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Abstract 11 

Reliable prediction of protein temperature adaptation can facilitate enzyme discovery and 12 

engineering. However, most existing AI-based methods rely on a single protein language model and 13 

inadequately capture sequence patterns across temperature-adaptation classes. Here, we developed 14 

PTAC, a dual-path feature-fusion framework that formulates temperature adaptation as a three-class 15 

classification task through integrating a general protein language model ProtT5 and a temperature-16 

related encoder ProPrime. On the benchmark datasets, PTAC achieved an overall accuracy of 94.9% 17 

and substantially improved recognition of the under-represented psychrophilic class, boosting F1 score 18 

to 93.3%, significantly outperforming the reported methods (70.7%). PTAC exhibits strong 19 

generalization across remotely homologous and previously unseen sequences, as well as across distinct 20 

protein property prediction tasks, maintaining an accuracy of over 80% for halophilic and acidophilic 21 

proteins. Interpretability analyses identified sequence features associated with temperature adaptation 22 

and deepened our understanding of environmental adaptation mechanisms. Moreover, PTAC achieved 23 

92.0% average accuracy in a practical secreted-protein screening scenario. These results establish PTAC 24 

as an effective computational framework for screening temperature-adaptive proteins and mining target 25 

enzymes. 26 

 27 
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1. Introduction 30 

The temperature range over which enzymes remain active largely determines their value in 31 

environmental and industrial contexts [1]. For example, psychrophilic enzymes serve low-temperature 32 

bioprocesses including cold laundry detergents and cold food treatment [2]. Thermophilic enzymes 33 

maintain activity at high temperatures and are widely used in starch liquefaction, biorefinery and high-34 

temperature biocatalysis to accelerate reactions and minimize microbial contamination[3], whereas 35 

mesophilic enzymes dominate conventional biomanufacturing for food additives and pharmaceutical 36 

biosynthesis under mild ambient conditions [4,5]. Therefore, rapid and accurate assessment of protein 37 

temperature adaptability is important for enzyme discovery and engineering. However, determining 38 

temperature adaptability still largely relies on labor-intensive and low-throughput experiments, which 39 

limits the large-scale identification of target enzymes from the rapidly expanding protein sequence 40 

databases [6]. 41 

These limitations have motivated the development of computational approaches for rapid 42 

prediction and screening of temperature-adaptive proteins. Early strategies relied mainly on handcrafted 43 

features. For example, Wang et al. combined these features with kernel principal component analysis 44 

(KPCA) with support vector machines (SVM) to predict thermophilic proteins [7]. Subsequently, deep 45 

learning methods were employed to automatically extract hidden features from protein sequences. For 46 

instance, DeepTP combined deep learning architectures with physicochemical descriptors to classify 47 

thermophilic proteins [8]. With the rapid development of pretrained protein language models (PLMs), 48 

Lv et al. proposed the PTSP-BERT, which uses BERT-bfd features to classify thermophilic, mesophilic, 49 

and psychrophilic proteins [9]. Peng et al. constructed ESM-PsyPred, which uses ESM-2 to extract deep 50 

semantic representations of protein sequences and uses a SVM for temperature classification [10]. These 51 

studies show that PLMs capture deep sequence information that traditional handcrafted features are 52 

unable to represent, thereby providing a more informative feature base for complex protein classification 53 

tasks. 54 

Although significant advancements have been made in predicting protein temperature adaptation, 55 

existing methods still suffer from certain limitations. First, the accuracy of existing three-class models 56 

that simultaneously distinguish psychrophilic, mesophilic, and thermophilic proteins remain limited, 57 
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which are mostly maintained between 80%-90% [9,10], leaving room for improvement. Second, the 58 

ability of current models to identify psychrophilic proteins remains limited, with an F1 of only 70.68% 59 

[9]. Finally, most existing models provide limited interpretability for three-class temperature 60 

classification and fail to identify the sequence features underlying temperature adaptation. 61 

To address these limitations, we developed a three-class Protein Temperature-Adaptation Classifier 62 

(PTAC) by integrating the sequence representation from ProtT5 and ProPrime, followed by a 63 

bidirectional gated recurrent unit (BiGRU) and MLP classifier for three-class prediction of thermophilic, 64 

mesophilic, and psychrophilic proteins. Notably, PTAC achieved an overall accuracy of 94.9% on the 65 

independent test set and substantially improved psychrophilic protein prediction, with the F1 increasing 66 

from 70.7% to 93.3%. Furthermore, interpretability analysis identified temperature-adaptation features 67 

in the three protein classes consistent with previous reports, while candidate protein mining simulations 68 

evaluated the model’s applicability to large-scale screening. Overall, these results highlight PTAC as a 69 

robust and practical computational tool for large-scale screening of temperature-adaptive enzymes from 70 

genomic and metagenomic data. 71 

 72 

2. Materials and methods 73 

2.1 Dataset preparation 74 

To develop a three-class temperature adaptation model for psychrophilic, mesophilic, and 75 

thermophilic proteins, we used a previously reported protein temperature adaptation dataset [11], 76 

following its original data curation and partitioning procedures. The final dataset contains 2,400 77 

sequences, and labels were defined as 0, 1, and 2 for mesophilic, thermophilic, and psychrophilic, 78 

respectively. The dataset was divided into training (1,920 sequences) and test (480 sequences) sets in a 79 

4:1 ratio. For model input, sequences were limited to a maximum of 1,024 residues, with longer 80 

sequences truncated, shorter sequences padded, and attention masks applied. 81 

For transfer evaluation, the halophilic task employed the dataset from HPClas [12]. For pH 82 

adaptation classification, we constructed an internal pHmin[13] dataset using protein pH ranges 83 

annotations from BRENDA [14] and corresponding sequences from UniProt [15] and NCBI [16]. The 84 

lowest pH value was used as the sample label. A total of 77,671 sequences were collected. After filtering 85 
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for non-standard residues and sequences length (100 to 800 residues) followed by MMseqs2 [17] 86 

redundancy removal (80% coverage, 50% identity), 6,386 high-quality sequences were retained as the 87 

pHbre dataset (Fig. S1a). We found that extreme acidophilic proteins were scarce in this dataset, 88 

therefore, we try to supplement the insufficient data. We selected 11 acidophilic bacteria capable of 89 

growing at pH < 2 from BacDive [18] and obtained their complete NCBI proteomes (133,530 sequences). 90 

After SignalP 6.0 [19] and TMHMM 2.0 [20] filtering and subsequent sequence processing, 1,423 91 

secreted proteins were retained as pHbac dataset (Fig. S1a). A pH threshold of 5 was used to define 92 

positive and negative samples; samples with pH values below 5 were considered positive, whereas those 93 

with pH values above 5 were considered negative. For independent testing, 200 positive and 200 94 

negative samples were randomly selected from pHmin dataset. 95 

2.2 Model architecture  96 

PTAC consists of two pre-trained protein language models, ProtT5 [21] and ProPrime [22], 97 

followed by a feature fusion module, BiGRU [23], attention pooling, and an MLP classifier. 98 

2.2.1 ProtT5 embedding features 99 

ProtT5 [21] was used as a frozen feature extractor to generate residue-level representations from 100 

protein sequences. The model parameters were fixed during subsequent training. The hidden states of 101 

the last encoder layer were extracted to obtain residue-level features, yielding an (L×1,024) f eature  102 

matrix for each protein sequence, where L denotes the sequence length. 103 

2.2.2 ProPrime embedding features 104 

ProPrime [22] is a protein language model incorporating a pre-training objective related to the 105 

optimal growth temperature of microorganisms, providing sequence features related to protein 106 

temperature adaptation. In this study, all parameters of ProPrime were frozen, and the model was used 107 

only to extract residue-level features. For a protein sequence length (L), ProPrime outputs an (L×1,280) 108 

feature matrix, where 1,280 denotes the feature dimension generated for each residue position. 109 

To ensure consistent sequence positions for feature fusion, both ProtT5 and ProPrime used the same 110 

maximum sequence length (L) as input, with sequences truncated and padded accordingly. Their valid-111 

position masks were aligned to the same sequence positions, and their intersection was used to construct 112 

the fusion mask. After linear projection, the ProtT5 and ProPrime features were concatenated along the 113 
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feature dimension. Padding positions and other invalid positions were masked using a fusion mask 114 

during the subsequent attention pooling process. 115 

2.2.3 Dual-path token-level fusion and BiGRU encoding 116 

The core module of this study is a dual-language model token-level fusion structure followed by a 117 

BiGRU [23]. ProtT5 and ProPrime generate residue-level features with dimensions of 1,024 and 1,280, 118 

respectively. Two independent linear projection layers were therefore applied to map the two feature 119 

sets to a common 512-dimensional space. 120 

Then, the two projected feature sets are concatenated along the final feature dimension at the 121 

corresponding residue positions X=Concat(ZT5,ZPP). T he f used s equence f eature  (X)  was further 122 

input into a BiGRU to integrate forward and backward context information in the protein sequence. In 123 

this study, the number of hidden units in each unidirectional GRU was set to 256, and the forward and 124 

backward GRUs at the same residue position were concatenated along the feature dimension to obtain 125 

the BiGRU output HG=Concat (H→ , H←), w here  HG∈RB×L×512. T hus, e ach  residue position will 126 

eventually obtain a 512-dimensional bidirectional contextual representation that contains both upstream 127 

and downstream sequence information for that position. 128 

2.2.4 Attention pooling and MLP classifier 129 

The output of BiGRU remains a token-level representation. In this study, we calculated the mean 130 

activation value of each token vector as the attention score. The scores of all valid tokens were then 131 

normalized by softmax to obtain attention weights, with an attention mask was used to exclude padding 132 

positions from weight calculation. Finally, a global representation of the complete protein sequence was 133 

obtained by weighted summation of the BiGRU outputs for all valid tokens. 134 

This protein-level discriminative representation was then input into MLP classifier [24], which 135 

generated three output logits corresponding to mesophilic, thermophilic, and psychrophilic proteins. 136 

Softmax was applied to obtain the class probabilities, and the class with the highest probability was 137 

assigned as the final prediction. 138 

2.3 Model training 139 

The model was trained using five-fold stratified cross-validation, with shuffling and a random seed 140 
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of 42. The ProtT5 and ProPrime encoders were frozen, and only the linear projection layers, BiGRU, 141 

and MLP classifier were updated. The maximum length of the protein sequence input was set to 1,024, 142 

the batch size to 8, and the dropout rate to 0.3. Cross-entropy loss and the AdamW optimizer [25] were 143 

used, with the initial learning rate of (1×10-4) and weight -decay of (1×10-3). The l earning r ate was  144 

decayed to 0.5 of its previous value after two consecutive epochs without improvement in validation 145 

loss, with a minimum learning rate of (1×10-6). Early stopping was triggered after seven consecutive 146 

epochs without improvement, and the model with the lowest validation loss was saved. During the 147 

independent testing stage, the predicted probabilities of the five-fold models were averaged to obtain 148 

the final classification result. 149 

All experiments were conducted on an NVIDIA GeForce RTX 5090 GPU using Python 3.12.3, 150 

PyTorch 2.8.0, Transformers 4.44.2, and CUDA 12.8. The trainable fusion module contained 151 

approximately 3.54 million parameters. With FP16 precision and a batch size of 8, the end-to-end 152 

inference throughput of the five-fold ensemble model was 15.605 +/- 0.028 sequences/s. 153 

2.4 Baseline models and ablation experiments 154 

The baseline models tested included RF [26], DT [27], GBDT [28], LightGBM [29], XGBoost [30], 155 

CatBoost [31], KNN [32], Bayes [33], and MLP [24]. All baseline models used the same fused feature 156 

inputs, the same data partitioning, and the same evaluation metrics. Ablation experiments included 157 

single-model versus dual-model features, different pooling methods, a linear classifier and an MLP 158 

classifier, the presence or absence of BiGRU, and different optimization settings. All ablation 159 

experiments were conducted with the same training workflow. 160 

2.5 Evaluation metrics and visualization 161 

Model performance was evaluated using accuracy (ACC), sensitivity (SN), specificity (SP), 162 

precision (PRE), F1 score, Matthews correlation coefficient (MCC), macro-averaged area under the 163 

receiver operating characteristic curve (AUROC), and macro-averaged area under the precision–recall 164 

curve (AUPRC). For the three-class task, a one-versus-rest (OvR) strategy was used to calculate true 165 

positives (TP), true negatives (TN), false positives (FP), and false negatives (FN) for each class, 166 

followed by the calculation of class-level metrics and macro-average metrics. In addition, t-SNE [34] 167 

was applied to visualize the feature embeddings from different stages of the model as two-dimensional 168 



 8 

images. t-SNE was primarily used for exploratory visualization analysis and was not used as a 169 

quantitative basis for performance evaluation. 170 

2.6 Calculation of amino acid composition and physicochemical properties 171 

For each protein sequence, the frequency of 20 standard amino acids was calculated. According to 172 

their physicochemical properties, amino acids were divided into five classes: acidic (Asp, Glu), basic 173 

(Lys, Arg, His), polar (Ser, Thr, Asn, Gln), nonpolar (Ala, Val, Leu, Ile, Met, Phe, Trp, Pro, Gly), and 174 

aromatic (Phe, Trp, Tyr). The total proportion of each class was then calculated. 175 

At pH 7.0, the net charge of each protein was calculated using the Henderson-Hasselbalch equation. 176 

The charge calculation accounted for nine ionizable groups and their corresponding typical pKa values 177 

in the folded protein: basic groups—Lys (pKa 10.5), Arg (pKa 12.5), His (pKa 6.0), and the N-terminus 178 

(pKa 8.0)—and acidic groups—Asp (pKa 3.9), Glu (pKa 4.3), Cys (pKa 8.3), Tyr (pKa 10.1), and the C-179 

terminus (pKa 3.5). 180 

The protonation fraction of basic groups was calculated as: f= 1 (1+10pH-pKa)⁄ . 181 

The deprotonation fraction of acidic groups was calculated as: f= 1 (1+10pKa-pH)⁄ . 182 

The net charge was calculated by adding the positive and negative charges of all groups and then 183 

divided by the sequence length to obtain the normalized net charge ratio (%). 184 

2.7 Identification of secreted proteins from three strains 185 

The complete proteome sequences of all three strains were obtained from NCBI [16]. SignalP 6.0 186 

[19] was used to predict signal peptides, retaining sequences with signal peptides and removing the 187 

signal peptide fragments. TMHMM [20] was then used to remove proteins with obvious transmembrane 188 

regions, followed by removal of sequences with abnormal lengths or containing non-canonical amino 189 

acids, forming the Final Samples.  190 

 191 

3. Results and discussion 192 

3.1 Model architecture of PTAC 193 

Here, we developed PTAC by fusing two protein language models (PLMs), comprising protein 194 

sequence input, dual-protein language model feature-extraction, BiGRU-based feature fusion, and MLP 195 

classification (Fig. 1). ProtT5 and ProPrime provide complementary sequence representations. ProtT5 196 
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can generate informative embeddings to describe general protein structure, function, and evolution, and 197 

also can effectively capture global evolutionary semantics and long-range dependencies [21,35], 198 

whereas ProPrime is a temperature-aware protein language model in which Optimal Growth 199 

Temperature (OGT) serves as one of the core pre-training tasks [22]. Specifically, residue-level 200 

representations of protein sequences were firstly extracted from ProtT5 and ProPrime, respectively. The 201 

two representations are separately projected into a common feature space and then fused at 202 

corresponding sequence positions. The resulting representations are subsequently integrated by a 203 

BiGRU and summarized through attention pooling before being fed into the MLP classifier, forming the 204 

final PTAC model. 205 

 206 

 207 

Fig. 1. Model architecture of PTAC 208 

 209 

On the independent test set, PTAC achieved average performance values of 94.9% for accuracy 210 

(ACC), 94.8% for F1, and 92.5% for MCC. The F1 scores were 93.3%, 92.2%, and 98.9% for 211 

psychrophilic, mesophilic, and thermophilic proteins, respectively (Table S1). We rigorously compared 212 

PTAC with PTSP-BERT [9] under the same experimental setting. PTSP-BERT was retrained on the 213 
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training set used in this study, following the procedures described in the original publication, and 214 

evaluated on the same independent test set as PTAC (Table 1). PTAC improved ACC by 20.5% and 215 

MCC by 27.9% compared with PTSP-BERT. It also achieved higher F1, specificity (SP), AUROC, and 216 

AUPRC values. Notably, the model shows a more significant advantage in classifying psychrophilic 217 

proteins (Fig. S2), with precision increasing from 57.6% to 89.5% and F1 from 70.7% to 93.3%. This 218 

indicates that PTAC not only maintained strong performance in identifying thermophilic and mesophilic 219 

proteins, but also demonstrated superior discriminative ability for relatively less frequently mentioned 220 

psychrophilic protein class compared to existing methods. 221 

 222 

Table 1. Comparison between PTSP-BERT and PTAC 223 

Method ACC F1 MCC SP PRE AUROC AUPRC 

PTSP-BERT 74.4% 74.2% 64.5% 87.4% 80.8% 93.2% 88.5% 

PTAC 94.9% 94.8% 92.5% 95.0% 94.8% 99.2% 98.0% 

 224 

The improved performance of PTAC, especially for psychrophilic protein classification, can be 225 

attributed to the fusion of ProtT5 and ProPrime, which preserves general protein features while 226 

incorporating complementary temperature-related information. Similar multi-model fusion strategies 227 

have been validated in other protein prediction tasks. For example, Xia et al. proposed DeepSaltPro by 228 

fusing Ankh and ESM-2 embeddings to improve the prediction performance of halophilic protein [36], 229 

while Pokharel et al. integrated embeddings from Ankh, ESM-2, and ProtT5 for protein O-GlcNAc site 230 

prediction [37]. More recently, systematic benchmarking has shown that protein language model 231 

embedding fusion can exploit complementary information across models and improve performance 232 

across multiple protein-related tasks [38]. These findings support the use of complementary protein 233 

language model representations.  234 

3.2 Performance comparison of different language models and classifier 235 

Insufficient sample size of psychrophilic proteins in dataset [11] is a typical class imbalance 236 

challenge in protein temperature adaptation classification. Therefore, MCC and F1 were used as the 237 

primary evaluation metrics, with accuracy and precision reported as complementary measures [39,40]. 238 
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We first conducted a series of tests and comparisons on the different pre-trained PLMs. Using the 239 

VenusFactory [41] platform, we evaluated the feature extraction ability of representative PLMs. The 240 

comparative results of validation sets (Table S2) and independent test sets (Fig. 2a, Table S1) showed 241 

that the Prime [22], ProtTrans [21], and ESM [42] series models present relatively stable and excellent 242 

performance, maintaining high recognition accuracy across all three temperature classes, with precision 243 

and F1 scores exceeding 85% for each class (Fig. 2b). Among the evaluated models, our fused model 244 

PTAC outperform either model alone, with improvements of 7.5% or 3.0% in MCC and 5.0% or 2.0% 245 

in F1 compared with ProtT5 or ProPrime, respectively (Table S1). Notably, the fusion model PTAC also 246 

showed improved recognition of the under-represented psychrophilic class. Compared with ProtT5, 247 

PTAC improved the precision and F1 for psychrophilic proteins by 3.9% and 6.0%, respectively, while 248 

the corresponding improvements over ProPrime were 2.9% and 1.9% (Table S1, Fig. 2b). These results 249 

support the use of dual-PLM feature fusion to improve temperature-adaptation classification, 250 

particularly for the under-represented psychrophilic class. 251 

We next evaluated the downstream classifier using the fixed ProtT5-ProPrime fusion features. MLP 252 

was compared with eight commonly used classifiers, including XGBoost, CatBoost, Random Forest 253 

(RF), Gradient Boosting Decision Tree (GBDT), LightGBM, k-Nearest Neighbors (KNN), Naive Bayes 254 

(Bay), and Decision Tree (DT) [24,26–33], on the validation set using five-fold cross-validation. As 255 

shown in Fig. 2c, MLP achieved the highest MCC (91.9%) and F1 (94.3%), together with the smallest 256 

five-fold standard deviations (1.1% for MCC and 0.7% for F1) (Table S3). CatBoost and XGBoost 257 

perform second best, while simpler models such as Decision Trees perform substantially worse because 258 

they could not effectively capture the complex nonlinear relationships in the high-dimensional fusion 259 

features. These results indicate that MLP can more fully learn the high-dimensional continuous features 260 

generated by protein language models, therefore achieving better predictive performance than traditional 261 

machine-learning classifiers. 262 

 263 
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Fig. 2. Performance comparison of different protein language models and their downstream 264 

classifiers. (a) Overall performance heatmap of different protein language models on the independent 265 

test set. (b) Class-specific precision and F1 scores on the independent test set. (c) Performance 266 

comparison of different downstream classifiers based on the same fusion features (ProtT5 + ProPrime). 267 

The colored intervals above and below the lines represent the standard deviations of the five-fold cross-268 

validation. 269 

 270 

3.3 Model generalization of PTAC 271 

The generalization ability of PTAC was evaluated from two aspects: performance across different 272 
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sequence similarity and transferability to other protein adaptation prediction tasks. First, we divided the 273 

independent test set into seven subsets according to the sequence similarity between the training set and 274 

the independent test set. The seven subsets were separately input into PTAC to evaluate its performance 275 

(Fig. 3a-c, Table S4). The results showed that even in the low homology subset with only 20% homology, 276 

the model maintained excellent predictive performance, with an MCC of 89.7%, an F1 of 93.1%, and 277 

an accuracy of 93.3%. As the sequence similarity decreased, the model’s performance did not decline 278 

markedly; in the high homology subset with 80% similarity, the accuracy reached 100%. These results 279 

indicate that PTAC retained predictive performance across a wide range of sequence similarity, 280 

including distantly related sequences. 281 

 282 

 

Fig. 3. Generalization performance across sequence similarity intervals. The independent test set 283 

was divided into seven threshold intervals with sequence identity ranging from 20% to 80%, 284 

corresponding to sample sizes of 193, 58, 89, 76, 36, 21, and 7, respectively. The MCC (a), F1 (b), and 285 

accuracy (c) of the complete model were then evaluated. The error bars indicate the standard deviation 286 

of prediction performance on the independent test set of the five-fold cross-validation models.  287 

 288 

Then, the generalization ability of PTAC was further evaluated by predicting halophilic and 289 

acidophilic proteins. The core model architecture and pre-trained parameters were kept unchanged, with 290 

only the output classification head replaced by a binary classifier. The resulting models were fine-tuned 291 

on the corresponding task-specific datasets and evaluated on independent test sets. As shown in Table 292 

2, after transfer training on test set, PTAC achieved an ACC of 88.3% and an F1 of 88.3% on the 293 
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halophilic protein, and an ACC of 80.6% and an F1 of 80.3% on the acidophilic protein. These results 294 

demonstrate that PTAC retains strong predictive performance when transferred to other protein property 295 

prediction tasks beyond temperature adaptation. 296 

 297 

Table 2. Performance on prediction tasks of halophilic and acidophilic protein properties  298 

Function ACC F1 MCC SP PRE AUROC AUPRC 

Halophilic 88.3% 88.3% 76.7% 88.3% 88.4% 96.2% 96.4% 

Acidophilic 80.6% 80.3% 63.0% 80.6% 82.5% 90.4% 90.2% 

 299 

PTAC demonstrates strong generalization across remotely homologous and previously unseen 300 

sequences, as well as across distinct protein property prediction tasks, maintaining an accuracy of over 301 

80% for halophilic and acidophilic proteins. This finding is also consistent with the complementary roles 302 

of the two feature paths. ProPrime appears to capture more temperature-related information [22], 303 

contributing to its stronger performance on the main task. In contrast, ProtT5 provides more general 304 

protein sequence representations [21,35], which may complement ProPrime and support stable 305 

performance in transfer tasks such as halophilic and acidophilic protein classification. 306 

3.4 Model visualization and interpretability analysis 307 

To visually demonstrate the feature learning process of the model, we used t-SNE dimensionality 308 

reduction method [34] to sequentially visualize the features of ProtT5 [21,35], ProPrime [22], dual-path 309 

fusion, and MLP output [24] into two-dimensional images. In the features of a single PLM, the original 310 

ProtT5 embeddings (Fig. 4a) show significant overlap among the three protein classes. The original 311 

ProPrime embeddings (Fig. 4b) show modest improvement, with thermophilic proteins aggregating into 312 

a relatively separate cluster; however mesophilic and psychrophilic proteins continued to overlap 313 

extensively. By using complementary features from ProtT5 and ProPrime through a dual-path strategy, 314 

the separation between the three protein classes is significantly improved (Fig. 4c). Thermophilic 315 

proteins clustered completely independently, whereas mesophilic and psychrophilic proteins formed 316 

distinct core regions with minimal boundary overlap. This shows that multi-model fusion successfully 317 

combines the strengths of different PLMs. After the final nonlinear transformation of the MLP, the three 318 
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classes of temperature-adaptive protein samples formed three independent clusters with clear boundaries 319 

and compact internal structures (Fig. 4d). The visualization results confirm that the model progressively 320 

refines features at each stage, ultimately achieving effective feature discrimination for temperature 321 

adaptive proteins. 322 

To explore whether the model has learned a biologically meaningful discriminative pattern, we 323 

selected three proteins with the highest prediction confidence and three proteins with the lowest 324 

prediction confidence in the independent test set from each class (18 proteins in total) (Table S5) and 325 

systematically compared them in sequence composition, physicochemical properties, and structural 326 

features. Protein length analysis (Fig. 4e) showed that low-confidence psychrophilic and thermophilic 327 

proteins generally had shorter sequences and simpler secondary structure compositions (Fig. S3a), 328 

suggesting that insufficient sequence information may be a key factor influencing prediction bias. 329 

Analysis of the acidic and basic amino acid composition (Fig. 4f-g) showed that thermophilic proteins 330 

had a higher proportion of acidic and basic residues, consistent with an extensive salt-bridge network 331 

[43]. Notably, low-confidence psychrophilic proteins exhibited an abnormally high proportion of acidic 332 

and basic residues, a pattern contrary to the characteristic reliance of psychrophilic proteins on flexible 333 

structures for low-temperature catalysis [44] which may therefore represent a key factor contributing to 334 

model misclassification. Polar/nonpolar amino acids analysis (Fig. 4h-i) revealed confidence-related 335 

differences. High-confidence psychrophilic proteins had the highest polar residue proportion, consistent 336 

with enhanced surface hydrophilicity and structural flexibility [45–47]. Low-confidence psychrophilic 337 

proteins exhibited reduced polar residues, whereas low-confidence mesophilic proteins had an 338 

abnormally high proportion of polar residues, resulting in overlapping characteristics and potential 339 

misclassification. Furthermore, low-confidence thermophilic proteins contained fewer nonpolar 340 

residues than high-confidence thermophilic proteins, suggesting weakened hydrophobic cores [46,48] 341 

and deviation from canonical thermophilic features. Net-charge analysis (Fig. 4j) further supported these 342 

results. In the high confidence samples, the net charge of mesophilic proteins was close to zero, the 343 

thermophilic proteins were positively charged, and psychrophilic proteins were negatively charged. The 344 

surface electrostatic potential distribution was also consistent with the overall net-charge features (Fig. 345 

S3b). The positive surface charges of thermophilic proteins can reduce nonspecific protein aggregation 346 
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at high temperatures; the negative surface charge of psychrophilic proteins can attract more solvent 347 

water molecules and form a thicker, more fluid hydration layer, thereby maintaining conformational 348 

flexibility and catalytic activity at low temperatures [47]. The dispersed net charge distribution may 349 

interfere with model predictions, particularly for samples near the class boundaries. 350 

Residue frequency analysis showed that confidence differences were associated with residue 351 

preferences. High-confidence samples exhibited typical features consistent with their temperature-352 

adaptation classes [43–45,47–50], whereas low-confidence samples generally showed mixed features or 353 

deviated from typical patterns. In mesophilic proteins, low-confidence samples showed lower levels of 354 

hydrophobic residues (Ala and Leu) and structurally rigid residues (Pro), but higher levels of polar (Asn) 355 

and positively charged (Lys) residues (Fig. 4k), resulting in mixed sequence features of mesophilic and 356 

psychrophilic proteins. In thermophilic proteins, low-confidence samples showed lower levels of 357 

flexibility-related (Gly) and hydrophobic (Val) residues, but higher levels of negatively charged residues 358 

(Asp) (Fig. 4l), resulting in mixed thermophilic- and mesophilic-like features. Similarly, in 359 

psychrophilic proteins, low-confidence samples showed lower levels of hydrophobic (Ile) and hydroxy 360 

(Ser) residues, but higher levels of negatively charged residues (Glu) (Fig. 4m), resulting in mixed 361 

psychrophilic- and mesophilic-like features.These specific differences in residues composition provide 362 

more detailed clues to understanding the basis of model discrimination. 363 
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364 

Fig. 4. Dimensionality reduction visualization and comparative analysis of sequence features. 365 

Green represents mesophilic proteins, yellow represents thermophilic proteins, and blue represents 366 

psychrophilic proteins. (a) Original ProtT5 embeddings. (b) Original ProPrime embeddings. (c) 367 

Projected features after concatenation. (d) MLP hidden-layer features. (e) Protein length distribution. (f) 368 

Acidic amino acid content. (g) Basic amino acid content. (h) Polar amino acid content. (i) Nonpolar 369 

amino acid content. (j) Protein net-charge distribution at pH 7.0. (k-m) Amino acid frequencies of 370 
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mesophilic (k), thermophilic (l), and psychrophilic (m) proteins. The group abbreviations are: Mes-High 371 

(high-confidence mesophilic proteins), Mes-Low (low-confidence mesophilic proteins), The-High 372 

(high-confidence thermophilic proteins), The-Low (low-confidence thermophilic proteins), Psy-High 373 

(high-confidence psychrophilic proteins), and Psy-Low (low-confidence psychrophilic proteins). Data 374 

are shown as mean +/- standard deviation. 375 

 376 

3.5 The application of PTAC 377 

The PTAC exhibited robust classification performance on the independent test set. To further 378 

evaluate the applicability of PTAC in practical scenarios, we selected secreted proteins from 379 

representative microorganisms with different temperature-related ecological backgrounds as external 380 

validation objects. The optimal growth temperature of a host strain can macroscopically characterize the 381 

overall temperature adaptation tendency of its secretome [51,52]. Therefore, we used the optimal growth 382 

temperature of each strain as a reference label for the corresponding secretory protein prediction results, 383 

rather than treating it as equivalent to the true optimal temperature of each protein. 384 

For external validation, we selected three representative microorganisms with distinct temperature-385 

adaptation profiles. Atrimonas thermophila M15ᵀ is a thermophilic bacterium with an optimal growth 386 

temperature of 70-75 °C [53]. Methyloraptor flagellatus S20ᵀ is a mesophilic bacterium with an optimal 387 

growth temperature of 30-35 °C [54]. M. burtonii DSM 6242 grows optimally at approximately 23.4 °C 388 

and can grow at temperatures near the freezing point, with a theoretical minimum growth temperature 389 

as low as -2.5 °C [55]. All secretory proteins from the three strains were data cleaned and input into 390 

PTAC. The prediction results were shown in Table 3. 391 

 392 

Table 3. Prediction results for secretory proteins from three representative strains 393 

Strain Growth 

Temperature 

Final 

Samples 

Thermo-

philic 

Meso-

philic 

Psychro-

philic 

Accuracy 

A. thermophila M15ᵀ 70-75 ℃ 23 22 0 1 95.6% 

M. flagellatus S20ᵀ 30-35 ℃ 317 0 317 0 100.0% 
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Strain Growth 

Temperature 

Final 

Samples 

Thermo-

philic 

Meso-

philic 

Psychro-

philic 

Accuracy 

M. burtonii DSM 6242 23.4 ℃  

(-2.5 ℃) 

91 6 12 73 80.2% 

Final Samples: Secretory protein samples after data cleaning 394 

 395 

For the thermophilic bacterium A. thermophila M15ᵀ, 22 out of the 23 proteins were predicted as 396 

thermophilic, achieving an accuracy of 95.6%. The only misclassified protein, BER92295.1, was 397 

annotated as a putative thioredoxin/peroxiredoxin-associated oxidoreductase. The conformational 398 

flexibility of its catalytic motifs may resemble that of cold-adapted proteins [56], contributing to its 399 

misclassification. For the mesophilic bacterium M. flagellatus S20ᵀ, all 317 predicted secreted protein 400 

were classified as mesophilic, achieving 100.0% accuracy. This result indicates that PTAC has a 401 

relatively stable ability to distinguish proteins from both thermophilic and mesophilic backgrounds. For 402 

the low-temperature-adapted archaeon M. burtonii DSM 6242, PTAC prediction was more challenging: 403 

73 of the 91 proteins were predicted to be psychrophilic, corresponding to an overall proportion of 80.2%, 404 

while the remaining 18 were classified as mesophilic (12) or thermophilic (6). However, the lower 405 

psychrophilic prediction rate does not necessarily indicate a deficiency in PTAC, as proteins from low-406 

temperature-adapted microorganisms do not necessarily exhibit typical psychrophilic characteristics. 407 

For example, among the 18 proteins not classified as psychrophilic, the c-type cytochrome 408 

WP_011498485.1 was classified as mesophilic by PTAC with Tm value of 48.3 ℃, measured by wet 409 

experiment [57]. In addition, during long-term evolution, secretory proteins from thermophiles are under 410 

strong selective pressure to maintain stability and activity at high temperatures. In contrast, 411 

psychrophilic proteins do not face an equivalent selective pressure for low-temperature adaptation, and 412 

therefore may not undergo the same degree of evolutionary optimization. Consequently, proteins from 413 

psychrophilic microorganisms are not necessarily characterized by typical psychrophilic temperature 414 

properties. This is also supported by previous studies showing that the alkaline phosphatase SIB1 APase 415 

from the psychrophilic bacterium Shewanella sp. SIB1 has an optimal reaction temperature as high as 416 

50 ℃ [58]. 417 
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 418 

4. Conclusion  419 

In all, we developed PTAC, a dual-path framework for three-class prediction of protein temperature 420 

adaptation. PTAC achieved an overall accuracy of 94.9% and a psychrophilic F1 of 93.3%, 421 

demonstrating improved discrimination across temperature-adaptation classes, particularly for the 422 

under-represented psychrophilic class. Beyond the benchmark dataset, PTAC maintained robust 423 

performance on low-homology and previously unseen sequences and achieved accuracies above 80% in 424 

halophilic and acidophilic protein classification, supporting the transferability of its learned 425 

representations to broader protein adaptation tasks. Interpretability analysis further identified sequence 426 

features associated with temperature adaptation. In a practical secretory protein screening scenario, 427 

PTAC achieved 92.0% average accuracy, highlighting its potential for protein and enzyme discovery. 428 

Overall, PTAC provides an effective and interpretable framework that extends temperature-adaptation 429 

prediction beyond conventional sequence classification toward broader protein screening applications. 430 

 431 

Data availability: The data and code for this study can be found in a GitHub repository accompanying 432 

this manuscript: https://github.com/sjc88661/PTAC 433 
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