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Design and Experimental Validation of a Photocatalyst Recommender
Based on a Large Language Model
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Abstract: Utilizing an extensive library of literature on photocatalytic transformations, we disclose the development of
a machine learning (ML) model for the recommendation of photocatalysts most suitable for reactions of interest. The
model is trained on > 36 000 such literature examples and uses an architecture inspired by the Bidirectional Encoder
Representations from Transformer (BERT) large language model. Under cross-validation, it can suggest the “correct”
photocatalysts with ∼90% accuracy. When experimentally tested on five out-of-box reactions, this algorithm consistently
suggested photocatalysts that gave yields competitive to those chosen by human researchers and frequently suggested
alternative photocatalysts that are potentially more appealing than the originally selected photocatalyst. Altogether, this
platform serves as a valuable tool for researchers undertaking reaction optimization programs. The model is free to use at
https://photocatals.grzybowskigroup.pl/predict/.

Introduction

Machine Learning (ML) algorithms are at the heart of the
ongoing AI revolution. They are impacting numerous areas
of chemical research, from protein design[1] to synthetic
chemistry[2–7] to catalysis. In the latter context, there have
been notable recent studies using ML to design homoge-
neous catalysts offering improved performance. For instance,
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Sigman and coworkers pioneered data-driven workflows and
regression models to design catalysts offering improved enan-
tiomeric outcomes[8–10] and, in some tour de force demon-
strations, industrially relevant scalability.[11] ML models to
find new ligands have been developed by the Denmark,[12,13]

Ackermann,[14] and List and Varnek[15] groups and have been
based on both 2D and 3D featurization. Schoenebeck and
coworkers extended these efforts to dinuclear catalysts,[16]

whereas Hong and coworkers demonstrated systems that seek
metal replacements.[17]

In parallel to these studies seeking unprecedented cat-
alysts, there is also a desire for ML recommender systems
that would suggest the most suitable known catalyst for
a particular transformation. In a recent study from one
of our groups, we described a proof-of-principle model
of this kind that used a standard multilayer perceptron
(MLP) architecture to propose Mg-based catalysts with an
accuracy of around 80%.[18] This study was accompanied by
experiments that validated most—but not all—predictions.

Herein, we disclose the development and experimental
validation of an efficient recommender of photocatalysts for
visible light-driven organic synthesis reactions. Photocatalysis
is now a burgeoning area of research, with rapidly expanding
applications in numerous sectors, such as the pharmaceutical
industry.[19–21] ML has seen some uptake in the photocatalysis
community; e.g., Glorius et al. developed an ML platform
for guiding substrate discovery in energy transfer catalysis,[22]

while Noto, Saito, and coauthors have reported the prediction
of organic photocatalyst performance in both [2+2] cycloaddi-
tions and the nickel co-catalyzed metallaphotoredox synthesis
of phenols.[23,24]

Still, when it comes to selecting the most suitable photo-
catalyst for a given reaction during optimization campaigns,
thermodynamic parameters such as redox potentials and
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excited-state energies are often not predictive of reac-
tion outcomes, as photocatalysts tend to degrade,[25] and
extensive photocatalyst screening programs are necessary.
Furthermore, the motivations for the choice of specific photo-
catalysts surveyed are rarely discussed, prompting questions
about whether the identified conditions are premeditated or
opportunistic (according to photocatalyst availability and/or
popularity/bias in prior literature[26]), and whether better
photocatalysts for a given reaction of interest can be found. To
this end, we disclose here the development of a photocatalyst
recommender that suggests photocatalysts likely to catalyze a
given reaction.

We first tested an ML recommender akin to our previ-
ously disclosed platform[18]—similar to the said reference,
it achieves an accuracy of around 80%. We then sought
to improve this metric using a transformer architecture
previously used in large language models. By first pre-training
this transformer on a large collection of reactions (not neces-
sarily photocatalytic), we taught it to understand the general
syntax of molecular representations, which, in turn, proved
beneficial in training the ultimate model for photocatalyst
prediction. This architecture offers significantly improved
accuracy (∼90%). This model was then used to suggest
alternative photocatalysts for several literature reactions that
were described in the literature only after the development
of our model and were therefore not in its training/test set.
The results of these studies are encouraging in that all pho-
tocatalysts suggested by the recommender gave appreciable
yields, and in four out of five cases, the model identified at
least one photocatalyst that performs competitively with the
“optimal” one identified in the original publication or with
photocatalysts chosen by a human researcher.

Results and Discussion

Data Curation

We began by collecting literature data for model training.
Having identified 31 archetypal photocatalysts (see Supple-
mentary Information and subset in Figure 2), we queried
the Reaxys database for reactions using these photocatalysts.
Following filtering of the data (see Supporting Information
for details), a dataset of 36097 unique reactions remained.
It should be noted that the data set is heavily imbalanced,
reflecting the prevailing historical bias in the choice of photo-
catalysts, where some were associated with >7000 reactions,
while others with a mere 20. The photocatalysts were one-hot
encoded (that is, given unique labels), whereas the reactions
were represented in two ways: i) by the concatenated
SMILES of the reaction substrates and ii) by the reaction
cores (that is, atoms that change their bonding patterns
and flanking atoms to within a bond-distance radius of 3)
that were extracted after atom-mapping the reactions using
our MAPPET algorithm.[27,28] Altogether, 4854 distinctive
reaction cores/types were identified. It should be noted that
the model did not incorporate information about the presence
or choice of co-catalyst, base, solvent, reaction time, excitation
wavelength, photon flux, and other reaction parameters. In

Ref. [18], we showed that automatic extraction of the relevant
information from Reaxys is problematic due to errors and
differences in nomenclature. In the said reference, we were
able to curate some of this data manually by consulting ∼1500
source publications—in the present case, however, such
manual curation for >36 000 entries would be prohibitive. In
a broader context, we [26,29,30] and others[31–34] have previously
shown that prediction of reaction conditions and/or yields is
extremely difficult due to the historical biases in the data and,
for yields, scarcity of negative examples.

With these preliminaries and limitations, the overall
learning strategy was to use both the substrate and reaction-
core SMILES. As we previously showed,[18] this approach is
not redundant, as both the reaction type and the specifics of
the reaction (e.g., functional groups present in the substrates
outside of the core) independently contribute to the predic-
tion outcome. We tested two types of models, an MLP and
a Bidirectional Encoder Representations from Transformer
(BERT)-based language model.

The MLP Model

(Figure 1a) used two inputs: the substrates SMILES rep-
resented as a standard Morgan fingerprint of size 64 and,
for the reaction cores, a Differential Reaction Fingerprint
(DRFP)[35] with a vector size of 64 and radius 3. Each input
was processed through a distinct hidden layer, the outputs
of which were subsequently concatenated. This concatenated
layer was followed by two additional hidden layers and a
final output layer, which yielded a 31-dimensional vector
of logits corresponding to the numbers/labels of one-hot-
encoded photocatalysts present in the dataset. This vector
was transformed into the model’s final rankings via the
softmax function. The model’s hyperparameters, including the
activation function, dimensions of the hidden layers, kernel
initializers, and the method for merging the inputs at the
hidden layer, were optimized using the Optuna library.

To address dataset imbalance, the model was trained
using a weighted cross-entropy loss. Model validation was
carried out using a 5-fold cross-validation and leveraging
three performance metrics to ensure appropriate training:
accuracy, F1 score with weighted averaging, and F1 score
with macro averaging. The accuracy and F1 scores were,
respectively, 79.0% ± 1.6% and 79.1% ± 1.6%, while F1
with macro averaging was ∼71.5% ± 1.5%. Performance
was further evaluated using the top-k metric (that assesses
the model’s ability to predict the ground truth photocatalyst
within its top k predictions). The correct photocatalyst was
chosen by the model as its top prediction (top-1) in 79%
of cases, within the top-4 predictions in ∼95% of cases, and
within the top-10, in 99% of cases.

BERT-Based Model

(Figure 1b). The aforementioned performance of the MLP
model was on par with a conceptually similar architecture
we recently developed to predict one-hot-encoded Mg-based
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Figure 1. The architectures of a) the multilayered perceptron, MLP,
model and b) the language model based on the RoBERTa extension of
BERT. The essence of the BERT (Bidirectional Encoder Representations
from Transformer) approach is a self-attention mechanism, which, in
the case of SMILES strings, enables the model to capture complex
relationships between molecular substructures across long distances by
trying to put attention on how tokens relate to one another. The
bidirectional understanding is particularly valuable for chemical
reactions, where reactivity often depends on “interactions” between
functional groups that may be separated by multiple atoms. Pre-training
on a large, unlabeled dataset helps the model to understand principles
of chemistry, which increases performance on supervised fine-tuning
tasks where data is scarce and allows for better generalization to unseen
data during inference.

Figure 2. A subset of 31 photocatalysts used to train the ML model (for
the full set, please consult the Supporting Information). For any given
reaction, the model always ranks all 31 catalysts. Here, for each of the
reactions committed to experimental validation, the top-5 suggestions
were taken. Across five reactions tested, 19 catalysts shown here were
among the top-5 choices; the 20th catalyst, Ir3, was never suggested
among the top-5 but was used as a control chosen by human
researchers.

catalysts most suitable for a given reaction.[18] However, we
sought to improve these metrics and therefore considered
another approach specifically designed to learn language
representations, here the syntax of SMILES strings. This
model uses RoBERTa,[36] a variant of Google’s BERT[37]

that is fine-tuned for optimal hyperparameters. BERT, an
advanced ML model for natural language processing tasks,
introduces a transformer-based architecture that leverages
bidirectional training. This innovative approach contrasts with
traditional unidirectional models by considering contextual
influences from both the “left” and the “right” directions
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within a given text. RoBERTa, an enhancement developed
by Facebook AI, refines BERT’s performance further. It
uses architecture illustrated in Figure 1b and was pre-
trained on 1715395 reactions taken mostly from the Open
Reaction Database (https://open-reaction-database.org/) and
standardized using the MolVS library. Analogously to the
photocatalyst dataset, reaction cores were extracted and com-
bined with reaction SMILES, forming a two-sentence input
to the model. The ByteTokenizer, trained on this dataset,
tokenized the input SMILES into distinctive classes from
the trained tokenizer dictionary. Each token was assigned
an integer value corresponding to that token text value in
the vocabulary. The input vector dimension was set to 1024
elements, with 15% of all inputs not representing special
tokens statically masked. The model was then trained over
two epochs to predict these missing parts and reconstruct
the ground-truth SMILES. This pre-training was important
for the model to learn the “grammar” of correct SMILES
describing reactions and pinpointing elements of the reactants
that undergo reaction, thus gaining “intuition” about the
reaction process (see also caption to Figure 1b).

Subsequently, the model underwent fine-tuning to perform
the actual task of interest—that is, to assign each of the
reactions from the original 36097 set to one of the 31
photocatalysts. This fine-tuning phase spanned 10 epochs.
Under five-fold cross validation, this pre-trained model
performed significantly better than MLP: both accuracy and
F1 were 90.0% ± 0.4% while F1 with macro averaging was
∼ 84% ± 0.6%. The top-k statistics also improved, as the
ground-truth catalyst was the top-1 prediction in 89.99% of
cases, within the top-2 predictions in 95.7% of cases, and
within the top-7 in 99% of cases.

WebApp Predictor

To facilitate wider use of the model, we developed
a web application freely available at https://photocatals.
grzybowskigroup.pl/predict/. The WebApp is straightforward
to use. The SMILES code for a given reaction is copied
into the search box, and the model reduces the scheme
to a simplified reaction group SMILES. Only the starting
substrates and product, separated by a reaction arrow, are
required; considerations of co-catalysts and other additives
are not included in the model’s design (see Supporting
Information). The top-5 photocatalysts are then suggested,
ranked by the model’s probability/confidence rating that the
photocatalyst will successfully catalyze the reaction. It is
important to note that the confidence rating is an internal
metric of the model and, as demonstrated below, does
not correlate with experimental yields, though every top-5
recommendation made by the recommender was effective in
catalyzing the reactions discussed in the remaining part of the
paper.

Experimental Validation

We proceeded to validate the model. In doing so, we note that
the model will suggest photocatalysts for any and all reactions,

even those that cannot be performed photocatalytically—
this is a well-known limitation of models in which catalysts
are one-hot-encoded. Accordingly, we focus on literature-
precedented reactions that were previously shown to be
suitable for photocatalysis but were not included in the
training-set data. The model was trained on reactions pub-
lished up until the end of 2021; therefore, reactions for the
experimental screen used publications from 2022 or later.
We then assessed whether the ML model would suggest
photocatalysts that are i) competitive (that is, equivalent or
higher yielding) with the optimal photocatalyst identified in
the original publication and ii) better than photocatalysts
that were not among the model’s top-five suggestions but
were selected by human researchers. The human researcher
photocatalyst selections included at least two of the following
photocatalysts: 4CzIPN, [Ir(dF(CF3)ppy)2dtbbpy](PF6) (Ir3),
fac-Ir(ppy)3 (Ir1), or [Ru(bpy)3](PF6)2 (Ru1). These photo-
catalysts are widely employed within screening campaigns
and are all commercially available, and were thus included in
the trials to benchmark the performance of the ML model.
This ML model only suggests the ionic form of charged
photocatalysts and does not consider the counterion; in sit-
uations where these were suggested, the most commonly used
counterions for the photocatalysts were employed. SMILES
for the validation reactions are provided in the Supporting
Information as example inputs for using the WebApp.

ATRA Reaction

We began by exploring the atom transfer radical addition
(ATRA) reaction of phenylsulfonyl chloride to potassium
allyltrifluoroborate, Figure 3.[38] The original paper evaluated
4CzIPN, Ir3, [Ir(ppy)2dtbbpy](PF6) (Ir2), Eosin Y (EY),
and Ir1, identifying the latter as the optimal photocatalyst
in their setup.[38] Our algorithm ranked Ir1 among the top
five hits for this reaction; however, it was more confident in
the use of both Ru1 and EY, while Ir2 and [Cu(dap)]Cl2

(Cu1) were also suggested. All five photocatalysts suggested
by the model promoted the reaction, affording the desired
product in 48%–72% yield (Figure 3). Most notably, the
top-ranked Ru1, which was not screened in the original
publication, gave the highest yield of the photocatalysts
tested. The use of EY, a more sustainable organic pho-
tocatalyst, ranked by the ML model as the second most
likely to work, was also productive using our photoreactors,
achieving comparable yields to the more expensive Ir1.
Interestingly, the authors reported that EY did not work
as a photocatalyst, which is in contrast to our experiments
and highlights the impact of the reaction setup (e.g., light
source, photon flux, etc.) in impacting reaction yields. We
also assessed Ir3 and 4CzIPN, which are human researcher
choices, as they are two of the most popularly screened
photocatalysts for transformations requiring balanced redox
potentials and are frequently included in photocatalyst library
screens. Both performed adequately (each affording yields
of 46%), though they performed worse than all of the ML-
predicted catalysts. This first reaction clearly showcases the
potential utility of the disclosed ML model: the suggested
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Figure 3. ATRA reaction with phenylsulfonyl chloride. a) Top five
photocatalysts suggested by the model and ranked by confidence rating.
b) Experimental yields. Red bars show the photocatalysts suggested by
the model, with the yellow outline highlighting a previously untested yet
productive photocatalyst, Ru1, which the ML model identified. Blue bars
represent additional photocatalysts chosen by human researchers.
Yields presented are the average of two separate quantitative 1H NMR
experiment repeats, using 1,3,5-trimethoxybenzene as an internal
standard, with the error bars indicating the standard deviation.

photocatalysts all worked, and the ML model identified Ru1,
which outperformed all other photocatalysts screened, and
was not considered in the photocatalyst optimization program
in the initial publication.[38]

We next probed how the choice of substrate could
influence the ML model’s recommendation. The same five
photocatalysts were suggested for p-toluenesulfonyl chloride,
or p-trifluoromethylphenylsulfonyl chloride, Figure 4; how-
ever, there was a significant difference in the order and
confidence ratings outputted by the ML for each of these
substrates. Again, Ru1 afforded the highest experimental
yields of 70% and 58%, further evidencing the value of
utilizing this ML model for photocatalyst selection.

Phosphorylation

We next explored the photocatalyzed phosphorylation of
tertiary amines, using triethylamine as a model substrate,

Figure 4. ATRA reaction using alternative substrates. a) Top five
RoBERTa-suggested photocatalysts ranked by confidence rating with
p-toluenesulfonyl chloride. b) Experimental yields with p-toluenesulfonyl
chloride. a) Top five photocatalysts suggested by the ML model and
ranked by confidence rating with p-trifluoromethylphenylsulfonyl
chloride. b) Experimental yields with p-trifluoromethylphenylsulfonyl
chloride. Red bars show the photocatalysts suggested by the model,
with the yellow outline highlighting a previously untested yet highly
productive photocatalyst, Ru1, which the ML model identified. Blue bars
represent additional photocatalysts chosen by human researchers.
Yields presented are the average of two separate quantitative 1H NMR
experiment repeats, using 1,3,5-trimethoxybenzene as an internal
standard, with the error bars indicating the standard deviation.
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Figure 5. Photocatalyzed phosphorylation of triethylamine. a) Top five
photocatalysts suggested by the model and ranked by confidence rating.
b) Experimental yields. Red bars show the catalysts suggested by the
model. Blue bars represent additional photocatalysts chosen by human
researchers. Yields presented are the average of two separate
quantitative 1H NMR experiment repeats, using
1,3,5-trimethoxybenzene as an internal standard, with the error bars
indicating the standard deviation.

Figure 5.[39] The authors used a bespoke photocatalyst,
[Ru(CF3-bpy)2(OMe-bpy)](PF6)2, which was not accessible
to us nor included in the library of photocatalysts available
to the ML model; thus, this photocatalyst was not tested.
The algorithm heavily favored organic photocatalysts in its
recommendation for this phosphorylation reaction, providing
high confidence ratings to EY and Rhodamine B (RhB) and
lower confidence suggestions to chloranil (ClA), 4CzIPN, and
Rose Bengal (RoB). All five photocatalysts promoted the
reaction in 35%–51% (Figure 5), which is to be expected, as
the key photocatalytic step in this reaction is the oxidation
of the tertiary amine (Eox (triethylamine) = 0.83 V versus SCE
in MeCN).[40] We also assessed Ir3 and Ru1 as the human
researcher choices, which can both also oxidize triethylamine,
with the former giving the highest yield of 62% of the
seven photocatalysts tested. While the ML model consistently
suggested viable photocatalysts for this reaction, the current
version did not identify the photocatalyst that produced the
highest yield.

Figure 6. Photocatalyzed dealkylative acylation. a) Top five
photocatalysts suggested by the model and ranked by confidence rating.
b) Experimental yields. Red bars show the photocatalysts suggested by
the model, with the yellow outline highlighting a previously untested yet
productive photocatalyst, RoB, which the ML model identified. Blue bars
represent additional photocatalysts chosen by human researchers.
Yields presented are the average of two separate quantitative 1H NMR
experiment repeats, using 1,4-bis(trimethylsilyl)benzene as an internal
standard, with the error bars indicating the standard deviation.

Dealkylative Acylation

We next explored the dealkylative amide formation from
alkyl amines, Figure 6.[41] The proposed reaction mechanism
involves the in situ formation of a secondary amine, driven by
pentafluoronitrobenzene acting as a hydrogen atom transfer
(HAT) agent, which is then trapped by benzoyl chloride.
Once again, the authors used a bespoke photocatalyst, Cz-
NI-Ph, that was not available to us or included in the ML
model and was therefore not tested. As shown in Figure 6, the
algorithm gave a high confidence rating for 4CzIPN and Ru1,
while also suggesting RoB, [Ru(phen)3](PF6)2 (Ru2), and EY,
albeit with much lower confidence ratings. All five proposed
photocatalysts are viable, with RoB affording a high yield of
70%. We also tested Ir1 and Ir3 as the human researcher
choices, both of which also performed well; in fact, Ir1 gave
a comparable yield to RoB of 71%. However, it is important
to note that the principal photochemistry in this reaction
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is being performed by pentafluoronitrobenzene, acting as a
strong electron acceptor and proposed HAT agent that is
compatible with all of the photocatalysts, of which the ML has
no knowledge or mechanistic insight. From the perspective
of reaction development, the current ML model therefore
has limited value, as there is no included thermodynamic
discriminator in terms of the optoelectronic properties of
the photocatalysts, nor an understanding of the mechanistic
importance of co-additives that are needed for realizing the
reaction. However, the ML model did identify RoB as a
competitive photocatalyst, one that is typically not included
in photocatalyst screening in the literature, and it performed
exceptionally well in this reaction, on par with Ir1.

Aldehyde to Nitrile Conversion

The final electron transfer reaction explored was the synthesis
of benzonitrile from benzaldehyde using TEMPO as an
organic co-catalyst, Figure 7.[42] For this reaction, the original
publication identified 4CzIPN as the optimal photocatalyst
during their photocatalyst screen. The top two photocatalysts
recommended by the ML model (see Figure 7), Ru1 and 2,4,6-
triphenylpyrylium tetrafluoroborate (TPPT), performed well
(48% and 69%, respectively), but returned somewhat lower
yields than 4CzIPN (84%). The model’s suggestions of
anthraquinone (AnQ) and 10-phenylphenothiazine (PTH)
also gave comparably high yields of 65 and 73%, respectively.
However, the model’s suggestion of fluorescein (FlS), which
the authors notably did not screen during the reaction
development, gave comparable yields to 4CzIPN (85%). This
is a remarkable outcome for the model, as FlS is significantly
cheaper than 4CzIPN. However, we should again note that
the reaction is driven primarily by the TEMPO co-catalyst,
of which the ML has no knowledge and does not factor into
its decision-making algorithm. While this means the model
could not have been used to develop the initial reaction
protocol during the reaction discovery phase, it clearly has
demonstrated value during the optimization phase to identify
superior photocatalysts for this transformation.

Energy Transfer Example

Finally, we examined the performance of the ML model in a
photoinduced energy transfer reaction, the [1,3]-sigmatropic
shift of (S)-verbenone to chrysanthenone, Figure 8.[43] For
this transformation, the ML model suggested predominantly
organic diarylketone-based photosensitisers, including ben-
zophenone (BP), xanthone (XO), thioxanthone (TXO), and
9-fluorenone (FO), as well as suggesting fac-Ir(dFppy)3 (Ir4).
Due to the onset of the absorbance spectra of the diarylketone
photocatalysts, a 390 nm light source was used to drive the
reaction (at this excitation wavelength, an inefficient, 19%
yield reaction is observed in the absence of any catalysts).
Once again, 4CzIPN and Ir3 were chosen as the human
researcher choices to test alongside the model’s suggestions,
and both produced moderate yields of 49% and 56%,
respectively. All of the model’s suggested photocatalysts

Figure 7. Photocatalyzed aldehyde to nitrile conversion. a) Top five
photocatalysts suggested by the model and ranked by the confidence
rating. b) Experimental yields. Red bars show the photocatalysts
suggested by the model, with the yellow outline highlighting a
previously untested yet highly productive photocatalyst, FlS, which the
ML model identified. Blue bars represent additional photocatalysts
chosen by human researchers. Yields presented are the average of two
separate quantitative 1H NMR experiment repeats, using
1,3,5-trimethoxybenzene as an internal standard, with the error bars
indicating standard deviations.

outperformed these “go-to” examples, with the diarylketone-
based ones achieving 65%–74% yield, while Ir4 afforded an
excellent 91% yield. Diarylketone-based photocatalysts are
known to undergo deactivation via pinacol homo-coupling,[44]

which may explain why they performed less efficiently than
Ir4 at the 2 mol% catalyst loading used for this reaction. In
a broader context, because of the high triplet energy of the
starting material (ET = 3.0 eV),[43] it could be expected that
photocatalysts possessing similarly high ET should perform
more efficiently in the reaction than those whose ET was
much lower in energy. Therefore, it is not surprising that
4CzIPN and Ir3 (ET = 2.53 and 2.68 eV, respectively) were
less efficient photocatalysts than those suggested by the ML
model (ET = 2.75, 3.00, 3.22, and 2.84 eV for Ir4, BP, XO,
and TXO, respectively).[45] What is surprising, however, is
that the model—despite having no prior knowledge of the
ET of either the photocatalysts or substrates—exclusively
suggested photocatalysts that were more likely to facilitate

Angew. Chem. Int. Ed. 2025, e14544 (7 of 10) © 2025 The Author(s). Angewandte Chemie International Edition published by Wiley-VCH GmbH
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Figure 8. [1,3]-sigmatropic shift of (S)-verbenone to chrysanthenone. a)
Top five photocatalysts suggested by the model and ranked by
confidence rating. b) Experimental yields. Red bars show the catalysts
suggested by the model (and a “No PC” control without photocatalyst).
Blue bars represent additional photocatalysts chosen by human
researchers. Yields presented are the average of two separate
quantitative 1H NMR experiment repeats, using mesitylene as an
internal standard, with the error bars indicating the standard deviation.

favorable Dexter energy transfer to the substrate. While an
experienced photochemist likely would have predicted this
result, a researcher who has more limited experience in this
field may have unnecessarily devoted resources to testing
catalysts such as 4CzIPN and Ir3 as part of a photocatalyst
screening campaign.

Conclusions

The conclusions derived from these experiments are nuanced.
In all of the reactions screened, every photocatalyst suggested
by the ML model was productive, although rankings within
each set of suggested photocatalysts do not correlate with
experimental yields and cannot be used to infer which
photocatalyst is optimal. ML-suggested photocatalysts
afforded yields that were consistently better than or on par
with the photocatalysts chosen for a particular reaction by
human researchers who selected only popular photocatalysts
such as 4CzIPN or Ir3 in four out of the five reactions

tested. We have also compared the outputs of the ML
model to three other complex reaction systems from the
recent literature, where the ML model selected similar
photocatalysts to those chosen by expert photochemists
during their screening programs (see Supporting Information
for this discussion). From a practical point of view, one of the
main advantages of the recommender is that it is not biased
toward particular photocatalysts that human researchers
consider “worth screening.” Here, the algorithm frequently
suggested less popular photocatalysts that performed the
reactions comparably well to the more widely used and
more expensive “go-to” photocatalysts (see Figure S1). For
example, in the ATRA reaction, the original publication did
not screen Ru1, which was suggested by the recommender,
and this was, in fact, the best-performing photocatalyst. In the
dealkylative acylation, the ML model suggested RoB (albeit
with a low confidence rating), and this turned out to be one of
the best-performing photocatalysts; notably, this is typically
no longer a commonly screened photocatalyst. Similarly, in
the aldehyde to nitrile conversion reaction, FlS performed as
well as the much more popular 4CzIPN.

While the ML model shows considerable promise as a tool
to rapidly suggest photocatalysts, in its current form, it is not
suited toward reaction discovery, where the selection of co-
catalysts, additives, solvents, and other reaction parameters
is often more important than the choice of photocatalyst in
optimizing the reaction yield, and this is a current limitation
of the model; furthermore, there is no correlation between the
confidence rating from the model and reaction yields. Overall,
we suggest that in its current form, the recommender acts as
an essential “sense check” tool to suggest the most promising
photocatalysts to include in a photocatalyst screen, and we
suggest that all photocatalysts recommended by the ML
model be tested. Future versions of this ML tool will include
thermodynamic and kinetic parameters of both photocatalysts
and substrates, as well as excitation wavelengths, which will
lead to stronger correlations between the confidence rating
of the recommendation and the product yield. The model
would also benefit from interrogating a more expansive
photocatalyst library beyond the original 31 selected and
an expanded library of reactions for each photocatalyst.
Nonetheless, the ML model presented here may already act
as a valuable tool for photocatalysis researchers.

Supporting Information

Supporting Information provides additional theoretical and
experimental details. All model code and data is now
made available at: https://github.com/GlockPL/Photocatalyst-
Recommender-based-on-a-Large-Language-Model.

The research data supporting this publication can
be accessed at https://doi.org/10.17630/21981110-a42c-44cd-
91aa-b5c52a60a7b7.
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Zurański, T. Kogej, P.-O. Norrby, A. G. Doyle, N. V. Chawla,
O. Wiest, Chem. Sci. 2023, 14, 4997–5005, https://doi.org/10.1039/
D2SC06041H.

[35] D. Probst, P. Schwaller, J.-L. Reymond, Digital Discovery 2022,
1, 91–97, https://doi.org/10.1039/D1DD00006C.

[36] Y. Liu, M. Ott, N. Goyal, J. Du, M. Yoshi, D. Chen, O. Levy,
M. Lewis„ L. Zettlemoyer, V. Stoyanow, 2019, arXiv:1907.
11692.

[37] J. Devlin, M.-W. Chang, K. Lee, K. Toutanova, Proc. Conf. N.
Am Chapt. Assoc. Comput. Ling.: Human Lang. Tech. 2019, 1,
4171–4186.

[38] S.-P. Liu, Y.-H. He, Z. Guan, J. Org. Chem. 2023, 88, 11161–
11172, https://doi.org/10.1021/acs.joc.3c01124.

[39] Z. Mahmood, J. He, S. Cai, Z. Yuan, H. Liang, Q. Chen, Y. Huo,
B. König, S. Ji, Chem. - Eur. J. 2023, 29, e202202677.

[40] D. Nicewicz, H. Roth, N. Romero, Synlett 2015, 27, 714–723,
https://doi.org/10.1055/s-0035-1561297.

[41] C. Liu, H.-N. Chen, T.-F. Xiao, X.-Q. Hu, P.-F. Xu, G.-Q. Xu,
Chem. Commun. 2023, 59, 2003–2006, https://doi.org/10.1039/
D2CC05842A.

[42] X. He, Y.-W. Zheng, B. Chen, K. Feng, C.-H. Tung, L.-Z. Wu,
Sci. China Chem. 2023, 66, 2852–2857, https://doi.org/10.1007/
s11426-023-1748-4.

[43] L. Schmid, F. Glaser, R. Schaer, O. S. Wenger, J. Am. Chem. Soc.
2022, 144, 963–976, https://doi.org/10.1021/jacs.1c11667.

[44] B. Abadie, D. Jardel, G. Pozzi, P. Toullec, J. M. Vincent, Chem.
- Eur. J. 2019, 25, 16120–16127, https://doi.org/10.1002/chem.
201904111.

[45] S. Dutta, J. E. Erchinger, F. Strieth-Kalthoff, R. Kleinmans, F.
Glorius, Chem. Soc. Rev. 2024, 53, 1068–1089, https://doi.org/10.
1039/D3CS00190C.

Manuscript received: July 03, 2025
Revised manuscript received: October 30, 2025
Manuscript accepted: November 27, 2025
Version of record online: ,

Angew. Chem. Int. Ed. 2025, e14544 (10 of 10) © 2025 The Author(s). Angewandte Chemie International Edition published by Wiley-VCH GmbH

 15213773, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/anie.202514544 by N

ational H
ealth Fund in Poland, W

iley O
nline L

ibrary on [19/12/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://doi.org/10.1021/jacs.1c12005
https://doi.org/10.1038/s41467-019-09440-2
https://doi.org/10.1038/s41467-019-09440-2
https://doi.org/10.1002/anie.202204647
https://doi.org/10.1039/D3SC03902A
https://doi.org/10.1039/D2SC06041H
https://doi.org/10.1039/D2SC06041H
https://doi.org/10.1039/D1DD00006C
https://doi.org/10.1021/acs.joc.3c01124
https://doi.org/10.1055/s-0035-1561297
https://doi.org/10.1039/D2CC05842A
https://doi.org/10.1039/D2CC05842A
https://doi.org/10.1007/s11426-023-1748-4
https://doi.org/10.1007/s11426-023-1748-4
https://doi.org/10.1021/jacs.1c11667
https://doi.org/10.1002/chem.201904111
https://doi.org/10.1002/chem.201904111
https://doi.org/10.1039/D3CS00190C
https://doi.org/10.1039/D3CS00190C

	Design and Experimental Validation of a Photocatalyst Recommender Based on a Large Language Model
	 Introduction
	 Results and Discussion
	 Data Curation
	 The MLP Model
	 BERT-Based Model
	 WebApp Predictor
	 Experimental Validation
	 ATRA Reaction
	 Phosphorylation
	 Dealkylative Acylation
	 Aldehyde to Nitrile Conversion
	 Energy Transfer Example

	 Conclusions
	 Supporting Information
	 Author Contributions
	 Acknowledgements
	 Conflict of Interests
	 Data Availability Statement



