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The modeling instruction pedagogy for the teaching of physics has been proven to be quite effective at
increasing the conceptual understanding and problem-solving abilities of students to a much greater extent than
that of nonmodeling students. Little research has been conducted concerning the cognitive and metacognitive
skills that modeling students develop that allow for these increases. Two studies were designed to answer the
following question: In what ways do the knowledge structures, metacognitive skills, and problem-solving
abilities differ between modeling and nonmodeling students? In study 1, the knowledge structures developed
by two groups of high school physics students taught using differing pedagogies �modeling instruction in
physics and traditional methods� were determined using a card-sort task. The student’s knowledge structures
were then correlated with the scores they obtained on two measures: the force concept inventory �FCI� and a
problem-solving task �PS task� developed for this study. The modeling students had a more expertlike knowl-
edge structure, while the nonmodeling students produced structures that were novicelike. In addition, the expert
score correlated highly with performance on both the FCI and PS task scores demonstrating that a higher expert
score predicted a higher value on each of these measures while a higher surface feature score predicted a lower
score on both of these measures. In study 2, a verbal protocol design allowed for a detailed study of the
problem-solving and metacognitive skills utilized by the two groups. It was determined that the skills utilized
by the modeling instruction students were more expertlike. In addition, the modeling students produced sig-
nificantly fewer physics errors while catching and repairing a greater percentage of their errors.
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I. INTRODUCTION

Modeling instruction in physics is a high school physics
pedagogy that is built on the premise that active engagement
is necessary and as such it is constructivist based.1 The effi-
cacy of modeling instruction has been demonstrated in a
number of studies using the force concept inventory �FCI�
and the mechanics baseline test �MBT�.2–5 Prior research has
shown that a stronger knowledge base as measured by the
FCI is correlated with problem-solving performance as mea-
sured by the MBT.2–4 These positive results led the Depart-
ment of Education to recognize the pedagogy as an exem-
plary program in science education in 2001.

In modeling instruction students are taught to organize
knowledge in terms of basic physics models �e.g., constant
velocity, constant acceleration, etc.� developed by the stu-
dents using data obtained in paradigm laboratories. Different
representations �graphical, verbal, algebraic, and diagram-
matic� are associated with the models during development.
For example, the algebraic representation for the constant
velocity model would be

x� f = v��t + x�i.

The graphical representation would include position time and
velocity time graphs, while the diagrammatic representation
would include motion maps. As shown in Fig. 1, a motion
map shows the location and motion of an object at specific
time periods. In addition, students are taught to associate
appropriate solution procedures to each model. This coherent
organization should allow students to easily identify classes
of physics problems and to apply the associated solution pro-
cedures. It was demonstrated that novice students’ knowl-

edge was fragmented and poorly organized around surface
features, while an expert’s knowledge was organized around
principles.6,7 It is possible that the coherent organization de-
veloped by the modeling students allows them to demon-
strate more expertlike problem-solving skills. Evidence for
this assertion that the structure of one’s knowledge may play
an important role was uncovered when Hinsley et al.8 dem-
onstrated that competent problem solvers in algebra did in-
deed utilize schemas and that these schemas seemed to direct
their problem-solving strategy. A schema is a mental struc-
ture that allows one to organize their knowledge. For ex-
ample, in math a problem schema would consist of interre-
lated solution methods for particular types of problems that
unite the problems on the basis of some type of underlying
feature or features. Hinsley et al.8 asked math students to
categorize a set of algebra word problems by problem type.
They found that students did categorize problems into type
and this categorization occurred very quickly sometimes af-
ter reading only the first statement in the problem. They went
on to explore if the students used these categories to solve
problems. They discovered that they did indeed utilize them
to help solve problems and that the categories included in-
formation about “useful equations and diagrams and appro-
priate procedures for making relevant judgments.”8 In addi-
tion, the physics education research group at the University
of Massachusetts in a series of experiments showed that nov-
ice students taught a more expertlike knowledge structure

FIG. 1. Motion map of an object moving at a constant positive
velocity.
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demonstrated a 15% increase in problem-solving ability over
control students.9–11

Modeling instruction requires students to account for their
decisions by explaining how they know what they know, and
whether their answer or approach makes sense. In this way,
modeling instruction encourages students to develop meta-
cognitive problem-solving skills to consider what they do
and to evaluate their final conclusions. Schoenfeld12 de-
signed a college problem-solving course which contained a
large metacognitive component such that the decision mak-
ing processes were role modeled during problem solving. As
the students solved problems they were always asked “Why
are you doing that?” and “How does it help you?.” Questions
such as these ask the students to monitor their comprehen-
sion and explicitly evaluate their progress toward the solu-
tion. Schoenfeld12 analyzed video taped student solutions
precourse and postcourse and discovered that the students
were using a greater number of metacognitive skills thereby
demonstrating more control of the solution path and per-
formed more expertly postcourse. Schoenfeld12 also demon-
strated that the students in the course performed significantly
better than a control group on problem-solving tasks. A simi-
lar strategy to teach metacognitive skills to middle school
students called improve has produced improved problem-
solving performance on quantitative post-tests.13 Research
results such as these in cognitive science would suggest that
the use of such skills should allow the modeling students to
catch and correct more physics errors.

While no studies to date have attempted to specifically
analyze the cognitive structures developed by modeling stu-
dents and how those structures might help during problem
solving, Brewe14 determined indirectly that his modeling-
oriented energy-thread curriculum seemed to enhance the de-
velopment of expertlike students. When solving complex pa-
per and pencil problems Brewe’s scoring rubric14 determined
that the modeling students represented and analyzed physics
problems to a greater degree than nonmodeling students. A
strong characteristic of expert physicists’ problem-solving
strategies is the increased use of problem representations.
Students with higher scores for representation on complex
problems were shown to be more likely to correctly answer
the problems. Thus, Brewe14 believed that his curriculum
aided students in creating a better organized knowledge base.
The purpose of the studies presented here is to more directly
attempt to analyze the cognitive structures developed by
modeling students and to determine how these structures aid
in problem solving.

II. STUDY 1: HOW DOES MODELING INSTRUCTION
INFLUENCE STUDENTS’ COGNITIVE

STRUCTURES?

A. Experimental design

This study consisted of two classes of first year high
school students �n=61� taught physics via the modeling in-
struction pedagogy by two different instructors �one of which
was the author� and two classes of first year students �n
=36� taught via traditional methods by two different instruc-
tors. The teachers involved in the study were veteran instruc-

tors of physics. The two modeling teachers had been model-
ing for 13 years. One of the modeling teachers had been
teaching for 30 years, while the other had been teaching for
20 years. One of the nonmodeling teachers had been teach-
ing for 30 years, while the other had been teaching for 13
years. All of the schools participating in this study were sub-
urban with similar socioeconomic backgrounds �majority
middle to upper class� that support close to 100% of all
graduates moving on to postsecondary training, primarily
four-year degree programs. All of the schools in the study
have similar length school days and school years.

The knowledge organization of the students was assessed
using a card-sort task similar to that utilized in past
research.6,8 The card-sort task consisted of six sets of prob-
lems written on cards. Each set required the use of a single
model �i.e., constant velocity, constant acceleration, New-
ton’s second law, impulse and momentum, circular motion,
or conservation of energy� but each problem was based on a
different cover story or surface feature �i.e., incline plane,
springs, etc.�. The students were asked not to solve but to
place the problems into groups based on the similarity in
solution strategies. Each of these models would be developed
in a nonmodeling class but would not be called models and
would be developed in a piecemeal fashion. Appendix A
contains an example of one isomorphic problem set.

To compare the knowledge structures developed by each
group of students, a confusion matrix was used to obtain
expert and surface feature scores �hereafter referred to as the
SF score� from the card-sort groupings. One matrix was
based on an expert model grouping and a second was based
on surface feature groupings. Therefore, each problem was
assigned a number with the ones digit based on the deep
structure model used and tenths digit based on the surface
feature addressed by the problem. For example, problem 2.2
was given this value because its deep structure consisted of
constant acceleration while its surface feature was based on
an inclined plane. Whereas, 3.2 would be considered a con-
stant force model problem �i.e., Newton’s second law� using
a cover story of an inclined plane. An expert modeler would
sort all of the cards solved with the deployment of the con-
stant velocity model together, all of the constant acceleration
model problems together, etc. Therefore, an expert confusion
matrix, as seen in Fig. 2, would have all of the cards solved
using the constant velocity model grouped together and en-
tered into the square with all of the problems starting with a

1.1 1.2 1.3 2.1 2.2 2.3 3.1 3.2 3.3
1.1
1.2
1.3
2.1
2.2
2.3
3.1
3.2
3.3

FIG. 2. Example of expert matrix used for card sort.
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ones digit. An X was placed in the column under problem 1.1
next to each problem that a student assigned to that category.
For example, if a student had sorted problems 1.1, 1.2, 2.2,
and 3.3 together there would have been an X placed in the
boxes in the column under problem 1.1 at the location of 1.2,
2.2, and 3.3 as shown in Fig. 3. An expert or deep structure
sorting would have the majority of the groupings falling into
the bordered boxes. The expert score was obtained by divid-
ing the number of hits in the expert boxes vs the number of
hits in and out of the expert boxes �then multiplying by 100�.
Therefore, a student with a card sort that was based entirely
on models would obtain a value of 100, whereas, a student
sorting based strictly on surface features would receive a
score of zero. A sample expert score calculation is shown in
Fig. 4.

A companion SF score was determined in a similar fash-
ion. A surface feature matrix was completed for each student.
The main difference between this matrix and the expert ma-
trix is that all the problems with the same tenths digit were
grouped together instead of the ones digit. The SF percentage
score was calculated in a similar fashion as the expert score
as shown in Fig. 5.

During analysis it was discovered that students were also
sorting problems based on what the question was asking
them to solve for �referred to as the questions-asked strategy
or QA strategy�. This was unexpected as it was not men-
tioned in past research. However, two pieces of research con-
ducted in junior high math and college physics classes dem-
onstrated that students did sort problems via the question
asked.15,16 Upon further review, the study of Chi et al.6 did
mention that novices do use literal features of the problem
during card sorts. The questions-asked strategy could be con-

sidered a literal feature. Therefore, a third matrix was devel-
oped based on the questions asked in each problem. A
sample questions-asked matrix is shown in Fig. 6. The
questions-asked score �hereafter referred to as the QA score�
was determined for the questions-asked matrix using the
same formula developed for expert and SF scores. There
were a total of seven different “types” of questions asked
among all of the problems. The percent of expert groupings
that can be explained by the questions-asked groupings
ranges from a high of 34% to a low of 5% depending on the
question asked. For example, the greatest preponderance of
questions asked the students to solve for the final velocity,
initial velocity, or average velocity. The questions-asked ve-
locity grouping accounted for 34% of the expert model
groupings. All of the other questions-asked groups accounted
for approximately 17% or less of the expert model groupings
which is very close the percentage accounted for by a ran-
dom grouping �i.e., 14%�. Therefore, the data discovered
from this matrix must be looked at carefully since the ques-
tions are biased in certain directions since the problems were
only designed to be isomorphic around models and surface
features. However, the results could lead to interesting com-
parisons between groups.

Conceptual understanding was assessed using the FCI
while problem solving was assessed by the problem-solving
task �PS Task� designed specifically for this study. The PS
task consisted of seven quantitative problem-solving tasks.
There was one question each for the six models using in this
study: constant velocity, constant acceleration, circular mo-
tion, energy, Newton’s second and third laws, and impulsive
force. The seventh task was a graphical constant velocity–
constant acceleration task. Three of the tasks �circular mo-

1.1 1.2 1.3 2.1 2.2 2.3 3.1 3.2 3.3
1.1 X X X
1.2 X X X
1.3
2.1
2.2 X X X
2.3
3.1
3.2
3.3 X X X

FIG. 3. Example matrix with markings for a sort that grouped
problems 1.1, 1.2, 2.2, and 3.3.

1.1 1.2 1.3 2.1 2.2 2.3 3.1 3.2 3.3
1.1 X X X
1.2 X X X
1.3 X X X
2.1 X X
2.2 X X
2.3 X X
3.1 X X X
3.2 X
3.3 X

Expert score = ((number of hits in the expert boxes)/(total number of hits in and out of expert boxes)) * 100
Expert score = (14 / (14+6) * 100) = 70 %

FIG. 4. Example of an expertlike card sort and the calculation of
the score.

1.1 2.1 3.1 1.2 2.2 3.2 1.3 2.3 3.3
1.1 X X
2.1 X X
3.1 X X
1.2 X X X
2.2 X X X
3.2 X X X
1.3 X
2.3 X X X
3.3 X

Surface feature score = ((number of hits in the boxes)/ (total number of hits in and out of boxes)) * 100
Surface feature score = (14 / (14+6) * 100) = 70 %

FIG. 5. An example of a surface feature matrix for a novice
student sorting cards based mostly upon surface features.

1.1 1.2 1.9 2.5 4.9 1.7 2.1 5.3 6.8
1.1 X X X
1.2 X X X
1.9 X X X
2.5 X X X
4.9 X X
1.7 X X
2.1 X X
5.3 X
6.8 X

FIG. 6. Sample questions-asked matrix example demonstrating
the nonuniformity of the questions if grouped purely on the ques-
tions asked.
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tion, Newton’s second law, and energy� were adapted from
the mechanics baseline test with permission from Hestenes
and Wells.3 The problems were designed so that all of the
major models covered in the modeling curriculum were in-
cluded and based on problems that all physics textbooks tra-
ditionally cover. The graphical task was added so that it
could be determined if participants in both conditions could
solve problems utilizing graphical methods in addition to
algebraic methods. The PS task was given within two weeks
of completing all of the traditional kinematics, mechanics,
and energy concepts in the course currently taken by the
students. The internal consistency of the PS task was as-
sessed using the Kuder-Richardson formula 20 �KR-20�. The
calculated KR-20 reliability score of 0.76 is an adequate
value for use in making comparisons.17 However, obtaining a
score lower than 0.80 was not surprising given the small
number of items on the test due to the time constraints of a
40 min high school class.18 If the Spearman-Brown prophecy
formula for 14 items is applied the estimated KR-20 value
would increase to 0.87.19 The PS task in its entirety is located
in Appendix B.

In addition, modeling students were given two pretests:
the card-sort task and the FCI. It was initially planned that
the nonmodeling students would also take the same pretests
but due to administrative difficulties at these schools we
were unable to complete all of the assessment tasks as ini-
tially planned.

B. Hypotheses

The following hypotheses were advanced:

�a� Students taught using modeling instruction in
physics will display a larger gain on the FCI and a shift to
more expertness.

�b� Knowledge structures will be expertlike �based on
models� for modeling students and novicelike �based on sur-
face features� for nonmodeling students.

�c� Modelers will outperform nonmodelers on all post-
tests.

�d� Test scores will be highly correlated with knowl-
edge structure.

C. Results

Scores and statistics for all comparisons made in study 1
are summarized in Table I. Modeling students demonstrated
a gain from precard to postcard-sort scores. There was a shift
toward a model-based knowledge structure �a 44.4% relative
difference�.20 In addition, the modeling students demon-
strated a significant gain in conceptual understanding as
shown by the FCI �an 82.6% relative difference20 or a nor-
malized gain of 0.52 �Ref. 21��.

Initially, a comparison of the post-test scores for each
group of classes was carried out. An ANOVA revealed sig-
nificant differences between the two nonmodeling classes:
post-test FCI and SF scores. The average FCI score of 68%
for the second nonmodeling class was surprising since it did
not fall in line with previous research which found traditional
nonmodeling classes scored 50% or lower on the FCI.4 In
addition, past research showed that a high FCI is necessary
but not sufficient for a good score on a problem-solving task
such as the MBT.3 Therefore, normally one would expect
that a higher FCI score would allow for a higher PS task
score. However, these data demonstrate that the PS task
scores between the two nonmodeling classes are not statisti-
cally significant even through the post-FCI scores were. The
data imply that the methods used in the second nonmodeling
class seemed to elevate the FCI scores while not increasing
the participants’ problem-solving abilities. An ANOVA re-
vealed no significant differences between the two modeling
classes’ post-test scores. For further data analysis, all the
post-test scores that were not statistically significant within
the two groups were collapsed.

A comparison of scores between pedagogies was com-
pleted. An ANOVA demonstrated that overall the modelers’
knowledge organization, conceptual understanding and
problem-solving abilities differed significantly from that of
the nonmodelers after a year of physics. The F statistics and
p values for all comparisons made are summarized in Table

TABLE I. Study 1: test scores for modeling and nonmodeling groups

Post-test
scores

Nonmodeling classes Modeling classes Statistics between groups

First-year
post-test—

class 1

First-year
post-test—

class 2

First-year
pretest—
class 1

First-year
post-test—

class 1

First-year
post-test—

class 2 F statistic p value

FCI 39 68 27 65 65 31.81 �C1� 0.32 �C2� p�0.001 NS

Expert
card sort 30 33 28 44 41 18.74 p�0.001

SF card
sort 51 30 19 18 21 82.17 �C1� p�0.001

9.2 �C2� p�0.003

Question asked
card sort 23 33 46 34 40 3.11 p�0.081

PS task 42 50 62 10.76 p�0.002
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II. These results demonstrate that the expert card-sort scores
between pedagogies are significant. The modeling group has
a significantly higher expert knowledge structure score than
the nonmodelers. A Monte Carlo simulation was completed
using 10% of the participants selected randomly. It was de-
termined that a random expert post-test score was 15 on av-
erage with scores ranging from 12 to 18. None of the post-
test scores obtained in this study are near to the random
value; therefore, the sort is reflecting the student’s concep-
tions at that time. A qualitative analysis of the card sort
showed that a number of students �especially modeling stu-
dents� were collapsing a number of the models by the end of
the school year. For example, a number of students collapsed
constant velocity model with constant acceleration model
which is not surprising since constant velocity is a special
case of zero constant acceleration. This type of collapse
seems to be demonstrating a more expertlike view since all
of the models could be collapsed into two fundamental prin-
ciples, i.e., energy and momentum.6 However, these types of
collapses actually tend to depress the expert score as it is
presently being calculated.

Even though the two nonmodeling classes differ on their
surface feature dependence by the end of the year it was
found that both nonmodeling surface feature post-test scores
differed significantly from that of the modeling group. This
finding demonstrates that the nonmodeling group as a whole
is more surface feature oriented than the modeling group and
supports the increased expertlikeness of the modeling group.
A Monte Carlo simulation was completed using 10% of the
participants selected randomly. It was determined that a ran-
dom SF post-test score was 13 on average with scores rang-
ing from 10 to 20. In fact, the nonmodeling group’s average
post-test scores are approaching the random range of scores.
The results showed that the nonmodelers’ knowledge struc-
tures were based on surface features as predicted by past
studies6,9,22 while the modeler’s structure was not �a 70%
relative difference20�.

The mean card-sort scores recorded in Table I suggest that
when the average expert score is larger the SF score on av-

erage is lower. Curve estimation between the expert scores
and SF scores was completed using the data obtained from
all of the participants. It was determined that the best rela-
tionship estimate between the two variables was an inverse
�R=0.63�. The best relationship determined was

expert score = 0.06/SF score.

The questions-asked scores across all groups were mar-
ginally significant with the modeling group demonstrating a
larger score by the end of the year. A Monte Carlo simulation
was completed using 10% of the participants selected ran-
domly. It was determined that a random questions-asked
post-test score was 19 on average with scores ranging from
17 to 23. The scores by all groups on average were either
outside of this range or in the case of the nonmodeling class
1 equal to the maximum value obtained in the simulation. A
larger score on the part of the modeling classes might be
caused by the decline in SF score and the attempt on the part
of the students to use a more sophisticated strategy while on
the way to becoming more “expertlike.” It is possible that the
use of surface features to sort problems is a novice sorting
and that as sophistication increases students might realize
that problem solving based on surface features leads to less
success thus causing them to develop a questions-asked strat-
egy. The questions-asked sorting could later be modified by
students as their knowledge structures become more robustly
expertlike with additional learning.

It might be expected that the PS task score for the non-
modeling class 2 to be more comparable to the modeling
groups’ score given the high FCI score but this is not the
case. The PS task scores for all the nonmodeling groups were
significantly lower than the modeling groups. These findings
clearly demonstrate that the modeling pedagogy allows for
the production of a more expertlike knowledge structure to
develop which allows the participants to perform better on
both qualitative and quantitative tests than traditional stu-
dents.

A correlation between FCI post-test scores and PS task
scores was conducted utilizing the data from all groups. The

TABLE II. Summary of ANOVA results between modeling and nonmodeling class post-test scores.
Scores that are statistically significant are shaded. NS stands for nonsignificant.

Comparison F statistic p value

Expert card-sort score for collapsed nonmodeling
class vs collapsed modeling classes F�1,95�=18.74 p�0.001

SF card-sort score for nonmodeling class 1 vs
collapsed modeling classes F�1,83�=82.17 p�0.001

SF card-sort score for nonmodeling class 2 vs
collapsed modeling classes F�1,71�=9.2 p�0.003

Questions-asked card-sort score for collapsed
nonmodeling class vs collapsed modeling classes F�1,95�=3.11 p�0.081

FCI score for nonmodeling class 1 vs collapsed
modeling classes F�1,83�=31.81 p�0.001

FCI score for nonmodeling class 2 vs collapsed
modeling classes F�1,71�=0.32 NS

PS task score for collapsed nonmodeling class vs
collapsed modeling classes F�1,67�=10.76 p�0.002
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correlation coefficient between the FCI and the PS task was
0.62. The data are in line with the correlation coefficient
value of 0.68 obtained by Hestenes and Wells3 showing that
the FCI score accounts for a large proportion of the variance
in problem-solving tasks. Correlation tests were performed
with all of the data to determine if any of the card-sort scores
were predictive of the FCI and/or PS task scores. Table III
summarizes these analyses. The correlations are quite high
for expert score vs FCI score and expert score vs PS task
score. SF or questions-asked scores have a negative correla-
tion for both FCI and PS task scores but only surface feature
correlations are significant. Thus, the higher the SF scores
the lower the FCI and PS task scores. Correlations were also
completed between the different card-sort scores. It was
found that the SF score and the expert score were negatively
correlated with a correlation value of 0.50.

Since there is no underlying theory concerning what the
FCI measures, a stepwise regression was completed to deter-
mine if the FCI and expert scores together would be better
predictors of the PS task then either. It was demonstrated that
this was not the case. It was found that together the expert
score and FCI score accounted for 44% of the variance in PS
task score. This combination allows one to account for an
increase in the variance of only 6%. Rather, the two scores
seem to be predicting the same variance in the PS task sug-
gesting that they are testing for similar developments in stu-
dent cognition.

In addition, the predictiveness of the expert score toward
problem-solving ability seems to be less influenced by peda-
gogy than is the FCI score. This finding was discovered
when the correlations between the PS and FCI scores varied
greatly when the nonmodeling class 1 data were excluded
�0.53–0.65� while there was no such variation in correlations
between the expert score and the PS score �0.63 vs 0.64,
respectively�. Therefore, some instructional methods can
overly influence the FCI scores without increasing the
problem-solving ability of the students while the correspond-
ing expert score obtained continues to be predictive of
problem-solving ability.

III. STUDY 2: HOW DOES MODELING INSTRUCTION
INFLUENCE PROBLEM-SOLVING AND

METACOGNITION?

A. Research questions

This study was designed to compare the problem-solving
strategies used by high school physics students taught utiliz-
ing modeling instruction and those taught utilizing nonmod-
eling pedagogy. The research questions were:

�1� Will the modeling participants demonstrate more ex-
pertlike problem-solving strategies than the nonmodeling
students?

�2� Will there be metacognitive differences �planning,
monitoring, and evaluating� between the two groups?

�3� Will the two groups differ in the detection and correc-
tion of physics errors?

B. Experimental design

All of the A and B students from study 1 were invited to
volunteer for study 2. The volunteers consisted of 19 model-
ing and 11 nonmodeling students. A verbal protocol design
required students to talk aloud while solving five problems.
The series of five physics problems was designed so that
each problem required the deployment of a particular physics
model. Four of the problems were designed to test the fol-
lowing models: constant acceleration, Newton’s second law
�constant force�, conservation of momentum �impulsive
force�, and energy. There was an additional problem that
utilized two models at once �constant acceleration and con-
stant velocity models� and was graphical in nature. This par-
ticular problem was designed so that it was more easily
solved via a graphical approach in order to test the students’
flexibility with utilizing alternate solution representations.
The problems contained confounding information such as
unnecessary information, information that suggested alterna-
tive models, or graphical information. For example, the fol-
lowing problem was the third verbal protocol problem out of
the sequence of five:

A comet has a mass of 50 000 kg and is in an elliptical
orbit whose long axis is 6�1012 m, and its period of
revolution around our sun is 100 years. An asteroid has
a mass of 10 000 kg and is in a circular orbit whose
diameter is 2.2�1012 m, and its period of revolution
around our sun is 20 years. The comet has an x com-
ponent of velocity of −5000 m /s. It collides head on
with the asteroid, whose x component of velocity is
+11 000 m /s. After the collision the comet has an x
component of velocity of +3000 m /s. What is the final
x component of the velocity of the asteroid?

This problem was designed such that it could activate
either the circular motion model or gravitational field model
for students while requiring the deployment of the impulsive
force model. All of the problems used in the verbal protocol
are contained in Appendix C.

Each participant was video taped. The video camera was
situated so that it collected not only voice recordings but a

TABLE III. Summary of correlation coefficient and R2 values
between all post-tests. Items that are statistically significant are
italicized.

Test Correlation coefficient �R�
R2

�%�

FCI vs PS task 0.62 38

Expert score vs FCI 0.57 33

Expert score vs PS task 0.65 41

SF score vs FCI -0.50 25

SF score vs PS task –0.45 20

SF score vs expert score –0.50 25

QA score vs FCI −0.24 6

QA score vs PS task −0.13 2

QA score vs expert score 0.08 0.06

QA score vs SF score 0.24 6
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record of the student’s solution path. The students recorded
their solutions on large sections of whiteboard using dry
erase markers. The participants were allowed to refer to text-
books and notebooks and were given unlimited time but if
they seemed to reach an impasse, it was suggested that they
move on. After the participants completed the series of five
problems a retrospective interview was conducted. The par-
ticipants were shown the whiteboard they used for each
problem and were asked to discuss all that they could re-
member thinking when solving that problem. Afterward,
clarification questions were asked of each subject before
moving onto the next problem. A verbal protocol instruction
script was used to ensure that all participants were given the
same directions. The verbal protocol data were then tran-
scribed and the transcriptions of the audio tapes for each
participant were correlated with the video in order to produce
a record of the physics path taken by each subject in each
problem.

The audio transcription was segmented into chunks corre-
sponding to transitions in the physics problem-solving path.
The following transcription segment was taken from a non-
modeling subject �information in brackets contains notes
made by the transcriber�:

Okay so I’m thinking is uh… v� f equals v� i, one of those
type of problems, um, UAM-type thing, okay �UAM
stands for uniform accelerated motion�. Gravity is defi-
nitely in the mix, oh good, okay. So let’s see first I’m
going to draw a nice little picture cause it helps me
think.

In order to segment this section of the protocol, I deter-
mined where the subject made transitions in thought. For

example, after identifying the problem as a “UAM-type
thing” the subject moved to discussing gravity and then to
delineating a start to the solution path. Therefore, I seg-
mented this section as follows:

Segment one: Okay so I’m thinking is uh… Vf equals
Vi, one of those type of problems, um, UAM-type
thing, okay �UAM stands for uniform accelerated
motion�.

Segment two: Gravity is definitely in the mix, oh good,
okay.

Segment three: So let’s see first I’m going to draw a
nice little picture cause it helps me think.

These segments were then coded using a coding scheme
developed for this study. The coding scheme was based on
research which showed that experts and better problem solv-
ers use different strategies as summarized in Table
IV.6,7,9,10,12,22–28 The main segments of the coding scheme
were as follows:

�i� metacognition,
�ii� understanding or reading the problem,
�iii� problem analysis, and
�iv� solution method.

The coding scheme was a bit complex with up to three
additional sublevels. For example, metacognition was subdi-
vided into planning, monitoring, and evaluating, while prob-
lem analysis was divided into problem classification, text
searches, and graphing. Problem classification was further
sorted into statements which identified models, problem

TABLE IV. Comparison of expert and novice problem-solving strategies.

Expert behaviors Novice behaviors

Typically use a working forward strategy except
on more difficult problems Typically use a working backward strategy

Performs an initial qualitative analysis of the
problem situation

Usually manipulates equations discovered via
equation hunting

Constructs diagrams during solution process Rarely constructs or uses diagrams

Spends time planning approach sometimes via
models of the physical situation Rarely plans approach simply dives in

Uses fewer equations to solve the problem Uses more equations to solve problem

Usually solve problems in less time Usually takes more time to solve the problems

Refers to the physical principles underlying the
problem Refers to the numeric elements of the problem

Concepts more coherent and linked together
Concepts not coherent and lack applicability
conditions for special cases

Fewer errors—concepts usually deployed correctly
More errors—concepts usually deployed
incorrectly

Can use more than one representation to solve
problems—which usually allows them to deviate
to other solution paths when stuck

Usually only utilize a numeric representation to
solve problems—once they become stuck rarely
can free themselves

Check and evaluate solution by a variety of
methods �i.e., more flexible� Superficially check solution if at all

Rarely refer to problem statement or text
Frequently refer to problem statement and
textbook �especially examples�
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types, or equations. The metacognitive subcategories of plan-
ning, monitoring, and evaluating were also further divided.
The entire coding scheme is located in Appendix D.

The first level determinations were the easiest ones to
complete and had high inter-rater agreement. An example of
an understanding or reading comment is the following from
M14:

The rabbit gives chase in instant the turtle passes him
as shown on the velocity time graph below. When do
the two have the same velocity? �reading problem—
stops at first question� So this is velocity time �points
to dotted line on graph�.

The subject is holding the problem and reading it while
interpreting the graph that came with the problem statement.
Whereas, NM18 below is completing a different type of
statement:

Let’s see here… Um… I realize I should put a table of
contents in my notebook for days like this. Wait hold
on what’s this? That’s not what I want either. Um…
�flipping pages�. Where’s �inaudible� looking for...
�looking through notebook but can’t find what wants�.

NM18 is completing a problem-analysis task specifically
in this case searching her notebook for an equation. Deter-
mining the sections of the transcript that demonstrated stu-
dents actually solving problems were some of the easiest to
determine as can be seen in the following excerpt from
NM7:

Equals negative big number 14�106. Okay and then
we’ll subtract by the quantity 50 000 times
3000, . . . ,29�106. Yeah. And then we divide by
10 000. Equals −200… no 29 000 m /s. x component
of the asteroid. �finish inputting known values and
solves for final velocity�

In this instance NM7 is algebraically solving for final ve-
locity. After a segment was coded as a problem-analysis
statement I would then need to determine if the student was
classifying the problem or searching text, etc. Once the state-
ment was determined to be classifying the problem statement
I then proceeded to identify if the student was identifying a
model, problem type, equation, or algebraic representation.
When participants were classified as identifying a model
they did not have to use the name of the model since the
nonmodelers would not have been trained in the specific
model names. Rather, identifying a model was loosely inter-
preted as identifying the concept that was associated with the
problem. For example, in the following excerpt M5 has fin-
ished reading a problem and says:

All right so we need to find the distance. So we need to
figure out the model that we can use for mass and time
to figure out the distance and it’s going to be acceler-
ating 9.8 m/s so… I always forget the constant accel-
eration model….

M5 is identifying that he wants to deploy the constant
acceleration model. This segment would be coded as identi-
fying a model. In the following excerpt NM2 has finished
reading problem 5 dealing with types of slides and he says:

Um… Okay… So let’s see… I think its energy.

While NM2 does not use the term energy model he is
identifying the concept that must be deployed in order to
solve this particular problem. This section of NM2’s verbal
protocol would be coded as identifying a model. The follow-
ing excerpt from NM18’s verbal protocol shows a distinct
difference from the two above. NM18 had been reading
problem 2 and immediately after reading the word collision
in the problem he said:

Okay great. Um… I know I have a problem like this in
here somewhere… Now… Um… well, let’s see…
�starts to look through notebook then gives up on it�….

NM18 then went in search of the similar problem type in
his notebook. Therefore, he would not be coded as identify-
ing a model but as identifying a problem type. As illustrated,
identifying a problem type is recognizing that this particular
problem was similar to some past problem solved by the
subject via a surface feature within the problem.

The coding scheme allows one to determine if the partici-
pants were identifying equations or algebraic representations
linked to a model. Participants were coded as identifying an
equation if the equation selected came after the subject had
previously mentioned looking for an equation, searched an
equation list, or identified a problem type. For example,
NM18 above indicated that he was looking for a problem
type at which point he started to look through his notebook
and then he said:

Okay um… �whispering� F� net equals… I’m thinking

maybe this would be it. I’m thinking maybe I want F� net

equals MA �writes F� net=ma��.

In this instance this segment would be coded as identify-
ing an equation. A student was coded as identifying an alge-
braic representation only if they had initially identified the
model that pertained to that problem within the last two
statements. After reading the problem that was designed to
use the constant acceleration model M5 stated a desire to use
the correct model and then immediately said:

I know it’s like… Wait we don’t even know… �writes
1
2a���t�2�.

Well… x� f =
1
2 . . . 0.5… Um… plus zero so it’s… That

should be it right there. �fills in the equation with
known values�.

This segment would have been coded as identifying an
algebraic representation as this is one of two algebraic rep-
resentations contained in the constant acceleration model. In
addition, this segment demonstrates that the algebraic repre-
sentation seems to be chunked with the model since imme-
diately after identifying a model students usually within one
statement stated the algebraic representation attached to that
model. This is very similar to the expert problem-solving
strategies summarized in Table IV. There were a number of
these instances observed in the modeling students’ verbal
protocols. In a number of cases I could not distinguish be-
tween the two possibilities and the statement was coded as
could not distinguish. Due to the strictness of the coding
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definition the proportion of could not distinguish was quite
high and similar in number for both groups.

Any equation or algebraic representation was then coded
as either forward chaining or working backward. A strict
definition was adhered to in this case. A subject was consid-
ered to be working backward if an equation or algebraic
representation selected contained the variable that was asked
for in the problem statement or followed from the selection
of a problem type. The only exception to this was when the
algebraic representation directly followed the declaration of
the model to be used in which case it could contain the
unknown variable. For example, the excerpt above from
NM18 would have been coded as working backward since
the equation mentioned contains the unknown variable and it
was preceded with the declaration of identifying a problem
type. The excerpt from M5 would have been coded as for-
ward chaining since it directly followed the declaration of
the model to be used.

The metacognitive statements involved comments where
the participants were actively regulating their cognitive pro-
cesses in order to solve the problem. After the determination
that a statement was a metacognitive statement I would have
to decide what type of metacognitive statement it contained.
The following excerpt from NM7 is a classic metacognitive
statement:

Wait, no. I did something wrong here. Okay this is the
force going down. Okay this is the force going down.
The water stops the ball here… 5 m/s. Okay… Um…

He realizes that he did something wrong and then starts
interpreting his knowledge. This would be coded as a moni-
toring comprehension task. M30 made the following com-
ment after she identified that one object in the problem was
moving at a constant velocity:

So they have the same velocity when the velocity of
the rabbit is 5 so it’s just a question of when these two
lines intersect.

In this instance M30 is planning how to solve the problem
by actually describing the solution path in words. The fol-
lowing excerpt is from M20 following her initial algebraic
solution for problem 4 in the verbal protocol:

Why didn’t I… see that on the graph �laugh�. It was on
the graph; it was right there… It’s easy, look there’s a
square there and then there’s two half triangles there
and then you know that there’s two squares there…
�showing area under curve by counting squares would
have been easier�.

This is an example of a metacognitive statement since she
is monitoring the process of solving the problem while
evaluating her algebraic solution. The next step would be to
determine whether the statement referred to checking the ap-
proach taken, information used, appropriateness of the equa-
tion or answer. The subject in this case already has an answer
and is now checking if that answer is correct; therefore, this
statement would be coded as an evaluating answer statement
via an alternate path—in this case a graphical one. An ex-
ample of a metacognitive statement where the subject, M14,
is evaluating whether the answer makes sense as seen below:

I’m not sure if that makes sense cause it’s pretty high.
It’s really, really high. Hmm… So this one goes from
positive… negative to positive since they hit each
other. And it’s really big; this one’s small. And has
negative velocity. And impacts with the smaller one,
which has a high velocity coming this way. So this
goes the opposite direction �inaudible� but this one
goes this way and it would have to be… Okay, think
that… Unless I had a calculator error I think that’s
right.

A second rater coded a random 30% of the participants
after being trained to use the verbal coding scheme. The rater
was blind to condition from which each student came. These
codes were checked for inter-rater reliability using Cohen’s
kappa correlation �a nonparametric correlation�. The K val-
ues ranged from 0.95 for the first level of the code to 0.87 for
the fourth level.

A physics protocol code was constructed for each student
to determine the transitions in solution path, physics errors,
and associated metacognitive statements produced. A meta-
cognitive code segment of one of the physics protocols is
shown in Fig. 7. The physics code was analyzed when stu-
dents were on a productive solution path �a path that could
lead to a correct solution� in order to determine problem-
solving behaviors when they were surer of their solution
paths.

C. Hypotheses

The protocols will reveal the following:

�a� Nonmodelers’ problem-solving strategies will be
more “novicelike” while modelers’ will be more expertlike.

�b� Modelers’ will produce a greater proportion of
metacognitive or evaluation statements when on a productive
path.

�c� Modelers’ will catch and correct a greater percent-
age of physics errors.

D. Results of verbal protocol data

All of the quantitative results noted in this section include
only the talk aloud protocol data and none of the retrospec-
tive interview. When the retrospective data were included in
the analysis the proportions discussed below increased in
value. It was predicted that the modeling students would
demonstrate greater amount of expertlike problem-solving

Newton’s 2nd valid model productive paths
Law

NetFam
��

� valid equations productive paths

Student comment: So now I also know that FNet equals the sum of the total
forces on the ball

Coding: Metacognition > monitoring comprehension > general understanding
of physics

watergNet FFF
���

��

FIG. 7. Sample segment of physics protocol code.
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strategies as defined in expert novice problem-solving
studies.6,9,22–28 It was predicted that the modeling students
would identify models or principles to solve the problems
while nonmodelers would focus on equations and problem
surface features. It was predicted that the modelers would be
more flexible in solution path since the modeling method
promotes the chunking of representations around basic mod-
els of physics. To determine if the predictions were correct
the verbal protocols were analyzed to determine the propor-
tion with which each group of students identified principles
instead of equations, solved problems via algebraic vs
graphical methods, looked at text and equation lists more
often, and solved problems via working forward vs working
backward. Since modeling students are always asked to de-
fend and explain their solution choices, it was predicted that
they would use a greater proportion of metacognitive strate-
gies such as more evaluation of their answers and methods
when on a productive solution path. The physics protocol
codes were used to determine the number of physics errors
produced and the percentage that were caught by each group.

The study findings were quite dramatic. The proportion of
coded statements produced per group and their significance
level are included in Table V. As predicted the modelers
identify the model associated with the problem significantly
more than the nonmodelers demonstrating a reliance on deep
structure �i.e., models�. In addition, the nonmodelers are
more likely to identify the problem type associated with the
problems showing a reliance on surface features. The non-
modelers identify an equation to solve the problem 45% of
the time whereas the modelers demonstrate this identification
only 18% of the time. On the other hand, the modelers iden-
tify an algebraic relationship 28% of the time vs the 9%
demonstrated by nonmodelers. The implications for these ap-
proaches are tremendous. By identifying problems based on
the models used to solve them the modelers are demonstrat-
ing the use of deep structure and a more coherent knowledge
structure. The modeling students should have an easy search
space since they only have six models to distinguish be-
tween. After they select the model via a breadth search
across all of their models all the representations �algebraic,
graphical, diagrammatic, and verbal� chunked with the
model immediately become available for the students allow-

ing them to be more efficient �i.e., should take less time to
reach a solution� and demonstrate more flexibility. The non-
modelers’ identification of problem types and equation lists
is not as efficient a strategy. The nonmodelers’ knowledge
structure could consist of equations and solution methods
sorted based on surface features. Thus, when selecting a so-
lution strategy the nonmodeler would initially select a sur-
face feature to explore such as ramps. However, numerous
solution methods would be associated with the concept of
ramp. Therefore, the student would have to deploy each so-
lution method until they determine if it is possibly a correct
procedure. Thus, the student would go through a number of
depth searches as they work through each possible solution
method. However, the modeling student selects a solution
method based on models such that once the appropriate
model is selected there is only a limited number of different
representations that can be utilized and all representations
would produce the same solution. Therefore, the modeler
would spend more time doing an initial breadth structure
before committing to a solution strategy. The nonmodelers
produce algebraic solutions to a significantly greater extent
than the modelers �83% vs 62%�. The graphical solutions are
even more telling with the modelers producing a signifi-
cantly greater number of these solutions �28% vs 7%�. Of the
participants who chose to complete guess and check solu-
tions 89% of the modelers utilized a graphical strategy vs no
graphical strategy usage by the nonmodelers. This finding
was statistically significant, assuming equal variances �M
�NM, t10=4.472, p�0.0005�. The nonmodelers produced
100% algebraic guess and check solutions, while the model-
ers only chose this path 11% of the time. This finding was
also statistically significant, assuming equal variances �NM
�M, t10=−4.472, p�0.0005�. These results highlight the
greater flexibility of the modeling students in terms of solu-
tion paths open to them especially when the results of the
graphical problem on the PS task from study 1 are consid-
ered. A chi-square test of solvers vs nonsolvers in study 1
demonstrated that there were no significant differences in the
ability of the participants to solve graphically based prob-
lems �p�0.1�. Therefore, the modeling students are making
better use of their abilities during problem-solving situations.

The statements coded as metacognitive were analyzed in a
similar fashion. It was discovered that while both groups

TABLE V. Summary of statistics for problem-solving behaviors.

Statement type Modelers average �%� Nonmodelers average �%� p value

Understand or read 21 25 p�0.012

Searching text and notebook 2.2 11 p�0.006

Graphical statements made 9 5 p�0.0005

Classifying problem via models 33 16 p�0.003

Classifying problem via problem types 0.7 8 p�0.005

Identifying equations 18 45 p�0.001

Identifying algebraic representations 28 9 p�0.0005

Working backward toward solution 26 52 p�0.0005

Working forward toward solution 70 47 p�0.0035

Algebraic solutions 62 83 p�0.0005

Graphical solutions 28 7 p�0.0005
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produced similar proportions of metacognitive statements
across the entire protocol the modeling students produced a
greater proportion when on a productive solution path �27%
vs 21%, M�NM, t28=2.009, p�0.03�. In addition, when on
a productive path, the modelers had a higher proportion of
evaluating or checking statements �43% vs 29%, M�NM,
t28=2.131, p�0.02�. The modelers were evaluating their an-
swers to a greater extent than the nonmodelers �54% vs 33%,
M�NM, t28=1.83, p�0.043�. Most surprisingly the proto-
cols showed that when the modelers evaluated their answers
they were doing so via alternate solution paths 23% of the
time while the nonmodelers never evaluated their answers in
this fashion �M�NM, t28=3.692, p�0.001�. This result
demonstrates that the modelers are much more flexible in
their solution approach. The chunking of the representations
with the model may allow this to occur. In addition, 3 out of
11 of the nonmodelers checked their answers by comparing
them to problem types while none of the modelers checked
their answer via this technique �30% vs 0%, respectively�.
This difference in search by problem type percentage is in-
deed a significant difference between the two populations
�p�0.025�.

I also discovered that 13 out of 19 modelers �68%� check
to see if the answer made sense when only 3 out of 11 non-
modelers �27%� did this. A chi-square test of the number of
students checking their answers to see if they made sense
was significantly different between the two groups �p
�0.05�.

While there were not significant differences between pro-
portions of approach evaluations if you look at what the
students are doing when evaluating the approach taken there
is a significant difference. When evaluating the approach
taken the participants seem to do one of three tasks: they
evaluate the steps in the path, they revise the approach, or
they see if the approach makes sense. The only type of evalu-
ating approach statement that proved to be significantly dif-
ferent between the two groups was the proportion of check-
ing completed to determine if the approach made sense.
None of the nonmodelers attempted to see if the approach
made sense while 19% of the modeling statements were
coded completing this task.

E. Physics errors vs correction rates

The number of physics errors and error correction rates
differed significantly as summarized in Fig. 8. The modeling
group on average committed 1.95 errors, while the nonmod-
eling group on average committed 2.91 errors �NM�M,
t28=−2.24, p�0.017�. This means that the modeling group
produced only 40% of all the errors created. Not only did the
modelers make fewer errors, they discovered and corrected a
greater percentage of the errors. Levene’s test for equality of
variance determined that equal variances could not be as-
sumed in the case of the correction rates. However, the mod-
elers had a significantly greater correction rate of 23.1%,
while, the nonmodelers correction rate was 5.3% �M�NM,
t22=2.09, p�0.024�.

An exploration of the physics codes was conducted to
determine the differences and similarities in physics errors

produced and caught between the modeling and nonmodel-
ing groups. There were a total of 11 types of errors produced
by all participants. There are several commonalties in the
types of errors. The same percentage of participants in the
nonmodeling and modeling groups ignored forces on objects
��2=0.072, df =1, p�0.789� and confused the final velocity
with average velocity during solutions ��2=0.639, df =1, p
�0.424�. For example, in one problem the majority of the
students forgot to include the force of gravity in the calcula-
tion of the net force. In several problems, the participants
would calculate the final velocity and then substitute this
value in the average velocity when determining the position
of an object.

Two types of errors were committed to a significantly
different amount by each group. These errors included con-
fusing a velocity time graph for a position time graph and
using variables from different dimensions in the same equa-
tion. For example, in one problem students would routinely
utilize the acceleration due to gravity which is in the y di-
mension in the same equation with a horizontal change in
position thus committing the error of utilizing variables from
different dimensions in the same equation. Of all nonmodel-
ers 90% committed this error while only 70% of modelers
committed it ��2=4.59, p�0.032, df =1�. In one particular
problem participants routinely confused a velocity time
graph for a position time graph thus reading off position data
when it was actually velocity data. This confusion between
velocity vs time graphs and position vs time graphs was
quite notable between the two groups and statistically sig-
nificant. While only 20% of all modelers committed this er-
ror, 50% of the nonmodelers committed the same error ��2

=4.98, p�0.026, df =1�.
The types of physics errors that are caught are very tell-

ing. It seems that once a subject committed the error of using
variables from different dimensions in the same equation
there was no turning back since not a single subject corrected
this error in either group. In addition, ignoring forces seems
to have been an error that is difficult to correct since none of
the participants did so. The subjects as a group, both non-
modeling and modeling, seemed to believe that when finding
a force all they needed to do was to multiply the mass and
the acceleration to determine the amount of the force in ques-
tion without taking into account other forces such as a nor-
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FIG. 8. �Color online� Graph of percentage of errors produced
and correction rates per group. The modeling students commit sig-
nificantly fewer errors while correcting a greater percentage.

CORRELATIONS AMONG KNOWLEDGE STRUCTURES,… PHYS. REV. ST PHYS. EDUC. RES. 4, 020107 �2008�

020107-11



mal force or the force of gravity on the object. Students
would greatly improve their performance if they simply drew
force diagrams as retrospectively many of the students, espe-
cially the modelers, realized their error as soon as a detailed
question was asked. One student even said that he felt he did
not need to draw a force diagram on paper since he could do
one in his head.

Both groups had equal success in catching minor errors
such as adding masses together when they should be consid-
ered separately, using the wrong acceleration rate, and ignor-
ing signs. Of the errors 70% confusing final velocity with the
average velocity and 50% of the errors confusing velocity
time graphs with position time graphs were caught by the
modelers. However, the nonmodelers did not catch any of
these types of errors even when the actual number of errors,
as in the case of the graphical error was greater in the non-
modeling group. It seems highly unlikely that this would be
a random event unrelated to the use of the modeling peda-
gogy. The increase in the number of errors caught might be
one of the factors that allow the students to have greater
problem-solving success.

IV. CORRELATION BETWEEN STUDY 1 AND STUDY 2

Based on the results of study 1 and study 2 one might ask
the following: Are the scores from study 1 correlated with
the behavior exhibited in study 2? Cognitive structures de-
termined in study 1 correlate significantly with the problem-
solving behaviors demonstrated. The behaviors of identify-
ing models vs problem types, identifying algebraic
representations vs identifying equations, and working for-
ward vs working backward are much more telling expertlike
traits. In the initial problem analysis the subjects either chose
to identify a problem type, identify a model, or identify an
equation to use to solve the problem. When identifying a
model the students would key into the deep structure used in
the problem and state whether the concept they were dealing
with was momentum or energy, for example. On the other
hand, the nonmodelers seemed to identify problem types and
equations more often. The nonmodelers would spend a ma-
jority of their time searching equation lists for specific for-
mulas. When the nonmodelers identified problem types they
would key into surface features such as collisions or incline
planes demonstrating a high reliance on surface features.
They might see an object go down a slide and immediately

look for other incline plane problems to find a match. One
would suspect that a high FCI and expert score would corre-
late positively with identifying a model and algebraic repre-
sentations, whereas, a high SF score would correlate with
identifying a problem type or equation. The correlations be-
tween the study 1 task scores and problem-analysis observed
behaviors are summarized in Table VI. All of the regressions
are in the direction predicted while only one is not signifi-
cant: FCI score vs identifying problem type. The FCI, expert,
and PS task scores all were negatively correlated with iden-
tifying problem type, identifying an equation, and working
backward toward a solution, whereas, the SF score was posi-
tively correlated with these behaviors. The reverse was true
for identifying a model, identifying an algebraic equation,
and forward chaining. All of these results are as predicted. A
student’s expert and SF scores account for a large proportion
of the variation in these behaviors especially when identify-
ing a model. The students are using the knowledge structures
they have constructed after the completion of the year long
physics course to solve the problems in this study. These
findings suggest that the variations in problem-solving be-
haviors are accounted for to a large extent by the knowledge
structure �for example, expert cognitive structure accounts
for 40% of the variance in the model identification�.

The data from study 2 concerning metacognitive behav-
iors did not show any pattern of significant correlation values
with the task scores from study 1. It is surprising that no
correlation was found between the metacognitive and
problem-solving behaviors since prior research has shown,
as has this study, that they are important skills to use in order
to be a competent problem solver.

V. DISCUSSION

This study determines how modeling and nonmodeling
students differ in knowledge organization, the type and use
of problem-solving and metacognitive skills, and types of
errors produced. The results reported in this paper demon-
strate that the modeling pedagogy seems to allow for the
production of more expertlike knowledge structures and that
these structures correlate positively with not only quantita-
tive and qualitative tests but also with the problem-solving
strategies deployed. In addition, the metacognitive skills
used by modeling students appear to be more in line with
those demonstrated by expert physicists. The high correlation

TABLE VI. Summary of correlation coefficient and R2 values between post-tests and verbal protocol
problem classification data. Categories that are statistically significant at p�0.05 are shaded.

Verbal protocol problem-analysis
observed behavior Expert score FCI score SF score PS task score

Identify model 0.63/39.5 0.36/13.2 −0.51 /26.4 0.45/20.5

Identify problem type −0.38 /14.4 −0.29 /8.3 0.54/29.6 −0.45 /20.1

Identify algebraic representation 0.47/21.7 0.56/31.4 −0.54 /29 0.52/27.4

Identify equation −0.36 /12.8 −0.38 /14 0.41/17.1 −0.58 /34

Forward chaining 0.46/21 0.56/31.3 −0.44 /19.5 0.59/34.4

Working backward −0.48 /22.6 −0.64 /41 0.69/47.3 −0.62 /38.8
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between strategies employed and the students’ knowledge
structures and problem-solving task scores implies that mod-
eling students may have produced a greater number of cor-
rect answers on problem-solving tests because of the produc-
tion of fewer physics errors on average and the correction of
a greater number of those errors. All in all, the data presented
in these studies support Brewe’s supposition14 that the mod-
eling pedagogy contributes to the development of more ex-
pertlike physics students.

VI. EDUCATIONAL OR SCIENTIFIC IMPORTANCE
OF THE STUDY

By understanding the mechanisms used by modeling stu-
dents’ instructors can more easily diagnose after interviewing
students where the problem-solving trajectory can be im-
proved thus allowing them to become more expert problem
solvers. In addition, the knowledge of error difficulties can
allow instructors to conduct activities that make students
confront the errors that have been shown to be the most
difficult for students to rectify.

Trends in International Mathematics and Science Study
�TIMMS� and National Assessment of Educational Progress
�NAEP� data have shown that traditional classes often fail
our students.29 The findings reported here allow for a cogni-
tive perspective of why modeling instruction improves tradi-
tional learning and a possible developmental approach. If
curriculum based on models can be developed for other areas
then it may allow students to develop expert behaviors in a
more consistent manner in these disciplines.

The protocol study also points out that the modeling stu-
dents while on a trajectory from novice toward expertness
still demonstrate a number of novice qualities. The findings
of this study will allow for pedagogical and curricular
changes to be made in the modeling instruction materials that
will allow the students to continue to improve in the areas of
difficulty demonstrated. For example, curricular should
stress to a greater extent the traits that modelers showed
themselves to be lacking such as diagrammatic usage. The
students did not see the need to draw force diagrams and as
one student said “they can easily be drawn in your head”
implying that there was no need to draw them on paper. The
modeling curriculum needs problem sets that persistently re-
quire the students to draw force diagrams in order to enjoy
success and internalize the need for these types of represen-
tations. This would be an important change since flexible use
of diagrams is a trait of better problem solvers and
experts.26,30

The modeling students experienced great difficulty sorting
energy problems. The reason behind this difficulty especially
for modelers should be investigated since energy is a prin-
ciple which threads though all science subjects and is an
important model for students to master in order to understand
the connections between the science disciplines. The meth-
ods used in this study could be used to determine if an en-
ergy thread such as that used by Brewe14 allows for a differ-
ent type of knowledge structure organization producing a
structure more in line with the expert structures produced by
physics experts of Chi et al.6,7 such that there would be only

two models or principles, energy and momentum.
This study demonstrates that the teaching of metacogni-

tive skills may be extremely important if students are to find
and correct errors. The final step of analyzing the solution
must be scaffolded to a greater extent to allow more students
to internalize what to look for when evaluating an answer. If
the use of metacognitive skills that good problem solvers
demonstrated in this study was highlighted for students and
practiced by them then their ability to detect and correct
errors should improve. Additional research in the area of
error correction and associated metacognitive activity will
allow educators to develop curriculum to help students to
become expert problem solvers in all domains.

Finally, the results reported here suggest that physics edu-
cation researchers should not rely solely on paper and pencil
tests such as the FCI to test for the efficacy of course im-
provements or new courses. Researchers must be mindful
that while some course changes might increase FCI scores it
does not necessarily demonstrate that the students are closer
to a more expertlike problem-solving behavior. It might be
important for researchers to evaluate the overall cognitive
changes in their students in addition to their ability to answer
conceptual questions correctly.

VII. QUESTIONS FOR FUTURE RESEARCH

This study only compared modeling students to those
taught in traditional high school classes. In the future com-
parisons should be made between modeling students and
those being taught with other approaches such as inquiry
oriented curriculums. In addition, it would be interesting to
determine if the problem-solving strategies utilized by the
students in this study are observed not only when they are
solving rich complex problems but also when solving sim-
plistic problems.

The use of the card-sort task would allow for the comple-
tion of longitudinal studies looking at the trajectory of the
change in knowledge organization over time in order to an-
swer any number of questions such as follows:

�i� Is the change linear over the course of one school year
or is there more of a quadratic relationship with a sudden
rearranging of the students’ knowledge?

�ii� Is there a transition in knowledge structure from a
surface feature orientation to questions-asked to expert orga-
nization?

�iii� In addition, does the knowledge organization con-
tinue to become more expertlike even without additional
classroom physics training?

�iv� As the students move from a first- to a second-year
physics course, how do their knowledge organizations con-
tinue to progress?

�v� Will the modeling students collapse the basic models
over time in order to produce a true expertlike structure
based on fundamental principles? There was some evidence
in the card sorts that suggest that this might be occurring
since the better problem solvers had started to collapse mod-
els together such as constant velocity and constant accelera-
tion. Would this collapse continue as students progress to-
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ward becoming physics experts and at what rate would it
occur?

This result demonstrates the need for more research in this
area in order to produce a clearer understanding of metacog-
nition and its connection to problem solving.

Most importantly, these results demonstrate the need for
more research in the area of metacognition, problem solving,
and error correction. There have not been any studies to date
that considered metacognitive and problem-analysis tasks
students utilize when solving a problem. Research in this
area could allow educators to develop curriculum to help
students to become expert problem solvers in all domains.

VIII. SUMMARY

The data demonstrate that modeling students seem to de-
velop a knowledge structure that is not only expertlike and
based on models but also correlates highly with improved
performance and expert problem-solving behaviors. The data
suggest that expertlike problem solving and metacognitive
strategies allow for better performance due to the production
of fewer errors and the correction of more errors. All in all,
the qualitative and quantitative data obtained demonstrate
that the modeling pedagogy is an effective method by which
students can be guided along the path to becoming expert
problem solvers. The data indicate that modeling instruction
helps students to

�1� identify effective solution paths,
�2� produce fewer errors, and
�3� correct a larger percentage of the errors they produce.

Note that the author may be contacted for a sample copy of
the video transcription coding document.
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APPENDIX A: SUPPLEMENTARY AUXILIARY
MATERIAL

See separate auxiliary material for examples of problem-
solving tasks.

APPENDIX B: SUPPLEMENTARY AUXILIARY
MATERIAL

PROBLEM-SOLVING TASK

See separate auxiliary material for the PS task in its en-
tirety.

APPENDIX C: SUPPLEMENTARY AUXILIARY
MATERIAL

VERBAL PROTOCOL PROBLEMS

See separate auxiliary material for the problems used in
the verbal protocols.

APPENDIX D: SUPPLEMENTARY AUXILIARY
MATERIAL

VERBAL PROTOCOL CODING SCHEME

See separate auxiliary material to view the entire coding
scheme.
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