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Abstract
Metal ions are essential for a broad range of biochemical processes in living
organisms, with zinc being the second most abundant transition metal ion.
Zinc has catalytic, structural, and regulatory functions in proteins, impacting
virtually all aspects of cell biology. Currently, there are notable challenges in
performing a large-scale accurate systematic analysis of the as-yet unex-
plored occurrences of zinc ion in nature. To address this, we developed
ZincSight for predicting zinc-binding sites. ZincSight performs on par with
existing structure-based tools in terms of the precision-recall curve for zinc
ion detection, and the accuracy of spatial positioning of the ion, yet it is signifi-
cantly faster, and offers a straightforward reasoning for its predictions, which
is missing even in the best alternatives. Tests using a panel of metals show
that, while trained on zinc-binding sites, ZincSight in fact detects all transition
metal binding sites alike – a reflection of the similarity in coordination among
the transition metals. It also detects binding sites for calcium and other
alkaline-earth metals with lower accuracy, but not alkali metal binding sites.
Suitable for exploring the usage of zinc and other transition metals in large
sets of protein structures, or models thereof, ZincSight is available as a free-
to-download open-source software at: https://github.com/MECHTI1/ZincSight.
A Google Colab notebook is available at: https://colab.research.google.com/
github/MECHTI1/ZincSight/blob/master/ZincSight.ipynb.
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1 | INTRODUCTION

Metals are versatile cofactors in protein biochemistry
with an abundance of distinctive properties such as
electron-acceptor ability, positive charge, flexible coor-
dination sphere, specific ligand affinity, varying valence
state, low- or high-spin configuration, and mobility/
diffusivity (Dudev & Lim, 2014). These properties ren-
der metals effective protein cofactors. Indeed, the many
so-called metalloproteins need to bind one or more
metal ions to perform their function. It has been esti-
mated that between 25% and 50% of all proteins found

within an organism are metalloproteins (Bowman
et al., 2016; Ye et al., 2022; Zhang & Zheng, 2020).
The bound metal ions in metalloproteins are involved in
important functions such as stabilizing protein struc-
tures, enzymatic reactions, and regulatory functions
(Andreini et al., 2006; Bowman et al., 2016;
Maret, 2010). Zinc is the second most abundant transi-
tion metal ion in living organisms (after iron) and is
essential for Life (Andreini et al., 2006). Zinc has an
integral role in stabilizing protein structures and plays
pivotal roles in numerous enzymatic catalysis reac-
tions, spanning all seven classes of enzymes.
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Additionally, zinc is crucial for a wide range of cellular
functions and regulatory processes (Andreini
et al., 2006; Maret, 2017; McCall et al., 2000; Zhang &
Zheng, 2020).

Currently, there is a substantial knowledge gap
regarding metal ion utility due to the limited amount of
high-resolution structures of metalloproteins in the Pro-
tein Databank (PDB) (Berman, 2000; Ye et al., 2022;
Zhang & Zheng, 2020). Filling this gap by predicting
metal ion binding sites for a variety of metal ion types,
including zinc, may now be feasible. To date, there are
highly reliable structural models for millions of proteins
predicted from the genomic sequences of many organ-
isms (Kim et al., 2024; Lin et al., 2023; Nomburg
et al., 2024; Varadi et al., 2022, 2024). Among these,
the AlphaFold (AF) models are particularly relevant
because of their accuracy (Jumper et al., 2021; Varadi
et al., 2022, 2024). While predicted AF models do not
include metal ion cofactors, they open a door for exten-
sive structural bioinformatics prediction of their metal
ion binding sites.

Conducting large-scale systematic analysis requires
accessible, user-oriented tools that accurately predict
zinc ion binding sites at high speed. Available metal ion
binding predictors are either sequence-based or
structure-based. Sequence-based predictors include—
mebipred (Aptekmann et al., 2022), LMetalSite (Yuan
et al., 2022), M-Ionic (Shenoy et al., 2024), MIBPred
(Zhang et al., 2024), and MetaLLM (Shishir
et al., 2023). The sequence-based tools do not predict
the binding site but rather only the probability per pro-
tein and/or residue of metal ion binding, and are not
necessarily specialized for zinc. Structure-based pre-
dictors include AlphaFill (Hekkelman et al., 2023), Mas-
ter of Metals (MoM) (Laveglia et al., 2023), PinMyMetal
(PMM) (Zheng et al., 2024), and Metal3D (Dürr
et al., 2023). AlphaFill “transplants” into the query
structure small molecules and ions that have been
experimentally observed in homologous protein struc-
tures, which makes the existence of such homologous
complexes a limiting factor for the method’s applicabil-
ity. MoM uses machine learning to identify triads or
quadruplets of Cα and Cβ atoms of amino acids with
appropriate relative spatial arrangements and ranks
them based on structural similarity to a library of zinc
ion-binding site templates. PMM combines machine
learning with geometric constraints to predict metal-ion
binding residues and ion locations. It integrates physi-
cochemical properties and geometric rules, including
interatomic distances, bond angles, coordination num-
ber, amino acid identity, and hydrophobicity to classify
zinc-binding sites. The state-of-the-art Metal3D is a 3D
convolutional neural network that demonstrated supe-
rior accuracy in identifying zinc ion locations compared
to previously available tools. Unfortunately, it is rela-
tively slow, taking typically 25 s to process a protein of
250 residues on a multicore GPU workstation (Dürr

et al., 2023), and therefore is less suitable for high-
throughput application.

Here we present ZincSight, a user-friendly, fast, and
accurate tool, suitable for predicting zinc ion-binding
sites, that is, clusters of amino acids with high zinc
affinity, that can be applied at a genome-wide scale.
Our hypothesis is that zinc binding is local and deter-
mined purely based on stereochemistry. Namely, that a
cluster of three or more residues that feature the right
functional groups in close proximity to each other in the
right orientation is sufficient for zinc binding. By cluster-
ing zinc-binding sites based on their amino acid compo-
sition and stereochemistry, we curated a set of
templates from protein-zinc co-complexes of known
structure. To predict a zinc-binding site, we search for a
similar template and if found, the training-set template
is provided to support and explain our prediction. We
compare the predictions of our method to the current
state-of-the-art Metal3D on five test sets: two used in
the Metal3D study, one with high-resolution zinc-
binding PDB structures, and two curated from AF
models. We show that ZincSight is comparable to the
state-of-the-art methods, such as Metal3D and PMM, in
terms of precision, recall, and location accuracy, while
being faster and more easily interpretable. Our exami-
nation shows that ZincSight indistinctively detects bind-
ing sites of all transition metal ions, not just zinc. This
enables the systematic screening of predicted protein
structures for transition metal ions-binding at genomic
scale.

2 | RESULTS

ZincSight identifies candidate zinc-binding sites by
searching for specific residue combinations located
within predefined distances from each other. These
combinations are the ones in our template library,
derived from experimentally solved zinc-binding sites.
Subsequently, ZincSight places a zinc ion in the same
location with respect to these candidate sites as in the
template and assigns confidence scores to its predic-
tions. The score combines the following features, with
calibrated weights (see Methods for details):

• Structural similarity between the candidate zinc-
binding site and an experimentally resolved structural
zinc-binding template, with the same amino acid
combination. The structural similarity is quantified by
the root mean square deviation (RMSD) of the posi-
tions of the corresponding zinc-binding atoms in the
candidate and template sites.

• The deviations from ideal values of the distances
from the predicted location of the candidate zinc ion
and its binding residues.

• The deviation from ideal values of the spatial orienta-
tion of the histidine’s imidazole group(s) with respect

2 of 21 MECHTINGER ET AL.

 1469896x, 2025, 11, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/pro.70350 by C

ochrane Israel, W
iley O

nline L
ibrary on [05/05/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



to the predicted location of the zinc ion when the
binding residues include histidine(s)—one of the two
most frequent amino acid types that interact with zinc
(Laitaoja et al., 2013; Tamames et al., 2007). We
incorporate this feature in the score because
Tamames et al. showed that in 994 high-quality pro-
tein crystal structures solved at a resolution better
than 2.5 Å, histidine residues are involved in 48% of
the zinc-ligand interactions, emphasizing their impor-
tance (Hekkelman et al., 2023).

2.1 | Development and training of
ZincSight

We developed and tested ZincSight using the training
set of 2085 proteins and test set of 59 proteins previ-
ously used by Metal3D (Dürr et al., 2023). This is a
30% sequence non-redundant set of proteins deposited
in the PDB before 3/2021 (see Dürr et al., 2023 for
more information). With the training dataset as a start-
ing point, we curated a library of template zinc-binding
sites representing diverse and unique combinations of
zinc-binding residues. To minimize the use of non-
biologically relevant zinc-binding sites as templates, we
selected templates that fulfilled three requirements:

• Zinc ion binding is coordinated by at least three resi-
dues. This criterion mitigates the inclusion of artifacts
prevalent in sites with fewer than three coordinating
ligands (Laitaoja et al., 2013), while capturing the
majority of enzyme and structural site coordination
spheres (Daniel & Farrell, 2014).

• The residue combination appears in at least three dif-
ferent binding sites within at least three distinct PDB
structures in the training dataset. This is intended to
avoid combinations that are due to experimental arti-
facts or chance.

• The zinc ion occupancy within these sites is higher
than 0.5.

This selection process yielded 42 unique zinc-
binding structural templates. The 2043 structures in the
training set that are not in this list of 42 templates are
our validation set, and we use these to calibrate the
parameters used in ZincSight’s formulas. We selected
parameters that maximize the area under the precision-
recall curve (AUC-PR) in the validation set using the
Tree-structured Parzen Estimator (TPE). Finally, we
transformed the raw optimized prediction scores
(denoted s) into calibrated probabilities (denoted p)
using Platt Scaling, a logistic regression-based method,
and interpret this probability as confidence in the pre-
diction; see Methods for details. To quantify the reliabil-
ity of these calibrated probabilities, we computed a
Brier score of 0.0346 and a log loss of 0.1163 on an
independent validation set (Figure S1c). These low

error metrics, together with the clear separation
between true and false candidate distributions
(Figure S1a,b), suggest the probability calibration is
robust.

2.2 | Performance testing and
evaluation

2.2.1 | Test datasets

We tested ZincSight on five datasets. The first was
curated in the Metal3D study and includes 86 zinc-
binding sites in 59 proteins for which zinc ion positions
were experimentally determined. Our dataset includes
only the binding sites coordinated by at least three resi-
dues in the Metal3D test set, the so-called “3+” sites.
We excluded the 31 zinc-binding sites in the proteins in
this test set that are coordinated by only two unique
residues. The second dataset, also curated in the
Metal3D study, includes 1183 metal binding sites in
907 proteins (fig. 4 of the Metal3D paper (Dürr
et al., 2023)). It covers 11 metal types: The transition
metals zinc (Zn2+; 86 sites in 59 structures), Co2+

(36 sites in 30 structures), Cu2+ (115 sites in 68 struc-
tures), Fe2+ (71 sites in 57 structures), Fe3+ (134 sites
in 100 structures), Mn2+ (128 sites in 100 structures)
and Ni2+ (106 sites in 93 structures); the alkaline earth
metals Ca2+ (161 sites in 100 structures) and Mg2+

(110 sites in 100 structures); and the alkali metals Na+

(118 sites in 100 structures) and K+ (118 sites in
100 structures). We curated the third test to explore the
degree to which the 42-templates library covers all
known zinc-binding modes. It includes all x-ray crystal
structures from the PDB, determined at ≤2.5 Å resolu-
tion with at least one zinc ion and released after March
5, 2021—the cutoff date of the Metal3D test set. Select-
ing a single representative per UniProt accession
resulted in 830 unique entries. The fourth test set
includes 27 modeled structures from the AlphaFold
Protein Structure Database (AFDB) with 44 zinc-
binding sites. We could evaluate the accuracy of the
AF models because the structures of these proteins
were experimentally determined and deposited in the
PDB after the cutoff date of the AF Monomer v2.0 train-
ing set curation (4/2018). Note that AF Monomer v2.0 is
the AF model that was used in predicting the structures
in AFDB. The set of 27 structures was selected from
among those with experimental structures in complex
with zinc ions, from different Pfam families, while mak-
ing sure that they share at most 50% sequence identity
both with the AF training set and with each other.
Figure S2 shows that superimposing zinc-binding
regions (of the adjacent three-residue neighbors) from
PDB experimental structures onto the corresponding
AlphaFold 2 (AF2) model regions yields a mean RMSD
of 0.60 Å with a variance of 0.64 Å; most RMSD values
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are below 1 Å, with only two outliers above 3 Å. These
outliers correspond to the binding sites of proteins
Q7MVV4 and Q9NXF7, which we retained in our test
set to capture the detrimental impact of inaccurate
structural predictions on overall performance. In both
cases, the zinc-coordinating residues exhibit low
pLDDT scores, underscoring the model’s reduced
confidence—and hence sensitivity—at metal-binding
sites. The ground truth for this test set comprises the
zinc ion positions, copied from the experimental struc-
tures to the AF models. The fifth test set includes AF
structures of proteins selected from UniRef50 cluster
representatives released after the AF2 monomer train-
ing cutoff date and used to study the relationship
between pLDDT and the accuracy of our predictions.

2.3 | Evaluation metrics

We adopt and extend the evaluation protocol of
Metal3D. Our analysis includes the PR curve
(Figures 1, 2, Supplemental Figures S3, S4) and the
mean absolute deviation (MAD mean) of distances
between the predicted true positives (TP) and observed

zinc ion positions (Figures 3 and 4, Supplemental
Figures S5, S6). In our analysis, we also measured the
median absolute deviation (MAD median), allowing
comparison between measures sensitive to outliers
(mean-based) and more robust ones (median-based).

We consider a prediction to be a TP if it is located
within either a 2 or a 5 Å threshold of an experimentally
verified zinc site, with multiple predictions for the same
site counted as a single TP; the total number of TP pre-
dicted metal ions is marked by n in Figures 3 and 4 and
Supplemental Figures S5, S6. If there is no predicted
site within a 2 Å/5 Å radius of an experimentally deter-
mined site, it is categorized as a false negative (FN).
Inaccurately positioned metals are marked as false
positives (FP), yet clustered within a 2 Å/5 Å radius so
that only one instance per cluster is counted. The 5 Å
threshold follows the established Metal3D protocol.
However, it encompasses a relatively large spatial vol-
ume, potentially causing predicted zinc ions to overlap
with binding residues of other metal sites, which con-
fuses the interpretation of multi-nuclear zinc configura-
tions. For example, statistical analyses between zinc
ion distances in binuclear sites reveals a mean separa-
tion of 3.4–3.9 Å with standard deviation of 0.3–0.4 Å,

F I GURE 1 PR in identifying zinc-binding sites within 2 Å in test set 1. PR for ZincSight (blue curve) and Metal3D (red curve) predictions in
test set 1. Test set 1 includes all 86 “3+ zinc sites” of the Metal3D test set of 59 proteins structures. The probability thresholds used for
predictions are marked. ZincSight maintains high precision across different recall values. p represents the probability that ZincSight assigns to
the predictions, indicating its confidence the predicted zinc-binding sites are to be true.
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suggesting that a 5 Å threshold might not differentiate
well between multiple metal ion sites (Bazayeva
et al., 2024; Yang et al., 2008). Rather, zinc ions typi-
cally exhibit coordination bond distances, generally
ranging from 1.9 to 2.3 Å across various zinc-ligand
bonds (Laitaoja et al., 2013; Tamames et al., 2007). To
better reflect these biologically relevant distances, we
carried out a similar analysis using the stricter threshold
of 2 Å for classifying predictions as TP. We evaluated
the predictions with PR and MAD mean analyses using
the 2 Å threshold (Figures 1–4), and the 5 Å threshold
(Supplemental Figures S3–S6).

2.4 | Evaluating the zinc-binding sites
predictions, given an experimental
structure (test set 1)

Figures 1 and S3 compare the PR curves of ZincSight
and state-of-the-art Metal3D using the 2 and 5 Å
thresholds, respectively. The area under curve (AUC)

of ZincSight is 0.86/0.90, with a precision of
0.85/0.90 at a recall of 0.85 when using the 2 Å/5 Å
thresholds. For comparison, Metal3D has AUC of
0.80/0.83, and a precision of 0.68/0.77 at the same
recall values, using the 2 Å/5 Å thresholds, yet exhibits
higher precision in lower recall values, between 0.51
and 0.7.

Figures 3 and S5 show the MAD values of Zinc-
Sight’s TP zinc predictions with respect to the experi-
mentally determined positions. With a confidence
threshold of p = 0.25, ZincSight detected 77 sites
within a 2 Å radius of 77 verified sites, and predicted
80 zinc ion positions within a 5 Å radius of 79 verified
sites, from a total of 86 experimentally verified sites.
Location accuracy analysis showed that for p = 0.25 at
2 Å threshold predictions ZincSight had a MAD (mean)
of 0.22�0.35 Å and MAD (median) of 0.11 Å
(Interquartile range, IQR: 0.05–0.21 Å), while at the 5 Å
threshold ZincSight had a MAD (mean) of 0.31�0.56
Å and MAD (median) of 0.12 Å (IQR: 0.06–0.23 Å), indi-
cating a high spatial localization precision at both

F I GURE 2 PR in identifying zinc-binding sites within 2 Å in test set 4. Test set 4 includes 27 modeled structures with 44 zinc-binding sites
from AFDB. The PR curves for ZincSight, Metal3D, MoM, PMM, and AF3 predictions for zinc-binding sites within this test set. PR metrics for
ZincSight predictions were computed for the prediction with (purple curve) and without (blue curve) optimization of the rotameric state of the
histidine imidazole. The ground truth zinc ions coordinates were taken from corresponding PDB structures.
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distance thresholds. For comparison, at the same confi-
dence level of p = 0.25, Metal3D predicted 80 zinc ion
positions within a 2Å radius from 75 experimentally ver-
ified sites, resulting in a higher MAD (mean) of
0.47�0.42 Å and MAD (median) of 0.35 Å (IQR:
0.18–0.63 Å), while for the 5 Å threshold, it showed a
MAD (mean) of 0.77�0.85 Å and MAD (median) of
0.39 (IQR: 0.20–0.79 Å) .

ZincSight is by far faster than Metal3D—the average
prediction running time is 0.7 s per structure (with 250 resi-
dues on average) on a personal computer with 2 Intel i7
CPU cores. This is 36 times faster than the average 25 s
that it takes Metal3D running on a multicore GPU work-
station (20 CPUs, GTX2070) (Dürr et al., 2023). To our
knowledge, ZincSight is currently the fastest structure-
based zinc ion binding site prediction tool.

2.5 | Evaluating the selectivity toward
non-zinc ion metal species

The specificity of ZincSight zinc ion binding sites predic-
tions compared to other metal-ion binding sites has
mixed outcomes. Test set 1 includes six PDB structures
that bind both zinc and non-zinc metal ions. In two of
these structures, 4JJJ and 2ZJ6, ZincSight mistakenly
predicted two experimentally characterized calcium-ion
binding sites (one in each structure) as zinc-binding sites,
with probabilities p = 0.30 (s = 15.32) and p = 0.37
(s = 14.75), respectively. Other non-zinc metal-ion bind-
ing sites within these two structures were not predicted.
In the other four structures (4A7K, 5NOF, 5T77, and
5YZ4), none of the non-zinc metal-ion binding sites were
confused with zinc-binding sites.

F I GURE 3 MAD for correctly predicted sites within 2 Å in test set 1. Calculated MAD values for all 86 “3+ zinc sites” in the Metal3D test set
that were correctly predicted by ZincSight (blue) and Metal3D (red). ZincSight’s MAD values measured at series of predicted probabilities
thresholds ranging from 0.75 to 0.15. Per each probability threshold, n is the number of the overall predicted metal sites within 2 Å of the
experimentally-determined zinc position. TP is the number of correctly predicted sites (multiple predicted sites can be within 2 Å radius from a
single TP site). Each dot represents the measured distance (in Å) between a predicted metal ion position and the experimental zinc ion position.
The violin shape shows the kernel density of these distances, with a black vertical line marking the median, a white vertical line marking the
mean, and a black horizontal line extended from the first to the third quartiles. We see that for different thresholds, the MAD values of ZincSight
are slightly smaller than those of Metal3D predictions.
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To systematically evaluate ZincSight selectivity, we
used test set 2, that is, the same panel of potential
binding sites used for Metal3D, including alkali metals,
alkaline earth metals, and a range of transition-metal
ions (Figure 5). At a probability threshold of p ≥ 0.75,
ZincSight did not detect alkali-metal coordination sites,
as it should, and detected only some of the alkaline
earth–metal sites. However, it consistently detected
transition-metal binding sites with high precision and
recall values. Altogether, at this stringent probability

threshold, ZincSight indistinguishably detected the
binding sites of all transition metals, rather than
just zinc.

2.6 | Evaluating the sensitivity and
specificity of ZincSight template library

We examined how well ZincSight’s library of only
42 templates covers the broad spectrum of test set

F I GURE 4 MAD for correctly predicted sites within 2 Å on test set 4. Calculated MAD for all zinc-binding sites within the AF test set that
ZincSight, Metal3d, MoM, PMM, and AF3 correctly predicted. MAD values were measured at probabilities estimates threshold of 0.75, 0.60, and
0.15 for ZincSight analyses with and without rotations. For Metal3D 3+ (red) with the same probability estimates thresholds, and for AF3 we
considered a lower pLDDT threshold of 75 for each of the predicted zinc ions obtained by query with one to four zinc ions. Per each predicted
probability threshold, n represents the number of the overall predicted metal sites within 2 Å of the actual zinc position. The number (n) of the
actual predicted sites is represented by TP (multiple predicted sites can be within 2 Å radius from a single TP sites). Each dot represents the
measured distance (in Å) between a predicted metal ion position and the actual zinc ion position. The violin shape shows the kernel density of
these distances, with the red vertical line marking the mean and a black diamond shape marking the median.
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3 binding sites in terms of sensitivity and specificity.
Using a 0.5 probability threshold, ZincSight reached a
sensitivity of 97.7%, correctly identifying 1551 of the
1588 true zinc-binding sites, while generating 117 FP
predictions. Of the 37 misses, 32 involved residue com-
binations covered by the 42-templates library. How-
ever, their scores fell below the 0.5 threshold. ZincSight
overlooked the other five binding sites because they
featured amino acid combinations that were missing
from the template library. In this respect, it is notewor-
thy that, to avoid relying on crystallographic artifacts,
we opted to include in the 42-template library only
amino acid combinations that appear at least three
times in the training set. This is beneficial for reducing
the amount of FP predictions, possibly at the cost of FN
predictions. The five sites that ZincSight overlooked
comprise amino acid combinations that appeared less

than 3 times in the training set: the combinations
(“Asn,” “Thr,” “Thr”), (“Asn.” “Thr,” “Tyr”) and (“Glu,”
“Glu,” “Ser”) that appeared only once, and the combi-
nation (“Asp,” “Asp,” “Tyr”) that appeared twice.

Of the 117 FP predictions, 77 (66%) correspond to
other transition metals: 61 are copper-binding sites and
16 are iron-binding sites (Table S1). This further sup-
ports that ZincSight should best be thought of as a
detector of transition metal binding sites in general
rather than only zinc-binding sites. One of the FP pre-
dictions corresponds to a calcium binding site. Interest-
ingly, however, this calcium-binding site, which was
observed in the X-ray crystal structure, is annotated in
UniProt as a zinc-binding site.

An additional 11 (9%) of the sites were classified as
FP predictions because their zinc ion occupancy fell
below 0.5 and were thus omitted from our reference

F I GURE 5 Metal-ion species selectivity in test set 2. ZincSight selectivity toward other metal species, tested using the Metal3D test-set and
probability of p ≥ 0.75. ZincSight did not predict any alkali metal binding site. On the other hand, it predicted transition metals with high rates, and
alkaline earth metals at low-rate. ZincSight selectivity profile (blue) is somewhat improved compared to that of Metal3D (red).
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ground-truth dataset; these could be TP predictions
that were misclassified. Two (1%) of the FP
predictions were annotated in UniProt as zinc-binding,
but the zinc ion was not present in the X-ray crystal
structure. In 10 (9%) of the FP predictions, with three
coordinating residues, only two actually bind zinc.
These predictions are very closely related to true bind-
ing sites. The rest, 16, could be FP predictions. In sum-
mary, it appears that a significant portion of the
117 seemingly FP predictions, detailed in Supplemen-
tal Tables S1 and S2, may be true binding sites for zinc
or other transition metals.

The analysis further demonstrated that ZincSight’s
42-template library, with its limitations, captures a
diverse range of zinc-binding modes, while reasonably
balancing the FP and FN predictions. This is consistent
with large-scale data mining of metal-ion environments
in proteins, which demonstrated that a relatively small
set of coordination patterns accounts for the vast major-
ity of biologically relevant sites (Bowman et al., 2016;
Zhang & Zheng, 2020). In light of these observations
and to further ensure future adaptability, in local execu-
tion, ZincSight enables users to add their tailor-made
metal-binding templates to the library when predicting
binding sites.

2.7 | Prediction of zinc-binding sites in
test set 4 of AF models

Figure 2 shows the PR curves for ZincSight predictions
on the AF2 test set with and without rotamer optimiza-
tion. For comparison, we also evaluated Metal3D,
MoM, and PinMyMetal (PMM) predictions for the same
AF2 test set models. Also, we queried AlphaFold
3 (AF3) with the protein sequences of this test set, run-
ning four separate queries per protein (the queries vary
by the number of zinc ions specified between one and
four). At both the 2 and 5 Å thresholds, ZincSight with
rotamer optimization yielded the greatest gains in high-
recall regions. Specifically, at 2 Å (Figure 2), precision
at 0.8 recall rised from 0.80 without adjustment to 0.92
with it, while at 5 Å (Figure S4) it increased from 0.82 to
0.97 (Table 1). Overall, rotamer adjustment slightly
improved the AUC-PR at 2 Å (0.85 vs. 0.83; Table 1),
and led to a more substantial gain at 5 Å (0.98
vs. 0.90); two examples for the improved performance
are shown in Figure S7. Incorporating histidine rotamer
optimization comes with a modest increase in FP pre-
dictions between 0.6 and 0.8 recall (Figure 2). How-
ever, the clear advantage in high-recall regions, makes
it a compelling choice.

Among the FN predictions, that is, actual zinc-
binding sites that ZincSight failed to predict, were the
proteins Q7MVV4 and Q9NXF7. In both cases, AF2
assigned low pLDDT confidence to the coordinating
residues, reflecting reduced structural model accuracy

that likely diminished ZincSight’s sensitivity for detect-
ing these binding sites. More details are found in the
“Effect of model accuracy on performance”
section below.

Figure 4 shows the MAD values for the TP predic-
tions by the different methods for test set 4 (AF2
models). Generally speaking, the different methods
placed their true predictions in accurate positions, char-
acterized by low MAD values. The most accurate was
AF3 with exceptional spatial accuracy- MAD (median)
�0.22–0.25 Å (Figures 4 and S6), albeit as seen in
Figure 2, with significantly lower recall (0.44–0.66).
Metal3D was second in spatial accuracy at probability
of 0.75 with MAD (median) of 0.36 (Figures 4 and S6),
with higher recall (0.80–0.83). PMM ranked third in spa-
tial accuracy, with spatial accuracy in probability of 0.75
with MAD (median) of 0.37 (Figures 4 and S6), with
lower recall (0.68–0.76). ZincSight (with and without
rotamer adjustment) ranks fourth in accuracy, achieved
MAD values around 0.5 Å. MoM exhibited poorer
localization � MAD (median) 0.74–1.28 Å at the exam-
ined recall range of 0.61–0.85 (Figures 4 and S6).

Collectively, these results demonstrate that at both
2 Å (Figure 2) and 5 Å (Figure S4) thresholds, Zinc-
Sight with rotamer adjustment demonstrates a modest
precision advantage over Metal3D. On the other hand,
Metal3D produced slightly lower MAD values than Zinc-
Sight, both in terms of the median and mean values
(Figures 4 and S6).

In test set 4, the average protein length is 485 amino
acids, and the average ZincSight running time per
structure was 0.87 s with histidine imidazole rotamer
adjustment and 0.47 s without it. For MoM, the average
run-time per structure was 2.56 s; PMM required
17.4 s, and Metal3D was slowest with an average of
39.8 s per structure.

2.7.1 | Effect of model accuracy on
performance

We ran ZincSight with 753 non-redundant protein
models (test set 5), selected from UniRef50 clusters,
that were released after the AF2 monomer training cut-
off date of April 30, 2018. We categorized binding site
predictions into high-confidence (mean pLDDT ≥80)
and low-confidence (mean pLDDT <80) classes, and
then quantified TP, FP, and FN predictions in each. For
FN counts, we averaged the pLDDT over the AF resi-
dues corresponding to PDB-validated zinc ion sites. At
a probability threshold of 0.5, the FP:TP ratio was
essentially independent of predicted confidence:
860 TP versus 56 FP for high-confidence sites, and
10 TP versus 1 FP for low-confidence sites, whereas
the TP:FN ratio declined in the low-confidence group
(860 TP vs. 296 FN at ≥80; 10 TP vs. 20 FN at <80)
(Figure S8).
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2.7.2 | A comment regarding AF3’s
prediction of zinc ion binding sites

AF3 is a diffusion-based architecture for protein struc-
ture prediction from sequence (Abramson et al., 2024).
Unlike AF2, its predecessor, AF3 can also predict
structures of protein complexes and the small mole-
cules bound to them, including metal ions, and zinc in
particular. A key limitation of AF3’s ligand-binding site
prediction is its requirement for user-specified protein-
ligand stoichiometry. This feature can complicate zinc-
binding site predictions when the number of binding
sites is unknown, necessitating multiple prediction
runs for a single structure. Below we show three
examples that we encountered while using AF3 on our
test sets and where we made the realistic assumption
that we do not know the number of zinc-binding sites.
These examples demonstrate that AF3’s zinc-binding
site predictions heavily depend on the user-specified
stoichiometry.

• The protein Q86T03 has two verified zinc-binding
sites (PDB structure 8OQH, residues 72–159). We
predicted its structure with AF3 and specified one to
four zinc ions. Querying the server with this protein
and two zinc ions resulted in correct prediction of
the two zinc ion binding sites, both assigned with
high pLDDT confidence scores: 97.03 and 97.82. A
query with a single zinc ion also resulted in locating
the zinc ion correctly, with a pLDDT of 77.49. How-
ever, when queried with four zinc ions, AF3 pre-
dicted two sites, correctly, with high pLDDT scores
of 98.32 and 98.59, and two additional incorrect
sites assigned with pLDDT of 77.05 (comparable
with the confidence assigned in the case of the sin-
gle zinc) and 43.29. Hence, the number of specified
ligands can influence prediction confidence scores.

In comparison, ZincSight correctly identified both
true sites as highly likely to bind zinc, assigning
them with probabilities of p = 0.89 (s = 9.81) and
p = 0.90 (s = 9.61).

• Protein Q8NBJ9 has one verified zinc-binding site
(PDB structure 7Y63). A query with one zinc ion cor-
rectly identified the site, assigning it with a score of
90.66, but this dropped to 82.19 when four zinc ions
were listed in the query. This highlights the stoichiom-
etry dependency of AF3 and the need for multiple
queries for accurate results. In comparison, Zinc-
Sight, successfully predicted only the true zinc-
binding site assigning it with a probability of p = 0.79
(s = 11.27).

• Protein Q08281 (PDB structure 8ADL) presents an
interesting case where AF3 assigned consistently
low pLDDT scores across all predicted zinc-binding
sites, regardless of the number of zinc ions in the
query. Despite containing three verified zinc-binding
sites, even queries specifying the correct stoichiome-
try produced poor predictions, with the highest
pLDDT of 33.68 for a true binding site. Queries with
two zinc ions yielded even lower scores, while four-
ion queries showed only marginal improvement,
reaching a maximum pLDDT of 35.41. In contrast,
ZincSight correctly identified all three binding sites,
with probabilities of p = 0.99 (s = 4.12), p = 0.94
(s = 8.52), and p = 0.91 (s = 9.33).

2.7.3 | USING ZincSight

A Colab notebook (https://colab.research.google.com/
github/MECHTI1/ZincSight/blob/master/ZincSight.ipynb)
offers interactive and streamlined access to ZincSight.
Colab’s limitations on runtime and computational
resources may render it unsuitable for processing very

TAB LE 1 PR metrics for detecting zinc-binding sites within 2 Å in test set 4 (AF2 models).

Method

2 Å 5 Å

Precision at 0.8
recall

Recall at 0.85
precision AUC

Precision at 0.8
recall

Recall at 0.85
precision AUC

ZincSight with rotation 0.92 0.81 0.85 0.97 0.95 0.98

ZincSight without
rotation

0.80 0.76 0.83 0.82 0.80 0.90

Metal3D 3+ 0.92 0.83 0.82 0.92 0.86 0.93

Master of metals 0.00 0.56 0.68 0.98 0.86 0.85

PinMyMetal 0.00 0.68 0.68 0.00 0.76 0.75

AlphaFold 3 (1 Zn) 0.00 0.02 0.39 0.92 0.83 0.77

AlphaFold 3 (2 Zn) 0.00 0.37 0.58 0.64 0.56 0.76

AlphaFold 3 (3 Zn) 0.00 0.49 0.59 0.46 0.59 0.72

AlphaFold 3 (4 Zn) 0.34 0.51 0.64 0.38 0.56 0.69

Note: PR values are shown for ZincSight (with and without histidine-imidazole rotamer optimization; bold fonts), Metal3D, MoM, PMM and AF3. Ground-truth zinc
coordinates were obtained by superimposing experimentally determined zinc-binding sites from the corresponding PDB structures (matched by UniProt accession)
onto the AF2 models.
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large input queries, such as a whole proteome. In such
scenarios, the software is available on GitHub for
download (https://github.com/MECHTI1/ZincSight) and
can be run locally. The local mode supports adding
entries to the template library. Users can provide struc-
ture files (in mmCIF or PDB format) or list the structure
IDs to be automatically downloaded from the PDB,
AFDB, or ESMFold DB. The default setting of ZincSight
that explores rotameric states per histidine to enhance
sensitivity can be toggled off.

The execution output is an archive file with PyMOL
sessions and a CSV format summary table. The
PyMOL sessions show the predicted zinc ions as col-
ored spheres within the input structure. The color
scheme of the spheres reflects their confidence score
(probability) for being true zinc-binding sites, transition-
ing from red (low confidence) through yellow to green
(high confidence). The summary table also lists the
template with a similar zinc-binding site that the predic-
tions are based upon to support the results. Users can
initially interpret the results using the table and use the
PyMOL sessions for visualization.

2.7.4 | Example 1—Using ZincSight Colab
for prediction on AF “dark cluster” sample

We analyzed protein structures representing “dark
clusters” identified by Barrio-Hernandez et al. (Barrio-
Hernandez et al., 2023). In their comprehensive study
of the AFDB, they clustered 214 million proteins into
2.3 million structural groups and identified 711,705
clusters (31%) as “dark clusters” that show no signifi-
cant structural similarity to known PDB structures and
lack matches to Pfam domains or existing annotations
in UniProt/TrEMBL and SwissProt databases. Of these
clusters, 1057 are of size 70 or more, that is, including
more than 70 similar proteins. We analyzed one repre-
sentative in each of these clusters.

To run the predictions for all 1057 UniProt acces-
sion IDs via Colab, we entered all IDs (Figure 6) and
selected the “include_rotamers” option. The software
installation in the Colab environment took 1 min and
28 s, downloading the structural input models from the
AF database required 1 min and 32 s, and the Zinc-
Sight predictions completed in 10 min and 28 s.

Figure 6c illustrates the zinc-binding site predictions
for the proteins AF-A0A2W6DUR5-F1-model_v4,
A0A160U0X8, and A0A1F8RQ35. Both A0A2W6DUR5
and A0A160U0X8 are assigned as “uncharacterized
proteins” without any annotations indicating zinc ion or
metal-binding activity. On the other hand, A0A1F8RQ35
is identified as a “DUF885 domain-containing protein”
through Google ProtNLM (Gane et al., 2022). This Pfam
classification associates it with the Peptidase_MA clan,
which is composed of zinc-dependent metallopeptidases
characterized by an HExxH motif.

The predicted zinc-binding sites in both
A0A1F8RQ35 and A0A160U0X8 contain three resi-
dues typically associated with catalytic zinc ion binding
(Daniel & Farrell, 2014), specifically, two histidine resi-
dues and one glutamate residue. The two histidine
residues are part of the HExxH motif (x being any resi-
due), commonly linked to metallopeptidases (Cerdà-
Costa & Xavier Gomis-Rüth, 2014). While this observa-
tion aligns well with the Pfam classification of
A0A1F8RQ35 in the Peptidase_MA clan, A0A160U0X8
lacks Pfam annotation or any functional description of
enzymatic activity. We used Metal Activity Heuristic Of
Metal and Enzyme Sites (MAHOMES II) (Feehan
et al., 2023) to assess the potential catalytic function of
A0A160U0X8. MAHOMES II is a structure-based
machine learning framework that predicts whether
metal-binding sites are enzymatic or non-enzymatic. It
uses a gradient boosting classifier trained on structural
features and incorporates 10 different models with var-
ied random seeds to enhance prediction robustness.
For each site, MAHOMES II calculates the percentage
of models classifying the site as enzymatic and pro-
vides an overall determination. The zinc ion binding
sites predicted by ZincSight for A0A1F8RQ35,
A0A160U0X8, and A0A2W6DUR5 structural models
were submitted to MAHOMES II. The A0A1F8RQ35
and A0A160U0X8 models were classified as enzymatic
with 100% consensus across all prediction models,
indicating high catalytic potential. In contrast, the zinc-
binding site in A0A2W6DUR5 was classified as non-
enzymatic by all prediction models.

All the zinc-binding sites were assigned a very high
probability of being correct. However, given the lack of
prior evidence that the proteins bind metal ions or
exhibit enzymatic activity, laboratory-based experimen-
tal validation is needed to confirm these computational
predictions.

2.7.5 | Example 2—metagenomic driven
proteins sampling

To evaluate ZincSight’s ability to discover previously
unannotated zinc-binding sites in metagenomic pro-
teins, we randomly selected 200 MGnify-only clusters
of AFESM, a clustered database of all predicted struc-
tures from the AF and ESM-Fold databases (Yeo et al.,
2025). We purposefully selected only clusters lacking
AF entries. ZincSight predicted 12 sites at a threshold
of p ≥ 0.75, and 19 sites at a threshold of p ≥ 0.50
(Table S3), corresponding to 11 and 16 unique pro-
teins, respectively. This is a manifestation of the useful-
ness of ZincSight for analyzing metagenomic data.
Obviously, the predicted binding sites should be viewed
as hypotheses requiring further examination.

For benchmarking, we also conducted an mebipred
(p ≥ 0.50) search on the same dataset, identifying 11 hits.
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Four of these hits, MGYP001130174518, MGYP001351
529692, MGYP002623597247, and MGYP002639704763,
emerged also in our ZincSight search, assigned with high
probabilities of p ≥0.75.

One may wonder whether the rest of the 7 hits that
emerged in the mebipred search are true binding sites, or
perhaps false positives. Providing a full answer is obvi-
ously beyond the scope here, but to partially address it,

F I GURE 6 The ZincSight pipeline using the Google Colab interface and its resulting output. (a) The input interface provided within the
Google Colab environment. (b) Prediction results displayed as a table. (c) Predicted zinc ion binding sites within the AF2 structural models AF-
A0A2W6DUR5-F1-model_v4 (left), AF-A0A1F8RQ35-F1-model_v4 (middle) and AF-A0A160U0X8-F1-model_v4 (right). All were assigned high
likelihoods to be real: p¼0:996 (s¼3:36), p¼0:92 (s¼9:07), and p¼0:9187 (s¼9:18), respectively.
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we used AF3 to model the structures of two of the pro-
teins (MGYP001381295889 and MGYP000243407481)
in complex with zinc ions. In both predicted co-
complexes, zinc binding is coordinated by two residues
only: a Glu-Glu pair in one instance, and a Glu-Cys pair in
the other. These two putative binding modes depart from
the canonical tetrahedral geometry, suggesting that both
are more likely transient contacts than bona fide zinc-
binding sites.

3 | DISCUSSION

We introduced ZincSight, a software tool for analyzing
protein structures in search of putative binding sites for
zinc and other transition metals. ZincSight can predict
transition metal locations in model structures and was
validated with respect to experimentally determined
structures. ZincSight is available for download or on
Google Colab. It is comparable to alternatives in sensi-
tivity and accuracy, as indicated by the PR on the test
set and zinc ion location accuracy metrics, while run-
ning significantly faster. For example, ZincSight pro-
cessed batches of experimentally solved structures, of
485 residues on average speed of 0.87 and 0.47 s per
protein, with and without histidine-rotamer exploration,
respectively, on a personal computer using 2 Intel i7
CPU cores. Thus, it is suitable for proteome-wide anal-
ysis of transition metal-binding sites. Such large-scale
application is valuable for characterizing unannotated
proteins, where the presence of metal-binding sites can
provide functional insight.

ZincSight was designed based on the hypothesis
that zinc binding is local and determined purely based
on stereochemistry. Thus, the known zinc-binding sites
were clustered based on their amino acid composition
and stereochemistry, resulting in 42 templates. The
detection of a cluster that is similar enough to one of
these templates is taken as an indication of zinc bind-
ing. The success of this approach validates our hypoth-
esis. A second (implicit) hypothesis is that the currently
documented zinc-binding sites are inclusive, in the
sense that these 42 templates balance the FP and FN
predictions. Trusted newly emerging forms of zinc bind-
ing will be added as additional templates, and users
can proactively add templates they trust to supplement
their own searches. Of note, ZincSight output includes
both the predicted sites and the template zinc-binding
sites that they are based on. Currently, ZincSight
applies rotamer analysis only to histidine residues, due
to their high prevalence in zinc-binding sites. The appli-
cation of rotamer analysis to other coordinating resi-
dues could improve prediction accuracy further.
Examination of the degree to which the backbone and
side chains of a template overlap with the predicted site
provides a direct means of interpretation. This is a
meaningful advantage of ZincSight with respect to its

machine-learning-based alternatives, which do not pro-
vide any such interpretability.

Zinc binding might be mediated by multiple sub-
units, each of which contributes one or more metal
coordination bonds. To be able to detect such cases,
the full oligomeric structure should be provided as
input. This is relevant for homo-oligomers, where zinc
binds at the interface between subunits. Analyzing the
monomeric structure might not suffice because the par-
tial zinc-binding site that remains would be assigned a
low probability to be considered real. For example, the
Rad50 protein has been shown to form a homodimer
via common zinc ion binding sites between its mono-
mers, with each monomer contributing two Cys resi-
dues to bind the zinc ion (Hopfner et al., 2002).
Similarly, in Medicago truncatula L-histidinol dehydro-
genase, the zinc-binding site spans the interface of two
monomers: two residues, a histidine and an aspartate,
come from one monomer, while another histidine
comes from the other (Ruszkowski & Dauter, 2017). A
ZincSight query using the monomeric AF2 models of
these two proteins (P58301 and G7IKX3) did not yield
any predicted zinc ion binding site. Thus, in cases
where the zinc ion binding motif is shared by more than
one chain, the multimeric form of the protein should be
used as the query. Inherently, ZincSight analysis of pre-
dicted structural models is challenging since some resi-
dues within the binding sites may be misoriented.

Previous work has established that although some
characteristics are unique to specific metal ion binding
sites, many such sites share common structural fea-
tures (Cerdà-Costa & Xavier Gomis-Rüth, 2014;
Dudev & Lim, 2014; Laveglia et al., 2023). This is par-
ticularly evident for transition metals, where binding site
promiscuity is often observed due to similarities in coor-
dinating residue side-chain conformations. Such over-
lap in binding capabilities among different metal ions
presents a significant challenge for predictive tools aim-
ing to achieve high selectivity, like ZincSight. Indeed,
ZincSight detects the location of zinc and all other tran-
sition metals with similar accuracy. Thus, it can best be
thought of as a means to detect binding sites of any
transition metal, rather than just zinc. In this respect, it
is noteworthy that metal selectivity in proteins is influ-
enced not only by binding site geometry but also by
external factors, such as environmental metal ion con-
centration (Bromberg et al., 2022; Dudev & Lim, 2014;
Ruszkowski & Dauter, 2017; Waldron and Robinson,
2009), interactions with metallochaperones (Dudev &
Lim, 2014; Laveglia et al., 2023; Ruszkowski &
Dauter, 2017; Waldron and Robinson, 2009; Weiss
et al., 2022), and subtle variations in the secondary
coordination shell (Barwinska-Sendra et al., 2020;
Dudev & Lim, 2014; Feehan et al., 2023; Sendra
et al., 2023).

External tools, such as AF-Multimer (Homma
et al., 2023) and the more recent AF3, make it
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straightforward to generate multimeric models for zinc-
binding analysis. AF3 can also predict zinc-protein co-
complexes; however, the zinc:protein stoichiometry has
to be specified. ZincSight analysis, on the other hand,
is not based on stoichiometry. Thus, preliminary Zinc-
Sight analysis may guide AF3 in that it could quickly
outline candidate zinc-binding proteins, as well as sug-
gest the stoichiometry. Our examination shows that,
provided with the correct stoichiometry, AF3’s predic-
tion is more accurate (Figure 4). In this respect, Zinc-
Sight is complementary to AF3.

ZincSight was designed to facilitate the analysis of
batches of protein queries in the search for zinc-binding
sites. One of our immediate goals is to extend its appli-
cation to the systematic detection of zinc-binding sites
in uncharacterized proteins by leveraging advanced
protein models generated by AF (for which we showed
it fares well) or ESMFold. Indeed, the AFDB and the
ESM Metagenomic Atlas (Lin et al., 2023) include hun-
dreds of millions of predicted protein structures, readily
available for ZincSight analysis. With that, ZincSight
can uncover novel Zn2+ coordination arrangements,
including multi-nuclear arrangements, thereby provid-
ing valuable templates for artificial metalloprotein
design. Finally, ZincSight can be used to test various
hypotheses. For example, it may enable insights and
discoveries both in evolutionary gain and loss of zinc-
binding sites among protein families and organisms.

4 | METHODS

4.1 | Identification of candidate zinc-
binding sites

In proteins, zinc binding requires a specific chemical
coordination, typically in a tetrahedral arrangement,
though it can occasionally exhibit 5- or 6-coordination
geometry (Laitaoja et al., 2013). Zinc binding is mostly
mediated by the side chains of histidine (His), cysteine
(Cys), aspartate (Asp), and/or glutamate (Glu) residues.
More specifically, zinc ions are predominantly coordi-
nated by the sulfur atom of Cys, the nitrogen atom of
His, or the carboxylate anions of Asp and Glu. Other
amino acids, such as asparagine (Asn), glutamine
(Gln), threonine (Thr), and tyrosine (Tyr), though less
common in zinc-binding sites, tend to bind zinc via their
polar uncharged side chains (Dudev & Lim, 2014;
Laitaoja et al., 2013). ZincSight uses an inverted index
structural motif search method inspired by Bittrich et al.
(2020). Our inverted index has only the first two query
features of the four used by Bittrich et al.: residue types
and distances between their respective Cα and Cβ
atoms. As the inverted index strategy significantly
reduces search space, querying is very fast.

Given a query structure, ZincSight identifies and
collects all potential zinc-binding residues by selecting

pairs that satisfy the following two conditions: (1) their
type is known to mediate zinc ion binding (His, Glu,
Cys, Asp, Thr, Tyr, Ser, or Asn (Laitaoja et al., 2013);
Supplemental Table S4), and (2) the distance between
the potential zinc-binding atoms of their side chains is
lower than 7 Å. For residues with two typical potential
zinc-binding atoms, the average location of these
atoms is used (e.g., OE1 and OE2 for Glu). ZincSight
then searches for these collected potential zinc-binding
sites in the inverted index with the values from our
curated 42 zinc-binding structural templates. This lax
binding site definition reduces the complexity and
speeds up the search, and potentially uncovers more
zinc-binding sites.

Approximately one-third of the zinc ions present in
crystal structures are estimated to be artifacts (Laitaoja
et al., 2013; Laveglia et al., 2023). These artifacts are
non-biological byproducts introduced during experi-
mental processes where, zinc ions from crystallization
buffers or precipitants bind to protein surfaces, often
with incomplete coordination spheres. Such binding pri-
marily results from zinc ions facilitating crystal formation
and packing by stabilizing intermolecular contacts or
reducing conformational flexibility. Thus, for our tem-
plates set, we considered cases that had multiple simi-
lar instances of zinc-binding sites in the training set,
and selected an instance among them to be included in
the template set at random.

The templates were extracted from the Metal3D
training set, which contains X-ray crystal structures with
resolution better than 2.5 Å. While B-factors were ini-
tially considered as a filtration criterion, they were ulti-
mately excluded from our selection process. This
decision was made because zinc ions are sometimes
located within dynamic structures, such as enzymatic
active sites, where B-factors may be relatively high
despite the biological relevance of these sites. Includ-
ing such sites in both training and test sets was
deemed important for comprehensive coverage of zinc-
binding environments.

4.2 | Zinc ion localization

4.2.1 | Pipeline for prediction of zinc ion
positions

ZincSight uses the template zinc-binding site stored in
the inverted index to predict the location of the zinc ion
in the query structure as follows:

I. First, we calculate an initial estimate of zinc ion loca-
tion. For zinc-sites with four or more residues, the
starting point is the calculated arithmetic mean of
the binding atoms. For residues with more than one
candidate atom, the average location of the relevant
atoms is used. For sites with three binding residues,
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we use two starting points one on each side of the
plane formed by the three binding atoms and along
the normal vector passing through the calculated
arithmetic mean. Here, we select two starting points
because these two symmetric points have identical
distances to the atoms defining the plane. For candi-
date sites with three residues that include a histidine
residue, ZincSight determines the favorable zinc ion
location based on the spatial configuration of the
imidazole group(s). In (the relatively rare) cases
where a candidate site with three residues does not
include a histidine residue, that is, in 8 of the 42 tem-
plates, one of the two possible zinc ion locations is
arbitrarily selected. (The next version of ZincSight
will use both locations.)

II. For each binding residue, we consider the atom that
binds zinc. For residues with two typical zinc-binding
atoms, we select the atom nearest to the above esti-
mated location of the zinc ion as the zinc-binding
atom.

III. We refine the position of the zinc ion based on the
optimal distances for its coordination. We use
2.15 Å as the ideal coordination distance for atoms
in all amino acids, except the S atom of cysteine,
where we use 2.32 Å. These distances are within
one standard deviation from the mean of the real
distances in natural zinc-binding environments
(Laitaoja et al., 2013; Tamames et al., 2007; Yao S
et al., 2015). To place the zinc ion with minimal
deviation from these predefined distances, we use
the non-linear least squares optimization with the
Levenberg–Marquardt method (Levenberg, 1944)
and minimize

Pn
i¼1 di �d idealð Þ2, where n is the

number of measured distances between the to-be
placed zinc ion and its candidate ligands. In this
function, di is an individual coordination bond
length, and d ideal is the ideal distance. Finally, Zinc-
Sight includes an option of sampling histidine imid-
azole group rotamers to identify favorable rotamer
configurations, as described in Section 4.3.1.2.

4.2.2 | Evaluating the training-set error

We evaluated the accuracy of ZincSight predictions on
the training set (excluding the 42 template structures).
This validation is part of our training procedure and is
akin to validation set error. Supp. Figure S9 shows the
MAD values of the distances between predicted zinc
ion locations in correctly predicted sites, within the
training set, to the experimentally measured positions.
We also verified that the distributions of distances
between the zinc ion and its binding atoms, as well as
the angles formed between zinc ions and histidine imid-
azole groups, are similar in the training set experimen-
tal data and the ZincSight predictions (Supplemental
Figures S10 and S11).

4.3 | Scoring and probability estimation
for candidate zinc-binding sites

The candidate zinc placements are scored according to
two or three features: (1) the distances between the can-
didate binding atoms to the predicted zinc ion location,
(2) the structural similarity between a candidate zinc-
binding site to an experimentally solved structural tem-
plate, with the same zinc-binding residue combination,
and (3) for candidate sites that contain histidine
residue(s), spatial orientation of the histidine imidazole
group(s) relative to the predicted location of the zinc ion.

4.3.1 | Score features

Feature 1: distances between predicted zinc ion to
candidate binding ligands
The RMSD of the differences between the prediction
distances (di) in the n candidate sites to the pre-
determined “Ideal Distance Value” (d ideal), listed

above dRMSD ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Pn
i¼1 di �d idealð Þ2

q
.

Feature 2: structural similarity to the zinc ion binding
site templates
For each candidate binding site, we use Biopython’s
PDB.QCPSuperimposer package (Cock et al., 2009) to
optimally superimpose the zinc-binding atoms of the
candidate position and the template and calculate the
RMSD between them, denoted TRMSD.

Feature 3: histidine angles score
The spatial orientation of the histidine imidazole is mea-
sured by two angles:

I. The angle between the predicted coordination
bond’s vector (formed between the positioned zinc
ion to the candidate binding atom) and the histidine
side chain imidazole group(s). It is denoted “Angle to
Plane” and marked α in Figure 7.

II. The angle between the projection of the predicted
coordination bond vector on the imidazole plane to the
vector crossing the midpoint between carbons “C1”
and “C2” and the predicted zinc-binding nitrogen “N”
(defined as the extended vector of mN

��!
, where

m denotes the midpoint between the two carbon
(C) atoms). When N=NE2, C1 is CD2 and C2 is
CE1, and when N=ND1 C1 is CE1 and C2 is CG. It
is denoted “Angle tomN

��!
” and marked β in Figure 7.

We use RMS to combine the differences between the
n computed angles and the pre-calculated ideal angle
values (from established data (Chakrabarti, 1990)) into
a single value (Equations (2), (3)). RMS is more suit-
able than the mean absolute error (MAE) for our data
(Jakeš, 1988; Theobald, 2005) because the errors fol-
low a normal distribution (Chai & Draxler, 2014),
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calling for a greater penalty for large errors. The angle
scores are:

Angles to Planes αð ÞRMS ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n
�
Xn
i¼1

Angle to Plane αð Þi
� �2vuut

ð1Þ

Angles tomN
��!

βð ÞRMS ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n
�
Xn
i¼1

Angle tomN
��!

βð Þi
� �2

vuut
ð2Þ

And these RMS values are then summed:

HisAngles Score¼ Angles to Planes αð ÞRMS

þAngles tomN
��!

βð ÞRMS

ð3Þ

and used to select the better, that is, lower score, loca-
tion between the two possible positions in candidate
sites with three residues.

4.3.2 | Adjustments to predicted AF
structure models by sampling histidine
rotamers

To improve the prediction of zinc-binding sites for struc-
ture models predicted by AF2 that have a histidine resi-
due, ZincSight samples rotameric states. Sampling

hypothetical rotamers can compensate for inaccurate
predictions of rotameric states. To this end, we examine
the imidazole group’s rotational space around the CG–

CB axis (χ2) by 180� degrees to find rotamer configura-
tions that minimize deviation from ideal “His Imidazole
Angles.” Then, ZincSight iteratively samples these con-
figurations in 15� increments, selecting the optimal con-
figuration at each step based on predefined ideal His
Imidazole Angles. To avoid re-examining previously
evaluated configurations, each iteration focuses exclu-
sively on new rotational configurations, omitting those
evaluated in prior iterations. We have accelerated the
procedure by multithreading, enabling parallel execution
of multiple sampling processes across two cores.

Note that this rotamer sampling process does not
consider statistical distributions of the histidine dihedral
angles (χ1, χ2, etc.) (Chakrabarti, 1990; Li & Hong,
2011; Shapovalov & Dunbrack, 2011). We exclude
these factors because rotamer libraries include data
from both apo (unbound) and holo (bound) protein
structures, which do not account for the zinc ion’s effect
on the binding residues’ conformations. Additionally,
structural models, including those predicted by AF2
may be inaccurate, including in their backbone confor-
mation, for proteins that exist in both apo and holo
forms (Saldaño et al., 2022). Given that the rotamer
sampling is initialized from a potentially inaccurate ini-
tial histidine conformation, employing a broad spectrum
of rotamer configurations can facilitate the identification
of imidazole conformations that support zinc binding,
thereby overcoming inaccuracies in the initial residue
conformation.

F I GURE 7 The angles between the histidine imidazole and zinc. Depiction of the angles between the coordination bond vector and the
imidazole side chain of histidine. “Angle to Plane,” marked as α (orange): Angle between the theoretical coordination bond to the histidine’s
imidazole side chain plane (gray). This angle is calculated as 90� minus the angle between the imidazole plane normal (n

!
) and the theoretical

coordination bond vector. “Angle to mN
��!

,” marked as β (magenta): The angle between extended vector of mN
��!

(yellow) to the projection of the
predicted coordination bond vector on the imidazole plane.
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4.3.3 | Calculating zinc-binding sites
scores

Definition of the predictive model formulas
ZincSight score s of a candidate zinc-binding site com-
bines the feature scores with the parametrized weights
b1, b2, and b3, and a constant c:

s¼ b1� dRMSDð Þþb2� TRMSDð Þþb3

� HisAngles Scoreð Þþc

ð4Þ

The values of these parameters depend on whether the
zinc ion binds three or at least four residues. For each
case the values of b1, b2, b3, and c were optimized
separately. If the candidate zinc-binding site does not
contain a histidine residue, we weigh the Histidine
Angle Score component with b3 = 0. Table 2 lists the
parameters we use in these four distinct cases.

Hyperparameter optimization
The parameters were calculated to optimize the AUC
for the PR curve on a validation set of 2043 structures
(structures in the Metal3D training set that are not
among the 42 structures that contributed the represen-
tative structural templates). In these evaluations, we
considered a TP prediction as one that included all
binding residues of the actual binding site. Sites that
were only partially predicted, that is, where only some
of the coordination residues were correctly predicted,
were excluded from the count. Such sites were not
included in the TP or FP counts. For example, a predic-
tion that included three residues within an actual four-
residue zinc-binding site was neither a TP nor a
FP. Counting such matches as TP could lower the
model’s efficiency in accurately identifying and scoring
predictions with complete matches against partial ones.
Alternatively, categorizing these near matches as FP
might compromise the model’s effectiveness in detect-
ing genuine sites that consist of exactly three residues,
due to the close resemblance between the configura-
tions of partially matched and actual three-residue
sites.

We used the TPE algorithm (Bergstra J et al., 2011)
for hyperparameter optimization, implemented in

Optuna (Akiba et al., 2019). We applied Optuna’s TPE
algorithm (“TPEsampler”). We specified the resulted
PR-AUC value of the validation set as the maximization
objective. We set the algorithm to perform 10,000 sub-
sequent trials. The calibration process, coupled with an
exploration of the parameters space, was conducted to
identify their optimal values. The search covered a
range from 0 to 15, with increments of 0.1, for both
coefficients and the constants. The resulted coefficients
and constants which yield the maximal AUC value have
been selected.

4.3.4 | Transforming zinc-binding sites
scores into probabilities

Calibration of Platt scaling model
We use Platt scaling to convert the raw prediction
scores, for potential zinc-binding sites, into probabilities
(Platt et al., 1999). Platt scaling is a widely used proba-
bility scaling method (Lin et al., 2007) that transforms
raw scores into posterior probabilities by fitting a para-
metric logistic regression model, without requiring
explicit density estimation.

We selected Platt scaling for its simplicity and effec-
tiveness (Böken, 2021). In our implementation, we
mapped the classifier raw scores onto predicted proba-
bilities that represent the likelihood of a site to bind zinc.
The posterior probability pi of ith sample with score si
being classified in the positive class (y¼ 1), that is, a
zinc-binding site is modeled as:

pi ¼P y ¼1jsið Þ¼ 1
1þe� AsiþBð Þ ð5Þ

The scaling parameters, A and B, are determined
by minimizing the negative log-likelihood (NLL), equiva-
lently maximizing the log-likelihood, over the training
set si , yið Þf g, with yi � 0, 1f g. This objective NLL func-
tion measures how well the scaled probabilities explain
the observed outcomes:

argmin
A,B

XN
i¼1

yi log pið Þþ 1�yið Þ log 1�pið Þ½ �
( )

ð6Þ

TAB LE 2 Optimized parameters for zinc-binding site prediction models.

Equation # Include histidine 3 or 4+ residues b1 b2 b3 c

1 ✓ 4+ residues 12.3 5.0 0.3 0

2 ✓ 3 residues 13.8 0.7 0.2 8.1

3 ✕ 4+ residues 13.8 14.5 0 5.5

4 ✕ 3 residues 12.9 1.6 0 14.4

Note: This table provides the optimized parameters (b1, b2 , b3 , and c for four predictive models used to compute the ZincSight score for zinc ion binding sites. The
models are tailored based on whether histidine residues are included and whether the binding site consists of three residues or four or more residues, with
parameters calibrated using Optuna’s TPE to maximize the PR-AUC on a validation dataset.
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Conceptually, this function comprises two main
penalties:

1. yi log pið Þ: Penalizes low probabilities (pi≈0) for true
zinc-binding sites (yi=1).

2. 1�yið Þ log 1�pið Þ: Penalizes high probabilities
(pi≈1) for negatives (non-zinc-binding sites, yi = 0).

3. N is the total number of samples in the dataset.
We performed the scaling process on the same
dataset used for the predictive scoring model for
the hyperparameter optimization. We used a
random split of the dataset into training (80%)
and validation (20%) subsets. The training set
was used to fit the Platt scaling model, while the
validation set was reserved for evaluating cali-
bration performance. The calibration curve and
the resulted probability distribution illustrate that
the resulted model effectively achieves a proba-
bility estimation for our method (Supplemental
Figure S1).

Evaluation of the calibrated model
We evaluated the success of the Platt scaling calibra-
tion process, by the Brier Score and LogLoss metrices.
Brier Score BSð Þ (Brier, 1950) measures the MSE
between predicted probabilities and observed
outcomes:

BS¼ 1
N

XN
i¼1

f i �oið Þ2 ð7Þ

where:

1. f i is the calibrated probability for the ith sample.
2. oi is the observed label (0 or 1).
3. N is the total number of samples in the dataset.

This metric ranges from 0 (perfect calibration) to
1 (maximum error). In our work, the Brier Score was
0.0346, indicating that, on average, the predicted prob-
abilities closely tracked the true outcomes. A Brier
Score below 0.05 is typically considered excellent in
binary classification.

LogLoss (Niculescu-Mizil & Caruana, 2005) penal-
izes heavily predictions that are both confident and
wrong. It is calculated as:

LogLoss¼� 1
N

XN
i¼1

oi ln f ið Þþ 1�oið Þ ln 1� f ið Þ½ � ð8Þ

Lower values indicate better calibration, with 0 repre-
senting a perfectly predicted probability distribution.
Our model’s LogLoss of 0.1163 suggests that the pre-
dicted probabilities are highly reliable. This result

demonstrates that the calibration procedure success-
fully mitigated overconfident, incorrect predictions.

4.3.5 | Threshold selection to maximize F1
and Fβ scores

To select threshold scores that will serve as a bench-
mark for identifying zinc-binding sites, we looked for pre-
diction scores where the F1 and Fβ (β = 2) scores reach
their maximum. The F1¼2� precision�recall

precisionþrecall score, defined

as the harmonic mean of precision and recall, provides
a balanced measure of the model’s performance (Lever
J et al., 2016). The Fβ¼ 1þβ2

� �� precision�recall
β2�precisionð Þþrecall

score generalizes this concept by introducing a
parameter β that adjusts the weight of recall rela-
tive to precision. These scores were derived from
PR curves evaluating the algorithm’s performance
in successfully identifying at least three binding
residues, as well as in predicting zinc ions within a
range of 5 Å of the actual (Supplemental Figures S12a
and S13). For tasks where precision and recall are
equally important, we recommend using predictions
that yield the maximum F1 for both performance
parameters matrices (0.88–0.91), corresponding to a
prediction threshold in the range 0.39 ≤ p ≤ 0.41. Con-
versely, for tasks where recall is prioritized over
precision—aiming to minimize missed zinc-binding
occurrences—we suggest using the predictions that achieve
the maximum Fβ (β=2) (0.86–0.89), specifically those with
p≤ 0.20 (Supplemental Figures S12a and S13). This
ensures that fewer potential binding sites are over-
looked, although it may allow more false positives.

Compressing zinc ion binding site predictions:
selection of favorably scored sites within a defined
radius cluster

To minimize overlaps in the predicted binding sites,
such as a three-residue site within a four-residue site,
we employed a selection strategy for predicted zinc
ions. We prioritize zinc ions that achieved the best
score relative to others within a 2.6 Å radius. A radius
of 2.6 Å was selected based on published data, which
indicates that over 99% of the distances between zinc
ions in binuclear sites exceed 2.6 Å (Yang et al., 2008).
We select the zinc ions iteratively until only one zinc ion
was present within a 2.6 Å radius sphere, thus enhanc-
ing the accuracy of the predictions and avoiding redun-
dancy in identifying binding sites.

4.4 | Runtime complexity

ZincSight’s runtime complexity can be analyzed by
examining each step individually. Index construction
cost is O Lð Þ, since ZincSight performs one pass over
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the L residues to build an inverted index that assign
each residue once for each pair combination of amino
acids. Each residue is represented by the number of
inverted indexes with residues within our selected
threshold radius. Candidate retrieval, which depends
on the total number of index hits (F), is bounded as
O Lð Þ due to a constant upper limit (M). On pattern
matches, if there are histidine residues, histidine imid-
azole group rotamers exploration is executed, such
that, in each round spawns up to 3hi new χ-angle states
(exploring 0�, ±15� per histidine). This refinement step is
performed iteratively until the cumulative rotational adjust-
ment approaches 180�. This refinement complexity
scales exponentially with the number of histidine residues
(hi) per motif, but since this is bounded (hi ≤4), refine-
ment remains a constant factor O 3hmax

� �
such that:

O Lð ÞþO Fð Þþ i ¼
XF
1

O 3hi
� �

≤ O Lþ M 	Lð Þ 	3hmax

� �
¼O L 	3hmax

� �

The term 3hmax is constant, and the runtime scales line-
arly with the protein length (L). This theoretical linear
scaling is confirmed by runtime measurements
(Figure S14). A regression analysis of computational
runtimes for batches of AF2-predicted protein models
clearly demonstrates this linear relationship, yielding a
strong coefficient of determination of R2 ¼ 0:971. The
experimental data thus validates the predicted linear
scaling of ZincSight’s runtime with increasing protein
length. We used a batch of 300 AF model structures
with average size of 500 residues to test memory
usage. The maximal memory for the batch was
192 Megabyte, both with, and without, the histidine
rotamers exploration step.

4.5 | Constructing test set 4 of AF2
models

Starting with 1783 UniProt accessions containing zinc-
bound protein structures released after April 30, 2018,
we chose the longest protein from each UniRef50 clus-
ter, resulting in 753 proteins. We then grouped these
753 proteins by distinct Pfam families that did not have
a structure released before the same date. For a Pfam
family that met the criterion, we first prioritized those
that were reviewed in UniProt (Swiss-Prot). If no Swiss-
Prot-reviewed protein was available, we selected the
longest chain as the representative; if several were
Swiss-Prot reviewed, we chose the longest. Impor-
tantly, we chose AF models that corresponded to PDB
structures not belonging to any UniRef50 cluster or
Pfam family with members released prior to the end of

both AF Monomer v2.0’s and ZincSight’s training sets
timelines (i.e., April 2018 and March 2021, respec-
tively). One model (ID: Q96JC1) was excluded due to
its corresponding PDB structure (ID: 6ZE9) not being
solved in its native form. These structural models were
generated using AF Monomer v2.0, and are available
in the AF database and listed in Supplemental
Table S5.

To assess the accuracy of predicted zinc-binding
sites, we conducted structural superimpositions
between the zinc-binding regions of the 27 experimen-
tally determined PDB structures and their correspond-
ing AF models. For each PDB structure, we identified
segments composed of seven-residue windows cen-
tered on the zinc-binding residues, extending three res-
idues in both directions. These segments were
superimposed onto their corresponding segments in
the AF models, including the bound zinc ion. The posi-
tion of the zinc ion in the AF structure served as a refer-
ence point for evaluating the accuracy of the predicted
zinc ion location.
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