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Mamba2 and the localized focus of self-attention. Experimental J ©
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results show that DeepMaT significantly outperforms state-of-the-
art models in cleavage site prediction, achieving an accuracy of
0.867 for thylakoid transit peptides and also performing well on other peptides. Moreover, DeepMaT can accurately learn the amino
acid distribution of real samples. Ablation experiments show that the combination of Mamba and attention mechanisms can improve
model efficiency, further proving the effectiveness of the combination. It also enables prediction of targeting peptides with
unspecified cleavage sites, offering a valuable tool for protein database annotation. DeepMaT is freely available on GitHub at

https://github.com/qgianmao2001/DeepMaT.

1. INTRODUCTION

Proteins are synthesized within cells and guided to specific
regions by sorting signals, a process known as subcellular
localization, which is critical to protein function.'™* These
sorting signals vary in both length and destination. Among
them, N-terminal targeting peptides5 are common and direct
proteins to locations such as the secretory pathway, plasma
membrane, mitochondria, chloroplasts, and endosomes.® In
the secretory pathway and plasma membrane translocation, the
main targeting signal is the signal peptide (SP), which guides
proteins to the secretory system in eukaryotes and to the
plasma membrane in prokaryotes.” Mitochondrial transit
peptides (MT) possess an amphipathic a-helix structure and
transport proteins through the TOM and TIM complexes of
the outer and inner mitochondrial membranes, respectively.”®
For chloroplast targeting, the chloroplast transit peptide (CH)
delivers proteins through the TOC and TIC complexes into
the chloroplast stroma,” where it is cleaved by the stromal
processing peptidase (SPP). If the protein contains a thylakoid
transit peptide (TH), it is subsequently directed to the
thylakoid membrane or lumen. These targeting peptides are
typically excised by specific enzymes after successful delivery,
enabling the mature protein to function in its destined
compartment. Notably, Markus Kunze and Berger reported
that mitochondrial, chloroplast, and thylakoid targeting
peptides share structural similarities, potentially resulting in
dual localization of some proteins.'’
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Various molecular and cellular biology techniques are
commonly employed to identify whether a protein contains a
targeting peptide—such as signal peptide, mitochondrial
transit peptide, or chloroplast transit peptide—and corre-
sponding cleavage site. A widely used approach is the
fluorescence fusion localization assay,ll_13 in which a green
fluorescent protein is fused to the protein of interest.
Subcellular localization and function are then inferred by
observing fluorescent signal aggregation in live cells. For
cleavage site determination, Edman degradation,14 developed
by Pehr Edman, is typically used. This method sequentially
removes N-terminal amino acids to determine the mature
protein’s starting position but requires highly purified samples
and involves labor-intensive procedures. Overall, experimental
identification of targeting peptides is complex and may fail
after multiple attempts.

To reduce experimental costs and improve efficiency,
predictive tools based on artificial intelligence techniques are
increasingly being adopted. With advances in artificial
intelligence, numerous prediction tools for protein have been
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Figure 1. Overview of the DeepMaT model framework. (A) Data collection: data sets were obtained from TargetP 2.0, comprising SP, MT, CH,
TH, and other peptides, as well as from SignalP 6.0, which includes various signal peptide isoforms. Independent test sets from UniProt were also
collected to evaluate model generalization. (B) ISM feature extraction: Raw sequences are tokenized into Input IDs, Word Embeddings, and
Position Embeddings, as well as <CLS>, < pad>, and <EOS> tokens, then processed by the ISM model to generate sequence embeddings. (C)
DeepMaT architecture: consists of feature extraction, feature learning, and prediction modules. Feature extraction uses ISM to compute L X 1280-
dimensional peptide representations, where L is sequence length. Feature learning integrates Mamba2, MHA, and a feed-forward network to
capture global and local patterns. Prediction employs a Conditional Random Field (CRF) for cleavage site identification and a Multi-Layer
Perceptron (MLP) for peptide classification. (D) Structure of the Mamba2 and attention block. (E) Prediction module: The CRF layer initializes a
transition probability matrix and is applied for cleavage site prediction.

developed,'® such as SBSM-Pro.'® MitoFates,'” by Fukasawa
et al, uses support vector machines (SVM) to classify
mitochondrial transit peptides and predict cleavage sites.
DeepMito,"® developed by Savojardo et al., employs convolu-
tional neural networks to predict mitochondrial protein
localization. ChloroP," by Emanuelsson et al., utilizes neural
networks to predict chloroplast transit peptides and cleavage
sites. Westerlund et al. created LumenP,”° also based on neural
networks, to predict vesicle-like protein localization and
cleavage sites, facilitating taxonomic identification. Savojardo
et al. further developed TPpred3,21 which combines neural
networks and other architectures for classification and cleavage
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site prediction of mitochondrial and chloroplast transit
peptides. DeepLoc 1.0°” uses a three-stage deep learning
approach to predict subcellular localization. Subsequent
DeepLoc 2.0”° uses a protein language model for 10-type
subcellular localization. For signal peptides, the well-known
SignalP family includes the latest SignalP 6.0>* by Teufel et al,,
which predicts five types of signal peptides and their
subregions (N-terminal n-region, hydrophobic h-region, and
C-terminal c-region) underlying SP function. Subsequent tools
such as PEFT-SP” and USPNet’® predict classification and
cleavage sites but not subregions. DeepSig”” is one of the first
models to replace HMM/SVM methods with deep learning.

https://doi.org/10.1021/acs.jcim.5c01489
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TSignal*® is a multitask model that uses the ProtT$ model to
extract amino acid sequence features. Most models predict
only one or two transit peptides, lacking simultaneous
prediction of all four targeting peptides. TargetP 1.1°° by
Emanuelsson et al. was an early model able to predict multiple
targeting peptides and cleavage sites simultaneously. Its
successor, TargetP 2.0° by Armenteros et al,, leverages deep
learning methods including LSTM and multihead attention to
improve classification and cleavage site prediction. However,
for certain transit peptides, TargetP 2.0s cleavage site accuracy
remains low (~0.5), possibly because its attention mechanism
focuses on short-range residue features, limiting its ability to
capture long-range dependencies.

Previous methods often converted targeting peptide
sequences directly into digital representations for prediction
without extracting informative features, leading to sub-
optimal cleavage site identification, as observed in TargetP 2.0.
To address this, we propose DeepMaT (Figure 1), which
integrates Mamba2,”' a multihead self-attention mechanism®”
(MHA), and Imglicit Structural Model (ISM) -extracted
sequence features’® to enhance target peptide prediction
accuracy. On the TargetP 2.0 data set, DeepMaT outperforms
TargetP 2.0 across most metrics, notably improving classi-
fication and cleavage site prediction for the underrepresented
thylakoid peptides. Analysis of classification heatmaps, Sankey
diagrams, and t-SNE visualizations reveals that chloroplast and
thylakoid transit peptides are often confused, an issue TargetP
2.0 struggles to resolve. For signal peptides, DeepMaT achieves
performance comparable to TargetP 2.0. To further evaluate
generalizability, we tested DeepMaT on the SignalP 6.0 data
set, where it surpasses state-of-the-art methods on multiple
metrics. The main contributions of this study are summarized
as follows:

1 developed a multitasking model based on ISM
embeddings capable of performing both targeted peptide
multiclassification and cleavage site prediction;

2 collected and curated data sets of peptides with
unspecified cleavage sites from the UniProt database,
annotated using DeepMaT to assist further research;

3 applied Mamba2 to sequential tasks, demonstrating its
effectiveness in this context;

4 experimentally validated that DeepMaT achieves 0.8
accuracy in classifying thylakoid transit peptides despite
limited samples, and 0.867 accuracy in cleavage site
prediction.

2. MATERIALS AND METHODS

DeepMaT (Figure 1) addresses two deep learning tasks:
sequence classification and cleavage site prediction. Both tasks
are performed simultaneously using distinct approaches. The
model inputs ISM-extracted features, which are first processed
by the Mamba layer to learn and integrate global features while
capturing local dependencies. These global features are then
passed to MHA layer, enhancing the model’s capacity to learn
diverse local patterns. A feedforward layer follows to increase
model complexity and mitigate overfitting. Finally, CRF
predicts cleavage sites, while MLP performs classification.
2.1. Data Set Selection and Collection. In this study, we
utilized the TargetP 2.0 data set (Table 1) and the SignalP 6.0
data set (Table 2) for model training and evaluation. The
TargetP 2.0 data set,” compiled by J.J. Almagro Armenteros et
al, was derived from the UniProt database®® (version

Table 1. Number of Samples for Each Peptide Category in
the TargetP 2.0 Dataset

type Sp MT CH TH other
number 2697 499 227 45 9537

2018_04) and contains 2697 signal peptides, 499 mitochon-
drial transit peptides, 227 chloroplast transit peptides, and 45
thylakoid transit peptides, each annotated with cleavage sites.
Additionally, it includes 9537 nontargeting peptides. The
SignalP 6.0 data set®® is an extension of SignalP 5.0, which
originally contained three types of signal peptides—Sec/SPI,
Sec/SPII, and Tat/SPL. The expanded SignalP 6.0 data set
incorporates annotations for multiple signal peptide isoforms,
including Sec/SPI, Sec/SPII, Sec/SPIII, Tat/SPI, and Tat/
SPII, along with their corresponding cleavage site annotations.
Both data sets exhibit significant class imbalance, with some
peptide classes represented by substantially more samples than
others. To facilitate efficient batch training, sequence lengths
were standardized to 200 prior to tokenization: sequences
exceeding the fixed length were truncated, while shorter
sequences were padded to ensure uniformity across all input
data.

Given that the TargetP 2.0 data set is relatively outdated and
that recent years have seen significant advancements in
cleavage site research, we curated two independent test sets
from the UniProt database®® to further validate our model. A
query was conducted in UniProt using the following search
string: (name: (date created: [2018-05-01 TO 2025-03-31])
reviewed: true), where the name field includes terms such as
“Signal peptide”, “thylakoid transit peptide”, “Mitochondrial
transit peptides” and “Chloroplast transit peptide”. The search
was restricted to manually reviewed entries created after 2018-
05-01, corresponding to the final update of the TargetP 2.0
data set. Based on the presence of cleavage site annotations, we
grouped sequences into two sets: those with clearly defined
cleavage sites were assigned to Independent Data set 1, while
those lacking such annotations were placed in Independent
Data set 2. Sample counts are detailed in Table 3. We then
compared the performance of the proposed DeepMaT model
against TargetP 2.0 on these two independent test sets to
evaluate DeepMaT’s generalization ability and robustness on
newly collected data. To further demonstrate the performance
of DeepMaT, we also collected and organized a balanced
positive and negative data set, Independent Data set 3. We
searched the UniProt database for “cytosolic proteins”,
selecting sequences with reviewed and Annotation score of 5
and sequence lengths of 1-200, totaling 536 sequences. To
balance the data set, we randomly selected 536 target peptides
from Independent Data set 1, including 373 signal peptides,
120 mitochondrial transit peptides, and 43 chloroplast transit
peptides.

2.2. DeepMaT Model Building. 2.2.1. Feature Extraction
of Peptide Sequences. DeepMaT employs ISM to extract
features from amino acid sequences. ISM is a self-supervised
learning framework that encodes local structural information
into a sequence model, producing embeddings that are both
evolutionarily conserved and structurally informed. ISM
includes a specialized tokenizer that processes amino acid
sequences by converting them into a specific encoded format.
This tokenizer adds start and end identifiers to the sequence,
resulting in a final length of L. ISM then outputs a feature array
of size (L + 2) X 1,280, denoted as Higy, representing the

https://doi.org/10.1021/acs.jcim.5c01489
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Table 2. Number of Signal Peptide Isoforms Across Different Species in the SignalP 6.0 Dataset and Their Totals

organism Sec/SPI Sec/SPIL Sec/SPIII
Eukaryotes 2040
Gram-positive 142 S16 4
Gram-negative 356 1087 56
Archaea 44 12 10

Tat/SPI Tat/SPII TM/globular (NO-SP) total
14,356 16,396
39 8 226 935
313 19 933 2764
13 6 110 195

Table 3. Number of Samples for Each Peptide Category in
the Three Independent Test Sets

independent data independent data independent data

Type set 1 set 2 set 3
SpP 721 2 373
MT 43 3 43
CH 232 23 120
other 536

structurally enriched sequence embeddings, including the start

symbol “[CLS]”, the end symbol “[EOS]”, and the fill symbol
“[pad]”.
HISM = ISM(Xseq) (1)

where X, denotes the original amino acid sequence.

2.2.2. Feature Learning Module. The DeepMaT model
utilizes Mamba2 and MHA to learn ISM features. It then
performs cleavage site prediction and classification using CRF
and MLP, respectively.

Mamba2, an advanced version of the original Mamba,
leverages the Structured State Space Duality algorithm to
efficiently process sequential data. By internally employing
numerous torch.einsum operations, Mamba2 enables highly
efficient matrix computations. It also incorporates algorithmic
improvements to support data-parallel computation, signifi-
cantly accelerating data processing, as illustrated in Figure 1D.
Mamba has been widely adopted in sequence modeling tasks,
including ChiMamba,”” PTM-Mamba,”” and Caduceus.*”

The ISM-derived features are directly input into the Mamba
layer, which models global dependencies and outputs a feature
array consistent with the dimensions of Hygy,, denoted as M

M = LayerNorm(Hgy; + Dropout(Mamba2(Higy,)))

)

MHA is an enhanced attention mechanism that builds upon
the traditional attention framework. It employs multiple
attention “heads”, each of which independently learns and
processes input features. This parallel processing enables the
model to capture a richer set of representations and improves
its learning capacity and expressiveness.

In MHA, the input features are projected into three distinct
vectors: query (Q), key (K), and value (V), using
corresponding weight matrices W, Wy, and W,. These vectors
are used to compute the attention scores, which are then
normalized via a Softmax function to produce attention
weights.

Q=WX; K=WX; V=WX (3)

K’
Self-Attention(Q, K, V) = softmax(Q—]V

Jd (4)

The output of MHA layer is a refined representation of the
input features, obtained after parallel attention heads have
independently learned and weighted different aspects of the

data. To enhance model stability and prevent overfitting, MHA
layer is followed by Layer Normalization (LayerNorm) and
Dropout. The output array from this layer maintains the same
dimensionality as the output of the Mamba layer and is
denoted as A.

A = LayerNorm(M + Dropout(Multi head
Attention(M))) (5)

2.2.3. Processing Features for Prediction after Learning.
CRF" are widely used in sequence labeling tasks, particularly
those involving multilabel annotation, due to their ability to
capture complex dependencies between output labels and
input features. In the DeepMaT model, the CRF module
operates on the sequence of states y = y,...y, produced after
MHA layer, where y is the 1—200 tokens in A(A; — A,q). It
assigns a corresponding hidden state sequence h = h,..h, to
each position in the input, effectively modeling the structured
relationships within the output sequence

PoI) = — T
Q7O (6)

where Z(h) is the modeled normalization constant; ¢ is the
learning transfer matrix of the CRF with shape C*C and C is
the number of modeled labels; T is the length L of the
sequence; and y is the learnable linear transformation from the

hidden state h to the labels
w(h) = W,h, + b, (7)

MLP operates on the first token of the sequence output by
MHA layer. Specifically, it takes the corresponding 1280-
dimensional feature vector and maps it to an n-dimensional
output, where n represents the number of peptide classes. A
softmax function is then applied to the resulting vector to
compute the classification probabilities.

P

class

exp( ()] T expl, )

= softmax(MLP(4,)) (8)

2.3. Model Training. To evaluate the robustness of the
model and ensure that every sample was included in the
evaluation process, TargetP 2.0 data set was evenly divided
into five nonoverlapping subsets. Specifically, TargetP 2.0 data
set was divided sequentially into five subsets: the first 0—20%
as the first fold, 20—40% as the second fold, and so on,
resulting in five equal folds. In each iteration, four subsets were
used for training and the remaining one for testing. However,
the SignalP 6.0 data set is divided according to the sample
labels provided by the authors. Specifically, the authors of
SignalP 6.0 assigned each sample a subset label, which has
three categories, indicating that the data set is divided into
three subsets. In each round of training, two subsets are used
for training and one for testing. The final performance report is
an average. DeepMaT simultaneously performs peptide
classification and cleavage site prediction, each requiring a
separate objective during optimization. For the classification

https://doi.org/10.1021/acs.jcim.5c01489
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Figure 2. Performance of DeepMaT on classification and cleavage site prediction tasks for targeting peptides. (A—E) These five bar graphs present
classification metrics for both targeting and nontargeting peptides, including SP, MT, CH, TH, and other peptide types. (F) The radar map
illustrate the accuracy of cleavage site prediction across different targeting peptides.

task, we used the cross-entropy loss function,*’ which
quantifies the divergence between predicted class probabilities
and ground truth labels, thereby enhancing the model’s
discrimination across peptide types. For the cleavage site
prediction task, we applied the negative log-likelihood loss
derived from the CRF, which effectively models label
dependencies across sequences and improves cleavage site
precision. The final training objective is a weighted sum of
both loss functions, where tunable hyperparameters are
introduced to balance performance between classification and
sequence labeling tasks.

~Log(P(y1h)) = log(2(h))

— log(exp( ), D w(h)

t=1 ), EM,

+ o0, 5_)) 9)

K

)

i=1

Losscp = —

plog(")
1

z |-

(10)

k=

Loss = w; X Losscpp + w, X Losscg

(11)
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where T is the sequence length of the samples, N is the number
of samples in a batch, K is the number of categories, p; is the
true label of the samples, and f is the predicted probability

value.

2.4. Model Performance Evaluation. In this study, we
evaluated model performance using four standard metrics:**
Precision, Recall, F1 Score, Matthews Correlation Coefficient
(MCC),* Accuracy (ACC), and Weighted ACC (ACC,igno)-
Among these, recall reflects the model’s sensitivity—its ability
to correctly identify true positive samples.

For SignalP 6.0, MCC is further subdivided into MCC1 and
MCC2. MCCI treats one specific signal peptide class as the
positive class and all nonsignal peptides as negatives. In
contrast, MCC2 considers the target class as positive while
treating all other signal peptide classes and nonsignal peptides
as negatives. While MCC1 evaluates the model’s ability to
distinguish one class from nonsignal peptides, MCC2 is more
appropriate for assessing performance in single-class detection
under multiclass classification settings. We follow this
evaluation scheme to ensure consistency and comparability
across models.

For the categorize prediction task, we primarily use
Precision, Recall, F1 Score, and MCC.

https://doi.org/10.1021/acs.jcim.5c01489
J. Chem. Inf. Model. 2025, 65, 10011—10024
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o TP
Precision = ———
TP + FP (12)
TP
recall = ——
TP + FN (13)

precision X recall
F1=2X —————
precision + recall (14)

MCC
_ TP X TN — FP X EN
J(TP + EP)(TP + EN)(TN + FP)(TN + EN)
(18)
where TP denotes True Positive, TN denotes True Negative,
FP denotes False Positive, and FN denotes False Negative.
For the cleavage site prediction task, we primarily use ACC,
and ACC,ign- We determine that the cleavage site prediction

is accurate only when the string of sequence labels predicted by
CREF is completely consistent with the actual labels we defined.

N A
Zt=1 ZnyYt F(X = X)

N (16)

ACC =

C

I';c
= E —ACC
weight N c
c=1 (17)

where N is the sample quantity, Y is the label of a sequence, F
is used to calculate whether the labels are consistent,
outputting 1 if consistent and 0 if not, and C is the number
of categories.

ACC

3. RESULTS AND DISCUSSION

3.1. Evaluation of DeepMaT for Targeted Peptide
Recognition and Cleavage Site Prediction on the
TargetP 2.0 Data Set. DeepMaT demonstrated strong
performance on the TargetP 2.0 data set (Figure 2). In the
classification tasks for signal peptides, mitochondrial transit
peptides, chloroplast transit peptides, and thylakoid transit

peptides, DeepMaT consistently outperformed TargetP 2.0
across key evaluation metrics, including Accuracy, F1 Score,
and Recall. While TargetP 2.0 utilizes an attention mechanism
that has limited capacity for modeling long-range dependencies
in sequences, DeepMaT leverages the Mamba2 architecture—
a state space model (SSM)*'—to enhance global sequence
modeling and extract more informative features from longer
input sequences. As shown in Figure 2A—E, DeepMaT
surpasses other models such as TargetP 2.0 in most metrics.
Although chloroplast and thylak01d transit peptides share
certain sequence characteristics,’ DeepMaT improves classi-
fication performance for thylakoid peptides without compro-
mising the accuracy of chloroplast peptide predictions.
Notably, the recall for mitochondrial transit peptides increased
from 0.85 to 0.90—a S-point improvement. Figure 2E further
illustrates DeepMaT’s enhanced capability in distinguishing
both targeted and nontargeted peptides. This improvement is
also evident in the clustering results shown in Figure 9.
DeepMaT achieves clear separation between targeted and
nontargeted peptides on the t-SNE plot, with well-formed
clusters and significant intergroup distance.

In addition to its superior classification performance, the
model also significantly improves cleavage site prediction
accuracy for MT and TH (Figure 2F). We performed a chi-
squared test on the cleavage site prediction results from
DeepMaT and TargetP 2.0. Although the p-values did not fall
below 0.05 for SP (p = 0.6354) and CH (p = 0.0599),
indicating no significant improvement, the p-values for MT (p
= 0.0071) and TH (p = 0.0042) were significantly less than
0.0S, demonstrating a significant improvement. Notably, the
accuracy of cleavage site prediction for thylakoid transit
peptides increased from 0.60 in TargetP 2.0 to 0.867—a
substantial improvement. Importantly, this gain in prediction
accuracy is achieved without sacrificing classification perform-
ance, highlighting the robustness and effectiveness of Deep-
MaT in multitask learning.

On the TargetP 2.0 data set, we implemented XGBoost and
RT two machine learning methods. From their classification
results (Figure 2), it appears that this task cannot be effectively
predicted by machine learning, and more complex deep
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Figure S. tSNE visualization. (A) Sequence features extracted by ISM; (B) Feature data after performing learning; (C) Data after MLP prediction.

learning is still needed. We also replicated and compared
Deeploc 2.0 and TSignal. Deeploc 2.0, as a tool specifically
designed for subcellular prediction, performs well for multiclass
tasks. On the TargetP 2.0 data set, Deeploc 2.0 shows poor
performance for CH, which is attributed to the imbalance in
the data set. TSignal, as a multitask model, can identify
multiple signal peptides and recognize cleavage sites
simultaneously. However, due to the lack of more detailed
peptide labels in the data set, the model performs poorly in this
task.

3.2. Ablation Experiments. We conducted ablation
experiments on the feature learning module of DeepMaT by
retraining ablated versions of the model on the TargetP 2.0
data set. Specifically, we examined the effects of removing
Mamba2,”’ MHA,* and both components simultaneously. As
shown in Figure 3 and Supporting Information Table S1, the
removal of either Mamba2 or MHA individually resulted in
significant performance degradation, particularly for thylakoid
peptides, which are underrepresented in the data set.
Performance also declined across other peptide categories to
varying degrees. Interestingly, when both components were
removed simultaneously, performance showed partial recovery
but remained inferior to the full DeepMaT model. The
phenomenon is due to the fact that Mamba2 alone is only able
to learn long-range dependent features, whereas MHA alone
focuses attention on localized features, which results in the use
of the two alone leading to an inability to learn comprehensive
features to facilitate the model’s prediction of classifications
and prediction of cleavage sites. These results suggest that
Mamba2 and MHA provide complementary benefits in
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capturing global and local dependencies, allowing DeepMaT
to learn richer and more informative features.

3.3. DeepMaT Utilizes Different Coding to Represent
Peptides. Among the encoding approaches, we experimented
with four approaches with different degrees, which include
One-hot, Blosum62, ESM-2, and ISM.***> One-hot encoding
is able to represent peptide sequences in a simple and direct
way. Blosum62 takes into account amino acid conservatism
and substitution possibilities. ESM-2 is a protein language
model utilizing deep learning, which can further represent the
peptides, including peptide evolutionary information and
sequence information. Experimental results (Figure S1) show
that ISM encoding enables DeepMaT to achieve better
performance metrics. In classification (Figure SIB—D), One-
hot and Blosum62 can hardly predict accurately on MT, CH,
and TH with fewer samples, probably due to the fact that these
two encodings are only a single representation of amino acids,
which cannot characterize sequence information. For the CH
prediction task (Figure S1D), ESM-2 cannot make effective
recognition, probably because ESM-2 has too much sequence
similarity for TH and CH to distinguish the two from the
structure. In the cleavage site task (Figure S1F), ISM is more
effective than ESM-2, ISM introduces local structural
information encoded into the sequence model and is able to
characterize the structural information on the peptide, which
allows the model to learn the structural information on the
peptide and thus make an effective recognition of the cleavage
site.

3.4. Analysis of DeepMaT’s Misclassification on the
TargetP 2.0 Data Set. We used a heatmap (Figure 4A) to

https://doi.org/10.1021/acs.jcim.5c01489
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Figure 6. LOGOs for attentional layers showing the attentional weights of amino acids. (A) Visualization of SP’s attention weights. (B)
Visualization of MT’s attention weights. (C) Visualization of CH’s attention weights. (D) Visualization of TH’s attention weights.

clearly illustrate the confusion patterns in the classification of
the four transit peptide classes: signal peptides, mitochondrial,
chloroplast, and thylakoid transit peptides. The bright diagonal
blocks indicate that the model achieves high recall and
specificity for most categories—for example, 98.9% recall for
signal peptides. Most misclassified signal and transit peptides
were incorrectly predicted as nontargeting peptides. This can
be attributed to the class imbalance in the data set, where
nontargeting peptides constitute the majority of samples. As a
result, the model tends to favor predictions toward this
dominant class, leading to a classification bias.*®

To further examine the misclassification behavior, we
visualized the misclassified sequences using a Sankey diagram
(Figure 4B). Notably, chloroplast and thylakoid transit
peptides are often misclassified as each other. This is likely
due to the shared structural motif of N-terminal amphipathic
a-helices present in both classes,’”*® suggesting that the
similarity in amphiphilic domains contributes to the classi-
fication ambiguity between them.

The t-SNE visualizations (Figure S) demonstrate how the
feature distributions of the four transit peptide types and
nontargeting peptides become progressively more distinguish-
able as the model learns. In Figure 5A, the features extracted by

ISM appear disorganized, with substantial overlap between
classes, indicating poor separability. In Figure 5B, which shows
the output from the feature learning module, the clustering has
significantly improved compared to the ISM features.
However, there remains some overlap among three peptide
types within the red-circled region. Finally, Figure SC,
representing the output of the MLP layer, reveals a clearly
defined clustering structure. Except for a degree of overlap
between thylakoid and chloroplast peptides, most categories
are well-separated, indicating strong feature disentanglement.
The observed overlap between thylakoid and chloroplast
transit peptides is likely due to shared sequence features,’
which contribute to their similarity in the learned representa-
tion space.

3.5. Model Interpretability Evaluation Based on
Attention to Amino Acid Sequences. To further
investigate how our model attends to specific regions in the
sequence data, we utilized LogoMaker"” to visualize the self-
attention weights. As shown in the LOGO plots (Figure 6), the
second most attended amino acid—alanine—closely matches
its frequency in the actual sequences (Figure 7), indicating that
the model effectively learns the true amino acid distribution.
For signal peptides, the model consistently focuses on stretches
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of consecutive leucine residues. These leucine-rich sequences
are known to form stable a-helical structures, which enhance
hydrophobic interactions with the lipid bilayer, thereby
improving the efficiency of transmembrane translocation.™

In the case of mitochondrial transit peptides, after excluding
the second alanine, our model shifts its attention to subsequent
arginine residues. Notably, the model captures a recurring
pattern of alternating arginine and hydrophobic residues—an
arrangement capable of forming amphipathic a-helices.”’
Voisine et al.>” reported that such amphipathic structures
not only facilitate binding to the mitochondrial membrane but
also prevent precursor protein misfolding by interacting with
the molecular chaperone Hsp70 via their hydrophobic surfaces.

3.6. Comparison with SOTA Models on the SignalP
6.0 Data Set to Validate Signal Peptide Recognition
Performance. In addition to evaluating performance on
targeted peptides, we also assessed the generalization capability
of our model in the task of signal peptide prediction. To this
end, we compared DeepMaT with three established models—
SignalP 6.0,”* PEFT-SP,”® and USPNet**—all of which can
predict both signal peptides and their cleavage sites. The
results for these baseline models were taken from the
Supporting Information of their respective publications. For
a fair comparison, we retrained DeepMaT using the same data
set split employed by SignalP 6.0. This data set contains 20,290
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samples spanning four species and five signal peptide types,
and is characterized by a significant class imbalance (as shown
in Table 2). PEFT-SP is a fine-tuned model based on ESM-2"*
that incorporates the LoRA®**° mechanism, while USPNet
combines a BILSTM module with a protein language model for
signal peptide prediction.

As shown in Figure 8A,B, DeepMaT achieves improved
classification performance on certain signal peptide types—for
example, the Archaea Sec/SPI class—where it outperforms
others by approximately 3% to 12%. Although it may not lead
on all SP types, DeepMaT maintains competitive performance,
likely due to the data set’s extreme class imbalance. In terms of
cleavage site prediction, DeepMaT also outperforms other
models for the Sec/SPI-labeled SPs. Figure 8C—G shows the
model’s overall performance across the entire SignalP 6.0 data
set. DeepMaT demonstrates strong performance, particularly
in predicting cleavage sites for Sec/SPIII- and TAT/SPII-
labeled SPs, and shows enhanced ability to identify uncommon
SP types. This may be attributed to the Mamba2 module,
which effectively captures long-range dependencies and learns
global sequence features critical for detecting less common
signal peptide patterns.

3.7. Model Performance Evaluation on Additional
Independent Test Set. To further demonstrate the general-
ization capability of our model, we constructed three

https://doi.org/10.1021/acs.jcim.5c01489
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Figure 8. Comparison of signal peptide prediction results. (A,B) Show performance comparisons for specific signal peptide categories, where
DeepMaT is evaluated alongside three baseline models: SignalP 6.0, PEFT-SP, and USPNet. (C—G) These five bar graphs show the performance
of DeepMaT on five signal peptides, including Sec/SPI, Sec/SPII, Sec/SPIII, Tat/SPI, and Tat/SPIL

independent data sets—Independent Data set 1, Independent
Data set 2 and Independent Data set 3—each comprising
signal peptides, mitochondrial transit peptides, and chloroplast
transit peptides (Table 3). In Figure 9, “Data 1” and “Data 2”
represent the original data types, and the predictions from our
model are compared with those of TargetP 2.0. The results
from these independent test sets provide preliminary evidence
that DeepMaT exhibits superior generalization performance
compared to TargetP 2.0. We present the classification results
on these data sets in Figure 9 and Supporting Information
Table S2 to visualize the model’s effectiveness. DeepMaT
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achieves higher classification accuracy than TargetP 2.0 for
both mitochondrial and chloroplast transit peptides, as well as
for cleavage site prediction, indicating a notable improvement.
However, we also observed that both DeepMaT and TargetP
2.0 tend to misclassify a significant portion of nontarget
peptides, contributing to classification confusion.

For the cleavage site prediction results on Independent Data
set 2 (Supporting Information Table S3), it is evident that our
model can generate up to five candidate predictions, providing
insight into the probability distribution of potential cleavage
sites. Among these, only two sequences—AOFKE6 and
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set 3 include ACC for four peptides and ACC,¢igh-

PODO76—were predicted identically by both DeepMaT and
TargetP 2.0, suggesting that these sequences hold the highest
reference value for consistent cleavage site prediction.
Independent Data set 3 we built is a balanced positive—
negative data set, but it is not perfectly balanced in the positive
class. The results (Figure 9F—]) from Independent Data set 3
show that our model performs better than TargetP 2.0 in some
classifications and all cleavage sites. In the prediction task for
negative cleavage sites, DeepMaT can predict all of them as no

cleavage sites, which well demonstrates DeepMaT’s excellent
performance in cleavage site prediction tasks.

4. CONCLUSIONS

In this study, we present DeepMaT, a novel model designed to
enhance the accuracy of targeted peptide classification and
cleavage site prediction. DeepMaT integrates ISM for
extracting evolutionary and structural features from sequences,
followed by a feature learning module that combines Mamba2
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and MHA. This combination allows the model to capture both
long-range and local dependencies effectively. The output is
then processed by MLP for classification and CRF for cleavage
site prediction. By leveraging the complementary strengths of
Mamba2 and MHA, DeepMaT demonstrates improved
predictive performance on the TargetP 2.0 data set, out-
performing the original model. These results highlight
DeepMaT as a promising tool for the accurate annotation of
cleavage sites.

Despite the strong performance of DeepMaT, the model has
certain limitations. DeepMaT integrates Mamba2 with MHA;
however, it remains unclear whether these components capture
distinct aspects of the input features. To enhance model
interpretability, we recommend incorporating a multilayer
attention mechanism to visualize the attention weights at each
layer, which would help elucidate the positional focus and
contribution of different layers. Furthermore, although ISM is
effective at extracting evolutionary and structural information,
it lacks the capacity to represent sequence-specific details and
residue-level physicochemical properties. This limitation may
introduce feature bias, potentially making the model overly
sensitive to specific types of evolutionary or structural signals
and increasing the risk of errors in cleavage site prediction. To
address this, we propose enriching the feature set with
additional biological descriptors to improve the model’s
predictive accuracy across diverse peptide types.
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