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Contributing factors to the improvement of conceptual understanding
in a computer-based intervention in Newtonian dynamics
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Students experience many difficulties learning the fundamental relationships in Newtonian mechanics,
partly due to preexisting mental models that originate from their everyday lives. These preconceptions often
persist even after instruction in mechanics and lead to a supposed incompatibility between physics lessons
in school and personal experiences. This article presents research that focuses on students’ concept
knowledge and conceptual understanding in the field of Newtonian dynamics. Interventions are presented
that discuss authentic experiments with friction using different software as a tool. Overall, the interventions
lead to an increase in conceptual understanding with a large effect size. A hierarchical linear model (HLM)
is used to identify factors that lead to a larger or smaller increase in conceptual understanding of the topic.
With the HLM, we infer that the pretest score, the students’ interest in how physical properties interrelate
(interest in “theoretical physics”), prior physics performance (in kinematics in this case, measured in the
physics grade), and the (intrinsic and extraneous) cognitive load influence the post-test score. We discuss
possible explanations as to why these factors influence students’ conceptual change.
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I. INTRODUCTION

Newton’s theory of motion is one of the most funda-
mental theories in physics and forms the basis for many
other theories. It is, therefore, of great importance to
physics students of all ages [1]. A lot of time is spent in
schools teaching Newton’s laws of motion, but studies
show that students’ conceptual understanding is often
insufficient after the relevant lessons [2]. Students’ mis-
conceptions of mechanics are particularly persistent and
well researched [3]. One reason could be that mechanics is
closely related to students’ everyday experiences and
therefore the misconceptions can become especially
entrenched over the course of their lives.

Physics teachers are faced with the task of teaching
students physically correct and buildable concepts, reinforc-
ing these concepts, while reducing unwanted ones. Although
students will not entirely lose their naive preconceptions [4]
(nor should they for everyday communication), according to
Posner et al. they must be dissatisfied with them and see the
physical model presented as more intelligible, plausible, and
fruitful [5]. Experience has shown that this is difficult.
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Friction is the key to recognize Newton’s laws in
everyday life. An object, that moves with a constant
velocity at a certain time will always come to rest because
there is a force acting on it (air resistance, sliding friction,
etc.), not because it is an intrinsic property of the object. For
example, most students assume that a force must act in the
direction of motion for something to move [6]. This is
natural from an everyday perspective, as on a bicycle you
must constantly pedal to maintain a certain velocity.
Without considering friction in these situations, the stu-
dents see no need to switch from their preconceived
concepts to the desired Newtonian concepts, as their
naive mental models give the correct result and explain
the situation sufficiently well. However, the discussion of
frictional forces poses mathematical problems in physics
class, especially in high school and below. Authentic
motions, in which several forces, possibly dependent on
speed or location, may act on the object, cannot be inves-
tigated quantitatively without aiding tools. The computer can
be such a tool [7]. Overall, digital tools are proven to have a
positive effect on learning gain in the natural sciences and
mathematics [8]—especially when used collaboratively in
small groups [9]. They should be used additionally and not
instead of conventional methods. Effect sizes are the highest
in physics and in grades 11-13 [10].

Because of the requirements mentioned above, we focus
on two specific software tools, which are especially useful
in Newtonian mechanics. On one hand, the computer
can be used to model motions (computational modeling,
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CM) [11]. Here, the user implements the forces acting on
a body and creates the mathematical model associated with
a particular motion, using the standard model of Newtonian
mechanics [12]. The software numerically solves the
arising differential equations (computational physics). To
overcome the above-mentioned challenges, friction should
always be considered. This is possible since the software
can help by numerically solving the arising differential
equations, which are often not possible to solve by hand.
Whether friction needs to be included in the final model or
not can be decided by the users themselves. While using
CM, first a theoretical mathematical model of the physical
reality is created and then implemented. It can then be
compared with real data and be iteratively improved in the
process until the user considers it sufficiently good [13].
Research indicates a positive effect of using computational
modeling in different areas depending on the age of the
students, the software used, and the goal of the intervention
(see Sec. II B).

The computer can also be used to measure and evaluate
experiments in different ways. The measurement data can
be displayed and interpreted, with a qualitative discus-
sion of the influence of friction. An example of this is
video motion analysis (VMA), which enables an easy-to-
implement analysis of everyday motions [14]. In this case,
measurement data from experiments are explained with the
underlying theory, focusing on friction to illustrate that
Newton’s laws apply to everyday life. No mathematical
knowledge is required to use VMA this way. Using VMA
was, among other effects, proven to reduce cognitive load
thus increasing the learning gain in kinematics and is
associated with a higher motivation in the taught subject
(see Sec. I1C).

We hypothesize that an intervention that takes research
on students’ preconceptions into account and uses the
computer to analyze or model authentic motions with
different frictional forces (without requiring students to
have in-depth knowledge of differential equations and other
advanced mathematics) will be successful in reinforcing the
correct physical theory. This should lead to an increase in
conceptual understanding that is higher than in traditional
approaches. However, several factors can influence the
learning gain in the process. In the following chapters,
research is presented that aims to determine whether such
an intervention is indeed successful, and which factors
influence the success of the intervention with N = 274
11th-grade students from German high schools.

II. THEORETICAL BACKGROUND
A. Conceptual change

The process of transitioning from preexisting concep-
tions to physically viable ones is called conceptual
change. There is plenty of research on the conditions
in which conceptual change can be successful [15].

No general consensus exists, partly because of different
frameworks of the process of learning itself. One of the
most frequently referenced models of conceptual change
is from Posner et al. [5]. The authors name the following
conditions for successful conceptual change: The student
must be dissatisfied with the prior conception and the new
conception must be intelligible, plausible, and fruitful [5].

According to different studies [16,17], even experts in
their respective fields never lose their naive preconceptions.
Instead, they learn to inhibit those in favor of the correct
conception. Therefore, Potvin et al. [17] prefer the term
“conceptual prevalence” over “conceptual change.” The
goal of successful physics lessons should then be to weaken
misconceptions and strengthen the desired ones. The most
successful strategy depends on the conceptual change
framework. While some authors suggest, that starting with
connectable parts of the preconception and gradually
transferring to the wanted concept is optimal [18], others
suggest that a cognitive conflict is the most successful
strategy, since students must view their preexisting mental
model as insufficient or wrong [19]. Both strategies do have
advantages and disadvantages. Manifold research and the
conceptual prevalence framework in particular suggest that
weakening the preconception through cognitive conflict
before presenting an alternative is counterproductive [16].
In this study, cognitive conflicts were used well after
students were presented with the correct laws of motion
in school. The cognitive conflicts are generated and
dissolved by the interaction with the software itself, not
the teacher, which has several advantages, since the
software is neutral, and students may be more inclined
to express their beliefs while working in pairs of two on a
laptop over a discussion in the plenum. It is hypothesized
that this leads to a successful transition from unwanted
preconceptions to the correct physical theory of motion and
therefore to an increase in conceptual understanding in the
field of Newtonian dynamics.

B. Other perspectives on conceptual change

Besides the strictly cognitive perspective (Sec. 11 A),
there are broader (sociocognitive) and different (socio-
cultural) perspectives on conceptual change. While these
perspectives were originally separate, some authors com-
bine these into an integrated constructivism [20] for a
holistic approach to explain the complex process of
conceptual change [21,22].

Within a constructivist and primarily cognitive approach
to conceptual change, only the cognitive processes of the
individual are focused. This approach does not directly
explain other influences on conceptual change. Therefore,
suggestions were made to steer toward a “warm” cognitive-
affective model of conceptual change [23] (sociocognitive
approach) including motivational factors (such as interest in
a certain subject, epistemic beliefs, or the subject-specific
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self-concept or self-efficacy) away from a ‘“cold” and
overly rational one [24].

A different approach to conceptual change is the socio-
cultural one [25], which understands learning as a process
of enculturation into a community [26]. Accordingly, the
acquisition of knowledge is not explained by the cognitive
processes of the individual, it rather is a process linked to a
certain context [26] and learning is a process of becoming a
member of a particular community [26,27]. Successful
learning needs different contexts and discourse practices
[28] and knowledge does not transfer between those
contexts [29]. Therefore, in this perspective, learning
environments should enable social learning and the ability
to deal with authentic problems.

To combine the mentioned approaches, Vosniadou
proposes to choose the individual’s activity in its envi-
ronment (both physical and social) mediated by symbolic
structures as a unit of analysis for conceptual change
processes [26]. This study follows a more sociocognitive
approach, where the cognitive processes of the individual
are focused, which are influenced by social (affective and
motivational) factors.

C. Computational modeling

Computational modeling (CM) refers to the “construc-
tion of a network of physical concepts and relationships
that can describe and predict the behavior of a physical
system” [30]. Teachers have been using computer-based
modeling to teach physics since the 1980s. The software
has changed fundamentally since then [11]. In the early
years, it was almost exclusively the teachers who operated
the software. They mostly used programming languages
such as “Basic” or “Pascal.” CM is also possible with
spreadsheet programs such as “Microsoft Excel,” in both
cases using the so-called “method of small steps” (“Euler
method”). However, graphical modeling programs have the
advantage that the underlying structure of the mathematical
model is visually represented. There are also equation-
based CM programs where only the acting forces, the initial
conditions, and the mass of an object must be entered,
while the standard model of mechanics is already imple-
mented, which simplifies the use. Each of these types of
computational modeling software has its own advantages
and disadvantages and they should be used depending on
the goals of the lesson. They all allow students to focus on
the physical relationships between the relevant quantities
while discussing complex and authentic motions involving
frictional forces, without the need to focus on complex
numerical solutions.

Research on CM shows that the sometimes far-reaching
expectations have not always been met in the past [31,32].
However, it was shown that the use of graphical modeling
programs leads to an improvement in the semiquantitative
description of mechanical motions compared to normal
teaching [33]. Benacka was able to demonstrate a motivating

effect of CM with “Excel” on high school students [34-36].
In the university sector, “VPython” [37], a software based on
the “Python” programming language, with which simple 3D
animations for model building can be created, has become
somewhat established and successful [38]. In schools, the use
of “VPython” seems to be more problematic [39]. Especially
if the learners are to use the software autonomously, an
intuitive and easy-to-use interface is important. Therefore,
we used the equation-based CM program “Newton-1I'"" here,
for which there are no empirical studies so far. In “Newton-
117, the focus is on the relationship between the acting forces
and the subsequent motion of an object, while the kinematic
relationships (between acceleration, velocity, and location)
are calculated automatically by the program and are not a
central aspect of the intervention.

D. Video motion analysis

Video motion analysis (VMA) is a measurement method
that enables easy analyses of two-dimensional motions and
the presentation of the acquired data in various ways.
Compared to data acquisition systems, the easy-to-use
display options are an advantage of VMA. It has been used
in physics education for many years [40] and has become
increasingly established in the recent past, also due to
improved software [41,42]. VMA can be performed on
laptops and tablets with different advantages. Overall, studies
on VMA have shown that students are more successful in
interpreting motion diagrams [43] and in understanding the
concept of braking [44] when using it. In addition, positive
effects on motivation and curiosity have been measured [45].
It has been shown that the understanding of concepts,
especially in challenging tasks in kinematics, is improved
more using VMA than through normal teaching, which is
explained by a reduction in cognitive load [46]. The use of
multiple representations [47], such as graphs or vector arrows
in combination with videos, can have a positive effect on
learning progress [48]. Overall, however, research on VMA
is largely limited to the field of kinematics. In this study, the
use of the software “measure dynamics™ for laptops in the
field of dynamics is investigated.

E. Cognitive load heory

Cognitive load theory (CLT) [49,50] postulates a limited
capacity of the working memory, which is important
for learning processes. In addition, the time available
for processing information is also limited. The working

"“Newton-II” is an equation-based CM program. It was created by
Dr. Stephan Liick at the Department for Physics and its Didactics at
the University of Wiirzburg and can be downloaded for free: https://
did-apps.physik.uni-wuerzburg.de/Did- Apps-Site/newton-ii_info/.

“measure dynamics” is a VMA program. It was created by
Michael Suleder and a demo version can be downloaded at PHY WE:
https://www.phywe.de/sensoren-software/mess-software-apps/
software-measure-dynamics-einzellizenz_2259_3190/.
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memory is important for building new schemata and should
therefore not be overloaded. This should be considered
when designing learning environments. Three types of
cognitive load are distinguished [51]. Intrinsic cognitive
load (ICL) depends on the complexity of the information
to be processed and is thus dependent on the learning task
and the learner’s prior knowledge. It cannot be influenced
by the learning environment. Extraneous cognitive
load (ECL) is largely influenced by the design of the
learning environment and should be minimized according
to CLT, as it is not conducive to the learning process.
Germane cognitive load (GCL) is the cognitive load
relevant to the learning process, which is responsible
for the construction and automation of new schemata and
should be as high as possible. CLT is a theory that can
provide an explanation of which learning environments
are conducive to learning and which lead to unnecessary
cognitive load that hinders the building of new schemata.
In the context of video motion analysis, a reduction in
ECL has been shown to be associated with higher learning
gains [52].

III. RESEARCH QUESTIONS

This study is conducted with students who have already
covered Newton’s laws of motion in their school lessons.
The goal is to investigate to what extent a subsequent
intervention on Newtonian dynamics with computational
modeling or video motion analysis is effective for deep-
ening and improving their conceptual understanding.

1. Is an intervention based on the known preconcep-
tions using a computer to discuss authentic motions
including friction successful in improving the con-
ceptual understanding of Newtonian dynamics after
the introduction in school?

We hypothesize, that this is the case. When an appropriate
intervention achieves the expected learning gains, the central
question discussed in this article is, which specific factors
lead to a higher or lower learning gain and how that fits into
the sociocognitive perspective on conceptual change.

2. Which factors can be identified that influence the
students’ success in the intervention and how do
those factors affect their conceptual change?

From a sociocognitive standpoint, different affective
variables could impact the way knowledge is constructed.
As the interventions use a more theory-based approach
(computational modeling) and a more experimental
approach (video motion analysis), it is hypothesized that
learners who are more interested in the interrelationships
between physical quantities will achieve greater learning
gains with computational modeling, while learners who are
more interested in experimentation will learn more with
video motion analysis. Recommendations for the use of the
two methods in the classroom could be derived from the
results. Furthermore, affective variables, such as interest in
physics and computer affinity, may also have an impact on

conceptual change, though it is unclear to what extent. The
grades in mathematics and physics might influence learn-
ing gain, as well as the physics-related self-concept.
Additionally, the cognitive load should theoretically
affect the learning outcome of the intervention as well.

IV. DESIGN

To answer the research questions, a quasiexperimental
study using a pre-post design was conducted. Two separate
interventions were created, one with a more theoretical
approach using computational modeling to model different
motions and compare the model to experimental data and
the other one using video motion analysis to analyze the
motion and derive the acting forces from the data. Both

focus on the fundamental relationship d = % each
method approaches the equation from a different direction.
The two interventions were otherwise similar (Sec. IV B).
They took place in the physics laboratory of the Goethe
University in Frankfurt/M. A test was conducted in the last
lesson in school before the visit and one immediately after
the intervention to measure, among other variables, the
change in conceptual understanding that can be ascribed to
the intervention.

A. Test instrument

For this study, a test was created and piloted. It is in
German language and consists of several different parts.’
The subscales reported in the following chapters were
found using an exploratory (and a subsequent confirma-
tory) factor analysis’ [54]. The model fit was evaluated and
a test for tau-equivalency was conducted [55]. In cases
where tau equivalency had to be rejected in unidimensional
scales, the composite reliability (congeneric reliability,
[56]) was calculated, else Cronbach’s alpha was used
[57]. The only multidimensional variable, included in
the hierarchical linear model, was the conceptual under-
standing of Newtonian dynamics. Here, a bifactor model
was used, since the items measure the overall understand-
ing of Newton’s first two laws and consist of three
subscales (Newton’s first law; Newton’s second law, force
to motion; Newton’s second law, motion to force).

1. Conceptual understanding

The main part of the test instrument consists of testing
conceptual understanding of Newtonian dynamics.” The FCI

*The complete test instrument for the overall study includes
some additional items, which are irrelevant for the results
presented in this study. For a discussion of those items and
the complete test, see Ref. [53].

*Principal component analysis with varimax rotation and Kaiser
normalization (see Ref. [53] for a more in-depth-explanation in
German).

3See also Ref. [11].
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TABLE 1. Newtonian dynamics.

Number Post-
Scale name of items Pretest  test ;
Conceptual understanding 15 v v 0.84

of Newton’s first two laws

(Force Concept Inventory) [58] is the best-known test for
conceptual understanding of forces. It reliably tests force
understanding [59] and offers high comparability to other
studies [60]. However, the items in the FCI cannot be reliably
assigned to different content areas that would allow for a
more differentiated view [2,61 ,62],6 which was necessary for
the overall study, the test was created for.” Since the FCI
contains fitting items, it served as the basis for creating the
test used here. Of the 15 items of the test, 9 are from the FCI.
Of these, three were adopted in their original form, four were
modified, and two were supplemented by a second level, in
which the reasoning for the response in level 1 had to be
selected. Three items were newly created, two are from
Wilhelm [64] in accordance with Flores et al. [65], and one is
taken from Warren [66] in a modified form. All items are
evaluated dichotomously, and a two-level item is considered
correct only if the answer and the reasoning are correct. After
piloting with N = 85 students, we identified three content
areas using a scree test and principal component analysis that
contribute to the overall understanding of Newton’s first two
laws (Table I).

The overall test instrument also included four items on
acceleration graphs (@ = 0.91) from the FMCE (Force
and Motion Conceptual Evaluation) [67] in the version of
Wilhelm [47,68], to measure the conceptual understanding
before the intervention. An improvement here was not the
goal of the study. In addition, the content area “Newton’s
third law” with four items was added as a control scale from
the FCI in both pre- and post-test, which already shows a
high internal consistency in the FCI [62,69] and was
therefore not part of the pilot study. Newton’s third law
is not part of the intervention. No change in conceptual
understanding is expected here. A significant increase in
the items in the scale “Newton’s third law” could indicate
problematic effects regarding the test. Students could have
improved because they knew the items in the post-test,
were more focused, etc. We added those items to rule out
this possibility.

SResearch also indicates that it makes a difference (in difficulty)
to students whether they infer the acceleration from the forces or
vige versa [63].

The different content areas are not relevant for the results
presented in this paper but were the reason for a creation of a new
test instrument.

2. Rating of the intervention

To be able to test affective variables, we adopted items
from Laukenmann ef al. [70]. The scale “relevance of the
topic” contains items that ask about the importance of what
was learned and students’ desire to learn more, while the
“fun of the intervention” scale is about the experienced
enjoyment of the day. In addition, we created our own items
to evaluate the used software. In these items, the user-
friendliness of the software, the suitability for learning
physics, and the desire to use it in school lessons are
queried. Students had to answer the items on a five-point
Likert scale. The pilot study here also took place with
N = 85 students (see Table II).

3. Cognitive load

To measure cognitive load, an established test instru-
ment was adopted from Becker et al. [52], who created
and evaluated a German version of the English CLS by
Leppink et al. [71]. The items were adapted to our
context.® Even though the CLS has been shown to be
robust in similar cases [72,73], we conducted a factor
analysis to confirm the scales with similar results as [72]
and calculated the Cronbach’s alphas of the three scales
(Table III). Sufficient validity and reliability can therefore
be assumed. The items are answered on a six-point
Likert scale.

4. Other affective variables

Various additional variables were measured, which are
hypothesized to influence conceptual change. These
include the mathematics and physics grade, subject-specific
self-concept [76], subject interest [77], interest in inter-
relationships between physical quantities (“theoretical
physics,” own items), interest in experiments in physics
(“experimental physics,” own items), and computer affinity
[78] (see Table IV). The students had to answer all these
items on a five-point Likert scale.

In total, the pretest consisted of 50 items and the post-test
of 52 items.” Students were able to complete the ques-
tionnaire in about 30-35 min.

B. Interventions

The design of the interventions was based on findings in
the area of digital media use in the classroom [7,9,10,79]. The
interventions lasted 3.5 h and students participated after their
lessons in Newtonian mechanics in school (Fig. 1). They
received a workbook, which led them through the exercise
with different tasks and questions. In both interventions, four

SWe only changed ‘“gleichférmige Bewegung” (= uniform
mgtion) to “Dynamik” (= dynamics).

There were some additional items on model understanding in
physics that are not relevant for the results discussed in this
article.
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TABLE II. Different affective scales regarding the intervention.

Scale name Number of items Pretest Post-test Reliability”
Usability of the software 5 X v 0.78"
Relevance of the subject 3 X v/ 0.78°
Enjoyment of the intervention 4 X v 0.85°

*Where tau-equivalency had to be rejected, reliability was calculated using the composite reliability. Else,
Cronbach’s alpha was used.

Composite reliability.

“Cronbach’s alpha.

TABLE III. Three different subscales of the cognitive load.

Scale name Number of items Pretest Post-test Reliability”
Intrinsic cognitive load 3 X v 0.78"
Extraneous cognitive load 2(3)d X v 0.72° (0.59)d
Germane cognitive load 4 X 4 0.90°

“The reported reliability coefficients are from our own data. It should be noted, that while the reliability of the ICL
and GCL scales is good, the reported Cronbach’s alpha of the ECL scale from the original questionnaire with ten
items is problematic, which is a common problem in different versions of the CLS [74]. A factor analysis showed
that, in our case, one of the three items does not load on a certain factor. We removed that item (see also Ref. [72] for
a similar approach). The ECL scale consisting of the remaining two items has a reliability coefficient of 0.72
(SlPearman-Brown Pyiy2 [75]) and was used in the HLM.

Composite reliability was used since tau-equivalency had to be rejected.

“Spearman-Brown.

Values from the original questionnaire from Becker et al. in brackets.

TABLE 1V. Additional affective variables.

Scale name Number of items Pretest Post-test Reliability"
Subject-specific self-concept 4 v X 0.93
Interest in physics lessons 4 v X 0.87
Interest in theoretical physics 5 v X 0.82°
Interest in experimental physics 3 v X 0.82¢
Computer affinity 4 v X 0.90¢

*Where tau equivalency had to be rejected, reliability was calculated using the composite reliability. Else,

Cronbach’s alpha was used.
®Cronbach’s alpha.
“Composite reliability.

experiments were conducted. Each experiment and the
associated tasks took 45—-60 min to complete. The students
did not know the software they had to use in the intervention.
Therefore, in the first of the four experiments, the teacher
introduced how to use it.

In the CM cohort, following the experiment in the
plenum, students developed hypotheses about which forces
might have acted on the object during its motion. These
hypotheses were explicated and tested using the software
“Newton-II" in pairs. After an initial test of the model, the
students could adjust their hypotheses by changing the
implemented forces. Afterward, a comparison of the model
with real kinematic data took place, which was inserted into

the software. Usually, the model differed from the real data
at first, either due to errors in the model or because friction
was not yet accounted for. Students were left with the
choice if they want to or should include frictional forces.
While the Styrofoam ball (Sec. IV B 3), for example, is
heavily influenced by air friction a model without friction
fits the trajectory of the steel ball sufficiently well. The
trajectory of the cone (Sec. IV B 1) and the trolley (Sec. IV
B2) can only be explained with friction. The visible
difference between the model without friction and the data
shows that friction plays an important role and that an
object does not slow down without a force acting on it. This
is important to strengthen Newtonian and to weaken
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FIG. 1.

Aristotelian or impetus views. After adjusting the model
again, the students used the model to answer questions
concerning the relationships between the relevant quantities
to consolidate the gained knowledge. The whole process
was guided by the workbook. The goal was to strengthen
Newtonian argumentation,10 deepen the structural under-
standing of Newtonian dynamics,'' and increase the con-
ceptual understanding of Newton’s first two laws.

After conducting the initial experiment, the VMA group
started with a video clip of the experiment, from which they
obtained kinematic data with the help of an automatic video
motion analysis with the software measure dynamics.

These data were processed and displayed in different
ways, depending on the task in the workbook (velocity and
acceleration arrows in the video, graphs created synchro-
nously with the video, and stroboscopic images). The
interpretation of the data illustrated the relationship
between the kinematic quantities and allowed to infer
the total force acting from the acceleration. Students then
had to discuss the components of the total force. Frictional
forces are discussed here as well, though only qualitatively.
It is emphasized that the observed motion can only be
explained by other forces acting on the object and discussed
how the trajectory would look without friction. The
acceleration in the opposite direction of motion of the
trolley, for example, can only be explained by friction since
there are no other forces acting (in the axis of motion).
Analogous to the computational modeling group, the goal
was to increase Newtonian argumentation by focusing on
the connection between acceleration and forces.

Both groups conduct experiments and both carry out
theoretical considerations. The fundamental difference
between the two groups, besides the software used, is
the direction of reasoning. One group approached the
fundamental relationship between forces and acceleration

"YAn increase in physically correct argumentations due to
computational modeling has already been observed [80].
""This was shown in Ref. [47].

N =137

O
C T oo 1 .
S Pretest ) ]‘ 30minutes
O } 7days
Video Motion Analysis
Using VMA to analyse 4hours
different motions

O <
} 30minutes

Structure of the study. The assignment to one intervention is made by whole classes.

from theory and modeled reality (i.e., the modeling of
forces and the consideration of their effects on acceler-
ation, velocity, and location), and the other group started
from the measured data (location), analyzed it (the
software calculated velocity and acceleration), and
derived the forces from there. Therefore, the CM approach
tends to match more to the classical approach of theo-
retical physics (modeling reality based on a theoretical
model and evaluating that model with real data), while the
VMA approach corresponds more to experimental physics
(evaluation of experimental data to derive theoretical
insights), even if both groups intensively use the com-
puter. The general approach was identical for all experi-
ments performed in the intervention.

1. Falling cone

The initial experiment was a falling cone [81,82]. The
relevant forces were a constant gravitational force acting
downward and an increasing (~v?) air friction force acting
upward. The falling cone moves at a constant speed at the
end of the motion since the air friction force increases until
the sum of all forces acting on the cone is zero. With this
experiment, the students also learned to use the respective
program by observing the teacher and copying the neces-
sary steps. After conducting the experiment in the class-
room, all students had to describe the motion first.

In the CM cohort, the software is then used to create a
model. Usually, gravity was the first suggestion by students
and was implemented first (F_G). The initial conditions
were given by the workbook. Then, a first evaluation of the
model took place. If no obvious errors are visible in the
model (e.g., the cone flies upward or not at all), real
experimental data are included in the same diagram to
compare the model to reality (Fig. 2). Possible differences
between model and reality must be explained (the biggest
factor here is air friction). Air friction is included next
(F_A) in a simplified form (k - v?). The model is compared
to the data again (adjusting & in the process). When students
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Newton-Il Modell: s'=v; v'=aY
a
a= F_tot/m 0
Definitionen:
F_tot=F_G+F_A
F_G=-m-9.81
F A=k -v?
Weitere Definitionen hinzufigen ...
m= 0.00103 T 7—5
e 0 0.005
k= 0.0022
oeQ 0 0.005
s(to)= 1.045 v(te)= 0 X
to= 0 dt= 0.01
~10
At= 0.7 n= 70 LV

FIG. 2. Screenshot of a computational model (left) of the falling cone and the corresponding acceleration graph (right, red dots) in
“Newton-II.” The same diagram also shows the data from a real experiment (blue crosses) for comparison.
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are satisfied with their model, they answer questions about
the gravitational force, the air friction, the sum of all forces,
and consequently the acceleration,'> which results from
these, optimally by using the model. The whole process is
guided by the workbook and in the end, a discussion in the
plenum takes place to compare and evaluate the results. In
all following experiments, students worked autonomously
in pairs.

The beginning is the same in the VMA group. After the
experiment, the students were given a video of the experi-
ment to gather data using “measure dynamics.” They
analyze the vector arrows of the velocity and acceleration
and the respective graphs (Fig. 3) during the fall to
conclude that the absolute value of the acceleration
decreases in the process to (nearly) zero. Then, they must
explain that observation with the acting forces on the cone.
In the end, they answer questions about the acceleration
and conclude that the (absolute value of the) sum of all

9 <

“The choice is always between “constantly zero,” “constant
(# 0),” and “changing.” The idea is, that students recognize the
pattern, that they must always tick the same box for acceleration
and the sum of all acting forces.

Screenshot of the measured velocity of the falling cone in “measure dynamics.” Additionally, a screenshot from the video with
a velocity vector is shown that moves with the cone in the video.

acting forces must be decreasing, which can only be
explained by increasing air friction since the gravitational
force is constant. All following experiments are carried out
in an analogous way.

2. Trolley

After the introduction, the students independently worked
with the program in pairs of two after the experiment was
conducted in the plenum. The second experiment was a
trolley traveling on a straight track in the horizontal plane that
is initially accelerated by a weight connected to the trolley by
arope. About halfway through the motion, the weight comes
to rest on the ground, leaving only frictional forces acting on
the trolley. Without a force in the direction of motion, the
trolley continues to move. Frictional forces slightly accel-
erate it. Especially the second phase of the motion is
important to counter the misconception that a force in the
direction of motion is necessary.

3. Projectile motion

The first two-dimensional motion was a projectile
motion created by a catapult. It is of particular importance
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that the flight of a steel ball, where a model without air
friction describes reality sufficiently accurately, is com-
pared with the flight of a Styrofoam ball, whose trajectory
is strongly influenced by air friction. The specific shape of
the trajectory (parabola) was not the primary focus, though,
rather the general relationship between acceleration and the
sum of the acting forces. Students are usually surprised,
that there is no force acting in the horizontal direction (in
the case of the steel ball without relevant air friction) when
the ball left the catapult. This can easily be seen by looking
at the forces in the model that describe the motion well or
by analyzing the acceleration vectors when using VMA.

4. Circular motion

The last experiment was a circular motion in which an
electromagnet, which was connected to an engine, held a
steel ball. The steel ball is accelerated in a circle with
constant speed. After a certain time, the electromagnet is
switched off—the ball continues to roll straight ahead.
Typical student ideas here are that the centrifugal force
pushes the ball outward or that there is no acceleration
during the uniform circular motion. The students had to
predict the trajectory after switching off the electromagnet
before trying it out. The straight-line rolling with (almost)
constant speed had to be explained in the course of the work
phase with the absence of any forces.

C. Sample

Originally, 630 or so German high school students (11th
grade) from 33 school classes were scheduled to take part in
the study. Due to school closures in the Covid-19 pandemic
and subsequent changes in the schedule, only about half of
them could participate. There are N = 274 fully complete
datasets from 20 different classes, which are analyzed in the
following hierarchical linear model.

V. RESULTS

A. Efficacy of the interventions

To investigate whether the described interventions are
successful in improving conceptual understanding, the
overall score in the items regarding conceptual under-
standing of Newton’s first two laws in the post-test (z,) is
compared to the pretest (#;) in both groups (15 items,
Fig. 4). Items regarding acceleration graphs (four items)
and Newton’s third law (four items) were not included since
an improvement here was not the goal of the interventions.
Both groups significantly improve their score (p < 0.001)
with a large effect size (d; = 1.04 and d; = 1.07) [83].

B. Hierarchical linear model

The participating students are nested in classes. Those
classes have different teachers and are from different
schools. These factors can have an influence on the

15 ° Z T —

J T

L=
CM(t) VMA@t CM(t) VMA(t)

FIG. 4. Boxplot of the score (maximum 15 points) in pretest
and post-test in both groups (CM: computational modeling,
VMA: video motion analysis). A box plot shows the minimum,
the lower quartile, the median, the upper quartile, the maximum,
and the outliers (circles).

outcome, even though the interventions took place in the
university, were not conducted by the teacher of the class
and students were paired in groups of two, which reduces
student-student and student-teacher interaction effects and
other influences like class size. Still, considering every
student as independent would overestimate the sample size
[84] due to their existing codependencies.

One way to take the hierarchical structure into account is
a hierarchical linear model (HLM) [85]. Here a two-level
hierarchical model is used since only one teacher partici-
pated with two classes and therefore the teacher variables
are included in the class level. There is no consensus about
the statistical requirements of using an HLM [86,87].
Recommendations for using such a model range from 10
to 50 units at the highest level. Newer research suggests that
the stability of an HLM is sufficient when using ten units
[84,88-90]. Here, there are 21 units on the second and 274
units on the first level.

In the following paragraphs, the procedure of creating
the HLM is presented [84,91] and the most important
models are shown before discussing the final model, which
gives insight into the variables that influence learning gain
in conceptual understanding in the presented interventions.
To answer the research question, which variables influence
the learning gain of the students in the described inter-
ventions, a step-up strategy [85] is used to find the best
model for the observed data. The following variables were
measured, which could potentially influence the learning
outcome (Table V).

Different parameters will be used to measure the model
fit. The Bayesian information criterion (BIC) measures the
power of the model to explain the dependent variable, using
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TABLE V. Overview of the possible predictors for the post-test score for Newtonian dynamics.

Level Name Scale Value range
1 Pretest score (Newtonian dynamics) Interval® [0;15]

1 Interest in physics lessons Interval (Likel“[)b [1;5]

1 Subject-specific self-concept Interval (Likert)” [1;5]

1 Computer affinity Interval (Likert)b [1;5]

1 Interest in theoretical physics Interval (Likert)” [1;5]

1 Interest in experimental physics Interval (Likert)b [1;5]

1 Usability of the software Interval (Likert)b [1;5]

1 Relevance of the subject Interval (Likert)b [1;5]

1 Enjoyment of the intervention Interval (Likert)b [1;5]

1 Gender Nominal d, f, m

1 Prior physics grade Interval® [0;15]

1 Prior math grade Interval® [0;15]

1 Intrinsic cognitive load Interval (Likert)b [1:6]

1 Extraneous cognitive load Interval (Likert)b [1;6]

1 Germane cognitive load Interval (Likert)b [1;6]

2 Group Nominal CM, VMA
2 Test score of the teacher Interval® [0;15]

2 Average pretest score of the class Interval’ [0;15]

“Points in a concept knowledge test are often assumed to have an interval scale, which is only true if the points are
equidistant. The classical test theory does not provide such a distribution. Here, a Rasch analysis [92] has been
conducted a posteriori. The person’s ability is linearly linked to the test score except for the edges of the value range
(£ 1 and > 14 points). This implies that the points can be seen as interval scaled with only a minor error.

Likert-Scales are ordinal scales as well. Typically, they are seen as interval scales nonetheless [93]. The statistical

error is assumed to be small.

“Like points in a concept test, school grades can technically not be seen as interval scaled. As discussed above, the
assumption can be made with a sufficiently small statistical error.

dee . . . . a . .. .

Similar considerations as in * have to be made when using the test score of the teachers of the participating

classes.

the log-likelihood value, and punishes sample size and the
number of parameters in the model more than the AIC. The
lower the BIC (and AIC), the better the model. There are
different ways to estimate these model parameters. The
restricted maximum likelihood method is best suited for
models with few level 2 elements [94]. To compare
different models, a refit using the maximum likelihood
method must be used, though [95]. The reported BIC in this
article is the latter. A different measure for the goodness of
fit of a model is the pseudo—Rz, which can be calculated
from the log-likelihood of the respective model in relation

TABLE VI. Description of the parameters of the null model.

to that of the null model [85]. It varies from O to 1, where 1
corresponds to a good model fit.

1. M0O: Null model

First, the so-called null model is created, which has
certain parameters (Table VI). With the null model, it is
possible to calculate the variance that can be explained by
factors on each level (Table VII). Here, up to 25%
(ICCqeye1 2 = 0.25) of the variance can be explained by
the class affiliation. Hartig et al. [96] recommend using an
HLM in this case since the Level-2 ICC is above 10%.

Level and equation

Explanation of the parameters

Level 1: Post;; = fy; + e;;

e The index i stands for the respective student, j for the class.

e Post;; stands for the post-test score from student i in class j.

e fy; is the regression constant (average score in class j).

e ¢;; is the random effect on level 1 (in the null model this corresponds to the difference
between the post-test score of student i from class j and the average score of class j.

LCVC] 2: ﬁ()j =700 —+ roj

e 7(o is the average of the post-test scores from every student in every class.

e ry; is the random effect on level 2. In the null model that corresponds to the difference
between the average post-test score in class j and the overall average .
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TABLE VII. Structure and model fit of the null model.
Model type Equation
HL-MOdCl LCVe] 1: POSt[‘j = ﬁol + e,«j

Level 2: ﬁ(]j = Y00 + roj
POStij =7Y00 + r()j + e,-j
BIC = 1415.8

Mixed model
Model fit

According to the step-up strategy, one variable at a time
is included in the model based on theoretical consider-
ations. Then we tested, if the model, which includes the
additional variables, explains the observed variance sig-
nificantly better than the prior model. A variable could have
an influence on the intercept and/or the slope of the
regression. Interactions between the variables are possible
as well. Those are only tested if there is a theoretical reason
to assume such an interaction exists.

2. Intermediate models

MI1: Main effect “Pre-Test”. Due to the fact that the
interventions were conducted after the lessons of Newton’s
laws in school and their relatively short duration, it is
hypothesized that the pretest score already predicts the
post-test score to a relatively high degree. Therefore, the
pretest score (“Pre”) is included in the hierarchical linear
model first.

The model parameters show that model M1, which
includes the pretest score (N =4 parameters, BIC =
1322), explains the observed variance significantly better
than the null model (N =3 parameters, BIC = 1416;
7> =992, do.f. =1, p <0.001). Therefore, the pretest
variable remains in the HLM. The pretest score only
significantly influences the intercept of the regression lines,
not the slope. At this point, the HLM estimates an
improvement of y;, = 0.69 points in the post-test for every
additional point in the pretest.

The influence a certain variable has on the post-test score
can change if other variables are added to the model. Since
the different variables here have different value ranges, the
size of the estimate does not imply a larger or smaller
influence compared to another variable. In the final model,
the effect size and the normalized value of each relevant
variable are given.

M?2: Main effect “Group”. As discussed before, it is
hypothesized that the approach (using computational mod-
eling vs video motion analysis) has an influence on the
post-test score due to their different ways of approaching
the fundamental relationship between forces and acceler-
ation. Therefore, the factor “Group” is added next to the
HLM.

No reduction in the BIC compared to the prior model can
be observed (M1: N =4 parameters, BIC = 1322; M2:
N =5 parameters, BIC = 1328; 4> =0.01, d.o.f. =1,
p = 0.91). The HLM rejects the hypothesis that the type

of intervention, which was used here, influenced the post-
test score. Model M2 does not explain the variance in the
data better than model MI1. Therefore, model M2 is
rejected, and the factor “Group” is removed from the
model. It is possible, that a factor does not significantly
influence the post-test score by itself but still has a
significant interaction with another variable. Since the
“Group” factor is still important for the research questions,
it is readded in later models to investigate potential
interactions with other variables, where an interaction is
expected based on theoretical considerations (see M3).

M3: Main effects “Theory” and “Experiment”. As dis-
cussed before, one intervention follows a more theory-based
approach (computational modeling) while the other one uses
a more experimental approach (video motion analysis). It is
plausible, that the interest in theoretical physics (“Theory’)
on one hand and the interest in experimental physics
(“Experiment”) on the other hand influence the learning
gain. It would be sensible to assume, that those with a higher
interest in theoretical physics learn more when they are in the
group of computational modeling while those with a higher
interest in experimental physics learn more in the video
motion analysis group. An interaction effect between the
variables “Theory” and “Experiment” and the “Group”
variable would be expected in this case. First, only the factor
“Theory” is added to the model.

The new model M3 (N =5 parameters, BIC = 1299)
with the factor “Theory” explains significantly more variance
than the old model M1 (N = 4 parameters, BIC = 1322),
which is shown by the direct comparison of the two models
(y> =284, dof. =1, p <0.001). The model, which
includes the interaction between “Group” and “Theory,”
does not explain significantly more variance in the data than
M3 and is rejected (N =4, BIC =1310; d.o.f. =2,
7> =0.001, p = 1).

The interest in theoretical physics positively influences
the post-test score even when the pretest score is already
accounted for. Every additional point leads to 1.12 addi-
tional points in the post-test. This is independent of the kind
of intervention, meaning that the more a student is
interested in theoretical physics, the more they learn using
the experimental or the more theoretical approach. No
interaction between the group and the interest score could
be observed.

The variable “Experiment” on the other hand does not
have an influence on the post-test at all. Neither does the
general interest in the school subject physics or the
computer affinity. The models including these variables
will not be discussed in detail here.

MA4: Main effect “Physics grade” and “Math grade” .
When using computational modeling in physics, a varying
degree of math skills is necessary. To understand if
knowledge of mathematics is a necessary prerequisite to
learn physics using computational modeling, the influence
of the math grade on the post-test score is investigated next.
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The math grade does not influence the post-test score.
There is also no interaction with the “Group” factor, even
though the CM group arguably uses more math (but only in
the form of writing down equations) during the interven-
tion. The physics grade, however, has a significant influ-
ence on the learning gain. Model M4 adds the variable
“P_Grade.”

Model M4 (N = 6 parameters, BIC = 1293) signifi-
cantly increased the explained variance compared to M3
(N = 5 parameters, BIC = 1299), which can be seen in the
direct comparison of the two models (> =12,d.of. =1,
p < 0.001). The model estimates that every additional
point in the physics grade improves the post-test score
by 0.20 points. The physics grade is therefore being kept in
the model.

MS5: Main effects “rating of the intervention”. It should
be assumed from a sociocognitive perspective that the
different scales that measure the rating of the intervention
by the students lead to a higher learning gain in the
intervention. The “usability of the software” (MS5a), the
“enjoyment of the intervention” (M5b), and the felt
“relevance of the subject” (M5c) should lead to a higher
learning gain due to less difficulties and more engagement
in the task. This is not confirmed by the HLM and none of
the mentioned effects remain in the model.

M6: Main effect “Cognitive Load”. As discussed in the
theoretical background, the influence of cognitive load on
learning gain has been observed in similar situations. The
cognitive load should, therefore, have an influence on the
post-test score here as well. This is confirmed by the HLM.
First, the ICL is added to the HLM (model M6a), which
significantly improves the model (N =7, BIC = 1288;
7> =10.3,d.of. = 1, p < 0.01). The model, which addi-
tionally includes ECL (Model M6b), explains even more
variance in the data than M6a (N =8, BIC = 1289;
7> =5.0, dof. =1, p <0.05). The BIC is not reduced
due to the increased parameters of the model."”® The best
model in terms of the predictive power of the post-test score
contains the score of the ECL and the ICL. One additional
point in the cognitive load Likert scale of the ICL leads to a
reduction of 0.37 points and one additional point in the
ECL scale leads to a reduction of 0.39 points in the post-test
score. Contrary to the assumptions of the CLT, the GCL is
not found to be influencing the post-test score in any way.

3. Summary and final model

The final model (Table VIII) includes all variables that
were found to be influential for the post-test score: the
pretest score, the interest in theoretical physics, the physics
grade, and the intrinsic and extraneous cognitive load.

The HLM estimates 0.53 additional points in the post-
test score for every additional point in the pretest score

BThe AIC, which penalizes the number of parameters less than
the BIC, is reduced in M6b compared to M6a.

TABLE VIII.  Structure and model fit of the final model.
Model type Equations
HL model Level 1:

Post;; = f; + f1;Pre + f3,;Theory
+ﬁ3jPGrade + ﬂ4jICL + ﬁ5_iECL =+ eij

Level 2:
Boj = Yoo + ro;
ﬂlj =710
ﬂzj =720
ﬂ3j =730
ﬁ4j = Y40
ﬂSj =750

Mixed model POStij =700 -+ }/IOPre —+ yonheory -+ Y30PGrade

+}/401CL + 750ECL + roj + €jj

Model fit BIC = 1288.8

(Table IX). Due to the different scales of the variables, the
raw influence on the post-test score is not a meaningful
measure to decide which variable has the biggest influence.

Table X shows the main effects of all presented models,
the variance explained on both levels and different model fit
parameters. None of the mentioned variables significantly
influenced the slope of the regression lines, only their
intercept. We found no interaction effect between any of the
variables. All variables not included in the table were not
found to be influential for the learning gain.

Gender does explain some of the variance if only the
pretest score and the gender are included in the model"*
(male students have a higher learning gain in this case). If
the physics grade and the interest in theoretical physics are
included in the model, the difference between the two
analyzed genders disappears. Male and female students
differ in these variables, which in turn better explain the
observed variance than the gender itself. The physics-
related self-concept does explain some of the observed
variance if the physics grade is not included in the model.
The physics grade and self-concept in physics are corre-
lated (r = 0.49, p < 0.001), which is not surprising, with
the former better explaining the observed data. The enjoy-
ment of the intervention and the perceived relevance of the
topic lead to a higher learning gain, but only if no other
variables are included in the model. The conceptual under-
standing of Newtonian dynamics of the participating
teachers themselves, which in 6 of the 17 complete datasets
was under the threshold of 80% (Newtonian thinkers'’ )
[58], was not found to be influencing the post-test score of
the students. The best model is, therefore, an intercept-only
model without factors on level 2.

14Only the distinction between male and female students was
made since there were too few diverse students to statistically
analyze that group.

>The mentioned threshold is defined for the FCIL. Due to the
similarities to the test used here, it can also be used in this case.
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TABLE IX. Relevant statistical values for the parameters included in Model M6b. SE: Standard error, d.o.f.: degrees of freedom. y is
the intercept, y;, the pretest score, y», the interest in theoretical physics, y3, the physics grade, y4q the ICL, and y5, the ECL.

Parameter name Estimate SE d.o.f. t value p value 95% CI LB 95% CI UB
Y00 3.35 0.99 244.49 3.39 p < 0.001 1.42 5.27
710 0.53 0.06 254.14 9.00 p < 0.001 0.42 0.65
72 0.79 0.21 256.25 3.72 p < 0.001 0.37 1.19
730 0.19 0.06 256.87 3.39 p < 0.001 0.08 0.31
Y40 —0.37 0.17 256.63 —2.19 p <005 —0.71 —0.04
750 —0.39 0.18 250.04 —2.20 p <005 —-0.73 —0.05
TABLE X. Overview of all models and their statistical parameters.
MO M1 M3 M4 M6a M6b (final) Effect size

Main effects ‘ ‘ Raw Normalized dcohen f?
Intercept 842" 488" 1.93" 0.92 3177 3357 .
Pretest X 069" 0607 056 0547 0.53"" 045" 1.31 0.39
Theory X X L™ 091 075 079" 0.18™" 0.55 0.06
P-Grade X X X 020" 0.19" 0.19™ 017" 0.48 0.06
ICL X X X X —0.51" —0.37 —0.11" —032  0.02
ECL X X X X X —0.39" —0.10" —031  0.02
Variance
Level 1 10.60 7.67 6.87 6.65 6.42 6.35
Level 2 3.58 1.02 1.03 0.84 0.79 0.72
Model fit parameters
BIC 14158 1322.1 12993 1292.9 1288.2 1288.8
R? (fixed effects) 0 0.35 0.42 0.45 0.48 0.49
R? (total) 0.25 0.42 0.50 0.51 0.53 0.54

“p < 0.05.

“p <001

“p < 0.001.

VI. DISCUSSION

It seems that both interventions are suitable for improv-
ing the conceptual understanding of Newtonian dynamics.
It is apparently not relevant whether students theoretically
consider the forces and calculate the motion using compu-
tational physics or whether, conversely, they experimen-
tally measure the kinematic data and deduce the forces from
there. The more important part is that authentic motions
with friction are discussed, where cognitive conflicts arise,
and students’ ideas are put to the test. Students should
actively think about and discuss the relationships between
the relevant quantities—regardless of the specific software
they use.

Various factors that influence the post-test score could be
identified: the score in the pretest, the interest in theoretical
physics, the cognitive load, and the physics grade. It is not
surprising that a higher score in the pretest leads, on
average, to a higher score in the post-test, especially since
the interventions took place after the lessons in school and
lasted around 3.5 h.

Other results are more interesting. For example, students
who are more interested in theoretical physics learn more in
both interventions, even when the pretest score is controlled.
The interventions do not significantly favor the students
whose interests are more aligned with the approach, though.
It was expected that more theory-interested students learn
more in the computational modeling intervention, whereas
more experiment-interested students would be more suc-
cessful in the video motion analysis intervention. This could
not be observed.

Knowledge in mathematics does not seem to be necessary
to be successful in gaining conceptual understanding of
Newtonian dynamics using either computational modeling
or video motion analysis. The last grade in mathematics,
which is used here, is not a perfect measure for the general
math skills. Due to time constraints in the test instrument, it
must serve as a sufficiently good proxy. The fact that the math
grade does not influence the learning outcome is welcomed
since the way the software was used here was supposed to
redirect the focus from the necessary mathematics to the
relevant physics. The prior physics grade, however, does
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influence the learning outcome. This can be attributed to the
fact that the reported physics grade is from the first semester
of the school year where kinematics is traditionally taught in
the state of Hesse, where the interventions took place. The
interventions took place in the second semester. The ability to
interpret graphs is an important skill to be successful using
computational modeling and video motion analysis software,
which explains the influence of the physics grade.

From a sociocognitive perspective on conceptual change,
the perceived relevance of the subject should increase
engagement and the construction of new schemata and
therefore improve conceptual change. When included in the
model without the interest in theoretical physics, it does
improve learning gain. The two are highly correlated,
though, and the latter explains the observed variance better
than the former. Without any other variables included, also
the enjoyment of the intervention increases learning gain,
while the rating of the used software has no influence on the
post-test score.

As expected [46,49,52], the cognitive load (intrinsic and
extraneous) negatively influences learning gain. The ger-
mane cognitive load did not explain a significant amount of
variance in the data, though. Here, a positive influence
would be expected from theoretical considerations, which
is not observable. The computer affinity did not have an
influence on the post-test score, which is positive since the
intervention was not supposed to favor students who use a
computer more often in their spare time.

The results found here relate to and expand on prior
research. Previous findings either concerned a different
type of software, university instead of school students, or a
different field of physics, though. So far, no effects on the
learning gain of equation-based modeling programs have
been investigated. In this respect, our results are novel.
They are, however, comparable to results in those different
areas. Various positive effects, like an increase in correct
argumentation [80] and learning gain [97], were previously
observed. Here, an increase in learning was shown with a
large effect size—and this after the topic had already been
taught in school lessons. This observed effect is larger than
previously reported effects, where graphical modeling soft-
ware was used [98]. It was already shown that using
computational modeling software is well received by stu-
dents [36,47]. This was observed here, as well. In addition,
the software appears to be easier to learn than was observed
with other software [39]. In this study, unlike most other
studies, computational modeling was not compared with
“conventional” teaching, though, but with another type of
software use—video motion analysis, which also proved to
be a successful method of learning Newtonian dynamics.

In the area of video analysis, positive results have been
observed so far mostly in kinematics (interpretation of
graphs [43], vectors [99], conceptual understanding of
uniform and accelerated motion, and cognitive load
[46,52]). Our results suggest that these positive results
appear to be transferable to the area of dynamics.

As always, there are certain caveats to the interpretation
of the collected data. Standard procedures were conducted
to ensure objectivity, reliability, and validity. As is typical
of a comparative study in pre-post design, the challenge is
to ensure that the learning gain is only due to the
intervention and not to an improvement in test-taking skills
or other training between the two tests. Although there is
never absolute certainty, there is reason to assume that the
learning gain is due to the intervention alone.

First, an improvement due to test training is minimal in the
FCI [69]. Since the test used here is similar to the FCI, this
should also be the case in this study. Second, a control scale
was added to show possible improvements that cannot be
explained by an intervention (see Sec. IVA 1). The scale
consists of items concerning Newton’s third law. No
improvement in the conceptual understanding of Newton’s
third law was expected since this topic was not part of the
intervention. One item in the scale did in fact improve
significantly, though. The item from the FCI asks for the
forces acting on a car and a truck, while the car pushes the
truck with a constant velocity. A similar item, where the car
and truck both accelerate, did not improve (the score even
decreased—but not significantly). The most plausible
explanation for the improvement of the first item is the
following. Students improved their conceptual understand-
ing of Newton’s first law. They learned that the constant
velocity of an object is always explained by the sum of all
acting forces being zero. They wrongly transferred this
knowledge to answer the mentioned item correctly. This is
confirmed by the second item, where they do not improve
since the car accelerates. If the test-taking skills improved or
if they somehow increased their conceptual understanding of
Newton’s third law, the score in all four items should be
increasing. Since only the result of one item has improved and
an explanation can be found for this, it is plausible to assume
that the overall improvement in Newton’s first two laws
between pre- and post-test is, in fact, due to the intervention.

Unfortunately, the reduced sample size due to the Covid-
19 pandemic reduces the generalizability of the results.
Nevertheless, the work provides starting points for further
research and is also relevant for physics lessons in schools.

We argue that both investigated methods are beneficial to
learn the basic relations in Newtonian dynamics. There are
not many differences regarding the results between the two
methods. Due to the importance of computational modeling
for science in general, and the fact that software such as
“Newton-II” seems to be easy enough to use for students
without a lengthy introduction, a case for increased use of
computational modeling in schools can be made. We
showed that video motion analysis on the other hand
can be used not only to learn kinematics but also dynamics.
It would be beneficial to use the software during the whole
year of mechanics lessons regularly since it is known to be
beneficial in kinematics (e.g., conceptual understanding of
graphs) and the students get used to the software making its
use more efficient over time.
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A possible next step for a subsequent study would be a
field study with the knowledge gained from our analysis

and

to aim for a higher external validity. Teaching

Newtonian dynamics with the use of suitable software to
discuss authentic motions with frictional forces that chal-
lenge the existing preconceptions is hypothesized to be
successful in a school setting as well. Another interesting
approach would be to analyze the learning process of

(1]

(2]

[10]

(11]

[12]

students in such a setting with the sociocultural perspective
on conceptual change.
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