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Abstract 

The emergence of Next Generation Sequencing technologies has created an urgent need for 

reliable and scalable methods of protein functional annotation. Moreover, recent 

advancements in machine and deep learning, including protein language models (PLMs), 

offer unprecedented opportunities to develop methods able to generalize information 

collected in databases for the annotation of uncharacterized proteins. My PhD research 

focused on leveraging deep learning to enhance annotation strategies, with a focus on the 

Glutathione S-transferase (GST) superfamily, a multifunctional and hard-to-annotate enzyme 

group. 

First, I tested the potential of protein sequence encodings based on PLMs (embeddings) in the 

process of functional annotation. Using an alignment algorithm designed for embeddings, I 

demonstrated that they capture structural information and enable accurate classification of 

GSTs.​

Furthermore, I characterised new multifunctional traits of GSTs, providing computational 

evidence that canonical GSTs can bind RNA, as suggested by recent large-scale studies. By 

applying deep learning methods and molecular docking validation, I showed that GST–RNA 

interactions are theoretically possible, and proposed that this interaction occurs at the 

glutathione binding site.  

As deep learning procedures drive modern protein structure modeling, even in low-homology 

scenarios, their comparison is an active research field. I analyzed protein structure models 

from the Alpha&ESMhFold database, which collects AlphaFold2 and ESMFold predicted 

models of human proteins. By mapping Pfam domains, I found that functionally relevant 

regions are consistently well-predicted by both methods, even when the global structures 

diverge.​
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During my period abroad in Barcelona, I analyzed evolutionary information captured by 

embeddings and found that, given a dataset of remote homologs, the embedding vectors 

representing residues aligned in a multiple structural alignment cluster together. 

Overall, these studies show that embeddings and structural predictions can enhance the 

annotation of challenging protein families, reveal novel functional roles, and facilitate the 

integration of large-scale data into annotation pipelines. 

 

2 



Index 

Abstract...................................................................................................................................................1 
Index........................................................................................................................................................3 
1. Introduction........................................................................................................................................ 5 

1.1. The Central dogma of Molecular Biology..................................................................................5 
1.2. Roles of RNA............................................................................................................................. 5 
1.3. Proteins biosynthesis and composition.......................................................................................6 
1.4. Proteins hierarchical organization.............................................................................................. 7 
1.5. Enzymes......................................................................................................................................8 
1.6. Protein families and distant related homologs............................................................................9 
1.7. The problem of protein functional annotation..........................................................................10 

2. Glutathione S-transferase superfamily.......................................................................................... 13 
2.1. Cytosolic GSTs......................................................................................................................... 15 
2.2. Mitochondrial GSTs................................................................................................................. 17 
2.3. Microsomal GSTs..................................................................................................................... 17 
2.4. Catalytic reaction(s)..................................................................................................................17 
2.5. Clinical relevance..................................................................................................................... 18 

3. Machine Learning for Computational Biology............................................................................. 19 
3.1. Protein sequence encodings based on single sequence and Multiple Sequence Alignments...20 
3.2. Neural Networks.......................................................................................................................23 

3.2.1. Transformers................................................................................................................... 25 
3.2.2. Protein Language Models............................................................................................... 26 
3.2.3. Embeddings comparison................................................................................................. 29 

3.3. Protein structure prediction methods........................................................................................31 
4. Testing the Capability of Embedding-Based Alignments on the GST Superfamily 
Classification: The Role of Protein Length........................................................................................34 

4.1. Materials and Methods............................................................................................................. 34 
4.1.1. Datasets generation......................................................................................................... 34 
4.1.2. Embeddings generation...................................................................................................35 
4.1.3. Embedding Based Alignment for GST annotation......................................................... 35 

4.2. Results and Discussion............................................................................................................. 36 
4.2.1. Fishing for Transfer of Annotation................................................................................. 36 
4.2.2. The Reference Dataset.................................................................................................... 37 
4.2.3. Testing and Trial Datasets...............................................................................................39 
4.2.4. Testing the Embedding Alignment Method in Shallow waters...................................... 39 
4.2.5. Fishing in the Deep Sea.................................................................................................. 42 

5. Can Human Canonical Glutathione S-Transferases Act as RNA-Binding Proteins?............... 44 
5.1. Materials and Methods............................................................................................................. 45 

5.1.1. RBP2GO Database..........................................................................................................45 
5.1.2. Prediction of RNA-binding sites and Molecular Docking validation.............................45 
5.1.3. Surface charge characterization...................................................................................... 46 

5.2. Results and Discussion............................................................................................................. 46 

3 



5.2.1. Human GSTs in RBP2GO...............................................................................................46 
5.2.2. Prediction of RNA-binding sites in GST proteins......................................................... 47 
5.2.3. Docking validation..........................................................................................................51 

6. AlphaFold2 and ESMFold: A large-scale pairwise model comparison of human enzymes upon 
Pfam functional annotation.................................................................................................................56 

6.1. Materials and Methods............................................................................................................. 58 
6.1.1. The Dataset..................................................................................................................... 58 
6.1.2. Models comparison......................................................................................................... 58 

6.2. Results and Discussion............................................................................................................. 59 
7. Conclusions....................................................................................................................................... 64 
Acknowledgements...............................................................................................................................66 
References............................................................................................................................................. 67 
Appendix: Publications........................................................................................................................75 
 

 

4 



1. Introduction 

The first chapter of this thesis provides an introduction to proteins, the central focus of my 

doctoral research, and the problem of protein functional annotation. Chapter 2 explores 

Glutathione S-transferases (GSTs), a protein superfamily notoriously hard to annotate, that 

has been chosen as a case study. Chapter 3 presents an overview of machine learning, with 

focus on the deep learning models adopted to address annotation challenges. Finally, 

Chapters 4, 5, and 6 detail the main research projects in which I was involved, all of which 

have been published in peer-reviewed journals.  

1.1. The Central dogma of Molecular Biology 

The flow of genetic information, from DNA to proteins, is a fundamental principle of 

biology, routinely referred to as the central dogma of molecular biology. This process is 

divided into three major steps: replication, transcription and translation. During replication 

the cell DNA content is duplicated so that the daughter cells receive the exact copy of the 

parental DNA. The transcription is the process by which protein-coding genes are transcribed 

into messenger RNA (mRNA) which carries the genetic information. The mRNA is then 

exported to the cytoplasm, where ribosomes decode its sequence to synthesize proteins 

through translation. Altogether, these steps ensure the accurate transmission of genetic 

instructions from DNA to proteins, the functional components that sustain the life of the cell 

(Nelson and Cox 2021). 

1.2. Roles of RNA 

Similarly to DNA, RNA is a nucleotide polymer, but it shows a ribose sugar instead of 

deoxyribose. In addition to messenger RNAs, cells produce a diverse array of non-coding 
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RNAs that carry out crucial regulatory and structural functions. Transfer RNAs (tRNAs) 

deliver amino acids to the ribosome during protein synthesis, while ribosomal RNAs 

(rRNAs) form the catalytic component of ribosomes. Other types, such as small nuclear 

RNAs (snRNAs) and microRNAs (miRNAs), play key roles in RNA splicing and 

post-transcriptional gene regulation, respectively (Zacco et al. 2024). Altogether, in the 

crowded cell environment, RNA comprises 10–20% of the cell’s dry weight (approximately 

20–40 mg/ml) (Berry and Pelkmans 2022). 

1.3. Proteins biosynthesis and composition 

Proteins are fundamental cellular components involved in virtually every aspect of life, 

including biosynthesis, regulation, gene expression, cell communication and more. From a 

chemical point of view, proteins are heteropolymers composed of 20 standard amino acid 

residues sequentially linked by peptide bonds. Each residue is characterized by a conserved 

amino group, a carboxyl group, a hydrogen atom, and a distinctive side chain (R group) 

bonded to a central α-carbon. The only exception is Glycine whose side chain is a hydrogen 

atom. The side chains confer specific physicochemical properties essential for protein folding 

and function. Accordingly, amino acid residues can be classified as apolar (Glycine/Gly/G, 

Alanine/Ala/A, Valine/Val/V, Proline/Pro/P, Leucine/Leu/L, Isoleucine/Ile/I, 

Methionine/Met/M), aromatic (Phenylalanine/Phe/F, Tyrosine/Tyr/Y, Tryptophan/Trp/W), 

polar uncharged (Serine/Ser/S, Threonine/Thr/T, Cysteine/Cys/C, Glutamine/Gln/Q, 

Asparagine/Asn/N), and charged (acid: Glutamate/Glu/E, Aspartate/Asp/D; basic: 

Lysine/Lys/K, Histidine/His/H, Arginine/Arg/R) (Nelson and Cox 2021). 
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1.4. Proteins hierarchical organization 

The linear polypeptide sequence in which these residues are covalently joined defines the 

protein’s primary structure. In polar environments and physiological conditions, proteins 

adopt specific local conformations known as secondary structure (typically recurrent patterns 

of α-helix or β-sheet) and an overall three-dimensional organization (tertiary structure) 

through folding (Nelson and Cox 2021). Protein folding is a complex and spontaneous 

process in which proteins adopt the conformation with the lowest Gibbs free energy (ΔGfolding) 

driven by the interplay of different physicochemical properties of residues and their 

surrounding environment. The correct folding is essential for the final functionality of the 

protein; this implies a tight connection between the protein's amino acid sequence, structure, 

and biological role (Anfinsen 1973). Indeed, DNA mutations (i.e., errors occurring during 

DNA replication) can change the primary sequence of a protein and, if the affected residue is 

essential for proper folding or function, such a change can lead to disease. Folded proteins 

can be locally organized into structural units, called domains, which represent self-organized 

regions of the polypeptide that fold independently from the rest. A single protein can have 

one or more domains, and the same domain can appear in unrelated proteins. Finally, two or 

more polypeptide subunits, also called chains, can interact with each other with non-bonding 

interactions: this organization is routinely referred to as quaternary structure (Figure 1) 

(Nelson and Cox 2021). 
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Figure 1. Hierarchical organization of protein structure (hemoglobin in this example). The primary 
structure resembles the sequence of residues in the polypeptide chains. The local organization of the 
chain is referred to as a secondary structure. The overall fold of the protein is the tertiary structure, 
which resembles its final three-dimensional shape. Two or more polypeptide chains can aggregate in 
quaternary structures. 
 
 

Through the years, different experimental techniques have been designed to determine the 

three-dimensional structure of proteins: X-ray crystallography, Cryogenic electron 

microscopy (cryo-EM) and Nuclear Magnetic Resonance (NMR) (Berman 2000). However, 

these techniques present limitations as they are expensive and time-consuming. For this 

reason, extensive research efforts of the past decades have focused on the so-called “protein 

folding problem”: developing computational methods to predict protein structures starting 

from the sequence (Kryshtafovych et al. 2023). 

1.5. Enzymes 

In living beings, crucial biochemical reactions are made possible by a special class of 

proteins known as enzymes. These proteins act as catalysts, accelerating reaction rates by 

lowering activation energy by many orders of magnitude, so that reactions proceed fast 
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enough to support life. An important feature of enzymes is their high specificity: it arises 

from a well-defined three-dimensional pocket or cleft where substrate binding and catalysis 

occur through an ensemble of molecular interactions and structural adjustments. The 

chemical reaction itself is driven by a set of catalytically active amino acid residues located 

within the enzyme’s active site (Nelson and Cox 2021). 

The Enzyme Commission (EC) number is a standardized system used to classify enzymes 

based on the specific reactions they catalyze (Webb 1992). Each EC number consists of four 

digits separated by periods, where the first digit denotes the broad class of the enzymatic 

reaction. There are seven primary classes: oxidoreductases (EC 1), transferases (EC 2), 

hydrolases (EC 3), lyases (EC 4), isomerases (EC 5), ligases (EC 6), and translocases (EC 7). 

However, the “one enzyme, one function” paradigm, while foundational, does not encompass 

the full complexity of the proteome. Multifunctional (also called moonlighting or 

multifaceted) enzymes can perform two or more distinct, often unrelated, biochemical 

functions (Gupta and Uversky 2023; Bertolini et al. 2024). 

1.6. Protein families and distant related homologs 

Evolutionarily related proteins derive from a common ancestral protein that undergoes 

various selective pressures, accumulating mutations at the level of the protein sequences. 

These mutations are positively selected only when they provide no or minimal alterations to 

the protein’s structure and function. Consequently, proteins with divergent sequences can 

adopt the same structural fold and can therefore be grouped into so-called protein families. 

When the structure is not available, classic approaches such as sequence alignment 

algorithms (like Needleman-Wunsch (Needleman and Wunsch 1970) and Smith-Waterman 

(Smith and Waterman 1981)) can be used to compare two protein sequences and score their 

similarity by means of the sequence identity. A general principle formulated in (Chothia and 
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Lesk 1986; Rost 1999) states that, in these cases, a sequence identity above a 30% threshold, 

named twilight zone, is usually sufficient to infer that two sequences share the same fold. 

Below this threshold, however, sequence identity alone cannot reliably indicate structural 

similarity. As a result, proteins with similar folds but sequence identity below the twilight 

zone, routinely referred to as distantly related (or remote) homologs, cannot be detected using 

standard alignment methods. 

1.7. The problem of protein functional annotation 

Protein functional annotation is the process of identifying and describing a protein's 

biological roles, activities, and interactions using all available data, with structure being the 

most informative source of information. Two of the most valuable and used databases for 

protein annotation are UniProt (The UniProt Consortium et al. 2023) 

(https://www.uniprot.org/) and the Protein Data Bank (PDB) (Berman 2000) 

(https://www.rcsb.org/), which collect information about protein sequences and structures, 

respectively. UniProt is divided into two subsections: Swiss-Prot and TrEMBL. Swiss-Prot 

contains proteins whose annotation has been manually revised by expert curators and include, 

when available, reference to the current literature and to different resources collecting 

information on different aspects of protein structure and function. TrEMBL contains entries 

with annotations carried out automatically and not revised by a curator.  

After the breakthrough of Next Generation Sequencing (NGS) technologies, genomic and 

metagenomic projects can generate an overwhelming amount of sequence data, revealing a 

vast universe of putative proteins whose functions remain unknown (Sarkar 2016). This 

deluge of data stands in contrast to the low-throughput and time-consuming nature of 

experimental functional and structural characterization which remains the golden standard for 

the elucidation of the role of proteins in cellular processes, in the context of biological 
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complexity. The huge difference between the number of entries in TrEMBL (253,061,696), 

Swiss-Prot (573,661) and PDB experimental entries (242,066) (databases accessed on 10 

September 2025) is a clear indication of knowledge gap between the different levels of 

complexity of the protein organization. The computational analysis of the available data has 

been able to identify inference rules that can be applied to fill this gap and to develop tools, 

often based on machine learning, that, to some extent, can provide a structural and functional 

annotation starting from the protein sequence. 

Traditional annotation pipelines have heavily relied on the transfer of annotation upon 

sequence similarity or on the recognition of conserved domains and motifs that can be 

associated to specific functional features (Altschul et al. 1990; Finn et al. 2007; 

Paysan-Lafosse et al. 2023). In UniProt, one of the components of the automatic annotation 

pipeline is the Association-Rule-Based Annotator (ARBA): a human-readable expert rule 

system, trained on Swiss-Prot entries, that combines information of computationally 

recognized domains and taxonomic data to derive protein properties such as function, 

catalytic activity, pathway membership, subcellular location, protein family, protein name and 

more (https://www.uniprot.org/help/arba). During the manual annotation of Swiss-Prot 

entries, each sequence is analyzed with computational tools (including ARBA) and the results 

are integrated with current knowledge of related proteins; relevant results are then selected by 

expert curators for integration (https://www.uniprot.org/help/manual_curation).  

However, this approach is scarcely effective for distantly related homologs or proteins 

belonging to poorly characterized families. Moreover, functional annotation is complicated 

by the multifaceted nature of protein roles. Therefore, it is necessary to develop new 

computational methods that exploit the recent impressive advances of computational 

technology and algorithmic development.  
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This thesis investigates how to address the protein functional annotation problem by 

leveraging advanced Artificial Intelligence techniques. My research was mainly focused on 

the Glutathione S-transferase (GST) superfamily: a diverse, widespread and multifunctional 

enzyme group that is notoriously challenging to annotate. The next chapters introduce the 

GST superfamily and the deep learning models adopted. Subsequently, the manuscript details 

two analytical workflows in which we produced novel functional annotations on the GST 

superfamily. Finally, a supplementary study is presented that compares protein models 

predicted by state-of-the-art protein structure prediction algorithms, enhancing protein 

domains functional annotation. 
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2. Glutathione S-transferase superfamily 

Glutathione S-transferases (GSTs, EC 2.5.1.18) constitute a protein superfamily of 

multifunctional enzymes primarily involved in cellular detoxification and widely expressed 

across most living organisms (Mazari et al. 2023; Aloke et al. 2024). These enzymes play a 

crucial role in phase II detoxification: they catalyze the conjugation of the reduced 

glutathione (γ-glutamyl-cysteinyl-glycine, GSH. Figure 2) to toxic endogenous and 

exogenous electrophilic compounds.  

 
Figure 2. Structural formula of Glutathione (GSH) 

 
 

GSH is present in all mammalian tissues at 1–10 mM concentrations, with the highest 

expression level in the liver and whose increased transcription is associated with oxidative 

stress. After the reaction, GSH conjugates can be easily excreted from the cell by phase III 

transporters (Mazari et al. 2023; Aloke et al. 2024). The superfamily is highly heterogeneous 

and is divided into three major groups on the basis of the subcellular localisation: cytosolic, 

mitochondrial and microsomal. Both cytosolic and mitochondrial enzymes are soluble 

proteins whereas microsomal GSTs are membrane proteins. One major feature of GSTs is that 

each group is characterized by the presence of remote homologs that are hard to annotate 

with classic alignment methods. In UniProt a total of 6 GST folds are present. As 

summarized in Table 1, the cytosolic group contains proteins belonging to 4 different folds, 

while the mitochondrial and microsomial group are characterized by one fold each.  
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Table 1. Overview of GST folds as reported in the UniProt database. 

Group Fold Representative PDB 

 
 
 
 
 
 
 
 
 
 
 

Cytosolic 

 
 

Canonical 

8GSS 

 
 

Omega-like 

 5LKD 

 
 

FosA 

        1NPB 

 
 

LanC 

   8D19 

 
 

Mitochondrial 

 
 

Kappa 

3RPN 

 
 

Microsomal 

 
 

MAPEG 

     4AL0 
 
Representative structures have been selected from high-quality Swiss-Prot entries. 
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2.1. Cytosolic GSTs 

The majority of the GSTs are present in the cytosol, where 4 folds can be found: canonical, 

omega-like, FosA and LanC GSTs. 

Canonical GSTs are the most abundant and extensively studied GSTs: these enzymes are 

further included into several families (named also classes) introduced on the basis of 

sequence similarity, structural properties and chromosomal organization in different 

organisms (Mazari et al. 2023; Aloke et al. 2024). Each class is identified by a distinct name 

(often a Greek letter) and exhibits an intra-class sequence identity above 30%; however, the 

inter-class sequence identity falls below the twilight zone threshold, even if the structure is 

largely conserved, indicating that different classes are distantly related homologs (Aloke et al. 

2024). 

Among canonical GST classes, some are widespread across all species (Zeta, Theta), while 

others are taxon-specific. For example, the Tau, Lambda, Phi and DHAR classes are 

plant-specific (Kumar and Trivedi 2018), Delta and Epsilon classes are insect-specific 

(Koirala et al. 2022) whereas Beta classes are only found in bacteria (Shehu et al. 2018). In 

humans a total of seven families are currently known: Mu, Sigma, Alpha, Pi, Theta, Omega, 

Zeta.​

All canonical GSTs are small proteins (roughly 200-250 residues) with a recognizable fold: a 

N-terminal thioredoxin-like (βαβαββα) and an all-alpha C-terminal domain connected by a 

short linker (Zhuge et al. 2020). The N-terminal domain is the most conserved among 

canonical GSTs: it contains the GSH-binding pocket (called G-site) and the GSH-activating 

Cysteine, Serine or Tyrosine residues, depending on the class. The H-site is the region 

responsible for the interaction with the toxic compounds (routinely hydrophobic molecules); 

it is close to the G-site in the three-dimensional structure and mainly involves residues of the 

C-terminal domain. The functional unit of these enzymes mainly exists as either homo- or 
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heterodimeric proteins, and only subunits within the same class can form heterodimers 

(Mazari et al. 2023).  

Omega-like GSTs, also called GSTs Xi class, were first described in Saccharomyces 

cerevisiae and assigned to the canonical Omega class (Garcerá et al. 2006). Further analysis 

and structural superimposition with Omega-class cytosolic GSTs, as reported in (Xun et al. 

2010; Meux et al. 2011), suggest that these proteins should be considered a new GST fold. 

Despite assuming a GST canonical fold (a thioredoxin-like domain followed by an all-alpha 

domain), these proteins are complemented with additional structural features: a long 

N-terminal coil (roughly 80 residues), a 30 residues long loop between the strand β2 and 

helix α2 and finally a 20 residues long C-terminal coil. Altogether, these proteins are longer 

than canonical GSTs, with a total of 300 or more residues (Meux et al. 2011).​

LanC GSTs were discovered after assays on mammalian LanC-like protein 1 (LANCL1), 

demonstrating that these proteins, mainly recognized as peptide-modifying enzymes, can 

catalyse the conjugation of GSH to synthetic substrates, similarly to GSTs (Huang et al. 

2014). These cytosolic proteins are longer than canonical GSTs (roughly 400 residues) and 

show a characteristic α,α-toroid fold with a zinc ion bound at the top of the barrel by two His 

residues and a Cys residue (Ongpipattanakul et al. 2023).​

Fosfomycin-resistance proteins (Fos-resistance) are bacterial metalloenzymes that 

inactivate fosfomycin through the addition of nucleophiles to the oxirane ring of the molecule 

(Varotsou et al. 2023). The most well characterized Fos-resistance proteins are FosA, which 

are manganese (Mn+2)- and potassium (K+)-dependent glutathione transferases. These 

bacteria-specific GSTs are short enzymes (130-140 residues) with a distinct fold organized in 

two βαβββ tandem domains connected by a flexible linker (Pakhomova et al. 2004; Shehu et 

al. 2018). The enzyme is catalytically active as homodimers (Varotsou et al. 2023). 
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2.2. Mitochondrial GSTs 

Mitochondrial GSTs (also known as Kappa) are mostly found in the mitochondrial matrix and 

peroxisomes (Morel and Aninat 2011). Similarly to canonical GSTs, these are soluble 

proteins including roughly 200 residues. The subunits are organized into homodimers and 

contain a thioredoxin-like and all-alpha domains. However, the two domains are rearranged 

with respect to the canonical GST fold: the all-alpha domain is placed between the βαβ and 

the ββα motifs of the thioredoxin-like domain (Oakley 2011). As a result the overall structure 

of the two GST families is different. Given the domain sharing, a parallel evolution 

hypothesis has been proposed in (Ladner et al. 2004). 

2.3. Microsomal GSTs 

Microsomal GSTs are members of the MAPEG protein group (Membrane-Associated 

Proteins in Eicosanoid and Glutathione metabolism) (Morgenstern et al. 2011). Each subunit 

is roughly 150 residues long and consists of a 4-helix bundle that packs together to form 

homotrimers (Bresell et al. 2005; Sjögren et al. 2013). The MAPEG family is rich in remote 

homologs (Aloke et al. 2024), with sequence identities that can drop below 15%. 

2.4. Catalytic reaction(s) 

At the basis of the main catalytic activity of GSTs is the ability to reduce the sulfhydryl 

group’s pKa within reduced glutathione (GSH) from 9.0 in an aqueous environment to 

approximately 6.5 when GSH becomes conjugated in the enzyme’s active site; once the GSH 

is reduced in the GST active site, it can spontaneously react by nucleophilic attack with 

electrophilic xenobiotics that are situated in close proximity (Aloke et al. 2024). Therefore, 
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GSTs catalysis occur by simultaneously activating the GSH moiety and binding hydrophobic 

electrophilic compounds. 

Rather than the GST main activity, several GSTs enzymes can also exhibit glutathione 

peroxidase and isomerase activity (Aloke et al. 2024). Additionally, some GSTs, like human 

GSTP1, are able to facilitate S-glutathionylation reactions: this is a protein post-translational 

modification that attaches GSH to a solvent accessible cysteine of an acceptor protein 

(Mazari et al. 2023). Also, several GST isoenzymes have been found to interact with kinases 

involved in regulatory pathways (like stress response, cell proliferation and apoptosis), 

suggesting that these enzymes play relevant roles in signaling (Mazari et al. 2023). 

2.5. Clinical relevance 

GSTs enzymes are highly relevant for human health as they are overexpressed in several 

human pathologies (Lv et al. 2023), when their concentrations can rise to as much as 10% of 

the cell cytosolic protein content under stress conditions (Mukanganyama et al. 2011). 

Pi-class cytosolic GSTs are of particular interest as they are widely expressed in human 

tissues and their overexpression in cancer cells is highly correlated with chemoresistance (Lv 

et al. 2023). 
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3. Machine Learning for Computational Biology 

Machine learning (ML) is a branch of Artificial Intelligence in which computer systems learn 

to perform tasks by directly learning patterns from existing data rather than relying on 

explicitly programmed instructions (Bishop 2016). While first machine learning programs 

were developed in the 1950s, the field experienced important progress only in the 2010s 

thanks to the advances in algorithms (like deep neural networks), hardware (like GPUs) and 

the beginning of the Big Data era (Baldi 2021). Building a ML model is fundamentally a 

data-driven procedure that tries to approximate a high-dimensional mathematical function to 

solve a given problem. ML processes can be divided into two main steps: training and 

inference. During training, the model uses the training data to adjust its internal parameters; 

once trained, it can be used in “inference mode” to generate predictions on new, unseen data. 

ML models can be trained using three distinct strategies: supervised learning, which uses 

labeled training data (i.e., data for which the association between the input and the output 

variables is known); unsupervised learning, which finds patterns in unlabeled data; and 

reinforcement learning, where the model learns optimal strategies to achieve a specific task 

(Baldi 2021). 

Even though recent state-of-the-art models are based on deep neural networks (see next 

sections), earlier breakthroughs were driven by other influential approaches such as Hidden 

Markov Models (Rabiner 1989), Random Forests (Ho 1995) and Support Vector Machines 

(Cortes and Vapnik 1995). It is worth noting that Hidden Markov Models (HMMs) have been 

widely adopted in bioinformatics to model protein domains, with the emergence of databases 

like Pfam (Finn et al. 2007) and InterPro (Paysan-Lafosse et al. 2023).  

Nowadays, machine learning is widely applied across many research domains, including 

computational biology. The following sections of this chapter will address three key aspects: 
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(i) classic strategies to numerically encode protein sequence data; (ii) the main ML models 

relevant for this thesis that expand the discussion on protein encoding; and (iii) a brief 

overview of recent state-of-the-art models for protein structure prediction. 

3.1. Protein sequence encodings based on single sequence and 
Multiple Sequence Alignments 
 

Feeding a machine learning model requires input data to be represented in numerical form. In 

the case of protein sequences, this translates into the challenge of numerically encoding 

amino acid residues. This is not a trivial task as biological sequences contain multiple layers 

of information like residue identity, evolutionary signals, structural and functional features. 

The simplest encoding scheme is the so-called one-hot encoding, in which each residue along 

the sequence is represented by a 20-dimensional binary vector containing a single one and 

nineteen zeros, univocally identifying a residue. While this uniquely identifies each amino 

acid, it fails to capture any deeper information. A major advance over such a simplistic 

approach came with the use of Multiple Sequence Alignments (MSAs). By aligning a query 

protein sequence against homologous sequences retrieved from large databases, an MSA is 

generated: it represents a matrix where homologous residue positions are arranged in the 

same column. From an MSA, a Sequence profile can be constructed by computing the residue 

frequency distribution at each MSA column (Figure 3). This provides a more informative 

representation that reflects the degree of conservation at each site and highlights evolutionary 

constraints across a protein family. The quality of MSAs is influenced by several factors. 

First, the choice of the alignment algorithm is crucial, as different methods try to balance 

speed and accuracy. Over the years several tools have been developed, including the Clustal 

family (Larkin et al. 2007; Sievers et al. 2011), T-Coffee (Notredame et al. 2000), MAFFT 

(Katoh 2002) and others. Moreover, the database used to retrieve similar sequences strongly 
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affects the representativity of the alignment and, consequently, the quality of the resulting 

profiles. Poorly represented protein families give rise to the so-called orphan protein problem, 

in which limited homologous sequences result in poor alignments. 

The recent introduction of protein language models, based on specific deep neural network 

architectures, offers an alternative encoding, that will be better detailed in section 3.2.2, after 

a short introduction to Neural Networks 
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Figure 3. Representation of a sequence profile (b) computed from a Multiple Sequence Alignment (a) 
involving 5 protein sequences. The example shows the frequencies (in percentage) of each residue in a 
region of the MSA. 
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3.2. Neural Networks 

Neural networks have emerged as the main actors of the advances in Artificial Intelligence. 

These models are built upon artificial neurons: computational units, originally inspired by 

biological neurons, that integrate signals from connected inputs and return an output through 

a transfer (or activation) function. Such units can be organized in a simple architecture called 

Perceptron, first proposed in (Rosenblatt 1958). Perceptrons, structured in two layers of input 

and output neurons, process the data in a feed forward manner, as data flow from the input to 

the output. The synaptic weights are the trainable parameters and their value is optimized 

during the training phase in order to reproduce as well as possible the input-output 

associations present in the training set. Unfortunately this model was capable of solving only 

linearly separable problems and was therefore abandoned soon. Artificial neurons and 

perceptrons can be visualized in Figure 4. 
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​
Figure 4. Artificial neurons and perceptrons. (a) A generic artificial neuron receives a set of inputs X 
and associated weights W (both real numbers). This unit computes a weighted sum of the inputs and 
the weights and applies a transfer function g to the result, producing the output Z.. (b) A perceptron 
organized in an input and output layer of neurons, connected by a set of weights; the two layers are 
organized in n and m components, respectively, with n routinely greater than m. The data flows in a 
feed forward direction, from the input to the output. 

​

The interest in neural networks was renewed when it was shown that the introduction of 

additional hidden layers between the input and output layers improve the computational 

ability of the networks, allowing them to address non linear problems. Consequently new 
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algorithms, and in particular the back-propagation, have been introduced for training 

multilayer networks. The efficiency of the training algorithms have limited the possibility to 

adopt complex (non strictly feed-forward) network architectures and to increase the number 

of network layers. The introduction of new computational techniques and the availability of 

more powerful and parallel computers have prompted the emergence of what is now known 

as Deep Learning, which enables the solution of far more complex problems. Over the years, 

the mathematical functions modeled by Deep Learning applications have become more 

complex, leading to improved performance but reduced interpretability. Consequently, these 

models are often considered "black boxes"(Linardatos et al. 2020; Li et al. 2022).  

3.2.1. Transformers 

Transformers are an advanced type of neural network specifically designed to handle 

sequential data, and were originally implemented in (Vaswani et al. 2017) to solve 

sequence-to-sequence tasks such as language translation. Unlike previous architectures, such 

as Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) networks 

(Hochreiter and Schmidhuber 1997), Transformers can process a full sequence in parallel 

rather than sequentially, thanks to the so-called self-attention mechanism. This key 

component enables the model to assign context-dependent weight to relationships between all 

positions of the input sequence, enabling it to capture both local dependencies and long-range 

patterns essential for understanding the global context information. Moreover, the high 

parallelization enables these models to take full advantage of modern hardware, and grow 

both in architecture and training data size.​

Transformers main application is in the field of Natural language processing, where the 

analysed sequences are phrases whose elementary units (tokens) are the words; this 

framework has led to the emergence of the so-called Large Language Models (LLMs). The 
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scope of a Transformer is to associate two sequences (e.g., a sentence in two different 

languages, or the corrupted and the uncorrupted versions of a sentence). To this aim, these 

models use two main trainable blocks: encoder and decoder (Figure 5). After training on a 

huge corpora of texts, the encoder layer derives high-dimensional internal representations of 

the input words, routinely referred to as embeddings. Embeddings capture relationships 

among the input elements, which the decoder layers then exploit to construct the output 

sequence. 

 

​
Figure 5. Simplified version of the Transformer architecture described in (Vaswani et al. 2017). For a 
given input sequence, encoder blocks (left) generate word embeddings that are then processed by the 
decoder block (right) to output a new sequence. Both blocks adopt self-attention mechanisms. The 
model was originally used for language translation tasks. 

 

3.2.2. Protein Language Models 

Transformers have quickly found applications in several fields including bioinformatics, with 

the emergence of Protein language Models (PLMs) (Elnaggar et al. 2020; Ofer et al. 2021). 

26 



Indeed, a protein sequence can be seen as a natural language sentence in which the 20 amino 

acid residues represent all the possible words/tokens. Similarly to LLMs, PLMs are trained 

on a huge amount of sequence data, making them well-suited for the big volume of modern 

biological databases (as discussed in Section 1.7.).​

Research on PLMs has grown fast in the last few years, and different model architectures 

have been explored. They can be mainly classified into three types: encoder-decoder, 

decoder-only and encoder-only (Bepler and Berger 2021; Wang et al. 2025). 

Encoder–decoder architectures follow the design of the original Transformer model and are 

suited for text-to-text tasks. For instance, ProstT5 adopts this architecture to translate protein 

sequences into one-dimensional string representations that encode three-dimensional 

structural information (Heinzinger et al. 2024). Decoder-only architectures are commonly 

used for generation tasks; their training paradigm relies on the prediction of the next residue 

and the comparison with the real one. For example, ProtGPT is an autoregressive, 

decoder-only model capable of generating sequences within seconds (Ferruz et al. 2022).​

During my work I focused on encoder-only models, which include the Evolutionary Scale 

Modeling (ESM) family of PLMs developed at Meta (Rives et al. 2021; Lin et al. 2023). 

These models are used to generate information-rich embeddings for each amino acid residue 

along the sequence. The training objective mostly adopted in these cases is called Masked 

Language Modeling: during training, a set of random positions along the sequence are 

masked and the model is tasked to predict the hidden residue by exploiting the contextual 

information. This training paradigm is called self-supervised because the actual label of the 

training data is already stored in the input (Figure 6). After training, the output block is 

discarded and, given a new input sequence, the resulting embeddings can be extracted.​

PLMs embeddings are high-dimensional, context-aware vectorial representations of residues 

of a protein sequence (Weissenow and Rost 2025). The size D of these vectors depends on the 
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number of hidden states of the transformer layer from which the representations are extracted 

(typically the last one). The final encoding of the protein is therefore a matrix , 𝑒 ∈  𝑅𝑙 × 𝐷

(with l being the protein length), routinely referred to as per-residue (or per-token) 

embedding (Figure 6). Such representations can be used as an alternative way to encode 

protein residues and present advantages over classic encoding strategies like MSA. First, 

although training a PLMs requires high computational resources, it has to be done just once; 

after training, embedding generation is much more cost-efficient than computing a MSA 

through database search. Additionally, ML models trained on PLMs embeddings are better 

performing than counterparts trained on MSA (Weissenow and Rost 2025). ​

Over the years, several PLMs have been developed, differing in their architectures and the 

size of their training datasets. Table 2 summarizes information about popular PLMs, 

highlighting the embedding dimension (D), number of training sequences and trainable 

parameters. 

Table 2. Details about popular Protein Language Models (PLMs). 

PLM Embedding dimension (D) Training dataset size Trainable parameters 

SecVec 32 - 1,024 33 million 93 million 

ProtT5 1,024 2,1 billion 3 billion 

ProtGPT2 1,280 50 million 738 million 

ESM-1b 1,280 250 million 650 million 

ESM2 320 - 5,120 65 million 8 million - 15 billion 

ProGen 1,024 - 4,096 280 million 1.2 billion 

SecVec (Heinzinger et al. 2019), ProtT5 (Elnaggar et al. 2020), ProtGPT2 (Ferruz et al. 2022), 
ESM-1b (Rives et al. 2021), ESM2 (Lin et al. 2023), ProGen (Madani et al. 2023). 
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3.2.3. Embeddings comparison 

Although embeddings can represent single residues, a direct comparison between whole 

protein representations is not trivial due to the different dimensions of the matrices obtained 

from two proteins with different lengths. To address this issue, an operation called pooling 

can be used to compress the per-residue representations (Elnaggar et al. 2022). Pooling works 

by averaging the embedding matrix over the sequence length dimension, resulting in a 

fixed-size vector  encoding the whole protein, called per-protein embedding 𝑒 ∈  𝑅1×𝐷

(Figure 6). With this framework, single proteins can be treated as points in a 

high-dimensional space, and their similarity can be computed by means of distance/similarity 

metrics, such as cosine similarity, cosine distance, euclidean distance and others. However, 

despite the advantages, the averaging procedure of pooling leads to a massive loss of 

information (Schütze et al. 2022; Pantolini et al. 2024). 
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​
Figure 6. During training the Protein Language Model (PLM) is tasked to reconstruct a corrupted 
version of the protein in which residues are randomly masked. To achieve this goal the model is 
forced to derive meaningful and context-aware representations of each residue of the sequence (left). 
After training (right), these internal representations, referred to as per-residue embeddings, can be 
used to encode residues of a new sequence. Per-residue embeddings are represented as matrices 

, where  depends on the architecture of the PLM used and  indicates the length of the 𝑒 ∈  𝑅𝑙 × 𝐷 𝐷 𝑙
input protein. Through pooling, these representations can be further compressed into compact 

per-protein embedding vectors . 𝑒 ∈  𝑅1×𝐷

​

A recent alternative to compare protein embedding is the Embedding-based Alignment 

(EBA) algorithm (Pantolini et al. 2024), that exploits the full per-residue embedding 

representation. The algorithm computes a pairwise distance matrix of per-residue 

embeddings, evaluating the Euclidean distance of all embedded residues. These values fill a 

matrix of dimension  (where  and  are the lengths of the two proteins, respectively) 𝑙
1

× 𝑙
2
 𝑙

1
𝑙

2

that provides the substitution scores for a pairwise alignment based on a classic dynamic 

programming approach. The final score  of the algorithms is then normalized by the 𝑠
𝑎𝑙𝑖𝑔𝑛

length of the longer or shorter sequence of the pair, obtaining two alternative normalized 

scores:  and  respectively (Figure 7).  𝐸𝐵𝐴
𝑚𝑖𝑛

𝐸𝐵𝐴
𝑚𝑎𝑥
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Figure 7. Procedure to compare two protein embeddings with Embedding-based Alignment (EBA). 
Two protein sequences of length  and  are embedded with a given Protein Language Model. The 𝑙

1
𝑙

2

two embeddings can then be used as input to the EBA algorithm, which performs a dynamic 
programming alignment. The tool outputs a raw score ( ) that can then be normalized by the 𝑠

𝑎𝑙𝑖𝑔𝑛

length of the longest or shortest sequence of the couple, obtaining two alternative scores:  and 𝐸𝐵𝐴
𝑚𝑖𝑛

. 𝐸𝐵𝐴
𝑚𝑎𝑥

 

Whenever the length difference is large, the resulting higher  reflects the fact that the 𝐸𝐵𝐴
𝑚𝑎𝑥

shorter sequence is entirely contained in the longest. In this cases,  is much lower 𝐸𝐵𝐴
𝑚𝑖𝑛

since the longer sequence is only partially aligned. Therefore, a high  ensures that 𝐸𝐵𝐴
𝑚𝑖𝑛

both sequences are globally aligned. 

3.3. Protein structure prediction methods 

Deep learning procedures, including transformers and protein language models, are at the 

basis of the modern breakthrough techniques for addressing the so called protein-folding 

problem, that is the implementation of a model that allows to predict the protein structure 

starting from its sequence, addressing the large gap between the number of known protein 

sequences and experimentally resolved protein structures. In recent years, major advances 

have been achieved by state-of-the-art deep learning models like AlphaFold2 (Jumper et al. 

2021) and ESMFold (Lin et al. 2023), developed by DeepMind and Meta, respectively. 
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AlphaFold2 showed impressive results at the 14th Critical Assessment of Protein Structure 

Prediction (CASP14) (Kryshtafovych et al. 2021) and was awarded with the Nobel Prize in 

Chemistry in 2024. The model, given a protein sequence, integrates an attention-based 

module, called Evoformer, to extract evolutionary information derived from previously 

computed MSAs; then, the structure is predicted through a structure module. During 

inference, the model performs a database search to find structures from homologous 

sequences to use as templates. Despite the impressive performance the model presents 

limitations based on the issues regarding MSAs. Moreover, its prediction accuracy is highly 

impacted by the availability of template structures.​

Similarly to AlphaFold2, ESMFold (Lin et al. 2023) adopts a structural fold but replaces the 

MSA block with ESM2 PLM encoding and a folding trunk; the entire process lacks any 

structural template search. Given the alignment-free strategy, the model is much faster and 

cost-efficient than AlphaFold2. For both algorithms, the quality of the predicted models can 

be assessed using the pLDDT (predicted Local Distance Difference Test) score, which 

provides a per-residue confidence measure ranging from 0 to 100 (Mariani et al. 2013).​

Being based on different input encoding and procedures, the two methods can provide two 

different models for the same sequence and an important task is to compare them, to provide 

criteria for their assessment and to identify the proteins and the protein regions where the 

methods perform similarly or differently. To this aim, a recent database, Alpha&ESMhFold 

(Manfredi et al. 2024), provides a large-scale comparison between AlphaFold2 and ESMFold 

models of proteins derived from the human Reference Proteome. When compared to 

available PDB structures the two methods compute similar models and AlphaFold2 performs 

slightly better, while when a structural template is unavailable the two computed models can 

significantly diverge. I collaborated in implementing the updated version of 

Alpha&ESMhFolds (now under revision for publication), which now includes external 
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evaluations of the model quality and the possibility to functionally annotate the proteins by 

mapping Pfam domains (as described in chapter 6). 
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4. Testing the Capability of Embedding-Based 
Alignments on the GST Superfamily Classification: The 
Role of Protein Length 
 

In (Vazzana et al. 2024) we leveraged PLMs to test the capabilities of embeddings on the 

GST superfamily annotation problem. In the following analysis we compared the GST class 

annotations obtained using Embedding-based Alignment (EBA) algorithm (Pantolini et al. 

2024) with those produced by UniProt’s automatic annotation framework, as defined by 

Association-Rule-Based Annotator (ARBA) and UniRules (MacDougall et al. 2020). ARBA 

rules assign protein family level annotation using InterPro (Paysan-Lafosse et al. 2023) 

member databases (including Pfam (Finn et al. 2007; Mistry et al. 2021)), which adopt HMM 

models to detect occurrences of functional domains along protein sequences. ​

After the selection of a Reference dataset, we performed a large-scale testing, leveraging the 

recent ESM2-15b PLM (Lin et al. 2023) and measuring embedding similarity with EBA (see 

section 3.2.3.). We found that the procedure is successful in sequence annotation, particularly 

when the sequence length of the proteins is conserved with respect to those included in the 

Reference set. With this constraint, we classified 26,180 proteins from a dataset of 64,207 

unclassified GSTs extracted from UniProt. 

4.1. Materials and Methods 

4.1.1. Datasets generation 

From UniProt (The UniProt Consortium et al. 2023) (release 2024_01), we collected GST 

proteins including “Glutathione S-transferase” and/or “Glutathione transferase” in the protein 

name, endowed with PDB structure or high-confidence AlphaFold2 model (with a per-protein 
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average pLDDT value ≥ 70). We retained a final Reference dataset with 284 proteins (Table 

3). With a similar search we collected TrEMBL GST entries without PDB structure; when 

successful, ARBA rules classify these proteins as belonging to a particular GST class. After 

additional filtering procedures we retained a Testing set with 15,061 GSTs with class 

annotation and a Trial set with 64,207 GST proteins without class annotation. The three 

datasets are available at https://bar.biocomp.unibo.it/GST_Datasets/index. 

4.1.2. Embeddings generation 

Among the several available PLMs (Asgari and Mofrad 2015; Heinzinger et al. 2019; 

Elnaggar et al. 2020; Rives et al. 2021), we selected the Evolutionary Scale Modeling 

(ESM2) family of encoder-only PLMs (developed at Meta), as they represent recent, 

high-performing, and widely adopted models. Moreover, their embeddings have been used to 

train ESMFold (Lin et al. 2023). We adopted the ESM2-15b, the biggest model of the ESM2 

family with 15 billion parameters, trained on 65 million sequences (Lin et al. 2023). For each 

protein in the three datasets, we extracted the ESM2-15b representations following the 

instructions and scripts available at https://github.com/facebookresearch/esm (accessed on 1 

November 2022). Given an input protein of length , ESM2-15b outputs per-residue 𝑙

embeddings with ; therefore, the final encoding of each sequence is a matrix 𝐷 = 5, 120

. 𝑒 ∈  𝑅𝑙 × 5,120

4.1.3. Embedding Based Alignment for GST annotation 

To compare two per-protein embeddings we adopted the Embedding-based Alignment (EBA) 

method (Pantolini et al. 2024), available at https://git.scicore.unibas.ch/schwede/EBA (See 

section 3.2.3. for details). Following the author’s suggestion (Pantolini et al. 2024) and 
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considering template structure conservation as an essential element of knowledge transfer 

(Lesk 2016) we adopted the  value as final score between two protein embeddings. 𝐸𝐵𝐴
𝑚𝑖𝑛

4.2. Results and Discussion 

4.2.1. Fishing for Transfer of Annotation 

The annotation transfer procedure is described in Figure 8: we computed the  score 𝐸𝐵𝐴
𝑚𝑖𝑛

between each query protein embedding in the Testing/Trial dataset and all embeddings of the 

Reference set. The query protein inherits the class annotation of the highest-scoring reference 

protein, allowing a bait protein to effectively “fish” for its prey. 

 
Figure 8. Embedding-based alignment for GST protein classification. “Fhishing” refers to the 
proteins of the Reference dataset (Table 3) that have been used as “baits” to annotate new proteins. 
“Shallow waters” refers to the ARBA-classified GSTs of the Testing set (Table 4), whereas “Deep 
Sea” refers to the ARBA-unclassified GSTs of the Trial set (Table 5). Color matching is indicative of 
the affinity of baits and preys. 
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4.2.2. The Reference Dataset 

Table 3 shows the Reference dataset, which comprises a total of 284 high-quality GST 

proteins that have been used as seed of information for the transfer of knowledge. The set is 

characterized by six folds grouped into 20 GST, with the first 15 classes belonging to the 

canonical fold (see chapter 2 for details). The entries are listed according to their GST classes 

(rows) and taxonomic groups (columns, as reported in NCBI 

(https://www.ncbi.nlm.nih.gov/Taxonomy/Browser/wwwtax.cgi)). The “Length” column 

shows the minimum and maximum protein lengths observed for each GST class. This range 

defines the “Reference Length Region” (RLR), which corresponds to the length interval 

ensuring fold conservation within the reference proteins of a given GST class. The “Seq. Id. 

Range (%)” column shows the minimum and maximum sequence identity found within a 

given class. The “Fold” column shows the crystal structure of one of the entries selected as 

representative of the fold group. From the table it is evident the taxon-specificity of some 

GST classes: for instance Tau, Lambda, Phi and DHAR are only found in plants 

(Viridiplantae) and Beta GSTs are only found in Bacteria. 
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Table 3. The Reference dataset with 284 sequences 
Classes Bact. Amoeb. Fungi Virid. Plat. Nem. Arth. Moll. Actin. Amph. Aves Mamm. Total class Length Seq. Id. Range (%) Fold 

Mu - - - - 11 (9*) - 3 (2*) - - - 1 (1) 28 (8*) 43 (20*) 211-225 22-98  
Sigma - - - - - 9 (2) 7 (4*) 1 (1) - - 1 3 (2) 21 (9*) 199-249 25-94  
Alpha - 1 - - - - - - - - 2 (1) 18 (10*) 21 (11*) 222-229 29-96  

Pi - - - - - 5 (2*) - - - 2 - 12 (3) 19 (5*) 207-210 32-99  
Theta - - - - - - - - - - - 12 (3) 12 (3) 240-244 40-99  

Delta-Epsilon - - - - - - 32 (15*) - - - - - 32 (15*) 208-271 25-99  
Omega - - - - - 3 2 (2*) - - - - 7 (2) 12 (4*) 240-256 23-93  

Zeta 3 (3*) - 1 (1) 3 (1) - 1 - - - - - 3 (2) 11 (7*) 212-221 33-95  
Rho - - - - - - - 1 (1*) 1 - - - 2 (1*) 223-225 41 (8GSS) 

DHAR - - - 3 (3) - - - - - - - - 3 (3) 213-213 66-76  
Tau - - - 34 (5*) - - - - - - - - 34 (5*) 217-231 30-98  

Phi - - - 25 (11*) - - - - - - - - 25 (11*) 212-221 31-95  

Lambda - - - 3 - - - - - - - - 3 235-237 56-73  
Beta 4 (3) - - - - - - - - - - - 4 (3) 201-203 36-54  

HSP26 3 (3) - - - - - - - - - - - 3 (3) 202-212 22-60  
Omega-like - - 4 (1) - - - - - - - - - 4 (1) 313-370 44-63        (5LKD) 

FosA 2 (2) - - - - - - - - - - - 2 (2) 135-141 59      (1NPB) 

LanC - - - - - - - - 1 - - 4 (1) 5 (1) 399-405 63-96           (8D19) 

Kappa - - - - - 2 - - - - - 3 (2) 5 (2) 225-226 28-86    
(3RPN) 

MAPEG - 1 - - - - - - - - - 22 (5) 23 (5) 146-155 12-98   

        (4AL0) 
Total taxon 12 (11*) 2 5 (2) 68 (20*) 11 (9*) 20 (4*) 44 (23*) 2 (2*) 2 2 4 (2) 112 (38*) 284 (111*)    

The 284 proteins are listed by classes (rows) and taxonomic groups (columns). The first 15 classes belong to the canonical fold GSTs. The number of proteins with a PDB 
reference is specified inside round brackets; (*) indicates that at least one entry in the set belongs to TrEMBL. Dashed horizontal lines discriminate classes in the same 
sub-cellular location. The “Length” column displays the shortest and the longest protein sequence found in each class. The Seq.Id. (%) column shows the minimum and 
maximum sequence identity percentage found within each class (for classes with only two representatives, the sequence identity between the two is shown). Abbreviations 
used: Bact., Bacteria; Amoeb., Amoebozoa; Virid., Viridiplantae; Plat., Platyhelminthes; Nem., Nematoda; Arth., Arthropoda; Moll., Mollusca; Actin., Actinopterygii; 
Amph., Amphibia; Mamm., Mammalia. 
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4.2.3. Testing and Trial Datasets 

Tables 4 and 5 show the classification results of the Testing and Trial datasets, respectively. 

The 15,061 GSTs of the Testing dataset are endowed with a class annotation provided by 

ARBA rules, which leverages the presence of specific features, like InterPro signatures, 

within a specific taxa to infer GST class annotation. As an example, the GST Omega-class 

annotation can be transferred if the sequence matches two InterPro signatures (IPR004045 

and IPR050983) and the organism is a Metazoa 

(https://www.uniprot.org/arba/ARBA00011067). To note that ARBA-annotated sequences of 

this dataset can be shorter or longer than sequences of the Reference dataset belonging to the 

same class.​

The Trial dataset is endowed with 64,207 proteins that lack any class annotation, indicating 

that ARBA rules were unable, for these GSTs, to infer a specific class. 

4.2.4. Testing the Embedding Alignment Method in Shallow waters 

The main difference between ARBA and EBA is that ARBA classifies proteins after finding 

conserved domains and/or motifs that are typical of the GST superfamily, without any 

constraint on the sequence length of the protein, while EBA considers the pairwise global 

alignment of two embedded sequences. Adopting proteins of the Reference dataset as seed of 

information, we followed the knowledge that a transfer of classification is reliable when the 

protein fold is conserved (Lesk 2016), and this implies that the protein length is conserved. 

With this respect, classification results on the Testing dataset are shown in Table 4, which is 

divided into three column blocks according to the length of the specific ARBA-annotated 

entry with respect to the Reference Length Region (RLR) of the same class: within (RLR), 

below (<RLR) or above (>RLR) the Reference Length Region. This division identifies the 
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fraction of the GST proteins (within the range of length of the reference proteins, RLR) 

which conserve the structure. The table reports for each GST class (rows): the UniProt 

ARBA classifications (“Exp” columns), the EBA derived classifications (“Pred” columns), 

the length of the shorter and longer sequence of the block (RLR, <RLR and > RLR columns), 

their range of sequence identity (“Pred SI” columns) and, in the ” <RLR” and “>RLR” 

blocks, the number of errors (“Errors” columns). In the RLR subset we identified 76 remote 

homologs with respect to the Reference set distributed in four classes (Mu, Sigma, Omega 

and Kappa, see https://bar.biocomp.unibo.it/GST_Datasets/index.htm). In the RLR subset, 

only two Mu-class GSTs are misclassified as Sigma-class by EBA: UniProt IDs: 

A0A1I8FWQ8 and A0A1I8J3A2. However, sequence comparison of the two proteins with 

the Sigma and Mu-class reference proteins indicates that they share higher sequence identity 

with the Sigma than Mu GST reference proteins (33% and 28% sequence identity, 

respectively). Out of the 3D conservation range, the method is any way successful: the 

prediction accuracy of our method with respect to ARBA in classifying proteins is very high 

(99.3%). 
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Table 4. Compare EBA with ARBA classification in the “shallow waters” of the Testing dataset GSTs. 

  ARBA Within Reference Length Range (RLR) Below Reference Length Range (< RLR) Above Reference Range (>RLR) 
Class Total Exp Pred Pred SI Exp               Pred Pred SI Errors Exp             Pred Pred SI Errors 

  (#) (#) (#) RLR (%) (#) (#) <RLR (%) (#) (#) (#) >RLR (%) (#) 
Mu 1706 981 979 211-225 10-99 355 349 140-210 8-99 6 370 335 226-475 9-99 35 

Sigma 694 592 592 199-249 20-99 66 66 109-198 21-99 - 36 36 250-499 3-99 - 
Alpha 1520 734 734 222-229 17-99 495 471 113-221 13-99 24 291 289 230-487 10-99 2 

Pi 609 323 323 207-210 24-99 158 158 120-206 21-99 - 128 124 211-488 20-99 4 
Theta 1428 560 560 240-244 25-99 545 540 104-239 16-99 5 323 323 245-491 1-99 - 

Delta-Epsilon 822 715 715 208-271 18-99 68 68 102-207 15-99 - 39 39 272-478 10-99 - 
Omega 1349 556 556 240-256 11-99 617 597 101-239 6-99 20 176 176 257-474 10-99 - 

Zeta 728 268 268 212-221 26-99 122 122 139-211 22-99 - 338 338 222-433 2-99 - 
DHAR 10 - - 213-213 - 7 7 107-212 6-97 - 3 3 214-465 37-99 - 

Tau 1342 851 851 217-231 23-99 222 219 202-216 6-99 3 269 268 232-449 3-99 1 
Phi 1711 1066 1066 212-221 25-99 177 177 149-211 20-99 - 468 468 222-491 2-99 - 

HSP26 433 363 363 202-212 33-99 48 48 196-211 40-99 - 22 22 213-227 40-99 - 
LanC 450 177 177 399-405 45-99 109 109 126-398 4-99 - 164 164 406-490 32-99 - 
Kappa 1148 230 230 225-226 17-99 554 554 189-224 12-99 - 364 364 227-257 12-99 - 

MAPEG 1111 687 687 146-155 7-99 143 143 101-145 3-99 - 281 281 157-363 6-99 - 
Total 15,061 8103 8101     3686 3628     58 3272 3230     42 

The Testing set includes 15,061 GST proteins classified by the ARBA rule system. From Table 3 we derived the reference length range (RLR) of GST 
proteins with a reference fold per each class. For the sake of fold conservation, we grouped GST proteins with a length included in the range (RLR), below the 
range (<RLR) and above range (>RLR). We also show the range of sequence identity per EBA-found GST class (Pred SI). EBA errors are mainly found on 
<RLR and >RLR regions. Exp = ARBA expected; Pred = EBA classification. Pred SI = Sequence identity among predicted and reference class (Table 3); # = 
Number of. 
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4.2.5. Fishing in the Deep Sea 

We adopted EBA to classify 64,207 ARBA-unclassified GST proteins (Table 5). We show the 

results of each GST class (rows) and taxon (columns) only for proteins whose length is in the 

length range of fold conservation (“Within RLR” row). In this subset we were able to classify 

26,180 proteins (41% of the total). Out of the Reference Length Region we could transfer 

class to another 58% GST proteins (“Below RLR” and “Above RLR” rows). The range of 

classes seems to increase, particularly in GST proteins from bacteria, and this can be 

explained by considering the new bacterial genomes recently included in TrEMBL.​

Overall, we propose the EBA classification procedure as a valid annotation system, 

considering that sequence embeddings carry along information on structural templates, motifs 

and domains of the family, and are able to recover remote homologs. 
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Table 5. Classifying GST proteins in the “deep sea” with the Embedding-based alignment method 
Class Bacteria Amoeb. Fungi Virid. Plat. Nematoda Arth. Moll. Actin. Amph. Aves Mamm. Others Total class 
Mu 5 - 33 4 6 12 74 7 5 - - 7 96 249 

Sigma 30 - 87 14 - 480 133 82 11 3 73 130 376 1419 
Alpha 21 - 13 7 - 11 1 1 2 - 1 6 49 112 

Pi - - 37 2 - 6 4 - - 1 - 4 33 87 
Theta 13 - - 10 - - 1 3 2 - - 30 5 64 

Delta-Epsilon 1949 9 498 8 - - 1642 1 5 - - 4 74 4190 
Omega 87 - 112 5 1 - 1 - - - - - 10 216 

Zeta 1397 - 22 7 - - - - - - 1 - 21 1448 
Rho 524 - 22 - - - - 5 197 - - - 9 757 

DHAR 1 - - - - - - - - - - - - 1 
Tau 1555 - 30 2401 - 1 - - 1 - - - 41 4029 
Phi 3694 5 772 60 - - - 1 1 - - 1 57 4591 

Lambda - - 3 63 - - - - - - - - - 66 
Beta 1569 - 4 - - - 1 - - - - - 15 1589 

HSP26 2539 - 9 1 - - - - - - - - 27 2576 
Omega-like 2746 1 298 39 - - 2 - 4 - 2 21 200 3313 

FosA 306 - - - - - - - - - - - 2 308 
LanC - - - - - - - - - - - - 1 1 
Kappa - - 8 - - - - - 1 - - - - 9 

MAPEG 39 1 230 108 3 - 347 24 141 11 48 44 159 1155 
Within RLR 16475 16 2178 2729 10 510 2206 124 370 15 125 247 1175 26180 
Below RLR 11288 6 626 1493 66 237 443 52 426 39 159 509 677 16021 
Above RLR 12917 22 3743 2260 18 119 388 45 342 15 56 148 1007 21080 

Total per taxon 41075 44 6582 6851 99 883 3063 222 1157 69 345 928 2889 64207 

The trial set contains 64,207 GST ARBA-unclassified proteins. GSTs classes are distributed by rows, whereas taxonomic groups are distributed by columns. 
The EBA method classifies 26,180 proteins whose range of lengths (within RLR) ensures structure conservation with respect to baits.  
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5. Can Human Canonical Glutathione S-Transferases 
Act as RNA-Binding Proteins? 
 
The interaction between RNA and RNA-binding proteins (RBPs) play crucial roles in many 

aspects of RNA metabolism, including splicing, transport, translation, localization, stability 

and degradation (Curtis and Jeffery 2021). Recent RNA–interactome capture studies (RIC) 

(Castello et al. 2016) have revealed several proteins with previously unrecognized 

RNA-binding activity. With this respect, the RBP2GO database (Caudron-Herger et al. 2021) 

collects newly identified RBPs candidates from 13 organisms, including Homo sapiens. Such 

evidence suggests that certain proteins, already known for their important biological roles, 

can perform multiple functions by “moonlighting” as RBPs (Curtis and Jeffery 2021). 

Additionally, a novel study (Li et al. 2024) addressing the role of RBPs in mammalian 

spermatogenesis, has identified new candidate RBPs in mouse male germ cells (mMGCs). 

From this starting point (Li et al. 2024) we focused on three candidate RBPs belonging to the 

GST superfamily and specifically members of the canonical Mu-class GSTs. To our 

knowledge, there is no annotation record of interaction between GSTs and RNA. Based on 

this, we found two human Mu-class GSTs homologous to the three mouse proteins in the 

RBP2GO database. In addition, we found three more canonical GSTs belonging to the Pi, 

Omega and Zeta classes in the RBP2GO database, for a total of five human GSTs possibly 

behaving like RNA-binding proteins, given the evidence that all canonical GSTs share the 

same structure (Mazari et al. 2023). Overall, these studies suggest that canonical GSTs may 

bind RNA, although they do not provide information regarding the RNA species involved or 

the molecular details of the interaction. Therefore, we conducted a computational analysis of 

the RNA-binding sites on human GSTs by leveraging recent machine learning algorithms and 

docking programs (Vazzana et al. 2026). Our findings suggest that a GST–RNA interaction is 

44 



physically reliable and hints for a potential overlap between RNA-binding sites and residues 

responsible for binding with GSH. 

5.1. Materials and Methods 

5.1.1. RBP2GO Database 

RBP2GO database (Caudron-Herger et al. 2021) (available at https://rbp2go.dkfz.de/ , last 

release August 2023) ranks proteins based on their occurrence in recent RNA proteomic 

studies. The database defines an RBP2GO score that ranges from 0 to 100, reflecting the 

probability of a protein to be an RBP. The score is calculated considering two indicators of 

RBP propensity: (i) the frequency of a given protein to be listed as RBP in the different 

datasets stored in the database and (ii) the average frequency of interactions with RBP 

proteins according to STRING (Szklarczyk et al. 2023) (https://string-db.org/). 

5.1.2. Prediction of RNA-binding sites and Molecular Docking validation 

We adopted two high-performing structure-based models to predict RNA-binding sites on the 

candidate RBPs GSTs: PST-PRNA (Li and Liu 2022) and GraphBind (Xia et al. 2021). Both 

methods adopt deep learning architectures that employ a convolutional neural network 

(PST-PRNA) and a hierarchical graph neural network (GraphBind). We validated the 

predictions obtained with Molecular Docking: this technique leverages computational 

methods to approximate a ligand–receptor complex with an energetically favorable geometry, 

aiming to (ideally) replicate an experimental binding mode (Meng et al. 2011). For our 

annotation task we adopted AutoDock Vina (Trott and Olson 2010; Eberhardt et al. 2021), a 

very popular molecular docking program that, in addition to the complex conformation, 

computes the binding affinity between the receptor and the ligand. During data preparation, 

the user can define a confined search space with a grid box on the receptor molecule to help 
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the program dock the ligand on a preferred region, which is useful when there is prior 

knowledge about putative binding sites. In our experiments, we adopted a sufficiently wide 

grid box to accommodate both GSH and RNA molecules. 

5.1.3. Surface charge characterization 

RNA molecules are polyanions due to the presence of negatively charged phosphate groups; 

consequently, most protein–RNA interfaces are enriched in positively charged residues 

(Corley et al. 2020). We characterized the electrostatic properties of protein surfaces using 

two tools, PDB2PQR and adaptive Poisson-Boltzmann solver (APBS) (Jurrus et al. 2018), 

directly from the web server (https://www.poissonboltzmann.org/). PDB2PQR prepares the 

structures for continuum solvation calculations and computes the protonation state of 

residues, whereas APBS computes the electrostatics of a protein by solving the equations of 

continuum electrostatics. 

5.2. Results and Discussion 

5.2.1. Human GSTs in RBP2GO 

The five human canonical GSTs identified as candidate RBPs in the RBP2GO database are 

shown in Table 6. The best-ranking human GSTs are GSTP1 and GSTO1, with RBP2GO 

scores of 10.3 and 6.5, respectively. Even with low scores, the proteins appear in multiple 

RNA–proteomic studies: seven for GSTP1 (Beckmann et al. 2015; Milek et al. 2017; Mullari 

et al. 2017; Bao et al. 2018; Huang et al. 2018; Urdaneta et al. 2019; Backlund et al. 2020) 

and four for GSTO1 (Mullari et al. 2017; Queiroz et al. 2019; Urdaneta et al. 2019; Backlund 

et al. 2020). GSTP1 is of particular interest as it is a well-studied protein that is highly 

involved in several aspects of human health (Goto et al. 2009; Simic et al. 2022). 
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Table 6. Candidate RNA binding human GSTs in RBP2GO.  

Gene 
Name 

UniProt 
ID 

Protein Name 1Class 2PDB 3RBP2GO​
score 

4Pub No 

GSTP1 P09211 Glutathione 
S-transferase P 

Pi 8GSS chain A 10.3 7 

GSTO1 P78417 Glutathione 
S-transferase 

omega-1 

Omega 5YVN chain A 6.5 4 

MAAI​
(GSTZ1) 

O43708 Maleylacetoace
tate isomerase 

Zeta 1FW1 chain A 3.8 2 

GSTM2 P28161 Glutathione 
S-transferase 

Mu 2 

Mu 1XW5 chain A 3.1 2 

GSTM3 P21266 Glutathione 
S-transferase 

Mu 3 

Mu 3GTU chain B 2 1 

1Class: refers to the class of the GST protein in UniProt. ​
2PDB: identifiers of the PDB representatives of the GST proteins.​
3RBP2GO-score: entries are ranked according to the RBP2GO-score (described in section 5.1.1.).​
4Pub No: number of publications in which the protein has been reported. 

 

5.2.2. Prediction of RNA-binding sites in GST proteins 

The predictions of the eight proteins (three mouse GSTs from (Li et al. 2024) and five human 

GSTs from Table 6) are shown in Figure 9 and Figure 10: the former shows the predicted 

sites on the protein sequences (displayed on a MSA obtained from multiple structural 

alignment computed with Foldmason (Gilchrist et al. 2024) available at 

https://search.foldseek.com/foldmason), whereas the latter shows the same predictions 

projected in the 3D structures. In Figure 9, it appears that GSH-binding residues (in red) are 

consistently predicted as RNA-binding sites by the two methods in the N-terminal domain of 

the proteins (which contains the GSH-binding site, G-site). Figure 10 shows that 
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RNA-binding site predictions are found close to the G-site, and that sites predicted in the 

C-terminal domain are mainly located in the first helix (first C-ter helix in Figure 10), which 

is close to the G-site in the 3D structure of the enzymes. 
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Figure 9. MSA of mouse and human GSTs after multiple structural alignment. High quality 
AlphaFold2 models are used for mouse GSTs. GSH-binding residues are in red. RNA-binding 
residues predicted with PST-PRNA and GraphBind, are colored in green and magenta, respectively. 
Residues belonging to the N and C-terminal domains are grey and yellow-shaded, respectively.  
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​
Figure 10. Predictions of Figure 9 projected on 3D models. PST-PRNA, GraphBind and consensus 
predicted RNA-binding residues, are colored in green, magenta and orange, respectively. The 
backbone is color-coded in grey (N-terminal domain) and yellow (C-terminal domain). Protein 
structures are shown from two perspectives: i) facing the side that displays the G-site (left), and after a 
180° rotation with respect to the G-site face (right).  
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5.2.3. Docking validation 

No clear identification of RNA sequences interacting with the GSTs has been reported in 

RNA proteomic studies of Table 6. To select a proper RNA substrate for the docking 

validation procedure we considered that short RNA molecules would better simulate 

protein–RNA interactions and lighten the docking procedure. We found two human miRNA 

molecules co-crystallized with the respective binding proteins: the 7 nucleotides 

primiR-18a-oligo1 in complex with DDX17 (PDB ID: 6UV4) (Ngo et al. 2019), and the 11 

nucleotides pri-miRNA-18a terminal loop in complex with hnRNP A1 (PDB ID: 6DCL) 

(Kooshapur et al. 2018). For the docking experiment we selected GSTP1 as representative 

GST, being the highest-scoring human GST in the RBP2GO database (see Table 6). For sake 

of comparison, we performed a couple of redocking experiments (i.e., docking 

experimentally known binding partners): GSTP1 with GSH and the 7 nucleotides 

primiR-18a-oligo1 with its co-crystallized binding partner (DDX17), shown in Table 7. 

GST-RNA docking was performed both on the monomer and dimer of GSTP1, and the results 

are shown in Table 7 and Figure 11, respectively.  
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Table 7. Validating GST-RNA interaction with AutoDock Vina 

1Docking 
partners 

2AutoDock 
Best pose 
and Mean 
Affinity 
(kcal/mol) 

3Literature 
Affinity 
(kcal/mol) 

4Docking results 5LigPlot+ 

*GST Pi 
(8GSS) ​

+ ​
GSH 

(8GSS) 
 

Redocking 

-5.1​
(Mean 

-4.7±0.2) 

-5.3 ᐞ​
-4.6 ᐜ 

  

°GST Pi 
(8GSS) ​

+ ​
miRNA 
(6UV4) 

-8.5​
(Mean 

-8.0±0.2) 

Not available  

 
 

°GST Pi 
(8GSS) ​

+ ​
miRNA 
(6DCL) 

-8.6​
(Mean 

-8.1±0.2) 

Not available 

 

 

*DDX17 
(6UV4) ​

+ ​
miRNA 
(6UV4) 

 
 

Redocking 

-9.6​
(Mean 

-9.5±0.1) 

-8.8 ᐪ​
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Legend to Table 7.​
1Docking partners supported by structural evidence in the PDB are tagged with (*) whereas docking 
partners with no structural support in the PDB are tagged with (°). ​
2Affinity of the best pose (among 20 different ones) and the mean affinity (with standard deviation) 
across poses computed by AutoDock Vina.​
3Affinity computed from the experimental Kd values reported in literature.​
ᐞAffinity values computed on the dimer (Lo Bello et al. 1997).​
ᐜAffinity values computed on the monomer (Fabrini et al. 2009).​

ᐪAffinity values reported in (Ngo et al. 2019).​
4Docking results: the interacting residues are derived from the 2D diagram (obtained with LigPlot+ 
(Laskowski and Swindells 2011)), and define the blue and yellow pockets of the GSH and RNA, 
respectively. Ligands of the original PDB, when available, are colored in green and docked ligands are 
colored in red. Interacting residues of docked structure with structural evidence show high overlap 
with the PDB counterpart.​
5LigPlot+ 2D diagram of the best pose. 

 

 
 
Figure 11. Docking obtained with AutoDock Vina on the GSTP1 dimer (PDB: 8GSS). LigPlot+ 2D 
diagrams are reported on the right side of the respective docking results. The interacting residues are 
derived from the corresponding LigPlot+ 2D diagram and define the blue and yellow pockets of the 
GSH and RNA, respectively; miRNA molecules are colored in red. ​
A) Best pose docking results with the 7 nucleotide-containing miRNA. Best pose: Affinity -9.3 
kcal/mol. Overlapping residues with GSH-binding sites: Tyr7, Phe8, Arg13, Trp38, Lys44, Gln51, 
Leu52 (Chain A). 
B) Best pose docking results with the 11 nucleotide-containing miRNA. Best pose: Affinity -9.6 
kcal/mol. Overlapping residues with GSH-binding sites: Phe8, Arg13, Trp38, Lys44, Gln51 (Chain A) 
and Tyr7, Phe8, Trp38, Gln51 (Chain B). 
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Overall, deep learning models predictions and molecular docking are coherent, and RNA 

molecules successfully dock into the G-site pocket. Moreover, among the 11 residues binding 

GSH in the GST Pi+GSH complex, a total of six residues are also in interacting behavior in 

both GST Pi+miRNA docked complexes: Tyr7, Phe8, Arg13, Trp38, Gln51 and Gln64. 

Analysing the interaction diagram, we observed that the GST-RNA binding interactions 

mainly involve the backbone of the RNA molecule, either the phosphate group or ribose 

sugar, hinting for nonspecific interactions. Computed binding affinities were similar for both 

miRNA molecules and similar to the affinity of DDX17 with its miRNA (see Table 7). 

Favorable binding affinities have been also computed on the GST Pi dimer+miRNA (Figure 

11). In Figure 12 protein surface charge reveals that the G-site of GSTs is positively charged, 

similarly to the RNA-binding pocket of DDX17. 

 
Figure 12. Structure surface charges comparison between GSTP1 (PDB ID: 8GSS chain A) and 
DDX17 (PDB ID: 6UV4 chain A). Electrostatic potentials are on a [-3, 3] red–white–blue colormap in 
units of kJ/mol. A). On the left side, cyan and yellow circles highlight the G-site pocket and RNA 
binding surface, respectively, of GSTP1 and DDX17. Both GSTP1 G-site pocket and DDX17 
RNA-binding region show a positively charged surface. B) The right side shows the two structures 
rotated by 180°. Interestingly positive charges appear only on GSTP1 accessible surface, consistently 
with the residues predicted as RNA-binding sites by the predictors (Figure 9 and Figure 10). 
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These findings suggest that canonical GST-RNA interaction is possible, and that, under stress 

conditions, the increase in the concentration of GSH (up to millimolar concentration (Lu 

2013)) and the increased expression of GSTs (Lv et al. 2023)) favor the protein role as 

glutathione-S transferases (Fabrini et al. 2009). 
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6. AlphaFold2 and ESMFold: A large-scale pairwise 
model comparison of human enzymes upon Pfam 
functional annotation 
 
Alpha&ESMhFolds is a web server (Manfredi et al. 2024) collecting AlphaFold2 (Jumper et 

al. 2021) and ESMFold (Lin et al. 2023) models of 42,942 proteins extracted from the human 

Reference Proteome (UP000005640, available at UniProt (The UniProt Consortium et al. 

2023)).  

The original web server provides the possibility to analyse the structural superimposition of 

the models and the induced sequence alignment. Moreover, it presents statistics on the 

residue-wise quality scores computed by the two methods. 

The main metric adopted for the structural comparison is the TM-score (Zhang and Skolnick 

2005), a length-independent value ranging between 0 and 1, defined in Eq. 1:  

 

TM-score ​​ ​ (1)  = 𝑀𝑎𝑥 1
𝐿

𝑡𝑎𝑟𝑔𝑒𝑡 𝑖

𝐿
𝑎𝑙𝑖

∑ 1

1+
𝑑

𝑖

𝑑
0 𝐿𝑡𝑎𝑟𝑔𝑒𝑡( )( )

⎡
⎢
⎢
⎢
⎣

⎤
⎥
⎥
⎥
⎦

 

Where is the length of target protein,  is the number of aligned residues,  is the 𝐿
𝑡𝑎𝑟𝑔𝑒𝑡

 𝐿
𝑎𝑙𝑖

 𝑑
𝑖
 

distance between the ith pair of aligned residues and  is a predefined parameter 𝑑
0

𝐿
𝑡𝑎𝑟𝑔𝑒𝑡( ) 

that normalizes the distance. A TM-score higher than 0.6 indicates a good superimposition 

between the compared structures. 

Moreover, the database reports the model quality with the pLDDT scores associated with 

each residue (Mariani et al. 2013; Jumper et al. 2021). This score (ranging between 0 and 
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100) measures the confidence in the local structure, estimating how well the prediction would 

agree with an experimental structure (Mariani et al. 2013). In the database, pLDDT values are 

independently computed on AlphaFold2 and ESMFold; residues with pLDDT higher than 70 

are routinely considered as modelled with high confidence.  

The analysis of the models reveals that when an experimental structure is available in the 

PDB (for 2900 proteins), the models are of good quality and largely overlap; when compared 

with the experimental structures, AlphaFold2 models are slightly better. On the contrary, 

when templates are not available, the two methods compute models that can largely diverge. 

An interesting question is whether, despite this divergence, the resulting protein domain 

structures still superimpose. In (Manfredi et al. 2025) we carried a deep analysis on the 

structural difference between Pfam domains (Finn et al. 2007; Mistry et al. 2021) modeled by 

AlphaFold2 and ESMFold. We mapped available Pfam domains onto pairs of enzyme models 

generated with both methods and compared the corresponding regions relevant to functional 

annotation. Models were compared by means of TM-score and pLDDT, considering both the 

full models and the mapped Pfam domain regions. We find that, regardless of the global 

structural alignment of the pairwise models, Pfam-containing regions have a good 

superimposition and a pLDDT which is higher than the rest of the modeled sequence. This 

indicates that both methods are similarly performing in modeled regions overlapping with 

Pfam domains. ​

We recently released an updated version of Alpha&ESMhFolds, whose publication is under 

review, that includes the possibility to analyse and compare the structures modelled for all the 

Pfam domains present on the protein. 
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6.1. Materials and Methods 

6.1.1. The Dataset 

The dataset adopted for the analysis comprises 6956 human enzymes; a fraction of the total 

database (1314 proteins of the 6956) is endowed with a PDB structure covering at least 70% 

of the protein sequence. Among the remaining 5642 proteins, 3037 are included in Swiss-Prot 

while the remaining 2605 are listed in TrEMBL. For each enzyme, we extract the set of 

annotations present in Pfam (Mistry et al. 2021) downloading data available at the website 

(https://pfam-docs.readthedocs.io/en/latest/, version 37.0 accessed in September 2024). We 

collected 14,122 Pfam entries, including 9834 domains, 3391 families, 769 repeats, 93 short 

motifs, 19 conserved intrinsically disordered regions, and 16 coiled-coil regions, all 

documented also in InterPro (https://www.ebi.ac.uk/interpro/). Additionally, we ran the 

PfamScan tool to annotate 2578 Pfam entries with a reported active site. In total, 5684 

residues were determined to be part of an active site. 

6.1.2. Models comparison 

For each protein, the Alpha&ESMhFolds database provides the per-residue pLDDT of the 

AlphaFold2 and ESMFold models (which measures the reliability of the predicted model 

(Mariani et al. 2013), ranging from 0 to 100), as well as the TM-score between the two 

models (a metric, ranging from 0 to 1, that estimates the similarity between the two 3D 

models (Zhang and Skolnick 2004)). We computed the local TM-score of the regions of the 

proteins that are covered by a Pfam entry obtained by manually extracting the corresponding 

segments from the predicted models. Evaluation was performed with the Foldseek program 

(Van Kempen et al. 2024), which computes the structural superimposition of the models and 
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their similarity. The code is provided at the GitHub repository accessible at 

https://github.com/MatteoManfredi/pfam_models. 

6.2. Results and Discussion 

Figure 13 shows the distribution of enzyme models as a function of the computed TM-score, 

color-coded depending on their structural evidence. It is evident that when a structure is 

present in the PDB for the protein itself (green bars) or for an homologous human protein 

(blue bars), the models well superimpose. On the contrary, when no homologous protein has 

been structurally characterized (red bars) and, in part, when a structure is available only for a 

non-human (often remote) homolog (yellow bars), the structures can largely diverge. 

​
Figure 13. Distribution of pairwise AlphaFold and ESMFold models of human enzymes dataset as a 
function of their superimposition as evaluated with the TM-score. 
 

Summing up, human enzyme model pairs can be grouped into three categories: i) models 

with an underlying PDB structure of the enzyme, ii) models without PDB in the background 

which superimpose (TM-score ≥ 0.6), or iii) which do not superimpose (TM-score <0.6). 

We therefore mapped Pfam domains on the models. In the human enzyme set, 1517 unique 

Pfam domains are shared by 5204 enzyme proteins for a total of 9834 occurrences. Included 

59 

https://github.com/MatteoManfredi/pfam_models


in domains are those containing an active site (249) which map into 2459 human enzymes.​

Table 8 shows the enzyme distributions according to the different Pfam types, as described on 

the Pfam website (see section 6.1.1.). The Domain type is particularly interesting since it 

contains information on the functional annotation and, when known, also on the active sites, 

which are conserved in the families.  

​

Table 8. The human enzyme set is distributed on the 6 types of Pfam entries. 

Pfam Type1 # Entries 
in Pfam 
database 

# Unique 
Pfam in 
the HES2 

# Enzymes 
with Pfam  

# Pfam 
Occurrences 

Range of 
Pfam 
lengths3 

Domains 9,147 1,517 5,204 9,834 16 - 713 

Domains with annotated 
active site 

773 249 2,459 2,577 34 - 655 

Families 11,536 683 2,738 3,391 11 - 1,444 

Repeats 859 78 324 769 14 - 517 

Short Motifs 122 21 77 93 15 - 61 

Intrinsically disordered 
regions 

122 9 19 19 60 - 165 

Coiled-coil regions 193 8 14 16 35 - 331 
1Pfam classifies its entries into 6 types. Domains containing an active site are reported as annotated by 
the PfamScan tool. 
2HES = Human Enzyme Set comprising 6,956 enzymes. 
3The minimum and maximum length of the Pfam types included in the dataset, (number of residues).  
# = Number of​
 

After mapping the Pfam database on the pairwise models, we compare the TM-scores of the 

global models with those evaluated for the Pfam domain regions. Similarly, we compare the 

local quality of the prediction of the global models with that restricted to the Pfam domain 

regions by computing the average pLDDT score (rescaled to a 0-1 range). Results are shown 

in Figure 14. TM-scores of the pairwise models are higher when the models have an 

underlying PDB structure (1047 enzymes); when structural information is lacking, 2766 
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enzymes have global models with a pairwise TM-score ≥ 0.6, and 1391 enzymes have global 

models with TM-score < 0.6. Considering the Pfam domains, TM-scores remain high when 

evaluated on the region of the mapped domain, irrespective of the superimposition of global 

enzyme pairwise models. The same holds for the average predicted local evaluation of the 

quality of the models (pLDDT), which is slightly higher in AlphaFold2 than in ESMFold. ​

When we restrict the analysis to the enzymes with an active site, derived by mapping Pfam 

domains containing an active site, again we can observe (Figure 15) that the superimposition 

of the Pfam regions (TM-score) in the pairwise models increases rather irrespectively of the 

superimposition and the quality of the global enzyme models. This is particularly evident 

when the global models diverge (TM-score < 0.6, Figure 16). Moreover, the mapping 

performed with PfamScan allows the annotation of 807 proteins with 858 active sites from 

117 Pfam domains. These annotations are lacking in the associated files at UniProt. 

 

 

 

​
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Figure 14. Violin plots showing the comparison of AlphaFold2 and ESMFold pairwise models of 
human enzymes including Pfam domains. The titles of the plots report the measure of the related 
y-axis. The x-axis reports the observations for three subsets: (i) enzymes with a known PDB structure, 
(ii) with similar models (TM-score ≥ 0.6), and (iii) with dissimilar models (TM-score < 0.6). Each 
violin shows the difference between values computed on the Pfam-covered region (blue) and values 
computed on the whole protein (orange). 

 

 

Figure 15. Violin plots showing the comparison of AlphaFold2 and ESMFold pairwise models of 
human enzymes including Pfam domains with an active site. The titles of the plots report the measure 
of the related y-axis. The x-axis reports the observations for three subsets: (i) enzymes with a known 
PDB structure, (ii) with similar models (TM-score ≥ 0.6), and (iii) with dissimilar models (TM-score 
< 0.6). Each violin shows the difference between values computed on the Pfam-covered region (blue) 
and values computed on the whole protein (orange). 
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Figure 16. Examples of enzymes at different levels of models TM-scores showing that the 
superimposition remains good in the region covered by a Pfam domain. In all images, the green model 
is obtained with ESMFold and the purple one with AlphaFold2. Regions covered by a Pfam domain 
and the active sites are highlighted in blue and yellow, respectively. The TM-score of the global 
models and the regions covered by the Pfam domain are highlighted in black and blue, respectively. 

 

 

Overall, these results suggest that both AlphaFold2 and ESMFold methods are equally good 

in grasping the information carried out by Pfam models. The analysis described in this work 

have been included in an updated version of the Alpha&ESMhFolds webserver (whose 

manuscript is currently under review), enabling users to analyze and compare the predicted 

structures of all Pfam domains within a given protein.  
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7. Conclusions 

During my PhD, I adopted recent advances in machine learning for computational biology to 

tackle the problem of protein functional annotation. The glutathione S-transferase (GST) 

superfamily served as an ideal case study: these enzymes are essential for detoxification, yet 

their diversity across the tree of life makes their annotation challenging.​

In the first part of this thesis, I showed that embedding-based alignment can reliably classify 

GSTs, and can be used to annotate proteins that are currently poorly annotated in UniProt. 

Beyond their detoxification role, GSTs are capable of performing several other functions; 

therefore, despite being known for their relevance in human diseases, their real impact 

remains underestimated. As a proof of concept, we found evidence from large-scale RNA 

proteomic studies suggesting that canonical GSTs may also bind RNA. Adopting deep 

learning methods and molecular docking we showed that such an interaction is theoretically 

possible.​

Additionally, we employed models from the Alpha&ESMhFolds database to evaluate and 

compare the ability of AlphaFold2 and ESMFold to resolve protein domains. We found that, 

regardless of the overall quality of the predicted structure, functional domains are 

consistently well resolved by both methods, making them reliable tools for transfer of 

knowledge. ​

Finally, during my internship abroad, I explored how Protein Language Model embeddings 

capture evolutionary information, providing insights into the interpretability of these 

representations. We found that, even in protein families enriched with distant homologs such 

as GSTs, the embedding vectors corresponding to residues aligned in a Multiple Sequence 

Alignment tend to cluster together. Furthermore, when comparing different Protein Language 

Models, this clustering effect became more evident with increasing model size and number of 
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trainable parameters, indicating that larger models capture evolutionary information more 

effectively than smaller ones. This preliminary result opens the possibility of developing a 

workflow that leverages Protein Language Model embeddings to accelerate Multiple 

Sequence Alignment generation. The code developed for this project was integrated into a 

Nextflow pipeline. Nextflow is a scientific workflow system for bioinformatics and 

biological data analysis that facilitates the creation of scalable and reproducible workflows. 

Overall, these studies highlight the potential of deep learning to interpret biological 

complexity. They demonstrate how computational tools can expand our ability to annotate 

proteins, discover new functional roles and guide future experimental investigations, opening 

promising avenues for biotechnological research. 
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Abstract: In order to shed light on the usage of protein language model-based alignment procedures,
we attempted the classification of Glutathione S-transferases (GST; EC 2.5.1.18) and compared our
results with the ARBA/UNI rule-based annotation in UniProt. GST is a protein superfamily involved
in cellular detoxification from harmful xenobiotics and endobiotics, widely distributed in prokaryotes
and eukaryotes. What is particularly interesting is that the superfamily is characterized by different
classes, comprising proteins from different taxa that can act in different cell locations (cytosolic,
mitochondrial and microsomal compartments) with different folds and different levels of sequence
identity with remote homologs. For this reason, GST functional annotation in a specific class is
problematic: unless a structure is released, the protein can be classified only on the basis of sequence
similarity, which excludes the annotation of remote homologs. Here, we adopt an embedding-based
alignment to classify 15,061 GST proteins automatically annotated by the UniProt-ARBA/UNI rules.
Embedding is based on the Meta ESM2-15b protein language. The embedding-based alignment
reaches more than a 99% rate of perfect matching with the UniProt automatic procedure. Data
analysis indicates that 46% of the UniProt automatically classified proteins do not conserve the typical
length of canonical GSTs, whose structure is known. Therefore, 46% of the classified proteins do not
conserve the template/s structure required for their family classification. Our approach finds that
41% of 64,207 GST UniProt proteins not yet assigned to any class can be classified consistently with
the structural template length.

Keywords: Glutathione S-transferases; protein language models; protein classification; functional
annotation; embedding-based alignment

1. Introduction

After the success of Large Language Models (LLMs) for natural language processing
tasks, transformer-based deep-learning architectures [1] have taken hold in the field of
computational biology, with the consequent emergence of a counterpart adapted to protein
sequences, known as protein Language Models (pLMs) [2,3]. Several pLMs have been
implemented in the past few years, mainly differing in relation to the number of sequences
included in the training set (of particular relevance are the models developed by Rost’s
lab [3,4] and the more recent ESM family of models developed by the MetaAI group [5,6]).
Recently, pLMs have emerged as a new and powerful mapping procedure which allows the
representation of a protein sequence considering the knowledge that the protein can derive
from its family and/or superfamily, in the multifaceted protein universe [7]. This procedure,
referred to as “embedding”, is “context-aware” [7] and it is often adopted to generate input
to train downstream predictive tools with machine and/or deep learning approaches,
replacing the classic method based on the time-consuming generation of Multiple Sequence
Alignments (MSAs). The embedding procedures have been increasing the performance
of relevant predictive tasks, including protein secondary structure [3], protein–protein
interaction [8,9] and three-dimensional (3D) protein structure prediction [6]. Different
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embedding-based methods made it possible to quantify sequence similarity [3,10,11], to
cluster proteins into families [12], to generate evolutionary landscapes [13,14] and to search
for structure–structure similarities [15,16], just to mention some of the applications.

Summing up, we may conclude that the embedding procedures succeed in carry-
ing along information derived from the protein family/superfamily, including sequence
profile and template structure conservation. It is still debatable whether embedding is
sufficient to recognise remote homologs and perform functional annotation, as recently
discussed [17,18].

Now, in light of these advancements, a key question remains: to which extent can
we stress the embedding procedure for sequence alignments? In order to test this, here
we tackle the annotation problem of the GST superfamily, with a new method for deter-
mining sequence embedding distances, outperforming previous ones in remote homology
detection (EBA, embedding-based alignment, [18] and references therein). We choose
the Glutathione S-Transferases superfamily (GST, EC 2.5.1.18, [19]) for its functional and
structural characteristics. According to the literature, the superfamily includes three major
groups, cytosolic, mitochondrial and microsomal, with at least 20 documented families
(or classes), active in the different cell compartments. Although these enzymes function in
the same cellular compartment, their structure remains conserved despite low sequence
identity across classes and different organisms. A total of 75% of the classes share the same
functional fold and are active in the cytosol together with the other three structural classes;
two other folds are active in mitochondria and in microsomes, respectively [20–26]. The
complex relation between sequence and structure makes the annotation process difficult
(see Supplementary S1 [27–37] for an extended description of the classes).

In the following, we test the capabilities of embedding-based alignment in the task
of assigning sequences to the different GST classes as done in UniProt with an automatic
procedure defined by the ARBA/Uni rules [38]. After the selection of a reference set, we
undertake large-scale testing, adopting the recent MetaAI ESM2-15b pLM and measuring
sequence distance with EBA [18]. We find that the procedure is successful in sequence an-
notation, particularly when the sequence length of the proteins is conserved with respect to
those included in the reference set. With this constraint, we classify another 26,180 proteins
from 64,207 unclassified GSTs in UniProt, enriching the number of proteins in the different
classes, and generating a set of sequences for future experimental investigations.

2. Results and Discussion
2.1. Fishing for Transfer of Annotation

Our procedure is described in Figure 1. Basically, we generate a reference set of the
GST protein superfamily which acts as a representative set of the functional and structural
properties of the proteins in the superfamily. The set is carefully selected and contains
proteins with a reference PDB structure and/or a high-quality AlphaFold2 model, along
with an experimental validation of the function. Then, each protein of the reference set is
embedded with the selected protein language model and becomes a bait. The encoding
procedure allows for carrying information on the structure and on the conserved sequence
motifs of the family [2–5]. The embedded bait is then aligned with the EBA alignment
procedure [18], with a testing set from UniProt, filtered with the UniProt/ARBA rules, and
annotated in a specific GST class. The different reference classes are color coded in Figure 1,
and fishing in shallow waters is successful when a prey with the same color is captured (in
this case, the assigned annotation obtained with embedding alignments matches with the
one already present in the testing set). Finally, we enter with the procedure into the deep
sea, to search for new proteins to add to a specific family. After validation of the procedure
in the previous step, we now classify proteins without any verification.
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Figure 1. Embedding-based alignment for GST protein classification. A reference protein set of
well-curated proteins (described in Table 1) is adopted as baits for “fishing” ARBA GST classified
proteins (testing set, in shallow waters, Table 2) and ARBA GST unclassified proteins (in deep sea,
Table 3). For details, see text and Section 3. Color matching is indicative of the affinity of baits and
preys.

2.2. The Reference Set

Our reference set (Ref set) is detailed in Table 1. It contains 284 well-annotated proteins
from SwissProt, with documented experimental evidence. When listing per taxon, the
presence of specific classes in particular taxon (e.g., Phi, Tau, Lambda only in Viridiplantae,
Beta and HSP 26 only in bacteria) is evident. A more detailed description of the GST
superfamily is available in Supplementary S1. It appears that, for the time being, four
different folds are adopted by GST proteins functionally active in the cytosol; however, the
most populated one is conserved for 15 classes, active in the cytosol and collecting proteins
that are or are not distantly related homologs (see rightmost columns in Table 1 where the
length variability together with the sequence identity range are reported). Considering
a 30% sequence identity, the threshold between homologs and distantly related ones, six
classes indeed contain distantly related homologs, where the conserved structure in the
PDB testifies to the inclusion in the class (family). Interestingly, in Table 1, 245 proteins
share the same fold and are distributed in 15 classes. Other folds are present in the cytosol
of fungi (omega-like), bacteria (FosA) and mammals (LanC). The length of these proteins
is different from the previous ones. Finally, kappa and MAPEG have been reported in
mammals and are active in the mitochondria and in the microsomes, respectively. Both
classes include remote homologs and folds different from the cytosolic ones. The proteins
in the different classes share less than 30% sequence identity (Table S1).
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Table 1. The reference dataset (REFset) with 284 sequences.

Classes Bact. Amoeb. Fungi Virid. Plat. Nem. Arth. Moll. Actin. Amph. Aves Mamm. Total
Class Length Seq. Id.

Range (%) Structure

Mu - - - - 11 (9 *) - 3 (2 *) - - - 1 (1) 28 (8 *) 43 (20 *) 211–225 22–98
Sigma - - - - - 9 (2) 7 (4 *) 1 (1) - - 1 3 (2) 21 (9 *) 199–249 25–94
Alpha - 1 - - - - - - - - 2 (1) 18 (10 *) 21 (11 *) 222–229 29–96

Pi - - - - - 5 (2 *) - - - 2 - 12 (3) 19 (5 *) 207–210 32–99
Theta - - - - - - - - - - - 12 (3) 12 (3) 240–244 40–99

Delta-Epsilon - - - - - - 32 (15 *) - - - - - 32 (15 *) 208–271 25–99
Omega - - - - - 3 2 (2 *) - - - - 7 (2) 12 (4 *) 240–256 23–93

Zeta 3 (3 *) - 1 (1) 3 (1) - 1 - - - - - 3 (2) 11 (7 *) 212–221 33–95

Rho - - - - - - - 1 (1 *) 1 - - - 2 (1 *) 223–225 41
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Omega‐like ‐  ‐  4 (1)  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  4 (1)  313–370  44–63 
 

(5LKD) 

FosA 2 (2)  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  2 (2)  135–141  59 
 

(1NPB) 

LanC ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  1  ‐  ‐  4 (1)  5 (1)  399–405  63–96 
 

(8D19) 

Kappa ‐  ‐  ‐  ‐  ‐  2  ‐  ‐  ‐  ‐  ‐  3 (2)  5 (2)  225–226  28–86 
 

(3RPN) 

MAPEG ‐  1  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  22 (5)  23 (5)  146–155  12–98 
 

(3RPN)

MAPEG - 1 - - - - - - - - - 22 (5) 23 (5) 146–155 12–98
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Table 1. The reference dataset (REFset) with 284 sequences. 

Classes Bact. Amoeb. Fungi Virid. Plat. Nem. Arth. Moll. Actin. Amph. Aves Mamm. Total Class Length Seq. Id. Range (%) Structure 
Mu ‐  ‐  ‐  ‐  11 (9 *)  ‐  3 (2 *)  ‐  ‐  ‐  1 (1)  28 (8 *)  43 (20 *)  211–225  22–98   

Sigma ‐  ‐  ‐  ‐  ‐  9 (2)  7 (4 *)  1 (1)  ‐  ‐  1  3 (2)  21 (9 *)  199–249    25–94   

Alpha ‐  1  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  2 (1)  18 (10 *)  21 (11 *)  222–229  29–96   

Pi ‐  ‐  ‐  ‐  ‐  5 (2 *)  ‐  ‐  ‐  2  ‐  12 (3)  19 (5 *)  207–210  32–99   

Theta  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  12 (3)  12 (3)  240–244  40–99   

Delta‐Epsilon ‐  ‐  ‐  ‐  ‐  ‐  32 (15 *)  ‐  ‐  ‐  ‐  ‐  32 (15 *)  208–271  25–99   

Omega ‐  ‐  ‐  ‐  ‐  3  2 (2 *)  ‐  ‐  ‐  ‐  7 (2)  12 (4 *)  240–256  23–93   

Zeta 3 (3 *)  ‐  1 (1)  3 (1)  ‐  1  ‐  ‐  ‐  ‐  ‐  3 (2)  11 (7 *)  212–221  33–95   

Rho ‐  ‐  ‐  ‐  ‐  ‐  ‐  1 (1 *)  1  ‐  ‐  ‐  2 (1 *)  223–225  41 
DHAR ‐  ‐  ‐  3 (3)  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  3 (3)  213–213  66–76 

Tau ‐  ‐  ‐  34 (5 *)  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  34 (5 *)  217–231  30–98 

Phi ‐  ‐  ‐  25 (11 *)  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  25 (11 *)  212–221  31–95  (8GSS) 
Lambda ‐  ‐  ‐  3  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  3  235–237  56–73   

Beta 4 (3)  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  4 (3)  201–203  36–54   

HSP26 3 (3)  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  3 (3)  202–212  22–60   

Omega‐like ‐  ‐  4 (1)  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  4 (1)  313–370  44–63 
 

(5LKD) 

FosA 2 (2)  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  2 (2)  135–141  59 
 

(1NPB) 

LanC ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  1  ‐  ‐  4 (1)  5 (1)  399–405  63–96 
 

(8D19) 

Kappa ‐  ‐  ‐  ‐  ‐  2  ‐  ‐  ‐  ‐  ‐  3 (2)  5 (2)  225–226  28–86 
 

(3RPN) 

MAPEG ‐  1  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  ‐  22 (5)  23 (5)  146–155  12–98 
 

(4AL0)

Total Taxon 12 (11 *) 2 5 (2) 68 (20 *) 11 (9 *) 20 (4 *) 44 (23 *) 2 (2 *) 2 2 4 (2) 112 (38 *) 284 (111 *)

Legend to Table 1. The 284 proteins of the reference set are listed according to their classes (rows) and taxonomic groups (columns). The GST superfamily includes four folds in the
cytosol and two folds in mitochondria and microsomes, respectively. Cytosolic GSTs comprise 15 classes with the same fold. Three other folds are cytosolic, and two are found in
mitochondria (Kappa) and in microsomes (MAPEG), respectively, for a grand total of 20 classes. Taxa are listed, according to the classification adopted in NCBI at phylum (Mollusca,
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Arthropoda, Nematoda and Platyhelminthes), superclass (Actinopterygii) or class (Mammalia, Aves and Amphibia) for metazoan, at kingdom level for Viridiplantae and Fungi and at
superkingdom level for Bacteria. Amoebozoa are also included. The number of proteins with a PDB reference is specified inside round brackets; (*) indicates that at least one entry in the set
belongs to TrEMBL. Entries without a PDB reference are endowed with high-quality AlphaFold2 models (see Materials). Dashed horizontal lines discriminate classes in the same sub-cellular
location. The “Length” column displays the shortest and the longest protein sequence found in each class. The Seq.Id. (%) column shows the minimum and maximum sequence identity
percentage found within each class (for classes with only two representatives, the sequence identity between the two is shown). Abbreviations used: Bact., Bacteria; Am., Amoebozoa; Fu., Fungi;
Vir., Viridiplantae; Plat., Platyhelminthes; Nem., Nematoda; Arth., Arthropoda; Moll., Mollusca; Act., Actinopterygii; Amph., Amphibia; Mamm., Mammalia., DHAR, dehydroascorbate reductase;
HSP26, Heat Shock protein 26 kDa; FosA, Fosfomycin resistance; and LanC, LanC-like. A close inspection of the literature on the arthropoda proteins indicates that they belong to the delta or
epsilon classes, closely related in both sequence and structure [39,40], and we included these proteins in one single delta-epsilon class (as also suggested by the Conserved Domain Database
(CDD), https://www.ncbi.nlm.nih.gov/Structure/cdd/cdd.shtml. (accessed on 14 June 2024)). As to the Rho class, we added it after the reclassification of previous theta into rho GST proteins,
found in marine organisms [41]. All of the structures shown are from PDB current release (https://www.rcsb.org/ (accessed on 1 January 2024)). From structural alignment we find that the root
mean square deviation (RMSD) within class is less than 3 Å.

Table 2. Testing the embedding-based alignment (EBA) towards the ARBA GST classification.

ARBA* Within Reference Length Range (RLR)* Below Reference Length Range (< RLR)* Above Reference Range (>RLR)*

Class Total ◦Exp ◦Pred ◦Pred SI* ◦Exp ◦Pred ◦Pred SI* Errors ◦Exp ◦Pred ◦Pred SI* Errors

(#) (#) (#) RLR (%) (#) (#) <RLR (%) (#) (#) (#) >RLR (%) (#)

Mu 1706 981 979 211–225 10–99 355 349 140–210 8–99 6 370 335 226–475 9–99 35
Sigma 694 592 592 199–249 20–99 66 66 109–198 21–99 - 36 36 250–499 3–99 -
Alpha 1520 734 734 222–229 17–99 495 471 113–221 13–99 24 291 289 230–487 10–99 2

Pi 609 323 323 207–210 24–99 158 158 120–206 21–99 - 128 124 211–488 20–99 4
Theta 1428 560 560 240–244 25–99 545 540 104–239 16–99 5 323 323 245–491 1–99 -

Delta-Epsilon 822 715 715 208–271 18–99 68 68 102–207 15–99 - 39 39 272–478 10–99 -
Omega 1349 556 556 240–256 11–99 617 597 101–239 6–99 20 176 176 257–474 10–99 -

Zeta 728 268 268 212–221 26–99 122 122 139–211 22–99 - 338 338 222–433 2–99 -
DHAR 10 - - 213–213 - 7 7 107–212 6–97 - 3 3 214–465 37–99 -

Tau 1342 851 851 217–231 23–99 222 219 202–216 6–99 3 269 268 232–449 3–99 1
Phi 1711 1066 1066 212–221 25–99 177 177 149–211 20–99 - 468 468 222–491 2–99 -

HSP26 433 363 363 202–212 33–99 48 48 196–211 40–99 - 22 22 213–227 40–99 -
LanC 450 177 177 399–405 45–99 109 109 126–398 4–99 - 164 164 406–490 32–99 -

Kappa 1148 230 230 225–226 17–99 554 554 189–224 12–99 - 364 364 227–257 12–99 -

MAPEG 1111 687 687 146–155 7–99 143 143 101–145 3–99 - 281 281 157–363 6–99 -

Total 15,061 8103 8101 3686 3628 58 3272 3230 42

Legend to Table 2. * The testing set includes 15,061 GST proteins classified by the ARBA rule system [38]. * From Table 1, we derived the reference length range (RLR) of GST proteins
with a reference fold per each class present in the set (see Section 3, Table 1). For the sake of fold conservation, we clustered GST proteins as proteins with a length included in the range
(RLR), below the range (<RLR) and above range (>RLR). We show also the range of sequence identity per EBA-found GST class (Pred SI). EBA errors are particularly on GST proteins
with lower or higher length than those in the range of fold conservation. See text for details and discussion. Only two mu proteins in the reference length range are misclassified by
EBA: (UniProt IDs: A0A1I8FWQ8, A0A1I8J3A2) are classified as sigma by the embedding procedure. A sequence comparison of the two proteins with the sigma and mu GST proteins
indicates that they share higher sequence identity with the sigma than with mu GST reference proteins (33% and 28% sequence identity, respectively). Moreover, the sigma classification
is supported by the presence of CDD sigma domains in the annotation. ◦Exp = ARBA expected; Pred = EBA classification. Pred SI = Sequence identity among predicted and reference
class (Table 1); # = Number of. In the testing dataset, among the mu-class GSTs, a set of 29 similar sequences (sequence identity >40%) above the reference length range are misclassified.

https://www.ncbi.nlm.nih.gov/Structure/cdd/cdd.shtml
https://www.rcsb.org/
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InterPro annotations for this group of proteins reveal the presence of canonical GST domains together with an extra Elongation Factor 1B domain, suggesting that the canonical fold is
not conserved. Most of the remaining errors are found in the “below reference length range” region of the alpha and omega classes. Among these, 30 are due to the normalization
procedure of the method, as the similarity alignment score (s_align) is higher for the correct class. Indeed, when a test protein is shorter than the representative entries of the class in the
reference dataset, the EBAmin score for the correct classification is penalized with respect to shorter sequences of a different class, possibly resulting in misclassifications. In the case of
omega errors they are always classified as tau, with the former class showing longer sequences in the reference dataset with respect to the latter. Interestingly, these two classes show
deep structural similarities, with the tau class lacking an N-terminal extension typical of omega cGSTs [42]. The remaining misclassifications are either normalization-derived or driven
by sequence similarity with the bait proteins.

Table 3. Classifying GST proteins in the “deep sea” with the embedding-based alignment method.

Class Bacteria Amoeb. Fungi Virid. Plat. Nematoda Arth. Moll. Actin. Amph. Aves Mamm. Others Total Class

Mu 5 - 33 4 6 12 74 7 5 - - 7 96 249
Sigma 30 - 87 14 - 480 133 82 11 3 73 130 376 1419
Alpha 21 - 13 7 - 11 1 1 2 - 1 6 49 112

Pi - - 37 2 - 6 4 - - 1 - 4 33 87
Theta 13 - - 10 - - 1 3 2 - - 30 5 64

Delta-Epsilon 1949 9 498 8 - - 1642 1 5 - - 4 74 4190
Omega 87 - 112 5 1 - 1 - - - - - 10 216

Zeta 1397 - 22 7 - - - - - - 1 - 21 1448
Rho 524 - 22 - - - - 5 197 - - - 9 757

DHAR 1 - - - - - - - - - - - - 1
Tau 1555 - 30 2401 - 1 - - 1 - - - 41 4029
Phi 3694 5 772 60 - - - 1 1 - - 1 57 4591

Lambda - - 3 63 - - - - - - - - - 66
Beta 1569 - 4 - - - 1 - - - - - 15 1589

HSP26 2539 - 9 1 - - - - - - - - 27 2576
Omega-like 2746 1 298 39 - - 2 - 4 - 2 21 200 3313

FosA 306 - - - - - - - - - - - 2 308
LanC - - - - - - - - - - - - 1 1

Kappa - - 8 - - - - - 1 - - - - 9

MAPEG 39 1 230 108 3 - 347 24 141 11 48 44 159 1155

Within RLR 16,475 16 2178 2729 10 510 2206 124 370 15 125 247 1175 26,180
Below RLR 11,288 6 626 1493 66 237 443 52 426 39 159 509 677 16,021
Above RLR 12,917 22 3743 2260 18 119 388 45 342 15 56 148 1007 21,080

Total per Taxon 41,075 44 6582 6851 99 883 3063 222 1157 69 345 928 2889 64,207

Legend to Table 3. The trial set contains 64,207 GST ARBA unclassified proteins. The EBA method classifies 26,180 proteins whose range of lengths (within reference length range
(RLR)) ensures structure conservation with respect to baits, about 41% of the total. A total of 58% is classified below and above the range (below and above RLR), and another 1% is not
classified. The spreading of the classes in different taxa from those in Table 1 is discussed in the text. The trial dataset contains more bacteria genera (700) than the reference and testing
dataset (200). Proteins classified in the reference length region belong to plant symbionts (Rhizobium, Sinorhizobium and Rhizobiales), plant pathogens (Acidovorax), photosynthetic
bacteria (Synechoccus and Nostoc) and soil bacteria (Acinetobacter, Azospirillum, Myxococcus, Streptomyces, Sphingomonas and Variovorax). The classification led to the enrichment
of new GST classes for bacteria not found in the reference and testing datasets. As an example, a couple of “new” alpha-class bacterial Myxococcus proteins (UniProt IDs: F8CAS1,
Q1D6B3) share 34% sequence identity with alpha-class proteins in the reference dataset. More functional and structural studies are necessary for data validation.
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2.3. Testing the Embedding Alignment Method

After embedding the reference proteins, we tested the EBA procedure (see Section 3)
to classify the protein of the testing set, already classified by the UniRule/ARBA automatic
annotation system of UniProt. Results are shown in Table 2. The main difference between
ARBA and EBA is that ARBA classifies after finding conserved domains and/or motifs
that are typical of the GST superfamily, without any constraint on the sequence length
of the protein, while EBA considers the pairwise global alignment of any two protein
embedded sequences. One should also consider that 15 different classes of the canoni-
cal cytosolic GSTs share the same fold, and therefore the same InterPro domains. This
makes their classification difficult, considering that within classes remote homologs are
also present. In this respect, Table 1 lists our baits along with the length range associated
with the different folds, and their range of sequence identity. Since all of the baits are
complete proteins, we follow the knowledge that a transfer of classification is reliable
when the protein fold is conserved [43], and this implies that the protein length is con-
served. Accordingly, in Table 2, we divide EBA-classified GST proteins into three groups:
within, below and above the length range of fold conservation. This division identifies
the fraction of the GST proteins (within the range of length of the of the baits) which
conserve the structure. In this subset, the number of remote homologs with respect to the
reference set is 76 (five in mu, three in sigma, thirteen in omega and fifty-five in kappa, see
https://bar.biocomp.unibo.it/GST_Datasets/index.htm (accessed on 19 September 2024).
Out of the 3D conservation range, the method is any way successful (Table 2). Overall, the
prediction accuracy of our method with respect to ARBA in classifying proteins is very
high (99.3%). Interestingly enough, it appears that the differences in classification between
our method and ARBA rules in Table 2 are mainly confined in regions below and above the
range of fold conservation (Table 2), when the protein length is lower or higher than those
of the reference set. A closer inspection indicates that in these regions, the predicted protein
can be included into the prey (lower length) or can include it (higher length). In other
words, in these regions, the embedding-based alignment captures domains and motifs like
the ARBA rules. Proteins in the below regions contain fewer motifs/domains than the prey
while in the above regions they include extra motifs/domains. This is consistent with the
notion that structure is not conserved; therefore, the definition of remote homologs fails. In
these regions, errors are mainly due to the fact that baits from other classes share a higher
identity with the GST protein at hand. Results are also detailed by taxon (Table S2).

2.4. Fishing in the Deep Sea

We tried EBA to classify 64,207 ARBA-unclassified GST proteins (Table 3). We show
only results obtained on GST proteins whose length is in the length range of fold conserva-
tion and classify 41% of the total. Out of the safety range we can transfer class to another
58% GST proteins. The range of classes seems to increase, particularly in GST proteins
from bacteria, and this can be explained by considering the new bacterial genomes re-
cently included in TrEMBL. However, more functional and structural studies are necessary
for data validation. Setting a length interval for structure conservation highlights more
reliable predictions.

3. Materials and Methods
3.1. Dataset Generation

In order to address our task, we downloaded three different datasets from UniProt
(release 2024_01, https://www.uniprot.org/ (accessed on 24 January 2024)).

3.1.1. The Reference Dataset

We collected all of the GST proteins including “Glutathione S-transferase” and/or
“Glutathione transferase” in the protein name, endowed with a PDB structure or a high-
quality AlphaFold2 model [44], and excluding fragments. For each of the proteins linked
to a PDB structure, we selected a representative based on resolution, sequence coverage

https://bar.biocomp.unibo.it/GST_Datasets/index.htm
https://www.uniprot.org/
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(higher than 70%) and, when possible, in complex with the glutathione substrate. We
checked that proteins lacking PDB structures are endowed with high-quality AlphaFold2
models (with a per protein average pLDDT (predicted Local Distance Difference Test) value
≥ 70 [44]), whose root mean square value (RMSD) to the backbone of the 3D representatives
of the class is ≤1.5 Å. We retained 284 proteins (Table 1), characterized by six structural
types, and grouped into 20 GST classes. We also grouped GST reference proteins in relation
to their taxa (https://www.ncbi.nlm.nih.gov/taxonomy (accessed on 15 June 2024), [45]).
The reference dataset is available at https://bar.biocomp.unibo.it/GST_Datasets/index.
htm (accessed on 19 September 2024).

3.1.2. The Testing and Trial Datasets

With a similar search we collected all of the TrEMBL (https://www.uniprot.org/
(accessed on 24 January 2024) sequences named “Glutathione S-transferase” and/or “Glu-
tathione Transferase”. Routinely, the protein name is automatically assigned, together with
the Enzyme Commission (EC) number, when the sequence entry annotation satisfies either
UniRule ID UR000000494 or ARBA ID ARBA00012452, respectively
(https://www.uniprot.org/help/arba (accessed on 24 January 2024), [38,46]). The rules
are routinely based on the automatic recognition of GST-specific motifs and/or domains
in the sequence. In some cases, ARBA rules, satisfying class-specific InterPro [47] signa-
tures, assign a specific class to the protein (ARBA rules are present for 14 of the 20 classes,
https://www.uniprot.org/arba (accessed on 19 September 2024) (see above)). After filter-
ing out all of the entries with a “Caution” statement in the “Function” field of the protein
file and proteins with sequence identity values higher than 95% to the reference set, we
retained a testing set with 15,061 GST proteins annotated with an assigned class and a trial
set with 64,207 GST proteins without classification.

3.2. Embedding Procedure
3.2.1. Embedding Generation

Among the pLMs currently available, the MetaAI ESM2 encoding set has been used
to train ESMFold [6], an advanced protein tertiary structure prediction method ([48],
and references therein). We adopt the most recent ESM2 pLM: ESM2-15b trained on
65 million proteins [6]. For each protein in the three datasets, we extracted the ESM2-15b
representations following the instructions and scripts available at https://github.com/
facebookresearch/esm (accessed on 1 November 2022). Given an input protein sequence of
length l, the pLM outputs meaningful distributed vector representations for each amino
acid residue of the protein at hand. The size D of the vectors depends on the number
of hidden states of the transformer layers from which the representations are extracted
(routinely the last one). ESM2-15b outputs vectors with D = 5120. The final encoding of
the protein is therefore a matrix e ∈ Rl×D, (with l as the protein length), routinely referred
to as per-residue protein embedding.

3.2.2. Embedding-Based Alignment

We compared per-residue GST protein embeddings exploiting the embedding-based
alignment (EBA) method [18]. The algorithm (available at https://git.scicore.unibas.ch/
schwede/EBA (accessed on 1 January 2023)) computes a pairwise distance matrix of per-
residue embeddings, evaluating the Euclidean distance of all embedded residues. These
values fill a matrix of dimension l1 × l2 (where l1 and l2 are the lengths of the two proteins,
respectively), which provides the substitution scores for the pairwise alignment based on a
classic dynamic programming approach. The tool includes also an optimizing intermediate
step, called “signal enhancement” [18], where each score of a residue pair is normalized to
the scores of all residue pairs of the two aligned proteins. We adopt this enhanced similarity
matrix to score the pairwise global alignment obtained with the Needleman–Wunsch (NW)
method [18]. Following the procedure, we normalize the alignment similarity score salign
by the length l of the longer sequence in the pair (lmax), according to the following:

https://www.ncbi.nlm.nih.gov/taxonomy
https://bar.biocomp.unibo.it/GST_Datasets/index.htm
https://bar.biocomp.unibo.it/GST_Datasets/index.htm
https://www.uniprot.org/
https://www.uniprot.org/help/arba
https://www.uniprot.org/arba
https://github.com/facebookresearch/esm
https://github.com/facebookresearch/esm
https://git.scicore.unibas.ch/schwede/EBA
https://git.scicore.unibas.ch/schwede/EBA
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EBAmin =
salign

lmax

Following [18], the length normalization is an important factor on the final score
when the proteins being compared are very different in length. Whenever the difference is
large, a high EBAmax score, obtained by normalizing by the length of the shortest protein,
reflects the fact that the shorter sequence is entirely contained in the longest [18]. In this
case, EBAmin is much lower since the longer sequence is only partially aligned. Following
the author’s suggestion and considering template structure conservation as an essential
element of knowledge transfer [43], we adopted the EBAmin to score any two protein
sequences during our procedure. In any case, each protein after embedding is aligned with
all of the other ones. For a given query protein, we compute EBAmin by aligning to all of
the proteins in the reference set. The query protein assumes the class annotation of the best
scoring protein among the references and then classification (annotation) is transferred. By
this a bait can “fish” a prey (Figure 1).

The main difference of our method, as compared to [18], is the adoption of ESM2-15b
with an embedding vector dimension of 5120 and a different procedure for the output
selection (ProstT5 [4] with a vector dimension of 1024 was adopted in the original imple-
mentation [18]). We analyze results considering that the transfer of knowledge requires
structure template conservation [43] and for this reason, present the results as a function of
the protein length.

3.3. Computational Time

After downloading EBA in house, the time required to align 100,000 proteins with
our reference set (284) was one week with a machine endowed with 80 CPUs and a
754 gigabyte RAM.

4. Conclusions and Perspectives

In this paper, we exploit the capabilities of an embedding-based alignment method
[EBA, 18] to annotate proteins like the UniProt ARBA system of automatic annotation. For
this, we focused on the GST protein superfamily, given the complex relationship among
sequence and structure in the different protein classes which in different taxa characterize
the group. GST main characteristics include sequences of different lengths, sharing the same
folding when active in the same cellular compartments (Table 1). This blurs the classification
of GST proteins in newly sequenced proteomes. The UniProt ARBA automatic annotation
system annotates into GST classes proteins of any length, provided that InterPro motifs
and/or domains are conserved, without taking into consideration the fold conservation,
which obviously sets a limit for the protein length. We find that EBA performance compares
well with the ARBA rule annotation system (over 99% of accuracy), and from error analysis
(Table 2), we derive as a rule of thumb that classification is optimal when fold is also
conserved. We find that at least 46% of GSTs of a selected subset of classified TrEMBL GST
proteins do not conserve the length of the reference protein folding typical of the class.
These proteins, beyond the conservation of the typical GST domains, are often endowed
with other domains, possibly suggesting new folds, not yet experimentally available. EBA
routinely does not misclassify protein fold, and as to misclassification within a class, it
may happen that when the bait is contained or contains the prey, matrix alignment is not
sufficient to recognize the subdomain. In this case, sequence alignment to another close
class can prevail over the ARBA annotation. The EBA assignment in the fold conservation
region is able to recover remote homologs in four classes (mu, sigma, omega and kappa),
confirming the capability of the system to also assign to a class/family proteins sharing low
sequence identity [18]. We also classify proteins not yet classified in UniProt, releasing a list
of proteins for experimental validation. This can encourage experiments to further cluster
GST proteins in more functional classes, for a better definition of their role in cell complexity.
We propose the EBA classification procedure as a valid complement to the ARBA rule
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classification system for the GST superfamily, considering that sequence embeddings carry
along information on structural templates, motifs and domains of the family.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/molecules29194616/s1, Supplementary S1: The GST superfamily;
Table S1: Interclass sequence identity between proteins in the reference set; Table S2: Embedding based
GST classification on the ARBA Test set.
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ABSTRACT: Glutathione S-transferase (GST) is an enzyme superfamily of particular interest for human health with 
many functional roles, and it is involved in several cancer types. Under cell stress conditions, their concentrations can 
increase by up to 10% of cell protein content. Recently, a study describing the landscape of RNA-binding proteins in 
mammalian spermatogenesis reported evidence of canonical GST–RNA interactions in three mouse mu GSTs. Prompted 
by this, we searched for available databases and found that RBP2GO, which collects candidate RNA-binding proteins 
(RBPs) detected in recent human proteomic studies, also lists a few human GST–RNA interactions, without any molec-
ular details. To highlight the molecular features of the GST–RNA interaction, we applied recently developed predictors 
of RNA-binding sites and validated the results with AutoDock Vina, a docking program that computes binding affinity. 
Overall, our findings support the notion that a GST–RNA interaction can exist and suggest a potential overlap between 
RNA binding sites and residues responsible for binding glutathione (GSH), which is the most common GST substrate. 
Our computational analysis supports the notion that human GSTs can bind RNA that shares the binding region with the 
glutathione-binding pocket.

KEYWORDS: Glutathione S-transferases; RNA-binding proteins; moonlighting proteins; molecular docking.

1.  INTRODUCTION

In a crowded cell environment, RNA, comprising 
10–20% of the cell’s dry weight (approximately 
20–40 mg/ml), plays a crucial role in cellular physiol-
ogy1 and the expression of genetic information.2 To 
accomplish these diverse functions, RNA interacts with 
specific proteins known as RNA-binding proteins 
(RBPs), which perform numerous biological pro-
cesses.3,4 However, the recognition of RNA binding 
sites on RBPs is not always straightforward.5

Proteomic studies on human immortalized cell lines, 
mainly involving RNA–interactome capture techniques 
(RIC),6 have identified new proteins that bind RNA 

without a previously annotated RNA-binding behavior. 
The results were recently collected from the RBP2GO 
database7 (available at https://rbp2go.dkfz.de/, last release 
August 2023), which collects information on 22,552 RBP 
candidates from 13 organisms (6100 are from Homo sapi-
ens, 1% of the total proteome). Such evidence suggests that 
certain proteins, already known for their important bio-
logical roles, can perform multiple functions by “moon-
lighting” as RBPs,8 supporting the hypothesis of a 
“riboregulation,” in which protein activity can be modu-
lated through interactions with RNA.9 Additionally, a 
novel study,10 addressing the role of RBPs in mammalian 
spermatogenesis, has identified new candidate RBPs in 
mouse male germ cells (mMGCs). This is interesting, as 
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the mammalian testis transcribes the majority of the 
genome and thus harbors one of the most complex tissue 
transcriptomes. We focused on three candidate RBPs, 
identified in the work,10 belonging to the glutathione 
S-transferase (GST; EC 2.5.1.18) superfamily and specifi-
cally members of the Mu class with a canonical GST fold, 
GSTM1, GSTM2 and GSTM5, corresponding to UniProt11 
IDs P10649, P15626 and P48774, respectively (https://
www.uniprot.org/). GST proteins are particularly intrigu-
ing because they are crucial for human health and are 
already known to be multifunctional.12–14 The superfamily 
is composed of a diverse group of enzymes organized into 
classes that vary in both structure and cellular localiza-
tion.15 Canonical GSTs are relatively small cytosolic 
enzymes (200–250 residues) with a conserved distinct fold 
(within a maximum root mean square deviation (RMSD) 
of 3 Å), characterized by an N-terminal thioredoxin-like 
domain (βαβαββα) and a C-terminal all-alpha domain.12 
Despite sharing this common fold, canonical GSTs have 
highly variable sequences, posing challenges for annota-
tion through standard alignment methods.16 As a conse-
quence, they are routinely clustered in subclasses, indicated 
with Greek letters and introduced on the basis of sequence 
similarity, structural properties and chromosomal organi-
zation in different organisms.12,16 In humans, there are a 
total of seven cytosolic canonical GSTs: mu, sigma, alpha, 
pi, theta, omega and zeta. These enzymes play primary 
roles in cellular detoxification and the stress response by 
catalyzing the conjugation of glutathione to toxic com-
pounds, thereby promoting their export from the cell.12 
Glutathione (GSH) is a tripeptide (γ-L-glutamyl-L-cystei-
nylglycine) present in all mammalian tissues at 1–10 mM 
concentrations, with the highest expression level in the 
liver and whose increased transcription is associated with 
oxidative stress.17 Similarly, GST enzymes are widely 
expressed in nearly all human tissues and are overex-
pressed in several human pathologies18 when their con-
centrations can rise to as much as 10% of the cytosolic 
protein content under stress conditions.19 Pi-class cyto-
solic GSTs are of particular interest as they are most widely 
expressed in human tissues, and their overexpression in 
cancer cells is highly correlated with chemoresistance.18,20

In cytosolic GSTs, GSH binds within a specific 
pocket, known as the G-site, which largely consists of 
residues from the N-terminal domain. The H-site, which 
is responsible for binding with toxic compounds, involves 
residues of the C-terminal domain.21 Canonical GST 
proteins are functionally active upon dimerization.12

To our knowledge, there is no annotation record of 
interaction between GSTs and RNA in online databases 
such as UniProt (https://www.uniprot.org/), notwith-
standing the evidence of such interaction in a 2013 

study reporting the binding between a plant GST and 
the Bamboo mosaic virus RNA at the 3’-UTR region.22

Based on this, we searched for human proteins 
homologous to mouse RBP candidates of the GST 
mu-class in the RBP2GO database (release August 
2023) and found two mu-class enzymes homologous to 
mouse proteins (sequence identity ≥ 65%): GSTM2 and 
GSTM3 (UniProt ID P28161 and P21266, respec-
tively). In addition, we found three more cytosolic 
GSTs belonging to the pi, omega and zeta classes, 
GSTP1, GSTO1 and MAAI (GSTZ1), respectively, 
(UniProt ID P90211, P78417 and O43708, respec-
tively). With this support, we conducted a bioinformat-
ics and computational analysis of the RNA-binding 
sites on human GSTs by leveraging recent machine 
learning algorithms and docking programs.

Experimental determination of RBPs provides room 
for the development of computational methods to pre-
dict RNA-binding proteins. Two recent reviews23,24 list 
RNA-binding site predictors, both sequence- and 
structure-based. Because the latter methods perform 
routinely better than the former,25 we selected two recent 
and state-of-the-art structure-based methods23 that are 
online and available as web servers: PST-PRNA26 (http://
www.zpliulab.cn/PSTPRNA) and GraphBind27 (http://
www.csbio.sjtu.edu.cn/bioinf/GraphBind/).

We further validate the hypothesis that GSTs can 
bind RNA using docking algorithms. Molecular docking 
employs computational methods to approximate a 
ligand–receptor complex with an energetically favorable 
geometry, aiming to (ideally) replicate an experimental 
binding mode.28 Early docking algorithms treat both 
binding partners as rigid bodies; however, more recent 
methods, such as AutoDock Vina, allow flexibility at the 
level of the ligand or both the ligand and receptor.29,30

Our results, all together, suggest that a GST–RNA 
interaction is physically reliable and suggests a poten-
tial overlap between RNA-binding sites and residues 
responsible for binding with glutathione, the common 
GST substrate. We demonstrated that RNA and glu-
tathione bind to the same protein region and discuss 
the possible role of both molecules in cell physiology.

2.  MATERIALS AND METHODS

2.1.  Materials

2.1.1.  RBP2GO database

The five human canonical GSTs were identified as can-
didate RBPs in the RBP2GO database (release August 
2023),7 which ranks proteins based on their occurrence 
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in recent RNA proteomic studies. In total, the human 
GSTs appear in nine studies,31–39 leveraging both polyA+ 
and polyA- capture strategies, that is, experimental 
methodologies that adopt (polyA+) and do not adopt 
(polyA-) oligo(dT) probes to capture RNA molecules. 
Oligo-A-sequences are commonly present in eukaryotic 
mRNAs; therefore, polyA- methods are supposed to be 
a more general approach for the identification of 
RBPs.39 The database defines an RBP2GO score that 
ranges from 0 to 100, reflecting the probability of a pro-
tein to be an RBP. The score is calculated considering 
two indicators of RBP propensity: (i) the frequency of a 
given protein to be listed as RBP in the different data-
sets stored in the database and (ii) the average fre-
quency of interactions with RBP proteins according to 
STRING (https://string-db.org/) (up to the top ten 
interaction partners). These two values were combined 
with an equal weight in the RBP2GO-score, which was 
normalized to the number of experimental datasets for 
each species (43 for Homo sapiens).

2.2.  Methods

2.2.1.  Prediction of RNA binding sites

Two RNA-binding prediction algorithms were adopted 
and used through the respective web servers to obtain 
predictions of RNA binding sites on the candidate 
RBPs GSTs. Both adopt protein structures (PDB for-
mat) as inputs and are briefly described below.

PST-PRNA26 predicts RNA binding residues on 
protein structures by encoding residue descriptors 
with physicochemical properties, evolutionary features 
(exploiting position-specific scoring matrix (PSSM) 
with PSI-BLAST),40 secondary structure and solvent 
accessibility information (by adopting DSSP),41 and 
hidden Markov Model profiles (with HHblits).42 The 
architecture of the model is a convolutional network 
highly inspired by the classical ResNet18 basic archi-
tecture.43 The model was trained on a low-homology 
dataset of high-resolution structures gathered from the 
Protein Data Bank,44 comprising RNA-binding pro-
teins documented in the Nucleic Acid Database.45  
PST-PRNA, which shows reliable and effective perfor-
mance,26 takes into consideration solvent-accessible 
residues on the protein surface and excludes buried 
residues. GraphBind27 represents protein structures as 
graphs, where nodes are residues and edges are defined 
according to the spatial relationships among residues. 
Node representations are extracted from both protein 
structure and sequence information: pseudo-positions, 
atomic features of residues, DSSP,41 PSI-BLAST,40 and 

HHblits.42 The model architecture employs a hierarchi-
cal graph neural network (HGNNs). The training data-
set was collected from the BioLip database,46 and 
comprises a set of biologically relevant ligand–protein 
interactions that are structurally well-solved in 
complexes.

2.2.2.  Surface charge characterization
RNA molecules are polyanions due to the presence of 
negatively charged phosphate groups; consequently, 
most protein–RNA interfaces prefer positively charged 
residues.47 We characterized the electrostatic proper-
ties of protein surfaces using two tools, PDB2PQR and 
APBS,48 directly from the web server (https://server.
poissonboltzmann.org/). PDB2PQR automates com-
mon tasks of preparing structures for continuum solva-
tion calculations and computes the protonation state of 
residues, and the adaptive Poisson-Boltzmann solver 
(APBS) computes the electrostatics of a protein by 
solving the equations of continuum electrostatics 
(https://www.poissonboltzmann.org/). The programs 
were run using default parameters.

2.2.3.  Visualization
We adopted FoldMason49 from the respective web 
server (https://search.foldseek.com/foldmason) to 
compute the multiple structural alignment and relative 
multiple sequence alignment of GST proteins. 
Protein structures were visualized using the PyMol 
molecular visualization tool (PyMOL Molecular 
Graphics System, Version 3.1.1 Schrödinger, LLC). The 
same tool was also adopted to highlight residues in the 
GSH-containing pocket (G-site) and miRNA-binding 
regions. We used LigPlot+50 to visualize 2D interaction 
diagrams between proteins and substrates/RNAs. The 
protein–ligand connectivity (both hydrogen-bonds 
and non-bonded interactions) generated by the pro-
gram is discussed in detail in the original paper.51

2.2.4.  Molecular docking
AutoDock Vina29,30 (here referred to as Vina) is a molec-
ular docking program that computes non-covalent inter-
actions between a rigid receptor, routinely a protein and 
a flexible ligand aimed at determining bound conforma-
tions and binding affinity while balancing accuracy and 
computational speed. To predict binding affinity, Vina 
employed a scoring function to approximate chemical 
potentials tuned from the PDBbind database52: the 
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function approach is more of “machine learning” than 
directly physics-based in its nature as discussed in the 
original paper.29 The scoring function calculates the sum 
of pairwise interactions between movable atoms and 
accounts for steric, hydrophobic and hydrogen-bonding 
interactions. The predicted free energy of binding was 
derived from the lowest-scoring conformation. Vina 
used an iterated local search algorithm combined with 
the BFGS53 method for local optimization.

We installed Vina (version 1.2.5) locally by follow-
ing the documentation (https://autodock-vina.readthe-
docs.io/en/latest/). 

During data preparation, the user can define a con-
fined search space with a grid box on the receptor mole-
cule to help the program dock the ligand on a preferred 
region, which is useful when there is prior knowledge 
about putative binding sites. In our experiments, we 
adopted a sufficiently wide grid box to accommodate both 
GSH and miRNA molecules. For pri-miR-18a-oligo1 
(PDB: 6UV4,54 seven nucleotides), the grid dimensions 
were defined as follows: size_x, size_y and size_z equal to 
30.00, 24.75 and 28.5 Å, respectively. For the pri-miRNA-
18a terminal loop (PDB: 6DCL,55 11 nucleotides), the 
following grid dimensions were set: size_x, size_y and 
size_z equal to 41.25, 36.00 and 39.75 Å, respectively. The 
remaining parameters were left as default.

3.  RESULTS AND DISCUSSION

3.1.  Human GSTs in RBP2GO
The RBP2GO database7 (release August 2023) ranks  
proteins from 13 different organisms (including Homo 
sapiens) based on their occurrence in recent RNA  

proteomic studies. We searched for human proteins in 
the RBP2GO database (release August 2023) homolo-
gous to mouse GSTs found as candidate RBPs in10 
(GSTM1, GSTM2 and GSTM5, corresponding to 
UniProt IDs P10649, P15626 and P48774, respectively). 
We identified two homologous human GSTs (with 
sequence identity > 65%), GSTM2 and GSTM3 (UniProt 
ID P28161 and P21266, respectively). As all canonical 
cytosolic GSTs share the same fold (16 and references 
therein), we also included three more human GSTs pres-
ent in the RBP2GO database belonging to the pi, omega 
and zeta classes: GSTP1, GSTO1 and MAAI (GSTZ1) 
(UniProt ID P90211, P78417 and O43708, respectively). 

All five GSTs shown in Table 1 are multifunctional 
enzymes in UniProt and are reported in 
MultifacetedProtDB56 (release 2023-03, https://multifacet-
edprotdb.biocomp.unibo.it/). The best-ranking human 
GSTs were GSTP1 and GSTO1, with scores of 10.3 and 6.5, 
respectively. Even with low scores, proteins appear in mul-
tiple RNA–proteomic studies: seven for GSTP131,33–36,38,39 
and four for GSTO1.34,37–39 GSTP1 is of particular interest 
as it is a well-studied protein that is highly involved in sev-
eral aspects of human health,57,58 including its potential 
role as a therapeutic target in ovarian cancer.58

3.2. � Prediction of RNA binding  
sites in GST proteins

We adopted two recently released structure-based 
machine learning methods (described in the 
“Methods” section) to predict the RNA binding sites 
of the eight GST proteins (three mouse GSTs10 and 
five human GSTs of Table 1). Figure 1 shows the 

Table 1.    Candidate RNA binding human GSTs in RBP2GO.

Gene name UniProt ID Protein name 1Class 2PDB 3RBP2GO score 4Pub no

GSTP1 P09211 Glutathione S-transferase P Pi 8GSS chain A 10.3 7
GSTO1 P78417 Glutathione S-transferase omega-1 Omega 5YVN chain A 6.5 4
*MAAI (GSTZ1) O43708 Maleylacetoacetate isomerase Zeta 1FW1 chain A 3.8 2
GSTM2 P28161 Glutathione S-transferase Mu 2 Mu 1XW5 chain A 3.1 2
GSTM3 P21266 Glutathione S-transferase Mu 3 Mu °3GTU chain B 2 1
1Class refers to the class or family of GST proteins in UniProt. 
2�PDB: identifiers of the PDB structures adopted to represent the GST proteins; monomers were derived from dimers, which are reported to be the 
protein functional unit.12 Among available structures, PDB representatives were selected according to three criteria: (i) crystallographic structures 
in complex with substrate glutathione (ii) the highest resolution and (iii) coverage to the protein sequence. 

3�RBP2GO-score: entries are ranked according to the RBP2GO-score.7 Briefly, it ranges from 0 to 100 and is computed by weighting the occurrence 
of the protein in the RBP datasets and the average frequency of protein interactors according to STRING (see Methods for details). 

4Pub No: number of publications (listing counts in RBP2GO) in which the protein was reported. 
*MAAI: GSTZ1 human protein, which in UniProt has a primary function as maleylacetoacetate isomerase (EC:5.2.1.2). 
°GSTM3 has been crystallized as a heterodimer, and the GST function is confined to chain B in the 3GTU file.
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Fig. 1.    (Color online) Sequence alignment of mouse and human GSTs after structural alignment. Multiple sequence alignments have been 
obtained after multiple structural alignments (root mean square deviation at the backbone level < 3Å) with FoldMason49 (https://search.
foldseek.com/foldmason) and includes the five humans GST structures and three mouse GST high-quality AlphaFold2 models (predicted 
local distance difference test (pLDDT)59 > 90). PDB representatives were selected according to three criteria: (i) crystallographic structures in 
complex with substrate glutathione, (ii) the highest resolution and (iii) coverage to the protein sequence. A dotted line separates mouse from 
human proteins. Glutathione binding residues are red-colored according to UniProt annotation. RNA binding residues predicted with the 
two structure-based methods, PST-PRNA and GraphBind, are colored in green and magenta, respectively. Residues belonging to the N- and 
C-terminal domains (according to UniProt annotation) are grey- and yellow-shaded, respectively.
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Fig. 2.    (Color online) Predictions of Fig. 1 projected on the AlphaFold2 models of the three mouse GSTs and the three-dimensional (3D) 
structures of the five human GSTs. PST-PRNA, GraphBind and consensus-predicted RNA-binding residues are colored in green, magenta 
and orange, respectively. The backbone is color-coded in grey (N-terminus domain) and yellow (C-terminus domain). Protein structures are 
shown from two perspectives: (i) facing the side that displays the G-site (the glutathione, GSH binding pocket), highlighted with a dashed 
red circle (left), and after a 180° rotation with respect to the G-site face (right). RNA binding residues predicted by the two methods are 
mainly located on the side displaying the G-site, including the first helix of the C-terminal domain (first C-ter helix).
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Table 2.    Validating GST–RNA interaction with Vina.

1Docking partners

2AutoDock Best 
pose and Mean 

Affinity (kcal/mol)

3Literature 
Affinity 

(kcal/mol) 4Docking results 5LigPlot+

*GST Pi (8GSS)  + GSH 
(8GSS)

–5.1
(Mean –4.7 ± 0.2)

–5.360 D
–4.661 ᐜ

°GST Pi (8GSS) + miRNA 
(6UV4)

–8.5
(Mean –8.0 ± 0.2)

Not available

°GST Pi (8GSS) + miRNA 
(6DCL)

–8.6
(Mean –8.1 ± 0.2)

Not available

*DDX17 (6UV4) + miRNA 
(6UV4)

–9.6 
(Mean –9.5 ± 0.1)

–8.854

1Docking partners: structures used for docking experiments. PDB identifiers of the protein are between the round brackets.
*Docking partners supported by structural evidence from the PDB.
°Docking partners with no structural support in the PDB.
2Affinity of the best pose (among 20 different ones) and the mean affinity (with standard deviation) across poses computed using AutoDock.
3Affinity computed from experimental Kd values reported in the literature.
DAffinity values computed on the dimer.60

ᐜAffinity values computed on the monomer.61

4�Docking results of the best poses. The interacting residues were derived from the corresponding LigPlot+ 2D diagram and defined the blue and yellow pockets 
of GSH and RNA, respectively. Ligands of the original PDB, when available, are colored green and docked ligands are colored red. The interacting residues 
of the docked structure with structural evidence show a high overlap with the PDB counterpart.

5LigPlot+ 2D diagram of the best pose. A total of six interacting residues over 11 were shared between GST Pi + GSH and GST + both miRNAs: Tyr7, Phe8, 
Arg13, Trp38, Gln51 and Gln64.
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results of this analysis. PST-PRNA26 (http://www.zpli-
ulab.cn/PSTPRNA) and GraphBind27 (http://www.
csbio.sjtu.edu.cn/bioinf/GraphBind/) were the two 
methods adopted (see Methods for details). As dis-
cussed in Ref. 26, PST-PRNA performs better than 
GraphBind on an independent test dataset of 61 RBPs 
by means of several scoring measures, including the 
Matthews correlation coefficient (MCC, 0.634 and 
0.591, respectively). In Fig. 1, it appears that glu-
tathione-binding residues (in red) correspond to the 
alignment and are consistently predicted as RNA-
binding sites by the two methods in the N-terminal 
domain of the proteins (which contains the GSH 
binding site, G-site). Predictions were also present in 
the C-terminal domain, with a somewhat higher pro-
pensity in the case of GraphBind.

Three-dimensional projections of RNA-binding 
site predictions in the two protein domains are shown 
in Fig. 2. The results show that RNA-binding site pre-
dictions were mainly found close to the G-site (the 
region of the N-terminal domain responsible for bind-
ing with glutathione). Glutathione-binding residues 
annotated in UniProt, as derived from PDB structures, 
were consistently predicted as RNA-binding sites. 
Moreover, sites predicted in the C-terminal domain 
were mainly located in the first helix (of the C-terminal 
domain, first C-ter helix in Fig. 2), which is close to the 
G-site of the enzymes in the structure.

As no clear identification of RNA sequences inter-
acting with RBPs has been reported in RNA proteomic 
studies, we selected an RNA-binding protein to cali-
brate the docking procedure. We tuned the perfor-
mance of our docking method to the structure of the 
human miRNA–interacting protein DEAD-box heli-
case (DDX17, PDB ID: 6UV4)54 cocrystallized with 
seven nucleotide-containing miRNAs. DDX17 is 
involved in other functions regarding RNA metabo-
lism, such as pre-mRNA alternative splicing, ribosome 
biogenesis, mRNA export and coregulation of tran-
scription and miRNA processing, with the latter being 
the main focus of the structure-related paper.54 The 
DEAD-box domain is mainly responsible for the inter-
action with RNA whose contacts are dominated by 
hydrogen bonds with phosphate and sugar moieties.47  
We also considered that all the selected GSTs were 
found as candidate RBP in at least one polyA-capture 
experiment (RBP2GO,7 Table 1). This prompted us to 
focus our docking experiments on miRNAs as short 
RNA molecules to simulate protein–RNA interactions. 
Docking was performed on a monomer of GSTP1 as 
extracted from the dimeric structure contained in the 
8GSS PDB file. GSTP1 is the highest-scoring human 

GST in the RBP2GO database (UniProt ID: P9211; 
PDB ID: 8GSS). The docking procedure considers both 
GSH, a miRNA molecule with seven nucleotides (pri-
miR-18a-oligo1, PDB ID: 6UV4),54 and a second 
miRNA molecule (pri-miRNA-18a terminal loop) with 
11 nucleotides (PDB ID: 6DCL)55. The AutoDock Vina 
experiments are listed in Table 2, which includes a 
LigPlot+ 2D diagram for each docking experiment. 
The bidimensional map indicates that six of the 11 
binding sites of GSH are also present in the RNA-
binding pockets. As for the control, it appears that Vina 
docks both GSH and the miRNA molecule in a posi-
tion similar to that reported in the original PDB struc-
ture (red versus green structures in Table 2). Root 
mean square deviations to the original GSH and 
miRNA protein interacting molecules are 0.5 and 1 Å, 
respectively (computed with PyMol). The computed 
binding affinity was similar to that reported in the lit-
erature (Table 2). For GSH interaction, we report two 
values: the slightly highest value was found for the GST 
dimer and the lowest value for the monomer61 (our 
simulation in any case deals with half of the GSTP1 
dimer molecule contained in the PDB file).  
Focusing on GSTP1–miRNA interactions, we found 
that miRNA molecules are stabilized by the interaction 
of the backbone phosphate groups with the positively 

Fig. 3.    (Color online) Structure surface charges comparison 
between GSTP1 (PDB ID 8GSS chain A) and DDX17 (PDB ID 
6UV4 chain A). Electrostatic potentials, computed with PDB2PQR 
and APBS,48 are shown on a [–3, 3] red–white–blue colormap in 
units of kJ/mol. (a) On the left side, cyan and yellow circles high-
light the G-site pocket and RNA-binding surface, respectively, of 
GSTP1 and DDX17. Both the GSTP1 G-site pocket and DDX17 
RNA-binding region show a positively charged surface, suggesting 
that the two regions have similar electrostatic characteristics.  
(b) The right side shows the two structures rotated by 180°. 
Interestingly, positive charges appear only on the GSTP1 accessible 
surface, consistent with the residues predicted as RNA binding sites 
by the predictors (Figs. 1 and 2).
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experiments of RNA–protein interactions in 13 organ-
isms, including Homo sapiens.7 However, structure 
and sequence reference databases, including UniProt, 
although collecting many functional roles for GSTs, 
still do not annotate this important feature. Here, we 
investigated whether this role can be recognized by 
computational tools and validated by classical dock-
ing computations. The predicted RNA-binding resi-
dues consistently overlapped with the glutathione 
binding pocket (G-site) in all proteins tested. Docking 
validation suggested that RNA–protein interactions 
are due to RNA backbone interactions with the G-site. 
The RNA-binding solvent-accessible surface is, on 
average, more positively charged than that of the pro-
tein. Interestingly, although our docking focused on 
the G-site pocket contained in the N-terminal protein 
domain, other predicted RNA-binding sites were 
present in the C-terminal protein domain (Figs. 1 and 
2). This is consistent with the possible role of the pos-
itively charged accessible surface with a further stabi-
lizing RNA–protein interaction area (Fig. 3). We 
tested two different miRNA molecules of different 
lengths (7 and 11 nucleotides) and found that in both 
cases, the binding affinities were similar. Thus, we can 

Fig. 4.    (Color online) Docking obtained with AutoDock Vina on the GSTP1 dimer (PDB: 8GSS). LigPlot+ 2D diagrams are reported on 
the right side of the respective docking results. The interacting residues are derived from the corresponding LigPlot+ 2D diagram and define 
the blue and yellow pockets of the GSH and RNA, respectively; miRNA molecules are colored in red. (a) Best pose docking results with the 
seven-nucleotide-containing miRNA. Best pose: Affinity –9.3 kcal/mol. Mean affinity among poses: –8.8 ± 0.2 kcal/mol. Overlapping residues 
with glutathione binding sites: Tyr7, Phe8, Arg13, Trp38, Lys44, Gln51 and Leu52 (Chain A). (b) Best pose docking results with the 11 nucle-
otide-containing miRNA. Best pose: Affinity –9.6 kcal/mol. Mean affinity among poses: –9.2 ± 0.2 kcal/mol. Overlapping residues with glu-
tathione binding sites: Phe8, Arg13, Trp38, Lys44 and Gln51 (Chain A) and Tyr7, Phe8, Trp38 and Gln51 (Chain B).

charged region of the protein, including the GSH 
pocket. GSTP1–miRNA docking LigPlot+ 2D dia-
grams revealed that hydrogen bonds involved in the 
interaction were formed with the RNA molecule back-
bone, either phosphate groups or ribose sugar. A total 
of six interacting residues over 11 were shared between 
GST Pi + GSH and GST + both miRNAs: Tyr7, Phe8, 
Arg13, Trp38, Gln51 and Gln64. Computed binding 
affinities were similar for both miRNA molecules and 
similar to the affinity of DDX17 with its miRNA.54 We 
therefore propose GST–miRNA interaction as a relia-
ble molecular structure of a putative GST–RNA 
complex.

4.  CONCLUSIONS
In this study, we conducted a computational investi-
gation of the possible GST–RNA interactions. An 
increasing number of proteins have been discovered 
to interact with RNA,8 and a recent investigation has 
indicated that GSTs in mice are RNA interactors. 
Other studies reporting large-scale experiments in 
humans found evidence of RNA binding in GSTs as 
stored in RBP2GO, a recent database collecting 
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support the notion that RNA–protein interactions are 
mainly due to electrostatic stabilizing interactions 
that can occur, when necessary, in the cytoplasmic 
environment. It has been noticed that in the cyto-
plasm, most of the GSTs are dimers.61 For this reason, 
we docked the two miRNAs on the protein dimer 
(Figs. 4(a) and 4(b)), finding binding affinities similar 
to those reported in Table 2, where a monomer 
derived from the dimer was adopted. Data taken from 
the literature1,62,63 estimate that a typical mammalian 
cell may contain nanomolar to micromolar concen-
trations of total RNA. If this is the case, it is reasona-
ble to assume that, under stress conditions, the 
increase in the concentration of glutathione (up to 
millimolar concentration)17 and the increased expres-
sion of GSTs18 favor the protein role as glutathione-S 
transferases.61
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A B S T R A C T

AlphaFold2 predicts protein structures from structural and functional knowledge. Alternatively, ESMFold does 
the same adopting protein language models. Here, we map available Pfam domains on pairs of models of the 
human reference proteome computed with both procedures and we compare the mapped regions relevant for 
functional annotation. We find that, rather irrespectively of the global superimposition of the pairwise models, 
Pfam-containing regions overlap with a TM-score above 0.8 and a predicted local distance difference test 
(pLDDT) which is higher than the rest of the modeled sequence. This indicates that both methods are similarly 
performing in modeled regions that overlap Pfam domains, carrying structural and functional information, with 
pLDDT values slightly higher for AlphaFold2. The mapping of 9834 Pfam domains also allows the location of 
2578 active sites in 3382 enzymes of the human proteome, including 807 proteins for which the active site is not 
reported in UniProt.

1. Introduction

Automated sequencing techniques generate a huge and increasing 
gap between the number of protein sequences deposited in databases, 
and their available three-dimensional structures ([1,2] and references 
therein). Recently, AlphaFold2 from DeepMind has been proposed as a 
useful tool for filling this gap in UniProt files ([3], https://www.uniprot. 
org). AlphaFold2 is a deep machine learning method trained on protein 
multiple sequence alignments, protein contact maps, correlated muta
tions, and protein family templates to infer protein structures [4,5]. 
However, when basic structural and functional information is missing, 
convincing and complete models are still poorly predicted. As a recent 
alternative, ESMFold adopts a protein “embedded” representation, 
derived from protein language models generated after filtering hundreds 
of millions of protein sequences, to compute the protein structure ([6]
and references therein). Basically, both methods rely on an enormous 
computational power to extract evolutionary information at the base of 
concepts such as protein families and superfamilies, which routinely 
allowed the development of very successful methods for protein struc
ture prediction including that of building by comparison [7]. 

AlphaFold2-based methods have been proven superior to ESMFold in 
the international benchmark of CASP15 [8], where however a limited 
number of structures were tested. For the sake of comparing both ap
proaches, we recently generated a database of models for the human 
reference proteome, in which each human protein is endowed with 
AlphaFold2 and ESMFold models [9]. We commented before on the 
relatively better performance in structure prediction of AlphaFold2 
when protein family templates are known [9]. Here, we focus on human 
enzymes and their functional annotations. In UniProt, human enzymes 
derive their functional annotation from the Association-Rule-Based 
Annotator (ARBA) rule system (https://www.uniprot.org/help/arba), 
“a multiclass learning system trained on expertly annotated entries” that 
unifies both InterPro signatures [10] and Pfam models [11], relying on 
the notion that proteins in families and superfamilies conserve func
tional and structural domains [12].

A protein domain is a compact three-dimensional region of the fol
ded polypeptide chain that is self-stabilizing and that can fold inde
pendently from the rest [12]. Many proteins consist of several domains, 
and a domain may be shared by different proteins so that they can be 
considered as building blocks that molecular evolution adopted to 
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generate proteins with different functions [12]. Domains can be detec
ted with protein multiple structural and sequence alignments [13]. 
Traditionally, they have been modeled with hidden Markov models 
(HHMs) [14], and the Pfam database of protein-conserved domains is 
available ([11], https://pfam-docs.readthedocs.io). In the enzyme 
world, Pfam domains can include active sites, superfamily or family 
signatures, and/or structural characteristics ([10], https://www.ebi.ac. 
uk/interpro/). The procedure that we apply here is therefore based on 
mapping Pfam domains carrying along their annotation on our pairwise 
AlphaFold2 and ESMFold models of human enzymes out of the human 
reference proteome, focusing on those containing an active site and their 
comparison. We find that independently of the pairwise model super
imposition, mapped Pfam regions are structurally well-predicted and 
superimposed. This indicates that both predictors in the Pfam regions 
are similarly effective in grasping functional and structural features.

2. Materials and methods

The dataset adopted for the analysis comprises 6956 human en
zymes, all the proteins endowed with an EC number included in the 
Alpha&ESMhFolds database [9]. Alpha&ESMhFolds is a collection of 
42,942 proteins extracted from the human Reference Proteome 
(UP000005640, available at UniProt [3], release 2023_03 of January 

2023), which for each protein provides the respective AlphaFold2 and 
ESMFold models. AlphaFold2 models are downloaded from the Alpha
FoldDB ([5,15] https://alphafold.com, accessed in January 2023), and 
their ESMFold counterpart is computed in-house [9]. A fraction of the 
total enzyme database (1314 proteins of the 6956) is endowed with a 
PDB [16] three-dimensional structure covering at least 70 % of the 
protein sequence. Among the remaining 5643 proteins, 3037 are 
included in Swiss-Prot, the manually curated part of UniProt. The 
remaining 2606 are listed in TrEMBL, the automatically annotated part 
of UniProt.

For each enzyme, we extract the set of annotations present in Pfam 
[11] downloading data available at the website (https://pfam-docs. 
readthedocs.io, version 37.0 accessed in September 2024). We 
collected 14,122 Pfam entries, including 9834 domains, 3391 families, 
769 repeats, 93 short motifs, 19 conserved intrinsically disordered re
gions, and 16 coiled-coil regions, all documented also in InterPro (htt 
ps://www.ebi.ac.uk/interpro/). Notably, the Pfams we extracted are 
the same as those annotated in the UniProt database. Additionally, we 
ran the PfamScan tool to annotate 2578 Pfam entries with a reported 
active site. In total, 5684 residues were determined to be part of an 
active site with an average of 2.2 residues per active site (1642 active 
sites with 1 residue, 1230 with 2, 461 with 3, 47 with 4, the active site of 
domain PF00561 in the protein Q9H4I8 which has 5, and the active site 

Fig. 1. Workflow of the annotation procedure adopted in this work. Alpha&ESMhFolds DB (https://alpha-esmhfolds.biocomp.unibo.it/); Pfam DB (https://pfam- 
docs.readthedocs.io). For TM-score and pLDDT definitions see the Material and Methods section.

Fig. 2. Distribution of pairwise AlphaFold and ESMFold models of human enzymes in our database ([9], available at https://alpha-esmhfolds.biocomp.unibo.it/)) as 
a function of their superimposition as evaluated with the TM-score. Colors distinguish models with an underlying PDB structure (green), with a human PDB template 
(blue), with a PDB template from other organisms (yellow), and without structural evidence (red). It appears that 49.4 % of the 6959 pairwise models do not have 
PDB structural templates.
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of domain PF01536 in the protein P17707 which has 6).
For each protein, the Alpha&ESMhFolds database [9] provides the 

per-residue pLDDT of the AlphaFold2 and ESMFold models (a 
self-assessed measure by both methods of the reliability of the predicted 
model [17]), as well as the TM-score between the two models (a metric 
to estimate the similarity between the two 3D models [18]). Here, we 
focus on computing the local TM-score of the regions of the proteins that 
are covered by a Pfam entry, obtained by manually extracting the 
relevant regions from the predicted models. Evaluation is performed 
with the Foldseek program [13], which computes the structural super
imposition of the models and their similarity. The Foldseek program was 
run using the options “–alignment-type 1” (alignment type set to the 
TM-align algorithm) and “–prefilter-mode 2” (disabling prefiltering of 
results). The remaining program parameters were left to default values.

For the sake of reproducibility, we provide a GitHub repository 
accessible at https://github.com/MatteoManfredi/pfam_models. It 
contains detailed instructions to run a script that computes the results 
reported in this manuscript starting from the list of UniProt identifiers of 
our enzyme dataset. The script can also be used to reproduce our anal
ysis starting from a different list of UniProt identifiers, as long as those 
are included in our web server Alpha&ESMhFolds which provides the 
pairwise models.

3. Results and discussion

Proteins Enzyme Commission (EC) numbers are routinely assigned 
with the UniProt automatic annotations pipeline (https://www.uniprot. 
org/help/biocuration), which leverages the ARBA Rule system (https:// 
www.uniprot.org/help/arba). In this paper, we are interested in un
derstanding the ability of AlphaFold2 and ESMFold models to capture 
the functional features of human enzymes. In Fig. 2 we show the dis
tribution of enzyme models as a function of the computed TM-score, 
color-coded depending on their structural evidence. It appears that 
49.4 % of the pairwise models (6956) are without a PDB structural 
template.

Summing up, human enzyme model pairs can be grouped into three 
categories: i) models with an underlying PDB structure of the enzyme, ii) 
models without PDB in the background which superimpose (TM-score ≥

0.6), or iii) which do not superimpose (TM-score <0.6). Then, after 
mapping the Pfam database on the models, we compute TM-scores at the 
Pfam region and we evaluate the local quality of the prediction by 
averaging the per-residue pLDDT score over the Pfam region (see Ma
terials and Methods for definitions and Fig. 1).

Fig. 3 shows the distribution of the human protein enzymes as a 
function of the seven first levels of EC numbers. The most populated 
classes are Transferases and Hydrolases. Traditionally, ARBA rules 
include, among other features, Pfam domains. In the automatic anno
tation process at UniProt, the biocuration system (https://www.uniprot. 
org/help/biocuration) filters protein sequences and assigns the func
tional annotation, inclusive of the EC number, provided that the 
sequence meets a given set of features. In Table 1 we distribute our 
enzyme database according to the different Pfam types, as described on 
the Pfam website (see Materials and Methods). The Domain type is 
particularly interesting for our analysis since it contains information on 
the functional annotation and, when known, also on the active sites, 
which are conserved in the families. In the human enzyme set, 1517 
unique Pfam domains are shared by 5204 enzyme proteins for a total of 
9834 occurrences. The domain lengths range from 16 up to 713 residues 
(length distribution is shown in Figure S1). Included in domains are 
those containing an active site (249) which map into 2459 human en
zymes, with lengths ranging from 34 to 655 (See Figure S1 for distri
bution), and 99 % of these carry structural information. Along with 
domains, Pfam models are available for family signatures, repeats, short 
motifs, intrinsically disordered regions, and coiled-coil regions (https:// 
pfam-docs.readthedocs.io/en/latest/summary.html). These Pfam 
models, in principle, can shed light on functionality, although in a more 
general way. In Table 1 we list Pfam types, sorted by decreasing number 
of human enzyme proteins of our data set.

According to the workflow of Fig. 1, after mapping the Pfam data
base on the pairwise models, we compare the TM-scores of the global 
models with those evaluated for the Pfam regions. Similarly, we 
compare the local quality of the prediction of the global models with 
that restricted to the Pfam regions (by computing the pLDDT score). 
Results are shown in Fig. 4 and Table S2. TM-scores of the pairwise 
models are higher when the models have an underlying PDB structure 
(1047 enzymes); when structural information is lacking, 2766 enzymes 
have global models with a pairwise TM-score ≥ 0.6, and 1391 enzymes 
have global models with TM-score < 0.6. Considering the Pfam do
mains, TM-scores remain high when evaluated on the region of the 
mapped domain, irrespective of the superimposition of global enzyme 

Fig. 3. Histogram showing the number of proteins associated with each EC 
number. 151 proteins out of the 6956 enzymes in our dataset are associated 
with more than one EC number. The multi-EC combinations in the dataset and 
the relative number of proteins is reported here: EC 2–3: 71; EC 2–4: 12; EC 1–2: 
9; EC 3–4: 7; EC 4–5: 7; EC 1–3: 6; EC 1–4: 6; EC 1–5: 5; EC 2–6: 5; EC 3–7: 3; EC 
3–5: 3; EC 2–5: 2; EC 4–6: 1; EC 1–3–6: 4; EC 1–2–4: 3; EC 1–2–5: 2; EC 2–3–4: 
2; EC 1–4–5: 2; EC 1–2–3: 1.

Table 1 
The human enzyme set as distributed on the 6 types of Pfam entries.

Pfam Typea # Entries 
in Pfam 
database

# 
Unique 
Pfam in 
the HESb

# 
Enzymes 
with Pfam

# Pfam 
Occurrences

Range of 
Pfam 
lengthsc

Domains 9147 1517 5204 9834 16–713
Domains with 
annotated 
active site

773 249 2459 2577 34–655

Families 11,536 683 2738 3391 11–1444
Repeats 859 78 324 769 14–517
Short Motifs 122 21 77 93 15–61
Intrinsically 
disordered 
regions

122 9 19 19 60–165

Coiled-coil 
regions

193 8 14 16 35–331

# = Number of
a Pfam classifies its entries into 6 types (see Materials and Methods and htt 

ps://pfam-docs.readthedocs.io). We additionally distinguish among the “Do
mains” those containing an active site, as annotated by the PfamScan tool.

b HES = Human Enzyme Set comprising 6956 enzymes.
c We report the minimum and maximum length of the Pfam types included in 

our dataset, (number of residues). See Figure S1 for distributions.
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pairwise models (Fig. 4). The same holds for the predicted local evalu
ation of the quality of the models (pLDDT), which is slightly higher in 
AlphaFold2 than in ESMFold.

When we restrict the analysis to the enzymes with an active site, 
derived by mapping Pfam domains containing an active site, again we 
can observe (Fig. 5 and Table S3) that the superimposition of the Pfam 
regions (TM-score) in the pairwise models increases rather irrespectively 
of the superimposition and the quality of the global enzyme models. This 
is particularly evident when the global models diverge (TM-score < 0.6, 
Fig. 6). Interestingly, our mapping performed with PfamScan allows the 
annotation of 807 proteins with 858 active sites from 117 Pfam domains. 
These annotations are lacking in the associated files at UniProt.

According to the Pfam definition, a family includes proteins that 
share a common evolutionary origin “as reflected in their related func
tions, sequences or structure” (https://pfam-docs.readthedocs.io/en/ 
latest/summary.html). We therefore mapped Pfam family models into 
our dataset of enzymes and compared the pairwise models. Noticeably, 

as reported in Table 1, 509 enzymes map more than one Pfam family (for 
details see Table S1). We found that the mapped Pfam region overlap 
(higher TM-score than that of the global models) and the local quality of 
the self-evaluation of the predictions is higher than average (Fig. 7 and 
Table S4). Finally, we consider other Pfam models including repeats, 
short motifs (including metal binding sites), intrinsically disordered 
regions, and coiled-coiled regions. Even in these cases (with the excep
tion of disordered regions), the shared Pfam regions among the pairwise 
models have better quality than the overall global models (see Tables S5, 
S6, S7, and S8). The number of enzymes that map these Pfam types is 
progressively decreasing (Table 1), indicating that the annotation car
ried along pertains to a minor fraction of our human enzyme dataset.

4. Conclusions

In this paper, we functionally annotate our dataset of pairwise 
models of human enzymes derived from the human reference proteome. 

Fig. 4. Violin plots showing the comparison of AlphaFold2 and ESMFold pairwise models of human enzymes including Pfam domains. From left to right, on the y- 
axis we report the TM-score obtained when superimposing the two models, the mean pLDDT for AlphaFold2 models, and the mean pLDDT for ESMFold models. On 
the x-axis, we report observations for three subsets of enzymes, respectively those with a known PDB structure in the database, those with similar models (TM-score ≥
0.6), and those with dissimilar models (TM-score < 0.6). Each violin shows the difference between values computed on the Pfam-covered region (blue) and values 
computed on the whole protein (orange).

Fig. 5. Violin plots showing the comparison of AlphaFold2 and ESMFold pairwise models of human enzymes including Pfam domains with an active site. From left to 
right, on the y-axis we report the TM-score obtained when superimposing the two models, the mean pLDDT for AlphaFold2 models, and the mean pLDDT for ESMFold 
models. On the x-axis, we report observations for three subsets of enzymes, respectively those with a known PDB structure in the database, those with similar models 
(TM-score ≥ 0.6), and those with dissimilar models (TM-score < 0.6). Each violin shows the difference between values computed on the Pfam-covered region (blue) 
and values computed on the whole protein (orange).
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Global models are generated with AlphaFold2 and ESMFold, two 
different methods relying the first on deep learning of different protein 
features including evolution information derived from multiple 

sequence alignments, correlated mutations, and contact maps, the sec
ond on the protein sequence representation with embeddings derived 
from protein large language models [5,6,9]. For functional annotation 

Fig. 6. Examples of enzymes at different levels of model TM-scores showing that the superimposition remains good in the region covered by a Pfam domain. In all 
images, the green model is obtained with ESMFold and the purple one with AlphaFold2. We highlight the regions covered by a Pfam domain in blue and the active 
sites in yellow. In the image, we report the TM-score of the AlphaFold2 and ESMFold models (in black) and the TM-score computed on the region covered by the 
domain (in blue). From left to right, top to bottom, we show: “Phosphatidylglycerophosphatase and protein-tyrosine phosphatase 1” (UniProt accession: Q8WUK0, EC 
3.1.3.27), with a “Dual specificity phosphatase, catalytic” domain (Pfam accession: PF00782) covering residues 88–184 (active site in position 132); “Acylphos
phatase” (UniProt accession: G3V2U7, EC 3.6.1.7), with a “Acylphosphatase” domain (Pfam accession: PF00708) covering residues 41–127 (active site in positions 54 
and 72); “Protein disulfide-isomerase” (UniProt accession: H3BVI1, EC 5.3.4.1), with a “Thioredoxin” domain (Pfam accession: PF00085) covering residues 32–87 
(active site in positions 53 and 56); “Acylphosphatase” (UniProt accession: U3KQL2, EC 3.6.1.7), with a “Acylphosphatase” domain (Pfam accession: PF00708) 
covering residues 94–170 (active site in positions 97 and 115); “Dual specificity protein phosphatase” (UniProt accession: E9PSD4, EC 3.1.3.16), with a “Dual 
specificity phosphatase, catalytic” domain (Pfam accession: PF00782) covering residues 81–135 (active site in position 87); “E3 ubiquitin-protein ligase RNF4” 
(UniProt accession: P78317, EC 2.3.2.27), with a “Ring finger” domain (Pfam accession: PF13639) covering residues 131–177 (active site in position 132).

Fig. 7. Violin plots showing the comparison of AlphaFold2 and ESMFold pairwise models of human enzymes including Pfam families. From left to right, on the y-axis 
we report the TM-score obtained when superimposing the two models, the mean pLDDT for AlphaFold2 models, and the mean pLDDT for ESMFold models. On the x- 
axis, we report observations for three subsets of enzymes, respectively those with a known PDB structure in the database, those with similar models (TM-score ≥ 0.6), 
and those with dissimilar models (TM-score < 0.6). Each violin shows the difference between values computed on the Pfam-covered region (blue) and values 
computed on the whole protein (orange).
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we took advantage of Pfam models, casting into HMMs local structural 
and/or functional conservation highlighted by grouping proteins into 
families and superfamilies (clans) [11]. What we obtain is interesting, 
particularly when considering pairwise global models of enzymes 
without a PDB reference structure (81 % of the entire enzyme dataset). 
Rather independently of the superimposition of the global enzyme 
models that we evaluate with the TM-score and group in two sets 
(TM-score higher or lower than 0.6 [9]), Pfam regions overlap, as 
demonstrated by the Pfam-restricted TM-score values. In these regions, 
the predicted local evaluation of the quality of the models (pLDDT) is 
higher than the quality of the global model. Our results suggest that both 
AlphaFold2 and ESMFold methods are equally good in grasping the in
formation carried out by Pfam models.

Interestingly, our procedure allows mapping structural and func
tional information in enzyme domains where the active site is present, as 
detected by PfamScan. For 807 human enzymes (whose list is available 
as a supplementary file), the functional annotation of the active site is 
not yet present in the associated UniProt file.

Funding

The work was supported by the European Union- NextGenerationEU 
through the Italian Ministry of University and Research under the pro
jects “Consolidation of the Italian Infrastructure for Omics Data and 
Bioinformatics (ElixirxNextGenIT)” (Investment PNRRM4C2-I3.1, Proj
ect IR_0000010, CUP B53C22001800006) and "HEAL ITALIA" (Invest
ment PNRR-M4C2-I1.3, Project PE_00000019, CUP 
J33C22002920006).

CRediT authorship contribution statement

Gabriele Vazzana: Visualization, Investigation, Formal analysis. 
Castrense Savojardo: Writing – review & editing, Software, Method
ology, Funding acquisition. Matteo Manfredi: Writing – review & 
editing, Writing – original draft, Visualization, Validation, Software, 
Methodology, Investigation, Formal analysis, Data curation. Pier Luigi 
Martelli: Writing – review & editing, Funding acquisition, Conceptu
alization. Rita Casadio: Writing – review & editing, Writing – original 
draft, Supervision, Investigation, Data curation, Conceptualization.

Declaration of Competing Interest

The authors declare that they have no known competing financial 

interests or personal relationships that could have appeared to influence 
the work reported in this paper.

Appendix A. Supporting information

Supplementary data associated with this article can be found in the 
online version at doi:10.1016/j.csbj.2025.01.008.

References

[1] Kandathil SM, Lau AM, Jones DT. Machine learning methods for predicting protein 
structure from single sequences. Curr Opin Struct Biol 2023;81:102627.

[2] Bepler T, Berger B. Learning the protein language: evolution, structure, and 
function. Cell Syst 2021;12:654–69. e3.

[3] Consortium UniProt. UniProt: the universal protein knowledgebase in 2023. 
Nucleic Acids Res 2023;51. D523–31.

[4] Jumper J, Evans R, Pritzel A, Green T, Figurnov M, Ronneberger O, et al. Highly 
accurate protein structure prediction with AlphaFold. Nature 2021;596:583–9.

[5] Varadi M, Bertoni D, Magana P, Paramval U, Pidruchna I, Radhakrishnan M, et al. 
AlphaFold protein structure database in 2024: providing structure coverage for 
over 214 million protein sequences. Nucleic Acids Res 2024;52:D368–75.

[6] Lin Z, Akin H, Rao R, Hie B, Zhu Z, Lu W, et al. Evolutionary-scale prediction of 
atomic-level protein structure with a language model. Science 2023;379:1123–30.

[7] Baker D, Sali A. Protein structure prediction and structural genomics. Science 
2001;294:93–6.

[8] Kryshtafovych A, Schwede T, Topf M, Fidelis K, Moult J. Critical assessment of 
methods of protein structure prediction (CASP)-Round XV. Proteins 2023;91: 
1539–49.

[9] Manfredi M, Savojardo C, Iardukhin G, Salomoni D, Costantini A, Martelli PL, et al. 
Alpha&ESMhFolds: a web server for comparing AlphaFold2 and ESMFold models 
of the human reference proteome. J Mol Biol 2024;436:168593.

[10] Paysan-Lafosse T, Blum M, Chuguransky S, Grego T, Pinto BL, Salazar GA, et al. 
InterPro in 2022. Nucleic Acids Res 2023;51:D418–27.

[11] Mistry J, Chuguransky S, Williams L, Qureshi M, Salazar GA, Sonnhammer ELL, 
et al. Pfam: the protein families database in 2021. Nucleic Acids Res 2021;49: 
D412–9.

[12] Lesk A. Introduction to bioinformatics. 5th ed. London, England: Oxford University 
Press; 2019.

[13] van Kempen M, Kim SS, Tumescheit C, Mirdita M, Lee J, Gilchrist CLM, et al. Fast 
and accurate protein structure search with Foldseek. Nat Biotechnol 2024;42: 
243–6.

[14] Durbin R, Eddy SR, Krogh A, Mitchison G. Biological sequence analysis. 
Cambridge, England: Cambridge University Press; 2007.

[15] Tunyasuvunakool K, Adler J, Wu Z, Green T, Zielinski M, Žídek A, et al. Highly 
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