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Simple Summary 

Proteins that are secreted from cells or embedded in cell membranes are essential for com-
munication, transport of nutrients, and many medical and industrial applications. To 
study these proteins, scientists first need to know whether a protein contains an “address 
tag” at its beginning that sends it to the secretion machinery, and whether it also contains 
parts that cross the membrane. These two features can look similar in the sequence, so 
prediction tools often confuse them or provide incomplete annotations. We present PRED-
TMSdeep, a deep learning tool that predicts, in one step, both membrane-crossing regions 
(including two major membrane protein types) and three biologically different classes of 
secretion signals, together with the most likely cleavage site where the signal is removed. 
Using carefully curated reference datasets derived from experimentally determined mem-
brane protein structures and protein databases, the method matches leading tools for 
membrane topology while improving the identification of secretion signal classes and 
their cleavage sites. PRED-TMSdeep is provided as an easy-to-use web server and a batch 
command-line tool for large datasets, supporting routine protein annotation and large-
scale genome and proteome studies. 

Abstract 

Accurate annotation of secreted and membrane proteins requires detecting N-terminal 
secretion signals, locating their cleavage sites, and distinguishing secretion-signal classes, 
while also predicting full transmembrane topology for both alpha-helical and beta-barrel 
proteins. Current tools typically address either whole-protein topology with a generic sig-
nal-peptide category or signal-peptide type classification without integrated topology an-
notation, leaving end-to-end labels incomplete when both features must be resolved to-
gether. Here, we present PRED-TMSdeep, a deep learning method that jointly predicts 
transmembrane topology and three signal peptide classes: secretory pathway/signal pep-
tidase I (Sec/SPI), secretory pathway/signal peptidase II (Sec/SPII), and twin-arginine 
translocation/signal peptidase I (Tat/SPI). We introduce a two-step constrained decoding 
procedure that first detects transmembrane segments and signal peptides and then re-
solves global orientation and refines boundaries under stricter biological constraints. On 
redundancy-reduced datasets curated from the Orientation of Proteins in Membranes and 
the Protein Data Bank of Transmembrane Proteins, PRED-TMSdeep matches leading pre-
dictors for segment-level topology while improving signal peptide classification and 
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yielding the highest overall top-1 cleavage-site accuracy. Top-1 cleavage-site accuracy 
reached 89.2%, compared with 84.7% for TMbed and 86.2% for SignalP 6.0, mainly reflect-
ing strong performance on the predominant Sec/SPI class. The software is available as a 
web server and a batch command-line tool with pretrained models and reproducible 
workflows. 

Keywords: deep learning; protein sequence annotation; transmembrane topology; signal 
peptide prediction 
 

1. Introduction 
Transmembrane proteins (TMPs) are central to many essential cellular processes, in-

cluding signaling, transport, secretion, and enzymatic activity [1]. These proteins are em-
bedded in biological membranes through hydrophobic transmembrane segments that 
typically adopt either α-helical or β-barrel conformations. Their biological role is closely 
linked to their membrane topology, i.e., the number and positions of membrane-spanning 
regions and their orientation relative to the intracellular and extracellular environments 
[2]. Accurate topology annotation is therefore important for understanding protein func-
tion, molecular interactions, and cellular localization. 

Experimentally, membrane protein topology can be inferred from three-dimensional 
structures determined by methods such as X-ray crystallography or cryo-electron micros-
copy and subsequently positioned in the lipid bilayer using dedicated computational 
tools, including PPM and TMDET [3–6]. Despite their value, these experimental ap-
proaches remain difficult to apply broadly because membrane proteins are challenging to 
solubilize, purify, and crystallize [7]. As a result, TMPs remain underrepresented in the 
Protein Data Bank compared with soluble proteins [8], limiting the availability of experi-
mentally validated structural annotations. 

To address this limitation, a wide variety of computational methods have been de-
veloped to predict membrane topology directly from amino acid sequences. Early predic-
tors relied mainly on hydrophobicity profiles and sliding-window analysis, whereas later 
methods introduced probabilistic sequence models such as hidden Markov models 
(HMMs), substantially improving topology prediction accuracy [9–12]. Subsequent meth-
ods incorporated signal peptide recognition into topology prediction, since signal pep-
tides and transmembrane helices share similar hydrophobic properties and are therefore 
often confused [13–15]. In parallel, dedicated signal peptide predictors were developed to 
identify secretion signals and distinguish among different secretion-related classes [16–
18]. 

This distinction is biologically important because signal peptides are short N-termi-
nal targeting sequences that direct proteins to membrane translocation pathways such as 
Sec or Tat. Although they are not transmembrane domains in the structural sense, their 
hydrophobic core regions resemble membrane-spanning helices, making discrimination 
difficult when the two problems are treated separately. Joint modeling of membrane to-
pology and signal peptides can therefore reduce false positives and improve the biological 
consistency of protein annotations. 

More recently, deep learning methods have further advanced the field. Predictors 
such as DeepTMHMM 1.0 and TMbed exploit contextual protein representations derived 
from large-scale sequence modeling and have achieved strong performance in topology 
prediction [19,20]. At the same time, modern versions of SignalP have markedly improved 
the classification of signal peptide types and the localization of cleavage sites [21–23]. 
However, current methods still tend to address these tasks only partially. Topology 
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predictors generally provide whole-protein membrane annotation but usually treat signal 
peptides as a single generic category, whereas signal peptide predictors distinguish 
among secretion signal types without resolving complete membrane topology. Conse-
quently, a unified framework capable of jointly predicting transmembrane topology to-
gether with explicit signal peptide classes, including secretory pathway/signal peptidase 
I (Sec/SPI), secretory pathway/signal peptidase II (Sec/SPII), and twin-arginine transloca-
tion/signal peptidase I (Tat/SPI), is still lacking. 

In this study, we present PRED-TMSdeep, a deep learning framework designed to 
address this gap by jointly predicting transmembrane topology and signal peptide type 
for both α-helical and β-barrel membrane proteins. To support this task, we assembled a 
high-confidence dataset by integrating membrane annotations from the Orientation of 
Proteins in Membranes database and the Protein Data Bank of Transmembrane Proteins 
[24,25]. We then extended the TMbed architecture with an expanded output space that 
explicitly models distinct signal peptide classes and introduced a constrained two-step 
decoding strategy that separates local segment detection from global topology inference. 
This design enables robust transmembrane segment prediction while improving signal 
peptide classification and cleavage-site localization. Evaluated using nested cross-valida-
tion, PRED-TMSdeep provides more complete protein annotations by combining trans-
membrane topology and signal peptide type within a single prediction framework. 

2. Materials and Methods 
The proposed method, PRED-TMSdeep, jointly predicts transmembrane topology 

and signal peptide type from amino acid sequences using a unified probabilistic frame-
work. The approach integrates residue-level posterior estimation with biologically con-
strained decoding to produce globally consistent annotations of membrane-spanning re-
gions, signal peptide classes, cleavage positions, and protein orientation. In the following 
subsections, we describe the problem formulation, the learning of the posterior model, the 
construction of the decoding graph, the two-step dynamic-programming decoding proce-
dure, the integration of prior information, the complete prediction pipeline, the evaluation 
criteria, and the software implementation of the web server and batch command-line tool. 

2.1. Problem Formulation 

Let 𝑋 = ሺ𝑥ଵ, … , 𝑥௅ሻ  be an amino acid sequence of length 𝐿  and let 𝜋 = ሺ𝜋ଵ, … ,𝜋௅ሻ 
denote its residue-level topology, where 𝜋௜ ∈ 𝒜 = {𝑆, 𝐿,𝑇,𝐻,𝐵, 𝐼,𝑂}  corresponding to 
Sec/SPI, Sec/SPII, Tat/SPI, alpha-helical transmembrane segment, beta-barrel transmem-
brane strand, inside, and outside, respectively. Our goal is to predict the most probable 
topology given the amino acid sequence which is defined by the following Equation (1). 𝜋∗ = 𝑎𝑟𝑔𝑚𝑎𝑥గ 𝑃ሺ𝜋|𝑋ሻ (1)

To enforce biological constraints, decoding is performed in an expanded state space 𝒮 , whose states refine the residue labels to encode topology and segment-length re-
strictions. The biological constraints are represented by a directed decoding graph over 𝒮 , defined by a transition indicator function 𝛿ሺ𝑠௜ , 𝑠௜ାଵሻ ∈ {0, 1} , where 𝛿ሺ𝑠௜ , 𝑠௜ାଵሻ = 1  if 𝑠௜ → 𝑠௜ାଵ  is an allowed edge, together with start and end indicators b(𝑠ଵ) ∈ {0, 1}  and 𝑒(𝑠௅) ∈ {0, 1}, which specify whether a state is permitted as the first or last state of a valid 
path. 

A surjective map 𝑔:𝒮 → 𝒜 projects each expanded state to its corresponding residue 
label. The function 𝑃ఏ(𝜋௜|𝑋) denotes the posterior probability of label 𝜋௜ at position 𝑖. 
The resulting constrained optimization problem is therefore formulated as given in Equa-
tion (2). 
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𝑠̂ = 𝑎𝑟𝑔 𝑚𝑎𝑥௦భ,௦మ,…,௦ಽ 𝑏(𝑠ଵ)𝑒(𝑠௅)ෑ𝛿(𝑠௜ , 𝑠௜ାଵ)ෑ𝑃ఏ(𝜋௜ = 𝑔(𝑠௜)|𝑋)௅
௜ୀଵ

௅ିଵ
௜ୀଵ  (2)

The final topology sequence is then recovered elementwise as shown in Equation (3). 𝜋పෝ = 𝑔(𝑠పෝ),      𝑖 = 1, … , 𝐿 (3)

This formulation is related to Posterior Viterbi decoding [26], except that here the 
per-position posteriors are produced by a neural network rather than by an HMM. In the 
remainder of this section, we describe how 𝑃ఏ(∙ |𝑋) is learned, define the decoding graph, 
and present the dynamic-programming decoding algorithm. 

2.2. Learning the Posterior Model 

To learn the posterior model 𝑃ఏ(∙ |𝑋), we first construct the training data, then define 
the TMbed-based neural network, and finally describe the training and evaluation proto-
col. 

2.2.1. Data Collection and Preprocessing 

We assembled transmembrane (TM) and non-transmembrane (non-TM) datasets 
from publicly available resources. For TM proteins, we intersected OPM and PDBTM, 
mapped the overlapping entries to UniProt [27] via SIFTS [28,29], and retained only high-
confidence TM segments for which the two resources agreed, defined by an intersection-
over-union (IoU) of at least 0.5 (see Equation (S2), Supplementary Materials) and start/end 
boundary differences of no more than five residues (see Equation (S1), Supplementary 
Materials). Agreed segments were used as training labels, whereas non-agreeing seg-
ments were relabeled as unknown (U) and ignored during training, as shown in Figure 1. 
Additional details on the agreement procedure are provided in the Supplementary Mate-
rial. Proteins for which all annotated TM segments satisfied these agreement criteria were 
considered fully trusted, whereas proteins containing a mixture of agreeing and non-
agreeing segments were considered partially trusted. After redundancy reduction with 
CD-HIT [30,31] at 20% sequence identity and length filtering to 50–6000 residues, the TM 
set comprised 718 alpha-helical and 82 beta-barrel proteins. 

 

Figure 1. Example construction of a binary OPM–PDBTM agreement mask. The figure shows how, 
for each transmembrane (TM) segment, we decide whether the OPM annotation is transferred to 



Biology 2026, 15, 1016 5 of 21 
 

https://doi.org/10.3390/biology15131016 

the dataset. At the top, the first two tracks display TM labels from OPM (top) and PDBTM (bottom). 
Arrows highlight three example segments; for each, we compute the overlap X and the boundary 
deviations D1 (start) and D2 (end). For the first segment (blue), both criteria are satisfied, so mask = 
1 and the annotation is transferred. For the second (green), the overlap constraint is not met, so mask 
= 0 and the segment is relabeled “U” and ignored during training. For the third (red), both criteria 
are again satisfied, so mask = 1 and the annotation is transferred. The bottom track shows the result-
ing sequence. In this example the mask is [1, 0, 1], allowing the model to train only on high-confi-
dence TM regions. 

For the non-TM set, we combined signal peptide (SP)-positive sequences from Sig-
nalP, mapped back to full-length UniProt entries, with globular non-TM proteins from 
TMbed, and reclustered the merged set at 20% identity. We then removed any sequence 
sharing at least 40% identity with OPM-derived TM entries or annotated with TM regions 
in UniProt, yielding 6293 proteins: 5059 without SPs, 881 Sec/SPI, 60 Tat/SPI, and 293 
Sec/SPII proteins. 

Finally, TM segments failing the OPM–PDBTM agreement criteria were excluded 
from training and retained as a separate low-confidence independent test set. This proce-
dure allowed us to train on high-confidence annotations while preserving an independent 
benchmark for evaluating robustness under annotation ambiguity. 

2.2.2. Model Architecture 

Our method builds upon TMbed to jointly predict transmembrane topology and 
three signal peptide classes: Sec/SPI, Sec/SPII, and Tat/SPI. The architecture follows the 
original TMbed design with two modifications. 

• First, the final output layer is expanded from five to seven classes, enabling explicit 
prediction of Sec/SPI, Sec/SPII and Tat/SPI; the convolutional neural network (CNN) 
backbone remains unchanged. 

• Second, we introduce a beta-barrel refinement stage in which proteins initially pre-
dicted as beta-barrel by the primary model are reprocessed by a second CNN trained 
exclusively on beta-barrel sequences. This refinement network predicts only the B, I, 
and O classes and applies a separate decoding process, while the signal peptide pre-
dictions from the first stage are retained unchanged. 

2.2.3. Training and Evaluation Protocol 

We adopted the nested cross-validation protocol of TMbed to ensure robust model 
selection and unbiased performance estimation. The dataset was stratified by protein type 
and signal peptide status and distributed evenly across five folds (Supplementary Text 
S1, Supplementary Materials). In each outer split, one fold was used for testing, while the 
remaining folds were divided into training and validation sets for model selection (Sup-
plementary Text S1, Supplementary Materials). After selecting the number of training 
epochs based on validation performance, the model was retrained on the combined train-
ing and validation data and evaluated on the held-out test fold. The same outer-fold par-
titioning was used for both the primary joint model and the beta-barrel refinement model, 
and final performance was obtained by aggregating predictions across the five test folds. 
Both models were trained with the AdamW [32] optimizer, with the refinement model 
trained only on the beta-barrel subset of each split. Full details of the data stratification, 
fold assignment, nested cross-validation procedure, and training settings are provided in 
Supplementary Text S1 (Supplementary Materials). 
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2.3. Construction of the Decoding Graph 

We next define the decoding graph that specifies the valid state paths used by the 
decoder, as illustrated in Figure 2. As in TMbed, the residue labels are refined into an 
expanded state space so that biological constraints can be enforced directly through graph 
connectivity. However, our graph differs from that of TMbed in three respects: it models 
three distinct signal peptide classes (S, L, and T) instead of a single SP class, it uses label-
specific segment-length constraints derived from empirical distributions, and it includes 
explicit switches that allow alternative topology configurations to be represented within 
the graph. 

 

Figure 2. Directed decoding graph used by PRED-TMSdeep. The graph contains separate paths for 
Sec/SPI (S), Sec/SPII (L), and Tat/SPI-related (T) signal peptides, as well as states for α-helical trans-
membrane segments (H), β-barrel strands (B), and inside/outside loop regions. Signal peptide, helix, 
and strand paths encode class-specific length constraints. Ellipses (...) indicate repeated intermedi-
ate states within length-constrained paths. Triangles denote loop states, with IN and OUT indicating 
the two possible loop orientations. Arrows indicate allowed transitions through the graph; arrow 
colors are used only for visual clarity and do not denote different transition types. The switch sym-
bol represents whether direct inside-to-outside and outside-to-inside transitions are allowed. Dur-
ing the first Viterbi pass, the switch is closed, allowing relaxed topology constraints to prioritize 
structured-region detection. During the second pass, the switch is open, direct I ↔ O transitions are 
disallowed, and the final global topology is resolved under stricter membrane-crossing constraints. 

For each structured class, the graph contains ordered substates corresponding to pro-
gression through a segment. Thus, alpha-helical segments (H), beta-barrel strands (B), and 
the three signal peptide classes (S, L, and T) are represented by class-specific state chains, 
together with begin/end states and inside (I) and outside (O) states for non-structured 
regions. Unlike TMbed, which enforces a uniform minimum length of five residues for SP 
and TM segments, we use biologically motivated label-specific constraints fixed a priori 
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from empirical length histograms: 6 ≤ |𝐵| ≤ 15, 11 ≤ |𝐻| ≤ 29 and minimum lengths of 
13, 14, and 22 residues for Sec/SPI, Sec/SPII, and Tat/SPI, respectively. The signal peptide 
classes additionally include self-loops in their terminal substates to accommodate longer 
right-tailed length distributions, whereas H and B segments use bounded ranges without 
self-loops. 

Finally, the graph includes switches between inside and outside states to represent 
two decoding regimes: with the switch closed, the topology constraints are relaxed and 
direct transitions between I and O are allowed, whereas with the switch open, the con-
straints are stricter and transitions between I and O are only allowed through an interven-
ing transmembrane segment. Overall, the proposed graph retains the grammar-based de-
coding principle of TMbed but extends it to support explicit multi-class signal peptide 
modeling and segment-length constraints derived from empirical class-specific length dis-
tributions. 

2.4. Two-Step Dynamic-Programming Decoding 

The decoding procedure separates the prediction problem into two related subprob-
lems: detection of structured regions and resolution of a biologically valid global topol-
ogy. This separation is useful because segment detection and topology consistency impose 
different constraints. A single strict decoding step must optimize both simultaneously, 
which can force the decoder to alter or split otherwise plausible transmembrane regions 
to satisfy global inside/outside constraints. Therefore, PRED-TMSdeep first identifies 
structured regions under relaxed topology constraints and then resolves the final orienta-
tion and inside/outside topology under stricter constraints. Given the posterior probabil-
ities 𝑃ఏ(∙ |𝑋) and the decoding graph in Figure 2, the constrained optimization problem 
in Equation (2) is solved by dynamic programming using a two-step Viterbi decoding 
procedure. In the first step, the switches are closed, and the first-stage decoder 𝒱ଵ focuses 
on segment detection, predicting transmembrane segments (H, B) and signal peptide clas-
ses (S, L, T) while allowing transitions between inside (I) and outside (O) states. This re-
laxed topology grammar follows the rationale of TMbed: if direct I ↔ O transitions are 
prohibited from the start, the decoder may be forced to split an otherwise continuous 
transmembrane segment by inserting a loop state in order to satisfy strict topology con-
straints. Thus, the first pass prioritizes the detection of structured regions without requir-
ing the temporary topology to be globally consistent. Positions predicted as structured 
regions (i.e., positions assigned to classes S, L, T, H, or B) are then fixed by replacing their 
posterior probabilities with one-hot encodings, so that confident local predictions are pre-
served in the next stage. 

In the second step, the switches are open and the second-stage decoder 𝒱ଶ resolves 
the global topology under stricter structural constraints. The original probability matrix 
is first smoothed by temperature scaling at non-fixed positions (i.e., positions assigned to 
classes I or O), after which a conditional merge combines the fixed structured predictions 
from 𝒱ଵ with the smoothed probabilities at the remaining positions. This smoothing re-
duces the influence of overly confident local I/O assignments and allows the second de-
coder to adjust loop labels while preserving the structured regions detected in the first 
pass. Decoder 𝒱ଶ then selects the N-terminal orientation and enforces consistent mem-
brane-crossing behavior across the sequence, disallowing direct transitions between in-
side and outside states. In this way, the first pass emphasizes accurate detection of struc-
tured regions, whereas the second pass produces a globally consistent topology. Algo-
rithm 1 summarizes the complete two-step decoding procedure. 

Algorithm 1: Two-step Viterbi decoding procedure 
  Input: 𝑃 ∈ ሾ0, 1ሿ௅×஼, posterior probability matrix 
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  Output: 𝑦ො(ଶ) ∈ {0, …𝐶 − 1}௅, final label sequence 
1  𝑦ො(ଵ)  ← 𝒱ଵ(𝑃) 
2  for each 𝑖 ∈ {0, … 𝐿 − 1} , 𝑗 ∈ {0, …𝐶 − 1}  do 

3     Ο(ଵ)௜,௝  ←  𝟙[𝑦ො௜(ଵ)  =  𝑗]  
4  for each 𝑖 ∈ {0, … 𝐿 − 1} , 𝑗 ∈ {0, …𝐶 − 1}  do 

5     𝑃෨௜,௝  ←  ௘௫௣൭೗೚೒ቀು೔,ೕቁ೅ ൱
෎ ௘௫௣൭೗೚೒ቀು೔,ೖቁ೅ ൱಴షభ

ೖసబ
 

6  for each 𝑖 ∈ {0, … 𝐿 − 1}  do 

7     𝑚௜ ← 𝟙[𝑦ො௜(ଵ) < 5] 
8  for each 𝑖 ∈ {0, … 𝐿 − 1} , 𝑗 ∈ {0, …𝐶 − 1}  do 

9     𝑃௜,௝௙௜௡௔௟ ← 𝑚௜ ⋅  Ο(ଵ)௜,௝ + (1 −𝑚௜) ⋅ 𝑃෨௜,௝   
10 𝑦ො(ଶ)  ← 𝒱ଶ(𝑃௙௜௡௔௟) 

Algorithm 1: The algorithm summarizes the two-step decoding process used in 
PRED-TMSdeep. First, the segment-level decoder 𝒱ଵ predicts structured regions from the 
input probabilities 𝑃 ∈ [0, 1]௅×஼ where 𝐿 is the sequence length and 𝐶 = 7 is the number 
of output classes. These predictions are converted to one-hot labels. A softmax operation 
with fixed temperature 𝑇 = 3.5 is then applied to smooth the original probabilities. A con-
ditional merge combines the fixed and smoothed outputs (where “fixed” refers to posi-
tions predicted as structured classes S, L, T, H, and B (labels 0–4) by the first-step decoder 
and replaced with one-hot encodings). Finally, the topology-level decoder 𝒱ଶ generates 
the final label sequence with global structural constraints. Unlike the first decoder, this 
stage does not allow arbitrary I ↔ O transitions (with the switch open). 

2.5. Sensitivity Analysis of the Temperature Parameter 

The temperature scaling in Algorithm 1 is applied only before the second Viterbi de-
coding step and only at positions that were not fixed as structured regions after the first 
decoding pass. Therefore, temperature scaling primarily affects the loop regions used to 
resolve the final topology, although small adjustments at the boundaries of transmem-
brane regions may still occur during the second decoding step if supported by the poste-
rior probabilities and the decoding constraints. 

The rationale for this smoothing is related to the role of the second decoding step. 
After the first pass, the structured regions detected with high confidence are preserved, 
and the second decoder resolves the global inside/outside topology under stricter con-
straints. If the posterior probabilities at non-fixed I/O positions remain too sharp, the de-
coder may be overly constrained by local loop-label assignments and may fail to recover 
the most consistent global topology. For example, if the neural network assigns high prob-
ability to the same loop label on both sides of a predicted transmembrane segment, the 
strict topology grammar may resolve this inconsistency by altering or splitting the trans-
membrane segment instead of changing one of the loop labels. By softening the probabil-
ities at non-fixed positions, temperature scaling allows the second Viterbi pass to adjust 
surrounding I/O labels more easily while preserving the structured regions detected in 
the first pass. 
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To evaluate the effect of T, we performed a sensitivity analysis over different temper-
ature values and focused on the topology-level metrics most directly affected by the sec-
ond decoding step: correct topology and correct number of transmembrane segments. The 
case T = 1 corresponds to leaving the posterior probabilities unchanged, i.e., applying no 
temperature smoothing. As shown in Figure 3a, using T > 1 improved correct topology 
compared with T = 1. For alpha-helical transmembrane proteins, correct topology in-
creased from 80.8% at T = 1 to 82.9% at T = 3.5. For beta-barrel transmembrane proteins, 
the corresponding improvement was from 85.0% to 90.0%. 

A similar trend was observed for the correct number of transmembrane segments, as 
shown in Figure 3b. For alpha-helical transmembrane proteins, this metric increased from 
86.2% at T = 1 to 88.4% at T = 3.5, whereas for beta-barrel transmembrane proteins it in-
creased from 86.7% to 91.7%. These results support the use of temperature smoothing be-
fore the second decoding step, since its main effect is to improve global topology con-
sistency. The value T = 3.5 was retained as a fixed smoothing value because it provided a 
balanced improvement for both alpha-helical and beta-barrel topology metrics. We do not 
treat this value as a finely optimized hyperparameter; rather, the analysis shows that tem-
perature smoothing itself is beneficial and that T = 3.5 lies in a stable range with improved 
topology-level performance relative to T = 1. 

  
(a) (b) 

Figure 3. Sensitivity analysis of the temperature parameter T applied before the second Viterbi de-
coding step. The temperature parameter is applied only to non-fixed positions after the first decod-
ing pass, while positions predicted as structured regions are kept fixed. T = 1 corresponds to no 
temperature smoothing, whereas T > 1 softens the posterior probabilities at non-fixed inside/outside 
positions to facilitate resolution of the global topology under stricter constraints. (a) Effect of T on 
correct topology prediction for alpha-helical and beta-barrel transmembrane proteins. (b) Effect of 
T on prediction of the correct number of transmembrane segments for the same protein classes. In 
both panels, increasing T above 1 improves topology-level consistency, with T = 3.5 providing bal-
anced improvement for both alpha-helical and beta-barrel proteins. 

2.6. Relationship to TMbed and Novel Components 

Before extending the prediction task, we first reimplemented the TMbed decoding 
framework on the original TMbed dataset and examined whether the Viterbi transition 
scheme could be improved without modifying the underlying convolutional neural net-
work architecture. In TMbed, transmembrane segments and signal peptides are con-
strained using a uniform minimum length of five amino acids with self-loops. We re-
placed this rule with label-specific minimum and maximum length constraints derived 
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from empirical length distributions of signal peptide classes, α-helical transmembrane 
segments, and β-barrel strands. In the TMbed reimplementation, this modification im-
proved several standard TMbed evaluation metrics. For α-helical transmembrane pro-
teins, recall and precision increased from 88.5% and 88.8% to 89.2% and 89.6%, respec-
tively, with Qok and Qnum increasing by approximately 1–2 percentage points and Qtop 
remaining unchanged at 96.5%. For β-barrel transmembrane proteins, recall increased 
from 95.3% to 95.4%, precision from 99.2% to 99.3%, and Qok from 80.5% to 82.0%, 
whereas Qnum remained unchanged at 88.1% and Qtop decreased slightly from 97.7% to 
97.1%. These results motivated the use of label-specific length constraints in PRED-
TMSdeep. 

Building on this modified TMbed framework, PRED-TMSdeep extends the predic-
tion task to seven residue-level classes, enabling simultaneous prediction of transmem-
brane topology and three signal peptide classes, Sec/SPI, Sec/SPII, and Tat/SPI. To pre-
serve topology performance in this expanded task and on the newly curated OPM–
PDBTM dataset, we introduced two additional components. First, a two-step Viterbi de-
coding procedure detects structured regions under relaxed topology constraints and then 
resolves the final orientation under stricter constraints as described above. Second, pro-
teins classified as β-barrel transmembrane proteins are reprocessed by a β-barrel-specific 
refinement convolutional neural network, while signal peptide predictions from the first 
model are retained. Thus, PRED-TMSdeep inherits the TMbed neural backbone and gen-
eral decoding concept, but adapts them through label-specific length constraints, multi-
class signal peptide modeling, two-step decoding, and β-barrel-specific refinement. 

2.7. Prior Information Integration 

In practical applications, partial prior topological information may be available from 
experiments, domain knowledge, or manual curation, and incorporating such infor-
mation can improve consistency and accuracy. This idea has been explored previously in 
HMM-based topology prediction, where fixing parts of the sequence to known labels was 
shown to improve constrained predictions when reliable external information is available 
[33]. In our framework, prior information is incorporated before dynamic programming 
by overwriting the posterior probability matrix produced by the CNN at user-specified 
positions. Specifically, if the user provides a label assignment for an interval, the corre-
sponding posterior vectors are replaced with fixed label encodings before decoding. The 
modified posterior matrix is then passed unchanged to the decoder, allowing the final 
prediction to remain consistent with the supplied prior information while guiding the 
construction of the overall topology. 

2.8. End-to-End Prediction Pipeline 

The proposed pipeline operates end-to-end from an input amino-acid sequence in 
FASTA format. The primary CNN first produces residue-level probabilities over {S, L, T, 
H, B, I, O}, which are decoded using the two-step Viterbi algorithm. Non-TM and alpha-
TMP predictions are returned directly. For predicted beta-TMPs, the original sequence is 
reprocessed by the beta-barrel CNN to obtain refined probabilities over {B, I, O}. The sig-
nal peptide probabilities {S, L, T} from the primary CNN are then transferred to the refined 
probability matrix, and the decoding step is repeated to produce the final prediction. 

2.9. Evaluation Criteria 

We evaluated performance at three levels: signal peptide prediction, segment-level 
prediction, and protein-level classification, reporting alpha-helical and beta-barrel trans-
membrane proteins separately where appropriate. Signal peptide performance was as-
sessed by type, by presence/absence, and by top-k cleavage-site accuracy, with k = 1 and 



Biology 2026, 15, 1016 11 of 21 
 

https://doi.org/10.3390/biology15131016 

k = 3 corresponding to predictions within 1 and 3 residues of the annotated cleavage site, 
respectively. Segment-level evaluation included segment overlap (SOV) [34], residue-
level accuracy (Q3), correct topology, correct number of transmembrane segments, and 
precision/recall as in TMbed; precision and recall were computed on both fully and par-
tially trusted proteins, whereas all other segment-level metrics were restricted to fully 
trusted proteins. Correct topology was defined by comparing compressed predicted and 
reference label sequences obtained by collapsing consecutive identical labels (e.g., IIIIBBB-
BOOO becomes IBO), so that a prediction was considered correct only if both the number 
of transmembrane segments and the N-terminal orientation were recovered. At the pro-
tein level, recall and false-positive rate (FPR) were computed for each structural class (al-
pha-helical TMP, beta-barrel TMP, and non-TM) from the confusion matrix aggregated 
across all folds. 

2.10. Web Server and Command-Line Implementation 

PRED-TMSdeep is provided both as a web server for interactive use and as a batch 
command-line Python tool for large-scale analyses. The command-line tool was imple-
mented in Python 3.10, and the source code corresponds to the version described in this 
study. In both implementations, prediction is performed using the ensemble of the five 
models described in this study. For each input sequence, residue-level posterior probabil-
ities are first obtained from all five models, averaged to generate a consensus posterior 
estimate, and then decoded to produce the final topology annotation. Thus, both imple-
mentations follow the same end-to-end prediction pipeline described in the previous sub-
sections. 

The web server, available at https://hannibal.dib.uth.gr/PRED-TMSdeep/ (accessed 
on 22 June 2026), accepts one protein sequence at a time in standard FASTA format and 
returns complete per-residue annotations, including transmembrane topology, signal 
peptide class, cleavage-site prediction, and global orientation. It is intended for interactive 
small-scale analysis and also allows the user to provide prior topological information 
when available. Because the web server processes one sequence per submission, large 
FASTA files or proteome-scale analyses should be performed with the batch command-
line implementation. The command-line version enables high-throughput analysis of 
large protein datasets using the same pretrained ensemble and decoding framework. 

3. Results 
All results are reported by aggregating predictions across the five independent outer 

test folds of the nested cross-validation protocol, using the evaluation criteria defined in 
Section 2.9. To quantify uncertainty, we additionally estimated 95% confidence intervals 
by bootstrap resampling at the protein level, rather than at the residue or segment level, 
so that within-protein dependence was preserved. Bootstrap confidence intervals were 
calculated for the main signal peptide benchmarks, including the comparison with TMbed 
and SignalP 6.0, and for the PRED-TMSdeep topology results on the full α-TMP and β-
TMP evaluation sets. We also evaluate a separate low-confidence independent test set 
comprising TM segments excluded from training due to annotation disagreement be-
tween OPM and PDBTM. Comparisons with prior methods followed a common protocol. 
For TMbed, SignalP 6.0 and DeepTMHMM 1.0, we used prediction outputs obtained from 
the respective sources, mapped them to our identifiers, and retained only proteins present 
in both datasets. All comparative analyses were performed on these common subsets and 
are reported separately from results on the full evaluation sets. 
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3.1. Signal Peptide Prediction Performance 

PRED-TMSdeep improved signal peptide prediction by explicitly modeling the three 
biologically distinct classes Sec/SPI, Sec/SPII, and Tat/SPI, rather than treating signal pep-
tides as a single generic category. This class-aware formulation enabled the model to cap-
ture type-specific sequence patterns and supported more accurate discrimination among 
heterogeneous signal peptide classes. As summarized in Figure 4, PRED-TMSdeep 
showed stronger recall than the competing methods for Sec/SPI and Sec/SPII, while main-
taining performance comparable to SignalP 6.0 for Tat/SPI. At the same time, false positive 
rates remained low across all classes, indicating that the improved sensitivity was not 
achieved at the expense of reduced specificity. Bootstrap confidence intervals were calcu-
lated by resampling proteins and are reported for the main signal peptide metrics to quan-
tify the uncertainty of these estimates. 

   
(a) (b) (c) 

Figure 4. Signal peptide prediction performance of PRED-TMSdeep compared with TMbed and 
SignalP 6.0 on the full signal peptide evaluation dataset. The evaluation set contained 6293 proteins, 
including 1234 signal peptide-positive proteins: 881 Sec/SPI, 293 Sec/SPII, and 60 Tat-related signal 
peptides, together with 5059 non-signal-peptide proteins. (a) Class-wise recall for Sec/SPI, Sec/SPII, 
and Tat/SPI signal peptides. (b) Class-wise false positive rate (FPR) for the same signal peptide clas-
ses. (c) Overall top-k cleavage-site accuracy for k = 1 and k = 3. For consistency with the PRED-
TMSdeep label space, SignalP 6.0 Tat/SPI and Tat/SPII predictions were merged into the Tat/SPI-
related class. Cleavage-site accuracy was calculated only for true-positive signal peptide predictions 
of the corresponding class. Values are shown as fractions, with 1.0 corresponding to 100% perfor-
mance. 

The overall comparison of cleavage-site localization also favored PRED-TMSdeep. 
As shown in Table 1, the method achieved the highest overall top-1 cleavage-site accuracy, 
reaching 89.2%; the corresponding bootstrap confidence interval was [87.4, 90.9]. The cor-
responding point estimates were 84.7% for TMbed and 86.2% for SignalP 6.0, with boot-
strap confidence intervals of [82.5, 87.5] and [84.3, 88.1], respectively. A similar trend was 
observed for top-3 accuracy, where PRED-TMSdeep reached 93.8% [92.4, 95.2], compared 
with 92.3% [90.0, 94.5] for TMbed and 91.8% [90.2, 93.4] for SignalP 6.0. These bootstrap 
intervals indicate that the overall cleavage-site estimates are stable, although modest dif-
ferences between methods should be interpreted cautiously because the intervals quantify 
uncertainty for each method separately rather than formal paired statistical significance. 
Thus, explicit signal peptide class modeling improved the overall localization of cleavage 
positions while preserving strong detection performance. 
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Table 1. Signal peptide prediction performance and cleavage-site localization. 

Type Model FPR Recall 
Top-k Cleavage Site Accuracy 

(k = 1) 
Top-k Cleavage Site Accuracy 

(k = 3) 

OVERALL 
(1234 vs. 5059) 

PRED-TMSdeep 0.001 0.987 0.892 0.938 
TMbed 0.001 0.988  0.847 0.923 

SignalP 6.0 0.002 0.972 0.862 0.918 

Sec/SPI (881) 
PRED-TMSdeep 0.006 0.98 0.905 0.95 

SignalP 6.0 0.007 0.931 0.884 0.945 

Sec/SPII (293) 
PRED-TMSdeep 0.001 0.911 0.97 0.981 

SignalP 6.0 0.005 0.898 0.954 0.958 

Tat/SPI (60) 
PRED-TMSdeep 0.0 0.883 0.642 0.849 

SignalP 6.0 0.0 0.883 0.849 0.925 
Results are reported on the common subset of proteins available for all compared methods. The 
signal peptide evaluation set contained 1234 SP-positive and 5059 non-SP proteins; class-specific 
counts are shown in parentheses. Class-specific cleavage-site accuracy was calculated only for true-
positive predictions of the corresponding signal peptide class. 

A more detailed class-specific comparison is provided in Table 1, with the corre-
sponding 95% bootstrap confidence intervals reported in Supplementary Table S1. For 
Sec/SPI signal peptides, PRED-TMSdeep showed higher recall than SignalP 6.0, achieving 
98.0% compared with 93.1%. The corresponding bootstrap intervals, 97.0–98.9% and 91.3–
94.7%, respectively, support a robust improvement in Sec/SPI sensitivity. The difference 
in top-1 cleavage-site accuracy was smaller, 90.5% versus 88.4%, and should be inter-
preted more cautiously because the corresponding intervals partially overlap. 

For Sec/SPII signal peptides, PRED-TMSdeep showed favorable point estimates for 
recall, false positive rate, and cleavage-site localization in Table 1. However, the confi-
dence intervals reported in Supplementary Table S1 indicate that several of these differ-
ences should not be overinterpreted. 

For Tat/SPI signal peptides, both methods achieved identical recall, whereas SignalP 
6.0 showed higher cleavage-site accuracy. The wider Tat/SPI intervals in Supplementary 
Table S1 reflect the small number of Tat/SPI proteins. Therefore, the higher overall cleav-
age-site localization observed for PRED-TMSdeep mainly reflects strong Sec/SPI perfor-
mance, with favorable point estimates for Sec/SPII, whereas Tat/SPI remains the main 
class-specific limitation. 

Overall, these results show that PRED-TMSdeep provides a favorable balance be-
tween signal peptide classification and cleavage-site localization within a unified topol-
ogy-prediction framework. The method was particularly strong for Sec/SPI and Sec/SPII 
prediction, while Tat/SPI remained the most challenging signal peptide class. 

3.2. Protein Classification Performance 

Our method preserves the strong protein-level classification performance of TMbed 
while operating on an expanded dataset. Our updated dataset includes 718 alpha-helical 
TMPs, 82 beta-barrel TMPs, and 6293 non-transmembrane proteins, compared to 593, 65, 
and 5654, respectively, in TMbed. Classification accuracy remains stable across all three 
classes, with recall and false positive rates (FPR) of 0.985/0.004 for alpha-helical TMPs, 
0.939/0.007 for beta-barrel TMPs, and 0.988/0.018 for non-transmembrane proteins. 

3.3. Segment-Level Prediction Performance 

We report segment-level results for both alpha-helical and beta-barrel TMPs. For 
each class, (i) this work was evaluated on the full dataset, and (ii) a direct comparison with 
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TMbed and DeepTMHMM 1.0 was performed on the subset of proteins common to each 
pair of methods. 

On the full alpha-helical dataset (718 proteins), our method attains SOV = 0.924 [0.909, 
0.939], Q3 = 0.886 [0.871, 0.899], correct topology = 0.829 [0.797, 0.859], correct number of 
TM segments = 0.884 [0.857, 0.909], precision = 0.89 [0.874, 0.905] and recall = 0.914 [0.902, 
0.926]. On the full beta-barrel dataset (82 proteins), PRED-TMSdeep reached SOV = 0.962 
[0.927, 0.988], Q3 = 0.926 [0.901, 0.946], correct topology = 0.900 [0.820, 0.967], correct num-
ber of TM segments = 0.917 [0.840, 0.982], precision = 0.955 [0.919, 0.983], and recall = 0.938 
[0.889, 0.977]. These confidence intervals show that the topology estimates are generally 
stable, especially for the larger alpha-helical dataset. As expected, the beta-barrel intervals 
are wider because this subset contains only 82 proteins. Therefore, the beta-barrel results 
should be interpreted with appropriate caution, but they nevertheless indicate that PRED-
TMSdeep maintains strong segment-level topology performance on both alpha-helical 
and beta-barrel TMPs. 

For a direct comparison with existing methods, Figure 5 summarizes the segment-
level performance on the common subsets of proteins. For alpha-TMPs, Figure 5a shows 
that our method performs better in Q3 and slightly better in recall, whereas TMbed per-
forms better in predicting the correct number of transmembrane segments and also shows 
slightly higher precision. This indicates a trade-off in the alpha-helical subset: PRED-
TMSdeep shows stronger residue-level agreement, as reflected by Q3, whereas TMbed 
more often recovers the exact number of transmembrane segments. For beta-TMPs, Figure 
5b shows that our method performs better in Q3 and in predicting the correct number of 
segments, while TMbed achieves slightly higher precision and recall. The additional 
DeepTMHMM 1.0 comparison is shown in Figure 5c,d. For alpha-TMPs, Figure 5c shows 
that PRED-TMSdeep performs better in Q3, precision, and recall, whereas DeepTMHMM 
1.0 performs better in predicting the correct number of transmembrane segments. For 
beta-TMPs, Figure 5d shows that PRED-TMSdeep performs better in Q3 and in predicting 
the correct number of segments, while DeepTMHMM 1.0 achieves slightly higher preci-
sion and recall. 

Overall, these results show that the proposed method remains competitive with 
TMbed and DeepTMHMM 1.0 and preserves its strong segment-level performance, while 
improving selected metrics depending on the protein class. 

  
(a) (b) 
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Figure 5. Segment-level comparison of PRED-TMSdeep with TMbed and DeepTMHMM 1.0 on 
paired common subsets. (a,b) Comparison with TMbed on 329 α-helical and 48 β-barrel proteins. 
(c,d) Comparison with DeepTMHMM 1.0 on 188 α-helical and 48 β-barrel proteins. Metrics are Q3, 
correct number of transmembrane segments, precision, and recall. Values are shown as fractions, 
with 1.0 corresponding to 100% performance. 

3.4. Evaluation on Lower-Confidence Transmembrane Segments 

We further evaluated the final ensemble model on a lower-confidence test set of 
transmembrane segments excluded from training because of annotation disagreement be-
tween OPM and PDBTM, as summarized in Table 2. These segments were labeled as U 
and were not used during model development. The ensemble output was obtained by 
averaging predictions across the five outer-fold models. Precision and recall were com-
puted using the same strict criteria as above, and recall was also evaluated under a relaxed 
overlap criterion, where any overlap with the reference segment (IoU > 0) was considered 
correct, to account for annotation uncertainty. 

Table 2. Performance on transmembrane segments excluded from training due to OPM–PDBTM 
disagreement. 

Type Precision Recall Recall (IoU > 0) 
alpha-TMPs 0.882 0.852 0.981 (206/210) 
beta-TMPs 0.889 0.842 0.947 (18/19) 

4. Discussion 
Accurate annotation of membrane and secreted proteins requires resolving several 

prediction tasks, including transmembrane topology, signal peptide detection, signal pep-
tide type classification, and cleavage-site localization. Existing methods generally address 
only part of this problem. Topology predictors such as TMbed provide strong membrane-
protein annotation at the protein and segment levels but typically treat signal peptides as 
a single generic category. In contrast, signal peptide predictors such as SignalP distinguish 
among secretion signal types without reconstructing full transmembrane topology. The 
results presented here show that PRED-TMSdeep helps bridge this gap by combining both 
tasks within a single framework and producing more complete whole-protein annota-
tions. The practical gain over previous approaches is therefore not uniform superiority 
across all metrics, but the ability to provide explicit signal peptide type classification to-
gether with competitive transmembrane topology prediction in a single residue-level an-
notation pipeline. 

A central finding of this study is that explicit modeling of signal peptide classes im-
proves signal peptide prediction performance, particularly for the Sec/SPI and Sec/SPII 
classes. In the comparative analysis, PRED-TMSdeep achieved higher recall for these 
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classes while maintaining low false positive rates, indicating that the gain in sensitivity 
was not obtained at the expense of reduced specificity. The confidence intervals added in 
the revised analysis further support the stability of these trends, although modest class-
specific differences should be interpreted cautiously when intervals overlap. This sup-
ports the view that biologically distinct signal peptide types should be modeled separately 
rather than merged into a single signal peptide label. Such class-aware modeling appears 
to help the network capture type-specific sequence characteristics, especially in the N-
terminal region, where signal peptides and transmembrane helices may otherwise be eas-
ily confused. 

The cleavage-site localization results further refine the interpretation of the model�s 
strengths. PRED-TMSdeep achieved the highest overall top-1 and top-3 cleavage-site ac-
curacy among the compared methods. However, this overall advantage was not uniform 
across all signal peptide classes. The strongest gains were observed for the predominant 
Sec/SPI class, with additional favorable point estimates for Sec/SPII, whereas SignalP 6.0 
performed better for Tat/SPI cleavage-site localization. For Sec/SPII, PRED-TMSdeep 
showed favorable point estimates for recall, false positive rate, and cleavage-site localiza-
tion, although several confidence intervals overlapped and therefore these differences 
should not be overinterpreted. This pattern is important because it shows that the pro-
posed method improves overall cleavage-site prediction without uniformly dominating 
at the class level. In practice, the overall improvement remains meaningful because 
Sec/SPI sequences constitute the largest fraction of the signal peptide data, but the class-
specific differences also indicate where further model refinement is needed. This was par-
ticularly evident for Tat/SPI, for which we therefore performed an additional class-specific 
error analysis. 

At the transmembrane topology level, PRED-TMSdeep preserved strong perfor-
mance while expanding the output space to include multiple signal peptide classes. The 
comparison with TMbed and DeepTMHMM 1.0 showed that topology performance was 
competitive but metric-dependent, with some metrics favoring PRED-TMSdeep and oth-
ers favoring the baseline methods. Therefore, we do not interpret the topology results as 
evidence of uniform superiority over existing topology predictors. Rather, they indicate 
that the proposed extensions preserve strong topology performance while enabling ex-
plicit signal peptide class prediction and cleavage-site localization within the same frame-
work. This is an important result because it indicates that improved signal peptide mod-
eling can be achieved without sacrificing membrane-topology prediction quality. The pro-
posed two-step decoding strategy likely contributes to this balance. By first identifying 
structured regions under relaxed constraints and then resolving global topology under 
stricter biological rules, the method can preserve confident local predictions while still 
enforcing topological consistency at the whole-protein level. In addition, the use of class-
specific empirical length constraints in the decoding graph improves biological plausibil-
ity and allows the decoder to better reflect the differing sequence characteristics of α-hel-
ical segments, β-barrel strands, and distinct signal peptide classes. 

Another strength of the present framework is the use of a high-confidence dataset 
derived from agreement between OPM and PDBTM. Membrane protein annotations are 
often affected by uncertainty in segment boundaries, and such uncertainty can negatively 
affect model training and evaluation. By training on regions supported by agreement be-
tween two structural annotation resources and reserving lower-confidence segments for 
separate evaluation, the present study reduces annotation noise during model develop-
ment while still assessing robustness on more ambiguous cases. This design increases con-
fidence that the observed performance is not simply an artifact of inconsistent training 
labels. 
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From a practical perspective, the availability of PRED-TMSdeep as both a web server 
and a batch command-line tool increases its utility for different use scenarios. The web 
server facilitates interactive analysis of individual proteins, whereas the command-line 
implementation supports large-scale annotation and integration into automated compu-
tational workflows. In addition, the possibility of incorporating prior topological infor-
mation in the web server implementation may be useful in expert-guided analyses where 
partial experimental or biological knowledge is available. 

Several limitations should also be acknowledged. First, although PRED-TMSdeep ex-
plicitly models three biologically important signal peptide classes, namely Sec/SPI, 
Sec/SPII, and Tat/SPI, it does not yet cover the full five-class signal peptide scheme sup-
ported by SignalP 6.0, which additionally includes Tat/SPII and Sec/SPIII. Thus, while the 
method improves unified topology and signal peptide annotation for the classes consid-
ered here, it does not yet provide a complete solution for the full range of currently rec-
ognized signal peptide types. 

Second, performance was not uniform across all signal peptide classes, with Tat/SPI 
cleavage-site localization remaining the clearest class-specific limitation. To investigate 
this further, we performed an additional Tat/SPI-specific error analysis. The lower Tat/SPI 
accuracy appears to be driven primarily by the limited number of Tat-related training 
examples. In the available SignalP training dataset, we counted 398 Tat sequences, 
whereas our Tat-related set contained only 60 T-labelled sequences. Thus, in each five-
fold split, each model was trained on approximately 48 Tat-related examples and evalu-
ated on approximately 12. This limited number likely restricts the ability of the CNN to 
learn robust Tat-specific cleavage patterns. This interpretation is also consistent with the 
fact that the same decoding framework performs substantially better for the better-repre-
sented Sec/SPI and Sec/SPII classes. 

The reduced Tat/SPI cleavage-site accuracy was not mainly explained by systematic 
confusion with Sec/SPI. Among the 60 T-labelled sequences, 53 were predicted as Tat/SPI 
and 7 as Sec/SPI. Moreover, class-specific cleavage-site accuracy was calculated only for 
sequences predicted as the corresponding class; therefore, Tat/SPI sequences predicted as 
Sec/SPI affected Tat/SPI recall but were not included in the Tat/SPI cleavage-site accuracy 
calculation. Motif-level analysis further showed that rare or non-canonical cleavage-re-
gion motifs were more difficult but did not account for all errors. Among the 60 T-labelled 
sequences, 38 had AxA-like motifs, 6 had LxG-like motifs, 4 had VxA-like motifs, and 12 
had rare or non-canonical motifs. Rare motifs had 5/12 correct predictions within one res-
idue of the annotated cleavage site, whereas AxA-like motifs had 30/38 correct predic-
tions. 

The decoder may also contribute indirectly, not because it is different for Tat/SPI, but 
because it does not explicitly encode motif- or subregion-specific states for any signal pep-
tide class. The Tat/SPI prediction therefore depends on the CNN posterior probabilities 
together with the allowed signal peptide length range. Since Tat-related examples are 
scarce, the model may not learn Tat-specific boundary patterns as robustly as for the bet-
ter-represented signal peptide classes. Future improvements may therefore include in-
creasing the number of Tat/SPI training examples, data augmentation for underrepre-
sented Tat motifs, class- or motif-aware loss weighting, and extending the decoder with 
Tat-specific subregion or motif-aware states. 

Overall, the present results show that joint modeling of transmembrane topology and 
explicit signal peptide classes is both feasible and beneficial. PRED-TMSdeep improves 
the completeness of protein sequence annotation by integrating topology prediction, sig-
nal peptide classification, and cleavage-site localization within a single biologically con-
strained framework, while maintaining strong performance in transmembrane protein 
prediction. 
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5. Conclusions 
We developed PRED-TMSdeep, a deep learning framework for the joint prediction 

of transmembrane topology and signal peptide type in both α-helical and β-barrel pro-
teins. By explicitly distinguishing Sec/SPI, Sec/SPII, and Tat/SPI signal peptides and com-
bining residue-level posterior prediction with a biologically constrained two-step decod-
ing strategy, the method provides more complete whole-protein annotations than ap-
proaches that address only topology or only signal peptide classification. 

The results show that PRED-TMSdeep preserves strong transmembrane segment and 
protein-level prediction performance while extending topology prediction to explicit 
multi-class signal peptide annotation. For signal peptides, PRED-TMSdeep achieved the 
highest overall top-1 and top-3 cleavage-site localization estimates among the compared 
methods, mainly reflecting strong performance on the predominant Sec/SPI class and fa-
vorable point estimates for Sec/SPII. However, performance was not uniform across all 
signal peptide classes, and Tat/SPI cleavage-site localization remained weaker than that 
of SignalP 6.0. 

Overall, these findings support the value of unified modeling for membrane and se-
creted protein annotation, while also indicating that some class-specific cases, particularly 
Tat/SPI, require further refinement. PRED-TMSdeep therefore offers a practical frame-
work for routine annotation and large-scale analysis, with competitive topology perfor-
mance and expanded signal peptide classification within a single prediction pipeline. The 
availability of the method as both a web server and a batch command-line tool further 
supports its use in proteome-wide studies and reproducible computational workflows. 
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The following abbreviations are used in this manuscript: 

TMP Transmembrane protein 
TM Transmembrane 
SP Signal peptide 
PDB Protein Data Bank 
OPM Orientation of Proteins in Membranes 
PDBTM Protein Data Bank of Transmembrane Proteins 
HMM Hidden Markov model 
CNN Convolutional neural network 
IoU Intersection over union 
SIFTS Structure Integration with Function, Taxonomy and Sequences 
SOV Segment overlap 
Q3 Three-state residue-level accuracy 
FPR False-positive rate 
Sec Secretory pathway 
Tat Twin-arginine translocation 
Sec/SPI Secretory pathway/signal peptidase I 
Sec/SPII Secretory pathway/signal peptidase II 
Tat/SPI Twin-arginine translocation/signal peptidase I 
α-helical alpha-helical 
β-barrel beta-barrel 
non-TM Non-transmembrane 

References 
1. Alberts, B. (Ed.) Molecular Biology of the Cell, 3rd ed.; Garland Pub: New York, NY, USA, 1994. 
2. Tsirigos, K.D.; Govindarajan, S.; Bassot, C.; Västermark, Å.; Lamb, J.; Shu, N.; Elofsson, A. Topology of membrane proteins—

Predictions, limitations and variations. Curr. Opin. Struct. Biol. 2018, 50, 9–17. https://doi.org/10.1016/j.sbi.2017.10.003. 
3. Lomize, A.L.; Pogozheva, I.D.; Lomize, M.A.; Mosberg, H.I. Positioning of proteins in membranes: A computational approach. 

Protein Sci. 2006, 15, 1318–1333. https://doi.org/10.1110/ps.062126106. 
4. Lomize, A.L.; Pogozheva, I.D.; Mosberg, H.I. Anisotropic Solvent Model of the Lipid Bilayer. 2. Energetics of Insertion of Small 

Molecules, Peptides, and Proteins in Membranes. J. Chem. Inf. Model. 2011, 51, 930–946. https://doi.org/10.1021/ci200020k. 
5. Lomize, A.L.; Todd, S.C.; Pogozheva, I.D. Spatial arrangement of proteins in planar and curved membranes by PPM 3.0. Protein 

Sci. 2022, 31, 209–220. https://doi.org/10.1002/pro.4219. 
6. Tusnády, G.E.; Dosztányi, Z.; Simon, I. TMDET: Web server for detecting transmembrane regions of proteins by using their 3D 

coordinates. Bioinformatics 2005, 21, 1276–1277. https://doi.org/10.1093/bioinformatics/bti121. 
7. Feng, S.-H.; Zhang, W.-X.; Yang, J.; Yang, Y.; Shen, H.-B. Topology Prediction Improvement of α-helical Transmembrane Pro-

teins Through Helix-tail Modeling and Multiscale Deep Learning Fusion. J. Mol. Biol. 2020, 432, 1279–1296. 
https://doi.org/10.1016/j.jmb.2019.12.007. 

8. Berman, H.M.; Battistuz, T.; Bhat, T.N.; Bluhm, W.F.; Bourne, P.E.; Burkhardt, K.; Feng, Z.; Gilliland, G.L.; Iype, L.; Jain, S.; et al. 
The Protein Data Bank. Acta Crystallogr. D Biol. Crystallogr. 2002, 58, 899–907. https://doi.org/10.1107/s0907444902003451. 

9. Claros, M.G.; Heijne, G.V. TopPred II: An improved software for membrane protein structure predictions. Bioinformatics 1994, 
10, 685–686. https://doi.org/10.1093/bioinformatics/10.6.685. 

10. Krogh, A.; Larsson, B.; Von Heijne, G.; Sonnhammer, E.L.L. Predicting transmembrane protein topology with a hidden markov 
model: Application to complete genomes. J. Mol. Biol. 2001, 305, 567–580. https://doi.org/10.1006/jmbi.2000.4315. 



Biology 2026, 15, 1016 20 of 21 
 

https://doi.org/10.3390/biology15131016 

11. Tusnády, G.E.; Simon, I. The HMMTOP transmembrane topology prediction server. Bioinformatics 2001, 17, 849–850. 
https://doi.org/10.1093/bioinformatics/17.9.849. 

12. Bagos, P.G.; Liakopoulos, T.D.; Spyropoulos, I.C.; Hamodrakas, S.J. PRED-TMBB: A web server for predicting the topology of 
β-barrel outer membrane proteins. Nucleic Acids Res. 2004, 32, W400–W404. https://doi.org/10.1093/nar/gkh417. 

13. Kall, L.; Krogh, A.; Sonnhammer, E.L.L. Advantages of combined transmembrane topology and signal peptide prediction—The 
Phobius web server. Nucleic Acids Res. 2007, 35, W429–W432. https://doi.org/10.1093/nar/gkm256. 

14. Viklund, H.; Bernsel, A.; Skwark, M.; Elofsson, A. SPOCTOPUS: A combined predictor of signal peptides and membrane protein 
topology. Bioinformatics 2008, 24, 2928–2929. https://doi.org/10.1093/bioinformatics/btn550. 

15. Tsirigos, K.D.; Peters, C.; Shu, N.; Käll, L.; Elofsson, A. The TOPCONS web server for consensus prediction of membrane protein 
topology and signal peptides. Nucleic Acids Res 2015, 43, W401–W407. https://doi.org/10.1093/nar/gkv485. 

16. Bagos, P.G.; Tsirigos, K.D.; Liakopoulos, T.D.; Hamodrakas, S.J. Prediction of Lipoprotein Signal Peptides in Gram-Positive 
Bacteria with a Hidden Markov Model. J. Proteome Res. 2008, 7, 5082–5093. https://doi.org/10.1021/pr800162c. 

17. Bendtsen, J.D.; Nielsen, H.; Widdick, D.; Palmer, T.; Brunak, S. Prediction of twin-arginine signal peptides. BMC Bioinform. 2005, 
6, 167. https://doi.org/10.1186/1471-2105-6-167. 

18. Bagos, P.G.; Nikolaou, E.P.; Liakopoulos, T.D.; Tsirigos, K.D. Combined prediction of Tat and Sec signal peptides with hidden 
Markov models. Bioinformatics 2010, 26, 2811–2817. https://doi.org/10.1093/bioinformatics/btq530. 

19. Hallgren, J.; Tsirigos, K.D.; Pedersen, M.D.; Almagro Armenteros, J.J.; Marcatili, P.; Nielsen, H.; Krogh, A.; Winther, O. 
DeepTMHMM predicts alpha and beta transmembrane proteins using deep neural networks. bioRxiv 2022, 
https://doi.org/10.1101/2022.04.08.487609. 

20. Bernhofer, M.; Rost, B. TMbed: Transmembrane proteins predicted through language model embeddings. BMC Bioinform. 2022, 
23, 326. https://doi.org/10.1186/s12859-022-04873-x. 

21. Bendtsen, J.D.; Nielsen, H.; Von Heijne, G.; Brunak, S. Improved Prediction of Signal Peptides: SignalP 3.0. J. Mol. Biol. 2004, 
340, 783–795. https://doi.org/10.1016/j.jmb.2004.05.028. 

22. Armenteros, J.J.A.; Tsirigos, K.D.; Sønderby, C.K.; Petersen, T.N.; Winther, O.; Brunak, S.; Von Heijne, G.; Nielsen, H. SignalP 
5.0 improves signal peptide predictions using deep neural networks. Nat. Biotechnol. 2019, 37, 420–423. 
https://doi.org/10.1038/s41587-019-0036-z. 

23. Teufel, F.; Armenteros, J.J.A.; Johansen, A.R.; Gíslason, M.H.; Pihl, S.I.; Tsirigos, K.D.; Winther, O.; Brunak, S.; von Heijne, G.; 
Nielsen, H. SignalP 6.0 predicts all five types of signal peptides using protein language models. Nat. Biotechnol. 2022, 40, 1023–
1025. https://doi.org/10.1038/s41587-021-01156-3. 

24. Lomize, M.A.; Pogozheva, I.D.; Joo, H.; Mosberg, H.I.; Lomize, A.L. OPM database and PPM web server: Resources for 
positioning of proteins in membranes. Nucleic Acids Res. 2012, 40, D370–D376. https://doi.org/10.1093/nar/gkr703. 

25. Kozma, D.; Simon, I.; Tusnády, G.E. PDBTM: Protein Data Bank of transmembrane proteins after 8 years. Nucleic Acids Res. 
2012, 41, D524–D529. https://doi.org/10.1093/nar/gks1169. 

26. Fariselli, P.; Martelli, P.L.; Casadio, R. A new decoding algorithm for hidden Markov models improves the prediction of the 
topology of all-beta membrane proteins. BMC Bioinform. 2005, 6, S12. https://doi.org/10.1186/1471-2105-6-S4-S12. 

27. The UniProt Consortium. UniProt: The universal protein knowledgebase in 2021. Nucleic Acids Res. 2021, 49, D480–D489. 
https://doi.org/10.1093/nar/gkaa1100. 

28. Velankar, S.; Dana, J.M.; Jacobsen, J.; van Ginkel, G.; Gane, P.J.; Luo, J.; Oldfield, T.J.; O�dOnovan, C.; Martin, M.-J.; Kleywegt, 
G.J. SIFTS: Structure Integration with Function, Taxonomy and Sequences resource. Nucleic Acids Res. 2012, 41, D483–D489. 
https://doi.org/10.1093/nar/gks1258. 

29. Dana, J.M.; Gutmanas, A.; Tyagi, N.; Qi, G.; O�dOnovan, C.; Martin, M.; Velankar, S. SIFTS: Updated Structure Integration with 
Function, Taxonomy and Sequences resource allows 40-fold increase in coverage of structure-based annotations for proteins. 
Nucleic Acids Res. 2019, 47, D482–D489. https://doi.org/10.1093/nar/gky1114. 

30. Li, W.; Godzik, A. Cd-hit: A fast program for clustering and comparing large sets of protein or nucleotide sequences. 
Bioinformatics 2006, 22, 1658–1659. https://doi.org/10.1093/bioinformatics/btl158. 

31. Fu, L.; Niu, B.; Zhu, Z.; Wu, S.; Li, W. CD-HIT: Accelerated for clustering the next-generation sequencing data. Bioinformatics 
2012, 28, 3150–3152. https://doi.org/10.1093/bioinformatics/bts565. 

32. Loshchilov, I.; Hutter, F. Decoupled Weight Decay Regularization. arXiv 2017, https://doi.org/10.48550/ARXIV.1711.05101. 
33. Bagos, P.G.; Liakopoulos, T.D.; Hamodrakas, S.J. Algorithms for incorporating prior topological information in HMMs: 

Application to transmembrane proteins. BMC Bioinform. 2006, 7, 189. https://doi.org/10.1186/1471-2105-7-189. 



Biology 2026, 15, 1016 21 of 21 
 

https://doi.org/10.3390/biology15131016 

34. Zemla, A.; Venclovas, E.; Fidelis, K.; Rost, B. A modified definition of Sov, a segment-based measure for protein secondary 
structure prediction assessment. Proteins 1999, 34, 220–223. https://doi.org/10.1002/(sici)1097-0134(19990201)34:2<220::aid-
prot7>3.0.co;2-k. 

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual 
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury 
to people or property resulting from any ideas, methods, instructions or products referred to in the content. 


