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Abstract 18 

Bacterial proteins are specialized with extensive functional diversity for survival in diverse and stressful 19 

environments. A significant portion of these proteins remains functionally uncharacterized, limiting our 20 

understanding of bacterial survival mechanisms. Hence, we develop Deep Expression STructure 21 

(DeepEST), a multimodal deep learning framework that predicts protein function in bacteria by assigning 22 

Gene Ontology (GO) terms. DeepEST comprises two modules: a multi-layer perceptron that uses gene 23 

expression and gene location, and a protein structure-based module that uses predicted structures and 24 

amino acid sequences. Within DeepEST, we integrate these modules through a learnable weighted linear 25 

combination and introduce a novel masked loss function to fine-tune the structure-based predictor for 26 

bacterial species. These choices are well suited for bacteria, in which functionally related genes frequently 27 

co-localize and are co-transcribed within operons, allowing transcription dynamics to serve as 28 

informative, condition-dependent signals. We show that DeepEST outperforms existing protein function 29 

prediction methods on a 25-species benchmark, relying solely on amino acid sequence or protein 30 

structure. Averaged over the 25 species, DeepEST reaches a protein-centric �max of 0.689 and a term-31 

centric micro-AUPRC of 0.756, a relative improvement of 4.4% and 11.6% over the second-best method, 32 

the structure-based predictor DeepFRI. Moreover, DeepEST predicts GO terms for unclassified 33 

hypothetical proteins across 25 human bacterial pathogens, supporting their experimental 34 

characterization. DeepEST bridges organism-specific data integration and structure-based transfer 35 

learning, providing a method tailored for bacterial protein function prediction in settings with structural 36 

and multi-condition expression data. 37 

Introduction 38 

A comprehensive characterization of protein function is a crucial aspect of understanding cellular biology. 39 

Despite this, a large majority of the known genes, even in extensively studied organisms, lack functional 40 

assessment for the encoded proteins (Zerbino et al. 2017). This issue is even more pronounced in 41 

prokaryotes, where up to 60% of protein sequences remain unknown in terms of function (Escudeiro et al. 42 
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2022). Filling this knowledge gap is of crucial importance for advancements in various fields. For 43 

instance, it is essential for understanding bacterial physiology and their environmental adaptation. 44 

Moreover, it has the potential to drive advancements in biotechnological areas like bioremediation, 45 

bioenergy and novel medical treatments (Ardern et al. 2023; Djemiel et al. 2022). With roughly 10 46 

million protein sequences of unknown function in bacteria (Escudeiro et al. 2022), it is evident that 47 

experimental methods alone are insufficient to determine the function of each protein. Standard 48 

computational tools often rely on sequence similarity to annotate proteins, such as sequence alignment-49 

based tools like BLAST (Altschul et al. 1997; Buchfink et al. 2014), or on gene location-aware techniques 50 

(Pazos Obregón et al. 2022). More advanced methods utilize deep learning approaches, for example, 51 

DeepGOplus (Kulmanov and Hoehndorf 2019), which predicts protein functions by employing a 52 

convolutional neural network to automatically learn features from the amino acid sequences. However, 53 

despite their smaller and simpler genome, prokaryotes exhibit a high degree of functional redundancy and 54 

genetic diversity, making it challenging to predict protein functions based solely on sequences or gene 55 

location (Avican et al. 2021; Pazos Obregón et al. 2022). 56 

To overcome this challenge, it is necessary to integrate multiple data modalities that can capture vital 57 

yet different aspects of protein functionality, including protein structures, gene expression and gene 58 

location data. The information contained within protein structures provides valuable insights into their 59 

functional groups and domains (Gligorijević et al. 2021; Goodsell 2009). DeepFRI (Gligorijević et al. 60 

2021), annotates proteins based on their structures. Besides protein structure, gene expression and 61 

location can be important descriptors, as genes involved in the same processes often exhibit similar 62 

expression patterns and they tend to be located in proximity within bacterial genomes (Ling et al. 2009). 63 

While methods that combine different data sources already exist, they typically use protein sequences, 64 

protein structures, and protein-protein interaction data. Some examples include DeepGO (Kulmanov et al. 65 

2017), TransFun (Boadu et al. 2023), HOPER (Ünsal 2023) and the protein language model ProstT5 66 

(Heinzinger et al. 2024). Furthermore, the majority of the methods in the literature have primarily been 67 

applied to eukaryote benchmark datasets and have rarely been used to study prokaryotes. 68 
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In this paper, we introduce DeepEST, a multimodal deep-learning approach specifically designed to 69 

predict protein functions in bacteria based on Gene Ontology (GO) annotations. DeepEST integrates 70 

structure, gene expression and location data as protein descriptors, offering the potential to enable 71 

accurate protein function prediction in bacteria. In bacteria, chromosomes are typically single and 72 

circular, so genes involved in related biological processes tend to be located close to each other on the 73 

chromosome and are often co-regulated. Moreover, many bacterial proteins are encoded in operons as 74 

polycistronic mRNAs, where multiple genes with related functions are transcribed together. DeepEST 75 

fine-tunes DeepFRI (Gligorijević et al. 2021), by leveraging high-quality structural models available 76 

today (Jumper et al. 2021; Varadi et al. 2021; Lin et al. 2023) and incorporates an additional neural 77 

network using gene expression levels and locus features, capable of providing functional context. 78 

Throughout, we focus on bacterial genomes with (i) a high-quality reference genome/organization, (ii) 79 

protein structures (predicted or experimental), and (iii) multi-condition gene expression data. We 80 

evaluated DeepEST on a set of 25 bacterial species and predicted protein functions on a selection of ≈ 81 

7,000 functionally unannotated hypothetical proteins. 82 

Results 83 

Overview of DeepEST 84 

DeepEST predicts protein functions from a tuple of protein descriptors, � � ��s, �e�, where �s represents 85 

the protein structures and �e comprises the gene expression and location data (Fig 1A and B). It integrates 86 

two modules: a structure module, for which we harness DeepFRI (Gligorijević et al. 2021) in a transfer 87 

learning setting, and an expression-location module, a multilayer perceptron that takes as input the 88 

experimentally measured gene expression values under different stress conditions and genetic locus 89 

descriptors. DeepEST predicts protein functions by integrating the expression-location and structure data 90 

through a masked linear integration with learnable parameters �s and �e, followed by a sigmoid, and 91 

predictions are updated at test time to conform to the hierarchical structure of the GO terms. As labels, we 92 

utilize the GO terms (Zhao et al. 2020), focusing on the Biological Process ontology as a more 93 
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comprehensive descriptor of protein function. Formal definitions, module architectures, and training are 94 

detailed in Methods. 95 

To assess the performance of DeepEST on predicting protein functions for the set of 25 bacterial 96 

species, we obtained the label matrix � and the tuple of protein descriptors, � � ��s, �e�, which includes 97 

protein structures and the expression-location features (preprocessing of expression features is described 98 

in Supplemental Section S4). We fine-tuned the pre-trained DeepFRI model, with the hyperparameter 99 

configuration identified in the original publication, as the structure module of DeepEST, 	s. The MLP 100 

constituting the expression-location module, 	e, is instead optimized and trained ab initio. 101 

Protein structure-based splitting improves generalizability of DeepEST 102 

Given that DeepEST relies on a structure-based module, we generate the five data splits by accounting for 103 

protein structure similarity. This is accomplished by utilizing foldseek (van Kempen et al. 2023), which 104 

enables us to cluster proteins with high structure similarity (local distance difference test score (Mariani et 105 

al. 2013) ≥ 70%) in the same fold (Fig 2.A). This strategy is to ensure that the structures in the validation 106 

and test sets sufficiently differ from the ones in the training set to prevent any data leakage, enabling the 107 

evaluation of DeepEST’s generalizability to new structures (Kucera et al. 2023), and thus, to previously 108 

unseen proteins. Therefore, we employed structure- and sequence-based splitting strategies to evaluate 109 

performance over data leakage, which is the case for the sequence-based splitting strategy. When 110 

splitting, we unified a dataset from all species and also generated data splits for single species by simply 111 

taking the subset belonging to that species from the unified training, validation and test sets respectively 112 

(Fig 2.B). The performance of both DeepEST and DeepFRI in terms of �max and micro-AUPRC is 113 

significantly higher when training on sequence-based splits, indicating a potential overperformance due to 114 

data leakage caused by similar protein structures in the split sets (Supplemental Figs S1, S2, S3, S4, S5). 115 

Noteworthy, this was more pronounced when using unified datasets, which are more likely to have 116 

similar protein structures. Hence, we compared the performance of the models with structure-based split 117 

datasets generated from unified data and subsets belonging to single species from the training, validation 118 
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and test sets respectively. The analysis showed no significant difference in the performance of the models 119 

when using splits from all and single species datasets (Fig 2.C-F and Supplemental Fig S5). This suggests 120 

improved generalizability of DeepEST by avoiding or minimizing similar structures in the training, 121 

validation, and test sets. We elaborate on the importance of employing this splitting strategy in the 122 

Supplement (Supplemental Section S5). Based on this, we apply structure-based splits to perform 5-fold 123 

nested cross-validation throughout the paper. Next, we compare DeepEST to several sequence-, structure- 124 

and pLM-based methods on the 25 pathogens. 125 

DeepEST outperforms sequence, structure and pLM-based methods 126 

To compare DeepEST with gene function annotation methods using different protein descriptors, we 127 

trained one model per species and compared to sequence-based traditional annotation methods (i.e., 128 

BLAST (Altschul et al. 1997) and Diamond (Buchfink et al. 2014)), a structure-based annotation baseline 129 

built on Foldseek (van Kempen et al. 2023) and a combined sequence and structure baseline 130 

(Foldseek+Diamond), deep learning approaches (i.e., DeepGOCNN and DeepGOplus (Kulmanov and 131 

Hoehndorf 2019)), a structure-based deep learning method, DeepFRI (Gligorijević et al. 2021), and 132 

ProstT5 (Heinzinger et al. 2024), a state of the art transformer-based protein language model (pLM) that 133 

combines both structure and sequence information. All methods and the rationale behind their selection 134 

are described in Supplemental Section S6. The �max and micro-AUPRC scores described in Supplemental 135 

Section S2 were calculated for each species to assess performance. 136 

DeepEST consistently outperforms all the sequence-only methods, i.e., BLAST, Diamond, 137 

DeepGOCNN, and DeepGOplus, both in terms of term-centric micro-AUPRC and protein-centric �max 138 

(Fig. 3A and B; Supplemental Fig S6). This highlights the importance of considering more than just 139 

protein sequences when predicting protein function in bacteria (Fernández et al. 2007). Instead, the use of 140 

DeepFRI, which utilizes protein structure data, already enables superior performance compared to the 141 

sequence-only baselines, showing the higher relative importance of protein structure over protein 142 

sequences for function prediction in bacteria. Moreover, DeepEST with usage of gene expression level 143 
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and location data in addition to fine-tuning the structure-based module improved performance compared 144 

to DeepFRI, especially in terms of term-centric micro-AUPRC (Fig. 3A and B; Supplemental Fig S7). 145 

These results are confirmed by the additional metrics we utilized, namely term-centric 
min , term-centric 146 

macro-AUPRC, and protein-centric AUPRC (Supplemental Section S2;Supplemental Figs S8 and S9). 147 

These findings suggest that integrating the expression-location module along with the abundance of 148 

available protein structure data to refine the structure-based module allows for a more comprehensive 149 

analysis of protein functionality in bacteria. 150 

DeepEST consistently outperforms ProstT5 fine-tuned on the 25 bacterial species, both in terms of 151 

protein-centric �max and term-centric micro-AUPRC (Fig. 3A and B; per-species values in Supplemental 152 

Fig S10). This highlights the importance of developing specialized models like DeepEST compared to 153 

using and fine-tuning more generalist models like ProstT5. We further demonstrate that DeepEST 154 

empirically generalizes to a related CAFA5 strain, where PATHOgenex expression data is substituted 155 

with an independent stress-response expression compendium (Supplemental Section S7; Supplemental 156 

Fig S11). 157 

Next, we assess the impact of DeepEST’s building blocks, the MLP constituting the expression-158 

location module 	e and fine-tuned DeepFRI 	s. We additionally evaluate DeepEST and DeepFRI with and 159 

without transfer learning. 160 

All building blocks of DeepEST contribute to its performance and enable higher specificity in 161 

prediction 162 

To understand the contribution of the various components of DeepEST, we performed ablation studies by 163 

excluding transfer learning (TL), the structure-based module 	s, or the expression-location module 	e. TL 164 

consistently improved both protein-centric �max and term-centric micro-AUPRC across species 165 

(Fig. 3C,D; Supplemental Tables S1, S2), and fine-tuning 	s further enhanced performance compared to 166 

DeepFRI (Supplemental Fig S12). Removing 	e slightly affected �max but reduced micro-AUPRC 167 

(Fig. 3C and D; Supplemental Table S2), indicating complementary information from expression-location 168 
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features. DeepEST achieved higher average precision and recall for most species except B. burgdorferi 169 

(Fig. 3E; Supplemental Table S3). For B. burgdorferi, inclusion of the expression-location module 	e 170 

reduced �max from 0.704 to 0.698, the largest decrease among the 25 species but within the variation 171 

across test sets, whereas micro-AUPRC increased from 0.723 to 0.768 (Supplemental Tables S1 and S2). 172 

This was not explained by proteome size, the number of labeled proteins or the labeled fraction of the 173 

proteome, none of which was significantly correlated with the contribution of 	e (Supplemental Fig. S13A 174 

and B). B. burgdorferi is unusually plasmid-rich: its 21 plasmids carry 40.1% of its DNA but only 7.1% 175 

of its labeled proteins. Across 11 strains with plasmids, the plasmid representation gap was not 176 

significantly associated with the �max contribution of 	e (Pearson r = −0.67, p-value = 0.07), with 177 

B. burgdorferi as an outlier (Supplemental Fig. S13C). The unusually large and poorly represented 178 

plasmid-associated repertoire of B. burgdorferi may therefore contribute to its atypical �max response, but 179 

this interpretation remains exploratory. Exclusion of 	s from DeepEST yielded a significant reduction in 180 

performance considering both protein-centric �max and term-centric micro-AUPRC scores (Fig 3C and D; 181 

Supplemental Tables S1 and S2). This implies that relying solely on location and expression patterns falls 182 

short in capturing the intricate nature of the protein function problem. However, when incorporated to 183 

protein structure data, it can provide meaningful insights to enhance our comprehension of protein 184 

functionality. Finally, a comparison between DeepEST with and without incorporation of DeepGOCNN 185 

showed a minimal, if any, advantage of this additional protein descriptor (Supplemental Fig S14). 186 

Notably, the newly identified GO terms by DeepEST for all species exhibited an average hierarchy depth 187 

of 6.3, whereas the same value was 4.7 for GO terms identified solely by 	s (Fig. 3E; Supplemental 188 

Table S3). These values suggest that exploiting the expression-location features leads to the prediction of 189 

more specific GO terms by DeepEST. To test whether the expression-location module works well only 190 

for well-studied organisms, we correlated DeepEST’s performance with the number of genomes available 191 

for each species in NCBI. We found no significant correlation for complete genomes (Fig. 4A), 192 

assemblies at all levels (Fig. 4B) or assemblies at scaffold level or better (Fig. 4C), indicating that 193 
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DeepEST’s performance does not depend on how well studied an organism is. Further, fully removing the 194 

six position features used in the model and retraining changes �max by at most 0.0022 across the 25 195 

species (Supplemental Fig S15), and simulated assemblies of S. enterica SL1344 stay within 0.005 �max 196 

of the full model down to 60% of genes retained and 80 contiguous regions (Supplemental Fig S16, per-197 

scenario numbers in Supplemental Table S4). DeepEST is therefore robust to fragmented and missing 198 

genome data, though not to metagenomic assemblies. 199 

Performance by GO group and protein family 200 

To show which annotations DeepEST predicts well, we broke the benchmark down by GO depth, protein 201 

family and broad functional category, scoring each group with the term-centric micro-AUPRC 202 

(Supplemental Section S8). The performance of DeepEST grows with annotation depth, grouping the 203 

terms in four bins: shallow (depth 0 to 3), medium (depth 4 to 6), deep (7 to 9) and very deep (depth of 10 204 

or more). (Fig. 3F). Across the 1,131 protein families, DeepEST is ahead of DeepFRI in 58%. Figure 5A 205 

shows DeepEST gains most on the translation factor LepA, the cysteinyl- and glutaminyl-tRNA 206 

synthetases, the protease subunit HslU and the DNA-uptake protein Smf, and loses most on envelope 207 

transport and its regulation, ModA, LptD, ZnuA, PhoU and CopD. By functional category DeepEST leads 208 

on nucleotide metabolism, DNA recombination, cell-wall organisation, sulfur compound metabolism, cell 209 

division, tRNA metabolism, translation and DNA replication, each at q < 0.001 against both baselines 210 

(Fig. 5B). There are four cases where DeepEST performs clearly worse than DeepFRI: chemotaxis 211 

(−0.241), protein secretion (−0.216), cell motility (−0.146) and protein folding (−0.051), all at q ≤ 0.03. 212 

The model attends most to nitrosative stress, but no single condition is decisive 213 

Applying DeepEST to a new organism requires transcriptomic data, so we investigated which 214 

perturbations are the most informative (Supplemental Section S10). We attributed each prediction to its 215 

inputs using integrated gradients (Sundararajan et al. 2017), a commonly used interpretability technique 216 

that identifies which features a deep neural network treats as important. Attribution points consistently at 217 

nitrosative stress, which takes the largest share in 16 of the 25 species, followed by nutritional downshift, 218 
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and this ordering holds per GO term (Fig. 4D and E; per species in Supplemental Fig S17). We then 219 

tested whether the conditions are necessary: removing one condition at a time and retraining DeepEST, 220 

over all 267 species-condition pairs, changes �max by at most 0.0016, an order of magnitude below the 221 

cross-fold standard deviation, and attribution does not predict what removal costs (ρ = −0.03). The 222 

prominence of nitrosative stress in the attribution is nevertheless plausible on biological grounds. Nitric 223 

oxide and its derivatives in the host damage iron-sulfur clusters, oxidise cysteine thiols, inhibit respiration 224 

and generate DNA lesions, so a single perturbation engages iron and sulfur assimilation, thiol 225 

homeostasis, DNA repair and recombination, and nucleotide salvage at once, partitioning the 226 

transcriptome into many co-regulated modules and covering the categories on which DeepEST may gain 227 

most over the structure predictor alone. Given the leave-one-condition-out result, however, what the 228 

model exploits is the covariance structure across the panel, which several conditions can supply, so a 229 

sufficiently diverse panel should give most of the performance benefit of DeepEST. 230 

Applying DeepEST on functionally unannotated proteins 231 

Considering the diversity of protein function in bacteria and challenges in functional characterization of 232 

newly annotated proteins, a high percentage of bacterial proteins remains uncharacterized. These proteins 233 

are commonly known as hypothetical proteins, whose functions are unknown, and hence represent 234 

potential subjects for DeepEST. Within the 25 bacterial species, we identified 6,997 of such proteins that 235 

present both input features, �s and �e, and remain functionally unannotated at the time of collecting GO 236 

terms annotations. When employing DeepEST to those proteins, we retained the optimal hyperparameter 237 

configurations listed in Fig 1.C for the expression-location module of DeepEST. The model, however, is 238 

retrained on the entire labeled dataset, setting aside a validation set for early stopping and to determine the 239 

optimal prediction threshold �. Specifically, we choose the � that maximizes the average F1-score 240 

calculated for each GO term across proteins, thereby optimizing the harmonic mean of precision and 241 

recall. Annotations are reported as the average of the five models identified in the five splits. DeepEST 242 

predictions yielded diverse tiers of the GO hierarchy for the 25 bacterial strains (available on our GitHub 243 
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repository). At a GO depth greater than 5, DeepEST predicts 90 distinct GO terms, ranging from signal 244 

transduction and protein transport to aerobic respiration and RNA metabolism, for 727 gene products 245 

(Supplemental Fig S18). Most of these GO terms are associated with fewer than 25 gene products each, 246 

suggesting that our predictions are diverse and not biased towards fewer broader GO categories. 247 

To further explore the biological significance of DeepEST-predicted GO terms with existing knowledge 248 

and literature, we conducted two case studies focusing on GO terms linked to DNA and RNA 249 

metabolism. For DNA metabolism, we analyzed “DNA repair” (GO:0006281) (Fig 6A), while for RNA 250 

metabolism, we focused on “tRNA processing” (GO:0008033) and associated child terms (Fig 6B). 251 

DeepEST identified genes potentially involved in DNA repair across various species with diverse 252 

taxonomic and physiological traits (Supplemental Table S5). DeepEST made high-confidence predictions 253 

for many genes containing Pfam domains such as AAA-ATPase, transcriptional regulator, and helix-turn-254 

helix, all of which are associated with DNA binding and are typical of DNA repair proteins (Fig 6C and 255 

Supplemental Table S5) (Das and Bajpai 2023), (Aravind et al. 2005), (Mistry et al. 2020). Notably, 256 

DeepEST predicted GO terms for proteins with domains of unknown function also, indicating its 257 

prediction capability for proteins with unknown functional signatures (Fig 6C Supplemental Table S5). In 258 

the case of tRNA processing, we identified domains linked to beta-lactamase superfamily proteins and 259 

sulfurtransferase TusA (Fig 6D and Supplemental Table S6), which are critical for tRNA modification 260 

and maturation (Bhatta et al. 2025), (Nakanishi and Nureki 2005), (Sato et al. 2024). The term ’tRNA 261 

processing’ was found across multiple species with notable GO term specificity in Vibrio cholerae (locus 262 

tag: VC2163). DeepEST predicted “tRNA wobble base modification” (GO:0002097) for V. cholerae 263 

protein containing TusA domain (Fig 6B and D, and Supplemental Table S6), consistent with previous 264 

literature (Sato et al. 2024). In Salmonella enterica serovar Typhimurium, we identified a gene with locus 265 

tag SL1344_RS05450, classified under “tRNA processing” (GO:0008033) and possesses domains linked 266 

to the beta-lactamase superfamily (Fig 6D). Additionally, using the Co-PATHOgenex web app 267 

(Fernandez et al. 2024) and the same transcriptomic data as DeepEST, we identified a contiguous and co-268 

expressed gene associated with the locus tag SL1344_RS05450, annotated as iraM (Fig 6E). IraM is an 269 
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anti-adaptor protein that regulates the degradation of RpoS, a sigma factor essential for stress adaptation, 270 

and its expression is facilitated by rare tRNA production in S. enterica serovar Typhimurium (Bougdour 271 

et al. 2008). Through this reverse engineering exercise, we assessed the biological relevance of the 272 

predictions and the input data used by DeepEST. This empirical approach demonstrates that by 273 

integrating multiple layers of biological and biochemical data, DeepEST can improve both the accuracy 274 

of predictions and the precision of the information it provides. 275 

Discussion 276 

We introduced DeepEST, a multimodal deep learning framework for bacterial protein function 277 

prediction. DeepEST combines protein structure with gene expression profiles and genomic location to 278 

assign Gene Ontology (GO) terms, extending function prediction beyond sequence similarity approaches. 279 

DeepEST outperforms sequence- and structure-based baselines (Kulmanov and Hoehndorf 2019; 280 

Gligorijević et al. 2021; Altschul et al. 1997; Buchfink et al. 2014; Heinzinger et al. 2024). We find that 281 

structure is the dominant modality. DeepFRI alone outperforms every sequence-only method, and 282 

transferring annotations between structural neighbors with Foldseek outperforms the same transfer by 283 

sequence search (BLAST/Diamond) in all 25 species and, on micro-AUPRC, the sequence-based deep 284 

learning methods as well. DeepEST outperforms the strongest transfer baseline (Foldseek) in all 25 285 

species, by 0.116 �max and 0.194 micro-AUPRC on average. ProstT5, a protein language model fine-286 

tuned on the same data does not reach DeepEST, so the gain comes from specializing to the bacterial 287 

setting rather than from a larger model. DeepEST further annotated nearly 7,000 previously 288 

uncharacterized proteins, revealing processes such as DNA repair and RNA metabolism and 289 

demonstrating its potential to guide targeted experimental validation. 290 

The improvements of DeepEST come from fine-tuning the structure module on the target species 291 

and adding organism-specific expression and location context, and it is largest where annotation is least 292 

redundant, on the deepest and most specific GO terms (Fig. 3E and F). The categories in which DeepEST 293 
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does not improve are chemotaxis, protein secretion, cell motility and protein folding, where it is 294 

outperformed by DeepFRI (Fig. 5). 295 

As in most protein function prediction benchmarks, our GO and UniProt labels are dominated by 296 

computationally inferred annotations rather than experimentally validated ones (Supplemental Fig S19). 297 

A label can therefore derive from the same kind of evidence a method takes as input, which would inflate 298 

that method’s apparent performance. The overlap differs by method. It is closest between similarity-299 

propagated annotations and the alignment- and structure-based methods, and between expression-inferred 300 

annotations and our expression-location module. Absolute performance is likely inflated for every 301 

method, and unevenly so, so the ranking under a shared label set is the quantity these results support, and 302 

the absolute values should be read as benchmark-relative. Resolving this would require experimentally 303 

validated annotations at a scale not yet available in these species. 304 

In practice, neither an incomplete assembly nor a poorly studied species limits DeepEST (Fig 4 and 305 

Supplemental Section S9). What DeepEST requires is sufficiently diverse multi-condition expression 306 

data, and the individual conditions are dispensable (Supplemental Section S10), so a new organism likely 307 

needs fewer of them, with how many depending on which perturbations it responds to. DeepEST is not 308 

intended for metagenomic assemblies, which lack the single-organism genome organization and matched 309 

transcriptome that the expression-location module relies on. Overall, DeepEST shows that multimodal, 310 

organism-specific data improves bacterial protein annotation and advances interpretable functional 311 

genomics in prokaryotes. 312 

DeepEST is lightweight to train and to apply. On 12 CPU cores (Intel Xeon Platinum 8568Y+), 313 

training a species-specific model takes about 2.3�min per species for 5-fold cross-validation and 57�min 314 

for all 25 species. Using a recent GPU (NVIDIA H200) shortens the full benchmark only to 43�min, 315 

because the network is small (about 5.1 million parameters) and most of the time is spent on CPU-side 316 

data preparation. Inference alone is fast. Annotating proteins with a trained DeepEST model takes about 317 

18�ms per protein (about the same on CPU and GPU) and almost all of it for propagating the predictions 318 
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through the GO hierarchy. For comparison, Foldseek, the strongest transfer baseline, needs 13�min for the 319 

full benchmark on the same CPU cores and about 25�ms per protein at inference. 320 

Methods 321 

Datasets 322 

This study analyses previously published, publicly available data. Gene Ontology annotations were 323 

retrieved from UniProt (https://www.uniprot.org; accessed 12 July 2023). Protein structures were 324 

obtained from the AlphaFold Protein Structure Database (https://alphafold.ebi.ac.uk). Source genomes 325 

and gene coordinates were taken from NCBI RefSeq, assembly and replicon accessions for all 25 strains 326 

are listed in Supplemental Table S7 (complete version with every replicon: 327 

Supplemental_Table_S7.xlsx). Multi-condition gene expression data are from the PATHOgenex resource 328 

(Avican et al. 2021). Processed data and trained-model inputs are archived on Zenodo 329 

(https://zenodo.org/records/18695434). Details on data collection and preprocessing are given in 330 

Supplemental Sections S3 and S4. The numbers of annotated proteins and GO terms per species are 331 

shown in Supplemental Fig S20. 332 

Establishing DeepEST framework for bacterial protein function prediction  333 

To define the function of a protein, we utilize the GO terms (Zhao et al. 2020), which are organized in 334 

three different ontologies, each represented as a directed acyclic graph (DAG). These ontologies include: 335 

Molecular Function, Cellular Components, and Biological Processes. Given the multifunctional nature of 336 

proteins and DAG structure of GO terms, a single protein can be associated with multiple GO terms 337 

simultaneously. Molecular Function terms are limited by precise semantics. We utilized Biological 338 

Process terms as a more comprehensive alternative to address this limitation. Biological Process 339 

encompasses a broader spectrum of protein activities, capturing diverse roles of proteins in cellular and 340 

physiological contexts. This holistic perspective accommodates proteins with multifaceted functions and 341 

integrates those whose specific molecular function remains elusive (Thomas 2017). Given a set of �p 342 
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proteins 
 � ���, ��, … , ��p
� and a set of �t terms � � ���, �� , … , ��t

�, we define the matrix of the labels, 343 

� � ��p��t , as 344 

���, �� � �1 if ��  is annotated with ��0 otherwise.

�   �1� 

Hence, � denotes the ground truth for protein function in the dataset we are studying, representing the GO 345 

term annotations within the set �, which consists of �t unique GO terms annotated for at least one of the 346 

�p proteins in 
. 347 

Prediction Problem 348 

We use the combination of protein structures, gene expression and location data to enhance protein 349 

function prediction in bacteria. DeepEST predicts protein functions from a tuple of protein descriptors, 350 

� � ��s, �e�. �s represents the protein structures, while �e comprises the gene expression and location 351 

data (Fig 1.A and B). Given the nature of the labels, we formulate the GO term prediction as a multi-352 

modal and multi-label binary classification problem, 353 

	��s , �e; w� � ��,  �2� 

where the matrix of the predicted labels, �� � ��p�|�	
|, is obtained by applying 	� � to the input data, 354 

� � ��s, �e�. 	� �, the non-linear function parameterized in w representing DeepEST, is detailed below. 355 

Noteworthy, the matrix of the ground truth labels � reports GO terms annotations for the terms in the set 356 

�, as introduced in the previous section. Instead, the matrix of the predicted labels �� comprises 357 

predictions for the terms in |� " #|, with # being the set of terms predicted by the fine-tuned DeepFRI, 358 

i.e., the component of DeepEST that leverages protein structure data. The hyperparameter optimization 359 

for 	e is performed through grid search executed using W&B (Biewald 2020), with the best configurations 360 

(shown in Fig 1C) obtained after hyperparameter optimization on the unified dataset of all 25 species, 361 

followed by training on each species separately (Supplemental Section S1; searched grid in Supplemental 362 

Table S8, input and output sizes per species in Supplemental Table S9, and best configurations on the 363 

sequence-based splits in Supplemental Table S10). 364 
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To assess the quality of the predicted protein labels �� relative to the ground truth annotations �, we 365 

follow the evaluation protocol established by the Critical Assessment of Functional Annotation (CAFA) 366 

challenge (Radivojac et al. 2013). In the term-centric setting, we compute the micro-averaged area under 367 

the precision–recall curve (micro-AUPRC), following (Gligorijević et al. 2021). For the protein-centric 368 

evaluation, we use the �max $score (Supplemental Section S2). 369 

DeepFRI (Gligorijević et al. 2021) predicts a set of 3,442 GO terms in the biological process 370 

hierarchy, # � ���� , ��� , % , ���,����, from the protein structures: 371 

	s��s; ws� � ��s ,   �3� 

where �s is constituted by the protein sequences and structures, 	s� � corresponds to DeepFRI and is 372 

parameterized in ws, and ��s � ��p�|
| are the predicted labels. The architecture of 	s� � consists of two 373 

stages. Firstly, a recurrent neural network extracts representations from the protein sequences, generating 374 

a feature vector for each amino acid residue. Subsequently, a graph is constructed on an amino acid level, 375 

putting two residues into contact if they are less than 10Å apart. A protein is therefore represented 376 

through a graph with sequence-generated node features and is then fed through three graph convolutional 377 

network (GCN) layers (Kipf and Welling 2017). Finally, the updated node features are concatenated, and 378 

the final predictions are computed with two linear layers. For the structure module of DeepEST, we 379 

harness DeepFRI in a transfer learning setting. Specifically, we keep the extracted features from the GCN 380 

layers and only retrain the weights of the final linear layers, henceforth denoted as ws. The structure of 	s 381 

is visualized at the top of Fig. 1A. Contacts are derived from AlphaFold2 (Varadi et al. 2021) (model 382 

version_4), and the resulting graph is passed to the GCN without pLDDT-based node/edge masking or 383 

edge reweighting. 384 

Expression-location module 385 

Our method adds another neural network, referred to as expression-location module, to the protein 386 

structure module. This module takes as input the experimentally measured gene expression values under 387 

different stress conditions and genetic locus descriptors (i.e., the gene’s genomic locus on the 388 
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chromosome/plasmids, not protein subcellular localization), designed to capture the gene proximity 389 

information. Given that the bacterial genomes, with rare exceptions (Hepner et al. 2023), consist of one 390 

main chromosome with a circular structure and smaller circular plasmids, we encode each position into 391 

polar coordinates. Concretely, for the gene encoding protein ��  let start and end be its coordinates in base 392 

pairs on a replicon of length .. Each coordinate is turned into an angle, 393 

/�
��
 � 201 start
. ,  /��� � 201 end

. ,  �4� 

so that coordinate 0 and coordinate . coincide, and is encoded by its sine and cosine. Together with the 394 

coding strand and an indicator of the replicon carrying the gene, this gives the ���� � 6 location features 395 

of protein �� , 396 

������, : � � 5cos/�
��
,  sin/�
��
 ,  cos/��� ,  sin/���,  strand,  replicon;,   �5� 

where strand is 1 on the forward strand and 0 on the complement, and replicon is 0 on the main 397 

chromosome and 1 on a plasmid. Fig. 1D and E illustrates the six features. Functionally related genes 398 

lying close together on the chromosome is what motivates these features, while their co-transcription 399 

within operons is what the expression features capture. We assess the contribution of these features to the 400 

trained models in Supplemental Section S9. 401 

The resulting gene expression ����� and genome-location features ����, with ����� and ���� number 402 

of features respectively, form a single tabular input for all �� proteins, i.e., �� � ������ with 403 

�� � =1����� 1 > 1 ���� 1? � ������ ,   �� � ����� @ ����,   �6� 

where �� is the total number of features after concatenation and we denote horizontal concatenation with 404 

51 1>1 1;. Therefore, we use a multilayer perceptron (MLP) architecture to perform predictions according to 405 

this module, 406 

	e��e; we� � ��e ,   �7� 

with 	e� � being the non-linear function representing the MLP and parameterized in we, and ��e � ��p��t 407 

the matrix of predicted labels from the expression-location data. A visual representation of 	e is reported 408 

in the bottom of Fig. 1A. Unlike the structure module, this module is trained ab initio. 409 

 Cold Spring Harbor Laboratory Press on November 9, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com


18 

DeepEST predicts protein functions by integrating the expression-location and structure data. This is 410 

achieved by performing a masked linear integration of Eq. (3) and Eq. (7), that allows to rewrite 	� �, 411 

introduced in Eq. (2), as: 412 

	��s , �e; w� � B C�s	s��s; ws� @|�,	�e	e��e; we�D ,  �8� 

where B is the sigmoid function. The learnable parameters of DeepEST denoted by w, include ws, we, and 413 

the two integration parameters, �s and �e. @|�,	  denote the masked sum performed accounting for the 414 

different sets of predicted GO terms. Indeed, exploiting 	s� � in a transfer learning setting means that the 415 

structure module predicts the set of terms originally predicted by DeepFRI, i.e. #. Instead, developing the 416 

expression-location module from scratch allows to predict the set � of GO terms annotations retrieved for 417 

the set of proteins 
 in our dataset. Hence, when integrating the two modalities, DeepEST predicts terms 418 

in � " #, generating the output �� � ��p�|�	
|. Explicitly, the masked linear integration of the two 419 

modalities writes �� � 420 

B C�s F��s|��
   0�p�|��
|   ��s|
��G @ �e F��e|��
   ��e|��
   0�p�|
��|GD ,   �9� 

where ��e|��� and ��s|��� are the outputs of each module restricted to subsets of GO terms, namely the 421 

intersection of � and # (� I #), the difference between � and # (� J #), and the difference between # 422 

and � (# J �), 0�p�|
��| and 0�p�|��
| are the zero matrices with �p rows and respectively |# J �| and 423 

|� J #| columns, 5   ; indicates the concatenation of three matrices. The output probabilities are given by 424 

sigmoid layer B� �. This operation is visualized in Fig 1A. 425 

We apply transfer learning on DeepFRI (Gligorijević et al. 2021), to tailor the model to the bacterial 426 

organism we are investigating. To this end, we use a masked loss function ℓ� �, 427 

ℓL��, �M �  BCEL��|� , �MNOOOPOOOQ
experimental risk within �

@ R S T
w

wT�NOOPOOQ
regularization term

,   �10� 

where UVW� � is the multi-target binary cross-entropy loss, which calculates the experimental risk from 428 

the matrix of the predicted probabilities ��, restricted to �, and the matrix of the ground truth labels �, 429 
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R ∑ Tw wT� is a weight decay regularization term with parameter R (Zhang et al. 2019). The utilization of 430 

this loss allows for the transfer of label information for the set � of GO terms in our dataset. 431 

Update according to the DAG 432 

Due to label dependence, any prediction needs to conform to the hierarchical structure of the GO terms. 433 

To this end, we use the common approach of updating the predictions at the test step according to the 434 

DAG (Zhao et al. 2020), which follows the scheme 435 

����, �� � max [����, ��, max
�
�Children��� 

�����, \��] ,  �11� 

where ChildrenL��M represents the children of the term �� according to the DAG Fig. 1A. Notably, we do 436 

not perform such updating steps to retain a differentiable loss function. 437 

Software availability 438 

The source code for DeepEST is available at https://github.com/BorgwardtLab/DeepEST. Further, the 439 

code is available in the accompanying Supplemental Material. 440 
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Figure legends 552 

Figure 1. Overview of the DeepEST framework. A DeepEST fuses two modules: the expression-location 553 

module 	e (a multi-layer perceptron) and the structure-based module 	s (DeepFRI used with transfer 554 

learning). A protein ��  is the tuple �� � L�e,� , �s,�M, where �s,�  holds the sequence and the amino-acid 555 

contact map. The module outputs ��e,�  and ��s,�  are merged by a masked linear combination (@|�,	) and a 556 

sigmoid (B) into the prediction ���. B At test time, predictions violating the GO DAG hierarchy (red) are 557 

corrected by Eq. (11). C Best-validation hyperparameter configurations for 	e across the five splits. D 558 

Genomic-location features: each gene coordinate becomes an angle on its replicon (Eq. (4); only the start 559 

angle shown), giving four of the six features. E Coding strand and chromosome-vs-plasmid binary 560 

features (Supplemental Section S9). F Phylogenetic clustering of the 25 strains. G Expression setup of the 561 

PATHOgenex dataset: control versus 11 host-mimicking stress conditions. 562 

Figure 2. Accounting structure similarity with a unified dataset from 25 species or a single species 563 

exhibits similar performance suggesting no data leakage in training, validation, and test sets. A Available 564 

protein structures from the 25 bacterial species retrieved from AlphaFold were used as queries in 565 

Foldseek to cluster proteins with high structure similarity local distance difference test score (LDDT) ≥ 566 

70%. B Visual representation of split generation for a representative subset of five species. The 567 

generation of the splits, which account for structure similarity between the proteins, is performed on the 568 

unified dataset. C Comparison of training MLP (i.e., 	e), fine-tuned DeepFRI (i.e., 	s) and DeepEST on 569 

each species separately (“single”) and on the unified dataset comprised of the 25 species (“all”) in terms 570 

of mean �max on the five validation sets, with structure-based splits. Each panel corresponds to a specific 571 

model used in the analysis. The bar plot shows the mean �max values for protein function prediction in 572 

each species. The colors represent datasets, namely “single” and “all”, used in training. D Percentage 573 

change of mean �max values when training the models according to the “all” strategy in contrast to the 574 

“single”. E Comparison of training the three models in terms of average micro-AUPRC with same 575 

strategy explained in C. F Percentage change of mean micro-AUPRC values when training the models 576 
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according to the “all” strategy in contrast to the “single”. The error bars in C and E represent the standard 577 

deviation for each species. Each dot in D and F represents a percentage change of �max and micro-578 

AUPRC, respectively, for each species and straight lines represent the mean values. 579 

Figure 3. DeepEST outperforms established baselines in protein function predictions and achieves greater 580 

specificity in GO assignment by using expression location features. A The average protein-centric �max 581 

and B term-centric micro-AUPRC values calculated for each species separately across the five sets for 582 

DeepEST and other methods: BLAST, Diamond, DeepGOCNN, DeepGOplus, Foldseek, 583 

Foldseek+Diamond, ProstT5, and DeepFRI. C The average protein-centric �max and D term-centric 584 

micro-AUPRC values calculated for each species separately across the five sets for DeepEST and 585 

DeepEST excluding one component at a time: (i) excluding our transfer learning (TL) technique, (ii) 586 

excluding the expression-location module, and (iii) excluding the structure module. E Comparison 587 

between DeepEST and 	s in terms of average %-change in precision and recall for each GO term across 588 

proteins (left panel), and average depth of the GO terms identified by either of the methods (right panel). 589 

Each dot in A,B,C,D represents �max and micro-AUPRC scores for each species. P-values were calculated 590 

with a paired Wilcoxon signed-rank test over the 25 species. F Term-centric micro-AUPRC by GO-term 591 

depth for DeepEST, DeepFRI and Foldseek, averaged over the 25 species, with the number of proteins 592 

carrying at least one term of each depth bin. 593 

Figure 4. DeepEST performance is unrelated to how heavily a species has been sequenced, and integrated 594 

gradients point most to nitrosative stress. A–C Per-species protein-centric �max against three measures of 595 

genome availability in NCBI: complete genomes (A), assemblies at all levels (B), and assemblies at 596 

scaffold level or better (C). Each dot is one of the 25 species, averaged over the five test sets, where fewer 597 

available genomes means a less studied species. Lines are least-squares fits in log�" of the genome count, 598 

and _ is the Spearman rank correlation with its p-value, none of the correlations are significant. D 599 

Integrated-gradients attribution over the expression inputs: each condition’s share of the attribution within 600 

a species, one point is the average over the five folds per species. E The per-GO-term view for S. enterica 601 
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SL1344: the number of the 278 terms (with at least 20 positives) for which each condition receives the 602 

largest attribution. Rows in D and E follow the same order. 603 

Figure 5. Performance by protein family and functional category, in term-centric micro-AUPRC 604 

(breakdown by GO depth in Fig. 3F). A The eight PATRIC protein families with the highest and the eight 605 

with the lowest difference against DeepFRI, of the 1,131 tested, labelled by protein name where possible: 606 

GpmI is 2,3-bisphosphoglycerate-independent phosphoglycerate mutase, TreC is trehalose-6-phosphate 607 

hydrolase, and Hmp is flavohemoglobin / nitric oxide dioxygenase. B Likewise for functional categories, 608 

of the 34 present in at least ten species. Brackets give the number of proteins in a group, and bars run 609 

right and dark where DeepEST leads DeepFRI, left and light where it trails. Stars are a paired Wilcoxon 610 

signed-rank test over the species a group spans, Benjamini-Hochberg corrected within the panel (“***” q 611 

< 0.001, “**” q < 0.01, “*” q < 0.05, “ns” not significant). Values are computed per species and averaged 612 

(Supplemental Section S8). 613 

Figure 6. DeepEST predicts functions via assigning specific biological process GO terms to bacterial 614 

hypothetical proteins with domains of known and unknown functions. Ontology tree of DeepEST-615 

assigned A DNA repair (GO:0006281) with GO hierarchy depth of 7 and B tRNA processing 616 

(GO:0008033) with its child nodes, along with its predicted proteins from different bacterial species. 617 

Representatives of proteins with domains of known and unknown functions together with AlphaFold-618 

predicted structures (Varadi et al. 2021) for proteins C assigned with DNA repair and D tRNA 619 

processing. E Expression patterns of the gene encoding anti-adaptor protein IraM and SL1344_RS05450 620 

encoding a hypothetical protein in S. enterica serovar Typhimurium under each replicate of the 12 621 

conditions. Abbreviations of the conditions in E are as follows: As; Acidic stress, Bs; Bile stress, Ctrl; 622 

Control, Li; Low iron, Mig; Microaerophilic growth, Nd; Nutritional downshift, Oss; Osmotic stress, 623 

Oxs; Oxidative stress, Sp; Stationary phase, Tm; Temperature; Vic. Virulence inducing condition. 624 
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