Applying Cognitive Theory to Statistics InstructionMarsha C. Lovett and Joel B. GreenhouseCarnegie Mellon UniversityAbstractThis paper presents five principles of learning, derived fromcognitive theory and supported by empirical results in cognitivepsychology. To bridge the gap between theory and practice, each ofthese principles is transformed into a practical guideline andexemplified in a real teaching context. It is argued that this approachof putting cognitive theory into practice can offer several benefits tostatistics education: a means for explaining and understanding whyreform efforts work, a set of guidelines that can help instructorsmake well-informed design decisions when implementing thesereforms, and a framework for generating new and effectiveinstructional innovations.Key Words: Statistical education, Instructional technique, Pedagogy

11. INTRODUCTIONAt the heart of the reform movements in mathematics and science education lies thequestion: How can students� learning be improved? During the last twenty years, reformmovements in math and science education have made new strides to address this question.For example, in elementary and secondary mathematics instruction, there has been a shifttoward teaching mathematics in the context of real-world problems so that students can seeits usefulness in concrete and familiar situations (NCTM 1989). In calculus instruction,there is a new (and still controversial) interest in offloading the burden of calculation tocomputational tools so that students can focus more on learning the conceptual issues athand (Tucker and Leitzel 1995). And similarly, in physics education, qualitativeunderstanding of fundamental principles has risen in importance relative to quantitativeequation solving (McDermott 1984). Acommon goal of these educational reformmovements is to proliferate new instructional techniques that will be effective in theclassroom.During the same time period, research in cognitive psychology has also addressed thequestion of how learning can be improved. Here, learning is defined in similar terms�as achange in knowledge and skills that enables new and different kinds of performance�butthe question of how to improve it is addressed from a different perspective. In cognitivepsychology, the focus is on understanding the basic phenomena related to learning, such asmemory, skill acquisition, and problem solving. The goal is to acquire a body of empiricalresults which characterize these phenomena and to develop precise theories which make itpossible to explain and predict observed data. In particular, one line of inquiry inpsychology involves developing and testing unified theories of cognition that areimplemented as computer models (cf. Newell 1982). One advantage of such theories is thatthey specify a set of general mechanisms designed to explain learning and performanceacross a broad range of situations. Another advantage is that their mechanisms are specifiedin a quantitative form such that predictions can be systematically derived, even for complexsituations where the mechanisms may interact in complicated ways. Together, thesefeatures have enabled cognitive theories to explain and/or predict patterns of behavior inhuman learning and performance across a wide variety of tasks (Anderson and Lebiere1998).Unfortunately, these two fields�the �educational� and the �psychological�are notoften brought together so that one can inform the other. The former deals more with issuesof practice (the �how�) and the latter with issues of theory (the �why�). Areasonablecharacterization is that the fields are making progress on parallel paths. For instance, manyof the instructional techniques that have blossomed in recent reform movements (e.g.,active learning) are consistent with current psychological research but were not developedon that basis.In this paper, we try to bring the two fields together in the context of statisticsinstruction. Specifically, we present five principles of learning that are derived fromcognitive theory. These principles, stated briefly, are:1. Students learn best what they practice and perform on their own.2. Knowledge tends to be specific to the context in which it is learned.3. Learning is more efficient when students receive real-time feedback on errors.4. Learning involves integrating new knowledge with existing knowledge.5. Learning becomes less efficient as the mental load students must carry increases.We do not stop with this list of abstract principles, however. For each principle, wedocument its empirical support in the psychological literature and, based on the details of

2that research, generate a practical guideline for instructional design. In so doing, weestablish a set of practical guidelines that corresponds to the set of theoretical principles.Moreover, we demonstrate how each of these guidelines can be applied to statisticsinstruction by giving examples from an introductory statistics course designed by one ofus. Thus, the goal of this paper is two-fold: (1) to present a general, theoretical frameworkfor understanding and predicting the effects of various instructional methods on studentlearning and (2) to demonstrate how that framework can be put to practical use in thecontext of statistics instruction.The remainder of the paper is organized in five sections. Section 2 sketches currentcognitive theory, highlighting several themes that arise in our five principles of learning.Section 3 describes the introductory statistics course at Carnegie Mellon, which serves asan illustrative example throughout the paper. Next, Section 4 discusses our five principlesof learning in detail: Each principle is derived in terms of cognitive theory, supported byspecific empirical studies, transformed into a practical guideline for instruction, andexemplified in the context of the Carnegie Mellon course. Section 5 then discusses someadditional practical issues regarding how to apply the instructional guidelines in designingor re-designing a course. Finally, Section 6 sets our approach in the context of the statisticseducation reform movement more generally.2. OVERVIEW OF COGNITIVE THEORYHere, we provide a brief sketch of current cognitive theory as embodied in the ACT-Rcognitive architecture (Anderson and Lebiere 1998). ACT-R is a unified theory of cognitionthat (1) posits a set of general mechanisms to explain learning and performance in almostany situation and (2) makes definite predictions that can be generated from an existingcomputer implementation, even for very complex tasks. This theory has shown itsusefulness by accurately predicting human learning and performance data in a wide varietyof tasks and experiments using the same set of general mechanisms (e.g., Lovett andAnderson 1996; Anderson and Matessa 1997; Anderson and Lebiere 1998). Moreover, thetheory can capture individual differences in learning and performance that persist acrossdifferent tasks (Lovett, Reder, and Lebiere in press).ACT-R distinguishes between two types of knowledge: declarative knowledge for factsand procedural knowledge for skills. The difference between these two types of knowledgelies in how they are represented. Individual pieces of declarative knowledge are representedas nodes in a network of associations. Hence, the fact that �7 is the sum of 3 and 4� wouldbe represented as a node with links to facts that tend to co-occur with this fact (e.g., nodesfor the facts that 7, 3, and 4 are numbers and nodes for other, related arithmetic facts). Incontrast, individual pieces of procedural knowledge are represented as �IF <goal> AND<condition> THEN <action>� rules that specify the actions to be taken under certain goalsand conditions. Hence, the procedural knowledge for how to use addition facts could berepresented by the statement �IF one�s goal is to obtain the sum of a and b AND one canretrieve the fact that c is the sum of a and b THEN say c�. This simplified example showshow declarative and procedural knowledge must work together to guide performance. Forinstance, the declarative knowledge that �7 is the sum of 3 and 4� is essentially inert until itis used by a piece of procedural knowledge. Suppose the current goal were to obtain thesum of 3 and 4. When this is the case, the procedural rule above would be instantiated witha = 3 and b = 4, which would lead to retrieval of the declarative fact that �7 is the sum of 3and 4.� Only if this fact is successfully retrieved can the procedure�s action be taken, i.e.,�say 7�. Generalizing from this example, then, any cognitive ability is taken to be the resultof a complex interaction among various pieces of declarative and procedural knowledge.This example also highlights how the learner�s current goal provides importantcontextual information to constrain which pieces of procedural and declarative knowledgewill work together. First, only when the goal involves a sum is the procedural rule

3mentioned above deemed relevant, i.e., there is a match between the current goal and thatrule�s goal statement. Second, the �3� and �4� in the current goal help in binding thevariables a and b in that procedural rule, which in turn constrains the to-be-retrievedaddition fact to include these same numbers. Third, because the declarative nodes for �3�and �4� are included in the current goal and because these nodes are linked to certain other(related) nodes in declarative memory, this makes related facts (e.g., �7 is the sum of 3 and4�) more accessible. In sum, depending on the contents of the learner�s current goal,different pieces of knowledge will tend to be retrieved and applied.Each piece of knowledge�of either type�has associated with it a continuously valuedquantity that reflects the �strength� of that knowledge. For declarative knowledge, strengthreflects the overall accessibility of a particular fact; the stronger a declarative fact, the fasterand more accurately an individual can access that knowledge. For procedural knowledge,strength reflects the likelihood that a particular skill will be used when its prerequisite goaland condition are satisfied; the stronger a procedural rule is, the more likely its action willbe taken�instead of the actions corresponding to competing procedural rules, includinginaction. For both types of knowledge, ACT-R specifies a functional form that relates thestrength of knowledge to certain performance characteristics (e.g., time to accessdeclarative knowledge, accuracy of declarative retrieval, and probability of applyingprocedural knowledge). Thus, given a description of an individual�s state of knowledge,the theory makes specific quantitative predictions about how that individual will perform.Moreover, these relationships enable the theory to represent various differences amongindividual learners: learners can differ in terms of the presence or absence of differentpieces of knowledge or in terms of the strength of those pieces of knowledge.Given this representation of knowledge, learning has two parts: (1) updating existingknowledge and (2) acquiring new knowledge. In ACT-R, existing knowledge is updatedvia mechanisms that change the strength of knowledge based on its use. New knowledge isacquired via mechanisms that transform completed goals into more lasting representations.All of these learning mechanisms are defined using specific functions and algorithms in thecomputer implementation of the theory, but for this discussion, we describe them at a fairlyabstract level.According to ACT-R, the process of strengthening occurs continually through thenatural course of activity. To be specific, any access of a piece of declarative knowledge(for whatever reason) leads to an increase in its declarative strength, thereby improving itssubsequent accessibility. Each such increase is added to the declarative fact�s currentstrength level (producing practice effects), but the size of this incremental increase decaysas a function of time since the fact was accessed (producing forgetting effects). Thus,repeatedly solving the problem �What is the sum of 3 and 4?� will lead to many retrievalsof the fact that �7 is the sum of 3 and 4.� Each such retrieval adds to that fact�s declarativestrength, making it subsequently easier to retrieve. Note, however, that solving thisproblem multiple times does not affect the strength of other addition facts; the strengtheningprocess is specific to the declarative node(s) used.There is another kind of declarative strengthening process that is relevant here�thestrengthening of the associative links between declarative nodes. The more often two nodesare used in the same context, the stronger the link between them becomes. This makes iteasier to access one in the context of the other in future situations, i.e., the strength of onenode gets propagated to the other as a function of the two nodes� link strength. Forexample, when the problem �what is the sum of 3 and 4� is repeatedly solved, in additionto strengthening the node �7 is the sum of 3 and 4�, there is strengthening of the linksbetween the �3� and �4� nodes and the �7 is the sum of 3 and 4� node. With these linksstrengthened, more of the strength associated with the �3� and �4� nodes can be propagatedto the addition fact �7 is the sum of 3 and 4,� making it easier to retrieve in future contextsthat involve �3� and �4�. (This may be beneficial when the future goal is again �what is the

4sum of 3 and 4�, but it could lead to errors when the future goal is �what is the product of 3and 4�.) The theory constrains this propagation of strength along links, however, bypositing that strength only propagates from nodes that are part of the goal and that thesenodes must share a limited amount of strength. Thus, the more nodes that are part of thecurrent goal (i.e., the more complex the current goal), the less strength each node has andhence the less strength it can propagate to associated nodes.In the case of procedural knowledge, strengthening also occurs with each use of anindividual piece of knowledge. Thus, if a learner performs some task that involves theapplication of a particular set of procedural rules, only these rules� strengths will beadjusted. The direction of the adjustment for procedural knowledge depends on whether theprocedural knowledge led to a success or failure. All the pieces of procedural knowledgewhose actions were taken preceding a success have their strength increased, and all thepieces of procedural knowledge whose actions were taken preceding a failure have theirstrength decreased. Thus, procedural knowledge that tends to lead to success will bestronger than procedural knowledge that tends to lead to failure, and hence the former willbe more likely to be used in the future.Besides updating existing knowledge, there is a need to learn new knowledge. Theacquisition of new declarative and procedural knowledge occurs as a byproduct ofcompleting the current goal�either successfully or unsuccessfully. That is, any time a newfact is generated or a new procedure is applied in service of completing the current goal, acorresponding new piece of knowledge is acquired. Moreover, that new piece ofknowledge incorporates certain features that were part of the learner�s representation of thecurrent goal. For example, suppose a learner has the goal of finding the sum of 3 plus 4 butdoes not yet know any relevant addition facts. In this case, the procedural rule exemplifiedabove (which involves retrieving the relevant fact) will not be helpful, so a differentprocedure will have to be used, e.g., counting on fingers. With this counting procedure,the learner can produce the result 7, thereby achieving the goal of finding the sum of 3 plus4. As a byproduct of doing this, the learner has generated a �new� fact; this corresponds tothe acquisition of a new node representing the fact that 7 is the sum of 3 plus 4. Moreover,this new node is linked to nodes for the numbers 3 and 4 because they were all used in thesame context�achieving the goal to obtain the sum of 3 plus 4.In this example, the knowledge generated was a new fact, so declarative knowledgewas acquired. Asimilar process occurs for the acquisition of new procedural knowledge.Whenever the learner cannot use existing procedures to achieve a goal but is able to do sousing other, general-purpose knowledge (e.g., reasoning from examples or frominstructions), knowledge for the new procedure is acquired in the form of new rules. Thenew rules are created in such a way that (1) information about the current goal isincorporated in the new rules� goal statements and (2) the conditions under which the newprocedure was applied are represented in the new rules� condition statements. Theseaspects of the new rules will constrain subsequent opportunities for re-use, i.e., the ruleswill be more likely to be applied in future situations with similar goals and conditions.This brief discussion of how knowledge is strengthened and acquired has severalreoccurring themes. First, there is the idea that cognitive abilities can be decomposed intoseparate pieces of declarative and procedural knowledge. Learning, then, must take place atthe level of these individual pieces of knowledge. Second, existing knowledge isstrengthened based on its use: Using a piece of knowledge will tend to make it stronger andhence easier to access in the future, a kind of �rich get richer� effect that does not generalizebeyond the pieces of knowledge actually used. Third, the goal provides importantcontextual information for learning: the contents of the learner�s current goal influenceswhat knowledge gets used, acquired, and strengthened. These themes have particularimplications for learning, which we will discuss in Section 4 when we show how currentcognitive theory leads to the specification of our five principles of learning. Before

5considering these theoretical implications further, however, we describe a specific statisticscourse that provides a context for how the principles can be put into practice.3. CASE STUDY: A STATISTICAL REASONING COURSE AT CARNEGIE MELLONIn this section, we describe an introductory statistical reasoning course at Carnegie MellonUniversity, designed by one of us in 1991. The design of the course was motivated by thespecification of four fundamental course goals: that students learn to (1) apply thetechniques of exploratory data analysis for data reduction and summary, (2) understand theconcept of sampling variability, (3) understand and critically evaluate the effectiveness ofdifferent approaches for producing data, and (4) understand the use and interpretation ofinferential statistical procedures. The curriculum focuses on the using and interpreting data-analysis techniques without teaching all the probabilistic or mathematical underpinnings.The idea is that before learning the quantitative aspects of statistical reasoning, students canbuild useful skills and intuitions and become interested in solving statistical problems. Thecourse gives students the opportunity to engage in authentic statistical reasoning activitiesand, we hope, experience the excitement of scientific discovery.These course goals were operationalized by considering the kind of data-analysisproblems that students should be able to solve when they complete the course. In order tosolve such problems, students must learn many different "pieces" of knowledge andintegrate them in some unified whole. Thus, in the course, students learn and practice thecomponent skills of data analysis, at first individual skills on simplified problems and then,later, combinations of skills on realistic problems of larger scope. Indeed, the format of thecourse was designed to teach these skills using several reform-based instructionaltechniques�collaborative learning, active learning, and the use of computers to aidstudents in the practice of statistics. In place of traditional recitation sections, weeklycomputer labs were established in which students work in pairs at a computer, using acommercially available statistics package (e.g., Data Desk 1992 or Minitab 1994) tocomplete assigned exercises. These exercises are presented to the students in the lab as ahandout that describes a data set, provides detailed instructions that guide the studentsthrough the analysis, and asks students to interpret the results of their analysis. Studentswork with real data sets designed both to engage them in the analysis and to exemplify thegeneral applicability of statistical methods. Students are rewarded for being innovative andfor trying to learn how to solve new problems, and they are encouraged to collaborate inorder to learn from each other. In addition to solving data-analysis problems during thesecomputer lab sessions, students solve related problems on their own for their homeworkassignments.This description of the course is consistent with several reform-movement ideas such asactive learning, collaborative learning, and the effective use of computers in instruction, butit still leaves out many potentially important features of the overall course design: How aretopics sequenced? How are the computer lab sessions integrated into the course, and howare they run? How are questions structured in lab exercises, homework assignments, andexaminations (and how do these three formats overlap)? These �detail� questions are notalways addressed in descriptions of innovative course designs. And yet, they are critical toinstructors working to develop new materials because the success of an instructionalinnovation can be directly influenced by how such questions are answered (cf. Gage 1991;and Sections 4.1 and 4.5 below). Indeed, we believe that the success of the CarnegieMellon course stems in large part from the details of its implementation. Thus, in the nextsection, we answer such �detail� questions by providing concrete examples from theCarnegie Mellon course but we do so only after presenting a relevant principle of learningand its corresponding practical guideline, stated in general terms. In this way, we wish toemphasize that the same basic approach of using principles of learning to guideinstructional design can be applied to a variety of courses.

64. PUTTING THE PRINCIPLES INTO PRACTICETo reiterate, the five principles of learning we discuss in this paper are:1. Students learn best what they practice and perform on their own.2. Knowledge tends to be specific to the context in which it is learned.3. Learning is more efficient when students receive real-time feedback on errors.4. Learning involves integrating new knowledge with existing knowledge.5. Learning becomes less efficient as the mental load students must carry increases.These principles likely seem reasonable and intuitive. Nevertheless, as given, they arestill only abstract statements that do not offer a very clear picture of how best to designeducational activities that will promote deep learning. Just like the ubiquitous labels �activelearning,� �collaborative learning,� etc., the above statements hide a good deal ofcomplexity and fail to offer concrete suggestions (or a means to discriminate betweenalternatives) for improving instruction.Thus, in the subsections below, we elaborate on the five principles of learning inseveral ways. For each principle, we show how it can be derived from cognitive theory,and we document its empirical support. Then, based on this information, we generate oneor more practical guidelines that instructors can use and flexibly apply in a variety ofinstructional situations. Finally, to concretize each guideline, we describe how a particularaspect of the Carnegie Mellon introductory statistics course exemplifies that guideline.4.1 Principle 1At first blush, this principle seems merely to mimic the aphorism "practice makes perfect."Recall, however, that the first two themes of the cognitive theory described above are (1)cognitive abilities can be decomposed into separate pieces of knowledge and (2) thesepieces of knowledge are strengthened based on their use. These two ideas imply that themore learners engage in processing that requires them to access certain pieces ofknowledge, the more they will learn those pieces of knowledge (and not other pieces of un-accessed knowledge). This leads to Principle 1: Students learn best what they practice andperform on their own.Research on learning has supported this aspect of cognitive theory by showing that thebenefits of practice are actually quite circumscribed. For example, take the skills involvedin (i) writing new computer programs and (ii) evaluating existing computer code. Thesetwo sets of skills seem quite closely related�so much so, in fact, that it is reasonable toexpect that practice on one will benefit both greatly. To the contrary, Kessler (1988) foundthat students who spent their time creating new computer programs did not improve muchin their ability to evaluate programs and vice versa. The same asymmetry in learning wasfound when students practiced either translating calculus word problems into equations orsolving the equations themselves; when students practiced one skill and then were tested onboth, they showed great improvement on the practiced skill but no improvement on theother, related skill (Singley and Anderson 1989). Instructors may find such results familiar:Students perform well on homework problems but then poorly on test problems that seem(to the instructor) quite closely related. One possible explanation of such poor testperformance is that the test problems actually require certain subskills that the students didnot actually get to practice while solving the homework problems, i.e., students� lack ofpractice on these subskills may be impairing their overall performance. The learningprocess that underlies these results is quite straightforward: students improve greatly on theparticular skills and subskills that they actually practice but improve only slightly (or not atall) on related skills that they do not practice. That is, the content of practice can greatlyaffect the degree to which the practice helps students achieve their specified learning goals.

7All of this suggests that instructors need to pay special attention to exactly whatconcepts and skills students are practicing when they complete various assignments.Hence, we generate the following practical guideline corresponding to Principle 1: identifythe skills and subskills students are supposed to learn, and then give students opportunitiesto perform and practice all of those skills. Note that this guideline implies that instructorsshould both identify a set of relevant skills and knowledge for their students to learn andthen design instructional opportunities that allow students to practice this set. Garfield(1995) has similarly argued for a consistency in the learning activities students perform aspart of coursework and for a specification of the learning outcomes that constitute the goalsof the course.In the Carnegie Mellon statistical reasoning course, students� opportunities for practiceare carefully chosen for content, and practice is repeated throughout the semester. Asmentioned earlier, in designing the curriculum for this course, a specific set of target skillswas identified. Different activities were then designed to give students practice at thosecomponent skills. Specifically, during each week of the course, students practice applyinga few new skills�first, under supervision in the computer labs and then withoutsupervision on related homework assignments. This offers multiple opportunities topractice the same concepts or skills. Moreover, that practice is not limited to the currentweek’s assignments. Throughout the semester, these basic concepts and skills arerepeatedly practiced and integrated with other new skills. This way, students get amplepractice on the skills that they will need to achieve the course goals. Moreover, they getpractice at combining skills in different ways; this is important, too, because cognitivetheory suggests that even more general skills that involve synthesis (e.g., comparingdifferent approaches and managing long solutions) will not be learned unless they too arepracticed.4.2 Principle 2The third theme of cognitive theory as described above is that the student�s current goalprovides important contextual information that influences what is learned. For example,when a declarative fact is retrieved in the context of a particular goal, not only is that factstrengthened but the links between that fact and other facts that describe the current goal arestrengthened. This link strengthening makes the former fact subsequently easier to retrieveunder similar, future goals. The context of the current goal is also incorporated into newlylearned procedural knowledge. Here, a description of the current goal gets represented inthe new rule�s goal statement. Thus, the new rule will only be selected for application infuture situations when the current goal is similar to the goal that was current duringlearning. All of this implies that knowledge will be more easily accessed in contexts that aresimilar to the student�s learning context, which leads to Principle 2: Knowledge tends to bespecific to the context in which it is learned.This principle has received empirical support via the finding that students do notnaturally generalize what they have learned to new situations. This oft-cited finding iscalled a �failure to transfer.� It applies both when students fail to transfer what they havelearned to new problems (e.g., problems that appear different from what the students havealready encountered) and to new situations (e.g., out-of-the-class situations where studentsmay not even consider applying their relevant skills). Many studies in the laboratory and inthe classroom have shown that this difficulty of transferring what students have learned onone set of problems to another set of problems is great�even when the second set ofproblems is very similar to the first. For example, Reed, Dempster, and Ettinger (1985)studied college students in an algebra class. All students initially saw solutions to severaldifferent kinds of algebra word problems. Then students were asked to solve newproblems that were either equivalent (identical except for different numbers) or similar(requiring slight adaptation of a previous solution). Four experiments showed that studentshad extreme difficulty solving even the equivalent problems�except when the previous

8solutions were made available during problem solving�and that students almost neversolved the similar problems. These results are likely reminiscent of instructors� experienceswith students who manage to solve a homework problem correctly but fail to apply thesame skills to solve a closely related test problem. Earlier we suggested that such poor testperformance might be attributed to the fact that students did not actually practice all theskills they need for the test problem. The current discussion suggests that even whenstudents have practiced all the relevant skills, there may still be the question of whetherstudents have learned the necessary skills at a sufficient level of generality to be able toapply them appropriately.Several laboratory experiments have tried to gain insight into this learning problem byexploring what conditions actually do facilitate transfer. The basic approach aims toencourage students to learn new knowledge and skills in a general way such that they canapply the knowledge appropriately in a variety of situations. One intervention that hasworked in several different domains involves giving students multiple problems that haverelated solution structures but that appear different. For example, Paas and VanMerrienboer (1991) gave students sets of geometry problems (with solutions) that wereeither similar or varied in appearance. (The fact that solutions accompanied the problems inthis study relates to the issue of feedback, which we discuss in the next subsection.) Notethat both types of problem sets exercised the same set of skills in order to control for thecontent of practice. After studying these problems, the students were tested on a new set ofproblems that were unfamiliar to all. The new problems were considered �transferproblems� because they forced students to use the target skills in new or more complicatedways. The students who had practiced with the �varied� problem set performed better onthis transfer test than did students who had practiced with the �similar� problem set, eventhough they did not take significantly longer during the study phase. These and otherrelated results suggest that students tend to learn more generally applicable knowledge andskills when the problems they encounter appear at least somewhat varied (Elio andAnderson 1984; Paas and Van Merrienboer 1991; Ranzijn 1991).It is also worth noting that students who have been asked to compare and contrastproblems that appear different because of their different cover stories also show moregeneralized learning. In a series of laboratory experiments, Cummins (1992) found thatsimply instructing algebra students to reflect on the similarities and differences betweenpairs of problems led them to transfer their algebra skills better than students without theseinstructions. Cummins�s theory is that, by comparing problems, students end up reflectingon the deep (rather than superficial) relationships between problems and develop an a moregeneralized �schema� for how problems are solved.Putting this principle into practice leads to the following guideline: give studentsproblems that vary in appearance so their practice will involve applying knowledge andskills in a variety of ways. This not only provides more opportunities for practice but moreopportunities of the kind that encourage students to generalize their understanding. Thisguideline is implemented in our introductory statistics course by virtue of the fact thatstudents get to work on real-world problems that cover a variety of contexts, from thechanges in infant mortality rate in nineteenth century Sweden to the efficacy ofpharmacological interventions for the prevention of the recurrence of depression. That is,students get to apply the same statistical ideas to problems that are superficially verydifferent. This technique can be used in other courses as well. For example, in a probabilitycourse for engineers, a colleague regularly gives students a homework assignmentcomposed of ten problems with very different superficial features (e.g., a problem aboutsolar flares, a problem about highway driving speeds). Unbeknownst to students, theseproblems all have the same solution structure. The assignment is to solve any three of theten problems and then comment on the purpose of the assignment. Note that this problem-solving assignment (a) gives students multiple problems to solve, (b) makes those

9problems appear different even though they are similar in solution structure, and (c)encourages students to reflect on the problems� relationships.4.3 Principle 3Most of the learning mechanisms posited by the cognitive theory described above have thecommon feature that some kind of learning occurs regardless of whether the learnersucceeded or failed in achieving the current goal. This suggests that, in many situations,learners will be strengthening incorrect knowledge, acquiring invalid procedures orstrengthening inappropriate connections�in essence, �practicing bad habits�. Thus, it isvery important for learners to avoid errors or, if they cannot avoid errors, to compensatefor the strengthening of incorrect knowledge with opportunities to practice thecorresponding correct knowledge. This leads to Principle 3: Learning is more efficientwhen students receive real-time feedback on errors.Experiments directed at this issue have manipulated the immediacy of feedback given tostudents as they practice solving problems. For example, in a study reported in Anderson,Conrad, and Corbett (1989), students learning to program in LISP were either (1) givenfeedback just after each mistake they made or (2) given an opportunity to request feedbackat the end of each problem. This experiment and others like it have shown that immediatefeedback, relative to delayed feedback, leads to significant reductions in the time taken forstudents to achieve a desired level of performance. Similarly, the sizable learning gainsexhibited by students learning from human tutors is largely attributed to the rich feedbacktutors can give (Bloom 1980). One-on-one tutoring, however, is not always possible.Instructors need other ways of giving students real-time feedback during problem solvingand learning. This leads to the following somewhat modest guideline: try to "close theloop" as tightly as possible between students’ thinking and the instructor�s feedback.This guideline is instantiated in our introductory statistics course�s computerlaboratories, where students are working on data-analysis exercises in pairs (so they canpotentially provide feedback to each other) with teaching assistants circulating throughoutthe room to check on their work. In fact, each lab assignment includes several"checkpoints" where the students must contact a teaching assistant and demonstrate theirunderstanding up to that point in the exercise. This process was motivated to give studentsmore feedback during these supervised practice sessions. Students are now guaranteed tobe "on track" at certain key points in the problem. Another approach that offers immediatefeedback to students on their understanding is the �peer instruction� technique (Mazur1997). In peer instruction, the instructor poses a question to the class, students discusstheir answers in pairs, and then the instructor continues (e.g., by discussing commonmisconceptions and/or processes for generating a good answer). This peer instructiontechnique has been used effectively in classes with large numbers of students.4.4 Principle 4One of the important learning mechanisms posited by cognitive theory involves thestrengthening of links in the network of declarative knowledge. Here the theory claims thatlinks between pairs of nodes in the network are strengthened based on how often thelearner accesses the corresponding pair of facts in the same context. These links areimportant for learning because the stronger a link between two facts, the more easily onefact can be retrieved in the context of the other, i.e., the more easily a student can makeappropriate and useful associations between concepts and/or ideas. This implies that theentire network of associations held by a learner must be considered in making predictionsabout learning and performance: It is not just important for individual facts to bestrengthened but for the appropriate connections between them to be strengthened as well.These issues regarding the importance of making proper links between pieces ofknowledge lead to Principle 4: Learning involves integrating new knowledge with existingknowledge. This principle applies in two related situations: (1) integrating what students

10will learn in a course with what they already know and (2) integrating material that studentswill learn later in the course with material they learn early on in a course.Students do not enter the classroom as blank slates; their prior knowledge can have animpact on their learning. Research on classroom learning shows that students ofteninterpret technical terms loosely based on the way those terms are used in daily life. Forexample, the terms "speed" and "acceleration" are used quite loosely in daily life but requirespecial interpretations in introductory physics class, a difference that can create an obstacleto learning (Reif and Allen 1992). More relevant to statistics instruction are examplesinvolving students’ prior conceptions and misconceptions of terms such as "chance" and"probability". Garfield and her colleagues have shown that these misconceptions can makelearning certain concepts much more difficult (Garfield and delMas 1991). For example, ifstudents can draw on pre-existing (but incorrect) knowledge when they must interpret andreason about probabilities, they may not see the need to acquire new knowledge. Even ifthey do eventually learn an appropriate definition for the term �probability�, this newknowledge will tend to be strongly linked to their old, inappropriate definition, making itdifficult for them to consistently answer probability questions correctly. Therefore, it canbe helpful for instructors to know about students’ prior knowledge and conceptions. Then,they can build on the strengths of reasoning that students have in order to shore up theirweaknesses. Consider the example of conditional probability problems. Although people�sintuitive reasoning on these problems often leads to errors when the problems are stated interms of probabilities (Tversky and Kahneman 1982), controlled laboratory experimentshave shown that people reason quite well when the same problems are stated in terms offrequencies (e.g., 850 cases out of 1000 instead of 85% probability, etc.; Gigerenzer andHoffrage 1995). Thus, by using the frequency format as a starting point, students couldlink their new knowledge about probabilities to correct ideas about frequency.The idea of helping students create appropriate links between pieces of knowledgeappropriately also applies to the problem of presenting new material throughout a course.For example, students often view what they are learning as a set of isolated facts (Hammer1994; Schoenfeld 1988) when, from the instructor�s point of view, there is a clear structureto the material being taught. Students may not see this structure unless it is explicitlypresented. Moreover, controlled laboratory experiments have shown that students learnnew verbal material better when it is presented in an organized structure (e.g.,hierarchically as compared to merely in a list). Cognitive theory would explain this bypositing that, in the hierarchical case, students acquire not only the individual words to belearned but also a set of links associating related words, which makes it easier to retrieveone in the context of the other. This same idea has been applied successfully in classroomsituations�both when students are learning a new set of facts and when they are learningnew problem-solving procedures. For example, Eylon and Reif (1984) presented differentgroups of students the same physics material on gravitational acceleration, but theinformation was organized in either a hierarchical fashion (with higher levels representinginformation most important to the task and lower levels representing the details) or in alinear fashion (an unorganized list of ideas). When students were asked to recall thematerial or to use the material to solve new problems, the hierarchical group outperformedthe linear group (even when the linear group received more time to study the materials).Follow-up studies aimed at inferring students� internal knowledge structures from patternsin the way they recalled the material revealed that the external organization of the presentedmaterial was reflected in students� internal knowledge organizations.Putting these ideas into practice leads to the following guideline: study students’relevant initial conceptions and misconceptions and then organize instruction so thatstudents will build appropriate knowledge structures. This guideline is applied in thestatistical reasoning course at several levels. At a global curriculum level, the CarnegieMellon introductory sequence was revised to first teach students about describing and

11analyzing data, attempting to build upon their intuitions about describing data beforeteaching the underlying probability theory. At a more local level, the organization ofmaterial within the introductory course was very closely prescribed: students first learnabout a new concept or procedure with a few examples; in these examples, the new conceptis motivated in terms of other, closely related ideas that have been presented earlier in thecourse; then after some initial practice, students work on larger, more complex problemsthat require linking the new idea to more distantly related knowledge. In this way, studentsare encouraged to use related ideas on a common problem which should help themstrengthen appropriate links in their knowledge structures.4.5 Principle 5To account for the fact that people have limitations on the amount of information they canattend to at once, the cognitive theory described above posits a constraint on the processingof goal-relevant information: There is a fixed amount of strength attributed to the goal, andthis strength must be shared among its different components; thus, the more featuresrequired to describe the current goal, the weaker each corresponding fact becomes andhence the less strength that can be passed to linked nodes that may be relevant tocompleting the current goal. Thus, according to the theory�s notion that strength impactsaccessibility of information, when there are more elements in the current goal, it will bemore difficult to access needed information. This leads to Principle 5: Learning becomesless efficient as the mental load students must carry increases. Here, �mental load� can beinterpreted in terms of the amount of information needed to represent the current goal. Ifworking on the current goal requires keeping track of a lot of information, each individualpiece will have little strength and will not propagate much strength to goal-related facts thatmay be needed for its solution. On the other hand, if the current goal is fairly simple in thatit requires keeping track of only a few pieces of information, each piece will have a lot ofstrength to propagate to its linked nodes, making these goal-related facts easier to access.Note that when students are learning to perform a new task, their current goal will tend tobe fairly complicated: It must include a certain amount of information to represent thecurrent task at hand (e.g., the features of the current problem being solved) as well asadditional information regarding the students� parallel goal of learning something about thattask. This suggests that learning should be viewed as a demanding task; it will proceedmore effectively when the complexity of activities to be performed during learning isreduced.Several researchers have studied how learning is affected by the combined mental loadof performing an assigned activity while learning. For example, Sweller and his colleagueshave found that students who are just beginning to learn to solve problems in a particulararea can benefit from worked example problems (e.g., Sweller and Cooper 1985; Sweller1988). The idea here is that seeing worked examples before solving new problems makesthe subsequent problem solving an easier task. Note that this �examples-then-problems�activity also reduces the errors students make when solving problems on their own, sostudents� learning may also benefit from some of the issues related to immediate feedback(Principle 4.3).Beyond the general advantage of initially giving students some worked examples tostudy, Ward and Sweller (1990) have revealed that different ways of formatting the workedexamples can lead to more or less learning. Again, this difference in learning relates todifferences in the mental effort students must expend in the different situations. Inparticular, Ward and Sweller found that the more information students must integrate ontheir own while processing the worked examples, the lower their learning outcomes, andthe more the example�s format places relevant information where it will be needed, thebetter the learning outcomes. For example, in one study introductory physics studentseither received worked examples with the solution equations incorporated into relevantparts of the problem statement or worked examples with the solution equations formatted

12separately from the problem description. Students in the former group (integrated problemtext and equations) solved more test problems overall and performed better on transfer testitems than did students in the latter group (separated problem text and equations). Theseresults have been replicated with several different kinds of materials.Putting this principle into practice leads to the following guideline: make the necessaryinformation readily available to students during learning and offload extraneous processingduring problem solving so that students can focus their attention on learning the material athand. This guideline is implemented in our introductory statistics course in two ways.First, students are taught to use the computer to generate summary statistics and graphicaldisplays when they are working on data-analysis exercises. This frees them from having todo detailed calculations (i.e., makes the task of data analysis easier) and hence allowsstudents to focus their efforts on learning the larger task at hand. Second, students aregiven ample practice at applying new subskills in simpler contexts before they have to solvemore complex problems. This way, by the time they encounter more complex and difficultproblems, they are already comfortable at applying most of the subskills involved. They nolonger need to labor over the basic steps in the problem solution but rather can focus on thelarger problem of learning how to put those steps together. 5. BRINGING IT ALL TOGETHERIn the above subsections, we have described each of the five principles of learning inrelative isolation (see Table 1 for a summary). However, in designing or re-designing acourse, much more must be considered. In the subsections below, we address two suchimportant issues. First, we acknowledge that there is more to instructional design thandeveloping and implementing effective instructional techniques, the focus of this article.Second, even when one is focused on designing effective instructional techniques for aparticular course, it is important to apply the five principles of learning jointly, so that theycan mutually guide this part of the design process.Table 1. Summary of Principles and Guidelines for Instructional Design#Principles of LearningGuidelines for Instructional Design1Students learn best what they practiceand perform on their own.Identify the skills and subskills students are supposedto learn, and then give students opportunities toperform and practice all of those skills.2Knowledge tends to be specific to thecontext in which it is learned.Give students problems with different contexts so theyexercise what they have learned in a variety of ways.3Learning is more efficient whenstudents receive real-time feedback asthey solve problems.Try to �close the loop� as tightly as possible betweenstudents� thinking and the instructor�s feedback.4Learning involves integrating newknowledge with existing knowledge.Study students’ relevant initial conceptions andmisconceptions and then sequence instruction to buildon what students already know.5Students’ learning becomes lessefficient as the mental load they mustcarry increases.Make the necessary information readily available tostudents during learning and offload extraneousprocessing during problem solving so that studentscan focus their attention on learning the material athand.

135.1 A Schematic for Instructional DesignEducators have described the general process of instructional design in terms of multipleinter-related steps (e.g., Dick 1997):1.

Needs assessment

: Identify course goals. These goals should depend onwhat students do not already know and what they need for the future, e.g.,in downstream courses.2.

Operationalizing goals

: Establish performance criteria for determining thedegree to which instructional goals have been met. This is important forassessment (step 5), and it provides a specification of desired performancerequired for step 3.3.

Decomposing desired competency

: Decompose the knowledge requiredfor good performance into a set of learnable �pieces� of knowledge (e.g.,facts, skills, concepts) that can become the basis of the curriculum and thecourse materials. (In educational circles, this step is often called "taskanalysis".)4.

Determining theinstructional method

: Consider what instructionalmethod is most appropriate for the current situation. The strengths andweaknesses of candidate methods are weighed, and then a plan forimplementation is devised.5.

Assessment ofoutcomes

: Generate and administer assessments toevaluate the impact of the instructional design.The first three steps of instructional design can be summarized as focusing on the contentof what is to be taught. The decisions made here are very important in that they determinethe objectives and curriculum of a course. In contrast, the fourth step, like this paper,focuses on the techniques of instruction�in what format will the course be taught, in whatactivities will students engage, etc. Design decisions regarding these issues of technique arealso very important because they influence how well the chosen curriculum and courseobjectives will be executed. The fifth step of instructional design represents assessment ofstudent outcomes. This step is important because it can provide important informationregarding not only whether an instructional design was �successful� but what aspects of thedesign need to be improved. This last point highlights the fact that instructional design is aniterative process, with assessment feeding into a new cycle of change and refinement.The current paper has focused on design decisions relating to the techniques ofinstruction (step 4). As the above schematic for instructional design suggests, thesedecisions are generally made after decisions regarding the content of instruction. Thus, wewould argue that current cognitive theory can be a helpful guide in deciding how to teach aparticular course. Deciding what to teach in a particular course, however, is a challenge thatrests with the instructor; here, guidance may come from conventions in the field or frominformation on what students need to know for downstream coursework or on the job. Aswe will discuss further in Section 6, it is interesting to note that the statistics educationreform movement has produced change in both the content and the techniques of statisticsinstruction.5.2 Applying the Principles TogetherIn all of our discussions above, we have considered the five principles of learning�andtheir implications for instruction�separately. However, all of these principles must comeinto play simultaneously as students engage in learning. This implies that our principles andguidelines should be jointly applied to guide the design and development of effectivelearning activities. In this section, we offer a more fully described example from the

14Carnegie Mellon introductory statistics course to show how multiple constraints can becombined in practice.A challenging problem for beginning students doing data analysis is the matching of theappropriate methods to the given data. An approach that we have found to be successful isto train students from the outset of the course to (1) identify the variables in a problem aseither response or explanatory, and then (2) to classify each variable as either quantitativeor categorical. This approach yields a 2 · 2 table with data analytic methods in the cells ofthe table (e.g., a problem with a quantitative response variable and a single categoricalexplanatory variable would suggest using boxplots on the same scale for the exploratoryanalysis and ANOVA for the confirmatory analysis). In the Carnegie Mellon course, theseskills have been broken down into separate subskills. Therefore, students get specificpractice (in laboratory and homework assignments) that targets these skills. Consistent withPrinciple 1, this practice involves students making the identifications and classifications ontheir own and doing so repeatedly throughout the course. These are not skills students getto practice once or twice; a rough estimate is that students practice these subskills no lessthan one hundred times throughout the entire semester. Also, by virtue of the repeatedopportunities to practice this skill, students get to see the skill applied in a variety ofcontexts. For example, each week’s laboratory covers a new topic applied to a new dataanalysis problem (i.e., a new context) where these variable-classification skills arepracticed. Thus, consistent with Principle 2, students’ are more likely to see the generalapplicability of these skills because they are practicing the skills across a wide range ofsituations.These practice opportunities initially arise in simple problems where students areexplicitly told to perform these steps for each problem and are given hints regarding whatissues to consider. Thus, consistent with Principle 3, students are given more feedback andsupport during initial learning of these skills. This "scaffolding" is gradually removed asthe semester continues, with students eventually performing these skills in the context ofmuch more difficult problems. Here, consistent with Principle 4, the curriculum builds onwhat students already know and have learned: Students learn these variable classificationsubskills early so they can later combine them with other skills to solve more complexproblems (in the sense that a data set may contain several different response variablesreflecting different questions of interest to be addressed). Note that by the time studentsreach more complex problems, they have already practiced these particular subskillsenough to have become comfortable at applying them. In this way, the overall mental loadof learning by solving complex problems is reduced because much of the problem solvingstudents must do on complex problems is re-use of skills they have already learned. This isconsistent with Principle 5, because each week students are usually only learning to workwith one new concept or statistical technique.6. DISCUSSIONIn this paper, we have presented five principles of learning that can guide the design ofeffective statistics instruction. Each principle rests on psychological theory and researchthat, we hope, both confirms instructors’ good intuitions and also highlights additionalimportant, but perhaps less salient, features of learning. By explicitly stating theseprinciples (and their corresponding practical guidelines), we have tried to offer a newframework for developing innovative instructional designs. We believe this kind of theory-driven approach can be advantageously applied in statistics education research. In thissection, then, we provide a brief overview of the statistics education reform movement toplace our approach in a more general context and to argue that our approach cancomplement what has already been done in this area.

156.1 Statistics Education Reform: Changes in Instructional ContentOne of the major shifts produced by the statistics education reform movement involves thecontent of statistics courses�especially introductory level courses. Here, the trend istoward emphasizing students� practical use of statistical reasoning relative to theirmemorization of statistical formulas and procedures. This is similar to a recent trend inmathematics education more generally, where the content of instruction has come to focusmore on real-world problems and the usefulness of mathematics in many familiar contexts.In the case of statistics education, the emphasis on the �practice of statistics� can beseen through a number of different changes to course curricula. Course goals no longerrefer to students� ability to derive particular statistical formulas or to compute certainstatistics by hand, but rather they refer to �statistical literacy� and students� ability to reasonstatistically about real-world problems. For example, the course called CHANCE (Snell1996) builds its entire curriculum around statistical problems that arise as current issues inthe media. In addition, course curricula have been affected more generally by an array ofnew textbooks dedicated to the analysis and interpretation of real data sets and to thequalitative (vs. quantitative) presentation of statistical concepts (e.g., Cobb 1987; Moore1997c; Moore and McCabe 1993; Rossman 1996; Utts 1996). Thus, in courses using thesetexts, problems typically require students to work with a statistical software package inorder to answer questions regarding a given data set. In some cases, students are evenresponsible for collecting their own data. As an aid to instructors wanting to assign suchreal-world problems, several groups have made available databases of real datasets (e.g.,DASL, JSE, EESEE) which are indexed by statistical concept and application area.6.2 Statistics Education Reform: Changes in Instructional TechniqueBeyond the shift towards more practice-oriented content, a major aim of the statisticaleducation reform movement has been to improve the instructional techniques used instatistics courses. Table 2 lists some reform-based techniques with examples of their use.This list is not meant to be comprehensive but rather to demonstrate the variety ofinnovative instructional techniques being employed in statistics classes today.Table 2. Annotated Overview of Educational ReformsReform-Based TechniqueExamples of UseCollaborative learning¥Students work together to solve problems (e.g.,Borresen 1990; Dietz 1993) or discuss concepts, sharingideas and understanding (Garfield 1993).Active learning¥Students engage in data collection (e.g., Rossman1996; Scheaffer et al. 1996; Spurrier et al. 1995), reflecton and explore statistical concepts (Lan et al. 1993), andsolve problems on their own.Target misconceptions¥Instruction is designed so that students will beconfronted with their misconceptions and then have theopportunity to reflect and derive a more coherentconceptual understanding (Garfield and delMas 1991).Use of technology¥Several textbooks (e.g., Rossman 1996) and multi-media resources (e.g., Velleman 1996) are designed tocoordinate the presentation of new material with the use ofstatistical software. Also, simulation programs allowstudents to explore statistical concepts in discovery-worldenvironments (e.g., Lang, Coyne, and Wackerly 1993;Loomis and Boynton 1992; Velleman 1996).

16These methods tend to lead to improvements in students’ interest in statistics, theirlearning outcomes, or both (e.g., Borresen 1990; Lan, Bradley, and Parr 1993; Stedman1993; Cohen et al. 1996; Garfield 1996; Grabowski and Harkness 1996). To take a fewexamples, Lan et al. (1993) found that students who were encouraged to reflect on theirlearning (by recording time spent working on different concepts and estimating their ownefficacy at solving problems using those concepts) scored higher on in-class examinationsthan did two different groups of "control" students. And, on the issue of collaborativelearning, Borresen (1990) compared two groups of students in an introductory statisticsclass: those who worked on their assignments in small groups during class and those whoworked individually on the same assignments for homework. In terms of a measure basedon total points received in the course, Borresen found that the "small-group" studentssignificantly outperformed the "individual-learning" students.As the results above suggest, assessments of the outcomes of instructional reformsoften show encouraging results. However, there are also caveats. For example, Cohen andhis colleagues (e.g., Cohen, Tsai, and Chechile 1995; Cohen, Checile, Burns, and Tsai1996; Cohen and Checile 1997) have completed several in-depth assessments of a hands-on curriculum in which students use an instructional software package to learn statistics.Although these students exhibited greater learning gains (posttest — pretest) than did"control" students, Cohen and Checile (1997, p. 110) remark that "even those studentswith adequate basic mathematical skills [who had used the hands-on instructional software]still scored only an average of 57% [correct] on the [post-] test of conceptualunderstanding.� While this is a significant improvement relative to that group’s averagescore of 42% correct at pretest, it shows that students still have a lot to learn.Garfield and delMas (1991) have similarly found that, while innovative instructionalinterventions lead to gains in pre- to post-test performance, certain misconceptions held bystudents do not disappear, leaving absolute levels of performance after instructionunsatisfactory. In our own assessment of our introductory statistical reasoning course atCarnegie Mellon, we found significant higher learning gains among students who took thecourse relative to a group of control students. Nevertheless, the gain was attributable tolarge improvements on 75% of the assessment items and little or no improvement on theother 25% of the items. Assessment results such as these, derived from comprehensivestudy designs, attest to the inherent difficulty of statistical concepts and to the potential needfor additional guidance in improving instruction.6.3 How Can Statistics Education Benefit from a Cognitive Psychology Perspective?The reform movement in statistics education has made substantial progress in changing thenature of instruction�both in its content and technique. Perhaps just as importantly, it hasheightened the awareness among instructors of what statistics education is and what it canbe. For example, various terms and ideas such as �active learning vs. passive learning�,�hands-on practice�, and �misconception-targeted instruction� are becoming part of thestatistics educator�s standard vocabulary. These ideas have helped instructors begin toanalyze the relative merits of different types of instruction and have led to the developmentof many innovative, reform-based courses. Moreover, the reform movement has openeddiscussions among instructors and facilitated the sharing of information regarding �whatworked� when a particular reform idea was implemented. In sum, there is a vast amount ofresearch on improving statistics instruction, much of it producing very encouraging results.There is still a call for more improvement, however, especially in helping students tograsp the broader issues of statistical reasoning (e.g., Moore 1997ab). In response to thiscall, some have argued that the next era of reform needs to focus on using technology morefully and on getting more instructors to embrace the techniques of the current reformmovement (e.g., Garfield 1997; Hawkins 1997; Hoerl et al. 1997; Moore 1997ab). It isimportant to note, however, that both of these approaches require individual instructors to

17know a good deal about how technology should best be incorporated and how reform-based instructional techniques should best be implemented. Making all the design decisionsrequired to answer these �how?� questions is far from trivial, even for an instructor familiarwith current reform-based techniques.This is where we believe a cognitive psychology perspective can be helpful. First,much of the existing statistics education work does not document the details of particularinstructional reforms, so many of these design issues are left as �exercises for the reader�even though it may not be easy to decide on such implementation details. The principles oflearning presented in this paper offer guidance in specifying these details in a way that willlikely lead to effective instruction. Second, although there are many cases of �whatworked� for a particular instructor implementing an educational reform, cases of �what didnot work� are quite scarce. Without the possibility of comparing these two kinds of cases,it can be much more difficult to ascertain what aspects of a particular instructionalinnovation are critical to its success and therefore most important to replicate in re-implementing the innovation in other contexts. Because the principles of learning discussedin this paper are derived from cognitive theory, they aim to identify what is generallyimportant for learning and thus can guide instructors in identifying the importantcomponents of a course design. This can be especially important in designing courseactivities and materials when there are no similar past cases from which to analogize. Third,new instructors who have not yet acquired a database of their own (or others�) goodteaching examples may have great difficulty in deciding how to teach a particular course.Such instructors would likely benefit greatly if they learned about a general framework thatcould guide them in making the many important design decisions inherent in teaching (e.g.,what materials to use, what problems to assign, etc.). This framework could also helpstructure their knowledge as they gain expertise at teaching and gradually acquire their owndatabase of teaching experiences. To take into account all these issues, we advocate acombined approach in which instructors use both �bottom-up� reasoning�drawing ontheir own experiences and other documented cases of good instructional designs�and�top-down� reasoning�using principles of learning derived from cognitive theory�toguide their design decisions in the way we have explicated here. By doing so, our approachcan complement the existing research on statistics education and hopefully extend theprogress that has been made already.6.4 ConclusionInstructors working in the field have a difficult job of implementing new instructionaltechniques. They often are responsible for all aspects of instructional design, development,and application. Most of the literature on educational reforms, however, describes only thebasic properties of reform techniques and not the process of how to design a course. Inpractice, this leaves instructors with little guidance for implementing a new teaching methodin their own courses, especially when their courses are different from the ones to which themethod was originally applied. In contrast, the principles we laid out above aim to describethe processes of learning that pertain to all courses. In this way, the principles can guide theprocess of instructional design for a wide range of courses. Indeed, other colleagues atCarnegie Mellon have applied these ideas to a variety of courses with success.Applying these principles of learning to course and curriculum design is akin toapplying basic physical principles to various engineering designs. Creating designs withthese principles in mind can increase the likelihood of developing a course that works.These principles also point to ways for analyzing what features of a course are more or lesseffective and for predicting how various new learning activities will impact students’learning. The essential idea is that students’ processing (e.g., how students learn, whatprocesses they engage while performing various learning activities) is an important part ofwhat makes instruction effective. Focusing on student learning, therefore, can help usunderstand how best to improve it.

18ReferencesAnderson, J. R., Conrad, F. G., and Corbett, A. T. (1989), �Skill acquisition and theLISP tutor,� Cognitive Science, 13, 467-505.Anderson, J. R., and Lebiere, C. (1998), Atomic Components of Thought, Mahwah, NJ:Erlbaum.Anderson, J. R., and Matessa, M. P. (1997), �A production system theory of serialmemory,� Psychological Review, 104, 728-748.Bloom, B. S. (1984), �The 2 sigma problem: The search for methods of group instructionas effective as one-to-one tutoring,� Educational Researcher, 13, 4-16.Borresen, C. R. (1990), �Success in introductory statistics with small groups,� CollegeTeaching, 38, 26-28.Cobb, G. W. (1987), �Introductory textbooks: Aframework for evaluation,� Journal ofthe American Statistical Association, 82, 321-339.Cohen, S., and Chechile, R. A. (1997), �Overview of ConStats and the ConStatsAssessment,� in Research on the Role of Technology in Teaching and LearningStatistics, eds. J. B. Garfield and G. Burrill, Voorburg, The Netherlands: InternationalStatistical Institute.Cohen, S., Smith, G., Chechile, R. A., Burns, G. and Tsai, F. (1996), �Identifyingimpediments to learning probability and statistics from an assessment of instructionalsoftware,� Journal of Educational and Behavioral Statistics, 21, 35-54.Cohen, S., Tsai, F., and Chechile, R. (1995), �A model for assessing student interactionwith educational software,� Behavior Research Methods, Instruments, and Computers,27, 251-256.Cummins, D. D. (1992), �Role of analogical reasoning in induction of problemcategories,� Journal of Experimental Psychology: Learning, Memory, and Cognition,18, 1103-1138.Data Desk (1993), Statistical Software (Student Version 4), Ithaca, NY: Data Description.Dick, W. (1997), �A model for the systematic design of instruction,� in InstructionalDesign: International Perspectives, Volume 1. Theory, Research, and Models, eds. R.D. Tennyson, F. Schott, N. Seel, and S. Dijkstra, Mahwah, NJ: Erlbaum, pp. 361-369.Dietz, E. J. (1993), �A cooperative learning activity on methods of selecting a sample,�The American Statistician, 47, 104-108.Elio, R., Anderson, J. R. (1984), �The effects of information order and learning mode onschema abstraction,� Memory & Cognition, 12, 20-30.Eylon, B-S., and Reif, F. (1984), �Effects of knowledge organization on taskperformance,� Cognition and Instruction, 1, 5-44.Gage, N. L. (1991), �The obviousness of social and educational research results,�Educational Researcher, 20, 10-16.Garfield, J. (1993 ), �Teaching Statistics Using Small-Group Cooperative Learning,�Journal of Statistics Education, 1, 1.Garfield, J. (1995), �How students learn statistics,� International Statistical Review, 63,25-34.

19Garfield, J. (1996), �Assessing student learning in the context of evaluating a Chancecourse,� Communications in Statistics�Theory and Method, 25, 2863-2873.Garfield, J. (1997), Discussion of �New pedagogy and new content: The case ofstatistics,� by D. Moore, International Statistical Review, 65, 137-141.Garfield, J., and delMas, R. (1991), �Students’ conceptions of probability,� inProceedings of the Third International Conference on Teaching Statistics (Volume 1),ed. D. Vere-Jones, Voorburg, The Netherlands: International Statistical Institute, pp.340-349.Gigerenzer, G., and Hoffrage, U. (1995), �How to improve Bayesian reasoning withoutinstructions: Frequency formats,� Psychological Review, 102, 684-704.Grabowski, B. L., and Harkness, W. L. (1996), �Enhancing Statistics Education withExpert Systems: More than an Advisory System,� Journal of Statistics Education, 4, 3.Hammer, D. (1994), �Epistemological beliefs in introductory physics,� Cognition andInstruction, 12, 151-183.Hawkins, A. (1997), Discussion of �New pedagogy and new content: The case ofstatistics,� by D. Moore, International Statistical Review, 65, 141-146.Hoerl, R., Hahn, G., and Doganaksoy, N. (1997), Discussion of �New pedagogy andnew content: The case of statistics,� by D. Moore, International Statistical Review, 65,147-153.Kessler, C. (1988), Transfer of programming skills in novice LISP learners. Doctoraldissertation. Carnegie Mellon.Lan, W. Y., Bradley, L., and Parr, G. (1993), �The effects of a self-monitoring processon college students’ learning in an introductory statistics course,� Journal ofExperimental Education, 62, 26-40.Lang, J., Coyne, G., and Wackerly, D. (1993), ExplorStat, University of Florida.Loomis, J., and Boynton, G. (1992), Stat Visuals, University of California at SantaBarbara.Lovett, M. C., and Anderson, J. R. (1996), �History of success and current context inproblem solving: Combined influences on operator selection,� Cognitive Psychology,31, 168-217.Mazur, E. (1997), Peer Instruction. Upper Saddle River, NJ: Prentice Hall.McDermott, L. C. (1984), �Research on conceptual understanding in mechanics,� PhysicsToday, 37, 24-32.Minitab (1996), Statistical Software (Student Version 9). Reading, MA: Addison-WesleyPublishing.Moore, D. S., and McCabe, G. P. (1993), Introduction to the Practice of Statistics, NewYork: W. H. Freeman.Moore, D. S. (1997a), �New pedagogy and new content: The case of statistics,�International Statistical Review, 65, 123-165.Moore, D. S. (1997b), Response to �New pedagogy and new content: The case ofstatistics,� by D. Moore, International Statistical Review, 65, 162-165.Moore, D. S. (1997c). Statistics: Concepts and Controversies. San Francisco: W. H . Freeman.

20National Council of Teachers of Mathematics (1989), Curriculum and Evaluation StandardsFor School Mathematics. Reston, VA: NCTM.Newell, A. (1982), Unified Theories of Cognition. Cambridge, MA: Harvard UniversityPress.Paas, F. G. W. C., and Van Merrienboer, J. J. G. (1991), �Variability of workedexamples and transfer of geometrical problem-solving skills: Acognitive-loadapproach,� Journal of Educational Psychology, 86, 122-133.Ranzijn, F. J. A. (1991), �The number of video examples and the dispersion of examplesas instructional design variables in teaching concepts,� Journal of ExperimentalEducation, 59, 320-330.Reed, S. K., Dempster, A., and Ettinger, M. (1985), �Usefulness of analogous solutionsfor solving algebra word problems,� Journal of Experimental Psychology: Learning,Memory, and Cognition, 11, 106-125.Reif, F. and Allen, S. (1992), �Cognition for interpreting scientific concepts: Astudy ofacceleration,� Cognition and Instruction, 9, 1-44.Rossman, A. J. (1996), Workshop Statistics: Discovery with Data, New York: Springer.Schoenfeld, A. H. (1988), �When good teaching leads to bad results: The disasters of�well-taught� mathematics courses,� Educational Psychologist, 23, 145-166.Singley, M. K., and Anderson, J. R. (1989), The Transfer of Cognitive Skill. Cambridge,MA: Harvard University Press.Snell, J. L. (1996), �Teaching a CHANCE course,� Communications inStatistics�Theory and Method, 25, 2853-2862.Stedman, M. E., (1993), �Statistical pedagogy: Employing student-generated data sets inintroductory statistics,� Psychological Reports, 72, 1036-1038.Sweller, J. (1988), �Cognitive load during problem solving: Effects on learning,�Cognitive Science, 12, 257-285.Sweller, J., and Cooper, G. (1985), �The use of worked examples as a substitute forproblem solving in algebra,� Cognition and Instruction, 2, 59-89.Tucker, A. and Leitzel, J. (1995), Assessing Calculus Reform Efforts. Washington, DC:Mathematical Association of America.Tversky, A., and Kahneman, D. (1982), �Evidential impact of base rates, in Judgmentunder uncertainty: Heuristics and biases, eds. D. Kahneman, P. Slovic, and A.Tversky, Cambridge University Press.Utts, J. M. (1996), Seeing Through Statistics, New York: Duxbury Press.Velleman, P. (1996), ActivStats, Ithaca, NY: Data Description.Ward, M., and Sweller, J. (1990), �Structuring effective worked examples,� Cognitionand Instruction, 7, 1-39.