Reply to Freedmanby Peter Spirtes and Richard ScheinesIn Causation, Prediction, and Search (Spirtes, Glymour, and Scheines 1993), weundertook a three part project. (Henceforth we will refer to Causation, Prediction, andSearch as CPS.) First, we characterized when causal models are indistinguishable bypopulation conditional independence relations under several different assumptions relatingcausality to probability. Second, we proposed a number of algorithms that take sample dataand optional background knowledge as input, and output a class of causal modelscompatible with the data and the background knowledge; the algorithms (with the exceptionof the heuristic algorithm described in Chapter 11) were accompanied by proofs of theircorrectness given assumptions that were clearly stated in CPS, and that we will restatebelow. Finally, we offered a theory of how to predict the effects of interventions in causalstructures, given only partial knowledge of causal structure. Freedman’s objections are alldirected against the causal inference algorithms we proposed. We do not have room here todiscuss all of his criticisms, but we have answered his major points. With regard to thepoints we do not have room to discuss, the reader should be warned that Freedman is anunreliable interpreter of what we have written. For convenience, we have dividedFreedman’s objections into the following categories.1.) Freedman questions some of the assumptions on which our correctness theorems arebased. Some of his criticisms are based on covariance matrices that he constructed. Noneof the examples he constructed in sections 11.2, 11.3, or 12.3 are counterexamples to anytheorem that we stated, nor are they even germane to the question of how probable are theassumptions we make. His examples only illustrate points discussed in detail in our book(particularly in the chapter on indistinguishability), in which we give similar examples.2.) The most serious charge that Freedman makes is that the algorithms do not computewhat we say they do. According to Freedman:

SGS seem to claim that their algorithms will find all the path diagrams compatiblewith a given covariance matrix. However, the theorems suggest that the algorithmswill at best find one such graph. SGS also seem to claim that their algorithms areconsistent. However, without an identifiability theory for linear models, theycannot be talking about consistency. (Freedman, 49)Freedman’s claim that our algorithms do not find all of the path diagrams "compatible"(in a sense explained in detail below) with a given covariance matrix is false, and basedon a fundamental misunderstanding of the output of the algorithms and the theorems ofcorrectness.3.) Finally, Freedman claims our empirical cases our unconvincing. He raises manysubstantive objections to a number of the models of real data that were presented in ourbook. What we said about these examples was:We illustrate the algorithms for simulated and real data sets. With simulated data theexamples illustrate the properties of the algorithms on samples of realistic sizes. Inthe empirical cases we often do not know whether an algorithm produces the truth.But it is at the least very interesting that in cases in which investigators have givensome care to the treatment and explanation of their data, the algorithm reproduces ornearly reproduces the published accounts of causal relations. It is also interestingthat in cases without these virtues the algorithm suggests quite differentexplanations from those advocated in published reports. (Spirtes, Glymour, andScheines 1993, 132-133.)

Freedman’s substantive criticisms of the models produced do not in any way contradict thisclaim.Freedman’s criticisms are marred by some fundamental misinterpretations of what we say.On more than one occasion he criticizes what we "seem" to say, even though we havenever held or stated the position he attributes to us. Of the few direct quotations from usthat he gives, two are taken out of context (Freedman, 24 and 25). In one of these twoquotations, Freedman replaces key qualifiers which completely change the meaning of thequotation with "****", and remarks that "Readers may consult the original for context, tosee whether the omitted material affects the meaning." (Freedman, 24) Later we willproduce the full quote so that readers will be able to see how the omitted material and thecontext affects the meaning.1. The PC AlgorithmA number of Freedman’s objections are based on misunderstandings of the algorithms thatwe proposed and their accompanying correctness theorems. Hence, it will be useful to givebrief descriptions of the algorithms and the correctness theorems here. Since most ofFreedman’s objections are directed against the PC algorithm, that is the algorithm we willdiscuss in the most detail.Adirected acyclic graph (DAG) can be used to represent two distinct types of objects.First, it can be used to represent a set of probability distributions, all of which share certainconditional independence relations in common. Second, it can be used to represent causalrelationships between variables; given a causally sufficient set of variables V (i.e. everycommon cause of variables in V is also in V), there is an edge from X to Y in G if and onlyif X is a direct cause of Y relative to V. We call DAGs interpreted in this way causalDAGs. These two distinct uses of DAGs can be linked by the following assumptions:Causal Markov Condition: Let G be a causal DAG with vertex set V and P bea probability distribution over the vertices in V generated by the causal structure represented by G. G and P satisfy the Causal Markov Condition if and only if forevery W in V, W is independent of V\(Descendants(W) ¨ Parents(W)) givenParents(W).Faithfulness Condition: Let G be a causal DAG and P a probability distributiongenerated by G. <G, P> satisfies the Faithfulness Condition if and only if everyconditional independence relation true in P is entailed by the Causal MarkovCondition applied to G.Their meaning and justification are discussed more fully in Glymour (this volume) and inCPS. However, if one makes these assumptions, then the probability distribution of datagenerated by a causal process represented by causal DAG G is a member of the set ofprobability distributions represented by G.Sometimes different DAGs represent the same set of probability distributions. In that casewe say that the two DAGs are faithfully indistinguishable. (In CPS we define two DAGs asfaithfully indistinguishable when they entail the same set of conditional independencerelations. But if they entail the same set of conditional independence relations they representthe same set of probability distributions.) For example, the following two DAGs arefaithfully indistinguishable.Figure 1For each DAG G, there is a set of DAGs that are faithfully indistinguishable from it; we callthis the faithful indistinguishabilty class of G. The faithful indistinguishability class of (i) inFigure 1 consists of the DAGs (i) and (ii). This faithful indistinguishability class can bemore compactly represented by an object that we call (following Verma and Pearl 1992) apattern. Hence a pattern represents a set of DAGs (which in certain special cases maycontain only one member). A pattern is a type of graph that can contain both undirected edges and directed edges. The pattern representing the faithful indistinguishability class of(i) in Figure 1 is shown in Figure 2.Figure 2We will not explain here the rules for determining whether a given DAG G is in the set ofDAGs represented by a pattern. See CPS, and Glymour (this volume) for more details.However, notice that when an oriented edge (e.g X -> Y) in figure 2 appears in a pattern,then the edge X -> Y occurs in every graph in the set represented by the pattern. Incontrast, when an unoriented edge (e.g. Z - W) appears in a pattern, then the two variablesit connects are adjacent in every DAG in the set represented by the pattern, but they mayhave different orientations (e.g. Z -> W in (i) and W -> Z in (ii)).Since all of the members of a faithful indistinguishability class represent the same set ofprobability distributions, it is not possible to determine which member of the classgenerated a given distribution in the set. For that reason, the output of the PC algorithm isnot a single DAG, but a faithful indistinguishability class represented by a pattern, althoughin some special cases, the set of DAGs represented by a pattern contains a single DAG.The PC algorithm takes as input sample data, and optional background knowledge. Thealgorithm relies on tests of conditional independence, so in practice a user also has toassume something about the class of distributions that the population distribution lies in. Inimplementations of the algorithm, we have allowed the user to assume that the population iseither linear normal or discrete. Freedman dislikes the assumption of linearity in manycases, but this assumption is not essential, as long as some reasonable distributionalassumption can be made which enable the algorithm to make judgments about conditionalindependence. Of course, the distribution may either be completely unknown, or socomplicated as to make judgments about conditional independence impossible in practice.The correctness theorem for the PC algorithm states that assuming (i) the Causal MarkovCondition, (ii) the Faithfulness Condition, and (iii) causal sufficiency (i.e. every commoncause of a pair of measured variables is itself measured), then from conditional independence relations true in the population, the PC algorithm outputs a pattern thatrepresents the faithful indistinguishability class of the true causal DAG. For example, givena distribution generated by the graph (i) in Figure 1, the output of the algorithm is thepattern shown in Figure 2.2. AssumptionsAccording to Freedman:Their algorithms [those found in CPS] have some technical interest, but will makecausal inferences only when causation is assumed in the first place. To be moreexplicit: If we assume that the arrows in a path diagram represent causation ratherthan association, and we also assume that the path diagram can be estimated fromdata, then indeed SGS can infer causation from association. ... Even so, causality isassumed into the picture at the beginning, not proved in at the end. (Freedman, 65)It is not clear what this passage means. The output of the PC algorithm is a pattern,typically not a path diagram (or DAG). We do simply assume that the data is generated bysome causal process. We do not simply assume that the output of the algorithm (givencorrect judgments about population conditional independence relations) represents a set ofDAGS, one of which is a correct description of that causal process. We derive thatconclusion from the Causal Markov and Faithfulness conditions, and causal sufficiency. (Ifthe assumption of causal sufficiency seems unreasonably in a particular case, the FCIalgorithm we proposed can be used in place of the PC algorithm.) Moreover we believe thatthese axioms are often widely, but not explicitly, already assumed in a variety of contextsby practicing statisticians.Freedman complains that "causality is assumed into the picture at the beginning." It is abanality that drawing causal inferences from statistical data requires making assumptionsabout the relationship between statistical data and causal structure. Such assumptions are even made by experimentalists (who assume an instance of the Causal Markov Condition.)We fail to see the point in replacing a discussion of two precisely stated axioms, the CausalMarkov and Causal Faithfulness Conditions, with complaints about something so vague as"causality is assumed into the picture at the beginning."Instances of the Causal Markov Condition are assumed in a wide variety of contexts instatistics. Since Freedman does not raise objections to the Causal Markov Condition, wewill not discuss it further here.The Faithfulness Condition is essentially an assumption that conditional independencerelations are generated because of the structure of the DAG (i.e. for all parameterizations ofthe DAG), rather than because of the parameters (i.e. for some, but not all,parameterizations of the DAG.) In CPS (Chapter 3) we discuss a number of ways in whichthe Faithfulness Condition can fail. One way it can fail is if there are deterministicrelationships among measured variables. The path models in figure 3 illustrate another wayin which the Faithfulness Condition can fail (where the error terms have been omitted fromthe DAGs.)Figure 3 X = eXY = a · X + eY Z = b · Y + c · X + eZSuppose that the data were generated by a linear causal process described by DAG (i), andthe error terms are independent normally distributed variables. This does not entail anyconditional independence relations among the variables for all values of the linearcoefficients. However, if c = - a · b, then X and Y are independent. If the PC algorithmwere applied to this data, it would incorrectly produce a pattern whose only member ismodel (ii). The distribution is not faithful to DAG (i) which generated it, but is faithful toDAG (ii) which did not. This is not a violation of the theorem we proved about thecorrectness of the PC algorithm, because the theorem assumes that the distribution is faithful to the DAG of the causal structure that generated the data (DAG (i)) which is nottrue in this case. The examples that Freedman constructs in his section 11.3 adds nothing toour discussion in CPS of indistinguishability, and the examples in 11.2 and 12.3 addnothing to our discussion in CPS of faithfulness.However, the mere existence of cases where the Faithfulness Condition fails is of nointerest in itself. To draw an analogy, estimation algorithms can fail in the large samplelimit on sets of measure 0; this is not an objection to the estimation methods. Similarly, therelevant question here is not the existence of data sets on which the Faithfulness Conditionwill fail, but how likely it is that it will fail. The examples that Freedman gives in sections11.2, 12.3 don’t even address this issue.In the linear case, for a given directed DAG G, if we parameterize the space of models bythe linear coefficients and the variances of the exogenous variables, the probability of theFaithfulness Condition failing in the population is of Lebesgue measure 0. This has theconsequence that any Bayesian who, conditional on belief in a causal structure representedby G, has a distribution over the linear parameters that is absolutely continuous withLebesgue measure, assigns measure 0 to a violation of the Faithfulness Condition. Ofcourse we cannot prescribe what priors a Bayesian ought to have, but we think that thekind of prior that we have described is implicitly held by many people in many cases.James Robins (personal communication) has raised questions of a more interesting type.We will consider here one simple variation of the kind of question he asks. Suppose thatfrom a sample the population is judged to be faithful to G2 but not G1. One would expectthat the probability of G2 given the data would be boosted relative to the probability of G1given the data, because while all parameterizations of G2 are compatible with theconditional independence relations judged to hold in the population, only a relatively smallset of parameterizations of G1 are compatible. But how large is this boost in probability,and might it not be overwhelmed by priors favoring G1 over G2? To test this, we did thefollowing Bayesian analysis. We generated 2000 sample data points from a random parameterization of DAG (ii) in Figure 3, where each of the variables is ternary. The PCalgorithm correctly found that DAG (ii) generated the data. We assigned equal priorprobabilities to DAG (i) and DAG (ii), and we assigned a Dirichlet distributions to theparameters of DAG (i) and DAG (ii). (The distribution we used assigns the sameprobability to any two faithfully indistinguishable DAGs and is described in Heckerman,Geiger, and Chickering 1994) We then calculated the ratio of the posteriors of DAG (i) toDAG (ii) given the data for 10 different data sets generated from random parameterizationsof (ii) where each variable could take on three different values, and 10 different data setsgenerated from random parameterizations of (ii) where each variable could take on fourdifferent values. (We did the calculations using the K2 program lent to us by Cooper.) Thelikelihood ratio of DAG (ii) to DAG (i) given the data for cases where each variable took onthree different values averaged 106.21, and for the cases where each variable took on fourdifferent values it averaged 1013.7. For the case where the true model is (ii), this givessome indication of how heavily the priors would have to favor G2 before we would bejustified in favoring the alternative to the output of the PC algorithm. More Bayesiananalyses of this kind, using different graphs, latent variables, and different priors over theparameters would be useful, and we plan to perform them.3. The Correctness ResultsThe correctness theorem for the PC algorithm states that assuming the data is generated bysome causal DAG, the Causal Markov and Faithfulness Conditions, and causal sufficiency(i.e. every common cause of a pair of measured variables is itself measured), then the PCalgorithm outputs a pattern that represents the faithful indistinguishability class of the truecausal DAG as long as its judgements about conditional independence relations in thepopulation are correct. Although the theorem was stated under the assumption thatpopulation conditional independence facts were known it is easy to show that the output ofthe PC algorithm is correct with probability 1 in the large sample limit, if instead of beinggiven population conditional independence relations, one is given a class of distributions that the distribution over the measured variables falls in, and a test of conditionalindependence in that class of distributions which is correct with probability 1 in the largesample limit.According to Freedman:SGS seem to claim that their algorithms will find all of the path diagramscompatible with a given covariance matrix. However, the theorems suggest that thealgorithms will at best find one such DAG. (Freedman, 49)...In statistical terminology, models are "identifiable" when they make differentpredictions about observables. For example, suppose you have two models foryour data. If, for all data setsP(data | model 1) = P(data | model 2),there is an obvious problem-- the data cannot distinguish between the models. If apath model is complete, or the faithfulness assumption is not imposed, the graphunderlying a covariance matrix is not identifiable; ... However, even if we assumethat a covariance matrix is faithful to a graph that is not complete, there may beseveral such graphs (SGS p. 89). For example, the following three graphs cangenerate the same covariance matrix:X Y ZX Y ZX Y Z

Thus, SGS do not seem to have succeeded in defining a class of graphs andcovariance matrices for which identifiability holds... (Freedman, 49)This passage reveals several confusions that Freedman has about the output of thealgorithm. First, we never claimed to be able reliably determine a unique DAG from a

covariance matrix. That is why if the data is generated by any of the three causal DAGsFreedman refers to, the output of the algorithm is a pattern that represents all three DAGs.Moreover, each DAG in the set represented by the pattern is not a statistical model in theusual sense. That is, a DAG is not associated with one probability distribution, it is insteadassociated with a set of probability distributions (which under the assumption offaithfulness all share the same set of conditional independence relations.) It is only after aDAG is parameterized that it is associated with a single probability distribution. So theconcept of identifiability as defined by Freedman does not even apply to the graphs that arerepresented by the output of the PC algorithm; P(data | graph) is not well defined. We wereof course well aware of the fact (and repeatedly emphasized) that even under theassumption of faithfulness, that there exist parameterizations of the three graphs inFreedman’s example that represent the same covariance matrix. It is a simple consequenceof a number of theorems described in Chapter 4 of CPS (from Verma and Pearl 1990, andFrydenberg 1990.) It is for precisely this reason that the output of the PC algorithm in thiscase is not a single DAG, but a pattern which represents all 3 of the DAGs. And aspreviously explained, we have identified sets of models which cannot be distinguishedfrom each other given just a probability distribution, assuming Causal Markov,Faithfulness, and causal sufficiency; this is just the faithful indistinguishability class of aDAG.In section 11.3 Freedman constructs examples of models that cannot be distinguished bytheir correlation matrices. All of the examples of indistinguishability that he presents in thissection are simple consequences of the indistinguishability theorems we state in chapter 4of CPS. Moreover, if data from any of the indistinguishable models were given to the FCIalgorithm, its output would be a set of graphs that contained all of the indistinguishablemodels. The relevant questions about the output of the PC algorithm are:

1. Is the set of DAGs represented by the output of the PC algorithm too small (in the sensethat it might leave out the true DAG)? The answer is no, if one assumes Faithfulness,Markov, causal sufficiency, and correct statistical decisions about conditionalindependence.2. Is the set of DAGs represented by the output of the PC algorithm too large (in the sensethat, under the assumptions made, some DAG represented by the output pattern does nothave a parameterization that faithfully generates the true distribution, and hence could notbe correct?) Again the answer is no. (In CPS we showed that each of the DAGsrepresented by the output pattern entailed the conditional independence relations that hold inthe true distribution. Under the assumption of causal sufficiency, and the existence of theright conditional density functions, this entails the stronger result that each of the graphshas a parameterization that faithfully generates the true distribution.) There are parallel correctness results for the other algorithms in CPS (except for thealgorithm described in Chapter 11, which is heuristic.)In an artfully worded passage, Freedman hints that despite our claims, we ultimately havedisavowed the possibility of discovering causal relations from conditional probabilities. Hesays:SGS discuss the role of assumptions in their theory several times (pp. 53-69, pp.75-81, pp. 324-5, p. 351). However, the clearest statement can be found whenSGS are trying to discredit the evidence that smoking causes lung cancer:effects **** cannot be predicted from **** sample conditionalprobabilities. [p. 302]Readers may consult the original for context, to see whether the omitted materialaffects the meaning. The advantage of the quote is clarity. If the statement is generally applicable, then SGS-- like Yule and Pearl before them-- have disavowedthe ability to infer causation from association. (Freedman, 24)Here is the quote with the omitted words restored, and some more of the beginning of thesentence:...leading epidemiologists, such as Lillienfeld, seem simply not to have understoodthat if the relation between smoking and cancer is confounded by one or morecommon causes, the effects of abolishing smoking cannot be predicted from the"risk ratios," i.e., from sample conditional probabilities. (Spirtes, Glymour, andScheines 1993, 302, italics added)The conversational implication of the words removed is quite clear; if the relation betweensmoking and lung cancer is not confounded by one or more common causes, the effects ofabolishing smoking can be predicted from sample conditional probabilities. Moreover, thislatter claim is a simple application of a theory developed at length in Chapter 7 of CPS; thegoal of that theory was to specify conditions under which it is possible to calculate theeffects of interventions from conditional probabilities, and the conditions under which it isnot. In the context of the theory developed in Chapter 7, and with the omitted words arerestored, it is clear that the quotation is an application of our theory, not a denial of it.(Incidentally, the Freedman quotation reveals another fundamental confusion ofFreedman’s: the quotation concerns the possibility of making quantitative predictions of theeffects of causal intervention from partial knowledge about causal structure and sampleprobability distributions, not the possibility of inferring features of causal structure fromsample probability distributions.)4. ExamplesAt the beginning of the discussion of empirical examples we said:

We illustrate the algorithms for simulated and real data sets. With simulated data theexamples illustrate the properties of the algorithms on samples of realistic sizes. Inthe empirical cases we often do not know whether an algorithm produces the truth.But it is at the least very interesting that in cases in which investigators have givensome care to the treatment and explanation of their data, the algorithm reproduces ornearly reproduces the published accounts of causal relations. It is also interestingthat in cases without these virtues the algorithm suggests quite differentexplanations from those advocated in published reports. (Spirtes, Glymour, andScheines 1993, 132-133.)We do not think that Freedman’s substantive criticisms in any way contradict this claim.We do not have room to discuss all of the criticisms, but we will discuss some of the majorones here.4.1 The Timberlake-Williams exampleThe point of our discussion of the Timberlake-Williams case was that the FCI algorithmproduced an alternative to the Timberlake-Williams model that was consistent withbackground knowledge, was testable and fit the data. We think that this sheds considerabledoubt upon the Timberlake-Williams model. None of Freedman’s remarks are relevant toour criticism of the Timberlake-Williams model. Freedman does not think any of themodels discussed (including the one constructed from the output of the FCI algorithm)have good evidence for them, because some of the assumptions are dubious, and thesample size is small. We agree, but we never made any claim to the contrary. We evenpointed out that we could not reproduce the correlation matrix reported by Timberlake andWilliams from the sources they cite. Our own simulation studies indicated that the PCalgorithm (which is considerably simpler than the FCI algorithm) was not very reliable atsamples sizes considerably larger than that in the Timberlake-Williams studies.

4.2 The AFQT example We were given a variety of test scores (which we will call the subtest scores) and an AFQTscore. The AFQT score is calculated from some of the subtest scores we were given, butnot others. The point of this example was to show that given the same backgroundknowledge, regression techniques could not find the components of the AFQT score, butthe PC and FCI algorithms can. Freedman points out that given more backgroundknowledge than was given to the PC and FCI algorithms, regression techniques would beable to pick out the components of the AFQT score. (In particular, his regression analysisneeds two further assumptions: first that an increase in a component score increases theAFQT score, and second that a component score is not highly negatively correlated withanother component score because of a common cause.) Both of these assumptions arereasonable in this case. But it does not take away from the fact that the PC and FCIalgorithms derive the same result with less information, and in cases where thesebackground assumptions are not so reasonable, the regression technique could not beemployed. Freedman also points out although the PC algorithm gets the right relationshipamong the subtest scores and the AFQT score, it gets the wrong relationship among thesubtest scores. This was evident because the PC algorithm output a pattern that representedgraphs that had a cycle, which does not make substantive sense in this case. This is true.However, this application of the algorithm assumed linearity. The relationship of thecomponent scores to the AFQT score (as calculated in 1987) is known to be linear. Thereis no reason at all to believe that the relationship among the subtest scores is linear. So,where the distributional assumptions are known to be correct, the algorithm gets the rightanswer, and where there was no reason to believe that the assumption is correct, thealgorithm gets the wrong answer.4.3 Smoking and Lung Cancer:According to Freedman:

... does smoking cause lung cancer, heart disease, and many other illnesses?...When they actually get down to arguing their case, they [SGS] use a rather old-fashioned method-- a literature review with arguments in ordinary English (pp.291-302). Causal models and search algorithms have disappeared. (Freedman, 26).SGS elected not to use their analytical machinery on the smoking data-- aremarkable omission. (Freedman, 27).The output of a search algorithm is one kind of evidence for a causal claim, but there areothers. We discussed some of them in the case of smoking and lung cancer. The reasonthat we discussed the smoking and lung cancer case in ordinary English was because wefelt a historical account of that case concretely illustrated how the issues concerning causalinference from observational data, and prediction of the effects of intervention had beendealt with by the statistical community. Freedman disagrees with some of our discussionsof the evidence. The relevance of any of this to the question of the reliability of thealgorithms we propose escapes us.We did not apply the algorithms to smoking and lung cancer data because we happened notto possess any such data. Without the data, we do not know which variables weremeasured, how they are distributed, etc. Whether the algorithms are applicable and wouldproduce an interesting result depends upon the answers to these questions. But there isnothing in principle that prevents the application of the algorithms to such data.4.4 The Rindfuss ExampleFreedman points out there were some errors in the covariance matrix we used. He does notpoint out that those errors make no difference in the output of the algorithm.5. ConclusionMuch of applied statistics is devoted to drawing causal conclusion from statistical data. Butwhen examining causal inferences, statisticians all too often simply trot out a few examples of circumstances under which particular causal inferences cannot be made. What is neededis a rigorous examination of what causal relations can be inferred given varying kinds ofbackground knowledge. What could we infer about causal structure if we knew the timeorder of the variables? What if we knew no common causes were acting? What if we havemeasured a large number of variables? In addition, there should be a theory about when isit possible to determine the effects of an intervention upon that causal structure, given theinferences that can be made about causal structure. CPS attempts to systematically examinethese kinds of questions. Under a variety of assumptions there are positive results that statewhen two different causal structures can be distinguished given the data, and negativeresults that state when they cannot. There is a systematic examination of the relationshipbetween partial knowledge about causal structures and what can be predicted about theeffects of intervention. It is not complete, and there may be many other kinds ofassumptions that should be investigated, but we think that it is an example of the kind ofresearch into causal inference that should be an important part of statistics.The space of possible causal models, even when many have been eliminated bybackground knowledge, is far too large to search without automated help. One part of ourproject was the proposal of some algorithms that use statistical data and backgroundknowledge supplied by a user to suggest causal models compatible with the backgroundknowledge and the data. As we have consistently emphasized (despite Freedman’s claimsto the contrary) it is an empirical question whether the algorithms are reliable when appliedto real data. Even if the algorithms are useful in practice, informative and reliable causalinference from correlational data will not be easy. The right variables must be measured,they have to be distributed in such a way that reasonable tests of conditional independencecan be made, and the causal relationships among the variables cannot be too complex. Allof these caveats are clear in our book and emphasized in Glymour (this volume).There are three kinds of evidence concerning the reliability of the algorithms. First they areasymptotically correct given the assumptions we make. Second, simulation tests indicate that when the modeling assumptions are satisfied, and the sample sizes are reasonablylarge, they are reliable. Third, there is some evidence from application to real data sets.The evidence from application to real data sets is the most fragmentary. We generally didnot have access to raw data, and in most cases we do not know whether the output,however reasonable it may seem, is correct. In the AFQT case, among the relationshipsknown to be linear, it output an answer known to be correct. In the case of Spartinabiomass (Spirtes, Glymour and Scheines 1993, 244-248), the algorithm again predictedfrom observational data results confirmed by experiment. In a number of other examples inCPS that were not discussed by Freedman, the answers appeared reasonable, but it is notknown whether they are correct. More extensive applications will provide more evidenceabout the reliability of the algorithms to real data sets. We are currently carrying out someapplications of the algorithms to medical databases.

ReferencesFrydenberg, M. (1990). "The Chain Graph Markov Property." Scand. J. Statist, 17, 333-353.Heckerman, D., Geiger, D., and Chickering, D. (1994) Learning Bayesian Networks: TheCombination of Knowledge and Statistical Data, Technical Report MSR-TR-94-09,Microsoft Research, Advanced Technology Division, Redmond WA.Spirtes, P., Glymour, C., & Scheines, R. (1993). Causation, prediction, and search.Lecture Notes in Statistics, 81, Spring-Verlag, New York.Verma, T. and Pearl, J. (1990). Equivalence and synthesis of causal models. Proc. SixthConference on Uncertainty in AI. Association for Uncertainty in AI, Inc., MountainView, CA, 220-227.

X Y Z W

(i) (ii)

X Y Z W

X Y Z X Y Z

(i) (ii)

X Y Z

X Y Z

(i)X Y ZX Y ZX Y Z

(ii) (iii) (iv)