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Abstract
Unsupervised machine learning is a complex and
abstract topic, posing challenges for student com-
prehension. Considering the considerable growth
of relevance the topic of machine learning has
seen in the past years, teaching it effectively has
become ever-so important. Analogy-based teach-
ing approaches offer a potential solution by map-
ping unfamiliar machine learning concepts to fa-
miliar real-world ideas. This paper investigates
how analogies can improve the understanding of
unsupervised learning, a rather relevant field within
machine learning. Contributions include a collec-
tion of analogies for teaching unsupervised ML, an
expert-based evaluation of these analogies’ quality,
and a student-centred assessment of analogy-based
teaching. The findings from the expert evaluation
show a consensus on the effectiveness of several
analogies and highlight which analogies might be
less effective. The findings from the student assess-
ment suggest that the analogical explanations are
more effective than ’generic’ explanations and sug-
gest that students have a higher satisfaction while
learning through analogies. We conclude that well-
crafted analogies can enhance student understand-
ing in unsupervised machine learning. The study’s
insights can guide educators in integrating analo-
gies to make unsupervised learning more accessi-
ble.

1 Introduction
Machine Learning (ML) has become a major part of mod-
ern society, with applications ranging from healthcare and fi-
nance to entertainment and education [1]. As its practical rel-
evance grows, so does the need for effective teaching methods
that help students, not only understand, but also apply com-
plex ML concepts [2].

Using analogies in science education helps students form
mental models by linking abstract concepts to familiar, tan-
gible experiences [3]. Within machine learning education,
the use of analogies is only beginning to be systemati-
cally explored [4]. Traditional ML instruction tends to be
maths-heavy and abstract, which can alienate newcomers [4].
Analogies offer a promising way to demystify concepts by
comparing them to real-life processes. There is a lack of for-
mal studies assessing how such analogies impact learning [5].
Saxena et al. [5] note that the role of analogies in computer
science and ML teaching has been under-investigated in the
literature.

This research will focus on the concepts in unsupervised
machine learning. This sub-field was chosen primarily be-
cause of its relevance: it is used in healthcare [6, 7], urban
studies [8], and finance [9–11]. Additionally, unsupervised
learning algorithms, like clustering, can struggle with inter-
pretability [12], signifying the need for proper and effective
teaching methods.

This research aims to bridge the gap by collecting, evalu-
ating, and organizing useful metaphors for key ML concepts

in unsupervised learning. The main research question is:

How does the use of analogies in teaching unsuper-
vised learning affect the knowledge gain measured
by the answering of theoretical questions?

To support this, these three sub questions are considered:
• What are key concepts for unsupervised learning?
• Which analogies can be used to explain these key con-

cepts, according to expert teachers in the field?
• What is the effect on students’ quiz results for the analo-

gies, in comparison to standard explanations?

1.1 Contribution and Structure
The main contribution of this research are

• a set of evaluated analogies
• a mapping for each analogy to a core concept in unsu-

pervised learning
• empirical data showing their impact on student under-

standing

These results provide insights for educators looking to im-
prove ML teaching and lay a foundation for future work on
systematic analogy use in machine learning education.

In Figure 1 the organisation of this research is visualised.
This research is organized into three main phases: (1) analogy
generation, (2) expert reviews, and (3) student survey.

The rest of this paper is structured as follows. Section 2
contains the background to this research and references to re-
lated literature. Section 3 describes Phase (1), where the rel-
evant concepts within unsupervised learning were collected
and an analogy was generated for each concept. Section 4
describes Phase (2), where these analogies were reviewed
by several experts on several evaluation criteria. Section 5
describes Phase (3), where the best analogies were selected
from the results in Phase (2) and the difference in knowledge
gain between the students who received an analogy-based ex-
planation and the students who received a ”generic” expla-
nation was measured. Additionally, Section 6 addresses re-
sponsible research aspects, such as ethical concerns and trans-
parency goals. Section 7 provides a discussion of the results
and Section 8 concludes the paper and outlines directions for
future work.

2 Background
Analogy definition
The Cambridge Dictionary defines an analogy as ”a compar-
ison between things that have similar features, often used to
help explain a principle or idea”1. Bhavya et al. [13] have
defined an analogy to be a set of three things:

1. Target concept: the concept that is being explained
2. Source concept: the concept the target is being com-

pared to
3. Mapping: the links between features of the target con-

cept and the source concept
1https://dictionary.cambridge.org/dictionary/english/analogy



Figure 1: An overview of this research’s methodology

Take the analogy ”an array is like a stack of boxes”. The
array is the target concept and the stack of boxes is the source
concept. The mapping can be defined as: the array is like
the stack of boxes; an array element is like a box; an element
index is like the number on each box and the element value is
like the concents of the box 2.

Analogies in Science Education
Prior research confirms multiple benefits of analogy-based
learning. Effective analogies can motivate and engage learn-
ers, provide vivid mental models, and act as cognitive scaf-
folding for new knowledge [3]. They help students visualize
abstract processes and can even address misconceptions by
seeing the problem in a new light. Crucially, analogies can
reduce cognitive load when learning complex material: by
drawing parallels to familiar situations, students expend less
mental effort decoding pure abstractions [14].

Saxena et. al [5] note that computer science concepts are
highly abstract and therefore hard to grasp, and that analogy-
driven instruction can significantly ease this burden on learn-
ers’ working memory. In their work, they developed several
analogies for computer science topics and observed improved
student engagement and retention. Experiments by Saxena et
al. [5] showed that using analogies in teaching led to mea-
surable improvements in student learning outcomes, validat-
ing the efficacy of analogy-based techniques. While these are
promising prior results, their research was based on a single
class, a single instructor, and two concepts (operating systems
and module cohesion) and therefore might not be representa-
tive of topics within machine learning.

Analogies in Machine Learning Education
An extensive search for literature on the use of analogies in
ML resulted in a single paper from Pendyala [4]. They also
state in their paper that ”From a literature survey and to the

2https://notionalmachines.github.io/nms/ArrayAsStackOfBoxes.html

best of the author’s knowledge, this work is the first of its
kind.”, signifying the research gap here.

Pendyala started filling the research gap for analogies in
ML education with their 2022 paper [4]. In this paper, they
stated numerous analogies for different topcis within ML.
The analogies are generated ”based on human intuition and
ingenuity”. Additionally, the analogies are not evaluated.

Analogies are a proven education strategy in other related
fields (like software engineering). Analogies for ML concepts
have been generated before, but their effectiveness has not
been measured. That is the research gap this research tries to
fill.

3 Analogy Generation
To identify the core topics within unsupervised machine
learning, the lecture notes and slides of the introductory ma-
chine learning course for second year CS majors at Delft Uni-
versity of Technology were used3. The ten biggest, most-
emphasized concepts were chosen to be relevant for this re-
search: unsupervised learning, clustering, intra-cluster cohe-
sion, inter-cluster cohesion, K-means clustering, single link-
age, complete linkage, average linkage, agglomerative den-
drogram, and divisive dendrogram.

Method
According to Shao et. al [15], using Large Language Mod-
els (LLMs) to generate analogies for concepts, can result in
analogies that are effective. However, it is also stated by Shao
et al. [15] that teachers or experts should review the results of
an LLM-response. Because the author did not feel that their
own ingenuity would lead to sound analogies, it was chosen
to use this method. An LLM would generate the analogies
and experts would then review them first in Phase (2).

The prompt for the LLM (ChatGPT 4o) contained the re-
search background and motivation, as well as an early version
of the research questions and the list of concepts. Finally, it

3https://ml-teaching-analogies.github.io/cse2510-notes.pdf



prompted the model to come up with a definition of the given
concepts, an analogy for that concept and a mapping, where
features of the concepts are linked to features of the analogies.
The prompt can be found in Appendix B.

Results
The resulting analogies can be found in Appendix A. The def-
initions in the results were checked against the definitions in
the slides and lecture notes of the machine learning course
and no mistakes were found. Below, as an example, the anal-
ogy for complete linkage and for clustering will be given.

Complete Linkage
If two cities want to ensure their farthest apart homes are
still within reach, complete linkage measures the distance be-
tween the two farthest houses before connecting the cities.

• Clusters = Cities
• Data points = Houses
• Linkage distance = Maximum distance between any two

houses across the two cities
• Result = Clusters only merge when all elements are close

enough

Clustering
Sorting your socks after doing laundry: you don’t have labels,
but you pair socks based on their colour, size, and material to
form neat clusters of matching socks.

• Data points = Individual socks
• Similarity = Matching in colour/size/material
• Clusters = Piles of similar socks
• Clustering process = You sorting socks based on simi-

larities

4 Expert Evaluation
To evaluate the quality and appropriateness of the generated
analogies before testing them with students, an expert review
was conducted.

4.1 Method
It was decided that experts were people who had at least
passed one ML course in a CS bachelor, since they should
be familiar with all these concepts and thus can review the
quality of the analogies.

Procedure
The survey was constructed in two parts: first, all partici-
pants answer the question What is your Machine Learning
knowledge level? Select the one that fits your situation best..
The given options were: ’I have passed the Machine Learn-
ing course in a Computer Science Bachelor’, ’I have TA’d
the Machine Learning course in a Computer Science Bache-
lor’, ’I have passed a Master course on the topic of Machine
Learning’, ’I am a lecturer/professor in a Machine Learning
course’, and ’None of the above’.

The main body of the survey consisted of randomly-
ordered questions, with one analogy per question. The ques-
tion first defined the concept, then gave a textual analogy and

lastly gave the mapping of the concept features to the target
features. The participants were then asked to rate the analogy
and mapping on three evaluation criteria.

Evaluation Criteria
The chosen criteria were: target-concept coverage, mapping
strength and metaphoricity, each of which could be ranked
with 1 (low), 2 (mid), and 3 (high). These criteria were based
on an improved version of the criteria as designed by Bhavya
et al. [13], as described on their research’s website 4:

• Target-concept coverage describes whether the target
(the analogy) covers the concept.

• Mapping strength describes the logical soundness of
the mappings of features of the concepts to features of
the target.

• Metaphoricity describes the conceptual distance be-
tween the target and the concept, that is, how closely
related the target and concept are.

Participants
The participants were approached through the personal net-
work of the author. At the start of the survey, only the ML
proficiency was asked, so there is no data on where the stu-
dents came from or which study they had followed. How-
ever, it is likely that the participants of the study were stu-
dents or teachers at Delft University of Technology, most of
them doing the bachelor Computer Science and Engineering
or a Computer Science master, since those are the people that
were approached.

In total, the survey saw 16 respondents, 10 of whom had
passed a ML course in any CS Bachelor programme, 3 had
been a Teaching Assistant for such a course, 2 had passed an
ML course in any Master programme and 1 was a lecturer
or professor in an ML course. 1 responder indicated to not
have passed any ML courses, so their ML proficiency remains
undetermined and their response was not taken into account
during the analysis.

Survey
The expert feedback form was designed to be independently
answered by each expert to avoid group influence. Experts
submitted their responses anonymously via an online ques-
tionnaire to ensure candid feedback. Because the survey also
contained analogies for other studies, the number of analo-
gies (50) was deemed too large for one participant to eval-
uate. Therefore, participants were instructed to submit their
response when they did not want to continue any more. The
result of this is that not all analogies have been rated by the
same number of experts.

4.2 Results
Figure 2 summarizes the expert evaluation of each analogy
across the three criteria of target-concept coverage, mapping
strength, and metaphoricity. Each analogy was rated by mul-
tiple experts (N); mean scores as well as standard deviations
were calculated per criterion.

4https://sites.google.com/illinois.edu/analogyeval24/analogy-
evaluation-criteria



Figure 2: Expert evaluation results per analogy on three criteria: target-concept coverage, mapping strength, and metaphoricity (mean ± SD).

The evaluation identified a top tier of three analogies that
outperformed the others. These four highest-rated analo-
gies (Analogies 1–4 in Figure 2) each achieved a similarly
higher rating than the other six. Standard deviations for their
scores tend to be smaller than the other analogies, reflecting
a stronger consensus among experts regarding their quality.

The remaining analogies formed a lower tier with mod-
erate to lower performance overall. In general, this group’s
mean ratings on coverage and mapping strength were lower.
Several of these analogies struggled with target-concept cov-
erage: for example, unsupervised learning and inter-cluster
cohesion. Likewise, mapping strength was a weakness for
some in this tier, for example divisive dendrogram.

It should be noted that all the inter-rater agreement values
are low, this could be because of the subjectivity of learning
and analogies, as mentioned by He et al. [16].

Some analogies in this group were quite metaphorical
(for instance, divisive dendrogram had a high metaphoricity
mean), but this was not enough to overcome shortcomings
mapping strength.

Inter-rater Agreement
For the evaluation of the agreement among experts, the Krip-
pendorf’s Alpha value was used. It was calculated with
the online K-Alpha calculator5, which has been validated by
Marzi et al. [17]. The results are presented in Figure 3.

The analogies can be grouped into three groups:

1. Analogies 1-3: the experts have at least some agreement
on the quality of these analogies. They tend to agree that
these analogies are of a higher quality, according to the
previous section.

5https://k-alpha.org

2. Analogies 4-7, 10: the experts do not agree on the qual-
ity of these analogies.

3. Analogies 8-9: the experts have at least some agreement
on the quality of these analogies. They tend to agree that
these analogies are of a lower quality, according to the
previous section.

Considering this evaluation, analogies 1, 2, and 3 will be
further evaluated in the student evaluation.

5 Student Survey
To evaluate the impact of the best-rated analogies on student
learning, an A/B study with first-year computer science stu-
dent participants was conducted.

5.1 Method
The survey’s design and set-up was based on the research by
Dagher et al. [3] and Saxena et al. [5]. Participants were alter-
nately assigned to the two groups. All participants were first-
year university students in the programme Computer Science
and Engineering at Delft University of Technology, who had
little or no prior experience with machine learning, ensuring
that the concepts presented were unfamiliar. They were ap-
proached by the author during one of the university-organised
lab-sessions, where students can collaborate on homework
and ask teaching assistants questions. They were

The study was conducted online using a structured survey
form for each group, hosted through university-hosted Mi-
crosoft Forms to ensure data security. The form consisted of
three parts, one for each concept (clustering, K-means clus-
tering, and complete linkage). For each concept, a learning
goal was determined by the author on the level of ’Under-
standing’ in Bloom’s taxonomy [18]:



Figure 3: The Krippendorf’s Alpha value for the expert evaluation
of the different analogies. The values are on a range of [-1, 1].

• Clustering: Students understand how clustering groups
similar data points based on features without prior la-
bels.

• K-means clustering: Students understand how the K-
means algorithm assigns data to K clusters based on
proximity to cluster centers.

• Complete linkage: Students understand how the dis-
tance between clusters is defined using the maximum
distance between their points.

For each learning goal, a pre-test and post-test was de-
signed by the author with two questions with three multi-
ple choice options and a fourth for ’I don’t know’ each.
Group A’s survey included analogy-enriched explanations for
each concept, whereas Group B’s survey presented equiva-
lent explanations covering the same content without the use
of analogies. This design isolates the effect of the analogical
framing while keeping other instructional content consistent.
The length and structure of the explanations were kept sim-
ilar between groups, differing primarily in the presence or
absence of the analogy. The complete surveys can be found
in Appendix C.

The process (pre-test - explanation - post-test) was repeated
for the three concepts in sequence for each participant. Fi-
nally, after completing all three concept sections, participants
were presented with a non-cognitive survey to capture their
perceptions of the learning experience, the Reduced Instruc-
tional Materials Motivation Survey. This survey, designed by
Loorbach et al. [19], includes 12 Likert-scale statements cov-
ering attention, relevance, confidence, and satisfaction, ac-
cording to the ARCS model by Keller [20]. Participants rated
each statement on a 5-point scale from “Not True” to “Very

True” All participants in both groups responded to the same
set of statements.

5.2 Results
In total, 38 students participated in the study. 18 joined group
A and 20 joined group B.

Cognitive Survey Results
Figure 5 summarizes the mean pre-test and post-test scores
(proportion of correct answers) for each concept by group.
Both the analogy group and the control group showed im-
provement from pre-test to post-test on all three concepts.

The knowledge gain is defined as in Equation 1.

knowledge gain = scorepost − scorepre (1)

For clustering, the mean gain was +0.50 for Group A and
+0.38 for Group B. On K-means clustering, the gain was
+0.53 for Group A and +0.63 for Group B. On complete link-
age, Group A achieved a gain of +0.72, compared to +0.48
for Group B. These values indicate that the analogy group (A)
gained more on the clustering and complete linkage concepts,
whereas the control group (B) gained slightly more on the K-
means concept. It should be noted that due to the high post-
test scores and relatively small sample size, the differences in
final scores between groups were modest for clustering and
K-means.

Non-Cognitive Survey Results
Figure 4 summarises the results from the non-cognitive sur-
vey. The responses showed differences in how the two groups
perceived the learning experience.

The RIMMS statements can be grouped into four groups
according to the ARCS model [19,20]: Attention (Statements
1-3), Relevance (Statements 4-6), Confidence (Statements 7-
9), and Satisfaction (Statements 10-12).

For the statements on attention, the control group (B)
scored marginally higher. There is no clear patterns for the
statements on relevance: statement 4 is marked considerably
higher by Group A, while Statement 5 is marked higher by
Group B. Group A did score consistently higher on all state-
ments in the Confidence and Satisfaction groups.

The results from the cognitive and non-cognitive evalua-
tion have been tested for statistical significance with the tool
provided by Sapio Research6. None of the results were found
to be significant.

6 Responsible Research
It is important during this research to adhere to principles
of ethical and responsible research, especially given that the
work involves human participants and pedagogical interven-
tions.

6.1 Ethical Approval and Consent
Prior to executing the research, the complete application to
the Human Research Ethics Committee at Delft University of
Technology was filled out and contained no unmitigated risks
and a sensible data management plan.

6https://sapioresearch.com/significant-difference-calculator



Figure 4: Non-coginitive student evaluation results, with the mean of the results of a 5-point Likert scale (0 = Not True, 1 = Very True).

All expert and student participation is entirely voluntary.
Informed consent was obtained from each expert who partic-
ipated in the analogy review. They consented to have their
responses included in our analysis, under the condition of
anonymity, by participation. Similarly, for the student sur-
vey, informed consent will be obtained from all student par-
ticipants. They will indicate consent by proceeding. Students
can freely choose to participate or not. It is also made clear
that they can skip any question or withdraw at any point with-
out penalty.

It is crucial to protect participant identity and data confi-
dentiality. The expert feedback and student test results were
collected anonymously: experts submitted their reviews via
a Microsoft Form that did not collect names or identifiable
information. In any publications or reports, only aggregated
results are used.

6.2 Reproducibility and Transparency
To support reproducibility, the process and materials are de-
scribed in this paper. The set of analogies developed and the
prompt for the LLM that generated them, along with the ex-
pert review questionnaire and the student survey, are included
in the appendix of this paper for transparency. By sharing
these resources, open science practices are followed, enabling
follow-up studies.

6.3 Addressing Bias and Validity
It is could be that that, as researchers, there is a bias towards
the effectiveness of the methodologies. To mitigate this, the
independent expert reviewers was incorporated to critically

evaluate the analogies, providing an external check. The stu-
dent survey is designed to capture authentic student reactions,
whether positive or negative. Additionally, consider the limi-
tations of the sample: the expert panel, while knowledgeable,
is small in number; their views might not represent all pos-
sible instructors. Similarly, the student sample is from one
institution and programme.

6.4 Generative AI Usage
To adhere strictly to all ethical concerns regarding the use of
generative AI as ones own work, the prompt for the LLM
used in this research is provided in Appendix B. Generative
AI was not used literally for the writing of this paper, all the
writing was done by the author himself.

7 Discussion
7.1 Expert Review
Across all analogies, certain patterns emerge in the data.
First, there appears to be a positive correlation between
target-concept coverage and mapping strength. Analogies
that covered the concept more completely tended also to have
stronger mappings: experts gave high coverage and high
mapping scores together for the top-tier analogies, whereas
analogies with limited coverage generally received only mid-
dling mapping scores as well. This pattern suggests that when
an analogy thoroughly addresses a concept, it likely does so
by establishing many clear, strong correspondences. This
finding is consistent with the literature on analogical reason-
ing, which emphasizes that an analogy’s pedagogical power



Figure 5: Student evaluation results, with the mean of the pre-test
and post-test (between 0 and 1) and the knowledge gain (the differ-
ence between the pre-test and post-test means).

lies in the overlap of relational structure rather than merely in
shared surface features [3].

Second, the role of metaphoricity in expert ratings seems
to be more nuanced. While all of the top-tier analogies were
indeed highly metaphorical, metaphoricity by itself did not
elevate an analogy into the top tier unless it was accompanied
by solid coverage and mapping. In fact, the data indicate that
the most effective analogies struck a balance: they were suf-
ficiently creative to engage (high metaphoricity) and system-
atically aligned with the concept’s elements (high mapping),
without sacrificing completeness of content. Finally, differ-
ences in rating dispersion highlight the consistency of expert
judgments. The top four analogies not only have higher mean
scores, but also lower standard deviations, implying strong
agreement among experts that these analogies are effective.

The expert panel’s insights provide a valuable guide for
educators and curriculum designers: invest effort in develop-
ing analogies that maximize concept coverage and mapping
strength.

7.2 Student evaluation
The results of the student survey provide signals that incor-
porating analogies into machine learning explanations can
enhance student learning outcomes and engagement. In the
study, participants who learned with the help of analogical
explanations (Group A) showed equal or greater improve-
ments in understanding the concepts compared to those who
received standard explanations without analogies (Group B).
This finding aligns with the theory that analogies are particu-
larly helpful for grasping complex or abstract topics by map-
ping them onto more familiar experiences [14] and is in line
with the results from previous research [3, 5].

It is worth discussing the one concept (K-means clustering)
where the control group saw a slightly larger gain than the
analogy group. In this case, both groups achieved high post-
test scores (over 83% correctness on average), but Group B’s

improvement from a lower baseline was greater. The analogy
used for K-means might not have provided a significant addi-
tional boost over the plain description, or it may have intro-
duced extra information that some students found tangential.

Beyond test scores, an important outcome of this study is
the impact of analogies on student motivation and engage-
ment. Group A participants reported higher enjoyment and
interest in the lesson compared to Group B. They were more
likely to agree that they enjoyed the lesson and wanted to
learn more about the topic. This suggests that the use of relat-
able analogies made the learning experience more engaging
or satisfying for students. This result aligns with motivational
theory in instructional design: analogies and examples that
connect academic content to a student’s real-life experiences
can increase the perceived relevance of the material and spark
interest [4].

Limitations
While the results are encouraging, consider several limita-
tions of this study. First, the sample size (N=38) was small,
and participants were not a fully random sample of all learn-
ers (they were volunteers from a university subject pool).
Thus, the findings should be interpreted with caution and may
not generalize to all populations.

Second, the learning outcomes were measured immedi-
ately after the lesson; we did not assess long-term retention
of the concepts. It would be valuable to see if the analogical
learning advantage persists over time.

Third, our design focused on three specific concepts in
unsupervised learning. Different domains or more complex
tasks might yield different results; analogies that work for in-
troductory concepts might need adaptation for more advanced
topics.

Fourth, none of the results were statistically significant,
which does not mean the analogies were not useful; their use-
fulness just cannot be concluded conclusively from this study.

Despite these limitations, our controlled comparison pro-
vides suggestions supporting the efficacy of analogies in
teaching machine learning, complementing the expert in-
sights from our earlier evaluation.

8 Conclusions and Future Work
In this work, the use of real-world analogies as a pedagogical
strategy for teaching foundational machine learning concepts
to novices was explored. It began by conducting an expert
review to review LLM-generated analogical explanations for
key concepts. Following the expert feedback, a student study
was executed to empirically test the impact of these analogies
on learning outcomes and student motivation. The results
indicate that knowledge gain might increase when learning
unsupervised ML through analogies, thereby answering the
research question of what the effect of analogies is on knowl-
edge gain for unsupervised ML education.

Moreover, the analogy group students reported greater en-
joyment, interest, and perceived relevance of the lesson, sug-
gesting that analogies also contribute positively to the learn-
ing experience beyond just factual understanding. These find-
ings align with prior research that highlights the benefits of
analogical teaching in science and technology education.



The full list of analogies and evaluation results from,
among others, this research, can be found at our site:
https://ml-teaching-analogies.github.io/.

In conclusion, incorporating analogies into machine learn-
ing instruction appears to be a promising approach to improve
both cognitive and affective outcomes for beginners. Educa-
tors can leverage analogies to reduce the initial intimidation
of abstract concepts, thereby lowering cognitive barriers and
increasing student motivation. Future work could continue to
develop a library of vetted analogies for a wider range of ma-
chine learning topics, and to investigate their impact in larger
and more diverse learner populations. Additionally, exam-
ining long-term retention and understanding potential pitfalls
(such as analogical misconceptions) will be important for cre-
ating best practices for analogy-based teaching. Ultimately,
we hope that our findings encourage instructors to thought-
fully integrate analogies in their curricula, as a means to make
machine learning and other complex STEM subjects more ac-
cessible and engaging for all learners.
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A Analogies
A.1 Unsupervised Learning
Definition: Unsupervised learning is a type of machine learning where the algorithm is given data without any labeled outcomes
and tries to find patterns or structure in it.

Analogy: Imagine entering a party where you don’t know anyone, and no one is wearing name tags. You observe how people
talk, dress, and behave to figure out who might be friends, who might be colleagues, and who seems to be alone.

Mapping:
• Data = People at the party
• No labels = No name tags or prior info
• Finding structure = Noticing who talks to whom or has similar behavior
• Algorithm = You, the observer
• Outcome = Informal groupings based on observed patterns

A.2 Clustering
Definition: Clustering is the process of grouping data points so that those in the same group (cluster) are more similar to each
other than to those in other groups.

Analogy: Sorting your socks after doing laundry: you don’t have labels, but you pair socks based on their color, size, and
material to form neat clusters of matching socks.

Mapping:
• Data points = Individual socks
• Similarity = Matching in color/size/material
• Clusters = Piles of similar socks
• Clustering process = You sorting socks based on similarities

A.3 Intra-cluster Cohesion
Definition: Intra-cluster cohesion refers to how similar or close the members of a single cluster are to each other.

Analogy: Think of a tight-knit group of friends sitting together at lunch. They talk easily, share inside jokes, and understand
each other well.

Mapping:
• Cluster = Group of friends
• Data points = Individual friends
• Cohesion = How well the friends interact and bond
• High cohesion = Everyone talks closely and shares interests
• Low cohesion = Some friends feel left out or don’t get along well

A.4 Inter-cluster Cohesion (Distance)
Definition: Inter-cluster cohesion (or separation) refers to how different or far apart different clusters are from each other.

Analogy: Different school clubs meeting in separate classrooms — the drama club, the chess club, and the soccer team.
Each club stays in its room and rarely mixes with others.

Mapping:
• Clusters = Different clubs
• Data points = Students in each club
• Inter-cluster distance = Physical and interest-based distance between clubs
• High separation = Clubs in different buildings with very different interests
• Low separation = Clubs that meet nearby and share members

A.5 K-means Clustering
Definition: K-means is a clustering algorithm that divides data into a fixed number (K) of clusters by minimizing the distance
between data points and the center (mean) of their assigned cluster.

Analogy: Imagine assigning students to study groups based on proximity to a few fixed tables in a library. Each student joins
the table they are closest to, and the table becomes the “center” of that group.

Mapping:
• Data points = Students
• Cluster centers = Tables
• Clusters = Groups around each table
• Distance = How far each student is from each table
• K = Number of tables (clusters)
• Mean = Average location of students at the table



A.6 Hierarchical Clustering
Definition: Hierarchical clustering builds a tree of clusters, where data points are merged or split based on similarity to form a
hierarchy of groupings.

Analogy: Organizing your family tree: start with individuals, then group siblings, then families, then extended families,
building up to an ancestry chart.

Mapping:
• Data points = Individual people
• Clusters = Family groupings
• Tree = Family tree structure
• Merging/splitting = Grouping relatives together or separating family lines
• Hierarchy = Levels from individual to extended family

A.7 Single Linkage
Definition: Single linkage is a method in hierarchical clustering where the distance between two clusters is defined as the
shortest distance between any two points in each cluster.

Analogy: Imagine connecting two cities by roads — single linkage means choosing the shortest possible road connecting
any two houses from each city.

Mapping:
• Clusters = Cities
• Data points = Houses
• Linkage distance = Length of the shortest road between any house in one city to any house in another
• Result = Clusters merge when even a single short connection exists

A.8 Complete Linkage
Definition: Complete linkage defines the distance between two clusters as the longest distance between any two points in each
cluster.

Analogy: If two cities want to ensure their farthest apart homes are still within reach, complete linkage measures the distance
between the two farthest houses before connecting the cities.

Mapping:
• Clusters = Cities
• Data points = Houses
• Linkage distance = Maximum distance between any two houses across the two cities
• Result = Clusters only merge when all elements are close enough

A.9 Average Linkage
Definition: Average linkage computes the distance between two clusters as the average distance between all pairs of points in
each cluster.

Analogy: Think of measuring the average travel time between every person in one city visiting every person in another city.
Mapping:
• Clusters = Cities
• Data points = People
• Linkage distance = Average travel time between all cross-city pairs
• Result = Clusters merge based on overall similarity, not extremes

A.10 Agglomerative Dendrogram
Definition: An agglomerative dendrogram is a tree diagram representing the process of hierarchical clustering from the bottom
up, starting with individual points and merging them into clusters.

Analogy: Imagine building a LEGO tower from many small pieces. You first snap two blocks together, then combine them
with others, until you have one big structure. The diagram of how you combined the pieces is the dendrogram.

Mapping:
• Data points = LEGO blocks
• Clusters = Groups of blocks
• Merging = Snapping together pieces
• Dendrogram = Blueprint showing the building steps from pieces to whole
• Bottom-up = Start from small pieces, build up to full model



A.11 Divisive Dendrogram
Definition: A divisive dendrogram represents a hierarchical clustering process that starts with all data in one cluster and splits
it into smaller clusters recursively.

Analogy: Think of cutting a cake: you start with the whole cake and make cuts to divide it into smaller slices, then cut those
slices again to make even smaller pieces.

Mapping:
• Full data = Whole cake
• Clusters = Slices or pieces
• Splitting = Cutting the cake
• Dendrogram = Diagram showing where and when each cut was made
• Top-down = Start from the whole, divide into parts

B Prompt
The used prompt, as described in Section 3.

Background and motivation
”We need to lear how to teach Machine Learning” - this quote of Amy J. Ko from her insightful blog post [1] has
been circulating in the Machine Learning education community sinds 2017. There is a lot of empirical knowledge on
how to structure and effectively teach Machine Learning, but very few structured approaches are proposed, evaluated,
and compared, for both CS and nonCS majors. But why do we care?
Machine learning is being used extensively in industry and academia. If we want Machine Learning experts to be good
at what they do, the effective and efficient teaching of core concepts in this field becomes of high importance. Many
graduate curricula of STEM education include a large number of ML courses, thereby preparing the ML engineers
for professional work. The growth of the number of ML courses is also visible in the undergraduate programs, aiming
on one hand to prepare students for applying ML in the industrial context and on the other hand to prepare students
for the master programmes.
In this project we would like to investigate what is the influence on students learning when using metaphors and
analogies in Machine Learning teaching.
This is a well-established approach to make abstract topics more digestible. It can help learners relate new information
to familiar concepts, making it easier to develop a mental model of how a system works. For example, in introductory
programming, a variable is often explained as a labeled ”box” that stores data, and recursive functions as a ”set
of nesting dolls”. These metaphors simplify abstract ideas by linking them to real-world objects and experiences,
enabling learners to understand the logic behind them before consolidating with the technical details. Previous works
collected and studied popular analogies for programming education: Notional Machines [4]. The use of metaphors
and analogies in Machine Learning education remains under-explored. While some instructors may incorporate
informal metaphors to describe ML concepts (e.g., explaining neural networks as ”brain-inspired systems” or gradient
descent as ”rolling down a hill”), there is no structured repository of metaphors and analogies specifically designed
to enhance ML instruction. Our project aims to build a collection of the evaluated (useful for students and teachers)
metaphors/analogies for Machine Learning concepts.

Research Questions for the Sub-Projects
1. Can concepts in Machine Learning be taught effectively using metaphors?
2. For which concepts can the meaningful analogies be generated?
3. Which analogies are useful in Machine Learning education?

We would like all the students to answer both sub-research questions for a specific list of concepts in Machine
Learning that we will divide at the beginning of the project (e.g. PCA, generative vs discriminative models, ML
pipeline, clustering, etc.).
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Consider this list of concepts, think of a GOOD analogy that helps students with very limited knowledge and ex-
perience in the machine learning field to understater and grasp the concepts. Make sure the analogies are not co-
dependent, that is, reading one explanation with an analogy should have you understand that concept without having
to read others. Write a paragraph for each concept where you explain it with the use of the generated analogy.

• Unsupervised learning
• Clustering
• Intra-cluster cohesion
• Inter-cluster cohesion
• K-means clustering
• Hierarchical clustering
• Single linkage
• Complete linkage
• Average linkage
• Agglomerative dendrogram
• Divisive dendrogram

For each concept construct the following things:
• A definition of the concept (that is used as a basis for the analogy)
• The analogy itself, textually explained
• The mapping: where each feature of the concept is mapped to a feature in the analogy, try to make the mapping

as complete as possible, where a lot of features are mapped, prefereably all features for a specific concept

C Student survey
By responding to this survey, you agree with our informed constent, you can read it here: https://we-need-to-learn-how-to-
teach-ml.github.io/consent.pdf.

This short survey checks how well you understand a few machine learning concepts. You will get some questions first to
assess your prior knowledge, then you will read an explanation of a topic and answer some more questions. From this, we
evaluate your knowledge gain. There are three concepts, each takes just a couple of minutes. Choose “I don’t know” if you’re
unsure, that is more effective for us than you guessing.

Clustering
Pre-test
Recall that your are not meant to be able to answer these questions. Only give an answer when you are fairly certain of your
choice, otherwise, answer ”I don’t know”.
1. What best describes the goal of clustering?

A. To assign labels to known categories
B. To divide data into random groups
C. To group similar items together without knowing labels
D. I don’t know

2. In clustering, what defines the similarity between data points?
A. Their order in the dataset
B. Their values or features
C. Their color on a chart
D. I don’t know

Explanation with Analogy (Group A)
Clustering is like sorting your socks after doing laundry. Imagine you’ve dumped all your socks (these are your data points)
into a pile, but none of them have labels. You don’t know which ones came as a pair — but you can still sort them. You start
grouping them based on color, size, and material — these are your features, and they help you decide which socks are similar.
The more alike two socks are, the more likely they go into the same pile — which represents a cluster. So:

Data points = Individual socks
Similarity = Matching in color/size/material
Clusters = Piles of similar socks
Clustering process = You manually sorting socks based on similarity

In machine learning, clustering does the same thing: it forms groups (clusters) of data points based on how similar they are,
even though the data has no labels.



Explanation without Analogy (Group B)
Clustering is a machine learning technique that organizes data points into groups, or clusters, based on how similar they are
in terms of certain features or values. Importantly, it does this without using pre-labeled categories. The algorithm measures
similarity using mathematical distance (like Euclidean distance) and assigns points to the cluster where they fit best. The end
result is a structure in the data that reflects natural groupings or patterns.

Post-test
Only give an answer when you are fairly certain of your choice, otherwise, answer ”I don’t know”.
3. Which of the following is most similar to how clustering works?

A. Grouping identical images by filename
B. Grouping animals by their habitat
C. Grouping objects with shared features but no labels
D. I don’t know

4. What is the main requirement for points to be in the same cluster?
A. They must have unique features
B. They must appear next to each other
C. They must be more similar to each other than to other points
D. I don’t know

K-means Clustering
Pre-test
Recall that your are not meant to be able to answer these questions. Only give an answer when you are fairly certain of your
choice, otherwise, answer ”I don’t know”.
5. What is the purpose of the “K” in K-means clustering?

A. It’s a random variable
B. It’s the number of clusters to create
C. It’s the name of the algorithm creator
D. I don’t know

6. How does K-means decide where clusters are?
A. By randomly picking points
B. By averaging nearby points’ positions
C. By choosing the largest group
D. I don’t know

Explanation with Analogy (Group A)
K-means is like organizing students into study groups around tables in a library. Imagine there are a fixed number of tables —
these represent your K cluster centers. Each student (your data point) walks to the nearest table — this is based on distance, like
how we measure similarity in K-means. Once all students are seated, each table calculates the average position of its nearby
students — this becomes the new center of the group. The tables may then shift position, and students re-evaluate which one is
closest. This process repeats until no one changes tables — just like K-means stabilizing the clusters.

Data points = Students
Cluster centers = Tables
Clusters = Groups around each table
Distance = How far each student is from a table
K = Number of tables (clusters)
Mean = Average location of students at a table (new center)

Explanation without Analogy (Group B)
K-means clustering is an iterative algorithm that groups data into K predefined clusters. Each data point is assigned to the
nearest cluster center, often measured using Euclidean distance. After assignment, the mean of the data points in each cluster
is calculated, and that becomes the new cluster center. This process repeats until the cluster centers stabilize — meaning points
stop changing clusters. The goal is to minimize the total distance between points and their respective centers, forming compact
and well-separated groups.

Post-test
Only give an answer when you are fairly certain of your choice, otherwise, answer ”I don’t know”.
7. In K-means clustering, how is the center of a cluster determined?

A. By the data point closest to the edge
B. By choosing a random member
C. By averaging the positions of all points in that cluster



D. I don’t know
8. What happens when K is increased in a K-means clustering task?

A. You get fewer, broader clusters
B. You get more, finer clusters
C. It makes clustering impossible
D. I don’t know

Complete Linkage
Pre-test
Recall that your are not meant to be able to answer these questions. Only give an answer when you are fairly certain of your
choice, otherwise, answer ”I don’t know”.
9. What does “complete linkage” measure between two clusters?

A. The shortest distance between any two points
B. The average of all distances
C. The longest distance between any two points in each cluster
D. I don’t know

10. Why does complete linkage often prevent merging clusters that are spread out?
A. It only merges clusters with many points
B. It requires the farthest points in both clusters to be close
C. It ignores the distances between points
D. I don’t know

Explanation with Analogy (Group A)
Complete linkage is like deciding whether two cities should be connected by checking how far apart their most distant homes
are. Each city is a cluster, and the houses are the data points within them. Instead of connecting the cities just because some
homes are close, the rule says: only connect them if even the farthest house in City A is still close to the farthest house in City
B. This ensures the two cities are close in every possible way — not just at one edge. In clustering, this means clusters are only
merged when every data point in one is not too far from any point in the other — preserving tight, compact clusters.

Clusters = Cities
Data points = Houses
Linkage distance = Maximum distance between any two houses from the two cities
Result = Cities (clusters) only merge if even the farthest houses are acceptably close

Explanation without Analogy (Group B)
Complete linkage is a method used in hierarchical clustering to determine the distance between two clusters. Unlike other
methods that use the nearest point or the average distance, complete linkage focuses on the maximum distance between any
pair of points — one from each cluster. This approach ensures that merged clusters are tightly packed, as the largest possible
internal distance remains small. It’s particularly useful when you want to avoid long, stretched-out clusters.

Post-test
Only give an answer when you are fairly certain of your choice, otherwise, answer ”I don’t know”.
11. When using complete linkage, when are two clusters considered close?

A. When their closest points are near
B. When all their points are near
C. When their farthest points are still relatively close
D. I don’t know

12. What feature of complete linkage helps avoid combining very distant points?
A. It considers the maximum distance between the two clusters
B. It always merges the smallest clusters first
C. It picks the cluster with the most similar average values
D. I don’t know

What did you think of the explanations?
Please rate how true each statement is for you after reading the explanations and answering the questions in this lesson. Not all
statements might equally refer to your situation. Please fill in the questions to the best of your ability.

1. The quality of the writing helped to hold my attention

2. The way the information is arranged on the pages helped keep my attention

3. The variety of reading passages, exercises, illustrations, etc., helped keep my attention on the lesson



4. It is clear to me how the content of this material is related to things I already know.
5. The content and style of writing in this lesson convey the impression that its content is worth knowing.
6. The content of this lesson will be useful to me.
7. As I worked on this lesson, I was confident that I could learn the content.
8. After working on this lesson for a while, I was confident that I would be able to pass a test on it.
9. The good organization of the content helped me be confident that I would learn this material.

10. I enjoyed this lesson so much that I would like to know more about this topic.
11. I really enjoyed studying this lesson.
12. It was a pleasure to work on such a well-designed lesson.

The statements could be answered with the options: Not True, Slightly True, Moderately True, Mostly True, and Very True.
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