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Abstract: We explored the effectiveness of interactive simulations on an intelligent tutoring 
system, called AutoTutor.  College students (N=132) were randomly assigned to one of three 
conditions: (1) AutoTutor with simulations, (2) AutoTutor without  simulations, and (3) Monte 
Carlo AutoTutor. A pretest-posttest design was used to measure learning gains.  The findings 
indicate that all versions of AutoTutor were successful in promoting learning.  Although 
differences were not significant among all of the tutor conditions, they were in the predicted 
directions (1>2>3) and condition 1 was significantly better than 3.  Improved simulation dialogues 
and faster display of simulations are expected to enhance learning in future versions of AutoTutor. 

 
 
Background 
 

Learning physics in high school and college is a great challenge for students  and sometimes requires 
advanced cognitive abilities.  Physics contains complex topics which require an understanding of three-dimensional 
dynamics of objects, force vectors, counterintuitive laws, and sometimes theoretical entities that are difficult to 
visualize  (diSessa, 1993; Ploetzner & VanLehn, 1997).  These challenges make it difficult to construct meaningful 
mental representations that are coherently integrated.  The difficulty of performing these cognitive activities requires 
cognitive effort and imposes a large cognitive load on verbal and visual memory systems (Baddeley, 1992).   

Advanced learning technologies offer possible methods of promoting active constructive learning, deeper 
understanding, and reductions in cognitive load.  One notable class of learning technologies is computer simulation. 
Simulations have been considered a valuable tool because they present a visual representation and an animation of 
the mechanisms .  Meaningful learning can occur when learners view concrete simulations of abstract properties of 
physics (e.g., acceleration, gravity, etc.) and can allocate their mental resources to other mental activities, such as 
building coherent connections between components of the system and more accurate mental models.  Simulations 
are potentially more valuable when learners can interact with the system, as opposed to simply observing the 
simulations in action.  Interactive simulations enable students to manipulate parameters of the world, test their 
hypotheses, interpret simulated output, and identify their misconceptions. Therefore, interactive computer 
simulations should help students develop deep reasoning and problem solving skills. 

A number of studies have investigated the effectiveness of simulations during the last two decades, but the 
results from these studies have had conflicting outcomes (Bourque & Carlson, 1987; Choi & Gennaro, 1987; Gorsky 
& Finegold, 1992; Lee, 1999; Michael, 2001; Roberts & Blakeslee, 1996; Zhang, Chen, & Reid, 2000).  In a meta-
analysis of 93 studies 25 years ago, Dekker and Donatti (1981) concluded the evidence of simulation efficacy was 
inconclusive.  However, that study is now dated so the question arises whether more contemporary systems are more 
effective.  There are notable successes, of course.  Some  researchers have reported that computer simulations can 
enhance students’ understanding of scientific concepts and problem solving skills under some conditions (Rivers & 
Vockell, 1987; Woodward, Carnine, & Gernsten, 1988).   

Rieber (1993) has advocated the use of appropriately-designed simulations in the teaching of natural 
sciences and troublesome topics.  If the material is simple and easy to comprehend, there is little or no incremental 
enhancement of learning through interactive simulation.  Strangman, Hall, and Meyer (2003) emphasized three 
aspects of student learning when considering the usefulness of computer simulations: conceptual change, skill 
development, and content area knowledge.  According to their claims, computer simulations were most effective in 
math and science domains.  Simulations were also effective at enabling students to identify and correct 
misconceptions with immediate feedback and outcomes, at developing more accurate scientific and mathematical 



models, at enhancing basic cognitive skills (e.g., reading, problem solving, abstract thinking), and at developing 
complex content area knowledge (e.g., a lake’s food chain, chemical molecules).  Although Strangeman et al. (2003) 
acknowledged computer simulations were a potentially powerful learning technology, they drew conclusions with 
caution because there were serious l imitations of most studies and pervasive problems with research methodologies. 
Some of the limitations included failure to randomize group assignment, absence of control groups, the presence of 
confounding variables, and no pretest to allow comparisons between pre-test and post-test.  Nevertheless, when the 
poorly designed studies were excluded, computer simulations were shown to offer an advantage over more 
traditional instructional experiences.  

The current study attempted to examine the effectiveness of simulations while interacting with AutoTutor, 
an intelligent tutoring system with interactive simulation.  Given that the literature shows mixed results on the value 
of interactive simulation in promoting learning, it was important to document whether AutoTutor’s interactive 
simulation was effective.  One salient advantage of AutoTutor is that it helps learning by holding a conversation in 
natural language.  It is conceivable that this adaptive conversational facility of AutoTutor will help guide the learner 
in using interactive simulation.  In essence, the combination of adaptive natural language dialogue and interactive 
simulation might be a perfect marriage to promote substantial learning gains.   
 
 
AutoTutor 
 

AutoTutor is a learning environment on the Internet that holds a mixed-initiative dialogue with students in 
natural language, with dialogue moves and strategies that human tutors typically use.  Current versions of AutoTutor 
teach conceptual physics, computer literacy and critical thinking to students (Graesser et al., in press; Graesser et al., 
2004; Graesser et al., 1999; Kim et al., 2005; Person et al., 2001).  AutoTutor has an animated talking head with a 
synthesized speech, facial expressions, and gestures.  The agent presents difficult problems that tap into deep 
knowledge, engages the students in complex problem solving through conversations, and helps them actively 
construct knowledge.  AutoTutor evaluation studies for the past five years have demonstrated that AutoTutor is 
successful in enhancing learning with sigma between .4 and 1.5 (Graesser et al., 2004; Person et al., 2001; VanLehn, 
Graesser, et al., 2002). 

It is beyond the scope of this article to describe the computational mechanisms of AutoTutor, but a few 
highlights should convey salient features of the system.  AutoTutor uses Latent Semantic Analysis (LSA) (Foltz, 
Kintsch, & Landauer, 1998; Kintsch 1998; Landauer & Dumais 1997) in its semantic analyzer that helps interpret 
what the student expresses and that guides the construction of dialogue moves to orchestrate a relatively smooth 
conversation.  One of AutoTutor’s dialogue mechanisms is called expectation and misconception dialogue (Graesser, 
Hu, & McNamara, 2005).  For a particular problem, ideal answers (i.e., expectations) and wrong answers (i.e., 
misconceptions) are stored in AutoTutor’s curriculum script that is generated by domain experts.  LSA is used to 
compare student input to every expectation and misconception in the curriculum script, to determine if student input 
covers the list of expectations and misconceptions, and then to select what AutoTutor will say next in response to 
the student input.  

Recently AutoTutor incorporated interactive simulations into its learning environments (Graesser et al., 
2004; Kim et al., 2005).  Students are presented with 3-D simulations in which the students are allowed to 
manipulate a set of parameters (e.g., speed and mass of objects) to alter the simulations, to test their hypotheses , and 
to find solutions to a given problem.  The simulations are presented to the student only when he/she does not 
understand the problem well.  Moreover,  while interacting with simulations, the student’s verbal expressions are 
carefully monitored and its corresponding tutorial dialogue is composed in a fashion that scaffolds the learning 
process.  In other words, AutoTutor generates dialogue moves that are adaptive to the student’s  manipulations 
within the simulations. 
 
 
The Present Study 
 

The present study focused on the effectiveness of simulations and adaptive dialogues in AutoTutor.  The 
version of AutoTutor we used in the study taught students Newtonian physics.  There were three tutor conditions: 
(1) AutoTutor with interactive simulations, (2) the normal AutoTutor with conversation that are sensitive to LSA 
modules, and (3) AutoTutor with conversation that randomly generates dialogue movers that are relevant to a 
particular expectation without consideration of LSA (i.e., Monte Carlo AutoTutor).  AutoTutor with conversation 



generated by LSA (Normal AutoTutor) implemented the LSA component that senses and adapts to the knowledge 
and contributions of the students.  AutoTutor with interactive simulations (Simulation AutoTutor) also used LSA to 
adapt the conversation to individual students, but also included interactive simulations and associated dialogues.   
Monte Carlo AutoTutor was the same as the Normal AutoTutor except that the selection of the dialogue moves was 
not sensitive to the learners’ knowledge.  Instead, thousands of dialogue patterns were collected and analyzed from 
previous AutoTutor evaluation studies in which AutoTutor used LSA in the normal way.  The Monte Carlo 
approximation of LSA used the statistical distribution of these dialogue patterns to select randomly the response to 
student input.  In essence, the same distribution of dialogue moves was presented to the group of subjects in both the 
Normal and Monte Carlo conditions, except that learners in the Monte Carlo condition did not receive dialogue 
moves that were sensitive to their knowledge states.   

The present study compared the three AutoTutor conditions in order to examine the effect of LSA-based 
user modeling and simulations on learning.  If Normal AutoTutor produces significantly larger learning gains than 
Monte Carlo AutoTutor, then we can conclude that user modeling is an important component of AutoTutor’s one-
on-one conversational interaction.  If Simulation AutoTutor produces larger learning gains than Normal AutoTutor, 
then interactive simulations are useful educational techniques for teaching physics in computer-based learning 
environments. 
 
 
Methods 
 

There were two experiments.  In Experiment 1, 132 students  at Rhodes College were paid to participate. 
There were three phases : a pre-testing phase, a learning phase, and a post-testing phase.  During the pre-test, the 
participants were instructed to complete 26 multiple choice questions developed by VanLehn et al. (2005) and a 
demographics survey.  During the learning phase, the participants were randomly assigned to one of the three 
versions of AutoTutor, interacted with one of them and attempted to solve four problems in Newtonian physics. 
During the post-test, the participants filled out a different set of 26 multiple-choice questions and a user perception 
survey.  There were two versions of the test, such that the post-test was counterbalanced with pretest.  The 
participants spent approximately two hours to complete the experiment.  In Experiment 2, 95 students at the 
University of Memphis and Rhodes College participated in the study.  The procedure of study 2 was identical to that 
of study 1, except that there was no Monte Carlo condition.  We did not include Monte Carlo condition in 
Experiment 2 because in the previous experiment, the Monte Carlo version did not produce as good performance 
scores as Normal AutoTutor and Simulation AutoTutor. 
 
 
Results and Discussion 
 

The three different tutors (Normal, Simulation, vs. Monte Carlo) were compared on four outcome 
measures: pre-test, post-test, learning gains, and effect size.  The pre - and post-test scores were proportion scores, 
consisting of the proportion of items answered correctly out of 26 questions.  We calculated the learning gains by 
subtracting the pre-test proportion from the post-test proportion.  Effect size was computed by subtracting a pretest 
mean score from a posttest mean score and dividing it by the standard deviation of the pretest score.    

When we examined the pre-test scores, there were no significant differences among the tutoring conditions. 
That is, all the participants across the conditions started on an even playing field.  When we examined learning gains, 
we found that all the versions of AutoTutor produced significant learning gains; posttest scores (M =.60, SD =.18) 
were significantly better than pretest scores (M = .46, SD = .19), F(1, 129) = 141.17, p < .001.  Although there was 
no overall significant effect of tutoring conditions on learning gains, the data trend did support the predictions, with 
learning gains (post – pre) of .17, .15, and .12 in the Simulation, Normal, and Monte Carlo versions, respectively.   
The effect sizes also reflected the predicted trend: Simulation (d =.94) > Normal (d =.75) > Monte Carlo (d =.60). 

We further analyzed the data by examining the middle 50% of the students whose pretest scores were 
greater than .3 and less than .55.  We wanted to examine AutoTutor effects for these middle participants because 
they may have been the most malleable to effects of learning methods.  There was indeed a trend showed that the 
middle participants performed significantly better with Simulation than with Monte Carlo and Normal AutoTutor.  
The Simulation condition therefore was the most effective of all for the middle participants. 

We divided the participants into high and low prior knowledge using a median split (.42) on the pretest 
scores . A 3 (three tutor conditions) x 2 (low vs. high knowledge) ANOVA was conducted on learning gains. 



Although a significant main effect was found on domain knowledge, with high-ability students scoring better than 
low-ability students  on simple learning gains [F(1, 126) = 17.42, p < .001], no other significant effects were found.  

In study 2, we compared the two different AutoTutor conditions on learning gains.  Overall, we found that 
both AutoTutor versions produced significant learning gains.  The posttest scores (M =.56, SD =.19) were 
significantly greater than pretest scores (M = .39, SD = .20), F(1, 93) = 87.73, p < .001.  However, there were no 
significant simulation effects.  Effect sizes revealed that Normal AutoTutor produced higher performance 
improvement (d = 1.19) than Simulation AutoTutor (d = .75).  However, because the students who dropped out of 
the Simulation condition were low-ability students , students in the Simulation condition started out with higher 
pretest scores.  So the trend is not reliable and these results are difficult to interpret.   
 
 
Conclusions  
 

It is noteworthy that all of the three versions of AutoTutor produced significant learning gains.  However, 
we did not consistently find overall significant effects with the presence of computer simulations.  This result is not 
surprising because mixed results for simulation efficacy have been a common finding throughout simulation 
literature, as reported in the Introduction.   

We have speculated why we did not find a simulation effect.  One potential problem might be that during 
the experiment, some students who learned using the simulations showed frustration and fatigue at a sometimes 
slow display of simulations and the continuous questions generated by the tutor.  Learning gains were significant 
with these simulations, in spite of these problems.  Moreover, the Simulation versions were better than the Monte 
Carlo AutoTutor that did not have LSA-based student modeling (at least for students with intermediate level of 
knowledge).    

We are currently in the process of revising the simulation dialogues and improving the simulation 
environments.  In the revised version, simulation dialogues are much more succinct and context -sensitive.  The 
simulation introductions have been shortened and redundancy has been reduced.  Improved simulation dialogues and 
a faster display of simulations will hopefully help AutoTutor produce deeper learning of abstract physics concepts.  
If successful, AutoTutor’s interactive simulations will serve as a new medium for creating an immersive 
environment with visual embodiment of physics principles.  
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