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ABSTRACT: We report the development of an undergraduate
organic chemistry laboratory to introduce students to modern
applications of data science tools and machine learning algorithms in
organic chemistry. Data science and machine learning have become
increasingly applied to organic chemistry systems built upon physical
organic principles of reactivity to better analyze and interpret data.
Given that postexperimental analysis is central to any scientific study,
we envision that the incorporation of these techniques at an
introductory level into the undergraduate chemistry education
curriculum will be invaluable in exposing students to contemporary
research tools and working with shared data. Herein we describe a
two-part experiment, using the experimentally straightforward
Claisen−Schmidt aldol condensation reaction with commercially
available reagents, to introduce concepts of computational featurization and data processing for multivariate linear regression models
at the undergraduate level that can easily be incorporated into organic instructional laboratories.
KEYWORDS: Upper-Division Undergraduate, Interdisciplinary, Laboratory Instruction, Organic Chemistry, Collaborative Learning,
Catalysis, Computational Chemistry, Machine Learning, Data Science

■ INTRODUCTION
Artificial intelligence (AI) tools have rapidly become integral
across a wide range of disciplines from finance and healthcare
to science and education. Specifically, machine learning (ML),
a subset of AI that learns through data, is becoming
increasingly prevalent, as seen through examples of ChatGPT,
photo editing, and language translation. In chemistry, ML has
seen a wide array of applications, including reaction
prediction,1−4 condition optimization,5,6 retrosynthesis path-
way prediction,7,8 and mechanistic investigation.9−11 Across
these areas, ML has enhanced chemists’ ability to perform
experiments faster and understand resulting reactivity that may
be outside intuition.12 In particular, ML algorithms have been
combined with established physical organic reactivity princi-
ples, using extracted electronic and steric features of reagents,
catalysts, and/or ligands to build predictive and mechanistically
interpretable linear free energy reactivity and selectivity
models.13−15 Due to this growing importance and prevalence
of ML in chemistry, it is worthwhile that students are
introduced to the concepts and applications of machine
learning in their undergraduate studies.16−18 Currently,
published lab modules that incorporate machine learning or
computational tools rarely concurrently expose the students to
the wet-lab experimental counterpart,19−22 leading to a
disconnect in understanding the machine learning pipeline.
For example, using pre-existing, curated datasets for analysis

may obscure key processes in data collection and interpretation
of chemical data, such as how experimental error affects
modeling or human biases introduced during synthesis.23,24

We sought to develop a lab module that is more cohesively
integrated with subsequent computational analysis, with the
goal of introducing students to modern directions and
workflows in chemistry research. In this laboratory module,
students practice experiential learning25 by completing an end-
to-end project starting from wet-lab experiments to data
analysis and ML predictions. Unlike a typical undergraduate
organic chemistry laboratory, students gathered individual
pieces of data through different experiments and then directly
collaborated with their peers to use the collective pooled data
to perform their analysis (see Figure 1), the process of which
encouraged higher-order thinking.26,27

■ OBJECTIVES
This two-part laboratory experiment aims to introduce upper-
division undergraduate chemistry students to physical organic
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chemistry principles as well as modern data science and
machine learning tools to analyze reactivity patterns. The
laboratory is designed to be accessible to students with little to
no prior programming experience. At the end of this
instructional laboratory experiment, students were expected to
1. work together to gather experimental data using
standard organic chemistry laboratory techniques,
including reaction setup and workup, as well as learning
how to use gas chromatography (GC) for analysis;

2. construct linear free energy relationships, in particular
Hammett plots,28,29 to model the electronic effects of
substrate substitution in a condensation reaction;30,31

3. learn how to use a curated Google Colab notebook and
process a spreadsheet of experimental and computa-
tional data;

4. demonstrate the potential of data science and machine
learning tools to afford predictive and interpretable
models on more varied datasets than are typically
applicable to a Hammett study of electronic substituent
effects.

■ SOFTWARE DETAILS
The goal of the module is to introduce undergraduate students
to how various computational methods, such as basic
programming, data science, machine learning, and quantum-
mechanical calculations, can be applied to organic chemistry.
The code is hosted on a web-based free cloud service,

Google Colab, which requires minimal setup requirements and
is agnostic to computer types. Furthermore, as Google Colab is
compatible with notebook files (.ipynb), it allows for
integration of written notes and images to aid the students’
learning. Unlike a traditional python script file (.py), it allows
for sectionwise execution of the code, allowing the instructor
to break down the large codebase.
Python was chosen as the primary language for three main

reasons: (1) the readability and flexibility of python makes the
language beginner-friendly; (2) the dominance of python in
machine learning in industry and academia allows for a directly
applicable language for students; and (3) the abundance of
available libraries allows for a modular codebase, abstracting
often long and unintuitive functions. The libraries used are
listed in Table 1.

■ OVERVIEW OF THE LABORATORY EXPERIMENT
This experiment is designed for upper-division undergraduate
chemistry majors (juniors and seniors) but may also be
suitable for sophomore organic chemistry laboratories.
Previous programming or computer science knowledge is not

required, although it may be helpful. The module requires 4−5
hours to complete, which may take place over two 2−3 hour
laboratory periods: in the first, the students perform the
reaction in the laboratory to gather experimental data, and in
the second, they analyze their data together as a class and
construct reactivity models. Students completed a prelabor-
atory worksheet to demonstrate comprehension of the
experiment they would be running and the associated safety
precautions. After the completion of the experiment and data
analysis, they completed a postlaboratory worksheet to review
their understanding of the content.
Students individually completed a prelaboratory worksheet

before starting the experiment. This experiment is modified
from the procedures detailed by Mak et al.32 Each student was
assigned either a chalcone synthesis (Figure 2, top) or a
competition experiment (Figure 2, bottom). In the chalcone
synthesis, the student runs a condensation reaction between
one benzaldehyde and an acetophenone substrate to make an
authentic product sample, whereas for the competition
experiment, the student conducts the condensation between
one acetophenone and two distinct benzaldehyde substrates
(or two distinct acetophenone substrates and one benzalde-
hyde). Students running a chalcone synthesis experiment
weighed or measured out (using a disposable syringe with no
needle tip) their assigned benzaldehyde and acetophenone and
combined these with 1 M sodium hydroxide and ethanol in a
flask with a stir bar. These reagents were stirred together for
∼1 h. After stirring, students either filtered out the chalcone
using a filter funnel or, if the mixture was a liquid, performed
an aqueous extraction to obtain a crude mixture. They then
prepared a sample of their product for gas chromatographic
analysis and identified the retention time of the synthesized
chalcone. Students running a competition experiment weighed
or measured out (using a disposable syringe with no needle
tip) their assigned benzaldehyde(s) and acetophenone(s).
Importantly, they first combined the competing substrates with
1 M sodium hydroxide and ethanol in a flask with a stir bar,
allowing the reagents to stir together for a few minutes before
adding in the limiting reagent. After the mixture was stirred,
students performed an aqueous extraction to obtain their crude
mixture. They then prepared a sample of their mixture of
products for gas chromatographic analysis and identified the
retention times and areas of the synthesized chalcone products.
For the second half of the experiment, students worked

together to extract the relevant analytical data to construct a
Hammett plot in a shared Google Colab notebook. The
notebook is designed for students to work with even if they
have little to no prior programming experience. In this process,
they completed the missing blanks throughout the notebook to
familiarize themselves with the basic Python language. The
notebook is divided into sections called “cells” that accomplish
a certain subtask. Each cell/subtask is taught stepwise to
enhance the students’ understanding of the data science

Figure 1. Workflow for this laboratory.

Table 1. Python libraries imported in Google Colab
Notebook

Library Name Description

Matplotlib, Seaborn Graphing and visualization
Pandas Dataframe for handling dataset
Numpy Mathematical operations
Scikit-Learn Data preprocessing and machine learning
RDKit Chemical processing
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pipeline while not requiring programming expertise. Students
also used density functional theory (DFT)-calculated features
to model the experimental data. In the Colab notebook and in
a postlaboratory worksheet, students were asked to critically
analyze the use of incorporating data science tools and basic
machine learning algorithms to investigate the reaction.
Further details of this experiment are described in the
Supporting Information.

■ HAZARDS
At the beginning of the lab, students were given a safety
briefing, including the use of personal protective equipment
(PPE). Students were warned that they would be excluded if
they breached the safety requirements. Closed-toed shoes, long
pants/skirts covering the ankles, safety glasses, gloves, and
flame-resistant laboratory coats must be worn at all times. All
hazardous materials should be handled and disposed of in
accordance with the recommendations of their Safety Data
Sheets and Environmental Health and Safety. Sodium
hydroxide is corrosive and can cause burns to skin, eyes, and
respiratory tract. Ethyl acetate is flammable and a volatile
organic solvent and should be used in the fume hood at all
times. Benzaldehydes and acetophenones are harmful and
irritating; care should be taken with the starting materials and
products to avoid inhalation or contact with skin.

■ RESULTS AND DISCUSSION

Experimental Section

The in-laboratory portion of this experiment was modified
from the procedures detailed by Mak et al.32 The study
reported the construction of standard Hammett plots to model
reactivity and served as a useful template upon which to build.
We were curious how chemical features obtained from DFT
calculations could enhance the interpretation of substituent
effects in this Claisen−Schmidt aldol condensation reaction.
Therefore, we sought to include benzaldehyde and acetophe-
none substrates with substitution other than at the para
position or at multiple locations around the benzene ring. We
found that some of these substrates that we tested (see the
Supporting Information) did not form solid chalcones that, as
was described in the original procedure, could be filtered out of
solution. For these substrate combinations, we performed a
simple aqueous extraction to obtain the product using ethyl

acetate as a greener and safer alternative solvent to dichloro-
methane. For both the chalcone synthesis and competition
experiments, product purity and/or workup quality was not
critical given that gas chromatography was used for analysis, in
which the relevant peaks would be distinctly identified and
separated from impurities by their retention times (see the
Notes for Instructors for further details). Compared with the
procedure by Mak et al.,32 we increased the number of
equivalents of competing substrates relative to the limiting
reagent in the competition experiment such that rate data
could be more accurately approximated by the obtained yield
data. Given the structural similarity of the chalcone products,
response factors that would typically be required for an
analytical protocol using gas chromatography were omitted for
experimental convenience. We implemented this experiment
over two terms in which the columns used for the gas
chromatography instrument differed and did not observe
significant error in the subsequent data analysis.
The optimized experimental protocol was implemented

during two terms of an advanced undergraduate chemistry
laboratory course, in which the students were either chemistry
or biochemistry majors. Students were introduced to linear free
energy relationships (LFERs) and Hammett plots as well as
density functional theory and machine learning in chemistry
during the lecture meetings for the course prior to undertaking
the laboratory experiment. After the lecture, they read the
laboratory handout, which detailed the underlying concepts
and purposes of the experiment as well as experimental details,
and completed the prelaboratory worksheet, which was
designed to ensure that they understood the safety
considerations and experimental protocol.
Each student was assigned either a chalcone synthesis or a

competition experiment. All 37 students across the two terms
successfully carried out their experiments and made a GC
sample to give to the teaching assistant for GC analysis.
After the chromatograms were obtained, at the beginning of

the second part of the lab, students worked together as a class
to determine the ratio of one substrate to another (kX/kH) in
the competition experiments using the retention time data
from the students who performed the product synthesis.
Residual starting material and other impurities were seen in the
GC chromatograms; however, these did not affect the relevant
peaks. The students recorded these retention times in a shared
Google sheet. After aggregation with the literature data from

Figure 2. (top) Conditions for chalcone synthesis with substituted acetophenone and substituted benzaldehyde. (bottom) Conditions for the
competition experiment with substituted acetophenone and different benzaldehydes.
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Mak et al.32 and the in-house dataset used in developing this
lab, the data collected were used for analysis in the next
section.
Computational Analyses
Next, students performed a series of computational and
statistical analyses to investigate the experimental data. The
code was provided through a partially filled Google Colab
notebook written in python (example shown in Figure 3).

Colab allows students to access and execute the code with
minimal setup, irrespective of local machine capabilities.
Python was chosen as the primary language for the reasons
listed in Software Details (vide supra).
The students first analyzed the rate data by constructing a

classical LFER to investigate the influence of substituent effects
on the buildup of charge in the rate-controlling transition state
of the reaction. Examples of Hammett plots varying
substituents on acetophenone and benzaldehyde are shown
in Figure 4. The nitro substituent (NO2) is an outlier in this
dataset, which is a common phenomenon in Hammett
correlations due to field and solvation effects.28,33 The study
by Mak et al. proposed poor substrate solubility and a change
in the rate-determining step to explain this specific data

point.32 This outlier was further confirmed statistically through
both the interquartile-range rule and the Z-score test (see the
Supporting Information for details). Note that the R2 value34,35

for the Hammett equation is lower than the values reported by
Mak et al.32 (0.99 for both plots with fewer samples) and the ρ
value has the same sign but is of different magnitude, especially
for the benzaldehyde LFER (acetophenone, 1.59; benzalde-
hyde, 3.09). These differences are most likely due to the
increased variability in the compilation of experimental data
from multiple students.
Since classical LFERs only demonstrate the effect of the

substituents on one of the aryl rings in the resulting chalcone, a
multivariate LFER model36 that combines the Hammett
parameters of the substituents of the acetophenones (a) and
the benzaldehydes (b) was attempted.

k
k

log X

H
a a b b= +

i
k
jjjjj

y
{
zzzzz

The multivariate plot shown in Figure 5 showed a similar
correlation with experimental data compared to both
univariate Hammett plots, as shown by the R2 of 0.90.
Furthermore, the model is able to accommodate more data
(both the acetophenone data and benzaldehyde data), allowing
it to be more robust toward outliers, as exhibited by the R2 of
0.65 compared to the univariate model’s R2 of 0.34 (see Figure
4). Though the multivariate LFER incorporates the impact of
substituents on both reactants, the magnitudes of each ρ value
are less interpretable than the ρ value arising from a univariate
LFER since the two terms are not independent. Moreover,
both the univariate and multivariate models cannot accom-
modate aryl rings with multiple substituents.
Therefore, the students were introduced to a machine

learning approach in linear regression with DFT-derived
features. DFT features (M06-2X/def2-TZVP) were calculated
using Auto-QChem,37 a software developed in our laboratory
that calculates DFT features from SMILES strings. It provides

Figure 3. Screenshot of the partially filled Google Colab notebook.

Figure 4. Hammett plots of Claisen−Schmidt condensation when substituents of acetophenone (left) and benzaldehyde (right) are varied.
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both molecule-wide features such as dipole moment, energy,
and HOMO−LUMO gap as well as atom-level features such as
partial charge, electronegativity, and buried volume.38 Though
Auto-QChem streamlines the DFT calculation process, it is
not necessary, and any DFT software and featurization
techniques can be used.39−41 Simultaneously, machine learning

techniques were introduced to the students, including
statistical and chemical preprocessing, hyperparameter opti-
mization, and the use of ML libraries such as Scikit-learn. We
believe that this approach to building a model lends itself to an
apt extension from the traditional linear regression methods to
which the students have likely already been exposed in
introductory mathematics or statistics courses. This model was
purposefully unoptimized to allow the students to experiment
with the hyperparameters in order to further optimize the
model. Subsequently, the class performed hyperparameter
optimization, where students participated in a leaderboard
challenge to build more accurate models. After optimization,
the students analyzed the atomic and molecular features that
were most influential in improving the accuracy of their model.
Students were expected to comment on the accuracy and
interpretability of this linear regression model in comparison to
those of the univariate and multivariate Hammett plots.
Following completion of the laboratory, the students were
required to complete a postlaboratory worksheet to review key
concepts from this experiment.
As can be seen in Figure 6, the multivariate Hammett plot

was able to incorporate data from the Hammett studies at a
high correlation (R2 = 0.90) while also allowing inclusion of
data from experiments where both arenes are simultaneously
varied. According to the R2 values, the DFT model exhibits a
lower correlation (R2 = 0.71) than the univariate and
multivariate Hammett plots. However, the DFT model
potentially facilitates mechanistic interpretation across a
broader reaction domain. Though dependent on each student’s
models and each class’s experimental results, in almost all of

Figure 5. Parity plot of the multivariate Hammett equation.

Figure 6. Predicted vs experimental rates for each model.
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the models, features centered on the carbonyl carbon of both
the acetophenone and benzaldehyde were chosen as most
important in constructing the DFT model. Even in the
unoptimized model, the relevant features were the partial
charge of the carbonyl carbon of acetophenone (NBO charge),
predicted NMR shift of the carbonyl carbon of the
benzaldehyde, and the LUMO energy of the benzaldehyde.
This is in alignment with the mechanistic hypothesis that the
nucleophilic addition step is the rate-determining step in the
condensation reaction.
Learning Outcome

This experiment was implemented across two quarters at
UCLA, in the first of which there were 23 students total and in
the second of which there were 14 students total. Across these
quarters, students earned an average of 90.7% (std. dev. =
10.4%) on their prelaboratory reports and 94.4% (std. dev. =
6.8%) on their postlaboratory reports for the lab experiment.
In comparison, across the entire quarter, students earned an
average of 88.4% (std. dev. = 5.3%) on their prelaboratory
reports and 90.6% (std. dev. = 2.5%) on their postlaboratory
reports. These results demonstrate excellent comprehension of
the material following the lectures, and this two-part
experiment is designed to promote experiential learning. The
prelaboratory questions were structured to connect core
chemistry principles with machine learning, prompting
students to apply familiar concepts in a new analytical context.
This experiment focused on chemistry concepts that could be
applied to a machine learning context, allowing students to
practice higher-order thinking by investigating and thinking
critically about general concepts of machine learning in
chemical contexts. Meanwhile, the postlaboratory questions
involved analysis of the machine learning model they obtained
while running the code, such as graph behavior, data analysis,
and potential improvements to the model.
We collected students’ feedback on the lab through a guided

reflection question on their postlaboratory report. Students
from the first quarter in which this experiment was
implemented commented on the straightforwardness and
ease of the experimental wet-lab portion and appreciated the
opportunity to collaborate with their peers in building a
dataset. They thought that the data science portion of the lab

was interesting and relevant to their other studies. There were
mixed comments on the difficulty of the data analysis, with
suggestions for further explanation of the analysis process and
code. Thus, for the next quarter in which this experiment was
implemented, we modified the code to be more interactive for
students, providing opportunities for them to fill out the
functions. The feedback received was similar to the first quarter
and continued to be mixed, the major suggestion of which was
to increase the explanation for the data analysis section of the
lab. We discuss later in this section possible improvements to
this lab to address this student feedback.
To better quantify the students’ attitudes toward the

incorporation of machine learning in this hybrid experimental
and data analysis context, we asked the students to fill out
voluntary anonymous surveys before and after the module. Of
the statements, six were present in both surveys:

• Statement 1: I have a clear understanding of what it
means to analyze chemistry data computationally.

• Statement 2: I am interested in learning about the
intersection of computations and chemistry.

• Statement 3: I am familiar with how machine learning
can be applied to chemistry.

• Statement 4: I am familiar with data science/machine
learning.

• Statement 5: I am confident in programming.
• Statement 6: I am familiar with Jupyter notebooks/
Google Colab and coding.

This allowed for a quantitative comparison, as shown in Figure
7. The survey was completed by 33 of the 37 students (89%).
Most notably, statements regarding the student’s familiarity
and exposure to how computational tools can be applied to
chemistry (statements 1 and 3) saw notable increases postlab
(30.1% and 50.4%, respectively). Students showed a
substantial increase (45.8%) in their familiarity with data
science and machine learning, even when it is not in the
context of chemistry. Students’ familiarity with Jupyter
notebooks/Google Colabs and coding in general also increased
after the lab, though to a lower extent, as shown in statement 6.
Statement 2 further shows that the students are still interested
in learning more about the intersection of computational tools
and chemistry.

Figure 7. Bar graph comparison of survey results pre- and postmodule
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We observed an 8.4% decrease in the students’ confidence in
programming, as seen by statement 5. This may be attributed
to the fact that the code was written to accommodate students
with no prior programming experience, often abstracting and
skipping details of the code during the discussion. We believe
this can be alleviated by either having longer modules where
more detailed discussion of the code can be taught or requiring
an Introduction to Python course.

■ SUMMARY
We developed a two-part laboratory module that introduces
undergraduate chemistry students to modern computational
tools for data analysis and interpretation of substituent effects
and reactivity in a classic organic reaction. Both the synthesis
and competition experiments in the experimental section are
straightforward to carry out in the laboratory, enabling
students to practice essential organic chemical reaction setup
and workup techniques. In the second module, students
collaborate to assemble a shared dataset which they use to train
machine learning models using physical organic principles,
statistical methods, and computational chemistry tools. Given
the current directions of contemporary research, we envision
that this experiment will be useful to introduce into the
undergraduate chemistry curricula, connecting students at an
earlier stage to potential future research pathways.
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