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Abstract

More than one-third of the proteins contain metal ions in the Protein Data Bank. Correct identification of metal ion-binding residues
is important for understanding protein functions and designing novel drugs. Due to the small size and high versatility of metal ions,
it remains challenging to computationally predict their binding sites from protein sequence. Existing sequence-based methods are of
low accuracy due to the lack of structural information, and time-consuming owing to the usage of multi-sequence alignment. Here,
we propose LMetalSite, an alignment-free sequence-based predictor for binding sites of the four most frequently seen metal ions in
BioLiP (Zn2+, Ca2+, Mg2+ and Mn2+). LMetalSite leverages the pretrained language model to rapidly generate informative sequence
representations and employs transformer to capture long-range dependencies. Multi-task learning is adopted to compensate for the
scarcity of training data and capture the intrinsic similarities between different metal ions. LMetalSite was shown to surpass state-of-
the-art structure-based methods by more than 19.7, 14.4, 36.8 and 12.6% in area under the precision recall on the four independent tests,
respectively. Further analyses indicated that the self-attention modules are effective to learn the structural contexts of residues from
protein sequence. We provide the data sets, source codes and trained models of LMetalSite at https://github.com/biomed-AI/LMetalSite.
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Introduction
Almost 40% of the proteins in the Protein Data Bank (PDB) [1] bind
to metal ions [2], which are indispensable for the protein struc-
tural stability [3] and biological functions in cells such as enzyme
catalysis and regulation of gene expression [4–6]. For example,
Zn2+ ions can bind with specific nucleases and transcription
factors to form Zn finger domains that recognize DNA and RNA
for regulation of gene expression [6]. Hence, identifying amino
acids involved in protein–metal–ion interactions helps to under-
stand protein functions and design novel drugs [7]. Unfortunately,
experimental methods for metal ion-binding site detection such
as nuclear magnetic resonance [8] and absorption spectroscopy
[9] are costly and time-consuming. Therefore, it is desirable to
develop computational methods for making reliable metal ion-
binding site prediction.

Many computational methods have been developed for
predicting metal ion-binding sites, but the problem remains
challenging due to the small size and high versatility of metal
ions. Current methods can be classified into structure-based and

sequence-based methods according to their used information.
Structure-based approaches using experimental structures as
input are often more accurate, which can be generally categorized
into template-based methods, machine-learning-based methods
and hybrid methods. Template-based methods such as MIB
[10] employ alignment algorithms to transfer the structure
information of templates for binding site inference. Nevertheless,
these methods will be seriously restricted when no high-quality
template can be found. Structure-based machine learning
methods handle protein structures by extracting geometric
features and then feeding to the neural networks, or explicitly
taking the structural context topology into account and training in
an end-to-end way. One example of the former is DELIA [11], which
treats protein structures as 2D images and uses convolutional
neural networks to extract characteristics from protein distance
matrices. Alternately, an example of the latter is GraphBind [12],
which encodes protein structures as graphs and adopts graph
neural networks to learn the local tertiary patterns for binding
site prediction. Hybrid methods such as COACH [7] and IonCom
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[13] integrate template-based methods and machine-learning-
based methods simultaneously. Albeit powerful, the structure-
based methods are not applicable to most proteins whose tertiary
structures are unavailable due to the difficulties to determine
protein structures experimentally [14].

By comparison, sequence-based methods learn local patterns
of metal ion-binding characteristics through sequence-derived
features. For example, IonSeq [13] and TargetS [15] extract evo-
lutionary conservative information, predicted secondary struc-
ture and ligand-specific binding propensity from sequence con-
text using sliding-window strategy, and then employ support
vector machine to learn local binding patterns. Sequence-based
approaches have a potentially wider range of applications since
they require only readily available protein sequences, yet the
lacks of tertiary structure information usually cause their limited
performances.

In addition to the weaknesses described above, both structure-
based and sequence-based approaches are mostly time-consuming
owing to the usage of evolutionary sequence profile from multi-
sequence alignment. For example, the profile generation using
PSI-BLAST [16] requires about an hour for individual protein
on single CPU, and the computational time is even growing
due to the exponential growth of the sequence library. This
has partly limited their large-scale applications in proteomes.
Unsupervised pretraining with contextual language models has
yielded ground-breaking improvements in natural language
processing, which has recently been applied to protein sequence
representation learning and has displayed highly promising
results in downstream predictions including secondary structure,
tertiary contact, mutational effect and ontology-based protein
function [17–19]. Such breakthroughs inspire us to develop a fast
and accurate sequence-based metal ion-binding site predictor.
Besides, current methods in this field learn different ion-binding
patterns separately, ignoring the underlying relations between
these similar ligands. Multi-task learning aims to improve
predictive performance for related tasks (e.g. binding sites of
different metal ions) by exploiting shared networks [20], which
has been shown to benefit bioinformatics problems including
predictions of inter-residue distances [21], cleavage sites [22]
and binding sites [23, 24]. Therefore, it is promising to further
advance metal ion-binding site prediction by effectively modeling
the intrinsic relations between different ions through multi-task
learning technique.

In this study, we present LMetalSite, a novel alignment-free
sequence-based method for binding site predictions of the four
most frequently seen metal ions (Zn2+, Ca2+, Mg2+ and Mn2+)
in structures from BioLiP [25]. LMetalSite leverages the recently
published pretrained language model (ProtTrans [18]) to bypass
slow database searches and generate informative sequence rep-
resentations within a short time. Multi-task learning is adopted
to further improve the predictive quality by compensating for the
scarcity of training data and better modeling the intrinsic similar-
ities between different metal ions. Concretely, we employ the well-
acknowledged transformer model [26, 27] as shared networks
to capture common binding mechanisms such as long-range
dependencies in protein sequence, followed by four ion-specific
multilayer perceptrons (MLP) to learn the binding patterns of par-
ticular metal ions. LMetalSite was shown to surpass state-of-the-
art methods MIB, TargetS, IonCom, DELIA and GraphBind by more
than 19.7, 14.4, 36.8 and 12.6% in area under the precision-recall
curve (AUPR) on the four independent tests, respectively. Further
analyses indicated that the self-attention modules are effective
to learn the structural contexts of residues from protein sequence

representation, which partly explains the superior performance of
LMetalSite. In the future, our framework can be easily extended
to sequence-based predictions of other functional sites, such as
nucleic-acid-binding sites.

Materials and methods
Data sets
To evaluate the performance of LMetalSite, we constructed four
benchmark data sets for the four most frequently seen metal ion-
binding proteins from the BioLiP database [25], including Zn2+,
Ca2+, Mg2+ and Mn2+ ions. This database is a collection of bio-
logically relevant protein-ligand complexes primarily from PDB.
Concretely, we collected proteins that bind with these ions from
BioLiP released on 29 December 2021. Only protein chains with
resolutions of ≤3.0 Å and lengths of 50–1000 were kept. In these
data sets, a binding site/residue was defined if the smallest atomic
distance between the target residue and the ligand molecule is
<0.5 Å plus the sum of the Van der Waal’s radius of the two
nearest atoms. Then, we removed redundant proteins sharing
sequence identity >25% over 30% alignment coverage within each
data set using CD-HIT [28]. Finally, each benchmark data set was
further split into a training set that contains proteins released
before 1 January 2020, as well as an independent test set that
contains proteins released from 1 January 2020 to 29 December
2021. Specifically, the training sets of Zn2+, Ca2+, Mg2+ and Mn2+

ions contain 1647, 1554, 1730 and 547 chains, respectively, and the
corresponding independent test sets contain 211, 183, 235 and 57
chains, respectively. Details of the statistics of these benchmark
data sets are given in Table 1, where the data sets are named by
the amounts of the included proteins.

Protein sequence representation
LMetalSite solely employs pretrained language models to effec-
tively generate informative sequence representation as input fea-
ture. Moreover, we have also tested other widely used features
including evolutionary information and structural properties to
demonstrate the superiority of the representation produced by
pretrained language models (Results are shown in section Fea-
tures from pretrained language models are informative for bind-
ing site detection.)

Language model representation
LMetalSite leverages the recent language model ProtT5-XL-U50
[18] (denoted as ProtTrans) for feature extraction, which is a
transformer-based auto-encoder named T5 [29] pretrained in a
self-supervised manner, essentially learning to predict masked
amino acids. Concretely, the ProtTrans model contains 24 lay-
ers and 32 heads with 3B parameters, which was first trained
on BFD [30] and then fine-tuned on UniRef50 [31]. The BERT’s
denoising objective [32] was adopted to corrupt and reconstruct
single tokens using a masking probability of 15% (details shown
in Supplementary Note 1). We extracted the output from the last
layer of the encoder part of ProtTrans as sequence representa-
tion, which is a 1024-dimensional per-residue feature matrix. We
have also investigated another similar language model, ESM-1b
[17] (denoted as ESM), which was also pretrained on UniRef50
using transformer. Sequence representation by ESM is a 1280-
dimensional per-residue feature matrix. Note that the inference
costs of ProtTrans and ESM are really low, and the feature extrac-
tion process of our whole benchmark data sets (∼6000 sequences)
using these pretrained models can be done within 10 min on an
Nvidia GeForce RTX 3090 GPU.
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Figure 1. The overall architecture of the proposed framework LMetalSite. First, the protein sequence is input to the pretrained language model to produce
the sequence embedding, which is augmented by Gaussian noise in the training steps. Then, the shared transformer networks are employed to capture
the common binding-relevant characteristics such as long-range dependencies. Finally, four ion-specific MLPs are adopted to learn the binding patterns
of particular metal ions.

Table 1. Statistics of the four metal ion benchmark data sets used in this study

Ligand type Data set Binding residues Non-binding residues % of binding residues

Zn2+ ZN_Train_1647 7731 467 184 1.63
ZN_Test_211 1039 54 981 1.85

Ca2+ CA_Train_1554 8442 495 700 1.67
CA_Test_183 1034 65 820 1.55

Mg2+ MG_Train_1730 6321 569 572 1.10
MG_Test_235 893 87 913 1.01

Mn2+ MN_Train_547 2556 179 143 1.41
MN_Test_57 225 20 194 1.10

Note: The columns give, in order, the ligand type, the data set name, the numbers of binding and non-binding residues and the percentage of the binding
residues out of total in each data set.

Evolutionary information
Evolutionarily conserved residues may contain motifs related to
important protein properties. Here, we additionally tested the
widely used evolutionary features position-specific scoring matrix
(PSSM) and hidden Markov models (HMM) profile. PSSM was pro-
duced by running PSI-BLAST [16] to search the query sequence
against UniRef90 [31] with three iterations and an E-value of 0.001.
HMM profile was generated by running HHblits [33] against Uni-
Clust30 [34] with default parameters. Each residue was encoded
into a 20-dimensional vector in PSSM or HMM.

Structural properties
We also tested the structural properties extracted by DSSP [35]
using native PDB structures: (1) eight-dimensional one-hot sec-
ondary structure profile. (2) Sine and cosine of the torsion angles
PHI and PSI. (3) Relative solvent accessibility, which is the normal-
ized solvent accessible surface area (ASA) by the maximal ASA
of the corresponding amino acid. This 13-dimensional structural
feature is named DSSP hereinafter.

The feature values in the sequence representations from pre-
trained language models, PSSM and HMM were all normalized to
scores between 0 and 1 using Equation (1), where v is the original
feature value, and Min and Max are the smallest and biggest
values of this feature type observed in the training set.

vnorm = v − Min
Max − Min

. (1)

The architecture of LMetalSite
The overall architecture of the proposed framework LMetalSite is
shown in Figure 1. First, the protein sequence (FASTA format) is
input to the pretrained language model to produce the sequence

embedding, which is augmented by Gaussian noise to avoid over-
fitting in the training steps. Then, the shared networks consisting
of N transformer blocks are employed to capture the common
binding-relevant characteristics such as long-range dependencies
of the residues. Finally, four ion-specific MLPs are adopted to learn
the binding patterns of particular metal ions.

Shared transformer networks
We stack multiple standard transformer encoder layers as shared
networks to capture common binding characteristics of different
metal ions. Each transformer layer consists of a multi-head self-
attention module and a positional fully connected feed-forward
network. A residual connection [36] is employed around each of
the two sub-layers, followed by layer normalization [37]. Let H =
[hT

1, . . . , hT
n ]T ∈ R

n×d denote the input of the self-attention module,
where n is the sequence length, d is the hidden dimension and
hi ∈ R

1×d is the hidden representation of the ith amino acid. The
input of the lth layer H(l) is projected by three matrices WQ ∈ R

d×dK ,
WK ∈ R

d×dK and WV ∈ R
d×dV to the corresponding query, key and

value representations Q, K, V:

Q = H(l)WQ , K = H(l)WK, V = H(l)WV. (2)

The self-attention is then calculated as:

A = QKT

√
dK

, (3)

H(l+1) = Attn
(
H(l)

)
= softmax(A)V, (4)

where A is a matrix capturing the similarities between queries and
keys. To jointly attend to information from different representa-
tion subspaces at different positions, multi-head attention is used
to linearly project the queries, keys and values h times, perform
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the attention function in parallel and finally concatenate them
together. In this study, dK = dV = d/h.

Ion-specific MLP
The output of the last transformer layer is input to the ion-specific
MLPs to predict the binding probabilities of particular metal ions
for all n amino acid residues:

Y′
m = sigmoid

(
H(N+1)Wm + bm

)
, (5)

where H(N+1) ∈ R
n×d is the output of the Nth transformer layer;

Wm ∈ R
d×1 is the weight matrix for the specific metal ion m;

bm ∈ R is the bias term for metal ion m; Y′
m ∈ R

n×1 is the
predictions of metal ion m for the n residues. The sigmoid function
normalizes the output of the network into binding probabilities
ranging from 0 to 1. These four ion-specific MLPs adopt the same
hyperparameters but different network weights in order to further
mine specific binding patterns of Zn2+, Ca2+, Mg2+ and Mn2+ ions
from the common binding characteristics captured by the shared
transformer networks.

Noise augmentation and multi-task training
Due to the limited training data and high dimension of the feature
vectors, we employ feature augmentation by Gaussian noise as
suggested in References [38, 39], to avoid overfitting and enhance
model robustness. In the training steps, we add a matrix of ran-
dom values drawn from a Gaussian distribution to the sequence
representation from the pretrained language model before feed-
ing it to the shared networks:

H(1) = H(0) + ε × X, X ∼ N (0, 1) , (6)

where H(0) is the sequence representation from the pretrained
language model, X is a matrix with the same size as H(0) which is
filled with random values from the standard normal distribution
and ε is a hyperparameter. During the validation and test phases,
this technique is turned off.

LMetalSite utilizes multi-task learning for simultaneous pre-
dictions for four types of metal ion-binding sites, which means
that all proteins of different ion-binding types are input to the
same network, and the predictions of the four types of ions can be
obtained. Nevertheless, only the predictions of the corresponding
known ion-binding types are used to calculate loss and perform
backpropagation, while the predictions of other ions without
ground truth are masked in the training steps. That is, each pro-
tein is used to train the shared networks and the corresponding
ion-specific network(s) of its known ion-binding type(s) without
affecting other irrelevant MLPs.

Implementation details
We performed the 5-fold cross-validation (CV) on the training
data, where the four training sets were mixed and split into 5-
folds randomly, and then each time a model was trained on 4-folds
and evaluated on the remaining fold. This process was repeated
for five times and the performances on the 5-folds were averaged
as the overall validation performance, which was used to choose
the best feature combination and optimize all hyperparameters
through grid search (Supplementary Table S1). In the test phase,
all five trained models from the CV were used to make predictions,
which were averaged as the final predictions of LMetalSite.

Specifically, we employed a two-layer shared transformer net-
work with 64 hidden units and the following set of hyperparam-
eters: h = 4, ε = 0.05 and batch size of 32. We utilized the Adam

Figure 2. Ablation study on multi-task learning and noise augmentation
in the four metal ion test sets.

optimizer [40] with β1 = 0.9, β2 = 0.99, weight decay of 10−5 and
learning rate of 3 × 10−4 for model optimization on the binary
cross-entropy loss. The dropout rate was set to 0.2 to avoid overfit-
ting. We implemented the proposed model with Pytorch 1.7.1 [41].
Within each epoch, we randomly drew 30 000 samples from the
training data with replacement to train our model. The training
process lasted at most 30 epochs and we performed early stopping
with patience of 6 epochs based on the validation performance,
which took about 45 min on an Nvidia GeForce RTX 3090 GPU.
During the test phase, it took ∼10 seconds to make predictions
for one batch of proteins.

Evaluation metrics
Similar to the previous works [42, 43], we used recall (Rec), preci-
sion (Pre), F1-score (F1), Matthews correlation coefficient (MCC),
area under the receiver operating characteristic curve (AUC) and
AUPR to evaluate the predictive performance:

Rec = TP
TP + FN

, (7)

Pre = TP
TP + FP

, (8)

F1 = 2 × Precision × Recall
Precision + Recall

, (9)

MCC = TP × TN − FN × FP√
(TP + FP) × (TP + FN) × (TN + FP) × (TN + FN),

(10)

where true positives (TP) and true negatives (TN) denote the
number of correctly predicted binding and non-binding residues,
and false positives (FP) and false negatives (FN) denote the num-
ber of incorrectly predicted binding and non-binding residues,
respectively. AUC and AUPR are independent of thresholds, thus
reflecting the overall performance of a model. The other metrics
were calculated using a threshold to convert the predicted binding
probabilities to binary predictions, which was determined by max-
imizing MCC for the model. We adopted AUPR for hyperparameter
selections as it is more sensitive and informative than AUC in
imbalanced two-class classification tasks [44].
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Table 2. The predictive performance on the 5-fold CV and the four metal ion test sets using different features

Feature CV AUC∗ CV AUPR∗ Test AUC∗ Test AUPR∗ Zn2+ AUPR Ca2+ AUPR Mg2+ AUPR Mn2+

AUPR

Evo 0.853 0.374 0.870 0.392 0.694 0.239 0.173 0.462
Evo + DSSP 0.871 0.413 0.884 0.443 0.734 0.312 0.213 0.511
ESM 0.900 0.521 0.921 0.537 0.780 0.463 0.310 0.596
ProtTrans
(LMetalSite)

0.913 0.540 0.928 0.559 0.803 0.492 0.316 0.625

Note: ∗ denotes the average metrics of the four metal ions. Evo denotes the evolutionary features PSSM and HMM. Bold fonts indicate the best results.

Results
Features from pretrained language models are
informative for binding site detection
We evaluated LMetalSite by AUC and AUPR using the 5-fold CV
and independent test sets of Zn2+, Ca2+, Mg2+ and Mn2+ ions.
As shown in Table 2, the LMetalSite model obtained average AUC
values over the four metal ions of 0.913 and 0.928 on the 5-fold CV
and independent tests, respectively; as well as average AUPR val-
ues of 0.540 and 0.559, respectively. The consistent performances
on the CV and independent tests indicated the robustness of
our model. Specifically, LMetalSite achieved AUPR of 0.803, 0.492,
0.316 and 0.625 on the four independent test sets.

To demonstrate the effect of sequence representation by
the ProtTrans language model, we conducted feature ablation
experiments to compare ProtTrans with another language
model ESM and other widely used handcrafted features in this
field. As shown in Table 2, when using the computationally
efficient pretrained model ProtTrans or ESM to extract sequence
representation, the model gained an average AUPR of 0.559 or
0.537 on the independent tests, respectively, higher than the
one (0.443) by using evolutionary information (PSSM and HMM)
and native structural features (DSSP). To further understand
the advantages of ProtTrans over evolutionary information,
we plotted their AUC values against the number of effective
homologous sequences (Neff) in Supplementary Figure S1.
Neff is an HHblits parameter measuring the effective size of
homologous sequence cluster. The figure shows that ProtTrans
consistently outperformed PSSM and HMM, especially for the
target proteins with more homologous sequences (higher Neff),
which may be due to the better information extraction ability
of language models for larger amount of data points. Note that
ProtTrans performed slightly better than ESM, which might be
ascribed to the different network architectures they adopted
for pretraining. Moreover, Supplementary Table S2 shows that
combining ProtTrans and ESM is redundant and could not
attain any further improvement, suggesting that these two
language models are similar. Additionally, further integrating
evolutionary and structural features to ProtTrans only brought
minor improvements on the test sets (<0.01 of AUPR on average).
These results indicated that the ProtTrans language model may
potentially capture the evolutionary and structural information
of the protein.

The impact of multi-task learning
LMetalSite employs multi-task learning to capture the intrinsic
similarities between different metal ions. To investigate the
impact of multi-task technique, we changed the four ion-specific
MLPs in LMetalSite into a single MLP, and then trained and
tested on the four metal ion benchmark data sets separately
with the same input sequence features. As shown in Figure 2 and
Supplementary Table S3, the removal of the multi-task strategy

caused AUPR drops of 0.009, 0.007, 0.037 and 0.056 on the Zn2+,
Ca2+, Mg2+ and Mn2+ test sets, respectively. As expected, the
ion with the smallest training set (Mn2+) benefited the most
from multi-task learning, since the transformer networks could
be better trained with a larger data set containing other types
of metal ion-binding proteins. This suggested that different
types of metal ions might potentially share common chemical
mechanisms and binding patterns, and the predictions for one
metal ion type could benefit from the binding information of other
ion types. Supplementary Table S3 also shows the performance
of using a fully shared architecture, in which all proteins of
different ion-binding types were input to the same transformer
and MLP networks, while the information of different tasks was
represented as a four-dimensional vector and concatenated to
the input features. We also found that the Gaussian noise feature
augmentation is effective in preventing overfitting, since its
removal caused small but consistent performance drops in AUPR
of 0.010, 0.028, 0.015 and 0.012 on the four test sets, respectively.

Comparison with state-of-the-art methods
We compared LMetalSite with one sequence-based (TargetS) and
four structure-based (MIB, IonCom, DELIA and GraphBind) pre-
dictors on the Ca2+, Mg2+ and Mn2+ test sets describe in Table
1. Since binding site prediction of Zn2+ ion is not supported by
DELIA and GraphBind, we only compared with the remaining
three methods on the Zn2+ test set. As reported in Table 3, binding
sites of Ca2+ and Mg2+ ions seem harder to distinguish, which may
be due to the small differences between frequencies of the 20
native amino acids among binding and non-binding residues in
Ca2+ and Mg2+ ion-binding proteins (Supplementary Note 4 and
Supplementary Figure S2). Howsoever, LMetalSite outperformed
all other sequence-based and even structure-based methods in
F1, MCC, AUC and AUPR. Undoubtedly, LMetalSite substantially
surpassed the sequence-based method TargetS by 35.4, 201.8,
113.5 and 94.1% in AUPR on Zn2+, Ca2+, Mg2+ and Mn2+ test
sets, respectively. Interestingly, though our method is a sequence-
based predictor, it outperformed the state-of-the-art structure-
based method GraphBind by 14.4, 36.8 and 12.6% in AUPR on
the Ca2+, Mg2+ and Mn2+ test sets, respectively. This is expected
because the sequence representation from the pretrained lan-
guage model used by LMetalSite is more informative and pow-
erful than the handcrafted evolutionary and structural features
employed by GraphBind. Another reason may be that the experi-
mental structures also brought noises because the protein struc-
tures are flexible. In addition, the multi-task learning adopted
by LMetalSite could further boost the predictive quality through
better trained shared networks that capture common binding
patterns among different ions. Our method also outperformed
IonCom by 19.7% on the Zn2+ test set, likely because IonCom is
a hybrid method and the newly resolved proteins did not always
have high-quality templates. The poor performance of MIB may
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Figure 3. Precision-recall curves of LMetalSite and other methods on the Zn2+ (A), Ca2+ (B), Mg2+ (C) and Mn2+ (D) ion test sets.

Figure 4. The distributions of the attention scores for the residue pairs in
contact, in non-local contact, and not in contact. Each boxplot indicates
the mean (orange dot), median (orange line), and quartiles with whiskers
reaching up to 1.5 times the interquartile range. The outliers are not
shown.

be partly ascribed to the slightly different definition of binding
sites (residues partially within 3.5 Å of a metal ion) in their
template database. The improved performance of LMetalSite over

other methods on the four metal ion test sets can be further
illustrated by the precision-recall curves (Figure 3) and the ROC
curves (Supplementary Figure S3), where the curves of LMetalSite
are mostly located on the upper portion of the figures. Note that
our method did not always have the highest recall and precision,
because they are unbalanced measures strongly depending on
thresholds. On the other hand, our method is also computation-
ally efficient. Empirically, it takes <1 min to make predictions for
a protein with 200 residues using LMetalSite, but about 30 min
using GraphBind or 6 h using IonCom.

To further validate the adaptability of the LMetalSite frame-
work to other data sets and metal ions, we adopted another
benchmark data set used by MIonSite [45] and GASS-Metal [46]
to retrain and evaluate our method. MIonSite is an evolutionary
profile-based metal ion-binding residue predictor, while GASS-
Metal is a recently published template-based metal ion-binding
site (set of binding residues) predictor. The original data set con-
tains 12 types of metal ion-binding proteins, but here we only
considered the nine ions (Zn2+, Ca2+, Mg2+, Mn2+, Fe3+, Cu2+, Fe2+,
Co2+, K+) with more than two sequences in the test data sets to
avoid potential bias (details shown in Supplementary Note 2 and
Supplementary Table S4). We retrained LMetalSite with simply
the same hyperparameters, and the performance comparison of
LMetalSite with other state-of-the-art methods on the nine metal
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Table 3. Performance comparison of LMetalSite with state-of-the-art methods on the four metal ion test sets

Data set Method Rec Pre F1 MCC AUC AUPR

Zn2+ MIB 0.744 0.219 0.339 0.385 0.935 0.394
TargetS 0.454 0.749 0.566 0.578 0.874 0.593
IonCom 0.852 0.137 0.236 0.317 0.937 0.671
LMetalSite 0.681 0.859 0.760 0.761 0.976 0.803

Ca2+ MIB 0.338 0.078 0.126 0.135 0.775 0.103
TargetS 0.121 0.490 0.194 0.238 0.776 0.163
IonCom 0.297 0.247 0.269 0.258 0.698 0.166
DELIA 0.172 0.633 0.271 0.325 0.785 0.248
GraphBind 0.371 0.623 0.465 0.475 0.888 0.430
LMetalSite 0.413 0.724 0.526 0.542 0.905 0.492

Mg2+ MIB 0.246 0.043 0.074 0.082 0.675 0.053
TargetS 0.118 0.491 0.190 0.237 0.724 0.148
IonCom 0.240 0.250 0.245 0.237 0.688 0.184
DELIA 0.129 0.650 0.215 0.287 0.744 0.198
GraphBind 0.273 0.414 0.329 0.331 0.776 0.231
LMetalSite 0.245 0.728 0.367 0.419 0.865 0.316

Mn2+ MIB 0.462 0.096 0.159 0.193 0.856 0.168
TargetS 0.271 0.496 0.351 0.362 0.864 0.322
IonCom 0.511 0.245 0.331 0.344 0.833 0.304
DELIA 0.502 0.665 0.572 0.574 0.902 0.489
GraphBind 0.427 0.706 0.532 0.545 0.930 0.555
LMetalSite 0.613 0.719 0.662 0.661 0.966 0.625

Note: The results of IonCom and GraphBind were obtained from their standalone programs, while the predictions by other competitive methods were
generated from their web servers. The inputs of TargetS were protein sequences, while the inputs for other methods were native protein structures. Bold fonts
indicate the best results.

Figure 5. Visualization of one example (PDB ID: 6WU9, chain 2) from ZN_Test_211. A. The experimental protein contact map. B. The attention map
from LMetalSite. C. Predictions by LMetalSite. D. Predictions by IonCom. The orange spheres denote Zn2+ ions, and true positives and false positives are
colored in green and red, respectively.

ion independent test sets is shown in Supplementary Note 3 and
Supplementary Table S5. LMetalSite obtained an average MCC of
0.698, surpassing GASS-Metal (0.617), MIonSite (0.547) and other
methods by more than 13.1%, which further demonstrated the
adaptability and robustness of our proposed framework.

Attention mechanism effectively captures
protein structural information
To validate if our method can implicitly capture the structural
information, we extracted the attention maps from the final
layer of the shared transformer networks for all proteins in the
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four metal ion test sets, which were then averaged among the
attention heads to obtain the final maps. We also collected the
native PDB structures for these proteins to acquire the coordinate
of the Cα atom in each residue, and then calculated the inter-
residual Euclidean distance maps. Comparative study found that
the average attention score of the residue pairs in contact (<8 Å)
is higher than those not in contact (7.02 × 10−3 versus 2.07 × 10−3).
However, residues adjacent in sequence are inherently in contact
spatially, so the non-local contacts are more meaningful to inves-
tigate, which are defined as the contacts between two residues
that are ≥20 residues away in sequence positions, but <8 Å
in terms of Cα atomic distances. In addition, since the average
sequence interval between residues not in contact is larger than
those in non-local contact (194 and 93, respectively), we randomly
sampled uncontacted residues to ensure the same sequence inter-
vals as those in non-local contact to eliminate bias. Still, the
average attention score of the residue pairs in non-local contact
is significantly higher than the residue pairs not in contact after
sampling (4.02 × 10−3 versus 2.67 × 10−3, P-value <2.225 × 10−308)
according to Mann–Whitney U-test [47] (since the scores are non-
normal tested by D’Agostino’s K-squared test [48]). The distri-
butions of the attention scores for the residue pairs in contact,
in non-local contact and not in contact are shown in Figure 4.
These results suggested that the self-attention mechanism in
LMetalSite effectively captures the protein structural information
by spontaneously paying more attention to the spatial neighbors,
which could facilitate better representation learning for the target
residues as shown in our previous study [43].

Case study
To visualize the superiorities of the attention module and our
predictive model, we selected the 50S ribosomal protein L32 (PDB
ID: 6WU9, chain 2) from ZN_Test_211 for illustration. Figure 5A
shows its experimental contact map, where contacts were defined
as the residue pairs with distances <8 Å. We found that the non-
local contacts generally match the residue pairs with high atten-
tion scores in the attention map from LMetalSite (Figure 5B), sug-
gesting that the attention module can partly capture the protein
contact information. In this example, there are four Zn2+-binding
residues over a total of 56 residues, and the prediction results of
our method and IonCom are shown in Figure 5C and D, respec-
tively. LMetalSite correctly predicted all binding residues with high
confidences (probability scores >0.99), and assigned non-binding
residues with relatively low scores (<0.20), leading to an MCC of
1.000. By comparison, IonCom predicted 15 binding residues in
which 11 are FP scattered spatially, leading to a lower MCC of
0.459. The results of MIB, TargetS and GASS-Metal for this case
are also shown in Supplementary Note 5. Visualization of another
case (PDB ID: 7PPP, chain A) can be found in Supplementary Note 6
and Supplementary Figure S4.

Discussion and conclusion
Identifying metal ion-binding sites is crucial for understanding
protein functions and designing novel drugs. Existing structure-
based methods are not applicable to most proteins with unknown
tertiary structures, while sequence-based methods are limited
in predictive performance. Moreover, both structure-based and
sequence-based machine learning approaches are mostly time-
consuming owing to the usage of multi-sequence alignment.
Trained with the computationally efficient and informative
sequence representations from pretrained language model,
LMetalSite achieved great performance (surpassing the best

structure-based methods) using only protein sequences, which
is promising for simultaneously solving the limitations of current
structure-based and sequence-based methods. The multi-task
learning technique adopted by LMetalSite is able to further
improve the predictive quality, while all other competitive
methods ignore the underlying relations between similar ions.
In summary, the superiority of LMetalSite mainly benefits from
two aspects: (i) the informative sequence representation from
the pretrained language model potentially captures evolutionary
and structural information; (ii) multi-task learning is an effective
algorithm to compensate for the scarcity of training data and
better model the common binding mechanisms between different
metal ions.

However, there is still room for further improvements on LMet-
alSite. First, directly fine-tuning the pretrained language model on
the binding site tasks may yield better performance than using it
for feature exaction. Second, meta-learning [49, 50] could also be
explored in the multi-task problems, which allows fast adaptation
to unseen tasks with limited labels. Third, although the pretrained
language model may partly capture structural information such
as secondary structure and solvent accessibility, and LMetalSite
already exceeded the best structure-based methods, the bind-
ing site prediction could still benefit from known protein struc-
tures or high-quality predicted structures from AlphaFold2 [51]
or RoseTTAFold [52]. For example, using distance maps to mask
out spatially remote residues when calculating attention scores
[43] or integrating pairwise geometric features between residues
[38] may further enhance the predictive performance. Besides,
spatial clustering of binding sites or constrained docking can be
performed on the protein structures to additionally determine the
coordinates of the binding locations. Fourth, inter-domain metal
ion-binding sites could be considered as suggested in [46].

In conclusion, this study proposed an alignment-free sequence-
based framework LMetalSite for metal ion-binding site prediction,
which employed the pretrained language model for sequence
representation and multi-task learning to capture common
binding patterns between different ions. LMetalSite showed
preferable performance than other methods in comprehensive
evaluations. We suggest that our method may provide useful
information for biologists studying metal ion-binding patterns or
pathogenic mechanisms of mutations, and chemists interested in
targeted drug design. For example, the prediction can help narrow
down potential binding sites for further wet experiment validation
[53] or provide hypotheses and insights for the mechanisms of
disease-causing gene mutations [54] as shown in other similar
fields. The binding site prediction can also be used for druggability
prediction [55] or de novo drug design [56–58]. In the future, we
would further extend our method to predict various functional
sites, including binding sites with proteins [42] and nucleic acids
[43].

Key Points

• Existing structure-based methods for identifying metal
ion-binding sites are not applicable to most proteins
with unknown tertiary structures, while sequence-based
methods are limited in predictive performance.

• LMetalSite is an alignment-free sequence-based method
for metal ion-binding site prediction trained with infor-
mative sequence representation from the pretrained
language model, which potentially captures evolution-
ary and structural information.
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• LMetalSite employs multi-task learning to further
improve the predictive quality by compensating for the
scarcity of training data and better modeling the com-
mon binding patterns between different metal ions.

• LMetalSite showed preferable performance than state-
of-the-art sequence-based and even structure-based
methods in the four independent data sets of Zn2+, Ca2+,
Mg2+ and Mn2+ ion-binding proteins.

Supplementary data
Supplementary data are available online at https://academic.oup.
com/bib.

Data availability
We provide the data sets, source codes and trained models of
LMetalSite at https://github.com/biomed-AI/LMetalSite.
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