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Abstract 10 

Accurate protein function prediction is fundamental to advancing drug discovery, 11 

precision medicine, and understanding complex biological systems. While Gene 12 

Ontology (GO) provides a standardized framework for protein annotation, a critical 13 

challenge persists: the imbalance between low-specificity GO terms and high-14 

specificity GO terms. This imbalance creates blind spots in our understanding of protein 15 

function landscapes, particularly in clinically relevant pathways. We present ProGO-16 

PSL, a novel large graph architecture designed to resolve this imbalance. ProGO-PSL 17 

simultaneously leverages explicit domain identifier from InterPro and implicit 18 

evolutionary context from Multiple Sequence Alignments, fusing these complementary 19 

data sources within a powerful imbalance learning framework. Our model consistently 20 

outperforms state-of-the-art methods by 5-15% across all specificity levels and on both 21 

benchmark dataset and independent test set, demonstrating robust generalization. 22 

Furthermore, ProGO-PSL generates interpretable representations that clarify 23 

relationships between low- and high-specificity GO terms, enabling a more complete 24 

functional characterization of the proteome. This work accelerates the identification of 25 

therapeutic targets in previously uncharacterized biological pathways. 26 

Keywords: protein function prediction, gene ontology annotation, protein sequence 27 

large graph, hybrid information fusion, imbalance learning 28 

 29 

Introduction 30 

The generation and functional expression of protein sequences is a complex process 31 

 Cold Spring Harbor Laboratory Press on November 8, 2026 . Published by genome.cshlp.orgDownloaded from 

mailto:bliu@bliulab.net
http://genome.cshlp.org/
http://www.cshlpress.com


 

 

involving the translation of nucleic acid sequences into proteins, which then fold into 32 

their functional forms (Bershtein et al. 2017). Protein Gene Ontology (GO) annotation 33 

plays a crucial role in bridging genetic information to protein function, enabling the 34 

construction of fine-grained mappings between proteins and their associated GO terms 35 

(Ashburner et al. 2000; Nei et al. 2010; Peng et al. 2020; Kulenkampff et al. 2021). 36 

Specifically, Gene Ontology (GO) contains a standardized vocabulary (term) for 37 

describing the biological roles, molecular functions, and cellular localizations of genes 38 

and their products (proteins). These annotations are organized into three main ontology 39 

categories: Cellular Component (CC), which specifies the locations within a cell where 40 

proteins perform their functions; Molecular Function (MF), which describes the 41 

biochemical activities of proteins; and Biological Process (BP), which represents larger 42 

processes composed of molecular activities (Harris et al. 2004; Bepler and Berger 2021; 43 

Gene Ontology et al. 2023). Despite the availability of large databases such as UniProt 44 

(Bateman et al. 2023), which provide annotations for tens of millions of proteins, these 45 

annotated entries represent only a limited portion of the sequence diversity captured in 46 

resources such as UniRef (Suzek et al. 2007; Suzek et al. 2015). This gap highlights a 47 

fundamental limitation in current approaches: the mapping from protein sequences to 48 

functional annotations remains incompletely characterized, particularly in the presence 49 

of large numbers of unannotated sequences (Vu et al. 2023). 50 

A primary challenge in protein function prediction is the imbalance in annotation 51 

specificity. This issue arises from the hierarchical structure of the Gene Ontology (GO), 52 

a Directed Acyclic Graph (DAG) in which terms range from low-specificity to high-53 

specificity (Ashburner et al. 2000). GO terms near the root of the hierarchy represent 54 

low-specificity, high-frequency annotations, whereas GO terms deeper in the graph 55 

describe precise, specialized functions that are sparsely annotated across the proteome. 56 

Consequently, prediction models are often biased toward the easily learned, low-57 

specificity terms, leading to poor performance on the rarer yet often more informative 58 

specific functions (Durairaj et al. 2023). Overcoming this bias is critical, as specific 59 

annotations are essential for uncovering novel biological pathways and identifying 60 

precise targets for drug development (Fox et al. 2023; Pavlopoulos et al. 2023; 61 

Reggiardo et al. 2023). Therefore, this study focuses on achieving balanced prediction 62 

performance across the GO hierarchy, (Soding 2017; Michaelis et al. 2023; Alfatah et 63 

al. 2024; Nomburg et al. 2024), ensuring that these functionally critical annotations are 64 

not overlooked. We refer to this phenomenon as “specificity imbalance,” encompassing 65 

both annotation density imbalance and information content asymmetry across GO terms. 66 

This gap is characterized by an imbalanced distribution of information, with well-67 

studied proteins richly annotated with low-specificity GO terms, and sparsely studied 68 

proteins associated with specialized, less frequent terms. A series of computational 69 

methods has been proposed to improve the protein-GO mapping to bridge this gap. 70 

DeepGOPlus (Kulmanov and Hoehndorf 2020) combines multi-scale- features using 71 

one-dimensional convolutional neural networks to enhance the functional information 72 

embedded in protein sequences. However, relying solely on the information from a 73 
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single sequence is insufficient for predicting GO annotations at a fine granularity. TALE 74 

(Cao and Shen 2021) on the other hand, uses a pre-trained language model to increase 75 

the amount of useful information for GO annotations. Similarly, DeepFRI (Gligorijevic 76 

et al. 2021) combines representations derived from pretrained sequence models with 77 

structural information, allowing functional signals to be captured at residue-level 78 

resolution. Recent studies have emphasized the importance of association data in 79 

improving GO predictions. DeepGraphGO (You et al. 2021) leverages protein-protein 80 

interaction (PPI) data to predict GO terms, as functional interactions often imply 81 

relationships at the GO level. PFresGO (Pan et al. 2023) combines a protein language 82 

model with the hierarchical structure of GO terms, enhancing the functional 83 

information extracted from sequences and improving the accuracy of some specific GO 84 

term predictions. 85 

DeepGO-SE(Kulmanov et al. 2024), DeepGOZero (Kulmanov and Hoehndorf 2022), 86 

DPFunc(Wang et al. 2025) represent three recent approaches that have advanced protein 87 

function prediction under different modeling assumptions. DeepGO-SE [31] frames the 88 

task as approximate semantic entailment, generating multiple approximate models of 89 

GO, and aggregating predictions across these models to exploit GO’s axiomatic 90 

structure. Recent state-of-the-art methods have increasingly incorporated InterPro 91 

domains (Paysan-Lafosse et al. 2023) as explicit features. These domains are detected 92 

by the InterProScan tool (Jones et al. 2014), which analyzes protein sequences to 93 

identify conserved domains. Using the resulting domain identifiers as categorical 94 

features provides more discriminative signals for distinguishing functional similarities 95 

between different sequences. For examples, DeepGOZero (Kulmanov and Hoehndorf 96 

2022) incorporates ELEmbeddings (Kulmanov et al. 2019) with InterPro domain 97 

identifiers to learn associations between sequence-derived domain identifiers and GO 98 

terms from training data. DPFunc (Wang et al. 2025) also incorporates InterPro domain 99 

identifiers to guide attention mechanisms in its architecture so as to focus on structurally 100 

and functionally important regions of proteins. 101 

Despite these advances, existing methods share a common limitation: they do not 102 

explicitly account for the imbalance in annotation density across GO specificity levels. 103 

In the GO hierarchy, terms at lower specificity levels (closer to the root) tend to 104 

accumulate substantially more annotations than terms at higher specificity levels 105 

(deeper in the hierarchy), because general functions are easier to assign experimentally 106 

and are inherited by all child terms through the true path rule. As a result, models trained 107 

on such data are biased toward predicting low-specificity terms, where training signal 108 

is abundant. However, these models underperform on high-specificity terms that carry 109 

more precise and biologically informative annotations. Moreover, most sequence-based 110 

methods implicitly assume that sequence similarity is a reliable indicator of functional 111 

similarity. This assumption becomes less reliable at higher levels of specificity, where 112 

subtle functional distinctions may not be necessarily reflected in overall sequence 113 

similarity. Consequently, this specificity imbalance reflects a structural challenge that 114 

cannot be resolved solely by improving sequence representations or incorporating 115 
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additional features (Beltran et al. 2025). 116 

Motivated by these observations, we develop a protein sequence large graph (PSL) 117 

framework that improves prediction across GO specificity levels through a dual-118 

pathway design. Specifically, it combines implicit evolutionary contexts derived from 119 

multiple sequence alignments (MSA) with domain-level constraints obtained from 120 

InterPro identifiers. While existing methods such as DeepGOZero and PFresGO 121 

incorporate domain annotations or ontology structure, they typically rely on a single 122 

representation source or treat proteins uniformly across different specificity levels. In 123 

contrast, ProGO-PSL learns explicit and implicit representations through separate 124 

pathways and integrates them via adaptive gating, enabling the model to balance 125 

precision and generalization according to the specificity of the target GO terms. Within 126 

an imbalance-aware learning framework, this design allows ProGO-PSL to capture 127 

functional relationships across both low- and high-specificity GO terms while 128 

maintaining robustness across diverse protein sequences. 129 

Results 130 

Characterization of the specificity imbalance 131 

To empirically characterize the specificity imbalance in GO annotation, we analyzed 132 

the protein-function landscape across all three ontology categories. As illustrated in Fig. 133 

1A, proteins annotated with low-specificity GO terms form densely connected clusters, 134 

whereas proteins annotated with high-specificity terms are sparsely represented: a 135 

pattern consistent across CC, MF, and BP. This uneven annotation density results in an 136 

information asymmetry: low-specificity terms, though broadly assigned, carry limited 137 

discriminative information, while high-specificity terms encode precise functional 138 

distinctions but are underrepresented in training data and thus harder to model.  139 

A separate but compounding factor concerns the relationship between sequence 140 

similarity and functional similarity. Analysis of representative protein pairs with 141 

specific annotations (Fig. 1B) showed that high sequence similarity frequently fails to 142 

predict comparable functional similarity, particularly at higher GO specificity levels 143 

(Fig. 1C). Quantification of information content further confirmed this divergence (Fig. 144 

1D), indicating a systematic mismatch between sequence-space proximity and 145 

function-space proximity.  146 

These observations suggest three contributing factors: (i) annotation imbalance 147 

across GO terms, where specific functions are systematically underrepresented relative 148 

to general ones; (ii) study bias across proteins, where well-characterized organisms 149 

dominate existing annotations; and (iii) representation mismatch between sequence 150 

space and function space, where sequence proximity does not reliably indicate 151 

functional proximity. Collectively, these observations suggest that the core challenge of 152 

GO annotation is not merely class imbalance. Rather, the task requires learning a 153 

mapping from protein sequence space to a hierarchically structured function space 154 
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under conditions where high-specificity annotations are both sparse and 155 

informationally distinct from low-specificity ones. This motivates a task formulation 156 

that explicitly accounts for this hierarchical specificity structure.. 157 

Problem formulation 158 

The preceding analysis identified three factors underlying the specificity imbalance: 159 

annotation sparsity at high specificity levels, study bias across proteins, and a 160 

systematic mismatch between sequence-space proximity and function-space proximity. 161 

We now formalize the annotation task in a way that makes these challenges explicit. 162 

We define Gene Ontology (GO) annotation as a hierarchical multi-label 163 

classification problem (Kabir and Shehu 2022). Let 𝐱 = [𝐴1, 𝐴2, … , 𝐴𝐿]  denote a 164 

protein sequence of length 𝐿, where each 𝐴𝑖 represents one of the 21 standard amino 165 

acids(Yang et al. 2020). Let 𝒢 = (𝑉, 𝐸) denote the directed acyclic graph (DAG) of a 166 

given GO category (CC, MF, or BP), where 𝑉 = {𝑡1, 𝑡2, … , 𝑡𝑚} is the set of GO terms 167 

and 𝐸 encodes the hierarchical "is-a" relationships between terms. The task is to learn 168 

a mapping 𝑓: 𝐱 → 𝐲 ∈ {0,1}𝑚 , where 𝑦𝑗 = 1 indicates that the protein is annotated 169 

with term 𝑡𝑗 (Pan et al. 2023). This mapping must satisfy the true-path constraint: if 170 

𝑦𝑗 = 1and 𝑡𝑘is an ancestor of 𝑡𝑗in 𝒢, then 𝑦𝑘 = 1. 171 

The specificity imbalance characterized above manifests in this formulation as two 172 

interrelated difficulties. First, the marginal label frequency 𝑃(𝑦𝑗 = 1) decreases 173 

sharply with the depth of 𝑡𝑗in 𝒢, creating a long-tailed distribution over the output 174 

space that biases standard loss functions toward low-specificity terms. Second, the 175 

mapping 𝑓 cannot be reliably approximated by sequence similarity alone, because 176 

proximity in sequence space does not entail proximity in the function space implied by 177 

𝒢, particularly at higher specificity levels where functional distinctions are fine-grained 178 

(Boadu et al. 2023). An effective model must therefore learn representations that 179 

capture functional relevance beyond sequence similarity and maintain predictive 180 

accuracy across different specificity levels of the ontology hierarchy (Sapoval et al. 181 

2022). 182 

Model architecture 183 

Information content analyze 184 

To quantify the informativeness of Gene Ontology (GO) terms and guide the 185 

development of our computational model, we employed the Information Content (IC) 186 

metric (Lin 1998b; Schlicker et al. 2006; Gligorijevic et al. 2021; Kulmanov and 187 

Hoehndorf 2022; Unsal et al. 2022) (Fig. 2). As shown in Fig. 2A, the IC distribution 188 

of GO terms follows a long-tailed pattern, where most GO terms have high IC values, 189 

indicating that they are highly specific and contain rich information. However, a small 190 

subset of frequently occurring terms has lower IC values, reflecting their broad 191 
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applicability across various biological contexts. This long-tail distribution highlights an 192 

information imbalance: the majority of GO terms, which are highly specific and 193 

informative, represent specialized functions, while a small number of low-specificity, 194 

broadly applicable terms represent general functions. 195 

To better understand how this long-tail distribution impacts computational modeling, 196 

we further investigated its underlying structure and the challenges it presents. Low-197 

specificity GO terms are frequently annotated across diverse proteins because they 198 

appear in a wide range of biological contexts, making them less-specific in terms of 199 

distinguishing unique protein functions (i.e., lower IC values). In contrast, high-200 

specificity GO terms (with high IC values), are annotated less frequently, making it 201 

difficult for predictive models to accurately capture them. Especially, due to the 202 

inherent data imbalance that skews model performance toward the more frequently 203 

occurring low-specificity terms. This challenge underscores a significant disparity in 204 

information content between protein sequences and their corresponding GO terms, 205 

particularly across different specificity levels. As a result, a more nuanced 206 

computational approach is required to effectively bridge this gap and improve the 207 

accuracy of GO term prediction across all specificity levels. 208 

 209 

To address the imbalance across GO specificity levels, we construct the protein 210 

sequence large graph (PSL), which employs an imbalance learning framework to 211 

integrate both explicit and implicit information. We compare the performance of 212 

different types of informative data (explicit, implicit, and hybrid) for predicting GO 213 

terms as shown in Fig. 2B. Explicit information, derived from curated resources, 214 

provides discriminative signals that are particularly effective for resolving fine-grained 215 

functional distinctions. In contrast, implicit information, derived from multiple 216 

sequence alignments, that captures subtle evolutionary patterns that captures broad 217 

evolutionary patterns that support generalization across diverse functional contexts. As 218 

shown in Fig. 2B, our results confirm this hypothesis: models using only a single 219 

information source exhibit biases, whereas the hybrid model fusing both explicit and 220 

implicit information achieves superior and more balanced performance. These effects 221 

are not exclusive to specific regions of the ontology but instead reflect differences in 222 

how each information source contributes to prediction under varying levels of 223 

functional granularity. This fusion is therefore crucial for accurately predicting terms 224 

across the full spectrum of specificity. In particular, it helps mitigate the trade-off 225 

between performance on low-specificity terms, which tend to be more extensively 226 

annotated, and high-specificity terms, which are comparatively sparse in available 227 

annotations. 228 

In summary, the information content metric reveals an intrinsic information 229 

asymmetry between proteins and GO terms across different specificity levels. To 230 

address this, we propose a hybrid information-based approach that constructs a protein 231 

sequence large graph based on hybrid information. 232 
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Protein sequence large graph 233 

By integrating both explicit and implicit information, we aim to use an effective 234 

imbalance learning framework to predict Gene Ontology (GO) terms from protein 235 

sequences. This approach will help overcome the long-tail distribution challenge, 236 

ensuring accurate prediction of both high- and low-IC GO terms. To achieve this, we 237 

propose a Protein Sequence Large graph (PSL) model, called ProGO-PSL, which 238 

consists of three key components: a deep residual channel attention network (RCAN) 239 

(Jie Hu 2018; Wang et al. 2020; Ridnik et al. 2021), a constrained embedding 240 

representation (CER) (Kulmanov and Hoehndorf 2022), and a fusion of representations 241 

(FoR) (Shazeer 2020). 242 

As shown in Fig. 2C, the RCAN captures implicit information by extracting features 243 

from multiple sequence alignments, generating representations that reflect the broader 244 

functional landscape of proteins. The CER is a multi-layer perceptron that learns from 245 

InterPro domain identifiers (Kulmanov and Hoehndorf 2022; Paysan-Lafosse et al. 246 

2023) to capture explicit features, producing representations that are closely aligned 247 

with known functional categories. The FoR is a Transformer-based architecture that 248 

uses Gated Linear Units (GLUs) (Shazeer 2020) to fuse the implicit representations 249 

from RCAN with the explicit representations from CER. This architecture balances the 250 

prediction performance of low-specificity and high-specificity, which is crucial for 251 

hierarchical multi-label classification. 252 

Datasets and Evaluation methods 253 

Benchmark dataset. The benchmark dataset was constructed based on the 254 

UniProt/SwissProt (released in April 2022), which is a manually curated resource 255 

widely used for protein function prediction. Following the protocol employed by 256 

DeepGOPlus (Kulmanov and Hoehndorf 2020), we constructed a high-confidence 257 

dataset from UniProt/SwissProt (April 2022 release) by retaining only proteins with 258 

experimentally supported annotations (e.g., EXP, IDA, IPI). The resulting dataset 259 

contains 79,230 proteins and is aligned with the Gene Ontology release of October 2022 260 

(31,253 reviewed terms). 261 

To ensure a consistent evaluation protocol (Kulmanov and Hoehndorf 2020), the 262 

dataset was partitioned into training, validation, and test subsets (85.5%, 9.5%, and 5%, 263 

respectively). Model development, including parameter tuning and selection, was 264 

performed using the training and validation sets, while final performance was assessed 265 

on the held-out test set. 266 

Independent test set. To further evaluate generalization under realistic conditions, 267 

we constructed an independent test set consisting of proteins added to 268 

UniProt/SwissProt between May 2022 and March 2025. These proteins do not overlap 269 

with the benchmark dataset and therefore provide a strict assessment of model 270 

transferability to newly annotated sequences. 271 
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Our model trained with the training set of the benchmark dataset was directly 272 

performed on the independent test set to give the prediction results. 273 

The statistical information of both the benchmark dataset and the independent test 274 

set was listed in the Supplemental Table S1. 275 

Performance comparison across different specificity level 276 

The information content (Lin 1998b; Schlicker et al. 2006; Gligorijevic et al. 2021; 277 

Kulmanov and Hoehndorf 2022; Unsal et al. 2022) of a Gene Ontology (GO) term is 278 

positively correlated with its depth in the hierarchical structure of the ontology, where 279 

terms deeper in the hierarchy tend to have higher IC values. Therefore, we evaluated 280 

the prediction accuracy of GO terms at different levels of information content. We 281 

compared ProGO-PSL against several state-of-the-art methods, including DeepGO-282 

SE(Kulmanov et al. 2024), DeepGOZero(Kulmanov and Hoehndorf 2022), ESM-2 283 

(Lin et al. 2023), as well as other competitive methods for GO annotation (The detailed 284 

configurations are provided in Supplemental Table S3). 285 

To evaluate performance, we grouped the GO terms based on their information 286 

content into two categories: IC ≥ 10, representing highly specific terms, and IC < 10, 287 

covering less specific terms. The evaluation metrics used were Fmax (maximum F-288 

score) and AuPRC (Area under the Precision-Recall Curve), and the results are 289 

provided for Cellular Component (CC), Molecular Function (MF), and Biological 290 

Process (BP) ontologies. Fig. 3 summarizes the results for each method, comparing 291 

performance for the two IC groups as well as for all GO terms combined. 292 

Performance on benchmark dataset 293 

For the benchmark dataset, we evaluated performance using a global hold-out 294 

strategy, holding out 5% of proteins for testing. Fig. 3A shows results across two 295 

information content (IC) groups (IC ≥ 10 for high-specificity terms, IC < 10 for low-296 

specificity terms) as well as all GO terms combined. 297 

ProGO-PSL showed consistent performance across GO categories relative to existing 298 

approaches (Buchfink et al. 2015; Steinegger and Soding 2017; Kulmanov and 299 

Hoehndorf 2022; Lin et al. 2023; Kulmanov et al. 2024; van Kempen et al. 2024). For 300 

highly specific terms (IC ≥ 10), the some methods also showed strong results. DeepGO-301 

SE achieved an Fmax of 0.738 and DeepGOZero 0.736 on the Cellular Component (CC) 302 

ontology. Both methods benefit from encoding GO axioms into geometric embeddings, 303 

which aligns well with the relatively well-structured cellular localization hierarchy. 304 

However, ProGO-PSL achieved an Fmax of 0.543 on the Biological Process (BP) 305 

ontology, surpassing DeepGO-SE (0.501). This because BP terms describe multi-step 306 

processes involving diverse proteins and pathways. DPFunc, although designed to 307 

highlight functional regions within protein structures through domain-guided attention, 308 

performed poorly (0.261 in BP). These results are consistent with the hypothesis that 309 
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detecting functional regions in structures alone is insufficient for predicting complex 310 

biological processes, which inherently involve multiple proteins and their interactions. 311 

For low-specificity GO terms (IC < 10), the results highlight differences in how 312 

various approaches integrate functional information. DeepGOZero performed well in 313 

BP (Fmax = 0.544), reflecting its learning capacity, which propagates predictions across 314 

definition axioms connecting broad and specific functions. DeepGO-SE showed 315 

reduced performance in the same setting (Fmax = 0.512), suggesting that approximate 316 

semantic entailment is less effective for coarse-grained categories. DPFunc again 317 

underperformed (Fmax = 0.279), indicating limited ability to generalize beyond 318 

specific structural motifs. ProGO-PSL achieved the best BP performance in this group 319 

(Fmax = 0.553), showing that its large graph-based framework can capture both narrow 320 

and broad functional associations by integrating diverse forms of protein similarity. 321 

When evaluating all GO terms together, ProGO-PSL demonstrated clear advantages. 322 

In Molecular Function (MF), ProGO-PSL reached an Fmax of 0.717, compared with 323 

0.646 for DeepGO-SE and 0.683 for DeepGOZero. The difference was even more 324 

striking in BP, where ProGO-PSL achieved 0.560 compared with 0.484 for DeepGO-325 

SE and 0.517 for DeepGOZero. These results highlight that they may fail to capture 326 

additional biological relationships. The imbalance learning on large graph allows 327 

ProGO-PSL to combine explicit domain knowledge with implicit evolutionary 328 

information, bridging this gap. The underperformance of DPFunc (Fmax = 0.344 in MF) 329 

reinforces the idea that while domain-guided attention enhances interpretability, it lacks 330 

the breadth required for general prediction across the heterogeneous mechanisms of 331 

protein function. 332 

Performance on independent test set 333 

To further evaluate the generalization ability of ProGO-PSL and avoid data leakage, 334 

various methods were evaluated on an independent test set constructed based on 335 

UniProt/SwissProt. All the proteins in this independent test set were added into 336 

UniProt/SwissProt during May 2022 and March 2025, which is fully independent from 337 

the benchmark data set constructed based on UniProt/SwissProt released on April 2022. 338 

The results of different methods are shown in Fig. 3B. 339 

This validation exposes fundamental differences in robustness. DeepGO-SE showed 340 

marked performance decline when moving to this kind of data. Its MF performance on 341 

all terms fell from 0.646 to 0.580. Approximate semantic entailment relies on multiple 342 

“world models” of GO axioms generated during training. Once GO annotations expand 343 

with new experimental data, these models become outdated, limiting generalization. 344 

DeepGOZero experienced even greater declines, particularly in MF (0.683 to 0.611). 345 

While its zero-shot mechanism is advantageous for rare terms during training, it 346 

becomes a liability when new proteins introduce functions not easily explained by pre-347 

existing definition axioms. DPFunc performed poorly across all ontologies (e.g., BP all 348 

terms Fmax = 0.244), suggesting that domain-guided structural features are insufficient 349 

to handle newly characterized proteins. 350 
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By contrast, ProGO-PSL maintained both accuracy and stability. For highly specific 351 

terms, it achieved the highest Fmax scores across all ontologies (0.721 in CC, 0.690 in 352 

MF, 0.517 in BP). For low-specificity terms, its performance remained strong and 353 

showed minimal decline compared with the benchmark dataset (0.739 in CC, 0.672 in 354 

MF, 0.527 in BP). The margin of improvement over other methods widened under this 355 

evaluation. In MF (all terms), ProGO-PSL reached 0.736, compared with 0.580 for 356 

DeepGO-SE and 0.611 for DeepGOZero, corresponding to gains of 27% and 20%. In 357 

BP (all terms), ProGO-PSL achieved 0.542, compared with 0.428 for DeepGO-SE and 358 

0.466 for DeepGOZero. These results indicate that our large graph model effectively 359 

integrate both implicit and explicit information, adapts better to proteins discovered in 360 

future. 361 

In conclusion, these results highlight a key computational challenge in protein 362 

function prediction: methods that embed fixed biological knowledge can perform well, 363 

but their strengths are conditional. Language-model-based approaches, such as 364 

DeepGO-SE and ESM-2, exploit pretrained sequence embeddings to capture broad 365 

functional information. In contrast, domain-based approaches, such as DeepGOZero 366 

and DPFunc, incorporate InterPro domain identifiers as explicit features to improve 367 

learning of sequence–function associations. However, their performance drops sharply 368 

on newly added proteins. ProGO-PSL encodes knowledge in the large-graph structure 369 

of protein sequences rather than relying on fixed axiomatic or domain-specific rules. 370 

This design enables the model to propagate functional information across diverse 371 

relationships, uncover indirect associations, and generalize to novel sequences. Such 372 

adaptability is particularly critical for the BP ontology, where biological processes 373 

represent emergent network-level properties rather than attributes of individual proteins. 374 

ProGO-PSL is a Robust and Specific Protein Function Predictor 375 

A central challenge in protein function prediction is the long-tailed distribution of 376 

Gene Ontology (GO) annotations, where most terms are highly specific and sparsely 377 

annotated. ProGO-PSL addresses this bottleneck by integrating hybrid information 378 

from protein sequences and large graphs. To evaluate its ability to generalize across 379 

ontologies and maintain specificity in difficult cases, we assessed performance on the 380 

independent test set using three complementary perspectives: i) specific grouped 381 

annotation. We split the GO terms into two groups based on information content (IC ≥ 382 

10 and IC < 10) and assessed performance for each group individually and combined; 383 

ii) hierarchical grouped annotation. We grouped the GO terms by both their depth in 384 

the GO hierarchy and their information content; and iii) fine-grained grouped 385 

annotation (see Supplemental Table S2 for detailed statistics). We categorized GO 386 

terms into numerical IC intervals and evaluated performance across each interval 387 

(Unsal et al. 2022). The results are summarized in Fig. 4. 388 

 389 

 390 
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In the specific grouped annotation (Fig. 4A), we benchmarked ProGO-PSL against 391 

four state-of-the-art methods (DeepGO-SE, DeepGOZero, DPFunc, and ESM2) across 392 

three annotation specificity levels. ProGO-PSL demonstrated superior precision-recall 393 

trade-offs, achieving the highest Fmax scores in both molecular function (MF) and 394 

cellular component (CC) ontologies. For high-specificity terms (IC ≥ 10), ProGO-PSL 395 

attained Fmax values of 72.09% (CC) and 69.04% (MF), substantially outperforming 396 

the next-best methods DeepGO-SE (70.81% in CC) and DeepGOZero (66.70% in MF). 397 

In the biological process (BP) ontology, characterized by greater annotation 398 

heterogeneity and functional complexity, ProGO-PSL maintained competitive accuracy 399 

(Fmax = 51.67%). Notably, for low-specificity terms (IC < 10), where annotation 400 

density enables most methods to achieve high recall, ProGO-PSL sustained exceptional 401 

performance with Fmax values of 83.32% (CC), 94.90% (MF), and 66.07% (BP), 402 

demonstrating robust generalization across the specificity spectrum. 403 

The results of hierarchical grouped annotation (Fig. 4B) revealed ProGO-PSL's 404 

consistent superiority across six distinct GO term categories defined by the intersection 405 

of hierarchical depth (shallow/medium/deep) and information content (high/low). 406 

ProGO-PSL's performance advantage was particularly pronounced for deep, high-IC 407 

terms, where annotation is sparse, and methods typically degrade. For example, in BP, 408 

ProGO-PSL was the best-performing method across all six subgroups, achieving Fmax 409 

scores of 92.72% (shallow/low), 73.26% (shallow/high), 54.07% (medium/low), 56.34% 410 

(medium/high), 53.04% (deep/low), and 51.74% (deep/high). This uniform dominance 411 

contrasts with ESM-2 and DeepGO-SE, which showed relative strength in shallow or 412 

low-IC subsets but deteriorated substantially in deep/high-IC categories. ProGO-PSL’s 413 

ability to maintain balanced performance in deep/high-IC BP terms—where annotation 414 

is sparse and complexity greatest—demonstrates its capacity to capture long-range 415 

functional dependencies in the GO hierarchy. 416 

In the fine-grained grouped annotation (Fig. 4C), Matthews Correlation Coefficient 417 

(MCC) analysis and the threshold analysis (Chicco and Jurman 2020) across numerical 418 

IC intervals elucidated complementary strengths among methods while confirming 419 

ProGO-PSL's overall superiority. In MCC analysis, for BP terms, ESM-2 performed 420 

best only in the lowest IC interval (IC < 5; MCC = 0.93 vs. ProGO-PSL 0.92). Beyond 421 

this range, ProGO-PSL consistently achieved the highest MCC, with values rising from 422 

0.33 at IC 5–6 to 0.61 at IC 6–7, exceeding both DeepGO-SE (0.27–0.41) and 423 

DeepGOZero (0.29–0.42). Performance remained stable across higher IC bins, with 424 

ProGO-PSL achieving 0.54 MCC for IC ≥ 15. In MF, ProGO-PSL achieved near-perfect 425 

discrimination at IC < 5 (MCC = 0.997) and sustained superiority through IC 8–9 (0.784 426 

vs. 0.310 for DeepGO-SE and 0.280 for DeepGOZero). because GO term annotation is 427 

determined by applying an optimal threshold that maximizes Fmax, the distribution of 428 

thresholds directly reflects the discriminative power of a model. In BP, ProGO-PSL’s 429 

thresholds were both narrowly distributed and stable across IC bins (0.68–0.82, median 430 

0.73), indicating well-calibrated decision boundaries that reliably separate positives 431 

from negatives across specificity levels. 432 
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These results confirm that ProGO-PSL achieves the state-of-the-art performance in 433 

both robustness and specificity. Language-model-based approaches, such as DeepGO-434 

SE and ESM-2, leverage pretrained embeddings to capture broad functional patterns, 435 

but their performance declines for highly specific terms. Domain-based approaches, 436 

such as DeepGOZero and DPFunc, incorporate InterPro domain identifiers to learn 437 

sequence-function associations effectively, yet their reliance on predefined domain 438 

features limits generalization. In contrast, ProGO-PSL learns functional associations 439 

directly from sequence data by its large graph framework. This design enables ProGO-440 

PSL to maintain balanced performance across both low-specificity and high-specificity 441 

GO terms. Such balanced performance is particularly critical for the BP ontology, where 442 

annotations often reflect emergent biological processes at the network level rather than 443 

localized attributes of individual proteins. 444 

Effective Integration of Complementary Hybrid Information in Protein 445 

Sequence Large Graph 446 

The hybrid information employed by the Protein Sequence Large Graph (PSL) 447 

leverages the complementary strengths of explicit and implicit information. This 448 

complementarity arises from the distinct yet synergistic roles that each type of 449 

information plays in improving Gene Ontology (GO) term prediction. To demonstrate 450 

this, we conducted experiments analyzing the contributions of explicit and implicit 451 

information separately and in combination. We evaluated the model's ability to 452 

discriminate between positive and negative samples and plotted the distribution of these 453 

prediction results. Fig. 5 visually illustrates the complementary nature of these two 454 

types of information. 455 

 456 

In Fig. 5A, we compare the prediction performance of the hybrid information model 457 

with models that use only explicit or implicit information. Using Average Precision (AP) 458 

scores across different GO terms as the evaluation metric, we observe that the hybrid 459 

model’s performance closely mirrors that of the explicit information model. This 460 

similarity suggests that explicit information contributes to improved discriminative 461 

performance, as reflected by its ability to reduce false positives, primarily by improving 462 

the detection of negative samples. This higher precision is crucial for reducing false 463 

positives, thereby optimizing the model's classification performance. The fact that the 464 

hybrid model preserves this precision advantage indicates that the fusion mechanism 465 

retains the discriminative contribution of explicit information, rather than diluting it 466 

through indiscriminate combination with implicit features. 467 

In Fig. 5B, we further examine the hybrid model's discriminative ability by 468 

comparing the score distributions for positive and negative samples. The score 469 

distribution of the implicit information model closely aligns with that of the hybrid 470 

model, indicating that implicit information plays a critical role in improving the model’s 471 
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generalization capability. Specifically, implicit information helps the model better 472 

identify positive samples by capturing subtle, abstract relationships that are not 473 

immediately apparent from explicit data alone. This contributes to the model’s 474 

robustness and adaptability across diverse contexts, enhancing its overall predictive 475 

power. Similarly, the alignment between the hybrid and implicit models in score 476 

distribution demonstrates that the fusion process preserves the generalization strength 477 

of implicit information. Taken together, Figs. 5A and 5B show that the hybrid model 478 

simultaneously preserves the precision of explicit information and the generalization 479 

capacity of implicit information. This complementary effect cannot be achieved by 480 

either information source alone and reflects the effectiveness of the adaptive fusion 481 

strategy. 482 

In summary, the integration of explicit and implicit information in the Protein 483 

Sequence Large Graph proves to be highly effective. This can be summarized in three 484 

key points: i) explicit information primarily enhances precision by improving the 485 

detection of negative samples, reducing false positives; ii) implicit information 486 

enhances generalization by better identifying positive samples, improving the model’s 487 

robustness; and iii) the fusion of these two types of information through a GLU-based 488 

Transformer enables the model to combine their complementary strengths. Compared 489 

with simple concatenation or fixed-weight fusion, this adaptive integration allows the 490 

model to balance precision and generalization across GO terms with different 491 

specificity levels. 492 

Feature analysis 493 

This study suggests that the specificity level imbalance arises from the long-tailed 494 

distribution of information content in Gene Ontology (GO) terms. To address this 495 

disparity, ProGO-PSL employs an imbalance learning framework to integrate explicit 496 

and implicit information based on Protein Sequence Large Graph (PSL). One of the key 497 

advantages of this approach is its ability to generate interpretable representations, 498 

allowing for a deeper investigation into the relationships between highly specific and 499 

low-specificity GO terms. Through feature analysis, we demonstrated the impact of the 500 

specificity level imbalance on GO annotation and showcased how ProGO-PSL 501 

effectively addresses this issue, as shown in Fig. 6. 502 

 503 

Our comprehensive model analysis reveals how ProGO-PSL addresses the 504 

specificity level imbalance in protein function prediction. Using t-SNE visualization of 505 

model weights (Fig. 5A), we demonstrate that while DeepGOPlus struggles with high-506 

specificity GO terms due to their long-tailed distribution, ProGO-PSL effectively 507 

captures the global relationships between GO terms across different information 508 

content levels. To evaluate performance with varying sequence similarities, we 509 

employed Spearman correlation coefficients to measure both specificity in predicting 510 

high-specificity GO terms (Spearman-1) and generalizability across all terms 511 
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(Spearman-2). The results (Fig. 5B) confirm that high-specificity GO terms remain rare 512 

regardless of sequence similarity, creating prediction biases in conventional methods 513 

including ESM2. ProGO-PSL overcomes this limitation by effectively combining 514 

explicit and implicit information, enabling more accurate annotation across diverse 515 

proteins. Furthermore, by comparing protein similarity calculated by our model against 516 

similarity derived from actual GO annotations (Fig. 5C), we observed a positive linear 517 

correlation that validates ProGO-PSL's ability to reduce the imbalance in protein-GO 518 

association information. This three-part analysis collectively demonstrates how our 519 

approach successfully bridges the gap between protein sequences and their GO terms, 520 

providing a more balanced representation of the protein function landscape. 521 

In Fig. 6A, the weights of the final fully connected layers of DeepGOPlus (Kulmanov 522 

and Hoehndorf 2020) and ProGO-PSL were analyzed using the t-SNE algorithm (van 523 

der Maaten and Hinton 2008). These weights represent the distribution of learned GO 524 

terms within the respective models. We highlighted GO terms with high information 525 

content, located deep in the GO hierarchy (referred to as high-specificity GOs), for 526 

easier identification. The figure shows that DeepGOPlus (Kulmanov and Hoehndorf 527 

2020) struggles to capture the relationships between high-specificity GO terms and 528 

low-specificity terms. This is largely due to the long-tailed distribution of information 529 

content, which traditional methods fail to address. In contrast, ProGO-PSL effectively 530 

captures the global relationships between GO terms at different levels of information 531 

content, enabling a more comprehensive understanding of the distributional properties 532 

across different GO specificity levels. 533 

In Fig. 6B, we divided protein sequences based on different sequence similarities, as 534 

proteins with varying sequence similarities exhibit different levels of information 535 

content. We then evaluated and compared the performance of ESM2 (Lin et al. 2023), 536 

Foldseek (van Kempen et al. 2024), and other computational methods in predicting GO 537 

terms for proteins with different sequence similarities. We quantified the agreement 538 

between predicted and reference annotations using Spearman’s correlation coefficient 539 

(Spearman 2010), which captures monotonic relationships between the two 540 

distributions. The Spearman-1 score denotes the performance in predicting high-541 

specificity GO terms, while the Spearman-2 score reflects the performance across all 542 

GO terms. These scores provide insight into the specificity (Spearman-1) and 543 

generalizability (Spearman-2) of the models. The results indicate that high-specificity 544 

GO terms are rare, regardless of sequence similarity, leading to prediction biases in 545 

most computational methods, including ESM2. In contrast, ProGO-PSL successfully 546 

combines explicit and implicit information, enabling more accurate GO annotation for 547 

proteins with varying sequence similarities and information content levels. 548 

In Fig. 6C, we compared protein similarity calculated by ProGO-PSL with protein 549 

similarity derived from GO annotations. Protein similarity based on GO annotation 550 

represents true functional similarity, while the similarity calculated by ProGO-PSL 551 

represents predicted functional similarity. We used the Spearman score (ρ) to measure 552 

the correlation between the predicted and true similarity distributions. The positive 553 
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linear correlation observed between the two distributions indicates that ProGO-PSL 554 

effectively reduces the imbalance in protein-GO association information. This 555 

demonstrates the model's ability to bridge the gap between protein sequences and their 556 

corresponding GO annotations. 557 

Discussion 558 

Our study provides a refined understanding of the specificity imbalance in Gene 559 

Ontology (GO) annotation. Rather than being independent or isolated, high-specificity 560 

GO terms are structurally and functionally connected to low-specificity terms within 561 

the GO hierarchy. This observation suggests that functional specificity emerges from 562 

hierarchical dependencies across annotation levels, rather than from local sequence 563 

similarity alone. Consequently, approaches that rely solely on sequence similarity or 564 

treat GO terms as independent labels are inherently limited in capturing the full 565 

structure of protein function space. These findings reframe the core challenge of GO 566 

annotation as learning a mapping between protein sequence space and a hierarchically 567 

structured function space, under conditions where proximity in sequence space does 568 

not necessarily correspond to proximity in function space. 569 

Building on this understanding, ProGO-PSL explicitly models the mismatch between 570 

protein sequence space and the hierarchically structured function space defined by GO. 571 

The model integrates two complementary sources of information: implicit evolutionary 572 

signals from multiple sequence alignments and explicit domain-level constraints from 573 

InterPro identifiers. This enables the model to capture both global functional 574 

relationships and local structural signals, which is particularly important for high-575 

specificity GO terms that are underrepresented in training data. A potential limitation 576 

of MSA-derived features is that evolutionary signals may reinforce misleading 577 

homology when sequence similarity does not reliably reflect functional similarity. To 578 

mitigate this effect, ProGO-PSL learns refined representations from reconstructed 579 

alignment data and conditions them on complementary domain-level features. This 580 

design reduces over-reliance on homology alone. Importantly, the model does not rely 581 

on predefined mappings between InterPro annotations and GO terms; instead, domain 582 

features are treated as sequence-derived inputs, and their associations with function are 583 

learned directly from data. This design ensures that the model performs function 584 

prediction rather than simply redistributing existing annotations across the GO 585 

hierarchy. 586 

The interpretability of the learned representations further supports this mechanism. 587 

The alignment between predicted protein similarities and GO-derived functional 588 

similarities suggests that ProGO-PSL partially bridges sequence-based representations 589 

and functional organization. This bridging reflects the complementary roles of explicit 590 

and implicit information. Explicit features primarily contribute discriminative precision, 591 

which is particularly important when resolving fine-grained functional distinctions 592 

often associated with high-specificity terms. In contrast, implicit features support 593 
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generalization across broader regions of the functional space, contributing to stable 594 

performance on lower-specificity terms and the overall distribution. More broadly, 595 

future advances may depend less on improving single modalities and more on 596 

frameworks that model the relational structure of biological function. 597 

Despite these improvements, several limitations remain. First, the model depends on 598 

the availability and quality of multiple sequence alignments and InterPro annotations. 599 

For proteins with limited homologous sequences or incomplete domain annotations, the 600 

quality of both implicit and explicit representations may be reduced. Second, although 601 

ProGO-PSL improves predictions for high-specificity GO terms, extremely rare terms 602 

with minimal annotation data remain challenging due to the inherent sparsity of the 603 

training distribution. Third, the current framework does not explicitly enforce the true-604 

path constraint of the GO hierarchy during training or inference; incorporating 605 

ontology-aware structural constraints could further improve prediction consistency 606 

across parent-child term pairs. Finally, the evaluation benchmarks, while augmented by 607 

the independent test set, remain predominantly composed of well-characterized 608 

proteins from model organisms, and generalizability to underrepresented taxa warrants 609 

systematic investigation. 610 

These findings have broader implications for computational protein function 611 

prediction. The observed mismatch between sequence similarity and functional 612 

similarity highlights the need to move beyond sequence-only approaches toward 613 

models that explicitly account for hierarchical and contextual relationships in biological 614 

systems. In this context, integrating additional modalities, such as protein structural 615 

information from resources like AlphaFold and contextual embeddings from protein 616 

language models, may further enhance the representation of functional space. More 617 

broadly, this study demonstrates that explicitly modeling the hierarchical structure of 618 

the annotation space, rather than treating it as a flat classification problem, can improve 619 

predictive performance. This observation suggests that similar strategies may be 620 

beneficial for other biological ontologies, such as disease ontologies, pathway 621 

databases, and phenotype classification systems, which also exhibit long-tailed 622 

distributions and hierarchical dependencies. Taken together, these results point toward 623 

a general direction in which protein function prediction may benefit from the 624 

integration of multi-level biological evidence within ontology-aware learning 625 

frameworks, providing a more balanced and biologically consistent representation of 626 

functional space. 627 

Methods 628 

Information content 629 

We quantify GO term specificity using Shannon information content (IC), defined as 630 

IC(𝑥) = −log(|𝑥|/𝑁), where |𝑥| denotes the number of proteins annotated with term 631 

x and N is the total number of proteins in the dataset. Under this formulation, terms 632 
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associated with fewer proteins correspond to higher specificity. Details are provided in 633 

Supplemental Material S1.3. 634 

Multiple sequence alignment encoding 635 

MSA profiles capture implicit evolutionary information but may contain noise from 636 

non-homologous matches. To extract robust representations, we first convert the MSA 637 

into continuous embeddings by mapping each amino acid and gap symbol to a learnable 638 

𝑑-dimensional vector (Eq. S1). The embedded MSA is then processed through a series 639 

of convolutional operations, including down-sampling, residual blocks, and up-640 

sampling, to reconstruct a denoised representation that captures residue frequency, co-641 

occurrence, and positional patterns. Full architectural details and hyperparameters are 642 

provided in Supplemental Material S1.4. 643 

Implicit information representation via Deep Residual Channel Attention 644 

Network 645 

Inspired by trRosetta's use of deep convolution to project MSA data into structural 646 

feature space, we employ a Deep Residual Channel Attention Network (RCAN) 647 

(Marcel and Rodriguez 2010; He et al. 2016; Huang et al. 2023) to learn ontology-648 

specific representations from the reconstructed MSA. The network consists of an initial 649 

convolutional down-sampling layer followed by four residual stages, each 650 

incorporating Efficient Channel Attention (ECA) modules (Wang et al. 2020). The ECA 651 

mechanism performs local cross-channel interaction via adaptive 1D convolution, 652 

allowing the network to weight channels by their informativeness without 653 

dimensionality reduction. The output is aggregated through global average pooling to 654 

produce a fixed-dimensional implicit representation 𝑟𝑐𝑜𝑛𝑣 for each protein. 655 

Architectural details and equations are provided in Supplemental Material S1.5. 656 

Explicit information representation via constrained embedding representation 657 

We derive explicit functional features from InterPro domain annotations (Paysan-658 

Lafosse et al. 2023), obtained by scanning protein sequences with InterProScan (Jones 659 

et al. 2014; Paysan-Lafosse et al. 2023). Each protein is represented as a binary vector 660 

𝐯 ∈ {0,1}𝑁, where 𝑁is the total number of distinct InterPro annotations and each entry 661 

indicates the presence or absence of a specific domain, family, or functional site 662 

annotation (Kulmanov and Hoehndorf 2022). Importantly, only the presence or absence 663 

of each InterPro entry is used as a categorical input feature; no textual descriptions, 664 

functional summaries, or pre-existing InterPro-to-GO term mappings are incorporated 665 

into the model. All associations between domain features and GO terms are learned 666 

entirely from the training data. This design ensures that the explicit pathway functions 667 

 Cold Spring Harbor Laboratory Press on November 8, 2026 . Published by genome.cshlp.orgDownloaded from 

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


 

 

as a learned feature extractor rather than an annotation translation system. This vector 668 

is projected to a fixed-dimensional space via a linear layer and reshaped into 𝑔groups 669 

of dimension 𝑑 to form constrained embeddings: 𝑐𝑐 = reshape(𝑣𝑊𝑐 + 𝑏𝑐; 𝑔, 𝑑) 670 

where each group captures a subset of domain-level constraints on protein function. 671 

Architectural details and equations are provided in Supplemental Material S1.6. 672 

 673 

Fusion of representations 674 

The implicit representation 𝑟𝑐𝑜𝑛𝑣and the constrained embedding 𝑐𝑐a are fused using 675 

a Transformer architecture with a SwiGLU-based feedforward network. The implicit 676 

representation is first reshaped and linearly projected to match the shape of 𝑐𝑐, yielding 677 

𝑟𝑝. The two embeddings are concatenated along the group dimension to form 𝑥𝑐 =678 

concat(𝑐𝑐, 𝑟𝑝) ∈ ℝ2𝑔×𝑑. 679 

This fused embedding is processed by a self-attention encoder in which the standard 680 

MLP-based feedforward network is replaced by a SwiGLU feedforward network 681 

(Ramachandran et al. 2018) : 682 

 SwiGLU(𝑥) = Swish𝛽(𝑥𝐖 + 𝑏) ⨂ (𝑥𝐕 + 𝑐) (1) 

 FFNSwiGLU(𝑥) = (Swish1(𝑥𝐖) ⨂ 𝑥𝐕)𝐖2 (2) 

 SelfAttn(Q, K, V) = FFNSwiGLU (softmax (
𝐐𝐊𝑇

√𝑑𝑘

) 𝐕) (3) 

where Equation 1 represents the original SwiGLU, x denotes the input, W and V denote 683 

the weights, b and c denote the bias, and 𝛽 is the parameter of the Swish activation 684 

function. Equation 2 denotes the SwiGLU based feedforward network 𝐹𝐹𝑁𝑆𝑤𝑖𝐺𝐿𝑈 685 

instead of MLP based feedforward network in this section, where 𝑆𝑤𝑖𝑠ℎ1  denotes 686 

𝛽 = 1 in Swish activation function, and W, V, and 𝐖2 denote the weights. SelfAttn 687 

denotes the self-attention encoder based on SwiGLU, where the attention weights are 688 

computed from the similarity between projected feature groups in the fused 689 

representation, scaled by √𝑑𝑘 for numerical stability, and normalized via the softmax 690 

operation. This formulation allows interactions between explicit and implicit feature 691 

groups within 𝑥𝑐 , enabling the model to capture cross-source dependencies during 692 

fusion. 693 

The SwiGLU gating mechanism enables the model to adaptively select which 694 

components of the fused representation are informative, providing a learned balance 695 

between explicit domain-level signals and implicit evolutionary signals. This is critical 696 

for mitigating the specificity imbalance, as the relative informativeness of explicit 697 

versus implicit features varies across specificity levels. 698 
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Imbalance learning 699 

The specificity imbalance identified in the preceding analysis, where high-specificity 700 

GO terms are severely underrepresented relative to low-specificity terms. It poses a 701 

direct challenge to model training: standard training procedures tend to be dominated 702 

by the abundant low-specificity terms, resulting in poor predictive performance for the 703 

sparse but informationally rich high-specificity terms. To address this, we design a 704 

training framework comprising three complementary components: a two-step training 705 

strategy, an asymmetric loss function, and training stabilization techniques. 706 

Three separate hierarchical multi-label classifiers are trained for CC, MF, and BP. 707 

Each classifier is trained in two sequential steps. In the first step, the model is trained 708 

using only the implicit representations derived from MSA via the RCAN pathway. 709 

Because evolutionary signals captured by MSA are broadly distributed across 710 

specificity levels, this step provides a robust initialization that is not dominated by any 711 

particular specificity range. In the second step, the explicit representations from 712 

InterPro domain annotations are incorporated, and the full model (implicit and explicit 713 

pathways with GLU-based Transformer fusion) is fine-tuned. Domain annotations 714 

provide direct functional constraints that are particularly useful for resolving fine-715 

grained functional distinctions, which are more prevalent among high-specificity terms. 716 

To further mitigate the label imbalance at the loss level, we employ the Asymmetric 717 

Loss (ASL) function (Ridnik et al. 2021) during both training steps: 718 

 
ℒ𝐴𝑆𝐿 = {

(1 − 𝑝)𝛾+log (𝑝) for positive GO terms (GO
+

)

(𝑝𝑚)𝛾−log (1 − 𝑝𝑚) for negative GO terms (GO
−

)
 (4) 

where 𝑝  denotes the predicted probability, and 𝑝𝑚  introduces a margin-based 719 

truncation that suppresses low-confidence negative responses. The parameters γ+ and 720 

γ−  control the relative emphasis on positive and negative samples, respectively, 721 

allowing the loss to focus on hard examples, which are particularly important for high-722 

specificity GO terms that are sparsely represented. The margin 𝑚 introduces a hard 723 

threshold that effectively discards easy negative samples (i.e., GO terms clearly absent 724 

for a given protein), while the asymmetric focusing parameters allow independent 725 

control over the down-weighting of easy positives versus easy negatives. This is critical 726 

for specificity imbalance: for high-specificity terms, the vast majority of training 727 

samples are negative, and without asymmetric treatment, the loss signal would be 728 

overwhelmed by these uninformative negatives. We set 𝛾+ = 𝛾− = 4and 𝑚 = 10−8. 729 

Two techniques are employed to stabilize the training process, motivated by the 730 

concern that imbalanced label distributions may cause the model to converge toward 731 

solutions biased toward low-specificity terms. 732 

First, we apply Exponential Moving Average (EMA) (Grill et al. 2020) to maintain a 733 

smoothed copy of the model parameters, with a decay rate of 𝜆 = 0.9997 . EMA 734 

maintains a smoothed trajectory of model parameters, which is particularly relevant 735 

when training with imbalanced labels: without smoothing, gradient updates are 736 

disproportionately influenced by the frequent low-specificity terms that dominate each 737 
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mini-batch, and the resulting parameter oscillations can destabilize representations 738 

learned for rare high-specificity terms. 739 

Second, we adopt the One Cycle Learning Rate (OneCycleLR) schedule (Smith and 740 

Topin 2018) with a peak learning rate of 2 × 10−4. During the warm-up phase, the low 741 

learning rate allows the model to first establish stable representations of the more 742 

prevalent low-specificity terms. As the learning rate increases toward its peak, the 743 

model gains sufficient gradient magnitude to refine decision boundaries for the harder, 744 

less frequent high-specificity terms. The subsequent cosine annealing phase 745 

progressively reduces the learning rate to consolidate learned representations across all 746 

specificity levels. 747 

All three ProGO-PSL models (CC, MF, BP) are trained independently with the Adam 748 

optimizer using default parameters ( 𝛽1 = 0.9 , 𝛽2 = 0.999 ). Hyperparameters are 749 

tuned on the corresponding validation sets. 750 

Datasets 751 

No new data was generated in this study; all data is derived from publicly available 752 

resources. The experimental data used in this work is available at online prediction 753 

webserver of ProGO-PSL (http://bliulab.net/ProGO-PSL/). All data used in this work 754 

is from public resources the UniProt website and the Gene Ontology website. The 755 

benchmark dataset can be downloaded from http://bliulab.net/ProGO-756 

PSL/download/swissprot, including the benchmark data, and the trained model weight. 757 

The independent test set can be downloaded from http://bliulab.net/ProGO-758 

PSL/download/swissprot_ind. The Multiple Sequence Alignment (MSA) data of 759 

benchmark dataset can be downloaded from this link http://bliulab.net/ProGO-760 

PSL/download/msas. The MSA data of independent test set can be downloaded from 761 

this link http://bliulab.net/ProGO-PSL/download/ind_msas. 762 

Software availability 763 

The ProGO-PSL framework is publicly available on GitHub 764 

(https://github.com/altriasjy31/pslg-server). The source code is also provided as 765 

Supplemental Code associated with this manuscript. Detailed documentation and usage 766 

instructions are available at http://bliulab.net/ProGO-PSL/document. 767 
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 957 

Figure 1. Overview of the specificity imbalance problem in gene ontology 958 

annotation. This figure illustrates how protein function prediction is challenged by 959 

disparities across Gene Ontology (GO) specificity levels and by the disconnect between 960 

sequence similarity and functional similarity. (A) Force Atlas 2 layout (Bastian et al. 961 

2009) of protein-protein and GO-GO networks (is a relationship), where highly 962 

connected nodes are colored red, others are colored blue. Four representative protein 963 

pairs are selected for detailed analysis. (B) We select four representative proteins and 964 

their GO terms. (C) Comparison of sequence similarity (computed with MMseqs2 965 

(Steinegger and Soding 2017)) and functional similarity (calculated with Wang’s 966 

algorithm (Wang et al. 2007)) for the representative protein pairs, highlighting their 967 

divergence. (D) Scatter plots quantifying imbalance: the first three show GO term 968 

distribution by information content (IC) and hierarchical depth, while the last one 969 

compares sequence similarity with GO term similarity (using Lin’s algorithm (Lin 970 

1998a; Unsal et al. 2022) 971 

 972 

Figure 2. Overview of our hybrid information-based approach via the protein 973 

sequence large graph. We illustrated our protein sequence large graph model through 974 

the lens of information content. (A) We used the information content metric to 975 
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analyze the imbalanced distribution across GO terms of different specificity levels. 976 

The first two parts of panel A visualize the distribution of information content in Gene 977 

Ontology (GO) terms and proteins, respectively, where the orange bars represent 978 

high-specificity elements, and the blue bars represent low-specificity ones. The third 979 

part of panel A shows the distribution of information content in a hierarchical GO 980 

graph. The fourth part of panel A depicts the information gap between proteins and 981 

GO terms based on their similarity, where protein sequence similarity is calculated 982 

using MMseqs2 (Steinegger and Soding 2017) and GO similarity is based on the 983 

hybrid information-based metric (Lin's approach) from this study (Lin 1998a; Unsal et 984 

al. 2022). (B) We illustrated the characteristics of the different computational models 985 

based on their corresponding input types and compared their performance in 986 

distinguishing negative and positive samples. (C) We presented the pipeline of our 987 

protein sequence large graph based on hybrid information 988 

Figure 3. Performance comparison across different specificity levels. We evaluate 989 

ProGO-PSL against state-of-the-art computational methods for predicting GO terms 990 

with varying specificity levels across Cellular Component (CC), Molecular Function 991 

(MF), and Biological Process (BP) ontologies. GO terms are grouped by information 992 

content: IC ≥ 10 (highly specific terms) and IC < 10 (low specific terms). (A) 993 

Performance on benchmark dataset. (B) Performance on independent test set. 994 

Figure 4. Performance evaluation of robustness and specificity on independent 995 

test set. We evaluated and displayed the prediction performance of ProGO-PSL on 996 

independent test set via three experiments. The prediction performance of ProGO-PSL 997 

is compared with the other state-of-the-art methods through three experiments on an 998 

independent test set. (A) Precision-Recall (PR) curves with Iso-F1 contours 999 

(Gligorijevic et al. 2021) are used to compare ProGO-PSL with other computational 1000 

methods. (B) Radar plots display the performance of ProGO-PSL against other 1001 

methods for six distinct groups of GO terms, which are categorized by a combination 1002 

of information content (high/low) and hierarchical depth (shallow/medium/deep). (C) 1003 

The performance across fine-grained IC intervals is analyzed in two parts. The upper 1004 

panel shows the Matthews Correlation Coefficient (MCC) scores for each method as 1005 

line plots, along with the size of each IC interval represented by bar plots. The lower 1006 

panel illustrates the distribution of predicted scores for positive and negative samples 1007 

using violin plots, overlaid with the optimal F1-score threshold curve for ProGO-PSL. 1008 

Figure 5. Accurate prediction of gene ontology annotation using the 1009 

complementary property of hybrid information. We compare the prediction results 1010 

of different types of information to reveal the complementary property. (A) We plot a 1011 

scatter diagram where each point denotes an average precision score of a Gene 1012 

Ontology term and the coordinate of point is the prediction score pair. We also 1013 

calculated the p-value of the compared two results by the Wilcoxon ranked method. 1014 
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(B) We displayed the prediction results of distinguishing negative and positive 1015 

samples. The first two parts denote the results before the two types of information are 1016 

feed forward into the protein sequence large graph. The third part denotes the results 1017 

of integrating the two types of information initially. The last part denotes the final 1018 

prediction results of the GLU-based Transformer. 1019 

Figure 6. The interpretable representation space learned by ProGO-PSL is 1020 

capable of capturing protein function information. We analyzed the specificity 1021 

level imbalance problem via the derived representation of ProGO-PSL. (A) We 1022 

extracted the trained weights of the last layer of ProGO-PSL and DeepGOPlus and 1023 

visualized their distributions using the t-SNE algorithm. In the scatter diagram, each 1024 

point denotes a Gene Ontology (GO) term, where the points colored purple denote 1025 

highly specific GO terms. (B) We divided the test samples into different groups based 1026 

on their sequence similarity to the training samples. We employed the Spearman's 1027 

correlation coefficient to evaluate how closely the predicted results match the actual 1028 

distribution. Spearman-1 is for the highly specific GO terms and Spearman-2 is for all 1029 

GO terms. (C) We calculated protein similarity in two ways: one based on the 1030 

representation of ProGO-PSL, the other based on GO annotations. To compare the 1031 

two types of protein similarity distributions, we plotted a scatter diagram where each 1032 

point denotes a protein, and its coordinates represent the similarity score pair. Then, 1033 

we calculated the rho value to measure how closely the predicted similarity scores 1034 

match the true ones. 1035 
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