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Abstract

Accurate protein function prediction is fundamental to advancing drug discovery,
precision medicine, and understanding complex biological systems. While Gene
Ontology (GO) provides a standardized framework for protein annotation, a critical
challenge persists: the imbalance between low-specificity GO terms and high-
specificity GO terms. This imbalance creates blind spots in our understanding of protein
function landscapes, particularly in clinically relevant pathways. We present ProGO-
PSL, a novel large graph architecture designed to resolve this imbalance. ProGO-PSL
simultaneously leverages explicit domain identifier from InterPro and implicit
evolutionary context from Multiple Sequence Alignments, fusing these complementary
data sources within a powerful imbalance learning framework. Our model consistently
outperforms state-of-the-art methods by 5-15% across all specificity levels and on both
benchmark dataset and independent test set, demonstrating robust generalization.
Furthermore, ProGO-PSL generates interpretable representations that clarify
relationships between low- and high-specificity GO terms, enabling a more complete
functional characterization of the proteome. This work accelerates the identification of
therapeutic targets in previously uncharacterized biological pathways.
Keywords: protein function prediction, gene ontology annotation, protein sequence
large graph, hybrid information fusion, imbalance learning

Introduction

The generation and functional expression of protein sequences is a complex process
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involving the translation of nucleic acid sequences into proteins, which then fold into
their functional forms (Bershtein et al. 2017). Protein Gene Ontology (GO) annotation
plays a crucial role in bridging genetic information to protein function, enabling the
construction of fine-grained mappings between proteins and their associated GO terms
(Ashburner et al. 2000; Nei et al. 2010; Peng et al. 2020; Kulenkampff et al. 2021).
Specifically, Gene Ontology (GO) contains a standardized vocabulary (term) for
describing the biological roles, molecular functions, and cellular localizations of genes
and their products (proteins). These annotations are organized into three main ontology
categories: Cellular Component (CC), which specifies the locations within a cell where
proteins perform their functions; Molecular Function (MF), which describes the
biochemical activities of proteins; and Biological Process (BP), which represents larger
processes composed of molecular activities (Harris et al. 2004; Bepler and Berger 2021;
Gene Ontology et al. 2023). Despite the availability of large databases such as UniProt
(Bateman et al. 2023), which provide annotations for tens of millions of proteins, these
annotated entries represent only a limited portion of the sequence diversity captured in
resources such as UniRef (Suzek et al. 2007; Suzek et al. 2015). This gap highlights a
fundamental limitation in current approaches: the mapping from protein sequences to
functional annotations remains incompletely characterized, particularly in the presence
of large numbers of unannotated sequences (Vu et al. 2023).

A primary challenge in protein function prediction is the imbalance in annotation
specificity. This issue arises from the hierarchical structure of the Gene Ontology (GO),
a Directed Acyclic Graph (DAG) in which terms range from low-specificity to high-
specificity (Ashburner et al. 2000). GO terms near the root of the hierarchy represent
low-specificity, high-frequency annotations, whereas GO terms deeper in the graph
describe precise, specialized functions that are sparsely annotated across the proteome.
Consequently, prediction models are often biased toward the easily learned, low-
specificity terms, leading to poor performance on the rarer yet often more informative
specific functions (Durairaj et al. 2023). Overcoming this bias is critical, as specific
annotations are essential for uncovering novel biological pathways and identifying
precise targets for drug development (Fox et al. 2023; Pavlopoulos et al. 2023;
Reggiardo et al. 2023). Therefore, this study focuses on achieving balanced prediction
performance across the GO hierarchy, (Soding 2017; Michaelis et al. 2023; Alfatah et
al. 2024; Nomburg et al. 2024), ensuring that these functionally critical annotations are
not overlooked. We refer to this phenomenon as “specificity imbalance,” encompassing
both annotation density imbalance and information content asymmetry across GO terms.

This gap is characterized by an imbalanced distribution of information, with well-
studied proteins richly annotated with low-specificity GO terms, and sparsely studied
proteins associated with specialized, less frequent terms. A series of computational
methods has been proposed to improve the protein-GO mapping to bridge this gap.
DeepGOPlus (Kulmanov and Hoehndorf 2020) combines multi-scale- features using
one-dimensional convolutional neural networks to enhance the functional information
embedded in protein sequences. However, relying solely on the information from a
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single sequence is insufficient for predicting GO annotations at a fine granularity. TALE
(Cao and Shen 2021) on the other hand, uses a pre-trained language model to increase
the amount of useful information for GO annotations. Similarly, DeepFRI (Gligorijevic
et al. 2021) combines representations derived from pretrained sequence models with
structural information, allowing functional signals to be captured at residue-level
resolution. Recent studies have emphasized the importance of association data in
improving GO predictions. DeepGraphGO (You et al. 2021) leverages protein-protein
interaction (PPI) data to predict GO terms, as functional interactions often imply
relationships at the GO level. PFresGO (Pan et al. 2023) combines a protein language
model with the hierarchical structure of GO terms, enhancing the functional
information extracted from sequences and improving the accuracy of some specific GO
term predictions.

DeepGO-SE(Kulmanov et al. 2024), DeepGOZero (Kulmanov and Hoehndorf 2022),
DPFunc(Wang et al. 2025) represent three recent approaches that have advanced protein
function prediction under different modeling assumptions. DeepGO-SE [31] frames the
task as approximate semantic entailment, generating multiple approximate models of
GO, and aggregating predictions across these models to exploit GO’s axiomatic
structure. Recent state-of-the-art methods have increasingly incorporated InterPro
domains (Paysan-Lafosse et al. 2023) as explicit features. These domains are detected
by the InterProScan tool (Jones et al. 2014), which analyzes protein sequences to
identify conserved domains. Using the resulting domain identifiers as categorical
features provides more discriminative signals for distinguishing functional similarities
between different sequences. For examples, DeepGOZero (Kulmanov and Hoehndorf
2022) incorporates ELEmbeddings (Kulmanov et al. 2019) with InterPro domain
identifiers to learn associations between sequence-derived domain identifiers and GO
terms from training data. DPFunc (Wang et al. 2025) also incorporates InterPro domain
identifiers to guide attention mechanisms in its architecture so as to focus on structurally
and functionally important regions of proteins.

Despite these advances, existing methods share a common limitation: they do not
explicitly account for the imbalance in annotation density across GO specificity levels.
In the GO hierarchy, terms at lower specificity levels (closer to the root) tend to
accumulate substantially more annotations than terms at higher specificity levels
(deeper in the hierarchy), because general functions are easier to assign experimentally
and are inherited by all child terms through the true path rule. As a result, models trained
on such data are biased toward predicting low-specificity terms, where training signal
is abundant. However, these models underperform on high-specificity terms that carry
more precise and biologically informative annotations. Moreover, most sequence-based
methods implicitly assume that sequence similarity is a reliable indicator of functional
similarity. This assumption becomes less reliable at higher levels of specificity, where
subtle functional distinctions may not be necessarily reflected in overall sequence
similarity. Consequently, this specificity imbalance reflects a structural challenge that
cannot be resolved solely by improving sequence representations or incorporating
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additional features (Beltran et al. 2025).

Motivated by these observations, we develop a protein sequence large graph (PSL)
framework that improves prediction across GO specificity levels through a dual-
pathway design. Specifically, it combines implicit evolutionary contexts derived from
multiple sequence alignments (MSA) with domain-level constraints obtained from
InterPro identifiers. While existing methods such as DeepGOZero and PFresGO
incorporate domain annotations or ontology structure, they typically rely on a single
representation source or treat proteins uniformly across different specificity levels. In
contrast, ProGO-PSL learns explicit and implicit representations through separate
pathways and integrates them via adaptive gating, enabling the model to balance
precision and generalization according to the specificity of the target GO terms. Within
an imbalance-aware learning framework, this design allows ProGO-PSL to capture
functional relationships across both low- and high-specificity GO terms while
maintaining robustness across diverse protein sequences.

Results

Characterization of the specificity imbalance

To empirically characterize the specificity imbalance in GO annotation, we analyzed
the protein-function landscape across all three ontology categories. As illustrated in Fig.
1A, proteins annotated with low-specificity GO terms form densely connected clusters,
whereas proteins annotated with high-specificity terms are sparsely represented: a
pattern consistent across CC, MF, and BP. This uneven annotation density results in an
information asymmetry: low-specificity terms, though broadly assigned, carry limited
discriminative information, while high-specificity terms encode precise functional
distinctions but are underrepresented in training data and thus harder to model.

A separate but compounding factor concerns the relationship between sequence
similarity and functional similarity. Analysis of representative protein pairs with
specific annotations (Fig. 1B) showed that high sequence similarity frequently fails to
predict comparable functional similarity, particularly at higher GO specificity levels
(Fig. 1C). Quantification of information content further confirmed this divergence (Fig.
ID), indicating a systematic mismatch between sequence-space proximity and
function-space proximity.

These observations suggest three contributing factors: (i) annotation imbalance
across GO terms, where specific functions are systematically underrepresented relative
to general ones; (ii) study bias across proteins, where well-characterized organisms
dominate existing annotations; and (iii) representation mismatch between sequence
space and function space, where sequence proximity does not reliably indicate
functional proximity. Collectively, these observations suggest that the core challenge of
GO annotation is not merely class imbalance. Rather, the task requires learning a
mapping from protein sequence space to a hierarchically structured function space
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under conditions where high-specificity annotations are both sparse and
informationally distinct from low-specificity ones. This motivates a task formulation
that explicitly accounts for this hierarchical specificity structure..

Problem formulation

The preceding analysis identified three factors underlying the specificity imbalance:
annotation sparsity at high specificity levels, study bias across proteins, and a
systematic mismatch between sequence-space proximity and function-space proximity.
We now formalize the annotation task in a way that makes these challenges explicit.

We define Gene Ontology (GO) annotation as a hierarchical multi-label
classification problem (Kabir and Shehu 2022). Let x = [44,4,, ...,A;] denote a
protein sequence of length L, where each A; represents one of the 21 standard amino
acids(Yang et al. 2020). Let G = (V,E) denote the directed acyclic graph (DAG) of a
given GO category (CC, MF, or BP), where V = {t,t,, ..., t;,;} is the set of GO terms
and E encodes the hierarchical "is-a" relationships between terms. The task is to learn
a mapping f:X -y € {0,1}"", where y; = lindicates that the protein is annotated
with term ¢; (Pan et al. 2023). This mapping must satisfy the true-path constraint: if
y; = land t;is an ancestor of ¢;jin G, then y;, = 1.

The specificity imbalance characterized above manifests in this formulation as two
interrelated difficulties. First, the marginal label frequency P(y; = 1) decreases
sharply with the depth of ¢jin G, creating a long-tailed distribution over the output
space that biases standard loss functions toward low-specificity terms. Second, the
mapping f cannot be reliably approximated by sequence similarity alone, because
proximity in sequence space does not entail proximity in the function space implied by
G, particularly at higher specificity levels where functional distinctions are fine-grained
(Boadu et al. 2023). An effective model must therefore learn representations that
capture functional relevance beyond sequence similarity and maintain predictive
accuracy across different specificity levels of the ontology hierarchy (Sapoval et al.
2022).

Model architecture

Information content analyze

To quantify the informativeness of Gene Ontology (GO) terms and guide the
development of our computational model, we employed the Information Content (IC)
metric (Lin 1998b; Schlicker et al. 2006; Gligorijevic et al. 2021; Kulmanov and
Hoehndorf 2022; Unsal et al. 2022) (Fig. 2). As shown in Fig. 2A, the IC distribution
of GO terms follows a long-tailed pattern, where most GO terms have high IC values,
indicating that they are highly specific and contain rich information. However, a small
subset of frequently occurring terms has lower IC values, reflecting their broad
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applicability across various biological contexts. This long-tail distribution highlights an
information imbalance: the majority of GO terms, which are highly specific and
informative, represent specialized functions, while a small number of low-specificity,
broadly applicable terms represent general functions.

To better understand how this long-tail distribution impacts computational modeling,
we further investigated its underlying structure and the challenges it presents. Low-
specificity GO terms are frequently annotated across diverse proteins because they
appear in a wide range of biological contexts, making them less-specific in terms of
distinguishing unique protein functions (i.e., lower IC values). In contrast, high-
specificity GO terms (with high IC values), are annotated less frequently, making it
difficult for predictive models to accurately capture them. Especially, due to the
inherent data imbalance that skews model performance toward the more frequently
occurring low-specificity terms. This challenge underscores a significant disparity in
information content between protein sequences and their corresponding GO terms,
particularly across different specificity levels. As a result, a more nuanced
computational approach is required to effectively bridge this gap and improve the
accuracy of GO term prediction across all specificity levels.

To address the imbalance across GO specificity levels, we construct the protein
sequence large graph (PSL), which employs an imbalance learning framework to
integrate both explicit and implicit information. We compare the performance of
different types of informative data (explicit, implicit, and hybrid) for predicting GO
terms as shown in Fig. 2B. Explicit information, derived from curated resources,
provides discriminative signals that are particularly effective for resolving fine-grained
functional distinctions. In contrast, implicit information, derived from multiple
sequence alignments, that captures subtle evolutionary patterns that captures broad
evolutionary patterns that support generalization across diverse functional contexts. As
shown in Fig. 2B, our results confirm this hypothesis: models using only a single
information source exhibit biases, whereas the hybrid model fusing both explicit and
implicit information achieves superior and more balanced performance. These effects
are not exclusive to specific regions of the ontology but instead reflect differences in
how each information source contributes to prediction under varying levels of
functional granularity. This fusion is therefore crucial for accurately predicting terms
across the full spectrum of specificity. In particular, it helps mitigate the trade-off
between performance on low-specificity terms, which tend to be more extensively
annotated, and high-specificity terms, which are comparatively sparse in available
annotations.

In summary, the information content metric reveals an intrinsic information
asymmetry between proteins and GO terms across different specificity levels. To
address this, we propose a hybrid information-based approach that constructs a protein
sequence large graph based on hybrid information.
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Protein sequence large graph

By integrating both explicit and implicit information, we aim to use an effective
imbalance learning framework to predict Gene Ontology (GO) terms from protein
sequences. This approach will help overcome the long-tail distribution challenge,
ensuring accurate prediction of both high- and low-IC GO terms. To achieve this, we
propose a Protein Sequence Large graph (PSL) model, called ProGO-PSL, which
consists of three key components: a deep residual channel attention network (RCAN)
(Jie Hu 2018; Wang et al. 2020; Ridnik et al. 2021), a constrained embedding
representation (CER) (Kulmanov and Hoehndorf 2022), and a fusion of representations
(FoR) (Shazeer 2020).

As shown in Fig. 2C, the RCAN captures implicit information by extracting features
from multiple sequence alignments, generating representations that reflect the broader
functional landscape of proteins. The CER is a multi-layer perceptron that learns from
InterPro domain identifiers (Kulmanov and Hoehndorf 2022; Paysan-Lafosse et al.
2023) to capture explicit features, producing representations that are closely aligned
with known functional categories. The FoR is a Transformer-based architecture that
uses Gated Linear Units (GLUs) (Shazeer 2020) to fuse the implicit representations
from RCAN with the explicit representations from CER. This architecture balances the
prediction performance of low-specificity and high-specificity, which is crucial for
hierarchical multi-label classification.

Datasets and Evaluation methods

Benchmark dataset. The benchmark dataset was constructed based on the
UniProt/SwissProt (released in April 2022), which is a manually curated resource
widely used for protein function prediction. Following the protocol employed by
DeepGOPlus (Kulmanov and Hoehndorf 2020), we constructed a high-confidence
dataset from UniProt/SwissProt (April 2022 release) by retaining only proteins with
experimentally supported annotations (e.g., EXP, IDA, IPI). The resulting dataset
contains 79,230 proteins and is aligned with the Gene Ontology release of October 2022
(31,253 reviewed terms).

To ensure a consistent evaluation protocol (Kulmanov and Hoehndorf 2020), the
dataset was partitioned into training, validation, and test subsets (85.5%, 9.5%, and 5%,
respectively). Model development, including parameter tuning and selection, was
performed using the training and validation sets, while final performance was assessed
on the held-out test set.

Independent test set. To further evaluate generalization under realistic conditions,
we constructed an independent test set consisting of proteins added to
UniProt/SwissProt between May 2022 and March 2025. These proteins do not overlap
with the benchmark dataset and therefore provide a strict assessment of model
transferability to newly annotated sequences.
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Our model trained with the training set of the benchmark dataset was directly
performed on the independent test set to give the prediction results.

The statistical information of both the benchmark dataset and the independent test
set was listed in the Supplemental Table S1.

Performance comparison across different specificity level

The information content (Lin 1998b; Schlicker et al. 2006; Gligorijevic et al. 2021;
Kulmanov and Hoehndorf 2022; Unsal et al. 2022) of a Gene Ontology (GO) term is
positively correlated with its depth in the hierarchical structure of the ontology, where
terms deeper in the hierarchy tend to have higher IC values. Therefore, we evaluated
the prediction accuracy of GO terms at different levels of information content. We
compared ProGO-PSL against several state-of-the-art methods, including DeepGO-
SE(Kulmanov et al. 2024), DeepGOZero(Kulmanov and Hoehndorf 2022), ESM-2
(Lin et al. 2023), as well as other competitive methods for GO annotation (The detailed
configurations are provided in Supplemental Table S3).

To evaluate performance, we grouped the GO terms based on their information
content into two categories: IC > 10, representing highly specific terms, and IC < 10,
covering less specific terms. The evaluation metrics used were Fmax (maximum F-
score) and AuPRC (Area under the Precision-Recall Curve), and the results are
provided for Cellular Component (CC), Molecular Function (MF), and Biological
Process (BP) ontologies. Fig. 3 summarizes the results for each method, comparing
performance for the two IC groups as well as for all GO terms combined.

Performance on benchmark dataset

For the benchmark dataset, we evaluated performance using a global hold-out
strategy, holding out 5% of proteins for testing. Fig. 3A shows results across two
information content (IC) groups (IC > 10 for high-specificity terms, IC < 10 for low-
specificity terms) as well as all GO terms combined.

ProGO-PSL showed consistent performance across GO categories relative to existing
approaches (Buchfink et al. 2015; Steinegger and Soding 2017; Kulmanov and
Hoehndorf 2022; Lin et al. 2023; Kulmanov et al. 2024; van Kempen et al. 2024). For
highly specific terms (IC > 10), the some methods also showed strong results. DeepGO-
SE achieved an Fmax of 0.738 and DeepGOZero 0.736 on the Cellular Component (CC)
ontology. Both methods benefit from encoding GO axioms into geometric embeddings,
which aligns well with the relatively well-structured cellular localization hierarchy.
However, ProGO-PSL achieved an Fmax of 0.543 on the Biological Process (BP)
ontology, surpassing DeepGO-SE (0.501). This because BP terms describe multi-step
processes involving diverse proteins and pathways. DPFunc, although designed to
highlight functional regions within protein structures through domain-guided attention,
performed poorly (0.261 in BP). These results are consistent with the hypothesis that
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detecting functional regions in structures alone is insufficient for predicting complex
biological processes, which inherently involve multiple proteins and their interactions.

For low-specificity GO terms (IC < 10), the results highlight differences in how
various approaches integrate functional information. DeepGOZero performed well in
BP (Fmax = 0.544), reflecting its learning capacity, which propagates predictions across
definition axioms connecting broad and specific functions. DeepGO-SE showed
reduced performance in the same setting (Fmax = 0.512), suggesting that approximate
semantic entailment is less effective for coarse-grained categories. DPFunc again
underperformed (Fmax = 0.279), indicating limited ability to generalize beyond
specific structural motifs. ProGO-PSL achieved the best BP performance in this group
(Fmax = 0.553), showing that its large graph-based framework can capture both narrow
and broad functional associations by integrating diverse forms of protein similarity.

When evaluating all GO terms together, ProGO-PSL demonstrated clear advantages.
In Molecular Function (MF), ProGO-PSL reached an Fmax of 0.717, compared with
0.646 for DeepGO-SE and 0.683 for DeepGOZero. The difference was even more
striking in BP, where ProGO-PSL achieved 0.560 compared with 0.484 for DeepGO-
SE and 0.517 for DeepGOZero. These results highlight that they may fail to capture
additional biological relationships. The imbalance learning on large graph allows
ProGO-PSL to combine explicit domain knowledge with implicit evolutionary
information, bridging this gap. The underperformance of DPFunc (Fmax = 0.344 in MF)
reinforces the idea that while domain-guided attention enhances interpretability, it lacks
the breadth required for general prediction across the heterogeneous mechanisms of
protein function.

Performance on independent test set

To further evaluate the generalization ability of ProGO-PSL and avoid data leakage,
various methods were evaluated on an independent test set constructed based on
UniProt/SwissProt. All the proteins in this independent test set were added into
UniProt/SwissProt during May 2022 and March 2025, which is fully independent from
the benchmark data set constructed based on UniProt/SwissProt released on April 2022.
The results of different methods are shown in Fig. 3B.

This validation exposes fundamental differences in robustness. DeepGO-SE showed
marked performance decline when moving to this kind of data. Its MF performance on
all terms fell from 0.646 to 0.580. Approximate semantic entailment relies on multiple
“world models” of GO axioms generated during training. Once GO annotations expand
with new experimental data, these models become outdated, limiting generalization.
DeepGOZero experienced even greater declines, particularly in MF (0.683 to 0.611).
While its zero-shot mechanism is advantageous for rare terms during training, it
becomes a liability when new proteins introduce functions not easily explained by pre-
existing definition axioms. DPFunc performed poorly across all ontologies (e.g., BP all
terms Fmax = 0.244), suggesting that domain-guided structural features are insufficient
to handle newly characterized proteins.


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

351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374

375

376
377
378
379
380
381
382
383
384
385
386
387
388
389
390

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

By contrast, ProGO-PSL maintained both accuracy and stability. For highly specific
terms, it achieved the highest Fmax scores across all ontologies (0.721 in CC, 0.690 in
MF, 0.517 in BP). For low-specificity terms, its performance remained strong and
showed minimal decline compared with the benchmark dataset (0.739 in CC, 0.672 in
MF, 0.527 in BP). The margin of improvement over other methods widened under this
evaluation. In MF (all terms), ProGO-PSL reached 0.736, compared with 0.580 for
DeepGO-SE and 0.611 for DeepGOZero, corresponding to gains of 27% and 20%. In
BP (all terms), ProGO-PSL achieved 0.542, compared with 0.428 for DeepGO-SE and
0.466 for DeepGOZero. These results indicate that our large graph model effectively
integrate both implicit and explicit information, adapts better to proteins discovered in
future.

In conclusion, these results highlight a key computational challenge in protein
function prediction: methods that embed fixed biological knowledge can perform well,
but their strengths are conditional. Language-model-based approaches, such as
DeepGO-SE and ESM-2, exploit pretrained sequence embeddings to capture broad
functional information. In contrast, domain-based approaches, such as DeepGOZero
and DPFunc, incorporate InterPro domain identifiers as explicit features to improve
learning of sequence—function associations. However, their performance drops sharply
on newly added proteins. ProGO-PSL encodes knowledge in the large-graph structure
of protein sequences rather than relying on fixed axiomatic or domain-specific rules.
This design enables the model to propagate functional information across diverse
relationships, uncover indirect associations, and generalize to novel sequences. Such
adaptability is particularly critical for the BP ontology, where biological processes
represent emergent network-level properties rather than attributes of individual proteins.

ProGO-PSL is a Robust and Specific Protein Function Predictor

A central challenge in protein function prediction is the long-tailed distribution of
Gene Ontology (GO) annotations, where most terms are highly specific and sparsely
annotated. ProGO-PSL addresses this bottleneck by integrating hybrid information
from protein sequences and large graphs. To evaluate its ability to generalize across
ontologies and maintain specificity in difficult cases, we assessed performance on the
independent test set using three complementary perspectives: 1) specific grouped
annotation. We split the GO terms into two groups based on information content (IC >
10 and IC < 10) and assessed performance for each group individually and combined,;
i1) hierarchical grouped annotation. We grouped the GO terms by both their depth in
the GO hierarchy and their information content; and iii) fine-grained grouped
annotation (see Supplemental Table S2 for detailed statistics). We categorized GO
terms into numerical IC intervals and evaluated performance across each interval
(Unsal et al. 2022). The results are summarized in Fig. 4.
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391 In the specific grouped annotation (Fig. 4A), we benchmarked ProGO-PSL against
392  four state-of-the-art methods (DeepGO-SE, DeepGOZero, DPFunc, and ESM2) across
393  three annotation specificity levels. ProGO-PSL demonstrated superior precision-recall
394  trade-offs, achieving the highest Fmax scores in both molecular function (MF) and
395  cellular component (CC) ontologies. For high-specificity terms (IC > 10), ProGO-PSL
396  attained Fmax values of 72.09% (CC) and 69.04% (MF), substantially outperforming
397  the next-best methods DeepGO-SE (70.81% in CC) and DeepGOZero (66.70% in MF).
398 In the biological process (BP) ontology, characterized by greater annotation
399  heterogeneity and functional complexity, ProGO-PSL maintained competitive accuracy
400 (Fmax = 51.67%). Notably, for low-specificity terms (IC < 10), where annotation
401  density enables most methods to achieve high recall, ProGO-PSL sustained exceptional
402  performance with Fmax values of 83.32% (CC), 94.90% (MF), and 66.07% (BP),
403  demonstrating robust generalization across the specificity spectrum.

404 The results of hierarchical grouped annotation (Fig. 4B) revealed ProGO-PSL's
405  consistent superiority across six distinct GO term categories defined by the intersection
406  of hierarchical depth (shallow/medium/deep) and information content (high/low).
407  ProGO-PSL's performance advantage was particularly pronounced for deep, high-1C
408  terms, where annotation is sparse, and methods typically degrade. For example, in BP,
409  ProGO-PSL was the best-performing method across all six subgroups, achieving Fmax
410  scores of 92.72% (shallow/low), 73.26% (shallow/high), 54.07% (medium/low), 56.34%
411  (medium/high), 53.04% (deep/low), and 51.74% (deep/high). This uniform dominance
412  contrasts with ESM-2 and DeepGO-SE, which showed relative strength in shallow or
413  low-IC subsets but deteriorated substantially in deep/high-IC categories. ProGO-PSL’s
414  ability to maintain balanced performance in deep/high-IC BP terms—where annotation
415  is sparse and complexity greatest—demonstrates its capacity to capture long-range
416  functional dependencies in the GO hierarchy.

417 In the fine-grained grouped annotation (Fig. 4C), Matthews Correlation Coefficient
418  (MCC) analysis and the threshold analysis (Chicco and Jurman 2020) across numerical
419 IC intervals elucidated complementary strengths among methods while confirming
420  ProGO-PSL's overall superiority. In MCC analysis, for BP terms, ESM-2 performed
421  best only in the lowest IC interval (IC < 5; MCC = 0.93 vs. ProGO-PSL 0.92). Beyond
422 this range, ProGO-PSL consistently achieved the highest MCC, with values rising from
423  0.33 at IC 5-6 to 0.61 at IC 6-7, exceeding both DeepGO-SE (0.27-0.41) and
424  DeepGOZero (0.29-0.42). Performance remained stable across higher IC bins, with
425  ProGO-PSL achieving 0.54 MCC for IC > 15. In MF, ProGO-PSL achieved near-perfect
426  discrimination at IC <5 (MCC =0.997) and sustained superiority through IC 89 (0.784
427  vs.0.310 for DeepGO-SE and 0.280 for DeepGOZero). because GO term annotation is
428  determined by applying an optimal threshold that maximizes Fmax, the distribution of
429  thresholds directly reflects the discriminative power of a model. In BP, ProGO-PSL’s
430  thresholds were both narrowly distributed and stable across IC bins (0.68—0.82, median
431  0.73), indicating well-calibrated decision boundaries that reliably separate positives
432  from negatives across specificity levels.
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These results confirm that ProGO-PSL achieves the state-of-the-art performance in
both robustness and specificity. Language-model-based approaches, such as DeepGO-
SE and ESM-2, leverage pretrained embeddings to capture broad functional patterns,
but their performance declines for highly specific terms. Domain-based approaches,
such as DeepGOZero and DPFunc, incorporate InterPro domain identifiers to learn
sequence-function associations effectively, yet their reliance on predefined domain
features limits generalization. In contrast, ProGO-PSL learns functional associations
directly from sequence data by its large graph framework. This design enables ProGO-
PSL to maintain balanced performance across both low-specificity and high-specificity
GO terms. Such balanced performance is particularly critical for the BP ontology, where
annotations often reflect emergent biological processes at the network level rather than
localized attributes of individual proteins.

Effective Integration of Complementary Hybrid Information in Protein

Sequence Large Graph

The hybrid information employed by the Protein Sequence Large Graph (PSL)
leverages the complementary strengths of explicit and implicit information. This
complementarity arises from the distinct yet synergistic roles that each type of
information plays in improving Gene Ontology (GO) term prediction. To demonstrate
this, we conducted experiments analyzing the contributions of explicit and implicit
information separately and in combination. We evaluated the model's ability to
discriminate between positive and negative samples and plotted the distribution of these
prediction results. Fig. S visually illustrates the complementary nature of these two
types of information.

In Fig. 5A, we compare the prediction performance of the hybrid information model
with models that use only explicit or implicit information. Using Average Precision (AP)
scores across different GO terms as the evaluation metric, we observe that the hybrid
model’s performance closely mirrors that of the explicit information model. This
similarity suggests that explicit information contributes to improved discriminative
performance, as reflected by its ability to reduce false positives, primarily by improving
the detection of negative samples. This higher precision is crucial for reducing false
positives, thereby optimizing the model's classification performance. The fact that the
hybrid model preserves this precision advantage indicates that the fusion mechanism
retains the discriminative contribution of explicit information, rather than diluting it
through indiscriminate combination with implicit features.

In Fig. 5B, we further examine the hybrid model's discriminative ability by
comparing the score distributions for positive and negative samples. The score
distribution of the implicit information model closely aligns with that of the hybrid
model, indicating that implicit information plays a critical role in improving the model’s
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generalization capability. Specifically, implicit information helps the model better
identify positive samples by capturing subtle, abstract relationships that are not
immediately apparent from explicit data alone. This contributes to the model’s
robustness and adaptability across diverse contexts, enhancing its overall predictive
power. Similarly, the alignment between the hybrid and implicit models in score
distribution demonstrates that the fusion process preserves the generalization strength
of implicit information. Taken together, Figs. SA and 5B show that the hybrid model
simultaneously preserves the precision of explicit information and the generalization
capacity of implicit information. This complementary effect cannot be achieved by
either information source alone and reflects the effectiveness of the adaptive fusion
strategy.

In summary, the integration of explicit and implicit information in the Protein
Sequence Large Graph proves to be highly effective. This can be summarized in three
key points: 1) explicit information primarily enhances precision by improving the
detection of negative samples, reducing false positives; ii) implicit information
enhances generalization by better identifying positive samples, improving the model’s
robustness; and iii) the fusion of these two types of information through a GLU-based
Transformer enables the model to combine their complementary strengths. Compared
with simple concatenation or fixed-weight fusion, this adaptive integration allows the
model to balance precision and generalization across GO terms with different
specificity levels.

Feature analysis

This study suggests that the specificity level imbalance arises from the long-tailed
distribution of information content in Gene Ontology (GO) terms. To address this
disparity, ProGO-PSL employs an imbalance learning framework to integrate explicit
and implicit information based on Protein Sequence Large Graph (PSL). One of the key
advantages of this approach is its ability to generate interpretable representations,
allowing for a deeper investigation into the relationships between highly specific and
low-specificity GO terms. Through feature analysis, we demonstrated the impact of the
specificity level imbalance on GO annotation and showcased how ProGO-PSL
effectively addresses this issue, as shown in Fig. 6.

Our comprehensive model analysis reveals how ProGO-PSL addresses the
specificity level imbalance in protein function prediction. Using t-SNE visualization of
model weights (Fig. SA), we demonstrate that while DeepGOPlus struggles with high-
specificity GO terms due to their long-tailed distribution, ProGO-PSL effectively
captures the global relationships between GO terms across different information
content levels. To evaluate performance with varying sequence similarities, we
employed Spearman correlation coefficients to measure both specificity in predicting
high-specificity GO terms (Spearman-1) and generalizability across all terms
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(Spearman-2). The results (Fig. 5B) confirm that high-specificity GO terms remain rare
regardless of sequence similarity, creating prediction biases in conventional methods
including ESM2. ProGO-PSL overcomes this limitation by effectively combining
explicit and implicit information, enabling more accurate annotation across diverse
proteins. Furthermore, by comparing protein similarity calculated by our model against
similarity derived from actual GO annotations (Fig. 5C), we observed a positive linear
correlation that validates ProGO-PSL's ability to reduce the imbalance in protein-GO
association information. This three-part analysis collectively demonstrates how our
approach successfully bridges the gap between protein sequences and their GO terms,
providing a more balanced representation of the protein function landscape.

In Fig. 6A, the weights of the final fully connected layers of DeepGOPIlus (Kulmanov
and Hoehndorf 2020) and ProGO-PSL were analyzed using the t-SNE algorithm (van
der Maaten and Hinton 2008). These weights represent the distribution of learned GO
terms within the respective models. We highlighted GO terms with high information
content, located deep in the GO hierarchy (referred to as high-specificity GOs), for
easier identification. The figure shows that DeepGOPlus (Kulmanov and Hoehndorf
2020) struggles to capture the relationships between high-specificity GO terms and
low-specificity terms. This is largely due to the long-tailed distribution of information
content, which traditional methods fail to address. In contrast, ProGO-PSL eftectively
captures the global relationships between GO terms at different levels of information
content, enabling a more comprehensive understanding of the distributional properties
across different GO specificity levels.

In Fig. 6B, we divided protein sequences based on different sequence similarities, as
proteins with varying sequence similarities exhibit different levels of information
content. We then evaluated and compared the performance of ESM2 (Lin et al. 2023),
Foldseek (van Kempen et al. 2024), and other computational methods in predicting GO
terms for proteins with different sequence similarities. We quantified the agreement
between predicted and reference annotations using Spearman’s correlation coefficient
(Spearman 2010), which captures monotonic relationships between the two
distributions. The Spearman-1 score denotes the performance in predicting high-
specificity GO terms, while the Spearman-2 score reflects the performance across all
GO terms. These scores provide insight into the specificity (Spearman-1) and
generalizability (Spearman-2) of the models. The results indicate that high-specificity
GO terms are rare, regardless of sequence similarity, leading to prediction biases in
most computational methods, including ESM2. In contrast, ProGO-PSL successfully
combines explicit and implicit information, enabling more accurate GO annotation for
proteins with varying sequence similarities and information content levels.

In Fig. 6C, we compared protein similarity calculated by ProGO-PSL with protein
similarity derived from GO annotations. Protein similarity based on GO annotation
represents true functional similarity, while the similarity calculated by ProGO-PSL
represents predicted functional similarity. We used the Spearman score (p) to measure
the correlation between the predicted and true similarity distributions. The positive
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linear correlation observed between the two distributions indicates that ProGO-PSL
effectively reduces the imbalance in protein-GO association information. This
demonstrates the model's ability to bridge the gap between protein sequences and their
corresponding GO annotations.

Discussion

Our study provides a refined understanding of the specificity imbalance in Gene
Ontology (GO) annotation. Rather than being independent or isolated, high-specificity
GO terms are structurally and functionally connected to low-specificity terms within
the GO hierarchy. This observation suggests that functional specificity emerges from
hierarchical dependencies across annotation levels, rather than from local sequence
similarity alone. Consequently, approaches that rely solely on sequence similarity or
treat GO terms as independent labels are inherently limited in capturing the full
structure of protein function space. These findings reframe the core challenge of GO
annotation as learning a mapping between protein sequence space and a hierarchically
structured function space, under conditions where proximity in sequence space does
not necessarily correspond to proximity in function space.

Building on this understanding, ProGO-PSL explicitly models the mismatch between
protein sequence space and the hierarchically structured function space defined by GO.
The model integrates two complementary sources of information: implicit evolutionary
signals from multiple sequence alignments and explicit domain-level constraints from
InterPro identifiers. This enables the model to capture both global functional
relationships and local structural signals, which is particularly important for high-
specificity GO terms that are underrepresented in training data. A potential limitation
of MSA-derived features is that evolutionary signals may reinforce misleading
homology when sequence similarity does not reliably reflect functional similarity. To
mitigate this effect, ProGO-PSL learns refined representations from reconstructed
alignment data and conditions them on complementary domain-level features. This
design reduces over-reliance on homology alone. Importantly, the model does not rely
on predefined mappings between InterPro annotations and GO terms; instead, domain
features are treated as sequence-derived inputs, and their associations with function are
learned directly from data. This design ensures that the model performs function
prediction rather than simply redistributing existing annotations across the GO
hierarchy.

The interpretability of the learned representations further supports this mechanism.
The alignment between predicted protein similarities and GO-derived functional
similarities suggests that ProGO-PSL partially bridges sequence-based representations
and functional organization. This bridging reflects the complementary roles of explicit
and implicit information. Explicit features primarily contribute discriminative precision,
which is particularly important when resolving fine-grained functional distinctions
often associated with high-specificity terms. In contrast, implicit features support
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generalization across broader regions of the functional space, contributing to stable
performance on lower-specificity terms and the overall distribution. More broadly,
future advances may depend less on improving single modalities and more on
frameworks that model the relational structure of biological function.

Despite these improvements, several limitations remain. First, the model depends on
the availability and quality of multiple sequence alignments and InterPro annotations.
For proteins with limited homologous sequences or incomplete domain annotations, the
quality of both implicit and explicit representations may be reduced. Second, although
ProGO-PSL improves predictions for high-specificity GO terms, extremely rare terms
with minimal annotation data remain challenging due to the inherent sparsity of the
training distribution. Third, the current framework does not explicitly enforce the true-
path constraint of the GO hierarchy during training or inference; incorporating
ontology-aware structural constraints could further improve prediction consistency
across parent-child term pairs. Finally, the evaluation benchmarks, while augmented by
the independent test set, remain predominantly composed of well-characterized
proteins from model organisms, and generalizability to underrepresented taxa warrants
systematic investigation.

These findings have broader implications for computational protein function
prediction. The observed mismatch between sequence similarity and functional
similarity highlights the need to move beyond sequence-only approaches toward
models that explicitly account for hierarchical and contextual relationships in biological
systems. In this context, integrating additional modalities, such as protein structural
information from resources like AlphaFold and contextual embeddings from protein
language models, may further enhance the representation of functional space. More
broadly, this study demonstrates that explicitly modeling the hierarchical structure of
the annotation space, rather than treating it as a flat classification problem, can improve
predictive performance. This observation suggests that similar strategies may be
beneficial for other biological ontologies, such as disease ontologies, pathway
databases, and phenotype classification systems, which also exhibit long-tailed
distributions and hierarchical dependencies. Taken together, these results point toward
a general direction in which protein function prediction may benefit from the
integration of multi-level biological evidence within ontology-aware learning
frameworks, providing a more balanced and biologically consistent representation of
functional space.

Methods

Information content

We quantify GO term specificity using Shannon information content (IC), defined as
IC(x) = —log(]x|/N), where |x| denotes the number of proteins annotated with term
x and N is the total number of proteins in the dataset. Under this formulation, terms
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associated with fewer proteins correspond to higher specificity. Details are provided in
Supplemental Material S1.3.

Multiple sequence alignment encoding

MSA profiles capture implicit evolutionary information but may contain noise from
non-homologous matches. To extract robust representations, we first convert the MSA
into continuous embeddings by mapping each amino acid and gap symbol to a learnable
d-dimensional vector (Eq. S1). The embedded MSA is then processed through a series
of convolutional operations, including down-sampling, residual blocks, and up-
sampling, to reconstruct a denoised representation that captures residue frequency, co-
occurrence, and positional patterns. Full architectural details and hyperparameters are
provided in Supplemental Material S1.4.

Implicit information representation via Deep Residual Channel Attention

Network

Inspired by trRosetta's use of deep convolution to project MSA data into structural
feature space, we employ a Deep Residual Channel Attention Network (RCAN)
(Marcel and Rodriguez 2010; He et al. 2016; Huang et al. 2023) to learn ontology-
specific representations from the reconstructed MSA. The network consists of an initial
convolutional down-sampling layer followed by four residual stages, each
incorporating Efficient Channel Attention (ECA) modules (Wang et al. 2020). The ECA
mechanism performs local cross-channel interaction via adaptive 1D convolution,
allowing the network to weight channels by their informativeness without
dimensionality reduction. The output is aggregated through global average pooling to
produce a fixed-dimensional implicit representation 7.,,, for each protein.
Architectural details and equations are provided in Supplemental Material S1.5.

Explicit information representation via constrained embedding representation

We derive explicit functional features from InterPro domain annotations (Paysan-
Lafosse et al. 2023), obtained by scanning protein sequences with InterProScan (Jones
et al. 2014; Paysan-Lafosse et al. 2023). Each protein is represented as a binary vector
v € {0,1}", where Nis the total number of distinct InterPro annotations and each entry
indicates the presence or absence of a specific domain, family, or functional site
annotation (Kulmanov and Hoehndorf 2022). Importantly, only the presence or absence
of each InterPro entry is used as a categorical input feature; no textual descriptions,
functional summaries, or pre-existing InterPro-to-GO term mappings are incorporated
into the model. All associations between domain features and GO terms are learned
entirely from the training data. This design ensures that the explicit pathway functions
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as a learned feature extractor rather than an annotation translation system. This vector
is projected to a fixed-dimensional space via a linear layer and reshaped into ggroups
of dimension d to form constrained embeddings: c, = reshape(vW, + b,; g,d)
where each group captures a subset of domain-level constraints on protein function.
Architectural details and equations are provided in Supplemental Material S1.6.

Fusion of representations

The implicit representation 7.,,,,and the constrained embedding c.a are fused using
a Transformer architecture with a SwiGLU-based feedforward network. The implicit
representation is first reshaped and linearly projected to match the shape of ¢, yielding
1,. The two embeddings are concatenated along the group dimension to form x. =
concat(c, 7,) € R29%4,

This fused embedding is processed by a self-attention encoder in which the standard
MLP-based feedforward network is replaced by a SwiGLU feedforward network
(Ramachandran et al. 2018) :

SwiGLU (x) = Swishg(xW + b) ® (xV + ¢) (1)
FFNgywicLu(x) = (Swish; xW) ® xV)W, )
SelfAttn(Q, K, V) = FFN ( fit (QKT> V) 3)
c nQ, K, = swiGLu | Solimax
Ve

where Equation 1 represents the original SwiGLU, x denotes the input, W and V denote
the weights, b and ¢ denote the bias, and [ is the parameter of the Swish activation
function. Equation 2 denotes the SwiGLU based feedforward network FFNgyicLu
instead of MLP based feedforward network in this section, where Swish; denotes
B =1 in Swish activation function, and W, V, and W, denote the weights. SelfAttn
denotes the self-attention encoder based on SwiGLU, where the attention weights are
computed from the similarity between projected feature groups in the fused

representation, scaled by /d; for numerical stability, and normalized via the softmax

operation. This formulation allows interactions between explicit and implicit feature
groups within x., enabling the model to capture cross-source dependencies during
fusion.

The SwiGLU gating mechanism enables the model to adaptively select which
components of the fused representation are informative, providing a learned balance
between explicit domain-level signals and implicit evolutionary signals. This is critical
for mitigating the specificity imbalance, as the relative informativeness of explicit
versus implicit features varies across specificity levels.
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Imbalance learning

The specificity imbalance identified in the preceding analysis, where high-specificity
GO terms are severely underrepresented relative to low-specificity terms. It poses a
direct challenge to model training: standard training procedures tend to be dominated
by the abundant low-specificity terms, resulting in poor predictive performance for the
sparse but informationally rich high-specificity terms. To address this, we design a
training framework comprising three complementary components: a two-step training
strategy, an asymmetric loss function, and training stabilization techniques.

Three separate hierarchical multi-label classifiers are trained for CC, MF, and BP.
Each classifier is trained in two sequential steps. In the first step, the model is trained
using only the implicit representations derived from MSA via the RCAN pathway.
Because evolutionary signals captured by MSA are broadly distributed across
specificity levels, this step provides a robust initialization that is not dominated by any
particular specificity range. In the second step, the explicit representations from
InterPro domain annotations are incorporated, and the full model (implicit and explicit
pathways with GLU-based Transformer fusion) is fine-tuned. Domain annotations
provide direct functional constraints that are particularly useful for resolving fine-
grained functional distinctions, which are more prevalent among high-specificity terms.

To further mitigate the label imbalance at the loss level, we employ the Asymmetric
Loss (ASL) function (Ridnik et al. 2021) during both training steps:

Log, = { (1 —-p)r+log (p)  for positilve GO terms (GOJ:) )

(pm)V-log (1 — p,,) for negative GO terms (GO ™)

where p denotes the predicted probability, and p,, introduces a margin-based
truncation that suppresses low-confidence negative responses. The parameters y, and
y_ control the relative emphasis on positive and negative samples, respectively,
allowing the loss to focus on hard examples, which are particularly important for high-
specificity GO terms that are sparsely represented. The margin m introduces a hard
threshold that effectively discards easy negative samples (i.e., GO terms clearly absent
for a given protein), while the asymmetric focusing parameters allow independent
control over the down-weighting of easy positives versus easy negatives. This is critical
for specificity imbalance: for high-specificity terms, the vast majority of training
samples are negative, and without asymmetric treatment, the loss signal would be
overwhelmed by these uninformative negatives. We set y, = y_ = 4and m = 1078,

Two techniques are employed to stabilize the training process, motivated by the
concern that imbalanced label distributions may cause the model to converge toward
solutions biased toward low-specificity terms.

First, we apply Exponential Moving Average (EMA) (Grill et al. 2020) to maintain a
smoothed copy of the model parameters, with a decay rate of 4 =0.9997. EMA
maintains a smoothed trajectory of model parameters, which is particularly relevant
when training with imbalanced labels: without smoothing, gradient updates are
disproportionately influenced by the frequent low-specificity terms that dominate each
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mini-batch, and the resulting parameter oscillations can destabilize representations
learned for rare high-specificity terms.

Second, we adopt the One Cycle Learning Rate (OneCycleLR) schedule (Smith and
Topin 2018) with a peak learning rate of 2 x 10~*. During the warm-up phase, the low
learning rate allows the model to first establish stable representations of the more
prevalent low-specificity terms. As the learning rate increases toward its peak, the
model gains sufficient gradient magnitude to refine decision boundaries for the harder,
less frequent high-specificity terms. The subsequent cosine annealing phase
progressively reduces the learning rate to consolidate learned representations across all
specificity levels.

All three ProGO-PSL models (CC, MF, BP) are trained independently with the Adam
optimizer using default parameters (f; = 0.9, £, = 0.999). Hyperparameters are
tuned on the corresponding validation sets.

Datasets

No new data was generated in this study; all data is derived from publicly available
resources. The experimental data used in this work is available at online prediction
webserver of ProGO-PSL (http://bliulab.net/ProGO-PSL/). All data used in this work
is from public resources the UniProt website and the Gene Ontology website. The
benchmark dataset can be downloaded from  http://bliulab.net/ProGO-
PSIL/download/swissprot, including the benchmark data, and the trained model weight.
The independent test set can be downloaded from http:/bliulab.net/ProGO-
PSL/download/swissprot_ind. The Multiple Sequence Alignment (MSA) data of
benchmark dataset can be downloaded from this link http://bliulab.net/ProGO-
PSL/download/msas. The MSA data of independent test set can be downloaded from
this link http://bliulab.net/ProGO-PSL/download/ind_msas.

Software availability

The  ProGO-PSL  framework is  publicly available on  GitHub
(https://github.com/altriasjy31/pslg-server). The source code is also provided as
Supplemental Code associated with this manuscript. Detailed documentation and usage
instructions are available at http://bliulab.net/ProGO-PSL/document.
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Figure 1. Overview of the specificity imbalance problem in gene ontology
annotation. This figure illustrates how protein function prediction is challenged by
disparities across Gene Ontology (GO) specificity levels and by the disconnect between
sequence similarity and functional similarity. (A) Force Atlas 2 layout (Bastian et al.
2009) of protein-protein and GO-GO networks (is a relationship), where highly
connected nodes are colored red, others are colored blue. Four representative protein
pairs are selected for detailed analysis. (B) We select four representative proteins and
their GO terms. (C) Comparison of sequence similarity (computed with MMseqs2
(Steinegger and Soding 2017)) and functional similarity (calculated with Wang’s
algorithm (Wang et al. 2007)) for the representative protein pairs, highlighting their
divergence. (D) Scatter plots quantifying imbalance: the first three show GO term
distribution by information content (IC) and hierarchical depth, while the last one
compares sequence similarity with GO term similarity (using Lin’s algorithm (Lin
1998a; Unsal et al. 2022)

Figure 2. Overview of our hybrid information-based approach via the protein
sequence large graph. We illustrated our protein sequence large graph model through
the lens of information content. (A) We used the information content metric to
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analyze the imbalanced distribution across GO terms of different specificity levels.
The first two parts of panel A visualize the distribution of information content in Gene
Ontology (GO) terms and proteins, respectively, where the orange bars represent
high-specificity elements, and the blue bars represent low-specificity ones. The third
part of panel A shows the distribution of information content in a hierarchical GO
graph. The fourth part of panel A depicts the information gap between proteins and
GO terms based on their similarity, where protein sequence similarity is calculated
using MMseqs?2 (Steinegger and Soding 2017) and GO similarity is based on the
hybrid information-based metric (Lin's approach) from this study (Lin 1998a; Unsal et
al. 2022). (B) We illustrated the characteristics of the different computational models
based on their corresponding input types and compared their performance in
distinguishing negative and positive samples. (C) We presented the pipeline of our
protein sequence large graph based on hybrid information

Figure 3. Performance comparison across different specificity levels. We evaluate
ProGO-PSL against state-of-the-art computational methods for predicting GO terms
with varying specificity levels across Cellular Component (CC), Molecular Function
(MF), and Biological Process (BP) ontologies. GO terms are grouped by information
content: IC > 10 (highly specific terms) and IC < 10 (low specific terms). (A)
Performance on benchmark dataset. (B) Performance on independent test set.

Figure 4. Performance evaluation of robustness and specificity on independent
test set. We evaluated and displayed the prediction performance of ProGO-PSL on
independent test set via three experiments. The prediction performance of ProGO-PSL
is compared with the other state-of-the-art methods through three experiments on an
independent test set. (A) Precision-Recall (PR) curves with Iso-F1 contours
(Gligorijevic et al. 2021) are used to compare ProGO-PSL with other computational
methods. (B) Radar plots display the performance of ProGO-PSL against other
methods for six distinct groups of GO terms, which are categorized by a combination
of information content (high/low) and hierarchical depth (shallow/medium/deep). (C)
The performance across fine-grained IC intervals is analyzed in two parts. The upper
panel shows the Matthews Correlation Coefficient (MCC) scores for each method as
line plots, along with the size of each IC interval represented by bar plots. The lower
panel illustrates the distribution of predicted scores for positive and negative samples
using violin plots, overlaid with the optimal F1-score threshold curve for ProGO-PSL.

Figure 5. Accurate prediction of gene ontology annotation using the
complementary property of hybrid information. We compare the prediction results
of different types of information to reveal the complementary property. (A) We plot a
scatter diagram where each point denotes an average precision score of a Gene
Ontology term and the coordinate of point is the prediction score pair. We also
calculated the p-value of the compared two results by the Wilcoxon ranked method.
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(B) We displayed the prediction results of distinguishing negative and positive
samples. The first two parts denote the results before the two types of information are
feed forward into the protein sequence large graph. The third part denotes the results
of integrating the two types of information initially. The last part denotes the final
prediction results of the GLU-based Transformer.

Figure 6. The interpretable representation space learned by ProGO-PSL is
capable of capturing protein function information. We analyzed the specificity
level imbalance problem via the derived representation of ProGO-PSL. (A) We
extracted the trained weights of the last layer of ProGO-PSL and DeepGOPlus and
visualized their distributions using the t-SNE algorithm. In the scatter diagram, each
point denotes a Gene Ontology (GO) term, where the points colored purple denote
highly specific GO terms. (B) We divided the test samples into different groups based
on their sequence similarity to the training samples. We employed the Spearman's
correlation coefficient to evaluate how closely the predicted results match the actual
distribution. Spearman-1 is for the highly specific GO terms and Spearman-2 is for all
GO terms. (C) We calculated protein similarity in two ways: one based on the
representation of ProGO-PSL, the other based on GO annotations. To compare the
two types of protein similarity distributions, we plotted a scatter diagram where each
point denotes a protein, and its coordinates represent the similarity score pair. Then,
we calculated the rho value to measure how closely the predicted similarity scores
match the true ones.
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