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The majority of previous studies of physics courses at the upper undergraduate level have been content-
related or focused on the format of instruction, while detailed investigation of student performance patterns
across various conceptual and quantitative measures in this context has been neglected, relatively speaking,
in comparison to the substantial work that has been carried out in introductory courses. In this study,
we used a sample of students in a traditional upper-level electricity and magnetism course at a large
U.S. university to examine performance patterns and understand the extent to which, and the ways in
which, conceptual and quantitative performance were related to each other. To this end, we used various
measures of prior preparation (including standardized math scores and background in physics and
mathematics in high school and college), in-course quantitative performance (homework, quizzes, and
exams), and conceptual performance (scores on the Conceptual Survey of Electricity and Magnetism).
Overall, our analysis revealed that prior preparation was a significant predictor of success in this course
and that there were strong correlations between students’ conceptual and quantitative performance. In
particular, grades in the most recent upper-level physics course (upper-level mechanics) were the strongest
predictor of upper-level electricity and magnetism course performance, even after controlling for
mathematical preparation. Although average normalized conceptual gains were relatively large and
independent of preinstruction conceptual scores, threshold effects suggested that students entering with
the lowest conceptual understanding were unable to achieve high postinstruction conceptual scores or
overall course grades. Our findings suggest that better prior preparation through early development of
mathematical skills, as well as instructional strategies that support learners in bridging physics and

mathematics effectively, may be crucial for success in upper-level electricity and magnetism.

DOI: 10.1103/b4y3-6d2t

I. INTRODUCTION

Electricity and magnetism is usually regarded as one
of the most challenging subjects in the undergraduate
physics curriculum [1-6]. This is due to the conceptually
complex and mathematically intensive nature of the sub-
ject, particularly in upper-level courses where students need
to integrate quantitative problem-solving skills with suffi-
cient conceptual understanding of the electromagnetic
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phenomena [7-10]. In order for instructors to best guide
students as they advance from introductory to upper-level
electricity and magnetism courses, an understanding of
patterns in student learning may become increasingly
useful. This calls for identifying factors that contribute
to success in these advanced courses, as well as inves-
tigating how various measures of preparation and perfor-
mance are correlated. Understanding such patterns is
particularly important in upper-level contexts, where both
the student population and course objectives differ sub-
stantially from those of introductory level courses [11].
While much of the existing literature in physics education
research has been focused on identifying student difficul-
ties in electricity and magnetism and mechanics courses,
relatively few research works have focused on patterns
of student success in the upper-level context [12-16].
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The purpose of the current study is to address this gap
by assessing the extent to which different conceptual
and quantitative measures, including prior academic
preparation and conceptual background, relate to
student performance and to one another in a traditional
upper-level electricity and magnetism course in a large
U.S.-based university.

A. Role of academic preparation and math readiness

Students’” academic preparation, particularly their earlier
mathematics and physics backgrounds, can potentially
serve as a significant predictor of success in subsequent
college courses. Studies across multiple physics contexts
have shown that mathematical and physics skills developed
in earlier stages of learning tend to carry forward and
predict performance in later coursework [16—18]. For
example, standardized mathematics test scores, such as
SAT Math, have been found to correlate significantly
with achievement in introductory physics [19]. Within
the context of electricity and magnetism specifically, while
some studies have focused on transforming upper-level
courses to go beyond traditional instruction [16,20,21], the
majority of studies are centered around identifying topic-
specific difficulties and persistent misconceptions related to
fields, flux, and electromagnetic induction [12-15,22,23].
Across studies exploring electricity and magnetism diffi-
culties, a commonly emerging theme is students’ struggle
with the mathematical sophistication of the subject, espe-
cially related to the use of vector calculus and differential
equations. In introductory electricity and magnetism, for
example, students’ vector calculus preparation has been
shown to correlate significantly with their final exam
performance, highlighting the importance of mathematical
skills at the introductory level [18].

Still, the extent to which findings from introductory
physics apply to upper-level courses remains largely unex-
plored. Upper-level electricity and magnetism courses are
different from introductory courses in terms of both the
student population and the learning objectives. Students in
upper-level electricity and magnetism have generally taken
prerequisite courses and, therefore, are expected to have
adequate mathematical skills and baseline familiarity with
electromagnetic concepts. These students are also more
likely to be majoring in physics, unlike students from a
range of academic backgrounds in introductory courses.
As a result, they are exposed to substantially more abstract
concepts than in introductory electricity and magnetism
and are expected to be more at ease with using advanced
mathematics for problem solving. However, research shows
that students still tend to have persistent difficulties with
foundational electricity and magnetism concepts, with little
to no measurable improvement from introductory to upper-
level coursework [23-25]. Prior preparation appears to
play a role here; yet, to our knowledge, no study so far
has examined how various measures of prior preparation,

including mathematical skills, are associated with success
in upper-level electricity and magnetism courses.

B. Connection between physics and math

The relationship between physics and mathematics
has been extensively explored, both from historical and
educational perspectives [26—30]. In the physics education
context, researchers have argued that mathematics should
not be viewed merely as a tool for manipulating equations,
but rather as a language that helps model and formulate
physical ideas into concrete forms. For example, Tzanakis
described physics and mathematics as “interwoven in the
sense of a bidirectional process” where mathematics has
been used as a language for physics, and physics provides
the natural framework for operationalizing mathematical
theories [26].

Moreover, Redish suggested that the language of math
used in physics is not necessarily the same as the one
mathematicians use [31,32]. In fact, mathematics can be
viewed as the “structural language of physical thought,”
which is used as a way of logical deductive reasoning that
is inseparable from physics and goes beyond something
learned exclusively in math [33]. Following a model
proposed by Uhden et al., meaningful learning in physics
can only occur when the structural role of mathematics,
which includes embedding logical structure and defining
physical concepts, complements the technical role of
executing calculations [27]. This view also aligns with
Hestenes’ modeling theory [34], which suggests a model-
centered strategy for solving problems in physics that
allows students to recognize that mathematical models
reflect real physical problems. Therefore, expertlike prob-
lem solving in physics and specifically in upper-level
electricity and magnetism requires the proper integration
of physics and mathematics.

C. Conceptual learning in electricity and magnetism

Despite the mathematical intensity in upper-level
electricity and magnetism courses, proper conceptual
understanding still remains key to developing expertise
in the subject. Focusing solely on mathematical skills may
lead students toward algorithmic approaches without prop-
erly thinking about the underlying physical concepts. To
this end, researchers have studied students’ conceptual and
quantitative problem-solving approaches to make a dis-
tinction between their conceptual and quantitative perfor-
mance. Generally, conceptual understanding involves
qualitative reasoning and grasping physical phenomena
without explicitly relying on heavy math, while quantitative
problem solving involves explicit calculations and math-
ematical procedures.

Conceptual and quantitative problem solving are not
automatically intertwined. Several studies have shown a
mismatch between students’ overall quantitative course
performance and their conceptual understanding, which
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hints at students potentially using algorithmic approaches
in solving physics problems rather than integrating physics
and math and engaging meaningfully with the underlying
concepts [35,36]. For example, in an early study, Peters
found that even high-performing Honors physics students
had conceptual difficulties similar to those of students in
standard introductory physics courses [37]. Another study
similarly found a minimal correlation between quantitative
problem solving and conceptual performance on the FCI
for beginning physics students [38].

Considering this distinction, several diagnostic tools
have been developed to specifically measure conceptual
learning in electricity and magnetism courses [23,39—42].
Among them is the Conceptual Survey of Electricity
and Magnetism (CSEM), which has become one of the
standard tools for investigating conceptual learning gains
and identifying student difficulties in electricity and
magnetism courses, both at introductory and advanced
levels [24,43,44]. Some studies have used the CSEM or
similar instruments to examine whether factors such as
prior mathematical preparation or instructional approach
are associated with conceptual gains in electricity and
magnetism courses. For instance, Meltzer [45] found a
significant positive correlation between normalized learn-
ing gain on the Conceptual Survey of Electricity and
students’ preinstruction mathematical skills for the majority
of the introductory study sample in an algebra-based
physics course. Another study used the brief electricity
and magnetism assessment (BEMA) to examine the long-
term effects of student-centered instruction; this study
compared the scores of students who had completed a
reformed freshman course that utilized University of
Washington tutorials with those of students who had
completed a nontutorial freshman course [25]. The results
indicated that in the upper-level electricity and magnetism
course, the nontutorial group scored significantly lower on
the conceptual test, showing long-term positive effects on
conceptual understanding from using tutorials.

As previously noted, the vast majority of existing
research has focused on introductory-level electricity
and magnetism courses, with relatively few studies inves-
tigating student performance in upper-level electricity
and magnetism [10,25,46-48]. Within this body of
research, details about the relationship between conceptual
and quantitative performance have been sparse. For in-
stance, in the previously discussed longitudinal study by
Pollock, the correlation coefficient of the upper-division
students” BEMA post-test score to their course grade was
reported as relatively high (~0.57) [25], and in another
study, the correlation of CUE (Colorado Upper Division
Electrostatics assessment) to course grades was reported as
0.49 [49]. Beyond these studies, the majority of research in
upper-level electricity and magnetism has been focused on
preinstruction to postinstruction conceptual gains and their
relation to the instructional format, with virtually none

examining the relationship between conceptual gains and
measures of quantitative performance and prior academic
background.

D. Current study

In this study, we seek to do a comprehensive examination
of the relationship between students’ conceptual under-
standing and quantitative performance in a traditionally
taught upper-level electricity and magnetism course. More
specifically, we aim to investigate the extent to which
various measures of prior preparation, in-course perfor-
mance, and conceptual learning (as assessed through the
CSEM) relate to one another and to students’ overall
success in upper-level electricity and magnetism.

Rather than testing causal hypotheses, we have adopted a
descriptive and correlational approach to characterize how
different measures of student performance and background
are associated with success in this advanced context. We use
a range of measures, such as homework, quizzes, midterm,
and final exam scores, that contribute to the overall quanti-
tative performance of students in the upper-level electricity
and magnetism course. Additionally, we use metrics of
students’ academic preparation prior to and during college,
such as SAT math scores, high school GPA, and perfor-
mance in other math or physics-intensive college courses.
Finally, using students’ preinstructional and postinstructional
CSEM scores, we measure conceptual gains from the
beginning to the end of the course. Overall, we aim to
understand the following patterns for our study sample:

- Students’ quantitative course performance.

- Students’ conceptual performance and normalized

learning gains.

- Students’ prior preparation and its relation to quanti-

tative and conceptual outcomes.

- Correlation patterns across conceptual and quantitative

measures.

Additionally, we investigate how some of these patterns
may vary by gender and prior exposure to electricity and
magnetism concepts through Advanced Placement (AP)
or introductory college courses. In the following section,
further information about our study sample and measures
will be provided.

II. METHODOLOGY

A. Course context and participants

Participants in this study were enrolled in the first-
semester mandatory upper-level electricity and magnetism
course at a large research university in the United States.
The textbook used in this course was Introduction to
Electrodynamics by Griffiths [50]. The course structure
followed a traditional lecture-based style, with two 75-min
sessions of instruction per week. Upon entering the course,
students were expected to have some background in terms
of prior mathematical skills (as determined by corequisites
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and prerequisites for the course), including proficiency
in vector calculus and differential equations. The course
focused on solving problems in electrostatics, magneto-
statics, and electromagnetic induction in vacuum and
matter. Students were given weekly homework assignments
and in-class quizzes, which, in addition to midterm and
final exams, contributed to their final course grade.

The data related to course measures and conceptual test
performances (measured by the CSEM) were provided by
the course instructor. This course was taught by the same
instructor in the fall semester of two consecutive academic
years, which were used for our study. While the course
followed a traditional lecture-based style, we consider the
course instructor as PER-friendly in terms of showing
interest and engaging with colleagues in the field of PER
in the Department of Physics and Astronomy, as well as
encouraging students to study in groups and work collab-
oratively on homework problems. The data from the two
semesters were anonymized and combined with data
obtained from university records via an honest broker,
which included additional grade and demographic infor-
mation used for analysis. Overall, the final sample con-
sisted of 56 observations from students who had data for
the CSEM scores both at the beginning and end of the
semester. One of the students in this sample repeated
the course, but throughout the paper, we treat the two
observations for this student as independent data points,
as our results effectively remained unchanged with or
without removing the repeated observation. The majority
of the students in our sample were Physics/Physics and
Astronomy majors, with five students majoring in com-
puter engineering, electrical engineering, and engineering
science. The demographics indicated a distribution of
70% men and 30% women students, and in terms of racial
distributions, the sample consisted of 71% White, 18%
Asian, 7% Black/Hispanic/Indigenous, and 4% unknown.

B. Conceptual measures

The Conceptual Survey of Electricity and Magnetism
(CSEM) was used as the tool for measuring students’
conceptual understanding of the subject [40]. This survey
consists of 32 multiple-choice questions on electrostatics,
magnetic fields and forces, and Faraday’s law. The survey
was given to students both at the beginning of the semester,
before any extensive instruction (pre-CSEM), as well as at
the end of the semester, before taking the final exam (post-
CSEM). The overall scores on these surveys were calcu-
lated and reported as the percentage of correct answers
given. To examine how much each student gained in terms
of their conceptual understanding, we used normalized gain
as the absolute gain divided by the maximum possible gain
as follows:

__post CSEM score — pre CSEM score
N 100 — pre CSEM score

where pre- and post-CSEM scores are given in percent-
ages. This measure was introduced by Hake [51]
and accounts for the variance in pre-CSEM scores.
Throughout this paper, we have also included raw gain
as simply the difference between pre- and post-CSEM
scores for completeness. To maintain consistency across
measures, normalized gains are reported as percentages
(e.g., 0.4 as 40%).

C. Quantitative measures
1. Course performance

Students’ quantitative performance in the upper-level
electricity and magnetism course was evaluated through
the following components: weekly homework assignments,
weekly quizzes, midterm, and final exam. A specific
number of points was allocated to each of these compo-
nents, with the highest being assigned to the midterm and
final exams. Relatively fewer points were assigned to each
homework and quiz assignment individually, despite their
cumulative weight over the semester. Overall, we consider
the midterm and final exam as the high-stakes components
of this course, where together they accounted for approx-
imately 50% of the total course grade. The remaining
portion of the students’ grades was determined from
weekly quizzes and homework assignments, which were
individually low-stakes and each contributed about 2% to
the course grade. Points that students obtained from each of
these measures were added and rescaled on a percentage
basis by the instructor, which determined their overall
course performance. Throughout the paper, we use this
measure for the overall upper-level electricity and magnet-
ism course quantitative performance (which we refer to as
the U-E&M variable). Data from university records also
provided each student’s final course grade on a 4.0 scale
(referred to as U-E&M G. variable). We kept both variables
for reporting our results to confirm that they measure the
same outcome, despite using different scales and slight
differences in distributions.

2. Prior preparation

We used students’ grades in some of the prior courses
they had taken in college (mainly prerequisite courses) as
a way to capture their academic performance in college
and the mathematical skills associated with them. These
college courses, with their grades being on a 4.0 scale,
included calculus 2 (Calc. 2 G.), calculus 3 (Calc. 3 G.),
and upper-level mechanics (U-Mech. G.). Some students
may have taken Advanced Placement (AP) credits, which
exempted them from being required to take some of
these courses. Therefore, sample sizes vary for these
metrics. (Note that we did not include students’ grades in
the introductory physics course as one of the metrics
because we lacked such data for most of the students in
our sample.)
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SAT math scores and high school GPA (referred to as HS
GPA variable) were also obtained from university records.
This information was available for the majority of students
in the sample. In the U.S. education system, the SAT is a
standardized college admission exam, and its Math section
is designed to assess students’ quantitative reasoning skills
using algebra and advanced math. The SAT Math section is
scored on a 200-800 point scale. According to College
Board benchmarks, a score of 530 or higher indicates
college and career readiness, with a 75% probability that
students will earn at least a C in first-semester, credit-
bearing college courses in calculus or precalculus. High
school GPAs were on a 0-5 scale; this scale reflects the use
of weighted grading systems at some U.S. high schools,
where advanced coursework may contribute additional
grade points. In our sample, one student had a GPA
exceeding 5 due to the specific weighting practices of
their high school. Additionally, some students had taken the
ACT exam instead, and their scores were converted to SAT-
equivalent scores using established concordance tables
provided by the College Board and ACT [52].

We also investigated students’ prior experience with
learning electricity and magnetism concepts through data
on their AP physics background and introductory physics
courses in college. We identified students who had taken AP
Physics C: Electricity and Magnetism in high school, which
is a calculus-based physics course for students interested in
majoring in physical science or engineering. AP exams are
scored on a 1-5 scale, where higher scores indicate stronger
performance. Many U.S. colleges, including our studied
institution, grant college credit for these AP courses,
allowing students to skip equivalent college courses for
grades of 3 and above, though specific policies may vary by
institution. We also checked to see which of the students in
the sample had taken the regular versus honors version of
introductory physics 2 (focused on electricity and magnetism
topics). Within this university, the honors version of the
introductory electricity and magnetism course generally
follows the same content but spends more time on in-class
problem solving than lecture and uses more challenging
practice and exam problems. Since taking this version of the
course is optional, there is a possibility of self-selection of the
student sample in honors classes.

D. Analysis

For descriptive statistics, we used Stata v18 to examine
students’ overall performance and the distribution of the
metrics. We used Cohen’s d as a measure for the effect size
of differences across groups with varying performances
[53]. Unpaired ¢ tests were used to determine the level
of significance of effect sizes for normally distributed
data and Wilcoxon rank-sum tests for metrics that deviated
from normal distribution [54]. Pearson correlations were
calculated and plotted as a heatmap in RStudio using the
GGPLOT2 package [55]. Regression analyses were carried

out in Stata to report standardized regression coefficients (/3)
and adjusted R? values indicating the variance of the
outcome explained by the models. For each outcome
variable, we initially established baseline models using a
single predictor and then explored multiple-predictor mod-
els with additional variables to observe changing effects.
Throughout, we use p < 0.001, p < 0.01, and p < 0.05 as
three different levels of statistical significance. Descriptive
statistics and Pearson correlations were also calculated
separately for men and women. However, considering the
small sample size, the results need to be interpreted with
this limitation in mind. Therefore, gender subgroup analy-
ses, along with metric distributions and additional scatter
plots, are presented in the Appendix.

III. RESULTS

Table I summarizes the descriptive statistics for student
performance metrics. Normalized gains (average of indi-
vidual normalized gains) and effect sizes in Table I are
calculated before rounding off the values. There were no
instances of negative normalized gain in our dataset.

In order to examine differences in performance metrics
more closely, students were separated into top-half and
bottom-half scorers on the CSEM pretest based on whether
they were above or below the median pretest score
of 55%. (Top half: N =27, mean score = 73%; Bottom
half: N =29, mean score = 42%.) Additionally, top-half
and bottom-half scorers were analyzed separately based on
whether they showed above-average (AA) or below-
average (BA) normalized gains with respect to their own
group. The comparisons for these groups are presented in
Tables II and III. Outcomes of various regression models
used to predict course performance (course performance =
“Upper E&M,” or “U-E&M”), CSEM normalized gain, and
CSEM post-test score are shown in Tables IV-VI, respec-
tively. Comparisons between men’s and women’s perfor-
mances are shown in Table VII. Performance comparisons
for students who had, or had not taken AP courses, as well
as those who had taken the honors versus regular version of
introductory electricity and magnetism, are shown in
Tables VIII and IX.

We investigated how the various precourse, CSEM, and
course-performance measures were correlated with each
other. Figure 1 shows a heatmap of two-point correlations
across different performance metrics used in our study.
Significant correlation coefficients are in bold font, and
the levels of significance and number of observations are
also provided. In the Appendix, cross-comparison of
groups by prior electricity and magnetism preparation, as
well as individual-measure histograms are provided (Figs. 2
and 3). Additional heatmaps for the various subgroups and
scatterplots showing the exact distribution of results for
various measure-by-measure comparisons can also be
found in the Appendix (Figs. 4-19).

Our primary results are outlined below.
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TABLE I. Descriptive statistics for student performance metrics. Sample size (V), mean, and standard deviation
(SD) are reported. Effect sizes measure differences between top- and bottom-half scorers on the CSEM pretest;
positive values favor the top half ¢ p < 0.05, o p < 0.01, mp < 0.001). Bold values indicate statistically
significant effect sizes.

All students Top half Bottom half

N Mean SD N Mean SD N Mean SD Effect size
Pre-CSEM 56 57% 20% 27 73% 13% 29 42% 11% 2.7
Post-CSEM 56 74% 17% 27 86% 10% 29 64% 17% 1.6%%*
Normalized gain 56 42% 30% 27 45% 28% 29 40% 22% 0.2
Raw gain 56 17% 11% 27 13% 9% 29 22% 12% —(.9%%*
HW 56 89% 11% 27 88% 12% 29 90% 11% —0.2
Quiz 56 77% 14% 27 80% 14% 29 74% 13% 0.4
Midterm 56 68% 20% 27 77% 13% 29 59% 22% 1.0%*%
Final 56 71% 23% 27 85% 12% 29 57% 22% 1.5%%:%
U-E&M 56 77% 11% 27 83% 9% 29 73% 11% 1.0%**
U-E&M G. 56 3.1 0.7 27 34 0.6 29 2.8 0.7 1.0%*
HS GPA 55 4.0 0.6 26 4.1 0.5 29 4.0 0.7 0.3
SAT math 52 730 61 26 764 34.5 26 696 64 1.3k
Calc. 2 G. 27 3.1 0.9 13 3.5 0.8 14 2.7 0.8 1.1%*
Calc. 3 G. 50 34 0.7 26 3.7 0.4 24 3.1 0.9 0.9%:*
U-Mech. G. 49 3.0 0.7 24 3.3 0.6 25 2.8 0.7 0.9%:*

A. Overall course performance and prior preparation  improvement among students in this traditionally taught

1. Students’ scores on the conceptual test increased course.

significantly over the course of traditional
instruction in upper-level E&M 2. Students in this sample had average high school
GPAs (4.0/5.0) and SAT math scores (730)

Students’ raw scores on the CSEM increased by A
that were far above national averages

an average of 17% from pretest to post-test (mean
pretest: 57%, mean post-test: 74%), corresponding to For example, 730 on the SAT Math test corresponds to
a large effect size (d =0.9; p <0.001). The average  the 97th percentile on a “nationally representative” sample,
normalized gain was 42%, reflecting strong conceptual  according to the College Board [56].

TABLEII. Comparison of student performance metrics for bottom-half scorers with above-average (AA, N = 13)
or below-average (BA, N = 16) normalized gain; positive values favor the AA group. ( p < 0.05, p <0.01,

“p < 0.001). Bold values indicate statistically significant effect sizes.

Above average normalized gain Below average normalized gain

N Mean SD N Mean SD Effect size
Pre-CSEM 13 47% 8% 16 38% 11% 1.0%
Post-CSEM 13 79% 9% 16 52% 10% 2.8
Normalized gain 13 60% 14% 16 23% 10% 3.1
Raw gain 13 32% 8% 16 14% 7% 2.3
HW 13 92% 7% 16 88% 13% 0.4
Quiz 13 76% 13% 16 71% 13% 0.5
Midterm 13 69% 14% 16 51% 24% 0.9%
Final 13 66% 19% 16 50% 23% 0.7%
U-E&M 13 78% 9% 16 68% 11% 0.9%
U-E&M G. 13 3.0 0.6 16 2.5 0.7 0.8%*
HS GPA 13 4.2 0.6 16 3.8 0.7 0.6
SAT math 12 732 40 14 666 65 1.2*
Calc. 2 G. 5 33 0.8 9 24 0.6 1.3*
Calc. 3 G. 10 35 0.8 14 2.8 0.8 0.9*
U-Mech. G. 11 3.1 0.4 14 2.5 0.7 1.0*
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TABLE III.

Comparison of student performance metrics for top-half scorers with above-average (AA, N = 11) or

below-average (BA, N = 16) normalized gain; positive values favor the AA group. (p < 0.05, " p < 0.01,

p < 0.001). Bold values indicate statistically significant effect sizes.

Above average normalized gain

Below average normalized gain

N Mean SD N Mean SD Effect size
Pre-CSEM 11 73% 11% 16 73% 14% 0.0
Post-CSEM 11 92% 6% 16 81% 9% 1.4%*
Normalized gain 11 72% 17% 16 26% 14% R holot
Raw gain 11 19% 8% 16 8% 5% 1.7%%:%
HW 11 90% 8% 16 87% 15% 0.3
Quiz 11 86% 9% 16 76% 15% 0.8
Midterm 11 80% 15% 16 76% 12% 0.3
Final 11 84% 16% 16 86% 10% 0.1
U-E&M 11 85% 8% 16 81% 10% 0.5
U-E&M G. 11 3.6 0.5 16 3.3 0.6 0.6
HS GPA 11 4.2 0.5 15 4.1 0.5 0.2
SAT math 11 779 26 15 753 36 0.8
Calc. 2 G. 6 3.9 0.3 7 33 1.0 0.8
Calc. 3 G. 11 3.9 0.2 15 3.6 0.5 0.8
U-Mech. G. 10 3.5 0.5 14 3.2 0.6 0.6

TABLEIV. Regression models predicting upper E&M total percentage in the course. Standardized regression (53)
coefficients are provided. p < 0.05, p <0.01, p < 0.001, and n.s. = not statistically significant.

Model Pre-CSEM  Post-CSEM  SAT math Cale. 3 G. U-Mech. G. HS GPA Adjusted R> N
Baseline 1 0.55*:* 0.29 56
() 0.42" 0.22™ 0.30 52
b) 0.19™ 0.66"" 0.60 49
(©) 031" 0.16™ 037" 0.44 48
Baseline 2 0.64™ i 0.40 56
(@) 0.20" 0.64" 0.60 49
Baseline 3 047" 0.21 52
(a) 0.12™* 0.69" 0.57 46
Baseline 4 0.60"" ) 0.34 50
(@) 0.21™ 0.68" 0.66 44
Baseline 5 0.77: 0.59 49
(a) 0.72" 0.11™ 0.59 44
Baseline 6 0.46™" 0.19 55

3. Students’ average grade in this upper-level E&M
course was similar to their previous grades in calculus
and upper-level mechanics courses

The average grade of 3.1 in upper-level electricity and
magnetism was close to prior course grade averages in
calculus 2, calculus 3, and upper-level mechanics.

4. Students’ course grades (i.e., total points, “U-E&M”)
in upper-level E&M were significantly (p < 0.001)
correlated with precourse measures

Course grades were significantly correlated with:
a. Pretest scores on the CSEM (r = 0.55).

b. Grades in calculus 2 (r = 0.85), calculus 3 (» = 0.60),
and upper-level mechanics (r = 0.77).

c. SAT math score (r = 0.47).

d. High school GPA (r = 0.46).

CSEM pretest scores were significantly correlated with
SAT math scores (r = 0.62), and when both were used in a
regression model to predict U-E&M, only the CSEM
pretest score was significant. There appears to be a “thresh-
old” effect in that none of the 10 students with CSEM
pretest scores below 40% achieved an overall course grade
(U-E&M) over 82%, while 48 % of the other 46 students did
so (see Fig. 16). Including the grade in calculus 3 added
some predictive power to the model (see Table 1V).
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TABLE V. Regression models predicting normalized gain. Standardized regression (/) coefficients are provided.
*p < 0.05, *Ap < 0.01, ***p < 0.001, and n.s. = not statistically significant.

Model Post-CSEM ~ SAT math Calc. 3 G. U-Mech. G. U-E&M Pre-CSEM  Adjusted R> N
Baseline 1 0.59:: 0.34 56
(a) 0.70" —0.09™* 0.38 52
(b) 0.53 0.08™* 0.37 50
© 0.53" 0.02™* 0.26 49
Baseline 2 0.38*: 0.12 52
(a) 0.37 0.25"™ ) 0.23 48
(b) 0.20™ 0.36" ) 0.22 46
(©) 0.23™ 0.32° 0.19 52
(@ 0.34" 0.40’ —0.26™ 0.21 52
Baseline 3 0417 ) 0.15 50
(a) 0.11™ 0.42° ) 0.21 44
(b) 0.16™ 0.42 0.25 50
Baseline 4 0.37" 0.12 49
Baseline 5 0.38" 0.13 56
Baseline 6 0.13™* 0.00 56

TABLE VL Regressmn models Predlctlng post-CSEM score. Standardized regression () coefficients are
provided. p <0.05, p <0.01,  p < 0.001, and n.s. = not statistically significant.

Model Pre-CSEM SAT math Calc. 3 G. U-Mech. G. U-E&M Adjusted R? N
Baseline 1 0.82"" 0.67 56
(a) 0.65 0.26" 0.70 52
(b) 061" 0.28" 0.20” 0.81 48
(©) 075" 0.25" 0.78 50
(d) 0‘68;** 0.28** 0.75 49
(e) 0.60;** 0.17™* 0.26 . 0.78 46
() 0.67"" ) 0.27" 0.71 56
(2) 0.55 0.21 0.24 0.73 52
Baseline 2 067" 0.44 52
(a) 0.60'** 034 . 0.59 48
(b) 043" 0.42 0.56 52
©) 047" 0.42"" 0.57 52
() 0.48"" 0.17™ 0.59 48
Baseline 3 057" 0.31 50
(a) 0.14™* 0.60 s 0.45 44
(b) 0.22™* 0.59 0.52 50
Baseline 4 0.66" 0.42 49
(a) 0.44" 0.28™* 0.44 49
Baseline 5 0.64"" 0.40 56
5. The single most significant predictor of course upper-level electricity and magnetism course performance
grades in upper-level E&M was the grade (see Table 1V).

in upper-level mechanics
6. Students with previous exposure to AP physics
courses had slightly better course outcomes
than those without such exposure

When the upper-level mechanics grade was included in a
regression model, other factors such as CSEM pretest
score, SAT math score, and calculus 3 grade were no
longer significant predictors. Overall, upper-level mechan- Students with an AP physics background had a mean
ics grade independently explained 59% of the variance in ~ course grade (U-E&M) of 84% (N = 13), while those
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TABLE VII. Descriptive statistics for student performance metrics by gender. Sample size (N), mean, and
standard deviations (SD) are reported. Effect sizes measure performance differences between men and women.
Positive effect sizes favor men (p < 0.05, p < 0.01,  p < 0.001). Bold values indicate statistically significant

effect sizes.

Men ‘Women

N Mean SD N Mean SD Effect size
Pre-CSEM 39 62% 18% 17 45% 17% 1.07
Post-CSEM 39 79% 16% 17 64% 17% 0.9
Normalized gain 39 449% 26% 17 37% 23% 0.3
Raw gain 39 17% 11% 17 19% 12% -0.2
HW 39 89% 11% 17 90% 13% —0.1
Quiz 39 78% 13% 17 74% 15% 0.4
Midterm 39 69% 21% 17 66% 20% 0.2
Final 39 72% 23% 17 67% 22% 0.3
U-E&M 39 78% 12% 17 76% 11% 0.2
U-E&M G. 39 3.1 0.7 17 3.0 0.7 0.2
HS GPA 38 4.0 0.6 17 4.2 0.5 —-0.4
SAT math 35 743 57 17 704 64 07
Calc. 2 G. 19 3.2 0.9 8 2.8 0.7 0.5
Calc. 3 G. 33 3.5 0.8 17 3.3 0.7 0.2
U-Mech. G. 33 3.1 0.7 16 2.9 0.7 0.3
TABLE VIII. Comparison of performance among students with and without Advanced Placement physics

background. Sample size (), Mean, and standard deviations (SD) are reported. Positive effect sizes favor those with
AP preparation. ( p < 0.05, p <0.01, p < 0.001). Bold values indicate statistically significant effect sizes.

AP score available

No AP information

N Mean (%) SD (%) N Mean (%) SD (%) Effect size
Pre-CSEM 13 72 17 43 52 18 11
Post-CSEM 13 86 11 43 71 17 1.0”
Normalized gain 13 48 32 43 40 23 0.3
U-E&M 13 84 11 43 75 11 0.8"

without such background had a mean grade of 75%
(N = 43), a statistically significant difference. A similar
small outcome advantage was noted for students who had
taken the “honors” section of the introductory physics

TABLE IX. Comparison of performance among students with
honors versus regular introductory physics college background.
Sample size (N), Mean, and standard deviations (SD) are
reported. Positive effect sizes favor those who took the honors
version of the introductory physics 2 course (p < 0.05,

**p < 0.01, **Ap < 0.001). Bold values indicate statistically
significant effect sizes.

Honors Regular
Mean SD Mean SD Effect
N ) () N (%) (%) size
Pre-CSEM 25 59 20 26 55 19 0.2
Post-CSEM 25 78 17 26 72 17 0.3
Normalized gain 25 49 24 26 38 25 0.5
U-E&M 25 82 10 26 73 10 08"

course instead of the “regular” section (see Tables VIII

and IX).

7. The degree of over- or under-performance in
upper-level E&M compared to upper-level Mechanics
was uncorrelated with pretest scores on the electricity

and magnetism conceptual test

Scatterplots of “change in grade” AG (AG = U-E&M
Grade—U-Mech. Grade) versus pretest scores on the CSEM
show no significant correlations; see Fig. 12.

B. Performance on the CSEM conceptual test
and prior preparation

1. Students’ pretest scores on the CSEM
were significantly correlated (p < 0.001) with SAT
math scores (r=0.62) and grade in upper-level
mechanics (r=0.55)

Top-half scorers on the CSEM pretest had significantly
higher scores on the SAT math test than did bottom-half
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FIG. 1. Correlation matrix of student performance metrics. Significant correlations are shown in bold fonts. (* p <0.05, - p < 0.01,
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p < 0.001)

scorers (764 versus 696; effect size 1.3; p < 0.001), as well
as higher grades in related courses such as calculus 2,
calculus 3, and upper-level mechanics (effect size:
~1.0; p <0.01).

2. Pretest scores on the CSEM were significantly
higher for students who had taken Advanced
Placement physics, but not for those who had taken
the “Honors” instead of the “Regular” section
of the introductory electromagnetism course

The relatively small group of students (N = 13) who had
completed the AP Physics C: Electricity and Magnetism
course in high school had higher CSEM pretest scores
(72%) than those without AP course grades (52%; N = 43):
effect size = 1.1, p < 0.001. This significant difference
carried over to CSEM post-test scores (p < 0.01), but the
normalized gains of the two groups did not differ signifi-
cantly. There were no significant differences in the con-
ceptual test performance of students who had taken the
regular or honors version of introductory E&M in college.

Detailed comparisons are shown in Tables VIII and IX,
and Fig. 2.

3. Students’ pre- and post-test scores on the CSEM
were highly correlated, suggesting a minimum
threshold effect

Students’ postinstruction scores on the CSEM were very
highly correlated with preinstruction scores (r = (.82,
p < 0.001). As was the case with the overall course grade
(U-E&M), there appears to be a “threshold” effect in that
none of the 10 students with pretest scores below 40%
achieved a post-test score over 63%, while 87% of the other
students did so (see Fig. 13).

4. Students’ post-test scores on the CSEM were largely
predictable based on their pretest scores, but grades
in previous calculus and upper-level mechanics courses
added predictive power

Regression models predicting post-CSEM scores are
shown in Table VI. The predictive power of models
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including pre-CSEM was substantially improved by adding
either grades in calculus 3 or upper-level mechanics. By
comparison, models that relied solely on other course grades
without including pre-CSEM accounted for much less
variance in the CSEM post-test scores.

5. Students’ normalized gains on the CSEM
were significantly correlated (p < 0.01)
with several precourse measures

Correlations between normalized gain on the CSEM and
various precourse measures were in the 0.37-0.41 range.
Specifically, normalized gain correlated significantly
(p < 0.01) with SAT math scores (r = 0.38), calculus 3
grades (r =0.41), and upper-level mechanics grades
(r = 0.37). However, these correlations were only signifi-
cant for the group with below-median CSEM pretest scores
(“bottom half” group; r = 0.50), and not for the above-
median (“top-half”) group. For example, bottom-half scorers
on the CSEM pretest with above-average (AA) normalized
gains had much higher SAT math scores in comparison to
bottom-half scorers with below-average (BA) normalized
gains (732 versus 666: effect size: 1.2; p < 0.05). (By
contrast, for the top-half group, the difference in SAT scores
and previous course grades for those with above- and below-
average normalized gains was not significant.) Analogously,
correlations between normalized gain and both SAT math
scores and upper-level mechanics grades were significant for
women (r = 0.58 and r = 0.65, respectively; p < 0.05 and
p < 0.01) but not for men (r ~ 0.21, n.s.).

6. Students’ normalized gains on the CSEM were not
significantly correlated with pretest scores on the CSEM

Students’ normalized gain was completely independent
of pre-CSEM scores (r = 0.13, not significant), with pre-
CSEM explaining none of the variance in normalized
gain. This was further confirmed using regression mod-
els, which are presented in Table V. The normalized gain
of top-half scorers on the pretest (45%) was not signifi-
cantly different from that of bottom-half scorers (40%), as
one could expect from the fact that top-half scorers on the
CSEM pretest had significantly lower raw (absolute) gain
on the CSEM than bottom-half scorers (13% versus 22%;
effect size: 0.9; p < 0.001).

C. Relationship between course performance
and performance on the CSEM conceptual test

1. Students’ course grades (i.e., total points, “U-E&M”)
in upper-level E&M were significantly (p < 0.001)
correlated with their CSEM pretest score (r=0.55)

As mentioned in Sec. III A 4 above, students’ course
grades in upper-level electricity and magnetism were
strongly correlated (r = 0.55) with their CSEM pretest
scores. Top-half scorers on the CSEM pretest had signifi-
cantly higher final exam scores (85%) and course grades

(83%) than bottom-half scorers (57% and 73%, respec-
tively; effect sizes: 1.0-1.5, p < 0.001). Specifically, as can
be seen from the scatterplot in the Appendix (Fig. 16, top
row), about 70% of the students who had relatively high
(>60%) pretest scores on the CSEM also had high (>80%)
final course grades, while less than 10% of the students
with low (<40%) pretest scores achieved that same course
grade performance level.

2. Students’ post-test scores on the CSEM were strongly
correlated (p < 0.001) with measures
of course performance

Students’ post-test scores on the CSEM were strongly and
significantly correlated (p < 0.001) with both final exam
score (r = 0.69) and overall course grade (r = 0.64). As can
be seen from the scatterplots in the Appendix (Fig. 13), about
70% of the students who had high (>80%) post-test scores on
the CSEM also had high (>80%) course grades, while less
than 10% of the students with low (<60%) post-test scores
achieved that same course grade performance.

3. Students’ normalized gains on the CSEM were weakly
correlated with measures of course performance

Normalized gain showed a significant correlation
(p < 0.01) with overall course performance “U-E&M”
(r = 0.38) and with some other quiz and exam scores, but
the correlation with final exam score was nonsignificant.
However, the correlation between normalized gain and
course performance was only significant for the group
with below-median pretest scores (‘“bottom-half” group;
r = 0.46), and not for the above-median (“top-half”) group.
Bottom-half scorers with above-average (AA) normalized
gains had higher course performance scores in upper-level
electricity and magnetism than did those with below-average
(BA) normalized gains (effect size =0.9; p < 0.05).
Analogously, the correlation between normalized gain and
course performance was only significant for women
(N =17, r =0.62, p <0.01) and not for men (N = 39;
r =0.28, n.s.). In this regard, it is essential to note that
women were heavily overrepresented in the bottom-half
group, as their mean CSEM pretest score (45%) was far lower
than that of the men (62%); this difference in pretest scores
was statistically significant despite the small sample sizes
(effect size = 1.0; p < 0.01). (71% of women were in the
bottom-half group, while only 44% of men fell in that group.)

As mentioned in Sec. IIT A above, we had also defined
a rough measure of change in quantitative problem-
solving performance (AG = Upper E & M Grade — Upper
Mechanics grade) to capture shifts in students’ quantitative
performance across these two advanced courses. As shown
in Fig. 12, this measure was not significantly correlated
with either normalized or raw gain on the CSEM, sug-
gesting that improvements in conceptual scores were
largely independent of this measure of variation in quanti-
tative performance in upper-level courses.
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D. Gender differences on precourse
and in-course measures

1. Large, statistically significant differences
were observed between men and women
on some precourse measures

Comparisons across men’s and women’s performances
are shown in Table VII. Large, statistically significant
differences were observed between men (N = 39) and
women (N = 17) on the CSEM pretest: men scored signifi-
cantly higher than women (means: 62% versus 45%, effect
size = 1.0, p < 0.01). (As expected, this significant differ-
ence carried over to the CSEM post-test; effect size = 0.9,
p < 0.01). Men also had significantly higher SAT math
scores (means: 743 versus 704, effect size = 0.7, p < 0.05).
However, high school GPA and prior college course grades
showed no significant gender differences.

2. There were no statistically significant
differences between men and women on course
performance measures

Performances of men and women did not differ signifi-
cantly on homework, quizzes, midterm exam, final exam,
or overall course grade.

3. Correlation between normalized gain and both course
performance and pre-course measures was higher
Jfor women than for men

Figures 4 and 5 in the Appendix provide heatmaps (similar
to Fig. 1) for correlations between variables for men and
women separately. As noted in Secs. III B and III C above,
women’s normalized gain correlated significantly with some
precourse measures and with overall performance in the
course, while this was, for the most part, not true for men.

IV. DISCUSSION

Although there has been an increasing focus on upper-
level courses in physics education research, very little
attention has been paid to preinstruction characteristics
and indicators that might be associated with success in
those courses. Various conceptual assessments have been
administered to upper-level students, and new assessment
instruments have been developed for that purpose; however,
there is relatively little research on the relationship between
performance on those conceptual assessments and course
outcomes as measured by course grades. The present study
aimed to fill in both of those gaps by examining in a
systematic fashion the relationship between course grades
in upper-level electricity and magnetism and both prior
preparation and performance on a conceptual test.

A. Role of prior preparation in course outcomes

In general, we find that students with stronger prior
preparation on a variety of measures had better course and
conceptual outcomes. This is aligned with previous

findings that show prior preparation is related to course
outcomes in introductory physics [19,57,58]. More
specifically:

(1) Significant correlations between upper-level elec-
tricity and magnetism course grades and both
precollege mathematical preparation (SAT math)
and college calculus grades exemplify the positive
association between mathematical skills and higher
grades in upper-level electricity and magnetism.
(This positive correlation is substantially larger for
the college calculus courses.) The positive associa-
tion between course performance and prior math-
ematical preparation also shows a consistency
between our results in the upper-level electricity
and magnetism context and other recent work
focused on introductory electricity and magnetism
courses [57,59]. This association is not surprising
since mathematical skills can facilitate success on
quantitative problem-solving tasks in both lower-
level and upper-level electricity and magnetism.

(2) The similarity of students’ course grades in upper-level
electricity and magnetism to their grades in previous
upper-level math and physics courses suggests that
recent college grades may overall be the best measure
for predicting student performance in upper-level
electricity and magnetism. This consistency in perfor-
mance across courses, which has been previously
studied among physics major students [60], suggests
that characteristics that support success in one course,
such as problem-solving skills or consistent study
habits, can be generalizable to other courses.

(3) Students’ grades in upper-level mechanics are sig-
nificantly predictive of their grades in upper-level
electricity and magnetism even affer controlling for
general math preparation. This result, though perhaps
unsurprising, does not appear to have been reported
previously. This predictive power suggests that the
effect of many potentially relevant variables (such as
prior preparation, students’ attitudes toward learning,
and logical reasoning skills) is already captured by
their upper-level mechanics performance. Prior stud-
ies on students” mental models suggest that there are
overlapping skills and concepts (e.g., problem solving
and mathematical reasoning) that are carried over by
students from their mechanics to their electricity and
magnetism courses [61].

(4) Students’ performance on the preinstruction con-
ceptual test (pre-CSEM) was positively correlated
with their overall course performance, but perhaps
even more striking was the fact that only one of the
ten students whose pre-CSEM score fell below 40%
had a final course grade above the class median.

(5) Students with prior exposure to electricity and
magnetism concepts through Advanced Placement
courses or the honors version of the introductory elec-
tricity and magnetism courses showed a somewhat
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better overall performance in upper-level electricity
and magnetism than students without AP exposure or
than those who had taken the “regular” version of the
introductory course.

There are a number of possible explanations for the
positive association between course performance and prior
preparation, and they are not mutually exclusive. For
example, superior performance in upper-level electricity
and magnetism may be associated with (a) a reduced
cognitive load during learning through prior preparation;
(b) a commonality of factors related to success on both
precourse measures and in upper-level electricity and
magnetism (for example, a factor such as “general intelli-
gence”), even if there is no direct causal relationship
between prior preparation and performance in the electric-
ity and magnetism course; (c) selection effects, whereby
higher-performing students are more likely to enroll in AP
or honors courses or to take the upper-level electricity and
magnetism course, even if the AP course or their prior math
and conceptual preparation did not directly impact their
success in upper-level electricity and magnetism.

Previous studies on students’ difficulties in electricity
and magnetism show that students tend to struggle with
abstract concepts and mathematical representations in
these courses [12,13,15], which lends support to the idea
that better prior preparation and greater availability of
cognitive resources can be important for success in this
course. Based on cognitive load theory, unfamiliar math-
ematical notations or too many abstract or new concepts
can increase cognitive load and thereby hinder learning in
upper-level courses [62]. However, it is important to
emphasize that nothing in our findings constitutes evi-
dence that improving scores on preinstruction math or
conceptual tests would lead directly to improved perfor-
mance in upper-level electricity and magnetism.

B. Patterns in conceptual outcomes

Compared to some of the previously reported conceptual
gains in the context of upper-level electricity and magnetism
courses, the average normalized gain on the CSEM was
relatively high (42%) for our sample. Research using the
CSEM with matched upper-level students in traditional
courses has found normalized gains of approximately
31%, which is lower than the normalized gain we observed
here [24]. Other studies using different conceptual instru-
ments, such as the CUE test, have reported similar normal-
ized gains in upper-level courses (~30%) [10,47]. The
relatively greater normalized gains we observe here may
reflect positive selection effects (students had exceptionally
high SAT math scores at the 97th percentile), potentially
better-integrated conceptual and quantitative instruction, or
the characteristics of the particular cohort studied. While the
average normalized gain exceeded expectations for a tradi-
tionally taught course, a closer examination provides further
insights. Namely:

ey

2
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As the high correlation between pre- and post-CSEM
scores suggested, the overall students’ ranking in
terms of conceptual knowledge did not change much
during the upper-level electricity and magnetism
course. In fact, the threshold effect shows that students
entering the course with the weakest conceptual
preparation were uniformly unable to achieve high
scores on the post-test. This may suggest that tradi-
tional instruction may not adequately remediate
preexisting large knowledge gaps across students.
Prior research has shown that upper-level electricity
and magnetism students do tend to struggle with the
same concepts that introductory level students often
answer incorrectly on their post-tests [24].

We did find that the normalized gain on the CSEM

for our sample was, on average, independent of
students’ initial performance on the conceptual
survey. (Meltzer reported analogous results for an
introductory interactive engagement course [45].)
Normalized gain represents the proportion of initial
(preinstruction) errors that the student corrects on
their post-test; thus, this finding indicates that the
majority of students in this course were able to make
meaningful conceptual improvements regardless of
their initial level, but not to the extent that post-test
scores for more weakly prepared students were
comparable to those of more strongly prepared
students.
Post-test scores and gains on the conceptual test
were significantly and positively correlated with
SAT math (preinstruction) scores. This result is
reminiscent of Meltzer’s previous finding that nor-
malized gain on the Conceptual Survey in Electricity
for students in an introductory electricity and mag-
netism course was strongly related to preinstruction
scores on a mathematics diagnostic test [45]. It
should be emphasized that skills measured on the
SAT math test have little direct overlap with ques-
tions on the (largely nonquantitative) conceptual
test, so there is no obvious explanation for this
correlation; certainly, there would not appear to be
any direct causal connection. It is, perhaps, con-
ceivable that stronger mathematical preparation
served as an aid for reducing the cognitive load
required for making progress on the quantitative
course tests, thus helping to enable stronger con-
ceptual gains. However, at least as likely is that the
same background and mental characteristics that
enabled students to score high on the SAT math test
also enabled them to make strong gains on the
conceptual test. In addition, consistent with frame-
works that emphasize deliberate integration of con-
ceptual and quantitative learning, it is possible that a
stronger mathematical preparation supported more
balanced outcomes across both domains [63].
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Post-test scores and gains on the conceptual test were
also significantly and positively correlated with
course performance in upper-level electricity and
magnetism. (The degree of correlation was higher
for the group with lower pretest scores; see discussion
in Sec. IV C2 below.) It is not clear whether good
performance or high gain on the conceptual test
directly influenced (or was influenced by) success
in the upper-level electricity and magnetism course.
That is, we are unable to say whether the larger
normalized gains and/or higher post-test scores were
directly (causally) tied to doing better in the course.

On the one hand, it could be that instruction in this
upper-level electricity and magnetism course was
successful at helping the more successful students
effectively integrate quantitative and conceptual as-
pects of the course content. This hypothesis would
align with research findings that focus on the structural
role of mathematics in physics and the entanglement of
conceptual and quantitative understanding in physics
problem solving [26,27,33,64]. However, it is also
possible that the same preinstruction background and
characteristics that enabled students to make good
conceptual learning gains also enabled them to achieve
good performance on the quantitative course exams.
Correlations between normalized gain on the CSEM
and various precourse measures were significant for
bottom-half scorers on the CSEM but not the top-half
scorers. More specifically, the degree to which
bottom-half scorers on the CSEM pretest were able
to make large normalized gains was positively corre-
lated with their prior mathematical preparation. Bot-
tom-half students with higher SAT math scores had
significantly larger normalized gains on the CSEM,
did better on the high-stakes assessments, and overall,
performed better in the course. This pattern was not
observed for top-half scorers,

There are several possible explanations for this
finding, including the following: (a) The range of
SAT math scores for the top-half group was much
smaller—about half of that of the lower-half group, and
thus the absence of significant correlation might be an
artifact of a faulty, insufficiently broad sample (see
scatterplots in Figs. 17 and 18); (b) it may be that above
a certain minimum threshold of precourse mathematics
preparation, improved mathematics preparation does
not contribute to improved gains in conceptual perfor-
mance; (c) it may be that, above a certain minimum
threshold of preinstruction conceptual knowledge,
improvements in conceptual performance are unrelated
to mathematical skill. Specifically, for students entering
the course with weaker conceptual foundations, a
stronger mathematical background may have facili-
tated progress by reducing cognitive load in problem-
solving tasks, while for students with strong conceptual

foundations, any such reductions in cognitive load may
have been insignificant.

Research on problem-solving expertise shows that
expert physicists opportunistically blend conceptual
and formal mathematical reasoning while solving
problems, whereas novices treat equations as purely
computational tools [64]. For students with a weaker
conceptual background, stronger mathematical skills
may enable an easier transition toward more expertlike
reasoning that integrates mathematics with conceptual
understanding. Strong mathematical skills may posi-
tion these students within what is known as a zone of
proximal development for learning, where some scaf-
folding can effectively bridge their existing knowledge
to more abstract concepts, while students without such
preparation may fall outside this zone and require more
intensive support [65,66]. Conversely, students with a
stronger conceptual background may be less sensitive
to the effects of varied mathematical skills.

(It is interesting to note that Meltzer and King [57]
reported an analogous difference (albeit in the
“opposite” direction) in the degree of correlation
between course grades and preinstruction scores on
a math skills test, such that students who had high
scores on a preinstruction test of reasoning skills
seemed to have a higher correlation between grades
and math skills than those with low reasoning scores. It
is possible that falling below a certain reasoning skills
threshold may have negated any potential advantage of
improved math skills in achieving high course grades).

(5) Students who took AP physics (AP Physics C:
Electricity and Magnetism) had higher pre- and
post-test scores on the conceptual test, compared to
students who had not taken AP courses. As previously
discussed in Sec. IV A, these differences could be due
either to selectivity effects or to actual improved
preparation via the AP course (or to a combination
of both effects). Our findings are consistent with prior
reports that suggest a correlation between taking AP
physics and greater conceptual understanding [67].
By contrast, variations in the rigor of college-level
introductory electricity and magnetism (honors versus
regular sections) showed no such effect on conceptual
test scores, although they were associated with
differences in overall course performance.

C. Conceptual-quantitative interplay
and subgroup dynamics

From a broader standpoint, the significant correla-
tions found between conceptual test scores and course
performance measures suggest that a better understanding
of electricity and magnetism concepts was associated
with stronger course grades and/or exam performances.
More specifically:
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As noted above, we observed strong correlations
between pre-post CSEM scores and upper-level
electricity and magnetism course grades. Similar
and relatively high correlations between conceptual
test scores and course grades have been reported in
other upper-level electricity and magnetism courses
[25]. These correlations may suggest that concep-
tual mastery is associated with quantitative prob-
lem-solving skills. This could arise through
different mechanisms. For example, conceptual
and quantitative mastery could improve simulta-
neously through integrated learning, where im-
proved proficiency in one aspect directly aids
the other [26,27,63]. It could also be that students
coming in with better quantitative preparation can
invest more time and effort into enhancing their
conceptual skills or vice versa. In the second case,
growing conceptual and quantitative skills may not
have necessarily happened in an integrated form,
but instead, in parallel. At the same time, our
exploratory AG measure, defined as the difference
between upper-level electricity and magnetism and
upper-level mechanics course grades, did not show
a clear association with either normalized or raw
conceptual gains (Fig. 12). This could indicate that
changes in quantitative course performance across
these two advanced courses were not strongly
associated with conceptual level or conceptual
improvement in this student sample. Taken to-
gether, these patterns are more consistent with the
picture that students who begin the sequence with
stronger quantitative preparation tend to maintain
an advantage, rather than with a uniform, parallel
development of conceptual and quantitative skills
throughout instruction.

The moderate overall correlation between normal-
ized gain and course performance masked the
stronger association between these two variables
for specific subgroups. For example, among stu-
dents with lower pretest scores (bottom half) and
women, normalized gains correlated more strongly
with course grades. This may be due in part to the
somewhat narrower range of course grades of the
upper-half group compared to that of the lower
half; this could tend to constrain the correlation
artificially due to a limited sample. However, it
may also (or instead) be the case that gains in
conceptual understanding for students with lower
initial scores may be tied more closely to improve-
ments in performance on quantitative electricity
and magnetism problems, while students with
stronger initial preparation may be beyond the
point at which measurable conceptual improve-
ment aids (or is aided by) better quantitative
performance. (It should be noted that the absolute

gain in conceptual exam scores for the upper-half
group is smaller than that of the lower-half group
due to the ceiling effect on post-test scores, thus
severely constraining the range of post-test scores
for the upper-half group; compare scatterplots in
Figs. 14 and 15).

(3) No significant gender differences emerged in
quantitative performance in this upper-level elec-
tricity and magnetism course. This pattern differs
from research in the introductory physics context,
where gender gaps in course performance have
been observed [68]. On the other hand, the
persistence of gender differences on the conceptual
survey at the end of the semester follows directly
from analogous differences in the conceptual
pretest scores and may be related to the preexisting
difference in mathematical preparation (SAT math
scores). The gender gap on various physics con-
ceptual tests has been previously studied [69-71].
More specifically, Madsen et al. found that the
weighted average gender difference on electricity
and magnetism conceptual tests was 3.7% for
pretest scores, 8.5% for post-test scores, and 6%
for normalized gain [70]. However, the pattern
observed here appears to mainly reflect students’
prior conceptual level rather than gender, as men
with similarly low pre-CSEM scores tended to
show roughly comparable post-CSEM outcomes.
Our results are aligned with previous findings in
the introductory context that show women’s self-
assessments of their conceptual problem-solving
skills are lower compared to quantitative skills
[72]. The absence of gender differences in upper-
level electricity and magnetism course grades,
despite initial conceptual knowledge disparities,
also suggests that women were likely able to
compensate for lower initial conceptual prepara-
tion, where and when needed, thereby achieving
comparable quantitative outcomes.

V. SUMMARY AND CONCLUSION

Our goal for this study was to provide a detailed
understanding of student performance patterns in upper-
level electricity and magnetism. This was done through a
comprehensive examination of several quantitative and
conceptual measures for students in a traditional, lecture-
based upper-level electricity and magnetism course at a
large U.S. university. We examined students’ in-course
quantitative performance (homework, quizzes, midterms,
final, and total course grade) and conceptual performance
(pre- and post-instructional scores on the Conceptual
Survey of Electricity and Magnetism), as well as prior
preparation before beginning college (SAT math scores,
high school GPA, and Advanced Placement physics grades)
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and previous college course grades (both calculus and
physics). We then looked carefully at the relationships
among these variables, looking for significant correlations,
investigating regression models to “predict” students’
course grades, and searching for possible interaction effects
between and among the variables that potentially could
impact students’ course performance.

Overall and across multiple measures, students with
stronger prior preparation tended to have higher course
grades and stronger conceptual outcomes. Precollege math
scores, college calculus grades, and grades in recent upper-
level physics were all shown to be positively correlated
with performance in upper-level electricity and magnetism.
In particular, grades in upper-level mechanics were strongly
predictive of electricity and magnetism grades even after
controlling for mathematical preparation, which suggested
that performance in the most recent physics course already
captured a broad set of factors related to success for upper-
level electricity and magnetism. Additionally, students’
scores on the preinstruction conceptual test were signifi-
cantly correlated with quantitative course performance. In
fact, none of the students who started with preconceptual
scores below a certain threshold ended up in the higher-end
grade range. Moreover, students who had prior exposure to
electricity and magnetism through Advanced Placement
courses or honors introductory sections showed somewhat
better quantitative course outcomes than those without such
backgrounds. Many of these results are consistent with
previous studies of similar measures in introductory phys-
ics courses.

In terms of conceptual learning, we observed a relatively
large average normalized gain for this sample, which was
substantially higher than previously reported averages at
other institutions. However, threshold effects also emerged
in conceptual performance. Students who entered the
course with the lowest initial conceptual knowledge were
uniformly unable to achieve high scores on the postin-
struction conceptual assessment, despite having no signifi-
cant differences in average normalized gains. This
threshold effect suggests that traditional instruction, while
effective at providing similar normalized learning gains
across the sample, may not have adequately bridged the
large knowledge gaps present among students at the
beginning. In other words, the ranking of students in terms
of conceptual knowledge remained relatively stable in this
upper-level electricity and magnetism course.

Investigation of the relationship between conceptual test
scores and in-course performance suggested a positive
association between conceptual mastery of electricity
and magnetism topics and better quantitative performance
in the course. While this association can emerge through
different mechanisms, such as integrated or parallel devel-
opment of conceptual and quantitative skills, our data
seemed to suggest that students maintain their incoming

advantage even during this traditional quantitative course.
The correlation between conceptual and quantitative per-
formance, i.e., normalized gain and course grade, appeared
to be stronger among those with lower pretest scores; this
included women as a group who, however, despite initial
conceptual disparities, maintained similar course-grade
performance as men.

From an instructional standpoint, our findings provide
insights for educators teaching upper-level electricity and
magnetism courses. First, prior preparation significantly
predicting course success argues for intentional scaffolding
or prerequisite support for students who start the course
with weaker mathematical skills or conceptual back-
grounds. Second, the threshold effects observed here
suggest that traditional, lecture-based instruction may not
be able to close initially large performance gaps. Therefore,
within courses such as upper-level electricity and magnet-
ism that require a strong mathematical background, instruc-
tors may consider using active-engagement methods or
diagnostic tools early in the course to identify the specific
needs of students and provide targeted scaffolding, such as
brief math refreshers or additional one-on-one support
outside of the class as needed. Finally, instructors can
foster an integrated teaching approach by incorporating
conceptual prompts in their lectures that invite students to
go beyond thinking of mathematics as a tool for manipu-
lating equations and solving problems. This integration can
also be reinforced through deliberate assessments that
include cues for conceptual reasoning, especially on
low-stakes assessments such as weekly homework or
quizzes. This would provide students with a chance to
engage thoughtfully with problems without the pressure of
the high-stakes grading that might predispose them to take
a “safe” algorithmic approach just to meet minimum
performance requirements.

As a final remark, we note that our findings are
limited to a small sample of students within a traditional
course at a large U.S.-based institution. Therefore, the
subgroup analyses presented here are sensitive to any
generalization. Additionally, the findings presented here
are correlational in nature and do not account for any
other possible confounding variables; this precludes any
causal interpretation of the results. Future studies may
use additional variables to explore similar patterns in
performance for larger samples across multiple institu-
tions, especially for students with a more diverse
background and preparation.
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FIG. 3. Histograms of student performance metrics.
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correlation coefficients are presented in each subfigure.
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for bottom-half students. Linearly fitted trendlines and correlation coefficients are presented in each subfigure.
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