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Accurate and fast predictions of protein structures and
properties via protein language models

Abstract

The work presented in this thesis focuses on protein modeling using artificial intelligence. The
field has become increasingly active in recent years due to the explosion of data produced by modern
biological techniques. The huge amount of data undoubtedly stimulates the development of related
fields and challenges the traditional methods used to process these data. Recent advances in deep
learning have thus been introduced to reduce the gaps, but they require further exploration. The
work presented in this thesis adopted supervised learning, unsupervised learning, transfer learning,
and Bayesian optimization to understand the structures and properties of proteins, as well as their
evolution. The primary aim of this thesis is to explore protein structures and properties through pro-
tein language models (PLMs). The specific problems addressed in the thesis are detailed below.

The introductory chapter discusses the foundational concepts of protein science and the impor-
tance of protein structure prediction, emphasizing challenges like protein complexity and data scarcity.
Deep learning is highlighted as a promisingbut still evolving solution,withPLMsemerging as transfor-
mative tools that overcome traditional models’ reliance on large, high-quality datasets. By leveraging
both labeled and unlabeled data, PLMs offer a novel approach to protein modeling. The chapter also
explores machine learning applications in phylogenetics, linking protein evolution to structure and
function, and concludes with an outline of the thesis structure and its contributions.

Chapter 2 introduces an innovative, efficient, and accurate approach to predicting intrinsically dis-
ordered proteins (IDPs). IDPs, which lack stable structures, are crucial for understanding protein
function and are associated with numerous human diseases. Traditional methods rely on multiple
sequence alignments (MSAs) to predict IDPs, but these alignments are not universally available and
necessitate exhaustive searches through ever-expanding protein sequence databases. The proposed
PLM-based method replaces the laborious MSA reconstruction process with alternative information
derived from PLMs. Furthermore, an ensemble learning strategy is employed to enhance prediction
accuracyby combiningmultiple PLMs. Anovel secondary structure predictor basedonPLMis also in-
troduced, further improving prediction accuracy. The functions of IDPs, including disordered linker
regions and disordered protein-binding sites, are also predicted. These approaches not only achieve su-
perior accuracy compared to state-of-the-art techniques but also operate at significantly faster speeds,
making them ideal for genome-scale IDP predictions.

Chapter3presents a rapid andprecise predictor for pK a values. ThepK a values of ionizable groups
in proteins are vital for understanding protein function and structure. However, numerous environ-
mental factors, such as hydrogen bonding, ligand interactions, hydrophobicity, and electrostatics, can
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significantly alter pK a values, complicating accurate prediction. Traditional methods often fail or pro-
duce inaccurate pK a predictions, particularly for shifted pK a values. This chapter introduces a novel
method that uses only the PLM representation of a single residue as input. Two isoelectric point (pI)
prediction methods based on bidirectional long short-term (BiLSTM) networks are also proposed to
improve pK a prediction, achieving state-of-the-art accuracy of 0.3393 RMSE (root mean square er-
ror). The method supports multiple ionizable groups, including the sidechains of Asp, Glu, His, Lys,
Cys, Tyr, and N- and C-termini. Testing on challenging datasets demonstrates the method’s superior
performance, particularly for deeply buried residues with significantly shifted pK a values. The pro-
posed method also exhibits rapid prediction speeds, making it suitable for large-scale applications in
structure-unknown proteins.

Chapter 4 introduces a novel method for identifying metal-binding sites in proteins. Metallopro-
teins, which play pivotal roles in cellular functions, have profound implications in fields such as indus-
try, medicine, and environmental science. Existing sequence- or structure-based methods often fall
short in terms of precision. This chapter presents a multi-step approach: a sequence model for initial
binding residue identification, a probe generation algorithm for candidate site prediction, a structure
model for site refinement, and a clustering algorithm to eliminate redundancy. Protein languagemod-
els are used to quickly and accurately identify metal-binding residues from sequence data, which are
then refined in subsequent steps. The proposed method is rigorously evaluated and compared with
state-of-the-art techniques, demonstrating superior accuracy. It also achieves rapid prediction speeds,
approximately twenty seconds per protein, faster than most existing structure-based methods. Addi-
tionally, the method’s robustness is demonstrated on AlphaFold2-predicted structures, suggesting its
potential for large-scale applications.

Chapter 5 introduces a new partitioning algorithm designed to improve the accuracy of phyloge-
netic inference through partitioned models. Biological sequence heterogeneity, encompassing pro-
teins and nucleotides, is often poorly modeled. Traditional partitioning methods rely heavily on ex-
pert knowledge or heuristic approaches. This chapter introduces a machine learning-based algorithm
that optimizes the partitioning process via parametrization and Bayesian optimization. The novel
parameterized sorting indices (PSI) proposed by the author guides the partitioning process. The
method reconstructs phylogenetic trees with significantly more accurate topologies on several sim-
ulated datasets. It also yields better topologies, and higher bootstrapping support on real datasets,
aligning more closely with the morphological and geological evidence in the literature. The proposed
method also demonstrates acceptable computational efficiency compared to traditional methods.

In conclusion, this thesis demonstrates the power of protein language models in predicting pro-
tein structures and properties, achieving superior accuracy and efficiency in tasks such as intrinsically
disordered protein prediction, pK a prediction, and metalloprotein prediction. It also highlights the
role of machine learning in phylogenetics for understanding and engineering proteins. The findings
underscore the potential of these approaches to advance protein science and inspire further research
in related fields.
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1
General Introduction

Proteins play an indispensable role in numerous biological processes (Figure 1.1). The function of a
protein is primarily determined by its structure, which is pivotal for unraveling the molecular mech-
anisms of life. While traditional methods such as X-ray crystallography and nuclear magnetic reso-
nance (NMR) spectroscopy offer highly precise structural data, they are costly, time-consuming, and
labor-intensive. In contrast, computational methods, particularly the emergence of AlphaFold2 [1],
can predict protein structures with remarkable accuracy, efficiency, and at a fraction of the cost. Ap-
proximately fifty years ago, Anfinson’s dogma [2] (Figure 1.2) proposed that the native structure of a
protein is predominantly determined by its amino acid sequence, as evidenced by the ability of ribonu-
clease to refold spontaneously into its native form after denaturation by urea and β-mercaptoethanol.
Although this principle has been challenged in recent years with discoveries such as the chaperone [3],
which assists in proper protein folding, the notion that the amino acid sequence contains sufficient
information to dictate the protein’s structure remains widely accepted. Therefore, the problem of
protein structure prediction continues to be a significant and complex challenge in the field.
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Figure 1.1: Twenty amino acids are the building blocks of proteins. Proteins play various functions in the biological sys‐
tems such as enzymes, antibodies, myosin, and hemoglobin. rotein structures can be defined at different levels: primary,
secondary, tertiary. The primary structure is the sequence of amino acids in a protein. The secondary structure refers
to the local folding patterns of the protein, such as α‐helices and β‐sheets. The tertiary structure is the strcuture of the
single protein chain.
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Figure 1.2: Anfinson’s dogma proposed that the native structure of a protein is predominantly determined by its amino
acid sequence. The protein folding process is rapid while the possible conformations are vast. It is impossible to search all
possibilities exhaustively.

Figure 1.3: Various omputational methods have been developed to predict protein structures in the past decades, such as
homology modeling and ab initio methods.

The twenty natural amino acids employed by living organisms to construct proteins lead to an
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immense expanse of potential sequences and conformations. Even a relatively small protein, such as
one with 100 amino acids, possesses 20100 ≈ 10130 possible sequences, a number that far exceeds the
total number of atoms in the universe. The conformational space of such a protein could be evenmore
vast, owing to the continuous and flexible nature of protein structures. Currently, only small proteins
can be solved by exhaustive searching through all possible conformations on a supercomputer. The
protein structure prediction problem is fundamentally a combinatorial optimization problem, which
is NP-hard [4] and necessitates the development of efficient algorithms to tackle it.

Over the past decades, various computational approaches have been developed to predict protein
structures, encompassing homology modeling and ab initiomethods (Figure 1.4). Homology model-
ing, themost prevalent approach, operates on the premise that proteinswith similar sequences possess
analogous structures. Ab initiomethods, on the other hand, rely on fundamental physical principles
of protein folding, such as the hydrophobic effect and hydrogen bonding. These techniques have pro-
foundly influenced the field of bioinformatics, significantly advancing our ability to predict protein
structures. In recent years, machine learning, particularly deep learning, has emerged as a transfor-
mative force, enabling highly accurate and efficient predictions. The AlphaFold series [5, 1, 6] has
redefined the field, revolutionizing the paradigms of protein science.

Figure 1.4: Before the development of deep learning‐based methods, homology modeling and ab initio methods (e.g.,
Molecular dynamics simulation) are the most widely used methods for protein structure prediction.

The remarkable achievements of the AlphaFold series are underpinned by decades of interdisci-
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plinary contributions (Figure 1.5). Foremost, protein researchers have provided an extensive reposi-
tory of over a hundred thousand protein structures determined through diverse experimental meth-
ods, deposited in the Protein Data Bank (PDB) [7]. Additionally, the rapid advancements in se-
quencing technologies over the past half-century have yieldedbillions of protein sequences, furnishing
high-quality data indispensable for AlphaFold. The advent of deep learning methodologies has facil-
itated the development of sophisticated AI systems capable of discerning the intricate relationships
between protein sequences and their structures. Central to AlphaFold’s success is the transformer
architecture [8], introduced in 2017, which has found widespread applications in natural language
processing (NLP). Furthermore, bioinformatics innovations, particularly advancements in multiple
sequence alignment (MSA) techniques, have enabled AlphaFold2 to achieve unparalleled accuracy in
protein structure prediction.

Figure 1.5: Deep leanring‐based methods such as AlphaFold2 have achieved remarkable success in protein structure
predictionwith high accuracy and efficiency. The creators of AlphaFold2were awarded the 2024Nobel Prize in Chemistry.

The transition from traditional bioinformatics methods to deep learning-based approaches has
been revolutionary. The AlphaFold series has been a pivotal milestone in this journey, yet the field
remains in its nascent stages (Figure 1.6). Among the pivotal advancements enabled by deep learn-
ing is the advent of protein language model (PLMs), which parallel large language models (LLMs) in
natural language processing (NLP). PLMs hold the potential to redefine protein bioinformatics by ad-
dressing the limitations of traditionalmethods. Unlike their predecessors, they do not rely on external
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databases yet encapsulate knowledge they learned within their parameters. Exploring the predictions
and applications of PLM-based approaches in protein science presents a promising frontier for future
research. This thesis seeks to investigate the potential of PLMs in protein science by proposing novel
methods tailored to tasks where traditional approaches fall short or are not applicable.

Figure 1.6: Though AlphaFolds have achieved remarkable success in protein structure prediction, there are still many
challenges in the post‐AlphaFold era, such as property prediction. The challenges in the field could be the enhancement
of accuracy and speed, which are limited by the data scarcity.

Deep learning

In recent decades, deep learning has emerged as an indispensable tool for data analysis, with numerous
deep learning methodologies being both developed and applied in the realm of protein science. The
most widely available protein data are stored in public repositories in the form of sequences and struc-
tures. Sequence data are typically processed using multi-layer perceptrons (MLPs) [9], convolutional
neural networks (CNNs) [10], recurrent neural networks (RNNs) [11], or Transformers [8]. Spatial
information inherent in protein structures is often analyzed using graph neural networks (GNNs) [12]
or three-dimensional CNNs. In practice, hybrid models that integrate sequence and structural data
by combining various types of neural networks (or their variants) are frequently employed. A promi-
nent example is AlphaFold2 [1], which utilizes a transformer-like architecture, termed Evoformer, as
its core component. This innovation enabled the prediction of highly accurate atomic-level protein
structures, earning its creators the 2024 Nobel Prize in Chemistry.
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Figure 1.7: Deep learning mimics the human brain’s neural networks to process data and extract patterns. Its performance
can be scaled up by increasing the size of the systems. However, the data scarcity heavily limits the performance of deep
learning models in bioinformatics.

Recurrent Neural Networks (RNNs) are specifically designed to handle sequential data by leverag-
ing the temporal informationwithin input sequences to update hidden states, which are subsequently
utilized for downstream tasks such as machine translation and speech recognition. However, the van-
ishing gradient problem inherent to RNNs limits their capacity to capture long-range dependencies,
a critical issue for protein sequences that can extend to hundreds or thousands of amino acids, far
surpassing the typical length of human language sentences. To address these challenges, architectures
like LSTM (Long Short-Term Memory) networks [13] (Figure 1.8) and gated recurrent unit (GRU)
networks [14] were developed.
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Figure 1.8: The architecture of Bidirectional Long Short‐Term Memory (bidirectional long short‐term memory (BiLSTM)).
BiLSTM is a variant of RNN that can capture the long‐range dependencies in both forward and backward directions. Here
Fi represents the input features and Ii represents the output information. BiLSTM is widely used in sequence analysis
tasks such as protein sequence analysis.

Convolutional Neural Networks (CNNs) also play a pivotal role in bioinformatics. Protein se-
quences, often treated as one-dimensional signals, are well-suited for analysis by one-dimensional
CNNs, which excel at identifying local patterns. Both CNNs and RNNs are adept at capturing se-
quential information, and numerous hybrid models capitalize on the strengths of both. Conversely,
protein structures, regarded as three-dimensional signals, are effectively analyzed by three-dimensional
CNNs, which can extract spatial information. For a protein with a 100-Å radius, preprocessing is
required to convert three-dimensional coordinates into grids, potentially amounting to one million
(= 1003) grid points if the grid resolution is 1 Å. Processing such extensive data can be computationally
expensive, even with state-of-the-art graphics processing units (GPUs), underscoring the importance
of developing efficient and scalable models.

Transformer models (Figure 1.9), initially conceived for natural language processing (NLP) tasks,
have become the foundation for large language models (LLMs) in recent years. Central to their ar-
chitecture is the self-attention mechanism, which allows dynamic weighting of different positions in
input sequences to capture long-range dependencies. This capability distinguishes transformers from
RNNs andCNNs, enabling their remarkable scalability and computational efficiency—often referred
to as “the scaling law” [15]. This principle underpins the success of systems like ChatGPT, the ground-
breaking chat bot launched by OpenAI in 2022.
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Figure 1.9: The architecture of the Transformer [8] is fundamental to numerous cutting‐edge language models (LMs) and
has become the prevailing framework for large language models (LLMs). Its self‐attention mechanism enables the model
to discern long‐range dependencies within input sequences, a vital feature for various natural language processing (NLP)
tasks.

Bayesian optimization (BO) is a black-box optimization technique designed for optimizing param-
eters of target functions when their analytical forms are either expensive to evaluate or unavailable.
Widely applied across diverse domains, including hyperparameter tuning inmachine learningmodels,
BO is particularly effective for scenarios involving fewer than 20 parameters. Its core principle lies in
balancing exploration and exploitationwithin the parameter space by employing a surrogatemodel to
approximate the target function and a learning function to guide the search for optimal parameters.
This sequential design strategy renders BO significantly more efficient than grid search or random
search, especially under constraints on the number of trials.
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Protein language models

Protein language models are the product of representation learning in the protein domain. The con-
cept of “representations”, introduced in the 1980s by the 2024 Nobel Laureate G. Hinton et al. [11],
initially emerged in the context of natural language processing (NLP). These representations are high-
dimensional vectors whose spatial relationships encapsulate the contextual meaning of words. A com-
pelling and intuitive illustration of this idea is as follows

Queen = King−Man+ Woman.

Here, while discrete words cannot undergo arithmetic operations, their vector representations can.
Anothernoteworthyproperty of these representations is their semantic clustering: vectors correspond-
ing to similar words lie closer in space, whereas those of dissimilar words are more distant.

In the early 2010s, these representations were primarily derived using traditional machine learning
techniques such as Word2Vec [16] and GloVe [17]. However, the advent of deep learning brought
forth models like ELMo [18], BERT [19], and GPT [20], which utilized self-supervised learning to
capture contextual informationmore effectively. With hundreds ofmillions or even billions of param-
eters, these models produced far more robust representations, particularly in terms of generalization
capability. Today, these deep learning architectures, often referred to as large languagemodels (LLMs),
dominate NLP owing to their immense parameter scales and the expansive datasets on which they are
trained.

The efficacy of such representations is assessed through various downstream tasks. Discriminative
LLMs (e.g., BERT) are typically fine-tuned, either partially or fully, for specific applications such as
sentiment analysis or named entity recognition. Generative LLMs, like GPT models, can generate
text directly based on input prompts. For these models, both fine-tuning and prompt engineering
are widely employed to adapt them to downstream tasks. Consequently, the training of LLMs often
follows a two-step process: an initial, resource-intensive pre-training phase, followed by a subsequent,
cost-effective fine-tuning phase. The term “fine-tuning” refers to the adjustment of models for spe-
cific tasks, which could involve altering their parameters (parameter tuning) or leveraging prompts
(prompt tuning). This accessibility has contributed significantly to thewidespread adoption of LLMs
across diverse domains.

This paradigm has been successfully adapted to protein science. Protein language models, the pro-
tein science analogs of LLMs, were introduced by utilizing architectures and training strategies akin
to those of LLMs (Figure 1.10). Protein language models are pre-trained on large protein sequence
databases, enabling them to learnhigh-dimensional representations that are challenging for humans to
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interpret. For example, transformermodel attentionmaps, an intermediate output, have been shown
to correspond to protein contact maps [21] (Figure 1.11). A contact map is a binary matrix indicating
whether two residues are spatially proximate in a protein structure (e.g., within 8 Å). Though Protein
languagemodels do not explicitly learn protein structures, they appear to capture spatial information,
such as binding sites [22]. Protein language models have demonstrated performance comparable to—
and in some cases surpassing—conventional methods in a variety of applications [23, 21, 24, 25, 26].
Their rapid development continues to drive advancements in key tasks such as protein structure pre-
diction [26] and protein design [27].

Figure 1.10: Protein language models (PLMs) are the protein science analogs of large language models (LLMs) in natural
language processing (NLP). They are pre‐trained on large protein sequence databases and learn interactions that are chal‐
lenging for humans to capture.
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Figure 1.11: Protein language models (PLMs) have been shown to capture spatial information, such as protein contact
maps, despite not being explicitly trained on protein structures. This capability underscores the potential of PLMs in
protein science.

Analogous to their counterparts in computer science, protein language model can be categorized
into two types: generative PLMs and discriminative PLMs. Generative PLMs, including ProGen
[28, 29], ProGPT2 [30], RITA [31], and ESM3 [32], primarily focus on generating protein sequences
to facilitate de novo protein engineering. Given the astronomical amount of possible protein se-
quences, generative PLMs significantly narrow the search space at the outset. Discriminative PLMs,
such as SeqVec [23], ProtTrans [25], and the ESM series [24, 26, 33], are designed to construct high-
dimensional representations of proteins, enabling various downstream tasks, including protein func-
tion prediction, protein-protein interaction analysis, and protein structure prediction. Both types of
PLMs have demonstrated immense utility in protein science and have seen widespread adoption in
recent years. This thesis mainly focuses on discriminative PLMs, as the problems addressed herein are
protein structure and property prediction tasks. The details of the aforementioned PLMs are listed in
the following Table 1.1.
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Table 1.1: The comparison of various protein language models (PLMs).

Type Name Model size Dataset Year Reference

Generative

ProGen 1.2 B 280 M 2020 [28]
ProtGPT2 738 M 50 M 2022 [30]

RITA 1.2 B 280 M 2022 [31]
ProGen2 6.4 B > 1 B 2023 [29]
ESM3 1.4/7/98 B 3.15 B 2024 [32]

Discriminative

SeqVec 93 M UR50 2019 [23]
ProtTrans 224M-11B UR50/UR100/BFD 2021 [25]

ESM 43 M - 670 M UR50 2021 [24]
MSAT 100 M UR50/UR100 2021 [33]
ESM2 8 M-15 B UR50 2023 [26]

Note: UR50 refers to the UniRef50 database, UR100 refers to the UniRef100 database, and BFD refers to the

BFD database. MSAT refers to MSA Transformer.

Protein structure and property prediction

In thepost-AlphaFold era, the landscapeofbioinformatics extendsbeyondpredicting three-dimensional
protein structures. Emerging challenges include predicting intrinsically disordered proteins (IDPs),
protein pK a values, and metal-binding sites, which are tasks for which AlphaFold programs are not
explicitly designed (Figure 1.12). AlphaFold primarily employs high-quality X-ray crystallographic
structures as training data, introducing a bias towards well-folded proteins. However, protein dynam-
ics are equally critical, as even highly ordered proteins can exhibit disorder under specific conditions
or in particular regions, which may be pivotal to their functions.
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Figure 1.12: Though AlphaFolds have achieved remarkable success in protein structure prediction, there are still many
challenges in the post‐AlphaFold era, such as predicting protein properties. These tasks are not explicitly designed in
AlphaFold programs and require novel methods to address. Due to the data scarcity, the performance of current deep
learning models is limited.

Another significant limitation of currentmethodologies lies in their reliance on extensive databases.
For instance, AlphaFold2 and many other state-of-the-art techniques require MSA as input, which
are derived from large protein databases. In nature, protein folding occurs independently of such
databases. However, the performance of AlphaFold2 withoutMSAs is markedly inferior to its perfor-
mance with MSAs. This conundrum highlights an incomplete understanding of the protein folding
process in current methods. In fact, all MSA-dependent approaches warrant scrutiny, as MSAs are
not always accessible, and their quality can be inconsistent.

Intrinsically disordered proteins, lacking stable three-dimensional structures in their native states,
are omnipresent in nature, constituting approximately 6% of proteins in the SwissProt database and
30% in eukaryotic [34]. They play vital roles in biological processes, including signal transduction and
protein-ligand interactions, and are implicated in human diseases such as Alzheimer’s disease. IDPs
frequently participate in protein-protein and lipid-binding interactions, making their identification
and functional characterization indispensable. IDPs can often be recognized by “linearmotifs”, which
are short sequence patterns derived from databases [35]. However, linear motifs alone are insufficient
for identifying IDPs; evidence from protein structures is more reliable. Despite the wealth of struc-
tural data in the PDB, annotations for IDPs remain scarce, necessitating meticulous manual curation,
as exemplified by the DisProt database [36], which aggregates thousands of IDPs from the literature.
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The scarcity of data and the inherent dynamics of intrinsically disordered proteins (IDPs) present
formidable challenges to their accurate prediction. Traditional methods, which often depend onmul-
tiple sequence alignments (MSAs), performpoorly in this domain due to the difficulty of constructing
high-quality MSAs for IDPs. MSAs are generally derived by aligning and comparing amino acid se-
quences across homologous proteins; however, IDPs are typically less conserved and exhibit greater
divergence. Moreover, the efficiency of these predictive approaches remains constrained, further lim-
iting their applicability in genome-scale analyses.

The ionization states of specific chemical groups in proteins, such as the side chains of aspartic acid
(Asp) and glutamic acid (Glu), are fundamental to understanding protein function and stability. The
acid dissociation constant (pK a) of these groups and the isoelectric point (pI) of proteins provide in-
sight into their ionization states under varying pH conditions and are closely linked to conformational
changes, ligand binding, and enzymatic activity. Deeply buried residues often exhibit pK a values that
deviate significantly from standard solvent values due to intricate interactions within the protein core,
such as electrostatics, hydrophobicity, and ligand interactions. Conventionally, pK a values are mea-
sured through nuclear magnetic resonance (NMR) titration experiments, which are laborious, time-
consuming, and challenging to scale. Todate, the PKAD-2 database [37] contains approximately 1,500
experimentally determined pK a values, the most comprehensive dataset available.

Computational methods for predicting protein pK a values have been devised to transcend the
constraints of experimental techniques. These approaches are predominantly structure-based, lever-
aging electrostatic calculations or molecular dynamics simulations. However, they necessitate high-
resolution protein structures, which are not always accessible. Furthermore, the accuracy of these
methods hinges on the quality of the input structures, which can be influenced by factors such as crys-
tallographic resolution and protein flexibility. Achieving precise and efficient pK a predictions, reliant
onprotein structures, remains an imposing challenge in the post-AlphaFold era, especially considering
the intrinsic flexibility and dynamic nature of proteins.

Metalloproteins, which bind metal ions, are indispensable for maintaining protein structure and
function, with extensive applications in fields such as metalloenzyme design and the development of
metal-based therapeutics. Despite the prevalence of metal ions in nature, which make approximately
one-third of all proteins metalloproteins, the precise determination of metal-binding sites and speci-
ficities remains challenging. Metal-binding sites are often sequestered within the hydrophobic cores
of proteins and are highly sensitive to conformational shifts. Even minor mutations can obliterate
metal-binding capabilities. The specificity of metal-protein interactions is dictated by many factors
such as coordination number, geometry, and ionic charge.

Traditional methods for identifying metal-binding sites rely on sequence or structural informa-
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tion, each bearing limitations. Sequence-based approaches fail to predict the intricate coordination
geometry of metal-binding sites, while structure-based methods are computationally expensive and
necessitate high-resolution protein structures. Moreover, sequence-based methods frequently over-
look metal-binding sites, whereas structure-based methods tend to overestimate their number. This
discrepancy arises from the inherent complexity of metal-protein interactions, and identifying these
sites amidst the vast structural landscape is akin to locating a needle in a haystack, thus demanding
innovative and efficient computational strategies.

Molecular phylogenetics offers a powerful lens for reconstructing the evolutionary trajectories of
proteins, elucidating themutations that have shaped their functional landscapes over billions of years.
Substitution rates at individual sites are typically modeled using homogeneous or partitioned frame-
works. However, the heterogeneous evolutionary constraints that sculpt distinct site-specific dynam-
ics necessitate careful partitioning for accurate phylogenetic reconstruction. Determining the optimal
number of partitions remains a persistent challenge, as current methods rely heavily on expert heuris-
tics, often lacking theoretical rigor. Withmachine learning demonstrating transformative potential in
bioinformatics, its application to site partitioning in molecular phylogenetics represents a compelling
and uncharted avenue of research.

Dissertation outline

Chapter 2The author proposed a novel IDPpredictionmethod called IDP-ELMtopredict the intrin-
sically disordered regions (IDRs) as well as their functions, including disordered flexible linkers and
disordered protein binding. This method uses high-dimensional representations extracted from sev-
eral state-of-the-art PLMs and predicts IDRs by ensemble learning based on bidirectional recurrent
neural networks. The performance of the method was evaluated on two independent test datasets
from CAID (critical assessment of protein intrinsic disorder prediction) [38] and CAID2 [39], and
showed significant improvements in terms of area under the receiver operating characteristic (AUC),
Matthew’s correlation coefficient (MCC), and F1 score. In addition, IDP-ELM requires only protein
sequences as input and does not require the time-consuming process of protein profiling that is a pre-
requisite formost existing state-of-the-artmethods, providing an accurate, fast and convenient tool for
proteome-level analysis. The corresponding reproducible source code andmodel weights are available
at https://github.com/xu-shi-jie/idp-elm.

Chapter3TheauthorproposedpKALM, anovel deep learning-basedmethod forhigh-throughput
proteinpK a prediction. pKALMuses aprotein languagemodel (PLM) to capture the complex sequence-
structure relationship of proteins. While traditionally considered a structure-based problem, the re-
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sults presented in this study show that a PLM pre-trained on large protein sequence databases can ef-
fectively learn this relationship and achieve state-of-the-art performance. pKALM accurately predicts
the pK a values of six residues (Asp, Glu, His, Lys, Cys, and Tyr) and two termini with high precision
and efficiency. It excels at predicting both exposed and buried residues, which often deviate from
standard solvent measured pK a values. The author demonstrate a novel finding that predicted pro-
tein isoelectric points (pI) can be used to improve the accuracy of pK a prediction. High-throughput
pK a prediction of the human proteome using pKALM achieves a speed of 4,965 pK a predictions
per second, which is several orders of magnitude faster than existing state-of-the-art methods. The
case studies illustrate the effectiveness of pKALM in estimating pK a values and the limitations of the
method. pKALM will thus be a valuable tool for researchers in biochemistry, biophysics, and drug
design. Aweb server for pKALM is available at https://onodalab.ees.hokudai.ac.jp/pkalm.

Chapter 4 An accurate metal binding site prediction method is proposed. The author leverage a
protein language model to accurately and rapidly detect the possible binding residues, and then gen-
erate possible binding positions based on the information. A three-dimensional residual network
is employed to check and refine possible binding positions. The two-stage method utilizes both se-
quence and structural information, thus achieving high recall, precision, and lowest RMSE compared
to the existing methods. The pre-training strategy was employed to improve the metal binding site
prediction, as it has been proven effective in capturing the structure information of protein struc-
tures in previous studies, and the ablation study was conducted and agreed with this conclusion. The
case study on the metalloprotein dataset shows that the proposed method are able predict the metal
binding sites efficiently and accurately. It also works for the AlphaFold2-predicted structures. The
proposed method is expected to be a useful tool for researchers in the field of bioinformatics and bio-
physics. The corresponding reproducible source code and data are available at http://github.com/
xu-shi-jie/PRIME.

Chapter 5 A novel partitioning approach, called PsiPartition, based on the parameterized sorting
indices of sites and Bayesian optimization is proposed. The author applied the method to empirical
data sets, and it performs significantly better than existing methods in terms of the Bayesian Infor-
mation Criterion (BIC) and the corrected Akaike Information Criterion (AICc). The author tested
PsiPartition on the simulated data sets with different site heterogeneity, alignment lengths, and num-
ber of loci. It is shown that PsiPartition clearly and stably outperforms other methods in terms of the
Robinson-Foulds (RF) distance between the true simulated trees and the reconstructed trees, espe-
cially on the data with more site heterogeneity. More importantly, the proposed Bayesian optimiza-
tion-based method provides, for the first time, a new general framework for efficiently determining
the optimal number of partitions. The corresponding reproducible source code and data are available
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at http://github.com/xu-shi-jie/PsiPartition.
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2
Accurate and fast prediction of intrinsically
disordered proteins from protein sequence
via multiple protein language models and

ensemble learning

2.1 Introduction

Intrinsically disordered proteins (IDPs) and intrinsically disordered regions (IDRs) are characterized
by the absence of stable structures yet play pivotal roles in various biological processes [1]. Studies have
revealed their widespread presence across all domains of life [2]. For example, more than 6% of amino
acid residues in annotated protein sequences are classified as disordered in SwissProt [3], with this
figure exceeding 30% in eukaryotes [4] (Figure 2.1). Additionally, IDRs have been implicated in sev-
eralmajor human diseases, includingAlzheimer’s [5], Parkinson’s [6], and various cancers [7], making
them a focus of interest for drug design [8]. Despite their significance, the identification and anno-
tation of IDPs remain challenging, with only thousands currently cataloged in the DisProt database
(V9.3, December 2022), primarily due to the high cost and labor-intensive nature of the process [9].
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Figure 2.1: Intrinsically disordered proteins are characterized by the absence of stable structures yet play pivotal roles
in various biological processes. They takes a large portion of the human proteome and play important roles in various
biological processes such as protein‐protein interactions.

Over thepast fewdecades, various computational approaches havebeendeveloped topredict intrin-
sically disordered regions (IDRs) directly fromprotein sequences, offering rapid and efficient tools for
protein analysis. Deep-learning-based methods employing neural networks [10, 11, 12, 13] have shown
significant utility in this domain (Figure 2.2). These methods leverage diverse architectures, includ-
ing recurrent neural networks (RNNs) [14], convolutional neural networks (CNNs) [15], and self-
attention mechanisms [16]. To enhance predictive accuracy, many existing approaches rely directly or
indirectly on protein profiles generated via multiple sequence alignments (MSAs). MSAs are created
by searching for homologous sequences across comprehensive protein sequence databases.
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Figure 2.2: Deep learning‐based methods have shown significant utility in predicting intrinsically disordered regions (IDRs)
directly from protein sequences. These methods leverage vairous encoding methods and architectures, including bidirec‐
tional long short‐term memory (BiLSTM) networks and auxiliary tasks like secondary structure prediction.

However, the use of MSAs introduces two key problems. First, MSAs are unavailable for certain
proteins, such as those in the dark proteome [17, 18]. Second, constructing MSAs is computationally
intensive, requiring exhaustive searches in databases likeUniProtKB,whichnowcontains over 227mil-
lion protein sequences [19]. As modern sequencing technologies continue to expand these databases
rapidly, generating MSAs in a reasonable time frame has become increasingly difficult. These limita-
tions restrict the broader application of IDR predictors. To address this, several MSA-free predictors
have been proposed [20, 21], enabling the prediction of IDRs in large-scale analyses, such as the iden-
tification of IDRs across the human proteome, using only protein sequence data as input.

Recently, languagemodels (LMs) [22] have gainedprominence as powerful tools for sequencemod-
eling in machine learning. These large-scale neural networks, often comprising hundreds of millions
or even billions of parameters, are pretrained on vast unlabeled text corpora, such asWikipedia, to au-
tomatically uncover latent sequence patterns. The outputs of these pretrained LMs are expressed as
high-dimensional vectors, encapsulating rich contextual information about sequences. These “high-
dimensional representations” position similar words closer in vector space, while dissimilar words are
mapped farther apart. Pretrained model-based methods have demonstrated superior performance
over traditional approaches in diverse machine-learning tasks, such as machine translation and text
generation [22, 23]. Protein language models (PLMs) [24, 25, 26], a specialized form of LMs trained
on protein sequences, efficiently and effectively extract essential sequence information. PLMs have
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achieved competitive results in various protein-related tasks, including protein family classification
[27], secondary structureprediction [26], residue–residue contact prediction [24], and three-dimensional
structure prediction [25]. Early attempts to apply PLMs to intrinsically disordered protein (IDP) pre-
diction tasks fell short of state-of-the-art performance, primarily due to the limited model size (typi-
cally measured by the number of parameters) and the constraints of the underlying architecture [28].

We present IDP-ELM, a novel method for predicting intrinsically disordered proteins (IDPs) and
their functions, leveraging high-dimensional representations extracted frompretrained languagemod-
els (PLMs). This approach utilizes cutting-edge PLMs established in previous studies [24, 25, 26]. Ini-
tially, we developed a secondary structure prediction module combining a single PLM with a bidirec-
tional long short-term memory (BiLSTM) network, as incorporating predicted secondary structures
has been shown to enhance IDP prediction performance [13]. Subsequently, IDPs are predicted using
abidirectional gated recurrentunit (BiGRU)network,with inputs comprisingbothhigh-dimensional
representations and the predicted secondary structures. To further enhance performance, we inte-
grated ensemble learning by averaging outputs from predictors based on different PLMs, a strategy
proven effective for IDP prediction [29]. Evaluation results demonstrate that IDP-ELM surpasses ex-
isting predictors in AUC,MCC, and F1 metrics on challenging independent datasets, CAID [30] and
CAID2 [31].

Figure2.3: This work presents IDP‐ELM, a novel method for accurate and fast IDP predictions leveraging high‐dimensional
representations extracted from pretrained language models (PLMs). IDP‐ELM can also predict secondary structures and
functions of IDPs.
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In addition to achieving high accuracy, we highlight two additional advantages of PLM-basedmeth-
ods. Our innovative approach, which leverages PLM and predicted IDRs, identifies the functions of
IDRs with state-of-the-art performance, surpassing existing methods. These functions include disor-
dered protein binding (DP), where disordered regions interact with other proteins, and disordered
flexible linkers (DFL), which connect two domains. Furthermore, PLM-based methods greatly im-
prove the computational efficiency of IDP predictions. Leveraging these advantages, we conducted
an accurate and efficient prediction of human proteomes, analyzing 34,877 sequences, to demonstrate
the practical utility of IDP-ELM in large-scale proteome analyses.

2.2 Method

2.2.1 Data Sets

For secondary structure prediction, we used the NetSurfP-3.0 data set from the reported work [32].
The training data set contains 10,337 nonredundant protein sequences, while the validation data set
has 500 such sequences. The performance of the secondary structure predictors was evaluated using
three test data sets: TS115, comprising 115 proteins; CB513, with 513 protein chains from 434 proteins;
and CASP12, comprising 21 proteins.

The same data sets in the reported work in fIDPnn [13] were used for training, validating, and test-
ing our IDP predictors. fIDPnn was constructed from the DisProt (V7.0) database and separated
into three data sets: training (445 proteins), validation (100 proteins), and testing (200 proteins). The
combined training and test data sets were then clustered by cd-hit algorithm [33] with 25% sequence
similarity. Sequences in the test data set that shared <25% similarity to the training proteins were
removed, resulting in 176 test proteins. We also employed the independent test data set from CAID
(critical assessment ofprotein intrinsic disorder prediction) [30]. Furthermore, the sequences inCAID
were clustered by cd-hit with 25% sequence similarity against fIDPnn training and validation data sets
to ensure fairness in comparison with other predictors. The similarity within itself is also removed,
resulting in 81 nonredundant sequences, with 9,008 (15.35%) disordered residues and 49,663 (84.65%)
ordered residues. It is referred as “nonredundant CAID”, while the original one is referred to as “re-
dundant CAID” later.

Furthermore, we employed another test data set from CAID2 [31]. Similarly, we removed the re-
dundant sequences against the training and validation data sets of fIDPnn, which is referred to as
“nonredundant CAID2”, while the original one is referred to as “redundant CAID2”. It is also note-
worthy that the nonredundant CAID2 benchmark test data set was considerably different from the
nonredundant CAID benchmark test data set, featuring a vast number of excluded residues (27,650;
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60.03%) and disordered residues (4,825; 10.48%), as well as ordered residues (13,579; 29.48%) in 39
nonredundant sequences. In particular, these characteristics are quite different from fIDPnn training
and validation data sets, thus being a greater challenge to predict.

For disordered flexible linker (DFL) prediction, we utilized benchmark data sets from the previ-
ously reported work [34] to train and evaluate our models, which include TR166 for training and
validation, and TE82 for independent testing. To prevent the risk of overfitting, any two sequences in
the training and validation data set shared less than 25% sequence similarities. TR166was divided into
training and validation data sets which contain 133 and 33 sequences, respectively. The independent
test data set TE82 comprised 82 sequences collected from the DisProt (V8.0) database, as reported by
the previous work [34]. The similarity between any two sequences in TR166 and TE82 was less than
25%. Detailed statistics are given in Table 2.1.

Table 2.1: Statistics of data sets for disordered flexible linker prediction

Data set # proteins # DFL # non-DFL # residues

TR144
Training 133 2,762 (6.1%) 13,900 (30.5%) 45,528
Validation 33 908 (6.5%) 3,652 (26.0%) 14,031

TE82 82 2,223 (6.0%) 11,471 (31.1%) 36,938

For protein-binding prediction, the benchmark data sets from the reported work [35] were utilized
to train and evaluate the models. These data sets were constructed from the DisProt database (V8.1),
which includes IDRs that interact with other proteins. To avoid any overfitting, sequences within
each data set share less than 30% similarity with sequences in other data sets. The detailed statistics
can be found in the literature [35].

2.2.2 Architecture of IDP-ELM

Figure 2.4 illustrates the architecture of the IDP-ELM predictor. We employ nine distinct protein
languagemodels (PLMs) from the reported works [24, 25, 26] to extract high-dimensional representa-
tions for protein sequences. For each PLM, the representations are first fed into a bidirectional long
short-term memory (BiLSTM) network, which is followed by a fully connected network and a soft-
max layer that predicts the secondary structure. The intermediate outputs from a fully connected
network, namely, logits, are then concatenated with high-dimensional representations and fed into a
bidirectional gated unit (BiGRU) network followed by a fully connected network to produce logits
for IDRs. Similarly, the logits for IDR are also concatenated with high-dimensional representations
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and fed into another BiGRU network, followed by a fully connected network to produce the log-
its of the function of IDRs. For secondary structure prediction, we employed the logits from the
best-performing PLM (see Results section for details) and converted them into predicted secondary
structures by a softmax layer.

Figure 2.4: Architecture of the IDP‐ELM predictor.

2.2.3 Ensemble Learning

To predict IDRs as well as their functions, we utilize averaging layers and softmax layers. These layers
have no parameters to train, and an averaging layer outputs the mean of the logits xi = (xi1, xi2) for
i = 1, 2, . . . , 9 from each individual predictor, represented by x = 1

9
∑9

i=1 xi. A softmax layer is then
applied to convert the logits x = (x1, x2) to a 2-dimensional vector (p1, p2), where p1 is the probability
of non-IDRs and p2 is the probability of IDRs. This is achieved by the following equation:

(p1, p2) = softmax(x1, x2) =
(ex1 , ex2)

ex1 + ex2
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2.2.4 Protein Language Models

We utilized various PLMs to extract high-dimensional representations for protein sequences, with dif-
ferent architectures, model sizes, and pretraining data sets. ESM (evolutionary scalemodeling)models
from reported works [24, 25] are based on masked language models (MLM) [22], and their architec-
ture is depicted in Figure 2.5. For each protein sequence x in the databaseX, a certain portion of 15%
of its amino acid residues is masked, replaced, or kept, while the remaining 85% are unmasked. The
MLM predicts the probability of xi given masked sequences x/M, training to recover the original se-
quence before masking as accurately as possible. This is done to minimize the following loss function
[24]:

LMLM = Ex∼XEM
∑

i∈M
− log p(xi|x/M)

where p is the probability predicted byMLM and E represents the expectation.

Figure 2.5: Architecture of the masked language model.

Through training on large-scale protein sequence data sets, the ESM models learn the latent re-
lations between residues, which are called attention maps in MLM. The attention maps have been
demonstrated to be related to the contact map of protein structures [36]. Additionally, ESM models
produce high-dimensional representations for each residue in the sequences, which can be used for
downstream tasks.

The T5 (text-to-text transfer transformer) models were initially introduced in the reported work
[37] to confirm the boundaries of transfer learning and attaining state-of-the-art proficiency in a vari-
ety of natural language processing tasks. Thesemodels have an encoder–decoder architecture, wherein
the encoder is capable of learning from both directions of the sequence while the decoder is limited to
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predicting tokens only from left to right (Figure 2.6). Typically, only the encoder is employed in prac-
tice, andT5models for proteinmodeling [26], has been successfully utilized into various downstream
tasks concerning protein modeling, exhibiting outstanding performance.

Figure 2.6: Architecture of the T5 model.

The details of PLMs we employed are listed in Table 2.2, including hidden dimensions (Dim),
number of layers (No. of layers), number of parameters (Size), and pretraining data sets (Data set).
For ESM models, UR50/S refers to the sparse UniRef50 data sets, and UR50/D refers to the dense
UniRef50 data sets, which are constructed based on the UniParc data set containing 250 million di-
verse protein sequences [38]. For T5 models, BFD refers to the Big Fantastic Database [39, 40] which
contains 2.1 billion protein sequences, andUR50 refers toUniRef50 data setwhich contains 45million
protein sequences [41]. For more information on these pretraining data sets, see the original papers
[24, 25, 26].
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Table 2.2: Details of Different Protein Language Models

Models Dim # layers Size Data set
esm1b_t33_650M_UR50S 1280 33 650M UR50/S

esm2_t6_8M_UR50D 320 6 8M UR50/D
esm2_t12_35M_UR50D 480 12 35M UR50/D
esm2_t30_150M_UR50D 640 30 150M UR50/D
esm2_t33_650M_UR50D 1280 33 650M UR50/D
esm2_t36_3B_UR50D 2560 36 3B UR50/D
esm2_t48_15B_UR50D 5120 48 15B UR50/D

prot_t5_xl_bfd 1024 24 ∼3B BFD
prot_t5_xl_uniref50 1024 24 ∼3B UR50

2.2.5 Evaluation Metrics

To comprehensively assess the efficacy of our approach, we employed the following metrics:





ACC = TP+TN
TP+TN+FP+FN

SP = TN
TN+FP

SN(i.e.,Rec) = TP
TP+FN

Pre = TP
TP+FP

F1 = 2·Pre·Rec
Pre+Rec

MCC = TP·TN−FP·FN√
(TP+FP)(TP+FN)(TN+FP)(TN+FN)

AUC = area under the receiver operating characteristic curve

TP, FP, FN, and TN represent the true positive, false positive, false negative, and true negative, respec-
tively. Here, the term “true” signifies the prediction that aligns with the actual outcomes, while “pos-
itive” denotes disordered states and vice versa. The Matthew’s correlation coefficient (MCC) ranges
between −1 and 1. A value of −1 indicates complete disagreement between the predictor and the actual
results, while a value of 1 signifies a perfect predictor. A value of 0 corresponds to the performance of
a random prediction. The F1 score lies between 0 and 1. A value of 0 signifies complete disagreement
between the predictor and the actual results, while a value of 1 represents a perfect prediction. A value
of 0.5 corresponds to the performance of a random prediction. Other measures also fall within the
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range of 0 to 1, with larger values indicating superior performance.
It is important to note that the AUC measure differs from the others as it remains unbiased in the

face of imbalanced classification and does not depend on the choice of threshold. For the remaining
metrics, including precision (Pre), recall (Rec), accuracy (ACC), and F1 score, we selected a threshold
of 0.5 and do not explicitly mention it unless necessary.

2.3 Results

2.3.1 Hyperparameter Tuning, Early Stopping, and Optimizers

Wehave employed a grid search approach to select the best hyper-parameters for IDP and function pre-
dictions, including batch size, hidden size, and number of layers, while keeping the remaining hyper-
parameters fixed. For IDP prediction, tuning ranges in [16,32,64] for batch size, [64,128,256] for hid-
den size, and [2,3] for the number of layers; for DFL prediction, tuning ranges in [8,16,32] for batch
size, [16,32,64] for hidden size, and the number of layers is fixed with 1; for DP prediction, tuning
ranges in [8,16,32] for batch size, [16,32,64,128] for hidden size, and the number of layers is fixed with
1. By performing the grid search, we chose the checkpoints that exhibit the maximum summation of
validated AUC, F1, and MCC scores, resulting in the hyper-parameters in Table 2.7 for IDP predic-
tion, Table 2.8 for DFL prediction, and Table 2.9 for DP prediction. The hidden size and batch size
for secondary structure prediction is fixed as 1024 and 16. Note that hidden sizes refer to the hidden
size of BiLSTM or BiGRU networks.

To avoid the risk of overfitting, we adopted an early stopping strategy. The validated AUC scores
serve as the criterion for halting the training process when they stop increasing over five epochs. The
AdamW optimizer [42] has been employed to train the secondary structure predictor, and Adam
optimizer [43] has been employed for other training tasks. A learning rate of 10–3 and weight decays
of 10–2 have been set for all computational experiments. Regarding the other optimizer options, we
have utilized the default parameters as provided by the PyTorch library. For other detailed hyper-
parameters, please refer to Table 2.10.

2.3.2 Sequence Padding and Segmentation

While the PLMs can effectively extract high-dimensional representations for a batch of sequences, we
instead encoded protein sequences one by one, because user inputs for prediction are more likely to
be sequential rather than concurrent. However, once the representations are extracted, they must be
padded with zeroes within a mini-batch before being fed into the BiGRU and subsequent networks.
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The previous report suggested the influence of sequence padding in protein prediction tasks [44]. We
also observed a similar phenomenon in our situation, wherein accuracies slightly decrease from the
batchified prediction to the single-sequence prediction. Some of the PLMs employed in our study
impose limitations on themaximum sequences length. For instance, the esm1bmodel can only accept
sequences with fewer than 1,024 amino acid residues, while accounting for the inclusion of two spe-
cial tokens that are the beginning and end of the sequence. Therefore, we divide protein sequences
longer than 960 amino acid residues intomultiple segments, with an additional 31 amino acid residues
neighboring their left and right sides. Consequently, neighboring segments overlap by 31 amino acids,
while the first and last segments exhibit a single overlapping region on one side.

2.3.3 Down-Sampling Strategy

Due to the highly imbalanced nature of the training data sets, where the number of positive labels
is significantly smaller than the number of negative labels, we have implemented a down-sampling
strategy. This strategy is designed to foster the model’s focus on positive labels and prevent it from
excessively learning from negative labels. Specifically, each mini-batch training was performed by ran-
domly masking a certain portion of residues that are labeled as negative in the training data sets. For
example, only 30% of the ordered residues is utilized for training the IDP predictor. It is worth noting
that the down-sampling strategy employed in IDP-ELMhas greatly enhanced its performance in terms
of F1 score while keeping comparable AUC andMCC scores, as well as stabilizing the performance of
a single predictor, and our ablation experiments support the conclusions (Table 2.11).

2.3.4 PLM-BasedSecondaryStructurePredictionsAchieveState-of-the-Art
Performance

We implemented and evaluated the secondary structure predictors (SSPs) based on different PLMs,
as depicted in Figure 2.7. Each SSP corresponds to a specific underlying PLM, and the evaluation
encompasses the tasks of predicting Q8 and Q3 states. Q8 entails predicting eight distinct states of
secondary structure, 310-helix (G), α-helix (H), π-helix (I), β-strand I, bright (B), turn (T), bend (S)
and others (C) [45]. On the other hand, Q3 involves predicting three general states: helix (including
G,H, and I), strand (including B and E) and coil (including T, S, andC). In our experiments, we solely
focus on predicting Q8 states, while the Q3 states are derived from Q8 through the aforementioned
replacements.
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Figure 2.7: Accuracy of secondary structure predictors based on different PLMs.

We train multiple SSPs based on diverse PLMs and evaluate their performance on distinct test
data sets. The results are displayed in Figure 2.7. Notably, the SSP utilizing a 3-billion-parameter
PLM (esm2_t36_3B_UR50D) achieved the highest scores across all metrics, includingQ8 andQ3, on
CASP12, CB513, and TS115 test data sets. Consequently, we consider this model as our reported predic-
tor. The Q3 scores on the CB513 and TS115 data sets reached 87.78% and 87.99%, respectively, which
approach the theoretical limits of secondary structure prediction (88%–90%) [46]. Additionally, the
Q3 score on the CASP12 test data set reached 83.66%, albeit this data set is small, containing only 21
sequences, and thus exhibiting a higher variance.

Furthermore, the performance of PLMs depends on factors such as model size, pretrained data set,
and architecture. For instance, ESM2 PLMs (with prefix “esm2”) pretrained on the same UR50/D
data set and MLM architecture may yield different performance due to the variations in their model
sizes. It is worth noting that larger PLMs do not necessarily guarantee improved accuracy. In cer-
tain cases, an SSP based on a 15-billion-parameter ESM model (esm2_t48_15B_UR50D) may exhibit
slightly lower accuracy than anSSPbasedona 3-billion-parameterESMmodel (esm2_t36_3B_UR50D)
due to the limited size of the labeled training data set, which is not sufficient to fully leverage the capa-
bilities of the larger PLM.Moreover, twoSSPsbasedonPLMswith similarmodel architectures andpa-
rameter sizes (esm1b_t33_650M_UR50S and esm2_t33_650M_50D) display different accuracy levels,
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attributed to the larger pretraining data set and longer pretraining duration of the latter. Additionally,
two SSPs based on T5 models (prot_t5_xl_bfd and prot_t5_xl_half_uniref50-enc) underperformed
compared to the SSP based on the three-billion-parameter ESM model (esm2_t36_3B_UR50D), de-
spite having a similar model size of approximately 3 billion. This discrepancy arises because the T5
models, based on an encoder–decoder architecture, utilize only encoder components. In contrast, the
3-billion-parameter ESM model can harness the full parameters of the trained models.

Finally, we conducted a comparison with the existing secondary structure prediction methods. As
shown in Table 2.3, our predictor based on the 3-billion-parameter ESM PLM achieves state-of-the-
art results, surpassing both the traditional MSA-based method NetSurfP-2.0 and another predictor
NetSurfP-3.0, which is also based on the PLM(esm1b_t33_650M_UR50S). It is alsoworth noting that
by utilizing the same PLM, our implementation demonstrated similar performance to NetSurfP-3.0.

Table 2.3: Performance of Various SSPs

CASP12 CB513 TS115
Name Q8 Q3 Q8 Q3 Q8 Q3

IDP-ELM, esm2 3B (this work) 0.7291 0.8368 0.7698 0.8778 0.7902 0.8799

IDP-ELM, esm1b (this work) 0.6774 0.7922 0.7197 0.8419 0.7515 0.8515
NetSurfP-2.0 0.699 0.810 0.713 0.845 0.740 0.849
NetSurfP-3.0 0.669 0.791 0.711 0.846 0.749 0.856

2.3.5 Ensemble Learning Improves the Performance of IDP Prediction

We conduct a comparison of our IDP predictors based on different PLMs, evaluating various metrics
on the test data set (Table 2.4). Different PLM-based predictors exhibit notable variations in perfor-
mance. The smallest PLM (esm2_t6_8M_UR50D) performs unfavorably in all metrics due to its lim-
ited model size. However, larger PLMs do not consistently outperform smaller ones, e.g., when com-
paring the 150MESMmodel (esm2_t30_150M_UR50D) to the650MESMmodel (esm2_t33_650M_UR50D).
The latter has worse scores, except for the Rec score. The performance of each predictor also displays
variability across differentmetrics, as seen in the comparisonbetween the 3BESMmodel (esm2_t36_3B_UR50D)
and the 15B ESM model (esm2_t48_15B_UR50D). We conclude that this variability arises due to sev-
eral factors: (1) IDRs exhibit an imbalanced distributionwithin proteins, leading to greater variance in
performance. (2) The labeled data sets, encompassing training, validation, and test data, are relatively
small, limiting the predictive capabilities of these PLM-based IDP predictors. (3) PLMs are primar-
ily designed to capture self-interactions among residues, and larger PLMs possess greater capacity for
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learning and storing such interaction patterns across billions of data points. Since IDRs, being un-
structured regions in proteins, may lack strong correlations with other residues in the same protein,
the advantages conferred by large model sizes offer limited benefits in the context of IDP prediction.

Table 2.4: Performance of IDP Prediction Based on Different PLMs on the Test Data Set

Models AUC F1 MCC Rec Pre
esm1b_t33_650M_UR50S 0.8345 0.6310 0.4785 0.7265 0.5577

esm2_t6_8M_UR50D 0.8108 0.5881 0.4150 0.8515 0.4491
esm2_t12_35M_UR50D 0.8271 0.6217 0.4626 0.7849 0.5147
esm2_t30_150M_UR50D 0.8334 0.6321 0.4812 0.7156 0.5660

esm2_t33_650M_UR50D 0.8321 0.6284 0.4746 0.8271 0.5066
esm2_t36_3B_UR50D 0.8278 0.6217 0.4625 0.7640 0.5241
esm2_t48_15B_UR50D 0.8332 0.5957 0.4301 0.8744 0.4518

prot_t5_xl_bfd 0.8351 0.6157 0.4589 0.8610 0.4792
prot_t5_xl_uniref50 0.8395 0.6031 0.4400 0.8639 0.4633

ensemble 0.8469 0.6325 0.4814 0.8344 0.5092

Despite the disparities among different PLM-based IDP predictors, we employ ensemble learning
to augment their performance, named ensemble. As depicted in the final line of Table 2.4, we observe
improvements in AUC, F1, and MCC scores, as well as favorable results in Rec and Pre scores for the
ensemble predictor, thereby underscoring the necessity of employing such a technique. It is important
to note that the Rec and Pre are biases metrics: although the 15B ESMmodel achieves the highest Rec
score, it attains the second-worst Pre score, while the 150M ESMmodel achieves the highest Pre score
but has a worse Rec score.

Furthermore, we compared theDFLpredictors andDPpredictors utilizing different PLMs (Tables
2.12 and2.13). The results indicate that ensemble learning indeed enhances the performance compared
to that of the single predictor, as evidenced by improved scores in AUC, F1, and MCC scores.

2.3.6 IDP-ELM-Based IDPPredictionsAchievedtheState-of-the-ArtPerfor-
mance

We compared the performance of various IDP predictors by evaluating on the nonredundant CAID
test data set. The predictions of the compared predictors were obtained from the CAID competition,
and the results on the redundant CAID are also provided in Table 2.14. It is important to note that
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we utilized the default threshold of 0.5 for evaluating all predictors, while the metrics reported in the
CAID paper [30] are based on the threshold selection that maximizes the F1 score. Our IDP-ELM ex-
hibits a remarkable advantage in terms ofAUC (0.8554), F1 (0.5031), andMCC (0.4332), and it achieves
top performance on Rec (0.8724), as shown in Table 2.15. IDP-ELM outperforms other state-of-the-
art predictors except for the value of Pre (0.3535), which is relatively lower than the best achieved value
of 0.5042 by fIDPnn. Figure 2.8 presents the top 10 IDP predictors plotted with the AUC, F1, and
MCC metrics. Additionally, the ROC curve, displayed in Figure 2.9A, clearly illustrates the signifi-
cant improvement of IDP-ELM compared to that of all other predictors. The precision-recall curve
demonstrates that our IDP-ELM attains the highest F1 score when the optimal thresholds are chosen
(Figure 2.9B), where the gray dashed curves represent the points with the same F1 scores. Furthermore,
we conducted a Student’s t-test to compare the predictions of IDP-ELMwith those of other IDP pre-
dictors, and the results indicate that IDP-ELM significantly outperforms all existingmethods (P-value
< 0.05).

Figure 2.8: Performance of top 10 predictors on nonredundant CAID test data set.
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Figure 2.9: (A) Receiver operating characteristic curves and (B) precision‐recall curves of top 10 IDP predictors on nonre‐
dundant CAID test data set.

To comprehensively assess the performance of various IDP predictors, we constructed a new test
data set based on the CAID2 competition [31] test data set. The predictions of the compared predic-
tors were obtained from the CAID2 competition, and the results on redundant CAID2 can also be
found in Table 2.16. It is worth noting that some predictors, e.g., SPOT-Disorder2, failed on a large
part of sequences (64 out of 284) since it relies on many input features from other complicated pre-
dictors that may fail to produce features for some sequences, while our IDP-ELM always produces
reliable predictions since it requires only the sequence.

Our IDP-ELMexhibits a remarkable advantage in termsofAUC(0.9788), F1 (0.9186),MCC(0.8717),
and Rec (0.9457), while it achieves a top performance on Pre (0.8930), as shown in Table 2.17. Figure
2.10 presents the top 10 IDP predictors plotted with the AUC, F1, and MCC metrics. In addition,
the ROC (receiver operating characteristic) curve in Figure 2.11A clearly illustrates the significant im-
provement of IDP-ELM compared to all other predictors. The precision-recall curve, depicted in Fig-
ure 2.11B, demonstrates that our IDP-ELM attains the highest F1 score when the optimal thresholds
are chosen, where the gray dashed curve represents points with the same F1 scores. Furthermore, we
conducted a Student’s t-test to compare the predictions of IDP-ELM with those of other IDP predic-
tors, and the results indicate that IDP-ELM outperforms all existing methods significantly (P-value
< 0.05) except for RawMSA (P-value = 0.2361). However, RawMSA obviously underperforms our
IDP-ELM on nonredundant CAID test data set.
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Figure 2.10: Performance of top 10 IDP predictors on nonredundant CAID2 test data set.
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Figure 2.11: (A) Receiver operating characteristic curves and (B) precision‐recall curves of top 10 IDP predictors on nonre‐
dundant CAID2 test data set.

2.3.7 Exemplary Visualizations

To test our IDP-ELM, twoprotein sequenceswere analyzed by different toppredictors, and the results
of their predictions are visualized in Figures 9 and 10, demonstrating the accuracy of our IDP-ELM.
Note that some top predictors, e.g., SPOT-Disorder2, failed to predict these sequences, andwe do not
compare them here.

The first example showcases the HspB6 (Heat shock protein beta-6, UniProt: O14558, DisProt:
DP01131), which has a long disordered region spanning from residues 1 to 56. Since the full-length hu-
manHSPB6 has not been crystallized by extensive attempts, this protein was crystallized by removing
a poorly ordered region by limited proteolysis techniques [47]. Notably, only the prediction fromour
IDP-ELMmatches with the sequence of a long-disordered region with a short false positive region in
the tail of the sequence, while the others fail with predicting nothing in the IDR or too many false
positives in ordered regions (Figure 2.13).
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Figure 2.12: Visualization of selected example (DisProt ID: DP01131). 3D structures are predicted by AlphaFold2, and
cartoons are visualized by PyMOL. The residues are colored in red (disordered) and green (ordered).

The second example is SNARE (vesicle transport through interaction with t-SNAREs homologue
1A, UniProt: Q9JI51, DisProt: DP01499), which was initially discovered to be unstructured (residue
115-192) in solution but assumed to be a helical conformation when engaged in interactions with other
molecules [48]. The presence of diverse conformations within its structure makes it challenging to
predict disorder accurately. However, our IDP-ELM successfully captures the disordered regions ex-
cept a few false positives in the terminal, while other predictors fail, with predicting nothing in the
IDR or too many false positives (Figure 2.12).
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Figure 2.13: Visualization of selected example (DisProt ID: DP01499). 3D structures are predicted by AlphaFold2, and
cartoons are visualized by PyMOL. The residues are colored in red (disordered) and green (ordered).

2.3.8 PLM-Based IDR Function Predictions Achieve State-of-the-Art Per-
formance

We thoroughly evaluate the performance of our disordered flexible linker (DFL) predictor on an inde-
pendent test data set. Our implementation utilizing PLM attained the highest AUC, MCC, and Rec
scores compared to other state-of-the-artmethods and the second-best Pre score (Table2.5). The other
threemethods includingTransDFL [49], APOD [35], andDFLpred [50] employed various input fea-
tures while our methods employed only high-dimensional representations as well as predicted IDRs.
Considering the performance of DFL prediction are limited by the extremely limited labeled data size,
our method shows the superior advantage of high-dimensional representations in such a scenario.
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Table 2.5: Comparison of Different DFL Predictors on the Test Data Set

Predictor AUC MCC Rec Pre
IDP-ELM (this work) 0.8670 0.5221 0.6482 0.5647

TransDFL 0.835 0.435 0.452 0.586

APOD 0.816 0.418 0.512 0.512
DFLpred 0.637 0.145 0.179 0.337

Furthermore, we evaluate our disordered protein binding (DP) predictor on the independent test
data set. Our PLM-based implementation outperforms other state-of-the-art methods in terms of
AUC, F1, Rec, and Pre scores (Table 2.6). Note that here we employed thresholds that fit speci-
ficity as 0.8, which is the same as the settings of other compared methods in Table 2.6. The other
four DP prediction methods including DeepDISOBind [35], MoRFChibiLight [51], DisoRDPbind
[52], and ANCHOR2 [53] employed various input features while our methods employed only high-
dimensional representations as well as predicted IDRs. Our method shows the superior advantage of
high-dimensional representations in such a scenario.

Table 2.6: Comparison of Different DP Predictors on the Test Data Set

Predictor AUC F1 Rec Pre
IDP-ELM (this work) 0.8748 0.4202 0.6711 0.3058

DeepDISOBind 0.771 0.313 0.595 0.212
MoRFChibiLight 0.735 0.270 0.502 0.185
DisoRDPbind 0.727 0.249 0.456 0.171
ANCHOR2 0.719 0.270 0.501 0.185

2.3.9 Fast IDP Prediction for Human Proteome

We executed our IDP-ELM on the human proteome to showcase the advantages of our methodology
in terms of efficiency. The human proteome data set, encompassing 34,877 proteins, was obtained
from MobiDB data set [54]. Since the human proteome has not been annotated experimentally, we
employed the Mobi-lite annotations (V5.0 released in July 2022), which were derived from the con-
sensus of eight distinct IDP predictors, demonstrating a 62.5% agreement rate and undergoing sub-
sequent processing [29, 55]. It is worth noting that the Mobi-lite ranked 12th in CAID2 and 20th in
CAID, implying that they serve as mere references and cannot be considered absolute truths.
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It is important to note the computational configurations that we adopted in human proteome
prediction. Throughout the prediction pipeline, we utilized three NVIDIA 3090Ti 24 GB GPUs to
accommodate the substantial demands of the ever-larger PLM esm2_t48_15B_UR50D, which neces-
sitates approximately 70 GB of GPU memory. The distribution of all ESM models across multiple
GPUswas facilitated using the Python package accelerate 0.18.0 [56] with Transformers 4.26.0. Apart
from the native automatic mixed precision in PyTorch, no further optimizations were implemented.

We generated a length–time curve with the x-axis representing the sequence length of protein se-
quences and the y-axis denoting the inference time for each length (Figure 2.14). The point on the
graph suggests a linear increase in inference time as the sequence length expands. While a nav̈e self-
attention mechanism would yield a time complexity of O(N2) whereN is the length of the sequence,
our approach involves truncating protein sequences to a constant length, resulting in a linear time
complexity. For most protein sequences comprising hundreds of amino acid residues, IDP-ELM can
deliver predictions in just one second. We also employed the Mobi-lite annotations to evaluate the
predicted results, which yielded scores of 0.8823 for AUC, 0.6520 for F1, 0.5458 for MCC, 0.9030 for
Rec, and 0.5101 for Pre.

Figure 2.14: Inference time of IDP‐ELM for human proteome prediction.

Furthermore, we compared the speed on the redundantCAIDdata set, consisting of 646 sequences
and 336,595 residues. The average prediction time per sequence of our method was 0.8 s, outperform-
ing several state-of-the-art methods mentioned in the cited work [57]: fIDPnn (0.5–1 min), SPOT-
Disorder2 (>10 min), SPOT-Disorder-Single (0.8–1 min), RawMSA (>10 min), SPOT-Disorder (5
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min) and AUCpreD-np (0.5 min) (Figure 2.15).

Figure 2.15: Speed comparison of IDP predictors on the CAID data set.

2.4 Conclusion

In conclusion, our study presents a novel IDP predictionmethod, named IDP-ELM, which leverages
the power of protein language models (PLMs) and ensemble learning to accurately predict intrinsi-
cally disordered regions (IDRs) and their associated functions, including disordered flexible linkers
and disordered protein binding. By utilizing high-dimensional representations from multiple PLMs
and employing an averaging strategy from ensemble learning, IDP-ELM achieves the state-of-the-art
performance of IDR prediction on two challenging independent test data sets CAID and CAID2.
Notably, IDP-ELM always offers a rapid and accurate prediction by solely utilizing protein sequences
as inputs, while traditional approaches rely on time-consuming MSA generation and may fail to pre-
dict some sequences. This paradigm enables efficient proteome-level analysis without compromising
accuracy. Furthermore, our predictions of IDR functions showcase advancements over existing IDR
function prediction methods on several test data sets, underscoring the robustness and effectiveness
of the IDP-ELM approach.

Overall, our research contributes to the growing field of IDP prediction and highlights the poten-
tial of PLMs for extracting vital information from protein sequences. The IDP-ELM method not
only enhances the accuracies of IDP prediction but also opens avenues for further exploration and
advancements in understanding the role of intrinsically disordered proteins in biological processes.
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Experimental Section

Table 2.7: Hyper‐parameters for Training IDP Predictors

Models Batch size Hidden size # layers
esm1b_t33_650M_UR50S 64 64 2

esm2_t6_8M_UR50D 64 128 2
esm2_t12_35M_UR50D 64 128 3
esm2_t30_150M_UR50D 32 256 3
esm2_t33_650M_UR50D 16 64 3
esm2_t36_3B_UR50D 64 128 2
esm2_t48_15B_UR50D 16 256 2

prot_t5_xl_bfd 64 256 3
prot_t5_xl_uniref50 64 256 2

Table 2.8: Hyper‐parameters for Training Disordered Flexible Linker Predictors

Models Batch size Hidden size # layers
esm1b_t33_650M_UR50S 32 16 1

esm2_t6_8M_UR50D 8 16 1
esm2_t12_35M_UR50D 16 16 1
esm2_t30_150M_UR50D 32 16 1
esm2_t33_650M_UR50D 16 32 1
esm2_t36_3B_UR50D 8 16 1
esm2_t48_15B_UR50D 32 64 1

prot_t5_xl_bfd 8 32 1
prot_t5_xl_uniref50 16 64 1
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Table 2.9: Hyper‐parameters for Training Disordered Protein‐binding Predictors

Models Batch size Hidden size # layers
esm1b_t33_650M_UR50S 32 32 1

esm2_t6_8M_UR50D 8 32 1
esm2_t12_35M_UR50D 32 16 1
esm2_t30_150M_UR50D 16 64 1
esm2_t33_650M_UR50D 16 32 1
esm2_t36_3B_UR50D 8 16 1
esm2_t48_15B_UR50D 8 16 1

prot_t5_xl_bfd 8 16 1
prot_t5_xl_uniref50 32 128 1

Table 2.10: Hyper‐parameters for Training Different Predictors

Models Learning rate Weight decay Dropout Mask ratio Head
SSP 0.001 0.01 0.5 / BiLSTM
IDP 0.001 0.01 0.5 0.3 BiGRU
DFL 0.001 0.01 0.5 / BiGRU
Prot 0.001 0.01 0.5 / BiGRU

Note: SSP

refers to secondary structure prediction. IDP refers to intrinsically disordered protein prediction. DFL refers

to disordered flexible linker prediction. Prot refers to the disordered protein-binding prediction. The mask

ratio is only available for IDP prediction. We adopted a dropout layer between all two neighboring layers of

the BiGRU, BiLSTM, and fully connected layers.
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Table 2.11: Performance of IDP Prediction Based on Different PLMs on Test Dataset

Models AUC F1 MCC Rec Pre
esm1b_t33_650M_UR50S 0.8347 0.6226 0.4851 0.6191 0.6261

esm2_t6_8M_UR50D 0.8332 0.6277 0.4882 0.6373 0.6183
esm2_t12_35M_UR50D 0.8267 0.6134 0.4660 0.6326 0.5954
esm2_t30_150M_UR50D 0.8276 0.3174 0.3272 0.1967 0.8220

esm2_t33_650M_UR50D 0.8254 0.5320 0.4477 0.4156 0.7391
esm2_t36_3B_UR50D 0.8292 0.5905 0.4730 0.5218 0.6801
esm2_t48_15B_UR50D 0.8320 0.6061 0.4589 0.6140 0.5983

prot_t5_xl_bfd 0.8411 0.6338 0.4851 0.7053 0.5755
prot_t5_xl_uniref50 0.8299 0.6112 0.4563 0.6587 0.5700

ensemble 0.8484 0.6232 0.4987 0.5853 0.6664

Table 2.12: Performance of DFL Prediction on TE82 Test Datasets

Models AUC F1 MCC Rec Pre
esm1b_t33_650M_UR50S 0.8627 0.5192 0.4348 0.8286 0.3781

esm2_t6_8M_UR50D 0.7771 0.4496 0.3450 0.8084 0.3114
esm2_t12_35M_UR50D 0.8025 0.4162 0.3014 0.8165 0.2793
esm2_t30_150M_UR50D 0.8214 0.5052 0.4001 0.6847 0.4003
esm2_t33_650M_UR50D 0.8395 0.4732 0.3644 0.7319 0.3496
esm2_t36_3B_UR50D 0.8513 0.5384 0.4498 0.7782 0.4116
esm2_t48_15B_UR50D 0.8275 0.4720 0.3673 0.7670 0.3409

prot_t5_xl_bfd 0.8451 0.5215 0.4286 0.7706 0.3942
prot_t5_xl_uniref50 0.8067 0.4236 0.3079 0.7935 0.2889

ensemble 0.8670 0.6036 0.5221 0.6482 0.5647
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Table 2.13: Performance of Disordered Protein‐binding Prediction on Test Datasets

Models AUC F1 MCC Rec Pre
esm1b_t33_650M_UR50S 0.8426 0.3760 0.3487 0.7447 0.2515

esm2_t6_8M_UR50D 0.8330 0.3556 0.3190 0.6954 0.2389
esm2_t12_35M_UR50D 0.8375 0.3633 0.3300 0.7131 0.2437
esm2_t30_150M_UR50D 0.8283 0.3578 0.3219 0.6993 0.2404
esm2_t33_650M_UR50D 0.8426 0.3631 0.3298 0.7132 0.2436
esm2_t36_3B_UR50D 0.8777 0.3975 0.3800 0.7954 0.2650
esm2_t48_15B_UR50D 0.8742 0.3904 0.3697 0.7791 0.2604

prot_t5_xl_bfd 0.8673 0.3879 0.3659 0.7725 0.2590
prot_t5_xl_uniref50 0.8580 0.3787 0.3525 0.7508 0.2532

ensemble 0.8748 0.4202 0.3812 0.6711 0.3058
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Table 2.14: Comparison of Various Predictors on Redundant CAID

Predictor AUC F1 MCC Rec Pre Failed
IDP-ELM 0.8315 0.4843 0.3893 0.8098 0.3455 0
fIDPnn 0.8141 0.3878 0.3270 0.2999 0.5485 1
fIDPln 0.7929 0.4457 0.3266 0.5045 0.3991 1

RawMSA 0.7805 0.4459 0.3246 0.6820 0.3312 0
ESpritz-D 0.7741 0.3898 0.2888 0.3522 0.4365 1
DisoMine 0.7648 0.4127 0.2766 0.5740 0.3221 0

SPOT-Disorder2 0.7604 0.4684 0.3430 0.7589 0.3388 36
SPOT-Disorder-Single 0.7570 0.4135 0.2782 0.5564 0.3290 0

AUCpreD 0.7568 0.4329 0.3032 0.6871 0.3160 2
AUCpreD-np 0.7511 0.4183 0.2843 0.5731 0.3293 0
Predisorder 0.7474 0.4180 0.2920 0.8069 0.2820 4
IsUnstruct 0.7441 0.4128 0.2868 0.7478 0.2851 0

SPOT-Disorder1 0.7441 0.4299 0.3110 0.7478 0.3017 2
IUPred2A-short 0.7407 0.4134 0.2778 0.5627 0.3267 0

ESpritz-X 0.7395 0.4026 0.2644 0.5317 0.3240 1
IUPred-short 0.7394 0.4114 0.2752 0.5621 0.3244 1
IUPred-long 0.7368 0.4176 0.2847 0.6451 0.3087 1
MobiDB-lite 0.7367 0.3816 0.2525 0.4112 0.3560 1

IUPred2A-long 0.7353 0.4160 0.2819 0.6342 0.3095 0
VSL2B 0.7322 0.3910 0.2658 0.8147 0.2572 2
JRONN 0.7237 0.3935 0.2587 0.7413 0.2678 1
ESpritz-N 0.7143 0.3951 0.2560 0.6874 0.2772 1
DynaMine 0.7066 0.0322 0.0156 0.0174 0.2117 1
PyHCA 0.7065 0.3852 0.2399 0.6585 0.2723 0

DISOPRED-3.1 0.7010 0.3861 0.2405 0.6448 0.2756 0
DisEMBL-465 0.6855 0.3463 0.2057 0.3873 0.3132 2

S2D-1 0.6719 0.3219 0.1524 0.8667 0.1976 2
S2D-2 0.6541 0.3276 0.1633 0.8580 0.2025 2

DisEMBL-HL 0.6539 0.3321 0.1612 0.5298 0.2418 2
DisPredict-2 0.6371 0.3136 0.1470 0.4156 0.2519 0
GlobPlot 0.6244 0.3034 0.1383 0.3834 0.2510 1
DFLpred 0.4100 0.1135 -0.0168 0.0935 0.1442 0

FoldUnfold / 0.3650 0.2113 0.6656 0.2514 2
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Table 2.15: Comparison of Various Predictors on Non‐redundant CAID

Predictor AUC F1 MCC Rec Pre
IDP-ELM 0.8554 0.5031 0.4332 0.8724 0.3535
fIDPnn 0.8078 0.2579 0.2296 0.1733 0.5042

fIDPln 0.8036 0.3754 0.2618 0.3761 0.3747
Predisorder 0.7965 0.4514 0.3436 0.8670 0.3051

SPOT-Disorder1 0.7865 0.4473 0.3628 0.8578 0.3025
AUCpreD 0.7858 0.4546 0.3399 0.7462 0.3269

SPOT-Disorder2 0.7714 0.4582 0.3646 0.8370 0.3154
ESpritz-D 0.7641 0.3606 0.2833 0.2948 0.4642

SPOT-Disorder-Single 0.7601 0.3857 0.2509 0.5927 0.2859
RawMSA 0.7592 0.4025 0.2760 0.6481 0.2919

AUCpreD-np 0.7554 0.4026 0.2745 0.6161 0.2990
DisoMine 0.7496 0.3640 0.2203 0.5698 0.2674
IsUnstruct 0.7463 0.3996 0.2887 0.7961 0.2667
IUPred-long 0.7358 0.3960 0.2715 0.7009 0.2759

IUPred2A-short 0.7350 0.4014 0.2726 0.6102 0.2990
DISOPRED-3.1 0.7345 0.3927 0.2724 0.7486 0.2662
IUPred2A-long 0.7342 0.3943 0.2681 0.6893 0.2761
IUPred-short 0.7332 0.3996 0.2702 0.6095 0.2973

VSL2B 0.7326 0.3814 0.2769 0.8719 0.2441
MobiDB-lite 0.7292 0.3738 0.2423 0.4476 0.3209

JRONN 0.7233 0.3793 0.2600 0.7965 0.2489
ESpritz-X 0.7188 0.3653 0.2229 0.5319 0.2782
ESpritz-N 0.7072 0.3752 0.2462 0.7385 0.2515
PyHCA 0.6960 0.3621 0.2217 0.6825 0.2465

DynaMine 0.6931 0.0252 -0.0103 0.0140 0.1254
S2D-1 0.6829 0.3087 0.1534 0.8969 0.1864

DisEMBL-465 0.6796 0.3203 0.1796 0.3691 0.2829
S2D-2 0.6631 0.3169 0.1705 0.8938 0.1926

DisEMBL-HL 0.6424 0.3124 0.1445 0.5168 0.2238
DisPredict-2 0.6253 0.2723 0.1238 0.3062 0.2452
GlobPlot 0.6065 0.2745 0.0993 0.3996 0.2090
DFLpred 0.3898 0.1025 -0.0251 0.0859 0.1270

FoldUnfold / 0.3195 0.1540 0.6648 0.2103
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Table 2.16: Comparison of Various Predictors on Redundant CAID2

Predictor AUC F1 MCC Rec Pre Failed
SPOT-Disorder2 0.9494 0.8583 0.7938 0.8227 0.8971 64

IDP-ELM 0.9436 0.8365 0.7772 0.8008 0.8754 0
SPOT-Disorder 0.9314 0.8172 0.7553 0.7633 0.8792 0
AUCpred-profile 0.9239 0.7830 0.7154 0.7033 0.8830 2

SPOT-Disorder-Single 0.9172 0.7131 0.6670 0.5743 0.9404 0
rawMSA 0.9104 0.7132 0.6381 0.6143 0.8500 0
ESpritz-D 0.8989 0.4811 0.4746 0.3247 0.9279 0

AUCpred-no-profile 0.8939 0.6757 0.6141 0.5473 0.8827 0
PreDisorder 0.8930 0.7373 0.6061 0.8285 0.6642 16
disomine 0.8863 0.5544 0.4956 0.4150 0.8350 0
IUPred3 0.8854 0.7352 0.6521 0.6645 0.8227 0
flDPnn 0.8833 0.5813 0.5399 0.4300 0.8970 0

ESpritz-X 0.8818 0.3706 0.4004 0.2305 0.9459 0
MobiDB-lite 0.8680 0.5839 0.5580 0.4232 0.9416 0
ESpritz-N 0.8586 0.6402 0.5628 0.5227 0.8258 0
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Table 2.17: Comparison of Various Predictors on Non‐redundant CAID2

Predictor AUC F1 MCC Rec Pre
IDP-ELM 0.9788 0.9186 0.8717 0.9457 0.8930
RawMSA 0.9717 0.8615 0.7868 0.8436 0.8802

SPOT-Disorder2 0.9700 0.8821 0.8197 0.8573 0.9083
SPOT-Disorder 0.9629 0.8708 0.8020 0.8479 0.8949

SPOT-Disorder-Single 0.9605 0.7549 0.6742 0.6405 0.9190
IUPred3 0.9499 0.8533 0.7730 0.8414 0.8655
AUCpreD 0.9401 0.8042 0.7124 0.7451 0.8735
flDPnn 0.9348 0.6940 0.6186 0.5550 0.9257

PreDisorder 0.9207 0.7913 0.6640 0.8849 0.7157
ESpritz-D 0.9132 0.4139 0.3660 0.2744 0.8413
DisoMine 0.9105 0.5451 0.4571 0.4037 0.8390

MobiDB-lite 0.9095 0.5838 0.5166 0.4308 0.9049
ESpritz-N 0.9071 0.6768 0.5607 0.5731 0.8262

AUCpreD-np 0.9063 0.6632 0.5687 0.5348 0.8729
ESpritz-X 0.8693 0.3800 0.3780 0.2390 0.9270
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3
High-throughput and accurate pK a

prediction via a protein language model

3.1 Introduction

Protein pK a is crucial for understanding various biological processes, including enzyme catalysis [1, 2,
3], protein folding [4, 5, 6], and ligand binding [7, 8]. Chemical groups in the side chain and termi-
nals can be protonated or deprotonated depending on the pH of the environment, affecting protein
structure, stability, and function (Figure 3.1). Currently, the most reliable pK a values of proteins are
only obtained through laborious, costly, and challenging NMR titration experiments [9].
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Figure 3.1: Ionizable residues such as Asp, Glu, and His can be protonated or deprotonated depending on the pH of the
environment. The ability of these residues to accept or donate protons is quantified by the pKa value and can be experi‐
mentally determined by NMR titration experiments. Many factors can affect the pKa values of these residues, including
the electrostatics, hydrophobicity, and ligand interactions. The isoelectric points of proteins are the pH values at which
the proteins exhibit no net charge.

Computational methods for the prediction of protein pK a have been developed to provide rela-
tively fast and convenient pK a estimations while maintaining reasonable accuracy (Figure 3.2). One
widely used method is the empirical approach, PROPKA [10, 11], which employs a set of human-
designed rules to predict pK a values based on a single protein structure. PROPKA is considered one
of the fastest in protein pK a prediction due to the efficient computation, though its accuracy is lim-
ited by the simplicity of its rules. In contrast, constant pHmolecular dynamics (CpHMD) simulation
methods [12, 13, 14, 15, 16], based on the molecular dynamics (MD) simulations, are considered to be
the most accurate computational methods for pK a prediction. However, they require a long-time
sampling of different protein conformations and protonation states, making them computationally
intensive andunsuitable for high-throughput pK a prediction. Furthermore, Poisson-Boltzmann (PB)
methods [17, 18, 19], based on continuum electrostatics theory [20], provide the pK a values for ioniz-
able residues in proteins. PBmethods reduce computational costs compared toCpHMDsimulations,
though at the expense of accuracy. This accuracy decreases due to theoretical assumptions on the basis
of modeling the protein-solvent interface as a continuum medium [13] and single protein conforma-
tions in the calculations.
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Figure 3.2: Computational methods such as molecular dynamics (MD) simulations, Poisson‐Boltzmann (PB) methods, and
empirical methods are widely used for protein pKa prediction.

Protein pK a prediction is typically approached as a structure-based problem, where the protein
structure serves as input features of predictors. However, several issues arise with this approach, espe-
cially for high-throughout prediction: 1) Protein structures are not always available for all proteins, lim-
iting the applicability of structure-basedmethods. Although structure predictors such as AlphaFold2
[21] and RoseTTAFold [22] can provide highly accurate atomic-level structures, their high computa-
tional cost makes them unsuitable for high-throughput pK a prediction. Furthermore, studies indi-
cate that the pK a prediction based on structures predicted by AlphaFold2 tend to underestimate of
the pK a shifts [23], rending predictions for significantly shifted pK a values less reliable. 2) Protein
structures are inherently flexible and dynamic, and specific regions can be ambiguous [24], affecting
prediction accuracy. Some pK a predictors use clustering of different conformations to enhance pre-
diction accuracy [25]. However, this clustering process is time-consuming and does not fully address
the aforementioned structural discrepancy issue. These discrepancies between structures [26] pose sig-
nificant challenges to the prediction accuracy of the existing methods. These challenges highlight the
need for improved methods in protein pK a prediction that can account for structural discrepancies,
flexibility, and the availability of protein structures.

Machine learning (ML) methods have recently emerged as a promising approach for protein pK a

prediction (Figure 3.3). MLmodels such as random forests [27], graph neural networks [28], andmul-
tilayer perceptron [29], have been applied to predict pK a values based on protein structures [30, 31, 32,
25]. TheseMLmethods are built with numerous parameters and trained on data sets consisting exper-
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imentally determined pK a values [33, 34] or pK a values derived from other computational methods
[23, 35]. Due to their flexible architectures and scalability, these methods effectively model the com-
plex relationship between the protein structures and pK a values of protein residues. ML methods
achieve both high efficiency and high accuracy in pK a prediction compared to traditional methods.

Figure 3.3: The workflow of deep learning‐based methods for protein pKa prediction includes the pre‐processing of input
structures (e.g., the coordiantes, element types, and the solvent‐accessible surface area), the training of deep learning
models, and the prediction of pKa values. In recent years, several deep learning‐based methods have been developed for
protein pKa prediction and have achieved state‐of‐the‐art performance.

In recent years, large languagemodels (LLMs) have achieved significant success in variousmodeling
tasks, including natural language processing (NLP) and computer vision (CV). Analogously, protein
language models (PLMs) have been developed using architectures such as transformers [36, 37] and
the recurrent neural network (RNN) [38]. In a PLM, each residue in a sequence is represented as
a high-dimensional vector encapsulating the essential information of the sequences and its context.
For instance, residues in similar protein environments are likely represented by proximate vectors in
the high-dimensional space. PLMs have demonstrated their effectiveness in various protein property
prediction tasks, including secondary structure prediction [39], contact prediction [36], atomic-level
structure prediction [37], and intrinsic disorder prediction [40], in terms of prediction accuracy and
computational efficiency.

This study introduces pKALM, a novel protein pK a prediction method based on a protein lan-
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guagemodel. pKALM is a deep learning-based approach capable of predicting pK a values solely from
protein sequences (Figure 3.4). It has been trained to predict the pK a values of the side chains of Asp,
Glu, His, Lys, Cys, Tyr, as well as the N-terminus and C-terminus of proteins. The performance of
pKALM was evaluated across a range of residue types, pK a shifts and positions within proteins. The
results demonstrated that pKALM outperformed existing methods. Two isoelectric point (pI) pre-
dictors were also developed, achieving state-of-the-art performance, and integrated into the pKALM
framework to enhance pK a prediction accuracy. Furthermore, we demonstrate the high-throughput
prediction of pK a values for all proteins in the human proteome, emphasizing the significantly faster
prediction capabilities of pKALM.A case study is also provided to elucidate the reasonswhy sequence-
based pKALM can effectively predict pK a values, with the interpretability of the visualized attention
maps of the PLM.

Figure 3.4: This work proposed a novel protein pKa prediction method, pKALM, based on a protein language model and
pI models. It can predict pKa values solely from protein sequences and achieve state‐of‐the‐art performance. The pKALM
supports the prediction of six residues side chains and the N‐terminus and C‐terminus of proteins.
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3.2 Method

3.2.1 Data sets

Weutilized the recently released PKAD-2 data set [34] to train and test various protein pK a prediction
methods. PKAD-2 compiles experimental pK a data from multiple references, providing 1,456 pK a

values for wild-type proteins and 269 pK a values for mutant proteins. We meticulously revised the
original data set to correctmissing or erroneous information, excluding unverifiable or non-numerical
pK a values. The revised data set now includes 1,450 pK a values for 165wild-type proteins and 262 pK a

values for 47 mutant proteins. The revised PKAD-2 is available in the associated GitHub repository
https://github.com/xu-shi-jie/pKALM.

The PKAD-2 data set exhibits considerable redundancy, with homologous proteins having very
similar pK a values for the same residues. This redundancy presents two critical issues: 1) it causes
overlap between training and test sets, compromising the fairness of ML model evaluations, and 2) it
hampers the generalization ofMLmodels to novel, non-homologous proteins. To address these issues,
we utilized the cd-hit program [41] to cluster the revised PKAD-2 data set at 30% sequence similarity,
a critical threshold (compared to 30% in the work of Cai et al. [31] and 90% in the work of Reis et al.
[32]). The resulting non-redundant data set was randomly divided into training and test sets in a 5:2
ratio, with 376 pK a values in the training set and 152 pK a values in test set. Notably, the size of test set
closely aligns with those used in related studies [31].

The literature bias results in an extremely unbalanced distribution of pK a values among different
residues. Predictions for less abundant residues (Cys, Tyr, N-terminus, and C-terminus) are more
challenging compared to abundant residues (Asp, Glu, His, and Lys). Table 3.1 presents the pK a

values for both abundant and less abundant residues. The detailed data set construction process is
described in Supporting Information, and the pK a value distribution (Figure 3.10).
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Table 3.1: The numbers of pKa values of different residues in the data set.

Residue Training set Test set

Abundant

Asp 108 44
Glu 121 48
His 64 26
Lys 38 15

Less abundant

Cys 11 4
Tyr 14 6
N-terminus 8 4
C-terminus 12 5
Total 376 152

We utilized isoelectric point (pI) data from Kozlowski’s work [42], which includes both peptide
and protein pI data sets. These data sets, derived from references containing experimental pI values,
comprise 119,092 peptide pI values and 2,324 protein pI values. Redundancies in both data sets were
removed, and they were split into training and test sets in a 3:1 ratio. Figure 3.11 illustrates the detailed
distribution of pI values. Notably, compared to the peptide pI data, the protein pI data are signifi-
cantly fewer and more concentrated, posing a greater challenge for accurate prediction.

3.2.2 Protein language model

Protein language models are large-scale neural networks pre-trained on extensive unlabeled protein
sequences. Architectures such as to BERT [43] or T5 [44] are commonly employed for PLMs, charac-
terized by parameters counts ranging frommillions to billions, each exhibiting distinct properties. In
this study, we evaluated nine PLMs of varied architectures and sizes, including the ESM series [36, 37]
and ProtTrans series [39]. Detailed information are provided in Table 3.6.

The scaling law [45] of large language models demonstrates that their performance consistently
improves with larger model and training data sizes. This finding aligns with previous research [40],
indicating that performance increases with PLM model size but eventually plateaus due to the lim-
ited fine-tuning data. Consequently, selecting appropriate PLMs is critical for tasks involving protein
property prediction, contingent upon the scale of available fine-tuning data.
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3.2.3 Architecture of pKALM

The architecture of pKALM predictor is depicted in Figure 3.5a. The input comprises the protein
sequence, encoded through a protein language model, a protein pI model, and a peptide pI model
to derive feature vectors. These models are held frozen during pKALM training. The concatenated
feature vectors are then fed into a bi-directional long short-termmemory (BiLSTM) [46] network to
capture sequential patterns in the protein sequences. To distinguish the residue types (i.e., Asp, Glu,
His, Lys, Cys, Tyr, N-terminus, and C-terminus), they are encoded via an embedding layer and added
to the BiLSTMnetwork outputs. The combined vectors are subsequently processed by a simple fully
connected layer to predict the pK a shift. The final predicted pK a is derived from the sum of the pK a

shift and the standard pK a, consistent with prior work [11], as detailed in Table 3.7.
Furthermore, both pI models share identical architectures, as illustrated in Figure 3.5b. The input

of each pI model includes either a protein or peptide sequence, encoded into vector sequences via
a residue embedding layer. These vectors are then fed into a BiLSTM network to learn sequential
patterns. From the BiLSTM outputs, only the hidden states corresponding to protonatable residues
(i.e., Arg, Asp, Glu, His, Lys, Cys, and Tyr) and the termini are extracted and averaged to form the
final feature vector. A fully connected layer converts this vector into the pI value. Each pI model is
trained on distinct data sets: the peptide pI data set and the protein pI data set, respectively.
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Figure 3.5: Overview of pKALM. (a) The architecture of pKALM. Arrows indicate data flow, while colored blocks represent
different neural networks. The symbol “∼” denotes concatenation of feature vectors and “+” denotes vector addition.
Flow bifurcation indicates data duplication. (b) Architecture of the pI predictors. The pI model is shared by the peptide pI
model and protein pI model.

3.2.4 Compared methods and data preparation

We compare pKALMwith five existing pK a predictionmethods including PROPKA [11], PKAI [32],
PypKa [19], DeepKa [31], and PKAI+ [32]. For DeepKa predictions, we utilized the online service
available at http://www.computbiophys.com/DeepKa/main, while for the other methods, we in-
stalled their respective software packages locally and assessed their performance.

AsbothpK a andpIprediction involve regression tasks,we employed root-mean-square error (RMSE)
andmean absolute error (MAE) to evaluate method performance. RMSE, preferred for its sensitivity
to data set outliers, served as the primary metric. Furthermore, for pI prediction, we utilized RMSE,
MAE, and the coefficient of determination (R2) to comprehensively assess method effectiveness.

All protein structures within our test set were prepared as below. We retrieved PDB files from the
Protein Data Bank [47]. For proteins lacking PDB entries (UniProt IDs: P03230 and P53378), we
employed ColabFold [48] to predict their structures. Repairing the protein structures involved using
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openMM [49] to handle non-canonical residues (e.g. selenomethionine is replaced to methionine),
mutation of wild-type residues, and removal of HETATM records and water molecules. Missing hy-
drogen atomswere added using the Amber 14 force field [50] andModeller [51], assuming a pH of 7.0
and standard pK a values for residues.

3.3 Results and discussion

3.3.1 Hyperparameter tuning and optimization

We utilize a grid search methodology alongside the wandb package [52] to optimize the hyperparame-
ters of models in the experiments. Specifically, we adjust the dimensions of the hidden states and the
layerswithin theBiLSTMnetworks for both the pKALMand twopImodels. We explore hidden state
dimensions and the number of layers in different ranges (see Table 3.8). The optimal hyperparameters
are selected based on the performance evaluated through 5-fold cross-validation on the training data
set.

We employ the AdamW optimizer [53] throughout our experiments, with a fixed learning rate of
0.001 and a weight decay of 0.001 to mitigate overfitting. Remaining optimizer hyperparameters are
set to their default values. Furthermore, we utilize a cosine annealing learning rate scheduler. The
batch sizes are set to 32, with model training spanning 100 epochs for protein pK a prediction, 20
epochs for peptide pI prediction, and 10 epochs for protein pI prediction. Loss functions employed
are mean-absolute-error (MAE) for pK a prediction andmean-squared-error (MSE) for pI prediction.

All experiments are conducted on a Linux workstation equipped with anAMDRyzen 9 7950X3D
16-core processor, 64 GB memory, and dual NVIDIA RTX 3090Ti GPUs. Implementation utilizes
Python 3.12.2 and PyTorch 2.2.1 with CUDA 11.8. For the PLM inference, we utilize Hugging Face’s
transformers package (ver 4.39.3) [54] and accelerate package (ver 0.28.0) [55]. Except the na-
tive automatic mixed-precision feature of PyTorch [56], no additional optimization techniques are
employed to accelerate the model training and inference.

During the training step of amini-batch, the protein sequences varied in length were pad and trun-
cated into a fixed length for efficient batch processing. We segment longer sequences into smaller seg-
ments with a maximum length of 960 tokens (i.e., residues), due to the constraint that some PLMs,
such as ESM1B_650M, only accept sequences shorter than 1024 tokens. To retain contextual infor-
mation, an additional 31 tokens at the end of the segments are appended to each segment, facilitating
overlap between adjacent segments, which will be discarded. Final sequence encodings are derived
from the concatenated non-overlapping of segment encodings.
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3.3.2 Prediction of peptide and protein isoelectric point

The isoelectric point (pI) of a protein is the pH at which the protein exhibits no net charge, while the
pK a values denote the pH at which protein residues are half-protonated. The relationship between
the pK a values of proteins and its isoelectric point (pI) can be elucidated through the Henderson-
Hasselbalch equation for weak acids [57]:

pH = pKa + log10

(
[A−]

[HA]

)

Theaverage chargeof an ionizable residue at a specific pHcanbe calculatedby [A−]/[HA] = 10pH−pKa .
The total charge of the protein can be determined by summing the charges of all ionizable groups.
The isoelectric point (pI) is thus the pH at which the total charge of the protein is zero. For in-
stance, the pI of a small molecule with two ionizable groups, with pKa

1 and pKa
2, can be calculated as

pI = (pKa
1 + pKa

2)/2.
Henderson-Hasselbalch equation suggests that pI is closely related to the pK a values and this study

initially trains peptide and protein pI predictors using certain data sets and integrates them into the
pKALM framework. Performance comparisons against state-of-the-art methods for peptide pI pre-
diction are summarized in Table 3.2. Our peptide pI predictor exhibits superior performance in terms
ofRMSE,MAE, andR2 compared to IPC2, the previous leadingmethod trained on identical data sets.
5-fold cross-validation results for peptide pI prediction are illustrated in Figure 3.12, with the optimal
hyperparameters selected.
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Table 3.2: Performance comparison of different methods for peptide isoelectric point prediction. Bold font indicates our
method.

Method RMSE MAE R2

pKALM, this work 0.2204 0.1071 0.9765

IPC2 [42] 0.2216 0.1216 0.9761
Bjellqvist [58] 0.4051 0.2836 0.9204
Nozaki [59] 0.4083 0.2673 0.9191
DTASelect [60] 0.4235 0.2796 0.9130
Thurlkill [61] 0.4466 0.2535 0.9033
Sillero [62] 0.4747 0.2696 0.8907
Dawson [63] 0.4910 0.2642 0.8831
Wikipedia a 0.5178 0.2974 0.8700
Grimsley [64] 0.5264 0.3796 0.8656

aThe Wikipedia method refers to the pK a values as presented in the Wikipedia page in 2005.

We develop a protein pI predictor and evaluate its performance against existing benchmarks. Per-
formance comparisons against state-of-the-art methods for protein pI prediction are summarized in
Table 3.3. Ourmethod achieves the third-best RMSE andR2 scores, and the fourth-bestMAE among
themethods evaluated. Notably, our approach employs deep learning, which typically demands larger
data sets for excellent performance. The limited size of available protein pI data sets (see Section “Data
set”) constrains the efficacy of our predictor despite employ a comparable architecture. 5-fold cross-
validation results for protein pI prediction are depicted in Figure 3.13, with the optimal hyperparame-
ters selected.
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Table 3.3: Performance comparison of different methods for protein isoelectric point prediction. Bold font indicates our
method.

Method RMSE MAE R2

IPC2 [42] 0.8479 0.5906 0.5934
IPC [65] 0.8677 0.6109 0.5760
pKALM, this work 0.9069 0.6468 0.5589

ProMoST [66] 0.9113 0.6444 0.5183
Toseland [67] 0.9278 0.6537 0.5095
Dawson [63] 0.9365 0.6586 0.4977
Bjellqvist [58] 0.9369 0.6536 0.5005
Wikipediaa 0.9484 0.6795 0.4860
Rodwell [68] 0.9579 0.6762 0.4706
Grimsley [64] 0.9588 0.6953 0.4779

aThe Wikipedia method refers to the pK a values as presented in the Wikipedia page in 2005.

3.3.3 Performance of different protein language models

We assess the performance of multiple protein languagemodels for predicting pK a values, as depicted
in the blue and green curves in Figure 3.6. The evaluation includes validation and test RMSE for nine
PLMs: eight PLM-based configurations (with “ESM” or “PT” prefixes) and a compared configura-
tion replacing PLMwith an embedding layer (“No PLM”). The points in the curves representing the
best configurations selected from validated RMSEs, which consistently decreases with an increase in
model parameters from 8 to 650 millions, and eventually achieve the lowest for three largest PLMs:
ESM2_650M, ESM2_3B, and ESM2_15B. Other PLMs (ESM1B_650M, PT_BFD, PT_UR), and the
non-PLM configuration exhibit varying performances due to their distinct architectures and training
data sets from ESM2 series, and their details can be found in the original literature [36, 39].
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Figure 3.6: Comparison of the performance of different protein language models on the validation and test sets for all
models and the best model selection. The violin graph illustrates the distribution of (Validation/Test) RMSEs for different
PLMs with different hyperparameters (hidden states and layers). The curves represent the best (Validation/Test) RMSEs
selected based on the validation set. Note that for the non‐PLM configuration, the distribution of RMSEs across different
configurations is very concentrated and we only show the best RMSE.

The test RMSEs, however, diverges notably from the validationRMSEs. We define the pK a shift as
the difference between model-predicted and experimentally determined pK a, categorizing shifts into
five ranges split by 0.5 pH units: 0-0.5, 0.5-1.0, 1.0-1.5, 1.5-2.0, and>2.0. Figure 3.14 illustrates the test
RMSE of different PLMs across these ranges. Notably, larger PLMs (ESM1B_650M, ESM2_3B, and
ESM2_15B) exhibits superior performance when pK a shifts are small (<1.0 pH unit). In contrast, for
shifts larger than 1.5, the configurations with smaller PLMs (ESM2_8M and ESM2_35M), or without
PLM, demonstrate better performance. These findings suggest that larger PLMs excel in capturing
evolutionary information from protein sequences and tend to predict normal pK a values more accu-
rately, while they may be less reliable for pK a values that shift significantly. Thus, selecting an appro-
priate PLM is crucial to balance prediction accuracy of pK a values that shift significantly and those
that do not.

The distribution of RMSEs for small-size PLMs is more concentrated, while the gaps between the
validation and test RMSEs are larger. In contrast, large-size PLMs exhibit less concentrated RMSEs
with smaller gaps between validation and test RMSEs, as shown in the violin graph in Figure 3.6.
Overall, the variance in performance across different PLMs and hyperparameters underscores the im-
portance of selecting an appropriate PLM for protein pK a prediction and highlights the necessity of
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hyperparameter tuning for optimal performance. Notably, our choice of PLM is considered a priori
knowledge rather than a hyperparameter. For subsequent experiments, we prioritize the RMSE of
four abundant residues (Asp, Glu, His, and Lys) as the primary metric for selecting the best PLM.
ESM2_35M achieves the best performance in terms of test RMSE among the evaluated models.

3.3.4 pKALM outperforms existing methods

We evaluate the performance of our pKALMmethod against reportedmethod (Figure 3.7a and 3.7b).
The results demonstrate that all methods can predict pK a values for Asp, Glu, His, and Lys. Impor-
tantly, pKALM achieved the lowest test RMSE on four abundant residues (Asp 0.6929, Glu 0.6641,
His 1.0468, Lys 0.7701). PKAI+, another deep learning-basedmethod, showed the second-best perfor-
mance, followedbyDeepKa, PypKa, andPKAI.The empiricalmethodPROPKAperforms theworst,
due to its simplistic empirical rules and limited model complexity. The predictions of Glu residues
exhibited relatively small test RMSE among all predictors due to the concentrated pK a values of glu-
tamic acid. In contrast, the predictions of His residues had the highest RMSE, due to the limited and
diverse distribution of pK a values in the data set. Asp residues, with the second largest data (108/44 in
training/test set) and a broader pK a distribution, provided a fair and challenging to benchmark. Per-
formance comparisons on different residues in terms of RMSE and MAE can be found with details
in Table 3.9 and 3.10. Overall, pKALM significant outperformed other methods.

Figure 3.7: Performance comparison of pKALM with existing methods for (a) abundant residues: Asp, Glu, His, and Lys
and (b) less abundant residues: Cys, Tyr, N‐terminus (N‐ter.), and C‐terminus (C‐ter.). Some methods are not available for
certain residues, as indicated by “X”.

The pK a values of less abundant residues Cys, Tyr, N-terminus, and C-terminus were predicted
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in superior performance in terms of RMSEs (Cys 2.098, Tyr 0.6479, N-terminus 0.7419, C-terminus
0.8038) by pKALMrelative to existingmethods, as illustrated in Figure 3.7b. Predictions for Cyswere
particularly challenging due to the their limited data and very diverse pK a values.

We comparedpKALMwith the availablemethods,markingunavailable oneswith an“X”. pKALM
is unique in predicting pK a values for Cys with a RMSE of approximately 2 pH units, whereas other
methods showed significantly large RMSEs (PKAI+>4, PypKa>3, PKAI and PROPKA>5), rending
their predictions for Cys unreliable. Despite a limited test set, pKALM achieved the lowest RMSE for
Tyr (14/6 in training/test set) andN-terminus (8/4 in training/test set). Detailed performance compar-
isons in terms of RMSE andMAE can be found in Table 3.11 and 3.12. pKALM and PypKa provided
predictions for C-terminus with comparable accuracy (pKALM 0.8038 vs PypKa 0.7496). This indi-
cates that not-machine-learning-basedmethods remain dependable for residues lacking sufficient data
to train machine learning models.

3.3.5 Performance on pK a shifts

It is crucial to evaluate the performance of pK a predictors on different pK a shifts. According to the
PKAD-2 dataset, most of pK a values are within 1 pH unit of their standard values, though some are
significantly shifted (e.g., >2 pH units). Predicting small pK a shifts is relatively straightforward, while
predicting large shifts is more challenging, necessitating evaluation across different pK a shift ranges.
According to the previous study [31], we split the pK a shifts into five ranges with 0.5 pH unit interval:
0-0.5, 0.5-1.0, 1.0-1.5, 1.5-2.0 and>2.0 and assessed the performance of pKALM and existing methods
on these ranges (Figure 3.8a).

pKALMachieves the lowestRMSE in ranges≤1.5 while the third best in the range of 1.5-2.0 and the
second-best in the range of>2.0. It is worth noting that, another two deep learning-based methods,
PKAI and PKAI+, also lag behind the best performance for larger ranges. Deep learning methods
are trained for minimizing the overall loss function and may not always focus on learning the largely
shifted pK a values. Considering the large part of small pK a shifts in the data set, it is reasonable that
the deep learning methods are not the best for the largely shifted pK a values. On the other hand,
DeepKa is optimized for relatively balanced distribution of pK a shifts and thus performs better than
PKAI andPKAI+ for the largely shiftedpK a valueswhile stillworse thanpKALMin termsof accuracy.
PROPKA is the best one for the pK a shifts larger than 2.0 pH units while the data point of this range
is very limited. Furthermore, its performance on small pK a shifts is relatively low, suggesting such a
method not reliable for the general pK a prediction since we do not know which range the pK a value
belongs to before the prediction. In contrast, our method pKALM achieves balanced performance
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across different pK a shift ranges.

Figure 3.8: (a) Performance comparison of pKALM with reported methods for largely shifted pKa values. (b) Performance
comparison of pKALM with reported methods for exposed and buried residues. (c) Ablation study of pKALM by removing
the pI models.

3.3.6 Performance on the exposed and buried residues

We evaluate the performance of reported methods for exposed and buried residues separately. The
definition of exposed and buried residues are based on the relative solvent accessibility (RSA) of the
residues, which is already calculated in the PKAD-2 data set. We choose 50% as the threshold, same to
the previous study [30] (Figure 3.8b). It is clear that pKALM achieves the lowest RMSE for challeng-
ing buried residues. For exposed residues, pKALM also achieves the second-lowest RMSE (0.6281),
following PKAI+ (0.5862), while all predictors have relatively similar performance. This is reason-
able since the exposed residues are more accessible to the solvent and thus their pK a values are more
close to the standard pK a values, suggesting them much easier to predict. The slight difference be-
tween pKALMand PKAI+may be due to themeasurement uncertainty of pK a values in the data set,
which is usually around (0.01-0.1).

3.3.7 Ablation study and comparison with existing methods

The necessity of adopting the pI models in pK a prediction was confirmed by an ablation study of dif-
ferent modules (Figure 3.8c). To investigate the importance of modules inside a deep learning model,
we remove the pI models one by one, retrain them with the same data sets, and evaluate them on the
same test sets. Four versions of configurations are tested: 1) pKALM, 2) pKALM without peptide pI
model “pKALM-pipep”, 3) pKALM without protein pI model “pKALM-piprot”, and 4) pKALM
without both pI models “pKALM-pipep-piprot”. We observe the changes of the test RMSE of abun-
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dant residues and the results show that the pI models are crucial for the pK a prediction, though the
version without any pI models are good. By removing the peptide pI model, the RMSE increases; re-
moving the protein pI model, the RMSE also increases. When we remove only the protein pI model,
the RMSE increases the most. This suggest that protein pI model is the most crucial for this architec-
ture.

3.3.8 High-throughput prediction

To evaluate the speeds of pKALM, the pK a values of all proteins in the humanproteome are predicted.
Thehumanproteomedata set is download fromtheUniProtwebsite (https://www.uniprot.org/
proteomes/UP000005640)which contains a total of 20,598proteins and 3,554,768protonatable residues.
The whole prediction process took 11 minutes 56 seconds on ourmachine, which produced an average
speed of 4,965 pK a per second. The distribution histograms of the predicted pK a values of different
residues (Figure 3.15) indicates the predictions have a very wide range of pK a value distributions for
all residues. This suggests that pKALM is capable of predicting the significantly shifted pK a values in
the proteins. The predicted pK a of terminal groups have relatively concentrated distributions, which
is consistent with the fact that N-terminal and C-terminal are more likely exposed to the solvent and
thus have more concentrated pK a to its standard pK a values.

We evaluate the speed of different predictors that compared in this study. We cite the reported
speeds of DeepKa in the published work [69]. We have tested the speed on human proteome data set
for our pKALM. Other methods are installed with their official programs on our machine. Further-
more, we randomly sample 1,000 structures from the PDB database and predict the pK a values of all
residues in the structures by PKAI, PKAI+, PROPKA. Since PypKa is very slow, we sampled only
100 structures and predicted their pK a values by PypKa. The speed of these predictors are shown in
Table 3.4.

It is clear that pKALM is the fastest method among the compared methods, which is more than
37 times faster than PKAI/PKAI+, 130 times faster than PROPKA, 694 times faster than DeepKa,
and 5773 times faster than PypKa. The speed of pKALM is mainly due to its sequence-based design
and the parallel computation of the deep learning models on the GPUs. PLMs are considered as the
bottleneck of the deep learning models. However, the pK a prediction of pKALM is performed for
all protonatable residues in the same protein simultaneously. The price of PLM inference is paid
only once for each protein, instead of each residue, which is more efficient than the residue-by-residue
prediction. Another deep learning methods, PKAI/PKAI+ also provide the second and the third
best speed. Surprisingly, the empirical method PROPKApredicts more slowly than the deep learning
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methods, possibly due to its implementation on theCPUand the sequential prediction of the residues’
pK a values.

Table 3.4: Speed comparison of different methods for pKa prediction.

Method Total pK a Total time pK a per sec
pKALM, this work 3,554,768 11 min 56 s 4,964.76

PKAI 187,312 23 min 31 s 132.75
PKAI+ 187,312 23 min 38 s 132.10

PROPKA 219,198 96 min 14 s 37.96
DeepKa 1,537 3 min 35 s 7.15
PypKa 11,565 3 h 43 min 49 s 0.86

a Note that different methods are tested on different data sets.

3.3.9 Case study and discussion

Prediction for ribonuclease T1

We use pKALM to predict the pK a values of ribonuclease T1 (PDB ID: IRGA) to have a case study.
Ribonuclease T1 is a small protein consisting of 104 residues (Figure 3.9a). It has been reported to
have pK a values as shown in Table 3.5. The predicted pK a values from pKALM are very close to the
experimental values. This example demonstrates that pKALM accurately predict the pK a values of
the residues in the protein.

Figure 3.9: Exemplary predictions. (a) The five titrated residues of ribonuclease T1. (b) The catalytic triad of chymotrypsin.
(c) The bacterial peroxiredoxin AhpC. The catalytic Cys46 is shown in red. Residues with high attention maps to Cys46 are
shown in orange.
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Table 3.5: The experimental, predicted, and standard pKa values of selected residues in ribonuclease T1.

Residue Experimental Predicted Standard
His27 7.57 7.77 6.5
Glu28 5.61 5.60 4.5
His40 7.44 6.19 6.5
Glu58 3.96 4.07 4.5
His92 7.31 7.50 6.5
a The experimental pKa values are reported in the literature [70].

Prediction for chymotrypsin

pKALM is employed to predict the catalytic triad motif of chymotrypsin, a serine protease. This
motif is comprised of Asp, His, and Ser (Figure 3.9b). The input for pKALM is the B chain of the
apoenzyme structure (PDBID:4CHA).Given the strong interactionbetween these three residues, the
pK a values of His57 are significantly altered from their standard pK a value of 6.5. The predicted pK a

value of His57 from pKALM is 7.65, which is in close agreement with the experimental value of 7.5
[2]. This indicates that pKALMis effective in capturing the intricate interactions between the residues
and accurately predicting the pK a values of the residues in the catalytic triad. It is worth noting that
Ser in the catalytic triad is not on the input chains but the prediction is still accurate, possibly due to
the strong interactions between the residues in the catalytic triad, which are captured by the protein
language model.

Why PLM-based design works?

We conduct a case study to demonstrate why the PLM-based design of pKALM works very well.
We use pKALM to predict the pK a values of Cys46 in the bacterial peroxiredoxin AhpC (PDB ID:
4MA9), a large protein consisting of five chains and hundreds of residues. The key residues for anal-
ysis are shown in Figure 3.9c. The pK a value of Cys46 is 5.94 [71], which is largely shifted from the
standard pK a value of 9.0. The predicted pK a value from pKALM is 6.67, which is close to the exper-
imental value, while other methods predict the values including PROPKA (9.0), PKAI (9.64), and
PKAI+ (9.08), close to the standard pK a value of 9.0. This suggests that pKALM is more reliable for
the prediction of the pK a values of Cys residues in proteins.

To visualize the effectiveness of pKALM, the attention maps are considered as the useful tool to
interpret the deep learning models [72]. We thus visualize the attention maps of all 20 heads of the
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PLM ESM2_35M when the input is the sequence of AhpC (Figure 3.16 and Figure 3.17). Most heads
only capture the short-distance interactions between the residues, while some heads capture the long-
distance interactions. Here we take the 14th head as an example to analyze the attention map, since
it has the most significant long-distance interactions. The most important residues that Cys46 pays
attention to are His78, Trp81, Arg119, Ala120, and Asp143. These residues are distant from Cys46 in
sequence and close in the 3D structure. The attentionmap imply that pKALMmay successfully build
the sequence-pK a relationship by capturing the long-distance interactions and possiblymore essential
information of the residues in the protein sequences.

3.4 Conclusions

The understanding of protein functions in biological processes is contingent upon the knowledge of
protein pK a. It is a significant challenge to accuratelymeasure the pK a of specific residues in a protein.
However, computational methods provide an alternative approach to predict the pK a values. In this
study, we propose a deep learning-based method, pKALM, which employs a protein language model
to achieve highly accurate predictions for Asp, Glu, His, Lys, Cys, Tyr, N-terminus, and C-terminus.
Furthermore, two pI models were trained and integrated into the pKALM architecture. The pI mod-
els are of particular importance for the prediction of pK a, with the protein pI model being especially
crucial in this regard. The performance of pKALM was evaluated on the PKAD-2 dataset, and it was
compared with existing methods. The results demonstrate that pKALM outperforms existing meth-
ods in terms of root mean square error (RMSE) and mean absolute error (MAE). Furthermore, the
performance of pKALM was evaluated on data sets with significantly shifted pK a values, exposed
and buried residues, and the human proteome. Since the current version of pKALM is designed for
single-chain inputs, the development of the multi-chain adaptable version is currently underway.
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Experimental Section

Data processing for constructing the training and test data sets

Firstly, we selected all pK a values in the PKAD-2 dataset for Asp, Cys, Glu, His, Lys, Tyr, C-
terminus, andN-terminus residues, including bothwild-type andmutant proteins. Protein structures
were obtained from the PDBj website https://pdbj.org/ using the following command:

1 rsync -rlpt -v -z --delete \

2 ftp.pdbj.org::ftp\_data/structures/divided/pdb/ ./wwpdb

(up to 7/2/2024). All structures collectedwere then fixed using the PDBFixer tool under the openMM
platform.

Secondly, we verified that the residues recorded in the PKAD-2 datasetmatched the PDB structures
(residue ID, residue name, and chain ID).We checked formissing residues in their structures, marking
unknown residues with an “X” symbol. Sequences were extracted based on tHis analysis, rather than
directly from the “pdbres” field in the PDB files.

Next, we removed redundancy with the following command:

1 ./cdhit/psi-cd-hit/psi-cd-hit.pl -i $in_path -o $db30 \

2 -c 0.3 -ce 1e-6 -G 0 -g 1 -para 8 -blp 4

and retained only the representative sequences in each cluster for subsequent analysis. The clustered
dataset was then split into training, validation, and test sets with a ratio of 4:1:2 using the following
Python code:

1 test_dfs, val_dfs, train_dfs = [], [], []

2 for res in df['Res Name'].unique():

3 res_df = df[df['Res Name'] == res]

4 # res_df is the dataframe of the residue data for each residues

5 test_dfs.append(res_df[0::7])

6 test_dfs.append(res_df[1::7])

7

8 val_dfs.append(res_df[2::7])

9
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10 train_dfs.append(res_df[3::7])

11 train_dfs.append(res_df[4::7])

12 train_dfs.append(res_df[5::7])

13 train_dfs.append(res_df[6::7])

14 test_df = pd.concat(test_dfs)

15 val_df = pd.concat(val_dfs)

16 train_df = pd.concat(train_dfs)
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Figure 3.10: The distribution of the pKa values in the training and test data sets
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Figure 3.11: (a) The distribution of the sequence lengths of IPC2 peptide data set. (b) The distribution of the sequence
lengths of IPC2 protein data set. (c) The distribution of the isoelectric points of IPC2 peptide data set. (d) The distribution
of the isoelectric points of IPC2 protein data set.
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Figure 3.12: Heatmap of validated RMSE of peptide isoelectric point prediction with different hyperparameters

Figure 3.13: Heatmap of validated RMSE of protein isoelectric point prediction with different hyperparameters
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Figure 3.14: Performance of different protein language models on different pKa shift ranges: (a) 0‐0.5, (b) 0.5‐1.0, (c) 1.0‐
1.5, (d) 1.5‐2.0, and (e)> 2.0
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Figure 3.15: Distribution of predicted pKa values in the human proteome for different residues
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Figure 3.16: The attention maps of from the last layer of ESM2_35M model for AhpC protein (head 1‐10)
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Figure 3.17: The attention maps of the last layer of ESM2_35M model for AhpC protein (head 11‐20)
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Table 3.6: The information of protein language model used in this study

Model Abbr. # layers # params Dim. Data set
esm1b_t33_650M_UR50S ESM1B_650M 33 650M 1280 UR50/S
esm2_t6_8M_UR50D ESM2_8M 6 8M 320 UR50/D
esm2_t12_35M_UR50D ESM2_35M 12 35M 480 UR50/D
esm2_t30_150M_UR50D ESM2_150M 30 150M 640 UR50/D
esm2_t33_650M_UR50D ESM2_650M 33 650M 1280 UR50/D
esm2_t36_3B_UR50D ESM2_3B 36 3B 2560 UR50/D
esm2_t48_15B_UR50D ESM2_15B 48 15B 5120 UR50/D
prot_t5_xl_bfd PT_BFD 24 ∼3B 1024 BFD
prot_t5_xl_uniref50 PT_UR 24 ∼3B 1024 UR50

Table 3.7: The standard pKa for different residues

Residue Standard pK a

Arg 12.5
Glu 4.5
Lys 10.5
Cys 9.0
His 6.5
Asp 3.8
Tyr 10.0

C-ter. 3.2
N-ter. 8.0

Table 3.8: The tuned hyperparameters for the pKALM model and pI models

Model Hidden state dimension Number of layers
pKALM [64, 128, 256, 512] [1, 2, 3, 4]

peptide pI model [16, 32, 64, 128] [1, 2, 3, 4, 5]
protein pI model [32, 64, 128, 256] [1, 2, 3, 4, 5]
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Table 3.9: The comparison of test RMSE of different models for different residues.

Method Asp Glu His Lys Cys Tyr C-ter. N-ter.
PypKa 1.2130 0.8499 1.3601 1.1436 3.3835 1.1068 0.7496 1.2390
PropKa 1.3966 0.9574 1.1254 1.0058 5.2693 0.9896 / /
PKAI 1.2659 0.9040 1.3081 1.0515 5.1371 1.2156 / /
PKAI+ 1.1244 0.6662 1.0809 1.0347 4.2194 1.0679 / /
DeepKa 1.1292 0.7014 1.1848 0.9522 / / / /
pKALM 0.6929 0.6641 1.0468 0.7701 2.0984 0.6479 0.8038 0.7419
−pipep 0.7066 0.6615 1.0565 0.7905 2.0854 0.6127 0.7765 0.7208
−piprot 0.7432 0.6580 1.0820 0.7959 1.8850 0.6891 0.8171 0.6382
−pp 0.7297 0.6317 1.0726 0.8030 1.8866 0.6697 0.8131 0.7100

* The rows “−pipep”, “−piprot”, and “−pp” indicate the performance of the pKALM
models without peptide pI models, without protein pI models, and without both models,

respectively.

Table 3.10: The comparison of test MAE of different models for different residues.

Method Asp Glu His Lys Cys Tyr C-ter. N-ter.
PypKa 0.7755 0.6515 0.9030 0.9354 3.3827 0.9904 0.6542 0.9180
PropKa 0.8863 0.7265 0.8865 0.8193 4.9575 0.6833 / /
PKAI 0.7545 0.6350 0.9365 0.8015 4.8325 1.1533 / /
PKAI+ 0.6511 0.4902 0.7665 0.7980 3.8975 0.8983 / /
DeepKa 0.7530 0.5306 0.7924 0.6039 / / / /
pKALM 0.4730 0.4702 0.7133 0.5625 1.7706 0.4415 0.6783 0.5745
−pipep 0.4957 0.4543 0.7432 0.5812 1.7462 0.4020 0.6404 0.6266
−piprot 0.5219 0.4595 0.7391 0.5578 1.5620 0.4589 0.6508 0.5278
−pp 0.5054 0.4486 0.7550 0.5868 1.5867 0.4319 0.6564 0.6150

* The rows “−pipep”, “−piprot”, and “−pp” indicate the performance of the pKALM
models without peptide pI models, without protein pI models, and without both models,

respectively.
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Table 3.11: The comparison of test RMSE of different models for different shift ranges, buried/exposed, and major/total
residues.

Method 0-0.5 0.5-1.0 1.0-1.5 1.5-2.0 2.0- Buried Exposed Abundant Total
PypKa 0.6048 0.7703 1.4103 1.6671 4.2418 1.6453 0.8032 1.1340 1.1936
PropKa 0.6167 0.6986 1.4145 1.4181 1.6909 2.1226 0.9337 1.1617 1.4507
PKAI 0.6015 0.8084 1.7266 2.0137 4.4972 2.1368 0.7266 1.1345 1.4168
PKAI+ 0.3953 0.6834 1.4651 1.8030 4.0603 1.7972 0.5862 0.9631 1.1868
DeepKa 0.4699 0.7924 1.3643 1.1713 2.5462 1.3534 0.7036 0.9959 0.9959
pKALM 0.3928 0.7156 0.9439 1.5716 1.9515 1.1580 0.6281 0.7740 0.8321
−pipep 0.3748 0.6980 0.9424 1.8229 1.8591 1.1682 0.6215 0.7822 0.8355
−piprot 0.3613 0.6866 0.9352 1.6556 2.0967 1.1722 0.6165 0.7995 0.8392
−pp 0.4017 0.6496 0.9549 1.6373 2.0386 1.1434 0.6295 0.7860 0.8288

* The rows “−pipep”, “−piprot”, and “−pp” indicate the performance of the pKALM
models without peptide pI models, without protein pI models, and without both models,

respectively.

Table 3.12: The comparison of test MAE of different models for different shift ranges, buried/exposed, and major/total
residues.

Method 0-0.5 0.5-1.0 1.0-1.5 1.5-2.0 2.0- Buried Exposed Abundant Total
PypKa 0.4719 0.7045 1.2493 1.5622 4.0462 1.2108 0.6134 0.7792 0.8294
PropKa 0.4365 0.6038 1.2937 1.2925 1.6650 1.3886 0.6928 0.8243 0.9388
PKAI 0.4549 0.6585 1.5575 1.7850 4.2850 1.4359 0.5501 0.7515 0.8844
PKAI+ 0.3077 0.6015 1.3913 1.7550 3.9950 1.2387 0.4277 0.6322 0.7347
DeepKa 0.3607 0.6545 1.2728 1.0341 2.4758 0.8363 0.5223 0.6682 0.6682
pKALM 0.2726 0.5821 0.8367 1.5696 1.8849 0.8126 0.4551 0.5291 0.5644
−pipep 0.2474 0.5660 0.8045 1.8224 1.7903 0.8278 0.4553 0.5388 0.5708
−piprot 0.2465 0.5587 0.7818 1.6538 2.0343 0.8412 0.4472 0.5459 0.5722
−pp 0.2678 0.5370 0.8132 1.6209 1.9923 0.8074 0.4671 0.5429 0.5716

* The rows “−pipep”, “−piprot”, and “−pp” indicate the performance of the pKALM
models without peptide pI models, without protein pI models, and without both models,

respectively.
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4
Metal-binding protein identification using

protein language model and deep
representations

4.1 Introduction

Metalloproteins play a central role in various biological processes such as structure stabilization, cataly-
sis, electron transfer and signal transduction (Figure 4.1). Metalloproteins account for about one-third
of the protein structures deposited in the ProteinData Bank (PDB) [1], with enormously diverse func-
tions. The lack of metal ions can lead to critical human diseases. For example, zinc-binding proteins
for the immune response would lose their functions if zinc deficiency occurs during aging.
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Figure 4.1: Metalloproteins are proteins that contain metal ions. They play a central role in various biological processes
such as structure stabilization, catalysis, electron transfer and signal transduction. Metalloproteins account for about one‐
third of the protein structures deposited in the Protein Data Bank (PDB) including different types of metal ions such as
Zn2+, Ca2+, Mg2+, Mn2+, Fe3+, Cu2+, and Co2+.

Metalloproteins are also important in industrial applications. Metalloenzymes use protein as a scaf-
fold, incorporating metal ions to catalyze reactions with desired stereo-selectivity and efficiency. The
binding of metal ions to proteins can be promiscuous, inhibiting one another. If ions compete with
essential metal ions, this can lead to toxicity in cells. Calcium-binding proteins can also be used as
sensors to detect the concentration of calcium ions in the environment [2, 3], and uranium-binding
proteins can be used to depollute uranium-contaminated water [4]. His-tagged proteins are widely
used in protein purification and detection by exploiting the high affinity binding of histidine to Ni2+

ions [5], where the six histidine residues are often located in theN-terminus and/or C-terminus of the
protein. The phylogeny of metalloproteins may reflect changes in metal abundances on Earth over
geological time scales [6].

As simple metal ion binding sites can be relatively easily implemented on the surface of proteins
through the coordination of specific amino acids (i.e. the nitrogen atoms of histidine side chains, the
sulfur atoms of cysteine side chains), the identification of metal binding sites inside proteins is more
difficult, especially for deeply buried regions. Metal ions are often added to the buffer solution to
stabilize the structure of proteins inX-ray crystallography, which canbemisidentified asmetal binding
sites.

Traditionalmolecular dynamics (MD) simulations are usually difficult to usewith transitionmetals
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due to the lack of accurate force field parameters. While QM/MM simulations are computationally
expensive and time consuming, it is important to accurately and efficiently identify themetal-binding
site in proteins for both biological and experimental purposes [7].

A number of tools have been developed to predict metal-binding proteins [8, 9, 10, 11, 12]. Non-
deep learning methods often use templates of homologous proteins with known metal-binding sites
to predict the binding sites of the query protein (Figure 4.2). Deep learning-based methods can be
divided into sequence-based and structure-based methods (Figure 4.3). Their input is usually the se-
quence and/or structure of the protein. Structure-basedmethods use the three-dimensional structure
of proteins and attempt to identify the metal-binding sites from the geometric and physicochemical
properties, while sequence-basedmethods rely on sequence pattern recognition. The structure-based
methods often provide geometric predictions, such as the positions of metal ions in the protein, while
the sequence-based methods are more likely to predict the binding residues alone. In addition, the
sparsity of sequence patterns restrict the accuracy of sequence-based methods, as they often miss the
actual binding sites while the structure-basedmethods often overestimate the number of binding sites
due to the plausible geometric positions of the metal ions.

Figure 4.2: Motif‐ and template‐based prediction search for homologous proteins with known metal‐binding sites. The
sequence of the query protein is aligned to the template, and the metal‐binding sites are predicted based on the alignment.
The template‐based method is limited by the availability of homologous proteins with known metal‐binding sites.
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Figure 4.3: Deep learning‐based metal binding prediction methods are either sequence‐based or structure‐based.
Sequence‐based methods use the sequence of the protein to predict the metal‐binding residues. Structure‐based meth‐
ods use the three‐dimensional structure of the protein to predict the metal‐binding sites. They have their own advantages
and disadvantages. Sequence‐based methods are computationally efficient but often miss the actual binding sites, while
structure‐based methods are computationally expensive and often overestimate the number of binding sites.

In this study, we present a two-step framework that combines sequence and structural informa-
tion to predict protein metal-binding sites. The framework uses the protein structure as input, from
which sequence information is derived, and outputs the predicted metal-binding positions. It oper-
ates as follows: (1) a sequence-based predictor, built on a protein language model, identifies binding
residues; (2) a structure-based predictor, using a pre-trained three-dimensional residual network [13],
determines the geometry of the binding sites. The first step is designed to reduce the number of false
positives (residues predicted as binding sites but are not) in a computationally efficientmanner, which
is a disadvantage of many existing structure-based methods. The second step is designed to refine the
results from the first step, further reducing thenumber ofmissedbinding sites. Testing reveals that our
method significantly outperforms current approaches, particularly in F1 score and root mean square
error (RMSE). PRIME is implemented in a metal-wise manner, and the current version supports the
most common ions such as Zn2+, Ca2+, Mg2+, Mn2+, Fe3+, Cu2+, and Co2+.
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Figure 4.4: This work proposed a two‐step framework combining sequence and structural information to predict protein
metal‐binding sites.

4.2 Results

4.2.1 PRIME

PRIME (PRobe-based Identification of MEtal binding sites of proteins using deep representations)
is proposed as shown in Figure 4.5. It takes the coordinates and element type of the atoms (i.e.,
C/N/O/S) as input and outputs the predicted positions of themetal binding sites. First, the sequence
is extracted from the structure for each chain of the protein. Missing residues are ignored and non-
standard residues are replacedby the ‘X’ symbol. Aprotein languagemodel (ESM2_t33_650M_UR50D)
is used to encode the chains into high-dimensional representations. A bidirectional gated recurrent
unit (BiGRU) network is used to extract the sequence features and predict the binding residues. Pos-
sible binding positions, called “probes” in this work, are generated by scanning the space around bind-
ing residues on the three-dimensional protein structures. The structures centered on the probeswith a
side length of 10Å are sliced and fed into a three-dimensional residual network (ResNet3D) to encode
the structure features, which are then fed into two fully connected (FC) layers to predict 1) whether
the probe is a binding site or not. If so, 2) the predicted positional offset is used to refine the position
of the probe to obtain the final prediction. The probes are then clustered to remove the overlapping
probes. The final prediction is the one with the highest probability in each cluster.
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Figure 4.5: The sequence model of PRIME predicts the potentially binding residues of the input sequences. The structure
model of PRIME takes the structures around the probes as input and predicts whether the probe is a binding site or not. If
it is, the predicted position offset is used to refine the position of the probe to obtain the predicted positions of the metal
ions.

Here we show an example of the prediction of PRIME in Figure 4.6. The predicted positions
match the actual binding sites of the protein. The predicted positions are shown in red and the actual
positions are shown in blue. The results suggest that PRIME can accurately predict themetal-binding
sites of proteins.
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Figure 4.6: The first example of PRIME. The prediction match the actual binding sites of the protein. The predicted
positions are shown in red and the actual positions are shown in blue.

4.2.2 Comparison to Metal3D

We compare the performance of PRIME with the state of the art Metal3D [7] on the test set. The
results are shown in the table 4.1. PRIMEoutperformsMetal3D in terms of area under the receiver op-
erating characteristic curve (AUC), F1 score, Matthews correlation coefficient (MCC) and root mean
square error (RMSE) for all ion types. The results suggest that PRIME is more accurate and robust
than Metal3D in predicting protein metal binding sites. Note that for some proteins, zinc ions are in-
troduced in their structures as a tool for crystallization, which are not the real binding sites in biological
functions and are not considered in the evaluation.

Table 4.1: Comparison of PRIME and Metal3D on the Zn2+ test set. Note that we choose 3Å as the threshold to check if
the prediction is correct or not.

TP FP FN Pre Rec F1 RMSE Running time (s)
PRIME 167 12 26 0.9330 0.8653 0.8978 0.3393 19.93

Metal3D 174 117 11 0.5979 0.9405 0.7311 0.4677 78.51

PRIMEpredicts more accurately thanMetal3D in terms of F1 score andRMSE.Metal3D, as a deep
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learningmethod based on structures alone, predicts toomany false positives (117 vs 12) but only similar
true positives (174 vs 167) compared to PRIME. For instance, the prediction of protein (PDB ID: 1tlj)
show that PRIME predicts the actual binding sites of the protein while Metal3D predicts too many
false positives (Figure 4.7). Metal3D scans all residues in the protein structure with a structure-based
model, which limits its efficiency. The results suggest that sequence information is important for pre-
dicting protein metal-binding sites because PRIME can effectively use the evolutionary information
of the proteins encoded in the sequences, which is also very important for reducing the number of
false positives.

Figure 4.7: The second example of PRIME. The prediction match the actual binding sites of the protein while Metal3D
predicts too many false positives. The predicted positions are shown in red and the actual positions are shown in blue.

4.3 Method

4.3.1 Dataset

We constructed a dataset based on the RCSB protein database [1] (downloaded 22 October 2024) and
BioLip2 [14] (released 28 September 2024). All chains annotated by BioLip2 are clustered at 30%
identity bymmseq2 [15] and the chainswithmore than 2048 residues are removed. Any two structures
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have no chains with more than 30% sequence identity in the cleaned dataset. Only the single atom
ligand is considered. We have removed all atoms in the PDB structure except carbon, nitrogen, oxygen
and sulfur in the amino acid residues. If there were multiple models in the PDB structures, we took
the first one. To train the sequence-based predictor, we used all chains regardless of ion type. The
structure-based predictor was trained usingmetal ions of Zn2+, Ca2+, Mg2+, Mn2+, Fe3+, Cu2+, and
Co2+. The statistics of the data sets are shown in Figure [xxx]. The data set contains 6,694 chains,
randomly divided into 6,000/294/400 for training, validation and testing.

For pre-training, only high-resolution (less than 2.0 Å) crystallized structures from the RCSB pro-
teindatabase are used. They are clusteredwith the same setting as above. 1,000 structures are randomly
selected for validation and others for training.

4.3.2 Masked structure modeling

We used a masked reconstruction method to pre-train models, which has been used successfully in
various applications. The model takes the input of the surrounding atoms and predicts the masked
residues.

Weuse a three-dimensional residuenetwork (ResNet3D) as the backbone for structure pre-training.
Although recent advances in equivariance modeling (i.e. equivariant neural networks) are promising,
the huge computational cost hinders their applications and currently only residue-level equivariant
neural networks are available. Instead, we used ResNet3D because they are already widely used and
very successful in protein structure prediction.

4.3.3 Model training

We have implemented the model using PyTorch 2.3.1. High-dimensional representations are extracted
fromESM2models using the transformerspackage and fine-tunedwith additional bidirectionalLSTM
layers and fully connected layers. Three-dimensional ResNet is used as the backbone for structure pre-
training and fine-tuning onmetalloproteins. A workstation with an AMDRyzen 9 7950X3D 16-core
processor, an NVIDIA 4090 GPU and a 3090Ti GPU is used for training, and a single 4090 GPU is
used for inference. We used cross-entropy loss for classification tasks and smooth L1 loss [16] for re-
gression tasks, respectively. The model was trained using the AdamW optimizer [17] with a learning
rate of 10−4 and a batch size of 32.
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4.3.4 Binding residue scanning

We used a sequence-based predictor to efficiently and accurately detect the possible binding residues.
To obtain high recall scores, we set the threshold to 0.05 after training. Scanning is performed on each
chain of the protein structure except the nucleotide acid chains. If the scanned binding residues are
less than a certain number with respect to the chain length, we sort the residues by probability and
select the top ones on the chain; if the number is more than 100, we select on the top 100 residues. We
analyze the number of binding residues with respect to chain length in the training and validation sets
(Figure 4.8). We found that the maximum number of binding residues is positively correlated with
chain length and should be fit by a power function. We fit the power function y = axc + b with
unknown parameters a, c and b using the L-BFGS-B algorithm in the scipy.optimize.minimize
function.

Figure4.8: Relationship betweenmaximumnumber of binding residues and chain length. Themaximumnumber of binding
residues is positively correlated with the chain length. We use a power function to fit the data (red curve): y = 1.84 ∗ x ∗
∗0.621 + 0.0627.

4.3.5 Probe generation

Theprobes are generated by detecting the surrounding position at 0.5 intervals of the nitrogen, oxygen
and sulfur atoms of the binding residues. The detection is based on distance. We first compute the
statistics of the distances of the pairs of ions and N/O/S atoms (Figure 4.9). At present we do not
consider carbon bonds because they are two weak ones. For each pair we calculate the mean distance
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μ and the standard deviation δ. The lower and upper bounds of the distance for probe generation are
set to μ− 3δ and μ+ 3δ respectively. Note that for the pairs with less than 10 samples, or less than 1%
in the same ion type, we ignore the statistics here and do not show them in the figure 4.9. The lower
and upper bounds are set to 1.5 Å and 3.0 Å respectively. We also remove the probes that are less than
1.0 Å away from any atoms in the protein structure.

After generation, we cluster the probes with their possible coordinating atoms. For each cluster, we
keep only the probes with theminimumdistance to all other probes, instead of their geometric center.
This is because the probes in a group often lie on the low-dimensional manifold. For example, the
probes coordinating to two oxygen atoms of the same carboxyl group are often on the same plane and
their geometric center would be very close to the carboxyl group, which is not the real binding site. We
collect the probes with the highest coordination number and the highest probability of group, and if
any probes are less than 1.5 Å away from previously collected probes, we remove them. In practice, we
have observed that a protein of medium size would have about 200 probes after this step and the false
negative rate is less than 0.6% for Zn2+ ion, which is acceptable.

Figure 4.9: Statistics of the distances of ion pairs and N/O/S atoms. The distances are calculated from the van der Waals
radii of the atoms. For example, the van der Waals radius of the nitrogen atom is r1 = 1.55 and the van der Waals radius
of the Zn2+ ion is r2 = 0.74, the maximum pair distance is r1 + r2 + 0.5 = 2.79.

4.3.6 Data augmentation

Three-dimensional CNNs are not rotation-equivalent and are sensitive to the orientation of the input
coordinates. Given the small scale of metalloproteins, we used data augmentation to improve the
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robustness and generalization of the model. We randomly rotated the coordinates of the atoms in the
protein structure by uniformly sampling the Euler angles. Our ablation experiments showed that data
augmentation significantly improved the performance of the model.

4.3.7 Ablation study of pre-training

We perform an ablation analysis for the influence of pre-training (Figure 4.10). We observe that on the
test set, the root mean square error (RMSE) of the model pre-trained on the masked reconstruction
task is significantly better than the model without pre-training for all ion types. For the majority of
ion types, other metrics are similar or better than the model without pre-training. This suggests that
the necessary pre-training on the masked reconstruction task is beneficial for the model to learn the
structural features of metalloproteins.

Figure 4.10: Ablation study of structure pre‐training. The model pre‐trained on the masked reconstruction task (blue)
outperforms the model without pre‐training (orange) on the test set in terms of AUC, F1, MCC and RMSE.

4.3.8 Clustering of probes

We used hierarchical clustering methods scipy.cluster.hierarchy.fclusterdata(X, t, crite-
rion=’distance’) to cluster the probes. The distance criterion t is set to 1.5 Å. In each groupwe keep
only the probes with the highest probability.

113



4.3.9 Evaluation metrics

To comprehensively assess the efficacy of our approach, we employed the following metrics:





ACC = TP+TN
TP+TN+FP+FN

SP = TN
TN+FP

SN(i.e.,Rec) = TP
TP+FN

Pre = TP
TP+FP

F1 = 2·Pre·Rec
Pre+Rec

MCC = TP·TN−FP·FN√
(TP+FP)(TP+FN)(TN+FP)(TN+FN)

AUC = area under the receiver operating characteristic curve

TP, FP, FN, and TN represent the true positive, false positive, false negative, and true negative, respec-
tively. Here, the term “true” signifies the prediction that aligns with the actual outcomes, while “pos-
itive” denotes disordered states and vice versa. The Matthew’s correlation coefficient (MCC) ranges
between −1 and 1. A value of −1 indicates complete disagreement between the predictor and the actual
results, while a value of 1 signifies a perfect predictor. A value of 0 corresponds to the performance of
a random prediction. The F1 score lies between 0 and 1. A value of 0 signifies complete disagreement
between the predictor and the actual results, while a value of 1 represents a perfect prediction. A value
of 0.5 corresponds to the performance of a random prediction. Other measures also fall within the
value of 0 and 1.

4.3.10 Code availability

The corresponding reproducible source code is publicly available at https://github.com/xu-shi-jie/PRIME.
A web server for PRIME is available at https://onodalab.ees.hokudai.ac.jp/prime.

4.4 Conclusion

In this work, we proposed a two-step approach that uses both sequence and structural information
to predict the metal-binding sites of proteins. The developedmethod, named PRIME, can accurately
predict the Zn2+ binding sites at high speed. Existingmethods, which only use sequence or structural
information, suffer from false positives and/or false negatives. Our novel methods can overcome such
difficulties and significantly improve the prediction accuracy compared to the existing best methods.
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We expect that this tool could be a valuable resource for the research community to study the metallo-
proteins.
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5
Improved evolutionary rates estimation

using Bayesian optimization and
parameterized sorting indices

5.1 Introduction

Phylogenetics is a powerful framework for reconstructing the evolutionary history of organisms by
analyzing their genetic sequences (Figure 5.1). Over the past decades, several methods have been devel-
oped to construct phylogenetic trees, including neighbor joining [1], maximum-likelihood (ML) [2],
Bayesian inference (BI) [3], and graph splitting [4]. Among these, ML and BI are widely recognized
as themost accurate approaches. Theymodel evolutionary processes as continuous-timeMarkov pro-
cesses, using specific substitutionmodels to account for sequence changes over time [5]. The advent of
high-throughput sequencing technologies has dramatically increased the size and complexity of phy-
logenetic datasets, leading to the emergence of phylogenomics—phylogenetic analysis on a genomic
scale. To improve phylogenetic accuracy, researchers often select DNA sequences frommultiple genes
and concatenate them into a supermatrix [6]. It has been suggested that including more sites in such
analyses enhances the reliability of inferred phylogenies [7]. However, this approach introduces chal-
lenges, particularly due to site heterogeneity in genomic data. Site heterogeneity arises from varying
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evolutionary rates among different genomic regions. For instance, the third codon position of protein-
coding genes evolves faster than the first and second positions due to reduced selective pressure [8].
Similarly, heterogeneity in amino acid compositionmay result from differences in the secondary struc-
tures of proteins [9]. These variationsmake it difficult for a single homogeneousmodel to adequately
capture the evolutionary dynamics within genomic data. Consequently, the potential accuracy gains
achieved by integrating evolutionary signals from multiple genes are limited [10].

Figure 5.1: Phylogenetics uses genetic sequences and mathematical models to infer the evolutionary relationships among
organisms. Partitioned models divide sites into disjoint subsets, each assigned a distinct model that may vary in substi‐
tution rates, base frequencies, and branch lengths. These models enhance the accuracy of phylogenetic inference by
accounting for site heterogeneity.

Partitioned models have been introduced to account for site heterogeneity and enhance the accu-
racy of phylogenetic inference. These models work by dividing sites into several disjoint subsets, each
assigned a distinct model that may vary in substitution rates, base frequencies, and branch lengths
[11]. Their significance has been established in phylogenomic analyses [6], as partitioned models in-
fluence key aspects such as tree topology, branch lengths, bootstrap support, and divergence times
[12, 13, 14, 15, 16, 17]. The number of partitions is a critical factor affecting the accuracy of partitioned
models. Generally, increasing the number of partitions allows for a better fit to the data by incorpo-
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rating more evolutionary models. However, this also raises the risk of overfitting, which can distort
subsequent analyses [18]. Striking a balance betweenmodel fit and complexity is essential. To achieve
this balance, information criteria such as the Akaike Information Criterion (AIC) [19], the corrected
AIC (AICc) [20], and the Bayesian Information Criterion (BIC) [21] are frequently used as optimiza-
tion objectives in partitioned models.

There remain critical problems in partitioning sites efficiently and properly. Firstly, the number of
all possible partitioning of an n-sites alignment is the Bell number Bn satisfying the recursive defini-
tion Bn+1 =

∑n
k=0

(n
k
)
Bk, which increases faster than an exponential function as n increases. Conse-

quently, exhaustive brute-force searches for all possible partitioning schemes become infeasible even
for alignments with relatively few sites [22].

Another challenge ariseswith partitioningmethods that rely on prior knowledge, such as codonpo-
sitions or protein secondary structures. These approaches, while intuitive, do not ensure correct site
partitioning and have undergone improvements over time [12, 23, 24, 25]. Typically, suchmethods rely
on a predefined set of partitioning candidates, requiring expert judgment and potentially introducing
bias. To address these limitations, automatic partitioning methods have been developed to explore
the entire partitioning space using heuristic algorithms. For instance, one study proposed a top-down
greedy approach where a single initial partition is progressively divided into smaller partitions based
on k-means clustering [26] of site rates estimated from reconstructed phylogenetic trees [18]. Alter-
natively, another method [27] adopts a bottom-up strategy, recursively merging the most similar site
pairs. Despite their promising performance, these automatic methods face notable drawbacks. First,
they depend on estimated site rates derived from reconstructed phylogenetic trees, which are computa-
tionally intensive to generate andmay be inaccurate. Second, their reliance on greedy algorithms risks
convergence to local optima. These limitations restrict the applicability of thesemethods, particularly
for large-scale genomic datasets.

TIGER(Tree IndependentGenerationofEvolutionaryRates)was recently introduced as amethod
to estimate evolutionary rates at individual sites without relying on phylogenetic trees [28]. The pri-
mary aim of its development was to exclude rapidly evolving sites that can compromise the accurate
reconstruction of phylogenies. Partitionedmodels based onTIGERhave proven successful across nu-
merous phylogenetic investigations [29, 30, 31, 32, 33, 34, 35, 36, 37]. To enhance TIGER, Rota et al.
proposed incorporating a user-defined “division factor” [38], while Kim et al. introduced a recursive
trisection approach to automate the selection of optimal partition numbers [17]. These advancements
address some of the challenges associated with automatic partitioning in genomic datasets. Nonethe-
less, existing TIGER-based approaches still fall short in achieving optimal accuracy, underscoring the
need for more accurate and efficient partitioning algorithms.
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In this study, we present a novel approach for site partitioning, named PsiPartition, which leverages
Parameterized Sorting Indices (PSI) and Bayesian optimization. Initially, we introduce PSI as an im-
proved alternative to the TIGERmethod. Subsequently, Bayesian optimization is employed to refine
PSI and determine the optimal number of partitions. Our empirical analyses demonstrate that Psi-
Partition significantly outperforms existingmethods, achieving superior results based on the Bayesian
Information Criterion (BIC) and the corrected Akaike Information Criterion (AICc). Moreover, on
simulated data sets, PsiPartition reconstructs phylogenetic treeswith the highest accuracy, asmeasured
by the Robinson-Foulds distance. Notably, this method establishes a versatile Bayesian optimization-
based framework for efficiently identifying the optimal number of partitions, offering potential for
seamless adaptation to other partitioning strategies.

5.2 Method

5.2.1 Data sets

For phylogenetic inference benchmarking, we employ eight empirical DNA data sets from the re-
ported work [39, 32, 16, 40, 41, 42, 43, 33]. Their statistics are listed in Table 5.1. These data sets are
also employed as the benchmark data sets in previous studies [17, 38]. Alignments in the data sets have
a range of base pair lengths from 4435 to 6372 and the number of taxa from 31 to 164. Each sequence
in the alignments is the concatenated sequences from the mitochondrial gene (COI) and other four
to seven nuclear genes commonly employed for lepidopteran phylogenetics, including CAD, EF-1 α,
GAPDH, IDH, MDH, RpS5, and wingless [44].

Table 5.1: The empirical DNA data sets for benchmarking.

Name No. of taxa No. of loci No. of sites
Arctiina [39] 113 8 5809
Calisto [32] 90 6 5297
Choreutidae [16] 41 8 6293
Coenonymphina [40] 69 5 4435
Geometridae [41] 164 8 5998
Morpho [42] 31 8 6372
Noctuidae [43] 78 8 6365
Pieridae [33] 110 8 6247

Six empirical protein data sets from the reported work [45] are also employed for benchmarking
on the protein data. Their statistics are listed in Table 5.2. Alignments in the data sets have a range
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of amino acid lengths from 385 to 811 and the number of taxa from 17 to 31. Each alignment in the
data sets includes the sequences of heat shock proteins Hsp83, Hsc70-3, Hsc70-4, Hsc70-5, Hsp60,
andHsp40. These proteins are the primarymolecular chaperones protecting against thermal damage.
Note that they are relatively small proteins and the number of sites is smaller compared to the DNA
data sets.

Table 5.2: The empirical protein data sets for benchmarking.

Name No. of taxa No. of sites
Nguyen_2016a 17 688
Nguyen_2016b 31 680
Nguyen_2016c 25 811
Nguyen_2016d 17 704
Nguyen_2016e 17 385
Nguyen_2016f 17 583

5.2.2 Parameterized Sorting Indices (PSI)

We introduce the proposed Parameterized Sorting Indices (PSI) by reviewing the Tree-Independent
Generation of Evolutionary Rates (TIGER) [28]. In the original paper of TIGER, the evolutionary
rates of site i are estimated as

ri =
1

n− 1
∑

j$=i
pa(i, j) (5.1)

where n is the number of sites and

pa(i, j) = 1
|Pj|

∑

x∈Pj

a(x,Pi) (5.2)

is the agreement score. Here the function a(x,Pi) is defined as a(x,Pi) = 1 if x ⊂ A and A ∈
Pi, and otherwise 0. The set Pi is the set partition of the site i, whose elements are disjoint subsets
of {1, 2, ...,m} where m is the number of taxa. For each subset A ∈ Pi, the character of the l-th
sequence at site i has the same type for all l ∈ A. For example, consider two sites Si = CTTAA
and Sj = AGGGG with the set partition Pi = {{1}, {2, 3}, {4, 5}} and Pj = {{1}, {2, 3, 4, 5}},
respectively. We have pa(A,B) = 0.5 because out of two subsets {1} and {2, 3, 4, 5} ∈ Pj, only
{1} ⊂ {1} ∈ Pi. pa(B,A) = 1 because for all subsets {1}, {2, 3}, {4, 5} ∈ Pi, we have {1} ⊂ {1} ∈
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Pj, {2, 3} ⊂ {2, 3, 4, 5} ∈ Pj, and {4, 5} ⊂ {2, 3, 4, 5} ∈ Pj. The TIGER of site Si and Sj should be
ri = 3/3 = 1 and rj = 1/3, respectively.

PSI has two key innovations. Firstly, in the original TIGER, the function a(x,Pi) is defined as
binary values 1 or 0 for all characters x at site j, regardless of the characters’ types. However, characters
representing different base pairs or amino acids should have different properties and should be treated
differently. This is similar to the idea of base frequency parameters implemented inmost phylogenetic
inference tools [46, 47]. We therefore introduce a group of parametersw to represent these differences
among characters. For example, we adopt five parametersw = {wA,wC,wG,wT,wgap} for DNAdata
sets, where wA is the parameter for character A, wgap is the parameter for character gaps or missing
characters, and so on. We define aw(x,Pi) = wp(x) if x ⊂ A andA ∈ Pi and otherwise 0 where p(x)
is the corresponding character of subset x. Similarly, there should be 21 parameters for protein data
sets.

Secondly, instead of using Equation 5.1, we utilize a comparison between two sites to define PSI at
site i by following

PSIi = |{j|pa′(i, j) > pa′(j, i)}| (5.3)

where pa′(i, j) is the defined as following

pa′(i, j) = 1
|Pj|

∑

x∈Pj

aw(x,Pi). (5.4)

PSIi ranging from 0 to n− 1 represents the number of sites that site i agrees more than it is agreed by.
After calculating the PSI for all sites, we bin the sites into k partitions based on their PSIs. Denote

α = mini PSIi and β = maxi PSIi, then k partitions are defined as following

P1 = {i|PSIi ∈ [α,α+
β− α
k

)}

P2 = {i|PSIi ∈ [α+
β− α
k

,α+ 2β− α
k

)}

. . .

Pk = {i|PSIi ∈ [α+ (k− 1)β− α
k

, β]}

(5.5)

where k is the number of partitions. For example, if α = 0 and β = 10, then 3 partitions are P1 =

{i|PSIi ∈ [0, 10
3 )}, P2 = {i|PSIi ∈ [ 103 ,

20
3 )}, and P3 = {i|PSIi ∈ [ 203 , 10]}.

Note that the parameters w and the number of partitions k described in this section are not deter-
mined and will be optimized based on the input data.
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5.2.3 Bayesian optimization for PSI

It is important to decide the best number k of partitions in the partitioned models. When k equals
the number of sites, a single-site partitioning can fit the data very well. This may cause overfitting and
produce the reconstructed phylogeny different from the true one. When k = 1, the single partition
is not suitable for describing heterogeneity among the sites. Some existing methods employ greedy
algorithms to determine the number of partitions which is time-consuming for large data sets.

Bayesian optimization (BO), a black-box method, has been widely used in many fields for parame-
ter tuning and are also adopted in this study. It has a significant advantagewhen the objective function
is expensive to evaluate and the number of parameters is small. In our situation, the objective func-
tion is the information criterion (i.e., BIC) of the partitioned models, which is expensive to evaluate
because it requires full phylogenetic inference on the given data. The optimized parameters are the
number of partitions k and the introduced parametersw of PSI, which are few (i.e., 6 for DNA and 22
for proteins). BO utilizes a surrogate model such as the Gaussian process model [48] to approximate
the objective function. The parameters are estimated based on the acquisition functions such as ex-
pectation improvement and upper confidence bound. Then BO evaluates the objective function on
these parameters to obtain a new observation and updates the surrogate model with all observations.
This process repeats until the parameter converges or the maximum number of iterations is reached.

We propose PsiPartition algorithms based on BO, as shown in Algorithm 1. The input of the al-
gorithm is the alignment A, the maximum number of partitions kmax, and the maximum iterations
steps n. The output is the optimal partition P∗, the optimal parameters s∗ and the optimal objective
value o∗. The algorithm firstly initializes an empty set S and samples the number of partitions k1 from
{2, 3, ..., kmax} and the parametersw1 from [0, 1]t where t = 5 forDNAdata and t = 21 for amino acid
data. For each iteration i, it calculates the PSIψi of all sites with parameters wi and bins the sites into
ki partitions Pi = {pj}kij=1 based on ψi. It thus evaluates the phylogenetic software (e.g., IQ-TREE)
with the partitioning Pi to obtain the BIC bi. Each evaluation is recorded as an observation (Pi, si, bi)
where si = (wi, ki), and pushed into the set S. Then it updates the surrogate modelm with all obser-
vations (Pi, si, bi) ∈ S and determines the next parameters si+1 = (wi+1, ki+1) by the surrogate model
m with expected improvement. The iterations will be repeated for kmax times. Finally, the algorithm
returns the partitioning P∗, the parameters s∗, and the BIC o∗ that has the minimum BIC o∗ in S.

To indicate the necessity of BO,wedevelop a variant of PsiPartition, termedPsiPartitionFast, which
freezes all parameters wi as 1 in Algorithm 1. Compared to PsiPartition, it only optimizes the number
of partitions k. The search space can be reduced and the overall steps of optimization are also less than
PsiPartition. A detailed description is referred to the pseudocode in 2.
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Algorithm 1 PsiPartition
Require:

A: the alignment
kmax: the maximum number of partitions
n: the maximum iterations steps

Ensure:
P∗: the optimal partition
s∗: the optimal parameters
o∗: the optimal objective value

1: Uniformly sample k1 from 2, 3, ..., kmax
2: Uniformly sample w1 from [0, 1]t ! t = 5 for DNA, 21 for protein
3: Let S be an empty set
4: Initialize a surrogate modelm
5: for i = 1 to n do
6: Letψi be the PSI of all sites with parameters wi
7: Bin the sites ofA into ki partitions based onψi as Pi
8: Evaluate phylogenetic tool (e.g., IQ-TREE) with partitioning Pi and obtain BIC bi
9: si ← (ki,wi)
10: S← S ∪ {(Pi, si, bi)}
11: Updatemwith S
12: Determine the next parameters si+1 = (ki+1,wi+1) by the surrogate model m with

expected improvement
13: end for
14: return (P∗, s∗, o∗) ∈ S that has the minimum BIC o∗

125



Evaluation metrics

To evaluate the performance of different partitioning methods, we employ the Bayesian information
criterion (BIC) [21] and the corrected Akaike information criterion (AICc) [20]. The BIC and AICc
are defined as the following

BIC = −2 lnL+ k ln n

and
AICc = −2 lnL+ 2k+ 2k(k+ 1)

n− k− 1
where L is the likelihood of the model, k is the number of model parameters, and n is the number of
sites. BICandAICc arebothused to assess the goodness of partitionedmodels, whichwith the smallest
BIC or AICc are considered the best ones. The BIC is the default criterion for model selection in IQ-
TREE software [49]. We thus adopted it as the major evaluation metric and AICc as a reference. It is
worth noting that the partitioning of sites is usually considered as a priori. Therefore the parameters
w introduced in the aforementioned Bayesian optimization algorithm and the number of partition k
should not be included in the calculation of BIC and AICc.

The Robinson-Foulds (RF) distance [50] is adopted to evaluate the accuracy of the reconstructed
phylogenetic trees. Two branches sharing a common ancestor in a tree split a part of taxa into two
disjoint subsets (i.e., clades). Therefore they recursively imply a nested partitioning of the taxa. The
RF distance is defined as the summation of the number of partitions implied by one tree but not
by another one. It is a metric of the topological distance between two trees, and the smaller the RF
distance, themore similar the two trees. In our experiments, we compute theRF distance between the
true simulated trees and the reconstructed trees and compare them of different partitioning methods.

We utilize the transfer distance to compare the similarity between two partitions. Suppose X be
a set, and P = {C1,C2, ...,Cn} and P′ = {C′

1,C′
2, ...,C′

m} are two partitions of X. Without loss of
generality, we assume n = m because we can add empty subsets to the smaller one. We firstly define
the concordance as following

c(P,P′) = max
σ∈M

n∑

i=1
|Ci ∩ C′

σ(i)|

whereM is the set of all permutations of {1, 2, ..., n}. The transfer distance is defined as following

t(P,P′) = 1− c(P,P′)
|X| .

It is obvious to see that 0 ≤ t(P,P′) ≤ 1 and t(P,P′) = 0 if and only if P = P′. A smaller transfer
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distance means more similarity between two partitions. The proof of the properties of the transfer
distance is described in [51] with more details.

5.3 Results

PsiPartition is implementedwithin Python 3.12.1. To perform the Bayesian optimization, wandb pack-
age (version 0.16.1) [52] are also used [53]. It employed normalized Gaussian process model with
Matern kernel [54] and parameter α = 10−7. Expected improvement is utilized as the default acquisi-
tion function. The parameters kmax and n in Algorithm 1 are both set up to 30 by default unless men-
tioned. The partitioned models and their information criterion are evaluated by ModelFinder [49]
implemented in IQ-TREE [46] (version 1.6.12). UFBoot [55] in IQ-TREE is also enabled for ultrafast
bootstrap calculation of phylogenetic trees. The experiments are performed on a Linuxmachine with
an AMD Ryzen 9 7950X3D 16-core processor and 64 GB memory. Multiple threads feature of IQ-
TREE are adopted to accelerate the phylogenetic inference. Interactive Tree Of Life (ITOL) online
tools [56] are used to visualize the phylogenetic trees and the bootstrap support values of branches.

5.3.1 PsiPartition outperforms other partitioning methods on empirical
data sets

To evaluate the performance of our proposedmethods, PsiPartition and PsiPartitionFast, and existing
state-of-the-art methods, we applied them to eight empirical DNA data sets listed in Table 5.1. The
experimental results are shown in Fig 5.2. The comparedmethods include the default IQ-TREEusing
the single homogeneousmodel without partitioning (NP), RatePartitionwith parameter div_factor =
4 (RatePartition-4) and div_factor = 5 (RatePartition-5), and mPartition. We show the advantages of
partitioned models compared to NP by BIC decreases defined as the following

ΔBIC = BIC of partitioned models −

BIC of model without partitioning,

and ΔAICc is defined similarly.
On all data sets, our proposed methods PsiPartition and PsiPartitionFast significantly outperform

other partitionedmethods in terms of theΔBIC andΔAICc. Both of two significantly reduce the BIC
and AICc values of the partitioned models, as shown in 5.4. In addition, PsiPartition is better than
PsiPartitionFast, which suggests that the parametersw play a vital role for partitioning. On the data set
Calisto, PsiPartitionFast is slightly better than PsiPartition, which is probably caused by the relatively
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small size of the data set and the randomness in phylogenetic inference [57]. The results demonstrate
that our proposedmethods are more accurate than the default IQ-TREE and other existing partition-
ing methods, especially on the data sets with more sites and taxa.

We visualize the distribution of partitions in Fig 5.3. Considering the differences among data, the
number of partitions k determined by PsiPartition for different empirical DNA data sets are distinct,
ranging from 13 to 30. This suggests that our proposed methods are capable of searching for different
optimal partition schemes on different data sets. Furthermore, the number of sites that fall into each
partition are also plotted. Bin indices represent the binning of sites based on the PSI, i.e., the sites with
lower PSI will be assigned to the smaller bin indices, and vice versa. It is clear that the distribution of
the number of sites in each bin is quite imbalanced andmost of the sites are assigned to the first several
bins, while there are still a few sites assigned to the last several bins. This is similar to those in previous
study, suggesting that our methods properly partition the sites.

PsiPartition and PsiPartitionFast produce totally different partitioning compared to existing meth-
ods. The transfer distances between the partitions generated by our proposed methods and other
existing methods are shown in Fig 5.4. Here the X-axis and Y-axis represent the partitions generated
by differentmethods and blocks with smaller values and darker colorsmeanmore similarities between
the two partitions. The results demonstrate that the partitions generated by our proposed methods,
PsiPartition and PsiPartitionFast, have quite large transfer distance to the partitions generated by re-
maining methods. On some data sets such as Morpho and Coenonymphina, the partitions gener-
ated by PsiPartition and PsiPartitionFast are also considerable different from each other. Interestingly,
two existing methods, RatePartition-4 and RatePartition-5 generated quite similar partitions to each
other, because they utilized identical TIGERwith only different division factors. Our PsiPartition in-
stead optimized the PSI separately even on the same data set. These results suggest that our proposed
methods are capable of searching for different partition schemes effectively and potentially finding the
optimal ones.

Ourproposedmethods are also superior on theproteindata. We evaluate theperformance compari-
son of different partitioningmethods on the empirical protein data sets, as shown in Fig 5.5. Onmost
data sets, our proposed PsiPartition and PsiPartitionFast significantly reduce the BIC and AICc, as
shown in 5.5. PsiPartition significantly outperforms other methods in terms of the ΔBIC and ΔAICc.
The only exception is on the data set “Ngyuen_2016e”where the PsiPartition is slightly worse than the
RatePartition-4 and RatePartition-5. This is because the Ngyuen_2016e data set has a relatively small
number of sites (385 amino acids) while others have about 600 sites or more. As the number of sites
increases, the heterogeneity among sites could increase. The improvements achieved by our proposed
methods compared to existing methods become more significant. Additionally, the PsiPartitionFast
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also achieved comparable performance to other methods. It is slightly worse than the PsiPartition
because it does not adopt Bayesian optimization. The results demonstrate that our proposed PsiPar-
tition is more accurate than the default IQ-TREE and other methods. By comparing PsiPartition
and PsiPartitionFast, it is suggested that Bayesian optimization is necessary for accurate phylogenetic
inference.

5.3.2 Bayesianoptimizationefficientlydeterminestheoptimalparameters
of PsiPartition

We further assess the efficiency of PsiPartition on different empirical DNA data sets. The tracking
of the evaluated BIC and AICc during the optimization iterations is shown in Fig 5.6. The results
demonstrate that the Bayesian optimization gradually decreases BIC and finally converges (or fluctu-
ates) at the optimal BIC values. AICc can be similarly analyzed. More specifically, we list the steps
of iterations to achieve the best BIC and AICc in Table 5.3. These optimizations take a range of 8 to
29 steps (17.8 on average) to achieve an optimal BIC. Similarly, they take 9 to 29 steps (19.1 on aver-
age) to achieve an optimal AICc. The results illustrate that our proposed methods can expeditiously
determine the optimal parameters in a limited steps of iterations.

Table 5.3: The numbers of iterations to achieve the best BIC and AICc on different empirical DNA data sets.

Name # Iter. to opt. BIC # Iter. to opt. AICc
Arctiina 12 12
Calisto 8 9
Choreutidae 29 29
Coenonymphina 22 22
Geometridae 28 25
Morpho 16 23
Noctuidae 15 15
Pieridae 12 18

It is intractable to find the global minimum of BIC on all possible parameters, therefore we run
PsiPartition 1000 times for the Morpho data set with uniformly sampled random parameters w from
[0, 1]t and k from {2, 3, ..., kmax}, respectively. We check whether Bayesian optimization-based mini-
mum BIC achieves the best among all randomly evaluated BICs. Considering the number of param-
eters of PsiPartition on DNA data sets is six, t-distributed Stochastic Neighbor Embedding (t-SNE)
[58] is employed to embed parameters into the 2-dimensional plane, which will keep the Euclidean
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distance between the parameters as much as possible. We normalize each parameter to normal dis-
tribution before applying t-SNE to make them comparable. The BIC values of each evaluation are
shown as the sizes and colors of the spots (darker and larger spots mean smaller BIC, and vice versa).
As shown in Fig 5.7, it is clear that most of the evaluations from Bayesian optimization produce suffi-
ciently good BIC values, which are concentrated into a cluster in the left part. The optimal parameters
from Bayesian optimization (circled in orange) also achieve the best BIC among all random evalua-
tions. These results suggest that PsiPartition is capable of approaching the best parameters efficiently
compared to the random search.

PsiPartition accurately reconstructs simulated phylogenetic trees

To evaluate the performance of our algorithm on simulated data sets, we generate 100 simulatedDNA
alignmentswith 49 sequences and 5000 sites. We employ Seq-Gen software [59] and theGeneralTime
Reversible (GTR) model [5] with 4-category Gamma distribution to generate the alignments from
100 randomly generated trees, which are described in 3. We utilize Seq-Gen’s parameters “‐r rate_matrix
‐f base_freq”, where rate_matrix and base_freq are 6- and 4-dimensional vectors. Their elements are ran-
domly generated from a uniform distributionU[0, 1] and represent the rate matrix and base frequen-
cies, respectively. For base_freq, an additionalL1 normalization is performed tomake them indeed base
frequencies. We segmented 5,000 sites into 1 to 10 equal-length loci and applied Seq-Gen to each locus
then concatenated the produced alignments of each locus into the single 5000-site alignments. This
process is repeated 10 times for each number of loci and finally, we obtained 100 simulated alignments.
We denoted this data set as “SimDNA-1”.

PsiPartition and PsiPartitionFast present a superior performance compared to other methods on
the simulated data set SimDNA-1 in terms of the RF distance between the true trees and the recon-
structed trees, as shown in Fig 5.8. The standard deviations of the RF distances are also shown. The
results demonstrate that, for genomic data with heterogeneous site rates, our methods are robust and
more accurate than the single homogeneous model without partitioning and existing partitioning
methods. We emphasize that the differences of performance between our methods and others on the
data sets with only one locus are not significant while the differences become larger in the data sets
with more loci. Such differences do not increase when the number of loci continues to increase be-
cause the total lengths of sequences are always 5,000. This suggests the necessity of partitioning the
sites by PsiPartition for large data sets. It is worth noting that bothRatePartition-4 andRatePartition-
5 failed to run on some of the simulated data sets with 87% (87/100) success rate because some sites are
incorrectly partitioned and only one state is observed in some partitions thus IQ-TREE failed to start
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phylogenetic inference.
We also generate 100 simulatedDNA alignments with 6 to 15 loci and the lengths of single locus are

always set up to 1,000. That is, we obtain alignments that have a range of lengths from 6,000 to 15,000
and each length has 10 alignments. The algorithms and configurations to generate themare the same as
aforementioned. We denote this data set as “SimDNA-2”. We compare the performance of different
methods in terms of RF distance, as shown in Fig 5.9. It is clear that our PsiPartition significantly
outperforms othermethods onmost of the alignment. The only exceptionwhen the number of loci is
10 can be explained as a randombias during the phylogenetics inference because only 10 alignments are
evaluated for each length. It is worth noting that somemethods cannot reconstruct all phylogenies on
SimDNA-2 (mPartition reconstructs 99 and RatePartition-5 reconstructs 93 out of 100 phylogenies).

5.3.3 Tree analysis on Noctuidae data set

We reproduced the phylogeny in the reported work [43] by IQ-TREE, and compared it to the phy-
logeny inferred by PsiPartition. Overall, the results show that the reconstructed tree based on Psi-
Partition has more likely topology and higher bootstrap supports of the branches, as shown in 5.14,
compared to the tree without partitioning in 5.15. To emphasize the accuracy of PsiPartition clearly,
we compare the reconstructed topologies and bootstrap supports in detail.

As shown in Fig 5.10, in the reproduced phylogeny (tree without partitioning), the species Arcte
modesta and Pseudoarcte melanis are firstly categorized as a clade with a bootstrap support of 57 and
then categorized with Paracte schneideriana into a clade with a bootstrap support of 100. The repro-
duced tree has the same topology and similar bootstrap support (65) to the tree in the reported work
[43]. Both of them are below the commonly used threshold of 70 and are not convinced. On the
other hand, in the tree generated by PsiPartition, Arcte modesta and Paracte schneideriana are firstly
categorized into a clade with a bootstrap support of 93 and then categorized with Pseudoarcte melanis
into a clade with a bootstrap support of 100, which are more convincing, suggesting a possibly correct
reconstruction of these species.

As shown in Fig 5.11, in the reproduced phylogeny (tree without partitioning), the speciesDiloba
caeruleocephala, Raphia abrupta or sp, Deltote uncula, and Cucullia unmbratica are nested into three
clades with bootstrap supports (43/81/59). In the reported work [43],Deltote uncula andCucullia un-
mbratica are also categorized as a single cladewith posterior probabilities of 0.61, which is very low. On
the other hand, in the tree generated by PsiPartition,Deltote uncula, Diloba caeruleocephala, Raphia
abrupta or sp, andCucullia umbratica are nested into three clades with bootstrap supports (90/89/77).
Overall, PsiPartition provides a different and possibly more accurate reconstruction of these species
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compared to the original work and reproduced work and reasons could be discussed in future work.
As shown in Fig 5.12, both the reproduced phylogeny (tree without partitioning) and the tree gen-

erated by PsiPartition reconstructed the same topology for the species of Craniophora ligustri, Poly-
grammate hebraeicum, Comachara cadburyi, Harrisimemna trisignata, and Cerma cerintha yet with
different bootstrap supports (98/100/62/51 v.s. 100/100/82/80). In the reported work [43], Cranio-
phora liguistr together withHarrisimemna trisignata andCerma cerintha are categorized into a clade
with very low posterior probabilities of 0.59. PsiPartition thus provides an accurate reconstruction of
this clade with higher bootstrap supports.

These results demonstrate that, byproperlypartitioning siteswithourproposedPsiPartitionmethod,
we can improve the accuracy of the reconstructed phylogenetic trees and the bootstrap supports of the
branches.

5.4 Conclusion

In this study, we proposed a novel partition approach based on parameterized sorting indices (PSI)
and Bayesian optimization to accurately and efficiently obtain the optimal partitioning of sites in ge-
nomic data. We applied ourmethod to empirical data sets and achieved the best information criterion
(BIC and AICc) compared to the models without partitioning or other existing state-of-the-art meth-
ods. We also show that Bayesian optimization-based PsiPartition is sufficiently efficient to determine
the optimal parameters for partitioning the sites. In addition, we testedPsiPartition on the challenging
simulated data sets with various site heterogeneity and demonstrated that our method outperforms
othermethods in terms of the averageRFdistance of the reconstructed phylogenetic trees to the actual
trees. Finally, we show that on the empirical data set Noctuidae, our proposed method can improve
the accuracy of the reconstructed phylogenetic trees, as well as the bootstrap supports of the branches.
Overall, our proposed Bayesian optimization-based method achieves the best performance and pro-
vides a novel general framework to efficiently determine the optimal number of partitions, which can
be easily extended to other partitioning methods. We hope its efficiency and effectiveness contribute
to the growing demand for partitioning methods in phylogenetic analysis of large-scale genomic data.
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Figure 5.2: The performance comparison of different partitioning methods on the empirical DNA data sets (Arctiina, Cal‐
isto, Choreutidae, Coenonymphina, Geometridae, Morpho, Noctuidae, and Pieridae). Our proposed methods (PsiPartition
and PsiPartitionFast) achieves the best performance in terms of the ΔBIC and ΔAIC, significantly outperforming the
other methods.
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Figure 5.3: The number of sites in each bin generated by PsiPartition on the different empirical DNA data sets (Arctiina,
Calisto, Choreutidae, Coenonymphina, Geometridae, Morpho, Noctuidae, and Pieridae). Different bins have different
number of sites, with a long tails of bins with small number of sites. Note here a smaller bin index means a smaller PSI
compared to the other bins, suggesting lower estimated evolutionary rates.
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Figure 5.4: The transfer distances between the partitions generated by our proposed methods (PsiPartition and PsiPar‐
titionFast) and other methods on different empirical DNA data sets (Arctiina, Calisto, Choreutidae, Coenonymphina, Ge‐
ometridae, Morpho, Noctuidae, and Pieridae). PsiPartition and PsiPartitionFast have large transfer distances to the other
methods, suggesting their partitions are significantly different from the other methods.
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Figure 5.5: The performance comparison of different partitioning methods on the empirical protein data sets
(Ngyuen_2016[a‐f]). Our proposed method PsiPartition achieves the best performance in terms of theΔBIC andΔAIC
values, significantly outperforming the other methods.
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Figure 5.6: Bayesian optimization for different empirical DNA data sets. In the curves, each point (k, v) where k =
1, 2, . . . , 30 represent that PsiPartition achieved the minimum values of v of BIC (red) or AICc (red) in the first k iterations.
The highlighted points with annotated values in the curves are the best information criterion values achieved by PsiParti‐
tion for the first time through the whole curves.
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Figure 5.7: Scatter diagram of BICs produced by PsiPartition with different parameters w and k on the Morpho data set.
The trajectory of Bayesian optimization is circled with black and the best Bayesian optimized BIC is the red spot circled
with orange.

Figure5.8: The average RF distances between the true trees and the reconstructed trees on SimDNA‐1. For each different
number of loci, our proposed PsiPartition (red) reconstructs the most accurate trees, with the smallest RF distances. The
advantages of PsiPartition compared to other methods are significant when the number of loci is larger than 2.
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Figure 5.9: The average RF distances between the true trees and the reconstructed trees on SimDNA‐2. PsiPartition (red)
reconstructs the most accurate trees with the smallest RF distances for most of number of loci. The only exception when
the number of loci is 10 can be explained by the randomness from the relatively small scale of the simulated data set (only
10 trees).

Figure 5.10: The reconstructed trees of Arcte modesta, Pseudoarcte melanis, and Paracte schneideriana from phylogeny
without partitioning (above) and PsiPartition (below), which shows a possible correct topology with higher bootstrap sup‐
ports.
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Figure 5.11: The reconstructed clades of Diloba caeruleocephala, Raphia abrupta or sp, Deltote uncula, and Cucullia unmbrat‐
ica from phylogeny without partitioning (above) and PsiPartition (below), which shows a possible correct topology with
higher bootstrap supports.

Figure 5.12: The reconstructed clades of Craniophora ligustri, Polygrammate hebraeicum, Comachara cadburyi, Harrisimemna
trisignata, and Cerma cerintha from phylogeny without partitioning (above) and PsiPartition (below). They have the same
topology yet different bootstrap supports on some branches.
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Experimental Section

Algorithm 2 PsiPartitionFast
Require:

A: the alignment
kmax: the maximum number of partitions
n: the maximum iteration steps

Ensure:
P∗: the optimal partition
s∗: the optimal parameters
o∗: the optimal objective value

1: Uniformly sample k from 2, 3, ..., kmax
2: Uniformly sample w from [0, 1]t ! t = 5 for DNA, 21 for protein
3: Let S be an empty set
4: Initialize a surrogate modelm
5: for i = 1 to n do
6: Let Ψ be the PSI of all sites with parameters w
7: Bin the sites ofA into k partitions based on Ψ as Pi
8: Evaluate IQ-TREE with partitioning Pi and obtain BIC bi
9: si ← k
10: S← S ∪ {(Pi, si, bi)}
11: Updatemwith S
12: Determine the next parameters si+1 by the surrogatemodelmwith expected improve-

ment
13: end for
14: return (P∗, s∗, o∗) ∈ S that has the minimum BIC o∗
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Algorithm 3Generate binary tree
Require:

n: the number of leaves
Ensure:

T: a binary tree with n leaves
1: Let S be a set of n nodes
2: i← n
3: while |S| > 1 do
4: Randomly choose two nodes u and v from S
5: Construct a tree Twith u and v as its children
6: Remove u and v from S and add T to S
7: end while
8: return the only tree in S
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Table 5.4: Performance comparison of different partitioning schemes on the empirical DNA data sets.

Data set LogL AICc BIC AIC # params Method
Arctiina -45624 92066 94559 92012 382 PsiPartition
Arctiina -50345 101408 103619 101366 338 RatePartition-4
Arctiina -51181 102857 104417 102837 237 No Partition
Arctiina -46811 94421 96863 94370 374 PsiPartitionFast
Arctiina -50254 101274 103620 101226 359 RatePartition-5
Arctiina -49255 99044 100721 99021 255 mPartition
Calisto -42277 85122 86868 85093 270 RatePartition-4
Calisto -43048 86492 87734 86478 191 No Partition
Calisto -38722 78178 80386 78131 343 PsiPartition
Calisto -38808 78334 80497 78288 336 PsiPartitionFast
Calisto -41304 83045 84408 83027 210 mPartition
Calisto -42266 85155 87053 85120 294 RatePartition-5
Choreutidae -57403 115381 117211 115356 275 RatePartition-5
Choreutidae -60854 121889 122487 121886 89 No Partition
Choreutidae -58749 117716 118434 117712 107 mPartition
Choreutidae -55548 111493 112776 111480 192 PsiPartitionFast
Choreutidae -54369 109263 110942 109241 252 PsiPartition
Choreutidae -57509 115505 117065 115486 234 RatePartition-4
Coenonymphina -62374 125319 126999 125285 268 RatePartition-5
Coenonymphina -59465 119639 121685 119587 328 PsiPartition
Coenonymphina -62311 125148 126705 125119 248 RatePartition-4
Coenonymphina -61796 123941 125002 123927 168 mPartition
Coenonymphina -64339 128991 129946 128980 151 No Partition
Coenonymphina -60564 121834 123874 121782 327 PsiPartitionFast
Geometridae -188014 377098 380300 377010 491 RatePartition-4
Geometridae -184715 370950 375294 370779 674 PsiPartitionFast
Geometridae -191587 383950 386341 383903 364 mPartition
Geometridae -192079 384890 387159 384848 345 No Partition
Geometridae -183521 368406 372366 368266 612 PsiPartition
Geometridae -188009 377145 380498 377048 515 RatePartition-5
Morpho -28203 56577 57143 56575 84 mPartition
Morpho -22908 46236 47594 46222 203 PsiPartition
Morpho -27741 55862 57095 55851 184 RatePartition-4
Morpho -29365 58873 59351 58871 71 No Partition
Morpho -25681 51657 52624 51651 144 PsiPartitionFast
Morpho -27667 55756 57122 55743 204 RatePartition-5
Noctuidae -96573 193837 196018 193802 328 PsiPartition
Noctuidae -100391 201148 202340 201137 178 mPartition
Noctuidae -101258 203271 205635 203229 356 RatePartition-4
Noctuidae -101074 203032 205766 202974 413 RatePartition-5
Noctuidae -103295 206937 208070 206927 169 No Partition
Noctuidae -97610 195747 197436 195726 253 PsiPartitionFast
Pieridae -135110 271296 274547 271210 495 RatePartition-5
Pieridae -131490 263880 266650 263819 420 PsiPartitionFast
Pieridae -135102 271187 274182 271115 455 RatePartition-4
Pieridae -138384 277253 278805 277235 233 No Partition
Pieridae -136377 273258 274870 273239 242 mPartition
Pieridae -130590 262319 265742 262224 522 PsiPartition
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Table 5.5: Performance comparison of different partitioning schemes on the empirical protein data sets.

Data set LogL AICc BIC AIC # params Method
Nguyen_2016a -3979 8041 8213 8037 39 RatePartition-4
Nguyen_2016a -3138 6674 7282 6584 154 PsiPartition
Nguyen_2016a -3944 7971 8143 7966 39 RatePartition-5
Nguyen_2016a -4270 8609 8755 8606 33 No Partition
Nguyen_2016a -3858 7841 8089 7830 57 PsiPartitionFast
Nguyen_2016a -4139 8357 8520 8352 37 mPartition
Nguyen_2016b -5370 10882 11158 10868 64 mPartition
Nguyen_2016b -5541 11216 11479 11203 61 No Partition
Nguyen_2016b -5153 10496 10848 10472 83 PsiPartitionFast
Nguyen_2016b -5059 10268 10556 10253 67 RatePartition-4
Nguyen_2016b -4599 9712 10412 9571 186 PsiPartition
Nguyen_2016b -5057 10269 10565 10253 69 RatePartition-5
Nguyen_2016c -5874 11909 12238 11895 73 PsiPartitionFast
Nguyen_2016c -6298 12749 13065 12736 70 No Partition
Nguyen_2016c -5223 10899 11631 10799 177 PsiPartition
Nguyen_2016c -5936 11995 12254 11986 57 RatePartition-4
Nguyen_2016c -5930 12030 12375 12014 77 RatePartition-5
Nguyen_2016c -6104 12363 12683 12349 71 mPartition
Nguyen_2016d -5845 11817 12071 11807 58 PsiPartitionFast
Nguyen_2016d -5343 11119 11769 11017 165 PsiPartition
Nguyen_2016d -5804 11752 12034 11738 65 RatePartition-5
Nguyen_2016d -5833 11760 11955 11754 44 RatePartition-4
Nguyen_2016d -6087 12247 12403 12243 35 mPartition
Nguyen_2016d -6312 12698 12854 12694 35 No Partition
Nguyen_2016e -3388 6921 7139 6897 61 PsiPartition
Nguyen_2016e -3399 6895 7054 6884 43 RatePartition-4
Nguyen_2016e -3592 7262 7393 7255 35 mPartition
Nguyen_2016e -3438 7013 7221 6992 58 PsiPartitionFast
Nguyen_2016e -3686 7441 7562 7435 32 No Partition
Nguyen_2016e -3397 6896 7061 6883 45 RatePartition-5
Nguyen_2016f -4000 8137 8389 8122 61 PsiPartitionFast
Nguyen_2016f -3983 8160 8495 8132 83 RatePartition-5
Nguyen_2016f -3997 8133 8388 8118 62 RatePartition-4
Nguyen_2016f -3378 7186 7755 7069 157 PsiPartition
Nguyen_2016f -4437 8944 9084 8940 33 No Partition
Nguyen_2016f -4288 8651 8800 8647 35 mPartition
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Figure 5.13: The number of sites in each bin generated by PsiPartition on the different empirical DNA data sets (Arctiina,
Calisto, Choreutidae, Coenonymphina, Geometridae, Morpho, Noctuidae, Pieridae). Different bins have different number
of sites and invariant and variant sites are in different colors. Note Pieridae has the first bin with the most invariant sites,
while the other data sets have the last bin with the most invariant sites.
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Figure 5.14: The reconstructed Noctuidae tree based on PsiPartition.
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Figure 5.15: The reconstructed Noctuidae tree without partitioning.
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Conclusions and Future Work

Protein structure prediction has been a long-standing challenge in protein science due to its immense
theoretical and practical value. Recent advances in protein structure prediction using deep learning
have achieved remarkable results, with AlphaFold2 serving as a significant milestone. In the post-
AlphaFold era, many open problems remain, some of which may be even more challenging. This
thesis focuses on Protein Language Models (PLMs), which are the counterparts of pre-trained Large
Language Models (LLMs) in protein science. The work presented here employs PLMs to address
challenges in protein structure and property prediction that are difficult to solve using traditional
methods.

In Chapter 2, a novel approach to intrinsically disordered protein prediction is proposed, leverag-
ing the high-dimensional representations of PLMs. For the first time, protein language models are
used to predict the intrinsic disorder of proteins. Instead of relying on traditional sequence features,
these high-dimensional representations enable themodel to capture essential information from single
sequences, achieving state-of-the-art performance in terms of both accuracy and speed for the IDPpre-
diction task. In Chapter 3, a novel pK a predictor based on single-residue representations from PLMs
is introduced. The topic of pK a prediction has long suffered from a lack of data, and existingmethods
are insufficiently accurate. PLMs help address this issue by providing high-quality representations of
residues. The proposedmethod achieves state-of-the-art performance in pK a prediction and is several
orders ofmagnitude faster than existingmethods. This work demonstrates the structure-awareness of
PLMs and their potential in protein property prediction tasks. In Chapter 4, a novel two-step metal-
binding site prediction method is proposed. The PLM-based sequence predictor accurately and effi-
ciently scans binding residues, while a pre-trained structure predictor removes false-positive binding
sites and refines binding positions. Compared to existing methods, this approach achieves state-of-
the-art performance in the metal-binding site prediction task. These findings suggest that structural
information remains indispensable for certain protein property prediction tasks, and the integration
of sequence and structure information is a promising direction for future research. In Chapter 5, a
novel partitioning method based on parameterized sorting indices (PSI) is proposed to improve phy-
logeny reconstruction. PSI is a new approach to represent the heterogeneity between different sites
in biological sequence data. The proposed method significantly improves the accuracy of phylogeny
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reconstruction compared to existing methods.
In conclusion, the work presented in this thesis highlights the immense potential of PLMs in vari-

ous protein structure prediction tasks. As powerful tools for accurate and efficient protein modeling,
PLMs are poised to play a pivotal role in addressing challenges in protein science, including protein
structure prediction, property prediction, and function prediction.
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