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Abstract
Iron–sulfur (Fe–S) clusters are ubiquitous cofactors in metalloproteins, supporting 
essential biological functions such as electron transfer, enzymatic catalysis, and 
metabolic regulation. Despite their importance, large-scale identification of Fe–S 
proteins remains challenging due to limitations of experimental methods and 
inconsistent annotations in existing databases. To address this, we introduced 
FeSseqdb, a curated sequence-level database derived from the Protein Data Bank 
(PDB), in which Fe–S cluster-containing chains are systematically verified using 
atomic coordinates. By standardizing diverse ligand annotations, FeSseqdb provides 
a unified and reliable resource for Fe–S protein research. Building on this foundation, 
a machine learning framework was developed to predict Fe–S proteins using only 
sequence-derived features, including amino acid composition, cysteine-related 
metrics, and sequence length. Among the classifiers evaluated, the random forest 
model trained on data resampled with SVMSMOTE achieved the highest predictive 
performance, highlighting the discriminative power of simple sequence features. 
To elucidate the biological relevance of these features, explainable AI methods 
were applied to identify key sequence characteristics associated with Fe–S proteins. 
Cysteine frequency and spatial distribution, along with proline content, emerged as 
primary contributors, which is consistent with their known structural roles in cluster 
coordination. Additionally, serine, glutamic acid, and arginine were identified as 
secondary determinants, in line with their reported roles in redox and electrostatic 
environments surrounding metal cofactors. The inclusion of these biologically 
relevant features demonstrates the potential of sequence-based models not only 
for accurate prediction but also for uncovering functional insights that align with 
known biochemical principles. This approach provides a foundation for large-scale, 
sequence-based discovery of Fe–S proteins and supports future investigations into 
their functional diversity across proteomes.

Keywords  Metalloproteins, Iron-sulfur proteins, Explainable AI, Protein Data Bank, 
Sequence-based prediction

http://crossmark.crossref.org/dialog/?doi=10.1186/s12859-026-06448-6&domain=pdf&date_stamp=2026-6-23
https://doi.org/10.1186/s12859-026-06448-6
mailto:jmin7@umd.edu
mailto:muhamed.amin@nih.gov
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/


Page 2 of 18Min et al. BMC Bioinformatics          (2026) 27:138 

Introduction
Iron–sulfur (Fe–S) clusters are indispensable prosthetic groups in metalloproteins [1] 
and play essential roles in electron transfer, enzyme catalysis, and metabolic regula-
tion [2–4]. These clusters, composed of iron, sulfur, and occasionally nitrogen atoms in 
specific geometric arrangements, are tightly integrated into proteins, supporting both 
structural integrity and functional stability [5]. Their stabilization relies on precise inter-
actions with key amino acid residues, particularly cysteines [6], within the broader con-
text of the surrounding protein environment. Despite their biological importance, the 
sequence-derived features that govern Fe–S cluster incorporation remain insufficiently 
understood, complicating the identification and analysis of Fe–S proteins across diverse 
proteomes. This knowledge gap has significant implications for health and disease [7, 8]. 
Disruptions in Fe–S cluster assembly or function can cause redox imbalances and pro-
tein dysfunction, driving conditions such as Friedreich’s ataxia, mitochondrial disorders, 
and neurodegenerative diseases such as Parkinson’s disease [9–11]. Given the essential 
roles that Fe–S proteins play in these diseases, reliable methods to detect and character-
ize them are urgently needed. Beyond scientific curiosity, understanding these clusters is 
fundamental to advancing targeted diagnostics and therapeutics, offering hope for com-
bating Fe–S-related diseases [12].

Traditional experimental techniques for Fe–S protein identification, such as X-ray 
crystallography, paramagnetic NMR, and EPR spectroscopy, remain the gold standard 
for confirming the presence of Fe–S clusters [13–16]. These methods provide high-reso-
lution structural insights and definitive confirmation, but they are costly, labor-intensive, 
and unsuitable for large-scale screening. Consequently, the number of experimentally 
resolved Fe–S protein conformations is limited. To address this scarcity, computational 
approaches have been developed, including conventional bioinformatics methods that 
detect Fe–S clusters by searching for conserved cysteine motifs or matching local coor-
dination geometries to those in known metalloproteins [17–19], and deep learning 
methods that process entire sequences or three-dimensional structures to capture more 
complex and noncanonical binding patterns [20–22].

However, despite these advances, each approach has inherent limitations [23, 24]. Bio-
informatics methods are inherently local in scope, focusing on short sequence motifs or 
specific coordination geometries and often overlooking the broader structural context 
essential for Fe–S cluster stability [25]. As a result, they frequently miss noncanonical 
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Fe–S proteins that lack well-defined motifs and those with atypical cluster geometries 
that deviate from established coordination patterns. In contrast, deep learning methods 
can integrate information from entire sequences or structures, enabling the recogni-
tion of more complex and noncanonical binding patterns [21, 22]. Nevertheless, their 
accuracy still depends heavily on the characteristics of the training data, most of which 
contain predominantly canonical Fe–S cluster geometries, thereby limiting the ability to 
reproduce atypical arrangements.

A notable example of these limitations is the recent application of structure-prediction 
tools such as AlphaFold and RoseTTAFold to identify Fe–S binding sites from predicted 
protein models, which has significantly expanded the apparent metalloproteome [20, 
22]. However, these models often fail to fully capture the complex ion–protein interac-
tions required for Fe–S cluster binding, and because their detections are based on pre-
dicted coordinates, they are susceptible to false positives if the underlying models do not 
reproduce the precise geometry of Fe–S cluster coordination [26].

In light of these challenges, there is a clear need for datasets built exclusively from 
experimentally determined structures, prioritizing reliability over the indiscriminate 
expansion of databases. By incorporating consistent geometric and chemical defini-
tions to verify the presence of Fe–S clusters and adopting a chain-level perspective, such 
resources can capture finer structural detail, retain both canonical and atypical clusters 
present in the structural record, and provide a more accurate foundation for large-scale 
Fe–S protein characterization.

To address the need for more efficient and scalable solutions for Fe–S protein iden-
tification, this paper introduces FeSseqdb, a curated database specifically designed for 
chain-level analysis of Fe–S proteins. Unlike resources that depend on existing data-
base annotations, which can be missing or inconsistently represented, or on predicted 
structures, FeSseqdb systematically verifies the presence of Fe–S clusters using atomic 
coordinates from experimentally resolved structures in the Protein Data Bank (PDB). By 
focusing on individual protein chains rather than entire protein entries, FeSseqdb pro-
vides finer granularity, as proteins often contain multiple Fe–S clusters associated with 
distinct chains. This coordinate-based verification minimizes the impact of incomplete 
annotations, enabling more accurate classification of Fe–S proteins. Each chain is labeled 
according to its proximity to Fe–S clusters, resulting in a robust and reliable dataset opti-
mized for machine learning applications.

Machine learning models trained using FeSseqdb utilize only sequence-derived fea-
tures, such as amino acid composition, sequence length, and cysteine distribution, to 
classify sequences based on their association with Fe–S clusters. Explainable AI [27, 28] 
further enhances interpretability by pinpointing the sequence features that are most 
critical for classifying a chain as Fe–S adjacent, offering additional biological insights 
into residues that promote cluster coordination and stability. This chain-level perspec-
tive captures the interplay between the entire polypeptide and Fe–S cofactors, offering 
new insights into how protein sequence and metal cofactor biology are tightly linked [29, 
30].

In summary, this paper presents FeSseqdb, combined with machine learning and 
explainable AI, as an accurate, scalable framework for Fe–S protein identification. More-
over, by integrating interpretability, this study reveals the key sequence-level features 
that govern Fe–S cluster coordination and stability, particularly the roles of cysteine and 
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other underexamined residues such as proline. This interpretability not only improves 
confidence in predictive models but also offers deeper biological insights, underscoring 
how local and global sequence patterns contribute to Fe–S cluster stability and func-
tion. Ultimately, our framework aims to advance Fe–S protein research, paving the way 
for transformative applications, such as identifying novel therapeutic targets for Fe–S 
protein-associated diseases or improving diagnostics for Fe–S-related disorders.

Methods
Iron–sulfur sequence database (FeSseqdb)

FeSseqdb is a curated database of protein chain sequences associated with iron–sulfur 
(Fe–S) clusters, built from all existing protein data in the RCSB PDB (RCSB.org) [31]. 
Rather than focusing on the clusters themselves, FeSseqdb focuses on sequences adja-
cent to Fe–S clusters, enabling detailed analysis of their unique characteristics and 
interactions. The overall two-stage workflow, including database construction and 
downstream machine learning analysis, is illustrated in Fig.  1. The database covers a 
wide variety of Fe–S clusters, including common types such as [2Fe–2S], [3Fe–4S], and 
[4Fe–4S], as well as rarer clusters, such as those shown in Fig. 2. By leveraging reliable 
experimental data, FeSseqdb supports machine learning models for accurately identify-
ing Fe–S proteins and discovering key sequence-level features, such as residues involved 

Fig. 1  Overview of the two-stage workflow: (i) construction of FeSseqdb, a curated Fe–S protein dataset, and (ii) 
machine learning–based Fe–S protein classification and model interpretation
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in Fe–S cluster coordination and stability. At the time of analysis, the PDB contained 
224,905 structures comprising 926,025 sequences. After removal of 53,153 nucleic acid 
sequences, 872,872 protein chain sequences were retained. These sequences were classi-
fied into Fe–S–associated and non–Fe–S classes, yielding 12,668 and 860,204 sequences, 
respectively. The 12,668 Fe–S–associated sequences corresponded to 5304 Fe–S pro-
teins, and the distribution of Fe–S cluster types among these proteins is summarized 
in Supplementary Table  S1. Duplicate sequences were removed independently within 
each class. To prevent overlap between classes, 216 identical sequences present in both 
datasets were excluded from both. In addition, 376 structures containing undefined 
amino acid residues (denoted as ‘X’) were removed. The final curated dataset comprised 
160,247 protein sequences, including 2261 Fe–S sequences and 157,986 non–Fe–S 
sequences. The database is publicly available in CSV format via Zenodo ​(​​​h​t​t​p​s​:​/​/​d​o​i​.​o​r​
g​/​1​0​.​5​2​8​1​/​z​e​n​o​d​o​.​1​4​9​1​1​5​7​2​​​​​) and served as fixed input for all downstream analyses. No 
machine learning was involved in dataset curation itself.

Data collection

Experimental methods for detecting Fe–S clusters can disrupt their bonding or alter 
their geometric arrangement. Therefore, more permissive criteria were applied for iden-
tification. In the RCSB PDB, Fe–S clusters are recorded under a variety of ligand IDs. 
The most common types include SF4 (Fe₄S₄), FES (Fe₂S₂), and F3S (Fe₃S₄). However, to 
ensure comprehensive coverage, less common clusters were also considered, includ-
ing ICS ([CFe₇MoS₉], PDB: 8BTS, Fig.  2A), CLF ([Fe₈S₇], PDB: 7MCI, Fig.  2B), MSK 
(degraded [Fe₄S₄], PDB: 6T7J, Fig. 2C), ICS ([CFe₇MoS₉], PDB: 6OP2, Fig. 2D), and CUV 
([Fe₄NiS₄], PDB: 6B6W, Fig. 2E). Previous studies have reported that Fe–S proteins are 
sometimes misannotated in databases [32]. This issue is partly due to the inconsistent 
use of ligand IDs across the PDB, which makes it difficult to retrieve all relevant entries 
without accounting for every possible ID.

The data collection process for identifying Fe–S proteins involves two main steps: 
the identification of Fe–S clusters from structural data and the extraction of sequences 
from protein chains adjacent to these clusters. Fe–S clusters were identified by analyzing 

Fig. 2  Representative structures of Fe–S clusters and their coordinating environments. Fe atoms are shown in 
orange, S atoms in yellow, Mo atom in cyan, and Ni atom in green. A ICS ([CFe₇MoS₉], PDB: 8BTS) shown within the 
protein chain, with cysteine residues (C, red) and proline residues (P, blue) highlighted. B CLF ([Fe₈S₇], PDB: 7MCI). C 
MSK (degraded [Fe₄S₄] cluster, PDB: 6T7J). D ICS ([CFe₇MoS₉], PDB: 6OP2). E CUV ([Fe₄NiS₄], PDB: 6B6W)
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three-dimensional atomic coordinate data from protein structures in PDB or CIF for-
mats, depending on availability. For each protein, structure files were parsed using the 
Bio.PDB module [33] to locate Fe atoms. Atoms within a 2.5 Å radius of these Fe atoms 
were mapped, with a specific focus on sulfur atoms originating from cysteine residues 
or inorganic sulfides, as well as other potential coordinating atoms (O and N). Clusters 
where iron was exclusively connected to methionine sulfur were excluded, as these clus-
ters are characteristic of heme-binding proteins rather than Fe–S proteins. In contrast, 
clusters containing methionine sulfur were retained only when additional non-methi-
onine coordinating atoms, particularly sulfur ligands, were present within this cutoff. 
This filtering process refined the dataset to include only genuine Fe–S clusters. Protein 
sequences were then extracted from chains containing the nearest non-heteroatom resi-
due to the identified Fe–S clusters, classifying them as “true” Fe–S proteins. For clus-
ters located at the interface of multiple chains, each sequence from all adjacent chains 
was included. This approach ensured that the collection accurately captured sequences 
directly associated with Fe–S clusters, generating a refined resource suitable for studying 
Fe–S proteins.

Data preprocessing for training

To prepare the FeSseqdb dataset for effective machine learning training, preprocess-
ing techniques were applied to reduce sequence redundancy and annotation ambigu-
ity. Ambiguous entries that could compromise the model’s accuracy were carefully 
reviewed and removed, allowing the focus to remain on accurately distinguishing Fe–S 
proteins. For example, sequences with unresolved residues, represented as “X” (e.g., 
“XXXXXXX”), were excluded, as these residues indicate undetermined amino acids. 
Duplicate sequences were identified and removed both within and across Fe–S and 
non–Fe–S classes. For instance, the sequences for 5LMC (a protein containing an Fe–S 
cluster) and 4D02 (a protein without an Fe–S cluster) were found to be identical; there-
fore, both entries were removed to prevent conflicting annotations from affecting model 
training. These preprocessing steps resulted in a curated dataset with reduced ambiguity 
and redundancy, suitable for accurate Fe–S protein classification.

Feature selection

To classify Fe–S proteins effectively while minimizing the risk of overfitting, simple yet 
biologically relevant sequence-based features were selected. This approach avoids reli-
ance on structural features derived from three-dimensional coordinates, enhancing gen-
eralization and reducing computational complexity. The features included the length 
of the amino acid sequence, which serves as a straightforward metric to represent the 
overall size of the protein. Additionally, the frequency of all 20 standard amino acids 
(e.g., C, P, S, etc.) was calculated to assess the impact of individual residues on classifica-
tion performance. Recognizing the critical role of cysteine residues in stabilizing Fe–S 
clusters through metal–protein interactions, features related to cysteine distribution 
were prioritized. Specifically, the minimum (min_dist) and average sequence distances 
(avg_dist) between cysteine residues were computed, where “sequence distance” refers 
to the number of amino acid positions between cysteine residues in the sequence. These 
sequence-based features were selected to ensure biological relevance while maintaining 
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computational efficiency. By relying solely on sequence data, the method avoids the need 
for structural information, making it broadly applicable across diverse datasets.

Addressing data imbalance

The Fe–S protein prediction task requires detecting a rare class among a large number 
of non–Fe–S proteins, resulting in a strongly skewed class distribution. Without explicit 
imbalance handling, models tend to favor majority-class patterns and show limited sen-
sitivity to Fe–S sequences. Therefore, addressing class imbalance was an essential step 
in the training procedure. Nine commonly used resampling methods were evaluated, 
spanning three categories: Baseline (no resampling), undersampling methods includ-
ing Random Undersampling (RandomUnder), TomekLinks, and Edited Nearest Neigh-
bors (ENN); oversampling methods including Random Oversampling (RandomOver), 
Synthetic Minority Over-sampling Technique (SMOTE), Adaptive Synthetic Sampling 
(ADASYN), and Support Vector Machine–based SMOTE (SVMSMOTE); and hybrid 
approaches, namely SMOTE–Tomek and SMOTE–ENN. All model–resampling combi-
nations (n = 80) were benchmarked using the imbalanced-learn library in Python [34].

Outlier removal and data standardization

Classification performance was compared under different outlier handling and feature 
scaling strategies. Outliers were handled using the Interquartile Range (IQR) method. 
For each numerical feature, values outside the range Q1 − k × IQR to Q3 + k × IQR (with 
k ∈ {1.5, 2.0, 3.0}) were clipped to the corresponding boundary values (winsorization), 
preserving all samples. Baseline models without outlier clipping were also evaluated for 
comparison. After outlier processing, class imbalance was addressed using SVMSMOTE 
resampling applied to the training data only. Numerical features were then scaled using 
either Robust scaling or Min–Max scaling. Robust scaling standardizes features using 
the median and IQR, making it less sensitive to extreme values, while Min–Max scal-
ing maps features to the [0, 1] range. To determine the optimal preprocessing strategy, 
the preprocessed data were subsequently used for Random Forest model training. Model 
performance was evaluated using mean F1-score, area under the receiver operating 
characteristic (ROC) curve (AUC), and average precision (AP) based on fivefold strati-
fied cross-validation (see Figure S1 for the comparison results).

Classification models

The models described below were trained using the finalized FeSseqdb dataset and were 
not incorporated into the database as built-in predictive tools. A wide range of machine 
learning and deep learning algorithms, ranging from simple to complex, were applied to 
classify Fe–S clusters. Conventional machine learning models included Decision Tree 
(DT), K-Nearest Neighbors (KNN), Logistic Regression (LR), Random Forest (RF), Sto-
chastic Gradient Descent (SGD), Support Vector Classifier (SVC), and eXtreme Gra-
dient Boosting (XGBoost). Additionally, a multilayer perceptron (MLP) was used as a 
representative deep learning model. All models were implemented using Python librar-
ies, Scikit-learn [35], and XGBoost [36]. Key hyperparameters for all models are summa-
rized in Supplementary Table S2. Initially, the dataset was split into training and testing 
sets with an 80/20 ratio, and model performance was evaluated over 80 independent 
runs using different resampling methods. After selecting the most promising resampling 
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method, the selected resampling strategy was fixed, and a more robust evaluation was 
conducted for all 8 models using tenfold cross-validation. In this process, the dataset 
was divided into 10 equal parts (folds). In each iteration, one-fold served as the test set, 
whereas the remaining nine folds were used for training.

Feature importance analysis

To enhance the interpretability of the model, SHapley Additive exPlanations (SHAP) was 
applied. While traditional statistical models, such as linear methods like elastic net, can 
offer some degree of interpretability through feature selection and coefficient estima-
tion, their linear nature limits their ability to capture non-linear relationships or inter-
actions between features. To address these constraints, SHAP was utilized to interpret 
the results of non-linear models, particularly tree-based algorithms. SHAP, grounded in 
game theory, assigns each feature a contribution score, the SHAP value, indicating how 
much a given feature positively or negatively influences a single prediction. By aggregat-
ing SHAP values across a broad dataset, features that consistently influence predictions 
can be identified, and the varying impact of individual features across different data 
points can be analyzed. To provide a detailed analysis of feature contributions, TreeEx-
plainer [37] was employed for tree-based models. This study focuses on the analysis of a 
RF model, which exhibited the highest classification accuracy.

Model performance evaluation metrics

Model performance was evaluated using precision, recall, F1-score, ROC-AUC and AP. 
These metrics provide a comprehensive assessment of classification performance, par-
ticularly in the presence of class imbalance. The metrics are defined as follows:

 	• Precision: The proportion of correctly predicted positive instances among all 
instances predicted as positive.

	
Precision = True Positives

True Positives + False Positives

 	• Recall (sensitivity): The proportion of correctly predicted positive instances among all 
actual positive instances.

	
Recall = True Positives

True Positives + False Negatives

 	• F1-score: The harmonic mean of precision and recall, providing a single metric to 
balance both.

	
F1 − Score = 2 × Precision × Recall

Precision + Recall

 	• Area under the ROC curve (AUC): AUC represents the area under the ROC curve, 
which plots the true positive rate (TPR) against the false positive rate (FPR) at various 
classification thresholds. It measures the model’s ability to discriminate between 
positive and negative classes.
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AUC =

1
∫
0

TPR (FPR) d (FPR)

 	• Average precision (AP): AP summarizes the precision–recall curve by computing 
the weighted mean of precision values achieved at different recall levels, with the 
increase in recall used as the weight.

	
AP =

∑
n

(Rn − Rn−1) · Pn

where Pn and Rn denote the precision and recall at the n-th threshold, respectively.
Together, these metrics offer a robust evaluation of model performance by capturing 
classification accuracy, discrimination capability, and performance across varying deci-
sion thresholds, making them particularly suitable for imbalanced classification tasks.

Results and discussion
The primary objective of this study is to gain biological insights into Fe–S proteins 
through feature importance analysis, enabled by a machine learning framework that 
identifies these proteins using only their amino acid sequences. To achieve this goal, we 
constructed a set of biologically meaningful features derived solely from the sequence, 
including the frequency of each amino acid and the overall sequence length (see Meth-
ods for details). In this section, we begin with a detailed description of the data pre-
processing and feature engineering steps, followed by the evaluation of multiple 
classification models. We then perform a comprehensive analysis of feature importance 
to identify the most discriminative characteristics that distinguish Fe–S proteins from 
non–Fe–S counterparts. Finally, we interpret our findings in the context of established 
biochemical and structural properties of Fe–S proteins, highlighting how our model 
aligns with known mechanisms of Fe–S cluster stabilization and function.

Outlier removal and data scaling

To evaluate the impact of different outlier handling and feature scaling strategies, we sys-
tematically compared multiple preprocessing configurations. Supplementary Figure S1 
summarizes their effects on classification performance. Overall, models without explicit 
outlier clipping achieved equal or superior performance compared to those applying 
IQR-based clipping, regardless of the clipping threshold. In particular, aggressive clip-
ping (k = 1.5 and 2.0) consistently led to reduced F1-score and AP, indicating potential 
loss of informative extreme values. Across all configurations, Robust scaling showed sta-
ble performance and was less affected by the presence of extreme values than Min–Max 
scaling. Taken together, these results indicate that explicit outlier removal is unneces-
sary for this task. The combination of no outlier clipping and Robust scaling consistently 
yielded strong performance across all evaluation metrics, balancing robustness with the 
preservation of informative feature variation. Based on these findings, Robust scaling 
without outlier clipping was selected for the final modeling pipeline.

Impact of resampling methods

The original dataset exhibited severe class imbalance, with 2261 Fe–S sequences and 
157,986 non–Fe–S sequences (Fe–S ratio = 0.014). The training subset (80% split: 
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128,197 samples) retained this imbalance under baseline conditions. Table 1 quantifies 
the effect of each resampling strategy on dataset size and class distribution, while Fig. 3 
illustrates performance impacts on top models (MLP, RF, and XGBoost); the full ver-
sion across all 8 models is in Supplementary Fig. S2. Undersampling methods showed 
markedly different behaviors. RandomUnder generated a perfectly balanced dataset with 
1809 samples per class; however, this led to a drastic reduction of the total sample size 
to 3618. In contrast, TomekLinks and ENN removed only a small subset of majority-
class samples, leaving the overall class distribution nearly unchanged compared to the 
baseline. All oversampling approaches, including RandomOver, SMOTE, ADASYN, 
and SVMSMOTE, markedly increased the number of minority-class samples, produc-
ing nearly balanced datasets (Fe–S ratio ≈ 0.500). Hybrid methods (SMOTE-Tomek and 
SMOTE-ENN) also achieved near-balanced distributions. Overall, oversampling and 
hybrid resampling methods effectively mitigated class imbalance while preserving the 
majority of the original dataset size.

Model performance

The dataset was divided into 80:20 train/test splits, where 80% of the data was used to 
train the machine learning models, and 20% was reserved for evaluating their perfor-
mance. Model performance was evaluated using AUC and F1-score, as shown in Fig. 3. 

Table 1  Effect of resampling strategies on training set composition. Numbers show post-
resampling counts for the 80% training split (n = 128,197 baseline)
Balancing type Name Total Fe–S non–Fe–S Fe–S ratio
None Baseline 128,197 1809 126,388 0.014

Under RandomUnder 3618 1809 1809 0.500

Under TomekLinks 128,070 1809 126,261 0.014

Under ENN 126,441 1809 124,632 0.014

Over RandomOver 252,776 126,388 126,388 0.500

Over SMOTE 252,776 126,388 126,388 0.500

Over ADASYN 252,559 126,171 126,388 0.500

Over SVMSMOTE 252,776 126,388 126,388 0.500

Hybrid SMOTE-Tomek 252,772 126,386 126,386 0.500

Hybrid SMOTE-ENN 247,590 126,376 121,214 0.510

Fig. 3  Performance of MLP, RF, and XGBoost across different resampling strategies. A AUC and B optimized F1-
score. Oversampling and hybrid methods generally improved F1-score while maintaining high AUC (> 0.95). In 
contrast, undersampling approaches, particularly RandomUnder, preserved AUC but led to reduced F1-score, likely 
due to information loss caused by discarding majority-class samples
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RF consistently achieved strong performance across resampling methods. Although 
TomekLinks showed comparable results, it was excluded due to its undersampling 
nature and potential removal of informative borderline samples. In contrast, SVMS-
MOTE preserves minority class information by generating synthetic samples near 
the decision boundary. Consequently, RF with SVMSMOTE, which achieved a high 
F1-score alongside a strong AUC, was selected for subsequent analyses.

To ensure reliability, each model was validated using tenfold cross-validation on 
SVMSMOTE-balanced data, and the means and standard deviations for precision, recall, 
F1-score, AUC, and AP metrics are presented in Table 2. Figure 4 shows the mean ROC 
curves and Precision-Recall curves with ± 1 standard deviation. The ROC curve assesses 
the trade-off between the true positive rate and false positive rate, with the Area Under 
the Curve (AUC) quantifying the area under this curve. A higher AUC indicates better 
performance in separating positive and negative classes. Similarly, the Precision-Recall 
curve captures the trade-off between precision and recall, with the AP representing the 
area under this curve. A higher AP reflects stronger performance, particularly in identi-
fying minority classes within imbalanced datasets. Among all methods, the RF classifier 
achieved the highest AUC (0.99 ± 0.00) and AP (0.85 ± 0.02), confirming its superior per-
formance across these metrics. While XGBoost and MLP showed competitive AUC val-
ues of 0.98 ± 0.01 and 0.97 ± 0.01, respectively, their AP scores were slightly lower. These 

Table 2  Performance metrics of classification models evaluated using tenfold cross-validation 
on SVMSMOTE-balanced data (mean ± 1 standard deviation). The metrics include precision, recall, 
F1-score, AUC, and AP. The following classifiers were assessed: DT, RF, KNN, SGD, LR, XGBoost, SVC, 
and ANN (MLP)

DT RF KNN SGD LR XGBoost SVC ANN (MLP)
Precision 0.73 ± 0.02 0.95 ± 0.01 0.67 ± 0.01 0.53 ± 0.00 0.54 ± 0.00 0.76 ± 0.01 0.49 ± 0.00 0.82 ± 0.03

Recall 0.86 ± 0.01 0.87 ± 0.01 0.92 ± 0.01 0.79 ± 0.02 0.74 ± 0.02 0.91 ± 0.01 0.40 ± 0.02 0.87 ± 0.02

F1-score 0.78 ± 0.01 0.90 ± 0.01 0.73 ± 0.01 0.51 ± 0.01 0.55 ± 0.00 0.82 ± 0.01 0.22 ± 0.01 0.84 ± 0.01

AUC 0.86 ± 0.01 0.99 ± 0.00 0.95 ± 0.01 0.87 ± 0.02 0.87 ± 0.02 0.98 ± 0.01 0.40 ± 0.03 0.97 ± 0.01

AP 0.35 ± 0.03 0.85 ± 0.02 0.54 ± 0.03 0.08 ± 0.01 0.08 ± 0.01 0.80 ± 0.02 0.08 ± 0.04 0.71 ± 0.02

Fig. 4  Performance comparison of classification models using tenfold cross-validation (mean ± 1 standard devia-
tion). A ROC curves with AUC values. B Precision-recall curves with AP scores. Models evaluated include Decision 
Tree (DT), Random Forest (RF), K-Nearest Neighbors (KNN), Stochastic Gradient Descent (SGD), Logistic Regression 
(LR), eXtreme Gradient Boosting (XGBoost), Support Vector Classifier (SVC), and Artificial Neural Network (ANN; 
implemented as a Multi-Layer Perceptron (MLP))
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results demonstrate the effectiveness of the RF model, particularly when combined with 
SVMSMOTE resampling, in delivering robust and reliable classification performance.

Explainable AI: SHAP analysis

SHAP analysis was employed to interpret the model’s predictions, focusing on the 
RF classifier identified in Sect.  “Model performance” as the best-performing model. 
To make SHAP value computation computationally feasible for the tree-based RF 
model, SHAP values and related plots were computed using a randomly selected sub-
set of 10,000 samples. SHAP-based feature importance results for additional classifiers 
(XGBoost, DT, and LR) are provided in Supplementary Fig.  S3; in these cases, SHAP 
values were computed using the full training dataset (128,197 samples).

Analysis of key features in Fe–S identification

SHAP analysis identified avg_dist, min_dist, C, P, and Length as the most influential 
features in Fe–S protein classification (Fig. 5A, B). The SHAP plots, including the sum-
mary and partial dependence plots, provide a comprehensive understanding of feature 
importance and behavior in predictions. This study interprets SHAP results to explain 
how cysteine proximity, frequency, proline content, and sequence length influence Fe–S 
protein classification, aligning with known structural and functional requirements. 
avg_dist and min_dist are complementary indicators of cysteine distribution, capturing 
the overall clustering tendency (avg_dist) and the local proximity (min_dist) of cysteine 
residues, respectively. Both measures indirectly reflect the three-dimensional structural 

Fig. 5  SHAP analysis results for Fe–S identification: A Bar chart of mean SHAP values showing overall feature im-
portance, with avg_dist, min_dist, C, P, and Length identified as the most influential features. B SHAP summary plot 
illustrating feature contributions to Fe–S classification. Each dot represents a sequence, with red/blue indicating 
high/low feature values and the x-axis representing SHAP values. C–G SHAP partial dependence plots for the top 
five features, demonstrating how changes in each feature influence the probability of Fe–S protein classification. 
The gray histograms represent feature distributions, and the dashed lines indicate the mean feature values
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arrangement of cysteines, which is crucial for stabilizing Fe–S clusters. A shorter avg_
dist indicates tighter clustering along the sequence, whereas a smaller min_dist reflects 
greater local proximity, both of which increase the likelihood of Fe–S protein classifica-
tion. In contrast, larger avg_dist and min_dist values imply a more dispersed distribution 
that weakens the structural and sequence-based clustering, leading to a decrease in the 
predicted probability (Fig. 5C, D). These observations align with the biological necessity 
of closely spaced cysteine residues for forming and stabilizing Fe–S clusters.

Cysteine frequency (C) has also emerged as a critical factor. Proteins with cysteine fre-
quencies greater than approximately 5 showed consistently high prediction probabilities, 
emphasizing the importance of sufficient cysteine residues to serve as binding sites for 
Fe–S clusters. Beyond a certain threshold (approximately 5), the effect plateaued, indi-
cating diminishing returns at very high cysteine frequencies (Fig. 5E). Proline frequency 
(P) contributed in a distinct but complementary manner. Proline had a gradual positive 
impact on the predictions, with prediction probabilities peaking when proline frequen-
cies were between approximately 20 and 30, increasing the likelihood of classification 
as Fe–S proteins. This finding suggests that proline supports cysteine clustering, and 
that the structural context is required for Fe–S cluster formation. At higher proline fre-
quencies, the effect slightly diminished or stabilized, but it remained beneficial overall 
(Fig. 5F).

Sequence length (Length) displayed a threshold effect. Shorter sequences were asso-
ciated with lower probabilities of Fe–S protein classification, whereas sequences longer 
than approximately 400 residues showed a sharp increase in prediction probabilities 
(Fig. 5G). This reflects the need for adequate sequence length to accommodate the cys-
teine clustering and structural motifs necessary for Fe–S cluster formation. Although 
sequence length has a secondary role compared to cysteine-related features, its influence 
was still notable in providing the structural framework for Fe–S proteins.

Together, these features avg_dist, min_dist, C, P, and Length capture essential 
sequence properties that indirectly reflect structural characteristics critical for Fe–S 
protein identification. Cysteine proximity and frequency emerged as the primary drivers 
of predictions, emphasizing their direct role in coordinating Fe–S clusters. Meanwhile, 
proline frequency and sequence length acted as complementary features, suggesting an 
indirect role in Fe–S clustering or a potential correlation with the structural features 
required for protein conformation. These findings highlight the strength of sequence-
based approaches in predicting Fe–S proteins, leveraging sequence-derived features as 
proxies for underlying structural properties. As a representative case study, we examined 
MitoNEET, a human [2Fe–2S] protein with non-canonical coordination by three cys-
teines and one histidine. Single-sequence SHAP analysis showed that cysteine residue 
spacing features (min_dist and avg_dist) and proline were the dominant contributors, 
highlighting the importance of local structural geometry beyond cysteine frequency 
alone (Supplementary Fig. S4).

In addition to partial dependence analysis, dependence analysis (Supplementary 
Fig. S5) was conducted to explore interactions between the top five features. This analy-
sis underscores the importance of proper scaling during feature preprocessing. Without 
scaling, inter-feature dependencies were obscured, as demonstrated in Supplementary 
Fig. S6, emphasizing preprocessing as a prerequisite for robust and interpretable SHAP 
analysis. Through SHAP analysis, partial dependence analysis effectively highlighted 
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each feature’s individual impact on predictions, whereas dependence analysis provided 
additional insights into inter-feature interactions and their combined effects on the 
model’s outcomes.

Importance of cysteine and proline in Fe–S proteins

Cysteine (C) and proline (P) residues play crucial roles in both the identification and 
functionality of Fe–S proteins. SHAP analysis underscored cysteine-related features, 
such as avg_dist, min_dist, and frequency, and proline frequency as the most influential 
predictors. These results can also be discussed in the context of the different structural 
characteristics of cysteine and proline in protein three-dimensional structures.

This finding aligns with the well-known role of cysteine in Fe–S cluster coordination. 
The thiol (-SH) group of cysteine forms strong coordination bonds with iron atoms, sta-
bilizing Fe–S clusters and ensuring their biological activity. In three-dimensional protein 
structures, cysteine is typically positioned to directly coordinate metal centers, making 
its spatial proximity and arrangement critical for Fe–S cluster formation. The strong 
contribution of cysteine-related features reflects their direct role in stabilizing and coor-
dinating Fe–S clusters, which are essential for protein functionality. Interestingly, pro-
line also emerged as a significant factor in Fe–S protein classification, ranking fourth in 
importance. Although its role in Fe–S proteins is known [38–40], it has been explored 
less extensively compared to cysteine.

Unlike cysteine, which directly binds Fe–S clusters through electron-donating func-
tional groups, proline does not participate in direct cluster binding. Instead, its con-
tribution is structural, making a substantial impact on Fe–S cluster stability. Proline is 
often referred to as a “helix breaker” due to its pyrrolidine ring, which restricts backbone 
torsion angles and disrupts regular secondary structures [41]. This conformational prop-
erty leads to local structural distortions, such as bends or kinks, that influence protein 
backbone geometry without directly engaging in metal coordination. In the context of 
Fe–S proteins, these distortions introduce well-positioned kinks or loops that optimize 
the spatial arrangement of critical ligating residues, such as cysteines, around the Fe–S 
cluster. Thus, proline may influence the local structural environment surrounding Fe–S 
clusters through its general conformational effects on protein structure. The structural 
contribution of proline enhances the stability of the cluster-binding region and improves 
the electron transfer efficiency by orienting redox-active cofactors in a structurally favor-
able manner. While proline does not directly bind Fe–S clusters, its indirect role in shap-
ing the protein’s local environment reinforces Fe–S cluster stability and functionality.

The machine learning model’s ability to recognize these residues as key features vali-
dates its biochemical relevance, even though it was trained solely on sequence data. By 
capturing the sequence-based determinants of Fe–S proteins, the model highlights cys-
teine’s direct coordination of Fe–S clusters and proline’s essential structural support. 
Importantly, this interpretation does not assume a causal relationship between specific 
three-dimensional mechanisms and model predictions, but rather provides a structural 
context for understanding why these residues may be informative at the sequence level. 
These findings align with the established roles of these residues in fine-tuning the three-
dimensional architecture of Fe–S proteins, providing new insights into their contribu-
tions to Fe–S protein identification and classification.
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Importance of other amino acids in Fe–S proteins

While cysteine and proline are unequivocally central to Fe–S protein function and iden-
tification, our SHAP analysis also illuminated the significant contributions of several 
other amino acid residues, notably serine (S), glutamic acid (E), and arginine (R). These 
residues, although typically not direct cluster ligands, play crucial supporting roles that 
are vital for the structural integrity and catalytic efficiency of Fe–S proteins. The machine 
learning model’s ability to detect these subtle yet critical sequence features highlights its 
effectiveness in capturing biologically meaningful patterns beyond direct coordination.

Serine (S) has emerged as an influential feature in Fe–S protein classification. While 
it does not directly bind the Fe–S cluster, serine’s capacity for forming hydrogen bonds 
is particularly noteworthy. These hydrogen bonds can significantly influence the local 
environment around a cluster, impacting its stability, dynamics, and redox state [5]. In 
some instances, the oxygen of a nearby serine residue can even participate in iron liga-
tion upon two-electron oxidation, providing a mechanism for coupling proton and elec-
tron transfer [42, 43].

The acidic residue, glutamic acid (E), was also a significant factor. Its importance aligns 
with the known role of charged residues in creating favorable electrostatic environments 
for metal-cluster binding and stability. Notably, glutamic acid’s side chain can directly 
ligate various Fe–S clusters, including [2Fe–2S] and [4Fe–4S] types [44]. Its enriched 
content has also been observed in some Fe–S containing enzymes, such as Escherichia 
coli glutamate synthase [45].

Similarly, arginine (R) emerged as a noteworthy feature. Its guanidinium group medi-
ates electrostatic interactions and hydrogen bonds, properties extensively studied in its 
interactions with phosphates [46, 47]. Crucially, arginine can directly ligate [2Fe–2S] 
clusters, as observed in biotin synthase [48], and its ligation to Fe–S clusters has been 
demonstrated in various cases [6, 49]. This direct structural contribution helps optimize 
Fe–S cluster positioning and electron transfer.

Collectively, these findings corroborate and extend existing biochemical and structural 
insights, suggesting a broader spectrum of amino acids involved in Fe–S protein char-
acterization than traditionally emphasized. While cysteine remains the primary direct 
coordinator of Fe–S clusters, these auxiliary amino acids appear to play indispensable 
indirect roles in cluster stabilization, functional integrity, and overall protein architec-
ture, roles that our sequence-based model successfully identifies as distinctive features. 
Overall, this work demonstrates the effectiveness of sequence-based approaches in 
uncovering biologically meaningful patterns.

Conclusion
This paper presents a robust and interpretable machine learning framework for the iden-
tification of Fe–S proteins, based entirely on sequence-derived features and supported 
by our newly developed database, FeSseqdb. In contrast to prior studies that depend 
heavily on structural templates or protein annotations, both of which are prone to error, 
our approach minimizes annotation errors by systematically verifying Fe–S clusters 
using atomic coordinate data from the PDB. To overcome annotation inconsistency in 
the PDB, FeSseqdb was constructed using an annotation-independent, structure-based 
identification strategy, rather than relying on conventional annotation-driven key-
word searches. By doing so, all PDB entries could be systematically examined, ensuring 
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comprehensive coverage independent of existing annotations. Central to this frame-
work is FeSseqdb, a curated chain-level database that emphasizes data granularity and 
reliability.

The classification model leverages biologically meaningful sequence features, includ-
ing amino acid composition, cysteine spacing, and chain length. To ensure data integrity, 
the preprocessing pipeline includes Robust scaling and addresses the severe class imbal-
ance using SVMSMOTE oversampling. When trained on these features, a Random For-
est classifier achieves high performance (precision = 0.95 ± 0.01, F1-score = 0.90 ± 0.01), 
demonstrating that purely sequence-derived features can yield excellent predictive 
accuracy.

To improve transparency, explainable AI techniques were applied to elucidate fea-
ture importance, revealing cysteine and proline as the most influential predictors. 
These results align well with biochemical knowledge: cysteine is a direct ligand for Fe–S 
clusters via thiolate coordination, whereas proline plays an indirect but critical role in 
shaping the local structure of the binding site. Other residues can also contribute, some-
times even serving as direct ligands; in particular, serine, glutamic acid, and arginine 
play important roles in stabilizing the cluster environment and modulating electron 
transfer. This interpretable, sequence-focused strategy effectively captures both direct 
and indirect contributors to Fe–S cluster stability, complementing existing structural 
approaches. While the current model relies on sequence-derived features, future exten-
sions could incorporate structure-aware descriptors to better represent Fe–S coordina-
tion. Recent advances in protein language models also offer promising opportunities for 
complementary evaluation and integration. Beyond binary classification, the framework 
establishes a foundation for more detailed tasks, such as distinguishing between Fe–S 
cluster types or analyzing other metalloprotein families. By integrating high-quality data 
with simple yet powerful learning models, this work provides a scalable, accurate, and 
interpretable solution for Fe–S protein discovery, advancing both fundamental protein 
research and bioinformatics applications.
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