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Abstract

As machine learning (ML) becomes integral in more disci-
plines, introductory courses in the field are attracting increas-
ingly diverse audiences. Design of these introductory ML
courses needs to be theoretically sound, but also intuitive, en-
gaging, and accessible. Effective teaching of ML must go be-
yond teaching the theoretical or practical mechanics of algo-
rithms. In this paper, we synthesize effective teaching strate-
gies from 6 experienced ML instructors across 5 institutions
to help students define appropriate ML problems, build in-
tuition, develop reasoning skills, and apply models respon-
sibly. We organize these strategies into eight thematic areas:
preparing students for success, motivating learners through
real-world relevance, integrating ethics and societal impact,
avoiding common methodological pitfalls in model evalua-
tion, guiding students on design decisions, adapting effective
classroom practices, assessing student learning, and prepar-
ing for the future. On the companion website, we provide
practical examples of classroom-tested activities, and in many
cases, reflections on our experiences with the strategies. Our
aim is for this paper to be a starting point for instructors aim-
ing to improve learning in introductory ML courses. We hope
this is a resource-rich guide for teaching ML to diverse learn-
ers, grounded in both pedagogy and practice.

Companion website with examples and artifacts —
https://open-resources.github.io/teachingML

GitHub — https://github.com/open-resources/teachingML

Introduction

The increasing impact of Machine Learning (ML) and
Artificial Intelligence (AI) on the world is undeniable.
With the increase of ML/AI content in the ACM/IEEE-
CS/AAAI’s 2023Computer Science Curricular Guidelines
(CS2023) (Kumar and Raj 2023), and an increase in uni-
versity AI programs (Stanford Institute for Human-Centered
AI 2024), more students will be learning ML/AI, and more
educators will be teaching it. However, ML/AI has been re-
ported as difficult, with both students and practitioners strug-
gling to apply ML models effectively (Sulmont, Patitsas,
and Cooperstock 2019a; Skripchuk, Shi, and Price 2022;
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Fund et al. 2025). Math anxiety/preparation is another obsta-
cle (Allen, McGough, and Devlin 2022; Sibia et al. 2025).
ML/AI educators need to address these challenges, while
keeping pace with industry demands (Akgun and Hosseini
2025) engaging students with emergent ethical and profes-
sional challenges (Elbasi et al. 2025).

This paper is intended to be a “field guide” for new and
developing ML educators. We synthesize strategies from the
experiences of six ML instructors across five higher edu-
cation institutions in North America. We provide guiding
questions related to important challenges that new educators
will face, and discuss the ways that we conceptualize these
challenges. We provide summaries of practices that can be
adopted in a variety of contexts and link to relevant litera-
ture. Finally, we offer a companion website that will serve
as a showcase of some digital artifacts used in our class-
rooms to give educators concrete examples of the implemen-
tation of the effective strategies for teaching machine learn-
ing (Moosvi et al. 2025). Given the limited synthesis of ML
teaching practices in the literature, our effort aims to support
educators in developing effective and inclusive courses that
meet the needs of a diverse set of learners.

ML education is a nascent but growing area of re-
search and many experience reports present a single ML
teaching approach (Chai and Gormley 2025), assignment
(e.g., EAAI’s model AI assignments) or curriculum (Zeng
et al. 2021). Wollowski (2025) presents a detailed descrip-
tion of an introductory neural networks course, while Chai
and Gormley (2025) discuss embodied classroom activities.
Some prior work has focused on K-12 instruction, often with
a broader focus on AI as a whole (Ali et al. 2025; Absa-
lon and Deneux 2025). A number of research papers have
also explored challenges facing ML instructors and students.
Skripchuk, Shi, and Price (2022) and Zimmermann, Allin,
and Zhang (2024) both identified common errors in ML
programming assignments. Sulmont, Patitsas, and Cooper-
stock (2019a) explored additional challenges facing ML in-
structors, such as some students’ lack of math background
knowledge, or teaching students to navigate all the design
decisions to create a whole ML model from scratch. In this
paper, we present curated strategies for addressing questions
facing ML instructors and present our own experiences.
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Synthesizing Effective ML Teaching Strategies

The goal of this paper is to support teaching introductory
ML courses to undergraduate and graduate students. We fo-
cus on courses that cover the CS-Core ML topics in the
CS2023 guidelines (Kumar and Raj 2023), as well as sim-
ilar courses for non-CS-majors.

The authors of this report each independently generated
up to 10 teaching strategies they believed were important
for teaching ML. Each strategy included a title, short de-
scription, and optionally, details of their experience with
the strategy or other evidence for its effectiveness. Forty-
four (44) total strategies were generated, consolidated, then
shared anonymously with all authors. Each author consid-
ered all the strategies, noted the ones they used, and added
additional comments and experiences. Through discussion
and collaboration, the strategies were consolidated and cat-
alogued in one of eight (8) themes that emerged from our
analysis. Each theme relates to a question or challenge re-
lated to ML teaching and learning that we address in our
classrooms:

T1. Preparing Students for Success What are effective
ways to address students’ disparate prior knowledge of
math and programming prerequisites?

T2. Motivating Students through Real-World Relevance
How can we make course content real-world relevant and
motivating, so that they see the value of learning ML?

T3. Integrating Ethics and Societal Impact How can we
effectively integrate fairness, accountability, and broader
social implications throughout an ML course?

T4. Avoiding Common Methodological Pitfalls in Model
Evaluation How can we address misconceptions and in-
correct practices (e.g., flawed exploratory analysis, data
leakage, misuse of evaluation metrics), so learners be-
come adept and responsible practitioners?

T5. Guiding Students on Design Decisions How can we
help students navigate complex design decisions when
building ML pipelines?

T6. Adapting Effective Classroom Practices Which exist-
ing best practices for teaching are particularly effective
for ML, and how can we adapt them to teaching ML?

T7. Assessing Student Learning How can we assess stu-
dent learning in ML, both formatively and summatively?
What is important to assess?

T8. Preparing for the future How can we prepare students
to succeed in a field as fast-changing as ML? How should
our courses adapt?

Each author led in the description of at least one theme,
and the strategies shared were used by at least 2 authors,
with the median strategy adopted by 4 authors.

Preparing Students for Success

Prior preparation in ML, particularly in math, is discussed
in prior work (Shapiro and Fiebrink 2019; Li and Liu 2022;

Kinnaird 2021; Tawfik et al. 2025), with competing perspec-
tives on what mathematics is needed (Lau et al. 2022), and
whether math preparation is even a challenge at all (Allen,
McGough, and Devlin 2022). Authors had complementary
techniques to handle math preparation, such as introducing
math content only as needed, and using interactive visuals to
convey the intuition behind key ideas.

Introduce math content at the time of need. Although
there is some benefit to a math review session at the be-
ginning of a course (Gagné and Briggs 1974), almost all
authors structure their ML course to introduce math con-
tent right before it is needed. MQ aims to motivate students
to understand why the math is needed. LZ uses a blended,
“just-in-time” approach to math review, supporting students
with video resources that use the same notation as in the ML
course. The intention is to facilitate transfer of what student
learned in a prerequisite course to a new setting, while be-
ing mindful of efficiency —in finding review resources, and
different levels of support that students need—in structuring
the video review resources (Zhang and Allin 2023).

Emphasize math topics central to ML. There are math-
ematical concepts that are not emphasized in prerequisite
courses but are central to ML. For example, MQ emphasizes
the geometric meaning of matrices, FM differentiates Eu-
clidean and cosine distances, and LZ finds that students are
not taught how to start from scalar quantities and find vec-
torized formulas. Indeed, Sibia et al. (2025) show that when
provided the terminology, students express finding vector-
ization to be challenging, which may be why students have
found neural networks and backpropagation to be challeng-
ing in other prior work (Allen, Devlin, and McGough 2021).

Motivating Students Through Real-World
Relevance

Motivation plays a crucial role in learning. Students are
more likely to engage deeply and persist through challenges
when they understand why a topic matters and how it con-
nects to their goals, interests, or prior experiences (Jang
2008; Hulleman and Harackiewicz 2009). This need for rele-
vance is amplified in ML classrooms, which increasingly in-
clude learners from non-technical disciplines, students with
varied professional backgrounds, and mature learners re-
turning to study. For these learners, motivation is not just
about sparking interest, it is also about building trust in the
value of what they are learning.

Research in the learning sciences has long emphasized
the connection between motivation and effective learning.
Self-determination theory, for instance, suggests that intrin-
sic motivation increases when students feel a sense of au-
tonomy, competence, and relevance (Ryan and Deci 2000;
Deci and Ryan 1985). In the context of ML education, recent
work by Tan et al. (2024) highlights that students’ perceived
usefulness of AI, career relevance, and personal interest in
the subject are key drivers of engagement and sustained
learning. These findings reinforce the pedagogical need to
embed motivational elements throughout the ML curricu-
lum, not just as an initial spark, but as an ongoing thread
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that connects each topic to meaningful applications. To ac-
complish this, we employ the following strategies:

Spark curiosity with hook questions. A common strat-
egy is posing hook questions—short, surprising prompts or
demonstrations with counterintuitive outcomes—to pique
curiosity and provoke discussion (Lang 2021). These ques-
tions are especially useful at the beginning of a class or topic,
helping students anticipate what they might learn and why it
matters. For instance, VK and FM begin the lesson on rec-
ommendation systems by posing the question What percent-
age of watch time on YouTube do you think comes from rec-
ommendations? Students are often surprised that about 70%
of YouTube watch time is driven by recommendations. This
naturally leads to a discussion about how recommendation
systems shape behaviour and content consumption and sim-
ilar patterns appear on other platforms.

Make abstract ideas relatable. Another common strat-
egy is selecting examples from familiar or personally mean-
ingful domains. When abstract ML concepts are taught using
relatable datasets, students are more likely to connect with
the material and internalize the concepts (Ambrose et al.
2010). For instance, when motivating principal component
analysis (PCA), VK uses a large-scale personality data set
obtained from the Open-Source Psychometrics Project to
show how the big five personality traits were identified us-
ing PCA. LZ uses students’ own data from per-question test
scores, with noise added to preserve privacy.

Use real-world case studies. Some of us also empha-
sized the motivational power of grounding abstract ML con-
cepts in realistic case studies based on messy, real-world
datasets. These case studies help students connect theory
to practice, providing a narrative that situates each stage of
the ML pipeline within a meaningful problem context. This
sense of relevance is a key driver of engagement, especially
for learners who want to apply ML in their own domains.
Case studies also expose students to the complexity and
messiness of real data, reinforcing foundational skills such
as transforming ill-defined, real-world problems into mean-
ingful ML tasks, a crucial step in problem framing. Several
authors reported that such examples effectively prompted
discussions around the appropriateness of ML for a given
problem, the suitability of the available data, the importance
of exploratory data analysis (EDA), modeling assumptions,
limitations of evaluation metrics, and the role of domain
knowledge before moving into modeling.

Align content with students’ goals and backgrounds.
As ML courses attract students from a wide range of disci-
plines and career paths, aligning course content with learn-
ers’ goals becomes increasingly important. While some stu-
dents, particularly those pursuing ML research, benefit from
theoretical depth and algorithmic rigor, others may be bet-
ter served by a focus on practical applications (Sibia et al.
2025) and responsible use (Barretto et al. 2021). For exam-
ple, a public health student may gain more from learning
about fairness metrics, interpretability, and model deploy-
ment in sensitive contexts than from mathematical deriva-
tions. In contrast, students who are looking for academic re-
search may need stronger foundations in mathematical for-
malism and optimization. One challenge is that student in-

terests could change over time Sibia et al. (2025). In any
case, framing content around student interests can increase
the perceived value of learning ML.

Integrating Ethics and Societal Impact

As ML use has increased, so too has its misuse. Substantial
negative societal consequences of ML misuse (Anderljung,
Hazell, and von Knebel 2024) highlights the need for ethics
in ML education. Without explicit guidance however, stu-
dents are unlikely to critically engage with the ethical im-
plications of ML on privacy and well-being (McDonald
and Pan 2020). Including ethics may also promote diversity
and attract students from underrepresented groups (Barretto
et al. 2021). However, ethics remains largely absent from
curricula, with only 12% of 172 U.S. ML courses included
it in 2019 (Saltz et al. 2019) and 8% of AI-related courses on
global Massive Open Online Course (MOOC) platforms in-
corporating ethics and regulation content (Zhou et al. 2021).

Reflecting the broader interest in ethics-focused assign-
ments, almost all authors emphasized its importance. Our
teaching strategies varied: from delivering dedicated lec-
tures on ethical issues to weaving ethical considerations
throughout the course and incorporating ethics into project
work beyond the classroom. Importantly, even in courses
with explicit ethics sessions, the topic was not treated in iso-
lation or as an afterthought. Ethical discussions were con-
textualized within technical content, reflecting the curricu-
lar patterns identified in Javed et al. (2022), where ethics is
commonly embedded across disciplinary and topical bound-
aries rather than addressed as a standalone subject.

Integrate ethics in class. Three authors included ethics
as a dedicated module with interactive activities and hands-
on exercises. However, presenting ethics as a discrete mod-
ule has the danger of conveying to students that it is a dis-
parate topic, rather than integral to all of ML. For example,
TP designed an ML system (meal voucher allocation), fol-
lowed by an ethical analysis using stakeholder mapping and
classical frameworks. This approach was effective because
students initially invested in their own designs. LZ adapted
the Value Cards toolkit (Shen et al. 2021) and guided stu-
dents in exploring trade-offs, stakeholder perspectives, and
ethical reasoning through a structured discussion. MQ in-
troduced ethics through the technical challenge of tuning
neural networks, leading to a discussion on fairness and ac-
countability in AI-based grading. Each approach grounded
ethical reflection in relatable, hands-on experiences. How-
ever, making the negative impact more personally identifi-
able, aligning technical and ethical considerations, avoiding
false dichotomies (“should we build it?”), and oversimplifi-
cation are all challenges that were identified.

Embed ethics alongside ML topics. In addition to treat-
ing ethics as a distinct module in the course, FF and FM in-
tegrated ethical reflection directly into core ML topics (sim-
ilar to Grosz et al. (2019)). Ethical issues were introduced in
various contexts, such as fairness in admissions, bias in data
collection, and environmental impact in model training. Stu-
dents explored consent and privacy during data analysis, and
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fairness metrics were taught alongside other topics. This ap-
proach encouraged students to think critically about ethical
concerns throughout the course.

Provide opportunity for students to apply ethics out of
class. TP, MQ, and LZ designed projects to deepen students’
understanding of ethical issues in real-world ML applica-
tions. In TP’s course, students worked on client-based and
open-ended projects, exploring fairness, bias, and societal
impact. LZ’s assignments included building classifiers or
gesture recognition systems, with discussions on data imbal-
ance and subgroup performance. MQ also embedded ethics
into student projects, supporting it with curated readings and
milestone-based guidance. Students reported that these ac-
tivities challenged their assumptions and helped them con-
nect technical work to broader social consequences.

Avoiding Common Methodological Pitfalls in
Model Evaluation

Evaluation of ML models is a foundational skill that holds
particular importance in ML education. While the field con-
tinues to expand its influence across scientific and applied
disciplines, surveys of ML-based research have identified
hundreds of studies across at least 17 distinct fields that are
compromised by evaluation errors (Kapoor and Narayanan
2023), which can lead to overoptimistic and ultimately mis-
leading results. Meanwhile, prior work (Skripchuk, Shi, and
Price 2022; Zimmermann, Allin, and Zhang 2024) suggests
that students in machine learning courses make similar er-
rors, with Zimmermann, Allin, and Zhang (2024) in partic-
ular reporting 93% of student projects in a course having
some form of evaluation data error (improper train/test split,
misuse of test data, inconsistent train/test splits, not consid-
ering feature differences in test set, and feature precogni-
tion). Other types of model evaluation errors, such as us-
ing an inappropriate evaluation metric or using a model that
shows no meaningful learning, are also observed in student
projects by Skripchuk, Shi, and Price (2022) and Zimmer-
mann, Allin, and Zhang (2024).

Describe the impact of incorrect evaluation practices.
Several of us present real-world instances of errors in evalua-
tion, describing how they have played out in practice and the
impact they had on policy decisions, publication of irrepro-
ducible results, and deployment of models with unaccept-
able performance. For example, FF uses a case study on the
COVID-19 pandemic, in which multiple high-profile news
outlets and government agencies used models that were not
evaluated on an independent test set to predict future case
counts and inform government policy. LZ uses several exam-
ples of high-profile real-world examples of failed machine
learning projects.

Explicitly teach correct and incorrect evaluation. It is
standard to teach the importance of setting aside a portion
of the data as a test set and reserving it exclusively for final
evaluation (Golden Rule of ML). However, students strug-
gle to grasp what constitutes “using” the test set, leading
to subtle errors such as normalization using statistics from
the entire dataset (Skripchuk, Shi, and Price 2022). Thus,

it can be helpful to explicitly enumerate both correct and
incorrect ways of using data throughout the ML pipeline.
For example, many of us demonstrate correct and incorrect
preprocessing in lecture slides, and include practice ques-
tions presenting several code snippets for achieving the same
task—such as standardizing a dataset using statistics from
the entire dataset for both training and test sets, using train-
ing statistics for the training set and test statistics for the test
set, or using training statistics for both sets—and ask stu-
dents to identify the correct approach.

Practice using data with non-independent samples.
Many of us integrate examples and assignments in which the
data has non-independent samples, such as temporal data or
data with multiple samples from a single respondent. Un-
der these circumstances, a naive split of the data leads to
an incorrect evaluation, introducing an opportunity to prac-
tice the correct approach to splitting this type of data. Sim-
ilarly, we use data with class imbalance, where accuracy is
an inappropriate metric, data with a substantial proportion
of missing data where incorrect preprocessing practices will
corrupt the evaluation, or data with subgroups where perfor-
mance in different subgroups and group-level fairness must
be considered, beyond overall accuracy.

Introduce anti-examples. An incorrect evaluation is of-
ten an overly optimistic one, which students may struggle to
recognize as problematic (“If I’m doing something wrong,
why is the accuracy so high?”). FF uses case studies of find-
ings in the academic literature that are irreproducible due to
data leakage errors (Fund et al. 2025). Students are tasked
with reproducing the original (flawed) result, and then de-
veloping a correct evaluation showing that the model actu-
ally has less or no predictive value. Anecdotally, students
develop a healthy skepticism of “too-good-to-be-true” re-
sults through this experience. Similarly, to highlight the im-
portance of using an appropriate baseline for comparison,
FF uses a case study of a published finding where the au-
thors claim that a regression model is useful because its er-
ror is small relative to the scale on which the target variable
is measured. However, on reproducing the work, students
discover that the model error is similar to a “prediction by
mean” strategy. Both Skripchuk, Shi, and Price (2022) and
Zimmermann, Allin, and Zhang (2024) discuss using unrea-
sonable results as a common error among students.

Evaluation of the model training pipeline goes beyond
“Model Metrics”: In addition to the standard “model met-
rics,” students should also be guided on the implications of
code efficiency, compute cycles, and the environmental im-
pacts of their ML analysis choices. Most code in introduc-
tory ML courses executes in a short enough time span that it
is tempting for students to “brute-force” their way through
model training, or hyperparameter optimization. For exam-
ple, searching the hyperparameter space systematically (grid
search) with a very small step-size is rarely a good idea;
instead, we teach students to consider a multi-step process
with a larger step-size initially, followed by a smaller step-
size in a more localized area, or using a random search. FF
uses a lab assignment where students train the same model to
a specified accuracy with different learning rates and batch
sizes, and measure the energy consumption of the training
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process in each case (“Energy to Accuracy” metric). Stu-
dents learn that modeling and training choices have an im-
pact not only on the performance of the final model, but also
on cost, time to train, and energy use.

Guiding Students on Design Decisions

A distinct challenge of teaching ML is that students must
learn to make design decisions such as which preprocessing
steps to use, which hyperparameters to tune, which models
to compare, which evaluation metrics to use, how to tell if
results are “good enough,” and what to do if they are unsat-
isfactory. These decisions are equal part art and science, and
our responses revealed an underlying tension: novices have
not yet developed an intuition for ML design decisions and
need concrete guidance on what to do and when (as also dis-
cussed in Sulmont, Patitsas, and Cooperstock (2019b)). On
the other hand, simple if-then rules and heuristics can hide
the complexity of ML decision making.

Explicit strategies (LaToza et al. 2020) are used by many
authors to help students navigate tricky ML design deci-
sions. In an ML context, these strategies guide students to:
(1) identify salient contextual variables that inform the de-
sign decision, such as properties of the dataset, the model be-
ing trained, the problem statement, and the deployment con-
text. (2) gather that information (through exploratory data
analysis or experiments), (3) navigating a set of rules re-
flecting common practice to select the right design decision
based on that context, and (4) justify the decision. For ex-
ample, a strategy might help students decide which hyper-
parameters to tune, with what starting ranges, and with what
tuning approach. This encourages students to intentionally
make these design decisions, rather than relying on default
library behaviors or blindly copying from examples.

Embracing nuance is an essential component of teach-
ing ML guidelines, especially as an explicit strategy. Three
authors explicitly teach this nuance, emphasizing that guide-
lines are heuristics that work well in many cases, and
demonstrating edge cases where those heuristics fail. For ex-
ample, it is often beneficial to scale features before model
training, but in some situations this does not help (e.g., with
many tree-based models) and has implications for model in-
terpretation. Similarly, “best practices” sometimes do not ac-
tually improve model performance (for e.g., using hyperpa-
rameter tuning performs no better than using sensible de-
faults), and it is helpful to show this possibility to students,
so they are not surprised when they encounter this scenario.

Contrasting cases (Schwartz and Bransford 1998) shows
students two contrasting design choices and their effect on
an outcome (e.g., model performance). For instance, to il-
lustrate the impact of oversampling a minority class, stu-
dents are shown the recall metric with and without oversam-
pling. This helps students build intuition around ML design
choices to supplement explicit strategies.

Adapting Effective Classroom Practices

Many of the teaching practices that we identified draw on

existing effective strategies from the computing education
and education literature. There is already substantial evi-
dence for these practices, so here we focus on addressing
how they are particularly applicable to ML education and
how we adapted them to this context.

Peer Instruction (PI, also think/pair/share, or clicker
questions) (Zingaro and Porter 2014) requires students to
attempt short questions during class, first individually, and
then again after discussing with their peers. The instruc-
tor can review the answer and address misconceptions that
arise. PI is well-suited to ML because it is especially ef-
fective at building solid conceptual understanding (Balta
et al. 2017). Distractor choices help address misconceptions
(Yıldırım and Canpolat 2019) students frequently develop in
ML, and can also help students build rapport through discus-
sion, which is very helpful when in group projects.

Literate programming principles emphasize interleav-
ing code with natural language explanation and instruction
(Knuth 1984) . The resulting artifact serves as complex
worked examples, an effective way to support learning (Bar-
bieri et al. 2023). This paradigm works particularly well for
ML, where instructors bundle instruction and examples into
a code notebook (e.g. Jupyter). Tying together theory and
implementation allows students to see the impact of design
choices by running the code, making changes and iterating.
Many open educational resources (e.g. (James et al. 2023;
Zhang et al. 2023)) provide high-quality examples.

Algorithm visualizations are a staple of computing ed-
ucation (Fouh et al. 2014) and are particularly effective
for ML education. All authors use interactive visualizations
to support understanding the mathematics behind ML con-
cepts. Visualizations can range from static visualizations to
interactive widgets in Jupyter notebooks, purpose-built ap-
plications to explore algorithms, and even embodied activ-
ities and demonstrations. These visualizations are already
used widely in ML education (e.g., 3blue1brown) and their
efficacy is investigated in Renţea, Migut, and Krijthe (2025).

More broadly, VK and FM use embodied activi-
ties (Rodrı́guez-Jiménez, Garcı́a-Merino et al. 2017) to
make abstract concepts intuitive. In particular, VK incorpo-
rates learning activities that model algorithmic behaviour:
e.g., to illustrate information flows in a Recurrent Neural
Network (RNN), students pass a “hidden state” along a hu-
man chain, updating it with new input at each step. Simi-
larly, to convey how Markov Models of Language rely only
on limited prior context, students simulate text generation
by choosing the next word based only on the last one or two.
These physical representations make complex concepts tan-
gible, supporting deeper understanding and retention.

Spiral learning is a pedagogical approach in which stu-
dents revisit foundational concepts multiple times, with each
iteration providing greater depth and complexity (Basu et al.
2020) . The first iteration begins with intuitive, simplified
presentations that foster conceptual understanding and en-
able early comparison of ML algorithms. As the course pro-
gresses, these concepts are systematically expanded, incor-
porating more advanced mathematical models. This itera-
tive structure promotes cumulative learning, reinforces re-
tention through repetition, and strengthens connections be-
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tween new and prior knowledge (Qin 2025), addressing
some of the challenges of teaching deeply complex and con-
nected topics in ML.

Assessing Student Learning

Frequent testing is the pedagogy of administering assess-
ments on a repeating basis (Fitch, Drucker, and Norton
1951). This distributed retrieval practice improves long term
retention and learning (Benjamin and Tullis 2010). There is
a tendency in introductory ML courses to wait until there are
“enough topics covered to assess students efficiently”, e.g.,
teaching all parts of an analysis pipeline and then assessing
students on the entire pipeline. However, there is value in
assessing concepts piecemeal and cumulatively. The testing
effect is well-documented as a phenomenon where testing
students also helps them learn the material better, and retain
it for longer (Roediger and Karpicke 2005).

On the other hand, it is worthwhile to consider the ef-
fects that testing — particularly high-stakes testing — has
on student stress, anxiety, motivation, and well-being. There
is mixed evidence on whether increased stress results in bet-
ter learning on performance by improving focus and atten-
tion (Strack and Esteves 2015). But there is now overwhelm-
ing evidence that single-shot, time-constrained, high-stakes
assessments (such as final exams) are poor choices to mea-
sure learning in all students, and also specifically disadvan-
tage equity-deserving student groups (French, Dickerson,
and Mulder 2024). The impact of testing on student (and
instructor) well-being must be considered in course design.

Low-stakes assessments take many forms including exit-
tickets (Angelo and Cross 2012), in-class clicker ques-
tions (Poirier and Feldman 2007; Sullivan 2009), work-
sheets, or even quizzes. The goal of low-stakes assessments
is to help students solidify key concepts in assessments with
low downside risk (to their grades), and complements ac-
tive learning and frequent testing. Giving students opportu-
nities to practice concepts with scaffolds in place to guide
their learning may also encourage them to take bigger risks
and engage with the material at a deeper level. If designed
well, these techniques have been shown to promote trans-
fer - students’ ability to apply what they’ve learned in con-
texts different than the one they originally learned in (Son
and Rivas 2016). Low-stakes assessments are also a fantastic
way to improve classroom climate, improve learning for all
students, and move closer to equitable outcomes for equity-
deserving students (Cotner and Ballen 2017; Ballen, Salehi,
and Cotner 2017; Ballen et al. 2017).

Prioritizing assessment of reasoning skills allows in-
structors to go beyond students memorizing facts, concepts,
and principles to assess theoretical ML principles. For exam-
ple, asking students to make authentic ML choices, evaluate
choices that others have made, interpret outputs of models,
and make decisions on model validity. Some authors give
students the opportunity to practice their reasoning skills on
lower-stakes programming labs and assignments. To chal-
lenge students, authors use problems that require insight into
data and models, that can’t be solved with off-the-shelf code
or by leveraging additional computational resources.

Digital assessments and modern learning platforms
can really help instructors create high quality authentic as-
sessments that probe students’ ability to think and reason
in ML. Ideally, students should be assessed authentically
with tools and workflows they are already familiar with
so they can appropriately demonstrate proficiency with the
course material authentically. Many of the authors use the
PrairieLearn platform and in particular the “Workspace”
paradigm where students are given a a computing environ-
ment (Jupyter, Visual Studio Code, Quarto, R, etc...) with
the skeleton of an ML analysis along with some real data.
Packages are pre-installed (including all documentation),
and networking is turned off so students must complete
the activities using only the provided resources. Within the
workspace, students can run and execute code, process data,
produce plots, and even run models and score them. This
authentic assessment helps instructors evaluate the students
on their ability to apply theoretical concepts, reason about
machine learning choices and decisions, and write code.

Projects are an effective way to assess students’ ability
to “put it all together,” navigate interconnected ML design
decisions, wrestle with translating a real-world problem into
an ML problem, experience authentic challenges of work-
ing with messy data, and build a sense of ownership over
their work. Project topics can be student-driven, allowing
them to connect it to their own interests (Patall, Cooper, and
Robinson 2008) and pushing them to apply concepts in new
contexts. Alternatively, the project could solve a problem for
a real-world client, creating real authenticity. For example,
TP worked with a local climate office to automate the detec-
tion of erroneous readings from their weather stations, and
student projects demonstrated usable results. One caveat is
that this does require a lot of instructor time. It is impor-
tant that the project have sufficient scaffolding, especially
if students choose their own topics. Examples of complete
projects from prior years, and lists of appropriate datasets,
can also help students to scope their projects appropriately.
Breaking the project up into milestones with instructor feed-
back can help students avoid pitfalls and stay aligned with
course learning objectives. Scaffolding can also occur be-
fore the project, such as with project-aligned labs. Here,
earlier practice activities each parallel key steps of project
(e.g., preprocessing, model selection, hyperparameters, etc.)
and connect them together to ensure that students have al-
ready created a complete project-like artifact in a scaffolded,
closed-ended way before they get to an independent project.

Preparing for the Future

There are curricular challenges in preparing students for fu-
ture success in a field where new methods and applications
emerge daily. The growing impact of Large Language Mod-
els fuel conversations about the extent to which ML courses
should introduce advanced topics. At the same time, our
group shared a common experience where ML courses tend
to have a large amount of material, an experience shared by
students (e.g., Sibia et al. (2025)). We discussed two strate-
gies for preparing students for the future:

Focus on the Fundamentals. We share a common desire
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to help students thrive in tomorrow’s ML landscape. While
ignoring recent advances is not a good idea, emphasizing
foundational skills that foster adaptability and lifelong learn-
ing is a more sustainable and empowering approach. Educa-
tors need to resist the temptation to continue adding new
topics to ML courses, and clearly communicate the impor-
tant learning objectives.

Carefully consider Generative AI policies. Neither pro-
hibiting students from using Generative AI tools, nor ignor-
ing them is likely to be successful– particularly for home-
work, assignments, labs, or projects. One alternative is to
share the benefits, impacts, and pitfalls of using Generative
AI tools during the learning process and co-create policies
around its use (Chehak et al. 2025). Talking to students about
the uses of Generative AI may also “level the playing field”
for students that are fearful of using it, distrust it, or are un-
able to use it due to privacy or accessibility reasons.

Despite much discussion, none of the authors felt confi-
dent in the efficacy of Gen AI policies in their classes. We
do not have compelling evidence that any strategy has been
effective in encouraging students to improve their learn-
ing using AI tools. This has been studied in detail (Garcı́a-
Martı́nez et al. 2023), and remains an active area of research.

Limitations

In this work we have synthesized recommendations for
teaching introductory ML based on our collective experi-
ences and prior work. However, this approach has limita-
tions. The strategies we highlighted are by no means exhaus-
tive and only represent the experience of six instructors from
five different institutions. We acknowledge that it will be im-
possible (and inadvisable) to implement all the strategies we
highlighted in a single course. We intend for this experience
report to be a starting point for instructors teaching introduc-
tory ML courses. Many of the strategies we have discussed
are supported by prior empirical work, sometimes outside of
ML; however, future work is needed to validate the efficacy
of these strategies, and if any combinations are particularly
effective for teaching ML. As a result, they should be inter-
preted as teaching advice to consider and adapt. An impor-
tant next step is to repeat this study across a wider audience
and in particular, have representation out of North America.
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