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In a partially flipped, hybrid introductory physics course where students had a free choice between
attending any lecture session in person or via video conferencing, and where recordings of the lecture
sessions were made available for asynchronous viewing, a total of 16 learner attributes and their
relationships were investigated. Five of these attributes reflect participation choices, while eleven attributes
reflect assessment outcomes on different course components. In line with the “no significant difference
phenomenon,” correlations between exam scores and participation choices were weaker than correlations
with, for example, prior knowledge as evidenced by pretest scores. Overall, in terms of correlations,
participation, and assessment attributes clustered together, respectively, with clicker questions being a
connecting attribute between the clusters. Performance aside, we found two populations in the course,
which, divided along the line of above and below average in-class attendance, exhibited other distinct
behavior attributes mostly related to investment of time and effort in the course.
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I. INTRODUCTION

For over two decades, the “no significant difference
phenomenon” [1] has been an adage in what used to be
called “tele-education:” learning outcomes hardly depend
on the course-delivery method. The COVID-19 pandemic
revived this discussion, as many courses had to switch to
“tele-education” from one week to the other, and in the
aftermath, universities have been considering what the
“new normal” should look like [2–4].
COVID-19 has been characterized as a large-scale

experiment in education [5,6], but one might argue that
the term “experiment” implies controlled conditions, pro-
tocols, and environments, while the COVID-19 response
can hardly be characterized as such. The real work might
start in the aftermath: new avenues for teaching have gained
acceptance, which can now be systematically investigated.
The course under investigation in this study happened
during the endemic phase of COVID-19, where maximum
flexibility was offered to the students: they were expected

to read materials online prior to class, given free choice
whether to attend lecture sessions in class or via Zoom, and
recordings of the lecture sessions were made available.

II. SETTING

The study was carried out in a first-semester physics
course for scientists and engineers, taught by W. B. and
W. F. The course is calculus-based and deals with intro-
ductory mechanics. There were four lectures per week; due
to the COVID-19 pandemic, the course was offered in a
hybrid fashion: students were given a free choice whether
to attend lecture inside the classroom or via Zoom.
Transmission was in real time, and in both settings,
students could participate in answering clicker questions
via a smartphone app, for which they received differential
credit based on correctness (base points for participation
and extra points for correct answers). Lectures were also
recorded and made available for learners to watch anytime.
The course was taught in partial flipped-classroom mode

[7], where the students were expected to read the materials
[8] before class and answer some basic prereading ques-
tions, which were scored; however, part of the classroom
time was still used for content transmission, so the ques-
tions and materials were used for preparation [9] rather than
complete substitution of all traditional lecturing (as, for
example, in Just-in-Time-Teaching models [10]). There
was weekly, graded online homework with multiple
allowed tries at the end of a topic week [11], and there
were six quizzes (“midterm exams”) distributed across the
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semester weeks [12] in addition to the final exam. All
quizzes and exams were carried on site under supervision.
Not part of the grade was a conceptual pre- and post-test,
namely, the Force and Motion Conceptual Evaluation
(FMCE) [13].
There was no lab directly associated with the course.

Instead, lab is offered as a separate course with a different
course number, which can be taken concurrently or in a
subsequent semester.

III. METHODOLOGY

Table I lists the sixteen learner attributes that we
considered in our study, as well as their labels (shown in
italics) and ranges. Five of these attributes are self-reported
by the learners on the following survey, which was
administered online via the course management system
between the last lecture and the final exam:

1. In a typical week, how many lectures did you attend
on site in the lecture hall? (inClass)

2. In a typical week, how many lectures did you attend
online via Zoom? (zoom)

3. In a typical nonexam week, how many minutes of
recorded lectures did you watch? (tRecNoEx)

4. In a typical exam week, how many minutes of
recorded lectures did you watch? (tRecEx)

5. After the pandemic is over, would you prefer to
continue with your current mixture of zoom and
classroom sessions? (cont)

Students were aware that per research protocol their survey
answers were embargoed until after grades were submitted
to the Office of the Registrar. 285 students (64% of the
enrolled students) consented to participate in the study and
filled out this survey.
The remaining ten attributes were gathered from the

course management system:

• The number of solved (nSol) or unsolved (nNoSol)
online homework problems; previous research shows
that these are only weakly correlated to exam scores
[14], since they are partly tainted by unproductive
behavior (copying and guessing) [15].

• The numbers of tries for solved (aSolTry) and un-
solved (aNoSolTry) online homework problems might
indicate some level of persistence and commitment,
even though they are are not always used productively
[16]. Homework copying is a problem in physics
courses [17], and a small number of attempts on
solved problems has been used as an indicator for
copying [18]. Initial concerns that copying of home-
work might increase during COVID-19 appear to be
unfounded [18], suggesting that the propensity to
copy might be an attribute of the learner rather than
the course setting.

• Performance on clicker questions (clicker) are mean-
ingful indicators of learning [19]. Here, students
attending in class have the added benefit of being
able to discuss the questions with their neighbors;
these discussions were shown to increase rather than
decrease the efficacy of these questions in terms of
discrimination [20]. Apparently, there may be a strong
beneficial aspect to the peer instruction conducted
during these discussion with neighbors; taking ad-
vantage of this benefit would have been more cum-
bersome for students participating via Zoom, as they
would have needed to text each other or use online
group chats in addition the built-in plenary chat
window.

• The reading problems (preRead) were part of the
flipped-classroom design of this course. As opposed
to the end-of-chapter type online homework problems,
these questions were on the knowledge and possibly
comprehension levels of Bloom’s taxonomy [21];

TABLE I. Learner attributes used for this study, including their range, averages, and standard deviation.

Name Description Values Average StdDev

aNoSolTry Average number of tries for homework problems that are not solved 0…99 4.7 4.3
aSolTry Average number of tries for homework problems that are solved 0…99 2.3 0.6
click Clicker participation and correctness 0…142.4 102.6 24.7
cont Should class continue to be hybrid? yes ¼ 1, no ¼ 0 0.83 0.38
final Final exam score 0…16 11.8 3.3
gainTest Normalized change of FMCE scores −1…1 0.57 0.46
inClass Times per week in classroom 0…4 1.9 1.5
nNoSol Number homework problems not solved 0…258 11.8 11.1
nSol Number homework problems solved 0…258 231.1 35.7
postTest FMCE post-test score 0…47 41.5 9.0
preRead Preclass reading score 0…4300 3567 954
preTest FMCE pretest score 0…47 36.0 9.6
quizzes Sum of the six quiz scores 0…50 33.9 8.8
tRecEx Minutes watched recordings in exam weeks 0…999 52.3 103.0
tRecNoEx Minutes watched recordings in nonexam weeks 0…999 29.7 63.6
zoom Times per week via Zoom 0…4 2.1 1.5
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besides getting students to read the materials in the
first place, it was reported that generally students are
making productive use of this kind of questions [9].

• The scores from six quizzes (quizzes) and the final
exam (final) are the result of randomized multiple-
choice examinations with a mixture of numerical and
conceptual questions.

• The FMCE [13] pretest and post-test scores (preTest,
postTest) scores are the result of nongraded, voluntary
participation in working through this conceptual
inventory of mechanics concepts. The attribute gainT-
est is the normalized change of the FMCE scores [22],
which is equivalent to the Hake normalized gain [23]
for students who score better on the post-test than on
the pretest,

gain Test

¼
� post Test−preTest

100%−pre Test for post Test > pre Test

post Test−preTest
pre Test else

:

ð1Þ

The Hake gain of the averages hgi ¼ ðhpost Testi −
hpre TestiÞ=ð100% − hpreTestiÞ ¼ 0.5 positions
the course in the realm of interactive-engagement
courses in terms of overall learning gains.

245 of the 285 students who completed the survey also
completed the pre- and post-FMCE, and these form the
sample for this study (55% of the enrolled students).

IV. RESULTS

A. Attendance

Figure 1 shows the combinations of in-class and Zoom
lecture sessions that the students stated to have attended per
week on the average. While 58 students attended all
lectures online (combination “0þ 4”), other popular
choices were half and half (combination “2þ 2”) and all
lectures face to face (combination “4þ 0”). Only 18
students stated to have regularly skipped lecture sessions
(combined less than four sessions per week), while 17
students stated to have attended more than four of the four
sessions—they may have misunderstood the questions or
filled them out carelessly, or they might have tried to
express combinations like “basically all in the lecture hall
(in Class ¼ 4), but occasionally via Zoom (zoom ¼ 1),
which would explain why 11 out of these 17 students stated
five sessions total. Finally, students concurrently taking the
lab course may have added up the hours, even though that
course has a different course number. In any case, students
clearly took advantage of the flexibility that free choice of
in-class and Zoom attendance provided.

B. Averages

Table I also shows the averages and standard deviations
of the attributes. As already seen in Fig. 1, students on the
average visited the classroom less than twice a week, but
with a wide distribution (1.9� 1.5 times). Usage of the
recordings also varied widely; each lecture session has a
length of 50 min, but as many students tend to watch at
1.5× or 2× speeds [24], one lecture could also equate to 33
or 25 min of linear video consumption—in reality, of
course, students also skip around, pause the video, and
repeat difficult segments [25]. While averages in exam
weeks (before quizzes or the final) are higher than in
nonexam weeks (one or two lectures depending on play-
back speed versus about half of that), statistically this
difference vanishes in the large standard deviations.
The averages show that the video conference and

recording scenario added much flexibility for the students,
which might explain that over 80% of the students would
like to continue this hybrid scenario.

C. Correlations between attributes

Table II shows the correlations between the learner
attributes. Several of these are almost trivial; for example,
the positive correlations between clicker, quiz, and final
exam scores, and the correlations of those with online
homework performance. Some correlations worth explor-
ing might be as follows:

FIG. 1. Histograms of reported times per week attending lecture
in the classroom and via Zoom. Combinations are labeled
“inClass þ zoom.” The bin “< 4” counts students who stated
to have attended less than the four sessions per week, i.e., skipped
class. The bin “> 4” counts students who stated to have attended
more than four of the four sessions, i.e., filled out the survey
incorrectly.
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• Usage of video recordings is moderately negatively
correlated with clicker scores. There may be many
explanation: the asynchronous nature of recordings
versus the synchronous “think-on-your-feet” nature of
clicker questions might appeal to different learners, or
learners not doing well on clicker questions might
watch the videos to review.

• Usage of video in and outside of examweeks is strongly
positively correlated, suggesting that some learners
generally have a preference for watching them regard-
less of the point in the semester, while others do not.

• Usage of video recordings is negatively correlated
with attendance of in-class lectures, but positively
correlated with Zoom attendance; a preference for the
online medium carries over to the recordings. It is also
consistent with earlier findings that students not
attending face-to-face lectures tend to make more
use of online materials [26].

• Clicker scores are positively correlated with in-class
attendance and negatively correlated with Zoom
attendance, suggesting that either learners pay closer
attention in-class or profit from discussing questions
with their neighbors. However, it is also possible that
better-performing students are also the ones who
bother walking to the classroom.

• In-class attendance is weakly positively correlated
with quiz and exam scores; this could be interpreted as
students learning better in person; however, it is also
positively correlated with the pretest, which may once
again suggest that simply the better-performing or
more interested students tend to go to class.

• The desire to continue the hybrid scenario is weakly
negatively correlated with quizzes and the final. One
possible explanation might be that online attendance,
which is positively correlated with the desire to
continue hybrid mode, might be perceived as allowing
students to invest less time and effort into the course,
and less effort also goes along with lower exam scores.

Figure 2 graphically shows the correlations in Table II
using a force-directed Fruchterman-Reingold graph
[27,28]; the attributes (vertices) are modeled to have a
repulsive force by default (repelling each other), but are
pulled together by the absolute value of the correlation,
modeled as springs (edges). After simulating these forces
for several iterations, the graph settles into a (local) energy
minimum [29], and clusters of strongly correlated vertices
become visible.
The graph suggests two separated clusters: what may be

called the performance cluster, consisting of the quiz,
exam, pre-reading and homework scores, and the learning
behavior cluster, consisting of in-class and Zoom atten-
dance, as well as the usage of recordings. In other words,
the attributes reflecting learning behavior with respect to the
hybrid nature of the course form an intercorrelated cluster
that has only weak correlations with a cluster of inter-
correlated attributes reflecting performance. The clickerTA
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performance attribute provides the strongest bridges between
these clusters.
The two attributes describing the number of tries on

homework appear disconnected, and so does the attribute
reflecting the desire to continue the hybrid mode.

D. Predictors of exam score

Using the final exam as a measure of learning, 80% of
the variation of the final exam score could be explained
by the remaining 15 attributes (R2 ¼ 0.797). However, by
far the strongest predictor is the quiz scores (p < 0.0001).
While that is hardly surprising, the next most reliable
predictor is the desire to continue hybrid mode: students
who want to continue hybrid mode are predicted to lose one
out of sixteen points on the final exam (regression coefficient
−1.04)—not a strong effect, but reliable (p < 0.01).
When combining the closely correlated quiz and final

exam scores, 70% of the variation of these total exam
scores could be explained by the remaining 14 attributes
(R2 ¼ 0.697). The most reliable predictors now become the
pre-test FCME score and the number of unsolved home-
work problems (p < 0.0001). Table III shows the multiple
linear regression results for all attributes. Apparently, being
good at physics to begin with and solving all of the
homework is a better predictor for exam success than
attending lecture (regardless of in-class or via Zoom).

E. Learner similarity and clustering

The correlations suggest there are different classes of
learners, having distinctly different preferences and expect-
ations for the course. To explore possible groupings across
attribute combinations, the learner attributes were linearly
scaled between 0 and 1, with 0 being mapped to the

smallest occurring attribute value and 1 to its highest
occurring value; the result was considered a vector. The
pairwise similarity between the attribute vectors can be
calculated to construct a similarity matrix using cosine
similarity [30,31], which can be visualized as the force-
directed graph [27,28] in Fig. 3. Learners are represented as
the nodes in this graph, connecting edges are only drawn if
their cosine-similarity is higher than 0.95.
In the graph, the inClass attribute is indicated by the

colors of the nodes, where below-average weekly class-
room attendance (zero or 1 time per week) is indicated by
blue colors, while above-average classroom attendance is
indicated by beige colors (2, 3, or 4 times per week).
There are only very few distinct clusters discernible:
• The cluster at the top of the graph (nodes 4, 51, 244,
183, etc.) consists exclusively of learners who in-
dicated that they attended all lectures inside the
classroom (in Class ¼ 4). The average of their final
exam scores is significantly beyond course-wide
average (final ¼ 14.2� 1.2; see Table I for
course-wide averages), and so are their post-test
scores (post Test ¼ 46.7� 0.5). This seems to be a
cluster of high-achieving students.

• The attribute averages of the learners in the cluster on
the left side of the graph (nodes 136, 187, 17, 114,
etc.) are generally consistent with the course-wide
averages, with two exceptions: none of the students in
this cluster indicated that they would want to continue
hybrid mode (cont ¼ 0), i.e., all of these students
want to discontinue the online offerings, but at the
same time, they had below-average class attendance
(in Class ¼ 0.7� 0.8). This seems to be a cluster of
students whose performance was average, but who in
retrospect might regret not having gone to class.

• The outliers at the bottom of the graph (nodes 139,
164, 2, 73, etc.) have little in common, except that they

TABLE III. Multiple linear regression coefficients and p values
for the prediction of the combined quiz and final exam scores.

Coefficient p value

Intercept 12.954 0.084
aNoSolTry −0.383 0.006
aSolTry 2.270 0.030
click 0.065 0.018
cont 0.266 0.859
gainTest −1.350 0.512
inClass −1.307 0.067
nNoSol −0.296 <0.0001
nSol 0.070 0.008
postTest 0.096 0.400
preRead <0.0001 0.995
preTest 0.340 <0.0001
tRecEx −0.008 0.219
tRecNoEx −0.002 0.859
zoom −1.478 0.039

aNoSolTry

aSolTry

click

cont

final

gainTest

inClass

nNoSol

nSol

postTest

preRead

preTest

quiz

tRecEx
tRecNoEx

zoom

FIG. 2. Force-directed graph of the correlations Table II. Green
edges represent positive correlations, red edges negative corre-
lations, and the saturation and width denote strength.
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rarely went to class and on the average did worse on
the quizzes (quizzes ¼ 21.9� 7.9). Their perfor-
mance on the final exam, however, was widely
distributed (final ¼ 8.0� 5.1), and while below
course-wide average, not significantly so.

Any proposals as to the underlying, latent attribute of cluster
formations (e.g., regret) are speculative andwould need to be
confirmed through interviews of cluster members.
There is, however, a large-scale pattern of diminishing

classroom attendance from the top to the bottom of the
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graph, which is striking, since this difference in one of two
dimensions in the graph is caused by one in sixteen
dimensions of the attribute vector. In other words, learner
similarity across all attributes aligns with classroom atten-
dance. How do students with above-average classroom
attendance differ from those with below-average classroom
attendance?

F. Population differences

To find out how these populations differ, Fisher’s exact
test can be carried out on contingency tables for being
above or below the average of attributes (see Table I). As
Table IV shows, students who visit the classroommore than
twice a week (above-average classroom attendance) are

• twice as likely to invest above-average numbers of
tries on solved homework,

• almost four times as likely to have above-average
clicker points,

• almost twice as likely to have above-average reading
scores,

• 1.6 times as likely to have above-average pretest
scores,

• almost twice as likely to have above-average quiz
scores, and

• twice as likely to only make below-average use of
recordings in exam weeks.

Many of these likelihoods reflect investment of time
and effort, rather than necessarily measures of learning.
For example, formative assessment activities such as
preclass reading, clicker points (where credit is given
also for wrong answers), number of homework tries and
even homework performance reward effort, diligence,
and persistence as much or even more than correctness
of answers. Above-average face-to-face attendance is

associated with above-average investment in these time-
and-effort components of the course, more so than with
above-average performance.
As an aside, it is worth considering the implications of

the finding regarding the number of tries needed to solve
homework problems. While an argument was made that
this suggests persistence and investment of time and effort,
this could also suggest that the students visiting the
classroom might be having a harder time with the home-
work than the online students. There might be at least two
explanations for this:

• The online students might not find it necessary to
come into the classroom because physics comes to
them more easily.

• The online students are also better connected online in
general, where they can find the answers to most if not
all of the homework; a low number of tries has been
associated with copying [15].

Since the course-wide average number of tries to solve a
homework problem is 2.3, three tries—which is a reason-
able number for somebody just learning the content—is
already above average.
It cannot be overemphasized that these likelihoods do

not imply causation: some students may not have invested
time into face-to-face attendance and these activities simply
because they were able to follow the course and do well on
quizzes without this investment. By the reverse token,
students who came to class might simply have a higher
interest in physics.

V. DISCUSSION

No significant difference could be found in exam
performance between students who primarily attended
lecture sessions face to face versus those who attended
online. However, this does not necessarily mean that the
two attendance modes are equivalent, since students were
free to choose: it is an unanswered question how students
who chose to come to class would have performed if forced
to attend online and vice versa. Efforts to answer this
question by considering pre-COVID-19 data, when all
lectures were face to face, and mid-COVID-19 data, when
all lectures were forced online, were inconclusive due to the
sheer amount of other variables that changed—COVID-19
was not a controlled experiment, and conducting a con-
trolled experiment in future semesters that forces students
into particular attendance modes does not seem ethical.
While no significant difference could be found in exam

performance, face-to-face and online audiences appear to
be two different populations. Students with above-average
face-to-face attendance appear to generally invest more
time and effort into the course, but we are not able to make
any statements regarding causality; latent attributes such as
“aptitude,” “expert likeness,” “expectations,” or “interest”
were not investigated; this would have required epistemo-
logical surveys such as MPEX [32] or CLASS [33].

TABLE IV. Fisher’s exact test comparison of populations with
above- and below-average classroom attendance with respect to
above- and below-average values on the remaining attributes.

Odds ratio p value

aNoSolTry 0.8 0.5005
aSolTry 2.1 0.0062
click 3.7 <0.0001
cont 0.6 0.1264
final 1.1 0.7931
gainTest 0.9 0.5986
nNoSol 0.8 0.5094
nSol 1.5 0.1659
postTest 1.1 0.887
preRead 1.8 0.0443
preTest 1.6 0.0884
quiz 1.8 0.0272
tRecEx 0.5 0.0082
tRecNoEx 0.7 0.148
zoom <0.01 <0.0001
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Face-to-face instruction has intangible benefits, such as
socialization, peer support, motivation, self-regulation,
self-efficacy [34] and less risk of mental health problems
[35]. Slightly higher clicker scores associated with in-class
instruction might be symptoms of the high-investment
behavior, but they could also be the result of fruitful
discussions with peer learners, which are less likely in
online scenarios. The development of expertlike episte-
mologies was not assessed, and one might speculate that
face-to-face instruction could be less detrimental than
online instruction [36,37]; this would be a worthwhile
future study.
Overall, the “no significant difference phenomenon”

with respect to course-delivery medium was once again
confirmed. Rather than focusing on the medium, consid-
erations regarding the mode of instruction should continue
to move into the foreground: there is a “very significant
difference phenomenon” when it comes to using activating,
research-based instructional strategies [38]—in this study,
FCME gains were consistent with those of other courses
using activating techniques, independent of how the stu-
dents attended the course. Motivating students to spend
more time with the physics content leads to better perfor-
mance, independent of the delivery method.

VI. CONCLUSION

The real question is whether to continue hybrid mode
beyond COVID-19 or not. As our study indicates, this
mode enabled two populations to emerge: a low-investment
population, which generally has a preference for online

sessions and recordings, and a high-investment population,
which tends to spend more time on course activities and
prefers traditional face-to-face lecture sessions. Should
instructors enable this low-investment behavior? If they
trust exams as indicators of learning, the answer is a clear
“why not?,” as apparently no harm came to this population.
External factors, such as prior knowledge of physics, are

much stronger predictors of exam success, and there seems
to be little justification for making students invest more
time and effort than they apparently need by making them
come to class and stopping to make available recordings.
By the reverse token, the study provides no basis for
discontinuing face-to-face instruction: there is a population
who wants or needs to invest this extra time and effort; we
do not know what would have happened to this population
had it been forced online.
It appears that rather than focusing on the medium,

instructors should continue to focus on the mode of
instruction, i.e., the techniques and strategies employed
to foster learning. Barring possible future results regarding
the development of learner epistemologies, and as long as
the effort on the part of the instructors and support
personnel is not prohibitive, it seems that the hybrid modes
of instruction should be continued.
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