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Quantum information science (QIS) is a vast, diverse, and abstract field. In consequence, learners face
many challenges. Science, technology, engineering, and mathematics education research has found that
visualizations are valuable for aiding learners in complex matters. The conditions under which
visualizations pose benefits are largely unexplored in QIS education. In this eye-tracking study, we
examine the conditions under which the visualization of multiqubit systems with the dimensional circle
notation (DCN) in addition to the mathematical symbolic Dirac notation (DN) is associated with a benefit
for solving problems on the ubiquitously used Hadamard gate operation, in terms of performance, extraneous
cognitive load (ECL) and intrinsic cognitive load (ICL). We find that DCN increases performance and
reduces cognitive load for participants with little experience in quantum physics. In addition, representa-
tional competence predicts reductions in ECL with DCN, but not performance or ICL. Analysis of the eye-
tracking results indicates that task solvers with more transitions between DN and DCN benefit less from the
visualization. We discuss the generalizability of the results and practical implications.
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I. INTRODUCTION

A. Background and motivation

The two-level quantum system, also known as a qubit, is at
the core of the field of quantum information science (QIS),
where the concepts of superposition and entanglement find
and raise further hopes for multidisciplinary applications
ranging from measuring time [1], magnetic fields [2] and
gravitation [3,4], and simulating complex systems [5], to
secure communication [6], information processing and
computing [7,8], and machine learning [9]. In many of these
areas of application, systems of multiple qubits offer advan-
tages over systems of single qubits. In QIS, entangled
multiqubit superposition states are used for technological
advantages. These systems cannot be represented by describ-
ing every qubit individually, but have to be represented as a
whole if one does not wish to lose information.

The Hadamard gate given by the rulesHj0i ¼ 1=
ffiffiffi
2

p ðj0i þ
j1iÞ ¼ jþi and Hj1i ¼ 1=

ffiffiffi
2

p ðj0i − j1iÞ ¼ j−i, using the
Dirac notation (DN) is a typical operation for creating or
destroying superpositions and is therefore of central
importance for the field of QIS. Using the Hadamard gate,
quantum states can be moved from the computational basis
consisting of the basis states j0i and j1i to the Hadamard
basis consisting of the basis states jþi and j−i. This opens
the computational opportunity of operating on the phases of
qubits, i.e., the relative phase difference between the j0i
and j1i states. This is a central distinction of quantum
computing from classical computing that finds application
in all pillars of quantum technologies. An example of a
common concept that uses the Hadamard gate is phase
kickback, where the role of control and target qubit is
reversed by kicking the phase of the target qubit back to the
control qubit. This kick-backed phase can then be measured
in the Hadamard basis [10]. In this way, the Hadamard gate
can be used to extract phase information from a system of
qubits and, therefore, enable oracle-based quantum algo-
rithms like the quantum Fourier transform, the quantum
phase estimation, the Deutsch-Josza algorithm, Grover’s
algorithm, and quantum error correction protocols [11].

*Contact author: jonas.bley@rptu.de

Published by the American Physical Society under the terms of
the Creative Commons Attribution 4.0 International license.
Further distribution of this work must maintain attribution to
the author(s) and the published article’s title, journal citation,
and DOI.

PHYSICAL REVIEW PHYSICS EDUCATION RESEARCH 22, 010126 (2026)

2469-9896=26=22(1)=010126(21) 010126-1 Published by the American Physical Society

https://orcid.org/0000-0001-6213-1303
https://orcid.org/0000-0001-5084-7451
https://orcid.org/0009-0007-6020-7360
https://orcid.org/0009-0007-9590-0181
https://orcid.org/0000-0003-2729-1592
https://orcid.org/0000-0002-6985-3218
https://orcid.org/0009-0005-7065-3511
https://orcid.org/0000-0002-0338-9969
https://ror.org/01qrts582
https://ror.org/01ayc5b57
https://ror.org/05591te55
https://ror.org/05591te55
https://crossmark.crossref.org/dialog/?doi=10.1103/hqzq-fbrb&domain=pdf&date_stamp=2026-03-02
https://doi.org/10.1103/hqzq-fbrb
https://doi.org/10.1103/hqzq-fbrb
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/


In recent years, the number of educational QIS offerings
has seen a large increase, ranging from stand-alone intro-
ductory courses to full bachelor’s and master’s programs
[12,13], spurred by initiatives such as the U.S. National
Quantum Initiative [14] or the European Quantum Flagship
[15]. This rapid growth has produced a patchwork of
curricula and teaching approaches, underscoring an urgent
need to investigate and develop evidence-based teaching
methods within QIS [16,17]. This need is further under-
lined by the typical challenges that learners face in the field
[18–20].
In previous research, many difficulties have been iden-

tified in QIS teaching and learning. In interviews, student
difficulties with DN, phase kickback, and the Toffoli and
rotation gates became apparent [21]. Similarly, in Ref. [19],
students were shown to have difficulties with measurement
outcomes, transitioning between the bra (hψ j) and the ket
(jψi) states, using outer products (jψihψ j) and DN in
general. It is of great importance to answer the question of
how to alleviate such issues that students have when
learning the basics of quantum computing. A known
way of supporting students in science, technology, engi-
neering, and mathematics (STEM) education, especially in
dealing with complex content, is the effective use of
multiple external representations (MERs) [22]. In a pilot
study, we identified the Hadamard gate in multiqubit systems
to be an interesting avenue for further exploration when
considering the benefits of the circle notation (CN) and
dimensional circle notation (DCN) visualization in task
solving [23].
Meta-analyses have shown that there are also benefits to

using MERs in task solving as opposed to learning, while
more primary research is also necessary in this domain
[24,25]. This research should serve the purpose of deter-
mining the influence of possible moderators, such as
students’ previous knowledge, item complexity, representa-
tional competence (RC), and eye movements. Here, we
discuss the relations between these theoretical concepts
using novel methods and a combination of known methods.
We therefore take an important step in the domain of
educational research in STEM more broadly.

B. Visual and cognitive processes
in task solving with MERs

Learning in general is defined as changes of long-term
memory [26], also referred to as schema acquisition [27].
The cognitive theory of multimedia learning (CTML) is a
framework explaining how this takes place. It assumes that
learners make use of two channels, one visual and one
auditory, in order to receive external information (the dual
channels assumption [27]). Although written text and
pictures are both received in the same cognitive channel,
they can still be processed in two different parts of the
working memory. For this reason, learning with both text

and pictures can be more effective than learning with text
alone, which is known as the multimedia principle [28].
Task solving refers to completing specific problems with

a defined goal. As we specifically evaluate task-solving
performance, it is here placed within the theory of multi-
media testing, as opposed to the more broad theory of
multimedia assessment [29]. As learning and task solving
share underlying cognitive processes, representations can
be evaluated in the context of task solving to produce
statements about learning [25]. However, while task solv-
ing and learning share the need to construct mental
schemata, the step unique to task solving is the decision-
making step [30,31]. The results of Lindner’s studies show
that students with a higher level of understanding will
dismiss incorrect answer options more readily, leading to
the conclusion that, if pictures enhance the level of under-
standing, gaze time spent on the correct options should be
increased in relation to the time spent on the text. However,
such effects have been shown not to be unconditional. For
example, purely decorative pictures have been shown to
have no impact on performance [25,32] and pictures that
are both interesting and irrelevant, also known as seductive
details, have even been shown to hinder learning [33]. In
task solving, there is evidence of beneficial effects of
representational pictures in certain contexts, under con-
ditions that could include prior knowledge, age, and
affective motivational factors [25]. In this paper, we refer
to representational pictures as visualizations, demarcating
them from mathematical symbolism and decorative pic-
tures. There is a large amount of evidence that visualization
can provide benefits for learners in STEM under the right
circumstances, that is, if the representation supports rel-
evant cognitive processes (outlined in this section) and if
the learners possess representational competence (RC)
[34,35]. The latter is discussed in Sec. I D.
The CTML is based on two main assumptions: First,

human working memory is limited, which means that too
much information being processed at once can lead to
cognitive overload. As redundant information can add to
working memory usage, it should be added with care.
Second, it is assumed that new information is not only
processed but also actively integrated into a mental repre-
sentation that is connected to previous knowledge and
mental schemata, a process that facilitates learning [27].
The process model of multimedia learning goes into

more detail [36]. It divides cognitive processes into five
processes that eye-tracking data can be matched as fol-
lows [36,37]:

1. The selection of the relevant verbal and pictorial
information: number of fixations.

2. The organization of the information within working
memory: fixation duration, number of transitions,
and visit duration after transitions.

3. Elaboration, i.e., integration of the information with
prior knowledge: mean fixation duration.
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4. Metacognitive processes like planning, monitoring,
and regulating: number of transitions with short
subsequent visit duration.

5. Extraneous processes that are irrelevant for achiev-
ing the objective: percentage of irrelevant fixation
time.

Therefore, the number of fixations or fixation duration is
used to describe visual attention and engagement in
processing the information that takes place in all processes.
Transitions between the corresponding areas of interest
have been associated with greater engagement in the
organization of the given information, especially in hori-
zontal coherence formation, i.e., the process of matching
the pictorial and verbal information, and metacognitive
processes [36,37]. In the eye-tracking analysis within this
work, we focus on process 2 (organization) to analyze
intrinsic cognitive processes used for task solving that
potentially influence performance.

C. Functions, tasks, and design
of multiple external representations

The combination of symbolic and graphical external
representations can yield various benefits in STEM edu-
cation [24,38]. However, as already discussed, there are
certain conditions for their effectiveness. Ainsworth asked
the question of why there can be benefits to MERs and
formulated the functions of multiple external representa-
tions (MERs) [22], culminating in the design, functions,
and tasks (DeFT) framework [39]. This framework includes
the functions that the representations fulfill, the design of
the presentation of the representations, as well as the
associated cognitive tasks. The possible functions of
MERs include complementing each other by supporting
different cognitive processes or information, constraining
interpretation by familiarity or inherent processes, and
constructing deeper understanding by abstraction, relation,
or extension. While MERs can be redundant in the
information they provide, they can still support comple-
mentary processes and, therefore, can lead to benefits for
learners and task solvers. Beyond the functions discussed
by the DeFT framework, certain visualizations have also
been shown to be capable of increasing student self-
confidence [40] and motivation [41] and letting them
experience less negative and more positive emotions
associated with learning [42].
According to the DeFT framework, the cognitive tasks

that learners undertake are due to the characteristics of the
external representations, as well as the learner character-
istics. Representational characteristics include, but are not
limited to, the sensory channels (visual and/or auditory
channels) that the representations use, the modality (e.g.,
combining symbols or text with graphical representations),
the level of abstraction, the type (e.g., equations, tables, line
graphs, different types of texts, etc.), integrated presenta-
tion of MERs, whether the representations are dynamic or

static, and the dimensionality. Learner characteristics
include familiarity with the representations or the domain,
the age, and other individual differences such as spatial
reasoning ability (SRA). Cognitive tasks are imposed on
the learner by the design of the MERs and the character-
istics of the representations. Cognitive tasks, as described
by the cognitive load theory, include the usage of working
memory for tasks that are useful to the goal to be obtained,
also called intrinsic cognitive load (ICL), the usage of
working memory for tasks that are not essential for the
goal, also called extraneous cognitive load (ECL), and the
use of working memory to organize selected information
into mental schemata and integrate it into previous knowl-
edge, also known as germane cognitive load (GCL). GCL is
therefore also referred to as the cognitive load required for
learning processes [43,44]. However, it can be argued that
GCL and ICL are redundant concepts that could be merged
[45], but it is an ongoing topic of debate and results tend to
support a three-split model of cognitive load [46].
The level of expertise can have a significant impact on

the efficacy of MERs. The redundancy effect suggests that
informationally redundant material hinders learning due to
claiming working memory load, increasing ECL [47].
However, when novices lack the required ability to extract
information from one of the representations, they can
benefit from the use of MERs in cases where experts
might not benefit. For experts, this might only result in
increased ECL and therefore lower performance. This
effect is called the expertise-reversal effect [48,49].
There are certain design principles for the presentation of

MERs that can be followed to reduce ECL, leaving more
room for allocation of working memory for useful tasks
[50,51]. These design principles include coherence (avoid-
ing seductive details), signaling (highlighting key content),
avoiding redundancy, and spatial and temporal contingency
(avoiding separation of MERs) [52]. While it is useful to
follow such design principles, it is also essential to consider
how those parts of the working memory that serve essential
purposes can be aided. This is given if the presentation of
MERs reduces ICL of the same task.

D. Representational competence and spatial reasoning

Representational competence (RC) is an important con-
dition for the effectiveness of MERs [53]. It refers to
knowledge of how visualizations represent information and
the skills to apply this knowledge [53]. In the case of qubit
systems, this information can be the underlying nature of
the depicted quantum state, like the entanglement proper-
ties, or a given process, such as transitioning between two
quantum states with the Hadamard gate. It is important to note
that RC is dependent not only on the learner and the
visualization but also on the context in which the visuali-
zation is used. The same visualization can serve different
functions according to the DeFT framework, depending on
the context to which it is applied. RC is, by definition,
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necessary for learners to benefit from visualizations [53].
Rau divides RC into three categories: conceptual compe-
tencies, perceptual competencies, and metarepresentational
competencies, which are described below.
Conceptual competencies are separated into visual

understanding and connectional understanding. Visual
understanding consists of the ability to identify relevant
visual features and connect the visualization to concepts,
symbolism, or text. It also includes general principles,
conventions, and the ability to communicate using visu-
alization. In this work, we include the ability to translate
between symbolic and visual notations (translation com-
petence) and to understand the action of the Hadamard gate
visually (procedural competence) in the concept of visual
understanding. Connectional understanding is the ability to
connect multiple visualizations with one another, identify
relevant similarities, and communicate and understand con-
ventions around these processes. Perceptual competencies
include visual and connectional fluency. Visual fluency is
regarded as the efficiency in connecting visualizations to
concepts and chunking (grouping together of visual features
to form conceptual segments,which allows formore efficient
cognitive processes) and communication about these proc-
esses. Connectional fluency involves the efficiency of con-
necting multiple visualizations and multiple chunks within
different visualizations to each other, and the flexibility of
switching between representations. Metarepresentational
competencies consist of the ability to choose appropriate
visualizations based on task demands, contexts, own ability
level, and personal goals. In scenarios where only a single
visualization is used, connectional fluency and understand-
ing are not involved in the learning process, and metarepre-
sentational competencies are less important [53].
To understand the cognitive processes that explain how

visualizations are used in more detail, it is necessary to
consider the integrated model of text and picture compre-
hension (ITPC) [54]. The ITPC goes beyond the CTML to
describe the sequential process of the construction of
internal representations within the auditory and the visual
working memory, after visual and/or auditory information
has entered the sensory register. The model divides visual
information into graphemic/symbolic (i.e., text, symbol-
ism, formulas, etc.) and visuospatial (pictures, photo-
graphs, drawings, etc.) inputs and acoustic information
into nonverbal and phonological inputs. During this process
of organization to form internal patterns, visual symbolic
information is converted to phonological information
(grapheme-phoneme conversion), such that both working
memory channels are utilized. After input and feature
analysis of the presented information, the ITPC divides
the processing in the working memory into depictive and
descriptive processing, the former resulting in an internal,
depictive mental model and the latter resulting in a
propositional, more functional internal representation.
The mental model and the propositional representations

are more conceptual than the previously organized visuo-
spatial and symbolic patterns. The two internal representa-
tions are evaluated and compared, where the propositional
representation can be inspected using the mental model,
and the mental model can be constructed or updated using
the propositional representation. For example, the action of
a Hadamard gate could be constructed in a propositional form,
Hj0i → 1ffiffi

2
p ðj0i þ j1iÞ and Hj1i → 1ffiffi

2
p ðj0i − j1iÞ, or it

could be seen as splitting or a combination of circles, with
phase flips corresponding to movement to the left (see
Sec. I E). Comparing the two models for coherence for-
mation can be a deliberate or subconscious process [55].
Here, it is used to evaluate and compare the two repre-
sentations of the action of a Hadamard gate in order to solve
the given task.
More functional thinking is an indication of expert

thinking [56]. When embedding Rau’s concept of visual
understanding into the ITPC and in our case, we see the
procedural competence described in the previous paragraph
as aiding in depictive processing, while translational com-
petence aids in model inspection. In the example of the
Hadamard gate, the action of the quantum gate can be under-
stood in the descriptive Dirac notation (DN) and/or in the
depictive dimensional circle notation, the latter requiring
visual understanding of these processes that we call pro-
cedural competence. If only DCN is understood but not the
functioning of the Hadamard gate, learners can translate to DN
and make use of this aspect of visual understanding, which
we call translational competence.
Spatial reasoning ability (SRA) can be especially helpful

in the early stages of learning a concept and strongly predicts
success in STEMfields [57]. In the ITPC, spatial reasoning is
seen as part of the depictive mental model construction but
can also aid in the development of a functional propositional
representation [54]. Using representations that rely on SRA
therefore aids in the construction of functional propositional
representations from depictive mental models and increases
success in STEM learning in general [58]. One can distin-
guish different types of spatial thinking abilities between
reference frame (intrinsic or extrinsic), small scale and large
scale, activity level (static or dynamic), and dimensionality
(2Dor 3D). For example, the ability tomentally rotate objects
uses an intrinsic reference frame (with no relation to another
object) and a dynamic activity level.
Figure 1 shows an overview of the theories around

MERs involved in this work: DeFT and the ITPC, and how
they relate to the cognitive load theory, RC, and SRA. In the
next section, we will discuss how different representations
used in QIS can utilize the underlying concepts of the ITPC
to enhance learning and task solving.

E. Dirac and circle notation for QIST education

A quantum state in the computational basis can be
written as
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jψi ¼
X

i∈ f0;1gn
αijii: (1)

The Dirac notation (DN) is, as the main language of QIS,
a relevant part of QIS education [59]. It also has some
didactical advantages regarding sensemaking of fundamen-
tal physical principles and the connection to the underlying
mathematical ideas [60]. The DN comes with two major
hurdles to overcome: First, complex numbers can be
intimidating to learners new to the field. The CN has been
proposed to alleviate this issue [61]. In CN, each basis state
is associated with a circle, and the amplitudes of the
complex coefficients of the basis states are depicted as
an inner circle describing their magnitude and a gauge line
describing their complex phase. This is shown in Fig. 2.
Second, when representing systems of multiple qubits in

DN, the role of one qubit to the whole system can become
unclear as one qubit is part of every single basis state. This
means that properties like (partial) entanglement can
remain hidden, but also that the action of quantum
operations on specific qubits can become unintuitive as
they are applied on different combinations of basis states,
depending on the qubit(s) involved and the ordering of the

states. Combining the visual depiction of complex phases
and assignment of qubits to axes in space was introduced in
Ref. [62] andwas shown tovisualize entanglement properties
using the extension of circle notation (CN) to dimensional
circle notation (DCN) [63]. This approach can make use of
the cognitive capacity for spatial reasoning to convey the
fundamental concepts of quantum computing. As described

FIG. 1. Interrelations between the design, functions, and tasks (DeFT) framework and the integrated model of text and picture
comprehension (ITPC). The applications of the designs and functions of the DeFT framework lie on the spectrum of instructional design
of multiple external representations (MERs). In this study, we start with visual information that is symbolic (DN) or visual (DCN) and
focus on how this information is processed. Within the tasks of the framework, learner characteristics such as representational
competence (RC) and spatial reasoning ability (SRA) are considered. As part of RC, we only consider visual understanding as we only
use only a single visual representation [53]. We make theoretical hypotheses to embed the theory around RC to the ITPC: Visual
understanding and SRA can aid in the depictive mental model construction from visual patterns and in evaluation or inspection of the
mental model from the descriptive propositional representation. In the former, what we call procedural competence is involved, while in
the latter, translational competence plays a main role. In the end of the task-solving process, the mental model and/or propositional
representation are compared to the candidate solutions to come to a decision.

FIG. 2. A single-qubit superposition state in circle notation.
The radius of the inner circles are the absolute values of the
complex numbers (here, 1=

ffiffiffi
3

p
≈ 0.58 and

ffiffiffi
2

p
=

ffiffiffi
3

p
≈ 0.82), and

the phase is represented by the angle of the line starting from the
vertical position counterclockwise (here, 0 on the left and π=2 on
the right).
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by the ITPC (see Sec. I D), the spatial depiction of qubits
could help learners build more functional internal represen-
tations. Figure 3 shows the action of the Hadamard gate in
DCN. As can be seen there, the Hadamard gate acts along the
axis of thequbit it is imposed on. In thisway, thevisualization
offers a geometric strategy to describe the process.
In the ITPC, the DN is a descriptive representation of

quantum states, while DCN is depictive. Within the
framework of RC, we can differentiate between under-
standing the visualization of static quantum states (and
measure this, e.g., by assessing the ability of translating
between DN and DCN) and procedural competence with
visualization (visually understanding the action of, for
example, the Hadamard gate). Especially when used to
represent quantum operations like the Hadamard gate, the
added spatial information in DCN can aid with the mental
model construction of the operation that can then be used to
apply the Hadamard gate correctly. The splitting and merging
of amplitudes and the flipping of phases are visuospatial
representations that can also be seen in CN, while DN
supports only symbolic patterns. Whether and under which
circumstances the visuospatial processing in addition to or
instead of the symbolic processing can lead to increases in
performance is, especially within the QIS context, an open
research question.

F. Research questions and hypotheses

While a possible benefit of visualizations such as DCN
for learning is predicted by previous research, it is uncertain
to what extent this benefit manifests also in task solving.
Although there is evidence that visualizations also provide

benefits in this realm, they are likely to depend on the
visualization, the context, and the task solver, but the exact
moderating factors have not yet been explored sufficiently
[25]. Possible factors include the previous experience of the
student, which could result in less reliance on a visuali-
zation, spatial reasoning ability (SRA) as described by the
ITPC [54], and more particularly mental rotation ability
(MRA) [58], and representational competence (RC) [53],
whereas possible differences may be due to support of the
decision-making step [31].
There is a need for studies considering also other

moderators like learner and representational characteristics
and eye-tracking data to further investigate the underlying
processes and conditions for benefits of presenting a
visualization in terms of accuracy of performance and
perceived cognitive load. As GCL is mainly associated with
learning processes and we are in the realm of task solving,
we choose ICL and ECL as main outcome variables for
cognitive load. As is apparent, the DCN visualization adds
a complementary strategy (as seen from the perspective of
the DeFT framework) to understanding the process of the
application of a Hadamard gate in two- and three-qubit
systems. The question of whether there is a benefit to this
strategy and under which conditions remains to be
answered. We formulate the following research questions:
RQ1: Do participants benefit from the visualization

when solving questions on the Hadamard gate in two- and
three-qubit systems in terms of …

a: … accuracy?
b: … perceived cognitive load (ICL and ECL)?
To evaluate our RC test instrument, we ask the following

research questions:

FIG. 3. Action of the Hadamard gate in DCN. The H1 gate is applied to the state 1ffiffi
3

p j001i − 1ffiffi
3

p j011i − 1

2
ffiffi
3

p j100i þ 1

2
ffiffi
3

p j101i þ
1

2
ffiffi
3

p j110i þ 1

2
ffiffi
3

p j111i to obtain 1ffiffi
6

p j000i − 1ffiffi
6

p j001i − 1ffiffi
6

p j010i þ 1ffiffi
6

p j011i − 1ffiffi
6

p j101i þ 1ffiffi
6

p j110i (with basis states written as

jqubit 3 qubit 2 qubit 1i), following the rules j0i↔H 1=
ffiffiffi
2

p ðj0i þ j1iÞ and j1i↔H 1=
ffiffiffi
2

p ðj0i − j1iÞ along the axis of qubit 1. The four
resulting combination of these rules are depicted in the figure.
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RQ2: Is our RC test instrument able to predict …
a: … accuracy increases?
b: … reductions in perceived cognitive load?
We ask the following research questions to explore

whether the integration of visualization with mathematics
has an impact on task solving.
RQ3: What influence do integration processes of the

visualization with the mathematics have on …
a: … accuracy?
b: … perceived cognitive load?
By answering these research questions, wewill be able to

make statements about how to support task solving in the
context of the Hadamard gate in multiqubit systems.
Subsequently, we discuss the generalizability of the results
to other associated contexts in the realm of understanding
multiqubit system processes and conclude with recom-
mendations for educators in the field of QIS as well as
perspectives for future research.

II. METHODS

As we found the study design to be suitable, we adopted
methodological paths similar to the pilot study we con-
ducted [23] with, however, multiple adaptations. We use the
A-B crossover design and cognitive load measurements,
but restrict the context of the questions to the Hadamard gate,
employ eye-tracking techniques, introduce a new way of
measuring representational competence (RC), and measure
mental rotation ability (MRA).

A. Participants

The total number of participants in the study was 42,
including 31 people who were relatively new to the field of
quantum physics, with a maximum of two years’ experi-
ence. Due to the possible influence of expertise-reversal
effects, we excluded all participants with more than three
years of experience in quantum physics from the analyses.
Of the 31 remaining participants, 22 were male and 9 were
female. The participants’ ages ranged between 19 and
33 years. The main field of study was physics for ten
participants, computer science or engineering for ten, other
fields of natural sciences for five, and QIS for four.
Furthermore, 4 of the participants were bachelor students,
14 students were in their master’s degree, 9 were doing
their Ph.D., and 1 has a Ph.D.
All procedures performed in the study were in accor-

dance with the ethical standards of the national research
committee and with the Declaration of Helsinki of 1964
and its subsequent amendments. The study involved data
collection, including eye movements, in an on-site survey
that took about 60 min. Participation in this study was
voluntary, anonymous, and under informed consent. The
data collected included participants’ age, gender, field of
study, quantum physics experience, and highest educa-
tional achievement. Personal data of participants are kept

confidential and used solely for research purposes. The
anonymized data supporting the findings of the study are
openly available [64].

B. Study design

For the present study, a within-subject design was
chosen. This is, first and foremost, enabled by the pos-
sibility of designing multiple similar questions to test task
solving in the same context, therefore being able to show
some of these questions with and some without visualiza-
tion, to make comparative assessments.

1. Study structure

We first showed an introductory video explaining DCN
and the Hadamard gate to the participants. We then measured
the translational understanding between DN and DCN with
a set of eight questions and then the visual understanding of
the Hadamard gate with a set of six questions. During the
following main phase of the study, eye movements were
tracked. During part A of the main phase, half of the
participants were shown a block of six questions without
visualization, and the other half of the participants were
shown a block of questions with visualization. We then
measured the perceived cognitive load during this part of
the study, before giving each participant another block of
six questions without or with visualization, depending on
which type of question they did not receive during part A.
This random order ensures that the learning effects during
main part A of the study do not interfere with the results of
main part B. Finally, spatial reasoning ability was measured
without eye tracking. The complete structure of the study is
shown in Fig. 4.

2. Introductory video

The introductory video was used to decrease the influ-
ence of previous knowledge on the test results. Briefly,
classical computing and Turing machines were mentioned
to motivate quantum computing and qubit states. Then,
DCN was introduced and the most important single-qubit
operations were explained (X, Z, and H gates). To show
operations in systems of multiple qubits, examples of the X

and Z gates were shown in two-qubit systems, and the CNOT

gate was shown in a three-qubit system. The video is shown
in Supplemental Material [65].

3. Representational competence

To stay as close as possible to the characterization of
representational competence (RC) provided by Rau [53],
but within feasibility, we decided to propose a test instru-
ment to measure visual understanding as a measure of RC,
as the other types of representational competencies (con-
nectional understanding and fluency, and metarepresenta-
tional competencies) are only relevant when using more
than one visualization. As mentioned at the end of Sec. I D,
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we differentiate between two types of relevant visual
understanding constructs: translation competence and pro-
cedural competence for which we constructed two different
types of questions. In the first type, participants were asked
to perform translations between DCN to DN or back in
systems of two or three qubits. An example is shown
in Fig. 5.
The second type of RC question asked about under-

standing the action of the Hadamard gate in DCN (procedural
competence). Here, the Hadamard gate was explained in text

format and the participants’ ability to transfer this infor-
mation from the text to the action of the Hadamard gate in
the visualization was tested. We created one question on
solely creating superpositions, one on destroying them,
and one on a mixture of both for systems of two and three
qubits. The design of the questions followed design
principles of multiple-choice questions that include the
competitiveness of the distractors, aligning them with
common misunderstandings and constructing other
distractors similar to the correct answer and those

FIG. 4. Overall structure of the study. Participants are divided into two groups: one is assigned questions with visualization first, and
the other without.

FIG. 5. Example of a translational understanding question. The correct answer is at the bottom. The distractors are constructed by
varying the position of the minus sign and the basis states from j01i and j10i to j10i and j11i.
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corresponding to the misunderstandings [66]. The nature
of the questions allows for the design of distractors using
logical rules. For example, a Hadamard gate can be applied
to the wrong qubit to create a distractor. Then, two more
distractors with similar characteristics to the two existing
answer options are created such that no features stand out.
The questions were reviewed internally by experts. An
example of the second type of question is shown in Fig. 6.

All RC test items can be found in Supplemental
Material [65].

4. Hadamard gate performance assessment questions

During the main phase of the study, participants were
asked questions on the outcome of a Hadamard operation
on quantum states of two- or three-qubit systems, with and

FIG. 6. Example of a procedural understanding question, where superpositions are destroyed. The correct answer is at the bottom left.
The distractors are chosen such that the Hadamard gate is applied to qubit 1 (top left) and with two other distractors that share features with
this distractor and the correct answer.
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without visualization. As in the second type of RC
questions, in each part, participants were asked questions
about the creation of superpositions, the destruction of
superpositions, and a mixture of both, making it a total of
six questions for each part. The creation of questions
followed the same principles as the procedural

understanding questions. After each question, students
were asked about their level of confidence in their answer,
from 0—random guess, to 5—very sure. During these
questions, the eye movements of the participants were
tracked. An example question is shown in Fig. 7.
Performance was measured as the average correctness.

FIG. 7. Example of a main phase question with visualization, where superpositions are created and destroyed. The correct answer is at
the top left. The distractors are chosen such that the Hadamard gate is applied to qubit 3 (bottom left), and with two other distractors that
share features with this distractor and the correct answer.
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In all cases, the answers that the participants self-reported
as guesses were treated as wrong answers. All items of the
RC test can be found in Supplemental Material [65].

5. Cognitive load

After part A and part B of the main phase of the study,
cognitive load was measured using the instrument proposed
in Ref. [67], but rewritten to apply to the context of testing.
Possible answers were on a Likert scale from 0—completely
wrong to 6—absolutely right. The items are shown in the
Appendix.

6. Spatial reasoning: Mental rotation ability

The transformations with the Hadamard gate in DCN
require some amount of SRA: They involve the splitting
and merging of areas along one of two- or three-qubit axes
and the turning of a gauge in some cases. According to the
taxonomy used in Ref. [58], it is a dynamic 2D or 3D
process that uses the intrinsic reference frame of the two- or
three-qubit axes. Within the framework of Taylor et al.,
these are the same characteristics as inherent to 2D or 3D
mental rotation ability (MRA). Therefore, one can hypoth-
esize that participants with higher MRA benefit when
presented with the visualization. As a measure of MRA,
the test created by Fehringer [68] was used. Here, partic-
ipants had to rotate parts of a cube in a Rubik’s cubelike
manner, instead of the whole system as alternatives such as
[69]. A test item consisted of two Rubik’s cube depictions,
and on each item, participants had to answer whether one
Rubik’s cube can be transformed into another using
standard Rubik’s cube operations. In that aspect, it is
similar to the process used in DCN, where parts of the
visualization are moving differently than others, although
possible similarities are mere hypotheses at this point.

C. Eye tracking

In this study, eye-tracking is used to identify the
cognitive processes associated with increased performance
and changes in cognitive load with visualization.
Commonly used metrics are the average fixation duration
and the number of transitions between different areas of
interest [70,71]. We argue that the former is necessary for
visualization to have any effect if it is not being used. This
makes it a suitable variable to moderate performance
increases. The latter is used to represent integrative cog-
nitive processes or as a proxy for mental schemata con-
struction [72]. More explicitly, the duration of fixation on
visualization resembles engagement with the visualization
during all cognitive processes, whereas the number of
transitions is a measure of integration processes [37]. By
assessing the dependency of the number of transitions on
performance difference with and without visualization, we
can determine whether cognitive integration strategies are
associated with increases in performance.

The tasks were displayed on a 22-inch computer screen
with full HD resolution. Eye movements were recorded with
a Tobii ProNano Eye tracker. Fixationswere identified using
the identification by velocity threshold (I-VT) algorithm (see
Ref. [73]) with thresholds of 8500°=s2 (acceleration) and
30°=s (velocity). Any eyemovements above these thresholds
would be considered saccades and were not analyzed in this
work. Fixation on the DN following a fixation on the
corresponding visualization, or vice versa, was counted as
a transition. Before the learning unit, we performed a nine-
point calibration for each participant and repeated it until it
was sufficiently accurate.
The resolution of the eye tracker is not suitable to reliably

differentiate between fixations on specific features of the
visualization or the symbolic notation, so areas of interest
(AOI) were placed spanning the whole respective symbolic
or visual representations. Fixations on these AOI were
counted in intervals of ∼16.66 ms and summed up to a total
fixation duration for each representation, while subsequent
fixations on a symbolic AOI and the corresponding visuali-
zation (or vice versa) were counted as transitions. Figure 8
shows an example of AOI placement on the different
elements of a task, along with a gaze map of a participant
solving the question shown in Fig. 7 and the transitions that
the participant made.

D. Analysis

To get a sense of overall effects and effect size, paired
sample t tests of the main metrics accuracy (one-sided), ICL
(one-sided), and ECL (two-sided) are performed and
adjusted using the Holm method [74,75]. The Holm method
is recommended in such settings, where a type I error is not a
catastrophe, in favor of the more often used Bonferroni
correction [74,76,77]. The effect sizes are determined by
Cohen’s d, with 0.2 ≤ d < 0.5, 0.5 ≤ d < 0.8, d > 0.8
indicating a small, medium, and large effect, respectively
[78]. Then, the possible influence of MRA and the relative
fixation duration on the effects of the visualization is
analyzed. These influencing effects are analyzed using a
linear regressionwith the difference in onemainmetric (with
visualization minus without visualization). As described in
Ref. [79], this approach is equivalent to a multiple linear
regression using the score without visualization as an
independent variable and the score with visualization as a
dependent variable.We then analyze the effect of RC and the
number of transitions between visualization and the corre-
sponding mathematical symbolism on the performance
difference. This is methodologically equivalent to a moder-
ator analysis, but with a focus on the slopes of the regression
rather than the intercept for identification of a main effect.
More technically, thismeans that a linear regression equation
used in this work looks like

½outcome w: vis:� − ½outcome w=o vis:�
¼ cþm · ½ind: variable�; (2)
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describing the influence of independent variables how the
visualization affects the outcome variable (accuracy or
cognitive load), finding significant effects ofm significantly
differs from 0, corrected for multiple tests. All independent
variables are centered [80].
For the paired sample t tests, we test the normality of the

differences with the Anderson-Darling test [81]. If the data

are not Gaussian at a significance level of α ¼ 0.05, we
perform a Wilcoxon signed-rank test instead of the paired-
sample t test [82]. For linear regression, we test for
homoscedasticity with the Breusch-Pagan test [83] and
the normality of the residuals visually using Q-Q plots [84].
The results for intercept p values (moderator analyses) and
slope (dependency analyses) are also adjusted using the

FIG. 8. Eye-tracking areas of Interest and example gaze map of a participant solving the question shown in Fig. 7. The blue circles are
numbered in order of fixation and sized according to the duration. For example, circle 87 on the correct answer in DCN (top left)
resembles a duration of 550 ms. The four transitions between DN and corresponding visualization that the participant made are shown in
red. The participant answered correctly, considering all answer possibilities, used almost exclusively DCN to solve the question, and
transitioned a number of times close to the minimum of the participants. The participant scored 0.5 on questions without visualization
and 0.83 on questions with visualization, spending on questions with visualization on average 82% of the time on the visualization, and
18% on DN.
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Holmmethod. Unless otherwise stated, the prerequisites for
the respective statistical procedure were verified.

III. RESULTS

During the main part of the study, the average time per
question and standard deviation was 81� 46 s for questions
without visualization and 72� 32 s for questions with
visualization. For answers that were correct and not a guess,
these averages were 62� 41 s and 81� 31 s, respectively.
Mean answer confidence without visualization was

0.59� 0.19, and with visualization was 0.65� 0.20.
Mean GCL without visualization was 0.66� 0.16 and
mean GCL with visualization was 0.70� 0.17.

A. Performance and cognitive load

Table I shows the results of the multicomparison t tests
of the main outcome measures accuracy, efficiency, ICL,
and ECL.

Figure 9 shows the main effects of average accuracy and
answer confidence for each participant with visualization
compared to without visualization. A considerable number
of participants were below the 25% correctness threshold
for guessing (10 without visualization and 10 with visu-
alization). Four participants obtained a perfect score with-
out visualization and eight with visualization. Figure 10
shows the same for ICL, ECL, and GCL.

B. Moderator analysis

1. Fixation duration on visualization

We considered the relative time spent fixating on the
visualization relative to the total time spent on visualization
andmathematical notation for eye-tracking results ofN ¼ 30
participants. On questions with visualization, the average
time spent fixating on the symbolic notation was
9.2� 10.1 s, and the average time spent fixating on the

TABLE I. Descriptive data of the main outcome measures: mean accuracy, efficiency, ICL, and ECL and standard
deviation in parentheses, the p values of the naive t tests and the adjusted p values, and Cohen’s d for the data
sample of 31 participants each. Significant effects are highlighted.

Outcome measure w/o. vis. With vis. tð30Þ pðpadjÞ Cohen’s d

Accuracy 0.43� 0.32 0.53� 0.33 2.21 0.035 (0.035) 0.32
ICL 0.76� 0.18 0.67� 0.19 2.87 0.0037 (0.0074) 0.48
ECL 0.60� 0.21 0.44� 0.23 5.02 <0.001 0.75

FIG. 9. Violin plots of accuracy and answer confidence (N ¼ 31). Two data points corresponding to one participant’s score are
connected by a line that is blue to indicate an increase, red to indicate a decrease, and gray to indicate no change. The significant increase
in accuracy with visualization is represented by * for p < 0.05.
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visualizationwas 43� 19 s, so relatively, time spent fixating
on the visualization was 0.82� 0.18. The average relative
time spent fixating on the correct answer was 0.18� 0.08
when only DN was shown and 0.15� 0.06 with
visualization.
The coefficients of the statistical analysis of the depend-

ency of outcome measures on the relative fixation duration

on visualization are shown in Table II. No significant
effects were found.

2. Mental rotation score

The average mental rotation ability (MRA) measured for
29 participants was 0.72� 0.21, and the average accuracy

FIG. 10. Violin plots of ICL, ECL, and GCL (N ¼ 31). Two data points corresponding to one participant’s score are connected by a
line that is blue to indicate an increase, red to indicate a decrease, and gray to indicate no change. The significant decreases in ICL and
ECL are represented by ** for p < 0.01 and *** for p < 0.001, respectively.

TABLE II. Analysis of the moderation effect of the relative fixation duration on the visualization based on a
sample of 30 participants included in the analysis. The regression ([outcome w. vis.] − [outcome w/o vis.] =
cþm · ½fix: dur: on vis:�) was tested for the outcome measures accuracy, ICL, and ECL, with a focus on the
intercept c. The relevant significant effects are highlighted.

Measure Fð1; 28Þ R2ðR2
adjÞ c Pðc ≠ 0ÞðPadjÞ m Pðm ≠ 0Þ

Accuracy 3.32 0.11(0.07) 0.11� 0.05 0.02 (0.02) 0.47� 0.26 0.08
ICL 0.29 0.01ð−0.025Þ −0.09� 0.03 0.01 (0.02) −0.10� 0.18 0.60
ECL 1.60 0.05(0.02) −0.16� 0.03 <0:001 −0.23� 0.18 0.22

TABLE III. Statistical analysis of the dependence of differences in outcome measures on the MRA (N ¼ 29). The
regression ([outcome w. vis.]− [outcome w/o vis.] = cþm · ½MRA�) was tested for the outcome measures accuracy,
efficiency, ICL, and ECL. The relevant significant effects are highlighted.

Measure Fð1; 27Þ R2ðR2
adjÞ c(SD) pðc ≠ 0ÞðpadjÞ m pðm ≠ 0Þ

Accuracy 1.05 0.037(0.002) 0.10� 0.05 0.045(0.04) 0.39� 0.39 0.32
ICL 0.58 0.021(−0.015) −0.20� 0.26 0.008(0.016) 0.20� 0.26 0.45
ECL 0.06 0.002(−0.035) −0.16� 0.03 <0:001 0.06� 0.27 0.82
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was 0.82� 0.13. The average time per question was
9.8� 4.1 s, and the average time for correct answers that
were not guesses was 9.7� 4.5 s.We analyzed the impact of
the MRA on performance and cognitive load. TheMRAwas
centered on the mean. Two participants left before taking the
mental rotation test. The results of the linear regressions are
shown in Table III. No significant effects were found.

3. Representational competence

Descriptive statistics on representational competence
(RC) are displayed in Fig. 11. The average procedural
understanding was 0.44� 0.26, the average translational
understanding 0.63� 0.30, and they combined to an
average visual understanding of 0.54� 0.23.

To analyze the effect of RC, we consider the dependency
of changes in outcome measures with visualization on the
measured RC. Table IV shows the corresponding test
statistics and regression coefficients.
The statistics for the dependency of reduction in ECL on

the RC evaluated at Fð1; 29Þ ¼ 6.96, p¼ 0.013, R2ðR2
adjÞ¼

0.19ð0.17Þ. The regression equation is

½ECL inc:� ¼ −ð0.16� 0.03Þ − ð0.36� 0.13Þ · ½RC�:
(3)

The corresponding scatterplot is shown in Fig. 12.

FIG. 11. Boxplots of the test results of different (sub-)types of
representational competencies (N ¼ 31). Representational com-
petence is the average of translational competence and procedural
competence. FIG. 12. Dependency of the change in ECL with visualization

on RC, centered on the mean of 0.43� 0.18 (N ¼ 31). The
regression equation is ([ECL diff.] = −ð0.16� 0.03Þ−
ð0.36� 0.13Þ · ½RC�). The effect is significant with F ¼ 7.39,
R2ðR2

adjÞ ¼ 0.20ð0.18Þ, and pðpadjÞ ¼ 0.01ð0.03Þ.

TABLE IV. Statistical analysis of the dependence of changes in performance and cognitive load on RC (N ¼ 31).
The regression ([outcome w. vis.] − [outcome w/o vis.] = cþm · ½RC�) was tested for the outcome measures
accuracy, ICL, and ECL. The relevant significant effects are highlighted.

Measure Fð1; 29Þ R2ðR2
adjÞ c pðc ≠ 0Þ m pðm ≠ 0ÞðpadjÞ

Accuracy 0.005 0.000(−0.034) 0.10� 0.05 0.04 −0.02� 0.21 0.94(1.00)
ICL 0.18 0.006(−0.028) −0.09� 0.03 0.008 0.06� 0.14 0.68(1.00)
ECL 7.39 0.20(0.18) −0.16� 0.03 <0.001 −0.36� 0.13 0.01(0.03)

TABLE V. Statistical analysis of the dependence of differences in outcome measures on the number of transitions
between DN and the corresponding visualization (N ¼ 30). The regression ([outcome w. vis.] − [outcome w/o vis.]
= cþm · ½no: of transitions�) was tested for accuracy, ICL, and ECL.

Measure Fð1; 28Þ R2ðR2
adjÞ c pðc ≠ 0Þ m pðm ≠ 0ÞðPadjÞ

Accuracy 5.41 0.16(0.13) 0.11� 0.04 0.017 −0.45� 0.19 0.03(0.08)
ICL 3.61 0.11(0.08) −0.09� 0.03 0.007 0.26(0.13) 0.07(0.14)
ECL 2.43 0.08(0.05) −0.16� 0.03 <0.001 0.22� 0.14 0.13(0.14)
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4. Number of transitions between visualization and DN

The maximum number of transitions between DN and
corresponding visualization per question was 40.2 and the
minimum 3.3. The average total number of transitions
between visualization and corresponding mathematical rep-
resentation per question was 17.5� 10.8. The number of
transitionswasnormalized andcentered for statistical analysis.
Significant effects were found when assessing the

dependency of changes in performance with visualization
on transitions between mathematics and the corresponding
visualization. The coefficients of the statistical analysis of
the dependence of the outcome measures on the number of
transitions are shown in Table V.
The statistics for the dependency of accuracy increase on

the number of transitions between visualization and corre-
spondingmathematical symbols evaluated atFð1;28Þ¼5.41,
pðpadjÞ¼0.03ð0.08Þ,R2ðR2

adjÞ¼ 0.16ð0.13Þ. The regression
equation is

½accuracy inc:� ¼ ð0.11� 0.04Þ − ð0.45� 0.19Þ
· ½no: of transitions�: (4)

Figure 13 displays the data for the dependency of
accuracy improvement on the number of transitions.

IV. DISCUSSION

In the following, we discuss the results in regard to our
research questions, generalizability, practical applications,
limitations, and potential avenues for future research.

A. RQ1: Impact of visualization
on performance and cognitive load

We saw a significant increase in performance (small
effect size) and a significant reduction in cognitive load
when visualization was present (small effect size in ICL and
medium effect size in ECL). These effects remain when
controlling for MRA and fixation duration on the visuali-
zation. The findings show that the participants of two or
less years of quantum physics experience benefited from
the visualization. This is the first proof of the multimedia
principle for testing in multiqubit systems. The results offer
an indication that the multimedia principle also holds when
considering complex tasks [24,25].

B. RQ2: Representational competence

We took a detailed look at the influence of representa-
tional competence (RC) (visual understanding and visual
fluency) and MRA. We find a significant decrease in ECL
with visualization for participants with high RC. Previous
research has shown that DN itself is a complex represen-
tation, especially for novices [85]. If RC is present,
incorporating an associated visualization can help alleviate
ECL. The fact that the results gained by the incorporated
test items are in line with the expected effects can be seen as
an indication of a suitable RC test instrument. However, the
test instrument was not able to predict changes in perfor-
mance or ICL. It may therefore be useful to make further
adjustments to the instrument used.

C. RQ3: Integration of visualization with mathematics

We find indications that transitioning more often between
DN and the corresponding visualization was associated with
decreased performance. The effect is significant without a
correction for multiple tests, leading to results that should be
interpreted with caution. The findings indicate that transi-
tioning between DN and DCN less often (to a minimum of
about three transitions per question) is related to a larger
benefit from visualization in task-solving accuracy.
Representational competence could play a role in this, as
a higher number of transitions between visualization and
mathematics might resemble an attempt to understand the
visualization rather than solve the question. This supports the
results in Ref. [37], which associate the number of transitions
with horizontal coherence formation, a process of matching
the visualization with mathematics that is not useful for
solving the task itself.
In contrast to the results of Ref. [31], we do not see

participants spending more time fixating on the correct
answer with visualization, indicating that the visualization
might not improve the decision-making process in this
context. However, participants demonstrated higher answer
confidence with visualization. Rather, considering the
DeFT framework, the benefits of presenting the visualiza-
tion in addition to mathematics, in terms of performance

FIG. 13. Dependency of accuracy improvement on the number
of transitions between DN and corresponding visualization
(N ¼ 30). The number of transitions range from 3.3 to 60.2
per question, with an average of 17.5� 10.8 (corresponding to
0 in the figure). The regression equation is ([acc. inc.] =
ð0.11� 0.04Þ − ð0.45� 0.19Þ · ½no: of transitions�). When we
perform multiple-testing adjustments, the effect is not significant
with F ¼ 5.41, R2ðR2

adjÞ¼ 0.16ð0.13Þ, and pðpadjÞ¼ 0.03ð0.08Þ.
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and specifically ICL, probably lie in providing alternative
problem-solving strategies, i.e., complementing by show-
ing different information (the information of a qubit is
stored in a different dimension in space instead of in certain
basis states) and enabling different processes (the action of
the Hadamard gate along an axis of a qubit instead of on each
basis state individually).

D. Generalizability and practical implications

It is important to consider the restricted context of this
study. Although this is probably a necessity for significant
findings, it leaves open the question of how generalizable
the results are. We see three possible directions for
examining the generalizability of the findings: Does the
utilization of different visualization techniques produce
similar results? Do the findings generalize to other oper-
ations or properties of multiqubit systems, e.g., other
unitary gates, measurements, or entanglement? Do the
results generalize to participant groups with more experi-
ence in quantum physics, or would we see an expertise-
reversal effect?
One can argue that improving problem-solving capabil-

ities with the Hadamard gate is of enough importance to serve
as a sole justification for the use of a visualization in
university courses. However, it could be that the DCN
visualization shows particular strength in this context but
does not support beneficial strategies for other processes in
multiqubit systems even when considering the action of the
Hadamard gate on states that are not classical or equal
superpositions. The Bloch sphere, for example, visualizes
more complex unitary operations as rotations in space,
which is not possible with CN. The BEADS representation
[86], as an extension of the Bloch sphere to multiqubit
systems that also displays entanglement properties, could
therefore be a useful alternative in other contexts than the
Hadamard gate on equal superpositions or “classical states.”
To bridge considerations between task solving and

learning, in practice, the performance increase with visu-
alization might already be a considerable argument for the
use of visualizations in the multiqubit context. The
decrease in cognitive load also supports this line of
thinking, decreasing not only perceived difficulty of learn-
ing material by reduction of ICL, but also distracting from
DN for those students who are not as familiar with the
mathematical symbolism, possibly also enhancing student
motivation in the process. We also see that GCL does not,
like ICL or ECL, decrease when visualization is presented.
Therefore, we can reason that tasks become easier to solve
with visualization, but do not lead to reduced effort for
learning processes that GCL is commonly argued to
measure [44].
When learning QIS concepts, an important learning goal

will always be to understand the underlying mathematical
formalism. For this reason, despite the increase in perfor-
mance and the use of visualization making tasks easier, it is

advisable to show the visualization in addition to DN for
the purpose of training DN. For performance increases and
decreases in cognitive load, the results show that it is
beneficial to foster representational competence (RC) in
students when teaching with visualizations in addition to
the mathematical notation. Without this competence, stu-
dents experience higher ECL and might transition more
often between mathematics and visualization in an attempt
to gain RC, perhaps missing the actual learning goal.
In practice, visualizations such as DCN and BEADS are

most feasible in computer-based teaching instructions.
While drawing such visualizations on the whiteboard or
on paper is possible, it might be more tedious than writing
calculations in Dirac notation. However, as today’s envi-
ronments largely allow for computer-based teaching, using
visualization to support teaching is widely feasible. Taking
into account the design principles of using MERs in
learning [52], we recommend the use of visualization
techniques such as DCN when designing educational
material. Visualization can also be embedded into teaching
in an interactive way using tools such as the one developed
in [87] and easily accessible at [88]. In addition, the use of
other representations like BEADS might lead to similar
benefits and can also be used to explore new perspectives
on complex quantum systems, their properties, and proc-
esses therein.

E. Limitations and future research

We were able to identify benefits of the visualization for
learners with little experience in quantum physics in terms
of performance. However, due to the small sample size of
participants with more experience, it is impossible to
examine the existence of a possible expertise-reversal
effect. Students with quantum physics experience also
have experience with DN, but may have never seen the
visualization before, which could result in it not providing
as much of a benefit. Therefore, it remains unclear whether
visualization enhances or even hinders the performance of
more experienced students. With a larger participant group
in this domain, a statistical analysis of the effects of years of
quantum physics experience would be feasible.
Although we found an additional decrease in ECL for

students with higher RC when adding a visualization to the
mathematical formalism, the RC test instrument used was
unable to predict performance increases. To gain insight
into how students are best taught to understand visualiza-
tion, it is necessary to reevaluate the RC test instruments in
contexts such as those examined in this study. The eye-
tracking results show that it might be worth exploring the
number of transitions between visualization and mathemat-
ics as an inverse measure of RC. A problem could also be
that the underlying framework [53] is only applicable to
learning with multiple visual representations and not to task
solving with a single visual representation. Perhaps, the
decision-making step [31] is more important than
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envisioned and leads to differences in results when com-
paring task-solving performance and learning outcomes, an
argument perhaps inspired by the higher answer confidence
with visualization that we observed.
In the present study, we focus on task solving with

mathematics and one additional visualization. However, the
use of more than two representations in QIS education
could yield benefits that are yet to be explored in the
context of multiqubit systems [89]. The practical implica-
tions of such findings would be even more important due to
visualizations being rather underutilized in multiqubit
systems [59]. In addition, most of the RC framework by
Rau [53] is not considered when only using a single
visualization, more specifically connectional understanding
and metarepresentational competencies.
In addition, we did not measure motivational factors that

could influence visualization use. These motivational
factors might lead not only to an increase in learning
outcomes but also to better task-solving performance [90].
As is apparent, there are many open questions that need to
be answered in future research. It will be important to
prioritize the questions and contexts that are especially
important to the QIS education community to find a
concrete way forward.

V. CONCLUSION AND OUTLOOK

The study shows that the DCN visualization is associated
with a small increase in performance, a small reduction in
ICL, and a medium reduction in ECL for participants with
up to two years of experience in quantum physics, while
not coinciding with a reduction in GCL. We found
indications that switching often between fixating on DN
and visualization is associated with a decrease in perfor-
mance. We did not find an influence of RC on these effects,
which is reason to believe that the RC test instrument needs
to be reevaluated.
We investigated the effects of visualization on solving

tasks with the Hadamard gate in multiqubit systems while
also exploring two connections between task solving and
learning: the measurement of cognitive load and the
tracking of eye movements. The measured cognitive load
showed that visualization can significantly reduce both the
unnecessary cognitive load imposed by the use of purely
DN and the intrinsic difficulty of the questions and,
therefore, also of the eventual learning material.
Tracking eye movements has shown that learners who
are new to the field and often transition between DN and
visualization may experience less benefit from visualiza-
tion for understanding the content, although the causation is
unclear. These transitions could also be an attempt by the
learners to better understand the visualization and therefore
gain RC, hinting toward the absence of such. In practice,
we conclude with a recommendation to use visualization
and foster representational competence to ease learning of

the mathematical formalism and enhance QIS education in
the context of multiqubit systems, especially for learners
new to the field.
Future studies could venture into the realm of different

unitary operations, the measurement process, and the
identification of (partial) entanglement, with DCN or other
visualization techniques, using similar study designs. In
this way, further comparisons of the benefits of different
visualizations will be possible, as well as the context and
learner dependencies of such benefits, resulting in guide-
lines for educators in the field of QIS and findings that may
advance the field of educational research.
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APPENDIX: COGNITIVE LOAD

Cognitive load was measured divided into ICL, ECL,
and GCL [43] using the following test items, adapted from
Ref. [67]. As was done in Ref. [67], participants were asked
to rate their perceived cognitive load on a Likert scale from
0—completely wrong to 6—absolutely right.

ICL 1: For the tasks, many things needed to be kept in
mind simultaneously.

ICL 2: The tasks were very complex.
GCL 1: I made an effort not only to understand several
details but also to understand the overall context.

GCL 2: My point while dealing with the tasks was to
understand everything correctly.

GCL 3: The tasks consisted of elements supporting my
comprehension of the tasks.

ECL 1: During the tasks, it was exhausting to find the
important information.

ECL 2: The design of the tasks was very inconvenient for
problem solving.

ECL 3: During the tasks, it was difficult to recognize and
link the crucial information.
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