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Abstract: In a previous study, Heffernan and Koedinger [6] reported upon the Ms. Lindquist tutoring system. The evaluation results reported were preliminary in that we showed that students learn more when they get to engage in a dialog, but we did not control for time-on-task so were not sure if it was worth the additional time a dialog takes.  This paper reports the latest web-based experimental results.  Results from three different classroom teachers having students use the Ms Lindquist system are reported.  All showed that students using Ms Lindquist did fewer problems, as expected, but learned equally well (or better). We conclude that Ms Lindquist leads to a “Less is More” type of result in that students that are engaged in a dialog learn more from each problem they do, which might help to explain why students that were given an intelligent dialog were more motivated to persist in getting tutored (Experiment 1).  We discuss the possible benefits of better dialog, as well as the implication of running experiments on the web. 
Introduction

Several groups of researchers are working on incorporating dialog into tutoring systems: for instance, CIRCSIM-tutor [3], AutoTutor [4], the PACT Geometry Tutor [1], and Atlas-Andes [7].  The value of dialog in learning is still controversial because dialog takes up precious time that might be better spent telling students the answer and moving on to another problem. 

In previous work, Heffernan and Koedinger [6] reported upon the Ms. Lindquist tutoring system that uses dialog, while this paper reports upon some web-based evaluations of that system.  Ms. Lindquist was the first model-tracing tutor that had both a model of student thinking and a model on tutorial planning [5].  The Ms. Lindquist tutoring system helps students become proficient in writing expressions for algebra word problems.  This system is of the "coached practice" variety that does not offer explicit instruction (i.e., long web pages or lectures), but instead is meant to scaffold "learning by doing" while students practice their problem solving skills.  An assumption in the development of this system was that students would learn more if they could have an intelligent dialog rather then simply being told the answer.  In earlier work [5] we showed that students learned more when they engaged in a dialog with the Ms. Lindquist tutoring system, but did not investigate if it was worth the extra time spent.  This paper reports the latest results of experiments that were conducted with students using the tutor via the internet (at www.AlgebraTutor.org ).   Each student who visits the web site is informed that they are taking part in an experiment.  Then they are randomly assigned to a condition in the experiment.  There are several experimental conditions in these experiments, each of them representing different types of "intelligent" feedback that involve a tutorial dialog. These tutorial strategies are based upon the observation of an experienced tutor [5].  For instance, the "Concrete Articulation" strategy conducts a dialog based upon the idea of using a concrete instance.  The following dialog is a necessarily-short dialog example of the Concrete Articulation Strategy and was collected as part of Experiment 3:

Tutor: In the marching band there are 7 fewer flute players than drummers.  If the number of drummers is "x", write an expression for the total number of flute players and drummers.

Student: 7-x+x {Correct answer is x+(x-7)}

Tutor: No.  We will come back to the total number of flute players and drummers.  Let me try to break this down for you. Please compute the number of flute players if the number of drummers was 10 drummers? {Note: Ms Lindquist notices that the student computed the number of drummers wrong, so she focuses in on that subgoal.}

Student: 10-7

Tutor: Correct. Now use "x" instead of 10 to again express the number of flute players.

Student: x-7

Tutor: Correct.  Now, lets try this question again:  Please write an expression for the total number of flute players and drummers.

Student: x-7+x

Tutor: Correct.  Let us go onto the next problem.

The experiments reported upon in this paper mainly pertain to the Concrete Articulation Strategy (Experiments 1, 3, 4, & 5), but the Ms Lindquist tutoring system is quite complicated and has several different pedagogical strategies. Please see [6] for more information on Ms Lindquist including other more interesting dialog examples.

The control condition in all of these experiments is to simply tell the student the correct answer if they make a mistake (i.e., "No.  A correct answer is 5m-100.  Please type that.")  If a student does not make an error on a problem, and therefore receives no corrective feedback of any sort, then the student has not participated in either the control condition or the experimental condition for that problem.  In both Experiment 1 and in [5], progression though the curriculum was controlled by mastery learning, whereby a student is given problems until they get some number of problems (usually 2 or 3) correct in a row.  Students then took a posttest.  Experiments 2-5 differ in that there is also a pretest, as well as the fact that we controlled for time on task.  


The Ms. Lindquist's curriculum is composed of 5 sections, starting with relatively easy one-operator problems (i.e., "5x"), and progressing up to problems that need 4 or more mathematical operations to correctly symbolize (i.e., "5x+7*(30-x)").  Few students make it to the 5th section, so the experiments we report on are usually in the first two curriculum sections.  At the beginning of each curriculum section, a tutorial feedback strategy is selected that will be used throughout the section whenever the student needs assistance.   Because of this setup, each student can participate in 5 separate experiments, one for each curriculum section.  We would like to learn which tutorial strategy is most effective for each curriculum section.


Since its inception in September 2000, over 15,000 individuals have logged into the tutoring system via the website, and hundreds of individuals have stuck around long enough (e.g., 30 minutes) to provide potentially useful data.  The systems architecture is such that a user downloads a web page with a Java applet on it, which communicates to a server located at Carnegie Mellon University.  Students’ responses are logged in files for later analysis.  Individuals are asked to identify themselves as either a student, teacher, parent or researcher.  We collect no identifying information from students.  Students are asked to make up a login name that is used to identify them if they return at a later time.  Students are asked to specify how much math background they have. We anticipate that some teachers will log in and pretend to be a student, which will add additional variance to the data we collect thereby making it harder to figure out what strategies are most effective; therefore, we also ask at the end of each curriculum section if we should use their data (i.e., did they get help from a teacher, or are they really not a student).  Such individuals are removed from any analyses.  We recognize that there will probably be more noise in web based experiments due to the fact that individuals will vary far more than would normally occur in individual classroom experiments (Ms. Lindquist is used by many college students trying to brush up on their algebra, as well as student just starting algebra), nevertheless, we believe that there is still the potential for conducting experiments studying student learning.  Even though the variation between individuals will be higher, thus introducing more noise into the data, we will be able to compensate for this by generalizing over a larger number of students than is possible in traditional laboratory studies.


In all of the experiments described below, the items within a curriculum section were randomly chosen from a set of problems for that section (usually 20-40 such problems per section).  The posttest items were fixed (i.e., all students received the same two-item posttest for the first section, as well as the same three-item posttest for the second section, etc.)  We will now present the experiments we performed.  

1: Experiment 1: Motivational Benefits

The first experiment was designed to replicate the results of Heffernan [5], which showed that if the number of problems was controlled for, rather than time on task, students learned more from a dialog with Ms. Lindquist, than if they were simply told the answer.  After collecting data for several months, we analyzed 3800 individual log files.  About 2000 of them did not get beyond the 10-15 minute tutorial, and therefore never began the curriculum.  Another 500 more did not do more than a single problem in the curriculum.
  These groups were dropped from the analysis.


Hundreds of students were thrown out of the analysis if they got the first two problems correct, and therefore did not receive any tutoring.  We were left with 623 student files for analysis. Our goal was to find out which of the tutorial strategies led to the greatest learning. Ms Lindquist was using a mastery-learning algorithm that for the first curriculum section pushed them onto the next section after getting two problems correct in a row.  The results we report on relate to the first curriculum section.  Once a student reached the mastery criterion of two problems correct in a row, the student was given a two-item posttest.


There were three different experimental conditions in this experiment, with each condition being represented by a different tutorial dialog strategy.  The control condition was the one described in the introduction that told students the answer and then went on to do more problems.

1.1 Results for Experiment 1

While doing the analysis for this experiment, we encountered a serious threat to the internal validity of the experiment.  Students that were placed into the control condition used the system for a shorter period of time than those in the control.  This "drop-out" rate was significantly higher in the control condition than in any of the experimental conditions.  Of the 623 individuals analyzed, 47% of the 225 that received the control condition dropped out, while only 28% of the other 398 dropped out.  There was no statistically significant difference between the drop-out rates of the three experimental conditions.  So the fact is that students that were randomly placed in any of the three intelligent dialog conditions choose to persist in solving problems at a much higher rate than those students randomly assigned to the non-intelligent condition that simply told the student the answer.  What is the explanation for this fact?  One explanation is that the intelligent dialogs were simply more novel and captured students’ attention, but that this novelty might easily wear off.  A second explanation is that since the intelligent dialog is closer to what an experienced human does, these dialogs might be perceived by students as more useful, thus explaining why they persisted in tutoring longer.  We certainly have had hundreds of positive comments from students on how surprisingly good Ms Lindquist is as a tutor.  Some students have used the systems for hours at a time, for no academic credit. We conclude that either explanation argues for some sort of motivational benefit, though the first explanation would argue that that benefit might not last long.  We need more studies to find out how long this motivational benefit might last.  

2. Experiment 2: Mr. X, Curriculum Section 1

After Experiment 1, we made several changes to the system including coming up with a way to deal with the drop-out problem, by focusing our analysis only to those students that were using the tutor as part of a class assignment.  A student entering the Ms Lindquist tutoring site was asked if they were students as well as if they were being required to do Ms. Lindquist by their teacher.  If they were being required, they were asked for their teacher's name.  Over a period of a few months, we collected over a hundred such files, most of them from 5 different teachers.  The teacher that sent the largest number of students to the site, whom we will call "Mr. X", sent about 76 students.  We decided to analyze just these students. 

Because we want in insure anonymity of people using the web cite, we know very little about Mr. X (for instance, we don’t have a way to contact him), but we can infer some things.  From the time-stamps on these files, it appears the students used the system during two classes (one on a Monday, and the other a Friday), and did not return to the system for homework (which is possible since it is running over the internet).  Every student clicked on the button indicating they were "In 7th or 8th grade".  Furthermore, it appears that Mr. X’s students were from three different classes.  We can only guess that Mr. X is a math teacher.  This person took three groups of students to a computer lab (as indicated by time stamps), and supervised them while they worked through the tutor.  There is a mechanism for students to request the system to send a progress reports to their teacher, but this facility was used by only a few students, so it seems that Mr. X did not grade his students according to the measures the system provides.  We also have no idea if this teacher was walking around the lab helping students, or even if the teacher was present.  Regardless of whether students were assisted by their teacher
, we have no reason to believe that he would be helping students in the control condition any differently than those students in the experimental condition, so we therefore believe these results are worth considering.  As an experimenter used to conducting studies in classrooms, this sort of information is often important to understand why the experiment turned out the way it did, and of course, it would be nice to have that sort of information for this experiment. 


These results were collected using a slightly different version of the software in which we added a pretest that matched the posttest, thereby allowing us to look at learning gains.  Another change was that this version controlled for time-on-task by giving the posttest after a set period of time (that varied according to the curriculum section but was somewhere between 6 to 15 minutes).  After the posttest, students that had reached the mastery criterion were moved on to the next curriculum section.  The remaining students were given more time to practice until they reached the mastery criterion and were then promoted to the next curriculum section.


We report results from the experiment that was run on the first curriculum section as Experiment 2 and will report the results from the second curriculum section as Experiment 3. There were not enough students who finished the third curriculum section to analyze.  

Table 1. Learning Gain and # Problems Completed within time limit, showing students did not learn much in the first curriculum section.  This appears to be due to ceiling effects.

	
	
	Gain (Pre-Post) in # Probs. (p=.54)
	# Problems Done. (p=.0003)

	
	N
	Mean
	Std.Dev.
	P(Mean=0)
	Mean
	Std.Dev.

	Control
	33
	.121
	.545
	.21
	8.364
	4.656

	Experiment
	29
	.034
	.566
	.75
	4.621
	2.678

	Total
	62
	.081
	.552
	.25
	6.613
	4.267


2.1 Results for Experiment 2


Mr. X had 76 students to begin with.  We excluded 14 of them because they got every practice problem correct, and therefore received no corrective feedback of either the experimental type (engaging in a dialog) or of the control type (being told the answer to type in).  The results are summarized in Table 1.


Not surprisingly, since engaging in a dialog takes more time then simply being told the answer, students in the control condition solved a statistically significant larger number of problems (8.3 problems versus 4.6 problems) in the same period of time.  An ANOVA was performed with condition as an independent variable and number of problems done as the dependent variable (F(1,60)=14.5,p=.0003). 


Unlike Experiment 1, (where there was a confound caused by more drop-outs in the control group) all of Mr. X's students completed the first section.  We refer to the difference between the pretest score and the posttest score as the learning gain.   Between pretest and posttest, a period of time lasting 6.5 minutes, students’ learning gain was an average of .081 problems (which is a 4% gain). This difference was not statistically significant for any of the individual conditions (meaning the hypothesis that the mean was significantly different than zero was not supported), nor overall.  The reason students did not appear to learn in this section is probably due to the fact that students came in already knowing this skill rather well (with 40 of 62 students getting both pretest problems correct).  Given that there is no evidence of learning, it is not surprising that there was no statistically significant effect of condition upon the learning gain. We now turn to the results of the second curriculum section where we will see that there was no problem of students entering with too much knowledge.

3. Experiment 3: Mr. X, Curriculum Section 2

After taking the posttest for the first section, Mr. X's students who had not yet reached mastery were given more practice until they had. Two students did not even get to the second section, due to this requirement.  Once mastery had been reached, students were moved on to Section 2, which gave students practice in writing two-operator expressions like “800-40m”.  The time between pretest and posttest was 10 minutes.  The control condition was the same as in Experiments 1 and 2.  Students in the experimental condition were engaged in dialog (the Concrete Articulation Strategy) while students in the control conditions, if they made an error, were simply told the correct answer and were given a new problem to solve.

3.1 Results for Experiment 3

The problems that students solved during this experiment were harder than those of Experiment 2, as measured by the fact that of the 74 students who completed the posttest, their average score on the three items was 1.07 correct (36% correct).  Therefore there was no potential for a "ceiling effect" as in what happened in Experiment 2.  During the tutoring session, students got 39% of the problems correct on the first try and therefore received tutoring on the remaining 61% of the problems (as already said, those in the control condition were again simply told the answer).


61 of Mr. X's students went on to complete section 2.  Three of them never made any errors so they were dropped from the analysis since they received neither the control nor the experimental feedback.  Unlike Experiment 1, there was no statistically significant difference in drop-out rate due to condition (8 in the control condition did not finish, while 7 in the experimental condition did not finish).  This lack of an interaction between conditions and drop-out rate suggests that the method of looking at students who were required by their teacher to work on Ms. Lindquist appears to be a one way to avoid the confound of differential drop-out rates between conditions.

Table 2. Students learned more even while doing fewer problems.
	
	
	Gain (Pre-Post) in # Probs. (p=.12)
	# Problems Done. (p=.0001)

	
	N
	Mean
	Std.Dev.
	P(Mean=0)
	Mean
	Std.Dev.

	Experiment
	29
	.483
	.688
	.0008
	3.483
	1.902

	Control
	29
	.138
	.953
	.44
	6.897
	3.063

	Total
	58
	.310
	.842
	.007
	5.190
	3.058


Given that time was controlled for, it is not surprising that the average number of problems done differed significantly (p<.001) by condition (Control=6.9 problems, Expreriment=3.5) (See Table 2).

Averaged over both conditions, the average learning gain of 0.31 problems (or 10% for the 3 problem pre-post test) was statistically significant (p<.007 when compared with the null hypotheses of the learning gain being equal to zero).  Interestingly, the learning gain in the control condition was 0.138 problems, while in the experimental condition it was 0.483 problems.  This difference in learning gain between conditions approached statistical significance (F(1,56=2.5),p=.12).  The effect size was a respectable .5 standard deviations. Figure 1 shows that even though students in the experimental condition solved about half as many problems, they learned more while doing so. 
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Figure 1. Students did almost half as many problems in the experimental condition (left), but had higher learning gains (right) between pretest and posttest .

4. Experiment 4 and 5

In February of 2002, the experiment being run on the Ms. Lindquist site was changed to allow for about 30% longer periods of time between pretest and posttest, as well as allowing students that score perfectly on the pretest to skip to the next section.  Between February 2002 and December, the two other teachers that sent the largest number of students to the web site were Mrs. W (41 students) and Mrs. P (57 students). It appears, from the simultaneous time stamps, that the students were probably all brought to a computer lab.

4.1. Experiment 4 Results

After removing those that scored perfectly on the pretest or did not miss a problem in the practice, Mrs. W’s class was left with 27 students to analyze, 16 of which were in the control condition, and 11 in the experimental condition.  The results are summarized in the top half of Table 3.  Students in the control condition had a lower average learning gain, but this effect was not statistically significant (F(1,25)=1.38, p=.25). They also did fewer problems (F(1,25)=2.7, p=11).  

4.2. Experiment 5 Results

Mrs. P’s class was left with 32 students to analyze (See the bottom half of Table 3).  There was no statistically significant difference in the student learning that took place between the two groups (F(1,30)=.13, p=.71).  The control group did twice the number of problems on average F(1,30)=12.0, p=.002).

Table 3. Mrs. W’s and Mrs. P’s students learned the same while doing fewer problems.
	Mrs. W
	
	Gain (Pre-Post) in # Probs. (p=.25)
	# Problems Done. (p=.11)

	
	N
	Mean
	Std.Dev.
	Mean
	Std.Dev.

	Experiment
	11
	.63
	1.0
	6.1
	2.5

	Control
	16
	.25
	.68
	8.1
	3.5

	

	Mrs. P
	
	Gain (Pre-Post) in # Probs. (p=.71)
	# Problems Done. (p=.002)

	
	N
	Mean
	Std.Dev.
	Mean
	Std.Dev.

	Experiment
	17
	.77
	.75
	5.4
	5.7

	Control
	15
	.87
	.83
	12.0
	4.7


5. Discussion: Web Based Experiments

Web based experimentation holds the promise of making it possible to run experiments more efficiently by eliminating the need to supervise these experiments directly (see Birnbaum [2] for a survey of this growing field).  In theory, web experiments can drastically increase the rate of knowledge accumulation, but there are many threats to their validity. Experiment 1 showed that a “self-selection” effect (different drop-out rates between the conditions) is one of the potential threats to internal validity of any between-subjects experiment on the web. Experiments 2 and 3 showed that it is possible to run a valid between-subjects experiment if we take some steps to ensure that the two conditions will have similar completion rates.  Nevertheless, of course, there are still threats to the experiment’s validity that can better be controlled for in a laboratory experiment (i.e., [5]).   For instance, it might have been the case that Mr. X helped the students in the experimental condition more, because they got these more “unusual” dialogs, and that it is this help that explains the group’s higher learning gains. My recommendation to others is that web-based experiments, which can be a good way to cheaply pilot-test systems, should also be used in conjunction with traditional classroom and laboratory experiments.

6. Conclusion

While our research goal was always to build an intelligent tutoring system that resulted in better learning, we were never thought that the best way to get there was to focus on increasing student motivation. Instead we built a system that was able to ask some of the questions that an experienced human tutor asked.  The results of these preliminary experiments suggests that the tutor we built might be good, not because its leads to better leading in the same period of time, but rather because the dialogs help maintain student motivation better because the students learn more per problem without getting as much negative feedback from having to do more problems but with less feedback.  We conclude that Ms. Lindquist is an example of “Less is More” in that students can do a smaller number of problems, but learn more per problem by being engaged in an intelligent dialog.  

Nevertheless, we will not be giving up our attempt to get better learning and motivational gains by re-designing our tutoring system.  What portions of the dialog can be cut or redesigned to keep the high learning rate per problem, but to not use as much time.   We plan to study the hundreds of tutorial transcripts to find places where we can improve the dialog.  It is certainly the case that dialog will only be helpful if it is a good dialog, and we have already found transcript examples that show ways to improve Ms Lindquist.    After trying to improve out tutor, we intend to replicate the experiments we ran online, in a more controlled laboratory setting.  Our long-term goal is to have built an effective tutoring system that is based upon scientific evidence that documents both learning effectiveness as well as motivational gains.  In doing so, we will establish knowledge about student cognition as well as creating an explicit theory of tutoring.
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� Many individuals skip the demonstration, and then realize that this tutor does not address the skills they are interested in, such as symbolic manipulation.  Many students are disappointed that the web site does not allow them to submit their own problems, such as their homework problems.  


� Student might have been helping each other, but the fact that the problems the students saw were randomly ordered helps to mitigate against cheating by making it harder for a student to just copy answers from each other.  





