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ABSTRACT: Iron—sulfur (Fe—S) clusters are critical cofactors in metalloproteins,
essential for cellular processes such as energy production, DNA repair, enzymatic
catalysis, and metabolic regulation. While Fe—S cluster functions are intimately
linked to their redox properties, their precise roles in many proteins remain unclear.
In this study, we present a regression model based on experimental redox potential
(E,,) data, utilizing only two features: the Fe—S cluster’s total charge and the Fe
atoms’ average valence. This model achieves a high correlation with experimental
data (R* = 0.82) and an average prediction error of 0.12 V. Applying this model
across the Protein Data Bank, we predict E,, values for all cataloged Fe—S clusters,
uncovering redox potential trends across diverse cluster classes. The computed redox
potentials showed strong agreement with experimental values, achieving an overall
accuracy of 88%. This streamlined, computationally accessible approach enhances
the annotation and mechanistic understanding of Fe—S proteins, offering new
insights into the redox variability of electron transport proteins. Our model holds
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promise for advancing studies of metalloprotein function and facilitating the design of bioinspired redox systems.

B INTRODUCTION

Iron—sulfur (Fe—S) clusters are essential cofactors that
maintain structural and catalytic integrity in a wide range of
proteins, particularly those involved in fundamental cellular
processes. ~ As redox-active centers, Fe—S clusters facilitate
electron transfer reactions through their capacity to undergo
reversible oxidation—reduction transitions. The primary types
of these clusters—[1Fe—0S], [2Fe—2S], [4Fe—4S], and
[3Fe—4S]—differ in their iron and sulfur atomic config-
urations, each imparting specific electronic and magnetic
properties to the host protein.””” These variations allow Fe—S
clusters to modulate their reactivity and interaction specificity,
which is critical in enzymes across diverse biological systems.
Within cellular contexts, Fe—S clusters are indispensable in key
pathways, including oxidative phosphorylation, photosynthetic
electron transport, DNA replication, and repair mecha-
nisms.”®*”"* Their roles extend to enzymes like ferredoxins,
aconitase, and ribonucleotide reductase, where the clusters’
coordinated iron atoms enable the transfer of electrons critical
for metabolic flux and genomic stability. The clusters’ unique
coordination chemistry also supports their sensitivity to redox
fluctuations and oxidative stress, allowing them to act as

roles of Fe—S clusters deepens our understanding of their
multifaceted contributions to cellular function and expands our
grasp of the biochemical principles governing protein structure
and function in redox biology.”"*

The redox properties of the iron centers within Fe—S
clusters are primarily responsible for governing their electro-
chemical characteristics. The redox potential (E,,), a key
parameter that reflects the tendency of a molecule to gain or
lose electrons, is fundamental to the behavior of iron—sulfur
clusters in redox reactions. This potential is intricately
determined by the specific number and spatial arrangement
of iron and sulfur atoms within each cluster, where
configurations such as [2Fe—2S] and [4Fe—4S] provide
distinct electronic environments and reactivity profiles.””'*'°
Additionally, the coordination environment of iron atoms—
encompassing proximal amino acid residues, solvent molecules,
and other ligands—modulates these electrochemical properties
by influencing the electron-donating and electron-accepting
capabilities of the cluster.'” The precise arrangement of ligands
around the iron centers, including the types and positions of

environmental sensors that can trigger regulatory responses to Rec?i"e‘l’ Mar_Ch 3, 2025
maintain cellular homeostasis under varying conditions. The Revised: Apr¥1 2, 2025
lability of Fe—S clusters, especially under oxidative or metal- Acce_}’ted’ APr}l 4, 2025
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roles in dynamic cellular environments. Studying the structural
arrangement, electron transfer capabilities, and the biochemical
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Table 1. Experimental and the Calculated E,, Values of the Different Fe—S Clusters”

PDB ID # Fe valence tot. charge E_ %Y E, ¢
1IRO** 1 2.950 -2 —0.066" 0.073
SNW3¢ 1 2.710 -2 0.016” 0.000
JyMm1* 2 2.265 -1 0.375° 0.284
INYK?’ 2 2.475 -1 0.150** 0.348
1QT9* 2 2.935 -3 —0.4057 -0.350
1RES* 2 2.100 -1 0.306>" 0.234
2NUK* 2 2.525 -1 0.310’ 0.363
2PIA% 2 3.415 -3 —0.174% —0.205
4F1E** 2 2.955 -2 0.060°* 0.074
4007% 2 2.515 -2 0.024% —0.058
400A* 2 3.120 -3 —0.280* —0.294
8HN2% 2 2.350 -1 0.150%° 0.310
1FXD?’ 3 2.840 -3 —0.1307 —0.379
SFD19% 3 2.793 -3 —0.4257 -0.393
SFD1%® 4 2.662 -3 —0.650" —0.432
1CKU* 4 2.788 -2 0.355’ 0.024
1FXR* 4 3.105 -3 —0.3857 —0.298
1Gsp*! 4 2.478 —4 —0.790* —0.906
11Qz* 4 2.752 -3 —0.2807 —0.405
1JBo“* 4 2.610 -3 —-0.550" —0.448
1JBo* 4 2.588 -3 —0.590" —0.455
1JBo* 4 2.690 -3 —0.700" —0.424
vjw* 4 2.732 -3 —0.404* —0.411
2HIPY 4 3.482 -2 0.1507 0.234
3A39% 4 2.845 -2 0.323% 0.041
4RR2* 4 3.545 -2 0.160°° 0.253
7vVOs®! 4 3.015 -2 0.323° 0.093

protein name res.(A) organism
rubredoxin (oxidized, Fe (III))) 1.1 Clostridium pasteurianum
rubredoxin 0.59 Pyrococcus furiosus
Rieske FeS protein II (soxf) 1.11 Sulfolobus acidocaldarius
Rieske FeS protein 131 Thermus thermophilus
ferredoxin 1.3 Nostoc sp.
Rieske FeS protein 1.83 Spinacia oleracea
Rieske FeS protein 1.2 Rhodobacter sphaeroides
phthalate dioxygenase reductase 2 Burkholderia cepacia
mitoNEET (D67G) 2.4 Homo sapiens
Naf-1[2Fe—2S] NEET protein 1.65 Homo sapiens
Nafl (MINER1): H114C 1.58 Homo sapiens
Rieske FeS protein 2.3 Chlorobaculum tepidum
ferredoxin II 1.7 Desulfovibrio gigas
ferredoxin 1.9 Azotobacter vinelandii
ferredoxin 1.9 Azotobacter vinelandii
high potential iron protein 12 Allochromatium vinosum
ferredoxin I 2.3 Desulfovibrio africanus
nitrogenase Iron Protein 2.2 Azobacter vinelandii
ferredoxin 0.92 Bacillus thermoproteolyticus
ferredoxin 2.5 Synechococcus elongatus
ferredoxin 2.5 Synechococcus elongatus
Fferredoxin 2.5 Synechococcus elongatus
oxidoreductase 1.75 Thermotoga maritima
high potential FeS protein 2.5 Halorhodospira halophila
high potential FeS protein 0.72 Thermochromatium tepidum
human primase 2.65 Homo sapiens
high potential FeS protein 12 Thermochromatium tepidum

“The valences are calculated based on the coordinates in the PDB files. The total charges include the Fe, the bridging S, and the Cystine S. “All
redox potential values are reported relative to the standard hydrogen electrode (SHE), as specified in the cited references. “The reference for this
structure is currently in press, but the structural data is available in the PDB. “Entries sharing the same PDB ID represent the same protein

structure, with each E,, value corresponding to a different Fe—S cluster.

coordinating amino acids, can substantially affect the clusters’
redox activity by stabilizing certain oxidation states over others.
Furthermore, external factors such as the overall spin state of
the cluster, ambient pH, temperature, and the presence of
other molecules or cofactors in the cellular milieu can
significantly alter the redox potential and electron transfer
kinetics. Variations in these conditions can dynamically impact
the clusters’ function, affecting critical cellular processes like
respiration and DNA repair. Despite the recognized influence
of each factor, the relative contributions of these elements to
the overall redox chemistry of Fe—S clusters remain to be fully
quantified. It is unclear whether certain variables consistently
dominate in determining the electrochemical profile of Fe—S
clusters, highlighting a need for further studies to dissect their
individual and combined roles in modulating cluster reactivity
and stability.

Numerous studies have utilized quantum mechanical (QM)
methods, particularly those based on Density Functional
Theory (DFT), to estimate the E,, of Fe—S clusters.”'>' %72
These QM methods offer in-depth insights into the electronic
and structural factors affecting redox behavior and can capture
subtle interactions such as spin coupling, charge delocalization,
and solvent effects. However, these approaches face significant
challenges when applied to Fe—S clusters, which are highly
sensitive to protein electrostatics, solvation effects, and
complex electronic structures involving charge delocalization
and mixed valence states. While these calculations often
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correlate with experimental redox potentials, they frequently
exhibit substantial absolute errors, sometimes exceeding 0.17
V.” Moreover, attempts to estimate redox potentials using DFT
calculations in vacuum, followed by corrections via Poisson—
Boltzmann solvation models, have reported errors rangin§
from 0.1 to 0.3 V compared to experimental values.”
Additionally, these quantum mechanical approaches are
computationally demanding, requiring significant processing
power and resources. In contrast, our data-driven model
directly learns from experimentally measured redox data,
reducing reliance on parameters such as functionals, basis sets,
and other variables that can introduce systematic offsets in
DFT. A key insight of our approach is that many structures
deposited in the Protein Data Bank (PDB) may be
photoreduced during X-ray data collection, effectively
representing reduced states. This issue was highlighted by
Kapuscinska et al,,”> who applied a machine learning model to
over 30,000 metalloproteins in the PDB and found that metals
are predominantly in reduced states, likely due to photo-
reduction during radiation exposure. This suggests that even
when the biological system originally contained oxidized
clusters, the structures archived in the PDB often reflect
their reduced forms instead.

In this study, we aimed to develop a simpler and
computationally efficient predictive model for Fe—S cluster
redox potentials. Using a multiple linear regression approach,
our model relies on only two primary features: the net charge

https://doi.org/10.1021/acsomega.5c01976
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Figure 1. Structure of different Fe—S centers. (A) 3Fe—4S cluster of the SFD1 PDB structure, (B) 4Fe—4S cluster of the 2HIP PDB, (C) 2Fe—2S

structure of the 2PIA PDB, and (D) 1F—0S cluster of the 1IRO PDB.

of the cluster and the average valence of the Fe atoms. The
valence provides information on the Fe-ligand bond length and
the ligand’s atom type, reflecting variations observed in some
proteins where a His ligand replaces a Cys ligand. The model
was trained and validated against a data set of experimentally
determined redox potentials from a variety of Fe—S clusters in
protein environments. By analyzing the regression coefficients,
we assessed the relative importance of each feature, offering
insights into how these factors contribute to the redox
chemistry of Fe—S clusters. Following validation, we applied
our model to predict the redox potentials of all Fe—S clusters
cataloged in the PDB, encompassing clusters with 1 to 4 Fe
atoms. This approach, tested on 27 distinct Fe—S clusters from
the PDB, demonstrates the potential of a streamlined, data-
driven model for effectively estimating redox potentials and
guiding further experimental and theoretical investigations.

B METHODS

Data Preparation. In this study, 27 unique Fe—S
containing proteins were selected from the PDB, representing
a diverse array of Fe—S cluster configurations and host
organisms. The choice of this reference set was deliberately
designed to include diverse organism types and a range of
resolutions, which enhances the generalizability of our model
across different biological systems. The data set includes
proteins with distinct Fe configurations: two examples with 1
Fe, ten examples with 2 Fe, two examples with 3 Fe, and 13
examples with 4 Fe atoms in their clusters. Each structure was
determined using X-ray diffraction (XRD) with resolutions
ranging from 0.59 to 2.65 A. To ensure data quality, we
excluded structures with resolutions worse than 2.7 A, which
are too low for reliable analysis. While we cautiously included
data in the 2.5-2.7 A range, we aimed not to miss valuable
redox potential data. For example, structure 4RR2 with the
lowest resolution in our data set (2.65 A) was specifically
included due to its distinct functional role in human primase,
which is involved in DNA replication rather than typical
electron transport. These proteins span a broad phylogenetic
spectrum, encompassing 22 prokaryotic and 5 eukaryotic
sources, as outlined in Table 1, forming a robust training set.
Figure 1 illustrates examples of Fe—S clusters in the data set:
(a) a 3Fe—4S cluster from PDB structure SFD1, (b) a 4Fe—4S
cluster from PDB 2HIP, (c) a 2Fe—2S cluster from PDB 2PIA,
and (d) an Fe-Cys cluster from PDB 1IRO.

Features Selection. The limited data set necessitated
careful feature selection to avoid model overfitting. Fe—S
clusters exhibit numerous structural and chemical properties
that can serve as features, including Fe atom count, reduced Fe
quantity, sulfur ligand count, Fe—S and Fe—Fe bond distances,
total spin state, and the local protein environment. Most of
these features are strongly correlated. For example, the total

spin correlates with the total charge of the cluster which in turn
correlates with cluster geometry.

To ensure computational simplicity and broad applicability,
three primary features were selected, avoiding those derived
from quantum computational methods such as DFT. While
DFT-based features have shown promising correlations with
experimental electrochemical data, they often involve signifi-
cant computational costs and can yield substantial absolute
errors in redox potential predictions. For example, DFT-based
QM/MM approaches have reported mean absolute deviations
of approximately 0.17 V, even after applying a systematic error
correction of —0.55 V.” Additionally, challenges in disen-
tangling the contributions of cluster geometry, spin states,
charge distribution, and the protein environment complicate
DFT-based predictions. To address these limitations, features
were directly derived from atomic coordinates, avoiding the
computational complexity of DFT while enabling broader
applicability to larger data sets and diverse systems.

Three key features were extracted from 27 PDB entries:

1. Average Fe—S bond len%ths: The mean of all Fe-ligand
distances in the cluster.”

2. Total charge in the reduced state: Reflecting the overall
electronic distribution of the cluster in its reduced form.

3. Average valence: Quantifying the oxidation state of Fe
atoms based on Fe-ligand distances and ligand types.

Structures deposited in the PDB may undergo photo-
reduction during X-ray data collection, thereby predominantly
representing reduced redox states. The assumption that all
PDB structures correspond to reduced states serves as a
computational simplification that offers a consistent reference
framework. Under this assumption, definitive charges can be
assigned to iron atoms within the clusters, which is essential for
accurate calculation of the total cluster charge. Since we cannot
definitively determine whether crystal structures represent
oxidized states, reduced states, or mixtures, adopting the
reduced state assumption allows for uniform comparison
across diverse structures.

The average valence of an Fe—S cluster provides insight into
its overall redox characteristics. The valence of each Fe center
is calculated using the bond valence model:

v= 3 ReRs
i (1)

where R, and B are empirical parameters derived from the
International Union of Crystallography (IUCr) data set, as
determined by David Brown. R, represents the ideal bond
distance for a specific ligand and oxidation state, while R;
represents the observed bond distance between the metal
center and ligand i.>**’

The oxidation state of each Fe atom is assigned by rounding

the computed valence to the nearest integer after calculating
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Figure 2. Correlation of E,, with charge and average Fe—S distance. Each data point represents an iron—sulfur cluster, with colors indicating the
number of Fe atoms (1Fe, 2Fe, 3Fe, or 4Fe), as shown in the legend. (A) Correlation between E,, (V) and the total charges of the cluster in the
reduced state. The data were fitted using linear regression, resulting in a linear fit (R* = 0.74, blue line) with best-fit coefficients ay= 0.77 and a,=
0.38. (B) Correlation between E,, (V) and the average Fe—S bond distance (A4). The data were fitted using linear regression, yielding a linear fit (R*
= 0.30, blue line) with best-fit coefficients ay= 13.40 and a,= —5.97. Additionally, a logarithmic fit (R* = 0.39, orange line) was obtained using eq 2,

with coefficients a, = 0.27, a; = 37.21, and a, = 16.05.

the valence for both its higher and lower oxidation states using
the appropriate R, values. This process is repeated for all Fe
atoms within the cluster, and the average valence is calculated
to provide an overall measure of the cluster’'s redox
characteristics.

By deriving features directly from atomic coordinates, this
method ensures computational efficiency and scalability while
maintaining accuracy across diverse Fe—S cluster types. This
approach represents a practical alternative to computationally
intensive DFT-based methods, making it well-suited for large-
scale studies of redox systems.

Machine Learning Models. The modeling process for
predicting E,, is conducted in stages, progressively refining the
framework through systematic feature selection and perform-
ance evaluation. Initially, a baseline linear regression model is
considered, using total charge (x) and as the sole predictor
(Figure 2A). Recognizing the limited predictive power of total
charge alone, the feasibility of using the average Fe—S bond
distance as a complementary feature is tested (Figure 2B).

A nonlinear dependence is observed for the average Fe—S
bond distance (Figure 2B). Thus, a logarithmic model is also
introduced to include the nonlinear effect of the bond length

(eq 2).

E, = ay + ax; + a,log(ay — a,x,) )

A comparative evaluation of the coefficient of determination
(R?) values between the linear and nonlinear models reveals
negligible differences, indicating that a linear formulation
adequately captures the relationship between the features and
E,. Furthermore, replacing the average distances by the
average valence yields a better agreement with the experiment.

The scikit-learn Python library is used for efficient training
and evaluation. Model performance is assessed using R* and
mean absolute error (MAE), which provide a comprehensive
understanding of both the model’s explanatory power and
predictive accuracy.

To rigorously evaluate the model’s reliability, Monte Carlo
cross-validation was conducted with 1000 iterations. In each
iteration, the data set was randomly split, with 70% (19
structures) used for training and 30% (8 structures) for testing.
This cross-validation approach serves two key purposes: (1) to
ensure the model’s performance is not dependent on specific
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data points, and (2) to verify that lower-resolution structures
do not negatively influence the results.

Application of the Model to Protein Structures in
PDB. The developed model is applied to predict E,, values of
Fe—S clusters across all protein structures in the PDB, enabling
a comprehensive, large-scale analysis of redox properties.
Python scripts are implemented to automate data extraction
and calculations using the Biopython library, allowing efficient
parsing of PDB files, determination of average valences, and
calculation of total charges for each cluster.

To define cluster charges, sulfur atoms were assigned specific
values. Cysteine-linked sulfurs were set at —1, while bridging
sulfurs, which connect iron atoms, were assigned a charge of
—2. Given the redox activity of Fe—S clusters, each iron atom
can shift between oxidation states, allowing clusters to cycle
between reduced and oxidized forms during protein function.
However, in this study, only the reduced iron state was
considered.

Each Fe—S cluster type corresponds to specific protein
classes. The [1Fe—0S] cluster is exclusively found in
Rubredoxin, where iron alternates between +2 (reduced) and
+3 (oxidized) states. The [2Fe—2S] cluster appears in two
classes: Ferredoxin, coordinated by four cysteine-derived
sulfurs, and Rieske, coordinated by two cysteine sulfurs and
two histidine ligands. The [3Fe—4S] cluster is found solely in
Ferredoxin. The [4Fe—4S] cluster appears in two classes:
Ferredoxin, where all four sulfur atoms are provided by
cysteine residues, and High-Potential Iron—Sulfur Protein
(HiPIP), where three cysteine residues and one additional
ligand coordinate the cluster.

The data set used in this analysis comprises 9821 Fe—S
clusters from over 3800 PDB structures, representing a
comprehensive range of protein environments. Among them,
232 [1Fe—0S] Rubredoxin clusters were identified from 142
structures, 1625 [2Fe—2S] Ferredoxin clusters from 723
structures, and 902 [2Fe—2S] Rieske clusters from 407
structures. The data set also included 680 [3Fe—4S]
Ferredoxin clusters from 333 structures, 5055 [4Fe—4S]
Ferredoxin clusters from 1476 structures, and 1327 [4Fe—
4S] HiPIP clusters from 799 structures.

The predicted E, values are analyzed to identify patterns
and trends across the data set. Distributions of redox potentials
for each cluster type are examined to reveal their variability and

https://doi.org/10.1021/acsomega.5c01976
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Figure 3. Comparison between calculated and experimental E,,. (A) Data were fitted using the total charge and average Fe—S bond distance as
predictors. The best-fit coefficients are a, = 5.27, a; = 0.34, and a,=-2.03, resulting in R* = 0.77. (B) Data were fitted with total charge and average
valence as predictors. The best-fit coefficients are a, = 0.02, a; = 0.42, and a, = 0.30, yielding R* = 0.82.

explore how structural and chemical diversity influence redox
properties. This approach allows for a global assessment of
Fe—S clusters, uncovering the range and characteristics of their
electrochemical behavior in various protein contexts.

B RESULTS AND DISCUSSION

In this study we present a simple linear regression model that
predicts the redox potential of Fe—S based on experimental
measurements. We outline the stepwise refinement of
predictive models for Fe—S cluster redox potential (E,,)
starting with total charge as a baseline feature. The model was
progressively refined by incorporating additional features such
as average Fe—S bond lengths and average valence, ultimately
resulting in a robust and accurate final model.

The analysis began with total charge as the sole predictor,
revealing a moderate linear relationship with E,, (R* = 0.74), as
shown in Figure 2A. Lower total charge values correspond to
lower E,, a trend consistently observed across Fe—S cluster
types. Notably, [4Fe—4S] clusters demonstrate a broader
capacity for redox tuning, which is expected due to their
greater number of Fe centers, allowing for more extensive
electrochemical adjustments within protein environments.
Most experimental data points fall within clusters with total
charges of —3 and -2, highlighting these as common
configurations in biological systems.**

Despite the moderate linear relationship between total
charge and E,,, substantial variability in E,, values exist within
individual charge states. For example, clusters with a total
charge of —3 have an average E,, of —0.41 V, but the standard
deviation is +0.18 V, indicating significant spread. Similarly,
clusters with a charge of —2 average 0.15 V with a standard
deviation of +0.15 V. This variability suggests that total charge
alone is insufficient to fully explain the differences in E,, across
Fe—S clusters, highlighting the need for additional features to
capture structural and electronic diversity.

To address this, average Fe—S bond lengths were introduced
as an additional feature to provide insight into the electronic
structure of the cluster, as shorter bonds generally indicate
more oxidized states. Using the average value of bond lengths,
rather than individual bond lengths, simplifies the model and
enhances computational efficiency. Since Fe—S clusters vary in
the number of Fe atoms and ligands, incorporating all
individual bond lengths as features could introduce incon-
sistencies and increase the risk of overfitting. Averaging bond
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lengths reduces structural complexity while retaining essential
information about the cluster’s electronic environment.

Figure 2B shows that longer average Fe—S bond lengths
correspond to lower E,, values, but the correlation was weak
(R* = 0.30). To explore whether nonlinear dependencies
between bond lengths and E,, could improve the model, a
logarithmic adjustment (eq 2) was applied, accounting for the
diminishing influence of bond length changes on E,. This
adjustment resulted in a modest improvement in performance
(R? = 0.39) but demonstrated that bond lengths alone remain
insufficient for reliable predictions.

These findings emphasize that neither total charge nor the
average bond length alone can fully capture the complexity of
redox potential predictions. Together, they suggest the
importance of integrating multiple features to account for
both the electronic and structural variability of Fe—S clusters.

To address the limitations of single-feature models, a
composite linear model combining total charge and average
bond length was developed. These models achieved R? values
of 0.79 and 0.77 (Figure 3A), respectively, demonstrating that
integrating structural and electronic features significantly
improves predictive accuracy. After testing both options and
observing their R* values to be nearly equivalent, the linear
composite model was selected due to its simplicity and nearly
identical performance to the nonlinear alternative, making it an
optimal choice for further development.

Despite the composite model’s moderate performance, Fe—
S bond lengths have inherent limitations as a feature. They do
not account for variations in ligand types, such as nitrogen
ligands replacing sulfur, which can significantly influence redox
potential. To address this, average valence (eq 1) was
introduced as a new feature. Average valence incorporates
both Fe-ligand distances and ligand types into a single
descriptor, providing a comprehensive representation of the
chemical environment and oxidation state of Fe atoms. By
including empirical adjustments (e.g, R,) to account for ligand
type differences, the bond valence model allows average
valence to capture structural and electronic variations more
effectively. This makes average valence a more comprehensive
and descriptive feature than bond lengths alone.

The final linear regression model, combining total charge
and average valence as predictors, demonstrates exceptional
performance. Trained on data from all 27 PDB entries (Table
1), this model achieved the highest predictive accuracy, with a
R? of 0.82 and a MAE of 0.12 V:
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Figure 4. Application of the model to Fe—S$ cluster-containing proteins. Computed redox potential (E,,) histograms are shown, with shaded regions
indicating experimentally determined values for (A) [1Fe—0S], (B) [2Fe—2S] ferredoxin, (C) [2Fe—2S] Rieske, (D) [3Fe—4S], (E) [4Fe—4S]
ferredoxin, and (F) [4Fe—4S] HiPIP clusters. The model demonstrates high accuracy (>85%) for [2Fe—2S] Ferredoxin, [2Fe—2S] Rieske, [4Fe—
4S] Ferredoxin, and [4Fe—4S] HiPIP, while lower accuracy is observed for [1Fe—0S] Rubredoxin (46%) and [3Fe—4S] Ferredoxin (78%).

E,, = 0.02 + 0.42-(total charge) + 0.30-(average valence)
(3)

The model’s predicted E,, values show a strong correlation
with experimental measurements, as illustrated in Figure 3B. A
key factor in the model’s success is the inclusion of average
valence, which captures both structural and electronic
characteristics of Fe—S clusters. By integrating total charge
and average valence, the model accurately predicts E,, values
across a diverse range of Fe—S cluster types, demonstrating its
applicability to a variety of biochemical systems.

Model Evaluations. The final model demonstrates robust
predictive performance, achieving an average R* value of 0.73
+ 0.14 and a MAE of 0.14 + 0.03 V through rigorous cross-
validation testing, outperforming existing methods in pre-
dictive accuracy. The consistent performance across cross-
validation iterations (1000 random 70/30 splits) indicates
minimal impact from resolution constraints. Particularly
noteworthy is the small standard deviation in MAE (only
0.03 V), which demonstrates that our model maintains reliable
performance regardless of which specific structures are
included in each iteration.

If low-resolution structures were significantly problematic
for our analysis, we would observe much higher variance in our
error metrics as different subsets of the data were used for
training and testing. This robustness suggests that our
approach effectively captures the essential determinants of
redox potential across diverse Fe—S cluster systems, regardless
of minor variations in structural resolution.

To further evaluate the contribution of each feature, scaled
regression coefficients were analyzed. Scaling was performed to
ensure comparability, as total charge and average valence
operate on different numerical ranges. After scaling, total
charge exhibited a coefficient of 0.34, underscoring its
dominant role in determining E,,. In contrast, average valence,
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with a smaller coefficient of 0.10, provided additional precision
by capturing ligand-specific effects and structural variability.

Together, these features enable accurate and interpretable
predictions of Fe—S cluster redox potentials, balancing
simplicity and predictive power while offering insights into
the structural and electronic factors influencing redox behavior.

The resolution of different structures varies, leading to
potential differences in error when calculating redox potential.
Although the resulting error is small and not critical for the
conclusions of our study, it can be estimated if necessary.
Specifically, the error in average bond length measurements
can be approximated as 10% of the resolution.”>® Using a
Taylor series approximation, this error can be propagated to
the calculated E,, values according to the following equation:
AE,,(x) = E,,(x) Ax, where x is the average bond length, Ax is
the error in the measured bond length (0.1 of the resolution)
and E;, is the derivatives of the E,, with respect to the average
bond length.

Model-Based Redox Potentials of Fe—S Clusters:
Global Trends and Validation. Following model evaluation,
the optimized version was applied to predict E,, values of Fe—S
clusters across all protein structures in the PDB. E,, values were
computed using eq 3, with the analysis focusing on the four
most prevalent Fe—S cluster types: [1Fe—0S], [2Fe—2S],
[3Fe—4S], and [4Fe—4S].

The computed E,, distributions were visualized as histo-
grams (Figure 4), illustrating the spread of E,, values for each
Fe—S cluster class. These distributions exhibit an approx-
imately normal shape, suggesting that redox potentials are
relatively well-defined within each cluster type.

Table 2 summarizes the mean E,, values and standard
deviations for each Fe—S cluster type, providing a clearer
understanding of redox trends. Ferredoxin-type clusters exhibit
consistently negative redox potentials, with values of —0.35 V
for [2Fe—2S] Ferredoxin, —0.33 V for [3Fe—4S] Ferredoxin,
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Table 2. Mean E,, Values and Standard Deviation Values for
Each Fe—S Cluster Classes

cluster class redox state mean E,, (mV) st dev.
1Fe—0S rubredoxin Fe?*/3* —0.06 0.31
2Fe-2$ ferredoxin [2Fe—28]1/%* —-0.35 0.12
rieske [2Fe—28]"*/%* 0.31 0.14
3Fe—4S ferredoxin [3Fe—4S8]/1 —-0.33 0.22
4Fe—4S ferredoxin [4Fe—48]1/% —0.40 0.27
HiPIP [4Fe—48]>/3* 0.37 0.13

and —0.40 V for [4Fe—4S] Ferredoxin, reinforcing their role as
electron donors in biological reduction reactions. In contrast,
Rieske [2Fe—2S] and HiPIP [4Fe—4S] clusters display
positive redox potentials of 0.31 and 0.37 V, respectively,
consistent with their function as high-potential electron
carriers. The [1Fe—0S] Rubredoxin cluster, with a mean E,,
of —0.06 V, exhibits a near-neutral redox potential, suggesting a
more balanced redox behavior compared to other Fe—S
clusters. Across all clusters, standard deviations range from
0.12 to 0.31 V, indicating that while some variability exists,
redox potentials remain within a predictable range for each
class.

To assess the alignment between computed E,, values and
experimentally determined redox potentials,””*" "%’ their
distributions were compared. As shown in Figure 4, the
histogram illustrates the computed redox potential distribu-
tions for different Fe—S clusters, with experimentally
determined values highlighted in the shaded area. The degree
of agreement was quantified as the percentage of computed
values falling within the experimental range, calculated using
the formula (number of computed values within the
experimental range/total number of data points) X 100.

The computational results show an 87.78% agreement with
experimental values, matching in 8621 out of 9821 cases.
Strong agreement was observed for most Fe—S cluster types:
[2Fe—2S] Ferredoxin (93.66%, 1522/1625), [2Fe—2S] Rieske
(96.67%, 872/902), [4Fe—4S] Ferredoxin (87.06%, 4401/
5055), and [4Fe—4S] HiPIP (89.75%, 1191/1327), with over
85% of computed values within the experimentally determined
range. This high level of agreement suggests that the model
effectively captures key electronic and structural features
influencing redox potential, particularly for Fe—S clusters
with well-defined oxidation states and stable coordination
environments.

For [1Fe—0S] Rubredoxin (46.12%, 107/232) and [3Fe—
4S] Ferredoxin (77.65%, 528/680), the computed values
showed a broader distribution relative to experimental
measurements, leading to a lower percentage of agreement.
This difference may be attributed to greater structural
variability or additional electronic factors influencing redox
potential that are not explicitly accounted for in the current
computational framework. However, rather than indicating a
fundamental inaccuracy in the model, these results suggest that
additional refinement of the model’s parametrization could
enhance agreement for these specific cluster types.

Overall, the computed redox potentials exhibit a strong
correlation with experimental values for most Fe—S clusters,
particularly those with well-characterized electronic properties.
Further refinement of the computational framework, incorpo-
rating a more detailed representation of local structural
variations and environmental effects, may improve agreement
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for Fe—S clusters exhibiting a broader range of redox
potentials.

Bl CONCLUSIONS

Predicting the midpoint potential (E,) of Fe—S clusters is
essential for understanding the mechanics of electron transport
across diverse biological systems. Fe—S clusters, integral to
many electron transport proteins from mitochondrial respira-
tory complexes to photosynthetic reaction centers, function as
redox-active sites, transferring electrons with precision and
efficiency. The model developed in this study presents a
streamlined yet accurate approach to predicting E,, values,
bridging a gap left by more complex computational methods.
By utilizing readily obtainable structural and electronic
features, total charge and average valence, this method achieves
high predictive accuracy without the heavy computational cost
typically associated with quantum mechanical approaches such
as DFT. This simplicity and accessibility make it feasible to
apply the model on a large scale, such as across all Fe—S§
clusters in the PDB, thereby greatly enhancing our ability to
annotate the redox behavior of proteins with currently
unknown E,, values.

This study’s accessible and efficient model enriches the field
of structural bioinformatics by linking fundamental structural
parameters with redox function, providing a tool that is as
straightforward as it is effective. As protein structure databases
expand, this model offers researchers the opportunity to
predict electron transfer characteristics across newly resolved
protein structures, fostering discoveries in redox biology. The
simplicity of this approach also supports studies on redox-
sensitive signaling and cellular response mechanisms, where
Fe—S cluster E,, values may serve as regulatory switches under
oxidative or reductive stress conditions. By integrating
simplicity with scientific rigor, this work positions itself as an
essential tool for exploring cellular responses to environmental
changes, with implications ranging from microbial redox
physiology to human health. Despite the strong overall
agreement (87.78%) with experimental E,, values, the model
exhibits lower accuracy for certain clusters, particularly [1Fe—
0S] Rubredoxin and [3Fe—4S] Ferredoxin, highlighting the
influence of structural or electronic factors not fully captured
by this simplified approach. These cases highlight the
importance of refining the model or complementing it with
more detailed quantum mechanical methods when addressing
complex Fe—S clusters.

In summary, this study’s predictive model of Fe—S cluster
E,’s offers a computationally accessible and simplified yet
powerful method that advances our understanding of redox
variability across electron transport systems. Its capacity for
large-scale application, combined with its straightforward
methodology, opens new doors in the fields of functional
annotation, mechanistic exploration, and bioengineering. This
approach enhances the field of biological electron transport,
offering unprecedented insights into the functional diversity of
Fe—S clusters across life’s broad spectrum.
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