Humer et al. Journal of Cheminformatics (2024) 16:51 JOU rna| Of Cheminformatics
https://doi.org/10.1186/513321-024-00840-1

CIME4R: Exploring iterative, Al-guided e

chemical reaction optimization campaigns
in their parameter space

Christina Humer'", Rachel Nicholls?, Henry Heberle?, Moritz Heckmann?, Michael Pithringer®, Thomas Wolf?,
Maximilian Libbesmeyer?, Julian Heinrich?, Julius Hillenbrand®, Giulio Volpin* and Marc Streit'*"

Abstract

Chemical reaction optimization (RO) is an iterative process that results in large, high-dimensional datasets. Cur-
rent tools allow for only limited analysis and understanding of parameter spaces, making it hard for scientists

to review or follow changes throughout the process. With the recent emergence of using artificial intelligence (Al)
models to aid RO, another level of complexity has been added. Helping to assess the quality of a model’s predic-
tion and understand its decision is critical to supporting human-Al collaboration and trust calibration. To address
this, we propose CIME4R—an open-source interactive web application for analyzing RO data and Al predictions.
CIME4R supports users in (i) comprehending a reaction parameter space, (i) investigating how an RO process
developed over iterations, (i) identifying critical factors of a reaction, and (iv) understanding model predictions.
This facilitates making informed decisions during the RO process and helps users to review a completed RO pro-
cess, especially in Al-guided RO. CIME4R aids decision-making through the interaction between humans and Al
by combining the strengths of expert experience and high computational precision. We developed and tested
CIME4R with domain experts and verified its usefulness in three case studies. Using CIME4R the experts were able
to produce valuable insights from past RO campaigns and to make informed decisions on which experiments

to perform next. We believe that CIME4R is the beginning of an open-source community project with the poten-
tial to improve the workflow of scientists working in the reaction optimization domain.

Scientific contribution
To the best of our knowledge, CIME4R is the first open-source interactive web application tailored to the peculiar
analysis requirements of reaction optimization (RO) campaigns. Due to the growing use of Al in RO, we developed

CIME4R with a special focus on facilitating human-Al collaboration and understanding of Al models. We developed
and evaluated CIME4R in collaboration with domain experts to verify its practical usefulness.
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Introduction

Chemical reaction optimization (RO) plays a crucial
role in every research and development endeavor in the
domain of synthetic organic chemistry. The overarching
optimization goals for a single chemical reaction are to
use resources more efficiently, to reduce waste, and to
increase the yield of the desired reaction product.

The fundamental challenge of RO lies in its expansive
search space, which consists of a multitude of categori-
cal (e.g., choice of reagent, base, catalyst, methods) and
continuous (e.g., temperature, concentration, reagent
equivalent) parameters. Some common approaches [1]
to solving such a task are high-throughput experimenta-
tion (HTE) [2], one factor at a time (OFAT) [3], design
of experiment (DoE) [4], and, more recently, Al-guided
optimization [5-7]. All approaches share the ultimate
goal of identifying one or more optimal solutions within
the high-dimensional parameter space.

The absence of suitable visualization tools makes com-
prehending the parameter space difficult, leaving ambi-
guities regarding explored domains, actual reaction
performance, and anticipated outcomes. In the case of
Al-guided RO, an additional level of complexity is added
because the Al’s data (e.g., predicted values, uncertainty
of predictions, or feature importance of a prediction)
is often difficult for humans to grasp without any addi-
tional tools to explore it. This makes it hard for scientists
to understand how a model arrived at a particular pre-
diction [8], which is important to detect possible flaws
and shortcomings of the AI model and to calibrate user
trust [9]. Understanding an Al prediction could also help
scientists to learn from a model if they deem the deci-
sion to be reasonable, thus enhancing their scientific
understanding [10].

Static Explainable Artificial Intelligence (XAI) tech-
niques can support users in understanding AI mod-
els [11-13], but interactive tools are needed to aid users
in exploring and understanding complex models [14—
16]. Employing visualizations and visual analytics tools
can aid humans in understanding complex datasets in
a variety of domains [15, 17-19]. Currently, many sci-
entists fall back on using spreadsheets as their main
analysis tool. Although there is little overhead to learn-
ing how to use spreadsheet tools, they are suited mainly
to simple analysis tasks, such as sorting or filtering by
some value of interest. More elaborate general-purpose
dashboard tools, such as Spotfire [20], enable users to
interactively explore their datasets [21]. Off-the-shelf
tools also exist that implement basic chemically-aware
functionalities, like molecule structure rendering or
substructure search [22], and commercial chemical ana-
lytics tools [23]. However, these off-the-shelf tools lack
the ability to accommodate the challenging aspects of RO
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datasets, such as large parameter spaces that contain a
mix of static and temporal data and data uncertainty aris-
ing both from limited data availability for the model and
uncertainty and error in the measured data points. (see
Sect. 1.2 for more details). Similarities to prior work [24—
28] on visual analysis of parameter spaces in other
domains exist, but these approaches are not directly
applicable to RO data and its challenges.

RO data and workflow

A dataset from RO workflows can consist of the follow-
ing variables: parameters, lab measurements, metadata,
Al predictions, and Al explanations. A typical RO work-
flow starts with a scientist deciding on the parameters
(e.g., temperature, base, solvent) they use to optimize
one or more target values (e.g., vield, selectivity, side
components). The pool of all possible combinations of
parameter values defines the parameter space and forms
the basis of an RO dataset. Each combination of param-
eter values defines one specific experiment that can be
performed to obtain lab measurements. Scientists can
add additional metadata to this dataset, for example,
molecular descriptors [29] of chemical components that
can be used in the RO campaign. The RO workflow var-
ies depending on the method chosen for the optimiza-
tion campaign. Fig. 1 illustrates a typical workflow for
iterative approaches. It usually starts with scientists
(i) analyzing the RO data and (ii) choosing a batch of ini-
tial experiments, which are then (iii) performed in the
laboratory. After the experiments have been completed,
(iv) the RO dataset is augmented with the measurement
data, for example, the measured yield or number of the
cycle in which the experiment was performed. Scientists
then (i) analyze the updated dataset to (ii) decide on the
next batch of experiments. The process is repeated until
a satisfactory outcome is reached (e.g., the yield is suffi-
cient). To illustrate the Al-guided workflow in addition to
the scientist-driven workflow, we consider an additional
feedback loop where the RO dataset is given to an Al for
processing (see Fig. 1, bottom). For example, for EDBO
(Experimental Design via Bayesian Optimization) [5]
the RO dataset can be augmented with the AI predic-
tions for each possible experiment and the correspond-
ing uncertainty with which the prediction was made (e.g.,
predicted yield and variance). These predicted values are
fed into a so-called acquisition function to decide which
batch of experiments to perform next. In addition to pre-
diction outcomes, XAI methods can be used to add any
kind of AI explanations that might be helpful to under-
stand the optimization process (e.g., SHAP values tell us
which parameters of an experiment were important for
the prediction).
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Fig. 1 Outline of an iterative RO workflow. Scientists analyze RO data (i) and choose a batch of experiments to be performed (ii). The experiments
are carried out in the lab (jii), and RO data is updated with the measurements from the experiments (iv). In a follow-up step, scientists analyze
the updated data (i), and a new batch of experiments is selected (ii). The RO dataset can be augmented with data from Al models (blue). CIME4R

aids the analysis of RO data and facilitates informed decision-making

From looking at this workflow, it becomes clear that
the RO dataset becomes increasingly complex with
every optimization iteration. In this work, we propose
CIMEA4R, a novel visual analytics tool that aids scientists
in analyzing RO data. It helps scientists to make informed
decisions during the RO campaign and to review RO
campaigns in retrospect, especially in the realm of AI-
guided RO. CIMEA4R is open-source to allow the commu-
nity to enhance the tool and share their input.

User tasks and challenges

We identified two points in time at which scientists
require analysis of RO optimization data: during and
after the optimization process. During RO, scientists
have to decide on the next batch of experiments based on
all the data from the current and previous cycles. Scien-
tists must be able to balance exploration (i.e., collecting
new information about unseen regions) and exploitation
(i.e., optimizing within a known, high-performing region)
of the parameter space, as otherwise the RO campaign
is prone to stopping at a local maximum without having
considered most of the reaction space. With Al-driven
RO, exploration and exploitation are balanced implicitly
with the use of acquisition functions. However, users of
Al models have to understand the predictions of their
models such that they can judge their actual perfor-
mance and shortcomings [9]. Only then can users decide
whether it is better to follow an AIs suggestion or to
overrule it and rely on their own experience. In summary,
scientists should be able to understand the RO campaign
to make informed decisions. For Al-guided RO, scientists
should be able to effectively combine their own chemi-
cal intuition with an Al model’s computations to make

an informed decision on the next batch of experiments.
After the RO campaign, scientists want to learn from the
collected RO data to gain insights for future RO cam-
paigns. In scenarios where unsatisfactory results have
been reached, scientists need to be able to identify the
problem with their own or an ATI’s decision. If the results
are satisfactory, chemists can learn from their colleagues
or the AI model’s decisions and improve their own
understanding and intuition. Therefore, scientists should
be able to effectively review the entire RO campaign to
see whether the problem was approached in a useful way
or whether bias in decision-making led to a suboptimal
solution.

We identified four main analysis tasks (T) and their
associated challenges (C) that are critical for scientists to
achieve these goals and that guided the development of
CIMEA4R:

(T1) Comprehend a parameter space: Gain an over-
view of the extent of an RO parameter space. See which
experiments have already been explored and which have
not. Gain an overview of an Al model’s predictions of the
parameter space. See whether a model focuses on explor-
ing unseen regions of a parameter space or whether it
maximizes outcomes within known high-performing
areas.

(C1) Expomnentially growing parameter space: RO
datasets grow exponentially with with the number of
parameters that are optimized. For example, if we seek
to optimize temperature, base, and solvent, and for
each of these parameters we define five values for opti-
mization, the whole combinatorial parameter space is
5%5%5 =53 = 125; if we then choose to optimize for
10 different reagents, the parameter space grows to 1250
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different experiments. This exponential growth soon
becomes a challenge from computational resource and
human perception perspectives.

(T2) Investigate optimization progression: Under-
stand how data changes over the optimization cycles.
Temporal variables are measurements—or calculations
based on such measurements—that are accumulated
throughout the optimization process. For example, after
each cycle, we add new values for measured yield to the
dataset. We can also add the model predictions that are
based on measurement results and are therefore updated
after every cycle.

(C2) Visualizing temporal data: The time series
information introduced adds a new layer of complexity to
the dataset. Visualizing a mix of static and temporal data
is not straightforward and requires careful consideration
in the design process.

(T3) Identify critical factors: 1dentify which (combi-
nations of) parameter values are predictors for a high/
low target value (e.g., yield). Identify which parameters
an Al model deems important for predicting a high/low
target value.

(C3) Interaction of parameter values: Sometimes,
particular parameter values have a positive or negative
effect on an objective (e.g., for a particular reaction, high
temperature may always give a better or low tempera-
ture may always give a lower yield). However, typically,
parameters interact with each other and only particular
combinations of parameter values give good results. For
example, low temperature results in a high yield only
when combined with a specific substrate, and in a lower
yield with any other reagent. Determining these correla-
tions is an essential part of understanding the optimiza-
tion problem and the parameters used.

(T4) Understand model predictions: Understand
which parameters were most important for an AI model’s
prediction and whether this information overlaps with an
expert’s judgment. Detect and overcome possible flaws
and shortcomings of Al models to make informed deci-
sions on the next batch of experiments. Learn from Al
reasoning and enhance expert knowledge about reaction
parameters.

(C4) Data uncertainty: The RO campaign may start
with no prior measurement data or direct knowledge of
the reaction to be optimized. Only after the first cycle of
experiments (randomly chosen or chosen by experts) do
we have a small set of measurement data that is used to
model the whole parameter space. Estimations of a new
experiment that is close to those already performed can
be made with higher confidence than experiments that
fall within an unexplored area. The optimization process
is usually a trade-off between exploring uncertain areas
of the parameter space and exploiting slight variations
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in the parameter values of experiments that previously
performed well. It is therefore important to illustrate the
estimation of a value together with the (un)certainty of
the estimation [30, 31].

Design

CIME4R extends CIME [15], a system developed for
exploring and comparing Explainable Artificial Intelli-
gence (XAI) outputs from chemical AI models. In con-
trast to CIME, CIME4R was developed for analyzing RO
datasets, supporting scientists in their decision-making,
and making Al-guided RO better understandable. It
visualizes large and high-dimensional parameter spaces
and is able to handle iterative and uncertain data, which
is essential for analyzing RO data. CIME4R was devel-
oped by visualization experts in close collaboration with
chemists. Throughout design and implementation, we
continuously tested CIME4R in terms of its usability and
usefulness for the intended tasks. For testing we chose
a subset of the deoxyfluorination dataset with results
from EDBO by Shields et al. [5]. Finally, we confirmed
the usefulness of CIME4R using two different datasets,
as described in Sect. 4. All datasets and their creation
scripts are available online [32]. In the following subsec-
tions, we elaborate on the design choices we made to sup-
port users in executing their tasks (as defined in Sect. 1.2)
to meet their RO goals.

Data filtering

To handle large datasets (C1), we decided to imple-
ment filtering and aggregation strategies. We use filter-
ing to allow users to choose a meaningful subset of the
parameter space that is relevant to their analysis. Most
visualizations are based on the filtered data subset. How-
ever, to gain a better understanding of the entire dataset,
CIME4R provides additional visualizations that show
aggregations of the full data. Figure 2 gives an overview
of which visualizations and computations operate on
a filtered subset, an aggregation of the dataset, or the
whole dataset.

In addition to the filtering functionality, we allow users
to define exceptions to filters. In other words, although
a set of experiments is not included within the specified
filter, an exception can be made to include them. This was
implemented to help users to analyze data in more detail,
for example, when users want to explore a particular area
of the parameter space in more detail without changing
the remaining filtering.

Projection view

We utilize dimensionality reduction (DR) to gain an over-
view and be able to comprehend a parameter space (T1).
This generates a two-dimensional space that is visualized
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Fig. 2 Overview of CIME4R’s main components and the type of data that flows through each component. We differentiate between using
the entire dataset (solid grey arrow), an aggregation of the dataset (green dashed arrow), and a filtered subset of the dataset (purple dashed arrow)

in the projection view [15]. In addition to choosing from
UMAP!, t-SNE?, or PCA3 as DR techniques, users can
specify which features are more or less important than
others by applying weights to the variables. By exploring
a variety of weightings, users can analyze the parameter
space under various perspectives and pick the one that
best facilitates the analysis (see Supplementary Material,
Additional file 1 for details).

CIMEA4R includes two views that show this two-dimen-
sional projection of the parameter space (see Fig. 3A): (i)
A scatter plot visualizing the filtered subset, where each
experiment corresponds to one point; and (if) an aggre-
gated view of the entire parameter space (i.e., all possi-
ble reaction combinations), which is shown as colored
hexagonal bins in the background of the projection
view. While experimenting with a range of techniques to

! UMAP: Uniform Manifold Approximation and Projection [33]
% t-SNE: t-Distributed Stochastic Neighbor Embedding [34]
3 PCA: Principal Component Analysis.

analyze the aggregated two-dimensional space, we tried
to visualize the data as a continuous heatmap and used
interpolated values for areas without data points, simi-
lar to the landscapes shown in other work [5, 7, 35] (see
Additional file 1 for details). However, such a visualiza-
tion suggests both the presence of data (i.e., we do not
actually have values in some areas, but fill the space with
calculated values) and continuity of data (i.e., assuming
that there is a continuous change between experiments in
a parameter space) where they do not exist, which might
mislead users. After careful consideration, we chose dis-
crete bins to show the aggregated values. We decided to
use hexagonal bins as a trade-off between squares, which
are space-filling, and circles, which have borders with a
uniform distance to the center [36, 37]. To give the aggre-
gated view more flexibility, we implemented the hex bins
to dynamically adapt to the zoom level. This means that
users gain an abstract overview at first, but when zoom-
ing in the hex bins become more fine-grained, making
the view more detailed (see Additional file 1 for details).
Overall, the projection view gives users an overview of



Humer et al. Journal of Cheminformatics (2024) 16:51

Page 6 of 19

®

@2 predicted_yield

Difference

F

Summary

base_equiv_exp_param

solvent_SMILES_index_exp_p.
PhMe

sulfonyl_equiv_exp_param

base_SMILES_index_exp_param

- BTMG
- MTED

sulfonyl_fluoride_SMILES_ind.
3-5-dCF3-Ph

sulfonyl_fluoride_SMILES_index_exp_param
- pranse

base_SMILES_index_exp_para.
BTMG

base_equiv_exp_param
temperature_exp_param erpp

# solvent_SMILES_index_exp_p. temperature_exp_param

The chosen feature consists of tw
Switch encodin
© Hue Saturation
men g o
wooo ®

max v min ~

cycle PhMe

—] substrate_concentration_exp_. = - =
substrate_concentration_exp_param

|

base_equiv_exp_param

base_SMILES_index_exp_para
MTBD

sulfonyl_equiv_exp_param

Al afa|a|alalll 4slal<ulw

~| temperature_exp_param

Fig. 3 The CIME4R's user interface showing the (A) projection view, which gives an overview of the reaction-parameter space, (B) aggregation
settings side panel, where users can adjust the visual encodings of the hexagonal bins in the projection view, (C) tabular view with LineUp,

which gives details about each experiment, (D) temporal columns and (E) summaries in LineUp, and (F) summary view, which shows similarities
and differences of sets of experiments. This example shows the results of Bayesian RO of a deoxyfluorination reaction examined by Shields et al. [5]

the entire parameter space of the dataset in two dimen-
sions and a more detailed view of the filtered subset,
helping them to comprehend a parameter space (T1).

The visual encoding of points in the scatter plot and
hexagons in the aggregation can be changed to better
comprehend a parameter space (T1) in the two-dimen-
sional space and identify critical factors (T3). For exam-
ple, users can choose to encode the size of points in the
scatter plot by temperature or choose a color encoding to
distinguish between high and low yields. The aggregation
hexagons can, for example, be colored by the value of
the acquisition function to see which area in the param-
eter space the model deems best to be explored next.
This functionality can also be used to understand model
predictions (T4).

To analyze temporal data (C2) in the projection view,
we integrated a slider that allows users to easily navi-
gate step-wise through time and see how the values in
the parameter space change with each cycle (see Fig. 3B).
Animating over time steps or switching between time
steps helps to gain an overview of the changes happen-
ing in the parameter space. However, showing changes
consecutively may raise the problem of change blind-
ness, where small but possibly important changes escape
users’ perception [38]. For a simultaneous view of one or
several time steps, we developed the option of juxtapos-
ing multiple projection views (see Additional file 1 for
details). This allows users to compare in more detail how

values change with each cycle and to investigate iterative
data (T2).

Finally, to show uncertain data (C4) in the hexagonal
bins, we make use of bi-variate color mapping and VSUP
(value-suppressing uncertainty pallets [30]). Bi-variate
color mapping is a technique that combines two princi-
ples of color encoding to represent two variables simulta-
neously (i.e., one variable is mapped as a variation of hue
and the second as varying saturation, which results in a
2-d matrix of a mix of hues and saturation). As an alterna-
tive to the standard bi-variate color mapping, we chose to
also implement VSUP, which is particularly useful if data
contains uncertainty. A VSUP color map is represented
in the form of a wedge, as shown in Fig. 3B. The layers of
the wedge represent the uncertainty of the data (i.e., the
further from the center, the lower the uncertainty). The
rationale behind this design choice is that values that are
uncertain do not have to be as distinguishable from each
other as those with high certainty. For example, a model
predicts the yield for every possible experiment; the vari-
ance/uncertainty depends on the data already available in
a specific region of the parameter space. High variance
of the model’s prediction indicates that this part of the
parameter space has not yet been adequately explored
and insufficient data points are available to model it well,
which makes the actual predicted value less important.
The advantage that comes with VSUP is that values with
higher certainty are represented with a higher number of
distinct hues, and values with lower certainty have fewer
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critical factors in an optimization process. Each line represents the conditions of one reaction, lines highlighted in red represent reactions that have

been manually selected due to having a high yield (purple selection)

bins. This helps users to utilize and understand model
predictions (T4).

As an alternative to bi-variate color mapping and
VSUP, uncertainties could also be explicitly encoded in
a second visual channel [30] (e.g., visualizing the value
as face color and the uncertainty edge color of the hexa-
gons). However, separate encoding of value and uncer-
tainty increases the complexity of a visualization and
users’ cognitive load. If users want to see the values and
uncertainties anyway, parallel views can be used to show
the data separately.

Tabular view

For a detailed view of the parameter space, we decided
to include a LineUp table [39]—an interactive visualiza-
tion for tabular data—and modified it to make it suitable
for reaction optimization data (see Fig. 3C). The LineUp
table allows users to view the parameters and values (col-
umns) for each experiment (rows) that is shown in the
scatter plot, enabling users to see more detailed infor-
mation about each experiment. Its interactive features
let users select, sort, filter, rank, or group by columns to
explore the data.

To visualize temporal data (C2) in LineUp, we accumu-
late the temporal columns that belong together and show
them in a single one-dimensional heatmap (see Fig. 3D).
For example, all values of the acquisition function for
each cycle are visualized in one heatmap that changes

colors corresponding to the timesteps along the x-axis*.
The progression over time is thus visualized in a compact
way and users can investigate iterative data (T2).

Since LineUp does not support simultaneous repre-
sentation of temporal data (C2) and uncertain data (C4),
we developed a custom LineUp column that shows the
mean predicted value after each cycle as an interactive
line chart and the uncertainty of the prediction as an area
around the line (see Fig. 3D). This column helps users
to understand how a model’s prediction developed over
time and to understand model predictions (T4).

To identify critical factors (T3), users can use LineUp’s
aggregation functionality to view summaries for groups
of experiments (see Fig. 3E). For example, users can iden-
tify the top 10 experiments in terms of predicted yield.
They can then compare the summaries and find which
parameter values might result in a high predicted yield.

For analyzing the interaction of parameter values (C3),
we implemented a parallel coordinates view. Users can
interactively select parameter values of interest, and
the parallel coordinates plot highlights the correlations
between the parameter values, as shown in Fig. 4. Users
can thus determine which parameters or combinations of
parameters predict a higher/lower yield, which makes it
easy to identify critical factors (T3).

Both tabular views are linked to the projection view via
selection. This means that users can select experiments in
one view, and the corresponding points are automatically

* For diverging data (i.e., data with a meaningful center), such as SHAP val-
ues, we use a diverging color scale (i.e., a blue-white-red gradient) as shown
in Fig. 3D



Humer et al. Journal of Cheminformatics (2024) 16:51

highlighted in the other view, which combines the
strengths of both views in an interactive way.

Summary view

The summary visualization shows the distributions of
feature values for selected experiments and compares
them to the distributions of the remaining data (see
Fig. 3F) [18]. This can be done not only for the filtered
subset, but also for the entire dataset to support handling
of large datasets (C1). By selecting the clusters formed
during the projection, users can explore the projection
space to comprehend a parameter space (T1) and form
an intuition. They can also inspect experiments to see
which parameter values, or combinations thereof, predict
a high yield and thus identify critical factors (T3).

To inspect the interaction of parameter values (C3),
users can see the differences between groups of experi-
ments (e.g., experiments with high yield vs. experiments
with low yield) in the group comparison view. This view
shows the summary visualization for each of the groups
that are compared, and additionally a visualization that
explicitly shows the difference between two groups. For
example, in Fig. 3F, when comparing the group of high-
yielding experiments with the group of low-yielding
experiments, the base and sulfonyl fluoride compounds
and base equivalents differ most between the two groups.
To keep the visualization simple, only the feature val-
ues that have large changes between the two sets are
displayed (e.g., for the base, only the changes of BTMG
and MTBD compounds are displayed). The group com-
parison helps users to see the feature values that differ
most between two groups, making it easy to find well-
performing parameter combinations to identify critical
factors (T3).

The group comparison view can also be used to inves-
tigate iterative data (T2). More concretely, users can
compare the experiments chosen for each cycle and see
the differences between the cycles. This aids users in
understanding how the decision-making evolved over the
whole iterative process of RO.

Implementation
The front end of CIMEA4R is a React [40] app and uses the
Projection Space Explorer [41] (PSE) library. This library
provides a general layout for interactive web applica-
tions that utilize projections to explore a data space. The
individual components of the app can be customized to
specific use cases. In the course of developing CIME4R,
we modified the PSE library to make it more flexible and
accommodate further customization of its features and
components.

The back end server is a python application that uses
Flask [42] to serve the APIL For molecule computations
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and rendering, we used the RDKit [43] python library.
We added a back end component to allow handling of
large datasets (C1), which come with RO tasks. To cope
with these large datasets (C1) and avoid memory issues,
the data has to be either (i) processed in chunks of
smaller pieces of data, (if) filtered to a subset of the whole
dataset, or (iii) aggregated to reduce the overall size of
the dataset. All of these optimizations are done in the
back end after the dataset has been uploaded. Figure 2
gives an overview of which CIME4R components use the
whole dataset, aggregations of it, or a filtered subset.

Data processing

Datasets must be provided in CSV format (comma-sep-
arated values), where each row corresponds to one par-
ticular combination of parameter values (i.e., one possible
experiment). In addition to the parameter values, other
relevant data can be included for each experiment: meas-
ured target values if available for this experiment (e.g.,
measured yield); the cycle in which the measurement was
performed; the predicted target value for each cycle (e.g.,
predicted yield of an experiment); explanations for model
predictions (e.g., SHAP [13] values that indicate which
parameter values were important for this prediction); and
any other information that might be of interest to users.

Columns can be named arbitrarily; however, some spe-
cial column names and modifiers are recognized by the
back end and used during processing. This helps with
customizing the treatment of some variables.” Exam-
ples of dataset creation and a description of all modi-
fiers are linked directly in CIME4R and the official user
documentation [44].

After uploading a dataset to the back end,® the data is
saved in chunks to a PostgreSQL [45] database for eas-
ier and faster access in future requests. When the data-
set is saved, the front end can request a filtered subset or
aggregations of the dataset from the back end to use for
the visualizations.

Projecting data

While users can choose the type of dimensionality reduc-
tion (i.e., UMAP [33], t-SNE [34], and PCA) and adjust
the projection parameters in the UI, the computations
are done in the back end. Performing the computations
in the back end allows us to project the entire dataset and
not just the subset displayed in the front end. For large
datasets, it is computationally unfeasible to project the

% For example, columns that are part of time-series data should end with an
underscore followed by a time step (e.g., acquisition_0, acquisition_1, and so
on, containing the values of the acquisition function at cycle 0, 1, etc.).

6 The CSV file may be zipped before uploading to reduce the file size.
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Fig. 5 Reaction scheme for the Buchwald-Hartwig reaction used as the dataset for case study 1 [48][5]

entire data at once. In these cases, we first reduce the
number of features with an incremental version of PCA
that processes the data in chunks. The resulting lower-
dimensional features can then be used as input to UMAP
or t-SNE. For a comparison of projections with and with-
out chunking, see Additional file 1. Users can choose
between Euclidean (for numerical data), Jaccard (for
categorical data), and Gower [46] (for mixed data types)
as distance metrics for the projection. Since Gower’s dis-
tance is not included in the python libraries that we used
for dimensionality reduction, we implemented it as a
function that produces a pre-computed similarity matrix.
Similarly, to enable the assignment of custom weights to
features, the similarities must be pre-computed. Occa-
sionally, the projected space results in overlapping points.
We added an overlap removal method to reduce overlaps
in the scatter plot [47].

The two-dimensional space is visualized in the front
end using a scatter plot for the filtered subset of the data
and hexagonal bins for an aggregated view of the entire
dataset.

Aggregating data

We modified the PSE library to accept additional custom
layers in the projection view that are rendered above or
below the scatter plot layer. Thus, we were able to imple-
ment a layer that shows an aggregation of the entire data-
set using hexagonal bins as the background of the scatter
plot. To compute the aggregations, we implemented a
function that determines whether the coordinates of a
point are contained in the hexagon at a certain position.
All values that are contained in a particular hexagon are
then aggregated by a user-defined aggregation function
(i.e., min, max, median, mean, or count). All computa-
tions are done in the back end, and only the aggregated
values and the coordinates of the hexagon centers are
served to the front end.

Results

In this section, we describe the results of three case stud-
ies. These were conducted by four collaborators (three of
them authors), who are experts in the field of chemical
RO. We prepared two datasets [32] to be analyzed by the
experts, who then used CIME4R for (i) understanding
and learning from RO campaigns in retrospect (with and
without Al-generated data), and (i7) human—AlI collabo-
rative decision-making. All experts performed their anal-
yses independently of each other. The following sections
summarize the most important insights and show how
CIMEA4R can be utilized.

Case study 1: Buchwald-Hartwig reaction—learning

from and understanding a fully measured RO space

In the first case study, we asked the chemists to use
CIMEA4R to understand a reaction space that had been
fully tested experimentally. We chose a subset of a Buch-
wald-Hartwig reaction dataset performed and reported
by Ahneman et. al. [48]. As shown in Fig. 5, this reaction
involves four categories of compounds (three aryl halide
substrates, three bases, four ligands, and 22 additives),
with a sample of 792 experiments performed. We visual-
ized the experiments in CIME4R by means of a weighted
t-SNE projection using the experiment parameters and
their associated descriptors (see Additional file 1 for
details).

Using the selection and summary tools available in
CIMEA4R, the chemists were able to quickly identify and
understand the clusters of experiments in the projection
view (T1), as shown in Fig. 6. Each of the nine main clus-
ters represents the combination of one aryl halide and
one base. Within each cluster, four sub-clusters exist,
each of which represents the use of one ligand, and the
remaining points within each sub-cluster represent the
various additives used.
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and the clusters formed during the projection (T1)
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Fig. 7 LineUp visualization of the 10 best-performing reaction conditions, sorted from highest to lowest by measured yield. Users can determine

which factors of a reaction contribute positively to the yield (T3)

By color-encoding each point in the scatter plot with
the measured yield, the chemists were able to easily iden-
tify that lower yields were achieved with the aryl chloride
substrate than with the aryl bromide and iodide sub-
strates. To identify the reactions with the best conditions,
they used LineUp and ordered the experiments by the
measured yield, as shown in Fig. 7. Here they observed
that the aryl iodide substrate with MTBD as a base and
PdO-Ad-BrettPhos as the catalyst gave the best yield,

with multiple options for the additives providing a high
yield (T3).

Although the aryl chloride gave a lower yield on aver-
age, it may be interesting to determine what conditions
are successful for this substrate; for example, the aryl
chloride substrate may be more favorable for cost or
availability reasons. Therefore, the chemists looked into
which suitable reaction conditions are able to transform
the aryl chloride substrate into the desired product.
Using the parallel coordinate visualization (see Fig. 8),
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Fig. 9 Reaction scheme for the direct arylation reaction used as the dataset for case studies 2 and 3 [5]

the chemists observed that for a moderately high yield,
PdO-t-Bu-C-Phos was the best-performing ligand and
performed well with all bases. This was in contrast to the
aryl iodide substrate, which gave high yields with three
possible ligands, but not with PyEt as the base.

Case study 2: direct arylation reaction—learning

from and understanding an RO campaign in retrospect

In this case study, we asked the chemists to use CIME4R
to explore and retrospectively understand a chemical
RO campaign. We used the direct arylation optimiza-
tion that was performed by Shields et al. [5], as shown
in Fig. 9 with their proposed EDBO model [49]. This
reaction involves three categories of compounds (12
ligands, four bases, and four solvents) and two numeric
variables (three temperatures and three concentrations)
resulting in a pool of 1728 experiments. The reaction
was optimized with EDBO over eight iterations with
five experiments per iteration. To prepare the data for
CIME4R, we created a dataset that contained all possi-
ble experiments and—where the experiments had been

performed—measurements. We then added the means
and standard deviations of the yield predictions by
EDBO and the corresponding values from the acquisition
function for each cycle. Finally, using the Kernel SHAP
method [13], we also calculated the SHAP values of the
EDBO input features for each cycle. The code for creating
this dataset is publicly available [32]. We visualized the
experiments in CIME4R by means of a weighted t-SNE
projection using the experiment parameters and SHAP
values (see Additional file 1 for details). Figure 10 shows
CIMEA4R’s projection view of the dataset (T1) and its
development throughout the RO campaign (T2).

While investigating this dataset in CIME4R, the chem-
ists made several discoveries that helped them to under-
stand the EDBO campaign (T4). After performing five
initial random experiments (cycle 0), the chemists dis-
covered that EDBO prioritized experiments with the
best-performing ligand up to this point (tBPh-CPhos) for
the next three cycles. This development can be seen in
the LineUp overview (see Fig. 11 A) and in the projection
and summary views of the corresponding cycles (Fig. 12).
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Fig. 11 LineUp overview of the reactions performed, their measured yields, and calculated SHAP values, grouped by cycle (0-7) and ordered
by measured yield. After a random initialization in cycle 0, EDBO prioritized experiments with the currently best ligand (A) for the next three
cycles. In cycle 4, EDBO explored different ligands, but for fixed base and solvent (C). Finally, EDBO managed to find a yield of 100% by exploiting
the best-performing yield found in cycle 4 (D). EDBO’s choice of parameters and the development of the SHAP values (B1-5, E) aid users

in understanding the model’s decisions (T4)
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The chemists found one cluster of potential experiments
that contain the best conditions up to this cycle (i.e., the
combination of a tBPh-CPhos ligand, DM Ac solvent, and
KOACc base), which resulted in experimental yields from
67 to 89%. The importance of ligand, solvent, and base to
the current EDBO prediction was also indicated by the
positive (pink) SHAP values seen in the first four cycles
of the reaction (see Fig. 11 B1-B3). In contrast, the SHAP
values of temperature and concentration indicated mini-
mal contribution to the prediction (Fig. 11 B4—B5).

From cycle 4 onwards, the algorithm selected only one
more experiment that used the best ligand up to this
point (tBPh-CPhos). Evaluation of this experiment found
a measured yield close to the predicted yield (cycle 3 pre-
diction: 67%; actual yield in cycle 4: 77%). This improved
prediction accuracy—as well as a general reduction in the
uncertainty of the model (see Fig. 10 Cycle 4)—suggests

that this area had been exploited sufficiently for EDBO to
move on to explore other parts of the parameter space.
The remaining experiments in cycle 4 explored new
ligands whilst keeping the choice of base (KOAc) and sol-
vent (DMAc) consistent with the base and solvent com-
bination that had performed best up to that point (see
Fig. 11 C).

Cycles 5 to 7 focused on exploiting the best ligand
found in cycle 4 (CgMe-PPh) (see Fig. 11 D). The change
in feature importance and strategy of EDBO was also
observed to contrast sharply with the ligand SHAP val-
ues, which changed after cycle 4, as shown in Fig. 11 E.
In particular, the ligand from cycles 1 to 3 seemed then
to have a negative (blue) impact on the predicted yield,
while the new ligand changed from little (white) to high
(pink) impact.
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Fig. 14 Projection view with all possible experimental points colored by their: (a) yield prediction and (b) prediction uncertainties after cycle 7.

Potential local maxima are indicated by green circles

The optimization campaign was stopped after cycle 7
once an experiment had been found that achieved 100%
yield. The chemists were not only interested in the best-
performing experiment, but also in exploring all reac-
tions predicted to give a high yield (T3). To this end, the
parallel coordinate feature of CIME4R and the PSE dis-
playing the predicted yield after cycle 7 were utilized, as
shown in Fig. 13 and Fig. 14. In this case, it was found
that yields greater than 90% were predicted only for reac-
tions using CgMe-PPh as the ligand with either DM Ac or

BuCN 7 as the solvent, with the base depending on the
solvent selected. The numeric components were found to
be less influential, and over 90% yield could be achieved
with any of the given concentrations greater than 0.1 M
and temperatures of 105°C or higher, which suggests a
robust range of operating conditions. In addition to the
global optimum, local maxima in the parameter space, as

7 In accordance with Ahneman et al. [5], we use the potentially incorrect
abbreviation BuCN, which we assume to refer tobutyronitrile.
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Fig. 15 Projection of parameter space, aggregated by predicted yield and standard deviation after cycle 4 of the optimization process

shown in Fig. 14, might also be of interest. Visualizing the
predicted yield for all possible experiments highlighted
three maxima in the parameter space. This can be useful
to know if the global maximum defines conditions that
are operationally undesirable, for instance, if workup or
isolation of the desired product becomes problematic.

Case study 3: direct arylation reaction—human-Al
collaboration to select the next experiments

In the final case study, we tested to what extent CIME4R
can facilitate the collaboration between humans and
Al For the same dataset as in case study 2, optimiza-
tion was stopped after cycle 4, and we asked the chem-
ists to decide on the next batch of five experiments using
insights gained through CIME4R from EDBO and their
own professional knowledge and intuition.

First, the chemists used the projection view to deter-
mine which areas of the parameter space had previ-
ously been explored, and the yield predictions (mean
and standard deviation) from the latest model were dis-
played using the hex bins (T1), as shown in Fig. 15. Three
ligands were identified that had a high uncertainty in
yield prediction, as no experiments had been performed
in these areas; therefore, the chemists all selected to run
at least one experiment using one of these unexplored
ligands; for example, in one case JackiePhos was selected.

Then the chemists visualized the value of the acquisi-
tion function to see which experiment had the highest
priority according to the EDBO algorithm and should
thus be performed next to identify critical factors (T3),
as shown in Fig. 16. The highest values for the acquisition
function were obtained for the most recent discovered
optimal ligand (CgMe-PPh) and the previously best sol-
vent/base combination: DM Ac/KOAc. Since these exper-
iments required only temperature and concentration to
be varied, the chemists decided to take a sample of exper-
iments from this area using temperature and concentra-
tion combinations that had not yet been studied under
these conditions (e.g., a low temperature and high con-
centration). For the remaining experiments, the chemists
stated they would decide between exploring other ligands
that had not yet been explored or changing the base and
solvent with the best ligand up to this point.

All chemists felt that they would have decided differ-
ently if they hadnt used CIME4R. Without CIMEA4R,
they would either have chosen all experiments based
on their chemical intuition or run the experiments sug-
gested by the EDBO algorithm. Comparison of the next
batch of experiments chosen by the chemists to those
selected by EDBO revealed some differences in terms of
approach. While both the chemists and EDBO focused
on exploiting the currently best ligand (CgMe-PPh), only
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the chemists explored alternative ligands that had not yet
been used in the optimization campaign.

Limitations and future work

As CIMEA4R is the first step towards better visualiza-
tion and exploration of chemical reaction optimization
campaigns, we envision an open-source community
project that will improve and extend the functional-
ity of CIME4R in the future. A major—and probably
the greatest—limitation is the complexity of CIME4R.
The learning curve is steep, and even after having been
shown examples of all the tool’s features, users some-
times struggle to utilize CIME4R to its full potential.
Currently, user guidance is implemented as compre-
hensive descriptions and hints for all functionalities
directly in the tool. As part of future work, we will seek
to reduce the steepness of the learning curve by apply-
ing best practices for how to onboard users (e.g., guided
tours) and refining the visualizations such that they are
unambiguous to the users (e.g., the difference visuali-
zations seemed to have caused confusion about what it
shows). We also plan to investigate how scientists use
the tool in order to determine, which parts of the tool
cause particular difficulties and which workflows could

be automated to reduce users’ overhead. For example,
in the case studies, we found that scientists frequently
explored the iterations of the RO campaign. Consid-
erable overhead is involved in adjusting all views to
show one particular cycle of experiments. This could be
optimized with a global time slider that automatically
adapts all views to show the selected cycle.

Another limitation is the integration of CIME4R into
existing infrastructure and workflows (i.e., how to feed
the data into the tool). The data must be processed in a
specific way to allow CIME4R to handle it properly. We
plan to automate this process. Ideally, we would like to
have an automated workflow that takes the data created
in the experiments—optionally including additional data
by an Al model—transforms it into the right format, and
visualizes everything with CIME4R.

CIME4R has been tested on single-objective data-
sets only. The analysis of datasets with multiple objec-
tives (e.g., optimizing for yield and temperature) is not
yet properly supported. Although limited integration of
multiple objectives in CIME4R would be feasible, more
sophisticated approaches are necessary for their proper
analysis [28].
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To reduce memory usage, which is essential when
dealing with large datasets, we had to implement strat-
egies that come with the drawback of longer process-
ing times. In the future, we will optimize the runtime of
these processes wherever possible to reduce latency and
make CIME4R more responsive when working with large
datasets.

Recognizing the importance of analyzing dynamically
generated data (i.e., iteratively adding new information),
we plan to develop a function that allows this kind of data
to be added to a dataset previously uploaded to CIME4R.
For example, a dynamic change could be the addition
of measurement data after a cycle has been finished.
Another dynamic change could occur in the parameter
space itself, for example, by adding parameters or chang-
ing parameter values.

In addition to potential improvements to CIME4R
itself, there is also unexplored potential in the datasets
generated for analysis in CIME4R. For example, one area
of interest may include time-series data that arise from
sampling a reaction at multiple time points. Further,
aspects of a reaction’s work-up, isolation, and crystal-
lization have not yet been explored in CIME4R. In rela-
tion to users understanding the optimization algorithms
employed, other XAI features, such as SHAP interac-
tion values, could be calculated for the dataset, and any
parameters used for the optimization—for example, if
the alpha parameter is varied in Bayesian optimization—
could also be exported.

Finally, we evaluated CIME4R with three case stud-
ies. We decided on this approach because a quantitative
study was not feasible at this point. Recruiting experts to
participate in a study is often not easy and observational
studies require a smaller number of participants [50] (in
our case four experts). However, as we develop CIME4R
further to better accustom user needs, we should also
employ larger experimental studies where we evaluate
CIMEA4R with qualitative and quantitative data.

Conclusion

We have introduced CIME4R, an open-source, interac-
tive tool that allows scientists to explore and understand
chemical reaction optimization data. Users can navigate
and analyze large, high-dimensional reaction parameter
spaces to find high-performing experiments, understand
the influence of various parameters on the objective,
and make informed proposals for the next set of experi-
ments. In the case of Al-guided reaction optimization,
users can explore and thus better understand predic-
tions made by an Al model. Scientists can combine this
information with their own experience to make better
decisions on the next experiments to be performed and
thus gain from human-AI collaboration. We designed
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the tool to accommodate the tasks and challenges that
reaction optimization data bring. In three case studies,
we tested CIME4R’s usefulness in aiding domain experts
with (i) understanding and learning from RO campaigns
in retrospect, and (ii) human-AlI collaborative decision-
making. We found that domain experts successfully used
CIMEA4R to complete the case studies and produced valu-
able insights from the datasets. Despite the steep learn-
ing curve involved, we are confident that scientists will
benefit from using CIME4R to analyze their chemical RO
data and that use of CIME4R will allow better integration
of Al-guided RO.

Abbreviations
Al Artificial intelligence

CIME Cheminformatics Model Explorer

CIME4R  CIME for reaction optimization

csv Comma-separated values

DoE Design of experiments

DR Dimensionality reduction

EDBO Experimental design via Bayesian optimization
HTE High-throughput experimentation

M Molarity

MTBD 7-Methyl-1,5,7-triazabicyclo[4.4.0]dec-5-ene
OFAT One factor at a time

PCA Principal component analysis

PSE Projection Space Explorer

RO Reaction optimization

SHAP Shapley additive explanations

t-SNE T-distributed stochastic neighbor embedding

Ul User interface

UMAP Uniform manifold approximation and projection
VSUP Value-suppressing uncertainty pallets
XAl Explainable Al

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/513321-024-00840-1.

Additional file 1. Additional File 1 includes further details about the
design and case studies of CIME4R.

Acknowledgements

This work was supported by the JKU Visual Data Science Lab and Bayer AG. We
thank Niklas Holter for support in the early testing of CIME4R and for partici-
pating in the case studies. We thank Dominic Girardi for Ul testing. We thank
Ingrid Abfalter for scientific editing.

Author contributions

GV, HH, TW, JHi, and JHe conceived the initial idea. All authors were actively
involved in the discussions, planning, and design process. CH, MH, and MP
developed the tool. CH prepared the initial dataset that was used throughout
the development process. RN, GV, TW, JHi, and ML tested the system. RN pre-
pared the datasets for the case studies. RN, ML, and JHi analyzed the data of
the case studies with CIME4R. RN prepared the first draft of the corresponding
sections. CH wrote the first draft for the remaining sections. CH, HH, RN, and
MS thoroughly reviewed early stages of the manuscript. All authors reviewed
the final manuscript.

Funding

This work was supported in part by Bayer AG, the State of Upper Austria and
the Austrian Federal Ministry of Education, Science and Research via the LIT—
Linz Institute of Technology (LIT-2019-7-SEE-117), and the Austrian Science
Fund (FWF DFH 23-N). Funding by the Life Science Collaboration Program


https://doi.org/10.1186/s13321-024-00840-1
https://doi.org/10.1186/s13321-024-00840-1

Humer et al. Journal of Cheminformatics (2024) 16:51

of Bayer AG (Projects “LSC MIC DROP"and "Explainable Al") is gratefully
acknowledged.

Availability of data and materials

The datasets we used to test CIME4R and in the case studies are available
online [32]. Project name: CIME4R—CIME for Reaction Optimization. Article
project version: cime4rV0.1.6. Project home page: github.com/jku-vds-lab/
reaction-cime. Demo website: reaction-optimization jku-vds-lab.at. Demo
video: www.youtube.com/watch?v=feqZWesf5Ws. Operating systems:
Platform-independent. Programming language: TypeScript, python. Other
requirements: the front end was tested on Chrome 119.0+ and Edge 119.0+;
the back end requires python 3.10, RDKit 2020.09.5, gower 0.1.2, hdbscan
0.8.33, opentsne 1.0.0, umap-learn 0.5.3, and scikit-learn 1.2.2. License: BSD
3-Clause License.

Declarations

Competing interests

Giulio Volpin, Henry Heberle, Julian Heinrich, Julius Hillenbrand, Maximilian
Libbesmeyer, Thomas Wolf, and Rachel Nicholls are employees of Bayer AG, a
life-science company operating in the healthcare and agriculture sectors. Marc
Streit is co-founder and equity owner of datavisyn.

Author details

'Johannes Kepler University Linz, Linz 4040, Austria. Division Crop Science,
Bayer AG, Monheim am Rhein 40789, Germany. *datavisyn GmbH, Linz 4040,
Austria. “Division Crop Science, Bayer AG, Frankfurt 65926, Germany. °Division
Pharmaceuticals, Bayer AG, Wuppertal 42096, Germany.

Received: 21 December 2023 Accepted: 5 April 2024
Published online: 10 May 2024

References

1. Taylor CJ, Pomberger A, Felton KC, Grainger R, Barecka M, Chamberlain
TW, Bourne RA, Johnson CN, Lapkin AA (2023) A brief introduction to
chemical reaction optimization. Chem Rev 123(6):3089-3126. https://doi.
0rg/10.1021/acs.chemrev.2c00798

2. Mennen SM, Alhambra C, Allen CL, Barberis M, Berritt S, Brandt TA,
Campbell AD, Castafnon J, Cherney AH, Christensen M, Damon DB, Diego
J, Garcfa-Cerrada S, Garcia-Losada P, Haro R, Janey J, Leitch DC, Li L, Liu F,
Lobben PC, MacMillan DWC, Magano J, McInturff E, Monfette S, Post RJ,
Schultz D, Sitter BJ, Stevens JM, Strambeanu II, Twilton J, Wang K, Zajac
MA (2019) The evolution of high-throughput experimentation in phar-
maceutical development and perspectives on the future. Org Process Res
Dev 23(6):1213-1242. https://doi.org/10.1021/acs.oprd.9b00140

3. Abtahi B, Tavakol H (2020) Choline chloride-urea deep eutectic solvent
as an efficient media for the synthesis of propargylamines via organocu-
prate intermediate. Appl Organomet Chem. 34:25895. https://doi.org/10.
1002/a0c.5895

4. EckertT, Klein FC, Frieler P, Thunich O, Abetz V (2021) Experimental design
in polymer chemistry-A guide towards true optimization of a RAFT
polymerization using design of experiments (DoE). Polymers 13(18):3147.
https://doi.org/10.3390/polym13183147

5. Shields BJ, Stevens J, Li J, Parasram M, Damani F, Alvarado JIM, Janey JM,
Adams RP, Doyle AG (2021) Bayesian reaction optimization as a tool for
chemical synthesis. Nature 590(7844):89-96. https://doi.org/10.1038/
541586-021-03213-y

6. Torres JAG, Lau SH, Anchuri P, Stevens JM, Tabora JE, Li J, Borovika A,
Adams RP, Doyle AG (2022) A multi-objective active learning platform
and web app for reaction optimization. J Am Chem Soc 144(43):19999-
20007. https://doi.org/10.1021/jacs.2c08592

7. Gutierrez DP, Folkmann LM, Tribukait H, Roch LM (2023) How to acceler-
ate R&D and optimize experiment planning with machine learning and
data science. Int J Chem 77(1/2):7. https://doi.org/10.2533/chimia.2023.7

8. Braconi E, Godineau E (2023) Bayesian optimization as a sustainable strat-
egy for early-stage process development? A case study of Cu-catalyzed
C-N coupling of sterically hindered pyrazines. ACS Sustain Chem Eng
11(28):10545-10554. https://doi.org/10.1021/acssuschemeng.3c02455

20.

21.

22.
23.

24.

25.

26.

27.

28.

Page 18 of 19

Kraus J, Scholz D, Stiegemeier D, Baumann M (2020) The more you know:
trust dynamics and calibration in highly automated driving and the
effects of take-overs system malfunction, and system transparency. J
Human Factors Ergon Soc 62(5):718-736. https://doi.org/10.1177/00187
20819853686

Krenn M, Pollice R, Guo SY, Aldeghi M, Cervera-Lierta A, Friederich P,
Passos Gomes G, Hase F, Jinich A, Nigam A, Yao Z (2022) On scientific
understanding with artificial intelligence. Nat Rev Phys 4(12):761-769.
https://doi.org/10.1038/542254-022-00518-3

. Molnar C (2019) Interpretable Machine Learning. Lulu, Lulu.com. https://

christophm.github.io/interpretable-ml-book/. Accessed 23 Sep 2022
Guidotti R, Monreale A, Ruggieri S, Turini F, Giannotti F, Pedreschi D (2019)
A survey of methods for explaining black box models. ACM Comput Surv
51(5):1-42. https://doi.org/10.1145/3236009

Lundberg SM, Lee S-1 (2017) A Unified Approach to Interpreting Model
Predictions. In: Advances in Neural Information Processing Systems, vol.
30, pp. 4768-4777. Curran Associates Inc., Red Hook, NY, USA. https://doi.
0rg/10.5555/3295222.3295230

Hohman F, Kahng M, Pienta R, Chau DH (2019) Visual analytics in deep
learning: an interrogative survey for the next frontiers. I[EEE Trans Visual
Comput Graphics 25(8):2674-2693. https://doi.org/10.1109/TVCG.2018.
2843369

Humer C, Heberle H, Montanari F, Wolf T, Huber F, Henderson R, Heinrich
J(2022) ChemInformatics Model Explorer (CIME): exploratory analysis of
chemical model explanations. J Cheminformatics 14(1):21. https://doi.
0rg/10.1186/513321-022-00600-z

LiuY, Jun E, Li Q Heer J (2019) Latent space cartography: visual analysis of
vector space embeddings. Comput Graphics Forum 38(3):67-78. https://
doi.org/10.1111/cgf.13672

Hinterreiter A, Steinparz C, Schofl M, Stitz H, Streit M (2021) Projection
path explorer: exploring visual patterns in projected decision-making
paths. ACM Trans Interact Intell Syst 11(3-4):1-29. https://doi.org/10.
1145/3387165

Eckelt K, Hinterreiter A, Adelberger P, Walchshofer C, Dhanoa V, Humer C,
Heckmann M, Steinparz C, Streit M (2022) Visual exploration of relation-
ships and structure in low-dimensional embeddings. IEEE Trans Vis
Comput Graph. https://doi.org/10.1109/TVCG.2022.3156760

. Gensch T, Passos Gomes G, Friederich P, Peters E, Gaudin T, Pollice R,

Jorner K, Nigam A, Lindner-D’Addario M, Sigman MS, Aspuru-Guzik A
(2022) A comprehensive discovery platform for organophosphorus
ligands for catalysis. J Am Chem Soc 144(3):1205-1217. https://doi.org/
10.1021/jacs.1c09718

TIBCO Spotfire®. https://www.tibco.com/de/products/tibco-spotfire.
Accessed 04 Aug 2023

Steimbach RR, Kollmus P, Santagostino M (2021) A validated, “Pool and
Split"approach to screening and optimization of copper-catalyzed C-N
cross-coupling reactions. J Org Chem 86(2):1528-1539. https://doi.org/
10.1021/acs.joc.0c02392

Datagrok. https://datagrok.ai/. Accessed 23 Mar 2024

Lead Discovery Premium | Rewvity Signals Software. https://revvitysignals.
com/products/research/lead-discovery-premium. Accessed 23 Mar 2024
Sedlmair M, Heinzl C, Bruckner S, Piringer H (2014) Visual parameter
space analysis: a conceptual framework. IEEE Trans Vis Comput Graph
20(12):2161-2170. https://doi.org/10.1109/TVCG.2014.2346321

Berger W, Piringer H, Filzmoser P, Gréller E (2011) Uncertainty-aware
exploration of continuous parameter spaces using multivariate predic-
tion. Comput Graph Forum 30(3):911-920. https://doi.org/10.1111/.
1467-8659.2011.01940.x

Potter K, Wilson A, Bremer P-T, Williams D, Doutriaux C, Pascucci V, John-
son CR (2009) Ensemble-Vis: a framework for the statistical visualization
of ensemble data. In: IEEE Conference on Data Mining Workshops, pp.
233-240. IEEE, Piscataway, NJ, USA. https://doi.org/10.1109/ICDMW.2009.
55

Torsney-Weir T, Saad A, Moller T, Hege H-C, Weber B, Verbavatz J-M,
Bergner S (2011) Tuner: principled parameter finding for image segmen-
tation algorithms using visual response surface exploration. IEEE Trans Vis
Comput Graph 17(12):1892-1901. https://doi.org/10.1109/TVCG.2011.
248

Pajer S, Streit M, Torsney-Weir T, Spechtenhauser F, Muller T, Piringer H
(2017) WeightLifter: visual weight space exploration for multi-criteria


https://github.com/jku-vds-lab/reaction-cime/tree/cime4rV0.1.6
https://github.com/jku-vds-lab/reaction-cime
https://github.com/jku-vds-lab/reaction-cime
https://reaction-optimization.jku-vds-lab.at/
https://www.youtube.com/watch?v=feqZWesf5Ws
https://doi.org/10.1021/acs.chemrev.2c00798
https://doi.org/10.1021/acs.chemrev.2c00798
https://doi.org/10.1021/acs.oprd.9b00140
https://doi.org/10.1002/aoc.5895
https://doi.org/10.1002/aoc.5895
https://doi.org/10.3390/polym13183147
https://doi.org/10.1038/s41586-021-03213-y
https://doi.org/10.1038/s41586-021-03213-y
https://doi.org/10.1021/jacs.2c08592
https://doi.org/10.2533/chimia.2023.7
https://doi.org/10.1021/acssuschemeng.3c02455
https://doi.org/10.1177/0018720819853686
https://doi.org/10.1177/0018720819853686
https://doi.org/10.1038/s42254-022-00518-3
https://christophm.github.io/interpretable-ml-book/
https://christophm.github.io/interpretable-ml-book/
https://doi.org/10.1145/3236009
https://doi.org/10.5555/3295222.3295230
https://doi.org/10.5555/3295222.3295230
https://doi.org/10.1109/TVCG.2018.2843369
https://doi.org/10.1109/TVCG.2018.2843369
https://doi.org/10.1186/s13321-022-00600-z
https://doi.org/10.1186/s13321-022-00600-z
https://doi.org/10.1111/cgf.13672
https://doi.org/10.1111/cgf.13672
https://doi.org/10.1145/3387165
https://doi.org/10.1145/3387165
https://doi.org/10.1109/TVCG.2022.3156760
https://doi.org/10.1021/jacs.1c09718
https://doi.org/10.1021/jacs.1c09718
https://www.tibco.com/de/products/tibco-spotfire
https://doi.org/10.1021/acs.joc.0c02392
https://doi.org/10.1021/acs.joc.0c02392
https://datagrok.ai/
https://revvitysignals.com/products/research/lead-discovery-premium
https://revvitysignals.com/products/research/lead-discovery-premium
https://doi.org/10.1109/TVCG.2014.2346321
https://doi.org/10.1111/j.1467-8659.2011.01940.x
https://doi.org/10.1111/j.1467-8659.2011.01940.x
https://doi.org/10.1109/ICDMW.2009.55
https://doi.org/10.1109/ICDMW.2009.55
https://doi.org/10.1109/TVCG.2011.248
https://doi.org/10.1109/TVCG.2011.248

Humer et al. Journal of Cheminformatics (2024) 16:51 Page 19 of 19

decision making. IEEE Trans Visual Comput Graphics 23(1):611-620.
https://doi.org/10.1109/TVCG.2016.2598589

29. Pattanaik L, Coley CW (2020) Molecular representation: going long on
fingerprints. Chem 6(6):1204-1207. https://doi.org/10.1016/j.chempr.
2020.05.002

30. Correll M, Moritz D, Heer J (2018) Value-suppressing uncertainty palettes.
In: Proceedings of the ACM Conference on Human Factors in Computing
Systems, pp. 1-11. ACM, New York, NY, USA (2018). https://doi.org/10.
1145/3173574.3174216

31. Kamal A, Dhakal P, Javaid AY, Devabhaktuni VK, Kaur D, Zaientz J, Marinier
R (2021) Recent advances and challenges in uncertainty visualization: a
survey. J Vis 24(5):861-890. https://doi.org/10.1007/s12650-021-00755-1

32. Humer C, Nicholls R, Heberle H, Heckmann M, Pihringer M, Wolf T, Lub-
besmeyer M, Heinrich J, Hillenbrand J, Volpin G, Streit M (2023) CIME4R
Data. OSF. https://doi.org/10.17605/OSFIO/VDA72

33, Mclnnes L, Healy J, Melville J (2020) UMAP: Uniform manifold approxima-
tion and projection for dimension reduction. arXiv Preprint arXiv:1802.
03426

34. van der Maaten L, Hinton G (2008) Visualizing data using t-SNE. J Mach
Learn Res 9(86):2579-2605

35. Reker D, Hoyt EA, Bernardes GJL, Rodrigues T (2020) Adaptive optimiza-
tion of chemical reactions with minimal experimental information. Cell
Reports Phys Sci 1(11):100247. https://doi.org/10.1016/jxcrp.2020.100247

36. Carr DB, Littlefield RJ, Nicholson WL, Littlefield JS (1987) Scatterplot matrix
techniques for large N. J Am Stat Assoc 82(398):424-436. https://doi.org/
10.2307/2289444

37. Sabando MV, Ulbrich P, Selzer M, Byska J, Mican J, Ponzoni |, Soto AJ,
Ganuza ML, Kozlikové B (2021) ChemVA: interactive visual analysis of
chemical compound similarity in virtual screening. IEEE Trans Vis Comput
Graph 27(2):891-901. https://doi.org/10.1109/TVCG.2020.3030438

38. Kosslyn SM, Osherson DN (1995) An invitation to cognitive science: visual
cognition. MIT Press, Cambridge. https://doi.org/10.7551/mitpress/3965.
001.0001

39. Gratzl S, Lex A, Gehlenborg N, Pfister H, Streit M (2013) LineUp: visual
analysis of multi-attribute rankings. IEEE Trans Vis Comput Graph
19(12):2277-2286. https://doi.org/10.1109/TVCG.2013.173

40. React: A JavaScript library for building user interfaces. Accessed: 27 Jul
2023. https://reactjs.org/

41, Heckmann M, Humer C, Steinparz CA, Pihringer M, Eckelt K, Streit M
(2023) Projection Space Explorer. Accessed: 20/12/2023. https://github.
com/jku-vds-lab/projection-space-explorer/

42. Flask: Python Web Framework. Accessed 27 Jul 2023. https://flask.palle
tsprojects.com/

43. RDKit: Open-Source Cheminformatics Software. Accessed 27 Jul 2023.
https://www.rdkit.org/

44. CIME4R User Documentation. Accessed 27 Jul 2023. https://github.com/
jku-vds-lab/reaction-cime/#documentation-cime4r

45. PostgreSQL. Accessed 27 Jul 2023. https://www.postgresgl.org/

46. Gower JC (1971) A general coefficient of similarity and some of its prop-
erties. Biometrics 27(4):857-871. https://doi.org/10.2307/2528823

47. Hilasaca GM, Marcilio-Jr WE, Eler DM, Martins RM, Paulovich FV (2021)
Overlap removal of dimensionality reduction scatterplot layouts. arXiv
Preprint arXiv:1903.06262

48. Ahneman DT, Estrada JG, Lin S, Dreher SD, Doyle AG (2018) Predicting
reaction performance in C-N cross-coupling using machine learning.
Science 360(6385):186-190. https://doi.org/10.1126/science.aar5169

49. EDBO. Accessed 01 Dec 2023. https://github.com/b-shields/edbo

50. Wu A, Deng D, Cheng F, Wu Y, Liu S (2023) In defence of visual analytics
systems: replies to critics. [EEE Trans Vis Comput Graph 29(1):1026-1036.
https://doi.org/10.1109/TVCG.2022.3209360

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.


https://doi.org/10.1109/TVCG.2016.2598589
https://doi.org/10.1016/j.chempr.2020.05.002
https://doi.org/10.1016/j.chempr.2020.05.002
https://doi.org/10.1145/3173574.3174216
https://doi.org/10.1145/3173574.3174216
https://doi.org/10.1007/s12650-021-00755-1
https://doi.org/10.17605/OSF.IO/VDA72
http://arxiv.org/abs/1802.03426
http://arxiv.org/abs/1802.03426
https://doi.org/10.1016/j.xcrp.2020.100247
https://doi.org/10.2307/2289444
https://doi.org/10.2307/2289444
https://doi.org/10.1109/TVCG.2020.3030438
https://doi.org/10.7551/mitpress/3965.001.0001
https://doi.org/10.7551/mitpress/3965.001.0001
https://doi.org/10.1109/TVCG.2013.173
https://reactjs.org/
https://github.com/jku-vds-lab/projection-space-explorer/
https://github.com/jku-vds-lab/projection-space-explorer/
https://flask.palletsprojects.com/
https://flask.palletsprojects.com/
https://www.rdkit.org/
https://github.com/jku-vds-lab/reaction-cime/#documentation-cime4r
https://github.com/jku-vds-lab/reaction-cime/#documentation-cime4r
https://www.postgresql.org/
https://doi.org/10.2307/2528823
http://arxiv.org/abs/1903.06262
https://doi.org/10.1126/science.aar5169
https://github.com/b-shields/edbo
https://doi.org/10.1109/TVCG.2022.3209360

	CIME4R: Exploring iterative, AI-guided chemical reaction optimization campaigns in their parameter space
	Abstract 
	Scientific contribution 
	Introduction
	RO data and workflow
	User tasks and challenges

	Design
	Data filtering
	Projection view
	Tabular view
	Summary view

	Implementation
	Data processing
	Projecting data
	Aggregating data

	Results
	Case study 1: Buchwald-Hartwig reaction—learning from and understanding a fully measured RO space
	Case study 2: direct arylation reaction—learning from and understanding an RO campaign in retrospect
	Case study 3: direct arylation reaction—human-AI collaboration to select the next experiments

	Limitations and future work
	Conclusion
	Acknowledgements
	References


