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ABSTRACT: The current digital revolution has driven a rapid
adoption of machine learning (ML) to support decision-making in
chemistry. In this context, many studies now incorporate ML
models based on quantum-mechanical (QM) descriptors to acceler-
ate the discovery of candidates across a wide range of chemical
problems. While density functional theory (DFT) has traditionally
served as the primary source of such descriptors, recent advances
in cost-effective QM methods offer an opportunity to reduce com-
putational cost and facilitate faster integration of ML into chemical
workflows. Herein, we present an automated and user-friendly
workflow that generates 39 electronic and steric cost-effective
descriptors and their integration into ML models. These models
are broadly applicable to fields involving finite molecular systems,
such as homogeneous catalysis and drug discovery. We evaluated the acceptance of these cost-effective descriptors in ML-driven catal-
ysis through a blinded survey of 52 participants, which indicated that experts consider the resulting ML models to be as reliable and
interpretable as publication-quality DFT-based models. Finally, we introduced a fully automated protocol that generates descriptors
and ML predictors from SMILES strings, enabling rapid predictor development accessible to the broader chemistry community.
This cost-effective framework holds the potential to accelerate the integration of ML into everyday chemical research and contribute
to a more inclusive digital transformation of the field.
KEYWORDS: quantum-mechanical descriptors, machine learning, cheminformatics, automation, cost-effective workflows

■ INTRODUCTION

The integration of machine learning (ML) into chemical discov-
ery has transformed the field, enabling the prediction of reaction
outcomes, properties, and optimal conditions that would other-
wise require extensive experimentation.1−5 This digital technol-
ogy provides frameworks for learning structure−reactivity
relationships from experimental and computational data, support-
ing more informed experimental design and accelerating catalyst
development.6−8 In this context, ML has found numerous appli-
cations in chemistry, including substrate selection,9−11 discovery
of ligands, catalysts, and reactions,12−14 reaction condition opti-
mization,15,16 and property prediction,17−19 among others.

A critical component of ML modeling is the choice of molec-
ular descriptors, which encode structural, electronic, and steric
information into features that algorithms can learn from.20,21

Quantum-mechanical (QM) descriptors are often used to cap-
ture physically meaningful properties that correlate with
reactivity,22−26 with density functional theory (DFT) currently
standing as the preferred framework for the generation of QM
descriptors due to its balance of accuracy and general applicabil-
ity.27 However, the computational cost of DFT calculations

limits their scalability for large datasets, iterative workflows,
and rapid screening of extensive candidate spaces, representing
a key bottleneck preventing chemists from a wider implementa-
tion of ML.
As a cost-effective alternative to DFT, semiempirical QM

methods such as the GFN-xTB family have gained popularity,
providing sufficiently accurate approximations of the electronic
structure at significantly lower computational expense.28,29

Despite these advantages, semiempirical QM approaches remain
underutilized in many ML workflows within the chemistry com-
munity, largely due to perceived limitations of lower-level
methods. However, for many classes of molecules commonly
encountered in ML studies, such cost-effective descriptors have
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proven to be useful. For example, recent work has shown that
xTB-derived descriptors can capture relevant electronic trends
and correlate with physical organic parameters in contexts where
DFT is typically used.30−32 Similarly, xTB descriptors have been
employed to train ML models with performance comparable to
their DFT-based analogues.33,34

In this study, we examine the practical use of cost-effective
QM descriptors in ML-driven chemistry. Using electronic and
steric descriptors generated with the xTB and MORFEUS pro-
grams,35 we train ML models of representative organic and
organometallic finite systems reported in recent literature. To
assess how such models are evaluated in practice, we conducted
a blinded survey of experts in chemical ML, who compared
models built using cost-effective descriptors with publication-
quality models based on DFT (Figure 1). The survey provides
direct insight into perceived reliability, interpretability, and model
preference from an expert user perspective. Finally, we introduce
an automated AQME36-ROBERT37 workflow that enables end-
to-end generation of QM descriptors and ML models from
SMILES strings, thereby facilitating the rapid and reproducible
deployment of ML methods in chemical research.38

■ RESULTS AND DISCUSSION

Automated Descriptor Generation

The performance and practical utility of ML models in chemis-
try are strongly influenced by the choice of molecular descrip-
tors. QM features typically include a limited set of properties
directly extracted from calculations, such as atomic charges,
frontier orbital energies, and dipole moments.39 These are
sometimes complemented by conceptual DFT (cDFT) descrip-
tors, which relate electron density to chemical reactivity (i.e.,
Fukui indices or ionization potentials),40,41 as well as steric
descriptors, such as buried volumes (Vbur).

42 Despite the wide
range of available QM descriptor types, many studies rely on
relatively small and heterogeneous subsets, which potentially
leaves a fraction of chemically relevant information unexplored.
For example, while popular choices such as Fukui indices,
HOMO/LUMO energies, atomic charges, sterimol parame-
ters,43 and Vbur show a notable presence in the catalysis
literature,23,44−47 other complementary features are often over-
looked or not combined.

To address this limitation, we developed a new automated
AQME workflow coupled with xTB and MORFEUS to calculate
a collection of 39 descriptors (the “interpret” set), comprising 21
molecular and 18 atomic descriptors (Figure 2A). This set
includes electronic features such as atomic charges, Fukui indices,
HOMO/LUMO energies, hardness/softness, and nucleophilic-
ity/electrophilicity, among others, as well as steric parameters
such as Vbur, solvent-accessible surface areas (SASA), and pyrami-
dalization. The complete list and definitions of the descriptors are
provided in Table S1. This set is the standard choice for ML
modeling, as it provides broad, potentially relevant, and chemi-
cally interpretable molecular representations.
These 39 descriptors combine different interpretable features

calculated with xTB and MORFEUS, together with additional
properties identified as relevant in the cDFT literature. As new
descriptor definitions and software updates become available, this
list will likely be expanded to include additional QM-based
descriptors. Alternatively, the workflow generates a larger descrip-
tor dataset (“full”), comprising 238 descriptors that combine
xTB, MORFEUS, and RDKit48 features. However, this expanded
set is not discussed in this work49 since its primary aim is to max-
imize predictive power, often at the expense of interpretability.
The workflow first performs a conformer sampling based on

RDKit, while incorporating internal AQME protocols to over-
come known limitations. Although more exhaustive conforma-
tional exploration can be achieved with methods such as
GOAT50 and CREST,51 RDKit provides a practical balance
between computational efficiency and conformational coverage
for high-throughput molecular modeling workflows. In this con-
text, the AQME implementation extends the applicability of the
RDKit-based search beyond standard organic molecules
through internal filters that enable the treatment of organome-
tallic systems, allows control over molecular geometry (i.e., tet-
rahedral vs. square planar complexes), and provides options to
manage cis−trans isomerism.49 This is consistent with recent
efforts to expand RDKit-compatible SMILES representations
to transition metal complexes, further supporting SMILES-
driven workflows for organometallic ML.52 The resulting
geometries are optimized using the GFN2-xTB method, and
descriptors are subsequently calculated with MORFEUS for
steric properties and with GFN2-xTB and PTB53 for electronic
features through an interface in MORFEUS.
While xTB may exhibit significantly larger absolute errors

than DFT due to its lower level of theory, previous studies have
shown that xTB-based descriptors can effectively capture the
relative trends observed with DFT.54 This is particularly rele-
vant because the descriptors generated within the proposed
AQME workflow are intended for ML modeling, where relative
trends are often more important than absolute values. With this
in mind, we performed a benchmarking study using steric
(Vbur) and electronic (HOMO energy, HOMO−LUMO gap,
HL gap, and dipole module, μ) descriptors. The benchmark
included different neutral and charged organic and organome-
tallic compounds,37,55−57 comparing the same conformer opti-
mized and featured with either xTB or DFT (Figure 2B).
In this test, a reasonable R2 threshold of 0.7 (gray line) was

adopted to identify meaningful correlations. For Vbur (pale blue
bars), R2 values were consistently above this threshold and close
to 1.0 for 1−5. This can be expected, as Vbur depends only on
the geometry and the GFN2-xTB method has been parameter-
ized to reproduce DFT structures. For the electronic descrip-
tors calculated with PTB (top blue bars), only one correlation

Figure 1. Overview of the descriptor generation workflow and its
application in ML modeling.
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fell below 0.7, corresponding to the HOMO of family 1. In con-
trast, GFN2-xTB generally showed lower correlation with DFT
compared to PTB, with particularly poor performance in Pd
complexes 4 (i.e., an R2 of 0.06 for the HL gap). Similar weak
correlations with GFN2-xTB have also been observed previ-
ously in other Pd complexes.54 For this reason, PTB is used
as the default method within the AQME workflow for all elec-
tronic properties compatible with this xTB-based protocol.

Overall, these results demonstrate that the proposed descrip-
tors effectively capture DFT trends across diverse chemical sys-
tems, supporting their use as cost-effective alternatives for
general ML modeling (Figure 2B and Table S2). Nevertheless,
the methodology remains subject to intrinsic limitations of
xTB, and certain chemical systems may yield unreliable results

and should therefore be treated with caution (Figure 2C).
These include excited states (T1-5 and 6) and multireference sys-
tems (7),31,58 as well as molecules containing ionic or highly
polar interactions and some transition metal complexes, for
which GFNn-xTB methods may overstabilize strained motifs or
yield distorted, qualitatively incorrect geometries.59 As upcoming
xTB methods such as g-xTB become more established, their inte-
gration into the workflow may help alleviate some of these limi-
tations while extending its applicability to additional elements
beyond those currently covered by GFNn-xTB methods.

Cost-Effective Descriptors in Unsupervised ML Problems

To demonstrate the practical utility of the generated descriptors
in ML, we compared cost-effective and DFT-derived descrip-
tors in an unsupervised task using a dataset of 245 monopho-
sphine ligands (Figure 3).60 For the DFT reference, we
selected 12 commonly used ligand descriptors from the
Kraken library61 computed on DFT-optimized geometries and
Boltzmann-weighted over multiple conformers, including steric
(i.e., P pyramidalization) and electronic (i.e., the HL gap, μ, P
partial charge, hardness, etc.) properties. In parallel, the corre-
sponding cost-effective descriptor set was generated fully auto-
matically using the AQME workflow, starting from SMILES
strings and coupling conformational sampling with xTB-based
descriptor generation.
Both descriptor sets were independently projected using UMAP

dimensionality reduction62 and clustered into three groups using
HDBSCAN.63−65 In the clustering analysis (Figure 3), the similar-
ity between the resulting cluster assignments was quantified using
the normalized mutual information (NMI) score, where values of
0 and 1 indicate no agreement and perfect agreement, respec-
tively.66,67 We obtained an NMI score of 0.84, indicating very good
agreement between the cluster assignments obtained from cost-
effective and DFT-derived descriptors.
Similarly, 237 out of 245 ligands received matching assign-

ments, indicating that both types of descriptors lead to practi-
cally identical clustering results. Among the eight ligands with
nonmatching cluster assignments, two exhibit the largest dis-
crepancies between AQME- and Kraken-derived descriptor
values, explaining their different clustering (Figures S3 and
S4). For the remaining six, the origin of the mismatch is less
clear and appears to arise from the cumulative effect of moder-
ate deviations across multiple descriptors. Overall, the strong
agreement between the two methods in this unsupervised test
supports that the proposed cost-effective descriptors capture

Figure 2. (A) Descriptors generated within the new AQME workflow.
(B) R2 comparison of the generated descriptors against DFT results,
highlighting known limitations. Vbur was calculated with MORFEUS
(pale blue bars). The HOMO, HL gap, and μ were calculated with
PTB (top blue bars). Asterisks (*) represent values calculated with
GFN2-xTB (bottom blue bars). (C) Limitations of the method.

Figure 3. UMAP-HDBSCAN protocol using 245 phosphines with 12
xTB- and DFT-based descriptors. The three resulting clusters are
labeled in the graphs and shown in different colors.
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similar underlying features as DFT, despite their significantly
lower computational cost.

Supervised ML and Expert Survey

Motivated by the successful results observed in the previous
unsupervised ML task, we next focused on supervised examples
relevant to homogeneous catalysis. Five recent case studies were
selected to evaluate whether cost-effective descriptors can com-
pete with publication-quality DFT-based models (Figure 4). To
increase the difficulty of the benchmark, the selected examples
span a diverse range of systems, including organic and organome-
tallic species, different spin multiplicities, combination of descrip-
tors from different molecules, and varying molecular sizes.
Specifically, cases A68 and B45 involve radical Cu complexes
and diamagnetic Ni species, cases C46 and D69 combine features
from multiple organic molecules, including organocatalysts with
70-90 atoms, and case E47 involves boryl radicals. The selected
datasets encompass the typical sizes commonly encountered in
related literature,70 ranging from 18 to 153 entries, and included
both regression (A−D) and classification (E) problems.

Cost-effective descriptors were generated from SMILES
strings using the automated AQME workflow, as explained in
the previous section. In examples A and B, the structures of rel-
evant metal complex intermediates were used as inputs, while in
example E, the starting boryl radicals were employed. In exam-
ples C and D, descriptors derived from three or two reaction
components, respectively, were combined.

Manual feature selection of descriptors was then carried out to
achieve a balance between model reliability and interpretability.

Following the strategy adopted in the original DFT studies,
descriptor combinations were systematically evaluated up to the
maximum number used in the corresponding DFT models, and
the optimal models were selected based on their performance
metrics, with preference given to those providing greater inter-
pretability. Although researchers may use the fully automated
AQME-ROBERT workflow (see the next section), we adopted
a manual curation strategy in this benchmark because it often
yields superior models for small datasets and for applications
where interpretability is important.
The selected cost-effective descriptors had a similar elec-

tronic or steric nature to those used in the original DFT-
based models (Figures S6−S10, top). For instance, in exam-
ple B, the original model used three electronic features
(charges on the N and C atoms and molecular polarizabil-
ity), whereas the cost-effective model used two electronic
features (nucleophilicity of the N atom and polarizability of
the C atom). The interpretability of both types of
approaches is assessed below.
Subsequently, ML models were trained using ROBERT, which

enables robust and systematic comparisons by (i) avoiding
human bias in data splitting and (ii) employing both 10-times
repeated 5-fold cross-validation71,72 (10× 5-fold CV) and exter-
nal test sets to prevent overfitting and misleading performance.
The ROBERT score was also used to evaluate model quality.
This metric is a composite score out of 10 that accounts for mul-
tiple aspects of model performance, including overfitting, interpo-
lation and extrapolation behavior, predictive accuracy, and
robustness (Figure S5).71,73 In all cases, we ensured a consistent

Figure 4. Performance of cost-effective and DFT-based ML models, showing scaled root-mean-square error (RMSE) for cases A−D, accuracy error
for case E, and ROBERT scores. Gray squares denote models whose error performances are not statistically different (based on t-tests and Wilcoxon
signed-rank tests) or have the same ROBERT score. Triangles indicate better performance with DFT (red) or xTB (green). Workflow followed:
SMILES to descriptors with AQME, then manual feature selection, and lastly ML modeling with ROBERT.
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comparison between cost-effective and DFT-based models by
using the same class of algorithm (i.e., linear or nonlinear, as
appropriate, Figures S6−S10).

To assess the performance of the cost-effective models, we
compared them with their corresponding published DFT-
based models using the same datasets and descriptors reported
in the original studies. The mean predictions of the CV and test
set were evaluated to compare the results of both types of
models. In all examples, standard deviations of the predictions
were low and very similar for both types of models
(Figures S6−S10, bottom).

Importantly, the purpose of this benchmark is to evaluate
how models trained with our collection of cost-effective descrip-
tors compare with established DFT-based, publication-quality
results. These DFT-based models serve only as benchmarks
for the reliability and interpretability commonly accepted in
modern molecular ML studies. Therefore, this comparison
should not be interpreted as a direct performance competition
using identical xTB and DFT descriptors, where higher-level
theory would generally be expected to yield better results.

In organometallic reactions A and B, the resulting cost-
effective models reduced the three initial DFT descriptors to
two xTB descriptors. Despite this reduction, the cost-
effective models maintained comparable scaled RMSE values
(between 0.9 and 2.6%, Figure 4, bottom left and center)
and ROBERT scores (4 vs 5 and 7 vs 7, Figure 4, bottom
right). For the cases combining multiple reaction components,
C and D, the models reduced the four DFT descriptors orig-
inally used to three and two xTB descriptors, respectively. As
in the previous cases, xTB- and DFT-based models showed
comparable performance in terms of scaled RMSE (from 0.0
to 5.4%) and ROBERT score (5 vs 5 and 9 vs 8). In example
E featuring boryl radicals, the reduction in the number of
required features was more pronounced, from six DFT to
two xTB descriptors. Albeit this substantial reduction, both
models performed similarly in terms of scaled RMSE (3.0
and 0.0%) and a slightly better ROBERT score for the xTB-
based model (7 vs 5).

We further analyzed differences in error performance
between the models using paired t-tests74 and Wilcoxon
signed-rank tests (Table S4).75 In these tests, the RMSE
(A−D) or accuracy (E) values from each of the 50 folds gener-
ated by the 10× 5-fold CV were compared between the two
types of models. The results indicate an overall comparable
error performance (Figure 4, bottom left and center), with six
out of 10 cases showing no statistically significant differences
(gray squares), three cases showing slightly better scaled
RMSE values up to 3.0% for the DFT models (red triangles)
and one case showing a 5.4% lower RMSE for the cost-
effective models (green triangles). The results obtained using
mean absolute error (MAE) values led to similar conclusions
(Table S5). These findings are consistent with the comparable
ROBERT scores obtained: examples B and C show identical
values, D favors the DFT models, and A and E favor the cost-
effective models (Figure 4, bottom right). Overall, the results
indicate a largely equivalent performance scenario between the
cost-effective models and their DFT-based analogues.

Importantly, the descriptor generation workflow required only
8−73 min using 8 processors (Figure 4), whereas typical DFT
workflows would require days to weeks. For comparison, we per-
formed selected DFT calculations on the same computer archi-
tecture and observed reductions of approximately two to four

orders of magnitude in computational time when using xTB
(Table S3). This drastic reduction is essential for alleviating the
often-observed bottlenecks originating from descriptor genera-
tion in contemporary QM-based ML modeling.
To assess how the chemistry community perceives these

results, we conducted a blinded survey in which experts in
ML and catalysis evaluated, side by side, cost-effective and
DFT-based models for the five case studies of Figure 4. Two
categories, reliability and interpretability, were evaluated on a
scale from 1 (poor) to 5 (excellent), followed by a final ques-
tion assessing overall preference. The survey included a diverse
group of respondents, with 52 researchers from 40 institutions
across 13 countries (Table S6). We believe that this is a reason-
able number and diversity of researchers to form a representa-
tive group with varied biases, backgrounds and experience
levels, allowing us to assess whether our cost-effective models
are likely to be accepted by the broader chemistry community.
The participants were provided with multiple elements to sup-

port their evaluations, including reaction schemes, explanations
of descriptors, parity plots, model performance metrics from
cross-validation and test sets, and SHAP feature analyses. To
avoid potential biases that could disadvantage cost-effective
approaches, no labels indicating the level of theory used to gen-
erate the descriptors were provided. Comprehensive information
about the survey, along with the responses and a copy of the sur-
vey, is provided in Figures S12−S14 and Tables S6 and S7.
To analyze the results, we first used t-tests and Wilcoxon

signed-rank tests to assess whether differences in the side-by-
side rankings were statistically significant at the 95% confidence
level. Both analyses yielded similar conclusions (Table S7). In
three cases (A, D, and E), no statistically significant differ-
ences in reliability were observed, while in the remaining
cases, preferences alternated between DFT-based and cost-
effective models (Figure 5, top). For interpretability,
researchers rated both sets of models similarly across all five
cases, with no statistically significant differences (Figure 5,
middle). Likewise, when participants were asked to indicate
their preferred model, we observed alternating acceptance of
cost-effective and DFT-based models in cases A, C, D, and
E and a 50:50 preference ratio in case B (Figure 5, bottom).
It is worth noting that the survey included a substantial pro-
portion of experts with more than five years of experience
and that the observed trends were consistent across experi-
ence levels (Figures S12 and S13).
These results suggest that, despite being generated faster

and requiring fewer descriptors, the quality of the proposed
cost-effective models is perceived as comparable to that of their
published DFT-based counterparts. This outcome can be
attributed to the advantages that the proposed cost-effective
workflow offers over common strategies used in QM-based
chemical ML. First, while descriptor generation becomes sev-
eral orders of magnitude faster (Table S3), the resulting
descriptors often show good correlation with DFT-derived
values and capture similar trends (Figure 2B). Another impor-
tant advantage is that the workflow generates a diverse set of
39 features that are not often considered together, increasing
the chances of identifying meaningful descriptors relevant to
the target ML problem.
It is worth mentioning that the survey is intended to provide

a qualitative assessment demonstrating that, when evaluated
blindly without labels indicating the level of theory, the devel-
oped cost-effective ML models can compete with DFT-based
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counterparts at publication quality. Attempting to quantitatively
define an exact “model quality” metric in chemistry or homoge-
neous catalysis is likely impractical, given the vast diversity of
applications, subfields, and researcher backgrounds, and is
therefore beyond the scope of this work.

The generality of the proposed descriptors was further
assessed by comparing ML models built with our workflow
against five additional reported DFT-based models
(Figure S11). The benchmark covered a wide range of low-
and mid-data regimes, included heavy transition metal catalysts,
and encompassed models in areas beyond catalysis. As in the
previous examples, the cost-effective and DFT-based models
showed similar RMSE values and ROBERT scores, further sup-
porting that the generated cost-effective descriptors are broadly
applicable to chemical ML problems. Nevertheless, it is impor-
tant for researchers to remain aware of the intrinsic limitations
of the methods employed and to avoid their use in cases where
they are known to be unreliable (Figure 2C).

The similar results and survey conclusions obtained using
both types of descriptors suggest that cost-effective features
can serve as a feasible and general alternative to DFT in con-
texts where DFT has historically been preferred. In this regard,
we have successfully employed cost-effective descriptors in

multiple data-driven studies without incorporating DFT fea-
tures, supporting their broader adoption. Examples include the
active learning-driven discovery of Pd chromophores,37 reactiv-
ity analysis of alkyne semihydrogenation,76 selectivity trends in
Rh catalysts,77 and activation barrier prediction in epoxide-
based cycloaddition reactions.78

Fully Automated SMILES-to-Prediction Workflow

To further extend the applicability of the proposed workflow,
we provide a fully automated SMILES-to-prediction pipeline
designed to generate predictive ML models with minimal user
intervention. One of the main challenges limiting the broader
adoption of ML in chemical research is the lack of accessible
protocols for building models without requiring extensive
expertise in dataset construction, descriptor selection, and
model screening. In this context, the proposed workflow pro-
vides a practical and reproducible strategy for model generation
starting from simple molecular inputs.
The workflow combines the descriptor generation protocols

presented in Figure 2 with ROBERT tasks, allowing chemists
to move directly from a CSV dataset of SMILES strings to
ML predictors. The entire SMILES-to-prediction framework
is executed automatically through ROBERT using a single
command-line instruction or via the easyROB graphical inter-
face, which can also handle ChemDraw file uploads as
inputs.79 The program then enables end-to-end ML modeling
without manual intervention, encompassing data curation,
hyperparameter optimization, model screening, and other
steps typically required in QM-based ML workflows. After
model training, the resulting model can be used to predict
new outcomes by supplying further CSV files with SMILES
strings.
The generality of the SMILES-to-prediction workflow was

assessed through three tasks spanning different chemical
domains. First, the workflow was applied to the prediction of
enantioselectivity in the organocatalytic reaction dataset of case
D, comprising 153 data points (Figure 6A).69 Two separate
SMILES columns corresponding to the substrate and the chiral
organocatalyst were used as inputs, and descriptors for each
component were generated and combined automatically. The
procedure then trained a gradient boosting model, which
achieved strong predictive performance in both 10× 5-fold
CV (R2 = 0.88, scaled RMSE = 7.7%) and test set (R2 =
0.93, scaled RMSE = 5.1%) while using only 10 descriptors.
Consistently, the ROBERT score showed a high value of 9.
These results are comparable to those of the reported DFT-
based model (scaled RMSE of 8.7% and 6.1% for CV and test
sets, respectively, and ROBERT score = 9, Figure 4D).
The protocol was next applied to predict the aqueous solubil-

ity of organic molecules using the ESOL database with 1124
entries (Figure 6B).80 The automated pipeline generated a neural
network model with 9 descriptors that exhibited robust predictive
performance in both 10× 5-fold CV (0.85, scaled RMSE = 5.8%)
and test set (R2 = 0.86, scaled RMSE = 5.8%), achieving a
ROBERT score of 9.
Lastly, the workflow was applied to the prediction of activation

barriers for hydrogenation reactions catalyzed by Vaskas’ com-
plexes, using a dataset of 1901 SMILES entries (Figure 6C).81

In this case, ROBERT identified a neural network model with
20 descriptors as optimal, yielding consistent performance across
10× 5-fold CV (R2 = 0.87, scaled RMSE = 6.3%) and test set
(R2 = 0.88, scaled RMSE = 6.7%), and a ROBERT score of 8.

Figure 5. Survey results from 52 experts, including average ratings and
standard deviations on a Likert scale from 1 to 5 for reliability and inter-
pretability (top) and overall model preference (bottom). Gray squares
denote results that are not statistically different (based on t-tests and
Wilcoxon signed-rank tests for reliability and interpretability).
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Across all three case studies, spanning multicomponent ste-
reoselectivity, organometallic reaction barriers, and bulk prop-
erty prediction, the workflow delivers predictive models with
minimal user intervention and execution times compatible with
day-to-day research (A = 0.6 h, B = 1.3 h, and C = 7.1 h using 8
processors). Importantly, the same automated protocol is
applied across chemically distinct problems, underscoring the
generality of low-cost QM descriptors combined with end-to-
end ML automation. Together, these examples illustrate how
fully automated SMILES-to-prediction pipelines can transform
ML from a specialist tool into a practical component of routine
chemical discovery.

Despite the advantages and accessibility of this fully auto-
mated workflow, users should be aware that it is designed to
maximize predictive performance. Although the number of
descriptors used for model training is kept low through
ROBERT routines,71 the resulting predictive models may be
difficult to interpret since descriptors are automatically selected
using recursive feature elimination with cross-validation
(RFECV)67 rather than through manual curation.
Consequently, this strategy is most suitable for tasks in which
ML is primarily used to guide experimental decision-making
in a partially or fully black-box manner. In a similar context,
the lack of manual feature selection complicates the application
of this workflow to small datasets. In our experience, datasets

with fewer than 100 data points often benefit from a manual
feature selection step prior to training ML models with
ROBERT, whereas larger datasets are much less affected.

■ CONCLUSIONS

In this work, we have introduced an automated and user-
friendly AQME workflow for the generation of 39 cost-
effective descriptors and their integration into ML models.
Relying on xTB and MORFEUS methods, the proposed
approach significantly reduces computational cost compared
to traditional DFT-based descriptor generation, while maintain-
ing strong correlation with DFT trends across a broad spectrum
of organic and organometallic compounds.
Importantly, since ML models rely more on relative trends

than on absolute values, and because the workflow introduces
a broader variety of descriptors compared to traditional studies,
these cost-effective descriptors provide a practical alternative to
DFT for data-driven chemical discovery. Beyond technical vali-
dation, a blinded survey involving 52 participants reveals strong
community acceptance of the approach. Experts judged ML
models built from cost-effective descriptors to be comparable
in reliability and interpretability to publication-quality DFT-
based models. This outcome highlights not only the robustness
of the descriptors but also their potential to foster broader

Figure 6. Automated SMILES-to-prediction workflows A−C, including performance metrics of the resulting models and the command-line instruc-
tion executed in each case. RMSEs: scaled RMSE. Workflow followed: automated (i) SMILES-to-descriptor generation with AQME and (ii) feature
selection and ML modeling with ROBERT.
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adoption of ML methodologies in homogeneous catalysis, drug
discovery and other fields involving molecular systems.

Finally, the introduction of a fully automated SMILES-to-
predictor protocol lowers the barrier to entry for ML-driven
chemistry. By enabling rapid, systematic, and reproducible
model development directly from SMILES strings, this work-
flow aims to democratize access to QM-based ML predictors
and promote the integration of ML into routine chemical
research.

■ METHODS

Molecular descriptors were generated with AQME version 2.0.0, which
uses xTB version 6.7.1 and MORFEUS version 0.8.0. Data curation,
model screening, hyperoptimization, and all other tasks related to
ML modeling were performed with ROBERT version 2.1.0.
Installation instructions and details on how to use the programs, along
with case studies, are provided in the Supporting Information.

Workflows were executed at CESGA using 8 processors (Intel Xeon
Ice Lake 8352Y architecture), unless otherwise specified. All code and
raw data used in this study have been deposited in Zenodo to ensure
transparency and reproducibility.
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