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Abstract
With the fast integration of Machine Learning (ML) across indus-
tries, effective pedagogical strategies are essential for teaching this
complex and evolving field. Machine Learning is now widely inte-
grated into various university programs and introduced at earlier
educational stages, including high school and secondary school.
However, ML pedagogy lacks standardized teaching methods com-
pared to other science-related subjects, which have established
norms for topic introduction, teaching tools, and assessment meth-
ods. Inspired by other fields, this research explores the use of in-
teractive visualizations in teaching ML topics, more specifically in
teaching Gradient Descent (GD) and Principal Component Anal-
ysis (PCA). The target population consists of Computer Science
and Engineering Bachelor students who have not yet followed any
Machine Learning courses but have foundational knowledge in
calculus, linear algebra, and statistics. The evaluation measures
knowledge gained and student motivation, compared to a static
version of the materials. Results show a significant positive effect
in knowledge related to PCA with interactive visualizations, but
no differences in knowledge gain for GD or in learning motivation
for either topic. With these results, we contribute to the body of
evidence-based teaching methods in Machine Learning and iden-
tify further research needed to generalize the effect of interactive
visualizations as a teaching method for teaching ML basic concepts.

CCS Concepts
• Social and professional topics→ Computer science educa-
tion.
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1 Introduction
Machine learning (ML) is one of the most rapidly growing technical
and research topics at the moment [20], having applications in
various fields, such as healthcare [40], agriculture [23], education
[21], and many more. Due to its popularity, much of the effort
in the ML community is focused on advancing the field through
application development and research. However, there has been
much less emphasis on ML pedagogy and educational research,
leading to a lack of evidence-based strategies to effectively teach a
growing group of students these complex topics.

Learning objectives associated with this subject are understand-
ing machine learning algorithms, implementing and applying
them in specific use cases, evaluating the performance of such
algorithms, and analyzing their performance and limitation, as
suggested by [45]. However, these learning objectives can differ
depending on the intended audience, since the knowledge can be
applied in different manners and contexts [41]. More than that, ma-
chine learning topics are considered to be difficult because they rely
on mathematics and abstract concepts [15]. In this context, interac-
tive visualization may be a helpful tool to enhance understanding
and engagement.

Firstly, teaching non-trivial mathematical concepts has been ac-
companied by using interactive visualizations. These are graphical
representations that allow users to manipulate and explore the vi-
sualized information. The interactivity of visualizations enables
the exploration of the underlying knowledge, resulting in a deeper
understanding [8]. These tools were used in mathematical sub-
jects such as calculus [16, 31, 38], geometry [24] and optimization
problems [4]. Besides being effective in teaching mathematics, inter-
active visualizations have also been applied in teaching information
retrieval [8], business analytics [37], and computer algorithms [9].

Secondly, students’ engagement in the learning process is crucial
for effective education [17]. In this context, interactive visualiza-
tions have been used to increase students’ engagement, since they
foster active learning, leading to a better understanding of complex
topics [24, 26, 28]. Additionally, interactive tools encourage explo-
ration and experimentation, leading to deeper cognitive processing
and improved learning outcomes according to the ICAP framework
[10]. However, despite promoting motivation and learning, inter-
active visualizations could introduce an additional cognitive load
that is not related to the tasks that students need to perform [44].

Therefore, the research question this paper aims to explore and
answer is the following:

How does the use of interactive visualizations in ma-
chine learning education affect students’ knowledge
gain andmotivation related to machine learning topics?

2

https://doi.org/10.1145/3724363.3729032
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3724363.3729032
http://crossmark.crossref.org/dialog/?doi=10.1145%2F3724363.3729032&domain=pdf&date_stamp=2025-06-17


ITiCSE 2025, June 27-July 2, 2025, Nijmegen, Netherlands Ilinca Rent,ea, Gosia Migut, and Jesse Krijthe

The initial hypothesis is that interactive visualizations will aid
the students in understanding machine learning concepts. This
hypothesis relies on the effectiveness of interactive visualizations in
other similar subjects, such as mathematics and statistics, which are
closely related tomachine learning [42] , but also on their popularity
in machine learning courses. Similarly, the second hypothesis is
that interactive visualizations will positively influence the students’
motivation related to machine learning topics.

We use two ML non-trivial topics to illustrate the influence of
interactive visualizations on students’ knowledge gain and motiva-
tion. The first topic is gradient descent, which was chosen because
it was previously visualized [19, 47], but there is no evaluation of
the performance of these visualizations. Whereas, PCA was cho-
sen because it is considered to be a rather hard topic to teach to
students, as suggested by Westfall [50].

The novelty of the current research does not lay in the use of
interactive visualizations in the context of teaching machine learn-
ing, but rather in developing these visualizations and testing their
effectiveness with students. To that end, the knowledge gained and
motivation of students are measured when exposed to interactive
visualizations, in comparison to when exposed to static visualiza-
tions.

The research paper will first touch upon the related work in
section 2, then describe the methodology of developing the visual-
izations and evaluating them in section 3, followed by the results of
the evaluation in section 4. Lastly, the discussion of the findings is
included in section 5, followed by the conclusion and future work
in section 6.

2 Related Work
Despite the importance of machine learning education, this research
topic is only now beginning to take shape. One of the first steps
taken in this direction is the agenda for future research developed
by Shapiro and Fiebrink [41]. From the large number of research
directions provided, the conceptualization and reasoning of stu-
dents about machine learning algorithms and the parameters for
these algorithms served as the starting point for our research. [41].
This point of the agenda highly focuses on exploring how students
understand different concepts, which can be partially answered by
exploring the usage of interactive visualizations.

Other researchers, like Skripchuk et al. [43], have focused on
identifying common errors in open-ended ML projects. Their study
primarily discusses code-related issues such as inadequate hyper-
parameter tuning and improper use of test data during model eval-
uation. However, the research focuses on errors in applying ML
algorithms rather than students’ understanding of the algorithms
themselves.

The research field also features previous work focusing on the
use of visualizations for teaching ML [11, 27, 48, 51]. The first ex-
ample of relevant work done in this direction provides interactive
visualizations to high school students [11]. In this context, visual-
izations are used for describing data collection, visualization, and
processing, but also analysis, classification, and regression algo-
rithms. All mentioned concepts are adapted to a daily life scenario,
namely rain and weather prediction. However, this research does
not evaluate the proposed method, leaving it unclear how effective

or not this method would be when applied. Another relevant work
for the current research is a convolutional neural network(CNN)
visualizer [48]. The authors of this paper describe the process of
developing the interactive visualization, while also including an ob-
servational study to evaluate the proposed solution. The evaluation
is mainly focusing on the users’ perception of the given visualiza-
tion, rather than their true knowledge gain. The qualitative study’s
results included positive feedback from the participants, who found
the method helpful in their study process, attractive, and easy to use.
Another relevant example is the What-If Tool [51] which aims at
helping users probe, visualize, and analyze different machine learn-
ing systems. This method is particularly relevant for the current
research as it represents an interactive system that highly depends
on visualizations since it focuses on minimal coding. The system’s
target user is represented by people working in different companies
that interact with machine learning. However, the idea behind the
system could also be used in an academic scenario. Interactive vi-
sualizations are also used in portraying fairness concepts related to
machine learning algorithms and models, as studied by Mashhadi
et al. [27]. Their research focuses on six open-source fairness tools,
by conducting a qualitative review and four focus groups. Through
their research, they show the importance of integrating interactive
visualizations for teaching fairness in machine learning and artifi-
cial intelligence courses. One reported insight is that the previously
mentioned What-If Tool [51] shows greater transparency due to its
interactive design.

Interactive visualizations were also previously used in teaching
other science, technology, engineering, andmathematics topics [29].
This teaching tool has been successfully applied in mathematics
[1, 4, 16, 24, 31, 33, 38], algorithms education [2, 17, 36], statistics
[22], information retrieval [8], and engineering education [39]. One
key finding of previous research is that interactive visualizations aid
in a better understanding of mathematical concepts [16, 24]. More
than that, existing research shows that animations, non-interactive
dynamic visualizations, might be helping students learn faster than
static visualizations [9].

Lastly, existing research looked into the effect of different levels
of interactivity on understanding and applying knowledge related
to Signals and Systems in Electrical Engineering [35]. The results
of the study showed that higher levels of interactivity did not have
an effect on the learning outcome in understanding conceptual
knowledge and applying procedural knowledge and had a negative
effect on understanding procedural knowledge.

3 Methodology
3.1 Gradient Descent and PCA
To assess whether interactive visualizations positively impact the
knowledge gained by students and their motivation, we first identify
the key concepts of these two topics.

Gradient Descent is an optimization algorithm that is used ubiq-
uitously in Machine Learning. This algorithm is used for searching
through a large continuously parameterized hypothesis space when
a performance measure can be differentiated with regards to the
hypotheses [30]. It starts with a random value, updating the param-
eters of the hypotheses based on the gradient of the performance
measure and the set learning rate.
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Figure 1: Detailed methodology behind research.

PCA is a dimensionality reduction algorithm commonly used
in Machine Learning. This technique derives new variables that
are uncorrelated linear combinations of the original variables of
a given dataset, maximizing the retained variance of the dataset.
The generated variables can be shown to be the eigenvectors of
the covariance matrix of the dataset. These variables represent the
principal components, ordered by decreasing eigenvalues, which
are directly proportionate to the retained variance.

3.2 Interactive Visualizations Development
Starting from the concepts previously mentioned, two Jupyter Note-
books were created for the chosen topics. 1 The Gradient Descent
notebook includes textual information, inspired by existing books
and courses in Machine Learning [30, 32], and three interactive
visualizations. The first visualization shows a one-variable scenario
to introduce the students to the idea of gradient descent, and it
allows them to set the starting point, learning rate, chosen function,
and whether the gradient of the last update is shown graphically.
The second visualization allows the students to manipulate the
values of six parameters, aiming to help them understand the me-
chanics of gradient descent by manually performing coordinate
descent, an algorithm based on the same principles as gradient de-
scent. The third visualization displays a scenario with two variables,
where the student can set the starting coordinates, learning rate,
and epochs computed. The second and third visualizations are set
within the scope of machine learning specifically since they display
a regression scenario with a given dataset.

Similarly, the notebook introducing PCA includes textual in-
formation, inspired by books and courses in Machine Learning
[6, 49], and three interactive visualizations. The first visualization
displays a dataset, together with a line on which points are pro-
jected, but also the associated reconstruction error and variance
of the performed transformation. The students in this case can
choose the slope of the line used for the transformation. This visu-
alization aims to portray the connection between reconstruction
1https://github.com/ieirentea/Interactive-Visualizations-ML

error and variance of transformations. The second visualization
allows students to scale the 2 dimensions of the dataset, observing
how the principal components are affected. The third visualization
illustrates how data is transformed by the covariance matrix. The
student can choose how many times the data is transformed and
should note that the new points are along the principal component
with the highest variance. This last visualization aims to make the
covariance matrix a less abstract concept.

Lastly, cognitive load theory [46] was taken into account while
developing the interactive visualizations. Since this teaching tool
could sometimes introduce additional cognitive load [44], the vi-
sualizations’ complexity was minimized while retaining the level
of knowledge they delivered. This was done by only introducing
necessary interactions and tackling subtopics through each visual-
ization.

3.3 Experiment Design
The initial hypothesis needed to be tested using an experiment
focusing on the knowledge gain and motivation of students. This
section will focus on describing the methodology of the experiment.

Participants. The experiment recruited 40 first-year Computer
Science and Engineering Bachelor students who did not follow any
Machine Learning courses in their previous education and were the
least likely to know gradient descent and PCA already. However,
at the beginning of the experiment, participants were asked if they
were already familiar with these two concepts to ensure that no
participant had the knowledge before the experiment.

Procedure. The participants were divided into two groups: the
static group (the control group, N=20), and the interactive group
(the treatment group, N=20). The group assignment was done ran-
domly. Each group received the same survey which included the
pre-test and post-test questions, together with the Reduced version
of IMMS (Instructional Materials Motivation Survey), for both top-
ics. The procedure of giving a pre-test and a post-test to measure
the knowledge gain is similar to the one applied by previous re-
search [14, 34]. The pre-test and the post-test were built to match
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the instructional learning outcomes (ILOs) of the materials, accord-
ing to the constructive alignment framework [5]. These outcomes
were defined using Bloom’s taxonomy [7], gradient descent being
associated with understanding and applying the algorithm, and
PCA with remembering and understanding it. The experiment was
conducted in a quiet, distraction-free space, to ensure the optimum
study environment for the participants.

Materials. For the experiment, the interactive group received
written materials adapted from a bachelor-level Machine Learning
course, accompanied by the interactive visualizations developed for
this research. the static group received the same written materials,
this time accompanied by static visualizations adapted from the
developed interactive ones. The static visualizations were obtained
by saving multiple instances of possible interactions with the visu-
alizations. Due to the interactive nature of the second visualization
of gradient descent, it was omitted from the static version of the
materials.

Measurements. To measure the knowledge gained by the stu-
dents, they were asked to fill in a pre-test, follow the givenmaterials,
and fill in a post-test. This procedure had the goal of measuring the
knowledge gain of the students rather than the knowledge level,
similar to the methodology proposed by [13, 18]. Both tests included
the same questions, in increasing order of difficulty, as suggested
by existing research [3]. The knowledge gain is measured using the
following formula [12]:

𝑔 =
𝑝𝑜𝑠𝑡 − 𝑝𝑟𝑒

1 − 𝑝𝑟𝑒
, (1)

where 𝑝𝑟𝑒 and 𝑝𝑜𝑠𝑡 are the scores of the knowledge tests. These
scores were calculated based on the correctness of the answers,
where each question received an equal weight for the final score.
This relative measure of gain accounts for prior knowledge and
enables fair comparisons.

After the post-test, students were given a questionnaire to mea-
sure their motivation regarding the received materials. The selected
questionnaire is the Reduced Instructional Materials Motivation
Survey [25], comprised of 12 questions that measure attention, rel-
evance, confidence, and satisfaction associated with the materials.
This survey was chosen due to its structured and validated devel-
opment, together with its compatibility with the context of this
experiment, namely a self-directed instructional setting.

Data Analysis. The collected data is analyzed using different
statistical tests. The first step of the analysis is checking the assump-
tions of t-tests, namely normal distribution and equal variances. If
the conditions failed, another appropriate statistical test is chosen
(Mann-Whitney U-test or Welch’s t-test).

Moreover, for knowledge gain, the pre-test scores were checked
to not significantly differ between groups. This test ensures that
the groups are similar in terms of pre-knowledge of ML.

4 Results
4.1 Knowledge gain
The first concept measured by this experiment is the knowledge
gained by reading and interacting with the educational materials.

In figure 2, you can see the aggregated knowledge gain for each
topic, comparing the two groups, where static is the control group
and interactive is the treatment group.

Figure 2: Knowledge gain results. The calculation of the
scores is based on equation 1

Knowledge Gain gradient descent. Pre-test scores were non-
normally distributed (Shapiro-Wilk: interactive W=0.5763, p<.001;
static W=0.6637, p<.001). Therefore, a Mann-Whitney U-test was
conducted and showed no significant difference between the pre-
test scores of the two groups (U=190.5, p=.7639), namely the static
(M=0.1028, SD=0.1759) and the interactive (M=0.1333, SD=0.2520)
groups.

The normalized knowledge gain of the two groups was com-
pared using a t-test due to the normally distributed data (Shapiro-
Wilk: interactive W=0.9582, p=.5091; static W=0.9633, p=.6114) and
equal variances (Levene’s test: F=1.3963, p=.2447). The indepen-
dent samples t-test showed no significant difference in knowledge
gain between the interactive (M=0.5014, SD=0.2917) and static vi-
sualizations (M=0.4915, SD=0.2192) for the gradient descent topic
(t(df)=0.1216, p=.9038).

Knowledge Gain PCA. Pre-test scores were non-normally
distributed (Shapiro-Wilk: interactive W=0.5929, p<.001; static
W=0.751, p<.001). Therefore, a Mann-Whitney U-test was con-
ducted. The results of the test showed no significant difference
(U=156, p=.1626) between the pre-test scores of the interac-
tive (M=0.0532, SD=0.1003) and static (M=0.1050, SD=0.1276)
visualizations groups regarding PCA.

The normalized knowledge gain of the two groups was compared
using a t-test due to the normally distributed data (Shapiro-Wilk:
interactive W=0.9246, p=.1215; static W=0.9331, p=.1769) and equal
variances (Levene’s test: F=0.7702, p=.3857). The independent sam-
ples t-test revealed a very significant difference in knowledge gain
between interactive (M=0.5274, SD=0.2268) and static visualizations
(M=0.3162, SD=0.1957) for the PCA topic (t(38)=3.1522, p=.0032).

4.2 Motivation
The second construct measured is the students’ motivation regard-
ing the instructional materials. The Reduced Instructional Materials
Motivation Survey results were aggregated using the accompany-
ing recommendations, namely calculating one score for the overall
motivation, but also one score for each of the four constructs.
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Table 1: Statistical Test Results for Knowledge Gain and Mo-
tivation

Variable Group Mean SD t/U p-value

Knowledge Gain (GD) Interactive 0.50 0.29 0.1216 .9038Static 0.49 0.22

Knowledge Gain (PCA) Interactive 0.52 0.23 3.15 .0032Static 0.32 0.20

Motivation (GD) Interactive 3.67 0.61 221.5 .569Static 3.52 0.69

Motivation (PCA) Interactive 3.48 0.90 -0.193 .8485Static 3.52 0.57

The aggregated results for the gradient descent and PCA materi-
als are displayed in figure 3, and 4 respectively. In both graphs, the
overall motivation score is labeled ‘motivation’.

Motivation Gradient Descent. The motivation scores
regarding gradient descent materials were compared using a
non-parametric Mann-Whitney U-test due to the non-normal
distribution of the static group scores (Shapiro-Wilk: interactive
W=0.9716, p=.7876; static W=0.8960, p=.0348). No significant differ-
ence was found between the interactive (M=3.6750, SD=0.6099)
and the static (M=3.525, SD=0.6920) groups (U=221.5, p=.5690).

Figure 3: Motivation regarding gradient descent materials.
Motivation is the overall aggregated RIMMS score and the
rest are the 4 constructs measured by the survey, each aggre-
gated separately.

Motivation PCA. A Welch’s t-test was performed to compare
the motivation regarding PCAmaterials due to unequal variances of
the two groups (Levene’s test: F=7.8823, p=.0078) and normally dis-
tributed data (Shapiro-Wilk: interactive W=0.9271, p=.1355; static
W=0.9674, p=.7002). No significant difference in motivation regard-
ing PCA was found between the interactive (M=3.4792, SD=0.8987)
and static (M=3.525, SD=0.5698) groups (t(32.15)=-0.1926, p=.8485).

5 Discussion
5.1 Sample Size and Power Considerations
One of the key limitations of this study is the relatively small sample
size (N=20 per group). This limited sample size may have reduced

Figure 4: Motivation regarding PCA materials. Motivation
is the overall aggregated RIMMS score and the rest are the
4 constructs measured by the survey, each aggregated sepa-
rately.

the statistical power of the study, making it harder to detect smaller
effects. For an effect to be statistically significant with this sample
size, it would need to be relatively large. It’s possible that smaller,
more subtle effects of interactive visualizations on both knowledge
gain and motivation were present but went undetected.

5.2 Knowledge gain
The results of the conducted study reveal no significant difference
in knowledge gained by students between the interactive and static
visualizations regarding gradient descent. This outcome indicates
that the interactivity of the visualizations did not influence students’
understanding of the presented materials.

On the other hand, the study revealed a very significant differ-
ence in knowledge gained by students regarding PCA. This result
indicates that the added interactivity positively impacted the under-
standing of the presented materials, helping students better grasp
the concepts related to PCA.

Therefore, the interactive visualizations had different effects
on the two chosen topics. The difference between the outcomes
could be a result of the different natures of the two topics. Gradi-
ent descent is a topic based on calculus concepts, closer related to
previous knowledge of the students, while PCA is a topic based on
linear algebra concepts, harder to understand and conceptualize, as
mentioned by [50]. Based on the results, the interactive visualiza-
tions might help students better understand non-trivial and more
abstract topics.

However, the difference could also originate from the design of
the visualizations. In hindsight, it is worth consideringwhether both
visualizations were equally well-constructed. Variations in clarity,
interactivity, or complexity might have influenced the effectiveness
of the materials.

The results of the study contradict the results of the existing re-
search looking into the effect of different levels of interactivity [35].
However, that research focused on topics in Electrical Engineering,
more specifically signal transformation, which involves manipulat-
ing concrete, real-world signals. This topic may be more accessible
to the students compared to the ML concepts explored in this study,
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which are more abstract and rely on advanced mathematics, such
as multivariate calculus and linear algebra.

Nevertheless, it is important to acknowledge that the observed
differences in outcomes may not be only due to the chosen topics.
The design and implementation of the interactive visualizations
could have played a role in the results, as well as the prior knowl-
edge and familiarity students had with each subject.

5.3 Motivation
The results of the conducted research reveal no significant differ-
ence in motivation levels regarding the constructed materials for
gradient descent and PCA. Therefore, the introduction of interac-
tive visualizations does not have a clear effect. One possibility is
that the introduction of interactive visualizations does not have
an effect on the motivation of the students. Another possibility is
that the effect is too small to be observed using the current sam-
ple size, namely 20 students per group. However, it is important
to mention that both versions of visualizations received relatively
high motivation scores, having an average of around 3.5 (between
moderately and mostly true), which might indicate little room for
improvement.

The lack of a significant difference between interactive and static
visualizations may be due to both types of visualizations having a
similar impact on student motivation. However, it’s important to
note that motivation in this study was measured using the RIMMS
survey, which gathers subjective responses from students. As a re-
sult, the findings reflect the students’ personal opinions and percep-
tions of the instructional materials rather than objective measures.
To increase the reliability of these findings, a larger sample size
would be beneficial. A larger sample can help ensure that the results
are more representative of the broader population and reduce the
influence of potential biases, such as individual differences in how
students interpret and respond to the survey.

6 Conclusion & Future Work
Future Work. The first limitation of the current research is the
selected sample of the study. The experiment included 40 Computer
Science and Engineering bachelor students. Expanding the number
of participants and their diversity could strengthen the validity and
applicability of the results in a more general context.

Another important limitation of the presented research study
is the short-term nature of the controlled experiment. Due to time
limitations, the controlled experiment fully focuses on short-term
knowledge gain. However, in the future, it would be important to
study the effects of interactive visualizations on long-term memory,
since that is the main target of education.

More than that, for the current experiment, the setting was a con-
trolled one, where the interventions were minimal and targeted on
certain topics. However, the results of the experiment could be ex-
tended by conducting an in-the-wild experiment at one or multiple
universities. This would imply inserting similar notebooks, maybe
more than those presented in the current research, in Machine
Learning courses, and observing their effect on students’ learning
experience, mainly through knowledge level and motivation.

Additionally, the current research only measures the effect of
interactive visualizations for teaching gradient descent and PCA.

These two topics are only a subset of the possible topics of ma-
chine learning. Therefore, further research is needed to explore the
potential of these tools in the context of other topics.

Lastly, the focus of our experiment was on Computer Science
Bachelor students. However, the effect of interactive visualizations
should be also measured with students from other levels of educa-
tion, such as pre-university, but also Master’s students. More than
that, the effectiveness of these tools might differ for non-Computer
Science students, which motivates the need for this research direc-
tion as well.

Conclusion. This research looked into the effect of introduc-
ing interactive visualizations in teaching machine learning topics,
namely gradient descent and PCA. Two sets of materials explaining
the two concepts were created, one including static visualizations
and one including interactive ones. The materials were used in a
randomized controlled experiment with 40 Computer Science and
Engineering Bachelor students. The experiment focused on measur-
ing the knowledge gain and motivation related to each topic. The
results of the study showed a significant difference in knowledge
gained by students regarding PCA, interactive visualizations posi-
tively impacting the outcome. However, all other statistical tests
returned no significant difference between the interactive and static
visualizations.

Based on the results, interactive visualizations could be a useful
tool in teaching certain ML topics. Due to no negative effect ob-
served, such visualizations could be introduced in machine learning
courses from computer science programs. However, the current
research is only the first step towards validating the effect of using
interactive visualizations in machine learning education. Additional
research is still required to validate the effect of such visualizations
regarding other topics commonly presented in machine learning
and of other types of visualizations.
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