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Abstract 
 

The structural and functional landscape of  
protein superfamilies: 

From the thioredoxin fold to parasite peptidases 

 

Holly J. Atkinson 

 

 

All enzymes can be classified into superfamilies that share common mechanistic 

attributes of catalysis. These catalytic attributes are delivered via variants of a 

common structural scaffold. The superfamily context, through the linkage of 

structure and aspects of function, is useful for making inferences about the 

function of uncharacterized proteins. However, the superfamily context is more 

than a few isolated model proteins—it is encoded in a landscape of proteins that 

evince the full range of variation of structure and function across all members of 

the superfamily. Protein similarity networks are a projection of this landscape. 

Similarity networks were validated and then used in combination with 

other analyses to create an atlas of the thioredoxin fold that exposes the 

heterogeneity of the glutaredoxins, and to show how catalytic residues are 

distributed throughout the class. An important change in the activation of the 

coenzyme of some glutathione transferases was described, paired with a new 

example of convergent evolution of the coenzyme binding site. Additionally, a 

similarity landscape was used to provide context for recent developments in the 

biology of cysteine peptidases in parasites. Most of the proteins in all of these 

classes have not been functionally characterized, and this is one of the first 

attempts to examine their catalytic capabilities. The similarity landscapes of the 

thioredoxin fold, glutathione transferases, and cysteine peptidases can be used to 

prioritize and guide functional characterization of the many proteins that remain 

unexamined. 
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Chapter 1: 
Introduction 

 

 

1.1 The importance of the structure-function relationship 

Enzymes drive the physiology of organisms. Enzymes are proteins that catalyze chemical 

reactions; accordingly, they implement metabolism through interacting with small molecules, 

macromolecules like structural proteins and DNA, and other enzymes. These interactions 

are negotiated by the biophysical attractions and repulsions of charged, polar, and neutral 

chemical groups tendered by the enzyme and its target substrate (see Fig. 1). Through 

incremental changes, many enzymes have evolved to hasten the rate of transformation of a 

specific substrate into a specific product by many orders of magnitude over the rate of the 

equivalent spontaneous reaction in water (e.g., [1]). This proficiency of catalysis, as well as an 

enzyme’s degree of specificity for interacting with a single substrate or range of substrates, is 

highly tuneable through the evolution of structural variants of a progenitor protein. The 

resulting complex system of multitudes of busy enzymes—catalyzing preordained tasks at 

specific time points in specific compartments within the hive of the cell—is the fundamental 

enterprise that underlies life. 

 

 

Figure 1.1. Chemical groups tendered by the enzyme guide binding and transformation of the 
substrate. 
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An example enzyme—here, a cysteine 

peptidase—illustrates the binding of a 

substrate to pockets formed within the 

enzyme. The bound substrate is positioned 

close to a polarized sulfur (in yellow), which is 

part of the structure of the enzyme. This 

nucleophilic sulfur initiates the cleavage of a 

specific carbon-nitrogen peptide bond in the 

substrate peptide, leading to its 

transformation into two shorter peptides. This 

type of reaction—the cleavage of peptide 

bonds—is integral to a number of metabolic 

processes. One example is the degradation of 

proteins into their component parts, which 

can then be reused in the biosynthesis of new 

proteins. 

 

 

 The fact that enzyme catalysis is preordained is important. Due to temporal and 

spatial compartmentalization, there is uncertainty regarding whether an enzyme will contact 

its substrate. However, one of the axioms of biology is that the structure of an enzyme 

determines its molecular function. That is, the precise arrangement and dynamics of the 

chemical groups that comprise an enzyme directly mediate its catalytic capabilities. Yet this 

simple definition of the structure-function relationship hides the reality that understanding 

this mapping—i.e., given the structure of an enzyme, predicting its substrate and how it will 

change substrate to product—is quite challenging. The task is analogous to deciphering the 

syntax and semantics of a three-dimensional alien language, given the transcript of one 

speaker from a conversation involving an unknown number of participants.  

Fortunately, from an evolutionary perspective, enzyme structures rarely exist in 

isolation. Because structure determines function in an enzyme, it is frequently the case that 

an enzyme with a similar structure catalyzes a similar reaction, and consequently detailed 

knowledge of the structure-function relationship in one enzyme can inform knowledge of a 

structurally related enzyme. This concept is the basis of functional annotation of 

uncharacterized enzymes, a central mission in biological research. Accurate prediction of the 

molecular and physiological function of enzymes has numerous valuable applications. First 

and most importantly, it allows a better understanding of biology. More practical uses 

follow—functional annotation allows the selection of enzymes that might be manipulated 

with drugs to aid human health. Knowledge of the structure-function relationship in a class 

of enzymes can be used to choose a starting point for rational engineering or directed 
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evolution of an enzyme with a desirable property, such as a role in the synthesis of a drug or 

degradation of an environmental toxin. In organisms with thousands or tens of thousands of 

genes encoding proteins, these applications are impractical without the narrowing of focus 

provided by knowledge of the catalytic capabilities of specific enzymes.  

The work described here is primarily concerned with understanding the structure-

function relationship in classes of enzymes—given some basic information about structural 

similarity associated with the class, the analysis of large sets of related enzymes can yield 

information about the distinct catalytic capabilities of individual members and identify some 

of the most interesting enzymes. 

1.2 Superfamilies provide a useful context for understanding the 
structure-function relationship in a group of enzymes 

Enzyme superfamilies are evolutionarily related groups of enzymes that have an attribute of 

their catalytic mechanism in common—that is, they are homologous enzymes in which 

corresponding structural moieties have corresponding roles in catalysis [2]. However, their 

overall reaction can vary, in terms of substrate specificity as well as mechanism. As discussed 

earlier, information about the structure-function relationship in one enzyme is pertinent to 

the investigation of such features in a structurally similar enzyme. The superfamily context 

provides a related framework in which the defining features of the superfamily can be used 

to help predict and understand catalysis in each member enzyme. 

 Three dimensional enzyme structures are composed of folded linear chains of amino 

acids. The amino acids are limited to an alphabet of twenty characters, each of which 

contributes a distinct set of chemical groups that influence the overall folded structure. This 

amino acid sequence—also known as the primary structure, as opposed to the three 

dimensional tertiary structure—can be quite variable across a superfamily, whereas the 

tertiary structure or backbone fold tends to be more conserved. Predicting how the primary 

structure will fold into the three dimensional structure that determines function is yet 

another difficult mapping problem. Nevertheless, it is again made easier as a result of 

evolutionary neighbors and the ability to transfer some knowledge from structurally 

characterized enzymes to enzymes for which only the sequence is known [3]. In order to 

accurately make this transfer, the amino acid sequences of the characterized and 
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uncharacterized enzymes must be aligned to reveal their positional homology in primary 

structure, and this is where an additional element of difficulty intrudes. There are limits on 

the sequence similarity required for an accurate alignment—a common convention is a 

minimum of 30% identical positions across the length of the alignment—and sequence 

similarity between distant members of a superfamily is frequently more divergent than this 

threshold. Furthermore, a greater distance in primary structure increases the odds that the 

overall reaction catalyzed by a pair of superfamily members will be more different. 

 In this work, much effort is expended on identifying the members of enzyme 

superfamilies and the positional homologies that link them together and to catalytic moieties. 

This aids the identification and description of the functional themes that define the 

glutathione transferases and the other superfamilies of the thioredoxin fold class, and later, 

the superfamilies of peptidases in parasitic organisms. 

1.3 Protein similarity networks are a visualization of protein structural 
landscapes 

Enzyme superfamilies provide frameworks that link collections of homologous but divergent 

enzymes, and one can imagine the structural landscape associated with each superfamily [4]. 

Small changes in primary structure cluster with the catalysis of one overall reaction, and a 

large change in structure results in a leap to a different part of the landscape where another 

cluster of structures is associated with a different reaction. The structural landscape is a 

helpful tool—when planning a trip, it is important to have a map that shows how to get 

from one city to the next, rather than just a list of the amenities in each city. Similarly, when 

trying to understand the structure-function relationship within a superfamily, the relative 

similarities of different clusters of enzyme structures provides information that informs 

other interrelationships, such as potential similarities in function. 

 Protein similarity networks provide one physical implementation of this theoretical 

protein structural landscape. As used here, a protein similarity network represents proteins as 

nodes (points) that are connected by edges (similarity relationships) if a given pair of 

proteins is more similar than some threshold level of similarity (see Fig. 2). This means that 

for most thresholds, a closely related group of proteins will be more densely connected with 

edges than a more distantly related group of proteins. This network is a high dimensional 
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abstraction, but it can be viewed and interpreted if displayed using a layout algorithm—this 

is similar to converting a list of cities with geographical coordinates to a two-dimensional 

map. However, since it requires many dimensions to specify the exact distances between 

each protein, the layout algorithm approximates the two-dimensional distances—in this 

work, a variant of a force-directed layout is used. In a force-directed layout, nodes are 

modeled as point masses that repel each other with a repulsive force. Edges are modeled as 

springs. Thus, when the “laws of physics” are applied, the network is allowed to equilibrate 

in a two-dimensional plane. In the network, there is no information about the 

interrelationships of disconnected proteins, but highly interconnected groups of proteins are 

pulled together into clusters from the attractive force of the edge-springs, and clusters 

become tighter with an increase in the number of interconnections among participants in the 

cluster. Thresholds can be relaxed or made more stringent to include or exclude more distant 

levels of similarity and thus focus on similarity relationships at different levels of granularity. 

 

 

Figure 1.2. Protein similarity networks summarize the pairwise similarity relationships between 
proteins. 
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A. Similar sequences cluster in a protein 

similarity network visualized with a force-

directed layout. This network is based on 

pairwise sequence alignments, and is 

thresholded at E=1x10-20—only alignments 

that score better (i.e., have a smaller E) are 

included in the network. The edge labeled (a) 

represents a better-scoring alignment than the 

edge labeled (b); this is because it is more 

similar (68% identical versus 30%) and the 

alignment includes more of the total length of 

the sequences (alignment length of 216 amino 

acids versus 197). The nodes (circles) are 

colored according to a type of class 

annotation. B. The quality of a sequence 

alignment is captured in its score (here, E). 

The second alignment is insignificant because 

it covers only a small region of both 

sequences, even though it has a relatively high 

percent identity (40%). Protein alignments can 

describe positional homology, i.e., the similar 

or identical amino acids in an accurate 

alignment. 

 

 The real value of protein similarity networks is in their conversion of what would 

otherwise be an enormous list of proteins and their associated characteristics—in this work, 

up to 4,000 proteins—into a visual display that has the intuitive correlate of the protein 

structural landscape. Human brains are not designed to parse lists of 4,000 elements and 

identify functional trends across lists of clusters; likewise, complex functional relationships 

are not easily encoded as computable expressions. Similarity networks provide an imperfect 

solution to this problem, allowing many more proteins to be analyzed, rather than the more 

common discussion of a small number of representative proteins. Limiting research to a few 

canonical examples is hindering our understanding of protein function [5]. 

 In the following chapters, protein similarity networks are used extensively in 

hypothesis generation and to illustrate structural and functional trends in enzyme 

superfamilies. 

1.4 Guide to the following chapters 

In Chapter 2: Using sequence similarity networks for visualization of relationships across diverse protein 

superfamilies, sequence similarity networks are demonstrated to be accurate representations of 

protein similarity, and their applications and caveats in analyzing protein superfamilies are 

discussed. 
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In Chapter 3: An atlas of the thioredoxin fold class reveals the complexity of adaptations that enable diverse 

functions, the range of structural and functional variation in the expansive, multiple-

superfamily-containing thioredoxin fold class is examined. Insights into the common 

catalytic capabilities and oddness of individual classes are revealed. 

 

In Chapter 4: Glutathione transferases are structural and functional outliers in the thioredoxin fold, the 

structural and functional landscape of the thioredoxin fold class defined in Chapter 3 is now 

used to clarify the significance of the unique features of member suprafamily, the glutathione 

transferases. Additionally, a remarkable example of convergent evolution is unveiled. 

 

Chapter 5: The global cysteine peptidase landscape in parasites, a review of parasite cysteine 

peptidases, uses similarity networks to help update old assumptions and expose the 

multitude of parasite peptidases that remain unexamined in the lab. 

1.5 References 
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Segue 1 
 

 

The goal of Chapter 1 was to introduce the reader to some of the concepts and terms 

underlying this dissertation, The structural and functional landscape of protein superfamilies: From the 

thioredoxin fold to parasite peptidases. Essentially, this work details an investigation of the 

interplay between structure and function in several large, diverse, and medically important 

classes of enzymes. 

 

Key points from Chapter 1: Introduction: 

• The structure-function relationship governs how changes in the amino acid sequence 
of a protein translate into differences in structure, which leads to differences in the 
biochemical and physiological role[s] of proteins. Understanding the structure-
function relationship is an unsolved problem, and predicting the effects of changes 
becomes more challenging with greater differences in structure. 

• Prediction of the biochemical and physiological function of uncharacterized protein 
sequences is a critical application of insights into the structure-function relationship. 
There are far too many protein sequences to investigate in detail, but the confidence 
that a specific protein may have an interesting function is a starting point for 
development of drug targets, using the protein as a scaffold for enzyme engineering 
experiments, and detailed study of how that protein participates in the physiology of 
an organism.  

 

Chapter 2: Using sequence similarity networks for visualization of relationships across diverse protein 

superfamilies discusses a tool for summarizing large classes of related proteins that directly aids 

the goal of forming hypotheses about the function of uncharacterized proteins. This tool, 

the sequence similarity network, will be used extensively in the following chapters to 

illustrate structural and functional themes in large classes of proteins. These themes provide 

specific models that enhance the understanding of the biochemical function of individual 

proteins in each class, providing new information and putting existing research in context. 
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Chapter 2: 
Using sequence similarity networks for visualization of 

relationships across diverse protein superfamilies 
 

 

Holly J. Atkinson1, John H. Morris2, Thomas E. Ferrin2,3, and Patricia C. Babbitt3,2 
 

1Graduate Program in Biological and Medical Informatics, 2Department of Pharmaceutical 
Chemistry, 3Department of Bioengineering and Therapeutic Sciences, University of 

California, San Francisco, California, USA 
 

2.1 Abstract 

The dramatic increase in heterogeneous types of biological data—in particular, the 

abundance of new protein sequences—requires fast and user-friendly methods for 

organizing this information in a way that enables functional inference. The most 

widely used strategy to link sequence or structure to function, homology-based 

function prediction, relies on the fundamental assumption that sequence or 

structural similarity implies functional similarity. New tools that extend this 

approach are still urgently needed to associate sequence data with biological 

information in ways that accommodate the real complexity of the problem, while 

being accessible to experimental as well as computational biologists. To address 

this, we have examined the application of sequence similarity networks for 

visualizing functional trends across protein superfamilies from the context of 

sequence similarity.  

Using three large groups of homologous proteins of varying types of 

structural and functional diversity—GPCRs and kinases from humans, and the 

crotonase superfamily of enzymes—we show that overlaying networks with 

orthogonal information is a powerful approach for observing functional themes 

and revealing outliers. In comparison to other primary methods, networks provide 



 2. Using sequence similarity networks for visualization of protein superfamilies  
 

 10 

both a good representation of group-wise sequence similarity relationships and a 

strong visual and quantitative correlation with phylogenetic trees, while enabling 

analysis and visualization of much larger sets of sequences than trees or multiple 

sequence alignments can easily accommodate. We also define important limitations 

and caveats in the application of these networks. As a broadly accessible and 

effective tool for the exploration of protein superfamilies, sequence similarity 

networks show great potential for generating testable hypotheses about protein 

structure-function relationships.  

 

2.2 Introduction  

Over the past two decades, there has been a disorderly explosion of biological data, 

exponentially increasing in volume with time. To keep pace with the broad classes of new 

sequence, structural, and functional data arising from compilations of genomic and 

proteomic data in particular, many powerful approaches have been developed for unearthing 

meaningful themes and hypotheses from within the jumble. Yet there is still a critical need 

for improved techniques enabling fast and comprehensive analysis of large sequence data 

sets, especially to access the biologically useful context that can be extracted from this 

information. There is a particular demand for easy-to-use techniques to aid experimental 

biologists in finding useful starting points for analyzing diverse superfamilies of proteins. 

Here we address one of these techniques, sequence similarity networks (Fig. 1). A relatively 

new application of methods commonly used to summarize protein-protein interactions on a 

large scale [1], sequence similarity networks—here, in which the interrelationships between 

proteins are described as a collection of independent pairwise alignments between 

sequences—represent an attractive adjunct approach to multiple sequence alignments and 

phylogenetic trees. Moreover, they offer several important capabilities unavailable to these 

methods. First, they provide a fast and easy to compute framework for observing 

relationships among very large sets of evolutionarily related proteins; more importantly, 

when visualized they also allow the perception of trends in orthogonal information—viz., 

function-related information—mapped onto the context of sequence similarity. Because they 
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provide access to these relationships in an intuitively accessible manner and are easy to create 

and manipulate, these networks fill a need that is not currently well-addressed by other tools. 

By enabling the visualization of extremely large sets of related sequences, networks provide 

advantages unmet by phylogenetic trees, particularly in showing all relationships that score 

above a user-defined similarity cut-off rather than only the small number of optimally 

scoring connections. Also, for the same amount of computation, a much larger set of 

sequences can be analyzed using a network than could be used to infer a tree. Furthermore, 

there are restrictions on the number of sequences that can be usefully considered in 

generating a multiple sequence alignment, in part due to the practical limitations of viewing 

alignments of hundreds of sequences. The corresponding benefit of visualizing a sequence 

similarity network, rather than analyzing it numerically, is that the displayed network can be 

overlaid with as many types of derived and orthogonal information as spring to mind. The 

network can then be interactively explored to see how these different features coalesce into 

trends (or don’t) when viewed in the context of sequence similarity. Additionally, using 

interactive software to visualize the networks (e.g. [1]) and to link to other types of 

information such as three-dimensional structures (e.g. [2]) allows the evaluation of individual 

and sets of edges, enabling an informed researcher to decide how much to trust the 

relationships implied by the network structure. 
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Figure 2.1. Sequence similarity network topology changes in a predictable way with the 
stringency of the threshold. 

A. Thresholded sequence similarity networks 

represent sequences as nodes (circles) and all 

pairwise sequence relationships (alignments) 

better than a threshold as edges (lines). The 

same network, depicting three simulated 

protein classes, is shown here at four different 

thresholds. At stringent thresholds, the 

sequences break up into disconnected groups; 

within each group the sequences are highly 

similar. The relative positioning of dis-

connected groups has no meaning, while the 

lengths of connecting edges tend to correlate 

with the relative dissimilarities of each pair of 

sequences. As the threshold is relaxed and 

edges associated with less significant 

relationships are added to the network, groups 

merge together and eventually become 

completely interconnected. B. Simulated 

dendrogram for a sequence set that might give 

rise to the network in A. 
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There has already been a great deal of interest in generating sequence similarity 

networks. Enright and colleagues recognized that visualizing a network of protein similarity 

information [3] was a useful extension to basic protein sequence clustering methods (e.g. 

BLASTCLUST [4] and CD-HIT [5]). They then used the MCL algorithm—designed for clustering 

very large networks—to identify natural sequence similarity “families” (ideally, rough 

functional classes) in a network of the protein universe [6]. A number of other groups 

followed with innovative approaches to cluster all known proteins and visualize them as 

attractive, enigmatic maps (e.g. [7]).  More recently, there have been efforts to use sequence 

similarity networks for more discrete sets of related proteins [8], and PFAM has released its 

classification of families into the more general clans, creating many three-level hierarchies 

bundling sequences into families, and families into clans [9].  Work by Medini et al. [10] 

began with a sequence similarity network of the protein universe, but also isolated one small 

and interesting region of the network. Using more careful analyses, they made inferences 

about the evolution of specific protein families from the isolated region. In our own work, 

we have begun to use sequence similarity networks to provide context for the analysis of 

individual proteins that are members of superfamilies [11], to show the relative outlier status 

of specific functional classes within a large superfamily [12,13], and to illustrate the 

correlation with lineage of conservation patterns for active site residues in a specific family 

of enzymes [14]. 

But before sequence similarity networks can be adopted for broad use, it is 

important to understand their strengths and weaknesses. In particular, these types of 

networks need to be validated in comparison to better-understood approaches.  A primary 

motivation of this work is to address whether there is a compelling quantitative argument 

that sequence similarity networks can competently depict sequence similarity relationships, 

allowing them to be used as a framework to guide hypotheses about functional relationships. 

Although it has long been recognized that sequence similarity is an imperfect proxy for 

functional similarity, a fundamental dogma of structural biology—that sequence 

conservation infers structural conservation, which in turn implies functional conservation—

has been extensively and effectively applied to infer functional properties on every scale. 

Consistent with this view, our results demonstrate that visualized sequence similarity 
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networks perform well in representing sequence similarity information, and indeed the 

visualized relationships correlate well with known functional relationships. In contrast to the 

formal network representations of sequence similarity represented by previous studies 

describing algorithms for network generation, we have shown how well the displayed 

relationships reflect various measures of sequence and evolutionary distance, using relevant 

examples and quantitative assessments. Additionally, we introduce a concept: the most 

valuable feature of sequence similarity networks is not the optimal or most accurate display 

of sequence similarity, but rather the flexible visualization of many alternate protein 

attributes for all or nearly all sequences in a superfamily. To illustrate the results, we have 

used three well-studied superfamilies with nuanced functional annotations. This work is 

especially applicable to the study of individual superfamilies, and is complementary to 

previous work in this area that typically shows that networks can group all known proteins in 

agreement with broad definitions of functional similarity (e.g. [15]). 

Here we demonstrate, using example data sets of G-protein coupled receptors 

(GPCRs), kinases, and the crotonase superfamily of enzymes, that sequence similarity 

networks recapitulate much of the information present in phylogenetic trees, that the 

relationships implied by networks are in agreement with known sequence and structural 

relationships, that networks incorporate a number of practical benefits that improve on 

current techniques for relating sequences, and finally, that visualization of similarity networks 

enables the perception of trends from the context of sequence similarity, initiating fruitful 

hypotheses. Finally, we report a new result relevant to the evolution of domain variation in 

the crotonase superfamily of enzymes that was obtained from analysis of sequence similarity 

networks. 

2.3 Results and Discussion 

Our results provide validation of sequence similarity networks for establishing family or 

superfamily context and for illustrating important applications. The first two sections 

provide quantitative evidence to support our claim that two-dimensional distances in 

visualized networks correlate well with the underlying distances in high-dimensional space 

and with distances depicted by phylogenetic trees, indicating that the depictions are 
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mathematically reasonable and comparable to an accepted standard. The next sections 

address the practical benefits we have found for sequence similarity networks in capturing 

known (and novel) sequence and structural relationships, and in providing different and new 

information compared to conventional methods for relating sequences. We also describe 

some of the important advantages this view of sequence similarity context provides for 

hypothesis generation about structure-function relationships. This latter application is most 

powerful when nodes in the network are painted with structural or functional information 

that is orthogonal to homology-based information. An example is provided by mapping 

sequence length and taxonomic information onto the crotonase superfamily network, 

leading to the discovery that there are three major groups within the superfamily that are 

differentiated by domain organization and that track with primary branching across the tree 

of life. Each section is accompanied by a brief discussion of the controls and caveats we 

have found to be important for effective use of this method. 

I. Visualized sequence similarity networks are satisfactory depictions of high-
dimensional similarity relationships 

Graph layout algorithms project the N-1 dimensional data structure into two (or three) 

dimensions for visualization, with the aim being to preserve, as well as possible, the actual 

pairwise distances between nodes in high dimensional space. In this case, the graphs are 

made up of nodes (sequences) connected by edges (pairwise similarity relationships). The 

layoutused in this work, the Organic layout [16,17] available in Cytoscape 2.6 [1], uses only 

node connectivity to illustrate groups and inter-group relationships. This makes it suitable 

for visualizing thresholded sequence similarity networks, where the high-dimensional graph 

is defined by all pairwise sequence alignments that are better than a chosen cut-off. Because 

mutual sequence similarity within a protein family and the number of similarity relationships 

better than a threshold appear to be highly correlated, the Organic layout is able to calculate 

relative distances in two dimensions that are remarkably close to the underlying, 

mathematically ideal distances in high dimensional space, without explicitly incorporating 

numeric edge weights into the algorithm. (See Fig. 1 and Table S1.) An alternative layout 

algorithm incorporating edge weights performed slightly worse (Fig. S1). Across all of the 

test sets used in this work, the correlation between displayed distances and the 
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mathematically ideal distances defined by BLAST E-values ranges from a low of 0.838 ± 0.002 

to a high of 0.936 ± 0.003; the variation in correlation appears to be associated with 

variations among the specific sets of proteins analyzed, data set curation, and the selected E-

value cut-off rather than with the size of the network in terms of nodes and edges (data not 

shown). The visually discernable clusters tend to overlap with sequence clusters as 

determined by related approaches, such as the NCBI BLASTCLUST program (See Fig. S2). 

Additionally, we found high correlations between a Class A GPCR network composed of 

605 sequences and networks from this set where 20% of the sequences were removed at 

random. To address the impact of missing data on network topology, we compared the laid-

out distances between sequences present in the full network and these 80% networks (Fig. 

S3). Here, the average correlation is 0.892 with a standard deviation of 0.016, indicating that 

the observable distances are very similar. The underlying BLAST-defined distances also 

remained extremely similar, at 0.993 ± 0.004. The observable distances for the 80% network 

were also very close to the 80% BLAST-defined distances (0.901 ± 0.010) as well as to the 

underlying BLAST distances for the full sequence set (0.894 ± 0.014). Thus, the implied 

sequence interrelationships do not depend strongly upon the presence of specific sequences. 

II. Sequence similarity networks recapitulate much of the information present in 
phylogenetic trees 

We examined the similarity relationships implied by phylogenetic trees and networks of two 

small protein families (amine-binding GPCRs, and the STE and WNK kinases) and the 

kinase superfamily. Both sequence families are simple to align—highly conserved 

transmembrane helix domains anchor the amine-binding GPCRs, while the STE and WNK 

kinases have an average percent identity of 36% across the alignment. The distances between 

sequences in a neighbor-joining tree of the 42 human amine-binding GPCRs and the 

corresponding sequence similarity networks are well correlated (R = 0.712; see Table 1); 

notably, with this set of proteins annotated by their ligands, the network does as good a job 

of grouping functionally-similar sequences as the tree. As can be seen in the neighbor-joining 

tree in Fig. 2A, most of the clades are about equidistant from one another, with the 

exception of the muscarinic acetylcholine group, which is slightly more similar to a pair of 

histamine-binding GPCRs (H3 and H4). These comparatively longer branches are 
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demonstrated in the network, and the intermediate characteristics of a third histamine-

binding GPCR, labeled (a) in Fig. 2, are captured both in the tree and the network. A fourth 

histamine-binding GPCR, labeled (b) in Fig. 2, is closer to the central branch point of the 

other amine GPCRs than any other sequence in the tree. Accordingly, it is embedded in the 

larger amine group that is closer to the central branch point relative to the muscarinic 

acetylcholine and three histamine class sequences in the network. A similar level of 

correlation was found between trees and displayed distances (0.714) in 51 human STE and 

WNK kinases, and qualitative features were mirrored as well. Both the tree and the network 

clearly demonstrate the outlier status of the STE20: STLK kinase domains (labeled (a) in Fig. 

S4). See Table S2 for statistics on these kinases.  

 

Table 2.1. Comparison of mathematically ideal and displayed pairwise network distances 
between 42 human amine-binding GPCRs 

A. BLAST E-values (from 
pairwise alignments) 
 

A. 
BLAST E-values 

  

B. Organic layout R: 0.906 ± 0.034 
Z: 11.87 
P: 8.04 ! 10-33 

B. 
Organic layout 

 

C. Neighbor Joining tree R: 0.758 ± 0.034 
Z: 9.91 
P: 1.95 ! 10-23 

R: 0.712 ± 0.034 
Z: 9.43 
P: 2.14 ! 10-21 

C. 
NJ tree 

D. Distances from 
multiple sequence 
alignment 

R: 0.715 ± 0.034 
Z: 9.11 
P: 4.14 ! 10-20 

R: 0.645 ± 0.034 
Z: 8.24 
P: 8.47 ! 10-17 

R: 0.944 ± 0.034 
Z: 13.07 
P: 2.29 ! 10-39 

 

Pearson’s correlations (R) and associated Z-

scores (Z) and P-values (P) describing the 

similarity between the relative pairwise 

distances between 42 amine-binding GPCR 

domain sequences as assessed by (A) all 

shortest paths between –log10(BLAST E-

values), (B) the shortest paths between 

sequences as displayed by a two-dimensional 

graph layout algorithm, (C) the shortest paths 

between sequences in a Neighbor-Joining tree, 

and (D) the relative pairwise distances 

calculated from a multiple sequence 

alignment. Additionally, pairwise BLAST E-

values and the graph layout algorithm 

correspond to a network thresholded at an E-

value of 1!10-33. Note that the network layout 

(B) is a visual representation of the underlying 

distances in (A), while the tree (C) is a visual 
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representation of the underlying distances in 

(D). A and D cannot be visualized exactly in 

fewer than N-1 dimensions. 

 

 

 

Figure 2.2. Comparison of trees and networks: amine-binding GPCRs. 

A. Neighbor-Joining tree describing the 

interrelationships of 42 amine-binding human 

GPCR domains. Sequences are labeled 

according to the common name for their class 

(e.g., the sequence labeled "1D is 

adrenoceptor "1D; see additional data file 5 

for all sequence database identifiers). B. 

Sequence similarity network including the 

same 42 sequences as in (A). This network 

was thresholded at a BLAST E-value of 1x10-33: 

only edges associated with E-values more 

significant than 1x10-33 are included in the 

network. This network contains 324 edges; 

the worst edges displayed correspond to a 

median of 30% identity over an alignment 

length of 280 amino acids. See Table 1 for a 

quantitative comparison of the two 



 2. Using sequence similarity networks for visualization of protein superfamilies  
 

 19 

representations. The sequences labeled (a) and (b) are discussed in the text. 

 

 

In order to assess the correspondence between a very large phylogenetic tree and 

sequence similarity networks, we used a dendrogram of the human kinome [18], which uses 

sequence similarity to classify all of the kinase domains in the human genome into a number 

of broad classes. This tree depicting the classification of each kinase has been enormously 

useful to researchers since being published; in particular, it gives a sense of how a kinase of 

interest relates to all others. Although the pairwise relationships between the CK1 kinase 

class and the other canonical kinase domains are not significant enough to be connected at 

the E-value threshold chosen for Fig. 3, the pairwise distances between the large connected 

group are still strongly correlated with the distances in the seminal Manning kinase tree [18] 

(R is 0.628 when comparing the laid out distances in the connected cluster in Fig. 3 to the 

tree distances for the 419 sequences in common from the full Manning tree, which contains 

491 kinase domains; see Table 2 for more statistics). 
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Figure 2.3. Sequence similarity networks are useful tools for exploration of the kinase 
superfamily. 

Two ways of coloring the same network of 

513 human kinase domains are shown. The 

network is thresholded at a BLAST E-value of 

1x10-25. The worst edges displayed correspond 

to a median of 29% identity over alignments 

of 260 residues. A. Network colored by kinase 

class. B. Network colored by the presence of 

a catalytic Lys in the “VAIK” motif: Each of 

the 513 sequences was aligned to a sequence 

model of the kinase domain, and the identity 

of the residue at the catalytic Lys position is 

mapped to the network. *Note that MAP2K1 

and MAP2K2 registered a Lys to Arg 

substitution due to a sequence alignment 

error. The other labeled kinases truly do not 

contain a homologous catalytic K, but only 

the WNK kinases have been shown to have 

kinase activity. See Table 2 for statistics. 
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Table 2.2. Comparison of network and phylogenetic tree distances between 419 kinase 
domains 

A. BLAST E-values 
 
 

A. 
BLAST E-values 

 

B. Organic layout 
 

R: 0.934 ± 0.003 
Z: 41.2 
P: 0.0 

B. 
Organic layout 

C. Manning et al. 2002 
human kinome tree 

R: 0.683 ± 0.003 
Z: 39.5 
P: 0.0 

R: 0.628 ± 0.003 
Z: 40.0 
P: 0.0 

 

Pearson’s correlations (R) and associated Z-

scores (Z) and P-values (P) describing the 

similarity between the relative pairwise 

distances between 419 human kinase domain 

sequences in common as assessed by (A) all 

shortest paths between –log10(BLAST E-

values), (B) the shortest paths between 

sequences as displayed by a two-dimensional 

graph layout algorithm, and (C) the shortest 

paths between sequences in the phylogenetic 

tree published in Manning et al. 2002 [18]. 

The pairwise BLAST E-values and the graph 

layout algorithm correspond to a network 

thresholded at an E-value of 1!10-25. 

 

 

Note that while there are many similarities between the interpretations that can be 

made from the information provided in a network and a tree, phylogenetic trees are based 

on an explicit evolutionary model that is missing from sequence similarity networks. Thus, 

networks are not an adequate alternative to a tree, as the interrelationships they depict 

cannot be used as a basis for inferring evolutionary history. Indeed, there is a fundamental 

difference between the network composed of nodes representing contemporary protein 

sequences that may be connected with cycles, and the acyclic Steiner tree with introduced 

ancestral nodes that can be used to describe a phylogenetic tree. Despite this, and 

particularly in the case of large networks with many edges, we have found anecdotally that 

the composition of many independent alignments as a graph projected into two dimensions 

enables a visual estimate of confidence in a displayed group-wise similarity relationship—a 

single edge representing a pairwise alignment at 22% identity may look like noise, but a large 

number of edges representing slightly different 22% identity alignments between different 
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members of the same two discrete groups can be more convincing, particularly when there 

are known structural and functional relationships between the groups, as in the GPCR 

networks depicted in Fig. 4. Thus, by including many more relationships than are possible in 

a tree, we speculate that networks can assist in separating sequence similarity signal from 

noise. 

 

Figure 2.4. Visualizing very distant interrelationships between GPCRs.  

A. 605 human Class A: Rhodopsin-like GPCR 

domains. This sequence set includes the 42 

amine-binding sequences from Table 2 and 

Fig. 2. This network was thresholded at a 

BLAST E-value of 1x10-11; the worst edges 

displayed correspond to a median of 24% 

identity over an alignment length of 210 

amino acids. Sequences colored red for “Class 

A: Rhodopsin-like” were not classified to a 

specific subgroup within the class. B. 766 
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human GPCR domains. This sequence set 

includes all of the 605 Class A sequences from 

(A), now colored dark grey. This network was 

thresholded at an E-value of 1x10-2, and the 

worst edges displayed correspond to a median 

of 22% identity over an alignment length of 

120 amino acids. Also included in both 

networks is a set of 17 sequences in light grey. 

These sequences were used here as negative 

controls, and were randomly drawn from the 

human proteome and not annotated as 

GPCRs. The red and green clan labels 

correspond to PFAM clans [9]. The sequences 

that are associated with or that are extremely 

similar to high resolution structures are noted 

[PDB identifiers 1F88 [22], 2VT4 [23], 3EML 

[26], 2RH1 [24], and 2R4R [25]]. See Table S1 

for network statistics. 

 

III. The relationships implied by sequence similarity network topology agree with 
known sequence and structural relationships 

The structural relationships between different functional classes of GPCRs can be extremely 

distant. At the low stringency threshold at which inter-group relationships can be visualized 

using networks, many of the displayed edges represent poor alignments. In Fig. 4A, all of the 

human “Class A: Rhodopsin-like” GPCRs are shown at an E-value cut-off chosen to 

demonstrate the relationships between the major subgroups of this class. The largest known 

mammalian gene family [19], the olfactory receptors (OR), clearly forms a distinct group of 

its own. There are 252 edges linking the ORs to the other Class A sequences, representing 

inter-group pairwise alignments ranging from E-values of 1x10-16 (24% identity across 305 

residues) to 9x10-12 (31% identity over 121 residues). None of these alignments can be 

expected to be error-free, but the fact that there are so many between the same two groups, 

and that sequence and functional relationships have been established for decades [20] implies 

that the existence of the edges—if not the details of the alignment underlying each individual 

edge—is reliable. The absence of edges between the Class A GPCRs and a number of decoy 

“non-GPCRs” is a further check to help evaluate whether or not to trust the implied 

similarity relationship. Note that this data set is too large to use in generating a phylogenetic 

tree using conventional methods. 

One important application of sequence similarity networks is using them to form 

general functional hypotheses for sequences whose molecular functions are unknown. A 

typical protein superfamily sequence set contains a number of well-known families or 
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characterized groups, as well as other groups that can be confidently classified to the 

superfamily but which are uncharacterized or for which the evidence for annotation with a 

more specific family label does not exist. In Fig. 4A, those sequences are represented as the 

red “Class A: Rhodopsin-like” sequences; in 4B, they are represented as the orange 

“Putative/unclassified GPCRs.” Clearly, the visualized network gives more information 

about how these sequences fit into the larger context of the superfamily than can be 

conveyed by a listing of scores or even a multiple alignment or tree. One relatively well-

characterized Class A GPCR, Cannabinoid receptor 1 (CB1), is not associated with a more 

specific ligand class label in this data set, but is nestled in among a number of 

“Lysosphingolipid and LPA” sequences; this group is unsurprisingly involved in lipid 

signaling. As the literature shows that endogenous ligands for CB1 are also involved in lipid 

signaling [21], if CB1 had been uncharacterized, the network topology would have given 

hints about which sort of ligand class might lead to activation of the protein. 

Another feature accessible from the network representation is so basic that it is easy 

to overlook—networks enable the conversion of lists of labeled protein sequences to a 

visually intuitive display of the entire data set. Thus, even given the caveats, the network 

shown in Fig. 4A provides a view of broad relationships across the rhodopsin-like GPCRs 

that is informative in a way not accessible from multiple alignments or trees. Of added 

interest, this view shows how the well-characterized rhodopsin sequence—one of the scant 

handful of GPCRs associated with a high resolution structure [22], along with the beta-1 and 

beta-2 adrenoceptors [23-25] and A2A adenosine receptor [26]—fits into the context of the 

entire class, helping to illustrate its relative usefulness for making inferences about other 

subgroups in this network. (The other existing GPCR structure—rhodopsin from squid 

[27]—is distant from the human rhodopsins and is not shown in Fig. 4.)  In Fig. 4B, six 

additional classes from the multiple GPCR superfamilies have been added to the analysis, 

and in order to observe group-wise connections, the threshold has been scaled back to a 

statistically insignificant E-value of 1x10-2. While the different classes have long been known 

to be functionally and structurally related, as recently as 1999 the different groups were 

described as having no sequence similarity [28]. Even more than in 4A, the most distant 

alignments in 4B are expected to have errors; in particular, the single edge between the Class 
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A and Class C sequences in 4B, representing a 22% identity alignment over 135 amino acids, 

potentially represents a specious connection that should be undetectable from sequence 

information alone. However, despite the serious limitations in using such low significance 

sequence similarity scores for prediction of functional properties, other evidence exists to 

suggest that this is a useful representation of the GPCR superfamily. Except for the Class C 

group, the group-wise clustering is in line with the PFAM clan grouping. PFAM clans represent 

higher-order groupings of PFAM family models [9]: the GPCR_A clan includes “Class A: 

Rhodopsin”, “Taste receptors T2R”, and “Vomeronasal receptors”; the FOCS clan includes 

“Class B: Secretin-like” and the “Frizzled/Smoothened family”; and the “Metabotropic 

glutamate” group is not included in a clan. This example suggests an important rule of 

thumb for the use of sequence similarity networks: connections among distant sequence 

groups based on statistically insignificant scores should not be used for functional prediction 

without expert knowledge of a system; however, when expert knowledge is available, even 

poor significance networks may provide useful information for understanding the 

distribution of a large related sequence set. 

IV. Sequence similarity networks incorporate practical benefits that improve on 
current techniques for relating sequences 

Not only do sequence similarity networks retain the basic clustering and topology 

information present in phylogenetic trees, but they may also be a better representation—for 

the purposes of developing hypotheses about protein family sequence and structural 

interrelationships—than phylogenetic trees. Whereas a phylogenetic tree requires the 

complexity of all of the pairwise relationships in a multiple sequence alignment to be 

projected down into one dimension, a sequence similarity network can show multiple 

neighbors for a given sequence. In so doing, the network can reveal sequences that may have 

sequence characteristics useful for linking divergent clusters in multiple alignments.  

Additionally, it is not necessarily appropriate to include a sequence in a multiple 

sequence alignment that is firmly in the twilight zone of sequence similarity relative to most 

of the other sequences in the alignment [29]. A thresholded sequence similarity network 

allows the researcher to define the minimal level of similarity that is acceptable for use in 

analysis, and transitive relationships still allow the observation of group-wise similarity 
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without diluting the signal from other more significant relationships. The fact that similarity 

networks are not based on a single multiple sequence alignment is an important advantage: a 

good multiple sequence alignment can be very difficult to construct in the case of a large or 

diverse sequence set. And from a practical standpoint, while it can take weeks or months to 

curate a global multiple sequence alignment and then wait for phylogenetic inference 

software to converge on a tree of reasonable quality, all of the networks discussed in this 

work took between a couple of minutes and a couple of hours to generate on a laptop 

computer. Researchers can also take advantage of existing resources that facilitate the 

mapping and interactive visualization of large collections of annotations and protein 

descriptors used to color network displays (ref. [1]). This level of flexibility is unavailable in 

any commonly used tree viewing software. 

V. Visualized sequence similarity networks enable the perception of trends from the 
context of sequence similarity, leading to fruitful hypotheses 

The context provided by the similarity network can be exploited in many ways. For example, 

the kinase networks shown in Figs. 3A and 3B differ only in the functional properties by 

which they are colored. By coloring nodes according to the identity of an important catalytic 

or specificity position, sequence similarity networks show a clear utility in tracking functional 

changes with a protein subfamily. In Figure 3B, the coloring exposes functional outliers; 

nodes in the kinase superfamily are colored blue-green if a lysine is present at the appropriate 

position for binding and orienting the alpha and beta phosphates of ATP within the kinase 

domain (the “VAIK” motif lysine). While the vast majority of kinase domains clearly 

demonstrate the expected presence of this important catalytic position, there are a number 

of salient exceptions—in particular the catalytically active With No Lysine (WNK) kinase, in 

which the catalytic lysine accomplishes its role using a different subdomain [30,31]. The 

other kinases without the catalytic lysine were recently described as pseudokinases [32]. 

In the course of considering the effect on network topology from using full-length 

sequences or only single domains, new groupings for the enoyl-CoA hydratase family were 

revealed, based on changes in domain architecture. (The enoyl-CoA hydratase family (ECH) 

is the constituent family for which the larger ECH superfamily was named.) Most proteins 

are composed of two or more domains, and the combination of multiple domains may 
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modify the function of a multidomain protein relative to its single domain homologue [33]. 

A comparison of full-length and single domain sequences is especially relevant for highly 

divergent superfamilies in which domain organization may vary across different subgroups 

and influence network topology. Using the ECH superfamily (also known as the crotonase 

superfamily) [34] for these tests, we found that there can be a large degree of qualitative and 

quantitative correspondence between full-length sequence networks and domain-only 

networks when BLAST is used as a similarity metric, thanks to the fact that it calculates local 

alignments. Since the edges are representations of the local regions of similarity between 

sequences, as demonstrated in the agreement between Fig. 5A and 5C, the topology 

information does not change dramatically, whether the domain in common is isolated, or is 

embedded in a larger, multi-domain sequence (the correlation in displayed distances between 

the two networks is 0.868; see Table S3 for full statistics). However, in the domain-only 

network, the alignments leading to a similar topology are shorter and have higher sequence 

similarity, leading to differences in the associated E-values. Importantly, the sequence region 

defined as the crotonase domain by a hidden Markov model (HMM) and the region covered 

by the BLAST alignment are largely overlapping; see Fig. 5D for an illustration of selected 

alignments used to define edges from the full-length crotonase network. At significant BLAST 

alignment E-values—in particular, within the range included in the network in Fig. 5A, 5B, 

and 5D—the BLAST alignments tend to extend slightly beyond the crotonase domain. For 

the crotonase and GPCR superfamilies, the families of network topologies across a range of 

different E-value thresholds do not change substantially whether or not the domain-only 

sequence is used to construct a network with BLAST (data not shown).  
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Figure 2.5. Crotonase superfamily: sequence similarity network from full-length sequences and 
from just the domain in common. 
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The displayed networks all describe the 

pairwise relationships between 1,170 

sequences from the crotonase superfamily. A. 

Network colored by family annotation, 

involving full-length sequences, thresholded at 

an E-value of 1x10-30. The worst edges 

displayed correspond to a median of 33% 

identity over alignments of 250 residues. B. 

The full-length network from A with nodes 

colored by sequence length and edges colored 

by alignment length. The same bifunctional 

enoyl-CoA hydratases (bECH) are marked 

with a dashed oval in B and C. C. Network 

colored by family annotation, involving just 

the crotonase domain, thresholded at 1x10-29. 

The worst edges displayed correspond to a 

median of 38% identity over alignments of 

180 residues. D. 17 selected edges from the 

network in A and B. In the left panel, for each 

pair of sequences participating in an 

alignment, the log E-value versus the HMM 

used to define the crotonase domain is shown 

for each sequence—the single domain ECH 

(sECH) is on the bottom, and the second 

member of the pair is on the top—and the log 

BLAST E-value for the alignment between the 

two is in the middle. Two example bECH and 

sECH sequences (not alignments) are shown 

at the bottom of the left and middle panels. In 

the middle panel, each amino acid in each 

sequence from the 17 alignments is colored 

according to whether it was aligned to the 

crotonase domain defined by the HMM, 

and/or was paired to the other sequence in 

the BLAST alignment used to define an edge. 

Locations of six of these edges are marked in 

the enlarged view of the network in A in the 

right panel. The locations of the example 

bECH and sECH sequences are marked in 

the right panel using stars. See Tables S1 and 

S3 for quantitative comparisons. 

 
 

While network topology is not strongly affected by sequence similarity outside the 

domain of interest in the ECH and GPCR superfamilies, this may not be the case with all 

superfamilies. In practice, we have found that better resolution can be achieved using 

networks of full-length sequences, as the greater variation in lengths of alignment and 

corresponding similarity scores allows a more nuanced discrimination between different 

groups of proteins. Yet this comes at a risk of including relationships that can be mistakenly 

attributed to the domain of interest. If an additional domain in common happens to be more 

conserved than the domain of interest, unexpected edges will link groups that the 

investigator would expect to find distant from one another. Investigators should weigh these 



 2. Using sequence similarity networks for visualization of protein superfamilies  
 

 30 

issues and consider their familiarity with the superfamily before interpreting a full-length 

sequence network in the absence of a comparable single domain network. A useful control 

we use is to generate networks of each domain in a multidomain set and contrast the results 

with the network for the full-length proteins. Here, mapping lengths onto the network 

visualization clearly indicates the existence of domain differences in the ECH family (Fig. 

5B); the general crotonase domain tends to be about 250 residues long, and there are a 

number of families whose full-length sequences are significantly longer, including a subset of 

ECHs (see the dashed ovals in Fig. 5B and 5C), 3-hydroxyisobutyryl-CoA hydrolases 

(3HCH), and histone acetyltransferases (HAT). 

Exploration of the domain differences in the enoyl-coA hydratases—by mapping 

species categories onto the network—leads to new observations that have not previously 

been reported. We discern three major groups of ECHs: bifunctional two-domain proteins 

(including an ECH domain) found in bacteria, metazoans, and plants; these are variously 

known as multifunctional enzyme MFE-1, peroxisomal bifunctional enzyme, and the alpha 

subunit of mitochondrial trifunctional protein [35] (here, bECH). A second group of 

bifunctional proteins is found in archaebacteria (archaeal bECH), and the third group of 

single domain ECHs (sECH) is found in all branches of the tree of life (also known as 

hydratase-1). The bifunctional proteins are all more than twice the length of the general 

ECH domain, because they contain the N- and C-terminal domains associated with 3-

hydroxyacyl-CoA dehydrogenase activity (3HCDH_N, and 3HCDH, respectively [36]); this 

reaction is the third step in fatty acid degradation, while ECH catalyzes the second step. The 

network topology in Fig. 6A and 6B indicates that the ECH domain in the archaeal 

bifunctional proteins is more similar to the sECH ECH domain than either of these two 

domains is to the ECH in the other bifunctional protein cluster; a look at the underlying 

alignments indicates that the domain ordering between archaeal and non-archaeal bECH 

sequences has been reversed (Fig. 5D, Fig. 6C). A pair of phylogenetic trees—one using full-

length sequences and the other just the ECH domain from representative sequences—

implies that the archaeal bECH ECH domain is most similar to the sECH domain (see Fig. 

S5); additionally, the significant sequence similarity between each type of ECH domain 
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indicates that the three domain structures most likely arose through an evolutionary 

mechanism other than convergent evolution.  

 

Figure 2.6. Domain shuffling in the enoyl-CoA hydratase family. 
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The displayed networks contain all 410 enoyl-

CoA hydratases from the crotonase 

superfamily network in Fig. 5A. The network 

is thresholded at a BLAST E-value of 1x10-50; 

the worst edges displayed correspond to a 

median of 40% identity over alignments of 

260 amino acids. A. Network nodes colored 

by sequence length and edges colored by 

alignment length. B. Network nodes colored 

by species kingdom (Fungi, Metazoa, 

Viridplantae) or superkingdom (Bacteria, 

Eukaryota, Archaea). The same 

archaebacterial bifunctional enzymes are 

marked with a dashed oval in both A and B. 

C. Representative domain structures for the 

three major classes of enoyl-CoA hydratase-

containing sequences, with domains defined 

using PFAM HMMs [36]. 

 

 

2.4 Conclusions 

We expect that the use of sequence similarity networks may soon become as common in 

laboratories as the use of multiple sequence alignments. As shown here, these networks can 

be used to display distances that are accurate from a mathematical perspective, as well as 

comparing favorably to an accepted method for establishing molecular similarity, the 

phylogenetic tree. Sequence similarity networks reiterate known structural and functional 

relationships, and can be used to analyze very large data sets in a timely manner, allowing 

many different networks to be explored in the time required to generate a single 

phylogenetic tree of reasonable quality.  

However, we see the real promise of this technique as allowing a knowledgeable 

scientist to observe basic connections and clustering in a protein superfamily of interest in 

the context of orthogonal information. Thus, a good framework for visualizing networks 

performs well in recapitulating known group-wise connections and clustering. More 

critically, it should provide a clear view of all of the proteins in the dataset, and flexibility in 

mapping different features to the visual display so that large-scale and group-wise trends as 

well as outlier status can be discerned—the particular network layout algorithm used is not 

important as long as it adequately represents similarity; there are many ways a layout 

algorithm can be optimized to correspond more closely to some numerical ideal. Networks 

can be generated from protein distance data derived from many types of analyses, but for 
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simplicity and because of the advantages of speed and the ability to use very large sets of 

proteins, we have used BLAST in this paper. Moreover, clustering of proteins can also be 

obtained in many ways. In this paper, we have used a simple method to underline the value 

of protein similarity networks when tagged with functional information. While we argue that 

coming to a final conclusion based on a pairwise BLAST alignment is generally not 

supportable, visualization of sequence similarity networks provides—using even such a 

simple metric as BLAST—an environment for exploring complex protein data sets and the 

straightforward generation of hypotheses to be tested using more rigorous methods. The 

developers of Cytoscape are actively working on extending the application to facilitate 

analysis of sequence similarity networks[37]; some of the features under development are 

automated calculation of BLAST -based similarity networks given a list of sequences, 

clustering algorithms for semi-automated detection of protein groups, and speed and 

cosmetic improvements to open-source network layout algorithms. Keeping in mind the 

quality of the underlying data and the caveats discussed here, we encourage the use of 

sequence similarity networks as a first step in analyzing diverse sequence data sets because of 

their potential to reveal new and unexpected relationships. 

2.5 Materials and Methods 

I. Data set sources 

The human GPCR sequences and ligand-based annotations were extracted from the GPCR NaVa Database 

[38] on Jan. 22, 2008.  This database is focused on naturally occurring variants of GPCRs; the sequences used 

in this work were only those associated with the 773 SWISSPROT identifiers corresponding to the unique gene 

used to group each NaVa DB set of variants. 

The kinase sequences and annotations were drawn from the base set of 621 human kinase domains in Kinbase 

(available at http://kinase.com/kinbase) [18] on Mar. 5, 2008.  The Newick-format eukaryotic kinase tree is 

also available at http://kinase.com/human/kinome/groups/ePK.ph) [18]. This tree was chosen for use 

because of its previous use in providing context for investigations of the structure-function relationship in 

kinases—when a researcher wishes to select some number of representative kinases, the structure of the 

kinome tree is often used in order to guide sampling of distinct classes, or even to show how one kinase class 

relates to another (e.g. [39]). 

The crotonase superfamily sequences and annotations came from the 1,330 publicly available sequences in this 

superfamily in the Structure-Function Linkage Database [40] on Jan. 16, 2008 from http://sfld.rbvi.ucsf.edu. 
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The crotonase superfamily represents a diverse set of homologous enzymes diverged to catalyze a range of 

different overall reactions using different substrates and leading to different products. Many of the member 

proteins have been well characterized functionally and structurally [34,41], making the crotonases a useful set of 

proteins for this analysis. 

II. Data set curation 

GPCRs: To remove duplicate and highly similar sequences, the 773 GPCR sequences were winnowed to 766 

by filtering to a maximum of 99% identity using CD-HIT [5].  The GPCR domain—effectively the seven 

transmembrane helices and connecting loops—was then isolated from each sequence by extracting the region 

of each sequence that aligned to a hidden Markov model (HMM) of the domain. A library of three GPCR 

domain models was used in this step; only the best model of the three was used to define the domain. The first 

domain model was based on the GPCR_A PFAM clan alignment [9]; the alignment was used to train an HMM. 

The second domain model was based on the FOCS PFAM clan alignment, corresponding to Class B GPCRs; 

the alignment was clipped to isolate just the region beginning with transmembrane helix 1 and ending with 

transmembrane helix 7.  The third model was trained on the PFAM 7tm_1 family alignment [36], corresponding 

to the Class C: Metabotropic glutamate group. Each PFAM alignment was downloaded on Jan. 30, 2008.  All 

HMMs were constructed using the HMMER package hmmbuild and hmmcalibrate commands, and sequences 

aligned to the HMMs were extracted from the output of the hmmpfam command (package available at 

http://hmmer.janelia.org). An additional 20 sequences were drawn at random from the human proteome to 

serve as non-GPCR controls; three of these were already annotated as GPCRs and discarded. The remaining 17 

non-GPCR sequences were clipped to a length of 289 residues—the median length of the GPCR domains in 

the 766-domain sequence set—and included in the network analysis of the two larger GPCR data sets. 

Kinases: Beginning with the 621 human kinase domains, all sequences labeled as pseudogenes were removed, 

leaving 517 domains. The 517 domains were then filtered to a maximum of 99% identity as described above, 

leaving 513 sequences. 

Crotonases: The initial 1,330 crotonase superfamily sequences were filtered to a maximum of 99% identity as 

described above, leaving 1,170 sequences. In order to define a general crotonase domain, the best-resolution 

structure from each applicable SFLD crotonase family [40]— PDB IDs 1mj3, 1q52, 1nzy, 1dci, 1sg4, 1pjh, 1hzd, 

1ef8—were aligned and used to generate a structure-based sequence alignment using the Chimera MatchMaker 

and Match->Align commands [42]. Two diverse sequences from the remote member family, the 3-

hydroxyisobutyryl-CoA hydrolases, for which no experimentally determined structure is available—were 

themselves aligned to the structure-based alignment using the profile alignment option in MUSCLE [43]. The 

closely overlapping regions from the structural alignment were then used to define the borders of the crotonase 

domain; this region was clipped out of the combined alignment and used to construct an HMM model and 

isolate domain sequences from each of the 1,330 crotonase sequences as described above. 
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III. Construction of networks; internal network statistics; decoys 

The sequence similarity networks consist of a collection of edges corresponding to pairwise relationships that 

are better than a defined threshold. For this work, pairwise relationships correspond to BLAST alignments 

associated with an E-value [4]. The fastest way to construct the network is to use formatdb to create a custom 

BLAST database of a sequence set of interest, search the database with each individual sequence in the set using 

blastall, and treat hits to each sequence better than a threshold E-value as edges. However, by using a set of 

related proteins as a database, the background model assumption that similarity hits will follow an extreme 

value distribution is violated. Thus, while we use the BLAST E-value rather than the BLAST score to define 

similarity between sequences because it includes a number of helpful corrections [44], it must be considered as 

a type of score, rather than a true expectation value.  

Additionally, BLAST E-values and scores are not symmetric—for a given comparison between two sequences, 

the alignment, score, and E-value can vary depending on which sequence is used as the query. In tests we 

performed to adjudicate this issue, we found that 74% of the comparisons in a large network have “backward” 

and “forward” E-values within 5 log units—regarding the other 26%, the median average log E-values begin at 

-46.5 and decrease as the score asymmetry increases; for our data set, alignments corresponding to log E-values 

of -46.5 had a median percent identity of 35% over 290 amino acids (see Fig. S6). This indicates that the 

greatest asymmetry is found in the better-scoring comparisons. The networks in this work use the best E-value 

associated with each pairwise comparison. 

To aid in evaluating the networks, we create quartile plots of alignment percent identity, alignment length, and 

edge count versus edges binned by associated E-value (see Fig. S7). This gives a sense of how the alignments 

change with the E-values, and can assist in picking an informative E-value threshold. For instance, only 

networks based on alignments that cover at least the length of the domain in common and have greater than 

30% sequence identity may be of interest. Another simple control we suggest is to add sequences known to be 

unrelated to the sequence data set to the network (see the discussion in Results Section III). If the selected 

threshold results in edges between sequences of interest and the sequences known to be unrelated, this is a 

clear indication that some of the edges at that threshold are at the same level of sequence similarity as 

background noise. 

Sequence similarity networks in this work are visualized using the Organic layout [16,17] in Cytoscape 2.6 [1], 

with the exception of the comparison between the Organic layout and the Cytoscape force-directed layout 

weighted by BLAST E-value shown in Fig. S1. The Organic layout is also based on a force-directed layout 

algorithm; see the supplementary data website for a movie that illustrates how force-directed layouts work. 

IV. Construction of phylogenetic trees 

The amine-binding GPCR tree was constructed from all 42 sequences in the “Amine” class (a subclass within 

the Class A GPCRs, which are themselves a subclass within the 766 human GPCR domain data set). The 51-



 2. Using sequence similarity networks for visualization of protein superfamilies  
 

 36 

sequence kinase tree included each sequence from the 513 human kinase domain sequence set that was 

annotated as an STE or WNK class kinase. Both trees were constructed using the same protocol: The 

sequences were aligned with MUSCLE [43]; the amine-binding GPCRs were on average 29% identical across the 

alignment, and the STE/WNK kinases had an average percent identity of 36%. A Neighbor-joining 

phylogenetic tree [45] was then inferred from the alignment using the PHYLIP 3.6 package (available at 

http://evolution.genetics.washington.edu/phylip.html): we used PROTDIST and the JTT substitution model to 

generate the distance matrix based on the alignment, NEIGHBOR to infer the tree from the distance matrix, and 

SEQBOOT (1000 replicates) and CONSENSE to calculate the associated bootstrap values. 

The ECH trees (Fig. S5) were calculated using Bayesian phylogenetic inference via MRBAYES [46], given 

alignments calculated using MUSCLE. Both trees were calculated from four runs after 300,000 generations, with 

trees from the first 50,000 generations excluded from the estimation of the final tree. 

All trees were visualized in Dendroscope [47]. 

V. Extraction of distance matrices from networks, trees, and multiple sequence 
alignments 

The central quantitative analysis in this work is the direct comparison of pairwise distance matrices between  

N-1 dimensional BLAST networks, two-dimensional displayed distances calculated by the Cytoscape 2.6 [1] 

Organic layout, phylogenetic trees, and multiple sequence alignments. Here, BLAST E-values are the ideal 

distances that are indirectly captured by the Organic layout (this algorithm takes only node connectivity into 

account, not edge weights), while pairwise distances from a multiple sequence alignment are the ideal distances 

that are captured by phylogenetic trees. In order to compare a network, which contains cycles and many edges, 

to a tree, which has no cycles and few edges, we treat both networks and trees as graphs and calculate the 

shortest paths between each pair of sequences through the graph, using the –log10 edge E-values (BLAST), 

displayed edge lengths (Organic layout), and edge lengths from the Neighbor-Joining algorithm (trees) as edge 

weights. The shortest-paths matrix is calculated via the Floyd-Warshall algorithm, with the undirected networks 

represented as sets of pairs of opposite directed edges. Additionally, in a thresholded sequence similarity 

network, the distances between disconnected nodes are undefined; thus, analysis is only performed on the 

largest connected group of nodes for a given E-value threshold. In each of the figures associated with these 

calculations, the great majority of sequences are in the largest connected group of nodes. The multiple 

sequence alignment distances are calculated using the PHYLIP PROTDIST utility as described above. 

VI. Comparison of distance matrices and evaluation of statistical significance 

The approach for comparing the above distance matrices and calculating the significance of their correlations is 

taken directly from Goh et al. 2000 [48], which includes a detailed protocol. The reported statistics for each 

pair of matrices are R, Pearson’s correlation coefficient; the estimated error, or bootstrap estimate of the 
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standard deviation of the observed correlation; and the Z-score and corresponding P-value estimating the 

probability that a particular correlation between two matrices was obtained by chance. 

VII. Estimate of the effect of missing data 

To evaluate how much sequence similarity networks change when some sequences are left out of the network, 

we removed 20% of the sequences at random from the Class A GPCR sequence set, and calculated Pearson’s 

correlation between corresponding displayed distances based on the full 605-sequence set versus the 80% (484 

sequences) set, as well as the underlying BLAST E-values. (The same Class A GPCR sequences are featured in 

Results Section III.) We used an E-value threshold of 1x10-11 to define the network. Derived statistics are based 

on ten replicates. 

VIII. Estimate of catalytic lysine in kinases 

Each of the 513 human kinase domain sequences was aligned to either the PFAM Pkinase or Pkinase_Tyr family 

HMM [36]. If the best alignment had an E-value better than 1x10-50, indicating that the alignment was likely to 

be high quality, the amino acid aligning to the catalytic Lys in the model was identified. (The catalytic lysine is 

part of the “VAIK” motif in subdomain II of the kinase domain.) Whether this amino acid is the expected Lys 

or a different residue is mapped to the kinase superfamily network discussed in Results Section V. 

IX. Mapping taxonomic information to a sequence similarity network 

NCBI maintains a hierarchical taxonomy database [49]; the database tables can be accessed at 

ftp.ncbi.nih.gov/pub/taxonomy/taxdump.tar.gz. These tables, which associate species names within a 

hierarchical taxonomic structure, were used to label network nodes with their species’ taxonomic classification 

at various levels of a Tree of Life. This is illustrated at the end of Results Section V, in which each enoyl-CoA 

hydratase family sequence is colored according to its kingdom classification, or the superkingdom classification 

if there is no kingdom label. (For example, many parasites like P. falciparum are eukaryotes that have no 

kingdom classification.) 

X. External supplementary data 

All data files generated in the analysis, including sequence files, HMMs, and network files, are available online 

at http://www.cgl.ucsf.edu/Research/cytoscape/SeqSimNet/. This website also includes a movie 

demonstrating how network topology changes with threshold, as well as IDs and accessions for all sequences 

specifically labeled in figures. 
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Segue 2 
 

 

Key points from Chapter 2: Using sequence similarity networks for visualization of relationships across 

diverse protein superfamilies: 

• Sequence similarity networks are useful for prediction of enzyme function—they can 
be used for exposing trends in a superfamily, and these trends allow the formation of 
hypotheses about function. 

• Sequence similarity networks are accurate—visualized sequence similarity networks 
can be relied on for reasonably accurate information about relative similarities of 
large sets of proteins, making them a convenient and improved replacement for a 
phylogenetic tree when an evolutionary model is not required. 

 

This analysis was necessary because previous reports have not explored the utility of 

similarity networks at the enzyme superfamily level, focusing instead on studies of all known 

proteins which necessitate discarding much system-specific information and limit results to 

abstract and general properties. Additionally, this is the first validation of sequence similarity 

networks in which accuracy was assessed relative to an accepted standard—here, the 

phylogenetic tree.  

In Chapter 3: An atlas of the thioredoxin fold class reveals the complexity of adaptations that 

enable diverse functions, the similarity networks that were discussed and validated in Chapter 2 

are now applied to an interesting system, the proteins of the thioredoxin fold class. From a 

technical standpoint, this class is ideal for guidance provided by protein similarity 

networks—this class is particularly data-rich in terms of sequence and structure, and is also 

relatively well annotated; many sub-classes in the thioredoxin fold contain well-characterized 

members. Rather than simplifying the process of perceiving the gestalt of the thioredoxin 

fold class, this abundance of information is challenging to synthesize and understand 

without an organizational framework with a good way to summarize different types of 

information. Consequently, the customary perspective used to discuss these proteins is based 

on a handful of Platonic ideals that cannot represent the true diversity of the thioredoxin 

fold class. 
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The protein similarity atlas described in the next chapter gives guidance for 

annotation of all sequences in the thioredoxin fold class—this is important, because it is 

expensive and time-consuming to assay proteins for different functions, and by revising the 

range of potential types of catalysis for each class, the number of assays can be limited. But 

of equal importance is the first visualization of the range of variation—by structure, species, 

and catalytic machinery—for all subclasses in the fold. 
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of adaptations that enable diverse functions 
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3.1 Abstract 

The thioredoxin (Trx) fold class is huge and diverse. Assessment of the variation in 

catalytic machinery of Trx fold proteins is essential in providing a foundation for 

understanding their functional diversity and predicting the function of the many 

uncharacterized members of the class. The proteins of the Trx fold class retain 

common features—including variations on a dithiol CxxC active site motif—that lead 

to delivery of function. We use protein similarity networks to guide an analysis of how 

structural and sequence motifs track with catalytic function and taxonomic categories 

for 4,082 representative sequences spanning the known superfamilies of the Trx fold. 

Domain structure in the fold class is varied and modular, with 2.8% of sequences 

containing more than one Trx fold domain. Most member proteins are bacterial. The 

fold class exhibits many modifications to the CxxC active site motif—only 56.8% of 

proteins have both cysteines, and no functional groupings have absolute conservation 

of the expected catalytic motif. Only a small fraction of Trx fold sequences have been 

functionally characterized. This work provides a global view of the complex 

distribution of domains and catalytic machinery throughout the fold class, showing 

that each superfamily contains remnants of the CxxC active site. The unifying context 

provided by this work can guide the comparison of members of different Trx fold 
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superfamilies to gain insight about their structure-function relationships, illustrated 

here with the thioredoxins and peroxiredoxins. 

3.2 Author Summary 

For any large class of proteins, far more protein sequences are known than can be examined 

experimentally. This is the case with the thioredoxin fold class, a large and diverse collection of 

proteins, some of which are known to catalyze important steps in metabolism and participate in 

key processes like protein folding and detoxification of foreign compounds. Many of the 

unstudied proteins of this class likely participate in other important biological processes and 

have useful applications in medicine and industry. We used a new network-based computational 

approach to create similarity-based maps of the thioredoxin fold class. These maps juxtapose 

unstudied proteins with similar well-characterized proteins, helping to show where existing 

knowledge can help predict properties of uncharacterized sequences. This information can be 

used to identify which of these sequences are interesting and deserve experimental 

characterization. We also used the maps to expose trends in how shared structural features are 

used and modified to effect catalysis in the different subclasses, leading to a better understanding 

of the interplay between structure and function in the thioredoxin fold class. 

3.3 Introduction 

It has been established that protein structures incorporate new variations on an ancestral fold in 

evolving diverse functions [1]. Domains recombine in modular units, are decorated with 

insertions and extensions of loops and secondary structure elements [2], and sometimes they 

drift [3]. However, how these large revisions to a fold can extend and transform the catalytic 

capabilities of a protein is less understood for a number of reasons, namely that the catalytic 

changes are system-specific and that trends can often only be detected through observing the 

full landscape of variations of the fold. As more new proteins are discovered that are only 

distantly associated with a fold class, it becomes more important to leverage knowledge of the 

structure-function relationship in that fold class in order to ask targeted questions about their 

potential functions. Knowledge of the interplay between fold variation and function can suggest 

assays for in vitro and in vivo molecular function and biological roles. 



 3. An atlas of the thioredoxin fold class  
 

 46 

The thioredoxin fold class is a prime example of why such a clarification is desirable; 

members evince extreme levels of structural and functional variation when compared with the 

canonical thioredoxin enzyme. The class comprises a broad collection of protein superfamilies 

that are unified by their shared use of the small thioredoxin (Trx) domain—consisting of a four-

stranded beta sheet sandwiched by three alpha helices—and diversified by the many molecular 

functions catalyzed by members of the fold class (see Table 1 and reviews referenced therein; 

described in [4,5]). While Trx fold proteins are found in every organism—playing critical roles in 

defense from oxidative stress [6], protein folding [7], and enzymatic detoxification of xenobiotics 

[8]—only 5.6% of Trx fold proteins have been manually associated with a functional annotation 

of any type. (5.6% of Trx fold proteins analyzed in this work are annotated in the hand-curated 

SWISSPROT database; the remainder are found in the TREMBL database [9].) Through decades of 

extensive experimentation with a subset of Trx fold proteins, it is known that many of these 

enzymes are medically important. For example, defects in some of these proteins are implicated 

in human disease, including cancer and Alzheimer’s Disease (e.g., [10,11]), and other Trx fold 

proteins in infectious organisms are targeted in drug development efforts (e.g., [12]). However, 

as will be shown in this work, it is clear that the well-studied proteins are only a small sampling 

of the structural and functional diversity present in the larger Trx fold class. 

Table 3.1. Typical molecular functions of major Trx fold superfamilies 

Thioredoxin (Trx) Reduction of disulfide bonds in proteins [6] 
Glutathione peroxidases (GSHPx) Reduction of hydroperoxides [13] 
Peroxiredoxins (AhpC-TSA, Redoxin, Prx) Reduction of hydroperoxides [14,15] 
Sco (SCO1-SenC) Copper ion binding; thiol-disulfide 

oxidoreductase activity [16] 
Dsb (DSBA) Formation of disulfide bonds in proteins [7] 
ArsC Reduction of arsenate [17] 
Glutaredoxin (Grx) Reduction of disulfide bonds in proteins; 

deglutathionylation of proteins [18,19] 
Glutathione transferase (GST, GST_N) Addition of glutathione to small molecules; 

reduction of hydroperoxides [8] 
 

Beyond the basic commonality of the Trx domain, class members are linked by a 

distribution of remnants of the canonical active site and catalytic mechanism. The archetypal 

catalytic mechanism in the Trx fold class involves the reduction of a disulfide bond in a protein 

substrate using a dithiol CxxC active site [6] (Fig. 1A). This motif is very common in the Trx 
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fold class, but is by no means ubiquitous. At a basic level, variations on the canonical CxxC 

motif can be reduced to four categories based on the number and positioning of cysteine 

residues known to be involved in the catalytic mechanism (Fig. 2). The first cysteine of the 

canonical CxxC motif of thioredoxin provides a nucleophilic thiolate positioned at the N-

terminus of an alpha helix. In the canonical thioredoxin reaction, a disulfide bond is reduced in a 

substrate protein, and the necessary nucleophilic thiolate is partly stabilized by proton sharing 

between the N- and C-terminal cysteine thiols [20]. However, only a single cysteine is implicated 

in the reactions of certain Trx fold superfamilies (e.g. [19]), and some members of the fold class 

have retained none of the archetypal pair of cysteines. Some of these cysteine-less proteins are 

catalytic (e.g., [8]), and some are not (e.g., [21]). For the former, this begs the question of how 

the Trx fold itself facilitates oxidoreductase and other reactions in the absence of the standard 

catalytic equipment.  

 

Figure 3.1. Dithiol and monothiol Trx fold reactions  

A. The archetypal thioredoxin reaction, 

entailing the reduction of a disulfide bond by 

a thioredoxin-like protein equipped with a 

dithiol CxxC active site. B. The reduction of a 
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mixed disulfide bond between glutathione and 

a protein by a monothiol glutaredoxin (Grx). 

In step I, the interaction between the hydroxyl 

hydrogen of a serine or threonine (green *) is 

suggested by conserved sequence motifs. 

(Adapted from [18].) 

 

 

Figure 3.2. Most Trx fold active sites involve catalytic cysteines 

A. A topological diagram of the Trx fold, 

showing the four-stranded mixed beta sheet 

sandwiched by three alpha helices. The 

archetypal CxxC active site cysteines from 

thioredoxin are represented by yellow bars 

near the N-terminus of the first alpha helix. 

Also shown are common locations for 

insertions and extensions relative to the Trx 

fold (dashes), and the position of a cis-proline 

that is frequently found at the N-terminus of 

the third beta strand. A grey box denotes the 

region of the fold shown in C-E. Active site 

types are abbreviated using a motif like 

“CxxC”, where a ‘C’ indicates presence of a 

cysteine, and ‘c’ indicates the presence of 

some residue other than cysteine. B. The 

classic CxxC active site, illustrated by human 

Trx 2 (PDB:1UVZ); Cys 31 and Cys 34 are 
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shown. A grey box denotes the corresponding 

region of the fold shown in C-E. C. The Cxxc 

active site, where the second cysteine has been 

mutated to another residue, illustrated by E. 

coli ArsC (PDB:1I9D); Cys 12 is shown (active 

site: CxxS). D. The cxxC active site, in which 

the N-terminal Trx Cys has been lost, 

illustrated by human peroxiredoxin 5 

(PDB:1OC3); Cys 47 is shown (active site: 

TxxC). E. The CxxxC active site, in which the 

N-terminal Cys has been shifted further into 

the loop between the first beta strand and 

alpha helix, illustrated by S. cerevisiae SCO1 

(PDB:2B7J); a disulfide bond between Cys 148 

and Cys 152 is shown. 

 

 

As more diverse members of the Trx fold class have come to light, a number of analyses 

have revealed important trends that characterize the class. Fomenko and Gladyshev analyzed 

CxxC motif variations in different types of Trx fold proteins, linking different CxxC-derived 

motifs to homologous and non-homologous proteins with oxidoreductase function to estimate 

the occurrence frequency of each motif in four model organisms [22,23]. Qi and Grishin 

provided a comprehensive accounting of the types of structurally characterized proteins 

containing the thioredoxin fold [4]. Kortemme and Creighton assessed the contribution of the 

local secondary structural environment to the stabilization of the nucleophilic thiolate in the 

CxxC motif using model peptides [24]. However, there have not been any systematic analyses of 

the representation of Trx fold proteins in different phylogenetic categories outside of a few 

kingdom-specific analyses for individual superfamilies or families (e.g., plant GSTs [25] and 

parasite peroxiredoxins [26]). While these analyses of specific types of Trx fold proteins are 

useful, they do not establish a global picture of variation across the complete fold class. Also 

missing in the currently available large-scale analyses is a discussion of the molecular functions 

enabled by variations of the Trx fold and how similar one version of the Trx fold is to another. 

In the Trx fold class as well as other enzyme super- and suprafamilies [27], ultimately, we lack a 

fundamental theory of how intrinsic structural elements of a given fold enable function. The 

development of such a theory could provide a roadmap for efforts in enzyme annotation, 

engineering and drug targeting [28]. 

In this work, we attempt to address these questions by identifying some of the 

underlying themes in how the thioredoxin fold scaffold has been modified through evolution to 
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enable a wide variety of functions, assisted by our use of a new network-based approach for 

analyzing large collections of proteins. Realizing that diverse members of the Trx fold class 

retain common features—both fold dependent and sequence dependent—that lead to delivery 

of function [29,30], here the class has been treated as a single functionally distinct suprafamily as 

defined by Gerlt and Babbitt [27], i.e., a set of divergently related enzymes whose members 

catalyze different overall reactions that do not share a common mechanistic strategy. This work 

uses protein similarity networks [31], in which proteins are represented as nodes in a network 

connected by similarity information drawn from pairwise structural or sequence comparisons. 

The resulting networks are used to directly visualize function, sequence motif, and species 

taxonomic information for 159 structures and 4,082 sequences spanning the full Trx fold class. 

Although we use representative sequences and structures, this atlas comprises the largest set of 

Trx fold proteins that has been considered to date, and it incorporates data from recent genome 

and structural genomics initiatives which might otherwise be overlooked in favor of 

investigation of more familiar proteins [32]. We have attempted to clarify the relative similarity 

of the major classes of Trx fold proteins using protein similarity networks to show how the 

different superfamilies of the Trx fold class are related by structure and sequence, as well as to 

present a map of the prevalence of Trx fold superfamilies across kingdoms of life and the 

distribution of different catalytic motifs throughout the Trx fold. The resulting landscape—

combining structural similarity with clues for inferring molecular function—provides a 

framework for comparing members of different superfamilies, a key task for querying their 

structure-function relationships and enabling functional annotation for the unknown proteins on 

the fringes of the thioredoxin fold class.  

3.4 Results and discussion 

In the following sections, we describe how we use information first from structures and second 

from sequences spanning the entire Trx fold class to observe structural and functional 

relationships between member superfamilies, as well as to understand how different functions in 

the Trx fold class are accomplished using varied and modular domain structures. Third, the 

populations of each superfamily were examined to demonstrate which oxidoreductase strategies 

are used by different organisms in the Tree of Life. The fourth section reveals the diversity in 
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implementations of some of the most fundamental aspects of catalysis for each type of 

thioredoxin fold domain, while the last section uses the full thioredoxin fold context to present a 

new view of the relationship between the classical thioredoxins and the peroxiredoxins. A 

summary of results from sections II-IV is provided in Fig. 5. 

 A note on nomenclature: We attempt to follow the suprafamily-superfamily-subgroup-

family hierarchy outlined in Gerlt and Babbitt 2001 [27], using the phrase “group” or “class” 

when the granularity of functional annotation is unclear. We frequently refer to PFAM families 

[33]—which generally correspond to our definition of superfamily, and the PFAM Thioredoxin-like 

Clan [34]—which is equivalent to our definition of the thioredoxin suprafamily. Furthermore, this 

work does not describe functional annotations for groups of proteins more specific than the 

subgroup level, that is, a set of different functional families with more similarity to one another 

than to other subgroups or families within a superfamily. For example, a member of the DsbA-

like class is more similar to E. coli DsbA than a member of another class, but it may not oxidize 

disulfide bonds in periplasmic proteins. Following historical convention, the thioredoxin 

superfamily and thioredoxin suprafamily are named for the thioredoxin protein.  

I. Structures of the thioredoxin fold class show how the constituent superfamilies are 
related by structural similarity 

Global trends in structural similarity between different variants of the thioredoxin fold can be 

visualized using a similarity network, in which nodes represent chains from experimentally 

determined structures, and edges connecting nodes represent 3D similarity relationships better 

than a threshold. The lengths of edges in the network are strongly correlated with similarity 

between the pairs of proteins [31]. The network topology reveals that there are two major 

groups of Trx fold structures—the superfamilies typified by thioredoxin, and the glutathione 

transferase-like (GST) superfamilies (Fig. 3A). GSTs have long been known to be structurally 

distant from the classical thioredoxin fold, but this global perspective shows that the class 

includes a large population of solved structures that are distinct in similar ways from the rest of 

the fold class. These distinctions arise because canonical GST structures exhibit two domains, 

only one of which is Trx-like [8], but both of which are homologous across the GST 

superfamily. As a result, the GSTs form a large cluster based on long, significant alignments. As 
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will be discussed further in section IV, GSTs are also catalytically unique relative to the other 

members of the thioredoxin suprafamily.  

 

Figure 3.3. A structure-based similarity network describes a map of the Trx fold class 

A. Structure similarity network, containing 

159 structures that are a maximum of 60% 

identical (by sequence) that span the Trx fold 

class. Similarity is defined by FAST scores 

better than a score of 4.5; edges at this 

threshold represent alignments with a median 

of 2.75Å RMSD across 72 aligned positions, 

while the rest of the edges represent better 

alignments. As given in the key, each node is 

colored by a PFAM Thioredoxin-like Clan 

family if the chain sequence is a member. 

These classes are discussed briefly in Table 1. 
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Nodes with thick white borders and bold 

labels denote chains present in the hierarchical 

clustering tree in D. Labels like “1ON4_A” 

denote PDB ID 1ON4, chain A. Some 

additional proteins that may be of interest are 

labeled with plain face text and labels. B. 

Structure similarity network containing the 

same structures as in A, shown at the more 

stringent threshold of 7.5. Edges at this 

threshold correspond to alignments with a 

median of 2.45Å RMSD across 89 aligned 

positions. Nodes are colored as in A. C. 

Structure similarity network containing the 

105 structures from the large connected 

cluster in B, displayed at a FAST score cutoff 

of 12.0; edges at this threshold represent 

alignments with a median of 2.21Å RMSD 

across 102 aligned positions. Nodes are 

colored as in A. D. Complete linkage 

hierarchical clustering tree based on pairwise 

FAST scores for 15 representative structures 

singled out in the networks in A-C, with PDB 

IDs in bold, and associated SWISSPROT 

sequence IDs in plain text.  

 

 

Some of the large-scale trends in structural similarity are paired with similarity in catalytic 

function. By viewing the structural similarity relationships at more stringent thresholds, finer 

distinctions emerge, showing that peroxiredoxins (Redoxin, AhpC) and glutathione peroxidases 

(GSHPx) are more similar to one another than to thioredoxins (Fig. 3B-C). One of the most 

common modifications to the Trx fold is an insertion of secondary structure elements between 

the second beta strand and the second alpha helix (Fig. 2A). In this case, all peroxiredoxins, and 

glutathione peroxidases have an alpha helix-beta strand insertion at that position. This additional 

structural similarity between peroxiredoxins and GSHPxs is key new observation—despite being 

considered different superfamilies, both groups solely catalyze reductions of hydroperoxides, 

although GSHPxs are known to be far more efficient, particularly GSHPxs with selenocysteine 

active sites [35]. Likewise, although they catalyze different reactions than those of the 

peroxiredoxins and GSHPxs, the cytochrome maturation proteins (CMP; see PDB:1KNG in Fig. 

3) also have this structurally similar helix strand insertion, much like its heretofore-undescribed 

appearance in the Sco1-like proteins. CMPs (variously known as CcmG, DsbE, cycY, ResA, and 

others) are associated with the reduction of apocytochrome C in bacteria [36], while human Sco1 

is known to function further down the electron tranfer chain in the maturation of cytochrome C 

oxidase [16]. Two other superfamilies of enzymes with insertions in the same region of the Trx 

fold are the DsbA-like enzymes and ArsC. Both of these groups have quite different, large 
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insertions of four to five alpha helices replacing the second helix of the Trx fold. The DsbA and 

ArsC insertions are also oriented differently with respect to the Trx fold. Based on the census 

provided in this work, it appears that this is the only region of the Trx fold that can easily 

tolerate an insertion—the only other major structural modification to the Trx fold is the 

presence of additional domains before and after the complete Trx fold.  

The network topology also demonstrates that glutaredoxins (Grx) are not a cohesive 

superfamily, an idea that is supported by many reports from the literature. First, the structure-

based network shows that Grxs are quite structurally diverse. This may be a consequence of a 

deficiency in sampling of their structures; as a group they are only loosely connected, indicating 

fewer similarity relationships better than the thresholds in Fig. 3. In particular, E. coli Grx 2 

(1G7O) is structurally most similar to the GSTs, as reported earlier [37]—in fact, it is a distant 

GST superfamily member, exhibiting faint but identifiable sequence similarity across the length 

of the complete GST domain despite its classic dithiol Grx CPYC active site motif and 

glutaredoxin activity (see Fig. 3A,B). Indeed, the definition of a glutaredoxin is somewhat 

pliable—classically, glutaredoxins are proteins that reduce disulfide bonds and are recycled via 

glutathione disulfide and glutathione reductase [38]. Yet a number of apparent glutaredoxins 

have been shown to behave like thioredoxins, serving as substrates for thioredoxin reductase 

[39-45]. (These proteins are typically associated with an initial Grx annotation on the basis of 

having a CPYC motif or being a better match to the PFAM Glutaredoxin family model than the 

Thioredoxin model.) Consider also the omega class glutathione transferases that demonstrate 

glutaredoxin activity in vitro [46,47]—the term glutaredoxin may in fact be an umbrella term for a 

number of enzyme superfamilies demonstrating a common in vitro catalytic capability, yet that 

are no more related than any other pair of superfamilies in the Trx fold with respect to their 

structural similarity and roles in metabolism. Glutaredoxins share additional unusual qualities—

as a class, they exhibit an enhanced level of domain modularity and flexibility in their active site 

motif relative to other thioredoxin-like superfamilies, as will be discussed further in sections II 

and IV, respectively.  

When studied individually, many new and distant Trx fold class members have been 

discussed as outliers relative to the nearest superfamily. Some of these minority enzyme 

superfamilies and families can be placed into the broader context of the suprafamily using the 
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structural network (Fig. 3). When viewed from the context of the global Trx structural 

landscape, it becomes clear that there are different degrees of structural outlier status within the 

fold class. For example, the human and C. elegans chloride intracellular channel (CLIC) proteins 

(2PER and 2YV9) are tightly grouped with the GSTs, and calsequestrin is most similar to the 

classic thioredoxin superfamily, as are the ER-localized proteins rat ERP29 and D. melanogaster 

windbeutel. The Trx domain in rat phosducin (1B9X_C) can only be related to the rest of the 

Trx Clan structures at relatively low levels of similarity (Fig. SF1; Fig. SF1 shows nodes colored 

by the minority families that are not distinguished in Fig. 3). See Table S1 for an accounting of 

the number of unique structures in each thioredoxin fold member superfamily. The trends 

evident from the structural network topology are mirrored in a tree demonstrating a hierarchical 

clustering of fifteen representative structures from the similarity network (Fig 3D). 

II. A sequence similarity map of the thioredoxin fold class illustrates diversity in function 
and in domain structure 

The distant similarity relationships between and within Trx fold superfamilies are best shown 

using structural similarity. However, finer relationships that enhance the observation of the 

interplay between primary structure and function can be discerned by viewing many sequences 

representing the full breadth of the Trx fold class as a larger, more detail-rich sequence similarity 

network. In contrast to the networks in Fig. 3, which incorporate extremely distant structure-

based relationships to accentuate similarities between variations of the Trx fold, the sequence 

similarity network in Fig. 4 shows 4,082 sequences from the Trx fold class that are clustered on 

the basis of pairwise sequence alignments. The most distant of these alignments are roughly 

significant enough to highlight superfamily-level groupings and major classes within 

superfamilies. The greater sequence coverage and finer distinctions between groups that are 

revealed by the network topology yield a unique, “30,000-foot-view” of class biases at play 

within the thioredoxin fold suprafamily.  
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Figure 3.4. A sequence similarity network shows how each Trx fold superfamily is distributed 

Sequence similarity network, containing 4,082 

representative sequences that are a maximum 

of 40% identical and span the Trx fold class. 

Similarity is defined by pairwise BLAST 

alignments better than an E-value of 1x10-12; 

edges at this threshold represent alignments 

with a median 30% identity over 120 residues, 

while the rest of the edges represent better 

alignments. Each node is colored by a PFAM 

Thioredoxin-like Clan family if the sequence 

is a member. These classes are discussed 

briefly in Table 1. Large nodes represent 

sequences that are associated with the 159 

structures in Fig. 3. The sequences associated 

with the 15 representative structures in Fig 3C 

are labeled using bold text and white arrows. 

The general locations of other sequences 

representing different superfamilies are noted 



 3. An atlas of the thioredoxin fold class  
 

 57 

using italicized text. Some edges representing 

similarity relationships from outside of the 

domain of interest are colored red, and are 

discussed in the text. Blue letters in 

parentheses correspond to the labels defining 

each group in Fig. 5. 

 

 

 Rather than separating into two major classes of GST-like and Trx-like as in Fig. 3A, the 

sequence similarity network in Fig. 4 reveals a large number of clusters, most of which 

correspond to known functional classes (compare Fig. 4, with nodes annotated by PFAM family 

membership, to Fig. S2, with nodes annotated by SWISSPROT family classifications). Information 

about these clusters of proteins is summarized in Fig. 5. As the equivalently colored proteins in 

the structure networks in Fig. 3 show, when much more distant levels of similarity are included, 

like colors (superfamilies) will be grouped together in the network. (The exceptions are the 

Redoxin and AhpC PFAM families—the models describing these families overlap—and the 

Glutaredoxin family, which is genuinely heterogeneous.) While the individual thioredoxin-like 

domains in the classic thioredoxin and protein disulfide isomerases (PDI) are structurally very 

similar (Fig. 3), they form two distinct groups at the level of sequence similarity (Fig. 5: G, H). 

This co-occurs with a functional expansion from reduction of disulfide bonds (thioredoxin) to 

oxidation and isomerization of disulfide bonds (PDI). Echoing the patterns in the structural 

network, the glutaredoxins form many discrete clusters that are disconnected at this similarity 

cutoff of E = 10-12 (thirty percent sequence identity over alignments of 120 residues). The 

monothiol glutaredoxins (Fig 5: F) are generally distant from other classes of glutaredoxins, and 

the E. coli Grx4/human Grx5 monothiol glutaredoxins are joined with the thioredoxin group via 

an N-terminal thioredoxin domain embedded in each sequence. These proteins have been 

recently associated with a number of diverse and specific biological functions, including iron-

sulfur cluster biogenesis and regulation of cardiac function [19], which are quite distinct from the 

classic glutaredoxin role as a general disulfide reductase. Many of the clusters of sequences in 

Fig. 4 are associated with a shift to a new phylogenetic profile within a superfamily, such as the 

two groups of GSTs (Fig. 5: J, L), and the DsbA-like proteins containing GST kappa (Fig 5: A), 

and will be discussed further in the following section. 
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Figure 3.5. Summary of taxonomic and active site motif properties for Trx fold sequence groups 

Selected sequence classes marked with blue 

letters in Fig. 4 are summarized here. Listed 

are: Group: the most prevalent PFAM family 

classification[s], the population without 
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sequence filtering (“Population”) and the 

population after filtering to a maximum of 

40% identity as shown in the adjacent 

network excerpt (“<40% ID”). PFAM Family: 

the network cluster excerpted from Fig. 4. 

Species: a bar chart showing the distribution 

of species categories among sequences from 

the network; note that “Eukaryota” includes 

all eukyaryotic species without a more specific 

kingdom, and is primarily associated with 

protozoan parasites. Active Site: the network 

cluster colored by predicted active site 

architecture; these clusters are excerpted from 

Fig. 6. CxxC Motif: a bar chart indicating the 

type of residue substitutions at the two key 

positions of the CxxC motif for that group. 

The stacked bars include the fraction of active 

sites incorporating a cysteine, threonine, or 

serine, as well as any other amino acid 

occurring more than 10% of the time (orange 

and light blue in key). Otherwise, residues 

other than cysteine, threonine, or serine are 

included in the grey “Other” category. Notes: 

column lists an example high-frequency CxxC 

motif and example UNIPROT IDs for 

sequences in the group. 
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Figure 3.5. Continued. 
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Figure 3.5. Continued. 
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The protein domain structure within the Trx fold class is varied and modular. Analysis of 

these sequences indicates that while most members contain just one copy of a certain 

thioredoxin fold domain embedded in the protein-coding sequence, some classes typically 

contain multiple copies (see Fig. S3); 2.8% of the 4,082 sequences depicted in Fig. 4 contain two 

to four domains from the Trx fold class. A number of bacterial DsbA-like sequences contain 

two or three PFAM DSBA domains (in Fig. 5: D), and certain monothiol glutaredoxins pair a 

thioredoxin domain with one, two, or three glutaredoxin domains (in Fig. 5: F). Protein disulfide 

isomerases are known to contain multiple thioredoxin domains—in this analysis, PDI-like 

proteins are seen to contain anywhere from one to four thioredoxin domains in sequence. Some 

of the variation in PDI proteins is thought to be necessary for enabling different substrate 

specificities [48]. Interestingly, only the glutaredoxin domain was found in combination with any 

other Trx fold domain, as in the example of the fused Prx 5/glutaredoxin in H. influenzae (in Fig. 

5: Q). The crystal structure of H. influenzae Prx 5 shows how these two domains may interact in 

other organisms in which the domains are not fused [49]. Another aspect of domain modularity 

in the Trx fold class is the presence of additional domains in the protein-coding sequence, such 

as a kinase domain, from outside of the Trx fold. The quiescin-sulfydryl oxidases (QSOX), 

which cluster with the PDI-like proteins and are thought to participate in oxidative protein 

folding, pair two Trx domains with a non-Trx flavin-binding domain that provides an 

intermediate electron acceptor [50]. Variants of oxidoreductase activity are important in 

metabolism, especially respiration, and these domain combinations can provide clues to where 

Trx fold proteins are involved in sequences of metabolic events. A small set of edges displayed 

in the network in Fig. 4 are due to similarity between non-Trx domains and are colored red 

(detailed in Table S3).  

Notably, outside of proteins consisting of a single domain, the majority of any 

superfamily or large sequence similarity group shares no specific multidomain structure. The 

sequence of a single domain protein embedded among other PDI-like proteins in the network 

can be quite similar to an individual domain within a 2-, 3-, or 4-domain PDI-like protein. As all 

four Trx-like domains present in yeast PDI are necessary for its role as a foldase [51], the 

existence of many similar domains in isolation hints toward many undiscovered complexes and 

physiological roles for proteins in this class. 
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Finally, this analysis has revealed some general features of the Trx fold class. The 

different member superfamilies have vastly different populations and represent different levels 

of sequence diversity. The classic thioredoxin class represents the largest contribution to the 

sequence diversity of the whole fold class (Fig. S4A), whereas the GST-like enzymes are 

populated by more known sequences than any other Trx fold class (Fig. S4B, Table S2). 

Additionally, by viewing the sequences associated with structures from Fig. 3 mapped to the 

sequence network in Fig. 4, it is clear that the Trx fold class has good structural coverage, despite 

the high ratio of sequences to available structures (see also Table S1). There is also good 

correspondence between the information in the structure-based network and the sequence-based 

network (Fig S5). 

The vast majority of the protein sequences associated with the thioredoxin fold class 

have only been examined in silico, when gene prediction models are applied after the sequencing 

of a genome—and many of the clusters in Fig. 4 have few if any characterized members. For 

example, one large group of DsbA-like sequences, representing 697 proteins, has only a single 

member associated with a function—BdbD from B. subtilis, a probable functional homologue of 

E. coli DsbA [52] (Fig. 5: D). Another cluster of DsbA-like sequences is without a single member 

annotated with a function; this cluster is associated with 437 similar yet mysterious sequences, 

mostly bacterial but also including proteins from fungi, animals, and plants (Fig. 5: B). While all 

of the sequences considered in this analysis can be classified into finer categories using statistical 

models as shown by the node colors in Fig. 4, this is quite different from associating each 

protein with a confident in vitro or in vivo function. Even in well-studied superfamilies like the 

GSTs, where many proteins have been extensively characterized in vitro, there are far more 

superfamily members that have never been investigated. 

III. Use of some members of the Trx fold class is restricted to taxonomic subsets 

A closer look at the populations of each Trx fold superfamily reveals key differences in the types 

of organisms that populate each class. By focusing on the species associated with each sequence 

in the Trx fold class—as summarized in Fig. 5—it is clear that most superfamilies are dominated 

by bacterial sequences, both in terms of representative diversity and overall number. Viewing a 

map of the Trx fold proteins colored by organism type affirms and contextualizes previous 

knowledge about Trx domain usage in different species (Fig. 5, Fig. S6). Bacteria and eukaryotes 
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have taken alternate approaches to folding proteins in the periplasm and endoplasmic reticulum, 

with the bacterial DsbA and DsbC proteins serving as disulfide bond oxidants and isomerases, 

respectively, while both roles are played by protein disulfide isomerase (PDI) in eukaryotes [53]. 

The three dimensional structure of yeast PDI has a strikingly similar overall shape compared to 

the functional DsbC dimer, while still representing a fundamentally different variation of the Trx 

fold [53]—DsbC has no detectable sequence similarity and a different ordering of secondary 

structure in comparison with PDIs. The corresponding sequence clusters for DsbA-like 

superfamily proteins (Fig. 5: B-D) and PDI proteins (Fig. 5: H) are nearly all bacterial or all 

eukaryotic. Yet a transition in the phylogenetic class of species expressing a version of the Trx 

fold is sometimes associated with a change in the biological role for that protein. For example, 

one sequence cluster associated with the DsbA-like superfamily containing GST kappa (Fig. 5: 

A) has been associated with glutathione transferase activity in vitro for two decades [54], but has 

strong structural similarity to the DsbA-like enzymes [55] (Fig. 5: B-D). Unlike the rest of the 

DsbA-like group, the GST kappa-like enzymes are found in all classes of organisms, and just 

recently mouse GST kappa was shown to regulate secretion of the adipocyte-derived hormone 

adiponectin [56]. Likewise, while most types of cytosolic glutathione transferases are found in all 

types of organisms (Fig. 5: J), a number of GST “subgroups” are dominated by eukaryotic 

organisms (Fig. 5: L); many of these GSTs are associated with eukaryote-specific roles such as 

the biosynthesis of prostaglandins [57] and steroid hormones [58]. 

Cross-referencing species class and sequence similarity using a network may also be of 

use in exploring potential drug targets. The network topology indicates that there are many 

protozoan parasite proteins that are distantly but definitively associated with more familiar 

classes of human proteins (see Fig. S6). The eukaryote-dominated cytosolic GSTs and PDI-like 

proteins (Fig. 5: L, H) are fringed with loosely connected sequences from protozoan parasites; 

many of these are distant homologues of human enzymes. (In this work, eukaryotic species not 

falling into the eukaryotic kingdoms of Metazoa, Fungi, and Viridiplantae are labeled Eukaryota, 

and due to sampling biases, they are mostly protozoan parasites.) While a number of these 

proteins are already drug targets (e.g., [12,59,60]) this network representation also provides a 

useful list of additional proteins for consideration; particularly outside of model organisms, few 

of these proteins have been characterized. 
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Finally, while some of the sequence groups associated with uniquely eukaryotic biological 

roles have already been discussed here, the comparative genomics panorama provided by the 

network implicates other classes of Trx fold proteins in ancient and critical functions such that 

the fold has been conserved in sequence and structure from prokaryote to animal—these include 

the classic thioredoxins involved in reduction of ribonucleotide reductase; glutathione 

peroxidases; the cytosolic GSTs including the omega, zeta, and theta “subgroups”; and the 

peroxiredoxins (Fig. 5: G, K, J, P-Q).  

IV. The Trx fold class exhibits variations on the CxxC active site motif 

To the extent that members of the Trx fold suprafamily have been characterized, some aspect of 

the residues involved in catalysis invariably occur in the same location relative to the fold. While 

most sequences in the Trx fold class use two cysteines positioned at the N-terminus of an alpha 

helix in their catalytic mechanisms (see Fig. 1A), many other catalytic motifs are seen in the fold 

class—even within superfamilies that are historically associated with the dithiol thioredoxin 

mechanism. In all Trx fold mechanisms that involve the reduction of a substrate, the first step is 

a nucleophilic attack by a thiolate from the CxxC motif—typically from the N-terminal 

cysteine—eventually leading to an oxidized active site that is reduced through a variety of 

mechanisms to regenerate the active enzyme. Fig. 2 gives examples of the Trx fold active sites 

categorized by the level of retention of the CxxC motif. In Figures 5 and 6, these different active 

site types are mapped onto the sequence network of the Trx fold class, with Fig. 5 including 

group-wise depictions of the types of amino acids found at the two key positions of the CxxC 

motif. These data show that the most common substitution at a CxxC position is cysteine-to-

serine or cysteine-to-threonine, depending on the superfamily. Most of the sequences in Fig. 6 

contain the archetypal dithiol CxxC motif (56.8% of 4,082). Just 8.9% have just the N-terminal 

cysteine motif (Cxxc), and 7.6% have just the C-terminal cysteine motif (cxxC). Another 22% of 

the sequences have none of the Cys-containing motifs from Fig. 2, or are too unusual to 

estimate an active site.  
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Figure 3.6. Variations of the CxxC active site are associated with Trx superfamilies 

The same sequence similarity network from 

Fig. 4, containing 4,082 sequences, is colored 

according to predicted active site architecture. 

Active site types are abbreviated using a motif 

like “CxxC”, where a ‘C’ indicates presence of 

a cysteine, and ‘c’ indicates the presence of 

some residue other than cysteine. Examples 

of each type are shown in Fig. 2. Large nodes 

represent sequences that are associated with 

the structures from Fig. 3. Predictions are 

based on sequence alignments to PFAM 

Thioredoxin-like Clan HMMs. Cysteines and 

selenocysteines are treated as equivalent in 

this figure. Letter labels in blue correspond to 

sequence groups in Fig. 5. 
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Most alternative variations of the CxxC active site motif are typified by a specific Trx 

fold superfamily or subclass. Characterization of the mechanisms in model proteins has been the 

focus of a great deal of investigation, and the presence of many exceptions to the expected 

motifs—particularly in classes that contain well-characterized proteins—are surprising and 

expand on the observations by Fomenko and Gladyshev in model organisms [22,23]. The Cxxc 

motif is traditionally associated with the monothiol glutaredoxins (Fig. 5: F; mechanism in Fig. 

1B); analysis of the variation in that group indicates that the C-terminal position in the motif is 

typically occupied by a serine, and less frequently by a threonine. Other groups falling into the 

Cxxc category are the glutathione peroxidases (Fig. 5: K); in this case, the C-terminal position is 

usually a threonine. Some ArsC-type proteins have the Cxxc motif with Ser or Val in the last 

position, while the SPX-like ArsC proteins have the dithiol CxxC motif. The most common 

example of the cxxC motif, in which the C-terminal Cys provides the nucleophilic thiolate, is the 

peroxiredoxins (Fig. 5: P,Q). In most Prx-like proteins, this nucleophile is likely stabilized in part 

by an N-terminal threonine (71.7%)—a role first suggested by Fomenko & Gladyshev [23]—but 

in 16.3%, an N-terminal serine appears to play this role. Only the SCO1-type proteins exhibit a 

dithiol motif with two cysteines separated by three residues (Fig. 5: O).  

In addition to their structural distinctiveness relative to other members of the Trx fold 

(Fig. 3A), GSTs represent the most populous superfamily that is a poor fit to the CxxC active 

site motif model. The majority of the 22% of Trx fold sequences in Fig. 6 that do not have a 

cysteine-containing active site motif (69%) are glutathione transferases. The GST kappa class 

(Fig. 5: A) is actually more like the DsbA-like enzymes in sequence and structure, but the serine 

found at the N-terminus of the CxxC motif region appears to be critical to its mechanism [55]. 

Many cytosolic GSTs are associated with a similar catalytic serine [61] (Fig. 5: J), but this class is 

large and heterogeneous and does not fit into the CxxC active site classification as neatly as most 

of the other Trx fold superfamilies. However, the relatively recently characterized omega GSTs 

(Fig. 5: J: blue nodes) stand out as supporting the Cxxc active site architecture; the N-terminal 

Cys has been implicated in the catalytic mechanism of these proteins [11], while the C-terminal 

Cys of a number of insect “delta” class GSTs (Fig. 5: J: orange nodes) is not known to 

participate in catalysis—these would be better described as having an “other” active site motif. 
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The primarily eukaryotic GST class (Fig. 5: L), consisting of the alpha, mu, pi, and sigma 

subgroups, has none of the archetypal Trx fold catalytic machinery at the N-terminus of the first 

alpha helix in the Trx fold. Thus, from the perspective of structure and catalysis, GSTs are truly 

a unique constituent of the Trx fold class. 

V. A new perspective on the relationship between thioredoxins, cytochrome maturation 
proteins, and peroxiredoxins 

In 2004, Copley and colleagues postulated that peroxiredoxins evolved from a thioredoxin-like 

ancestor, noting that peroxiredoxins and thioredoxins could be related by sequence using 

bridging motifs found in the cytochrome maturation proteins (CMP) [62]. These transitive 

relationships are also seen in the analysis in this work, both from the perspective of sequence 

and from structure. In fact, in terms of sequence, there is a tighter bridge between thioredoxins 

and CMPs, whereas considering primarily structural information, the relationship between CMPs 

and peroxiredoxins is closer. Although a large-scale analysis does not provide mechanistic 

details, incorporating information from the full fold class rather than tracking isolated examples 

reinforces and contextualizes the significance of the relationship. 

There is an unambiguous sequence relationship between the CMPs and thioredoxins. As 

shown in Fig. 6, these two groups use the CxxC active site. The sequence similarity network in 

Fig. 7A emphasizes an additional feature—CMPs and thioredoxins contain a cis-proline at the N-

terminus of the third beta strand (Pro75 in human Trx 1; see Fig. 2A); notably, this proline is 

more strongly conserved across groups of Trx-fold proteins than the CxxC catalytic dyad. The 

biophysical function of the cis-proline is not well-defined; it likely forms part of the binding site 

for substrate polypeptides [62] and may serve to prevent metal binding to the CxxC motif [63]. 

In peroxiredoxins, the cis-proline position is occupied by an arginine. Unsurprisingly, the 

arginine plays a different role—the positively charged side chain is near enough to help lower the 

pKa of the peroxidatic cysteine, presumably enhancing its nucleophilicity [15].  
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Figure 3.7. Transitive similarity relationships link the thioredoxins and the peroxiredoxins 

A. Subset of the sequence similarity network 

from Fig. 4, with nodes colored according to 

the identity of the amino acid predicted to 

occcupy the position of the cis-proline at the 

N-terminus of beta strand 3 in the Trx fold 

(Pro 75 in human Trx 1). The orange path 

traces transitive sequence similarity 

relationships between human Trx 2, passing 

through B. japonicum CMP (CYCY_BRAJA), 

and ending at bovine Prx 3 

(PRDX3_BOVIN). Large nodes represent 

sequences that are associated with the 

structures from Fig. 3. Predictions are based 

on sequence alignments to PFAM 
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Thioredoxin-like Clan HMMs. B. The same 

path—connecting the structures associated 

with the sequences in A—traced through a 

subset of the structure-based network from 

Fig. 3B. C. The same path traced through a 

subset of the structure-based hierarchical 

clustering of representative structures from 

Fig. 3D. 

 

 

There is clear structural similarity between peroxiredoxins and thioredoxins, with a 

representative CMP structure (PDB:1KNG) occupying an intermediate position between the 

other two classes, while being slightly more similar to the peroxiredoxins (Fig. 7B). This 

structural similarity is greater than simply sharing variants of the thioredoxin fold: both the 

CMPs and the peroxiredoxins have an N-terminal extension and an additional insertion between 

the second beta strand and second alpha helix of the Trx fold (discussed in Results I). 

Furthermore, the glutathione peroxidases are also structurally intermediate between the 

peroxiredoxin and thioredoxin groups (Fig. 7C); in fact, the glutathione peroxidases also have a 

similar N-terminal extension and insertion. Thus peroxiredoxins, glutathione peroxidases, and 

CMPs are more similar to one another with respect to overall structural similarity and presence 

of secondary structure elements when compared to thioredoxin. These bridging motifs present 

in sequence and structure bolster the relationship between thioredoxins and peroxiredoxins, and 

provide examples of how modifications to the Trx fold correlate to changes in function.  

By viewing the peroxiredoxin-thioredoxin relationship from within the context of the 

entire Trx fold class, we note two points of interest: First, that it is important to consider 

glutathione peroxidases as an additional bridging group—from a functional perspective, 

glutathione peroxidases are a special class of peroxiredoxin; they are structurally more similar to 

CMPs than other peroxiredoxin classes, and they are also intermediate in structure between the 

thioredoxins and other peroxiredoxin classes. Second, although all of these groups are quite 

distant from each other—near or below 30% identity for sequence comparisons between 

groups—the full landscape of the thioredoxin fold class is much larger and represents more 

diversity than these three groups. One of the next challenges for understanding how function is 

delivered in the Trx fold class will be to show how the structurally distant GSTs retain and 

modify aspects of the Trx fold to enable their unique spectrum of catalytic and in vivo function. 
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3.5 Conclusions 

The Trx fold class is one of the largest sets of proteins likely to have evolved from a common 

ancestor, incorporating a number of individual superfamilies and comprising about 0.45% of the 

entire UNIPROT sequence database. In this work, we have shown how each protein in the fold 

class can be viewed from within the context of the features provided by the Trx fold, alongside 

each other member of the class. What this brings is a new emphasis: here, proteins were 

compared to the entire population of their class, rather than just to a few well-known archetypal 

examples. By observing population trends, a new picture has emerged that incorporates more of 

the real complexity present in the thioredoxin fold class—for example, almost no sequence 

motif is conserved absolutely—and there is additional information from considering natural 

groupings of similar proteins rather than reducing protein-protein similarity to closest neighbors. 

Viewing features of the glutaredoxin-like proteins demonstrates how unusual they are relative to 

the other major superfamilies—glutaredoxin domains are quite diverse, and are found embedded 

in sequences of dramatically varying lengths and in combination with other domains, indicating 

an enhanced level of modularity relative to other Trx fold domains. Similarly, glutathione 

transferases are revealed as especially unique when viewed from the context of the entire Trx 

fold. While the Trx fold class as a whole was dominated by bacterial sequences, a few groups like 

protein disulfide isomerases were uniquely present in eukaryotic organisms. Finally, as 

demonstrated with the cytochrome maturation proteins, the Trx fold context can be used to 

show how features of one superfamily are either retained or modified in a neighboring 

superfamily, tracing out a transitive similarity pathway. The Trx fold class is primarily composed 

of proteins that have no annotated function and have never been investigated in vitro. However, 

identifying where a protein falls within the similarity landscapes provided here provides 

information about some of the basic catalytic capabilities of that protein; boundaries between 

functional classes are implicit in the network topologies, and this can inform the characterization 

of proteins without annotations, as well as expose proteins that may have been misannotated. 

This analysis provides a working blueprint for predicting the catalytic possibilities of new 

members of the Trx fold class. 
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3.6 Materials and Methods 

Data set sources and curation 

To assemble all sequences from the Trx fold class, the data set consisted of the union of all sequences that were 

members of the PFAM Thioredoxin-like Clan [34] and all sequences classified into relevant Trx fold superfamilies in 

SWISSPROT [9]. Members of the Trx Clan were all sequences from the UNIPROT Knowledgebase Release 14.0 

(7/22/08) [9] that aligned to the PFAM Thioredoxin-like Clan (CL0172) member HMMs (ls model) from PFAM 

release 22.0 (6/27/07) [33] with a score better than the PFAM gathering threshold. The 20 relevant SWISSPROT 

superfamilies are: FMP46 family, GST superfamily, OST3/OST6 family, SCO1/2 family, SH3BGR family, 

UPF0413 family, ahpC/TSA family, arsC family, calsequestrin family, chloride channel CLIC family, glutaredoxin 

family, glutathione peroxidase family, hupG/hyaE family, iodothyronine deiodinase family, nucleoredoxin family, 

peroxiredoxin 2 family, phosducin family, protein disulfide isomerase family, quiescin-sulfhydryl oxidase (QSOX) 

family, thioredoxin family. This union set of all Trx fold sequences contained 29,206 sequences.  

Sequences used in sequence similarity networks were filtered to a maximum of 40% sequence identity using CD-HIT 

[64]. Additionally, only sequences longer than 60 amino acids were used in the networks, resulting in a data set of 

4,082 sequences.  

The structures analyzed were the 159 chains associated with the above 29,206 sequences that were not theoretical 

models and had chain sequences with a maximum of 60% identity to any other chain as determined by CD-HIT.  

Construction of networks: sequence & structure 

The sequence similarity networks were constructed as described in Atkinson et al. 2009 [31], with pairwise 

similarities between proteins determined using pairwise BLAST alignments [65] and resulting networks visualized in 

Cytoscape 2.6 using the Organic layout [66]. The structure similarity networks were constructed and visualized in 

the same way, except pairwise similarity between structure chains was determined using FAST [67]. 

Construction of hierarchical clustering tree 

The pairwise structural similarities from the FAST algorithm were used to construct a tree using hierarchical 

complete linkage clustering. The tree was visualized in Dendroscope [68].  

Annotations of families and taxonomic categories  

This work includes a number of networks and a tree with proteins colored according to a specific type of 

annotation. Structures were annotated as members of PFAM families if the amino acid sequences from the Protein 

Data Bank SEQRES records [69] aligned to the PFAM family ls model with a score better than the PFAM gathering 

threshold. Sequences were annotated as PFAM family members using the same criteria. Sequences were annotated to 

a SWISSPROT family (Fig. S2) using the SWISSPROT SIMILARITY records. Presence of domains in a sequence was 
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assessed using the PFAM family fs models (Fig. S3). Species were assigned to a kingdom or superkingdom using the 

NCBI taxonomy database [70].  

Prediction of CxxC active sites 

All CxxC active site motifs were located using representative structures, and the corresponding motif was identified 

in each PFAM Trx Clan ls HMM. The amino acids aligning to this motif in the HMM were used to determine the 

active site motif for each sequence. See supplementary data website for specific motifs based on structural 

information. 

External supplementary data website 

All data files generated in the analysis, including sequence files and networks, are available online at 

http://babbittlab.compbio.ucsf.edu/resources/TrxFold. 
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Segue 3 
 

 

Key points from Chapter 3: An atlas of the thioredoxin fold class reveals the complexity of adaptations 

that enable diverse functions: 

• Remnants of the dithiol CxxC active site are present throughout the entire 
thioredoxin fold class, but there is more variation that previously reported. 

• Most members of the thioredoxin fold class have never been assigned a function, but 
can be associated with aspects of catalytic capabilities derived from the CxxC active 
site.  

• The glutaredoxin class of enzymes as currently defined is unusually heterogeneous 
and includes members of different superfamilies. Many of these enzymes likely 
participate in physiological roles that deviate from those traditionally associated with 
glutaredoxins. 

 

This is the first analysis of the thioredoxin fold class that performs a large-scale synthesis of 

the sequence and structural data with the aim of understanding and interpreting the 

functional capabilities of different variants of the thioredoxin fold. The analysis revealed that 

many aspects of the members of the thioredoxin fold class are more complex than expected, 

and also establishes a standard for evaluating whether a feature of a specific protein or 

subclass is unique or a significant change relative to the rest of the class.  

Of all of the enzyme superfamilies that comprise the thioredoxin fold class, the 

glutathione transferases are of particular interest because of their pivotal roles in the 

detoxification of xenobiotic compounds and metabolism of drugs in humans, and their 

association with a number of lethal diseases, including cancer. As medically important 

enzymes, glutathione transferases are tempting drug targets, and as detoxification enzymes, 

they are tempting subjects for engineering. But they are also a diverse collection of enzymes 

with broad specificity for different substrates, rendering their characterization challenging 

and incomplete. While Chapter 3 establishes the thioredoxin fold framework and the extent 

of variation across the class, Chapter 4: Glutathione transferases are structural and functional outliers 

in the thioredoxin fold discusses some unique structural and catalytic changes within the 
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glutathione transferases, a subclass within the thioredoxin fold. Chapter 4 makes use of the 

thioredoxin fold atlas from Chapter 3 to provide context and establish the significance of the 

changes that characterize the glutathione transferases. This analysis aims to clarify how the 

glutathione transferases adapt the thioredoxin fold to support diverse functions and inform 

further investigation of this enzyme class. 
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Glutathione transferases are structural and functional 

outliers in the thioredoxin fold 
 

 

Holly J Atkinson1 and Patricia C Babbitt2,3 

 
1Graduate Program in Biological and Medical Informatics, 2Department of Bioengineering 

and Therapeutic Sciences, 3Department of Pharmaceutical Chemistry, University of 
California, San Francisco, California, USA 

 

4.1 Abstract 

Glutathione transferases (GSTs) are ubiquitous scavengers of toxic compounds 

that fall, structurally and functionally, within the thioredoxin fold suprafamily. The 

fundamental catalytic capability of GSTs is catalysis of the nucleophilic addition or 

substitution of glutathione at electrophilic centers in a wide range of xenobiotic 

electrophilic substrates. However, little else is known about the structural and 

functional relationships between different subgroups of GSTs. Through a global 

analysis of sequence and structural similarity, it was determined that a change in the 

binding of glutathione by the two major classes of cytosolic GSTs results in a 

different mode of coenzyme activation. Additionally, the convergent features of 

glutathione binding between cytosolic GSTs and mitochondrial GST kappa are 

described. The identification of these structural and functional themes help to 

illuminate some of the fundamental contributions of the thioredoxin fold to 

catalysis, and clarify how the thioredoxin fold can be modified to enable new 

functions.  
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4.2 Introduction 

The glutathione transferases (GSTs) are a critically important class of enzymes, found in all 

classes of eukarya and bacteria—including at least 18 GSTs expressed in humans [1-3]. GSTs 

catalyze a broad range of reactions that involve the addition of glutathione (GSH) to 

substrate compounds, but their archetypal functional role is in enzymatic detoxification of 

xenobiotics [4]. GSTs have additional important roles in cell signaling and other cellular 

processes. GST mu from mice forms inhibitory complexes with ASK1, a member of the 

MAP kinase pathway [5]. Members of the alpha and sigma subgroups are involved in the 

biosynthesis of sex steroids and prostaglandins, respectively [6,7], and GSTs are implicated 

in numerous human diseases, including Parkinson’s, Alzheimer’s, and atherosclerosis [8]. 

GSTs are thought to be responsible for resistance to chemotherapeutic compounds in 

addition to carcinogenic compounds [9]. 

GSTs are grouped into subgroups that usually have different general substrate 

profiles, while members of the same subgroup have more subtle differences in substrate 

recognition. There are typically many GSTs transcribed within the same organism, and 

individual GSTs tend to be promiscuous in transforming a set of related compounds [10]. 

Structurally, cytosolic GSTs function as dimers; each monomer is composed of a conserved 

thioredoxin domain containing the glutathione (GSH) binding site, and a more variable 

alpha helical domain (the GST C domain) containing the binding site for the GSH-acceptor 

substrate. The fundamental theme in GST function is the activation of GSH for transfer to a 

substrate by the stabilization of the GSH thiolate [11].  

While specific GSTs have been extensively characterized, it is difficult to compare 

members of different subgroups, and there has been little investigation in this area. Given 

that GSTs all incorporate a thioredoxin fold, it follows that there should be structural and 

functional themes that relate and distinguish subgroups beyond the basic capability of adding 

glutathione to electrophilic substrates, and that there may be commonalities between 

catalysis in the GSTs and the much larger class of all thioredoxin fold enzymes. The 

contribution of the thioredoxin fold itself can be investigated by clarifying how 

mitochondrial GST kappa [12], an enzyme from a different superfamily within the 

thioredoxin fold class, is able to catalyze the same basic molecular function as cytosolic 
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GSTs. An understanding the relationships between subgroups could help to delineate major 

functional shifts, yielding useful information for predicting the catalytic capabilities of 

uncharacterized GSTs. 

Here we analyze the GSTs, using information from sequence and structure, to better 

understand how the different subgroups are related. We describe why there are two major 

classes of cytosolic GSTs, and reveal an important theme that characterizes the difference 

between the two types of cytosolic GST. One of these classes uses a mechanism that is truly 

unusual for an enzyme with a thioredoxin fold. Lastly, a structural analysis reveals the 

contributions from convergent evolution and from the thioredoxin fold itself as expressed 

through the similar binding mode of glutathione between cytosolic GSTs and mitochondrial 

GST kappa. 

4.3 Results and discussion 

In the following sections, we describe how cytosolic GSTs should be classified into two 

major classes, first because of overall sequence and structural similarity, and second because 

of the composition of their active sites. Next is a discussion of how these active site 

differences affect catalysis. Finally, there is a description of how mitochondrial GST kappa 

binds glutathione using universal aspects of the thioredoxin fold as well as cytosolic GST-

like interactions. 

I. Cytosolic GSTs should be classified into two major groups 

While GSTs have long been classified into a collection of family-like subgroups, another 

level of classification hierarchy is necessary to accurately describe the interrelationships of 

the different subgroups. All cytosolic GSTs have a similar structure, but as revealed by a 

structure similarity network, the subgroups that were first discovered and which are found 

almost exclusively in eukaryotes—the alpha, mu, pi, and sigma subgroups—are significantly 

more similar to one another than to the other GST subgroups (Fig. 1). These subgroups will 

be referred to as the tyrosine-type GSTs (Y-GSTs), as they are associated with an interaction 

between a tyrosine and glutathione as part of their mechanisms, insofar as this mechanism is 



 4. Glutathione transferases are structural and functional outliers  
 

 84 

known. This separation of GSTs into two classes is also evident from the perspective of 

protein sequence, as shown by a sequence similarity network (Fig. 2).  

 

Figure 4.1. Cytosolic GSTs fall into two major classes based on structural similarity. 

A. Structure similarity network, containing 40 

structures that are a maximum of 60% 

identical (by sequence) that span the cytosolic 

GSTs and proteins with similar structures 

(including E. coli Grx 2, 1G7O). Similarity is 

defined by FAST scores better than a score of 

16.0; edges at this threshold represent 

alignments with a median of 1.94Å RMSD 

across 139 aligned positions, while the rest of 

the edges represent better alignments. Each 

node is colored by the subgroup classification 

of the associated sequence in the SWISSPROT 

database. Some sequences are only classified 

to the GST superfamily (“GST”), and others 

have no classification or one outside of the 

GST superfamily (“other”). Each structure is 

labeled with its PDB ID and chain, and 

examples from each subgroup are labeled with 

their associated sequence in SWISSPROT. B. 

Structure similarity network containing the 

same structures as in A, shown at the less 

stringent threshold of 4.5. Edges at this 

threshold represent alignments with a median 

of 2.75Å RMSD across 72 aligned positions. 

Nodes are colored as in A. 
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Figure 4.2. The tyrosine-type GSTs are less populated and less diverse than the other major 
class of GSTs. 

Sequence similarity network, containing 622 

sequences that are a maximum of 40% 

identical that span the cytosolic GSTs. 

Similarity is defined by pairwise BLAST 

alignments better than an E-value of 1x10-12; 

edges at this threshold represent alignments 

with a median 30% identity over 120 residues, 

while the rest of the edges represent better 

alignments. Each node is colored by the 

classification of the sequence in SWISSPROT, 

if available. Large nodes represent sequences 

that are associated with the 40 structures in 

Fig. 1. The tyrosine-type GSTs include the 

alpha, mu, pi, and sigma subgroups. 
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 Although many more enzymes from the tyrosine-type subgroups have been 

characterized, the other subgroups are actually far more populated and represent a broader 

range of structural and taxonomic diversity. This disparity in population is conspicuous in 

the sequence network in Figure 2. Unlike the eukaryotic Y-GSTs, the other classes are found 

in all kingdoms of life outside of archaea, which lack the machinery for the synthesis of 

glutathione [1]. It has been suggested that the Y-GSTs have evolved more recently [11], and 

this is bolstered by their taxonomic distribution. The better-known roles of certain Y-GSTs 

in human disease and their longer history of study are the primary reasons for their more 

thorough structural sampling. 

II. Tyrosine-type vs Serine/Cysteine-type GSTs 

The overall differences in sequence and structure between the two classes of GSTs are partly 

due to changes at specific points within the fold. The residue that interacts directly with the 

nucleophilic sulfur of GSH changes both in character and in location relative to the fold 

between the two classes—this has important implications for changes in the catalytic 

mechanism. A number of residues located within the thioredoxin-like domain found in all 

GSTs have key roles, and a structure-based sequence alignment illustrates where these 

residues change between the two classes (see Fig. 3). In the first and most important point 

difference, where Y-GSTs have a tyrosine positioned at the end of the first beta strand (B1), 

the second class has a serine or cysteine several positions later at the amino terminus of 

Helix 1 (H1)—these residues are conserved and key to catalysis in most characterized 

enzymes. Following this, the second class of GSTs will be referred to as serine/cysteine-type 

GSTs (S/C-GSTs). In Y-GSTs, the tyrosine hydroxyl group acts as a hydrogen bond donor 

to the sulfur of GSH, lowering its pKa to stabilize a nucleophilic thiolate [11]. 

Representatives of the S/C-GSTs use their active site residues analogously, with some 

exceptions. In theta class GSTs, the hydroxyl group of serine is used to activate the bound 

GSH [13,14]; this role is also ascribed to the serine of the phi and tau subgroups. In the 

omega class, however, an active site cysteine forms a disulfide bond with glutathione, and it 

has the “thioltransferase” activity associated with glutaredoxins; it is invisible to conventional 

biochemical assays for GST function [15]. The zeta class enzymes have a serine that is 
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critical to their function, but also have a reactive active site cysteine that plays a role in 

binding GSH, although this cysteine is not required for catalysis (see the SSC motif in Fig. 3; 

[16,17]). The last unusual S/C-GST class is the beta subgroup, which has been seen with 

GSH bound via a mixed disulfide to a conserved cysteine, but mutagenesis studies have 

shown that some betas can also transform substrates in the absence of this cysteine [18]. 

(These catalytic residues are shown boxed and labeled “Y” or “S/C” in Figure 3.) 
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Figure 4.3. A structure-based sequence alignment highlights differences between tyrosine-
type and serine/cysteine-type cytosolic GSTs. 

A. Structure-based sequence alignment of the 

thioredoxin-like domain from representatives 

spanning the cytosolic GSTs. Amino acid 

positions of interest are denoted by red boxes 

and labels that correspond to the locations 

marked on the diagram of the thioredoxin 

fold in B. Residues in alpha helices have a 

yellow background, and those in beta strands 

have a green background. This alignment was 

prepared and displayed using UCSF 

CHIMERA. B. Diagram illustrating the 

secondary structure elements of the 

thioredoxin-like domain found in GSTs. The 

C-terminal end continues to complete the 

overall GST structure. The sulfhydryl group 

of glutathione (GSH) is displayed as a yellow 

ball, and key interactions between GSH and 

residues from the Trx domain are shown as 

dashed blue lines. 

 

III. Catalytic consequences of the shifted active site 

While the Y-GST tyrosines and S/C-GST serines and cysteines have, to varying degrees, 

previously been identified as important to catalysis, the observation that the locations of 

these residues have an impact on how glutathione is bound is surprising. The structural 

alignment shows that these critical residues are found in two different locations, anchored to 

distinct elements of secondary structure and separated by a loop (Fig. 3). This affects where 

GSH is bound relative to the fold—in particular, the location of the sulfur of GSH is located 

at least 3.6Å further away from the amino terminus of H1 if the enzyme is in the Y-GST 

group (Fig. 4). It is unclear how this difference affects overall substrate preference or 

biological function—different subgroups of GSTs (e.g., alpha, mu, theta) have different 

substrate profiles, but the sparseness of activity profiles, lack of knowledge of the 

physiological substrates, and limited subgroup coverage make it difficult to predict 

commonalities in overall substrate preference within the Y-GSTs or S/C-GSTs. However, it 

is likely that this difference in the binding of GSH results in a change in how GSH is 

activated for transfer to a substrate. In other superfamilies found within the thioredoxin fold 

class, a nucleophilic thiolate provided by a cysteine is located in the same position relative to 

the thioredoxin fold as the critical residues of the S/C-GSTs. This thiolate is stabilized, in 

part, by the favorable interaction between this anion and the local electrostatic environment 
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of the amino terminus of H1 [19]. Whitbread and colleagues suggested that the proximity of 

the amino terminus of H1 could also favor formation of the GSH thiolate in GST omega, 

particularly since certain GSH conjugation reactions are still catalyzed by this enzyme in the 

absence of its active site cysteine [20]. As mentioned earlier, beta GSTs are also seen to 

catalyze transfer of GSH independent of their active site cysteines. Importantly, it is unlikely 

that H1 of Y-GSTs contributes to the activation of GSH for transfer to a substrate. 

 

Figure 4.4. The two classes of cytosolic GSTs bind glutathione differently.

Structural alignments of representatives from 

each cytosolic GST subgroup illustrate a 

difference in the location of the sulfhydryl 

sulfur of glutathione that is associated with 

the location of the catalytic residue relative to 

the fold. A. A tyrosine-type GST, 1TU7 is 
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shown aligned to a serine-type GST, 2CZ2. 

Only the Trx-like domains are displayed. Also 

shown as balls are the locations of the sulfur 

from GSH in several examples (if available) 

from each GSH subgroup; the rest of the 

GSH coenzyme and enzyme ribbon diagrams 

are not shown. GSH sulfurs are colored 

according to the subgroup of the parent 

enzyme. The displayed alignment between Pi 

GST 1TU7 and Zeta 2CZ2 has an RMSD of 

1.288Å between 96 atom pairs. The shortest 

distance between pairs of sulfurs from GSTs 

of the opposite class is 3.6Å as marked on the 

figure. Also noted is the location of the sulfur 

of GSH bound to E. coli Grx 3 (3GRX). B. 

An alternate view of the same alignment 

showing the location of the sulfurs relative to 

the amino terminus of Helix 1. Here, the 

tyrosine from 1TU7 is shown in red, and the 

serine from 2CZ2 is shown in purple, as well 

as the full bound GSH from each displayed 

enzyme. Dashed boxes mark the locations of 

the two classes of enzymes. C. The full 

structural alignment between the two example 

GST monomers, with a dashed line marking 

the separation between the thioredoxin-like 

domain and the carboxyl terminal GST 

domain.  

 

 Given that Y-GSTs cannot use the amino terminus of H1 to stabilize a catalytic 

thiolate, they are unique within the superfamilies that incorporate a thioredoxin fold.  All 

other major superfamilies in the class incorporate a nucleophilic thiolate provided by a 

cysteine at the amino terminus of H1—the same position occupied by the critical residues of 

the S/C-GSTs (see Chapter 3). A number of superfamilies use GSH as a coenzyme, 

including the glutaredoxins [21]. Figure 4 shows that in E. coli Grx 3, the sulfur of bound 

GSH is positioned near the positive end of H1, as in S/C-GSTs. Considering the ubiquity 

and diversity of the thioredoxin fold, the abandonment of such a fundamental feature of Trx 

fold catalysis is remarkable. 

IV. The GSH binding site of mitochondrial GST kappa is an example of convergent 
evolution 

Mitochondrial GST kappa and the cytosolic GSTs contain two divergent variants of the 

thioredoxin fold. Their common catalytic capabilities are due in part to the convergent 

evolution of a similar binding site for glutathione; their GST function also relies on the 

presence of specific structural components that are common to nearly all variants of the 

thioredoxin fold. It is clear that GST kappa is more closely related to the DsbA-like 
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superfamily of enzymes, than to the cytosolic GSTs. Kappa and DsbA-like enzymes share 

both sequence similarity and an insertion between second beta strand B2 and H2 of the 

thioredoxin fold [12]. (This insertion has few common elements between DsbA-like 

enzymes and kappa, however.) The conventional wisdom is that GST kappa has a more 

recent common ancestor with the DsbA-like enzymes than with any other thioredoxin fold 

member [12,22]. Structurally, GST kappa and cytosolic GSTs are quite distant (Fig. 5A,B).  

 

Figure 4.5. The GST kappa glutathione binding site is an example of convergent evolution. 
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A. The overall mitochondrial GST kappa 

(1R4W) and S/C-GST tau (1OYJ) folds are 

very different. While both contain a form of 

the thioredoxin domain, in kappa, it is 

interrupted with a large insert before Helix 2 

(see Fig. 3B). B. Within the thioredoxin fold 

class, GST kappa is structurally distant from 

the cytosolic GSTs. This structure similarity 

network shows examples that span the 

thioredoxin fold class. Structures are colored 

according to their PFAM annotation, which 

roughly corresponds to different 

superfamilies. The locations of 1R4W and 

1OYJ are noted. The cytosolic GSTs in Figure 

1B (dashed box) are excerpted from this 

network, which is thresholded at a FAST score 

of 4.5. Edges at this threshold represent 

alignments with a median of 2.75Å RMSD 

across 72 aligned positions. C. The kappa 

class active site residues are more like 

cytosolic GSTs than its nearest DsbA-like 

neighbor class. Bar charts 1-3 show the 

identities of amino acids aligning with the 

catalytic Ser/Cys position in the cytosolic 

GSTs (C0) and the residue three positions 

later (C3), commonly referred to as the CxxC 

motif. The charts summarize 62, 87, and 538 

diverse protein sequences from each class. D. 

Corresponding residues from kappa structure 

1R4W and tau cytosolic GST 1OYJ that form 

binding interactions with glutathione. 

Predicted H-bonds are shown as thin blue 

lines. Interactions with moieties that are 

present in all or nearly all variants of the 

thioredoxin fold are marked with asterisks.  

 

 

 Although DsbA-like enzymes are its closest neighbor in structure and sequence, 

GST kappa cannot catalyze DsbA-type reactions. DsbA-like enzymes require a CxxC motif 

containing two cysteines as a central aspect requirement for catalysis of the oxidation of 

disulfide bonds in substrate proteins [23]; GST kappa-like enzymes do not preserve these 

cysteines, and in fact have a “CxxC” motif that is much more similar to S/C-GSTs (Fig. 5C). 

Characterized DsbA-like enzymes do not bind glutathione, unlike GST kappa. 

 In light of the overall differences between GST kappa and the cytosolic GSTs, the 

level of similarity at the GSH binding site is startling. The commonalities between GST 

kappa and the S/C-GSTs are key: the critical residues that interact with the sulfur of GSH 

are alike (Fig. 5C), and a significant number of additional residues that bind GSH have 

similar characters and orientations (Fig. 5D). GST kappa uses an active site serine located at 

the amino terminus of H1 (Fig. 5D: 1) to favor ionization of the GSH thiol [12], as does the 
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S/C-GST tau from rice. Both enzymes bind GSH such that it is in steric contact with the 

ring from a tyrosine and phenylalanine from the first turn of H1 (Fig. 5D: 2). Both enzymes 

contain a serine at the end of B4; the hydroxyl group of the serine interacts with the glutamyl 

group of GSH (Fig. 5D: 3). This maps to the QS (Y-GST) or ES (S/C-GST) motif that is 

recognized as a conserved element of cytosolic GSTs that helps to bind the glutamyl moiety 

of GSH [11]; the glutamine/glutamate residue from this motif is not present in kappa. A cis-

proline from the beginning of B3 is in van der Waals contact with GSH in both enzymes 

(Fig. 5D: 4); this proline is an absolutely conserved structural aspect of the Trx fold (see 

Chapter 3). In an additional contribution from the Trx fold, the bound GSH in both 

enzymes makes hydrogen bonding interactions with the backbone carbonyl of the preceding 

residue (Fig. 5D: 5). Finally, although the glycinyl moiety of GSH has a different 

conformation between kappa and tau, the side chain of a leucine at the end of B2 makes 

contact with this end of GSH in both structures (Fig. 5D: 6). This leucine is conserved in 

S/C-GSTs (Fig. 3). 

4.4 Conclusions 

Glutathione transferases have remodeled the thioredoxin fold to become a unique collection 

of enzymes with complex and overlapping specificities. GSTs have abandoned the classic 

dithiol CxxC active site motif used by most other variations of the thioredoxin fold. 

Furthermore, in the cytosolic Y-GSTs, the glutathione binding site has shifted away from the 

amino terminus of the first alpha helix, resulting in the loss of an aspect of catalysis that is 

present in all other major superfamilies that incorporate a thioredoxin fold. The example of 

mitochondrial GST kappa provides further insight into how fundamental aspects of the 

thioredoxin fold were combined with novel modifications to enable the multiple reactions 

catalyzed by the GSTs—this enzyme class provides tips on how to modify a DsbA-like 

enzyme to enable glutathione transferase activity, and suggests how the thioredoxin fold lays 

the groundwork for a GSH binding site. These distinctive characteristics of GSTs are 

evidence of an evolutionary vanguard, transforming the capabilities of the thioredoxin fold. 
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4.5 Materials and Methods 

Data set sources and curation; annotations 

All sequences and structures representing the thioredoxin fold class were assembled as described in Chapter 3, 

using the PFAM Thioredoxin-like Clan [24] and all sequences classified into relevant Trx fold superfamilies in 

SWISSPROT [25]. Sequences and sequences extracted from PDB structure were annotated as described in 

Chapter 3. Catalytic motifs (displayed in Fig. 5C) were calculated as described in Chapter 3. 

Construction of networks: sequence and structure 

The sequence similarity networks were constructed as described in Atkinson et al. 2009 [26], with pairwise 

similarities between proteins determined using pairwise BLAST alignments [27] and resulting networks visualized 

in Cytoscape 2.6 using the Organic layout [28]. The structure similarity networks were constructed and 

visualized in the same way, except pairwise similarity between structure chains was determined using FAST [29]. 

Structural alignments 

Representative structures from the GST suprafamily were aligned and used to generate a structure-based 

sequence alignment using the Chimera MatchMaker and Match->Align commands [30]. The GSH binding site 

alignment between tau 1OYJ and kappa 1R4W was achieved using the Chimera `match` command to align the 

structures according to the bound GSH molecule [30]. All figures depicting structures were created with UCSF 

Chimera [31]. 
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Segue 4 
 

 

Key points from Chapter 4: Glutathione transferases are structural and functional outliers in the 

thioredoxin fold: 

• There are two major classes of cytosolic GSTs, and one of them is characterized by a 
shift in catalysis that is unique across the entire thioredoxin fold class. 

• The kappa GST glutathione binding site is an example of convergent evolution. 
 

While glutathione transferases are nominally considered to share the same fold, in fact they 

are quite diverse and difficult to compare in a systematic manner, discouraging global 

analyses of trends that span subgroups. The description of the uniqueness of the tyrosine-

type GSTs is new, as is the report of the convergent binding site for glutathione. These two 

examples provide precedents for the plasticity of the thioredoxin fold and the remarkable 

structural fidelity that can be achieved through convergent evolution of a catalytic function. 

Chapter 5: The global cysteine peptidase landscape in parasites introduces a completely 

different class of enzymes. The peptidases, better known as proteases, encompass multiple 

evolutionarily unrelated superfamilies. Because peptidases are involved in many key 

biological processes and have been ably manipulated by small molecules in humans, 

peptidases in parasites are the subject of much drug-related research. Accordingly, peptidases 

constitute another highly populated class of proteins associated with varying levels of 

functional annotation. Chapters 3 and 4 demonstrated how protein similarity networks could 

be analyzed in combination with orthogonal information to derive new information about 

structural and functional trends that characterize a superfamily. The text of Chapter 5 is a 

review of new developments in the biological roles of cysteine peptidases in parasites, in 

which recent research is put in context using similarity networks. The networks expose how 

most research has focused on a few model peptidases, and clarify the relationships of 

peptidases that are referred to using multiple conflicting systems of nomenclature. 
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5.1 Abstract 

The accumulation of sequenced genomes has expanded the already sizeable 

population of cysteine peptidases from parasites. Characterization of a few of these 

enzymes has ascribed key roles to peptidases in parasite life cycles and also shed 

light on mechanisms of pathogenesis. Here, we discuss recent observations on the 

physiological activities of cysteine peptidases of parasitic organisms, paired with a 

global view of all cysteine peptidases from the MEROPS database grouped by 

similarity. This snapshot of the landscape of parasite cysteine peptidases is complex 

and highly populated, suggesting that expansion of research beyond the few 

“model” parasite peptidases is now timely. 

 

5.2 Peptidases have central roles in parasite biology and pathogenesis 

All parasites must infect their host(s) to survive and propagate, and peptidases are essential 

components of these processes [1,2]. Historically, peptidases have been referred to 

collectively as proteases (see Box 1: What is a peptidase?), and they are associated with a 

large and significant body of research in the field of parasitology that spans many decades. 

Peptidases enable scores of disparate biological activities in parasitic organisms—they allow 

parasites to bore through cellular and tissue barriers [3], degrade host proteins for nutrition 
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[4], and are used to manipulate the host immune system in order to elude the immune 

response [3]. In addition, parasite peptidases are involved in processing secondary protein 

modifications [5,6], are used as immunodiagnostic markers of infection, and can trigger 

allergies in humans and other hosts [7].  

 

Chapter 5 Glossary 

BLAST E-value (E): a statistic describing the significance of the scored protein 
sequence similarity between two sequences aligned using the sequence 

comparison program BLAST [63]; an E-value or expectation value is the number 
of different alignments expected to have an equal or better score in the current 
database of sequences. Smaller E-values correspond to better alignments.   

Clan: see Box 1: What is a peptidase? 
Family: see Box 1: What is a peptidase? 
MEROPS: a curated database of all known peptidases, and the data source for all 

figures and peptidase statistics in this review (http://merops.sanger.ac.uk) [9]. 
Nucleophile: in this review, used as shorthand for the amino acid providing the 
functional group that makes an initial attack on the carbonyl carbon of a peptide 

bond. In canonical cysteine peptidases, the nucleophile is a cysteine. 
 

 

Box 5.1. What is a peptidase? 

Peptidases—also known as proteases, proteinases, and peptide hydrolases—are 
enzymes that are best known for catabolizing proteins and polypeptides through 

the cleavage of peptide bonds (Fig. I). Peptidases that form a transient covalent 
bond with the substrate during catalysis via the sulfur of the catalytic cysteine 
residue are called cysteine peptidases. 
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Figure 5.I. Peptidase conventions and taxonomy 

(a) The binding of a peptide substrate to the 

peptidase subsites (active site pockets) 

positions the sulfur of cysteine near the 

carbonyl of the peptide bond to be cleaved. 

The sulfur of the active site cysteine is 

particularly nucleophilic due to the 

indispensable presence of a chemical base 

(e.g., histidine). The peptide amino acid 

residues and subsites are numbered and 

designated prime or non-prime based on their 

position relative to the targeted peptide bond 

[66]. Key: S, subsite; P, peptide amino acid 

residue; R, amino acid side chain; B, catalytic 

base. (b) In the hierarchical taxonomy defined 

by the MEROPS database [9], peptidases are 

subdivided by catalytic type, e.g. cysteine 

peptidases. All peptidases are assigned to 

families constituting all groups of peptidases 

that share statistically significant sequence 

similarity; families are then grouped into the 

larger clans that each have a common ancestral 

progenitor. Members of different clans are 

not homologous, i.e., not thought to be 

evolutionarily related. 

 

 

In this review we focus on cysteine peptidases (CP) from medically important 

parasitic protozoa and helminths; see an overview of the parasite-containing CP clans in 

Figure 1. The many recently sequenced genomes from these organisms—including Babesia 

bovis, Leishmania infantum, L. braziliensis, Plasmodium knowelsi, and P. vivax, all released within 

the last two years—prompt a new census of cysteine peptidases in parasites. Here, we use 

sequence similarity networks [8] to visualize all members of these groups found in the 

MEROPS peptidase database [9] while revisiting and updating some old assumptions about 
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parasite peptidases. Recent research has now disproved a number of popular views—namely 

that parasitic protozoan CPs are primarily catabolic, restricted to clan CA and clan CD, and 

that all “cysteine proteases” have a nucleophilic cysteine, all to be discussed in the following 

sections. Many of these misconceptions are due in part to the tendency to concentrate 

research on proteins and systems for which there are existing techniques and resources, 

which is logical and yet limiting—the number of well-characterized parasite CPs is now 

dwarfed by the number of unexamined proteins, and many of these are predicted to have 

important biological roles; a number of these CPs will more than likely be excellent drug 

targets. A global, sequence similarity-based atlas of all CPs provides a context for the 

extensive research on parasite CPs—that is, by painting the cysteine peptidase landscape 

with species representation and other information, one can immediately understand the 

distribution of model peptidases relative to parasite CPs. The distribution of CPs provides 

hints toward where investigators can address uncharacterized proteins by piggybacking on 

tools and techniques developed for nearby CP homologues. 

 

 

 

Figure 5.1. Overview of the six cysteine peptidase clans containing parasite proteins. 
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CPs of parasitic organisms are found in six 

clans: CA, CD, CE, CH, CF, and CO. The 

areas of the red circles are proportional to the 

populations of helminth and protozoan 

parasite peptidases in MEROPS, while the grey 

circles are proportional to the total population 

of each clan. A table indicates the number of 

peptidases in each clan associated with 

helminths, parasitic protozoa, and associated 

genera; table cells are defined in the clan CA 

table. There is no relationship implied by the 

spacing between the different clans. Examples 

of parasite peptidases: CA: Fasciola hepatica 

cathepsin L1; CD: Trypanosoma cruzi 

metacaspase 2; CO: Trichomonas vaginalis PgpA 

peptidase; CE: SENP-like protein from 

Theileria parva; CF: Trypanosoma brucei 

pyroglutamyl peptidase 1; CH: hedgehog-like 

protein from Brugia malayi. 

 

 

5.3 Most of the parasite cysteine peptidase population is contained 
within clan CA 

Of the 24 families in clan CA, twelve include peptidases from parasitic helminths and 

protozoa, and collectively these families encompass the bulk of known parasite CPs (84%); 

the remaining families are primarily composed of viral and bacterial peptidases. It should be 

noted, however, that there has been much more progress in sequencing the genomes of 

protozoan parasites than in helminths, and this bias directly affects the contents of the 

MEROPS database, which was used to calculate these statistics. The global relationships 

among these families can be displayed as a sequence similarity network (SSN), illustrating 

species-specific representation (Fig. 2b; see Box 2 for an explanation of SSNs). The majority 

of the parasite-containing clan CA families are associated with de-ubiquitinating activity 

(DUB) [10], and a number of parasites have evidence of a ubiquitin-linked proteasome 

pathway [11]. There is a notable paucity of literature on DUBs in parasites, although in 

Trypanosoma cruzi, the etiologic agent of Chagas disease, ubiquitin-dependent degradation of 

cytoskeletal proteins has been linked to the transition between morphologically dissimilar life 

cycle stages [5]. Most DUBs are cysteine peptidases—two major classes that contain many 

members from protozoan parasites are ubiquitin C-terminal hydrolases (family C12), thought 

to act mainly in the recycling of ubiquitin when ubiquitin is erroneously conjugated to 

intracellular nucleophiles, and ubiquitin-specific proteases (family C19), which oppose and 
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co-evolve with ubiquitin E3 ligases [10]. The network in Fig. 2b shows that DUB-associated 

families include many members from parasites. Family C2, associated with the calcium-

binding calpains, contains a Plasmodium falciparum peptidase that is required for cell cycle 

progression [12], but like DUBs, this class is otherwise poorly studied in parasites. 
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Figure 5.2. A global map of clan CA places most parasite peptidases into family C1. 

(a) Guide to Fig. 2b-c, showing the 

relationship between the different networks. 

(b) All 698 parasite peptidases from clan CA 

displayed as a sequence similarity network, 

along with reference CA peptidases from H. 

sapiens, A. gambiae (mosquito), C. elegans, and 

E. coli. The sequences cluster by sequence 

similarity; the least significant sequence 

similarities included have a BLAST E-value of 

1x10-5, or a median of 27% identity over 

alignments of 110 amino acids. Sequences are 

colored according to organism type. Each 

cluster corresponding to a MEROPS family is 

labeled and highlighted with a grey oval. If the 

family is associated with de-ubiquitinating 

(DUB) or DUB-like activity, the family is 

circled with a dark blue border.  Family 

examples: C19: ubiquitin-specific protease; 

C1: papain-like enzyme; C85: DUBA de-

ubiquitinylating enzyme; C2: calpain; C12: 

ubiquitin C-terminal hydrolase; C54: 

autophagin-1; C86: ataxin-3; C78: UfSP1 

peptidase; C88: ovarian tumor protease; C65: 

otubain-1; C64: Cezanne de-ubiquitinylating 

peptidase; C67: CylD protein; C39: colicin V 

processing peptidase; C66: IdeS-like protein 

from T. vaginalis. CA families that do not 

include parasite or reference organism 

peptidases are not shown. (c) Family C1A 

(subset of family C1, member of Clan CA) 

peptidases displayed as networks. The inset 

shows clustering of representatives at an 

intermediate threshold level of sequence 

similarity (E=1x10-26), and colored ovals 

highlighting clusters and single proteins 

correspond between the inset and the main 

panel. The main panel includes C1A 

peptidases from all organisms in a sequence 

similarity network thresholded at E=1x10-60 

(50% identity over 220 amino acids; 1,779 

sequences). Sequence classes considered part 

of the “cathepsin B-like” group have a dashed 

grey border. Sequences are colored according 

to organism type, while the node shape 

corresponds to the predicted residue at the 

nucleophile position for that peptidase. Bold 

face labels indicate the human protein; italics 

indicate the general location of selected 

species and classes of parasite enzymes. 

Species abbreviations: A*: Ancylostoma; B*: 

Brugia; C*: Cryptosporidium; E*: Entamoeba; F*: 

Fasciola; G*: Giardia; L*: Leishmania; Na*: 

Naegleria; N*: Necator; Pa*: Paragonimus; P*: 

Plasmodium; Sc*: Schistosoma; Th*: Theileria; To*: 

Toxoplasma; Tri*: Trichomonas; Try*: 

Trypanosoma. 
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Box 5.2. Using sequence similarity networks to view merops peptidase 
classes 

Sequence similarity networks (SSN) allow very large groups of homologous 

proteins to be viewed together, clustered by similarity, as is shown here with 
different classes of cysteine peptidases. A SSN is a graphical description of a 
group of proteins, used here as a way to display characteristics—such as species 

type—of large numbers of proteins such that the trends that are correlated with 
protein structural similarity are exposed [8]. Protein sequences are symbolized as 
nodes (points—e.g. circles or squares) connected by edges (lines) that represent 

pairwise sequence alignments whose scores are better than a given threshold. In 
the displayed SSNs, proteins with similar amino acid sequences cluster together 
because the most similar subsets of proteins are connected and pulled together 

by many alignments better than the threshold; we report statistics—median 
percent identity and alignment length—about the quality of the least significant 
alignments included that are assigned the threshold score. (More specifically, this 

score is the BLAST E-value; see Glossary). Different degrees of sequence 
similarity can be emphasized by varying the threshold score—e.g., in Figure 2b, 
distant relationships are included, emphasizing family-level groupings. In Figure 

2c, a subset of the sequences from 2b are shown as an inset, but the threshold is 
more stringent, so sequences must be more similar to one another to share a 
cluster than in 2b. In general, the shorter the edge connecting two proteins, the 

more similar the pair of proteins. Disconnected proteins and clusters may—or 
may not—be related by detectable sequence similarity at levels below the selected 
threshold score. These disconnected proteins typically appear in rows at the 

bottom of a SSN-based figure, and their location relative to other groups is 
arbitrary, except where noted as in Figure 2c. (For more information on 
interpreting SSNs, see [8].) 

Once groups of similar proteins are exposed using the network structure, the 
network can then be overlaid with additional information such as pathogen class 
(Fig. 2b), substrate specificity (Fig. 3a), and the nature of the catalytic residue 

(Fig. 3c) to create customized atlases of protein families. The networks displayed 
in the figures can be searched, explored, and used to extract and view sets of 
protein attributes tailored to specific interests using network visualization 

software such as Cytoscape [64] and are available for download from 
http://babbittlab.compbio.ucsf.edu/resources/TIPs09. 
 The SSNs and peptidase statistics in this review are calculated from sets of 

proteins downloaded from the MEROPS database (http://merops.sanger.ac.uk) [9] 
on February 6, 2009. This database is a hand-curated repository of information 
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about peptidases; the different classes of peptidases in the networks only include 
proteins that were in the database by that date. The snapshot of the parasite 
cysteine peptidase landscape these networks provide will evolve as new genomes 

are sequenced and new peptidases are discovered. 
 

 

Proteins from family C1, found within clan CA, are the most-studied parasite CPs 

and include enzymes that are bona fide targets for drug development—namely, 

hemoglobinolytic falcipains from the malaria parasite [4,13] and cruzain from T. cruzi [1]. 

Perhaps because these enzymes are famously associated with degradation of proteins for 

nutrition, parasite peptidases have acquired a reputation for being involved solely in 

catabolism. However, CPs are known to participate in many aspects of the parasite life cycle, 

and as most parasite proteins—in family C1 and in other classes—have not been examined 

experimentally, it is likely that the true range of functional roles for peptidases will only 

broaden with time. Family C1 encompasses 80% of helminth CA peptidases and 45% of 

protozoan parasite CA peptidases, and is large and diverse—at a very basic level, it splits into 

two broad classes: a smaller class associated with bleomycin hydrolase activity, which 

contains no parasite proteins (family C1B in the MEROPS database), and a second much 

larger class typified by the catabolic human cathepsin proteins found in the lysosome (family 

C1A). Within this cathepsin-like group (shown in Fig. 2c), proteins can be further divided 

into two complementary subclasses based on specific regions of sequence similarity around 

the catalytic residues: the cathepsin L-like group and the cathepsin B-like group [14]. As 

shown by the distribution of species in the network in Figure 2c, the division between 

cathepsin L- and B-like enzymes is quite ancient. While little can be said about the functional 

implications of this distinction, referring to a peptidase as being cathepsin L- or B-like is a 

commonly used classification. Drug development targeting parasite cathepsin L- and B-like 

proteins has benefited enormously from existing tools and structures related to human 

proteins [15], a type example being human cathepsin K, which is successfully targeted in 

therapies for osteoporosis [16]. Some of these screening libraries and kinetics data have been 

released by pharmaceutical companies and are now freely available through the Collaborative 

Drug Discovery database [17] to be re-appropriated for use with parasite targets. 
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In protozoa, there is increasing evidence for the involvement of family C1 in evasion 

of the immune system in addition to nutrition. Cathepsin-L-like peptidases of the CPB locus 

from Leishmania mexicana were shown to inhibit the host Th1 response, and the 

corresponding increased CP activity in L. mexicana may explain some of the differences 

between leishmaniasis caused by L. mexicana versus L. major [18]. In people with suppressed 

immune systems, a diagnosis of Chagas Disease is particularly devastating, but an inhibitor 

targeting cruzain was shown to rescue immunodeficient mice infected by T. cruzi [19]. 

Family C1 is quite large in part because many members—particularly, in protozoa—

are the result of gene duplication; some are found in tandem arrays of similar isoforms (e.g., 

[20,21]), and occasionally located on different chromosomes [22]. The biological 

consequences of increased numbers of active enzymes have proven difficult to recognize or 

explain [20], as gene expansions are not uniform among phylogenetic groups. Among the 

trypanosomatids, the T. brucei genome only includes two C1 peptidases (a cathepsin L- and a 

cathepsin B-like peptidase [23], one of which is necessary for the parasite to cross the host’s 

blood-brain barrier [24], whereas T. congolense has thirteen cathepsin B-like peptidases [25]. A 

third trypanosomatid, L. mexicana, expresses at least 19 cathepsin L-like peptidases and a 

single cathepsin B [21]; as mentioned earlier, increased CP activity in comparison with L. 

major may be the cause of differing disease outcomes[18]. Differential gene expansion is also 

seen in the family C2, where L. major contains 22 calpain-like proteins [26], and P. falciparum 

contains only one [13].  

Within the helminth parasites, gene expansion has lead to new roles for the 

cathepsins, complementing the general catabolic role of cathepsins in protein turnover for 

nutrition. In Fasciola, the cathepsin Ls are secreted and allow the flukes to burrow through 

host intestinal and liver tissue by degrading matrix proteins like fibronectin and collagen, and 

also counter the host immune system by cleaving CD4 proteins from T lymphocytes, a 

process thought to be responsible for the suppression of lymphocyte proliferation [3]. The 

lung fluke Paragonimus cathepsin Ls—derived from 9 peptidase genes—are also used in tissue 

invasion and evasion of the immune system as well as excystment [27]. In filarial nematodes, 

cathepsin L activity is important in developmental processes—it is required in cuticle 

molting of the L3 stage in Onchocerca volvulus [28] and embryogenesis in Brugia malayi [29].  
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5.4 Parasite proteins from clan CD have recently become a major research 
interest 

While certain members of clan CA have long been of interest to parasitologists, clan CD has 

more recently attracted the attention of researchers; clan CD proteins from protozoa and 

helminths have only been investigated during the last decade [30-33]. Unlike degradative 

peptidases with relatively broad substrate specificity, members of clan CD are associated 

with tightly defined substrate specificities; characterized clan members are tuned to prefer a 

specific amino acid at the P1 position (see Fig. 3a and Box 1; see also Box 3: Historical 

nomenclature in the CPs). Although most parasite members of clan CD have poorly defined 

functions, a few are known to play important roles in interactions with the host and in cell 

division. There are three clan CD families that contain a significant number of parasite CPs: 

the family including the GPI:protein transamidases and asparaginyl 

endopeptidases/legumains (C13); the caspase family (C14); and the separase family (C50).  
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Figure 5.3. Clan CD features an uneven distribution of peptidases from parasites. 

(a) All 1,419 members of clan CD displayed 

as a sequence similarity network; the least 

significant similarities included have an E-

value of 1x10-5 (27% identity over 130 amino 

acids). Sequences are colored according to 

organism type, and the P1 substrate specificity 

is highlighted with thick class borders. Labels 

in bold face indicate MEROPS family 

membership. Groups that are part of the same 

family have the same class background color. 

Species abbreviations: B*: Brugia; C*: 

Cryptosporidium; E*: Entamoeba; F*: Fasciola; G*: 

Giardia; L*: Leishmania; P*: Plasmodium; Sc*: 

Schistosoma; Th*: Theileria; To*: Toxoplasma; Tri*: 

Trichomonas; Try*: Trypanosoma. (b) Family C13 

peptidases displayed as a sequence similarity 

network thresholded at an E-value of 1x10-30 

(30% identity over 200 amino acids; 235 

sequences) colored and labeled as in (a). (c) 

Metacaspases and similar proteins from family 
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C14 displayed as a sequence similarity 

network thresholded at E=1x10-40 (37% 

identity over 250 amino acids; 198 sequences). 

The sequences are colored as in (a), while the 

symbol shape denotes the predicted residue at 

the nucleophile position.  

 
 

Box 5.3. Historical nomenclature in the cysteine peptidases. 

Initially, it was assumed that all cysteine peptidases had a papain-like (CA) 
structural fold, as this was the first peptidase to be characterized in detail, 
including a solved structure. Consequently, although members of clan CD are 
not homologous to clan CA, some families and members were given names 

using CA-like “-[p]ain” suffixes. Examples of ambiguously named CD proteins 
include the gingipain class (family C25), responsible for gum deterioration in 
gingivitis, and legumains, members of family C13 associated with asparaginyl 

endopeptidase activity that are known to be involved in zymogen processing 
[32]. In some reports, the clan CD structural fold is called the “hemoglobinase 
fold” [65], as this was the first reported role for the asparaginyl endopeptidase 

from the blood fluke Schistosoma mansoni. However, this activity was later found to 
be a result of contamination—inconveniently, after the “hemoglobinase fold” 
label had taken hold in the literature [32]. 

 

 

Family C13 provides an interesting example illustrating the need to view cysteine 

peptidases as enzymes that have evolved to catalyze a collection of different overall 

reactions, rather than being limited to protease (peptide hydrolase) activity. As shown by the 

network in Figure 3b, family C13 clearly separates into two groups that share about 30% 

sequence identity; these two groups correspond to two quite distinct enzyme activities. One 

activity entails the transfer of a nascent protein to a glycosylphosphatidylinositol (GPI) 

anchor, resulting in the formation of a peptide bond between the protein and the anchor 

[30]. Many pathogens have surface-bound GPI-anchored proteins; these surface proteins are 

the first antigens to come into contact with the host immune system, and can trigger disease 

symptoms if recognized as foreign by the immune system. GPI-anchored proteins can also 

bind to host cell surface receptors, allowing entry into the cells [6]; examples include 

Leishmania GP63 [34] and the Plasmodium MSPs [35]. Additionally, the C13 family includes a 
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separate group of enzymes that catalyze asparaginyl endopeptidase reactions (AE, also 

known as legumains). In Schistosoma mansoni, AEs can proteolytically process and activate 

cathepsin B-like gut peptidases in vitro [36]. As seen in Figure 3b, the known AEs are 

phylogenetically diverse, represented by all phylogenetic classes of organisms except for 

fungi and viruses. 

 The metacaspases are a subset of the caspase-associated family C14 that were 

originally identified using bioinformatics techniques in 2000 [31]. As shown in Figure 3a, 

these enzymes provide an alternative to the canonical caspases found in animals, and are 

expressed in parasitic protozoa, fungi, plants, and bacteria; notably, initial reports indicate 

specificity for arginine and/or lysine at P1 rather than the aspartate specificity for which 

caspases are named [37,38]. The metacaspases are homologs of caspases, which mediate 

apoptosis in animals [39], and indeed, processes akin to programmed cell death (PCD) have 

been shown in a number of parasitic protozoa. While the existence of PCD in single-celled 

organisms is somewhat counterintuitive, a possible rationale for selective suicide in parasites 

is the avoidance of levels of parasitemia that will kill the host and cause the death of all of 

the descendents of the founder of the infection [40]. However, whether metacaspases are 

involved in these processes is quite controversial [41]. Metacaspase-dependent apoptosis has 

been well characterized in yeast [42], but most published work investigating a link between 

programmed cell death and metacaspases expressed in kinetoplastids and apicoplexans has 

been inconclusive (e.g., T. brucei [43,44]; P. berghei [45]). Little is known about additional 

potential roles for these proteins in parasites, but the metacaspase from Leishmania major has 

been reported to be essential for correct segregation of the nucleus and kinetoplast during 

cell division [46]. Helminths have no metacaspases, but four canonical caspase homologues 

from both the liver fluke Schistosoma japonicum and the blood fluke S. mansoni have been 

identified and presumably function similarly to caspases in humans [47]. 

 Separase activity, provided by family C50, is responsible for the separation of the 

sister chromatids during eukaryotic cell division at the metaphase-anaphase transition [48]. 

This family of peptidases is predicted to occur in all eukaryotes of organisms, and members 

have been identified in the helminth Brugia malayi and a number of protozoan parasites, such 

as the trypanosomatids and the heretofore-unnoticed Plasmodium separases. Although 
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targeting separase activity should be detrimental to parasite replication and therefore inhibit 

survival, no parasite C50 enzymes have been functionally characterized or validated as drug 

targets. 

5.5 Other classes of parasite cysteine peptidases are mostly 
uncharacterized 

A search of the MEROPS peptidase database [9] affirms the presence of parasite CPs in four 

clans in addition to CA and CD (see Fig. 1). These peptidases, a few of which are mentioned 

here, are mostly unexamined and may have unusual roles in parasite life cycles. First, there 

are five Trichomonas vaginalis peptidases present in the otherwise bacterial clan CO in MEROPS. 

Bacterial clan CO peptidases are associated with cell wall disassembly via hydrolysis, 

although very distant relatives have been reported in eukaryotes that act as acyl transferases 

to the rhodopsin coenzyme retinal and form a sub-domain of kinetoplastid 

glutathionylspermidine synthase [49].  

Clan CE, composed of SUMO-specific protease (SENP)-like proteins which interact 

with the small ubiquitin-like modifier protein (SUMO) [50], contains proteins from B. malayi 

and S. japonicum, as well as an array of protozoan parasites. SUMOylation may have a role in 

host cell invasion and cyst genesis in Toxoplasma [51], and has also been seen in numerous 

parasitic protozoa [5], including Plasmodium [52] and Trypanosoma [53]. 

Clan CF is known for pyroglutamyl peptidase activity, and the MEROPS clan includes 

a protein from B. malayi as well as T. vaginalis and two trypanosomatids; the peptidase is also 

expressed in Leishmania [54]. This activity is used to remove the N-terminal pyroglutamyl 

residues that are thought to discourage degradation of neuropeptides by aminopeptidases. 

The expression of a pyroglutamyl peptidase from T. brucei may contribute to endocrine 

dysfunction in people suffering from sleeping sickness [55]. 

Clan CH—associated with hedgehog and other oddly named animal developmental 

proteins—includes proteins from the helminths B. malayi and Trichinella spiralis. Hedgehog 

exhibits a unique variant of peptidase chemistry involving an essential cysteine residue—the 

protein’s peptidase domain catalyzes a chemical rearrangement in a non-catalytic self-

cleaving mechanism [56]. 
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5.6 Functional divergence of cysteine peptidases in parasites 

A global survey inescapably emphasizes the considerable functional breadth and diversity of 

parasite CPs. Certain emerging classes of functional divergence are particularly pertinent in 

parasites—loss of the canonical cysteine peptidase active site, and the unexpected presence 

of parasite CPs in bacteria-associated peptidase classes.  

Many expressed “cysteine peptidases” have different amino acids replacing the 

conventional catalytic residues. Some of these proteins still appear enzyme-like, and the 

active site may be catalytically active, as in the case of the cysteine nucleophile mutated to a 

serine, while others are not capable of catalyzing peptidase-type chemistry. In fact, of all 259 

proteins from parasitic protozoa in family C1 (“cathepsin-like”), 16% do not appear to have 

the classic Cys-His catalytic dyad. 8% of family C1 helminths have substitutions at these 

positions. (Humans have two C1 peptidases—of thirteen in total—that have serines 

replacing the cysteine nucleophile; these proteins appear to be involved in some cases of 

renal failure [57].) Family C1 classes containing these unusual proteins include the 

ECP1/SERA proteins from Plasmodium spp.—which are key to host cell egress through an 

unknown mechanism [58]—as well as isoforms of the T. congolense cathepsin B-like 

peptidases and Theileria annulata cathepsin L-like enzymes [2] (Fig. 2c). Several metacaspases 

from clan CD appear to have substituted the catalytic cysteine with a serine or threonine 

(e.g., T. brucei homologues of metacaspase 2; see Fig. 3c), but the prediction of these 

nucleophiles is complicated by these proteins’ divergence from a solved structure. It is 

noteworthy that many of these cysteine-to-serine substitutions occur in parasites that reside 

in an oxygen-rich environment, such as blood, and may be a means to moderate oxidation of 

the essential catalytic cysteine, although this remains to be shown experimentally; the 

functional consequences of these amino acid replacements are unknown. Since only a small 

number of enzymes from these diverse families have been characterized in depth, the 

relationship between the mechanistic differences these replacements may represent and their 

biological roles in the parasites in which they are found remains a mystery. 

In the case of a nonfunctional active site, cysteine peptidase homologues have been 

described with regulatory roles—for example, human c-FLIPL contains a catalytically 

inactive caspase-like domain (from clan CD), and is thought to form a heterodimer with 
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procaspase-8, resulting in allosteric activation of procaspase-8 and leading to apoptotic 

signaling [59]. Suggested roles for some apparently inactivated cysteine peptidases of the 

scabies mite Sarcoptes scabiei include competitive inhibition of the host blood coagulation 

cascade and antagonization of cleavage of protease-activated receptors in order to reduce the 

inflammation response [60]. 

 With a number of parasite CPs, it is tempting to suggest horizontal gene transfer as 

the explanation for why a class of CPs previously associated solely with a different kingdom 

of organisms would include proteins from parasites. However, horizontal gene transfer—in 

which genes are transferred through an asexual interaction between different species—is 

notoriously difficult to establish, and there are few examples in eukaryotes (e.g. [61]). 

Alternatively, these instances may be a symptom of biases and sampling issues in sequencing 

projects and experimental characterization. As mentioned earlier, there are five Trichomonas 

clan CO peptidases; all others in that clan are found in bacteria (or extremely distantly 

related as reported in [49]). Additional protozoan peptidases found in otherwise bacterial and 

archaebacterial groups are the Cryptosporidium peptidase in the clostripains (clan CD/family 

C11), and the Trichomonas vaginalis protein in clan CA, family C66; this family had previously 

been associated exclusively with bacteria that use member peptidases to evade the human 

immune system through cleavage of immunoglobulin G [62]. 

5.7 Concluding remarks 

This is an opportune time to investigate the range of cysteine peptidases and their activities 

in pathogenic parasites—these enzymes are crucial to many aspects of the parasite life cycle, 

and databases like MEROPS and the recently released S. mansoni genome [47] provide 

convenient lists of new, unexamined parasite peptidases whose characterization may lead to 

the development of novel therapies. It is clear that most of our knowledge of parasite CPs is 

confined to a small subset of highly studied peptidases from specific organisms, while the 

current landscape of parasite CPs is crowded and steadily growing, leaving the field with 

many open questions (see Box 4). Sequence similarity networks provide one way to navigate 

this landscape—they confirm and extend existing knowledge of CP classes. With an eye 

toward the development of new therapies, it is important to move beyond the identification 
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of molecular function and associate parasite peptidases with their physiological roles, and to 

use a broader perspective in considering where existing techniques may be adapted and 

brought to bear on unexamined proteins—resources like the MEROPS database and the 

sequence-based atlases of parasite CPs presented here can be used as a starting point. A 

better understanding of how the many parasite CPs contribute to different parasite life cycles 

can only help to mitigate the public health burden of parasitic diseases. 

 

Box 5.4. Open questions 

• Why do parasites have so many different types of de-ubiquitinating enzymes 
and calpains? 

• What are the functional implications of the differences in the numbers of 

isoforms of many clan CA peptidases in parasites? 

• What is the relationship between programmed cell death in animals and 
similar processes in protozoan parasites? Are metacaspases involved in these 

processes? 

• What are the physiological roles of parasite CPs with absent or non-standard 
catalytic residues? Do any of these proteins still mediate catalysis? 

• Is horizontal gene transfer responsible for the collection of parasite CPs 
found in classes previously associated with other phylogenetic groups? How 
do these proteins participate in the parasite life cycle? 

• Are there any undiscovered parasite cysteine peptidases with novel structural 
folds? 

 

Supplementary data is available for download from 

http://babbittlab.compbio.ucsf.edu/resources/TIPs09. 

Acknowledgements 

Tools used for visualization of SSNs were created in part by the UCSF Resource for 

Biocomputing, Visualization, and Informatics, supported by NIH P41 RR-01081. Support 

for this work was provided in part by NIH GM60595 (P.C.B.) and the Sandler Foundation 

(M.S.). In addition, we thank Conor R. Caffrey and James H. McKerrow of the Sandler 



 5. The global cysteine peptidase landscape in parasites  
 

 116 

Center for Basic Research in Parasitic Diseases, UCSF, for their helpful feedback on this 

manuscript. 

5.8 References 

1. McKerrow, J.H., et al. (2006) Proteases in 

parasitic diseases. Annual review of pathology 

1, 497-536. 

2. Sajid, M., et al. (2009) Proteases of Parasitic 

Protozoa - Current Status and Validation. 

In Drug Discovery in Infectious Diseases: From 

Drug Targets to Drug Candidates (Selzer, P., 

ed), Wiley-VCH Verlag (in press). 

3. Dixit, A.K., et al. (2008) 

Immunodiagnostic/protective role of 

cathepsin L cysteine proteinases secreted 

by Fasciola species. Vet Parasitol 154, 177-

184. 

4. Goldberg, D.E. (2005) Hemoglobin 

degradation. Curr Top Microbiol Immunol 

295, 275-291. 

5. Ponder, E.L., and Bogyo, M. (2007) 

Ubiquitin-like modifiers and their 

deconjugating enzymes in medically 

important parasitic protozoa. Eukaryotic 

Cell 6, 1943-1952. 

6. Zacks, M.A., and Garg, N. (2006) Recent 

developments in the molecular, 

biochemical and functional 

characterization of GPI8 and the GPI-

anchoring mechanism [review]. Mol Membr 

Biol 23, 209-225. 

7. Sajid, M., and McKerrow, J.H. (2002) 

Cysteine proteases of parasitic organisms. 

Mol Biochem Parasitol 120, 1-21. 

8. Atkinson, H.J., et al. (2009) Using sequence 

similarity networks for visualization of 

relationships across diverse protein 

superfamilies. PLoS ONE 4, e4345. 

9. Rawlings, N.D., et al. (2008) MEROPS: the 

peptidase database. Nucleic Acids Res 36, 

D320-325. 

10. Nijman, S.M., et al. (2005) A genomic and 

functional inventory of deubiquitinating 

enzymes. Cell 123, 773-786. 

11. Paugam, A., et al. (2003) Characterization 

and role of protozoan parasite 

proteasomes. Trends Parasitol 19, 55-59. 

12. Russo, I., et al. (2009) A calpain unique to 

alveolates is essential in Plasmodium 

falciparum and its knockdown reveals an 

involvement in pre-S-phase development. 

Proc Natl Acad Sci USA 106, 1554-1559. 

13. Rosenthal, P.J. (2004) Cysteine proteases 

of malaria parasites. Int J Parasitol 34, 1489-

1499. 

14. Karrer, K.M., et al. (1993) Two distinct 

gene subfamilies within the family of 



 5. The global cysteine peptidase landscape in parasites  
 

 117 

cysteine protease genes. Proc Natl Acad Sci 

USA 90, 3063-3067. 

15. Renslo, A.R., and McKerrow, J.H. (2006) 

Drug discovery and development for 

neglected parasitic diseases. Nat Chem Biol 

2, 701-710. 

16. Stoch, S.A., and Wagner, J.A. (2008) 

Cathepsin K inhibitors: a novel target for 

osteoporosis therapy. Clin Pharmacol Ther 

83, 172-176. 

17. Hohman, M., et al. (2009) Novel web-

based tools combining chemistry 

informatics, biology and social networks 

for drug discovery. Drug Discov Today 14, 

261-270. 

18. Buxbaum, L.U., et al. (2003) Cysteine 

protease B of Leishmania mexicana 

inhibits host Th1 responses and protective 

immunity. J Immunol 171, 3711-3717. 

19. Doyle, P.S., et al. (2007) A cysteine 

protease inhibitor cures Chagas' disease in 

an immunodeficient-mouse model of 

infection. Antimicrob Agents Chemother 51, 

3932-3939. 

20. El-Sayed, N.M., et al. (2005) Comparative 

genomics of trypanosomatid parasitic 

protozoa. Science 309, 404-409. 

21. Mottram, J.C., et al. (1997) The multiple 

cpb cysteine proteinase genes of 

Leishmania mexicana encode isoenzymes 

that differ in their stage regulation and 

substrate preferences. J Biol Chem 272, 

14285-14293. 

22. Miller, S.K., et al. (2002) A subset of 

Plasmodium falciparum SERA genes are 

expressed and appear to play an important 

role in the erythrocytic cycle. J Biol Chem 

277, 47524-47532. 

23. Caffrey, C., and Steverding, D. (2009) 

Kinetoplastid papain-like cysteine 

peptidases. Mol Biochem Parasitol (in press). 

24. Nikolskaia, O.V., et al. (2006) Blood-brain 

barrier traversal by African trypanosomes 

requires calcium signaling induced by 

parasite cysteine protease. J Clin Invest 116, 

2739-2747. 

25. Mendoza-Palomares, C., et al. (2008) 

Molecular and biochemical 

characterization of a cathepsin B-like 

protease family unique to Trypanosoma 

congolense. Eukaryotic Cell 7, 684-697. 

26. Besteiro, S., et al. (2007) Protein turnover 

and differentiation in Leishmania. Int J 

Parasitol 37, 1063-1075. 

27. Chung, Y.B., et al. (2008) A 27 kDa 

cysteine protease secreted by newly 

excysted Paragonimus westermani 

metacercariae induces superoxide anion 

production and degranulation of human 

eosinophils. Korean J Parasitol 46, 95-99. 

28. Craig, H., et al. (2007) Unravelling the 

moulting degradome: new opportunities 



 5. The global cysteine peptidase landscape in parasites  
 

 118 

for chemotherapy? Trends Parasitol 23, 248-

253. 

29. Ford, L., et al. (2009) Functional Analysis 

of the Cathepsin-Like Cysteine Protease 

Genes in Adult Brugia malayi Using RNA 

Interference. PLoS Negl Trop Dis 3, e377. 

30. Mottram, J.C., et al. (2003) Clan CD 

cysteine peptidases of parasitic protozoa. 

Trends Parasitol 19, 182-187. 

31. Uren, A.G., et al. (2000) Identification of 

paracaspases and metacaspases: two 

ancient families of caspase-like proteins, 

one of which plays a key role in MALT 

lymphoma. Mol Cell 6, 961-967. 

32. Caffrey, C.R., et al. (2004) Blood 'n' guts: 

an update on schistosome digestive 

peptidases. Trends Parasitol 20, 241-248. 

33. Götz, M.G., et al. (2008) Aza-peptidyl 

Michael acceptors. A new class of potent 

and selective inhibitors of asparaginyl 

endopeptidases (legumains) from 

evolutionarily diverse pathogens. J Med 

Chem 51, 2816-2832. 

34. Tuon, F.F., et al. (2008) Toll-like receptors 

and leishmaniasis. Infect Immun 76, 866-872. 

35. Plattner, F., and Soldati-Favre, D. (2008) 

Hijacking of host cellular functions by the 

Apicomplexa. Annu Rev Microbiol 62, 471-

487. 

36. Sajid, M., et al. (2003) Functional 

expression and characterization of 

Schistosoma mansoni cathepsin B and its 

trans-activation by an endogenous 

asparaginyl endopeptidase. Mol Biochem 

Parasitol 131, 65-75. 

37. Watanabe, N., and Lam, E. (2005) Two 

Arabidopsis metacaspases AtMCP1b and 

AtMCP2b are arginine/lysine-specific 

cysteine proteases and activate apoptosis-

like cell death in yeast. J Biol Chem 280, 

14691-14699. 

38. González, I.J., et al. (2007) Leishmania 

major metacaspase can replace yeast 

metacaspase in programmed cell death and 

has arginine-specific cysteine peptidase 

activity. Int J Parasitol 37, 161-172. 

39. Salvesen, G.S., and Riedl, S.J. (2008) 

Caspase mechanisms. Adv Exp Med Biol 

615, 13-23. 

40. Bruchhaus, I., et al. (2007) Protozoan 

parasites: programmed cell death as a 

mechanism of parasitism. Trends Parasitol 

23, 376-383. 

41. Vercammen, D., et al. (2007) Are 

metacaspases caspases? J Cell Biol 179, 375-

380. 

42. Mazzoni, C., and Falcone, C. (2008) 

Caspase-dependent apoptosis in yeast. 

Biochim Biophys Acta 1783, 1320-1327. 

43. Helms, M.J., et al. (2006) Bloodstream 

form Trypanosoma brucei depend upon 

multiple metacaspases associated with 



 5. The global cysteine peptidase landscape in parasites  
 

 119 

RAB11-positive endosomes. J Cell Sci 119, 

1105-1117. 

44. Moss, C.X., et al. (2007) Metacaspase 2 of 

Trypanosoma brucei is a calcium-

dependent cysteine peptidase active 

without processing. FEBS Lett 581, 5635-

5639. 

45. Le Chat, L., et al. (2007) The role of 

metacaspase 1 in Plasmodium berghei 

development and apoptosis. Mol Biochem 

Parasitol 153, 41-47. 

46. Ambit, A., et al. (2008) An essential role 

for the Leishmania major metacaspase in 

cell cycle progression. Cell Death Differ 15, 

113-122. 

47. Berriman, M., et al. (2009) The genome of 

the blood fluke Schistosoma mansoni. 

Nature (in press). 

48. Gregan, J., et al. (2008) Solving the 

shugoshin puzzle. Trends Genet 24, 205-207. 

49. Anantharaman, V., and Aravind, L. (2003) 

Evolutionary history, structural features 

and biochemical diversity of the 

NlpC/P60 superfamily of enzymes. 

Genome Biol 4, R11. 

50. Drag, M., and Salvesen, G.S. (2008) 

DeSUMOylating enzymes--SENPs. 

IUBMB Life 60, 734-742. 

51. Braun, L., et al. (2009) The small ubiquitin-

like modifier (SUMO)-conjugating system 

of Toxoplasma gondii. Int J Parasitol 39, 

81-90. 

52. Issar, N., et al. (2008) Identification of a 

novel post-translational modification in 

Plasmodium falciparum: protein 

sumoylation in different cellular 

compartments. Cell Microbiol 10, 1999-

2011. 

53. Shang, Q., et al. (2009) Solution structure 

of SUMO from Trypanosoma brucei and 

its interaction with Ubc9. Proteins 76, 266-

269. 

54. Schaeffer, M., et al. (2006) Differentiation 

of Leishmania major is impaired by over-

expression of pyroglutamyl peptidase I. 

Mol Biochem Parasitol 150, 318-329. 

55. Morty, R.E., et al. (2006) Pyroglutamyl 

peptidase type I from Trypanosoma 

brucei: a new virulence factor from 

African trypanosomes that de-blocks 

regulatory peptides in the plasma of 

infected hosts. Biochem J 394, 635-645. 

56. Varjosalo, M., and Taipale, J. (2008) 

Hedgehog: functions and mechanisms. 

Genes Dev 22, 2454-2472. 

57. Charonis, A., et al. (2005) Basement 

membrane peptides: functional 

considerations and biomedical applications 

in autoimmunity. Curr Med Chem 12, 1495-

1502. 



 5. The global cysteine peptidase landscape in parasites  
 

 120 

58. Blackman, M.J. (2008) Malarial proteases 

and host cell egress: an 'emerging' cascade. 

Cell Microbiol 10, 1925-1934. 

59. Yu, J.W., and Shi, Y. (2008) FLIP and the 

death effector domain family. Oncogene 27, 

6216-6227. 

60. Holt, D.C., et al. (2004) A multigene family 

of inactivated cysteine proteases in 

Sarcoptes scabiei. J Invest Dermatol 123, 

240-241. 

61. Sanders, I.R. (2006) Rapid disease 

emergence through horizontal gene 

transfer between eukaryotes. Trends Ecol 

Evol (Amst) 21, 656-658. 

62. von Pawel-Rammingen, U., et al. (2002) 

IdeS, a novel streptococcal cysteine 

proteinase with unique specificity for 

immunoglobulin G. EMBO J 21, 1607-

1615. 

63. Altschul, S.F., et al. (1997) Gapped BLAST 

and PSI-BLAST: a new generation of 

protein database search programs. Nucleic 

Acids Res 25, 3389-3402. 

64. Shannon, P., et al. (2003) Cytoscape: a 

software environment for integrated 

models of biomolecular interaction 

networks. Genome Res 13, 2498-2504. 

65. Aravind, L., and Koonin, E.V. (2002) 

Classification of the caspase-

hemoglobinase fold: detection of new 

families and implications for the origin of 

the eukaryotic separins. Proteins 46, 355-

367. 

66. Schechter, I., and Berger, A. (1967) On 

the size of the active site in proteases. I. 

Papain. Biochem Biophys Res Commun 27, 

157-162. 

 



 The structural and functional landscape of protein superfamilies  
 

 121 

 

Segue 5: Concluding thoughts. 
 

 

Key points from Chapter 5: The global cysteine peptidase landscape in parasites: 

• The population and diversity of cysteine peptidases in parasites has been 
unappreciated. 

• Many parasite peptidases with non-canonical substitutions at the active site appear to 
have important roles in parasite physiology and should not be discounted as 
“inactivated.” 

 

The functional theme that characterizes a superfamily—in which aspects of catalysis and the 

associated structural moieties are conserved by all members—is powerful information that 

can aid the understanding of the functional roles of individual enzymes. Yet superfamilies 

can be extremely diverse and include huge populations of enzymes, to the point that a 

generally applicable understanding of how a common structural scaffold is used by different 

members to catalyze different reactions is unlikely to be captured through the examination 

of a few representatives. It is important to consider all members and the full range of 

structural diversity in analyzing the structure-function interplay of a superfamily, and protein 

similarity networks can help with this obligation. Visualized protein similarity landscapes 

draw attention to neglected proteins and trends that change in a way that is correlated with 

sequence or structural similarity. Observing the range of diversity within an enzyme class 

brings a more nuanced view to commonly held conceptions, as was demonstrated with the 

thioredoxin fold class, glutathione transferases, and parasite peptidases. The structural 

landscapes presented here furnished a perspective that made it possible to distinguish 

common characteristics from unique characteristics, particularly in terms of residues 

participating in catalysis.  

This approach is especially germane in an era where the sequencing of genomes has 

become much cheaper, and far more protein sequences are known than can ever be 

characterized in the lab. As discussed here, similarity networks can put existing knowledge in 

context, facilitating an accurate conception of how a scaffold is used by a superfamily so that 
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we can better predict what these sequences might do. Many of these proteins will be of 

interest—they will mediate key biological processes, serve as drug targets, and provide 

scaffolds for engineered enzymes that catalyze useful reactions. The structural and functional 

landscapes of protein superfamilies can help to dig these crucial proteins out of the heap. 
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Appendix: 
Supplementary figures and tables 

 

 

A.1 Supplementary material from Chapter 2: Sequence similarity networks 

I. Supplementary Figures from Chapter 2 

 

 



 Appendix: Supplementary figures and tables  
 

 124 

 

Figure 2.S1. Network distances are similar between the Organic and Cytoscape force-directed 
layout weighted by E-value.  

This page: Statistics (A) describing the 

comparison of the kinase network from Fig. 3 

laid out using the Organic layout (B) or the 

Cytoscape force-directed layout weighted by 
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edge E-value (C). Following page:  Statistics 

(D) describing the comparison of the amine 

GPCR network from Fig. 2B laid out using 

the Organic layout (E) or the Cytoscape 

force-directed layout weighted by edge E-

value (F). 
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Figure 2.S1. Continued.  
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Figure 2.S2. Comparison of network layout and clustering with BLASTCLUST 

The displayed networks all describe the 

pairwise relationships between 1,170 

sequences from the crotonase superfamily, 

thresholded at BLAST E-value of 1x10-30. The 

worst edges displayed correspond to a median 

of 33% identity over alignments of 250 

residues. Note that there is no alignment 

coverage requirement, and half of the edges 

with an E-value equal to 1x10-30 have a 

percent identity >33%. A. Here, the crotonase 

superfamily network is shown colored by 

membership in the seven most populated 

clusters as determined by the NCBI 

BLASTCLUST program, using a cut-off of 33% 

identity and requiring 90% coverage. B. 

Sequences are colored according to 

BLASTCLUST clusters using a cut-off of 40% 

identity and requiring 90% coverage. C. As a 
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reference, the same network is shown colored 

according to family membership, based on 

catalytic function, as in Fig. 5A. 

 

 

Figure 2.S3. The correlation is high between the topology of the Class A GPCR network and 
networks with 20% of the sequences removed at random 
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To evaluate how much sequence similarity 

networks change when some sequences are 

left out of the network, we removed 20% of 

the sequences at random from the Class A 

GPCR sequence set (Fig. 4A), and calculated 

Pearson’s correlation between corresponding 

displayed distances based on the full 605-

sequence set versus the 80% (484 sequences). 

We used the same E-value cutoff (1x10-11) 

used in Fig. 4A). Derived statistics discussed 

in the results section are based on the ten 

replicates, shown in A-J. The full 605-

sequence network is shown in K. (The 

correlation between displayed distances in K 

and A-J was 0.892 on average.) Visually, the 

relative positioning of different groups is 

consistent. 
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Figure 2.S4. Comparison of trees and networks: STE and WNK kinases.  

A. Neighbor-Joining tree describing the 

interrelationships of 51 kinase domains. B. 

Sequence similarity network including the 

same 51 sequences as in A. This network was 

thresholded at an E-value of 1x10-27 and 

contains 821 edges; the worst edges displayed 

correspond to a median of 30% identity over 

an alignment length of 270 amino acids. The 
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node borders are colored according to 

superclass (e.g., STE20, STE7) and the node 

fill corresponds to their subclass. The 

sequences labeled (a) are discussed in the text. 

See Table S2 for a quantitative comparison of 

the two representations. 

 

 

 

Figure 2.S5. The archaeal bECH ECH domain is more similar to the sECH domain than the non-
archaeal bECH ECH domain 

Here, Fig. 5B-C are repeated as A and B and 

displayed next to phylogenetic trees 

containing representative sequences. Each of 

the three categories of ECH enzyme (sECH, 

archaeal bECH, and non-archaeal bECH) 

shares significant sequence similarity; in 

particular, the P. aerophilum bECH ECH 

domain is 41% identical to the human 

mitochondrial short chain ECH (sECH), and 

37% identical to the human peroxisomal 

bifunctional enzyme (bECH).  A. The 

displayed network contains all 410 enoyl-CoA 

hydratases from the crotonase superfamily 

network in Fig. 5A. The network is 

thresholded at a BLAST E-value of 1x10-50; the 

worst edges displayed correspond to a median 

of 40% identity over alignments of 260 amino 

acids. Network nodes are colored by species 
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kingdom (Fungi, Metazoa, Viridiplantae) or 

superkingdom (Bacteria, Eukaryota, Archaea). 

The archaebacterial bifunctional enzymes are 

marked with a dashed oval in A. B. 

Representative domain structures for the 

three major classes of enoyl-CoA hydratase-

containing sequences, with domains defined 

using PFAM HMMs. C. Bayesian phylogenetic 

tree of representative full-length sequences 

from the network in A and three other 

crotonase superfamily enzymes. D. Bayesian 

phylogenetic tree based on just the ECH 

domains from the sequences in C. The 

displayed IDs are NCBI protein sequence 

general identifiers. 
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Figure 2.S6. Asymmetry in BLAST E-values: How large is the difference between the E-values 
calculated between sequence pair A,B when A is used as query, or B is used as query?  
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A. Larger E-value differences tend to occur at 

more significant E-value scores. S6A is a 

quartile plot summary of the “forward” and 

“reverse” E-values assigned to 117,783 edges 

from the 766-sequence GPCR suprafamily 

network depicted in Fig. 4B. This network 

was thresholded at an E-value of 1x10-2. The 

plot shows that most of the pairwise 

relationships had a small change in the E-

value when the query sequence was swapped; 

in the smallest difference and most populated 

bin, where the log E-value difference is 

between 0 and 1 (i.e., forward: 1.7x10-8; 

reverse: 8.8x10-9) the range of E-values at 

which this magnitude of difference occurs is 

very broad, but concentrated at less significant 

E-values, most likely because there are always 

more lower-significance edges than high-

significance edges in a thresholded sequence 

similarity network describing a real data set. 

However, the largest differences tend to occur 

at very significant E-values; note the increase 

in the median average E-value of the pair as 

the difference increases. Extremely large 

differences are very rare, but exist. Two of 

these are singled out in S6A: the difference 

corresponding to (a) resulted from one 

sequence being highly masked by the ‘seg’ 

low-complexity filter when it was used as 

query, but not the other. Whether masking is 

likely to help or hurt more will depend on the 

data set. In (b), when one sequence was used 

as query, the alignment was extended much 

further than when the other sequence served 

as query. B. When an edge is defined by only 

one sequence query, it is usually a low-

significance relationship. S6B is a plot of the 

22,757 edges in the same GPCR suprafamily 

network that are based only on one query 

resulting in an E-value better than the 1x10-2 

threshold. Although there are a few 

disconcerting edges with “good” E-values that 

did not pass the threshold when the other 

sequence was used as query, these “one-way” 

edges are far fewer than the 117,783 that 

represent “forward” and “reverse” E-values, 

and they are mostly at low levels of similarity. 

Here, there are single edges at 1x10-21 and 

2x10-24 that are not visible in the plot. 
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II. Supplementary Tables from Chapter 2 

Table 2.S1. Summary of network statistics: Correlation between organic laid-out network 
distances and the mathematically ideal BLAST E-value distances 

 Sequencesa Edgesb E-value 
Thresholdc 

Correlation 

Amine-binding GPCRs 
(Fig. 2B) 

42 / 42 324 /  
324 

1!10-33 
30% ID / 280 
amino acids 

R: 0.906 ± 0.034 
Z: 11.87 
P: 8.04 ! 10-33 

STE and WNK kinases 
(Fig. S3B) 

51 / 51 821 /  
821 

1!10-27 
30% ID / 270 
amino acids 

R: 0.846 ± 0.026 
Z: 9.76 
P: 8.18 ! 10-26 

Enoyl-CoA hydratase 
family  
(Fig. 6) 

329 / 410 15,723 / 
16,054 

1!10-50 
40% ID / 260 
amino acids 

R: 0.873 ± 0.004 
Z: 49.0 
P: 0.0 

Kinase superfamily 
(Fig. 3) 

429 / 513 17,213 / 
17,355 

1!10-25 
29% ID / 260 
amino acids 

R: 0.936 ± 0.003 
Z: 40.9 
P: 0.0 

Crotonase superfamily: 
domain-only sequences 
(Fig. 5C) 

825d / 1170 <40,014d / 
40,946 

1!10-29 
38% ID / 180 
amino acids 

R: 0.838 ± 0.002 
Z: 31.5 
P: 9.81 ! 10-219 

Crotonase superfamily: 
full-length sequences 
(Fig. 5A) 

825d / 1170 <64,168d / 
74,470 

1!10-30 
33% ID / 250 
amino acids 

R: 0.867 ± 0.002 
Z: 35.4 
P: 9.68 ! 10-275 

Class A Rhodopsin-like 
GPCRs (Fig. 4A) 

603 / 605 75,820 / 
75,820 

1!10-11 
24% ID / 210 
amino acids 

R: 0.921 ± 0.002 
Z: 54.4 
P: 0.0 

GPCR suprafamily 
(Fig. 4B) 

766 / 766 140,544 / 
140,544 

1!10-02 
22% ID / 120 
amino acids 

R: 0.924 ± 0.002 
Z: 31.9 
P: 1.99 ! 10-223 

 

aIn the Sequences column, the first number 

reflects the number of sequences in the largest 

connected cluster that was considered for the 

correlation analysis. The second number 

reflects the total number of sequences in the 

dataset. 

bThe first number in the Edges column is the 

number of edges in the largest connected 

cluster that was considered in the calculations 

here. The second number reflects the total 

number of edges in the dataset. 

cListed with the network E-value threshold is 

the median percent identity and median 

alignment length for edges corresponding to 

the threshold E-value. These are the “worst” 

edges included in the analysis. 

dThe statistics on the crotonase superfamily 

networks are based on the distances between 

the 825 sequences in common in the large 
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connected cluster between the full-length and 

domain-only networks. There are 974 nodes 

connected by 40,014 edges in the large 

connected cluster in the domain-only 

network, and 931 nodes connected by 64,168 

edges in the full-length network. 

 

 

Table 2.S2. Comparison of mathematically ideal and displayed pairwise network distances 
between 51 human STE and WNK kinases 

A. BLAST E-values: 
(from pairwise 
alignments) 

A. 
BLAST E-values 

  

B. Organic layout 
 

R: 0.846 ± 0.026 
Z: 9.76 
P: 8.18 ! 10-23 

B. 
Organic layout 

 

C. Neighbor Joining 
tree 

R: 0.854 ± 0.026 
Z: 10.63 
P: 1.08 ! 10-26 

R: 0.714 ± 0.026 
Z: 8.23 
P: 5.52 ! 10-19 

C. 
NJ tree 

D. Distances from 
multiple sequence 
alignment 

R: 0.851 ± 0.026 
Z: 10.77 
P: 2.50 ! 10-27 

R: 0.713 ± 0.026 
Z: 8.96 
P: 1.59 ! 10-19 

R: 0.974 ± 0.026 
Z: 12.98 
P: 7.71 ! 10-39 

 

Pearson’s correlations (R) and associated Z-

scores (Z) and P-values (P) describing the 

similarity between the relative pairwise 

distances between 51 STE and WNK kinase 

domain sequences as assessed by (A) all 

shortest paths between –log10(BLAST E-

values), (B) the shortest paths between 

sequences as displayed by a two-dimensional 

graph layout algorithm, (C) the shortest paths 

between sequences in a Neighbor-Joining tree, 

and (D) the relative pairwise distances 

calculated from a multiple sequence 

alignment. The pairwise BLAST E-values and 

the graph layout algorithm correspond to a 

network thresholded at an E-value of 1!10-27. 
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Table 2.S3. Comparison of mathematically ideal and displayed pairwise distances between 
networks of the crotonase superfamily, using either full-length sequences or just the crotonase 
domain 

A. BLAST E-values: 
full-length sequences 
 

A. 
BLAST E-values: full-
length  

  

B. Organic layout: 
full-length sequences 

R: 0.867 ± 0.002 
Z: 35.4 
P: 9.68 ! 10-275 

B. 
Organic layout: 
full-length 

 

C. Organic layout: 
domain only 

R: 0.838 ± 0.002 
Z: 31.5 
P: 9.81 ! 10-219 

R: 0.868 ± 0.002 
Z: 33.2 
P: 1.12 ! 10-241 

C. 
Organic layout: 
domain only 

D. BLAST E-values: 
domain only 

R: 0.872 ± 0.002 
Z: 33.0 
P: 1.16 ! 10-238 

R: 0.826 ± 0.002 
Z: 30.7 
P: 1.04 ! 10-207 

R: 0.918 ± 0.002 
Z: 33.4 
P: 4.42 ! 10-245 

 

Pearson’s correlations (R) and associated Z-

scores (Z) and P-values (P) describing the 

similarity between the relative pairwise 

distances between 825 crotonase superfamily 

sequences found in common in the large 

connected clusters in Fig. 5A and 5C, as 

assessed by all shortest paths between –

log10(BLAST E-values) using the full-length or 

domain-only sequence (A and D), and the 

shortest paths between full-length and 

domain-only sequences as displayed by a two-

dimensional graph layout algorithm (B and C). 

These networks were thresholded at a BLAST 

E-value of 1!10-30 (full length) or 1!10-29 

(domain only). 1!10-30 corresponds to a 

median of 33% identity over alignments of 

250 amino acids, and 1!10-29 corresponds to a 

median of 38% identity over alignments of 

180 amino acids. Note that the layouts (B and 

C) are visual representations of the underlying 

distances in A and D, respectively. A and D 

cannot be visualized exactly in fewer than N-1 

dimensions. 
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A.2 Supplementary material from Chapter 3: An atlas of the thioredoxin 
fold class 

I. Supplementary Figures from Chapter 3 

 

Figure 3.S1. A structure-based similarity network describes a map of the Trx fold class: colored 
by minority Thioredoxin-like Clan families 

A. Structure similarity network, containing 

159 structures that are a maximum of 60% 

identical (by sequence) that span the Trx fold 

class. Similarity is defined by FAST scores 

better than a score of 4.5; edges at this 

limiting score represent alignments with a 

median of 2.75Å RMSD across 72 aligned 

positions. Each node is colored by a PFAM 
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Thioredoxin-like Clan family if the chain 

sequence is a member of that family. Nodes 

with thick red borders and bold labels denote 

chains present in the hierarchical clustering 

tree in D. Labels like “1ON4_A” denote PDB 

ID 1ON4, chain A. B. Structure similarity 

network containing the same structures as in 

A, shown at the more stringent threshold of 

7.5. Edges at this limiting score correspond to 

alignments with a median of 2.45Å RMSD 

across 89 aligned positions. Nodes are colored 

as in A. C. Structure similarity network 

containing the 105 structures from the large 

connected cluster in B, displayed at a FAST 

score cutoff of 12.0; edges at this limiting 

score represent alignments with a median of 

2.21Å RMSD across 102 aligned positions. 

Nodes are colored as in A. D. Complete 

linkage hierarchical clustering tree based on 

pairwise FAST scores for 15 representative 

structures singled out in the networks in A-C, 

with PDB IDs in bold, and associated 

SWISSPROT sequence IDs in plain text. 
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Figure 3.S2. A sequence similarity network shows how each Trx fold superfamily is distributed 
(colored by SWISSPROT classification) 

Sequence similarity network, containing 4,082 

representative sequences that are a maximum 

of 40% identical that span the Trx fold class. 

Similarity is defined by pairwise BLAST 

alignments better than an E-value of 1x10-12; 

edges at this threshold represent alignments 

with a median 30% identity over 120 residues, 

while the rest of the edges represent better 

alignments. Each node is colored by the 

sequence’s SWISSPROT family classification, if 

available; sequences that are not classified in 

SWISSPROT are colored grey. Large nodes 

represent sequences that are at least 40% 

identical to the 159 structures in Fig. 3.  The 

sequences associated with the fifteen 

representative structures in Fig. 3C are labeled 
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using bold text and white arrows. The general 

locations of other sequences representing 

different superfamilies are noted using 

italicized text.  

 

 

Figure 3.S3. Many Trx domains occur in combination with other Trx domains 

A. Sequence similarity network, containing 

4,082 representative sequences that are a 

maximum of 40% identical that span the Trx 

fold class. Similarity is defined by pairwise 

BLAST alignments better than an E-value of 

1x10-12; edges at this threshold represent 

alignments with a median 30% identity over 

120 residues, while the rest of the edges 

represent better alignments. Nodes are 

colored by the number of PFAM Thioredoxin-

like Clan family domains occurring within the 

sequence; with the exception of H. influenzae 
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Prx 5—labeled (iii)—and the monothiol 

glutaredoxins—labeled (ii)—these domains 

are typically duplications of the same domain, 

such as the PDI-type enzymes (iv), which can 

contain two to four thioredoxin domains, or 

the few DSBA-like enzymes (i) which contain 

up to three DSBA-like domains. Large nodes 

represent sequences that are at least 40% 

identical to the 159 structures in Fig. 3.  The 

sequences associated with the fifteen 

representative structures in Fig 3C are labeled 

using bold text and white arrows. The 

occurrence of other sequences representing 

different superfamilies are noted using 

italicized text. B. Domain structures for 

example sequences from the groups labeled 

(i)-(iv); some domains are shorter than 

expected and this is denoted by a gradient that 

fades to white. The sequences are identified 

by their UNIPROT sequence IDs. 

 

 

 

Figure 3.S4. The relative populations of the Trx fold superfamilies vary 

A. 4,082 representative sequences that are a 

maximum of 40% identical and span the Trx 

fold class, binned according to their 

membership in PFAM families within the 

Thioredoxin-like Clan. B. All 29,206 

sequences in the Trx fold class. 
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Figure 3.S5. There is good correspondence between the structure and sequence-based Trx fold 
class networks 

The three views of the structure-based 

network from Fig. 3 are repeated in A-C, and 

panel D contains a sequence-based network 

derived from the amino acid sequences in the 

159 structure chains. A. Structure similarity 

network, containing 159 structures that are a 

maximum of 60% identical (by sequence) that 

span the Trx fold class. Similarity is defined 

by FAST scores better than a score of 4.5; 

edges at this threshold represent alignments 

with a median of 2.75Å RMSD across 72 

aligned positions, while the rest of the edges 

represent better alignments. Each node is 

colored by a PFAM Thioredoxin-like Clan 
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family if the chain sequence is a member. 

Nodes with thick white borders and bold 

labels denote chains present in the hierarchical 

clustering tree in Fig. 3D. Labels like 

“1ON4_A” denote PDB ID 1ON4, chain A. 

B. Structure similarity network containing the 

same structures as in A, shown at the more 

stringent threshold of 7.5. Edges at this 

threshold correspond to alignments with a 

median of 2.45Å RMSD across 89 aligned 

positions. Nodes are colored as in A. C. 

Structure similarity network containing the 

105 structures from the large connected 

cluster in B, displayed at a FAST score cutoff 

of 12.0; edges at this threshold represent 

alignments with a median of 2.21Å RMSD 

across 102 aligned positions. Nodes are 

colored as in A. D. Sequence similarity 

network, containing 159 chain sequences 

from A-C. Similarity is defined by pairwise 

BLAST alignments better than an E-value of 

1x10-5; edges at this threshold represent 

alignments with a median 27% identity over 

84 residues, while the rest of the edges 

represent better alignments. 
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Figure 3.S6. Some members of the Trx fold class are restricted to phylogenetic subsets 

Here, the sequence similarity network from 

Fig. 4, containing 4,082 sequences, is colored 

by the species kingdom (Metazoa, Fungi, 

Viridiplantae) or superkingdom (Bacteria, 

Eukaryota, Archaea). Note that “Eukaryota” 

includes all eukyaryotic species without a 

more specific kingdom, and is primarily 

associated with protozoan parasites. Large 

nodes represent sequences that are associated 

with the structures from Fig. 3. Blue letter 

labels correspond to sequence groups in Fig. 

5. 



 Appendix: Supplementary figures and tables  
 

 146 

II. Supplementary Tables from Chapter 3 

Table 3.S1. Number of unique structures in each Thioredoxin-like Clan family  

PFAM model Sequences with 
structures1 

Count of structures 

AhpC-TSA 24 42 
ArsC 4 13 
Calsequestrin 3 4 
DSBA 5 24 
DUF1687 1 1 
DUF836 2 3 
DUF953 2 2 
ERp29_N 2 6 
GSHPx 7 8 
GST_N 67 216 
Glutaredoxin 18 30 
HyaE 3 3 
OST3_OST6 0 0 
Phosducin 2 4 
Redoxin 16 22 
SCO1-SenC 4 15 
SH3BGR 4 6 
T4_deiodinase 0 0 
Thioredoxin 41 131 
None2 12 33 
Total 217 563 
 

1For each PDB ID, a structure is counted once 

for each unique chain sequence containing a 

Trx fold. 

233 chains included in this analysis exhibited a 

Trx fold, but did not align to a PFAM 

Thioredoxin-like Clan model with a score 

better than the gathering threshold.  
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Table 3.S2. Number of sequences in each Thioredoxin-like Clan family 

PFAM model Max 40% identical 
sequences1 

All sequences 

AhpC-TSA 692 4,655 
ArsC 82 1,626 
Calsequestrin 3 40 
DSBA 410 2,085 
DUF1687 8 29 
DUF836 87 419 
DUF953 21 71 
ERp29_N 5 16 
GSHPx 65 1,230 
GST_N 664 6,378 
Glutaredoxin 347 2,811 
HyaE 17 81 
OST3_OST6 30 112 
Phosducin 29 239 
Redoxin 359 2,539 
SCO1-SenC 207 929 
SH3BGR 24 86 
T4_deiodinase 10 93 
Thioredoxin 996 5,635 
None2 26 132 
Total 4,082 29,206 
 

1The total of 29,206 sequences with a Trx fold 

(see Methods) can be reduced to 4,082 

sequences that are longer than 60 amino acids 

and are no more than 40% identical. 

2132 Trx fold sequences included in this 

analysis did not align to a PFAM Thioredoxin-

like Clan model with a score better than the 

gathering threshold. 
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Table 3.S3. Network edges from Fig. 4 due to sequence similarity outside of the domain of 
interest 

Additional domain 
responsible for similarity 

Anchoring group 1 Anchoring group 2 

Kinase Single GST (Fig. 5: J) Single peroxiredoxin (Fig 5: 
O); uncharacterized Grx 

Peptide methionine sulfoxide 
reductase 

Cytochrome maturation-like 
proteins (Fig. 5: Q) 

Glutaredoxins (Fig. 5: I) 

NB-ARC (ATP-binding 
domain shared by plant 
resistance gene produces, cell 
death regulators in animals) 

Single DsbA-like protein 
(Fig. 5: B) 

Single Thioredoxin-like 
protein (Fig. 5: G) 

Glutaredoxin1 Atypical Prx PRX5_HAEIN 
(Fig. 5: Q) 

Glutaredoxin 
GLRX3_ECOLI (~Fig. 5: I) 

1In this case, the atypical peroxiredoxin from 

H. influenzae is fused to a glutaredoxin domain 

(PRX5_HAEIN). The peroxiredoxin domain 

is connected by many edges to the other 

atypical peroxiredoxins, and there is an 

additional edge representing a significant 

alignment between just the glutaredoxin 

domain of PRX5_HAEIN and E. coli Grx 3. 
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