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Abstract: Artificial intelligence (Al) and machine learning (ML) are developing fast and are increasingly adopted in
both chemical industry and academic research. With the projected role such tools will play in the future, for every
chemist, these developments call for a fundamental and sound education for future generations of scientists in
these areas. In this perspective, we describe the development of the course Digital Chemistry at ETH Zurich,
which addresses these topics. In particular, we outline our approach to teaching ML and its applications in chem-
istry. We especially emphasize that the skills of understanding, applying and critically assessing ML models will
be fundamental for future chemists. We hope that this article will serve as inspiration for educators in this field
and help to enhance the teaching in this area of future significance.
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1. Introduction

Artificial Intelligence (AI) and Machine Learning (ML) are
arguably among the most headline-generating and fast-paced de-
velopments in this decade. With their advertised potential to rev-
olutionise entire industries, these developments have also made
their way into the chemical industry and academic chemical re-
search. While the application of ML is being developed in the
chemical industry, parallel efforts are ongoing in teaching future
generations of chemists the knowledge and skills to apply ML to
solve the challenges they will be facing in the future.[!# The skills
that we regard as critical for a constructive application of ML in
chemistry are both technical and cognitive.

As technical skills, we count, among others, the ability to
know the fundamentals of coding to work with chemical data and
being able to visualise it. Furthermore, the ability to understand,
use, and potentially even train ML models is required, in such
a way that the model output can be trusted, and its limitations
understood. These technical skills should be complemented by
the ability to use precise technical terminology, so that chemists
can both correctly describe their work and have discussions with
domain experts.

Acquiring the technical skills enables our students to write
programs to work more efficiently with their data, a requirement
in high demand both in industrial applications and academic
research. By working with their data in a consistent and repro-
ducible way, and understanding the associated challenges, they
also become aware of important aspects of data handling, such as
curating FAIR (findable, accessible, interoperable, and reusable)
data in their own projects for better reproducibility and collabo-
ration.

As for cognitive skills, we focus on skills that are shared across
scientific disciplines and have been taught for a long time but are
becoming even more important today. Since many ML models
provide a prediction regardless of whether that prediction is ac-
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tually reliable, critically assessing the output becomes paramount
for responsible use. Such critical assessment requires knowledge
about applicability domains (the chemical space where a mod-
el can be responsibly applied), model errors, and limitations, as
well as explainability (why the model comes up with a certain
prediction).

As the developments in Al are changing the landscape of
chemistry, they are also transforming education.['-4l Teaching
students how to use Al can be supported by also employing Al
in the course itself, using both predictive and generative models.
Generative tools such as chatbots can be used to write code and
explain scientific concepts, while predictive models can be used to
obtain chemical properties. All these applications are encouraged
throughout our course.

In this perspective, we outline how the course we created,
Digital Chemistry, enables our students to obtain these technical
and cognitive skills, and how they can do this with the help of Al
tools. We focus on: (i) understanding how the ML methods work;
(i1) using these algorithms in practice; and (iii) sensibly using and
critically evaluating the output of the models. We describe how
we teach these skills by modern pedagogical methods, e.g. inter-
active sessions. We hope that this article serves as inspiration for
educators in this field.

2. Structure of the Course

The course that we developed at ETH Zurich is called Digital
Chemistry and is taught by Prof. Dr. Kjell Jorner, together with his
PhD researchers Lauriane Jacot-Descombes and Stefan Schmid.
The course is listed as a master elective in four study programs:
Biochemistry — Chemical Biology, Chemistry, Chemical and
Bioengineering, and Computational Science and Engineering. It
involves 6 ECTS credits and includes one lecture per week (2 x
45 min), one weekly exercise session (1 x 45 min) and a course
project throughout the semester in groups of four students. The
role of the lectures is to introduce the methods used in the field
of digital chemistry and teach the theory behind them, while the
exercises focus on how to write the code corresponding to the
concepts taught in the lectures. The goal of the project is for the
students to apply what they learn to a concrete research question.

3. Understanding the Methods

Given the diverse backgrounds of our students (the course is
listed in four study programs, with students from bachelor to doc-
torate level), we decided that it was necessary to start with the
fundamentals to get everyone on the same page. After laying the
groundwork by giving an introduction to Python (the program-
ming language of our choice), RDKit, and other important chem-
informatics packages, we started putting this knowledge to work
in applying ML to chemical problems. To give the students an
introduction to predictive models, we start with linear regression.
This method is already familiar to the students and can be used
to teach them about important concepts such as hyperparameter
optimisation, and how a model is trained in practice (e.g. gradient
descent). Moreover, even such simple models allow us to intro-
duce key concepts, such as applicability domain, extrapolation
vs. interpolation, bias and variance, regularization, as well as the
best practices of model training, selection, and evaluation. In the
development of the course, we consciously decided to empha-
sise these concepts from the very beginning, as they build the
framework for understanding and interacting responsibly with
ML methods. Since linear models are still widely used in aca-
demic chemistry research, we include them both in the lectures
and exercises so that the applications of the learned concepts are
from real-world cases.

After introducing these important concepts to students, the
complexity of the considered models is increased, swiftly intro-
ducing kernel methods and ultimately neural networks (NNs) as

the foundation of modern ML developments. Throughout this
stage of the course, we refer continuously to state-of-the-art re-
search in the field that employs these methods, again underlining
the utility of the learned concepts.l5! At the beginning of every
topic, we pick recent publications, often from chemical compa-
nies, and when choosing these illustrative applications, we ensure
that the different backgrounds of the students is accounted for by
alternating the scientific fields (chemistry, biochemistry, material
sciences, etc.) from which these publications originate.

The last parts of the course deal with teaching the students the
necessary knowledge to understand the most recent developments
in Al for chemistry, focusing on language and graph models, both
predictive and generative. We continuously emphasise through-
out these sections the importance of the concepts taught in the
beginning by analysing the applicability domain, avoiding over-
fitting by model regularisation (e.g. dropout or early stopping) and
statistical methods (e.g. cross-validation). In line with critically
questioning the models, we also teach students interpretability
and explainable Al (xAl) techniques (more detailed in Section 5)
that can reveal which factors influence the model predictions. We
also exploit the domain knowledge of our students, by inviting
them to scrutinize the explanations given by models and argue
why, potentially, the model came up with chemically counterin-
tuitive outputs.

Since modern ML architectures are by no means easy to un-
derstand for someone with little experience, particular attention
is paid to keeping students engaged throughout an entire lecture
(2 x 45 min) and ensuring the students do not get lost along the
way. To this end, we created interactive in-class exercises (via the
Mentimeter platform(®l), this allows students to have discussions
with each other and to challenge themselves to make sure that
they understood the concepts. These interactive elements of the
lecture, explicitly lauded multiple times in the student evaluations,
are strategically placed around the middle point of every lecture
hour to allow the students to catch a breath and recapitulate the
most important concepts thus far. These in-class exercises include
open-ended, multiple choice, and true/false questions. To gain an
intuition on more complex models, the in-class exercises in the
latter stages of the course focus on letting the students use visual-
isation tools that explain the discussed models and then discuss a
question about the insights gained in the visualisation. Examples
of the questions are shown in Fig. 1. Next to the in-class exercises,
we also decided to convey messages via the use of deliberately
humorous depictions of learnt concepts in the form of memes. Fa-
cilitated by the domain expertise of the teaching assistants, memes
proved an effective and memorable technique for students.

Even though the lecture makes explicit efforts to engage the
students, the biggest benefit in learning about ML comes from
the students putting it into practice themselves, as described in
the following section.

4. Using Machine Learning

Complementing the lectures, which teach the theory of ML in
chemistry, the students are provided with weekly exercises. These
exercises were created in Jupyter Notebooks on Google Colab.
Jupyter Notebook is a format combining explanatory text, imag-
es, equations, interactive code execution, and data visualisation,
allowing the students to proceed through the exercise step by step,
following the instructions and being challenged to fill in missing
code. Google Colab provides computing resources in a controlled
cloud environment, so that the students can easily execute code
in their browser, overcoming the usual challenges of installing a
local coding environment in a computer room or on each student’s
own computer.

The exercise notebooks follow the topics taught in the lectures
and together provide examples of complete workflows of typical
tasks performed in the field of ML for chemistry (Fig. 2). Stu-
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Menti — 3 min discuss code from CoPilot
Is the code good practice in model selection and validation?

# Load the diabetes dataset
diabetes = load_diabetes()
X = diabetes.data

y = diabetes.target

# Perform grid search to find the best
hyperparameters

grid_search = GridSearchCV(ridge,
param_grid, cv=5)
grid_search.fit(X_train, y_train)

# Standardize the input features
scaler = StandardScaler()
X_scaled = scaler.fit_transform(X)

# Get the best hyperparameters
best_alpha =
grid_search.best_params_[ 'alpha’]
# Split the data into training and test

sets print("Best alpha:",
X_train, X_test, y_train, y_test =
train_test_split(X_scaled, y,
test_size=0.2, random_state=42)

best_alpha)

# Test the best model on the external
test set

best_model = grid_search.best_estimator_
# Define the hyperparameters to search
param_grid = {'alpha': [0.1, 1.0, 10.0]}

test_score = best_model.score (X_test,
y_test)

print("Test score:",
print("Best alpha:",

test_score)
# Create the ridge regression model best_alpha)

ridge = Ridge()

Exercise — Catapult (5 minutes)

* Go to https://sigmazone.com/catapult/ (need tablet/computer)
* Optimize the catapult to fire the longest shot

\ Cup elevation

Bungee
position

Release
angle
Pin elevation
Draw and
release to shoot
Firing
angle

Fig. 1. Two examples of the interactive in-class exercises. In the left one, the students comment on the code generated by a large language model-
based chatbot (CoPilot). In the right one, they optimise the shot length of a catapult by tuning different parameters. The latter exercise takes place
just before teaching the systematic methods such as Design of Experiment and Bayesian Optimisation and gives the students a tacit understanding

of the need for efficient optimisation methods for complex problems.

dents thus learn the code corresponding to the methods introduced
to them in the lectures. Moreover, as the exercises are based on
recent papers in the field, the students see concrete examples of
usage of these methods in real research applications.

To further deepen the students’ ability to use digital chemistry
techniques themselves, our course includes a mandatory graded
project which the students work on in groups. Each group investi-
gates a different research question, and we encourage the students
to come up with their own project idea. The project consists in
writing a research proposal, defining the milestones of the work
to be done, writing reproducible code aligned with recognised
best practices, handing in a report where the results are analysed,
and creating a poster which they present to the whole class in a
poster session. In addition to providing them with an opportunity
to apply the concepts taught in the course and to confront them-
selves with common challenges of projects in digital chemistry,
these activities develop project management and teamwork skills
useful to any scientist. As the students come from different study
programs, the project is also an opportunity for them to experience
how their different backgrounds can be leveraged in an interdis-
ciplinary team.

The use of ML extends beyond the predictive algorithms for
chemistry; it is also a tool used to help in the process of writing
code and text, through large language model-based chatbots or
integrated code-completion assistants. Far from prohibiting their
use, we encourage the students to integrate these tools into their
coding and research workflow and teach them their limitations so
that they can evaluate the output of the models critically.

5. Thinking Critically

The rapid and impactful advances in the field of Al have been
accompanied by a wave of enthusiasm which can obscure a clear

Typical ML workflow

understanding of the actual scope and limitations of the underly-
ing models. It is therefore important to teach the students how to
critically assess the results and application of ML, and we includ-
ed several pedagogical components in the course to this end. First
of all, the students get an opportunity to participate actively during
the lecture and reflect on the concepts with the interactive in-class
exercises (as described in Section 3), which they are encouraged
to discuss together. Some of these in-class exercises, as well as
questions during the oral examination, specifically address the
critical assessment of the output of large language model-based
chatbots (Fig. 1). The students are presented with the text given
by one of these Al chatbots and are asked to evaluate this output.
They can then see that the chatbots can sometime make subtle
mistakes that for example break the best practices in model vali-
dation, leading to unreliable metrics of how well the trained model
will perform when confronted with new data.

The reasoning skills of the students are further developed with
questions at the end of each exercise series, where they need to
discuss the results obtained in the coding part of the task.

Dedicated chapters during the lectures also focus specifically
on how to evaluate and interpret the ML results. We teach the stu-
dents to evaluate the predictions through statistical methods such
as cross-validation or bootstrapping a hold-out test set, taking into
account the uncertainty of the model’s predictions. Explainability
methods such as SHAPIley values,!” counterfactuals,!®! or atten-
tionl! scores are introduced, allowing the students to interpret
which features influence the model predictions the most and to
gain insight into the model’s decision-making process. The con-
cept of applicability domain is also introduced to assess whether
new samples are within the scope where the model can make re-
liable predictions or whether the predictions should be flagged as
potentially unreliable.

Get data

* Data analysis and visualisation

* Data curation

* Splitting into
train/validation/test sets

Train model

* Feature standardisation

* Hyperparameters optimisation
* Model selection

[ Evaluate performance ]

[ Interpret model ]

Fig. 2. Typical machine learning (ML) workflow in digital chemistry. The overall steps are to first curate the data, then to optimise and select the

model, and lastly to evaluate its performance.
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The students further sharpen their critical thinking skills in
the poster presentation, where they explain and answer questions
about their projects. Moreover, their ability to analyse their results
reflectively carries a greater weight in the grading of the project
than the model performance.

6. Conclusions

In this perspective, we have outlined the development of a
Master level course in Digital Chemistry at ETH Zurich. We struc-
tured it around the technical and cognitive skills we are convinced
will be required for future generations of chemists. We focus on
understanding the model architectures and critically assessing the
model outputs, the model limitations, and the applicability do-
main. Our lectures use interactive exercises to reemphasise impor-
tant concepts and allow students to perform formative self-evalu-
ation. Additionally, the practical implementation of the concepts
is aided by pedagogical Jupyter notebooks that are discussed in
guided exercise sessions.

These example cases also serve as a foundation for the stu-
dents to apply their knowledge and skills in a practical project of
their interest, experiencing how ML can be used to tackle their
scientific problems, potentially on their own data. The projects
are then presented in a poster session. Some of these projects have
even led to peer-reviewed scientific publications.l'%7 By presenting
their work, the students need to both critically assess their models
and clearly communicate their workflow to their fellow students
and teachers (domain experts), providing them experience for fu-
ture collaborations in academia, industry, and beyond.

By formulating the necessary skills for future chemists and
showcasing how the developed course addresses the teaching of
these skills, we hope that this article serves as inspiration to other
educators in this domain.
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