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Abstract

This research involved the design and develbpment of a physics knowledge base
which allows an intelligent tutoring system, ANDES', to more effectively assist students in
physics problem-solving.

ANDES is an Office of Naval Research funded collaborative effort between the U. S.
Naval Academy and the Learning Research and Development Center at the University of
Pittsburgh. The system tutors Newtonian physics via coached problem-solving, a method
of teaching cognitive skills where the tutor and the student work together to solve problems.

The knowledge base developed in this project provides the physics backbone for the rest
of the tutoring system by generating the necessary equations and solution graphs to solve
selected angular motion physics problems. These mathematical outputs are used by other
ANDES components to provide help to the students in a variety of ways. In order for
ANDES to be an effective tutoring system, the knowledge base developed had to fulfill
certain criteria. It needed to model a teacher's approach to problem-solving using planning
and decision-making strategies to find the solution path efficiently. It also had to be robust
enough to generate several solution paths for problems that have more than one possible
solution method.

Since this research was the first attempt to develop a knowledge base for the angular
motion area of physics, encoding these concepts presented unique challenges. For example,
the concept of normal force which is easily understood in the classic “object on top of a
surface problem” becomes more difficult in the classic “roller coaster at the top of a loop”
problem. However. both visualizations had to be modeled by the same implementation. The
knowledge base designed and developed in this project successfully accomplished this

modeling and is presently being incorporated into the larger ANDES project.
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1. Literature Review

The computer has significant potential for use as a tool to aid in learning. It not only
has great number-crunching ability, but by virtue of the way thét a process is represented in
a computer's memory, it can naturally keep track of the actions used to carry out a task
(Collins and Brown 1990). If the computer can encode the problem-solving process of an
expert in a given field, it can compare a student's progress towards finding a solution to the
expert's problem-solving method in generating the same solution. By showing a student a
comparison between his approach to a problem and that of an expert's problem-solving
method, the computer can tutor students in almost any field. This type of tutoring is
frequently called model tracing tutoring.

Model tracing tutoring, pioneered by John Anderson and his colleagues at Carnegie-
Mellon University, is one of the best existing approaches to intelligent tutoring (Anderson,
et al. 1995). In its simplest form, a model tracing tutor contains a cognitive model that is
capable of correctly solving any problem assigned to the student. The model arrives at the
correct answer using only a correct sequence of steps. Moreover, the tutor plans the solution
prior to actually solving the problem.

Model tracing tutors employ a technique known as coached problem-solving, where
a tutor and a student solve problems together. At times. the coach simply watches in support
as the student solves the problem, indicating at each step whether the student is correct or
not. For difficult sections of the problem, however, the coach leads the student through the
problem step-by-step, using the same methods the student should use on his own. This is
known as modeling the cognitive processes that the student is trying to learn. Throughout
this process, the tutor and student remain focused on the overall goal of solving the problem.

In a cognitive model, being able to represent the expert's approach to solving a
problem in the subject matter is an essential part of a model tracing tutor. In order to be
effective, the knowledge that the expert uses to find the solution must be available for the
tutoring system to employ in a similar manner. If a computer uses its computational ability,
rather than the concept-directed approach of a subject expert, such a process trace would be

useless to a student in learning how to solve the problem himself. This type of approach,




5

known as a "black box" methodology, is useful in other situations, where keeping track of
the steps taken to find the solution is unimportant. A computer can take advantage of
methods that are potentially more efficient than the human problem-solving method. Fora
computer tutor, however, the path to a solution is at least as important as the solution itself,
and so it employs a "glass box" methodology. The reasoning and conceptual explanation
behind each step in the problem's solution can be explained to the student.

A knowledge base is the set of representations that the computer uses to construct a
cognitive model of the expert's approach, generally rules concerning facts about the task
domain and plans on how to obtain specific goals. These rules generally take the form of an
“if-then” statement; if certain conditions are true in the problem space, then either more facts
are known about the problem or more goals along the solution path can be set. These rules
in the knowledge base can be divided into three basic categories. Rules in the first category
are those that cannot be proven by experiments or logic. but are simply arbitrary rules. An
example rule of this type would be, “If you want to write a C program, set the goal of
entering “int main (void).” This is simply the correct syntax for a C program; no other
explanation is necessary or possible. Rules of the second type are true by assumption;
examples from an algebraic equation solving tutor would include rules for the distributive
Jaw or the commutative law that are based on fundamental postulates of mathematics
(Schulze 1989). Tutors up to this point have primarily used these two type of rules. Rules
that are based on scientific knowledge and have a conceptual explémation make up the final
category. An example from a physics knowledge base would be, “If an object is resting on
a surface, that surface exerts a normal force on the object.” The truth of these rules is not
always readily apparent to the students. The task domain being modeled is the main source
for determining the type of rules contained in the knowledge base. For example, a C tutor's
knowledge base would consist mainly of arbitrary rules that deal with the correct syntax of
a C program.

Because a tutor's main goal is to help the student work through the given problem,
the system's knowledge base is concerned primarily with procedural knowledge and facts that

represent a cognitive skill. A cognitive skill is primarily comprised of units of goal-related
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knowledge. Cognitive skill acquisition is the formulation of “production rules” relating task
goals to actions and consequences. These production rules have several defining
characteristics. They are procedural in that they set forth an action to be carried out as part
of task completion. The rules are abstract and applicable to many different situations; they
are problem-independent. These production rules are also goal-related, directed so that they
fit into an overall strategy for solving problems. These production rules are collectively
known as the procedural knowledge of a task domain.

Declarative knowledge (i.e., knowing the concepts of a subject matter) should be
distinguished from procedural knowledge (i.e., the ability to use the concepts of a subject to
solve problems). Declarative knowledge is goal-independent. Developing cognitive skills
involves converting declared knowledge into production rules. It consists of making the
leép, forexample, from knowing the Pythagorean theorem in geometry, to using that theorem
to find the length of a right triangle's side. The applications and possible uses of the
declarative knowledge in a task domain are often numerous and varied. If all domain
knowledge were represented through procedural rules, each piece of knowledge would have
to be represented separately in each different way that it could be used. Similarly, if all
knowledge were encoded in declarative structures, interpreting everything would be very
inefficient and place an immense burden on the working memory of an intelligent tutoring
system (ITS). An efficient knowledge base should be balanced between declarative and
procedural knowledge.

The process of building a knowledge base is called knowledge engineering. An
effective knowledge engineer should be trained in the representation of rules for
implementation of the knowledge base (whether it be English rules, LISP statements, etc.)
The knowledge engineer must also comprehend enough of the task domain to represent the
important objects and relationships. He need not be an expert in the subject matter.
However, the knowledge engineer will usually interview domain experts to learn about the
domain and to extract the required knowledge. This process may be necessary for the

creation of the formal representations of the domain knowledge.
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The knowledge engineering process can be divided into three main steps. First, the
decision must be made as to which facts and objects need to be covered in the knowledge
base and which can be ignored. If building a knowledge base about cars, one might want to
pay attention to such attributes as car weight and engine size, but ignore price and
manufacturer. Next, the knowledge engineer must decide on a vocabulary of constants,
variables, functions, and predicates for his production rules. This translates important
domain-level concepts into names used in the knowledge base implementation. In so doing,
one creates the templates that determine how information about objects is encoded; this is
known as the ontology of the domain. The concept of a car door, for example, might be |
represented as having attributes such as color, weight, number of hinges, and so oh. A
pick-up truck door might have different attributes, but would still be represented by the same
basic concept as a car door. The tailgate of a truck, however, may or may not be able to be
represented using the same attributes as a door. These decisions affect the functionality of
the knowledge base and the relationships that inherently exist between domain's concepts.
Having a good ontology, or method of expression of facts about the domain, generally means
that few general rules need to be specified. This ontology must be sufficient to differentiate
between the basic concepts of a task domain, but not so rigid as to distinguish between ideas
that need not be separated. A physics knowledge base would probably have different
templates for scalars and vectors, for example, buta fundamental distinction between a force
vector and a velocity vector would most likely be extraneous.

Once this framework has been determined, the knowledge engineer can move on to
the third step: encoding general knowledge about the domain. This involves formalizing the
interrelationships between objects and declaring the factual knowledge of the domain. An
effective knowledge base contains statements that are logically self-contained and
independent of context; this contrasts with the functionality of a normal programming
statement, which depends heavily on its context. For these reasons, a knowledge base's
“code” does not resemble that of a typical program. The order of statements/rules 1s
irrelevant: a rule that sets a goal or asserts a fact in the problem space relies on its

preconditions, not on its physical location in the code, to know when to execute. With a
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knowledge base constructed such that it can solve the necessary problems of the task domain,
one can now look at how the ITS uses this expert cognitive model to help students learn.

Cognitive skill acquisition consists of three phases. It starts with a beginning period
during which students acquire initial knowledge of the skill, usually by reading descriptions
of it. They do not actually try to solve problems during this relatively short stage. The
middle phase consists of learning how to solve problems using the knowledge encountered
in the first phase. This application phase often lasts a long time. Students frequently need
considerable help at the beginning of this stage, and refer to the textbook, examples, teachers,
peers, or other sources of information about the skill. By the end of this phase, they can
solve most problems without help. Occasionally, a third phase occurs wherein students who
can already perform the task continue to practice it until it becomes nearly automatic. During
this 'phase, their speed and accuracy continue to increase, but show diminishing returns as
time passes (Siegler and Jenkins 1989).

Coached problem-solving is focused on the intermediate phase of cognitive skill
acquisition, where the student acquires predominantly procedural knowledge. This is
because the learning of declarative knowledge, phase one, is generally aséumed to be
problem-free. This acquisition of declarative knowledge occurs in situations where students
learn, either by listening to a lecture, watching a video. reading a book, or similar activities.
By itself, though, this declarative knowledge is considered inert and of limited use. Student
must also learn how to use this knowledge to solve problems. Design of computer tutoring
systems is based on the assumption that students are acquiring declarative knowledge from
other sources: the tutors provide an environment for exercising this knowledge and acquiring
and strengthening procedural knowledge.

VanLehn (1995a) theorizes that an ITS stimulates learning by triggering "rule
learning events", which interrupt the main process. In his study, the main process was either
example-studying or problem-solving. During a rule learning event, a student formulates a
new rule about the subject matter or revises a previously existing rule. These events are

frequently the result of impasses, where a student's current level of knowledge is insufficient
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to get him to the next step in the problem solution, or some other manifestation of incomplete
or incorrect knowledge.

These impasses, the events in which a problem solver gets stuck, occur because he
has no operator for achieving the current goal or no means of selecting between several
applicable operators (Newell 1990). Forexample, one student believed that mass and weight
were the same thing, but was unwilling to make this inference on a problem that gave the
students the mass of a space traveler and asked them to calculate her weight on various
planets. If she applied her "mass-is-weight" rule to this problem, all the answers would be
the same as the given mass. The student refused to believe a problem could have such a
trivial solution, so she reached an impasse and sought another relationship between weight
and mass. In another example, a student drew a force diagram of a stationary block, but
incorrectly left out the normal force between the table and the block. The conflict between
a stationary block (i.e., no acceleration) and unbalanced forces placed the student at an
impasse, and he proceeded only after reading the textbook, learning the "normal force" rule,
and correcting his force diagram (VanLehn 1995). These impasses take many different
forms, but create similar situations for the student in which their current knowledge does not
allow them to solve the problem at hand.

An ITS on a subject matter such as physics contains a significant number of
concept-based rules and should be able to explain the concepts behind its rules in order to
be a more effective tutor. Because the coached problem-solving approach limits the activity
to solving problems, providing help with the non-arbitrary rules of a subject matter goes
beyond the capabilities of a model tracing tutor. This is similar to human tutors, even in
procedural task domains such as LISP coding, who interrupt coached problem-solving with

" discussions about the concepts of the subject matter (Anderson, et. al. 1985).

One way to eliminate misunderstandings from a student's representation of the subject
matter is to provide qualitative problems as well as quantitative ones. In the example of a
physics tutor. a student could conceivably be successful in a physics course by having a

strong background in algebra and memorizing the necessary physics equations. Such a
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student would retain many of the misconceptions about physics with which he entered the
course.

The ITS must also decide what type of feedback to give the student and when to do
so. Model-tracing tutors are capable of providing immediate feedback. As the studentsolves
the problem step-by-step, the tutor can agree and tell the student to proceed if his input
matches the expert model, or tell the student to try again if he has made an incorrect input.
There is evidence that immediate feedback of errors is very effective, because it is easy for
the student to localize the mental step that led to the error and identify the discrepancy in his
knowledge (Mitrovic and Djordjevic 1995). Used incorrectly, though, immediate feedback
can become a crutch for the student's problem-solving ability. There is evidence that a
certain load must be placed on the student in order for learning to occur and too much help
can interfere with learning (Stern et al. 1989).

One way to help determine when and how to provide feedback is to maintain a
student model, keeping track of what he does and does not know about the task domain.
Information useful to constructing a student cognitive model is available from a variety of
sources. Explicit questionnaires about the student's previous experience with the subject
matter, related courses taken, and so on. can provide some initial information. But the bulk
of a model of the student's understanding and knowledge about the task domain is created
and updated dynamically (Conati, Gertner, VanLehn, and Druzdel 1997). AnITS analyzes
the steps that a student takes to solve a problem, the mistakes that he makes, and the help the
student explicitly requests. All these provide clues about his knowledge concerning the task
domain.

In an ITS, this student cognitive model is typically implemented using probabilities
related to a knowledge network. In this structure, the domain of the network is a collection
of topics, and each node represents some piece of conceptual or skill knowledge which the
student should eventually learn. This network structure that represents the task domain is
also useful in other ways beyond student modeling. For example, this type of knowledge
representation is used in adaptive testing, which uses knowledge interdependencies to choose

test items that most quickly differentiate between a student's mastery or non-mastery of the
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selected topics. For an ITS, however. this domain representation is typically utilized only
as part of a student modeler. In the knowledge network of interrelated topics, a factor which
represents the probability that the student knows this piece of knowledge is bound to each
topic. This is known as a belief or Bayesian network. Many interrelationships exist between
these pieces; often a particular concept or skill is a prerequisite of a more advanced topic.
For instance, a student must understand the concept of multiplication before moving on to
study the topic of exponents. This is just one of the many interrelationships that typically
exist between pieces of knowledge in a task domain. These relationships become important
both for modeling student beliefs at a particular point in time and for determining how to
adjust the probabilities of those beliefs overa time period. The adjustment of the probability
at one node usually propagates through the network, causing an adjustment to the student
knowledge probability in several other nodes. If a student successfully solves a problem
involving exponents, this reinforces the belief that he understands exponents themselves, and
also multiplication as a sub-skill.

This type of dynamic network models a "snapshot” of the student's knowledge. It
does not keep track of the evolution itself. or a history of the development or acquisition of
such knowledge. Such an analysis may be useful, but is not carried out by the student
modeler in an ITS. Analyzing the learning trends of a group of students, for example, might
highlight specific concepts in the task domain that deserve more attention in the curriculum
and classroom. However. the usage of this historical data is beyond the scope of an ITS.

In ordinary belief networks, it is assumed that the properties of the external world
modeled by the network are unchanging. Even though the student may gather information
from the situation which causes the network to modify its measures of belief about items in
that environment, those items remain either true or false. Such a belief network might be
used to examine medical data on a hospital patient, for example, and based on its analyses
generate a list of possible diseases or ailments that the patient might have. Belief networks
used as student modelers are unique in that the domain they are modeling (i.e., the student's

proficiency with and knowledge about the task domain's topics) changes over time.
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Coached problem-solving pairs well with this type of student-modeling. Problem-
solving consists of a sequential application of several different concepts and skills on the way
to a solution. Coached problem-solving tracks the student's steps in the process, examining
each one for correctness, rather than checking only his answer. In this way, the student
modeler can more easily determine the reasoning that the student is applying to solve the
problem. Looking only at a student's final response is not sufficient, since several different
types of conceptual errors can result in the same incorrect answer. The coached problem
solver, however, allows the belief network to make more fine-grained updates on its mode]
of the student's knowledge.

The student model can also be used by the ITS to determine what type of help to give
the student. The more proficient a student is at the skill being exercised the more subtle the
tutor's hint. A good student may simply be instructed to re-examine his answer, while a
student having a considerable amount of difficulty will be presented with a more obvious
hint--to consult a specific theorem, for example. This is superior to requiring students to
wade through several levels of hints before being presented with material that is appropriate
to their level of knowledge (Lajoie ]993).

The tutor can also guide the student in practicing good study habits. Good students
often use different techniques when studying, rather than just studying longer hours than their
lower-scoring counterparts. An instance of such a technique occurs when a student explains
an example in the textbook to himself. stepping through it and explaining each line of the
sblution to himself. Students who use examples in this way have been found to profit more
from example studying than those who read through it in a cursory manner knowing that the
example will always be available for reference if necessary (Chi et. al. 1989). VanLehn and
colleagues analyzed another naturally occurring studying strategy related to example problem
usage(VanLehn, et. al. 1992). When working through problems, some students recognize
that the current problem is similar to a previous problem or example, but do not immediately
refer to this precedent. Instead, they use this example only if they reach an impasse while

working the current problem. These students learned more during problem-solving than
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those who referred to the example as soon as they noticed its relevance and continually used
it as they worked on the current problem.

An ITS can help foster good studying practices. To encourage such strategies as
those mentioned above, the tutor would show its work 'through a step-by-step example,
revealing to the student the reasoning and principles behind each step of the solution process.
It would prevent the student from using the example as a crutch, constantly referring to it
without trying to figure out what to do next. There is promising evidence that studying
strategies such as these can be effectively taught (B.ielaczyc, et. al. 1994). Ideally, learning
strategies acquired while using an ITS will be applicable to areas beyond the current subject
matter. These learned strategies should help the student learn'how to learn, as well as
instructing in the task domain. This process of acquiring better studying strategies is known
as meta learning (VanLehn 1996b).

In conclusion, ITSs may be capable of more effective tutoring by extending the
capabilities of current model tracing tutors. An ideal ITS would intersperse example
studying and problem-solving, which more closely resembles the teaching methods of human
tutors. It would provide focused feedback, based on the current problem, and on the student's
level of proficiency. This ideal ITS would also help encourage conceptual and meta learning,
rather than solely stimulating procedural knowledge acquisition. The ITS's knowledge base
would be flexible enough to allow students to pursue any correct path, rather than restricting
them to the one that the tutor recognizes. The ideal ITS would provide human teachers with

another asset to help them instruct students.
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I1. Overview of the ANDES System

ANDES is an intelligent tutoring system that teaches Newtonian physics via coached
problem-solving (VanLehn, 1996b, Conati, et al., 1997, Conati, et. al., 1997, Gertner, et. al.,
in press, Schulze, et. al., 1998), a method of teaching cognitive skills where the tutor and the
student work collaboratively to solve problems. In coached problem-solving, the initiative
in the interactions between the student and the tutor changes as progress is being made. The
tutor simply indicates agreement as long as the student is proceeding along a correct solution
path. When the student stumbles with a portion of the problem, the tutor provides tailored
hints to lead the student back in the correct direction. In this setting, the critical issue for the
tutor is interpreting the student’s actions and the line of reasoning the student is using. To
perform this task the tutor needs a model of the problem-solving process the student is
attempting to produce.

ANDES has a modular architecture composed of a graphical Workbench with which
the student solves physics problems, an Assessor that maintains a probabilistic model of the
student’s knowledge and goals over time, an Action Interpreter that provides immediate
feedback to student actions, a Help System that provides procedural and conceptual help, and
a Problem Solver that plans and generates the solutions to the problems.

The ANDES project is an on-going collaboration between the United States Naval
Academy and the Learning Research and Development Center at the University of
Pittsburgh. Between the two sites, there are approximately ten researchers and programmers
involved in the project. The researchers at the Naval Academy are developing the Problem
Solver while the faculty researchers and graduate students at the University of Pittsburgh are
developing the Workbench, Assessor. Action Interpreter, and Help System modules.
ANDES is implemented in Allegro Common Lisp, CLIPS, and Microsoft Visual C++ona
Pentium PC running Windows 95.

ANDES represents the solutions to physics problems in a graphical structure called
a ‘solution graph’. The nodes in the solution graph represent three different kinds of
information: 1) problem-specific knowledge (e.g. Block A is on the table.), 2) general

physics knowledge (e.g. If an object is near a planet, the planet exerts a gravitational force
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on the object.), and 3) strategic and procedural knowledge about how to solve physics.
problems (e.g. If you are looking for the total force acting on an object, try applying
Newton’s second law to that object.). The dependencies between these different kinds of
information are represented by links in the solution graph structure. A list of facts and
equations necessary for each physics problem the students will solve is generated by a rule-
based Problem Solver prior to his solving the problem. This information is then used as
input to a graph generating program that produces the solution graph used by ANDES.

The remainder of this section narrates a walkthrough of the workbench, the portion
of ANDES that interacts with the student. It describes the different components the student
can use, and provides a feel for how the behind-the-scenes actions of the physics knowledge
base help the student to learn physics in various ways. |

ANDES runs as an application in a Microsoft Windows environment. As such, many
of its basic operations, e.g. resizing/minimizing windows, opening files, accessing pull-down
menus, etc., are performed in the safne way as in any other Windows application. This
provides a familiar “look and feel” to ANDES and promotes ease of use for the student.
Upon starting the program, the student can log into the system. This allows ANDES to save
data about each student from session to session and permits multiple students to use the same
terminal at different times. After logging in, the student can choose to work on a problem,
study an example, or view ANDES help topics. Since the physics knowledge base developed
during this research is involved only with problem-solving, this walkthrough will concentrate
on that portion of ANDES.

After choosing to solve a problem, the student selects and opens it using a file dialog
box which automatically appears. At this point. the problem-solving interface, or
workbench. opens (See Figure 1.). It includes a toolbar along the left border containing the
various drawing tools needed for the construction of a free body diagram, the problem
display, a drawing area, a variable window, and an a equation window. The workbench also
has various pull-down menus, and scroll bars that allow the student to change the relative

size of each piece of the workbench.
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Figure 1. A view of ANDES Workbench.




17

The drawing tools available for student use operate similarly to those found in an art
application. For example, with the vector tool selected, a student (when using the mouse in
the free body diagram (FBD) drawing area) can click the left mouse button to place the tail
of the vector, and releases it to place the head of the vector. Once the vector is drawn, a
dialog box appears that the student uses to define attributes of this vector. The student
assigns it a variable name, determines which body it is applied to, and at what time the vector
exists. The student can also change the orientation (direction) of the vector by typing in the
correct angle for the vector if it is drawn incorrectly. Other tools act in a similar way, each
with a specific type of dialog box that appears to define the newly-drawn object.

Once a student adds an object to the free body diagram, its variable shows up in the
variable box. along with a description of the variable, and a check-mark or X. For instance,
after defining a mass “m" for a meter stick, “m = mass of meter stick” appears along with a
check mark. The marks are used to provide visual feedback (green = correct and red =
incorrect) to the student as to whether the defined variable is necessary for the problem’s
solution. The knowledge base produces a set of variables that are used in the correct problem
solution: the student’s variable is compared against this list to decide if the student’s variable
deserves a green or red X. This stored list does not determine what the variables should be
named, but what the variables should define. It also creates a one-to-one mapping between
" the variables the student is using and the corresponding variable name the knowledge base
generated. In this example, the list would contain “mass of meter stick” rather than “m” as
the part to be matched to the student’s variable and it would be associated with the system’s
internal variable name “mass_b1_exangl_1-1".

The pull-down menus located at to top of the workbench allow the student to perform
many of these same tasks in different ways, and also access other options. For instance, the
student can also use the “Variable” pull-down menu to define variables, or to alter the
properties of a variable that he has already defined. This method is also used to define
variables that represent undrawn parts of the problem, such as a time interval. The “Edit”
pull-down menu facilitates the familiar cut/copy/paste operations found in a wide variety of

other Windows applications. The student can also choose which toolbars are visible, save
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an altered version of the problem so that he can continue work later, view help on using the
workbench, etc. There is also a help tool that can be selected and used to display help on a
certain facet of the workbench depending on where the student clicks the tool.

Once the student has defined a variable, it can be used in equations entered in the
equation window. The student’s equations turn red or green to indicate error or correctness.
The student’s equations are matched against a set of equations that are derived from the
output of the Problem Solver. First, the algebraic manipulator takes the equations generated
by the knowledge base and determines all the possible “rearrangements”. For example, if
the knowledge base output contains “F =m * a”, then “m =F/a” and “a=F/m” would also
be acceptable. ANDES’s equations are in prefix notation so the algebraic processor
manipulates the student’s equation into canonical form and then matches it against the ones
in the set of possible equations it has generated. The variables in the knowledge base
equations are more complex than indicated above since they also denote their associated
body, axes and method, as well as the time during which they exist.

Within the equation area is a “Calculator” button that pulls up the Windows
calculator application. The student can perform mathematical operations and cut and paste
the answers from “number-crunching’ directly into the equation boxes. When the student
has determined the final answer, he types it into the “Answer” text box in the problem
display area. Once again, this answer will turn green or red to indicate correctness or
otherwise. |

Throughout the entire process of drawing a diagram, defining variables, and entering
equations. another source of help is available to the student. Right-clicking on any drawn
object, variable, or equation summons a pop-up menu which provides several options to the
student. For an object in the FBD, the student can change its properties, delete it, duplicate
it, or perform other similar options. If the student has clicked on an answer that is red
(i