKNOWLEDGMENTSWe thank David Hull and Marti Hearst for comments on earlier drafts of this note.

17As with the HLM analysis, further development of this approach would requireadditional research and software development.REFERENCESAdams, R. J. & Wilson, M. (1992, April). A random coefficients multinomial logit:Generalizing Rasch models. Paper presented at the Annual Meeting of theAmerican Education Research Association, San Fransisco, CA.Atkinson, R. C., Herrnstein, R. J., Lindzey, G., & Luce, R. D. (1988). Stevens� handbookof experimental psychology. New York: Wiley,Campbell, D. T. & Stanley, J. C. (1963). Experimental and quasi-experimental designsfor research on teaching. In N. L. Gage (Ed.), Handbook of research on teaching(pp. 171-246). Chicago: Rand McNally.Campbell, N. R. (1928). An account of the principles of measurement and calculationLondon: Longmans, Green, and Co.Clark, H. H. (1973). The language-as-fixed-effect fallacy: A critique of languagestatistics in psyhcological research. Journal of Verbal Learning and VerbalBehavior, 12, 335-359.Halliday, D. & Resnick, R. (1970). Fundamentals of physics New York: Wiley.Krantz, D. H. (1964). Conjoint measurement: The Luce-Tukey axiomatization and someextensions. Journal of Mathematical Psychology, 1, 248-277.Luce, R. D. & Tukey, J. W. (1964). Simultaneous conjoint measurement: A new type offundamental measurement. Journal of Mathematical Psychology, 1, 1-27.Meyers, J. M. (1966). Fundamentals of experimental design Boston: Allyn and Bacon.Michell, J. (1990). An introduction to the logic of psychological measurement Hillsdale,NJ: Lawrence Erlbaum Associates.Montgomery, D. C. (1984). Design and analysis of experiments (2nd edition) New York:Wiley and Sons.Pirolli, P. & Wilson, M. (in press). A theory of the measurement of knowledge content,access, and learning. Psychological Review,Raudenbush, S. & Bryk, A. S. (1986). A hierarchical model for studying school effects.Sociology of Education, 59, 1-17.Stevens, S. S. (1951). Handbook of experimental psychology New York: Wiley.Winer, B. J. (1962). Statistical principles in experimental design New York: McGraw-Hill.