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Abstract: The semihydrogenation of alkynes to alkenes has historically been an essential technique in organic
chemistry. In this context, researchers often employ transition metal complexes to achieve this conversion.
Given the pronounced polarization of results, often yielding either very high or very low values, it remains
challenging to discern the factors influencing reactivity and selectivity in many cases. In this work, we
combine different sub-disciplines of digital chemistry with experimental outcomes to rationalize the results of
a model Ni-catalyzed semihydrogenation that leads to E-alkenes. First, we analyze the main factors behind
successful reactions using a machine learning classification model. The descriptors are computed directly from
the SMILES strings of the reacting alkynes using an automated protocol that relies on structural features,
molecular mechanics, and semi-empirical techniques. This workflow requires minimal human intervention and
provides a fast and effective approach. Next, we couple the same descriptors with activation barriers calculated
with density functional theory, generating a regression model that explains reactivity based on the properties of
the alkyne substrates. Overall, this study demonstrates the potential of using a combination of digital chemistry
techniques to uncover reaction trends in Ni-catalyzed semihydrogenations of alkynes, an area where human
intuition proves limited in application.
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Introduction

The selective semihydrogenation of alkynes to alkenes
is a relevant and widely-used reductive
transformation.[1,2] In this field, catalytic alkyne semi-
hydrogenation by molecular hydrogen (H2) is an
appealing option since the reactions adhere to the green
principle of atom economy.[3] The outcome of this

process can vary significantly depending on the
specific catalyst and reaction conditions employed,
resulting in the formation of either olefins[4–10] or
alkanes[11] (Figure 1A).
While numerous catalysts have been developed for

Z-selective semihydrogenation with H2 since the
introduction of the Lindlar catalyst,[12–15] only a few,
primarily homogeneous catalysts can provide E-
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alkenes with high selectivity.[16–19] E-alkenes are
typically generated through the isomerization of Z-
alkenes, however, they can also be directly formed
from alkynes.[20] In this regard, the E-selective alkyne
semihydrogenations catalyzed by Ni with triphosphine
(PPP)[21] and bis(phosphino)silyl (PSiP)[22] ligands
represent the first examples of Ni-catalyzed trans-
formations within transition metal complexes (Fig-
ure 1B).
In this type of catalysis, it is often difficult to detect

trends in reactivity and selectivity using human
intuition. For example, the results obtained with
(PSiP)Ni[22] show that each product is obtained either
in very high or very low yield, with no clear structural
patterns to rationalize why substrates fall into either
category. Additionally, the polarization of results into
two distinct groups makes it difficult to recognize any
trends in reactivity based on functional groups, since
most molecules that react favorably show yields within
a very narrow range.
In the last decade, researchers have increasingly

integrated data-driven routines and machine learning
(ML) to understand experimental results. This field has
proven to be helpful in creating more efficient
generations of catalysts,[23–26] discovering drug
candidates,[27,28] and designing new functional
materials,[29,30] among other applications.[31] These
statistical protocols have also been widely used to
understand reactivity and selectivity trends, typically
employing density functional theory (DFT) descriptors
in low-data regimes.[32–34] Nevertheless, and mainly due
to their recent rapid evolution, faster alternatives such
as xTB,[35] steric descriptors,[36] and RDKit[37] descrip-
tors are gaining popularity. While such cost-efficient
techniques are commonly employed in big-data prob-

lems, their introduction to regimes with less datapoints
is of great interest to the scientific community.
In this work, we employed rapid and automated

digital workflows to detect trends in reactivity and
selectivity in the (PSiP)Ni-catalyzed semihydrogena-
tion of alkynes.[22] Two ML models are used: one to
understand the key parameters behind experimental
reaction feasibility and another to analyze reactivity in
successful reactions. The models presented rely on
cost-effective descriptors derived from SMILES strings
and are designed to uncover trends that may not be
evident to human intuition.

Results and Discussion
Generation of the descriptor database. First, we
compiled a database of descriptors for the initial
alkynes (Figure S1)[22] to serve as input for the two
target ML models. Choosing meaningful descriptors is
a critical step that significantly affects the quality of
these models. Starting from a comma-separated values
(CSV) file containing SMILES strings, we executed an
automated AQME[38]-ROBERT[39] workflow, which
included RDKit conformational searches, xTB geome-
try optimizations, and RDKit-xTB descriptor genera-
tion. This workflow only required one command line,
minimizing effort and reducing human errors in data
manipulation.[40] The resulting descriptors covered a
wide variety of molecular properties, including struc-
tural, electronic, and steric parameters (Figure 2).
To mitigate the limitations of cost-effective meth-

ods, we included atomic descriptors from the two
alkynyl carbon atoms, since adding relevant local
features has proven to be beneficial in ML studies.[39]
These descriptors contain electronic and steric proper-
ties calculated using xTB methods, and they are stored
as their Boltzmann-averaged values to better represent
the molecules in solution and avoid conformer-specific
values (Figure 2).[41]
We encountered an identification challenge when

assembling the database of descriptors for the two
alkynyl carbon atoms. In the workflow, the Boltz-
mann-weighted descriptors for each atom are initially

Figure 1. (A) Semihydrogenation and hydrogenation of al-
kynes. (B) E-selective semihydrogenation of alkynes catalyzed
with Ni complexes. (C) Summary of the SMILES-based
workflows proposed.

Figure 2. Automated generation of descriptors starting from
SMILES strings.
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stored using two identifiers, C1_descriptor and C2_
descriptor. However, this arbitrary distribution is based
on RDKit numbering, making it unclear how to
categorize the atoms as C1 and C2. To avoid biases
deriving from atom numbering, we followed a more
meaningful strategy based on maximum and minimum
values. In this approach, the maximum value of a
descriptor for C1 and C2 was stored in the database as
max_descriptor, while the other was stored as min_
descriptor (Figure 2).
Overall, 285 different molecular and atomic de-

scriptors were stored in a CSV database that can be
readily used as input to develop ML models. In order
to select descriptors rationally from all the possible
options, ROBERT executes an automated selection
process. The process begins with the elimination of
correlated descriptors, after which a model is pro-
duced. To provide an additional option, a second model
is created using the most influential descriptors
identified through permutation feature importance
(PFI) from the first model. In this work, of the two
alternatives generated, we selected the PFI-filtered
models because they showed better ROBERT scores.
Experimental trends: classification ML model.

Next, we combine the database and the experimental
values of the (PSiP)Ni-catalyzed reaction to create a
classification model. Both descriptor generation and
ML model screening are part of the same ROBERT
workflow starting from SMILES strings.[39]We chose a
classification problem because the experimental yields
exhibit a bimodal distribution, with the products
showing either very high or very low values (Figure 3).
In this scenario involving 39 different products, human
intuition is of limited use for understanding the results,
as there are no clear electronic, steric, or structural

patterns that explain the observed reactivity and
selectivity trends.[22]
In the ML classification model, reactions that lead

to the E isomer with yields over 70% are considered
successful (y=1), while those leading to the Z isomer
or with yields below 30% are considered unsuccessful
(y=0). One of the substrates (p, Figure S1) was
removed because it contained two alkyne groups,
which were incompatible with the version of AQME
used during the creation of the descriptor database.
Then, we merged the descriptors and yields of the
remaining 38 alkynes and conducted a model screening
with ROBERT, considering four types of algorithms
and four partition sizes. This workflow was automated,
requiring only a single command line to eliminate any
human biases when selecting models. The optimal
combination included an AdaBoost (ADAB) algorithm
with a training-to-validation ratio of 6:4 and two
descriptors, leading to significantly good results: an
accuracy of 0.94, a balanced F-score (F1 score) of
0.96, and a Matthew’s correlation coefficient (MCC)
of 0.79 in the 16 datapoints of the validation set
(Figure 4A).
No considerable overfitting was observed in the

leave-one-out cross-validation test (LOOCV; Fig-
ure 4B, left). To ensure the model captures meaningful
trends in the data, various “flawed” models were
tested, including: (i) y-mean, which assesses accuracy
when predicted y values are fixed to the major class;
(ii) y-shuffle, which measures accuracy using a model
trained on randomly shuffled y values; and (iii) one-
hot, which evaluates accuracy when all descriptors are
replaced with binary values (0 s and 1 s).[42] In all three
cases, the resulting accuracies were significantly lower
than those of the original model and the LOOCV
(Figure 4B, right).
The predictive ability of the model was further

assessed using the ROBERT score (Figure 4C). This
score, rated on a scale of ten, is designed to offer users
insights into the predictive capabilities of models by
considering multiple factors such as the correlation
between predictions and measurements, human inter-
pretability, error distribution, sensitivity to features,
and avoidance of overfitting and underfitting.[39] The
score of 7 achieved is a decent result for this low-data
scenario, suggesting that this classification model
could be used as a quick check to determine whether
new reagents will form the E alkene products.
Lastly, we focused on the two descriptors that

comprised the model: the Fermi level of the molecules
and the Fukui positive index (fC+) of the alkynyl
carbon atoms. Both features have similar PFI in the
model (Figure 4D) and were selected automatically
during the data curation and model screening work-
flows of ROBERT among the initial 285 descriptors.
From a human intuition perspective, these two
descriptors appear relevant. For example, the Fermi

Figure 3. Distribution of experimental yields in the model Ni
catalysis.
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level is related to electronic levels and might influence
the C@Ni bond strength and the amount of charge
transfer[43] between the Ni center and alkyne occurring
at relevant reaction steps.[44] Similarly, the fC+ is
related to the electrophilicity of carbon atoms,[45] which
aligns with the mechanism proposed[44] since H2
dissociates and one of the hydrogens is transferred to
an accepting carbon atom.

Overall, even though reaching a conclusion on the
exact origin of the reactivity might be too ambitious,
the results suggest that electronic effects prevail over
steric factors in this transformation. To further
strengthen this conclusion, we developed a new model
using a database containing fC+ and Fermi levels, as
well as multiple steric descriptors calculated with
MORFEUS,[46] including buried volumes and pyramid-
alization of the alkynyl carbon atoms (Figure S2). In
principle, if steric parameters were a significant factor
influencing reactivity, a notable improvement in the
model’s performance would be expected. However, the
predictions remained identical, supporting the initial
findings.
Reactivity trends among successful reactions:

regression ML model. The reactivity trends of the
model Ni catalysis were also analyzed, focusing on the
E-alkene isomer. Nevertheless, the distribution shown
in Figure 3 suggests that experimental yields may not
be effective for developing ML strategies to analyze
these trends. For example, a classification model
would not be suitable since most of the E-alkenes are
obtained with very good yields, resulting in an
imbalanced model. Similarly, a regression model
would not be robust since most reactions fall within a
narrow yield range of 78% to 99%, missing important
information from the low yield range.
This distribution, biased towards high yields, is

likely a consequence of how experimental studies are
designed, as researchers often aim to find a set of
conditions that work as well as possible with the scope
of substrates.[47] As an alternative strategy to create a
balanced reactivity scale, we used DFT-calculated
activation energies since these values tend to be more
varied among different substrates. This digital ap-
proach relies on the DFT mechanistic study by Ke and
coworkers,[44] which suggested that the rate-determin-
ing step (RDS) is the H2 metathesis that forms the
alkene (Figure 5). This transition state occurs favorably
from the Z isomer, which then undergoes rapid isomer-

Figure 4. (A) Confusion matrix obtained for the validation set
using the optimal classification ML model, including normal-
ized results with the total count of points in parentheses. (B)
Accuracy of the model, LOOCV and “flawed” models. (C)
Summary of the ROBERT score obtained. (D) PFI analysis of
all the variables.

Figure 5. Distribution of calculated ΔG� (kcal ·mol@1).

RESEARCH ARTICLE asc.wiley-vch.de

Adv. Synth. Catal. 2025, 367, e202401444 (4 of 8) © 2025 The Author(s). Advanced Synthesis &
Catalysis published by Wiley-VCH GmbH

Wiley VCH Montag, 02.06.2025
2509 - closed* / 395720 [S. 1932/1936] 1

 16154169, 2025, 9, D
ow

nloaded from
 https://advanced.onlinelibrary.w

iley.com
/doi/10.1002/adsc.202401444 by Spanish C

ochrane N
ational Provision (M

inisterio de Sanidad), W
iley O

nline L
ibrary on [16/03/2026]. 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

http://asc.wiley-vch.de


ization to reach the final E alkene product. Using the
individual reagents as the energy reference, the Gibbs
free energy activation barriers (ΔG�) of the RDS were
calculated for the 29 substrates that led to the E isomer.
The resulting population is more evenly distributed
than in the previous case and, therefore, we opted to
use a regression model to study the trends.
At this point, we combined the descriptors obtained

previously with the ΔG� values calculated using DFT,
and employed ROBERT to screen different ML
models. The optimal combination identified was a
Random Forest (RF) algorithm with a training-to-
validation ratio of 7:3 and one descriptor. This model
yielded very good results, with a coefficient of
determination (R2) of 0.95, a mean absolute error
(MAE) of 0.91 kcal ·mol@1, and a root mean squared
error (RMSE) of 1.20 kcal ·mol@1 in the nine data
points of the validation set (Figure 6A). As in the

previous case, no considerable overfitting was ob-
served in the LOOCV (Figure 6B, left) and it captured
meaningful data trends, as both its RMSE and LOOCV
RMSE values were significantly lower than those of
the three “flawed” models (Figure 6B, right).[42] The
resulting ROBERT score of 9 is robust and further
indicates that the model captures efficiently the trends
of the data.
The optimal algorithm only kept one descriptor

from the initial 285 descriptors, the BalabanJ.[48] This
feature is a topological index that assigns a numerical
value to the structural complexity of molecules,
establishing a structure-property relationship that is
highly relevant to the algorithm used to understand the
ΔG� trends. Indeed, the representation of BalabanJ
values vs ΔG� already shows a moderate correlation
(R2 of 0.77), with two differentiated groups of
substrates that have a reactivity cliff[49] near
12 kcal ·mol@1 (Figure 7). A closer inspection to the
points with higher barriers revealed that the trimeth-
ylsilyl group (TMS) leads to higher RDS, which was
not possible to determine with experimental results.
The BalabanJ parameter shows a moderate correla-

tion with the maximum buried volume at the alkynyl
carbon atoms (R2=0.73, Figure S3A). Additionally,
the plot of buried volume versus ΔG� shows a similar
reactivity cliff to the previous case with BalabanJ
(Figure S3B, R2=0.65). These findings suggest that
steric effects significantly influence reaction rates in
reactions leading to the E-alkene isomer.

Conclusions
We used different techniques of digital chemistry to
analyze the results of an E-selective (PSiP)Ni-cata-
lyzed semihydrogenation of alkynes. The generation of
a comprehensive descriptor database for the initial
alkynes was an important step in developing accurate

Figure 6. (A) Calculated vs predicted ΔG� (kcal ·mol@1) ob-
tained with the optimal ML regression model. (B) RMSE of
model, LOOCV and “flawed” models.

Figure 7. Representation of BalabanJ vs ΔG� (kcal ·mol@1),
along with its R2.
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ML models. By using an automated AQME workflow,
we compiled a diverse set of molecular properties from
SMILES strings, including structural, electronic, and
steric descriptors. This automated approach minimized
human error and ensured consistency, resulting in a
robust dataset essential for model training. Further-
more, the addition of atomic descriptors from the
alkynyl carbon atoms, which are crucial in the catalytic
transformation, enhanced the effectivity of the database
towards ML modeling. These descriptors were aver-
aged using Boltzmann populations to better represent
the molecular properties in solution, avoiding biases
from conformer-specific values. We addressed poten-
tial issues with atom numbering by categorizing
descriptors based on their maximum and minimum
values, aiming to improve the chances for obtaining
meaningful ML models.
Our classification ML model effectively predicted

the feasibility of the (PSiP)Ni-catalyzed reactions,
achieving high accuracy (0.94), balanced F1 score
(0.96) and MCC (0.79). The model identified the
Fermi level and the fC+ as key descriptors, suggesting
that electronic effects dominate over steric factors in
this transformation.
For reactivity trends, we utilized a regression model

with DFT-calculated activation energies, which pro-
vided a balanced representation of the reaction barriers.
The optimal RF algorithm yielded excellent predictive
performance (R2 of 0.95, MAE and RMSE of 0.91 and
1.20 kcal ·mol@1, respectively), while requiring only
one descriptor, the BalabanJ topological index. The
organization of the BalabanJ values suggests that the
hydrogen transfer taking place at the RDS might be
disfavored by steric effects in the alkynyl carbon
atoms.

Computational Details
Computational chemistry calculations. DFT calculations were
conducted with Gaussian 16.[50] Geometry optimizations were
performed at the B3LYP[51–54]/def2SVP[55,56] level of theory.
Vibrational frequency calculations were used to confirm that
stationary points were either minima or first-order saddle points
on the potential energy surface and to obtain frequencies used
to calculate thermochemistry values with the GoodVibes[57]
program. Electronic energies were refined using the B3LYP-
D3[58]/def2TZVP method. In all cases, the calculations included
the integral equation formalism variant of the polarizable
continuum model (IEF-PCM)[59,60] solvation model (solvent=
benzene) to account for solvent effects.

For simplicity, we calculated the reaction barriers starting from
the separated reagents and catalyst. These values allow us to
perform a relative comparison of reaction rates while requiring
less time than calculating reaction barriers from the resting state
intermediate.

GoodVibes thermochemistry analysis. The reported Gibbs free
energy activation barriers at the B3LYP-D3/def2TZVP//B3LYP/

def2SVP (IEFPCM, benzene) level of theory were calculated
with GoodVibes (v3.0.2).[57] We used this program to introduce
quasi-harmonic (QHA) corrections to the computed vibrational
entropies using a frequency cut-off value of 100.0 cm@1,
following the model proposed by Grimme[61] at 298.15 K
(temperature from the experimental reaction). Also, a correction
for the change in standard state from gas phase at 1 atm to a
1 M solution was introduced (option “-c 1” in GoodVibes).[62] A
few of the calculations showed persistent imaginary frequencies
lower than 50 cm@1, which were inverted to their respective
positive values before the QHA entropic corrections were
computed (option “–invertifreq @50”), as seen in previous
examples.[63] Entropy corrections due to entropy of symmetry
(option “–ssym”), mixing, and multi-structural effects (option
“–pes”) were also included.

All the thermochemical data including absolute energies, zero-
point energies (ZPE) and T ·S, among other parameters, at the
B3LYP/def2SVP level, as well as the absolute energies,
corrected final G and relative G obtained with B3LYP-D3/
def2TZVP, were generated in an automated way using Good-
Vibes and tabulated in a separate file of the electronic
supplementary information (ESI, Thermochemistry.dat in the
Extra_ESI.zip file). Molecular coordinates were generated
similarly using the “–xyz” option (Molecular_coordinates.xyz
in the Extra_ESI.zip file). The command line used to run
GoodVibes was:

“ python -m goodvibes -c 1 –spc SP –pes 0_dG_alkynes.yaml –
xyz –ssym –imag –invertifreq @50 *.log ”
Descriptor generation and ML workflows. The ROBERT
program (v1.0.4)[39] was used to generate Boltzmann-averaged
descriptors from a CSV file containing SMILES strings of
molecules. This automated workflow initially executes AQME
(v1.5.2)[38] to perform conformational searches with RDKit,
geometry optimization with xTB, and descriptor generation
with RDKit and xTB. Both molecular and atomic descriptors
were considered, and all the data was stored in a CSV database,
which underwent data curation, ML model screening, testing
model reliability, and feature importance analysis, among other
protocols. The command line used to execute ROBERT was:

“ python -m robert –csv_name “FILENAME.csv” –y “TAR-
GET” –aqme –qdescp_keywords “–qdescp_atom [C#C] –
qdescp_solvent benzene” ”

In this command FILENAME.csv refers to the initial CSV file
of SMILES strings containing either classification or regression
results and TARGET is the target value to predict (“reaction”
for classification and “dG” for regression). The option “ –
qdescp_keywords “–qdescp_atom [C#C] –qdescp_solvent
benzene” ” specifies the creation of atomic descriptors for the
two alkynyl carbon atoms and accounts for solvent effects
during xTB optimization and descriptor generation

After each run, ROBERT generated PDF reports containing
comprehensive information about the models, enhancing trans-
parency and providing instructions for reproducibility. These
files are available as part of the ESI (in the Extra_ESI.zip file).

LOOCV was carried out separately as it was not yet
implemented in ROBERT v1.0.4. The results are shown in the
ESI document.
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Data and Code Availability

All protocols followed in this work are detailed in the
Computational Details section. For each representation
shown in the manuscript, we have included tables with
their raw values in the ESI document. The raw
thermochemical data from GoodVibes, used for calcu-
lating DFT activation barriers, is also available in the
ESI, along with the molecular coordinates of all
systems (in the Extra_ESI.zip file).
Additionally, the descriptor and SMILES databases

for each ML model have been uploaded as individual
CSV files in the ESI (in the Extra_ESI.zip file). The
PDF reports from ROBERT, containing comprehensive
information about the workflows, are also available in
the ESI (in the Extra_ESI.zip file).
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