
Predicting Metalloprotein Redox Potentials with Machine Learning:
A Focus on Iron−Sulfur Systems
Francesca Persico,∇ Bruno G. Galuzzi,∇ Miriana Pellegrino, Anne-Lise Claudel, Luca De Gioia,
Flavia Nastri, Gianfranco Gilardi, Chiara Damiani, Francesca Valetti, Marco Chino,
and Federica Arrigoni*

Cite This: https://doi.org/10.1021/acs.jcim.5c01752 Read Online

ACCESS Metrics & More Article Recommendations *sı Supporting Information

ABSTRACT: Iron−Sulfur (Fe−S) proteins play essential roles in
a wide range of biological processes, from energy conversion and
respiration to DNA repair and redox signaling, making them highly
relevant to both bioenergetics and human health. These proteins
mediate electron transfer through finely tuned reduction potentials
(RP) defined by their metal cofactors. However, predicting RP
from protein structures remains a significant challenge due to the
complex electronic nature of Fe−S clusters and their intricate
coupling with the surrounding protein environment. This complex-
ity limits our ability to systematically modulate RP, hindering
efforts in high-throughput and rational protein design. In this
study, we introduce a Machine Learning (ML) framework, FeS-
RedPred, for accurate and scalable prediction of RP in Fe−S
proteins. We focus on mono- and binuclear clusters, such as rubredoxins and [2Fe−2S] clusters of ferredoxins, Rieske, and
mitoNEET-type, which serve as ideal model systems thanks to the availability of abundant structural and electrochemical data. Our
approach relies on structure-derived molecular descriptors computed across multiple spatial scales, from local atomic environments
to global protein-level features. Using Extreme Gradient Boosting (XGB) models, we achieve a mean absolute error of ∼40 mV,
which is competitive with state-of-the-art computational approaches, while also providing a highly efficient compromise between
accuracy and computational cost. Beyond predictive accuracy, our model also offers indications about the determinants of RP,
enabling a basis for interpretation and potentially guiding protein engineering. This work provides a valuable foundation for
understanding the redox behavior of metalloproteins, enabling the high-throughput prediction of redox potentials and informing
data-driven design across diverse protein families.

■ INTRODUCTION
Over billions of years, evolution has shaped enzymes to carry out
essential biochemical reactions with remarkable efficiency.
Among them, metalloenzymes play a crucial role in electron
transfer, mediating redox reactions fundamental to life. To
function effectively, they must finely tune their reduction
potentials (RP) to align with that of their redox partners. Iron−
Sulfur (Fe−S) proteins occupy most of the biological RP
spectrum while exhibiting remarkable redox versatility (Figure
1). This diversity reflects their functional adaptability across
biological systems, where they serve as highly efficient electron
carriers due to the delocalization of electron density over Fe and
S atoms. As a result, Fe−S clusters are central to key biological
processes such as photosynthesis, respiration, and enzymatic
energy conversion in hydrogenases, CO dehydrogenases,
formate dehydrogenases, and nitrogenases.1−4 Beyond bioen-
ergetics, Fe−S clusters also play roles in cellular sensing, with
their redox properties directly linked to DNA repair and the
regulation of viral replication.5−7

Fe−S clusters exist in various forms, including [Fe−0S],
[2Fe−2S], [3Fe−4S], [4Fe−4S], and [8Fe−7S], with iron
typically coordinated in a tetrahedral arrangement by (mostly)
cysteine residues. Their RP is finely tuned by the surrounding
protein environment, optimizing their function for specific
biological roles. Understanding how the protein matrix
modulates RP is therefore essential not only for unraveling
fundamental biochemical principles but also for guiding the
rational design of Fe−S proteins with tailored redox properties
for biotechnological human-defined applications. Numerous
studies have investigated the influence of the protein environ-
ment on Fe−S redox properties, employing both experimental
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and computational approaches.3,10−26 Since the early 1990s,
density functional theory (DFT)-based or hybrid (QM/MM)
methods, well-suited to account for antiferromagnetic coupling,
have provided valuable insights into these effects.27−31 In
alternative approaches, RP of protein-bound cofactors can also
be estimated using sampling-based techniques, such as
thermodynamic integration, which explicitly account for
conformational dynamics.32−35 However, these methods are
computationally expensive and therefore poorly suited for high-
throughput applications. Determining cofactor RP through
either experimental or conventional in silico strategies thus
remains laborious, limiting their utility in large-scale protein
design workflows. Moreover, due to the intrinsic complexity of
Fe−S electronic structure, current computational tools still
struggle to achieve high predictive accuracy.34,36

Recently, we demonstrated that ML provides a powerful
alternative for predicting protein RP, leveraging its ability to
analyze complex data sets and identify underlying patterns.37

Building on this, we developed FeS-RedPred, a ML platform for
predicting the RP of Fe−S proteins, by adapting a previously
developed model originally designed for flavoproteins. FeS-
RedPred is a modular framework composed of multiple ML
models, each built with a specific rationale, aimed both at
optimizing predictive performance and at gaining insight into
how structural features at different spatial scales influence RP.
This effort is driven by the abundance of publicly available
structural and electrochemical data on Fe−S proteins, which
presents an opportunity for data-driven RP prediction. As an
initial step, we focus on low-nuclearity Fe−S clusters,
particularly rubredoxins and [2Fe−2S] proteins (including
ferredoxin-, Rieske-, and mitoNEET-type clusters), as they offer
an ideal training ground due to their well-characterized
structures and redox properties. Beyond serving as controlled
benchmarks for ML validation, these proteins are also
biologically relevant, playing key roles in diverse metabolic
and electron transfer pathways, oxygen resistance/protection
mechanisms (as recently shown for nitrogenases),38 and other
redox-driven cellular processes. In all these functions, activity

relies on finely tuned RP, highlighting the need for accurate RP
prediction in both basic and applied bioinorganic research.39

The promising performance of FeS-RedPred to metallocofactor
redox prediction lays the groundwork for extending it to more
complex Fe−S clusters and other inorganic cofactors.

■ RESULTS AND DISCUSSION
Protein Data Set and Molecular Descriptors. To train,

validate, and test FeS-RedPred, we compiled a curated data set
of Fe−S proteins for which both structural data and
experimentally determined RP are available, all identified
through a systematic literature search updated as of July 2025
(Supporting Information File S2).40−44 The data set includes
small Fe−S proteins containing either binuclear [2Fe−2S]
clusters or mononuclear rubredoxin-type clusters. For each
experimental structure included in the data set, the reported
crystallographic resolution was retrieved from the Protein Data
Bank (PDB) and is provided in an additional column of the data
set. In cases where in silico mutants were generated (vide infra),
the resolution of the corresponding reference PDB entry was
assigned. The distribution of resolution values across the data set
indicates that the large majority of structures are of high quality,
with only a few entries above 2.5 Å (Figure S1a). Among the
[2Fe−2S] proteins, coordination environments vary: ferredox-
ins display a canonical 4Cys coordination (two cysteines per
iron), mitoNEETs adopt a 3Cys/1His arrangement, and Rieske
proteins exhibit a 2His/2Cys coordination (Figure 2a). To
increase the structural and functional diversity of the data set, we
also included more complex metalloproteins and protein
assemblies (e.g., [FeFe]-hydrogenases, xanthine oxidase, and
dehydrogenases) that feature [2Fe−2S] clusters embedded in
larger domains and/or cofactor networks. These entries expand
the range of coordination environments and overall fold
architectures, since we also include proteins showing atypical
first-sphere ligation, such as 3Cys/1Asp coordination (as found
in iron−sulfur flavoenzyme sulfide dehydrogenase) and 3Cys/
1Arg coordination (as in biotin synthase).

Figure 1. RP distribution of Fe−S clusters in proteins, going frommore negative (red) to more positive (blue) values. * Refers to the rubredoxin-type
center found in rubrerythrin.8 As for [8Fe−7S] clusters, RP values are referred to the first and second reduction of the nitrogenase P-cluster.9 [4Fe−
4S]-clusters are distinguished between classical ferredoxins and high potential ferredoxins (HiPIPs).
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Figure 2. (a) Coordination of the Fe−S clusters in the four protein types considered. (b) Distribution of the RP for the proteins included in the data
set, divided by protein type (“Others” indicate “non canonical” [2Fe−2S] cluster coordination, namely 3Cys/1Asp or 3Cys/1Arg).

Figure 3. Schematic representation of 3D structure molecular descriptors used to develop the regression models, with long- and medium-range
features shown on the left and short-range features on the right. For rubredoxins, where the cofactor consists of a single Fe ion, both r1 and r2 are
centered on the Fe site.
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In total, the data set comprises 59 proteins and their mutants,
yielding 371 entries. Specifically, it includes 38 ferredoxin-type
proteins and their mutants (177 entries); 3 mitoNEETs and
their mutants (24 entries); 11 Rieske proteins and their mutants
(93 entries); 4 rubredoxins and their mutants (61 entries); and 3
additional proteins with noncanonical [2Fe−2S] coordination,
namely 3Cys/1Asp and 3Cys/1Arg configurations, and their
mutants (16 entries in total). Mutations span the first, second,
and outer coordination spheres, capturing a broad set of
structural features known to influence RP modulation. When
PDB structures for mutants were unavailable, we generated
them in silico by introducing the mutation (starting from an
available experimental structure of the same protein) and
performing local minimization (see Methods). The selected
proteins span a broad continuum of RP values, ranging from
−460 mV to +390 mV (Figure 2b), ensuring sufficient coverage
of the redox spectrum for robust ML training.
To effectively relate the 3D structure of a protein to its RP, it is

essential to account for structural and environmental effects at
different spatial scales. At short-range, the primary coordination
sphere plays a dominant role, where factors such as ligand
identity, hydrogen bonding with sulfide (S2−) or coordinating
residues (cysteine or histidine), and other direct interactions
significantly influence RP.20,45,46 At medium range, it is well
established that residues in the second coordination sphere and
beyond (outer sphere) canmodulate the electronic properties of
metal cofactors.8,20 Finally, long-range effects arise from the
overall physicochemical properties of the entire protein, which
contribute to redox tuning through electrostatic and structural
organization. Notably, in small proteins (prevalent in our data
set) medium- and long-range effects may overlap, as a significant
portion of the protein falls within the distance thresholds used to
define these influences.
To systematically capture these structural contributions, we

designed a set of 66 molecular descriptors, inspired by the
rationale outlined in Galuzzi et al.37 These features are
automatically extracted from each protein’s PDB structure and
are recalculated across three spacial ranges, defined as follows.

• Long-range descriptors (Figure 3, left) that encode global
physicochemical properties of the entire protein, labeled
as Protein.X, where X represents the specific feature
analyzed.

• Medium-range descriptors (Figure 3, left), accounting for
a protein portion within a sphere of radius r1 (set from 8 to
16 Å) centered at the Fe−S cluster’s barycenter, labeled as
Bar.X;

• Short-range descriptors (Figure 3) that capture the local
environment around each atom of the Fe−S cofactor,
computed within a smaller radius r2 (3−5 Å, with r2 < r1),
and labeled as CofAtom.Y.X, where Y specifies whether
the atom is Fe or S (Figure 3, right).

Given that short-range effects are expected to have a stronger
influence on RP, we further introduced two complementary sets
of features describing the local environment around each
cofactor atom. Specifically, we included descriptors representing
the properties of the amino acid residue closest to each Fe or S
atom of the cluster (NearestY.X, 28 descriptors) and descriptors
that also account for the properties of the two sequentially
adjacent residues of the nearest amino acid (AroundY.X, 32
descriptors).
Each descriptor category includes both count-based features

(e.g., the number of residues with specific properties such as
polarity or hydrophobicity) and summed parametrized property
descriptors, taken from Abriata et al.47 The values of the
descriptors depend on the chosen radii values, r1 and r2, so we
calculated them for each combination of radii: r1 = 8, 9, ..., 16 Å
and r2 = 3, 4, 5 Å. Since larger proteins may contain other
inorganic/organic cofactors, we also introduced an ad hoc
descriptor capturing cofactor type and multiplicity (i.e., the
number of cofactors of a given type present within r1, r2 or in the
whole structure).
Furthermore, since RP is sensitive to the pH at which it is

measured,48 we included pH as a numerical feature in ourmodel.
When RP values were available for the same protein at multiple
pH values, each condition was included as a separate entry in the
data set. Altogether, this multiscale strategy yields a total of 765
features per protein structure. In addition, we accounted for

Figure 4. Strategies used to train FeS-RedPred. In the A-XGB/A-LR approach (left), a separate model is trained for each specific combination of radii
(r1, r2). Features are recalculated for each pair, meaning that descriptors at a given r1 are computed multiple times to be combined with different values
of r2. In the figure, individual models with fixed r 5 Å2 = and varying r1 are highlighted with separate boxes. In the B-XGB/B-LR strategy (right), a
single model is trained by simultaneously incorporating features computed across all r1 and r2 combinations, thus reducing redundancy.
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variability arising from different experimental techniques, which
can yield significantly different RPmeasurements even under the
same conditions. For example, Zuris et al.20 reported a −25 ± 4
mV systematic shift between values obtained via protein film
voltammetry and those from optical methods, comparable to the
Mean Absolute Error (MAE) of our models. To address this
variability, we developed a variant of ourMLmodel that includes
the measurement technique as a categorical feature, allowing the
model to adjust predictions based on methodological context
(see below).
FeS-RedPred Performance. In our previous work, we

explored the possibility of using efficient ML models for the
prediction of protein RP.37More in detail, we performed a broad
comparison of different models (Extreme Gradient Boosting
(XGB), Random Forest, Decision Tree, SVM and Logistic
Regression) and carried out an extensive hyperparameter
optimization through a grid search strategy for any model.
Based on these previous results, we selected XGBoost as the
best-performing approach for the present study and Linear
Regression (LR) as a baseline control.
To optimize both computational cost and model perform-

ance, we trained different models based on the following
strategies.

A-adopting the same approach used in Galuzzi et al.,37 i.e.,
using all the descriptors described above, calculated for
each combination of r1 and r2. These models are referred
to as A-XGB and A-LR (Figure 4, left).
B-simultaneously considering all features across all
combinations of radii, to avoid redundancy. Thesemodels
are referred to as B-XGB and B-LR (Figure 4, right).

Table 1 summarizes the performance of these approaches,
reporting results for the optimal radii combination when
applicable, evaluated on an unseen subset of data (see Methods
for details). The XGB hyperparameters are tuned using a grid
search strategy, where the grid was specifically designed to
reduce the overfitting effect in our data set where the number of
descriptors exceeds the number of examples. Moreover,
hyperparameters were optimized using the training set only
without using any data from the test set during the performance
assessment (see Methods for details).
Model A-XGB achieved excellent performance, with a MAE

of approximately 39.9 mV for the best-performing radius
combination and an R2 of 0.94 (Table 1). Similar results were
observed for other radius combinations, as shown in the
heatmap in Figure 5, with limited variability in performance,
which remained just above 40 mV, well below 1 kcal/mol. The
performance of the A-LR model confirms that a linear

Table 1. Performance Metrics (MAE, Root Mean Squared Error (RMSE), R2, SC, and Execution Time) for Different MLModels

model MAE (mV) RMSE (mV) R2 SC time of execution (h:min:s)

A-XGB r1 = 11 r2 = 4 39.9 ± 4 57.7 ± 8 0.94 ± 0.02 0.97 ± 0.01 22:38:53
B-XGB 40.5 ± 5 60.1 ± 11 0.94 ± 0.03 0.95 ± 0.02 2:44:57

Figure 5. Mean and standard deviation of MAE as a function of r1 and r2. All the values are expressed in mV.

Figure 6. Predicted VS experimental RP for A-XGB model (a) and B-XGB (b). MAE values (in mV) are reported for each protein type.
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relationship is less suited to capture the complex protein−
cofactor interplay governing RP.
Although the different experimental methodologies can

introduce variability in RP measurements, including this
information as a descriptor did not significantly improve
model accuracy while increasing computational cost, and
appears to offer limited predictive value for novel proteins
(see Supporting, Table S1 for details). For this reason, we did
not include this approach in further analyses. Interestingly,
considering simultaneously all the radii combinations inB-XGB,
not only maintained excellent predictive performance but also
significantly reduced computational costs (Table 1).
Figure 6 reports the MAE for the different protein types

considered for A-XGB and B-XGB. As expected, MitoNEETs,
being the least represented proteins in the data set, exhibit the
highest prediction error. Interestingly, despite the fact that the
data set contains more Rieske proteins than rubredoxins, the
latter are predicted with similar accuracy. This may be attributed
to the decision-tree-based nature of XGB, which benefits from
the unique structural features of rubredoxins compared to the
other protein classes. Nevertheless, the experimental vs
predicted RP correlation remains high across all protein types,

and the observed errors remain within acceptable limits (Figure
6).
To further evaluate the predictive capabilities of our model,

we conducted two complementary tests. In the first test, one
protein out of every 37 in the data set (10 proteins in total) was
entirely excluded from training. The model trained on the
remaining entries was then used to predict the RP of the
excluded proteins de novo. Themodel achieved consistently low
errors, with the vast majority of proteins deviating by less than 30
mV from experimental values, and an overall mean absolute
error of 28 mV (Figure S2). These results indicate that the
model can reliably predict RP for proteins not included in our
data set.
In the second test, we applied the same strategy but excluded a

set of mutants for individual proteins, selecting two
representatives per protein class (depending on the available
data) to increase, decrease, or leave the RP essentially
unchanged relative to the wild type. Here, the model not only
achieved small prediction errors, averaging 12.5 mV across the
selected mutants, but also successfully reproduced the expected
directional changes in RP (Figure S3).

Figure 7. (a). Heatmap of the molecular descriptor importance. Higher values indicate a greater relevance of the descriptor in the model. The
molecular descriptors are ordered based on the average importance value across all models. (b). SC between RP and molecular descriptor values.
Values close to −1 indicate a negative correlation (higher molecular descriptor values correspond to lower RP and vice versa), while values near +1
indicate a positive correlation.
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Taken together, these results further support the potential use
of our tool in protein design, as it can predict not only the
magnitude but also the direction of RP shifts in designed
mutants. Remarkably, in all these cases, the prediction of the RP
for a single protein required less than 1 s.
A closer inspection of the prediction errors revealed two

proteins that consistently emerge as major outliers across all
models (Figure 6). The first case corresponds to the [2Fe−2S]
ferredoxin from Escherichia coli quinol−fumarate reductase
(PDB ID: 1L0V, C62S mutant), in which replacement of a
cysteine ligand by serine causes an exceptionally large redox shift
(−322 mV vs −79 mV in the wild type).49 This effect is far more
pronounced than in other single-Cys-to-Ser mutants of the same
protein (−182, −110, and −49 mV), and prediction absolute
errors scale accordingly (≈250, 90, 60, and 30mV, respectively).
We attribute this limitation to the very low representation of
such coordination motifs in the training set (only 10 entries,
including four rubredoxin mutants), which likely prevents the
model from adequately capturing such extreme and heteroge-
neous shifts. The second outlier is the [2Fe−2S] cluster located
in the NADH-dependent ferredoxin:NADP oxidoreductase
(NfnI) from Pyrococcus furiosus (PDB ID: 5JCA).50 This cluster
is coordinated by an aspartate ligand, a motif that is also poorly
represented in the data set (11 entries), and displays an
unusually high RP (+80 mV). Moreover, it has been suggested
that NfnI undergoes conformational rearrangements at the
NfnA/NfnB interface, which alter the cluster environment and
facilitate electron bifurcation.51,52 Such dynamic effects,
involving multiple conformational states in solution, are not
captured by our current static-descriptor approach and may
therefore contribute to the observed discrepancy. Together,
these cases highlight two intrinsic limitations of the present
framework: (i) insufficient representation of uncommon
coordination environments in the training set, and (ii) the
lack of an explicit treatment of protein dynamics and
conformational ensembles. Both aspects represent promising
directions for future model refinement.
Interestingly, we did not observe any correlation between

prediction errors and crystallographic resolution, indicating that
poorly determined structures are not significantly biasing the
data set (Figure S1b). This robustness is consistent with the way
our descriptors are defined, i.e. simple, local, and based on
physicochemical features within fixed cutoff radii rather than
precise atomic coordinates, and aligns with similar observations
reported by Min et al.53

Molecular Descriptor Analysis. To gain a deeper under-
standing of how protein structure influences RP, we assessed the
contribution of individual molecular descriptors to the model’s
predictions. Identifying the most relevant features is not only
essential for interpreting the model but also provides valuable
insights that could guide protein design and engineering. To
achieve this, we performed a SHAP (SHapley Additive
exPlanations) analysis, focusing on the A-XGB model, also to
examine how feature importance changes with r1 and r2, i.e. the
radii used to define structural descriptors. Figure 7 summarizes
the top-ranking molecular descriptors driving RP prediction
across different cutoff radii (Figure 7a), along with their
Spearman correlations with RP (Figure 7b). The same top-
ranked descriptors are also obtained for the B-XGB model (see
Supporting Information, Figure S5 for details).
Where feasible, we attempted to rationalize their impact based

on known physicochemical principles. While some descriptors
are nontrivial to interpret due to their composite nature, others

are difficult to link directly to RP from a chemical perspective
and may instead correlate indirectly with structural or
environmental effects. Nonetheless, we selected a few top-
ranked descriptors for closer inspection to explore whether
chemically reasonable insights could be extracted and to better
understand how the model captures structure−function
relationships. Among the most impactful features is one that
combines steric hindrance and backbone flexibility of the three
residues closest in sequence to Fe. This descriptor exhibits a
strong negative correlation with RP, meaning that its increase
tends to shift RP to more negative values. Although its
formulation does not directly map to a single physical property,
residue-level analysis reveals that cysteine and serine contribute
most to higher descriptor values, aligning with their known
influence in lowering RP when coordinating Fe.20,46

The second-ranked descriptor is the count of polar residues
around the cluster. It is well established that the polarity of the
surrounding environment can influence RP. For example, the
unusually positive RP of the rubredoxin-type cluster in
rubrerythrin has been attributed to the substitution of Val
residues (common in rubredoxins) with polar side chains, which
are thought to substantially modulate the local electrostatic
environment at the redox site.8 However, a closer examination of
our data set suggests that this descriptor, in this specific case,
likely reflects first-sphere effects rather than independent
second-sphere contributions. In our scheme, “polar residues”
include only neutral polar side chains, and this feature is not
consistently ranked as important across all cutoff radii. Its
apparent relevance arises only in certain models (Figure 7a),
where it occasionally swaps rank with the top-ranked feature,
which is associated with the number of cysteines coordinating
the Fe center. Since cysteines are classified as neutral polar
residues while histidines, lysines, and arginines are grouped as
basic/positively charged residues, these two features capture
overlapping information. In practice, both primarily report the
presence of coordinating cysteines, meaning that interpreting
“polar residues” as an independent second-sphere determinant
would be misleading.
Several of the remaining top-ranked descriptors are related to

the presence of histidine residues or nitrogen-containing atoms
near Fe or S atoms. While some directly quantify the number of
nearby His residues, capturing known redox shifts caused by His
replacing Cys in first-shell coordination, as seen going from
ferredoxin, to NEET, and finally to Rieske proteins, others more
generally account for local nitrogen density. These features may
also reflect a combination of effects beyond His ligation, such as
electrostatic stabilization of the reduced state by protonatable
residues (such as Lys and Arg), and hydrogen bonding with S2−

ligands. This latter contribution is consistent with previous
computational and experimental studies on both binuclear Fe−S
clusters and rubredoxins, which have highlighted the role of
hydrogen bonding in modulating RP of both rubredoxins and
[2Fe−2S] proteins.45,54,55

Additionally, pH emerges as a significant factor, with lower
pH values being associated with more positive RP, as expected.
Taken together, these findings confirm that themodel effectively
captures the complex interplay of local steric effects, electro-
statics, ligand identity, and environmental factors. However,
these findings also underscore the difficulty of disentangling
first- and second/outer-sphere contributions in our data set.
First-sphere effects dominate the redox behavior of Fe−S
clusters, making it challenging to isolate the influence of more
distal determinants. In contrast, in our previous study on
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flavoproteins,37 the absence of metal coordination allowed for a
more straightforward interpretation of feature importance.
Resolving subtler second/outer-sphere effects in Fe−S proteins
would ideally require training models on proteins with identical
first-sphere coordination, so that differences could be directly
attributed to the surrounding environment. Currently, the
limited number of available entries per cluster type prevents this
without compromising predictive performance, but efforts in
this direction are already underway in our group.
Descriptor Contributions Across Multiple Spatial

Scales. To systematically assess the impact of molecular
descriptors at different spatial scales, we trained multiple XGB
models by selectively excluding descriptors associated with
short-, medium-, and long-range effects.

• No short-range: excludes descriptors around individual
cofactor atoms.

• No medium-range: excludes descriptors around the
cofactor barycenter.

• No long-range: retains only short- and medium-range
descriptors, excluding whole-protein features.

To further disentangle the contribution of each descriptor
type, we trained separate models using only one category of
molecular descriptors at a time.

• Short-range only: uses only descriptors around the
cofactor atoms.

• Medium-range only: uses only descriptors around the
cofactor barycenter.

• Long-range only: uses only whole-protein descriptors.
As expected, removing any set of descriptors results in a

decline in predictive accuracy (Table 2 and Figure 8). The

difference in performance of these models were confirmed by a
pairwise statistical analysis based on theMann−Whitney U rank
test. All the obtained p-values of the statistical analysis are
reported in the Supporting Information (Figure S6). This trend
highlights the importance of integrating features across multiple
spatial scales to achieve accurate RP predictions. The long-range
only model performs the worst, confirming that whole-protein
features alone are insufficient to provide efficiency. Conversely,
models retaining short-range descriptors perform significantly
better, underscoring the importance of local interactions.
However, the overall performance drop observed along the
series is not dramatic (∼8 mV). This can be reasonably
explained by the intrinsic overlap between local and global
descriptors: residues near the cofactor contribute to both short-
range and protein-wide features, meaning that some local

information is inherently embedded in global descriptors.
Nonetheless, explicitly including short-range features proves
more effective, both in terms of accuracy and in capturing the
chemically and physically relevant environment of the cofactor.
The SHAP analysis confirms that the most influential features in
these models align with those identified in the full A-XGB
model. Full SHAP analysis results for these models are provided
in the Supporting Information, Figures S7−S12.

■ CONCLUSIONS
In this work, we presented FeS-RedPred, a ML framework
adapted from a model we originally developed for flavoproteins.
By designing a set of structure-based descriptors that encode the
3D environment surrounding the cofactor, and applying the
same underlying rationale, we demonstrate that the method can
be extended across different classes of redox-active proteins. We
further showed that our approach can be optimized in terms of
efficiency by reducing descriptor calculation redundancy, which
lowers computational cost without sacrificing predictive
accuracy. In addition, it can be seamlessly extended to include
features such as the presence of other cofactors or categorical
variables, as, e.g., the experimental technique used to determine
RP. However, in our data set, none of these additional features
has a dominant influence on the predicted response.
A recent high-level benchmark by Jafari et al. systematically

evaluated different computational strategies for predicting RP in
12 representative Fe−S proteins. Their best-performing
protocol (QM/MM geometries followed by QM + COSMO
single-point corrections, ε = 80) achieved very high accuracy for
certain cluster classes, such as Rieske centers, while showing
larger deviations for others, including rubredoxins and [2Fe−
2S] ferredoxins. After correcting for a systematic shift of −0.55
V, the authors reported mean absolute and maximum deviations
of 0.17 and 0.44 V, respectively. In terms of resources, this
protocol requires moderate computational cost (∼95 CPU
hours on 20 cores). In comparison, FeS-RedPred reaches an
average error of ∼40 mV across different cluster classes, without
requiring scaling factors and relying only on simple descriptors
directly derived from PDB structures. For proteins that overlap
with the Jafari et al. benchmark, our method attains an average
error of 15.4 mV, with particularly low values for all systems (5−
29 mV). Importantly, model training is computationally
lightweight (ranging from less than 3 h to at most 1 day
depending on the configuration, Table 1), and once trained,
predictions on new proteins can be obtained within seconds.
This makes the approach particularly suitable for rapid and
large-scale applications and competitive with higher-level
methods in terms of efficiency.36 FeS-PredRed resulting
performance is stable, with low variance across folds, and
strongly suggesting that the model captures genuine structure−
function relationships rather than noise. Moreover, it bypasses
the complications of explicitly modeling the antiferromagnetic
coupling that characterizes the electronic structure of Fe−S
clusters in standard DFT calculations.
Interestingly, Min et al.53 recently showed that a small set of

structural descriptors, such as total charge and average Fe
valence, can capture global trends across different cluster types
using linear regression on a relatively limited data set of Fe−S
proteins. While the two approaches differ substantially in
methodology and scope, it is nevertheless informative to provide
some contextual comparison. For the simpler mono- and
binuclear clusters, their model achieves an average discrepancy
of ∼80 mV, only slightly higher than the 57−60 mV obtained

Table 2. Performance Metrics (MAE, R2) for Different ML
Models

XGB model long- medium- short-
MAE
(mV) R2

A-XGB r1 = 11, r2 = 4 X X X 39.9 ± 4 0.94 ± 0.02
no long-range

r1 = 11, r2 = 4
X X 40.2 ± 5 0.94 ± 0.02

no medium-range
r2 = 4

X X 41.7 ± 4 0.94 ± 0.02

no short-range r1 = 8 X X 42.6 ± 6 0.92 ± 0.04
short-range only

r2 = 5
X 42.6 ± 5 0.93 ± 0.02

medium-range only
r1 = 15

X 44.4 ± 7 0.91 ± 0.04

long-range only X 47.6 ± 5 0.91 ± 0.03
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when applying linear regression to our own data set (Figure 5),
but above the∼40mV reached with the XGB implementation of
FeS-RedPred (Figure 5, Table 1). This comparison highlights
that extending the set of protein-encoded features and adopting
nonlinear models are key elements for achieving higher
predictive accuracy. At present, FeS-RedPred has been applied
to mononuclear and binuclear [2Fe−2S] clusters. This
deliberate focus was motivated by the novelty of our approach,
allowing us to train and benchmark the ML framework in a
controlled setting and to gain confidence in its performance
before moving to more complex cases. Notably, the same
framework has also proven effective on flavoproteins with
comparable accuracy,37 supporting its potential broader general-
izability across different cofactor chemistries. Extending the
approach to higher-nuclearity clusters, such as [3Fe−4S] and
[4Fe−4S], therefore represents a natural next step, and will
likely further broaden its applicability to Fe−S proteins of
technological and bioenergetic relevance56−60 In this regard, it is
worth noting that the average error reported by Min et al.53

increases to ∼120mVwhen evaluating performance on their full
data set, which also includes [3Fe−4S] and [4Fe−4S] proteins.
Therefore, we cannot exclude that a similar loss of performance
might also occur in our case upon extending the model to
higher-nuclearity systems. On the other hand, such an extension
would naturally enlarge and diversify the training set, which
could in turn counterbalance potential accuracy losses, since
data set size and diversity are key factors in the performance of
ML models. Work along this line is already underway in our
group, and current results provide a solid groundwork for such
future developments.
Beyond its predictive performance, our model also provides

interpretable outputs, although in Fe−S clusters the dominant
first-sphere effects make second-sphere contributions difficult to
disentangle. Future work on larger data sets with controlled first-
sphere coordination will be key to better resolving these subtler
influences.
Overall, FeS-RedPred provides a versatile and efficient tool for

supporting both the design of artificial Fe−S proteins and the

engineering of native ones.61−65 This enables a data-driven
approach to protein engineering, helping to prioritize mutations
for experimental validation without relying solely on trial-and-
error strategies. Specifically, the model may be applied to (i)
rapid screening of large mutant libraries to identify the most
promising variants; (ii) guiding protein design by highlighting
mutations likely to shift RP; and (iii) assisting in the assignment
of ambiguous RP, e.g. in proteins containing multiple Fe−S
clusters.
Future developments will also include the consideration of

computationally predicted structures, both to enrich the data set
and to test model performance on proteins lacking exper-
imentally determined structures. In particular, the revolutionary
advances in structure prediction achieved in recent years (e.g.,
AlphaFold, RoseTTAFold) now provide models with con-
fidence levels that in some cases approach those of experimental
structures. Moreover, we aim to explicitly incorporate protein
dynamics and conformational ensembles, which in certain cases
can significantly influence RP. Finally, with the growing
availability of structural and electrochemical data across
metalloprotein families, such as copper proteins and cyto-
chromes, this framework holds promise as a broadly applicable
platform for advancing the design of novel electron transport
networks and biocatalyst optimization.

■ METHODS
In Silico Mutant Generation. All the 3D structures for the

wild-type proteins of our data set were downloaded from the
PDB. When a PDB structure for a given mutant was unavailable,
we generated it in silico with the BioLuminate66 suite within
Maestro.67 First, we prepared the wild type protein using the
PrepWizard tool in Maestro. To generate the mutants, we
employed the residue and loop mutation tool in Maestro,
followed by localized minimization within a 5 Å radius of the
mutation site. All mutants generated with this procedure differ
from the wild-type protein by one or two amino acid
substitutions, starting from an available experimental structure
of the same protein. To validate the adequacy of this approach,

Figure 8. Mean and standard deviation of MAE (in mV) as a function of r1 and r2.
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we selected ferredoxin 1FXA, the protein in our data set with the
largest number of mutants (20), and evaluated stability changes
upon mutation. ΔΔG values calculated with FoldX68 were
mostly neutral (within ±1 kcal/mol), with only a few slightly
above this threshold. Consistent results were obtained with two
additional predictors, DynaMut and DDGun (Figure S13).69,70

Together, these analyses indicate that the mutations introduce
only local perturbations, as expected, and that our local
minimization strategy provides an adequate structural treatment
for the generated mutants. To further justify the inclusion of
these in silico−generatedmutants in our data set, we also trained
a model using only experimental structures. This led to a
substantial reduction in data set size (137 entries) and, as a
consequence, to a decrease in predictive performance, with the
MAE increasing to 53 mV (Table S1). This outcome confirms
that including a larger number of entries and structural
variability is essential to maintain high predictive accuracy, as
expected.
The ML Model. We used a decision-tree-based ensemble

method called Gradient Boosting (GB) as an ML regressor.71

GB is an ensemble learning technique commonly used for
regression or classification tasks. It works by sequentially
building a model that corrects the errors and improves the
previousmodels. The approach begins with a simple basemodel,
often a shallow decision tree, which predicts the target variable.
The difference between the actual and predicted values, known
as residuals, is calculated, and a new model is trained to predict
these residuals. This process repeats iteratively, where each new
model adds to the prediction of the previous ones, reducing the
overall error in a step-by-step manner. The model’s predictions
are combined to form the final output, and the algorithm seeks
tominimize the loss function through gradient descent, ensuring
that the errors are progressively reduced.
XGBoost (Extreme Gradient Boosting)72 is an optimized

implementation of GB, designed to be faster and more efficient,
especially for large data sets and complex regression tasks.
XGBoost incorporates several key improvements over tradi-
tional gradient boosting, such as regularization to reduce
overfitting, parallelization for faster training, and a more efficient
tree-pruning strategy. These features make XGBoost highly
accurate and scalable, making it a popular choice for regression
problems.
Notably, since the number of descriptors calculated for each

protein structure exceeds the number of training samples, we
adapted the ML model, which usually has the default values of
hyper-parameters suitable for a data set with a high number of
examples. More in detail, we carefully designed the hyper-
parameter grid to explore values that promote model
regularization. In particular, we tuned the number of estimators
(n_estimators), and the tree depth (max_depth), which
collectively control the model’s complexity and generalization
capacity.
The ML Experimental Setup. For all trained and tested

models, we used the same ML pipeline previously adopted in
Galuzzi et al.37 In particular, we implemented a nested cross-
validation strategy, consisting of a 5-fold outer cross-validation
for model evaluation and a 10-fold inner cross-validation for
hyperparameter tuning of the XGBoost algorithm.
We used a k-fold cross-validation approach instead of a simple

train-test split to reduce the risk that the results depend too
heavily on a particular subset of the data.
In the inner loop (i.e., for hyperparameter tuning), the model

was trained on 9 folds and validated on the remaining one,

cycling through all folds. Hyperparameters were optimized using
a grid search strategy aimed at minimizing the Mean Absolute
Error (MAE). In particular, we tested three different values (3,4,
and 5) for the maximum depth of the trees, three different values
(100, 150, and 200) for the number of gradient boosted trees,
four different values (0.01,0.1,0.2, 0.4) for the learning rate, and
three different values (1,5, 10) for minimum sum of instance
weight needed in a child node for a split to be made. Therefore,
we tested a total of 108 different possible hyperparameter
configurations.
In the outer loop (i.e., for model evaluation), the tuned model

was trained on 4 folds (≈80% of the data set) using the best
hyperparameters identified in the inner loop, and then tested on
the remaining fold (≈20%). This procedure was repeated until
each fold had served once as the independent test set.
Importantly, this guarantees that every protein in the data set
is evaluated de novo, i.e. without the model ever having seen it
during training, thus providing an unbiased assessment of
generalization performance. To ensure robustness against
performance variability due to random data splitting, the entire
nested cross-validation procedure was repeated 10 times,
allowing for a comprehensive assessment of model stability
and generalization performance.
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