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An integrative method for predicting enzyme functions 
and mapping metabolic pathways 

Abstract 
Reconstructing metabolic networks is useful for understanding the functional contexts of 

compounds, genes, and their interactions. Yet, there is still a significant gap in our 

knowledge of metabolic networks, particularly for organism-specific pathways, as many 

pathways are missing from current pathway databases. Computational approaches play 

an important role in bridging this gap. Prediction of metabolic pathways consisting of 

enzymes with unknown function involves the identification of multiple enzymes and their 

interactions with compounds. Strategies based on virtual screening of metabolites 

against structures of multiple enzyme pathway members and genome context analysis 

have been applied towards the annotation of novel enzymes in recent cases. However, 

when information from virtual screening is too ambiguous and the number of possible 

pathway components is large, it becomes challenging to construct possible pathways 

manually.  We have developed an automated approach that integrates different types of 

information for the prediction of metabolic pathways. The simultaneous interpretation of 

information is beneficial because the individual features of a network model are 

informative for determining a full pathway. It was benchmarked on linear and nonlinear 

pathway topologies. We applied the method to identifying a novel L-gulonate catabolic 

pathway in Haemophilus influenzae Rd KW20, integrating information from metabolite 

docking, chemoinformatics similarity calculations, chemical transformations, functions of 

close homologs, and high-throughput screening hits. These benchmarks and application 

demonstrate the potential of our approach to contribute to the discovery of metabolic 

pathways and annotation of enzymes.  



vi



 vii 

Table of Contents 
CHAPTER 1: Introduction ................................................................................................. 1 

References ...................................................................................................................... 12!

CHAPTER 2: Prediction of substrates for glutathione transferases by covalent docking.

 ................................................................................................................................ 17!

References ...................................................................................................................... 63!

CHAPTER 3: Integrative mapping of enzymatic pathways ............................................. 69!

References .................................................................................................................... 121!

CHAPTER 4: Mapping metabolic networks by enumerating and assembling linear 

pathways. .............................................................................................................. 126!

References .................................................................................................................... 147!

 

  



 viii 

List of Tables 
Chapter 2 

Table S1. Protein structures in the benchmark ........................................................................... 50!

Table S2. Crystallographic ligands for benchmarking ligand pose prediction through 

covalent docking. ................................................................................................................ 51!

Table S3. Known substrates for the selected GST targets in our virtual screening library. ........ 54!

Table S4. The non-hydrogen atom RMSD error of the docked poses, for the 

crystallographic product against its holo X-ray structure .................................................... 56!

Table S5. The non-hydrogen atom RMSD error of the cross-docked poses, for the 

crystallographic product against its non-native holo X-ray structure ................................... 57!

Table S6. The non-hydrogen atom RMSD error of the docked poses, for the 

crystallographic product against its apo X-ray structure ..................................................... 58!

Table S7. Target-template pairs and corresponding sequence identities. .................................. 59!

Chapter 3 

Table S1. Benchmark pathways for integrative pathway mapping ........................................... 116!

Table S2. Substrate and product ranks by enzyme using virtual screening and 

integrative pathway mapping for benchmark and prospective pathways .......................... 117!

Table S3. Differential scanning fluorimetry screening of a library of 189 compounds. ............. 119!

Table S4. Central carbon metabolism compound set ............................................................... 120!

Chapter 4 

Table 1. Number of reaction sets and number of possible pathway models for 

benchmark test cases. .............................................................................................................. 137!



 ix 

List of Tables, cont. 
Table S1. Chemical transformations for enzymes in hexuronate metabolism benchmark 

cases ................................................................................................................................. 144!

Table S2. Chemical transformations for enzymes in the glycolysis benchmark ....................... 145!

  



 x 

List of Figures 
Chapter 2 

Figure 1. A partial list of chemical reactions catalyzed by GSTs ................................................ 22!

Figure 2. Representative network view of the GST superfamily showing where docking 

targets fall in this superfamily .............................................................................................. 25!

Figure 3. Comparison of the predicted complex between the native product and its holo 

X-ray structure with the native pose .................................................................................... 30!

Figure 4. Comparison of comparative model properties and the RMSD errors of the 

docked poses ...................................................................................................................... 33!

Figure 5. The non-hydrogen atom RMSD error of the docked poses, for the 

crystallographic product against its corresponding comparative models with 

different sequence identities ............................................................................................... 35!

Figure 6. Docking of native products against comparative models. ............................................ 36!

Figure 7. Enrichment curves for the 11 GST targets with 3 or more known products, 

using holo X-ray structures. ................................................................................................ 38!

Figure 8. Enrichment curves for target 2F3M using its 6 comparative models based on 

different apo and holo templates ......................................................................................... 40!

Figure 9. Enrichment curves for the 11 GST targets with 3 or more known products, 

using their comparative models based on templates with the highest sequence 

identities. ............................................................................................................................. 41!

Figure S1. Correlations between Z-DOPE scores and RMSD. ................................................... 61!

Figure S2. Enrichment curves for GSTM1_HUMAN using its 2 apo structures (1XW6 and 

1YJ6) ................................................................................................................................... 62!



 xi 

List of Figures, cont. 
Chapter 3 

Figure 1. Four stages of integrative pathway mapping approach ............................................... 97!

Figure 2. Representation of alternative models obtained based on consistency with input 

information provided for the glycolysis benchmark pathway ............................................... 98!

Figure 3. 12 representative predictions of the L-gulonate TRAP-SBP catabolic pathway ....... 100!

Figure 4. L-gulonate catabolic pathway in H. influenzae Rd KW20 .......................................... 102!

Figure S1. Workflow for preparing input data for the L-gulonate catabolic pathway 

prediction ........................................................................................................................... 104!

Figure S2. Sampling convergence test ..................................................................................... 106!

Figure S3. Benchmark assessment for decoy and dummy enzymes ....................................... 107!

Figure S4.  Pfam genome neighborhood network (GNN) ......................................................... 109!

Figure S5. Isotopic labeling of L-gulonate as sole carbon source ............................................ 110!

Figure S6. Comparative genomic reconstruction of L-gulonate and related uronic acid 

catabolic pathways and regulons in gammaproteobacteria .............................................. 111!

Figure S7. NetIMP Cytoscape application for pathway model visualization ............................. 114!

Figure S8. Chemical structures for top scoring pathway model predictions ............................. 115!

Chapter 4 

Figure 1. Flowchart of network prediction method. ................................................................... 130!

Figure 2. Scheme for the backtracking algorithm used for enumerating pathway models. ...... 133!

Figure 3. Graphs representing the reference network for pathway benchmarking ................... 136!



 xii 

List of Figures, cont. 
Figure 4. Benchmark results for test cases with varying levels of signal in simulated data ...... 138!

Figure 5. Examples of predicted networks for test cases ......................................................... 139!

Figure 6. Predicted Glycolysis network ..................................................................................... 141!

Supplementary Figure S1. Chemical structures of metabolites in benchmark test cases ........ 146!

 



 1 

CHAPTER 1: Introduction 

Functional annotations of protein sequences are crucial for understanding the link between 

genotype and phenotype through the underlying molecular processes. Yet, the majority of 

protein sequences lack reliable functional annotation. Over the past decade, sequence 

databases have increased at an enormous rate due to improvements in sequencing technology. 

This growth in the number of known sequences, however, outpaces our ability to provide 

functional assignments. In the latest 2016 release, there are 65,378,749 sequence entries in the 

TrEMBL protein sequence database, whereas there are only 551,705 annotated sequence 

entries in Swiss-Prot  (1). Because Swiss-Prot is manually curated and extensively cross-

referenced, the functional annotations are considered to be highly reliable and accurate (2). 

Traditional biochemistry for experimental characterization is too low throughput to keep up with 

the pace of data generation. Thus, the gap between the number of known genes and the 

number of experimentally verified functional annotations will continue to grow unless new 

strategies are introduced. Computational methods, in particular, play an important role in 

bridging this gap, as it is not feasible to experimentally characterize all genes. 

Traditional approaches for function inference computationally assign functions of new genes by 

transferring the annotations of the closest known homolog, often identified by sequence 

homology (3). While homology-based transfer is widely applied and useful when function is 

conserved, this approach can result in erroneous annotations, and these errors may be 

propagated if not corrected (4, 5). It has been suggested that 40-60% sequence identity is 

necessary to assume conserved substrate specificity (6, 7), but this threshold can vary greatly 

by protein family, particularly for functionally diverse families of paralogs. When the structure of 

a protein is known, methods based on structural analysis can provide further functional clues (8, 

9). These methods can identify family relationships based on conserved binding sites or 
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catalytic sites, fold similarity, or local substructure similarity. However, a major limitation of 

homology-based annotation is that it cannot identify new, uncharacterized protein functions and 

that it cannot be easily applied to distant homologs.  

Sequence-based strategies are often complemented by other approaches that consider the 

context of the unknown protein or gene with functionally related genes. These context-based 

methods are prevalent and consider a variety of available information, such as 1) colocalization 

of genes providing operon/metabolic context for prokaryotic proteins (10), 2) coexpression 

measured through chip-based and RNA-seq technologies (11), 3) co-regulation predicted by 

upstream DNA motifs (12, 13), 4) protein-protein interaction studies (14, 15), 5) protein fusion 

events (16, 17), and 6) phylogenetic profiles across different genomes (18). Gene function is 

inferred based on the hypothesis that functionally linked genes are more likely to share their 

functions. Proteins that have multiple functions depending on cellular context complicate this 

analysis. Yet, functional linkages can be combined to provide a stronger basis for functional 

inference, thus increasing the robustness of the inferences compared to those based on a 

single consideration (17, 19, 20). Moreover, context-based approaches combined with 

sequence-based information can provide even more insight to the molecular function (21). While 

context-based approaches show success for genes with functional linkages to genes with 

known functions, they may still fail to provide precise molecular functions, particularly when 

there is a lack of linkages to well-characterized genes. Functional annotations by sequence-

based and context-based approaches sometimes provide limited utility when the described 

function is imprecise (8). Promiscuous and multi-functional enzymes further complicate 

functional assignment, which may need to be qualified by the cellular context. 

Because the current approaches have limitations, prediction of molecular function would benefit 

from the development of new strategies. Our research group participated in the Enzyme 
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Function Initiative (EFI), which aimed to develop and apply computational and experimental 

strategies for the discovery of novel metabolic pathways in microbial species for which complete 

genome sequences are available (22). The contents of this thesis cover the development, 

assessment, and application of computational approaches for the discovery of enzymes and 

pathways. Next, we’ll describe the previous work by our EFI collaborators that set the 

foundation for our contributions. 

Enzyme function initiative: strategies for predicting enzyme function 

Several of the strategies mentioned for sequence-based and context-based functional 

assignment have been implemented and extended by EFI collaborators, but the overall strategy 

combined experimental approaches, bioinformatics, and computational modeling (22). This 

integrated strategy involved: 1) sequence-based bioinformatics analysis, 2) comparative 

genomics analysis, 3) high-throughput screening assays, 4) computational analysis and 

modeling, 5) structural and biochemical characterization, and 6) in vivo studies by targeted 

genetics, metabolomics, and transcriptomics. Sequence similarity networks are used to analyze 

sequence relationships between members of protein superfamilies, and in conjunction with 

structure/sequence motif methods, expert curators use networks to organize members into 

groups of putative isofunctional families (23, 24). Targets are prioritized based on this analysis 

for functional assignment, and experimental and computational strategies are focused on these 

proteins. Comparative genomics analysis, including genome neighborhood networks, can 

provide insight into a possible functional context and identify other targets for characterization 

(25). Computational modeling uses structural information to facilitate the discovery of substrates 

and guide the selection of specific metabolites for use in enzymatic assays (9). High-resolution 

structural determinations of the ligand-bound proteins are used to assess the accuracy of the 

computational predictions, and enzymatic assays can confirm the predicted in vitro activities. 

The functions that are determined by in vitro experiments are examined further using in vivo 



 4 

experiments, including construction of knockout and overexpression mutants, phenotypic 

assessment of strains grown under different conditions, transcriptomic analyses of strains under 

different conditions, and metabolomics by mass spectrometry to detect pathway intermediates 

and products. 

Metabolite docking for substrate discovery 

One of the computational modeling approaches that is applied to unknown targets is structure-

based metabolite docking, which is a relatively new approach for substrate discovery (26-30). 

Computational docking methods have traditionally been used for computer-aided drug design to 

predict the binding modes of compounds and rank compounds by affinity. In metabolite docking, 

virtual libraries of metabolites, which can be targeted to the class of enzymes or cover a 

diversity of compounds, are modeled in the active site of the unknown enzyme. There are 

several challenges that are unique to using virtual screening for substrate discovery as opposed 

to drug discovery. First, the quality of the docked pose is more important for a substrate, as the 

orientation is critical for the correct chemistry to be carried out. Even if the compound binds to 

the active site, it is difficult to predict whether catalysis will occur and at what rate. Second, the 

enzyme must be modeled in the appropriate chemical and conformational state required for 

substrate recognition. Third, substrate specificity may not be computed by standard docking 

protocols. While docking methods have been optimized for computer-aided drug design, various 

modifications of docking methods can adjust the strategy for enzyme-substrate recognition. For 

example, because many metabolites are more highly charged than drug-like molecules, 

molecular mechanics-based scoring functions that more realistically model electrostatics and 

solvation can often improve the accuracy of results (29). 

The first successful demonstration of prospective structure-based discovery predicted the 

substrates of an unknown amidohydrolase. The authors generated high energy intermediate 
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states of metabolites from the Kyoto Encyclopedia of Genes and Genomes (KEGG) database 

(31), resulting in about 22,500 different forms of metabolites. These intermediates were docked 

against an amidohydrolase from Thermatoga maritima, Tm093, and based on enrichment of 

adenine analogues in the top-scoring compounds, multiple substrates were identified (28). 

Examples of substrate prediction guided by in silico docking were published for a variety of 

enzyme families (26, 32-35). The use of comparative models can extend the application of 

structure-based function prediction to a large number of unannotated sequences for which 

structures may not be currently available  (36-38). Comparative models based on template 

structures with low sequence identity (as low as 25%) have been useful for inferring function 

(39, 40). Due to progress made by structural genomics efforts, the number of protein sequences 

with available crystal structures or close enough in sequence to a template structure is growing 

(41, 42). 

Recent work has explored the use of covalent docking methods for discovery of ligands by high-

throughput virtual screening (43, 44).  Covalent docking benefits from the smaller search space 

for conformational sampling. However, complications such as covalent-bond energetics and 

binding-site flexibility are often ignored in current approaches. Because many enzyme families 

function by forming a covalent linkage between the enzyme and the substrate, covalent docking 

may be useful for substrate discovery as well. In Chapter 2, a covalent docking approach using 

the PLOP program (45) is assessed in a retrospective study for its ability to predict substrates of 

glutathione S-transferases (GSTs) (46). Following the publication of our retrospective study on 

GSTs, colleagues have demonstrated the use of covalent docking on phosphatases in the 

haloalkanoate dehalogenase (HAD) superfamily (47). For retrospective test cases, covalent 

docking outperformed noncovalent docking for recovering the binding modes in known cocrystal 

structures and the true substrates were enriched in the top-scoring metabolites from a set of 

167 putative phosphorylated substrates. Furthermore, they demonstrated successful 
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prospective predictions using covalent docking in five out of seven unknown HAD 

phosphatases. While covalent docking methods have their limitations and have only been 

assessed for a few enzyme families, these studies suggest that covalent docking may be a 

useful tool for prospective substrate prediction. 

Pathway docking against multiple enzymes 

Structural information can be combined with other sources of information, such as pathway 

context, for functional inference. A proof-of-concept example of the “pathway docking” approach 

focused on identifying compounds in the E. coli glycolysis pathway (30). Large virtual metabolite 

libraries were docked using Glide against crystal structures or comparative models of the 10 

glycolytic enzymes. This approach has two advantages over docking to single enzymes. First, 

docking hit lists have many false positives among high-scoring compounds, but comparing 

multiple hit lists could improve the signal-to-noise ratio, as it is known that the compounds come 

from the same pathway. Second, the approach made it more likely that inferred enzyme 

activities would be biologically relevant as these predictions are made by considering the 

pathway context. Similarly, a strategy was applied to inhibitor discovery using virtual screening 

against multiple drug targets in the same metabolic pathway (48). 

Pathway docking was combined with genome context and biochemical logic to prospectively 

predict a microbial catabolic pathway (25, 49). An uncharacterized member of the enolase 

superfamily, HpbD, from the marine bacterium Pelagibaca bermudensis was structurally 

determined by the New York SGX Research Consortium. Proline analogues and N-capped 

amino acid derivatives were enriched among the best-scoring molecules in docking of a large 

metabolite library of over 80,000 molecules against HpbD. Docking of targeted libraries was 

performed against the comparative models of proteins, an ABC transporter periplasmic protein 

and a Rieske-type protein, identified through analysis of the HpbD genome neighborhood. The 
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results of docking against the three proteins led the authors to narrow down the number of 

potential substrates of HpbD to only several candidates, and in vitro kinetic assays confirmed 

activity of two of the four tested candidates (tHyp-B and Pro-B). Using the biochemical logic of 

the other enzymes encoded in the genome neighborhood, the authors speculated the following 

steps in the pathway degrading tHyp-B to alpha-ketoglutarate, and these functions were 

confirmed by in vivo metabolomics and knockout studies. Through this work, researchers were 

able to assign in vitro enzymatic activity and in vivo metabolic function to multiple unknown 

enzymes. 

Ligand screening of solute binding proteins 

The experimental screening of solute binding proteins (SBPs) proved to be a critical advance for 

identifying putative substrates of transporters (50). High-throughput protein production and 

differential scanning fluorimetry platforms were developed to screen a library of 189 metabolites 

against over a hundred SBPs. The screening library of molecules can be expanded, but the size 

is a practical limitation as not all possible ligands may be included. Differential scanning 

fluorimetry (DSF) can identify binding in a high-throughput manner by estimating a change in 

melting temperature of the target protein upon the addition of a ligand (51). The assay 

measures fluorescence from an environmentally sensitive dye, whose emission properties 

change upon interaction with an unfolded protein, and thermally induced unfolding can be 

detected. Identification of ligands for SBPs is an effective strategy that can be used as a starting 

point for discovering novel catabolic pathways. The first step in a catabolic pathway is often the 

transport of a metabolite across the cellular membrane by a transporter complex involving a 

SBP. In many cases, the enzymatic pathway members are encoded by genes that are 

colocated or coregulated with the associated transporter genes. By identifying ligands for the 

initial transport step through the screening platform and the pathway genes through genomic 
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context analysis, there is a defined starting point from which we can reconstruct catabolic 

pathways (50). 

Methods for predicting metabolic pathways 

Given that there are functional inferences from the genomic information and transporter 

screening, there is a motivation to identify other approaches for linking together pathway genes. 

There are a variety of existing in silico methods to address the problem of metabolic pathway 

reconstruction. Analogous to homology-based transfer of functional annotations, a common 

method for reconstructing pathways is by assigning the putative enzymes to corresponding 

positions based on closest homologs in a predefined reference pathway. Reference pathways 

are often available for central metabolism, for which pathways are common across many 

organisms, and are stored in databases such as KEGG (52) and MetaCyc (53). For many new 

pathways that are specific to a limited number of organisms, most of the enzymes and 

compounds are poorly characterized, and reference pathways are not available. This problem 

often arises for microbial metabolism, because of the diversity of metabolic strategies that 

microbes evolved from growing in wide range of different environmental niches. Pathways can 

also be inferred by the integration of various types of genomic evidence, including gene 

clusters, protein fusion events, phylogenetic profiles, and shared regulatory sites to identify 

functional couplings (54). These functional couplings can place unknown enzymes in the 

pathway context of characterized pathways (55). This approach is most applicable when the 

enzymes are near well-characterized enzymes in metabolic networks. 

The challenge of predicting previously unknown reactions and enzymes that are not present in 

reference pathway maps is referred to as de novo reconstruction. While there have been efforts 

to use correlations in measured metabolite levels to predict the sequence of reactions, these 

experiments are difficult, as not all molecular species can be detected or identified, and the 
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correlations are often not significant (56, 57). There are many examples of computational 

approaches that can predict the sequence of enzyme-catalyzed reactions between compounds. 

Some methods use chemical structures to predict the sequence of intermediate compounds 

between a source and target compounds to reconstruct a pathway (58-61). The chemical 

structures of the intermediate compounds may be generated even if they are not present in 

current databases. The pathways that link the source and the target can be evaluated by 

information (59, 60, 62), such as thermodynamic properties (59). These approaches do not 

necessarily rely on biological information and could be used for engineering synthetic pathways. 

Other de novo prediction methods take the approach of predicting the likelihood that a pair of 

compounds can be interconverted by single enzymatic reactions based on enzymatic reaction-

likeness or automatically assign EC numbers to reactions based on these comparisons (63-65). 

In general, these methods do not identify the unknown enzymes for the putative reactions, and 

thus, as they exist in their current form, would not be appropriate for addressing the challenge of 

functional assignment. Nonetheless, they demonstrate the utility of chemical computation in 

modeling pathways. 

Previous approaches in the area of chemoinformatics demonstrated that proteins can be 

functionally related through the chemical similarity of their ligands (66, 67). In particular, one 

chemo-centric approach, termed similarity ensemble analysis (SEA), quantifies the similarity 

between two proteins based on the chemical similarity of their ligands without size (i.e. number 

of ligands) or chemical composition bias. Pairs or groups of proteins can be identified as 

functionally related even when they share neither sequence nor structural similarity. Because 

enzymes acting in the same pathway recognize structurally similar metabolites, we were 

interested in whether or not the chemical similarity of ligands could be used to predict pathway 

enzymes. Furthermore, enzymes acting closer in the sequence of the pathway may be more 
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similar than enzymes acting on steps further away from each other. Thus, we may be able to 

predict the order of enzymes in the pathway by assuming that the SEA score between enzymes 

in consecutive steps will be more significant than the SEA score between non-consecutive 

enzymes. In our application of SEA for predicting functionally related unknown enzymes, in 

most cases, there are no experimentally identified ligands for these proteins, so the set of 

ligands are identified by computational docking (36). By using docking results instead of known 

ligands, there is greater uncertainty in the predicted enzyme associations. Preliminary work 

indicated that even though the signal was small, there was some information in the combined 

docking results to inform the order of enzyme reactions. 

Integrative pathway mapping approach 

With the goal of identifying both the roles of individual enzymes, and their functions in metabolic 

pathways and networks, we have developed an approach for inferring possible metabolic 

pathways from metabolite docking to multiple enzymes (or substrate binding proteins) 

hypothesized to participate in the pathway. We address prediction of function by simultaneously 

benefiting from two considerations. First, predicting an entire pathway may sometimes be easier 

than predicting individual enzymatic functions in isolation from each other, because the product 

of one enzyme is the substrate for the subsequent enzyme in the pathway. Second, while it may 

not be possible to identify a pathway using information from any single method, there may be 

sufficient information provided by several methods. Through the integration of information from 

different data sources, predictions of an enzyme’s molecular mechanism and functional context 

are made simultaneously, often resulting in more accurate predictions (21, 55). 

In Chapter 3, we introduce our method for pathway prediction, which we have formulated as an 

optimization problem.  This approach is inspired by methods for integrative structure 

determination of macromolecular assemblies by the simultaneous optimization of spatial 
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restraints. Thus, our goal to automatically identify metabolic pathways will be achieved by 

searching for the ensemble of pathways consistent with the available information, by satisfying 

pathway restraints. Performance on a retrospective test cases shows that our method can 

reconstruct known pathways, including the glycolysis pathway, from chemoinformatics, virtual 

screening against each pathway enzyme, and chemical transformations. We demonstrated that 

our method can be applied to guide the discovery of an uncharacterized metabolic pathway in 

Haemophilus influenzae. We have extended our work on prediction of linear metabolic 

pathways to construct models of non-linear pathways, or networks. The description and 

assessment of this advancement is detailed in Chapter 4. 

The pathway predictions are automatically generated such that the method is suited to 

contribute to efforts in functional annotation and may be extended to large-scale efforts in the 

future. While the applications of the method have thus far been limited to a few metabolic 

pathways in microbial species, different types of information, whose availability may vary 

depending on the specific application, can be considered in general. Looking ahead, this 

method for the inference of members in a metabolic pathway and their functions could be 

extended to a broader set of applications that require the integration of structural data within the 

context of biological networks for discovering molecular interactions and processes. 

  



 12 

References 

1. UniProt C. UniProt: a hub for protein information. Nucleic Acids Res. 2015;43(Database 
issue):D204-12. 

2. Stein L. Genome annotation: from sequence to biology. Nat Rev Genet. 2001;2(7):493-
503. 

3. Altschul SF, Madden TL, Schaffer AA, Zhang J, Zhang Z, Miller W, et al. Gapped BLAST 
and PSI-BLAST: a new generation of protein database search programs. Nucleic Acids Res. 
1997;25(17):3389-402. 

4. Devos D, Valencia A. Intrinsic errors in genome annotation. Trends in genetics : TIG. 
2001;17(8):429-31. 

5. Schnoes AM, Brown SD, Dodevski I, Babbitt PC. Annotation error in public databases: 
misannotation of molecular function in enzyme superfamilies. PLoS Comput Biol. 
2009;5(12):e1000605. 

6. Rost B. Enzyme function less conserved than anticipated. J Mol Biol. 2002;318(2):595-
608. 

7. Tian W, Skolnick J. How well is enzyme function conserved as a function of pairwise 
sequence identity? J Mol Biol. 2003;333(4):863-82. 

8. Furnham N, Garavelli JS, Apweiler R, Thornton JM. Missing in action: enzyme functional 
annotations in biological databases. Nature chemical biology. 2009;5(8):521-5. 

9. Jacobson MP, Kalyanaraman C, Zhao S, Tian B. Leveraging structure for enzyme 
function prediction: methods, opportunities, and challenges. Trends Biochem Sci. 
2014;39(8):363-71. 

10. Overbeek R, Fonstein M, D'Souza M, Pusch GD, Maltsev N. The use of gene clusters to 
infer functional coupling. Proceedings of the National Academy of Sciences of the United States 
of America. 1999;96(6):2896-901. 

11. Wang Z, Gerstein M, Snyder M. RNA-Seq: a revolutionary tool for transcriptomics. Nat 
Rev Genet. 2009;10(1):57-63. 

12. Pilpel Y, Sudarsanam P, Church GM. Identifying regulatory networks by combinatorial 
analysis of promoter elements. Nat Genet. 2001;29(2):153-9. 

13. Rodionov DA. Comparative genomic reconstruction of transcriptional regulatory 
networks in bacteria. Chemical Reviews. 2007;107(8):3467-97. 

14. Bork P, Jensen LJ, von Mering C, Ramani AK, Lee I, Marcotte EM. Protein interaction 
networks from yeast to human. Curr Opin Struct Biol. 2004;14(3):292-9. 



 13 

15. Meier M, Sit RV, Quake SR. Proteome-wide protein interaction measurements of 
bacterial proteins of unknown function. Proc Natl Acad Sci U S A. 2013;110(2):477-82. 

16. Enright AJ, Iliopoulos I, Kyrpides NC, Ouzounis CA. Protein interaction maps for 
complete genomes based on gene fusion events. Nature. 1999;402(6757):86-90. 

17. Marcotte EM, Pellegrini M, Thompson MJ, Yeates TO, Eisenberg D. A combined 
algorithm for genome-wide prediction of protein function. Nature. 1999;402(6757):83-6. 

18. Pellegrini M, Marcotte EM, Thompson MJ, Eisenberg D, Yeates TO. Assigning protein 
functions by comparative genome analysis: protein phylogenetic profiles. Proc Natl Acad Sci U 
S A. 1999;96(8):4285-8. 

19. Snel B, Lehmann G, Bork P, Huynen MA. STRING: a web-server to retrieve and display 
the repeatedly occurring neighbourhood of a gene. Nucleic Acids Res. 2000;28(18):3442-4. 

20. von Mering C, Zdobnov EM, Tsoka S, Ciccarelli FD, Pereira-Leal JB, Ouzounis CA, et al. 
Genome evolution reveals biochemical networks and functional modules. Proc Natl Acad Sci U 
S A. 2003;100(26):15428-33. 

21. Plata G, Fuhrer T, Hsiao TL, Sauer U, Vitkup D. Global probabilistic annotation of 
metabolic networks enables enzyme discovery. Nature chemical biology. 2012;8(10):848-54. 

22. Gerlt J, Allen K, Almo S, Armstrong R, Babbitt P, Cronan J, et al. The Enzyme Function 
Initiative. Biochemistry. 2011;50:9950-62. 

23. Atkinson HJ, Morris JH, Ferrin TE, Babbitt PC. Using sequence similarity networks for 
visualization of relationships across diverse protein superfamilies. PLoS One. 2009;4(2):e4345. 

24. Pegg SC, Brown SD, Ojha S, Seffernick J, Meng EC, Morris JH, et al. Leveraging 
enzyme structure-function relationships for functional inference and experimental design: the 
structure-function linkage database. Biochemistry. 2006;45(8):2545-55. 

25. Zhao S, Sakai A, Zhang X, Vetting MW, Kumar R, Hillerich B, et al. Prediction and 
characterization of enzymatic activities guided by sequence similarity and genome 
neighborhood networks. eLife. 2014;3. 

26. Favia AD, Nobeli I, Glaser F, Thornton JM. Molecular docking for substrate identification: 
the short-chain dehydrogenases/reductases. J Mol Biol. 2008;375(3):855-74. 

27. Hermann JC, Ghanem E, Li Y, Raushel FM, Irwin JJ, Shoichet BK. Predicting substrates 
by docking high-energy intermediates to enzyme structures. J Am Chem Soc. 
2006;128(49):15882-91. 

28. Hermann JC, Marti-Arbona R, Fedorov AA, Fedorov E, Almo SC, Shoichet BK, et al. 
Structure-based activity prediction for an enzyme of unknown function. Nature. 
2007;448(7155):775-9. 



 14 

29. Kalyanaraman C, Bernacki K, Jacobson MP. Virtual screening against highly charged 
active sites: identifying substrates of alpha-beta barrel enzymes. Biochemistry. 
2005;44(6):2059-71. 

30. Kalyanaraman C, Jacobson MP. Studying enzyme-substrate specificity in silico: a case 
study of the Escherichia coli glycolysis pathway. Biochemistry. 2010;49:4003-5. 

31. Kanehisa M, Sato Y, Kawashima M, Furumichi M, Tanabe M. KEGG as a reference 
resource for gene and protein annotation. Nucleic Acids Res. 2016;44(D1):D457-62. 

32. Hitchcock D, Fan H, Kim J, Vetting M, Hillerich B, Seidel R, et al. Structure-guided 
Discovery of New Deaminase Enzymes. J Am Chem Soc. 2013;135:13927-33. 

33. Tian BX, Wallrapp FH, Holiday GL, Chow JY, Babbitt PC, Poulter CD, et al. Predicting 
the functions and specificity of triterpenoid synthases: a mechanism-based multi-intermediate 
docking approach. PLoS Comput Biol. 2014;10(10):e1003874. 

34. Xiang DF, Kolb P, Fedorov AA, Meier MM, Fedorov LV, Nguyen TT, et al. Functional 
annotation and three-dimensional structure of Dr0930 from Deinococcus radiodurans, a close 
relative of phosphotriesterase in the amidohydrolase superfamily. Biochemistry. 
2009;48(10):2237-47. Epub 2009/01/23. 

35. Xiang DF, Kolb P, Fedorov AA, Xu C, Fedorov EV, Narindoshivili T, et al. Structure-
based function discovery of an enzyme for the hydrolysis of phosphorylated sugar lactones. 
Biochemistry. 2012;51(8):1762-73. Epub 2012/02/09. 

36. Fan H, Hitchcock D, Seidel R, Hillerich B, Lin H, Almo S, et al. The Assignment of Pterin 
Deaminase Activity to an Enzyme of Unknown Function Guided by Homology Modeling and 
Docking. J Am Chem Soc. 2013;135:795-803. 

37. Kalyanaraman C, Imker HJ, Fedorov AA, Fedorov EV, Glasner ME, Babbitt PC, et al. 
Discovery of a dipeptide epimerase enzymatic function guided by homology modeling and 
virtual screening. Structure. 2008;16(11):1668-77. 

38. Song L, Kalyanaraman C, Fedorov AA, Fedorov EV, Glasner ME, Brown S, et al. 
Prediction and assignment of function for a divergent N-succinyl amino acid racemase. Nature 
chemical biology. 2007;3(8):486-91. 

39. Lukk T, Sakai A, Kalyanaraman C, Brown SD, Imker HJ, Song L, et al. Homology 
models guide discovery of diverse enzyme specificities among dipeptide epimerases in the 
enolase superfamily. Proc Natl Acad Sci U S A. 2012;109(11):4122-7. 

40. Wallrapp FH, Pan JJ, Ramamoorthy G, Almonacid DE, Hillerich BS, Seidel R, et al. 
Prediction of function for the polyprenyl transferase subgroup in the isoprenoid synthase 
superfamily. Proc Natl Acad Sci U S A. 2013;110(13):E1196-202. 

41. Baker D, Sali A. Protein structure prediction and structural genomics. Science. 
2001;294(5540):93-6. 



 15 

42. Pieper U, Webb B, Dong GQ, Schneidman-Duhovny D, Fan H, Kim SJ, et al. ModBase, 
a database of annotated comparative protein structure models, and associated resources. 
Nucleic Acids Res. 2014;42:336-46. 

43. Schroder J, Klinger A, Oellien F, Marhofer RJ, Duszenko M, Selzer PM. Docking-based 
virtual screening of covalently binding ligands: an orthogonal lead discovery approach. J Med 
Chem. 2013;56(4):1478-90. 

44. Toledo Warshaviak D, Golan G, Borrelli KW, Zhu K, Kalid O. Structure-based virtual 
screening approach for discovery of covalently bound ligands. J Chem Inf Model. 
2014;54(7):1941-50. 

45. Jacobson MP, Pincus DL, Rapp CS, Day TJ, Honig B, Shaw DE, et al. A hierarchical 
approach to all-atom protein loop prediction. Proteins. 2004;55(2):351-67. 

46. Dong GQ, Calhoun S, Fan H, Kalyanaraman C, Branch MC, Mashiyama ST, et al. 
Prediction of substrates for glutathione transferases by covalent docking. J Chem Inf Model. 
2014;54(6):1687-99. 

47. London N, Miller R, Krishnan S, Uchida K, Irwin JJ, Eidam O, et al. Covalent Docking of 
Large Libraries for the Discovery of Chemical Probes. Nature chemical biology. 
2014;10(12):1066-72. Epub 2014 Oct 26. 

48. Hsu KC, Cheng WC, Chen YF, Wang WC, Yang JM. Pathway-based screening strategy 
for multitarget inhibitors of diverse proteins in metabolic pathways. PLoS Comput Biol. 
2013;9(7):e1003127. 

49. Kumar R, Zhao S, Vetting MW, Wood BM, Sakai A, Cho K, et al. Prediction and 
biochemical demonstration of a catabolic pathway for the osmoprotectant proline betaine. mBio. 
2014;5(1):e00933-13. 

50. Vetting MW, Al-Obaidi N, Zhao S, San Francisco B, Kim J, Wichelecki DJ, et al. 
Experimental strategies for functional annotation and metabolism discovery: targeted screening 
of solute binding proteins and unbiased panning of metabolomes. Biochemistry. 
2015;54(3):909-31. 

51. Pantoliano MW, Petrella EC, Kwasnoski JD, Lobanov VS, Myslik J, Graf E, et al. High-
density miniaturized thermal shift assays as a general strategy for drug discovery. Journal of 
biomolecular screening. 2001;6(6):429-40. 

52. Kanehisa M, Goto S. KEGG: kyoto encyclopedia of genes and genomes. Nucleic Acids 
Res. 2000;28(1):27-30. 

53. Karp PD, Latendresse M, Paley SM, Krummenacker M, Ong QD, Billington R, et al. 
Pathway Tools version 19.0 update: software for pathway/genome informatics and systems 
biology. Briefings in bioinformatics. 2015. 

54. Osterman A, Overbeek R. Missing genes in metabolic pathways: a comparative 
genomics approach. Current opinion in chemical biology. 2003;7(2):238-51. 



 16 

55. Yamanishi Y, Mihara H, Osaki M, Muramatsu H, Esaki N, Sato T, et al. Prediction of 
missing enzyme genes in a bacterial metabolic network. Reconstruction of the lysine-
degradation pathway of Pseudomonas aeruginosa. The FEBS journal. 2007;274(9):2262-73. 

56. Arkin A, Shen PD, Ross J. A test case of correlation metric construction of a reaction 
pathway from measurements. Science. 1997;277(5330):1275-9. 

57. Weckwerth W, Fiehn O. Can we discover novel pathways using metabolomic analysis? 
Curr Opin Biotech. 2002;13(2):156-60. 

58. Boyer F, Viari A. Ab initio reconstruction of metabolic pathways. Bioinformatics. 2003;19 
Suppl 2:ii26-34. 

59. Hatzimanikatis V, Li C, Ionita JA, Henry CS, Jankowski MD, Broadbelt LJ. Exploring the 
diversity of complex metabolic networks. Bioinformatics. 2005;21(8):1603-9. 

60. Mavrovouniotis ML, Stephanopoulos G, Stephanopoulos G. Computer-Aided Synthesis 
of Biochemical Pathways. Biotechnol Bioeng. 1990;36(11):1119-32. 

61. Oh M, Yamada T, Hattori M, Goto S, Kanehisa M. Systematic analysis of enzyme-
catalyzed reaction patterns and prediction of microbial biodegradation pathways. J Chem Inf 
Model. 2007;47(4):1702-12. 

62. Seressiotis A, Bailey JE. Mps - an Artificially Intelligent Software System for the Analysis 
and Synthesis of Metabolic Pathways. Biotechnol Bioeng. 1988;31(6):587-602. 

63. Egelhofer V, Schomburg I, Schomburg D. Automatic assignment of EC numbers. PLoS 
Comput Biol. 2010;6(1):e1000661. 

64. Kotera M, Okuno Y, Hattori M, Goto S, Kanehisa M. Computational assignment of the 
EC numbers for genomic-scale analysis of enzymatic reactions. J Am Chem Soc. 
2004;126(50):16487-98. 

65. Rahman SA, Cuesta SM, Furnham N, Holliday GL, Thornton JM. EC-BLAST: a tool to 
automatically search and compare enzyme reactions. Nat Methods. 2014;11(2):171-4. 

66. Keiser MJ, Roth BL, Armbruster BN, Ernsberger P, Irwin JJ, Shoichet BK. Relating 
protein pharmacology by ligand chemistry. Nat Biotechnol. 2007;25(2):197-206. 

67. Keiser MJ, Setola V, Irwin JJ, Laggner C, Abbas AI, Hufeisen SJ, et al. Predicting new 
molecular targets for known drugs. Nature. 2009;462(7270):175-81. Epub 2009/11/03. 

 



 17 

CHAPTER 2: Prediction of substrates for glutathione 
transferases by covalent docking 

 
Guang Qiang Dong, Sara Calhoun, Hao Fan, Chakrapani Kalyanaraman, Megan Branch, Susan 

T. Mashiyama, Nir London, Matthew P. Jacobson, Patricia C. Babbitt, Brian K. Shoichet, 

Richard N. Armstrong, Andrej Sali 

 

ABSTRACT 
Enzymes in the glutathione transferase (GST) superfamily catalyze the conjugation of 

glutathione (GSH) to electrophilic substrates. As a consequence they are involved in a number 

of key biological processes, including protection of cells against chemical damage, steroid and 

prostaglandin biosynthesis, tyrosine catabolism, and cell apoptosis. Although virtual screening 

has been used widely to discover substrates by docking potential non-covalent ligands into 

active site clefts of enzymes, docking has been rarely constrained by a covalent bond between 

the enzyme and ligand. In this study, we investigate the accuracy of docking poses and 

substrate discovery in the GST superfamily, by docking 6738 potential ligands from the KEGG 

and MetaCyc compound libraries into 14 representative GST enzymes with known structures 

and substrates using the PLOP program (1). For X-ray structures as receptors, one of the top 3 

ranked models is within 3 Å all-atom RMSD of the native complex in 11 of the 14 cases; the 

enrichment LogAUC value is better than random in all cases, and better than 25 in 7 of 11 

cases. For comparative models as receptors, near native ligand-enzyme configurations are 

often sampled, but difficult to rank highly. For models based on templates with the highest 

sequence identity, the enrichment LogAUC is better than 25 in 5 of 11 cases, not significantly 
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different from the crystal structures. In conclusion, we show that covalent docking can be a 

useful tool for substrate discovery and point out specific challenges for future method 

improvement. 

Availability: The scripts, comparative models, benchmark and the docking library are available 

at http://salilab.org/GST.  

 

INTRODUCTION 
The canonical glutathione transferases (also known as GSTs; EC 2.5.1.18) catalyze addition of 

an excellent nucleophile to an electrophilic center. They play important roles in the metabolism 

and detoxification of numerous endogenous and xenobiotic compounds, including oxidized 

lipids, drugs, and pollutants (2-5).  The canonical GSTs are a subset of the thioredoxin fold 

family of proteins (6, 7). They consist of an N-terminal-thioredoxin domain and a C-terminal a-

helical domain. Although a number of GSTs are known to have specific substrates, many if not 

most have no clearly assigned biological substrates. In addition, the general nature of their 

chemistry leads to enzymes that tend to be catalytically promiscuous even with respect to the 

transition state for the reaction (3). As a consequence, the de novo prediction of enzyme 

function by computational methods becomes challenging. 

Computational docking methods have been widely used in ligand discovery for many enzymes 

(8-12). In particular, these methods can predict the docking pose of a known ligand (docking) 

and/or predict ligands in a large library of small molecules (virtual screening). Docking consists 

of searching through plausible binding modes of a compound and scoring each mode to 

distinguish a near-native binding pose from others (docking). Virtual screening consists of 
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performing docking for each candidate ligand, followed by the ranking of the candidate ligand by 

their best docking scores.  

Although this structure-based approach has been used successfully for the prediction of both 

substrates and other types of ligands (e.g., orthosteric inhibitors and allosteric modulators), 

docking for substrate discovery is most difficult, particularly when the enzyme may 

accommodate more than one type of reaction. In addition, only ground state or intermediate 

state complexes, not transition states, are typically accessible by standard docking procedures. 

The resulting complexes may or may not be directly competent for turnover in the absence of 

information on the “pre-organization” of the enzyme-substrate complex required for catalysis. 

Despite the difficulties involved in the docking of substrates, structure-based methods have 

been used successfully for substrate discoveries in several systems (13-18). 

There are two principal challenges in the de novo prediction of the substrate preferences of 

enzymes in large, functionally diverse superfamilies. The first challenge is the availability of 

experimentally determined enzyme structures, which lags behind the number of known protein 

sequences by a factor of approximately 400 as of June 2013. To remedy this situation, virtual 

screening has also relied on comparative models, not only experimentally determined structures 

(19-26). The relative utility of comparative models versus experimentally determined structures 

has been assessed (19, 27). The second challenge is that standard docking procedures lack 

sufficient constraints that efficiently define the productive geometries between the reacting 

species (substrates) on the enzyme surface. This issue is addressed here by applying a 

covalent bond constraint between the sulfur of GSH and the electrophilic substrate. Importantly, 

the effectiveness of covalent docking has not been rigorously addressed yet. 
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The absence of a large-scale benchmarking of covalent docking using either X-ray structures or 

comparative models, and the need to predict substrates for GST enzymes, inspired us to 

investigate the following questions. Can covalent docking accurately predict docking poses of 

known ligands, given experimentally determined, homologous or modeled structures in the GST 

superfamily? Can covalent docking accurately predict ligands despite the catalytically 

promiscuity of many GST enzymes? What is the difference in the utility of apo, holo, 

comparative modeling, and homologous structures for virtual screening in the GST superfamily? 

Can the virtual screening be improved by consensus scoring, relying on independent screening 

against multiple holo, apo, comparative modeling, and homologous structures in the GST 

superfamily? If multiple models are calculated on the basis of different templates, can any of 

them outperform apo and even holo X-ray structures of the target? If so, can one reliably identify 

which model will do so, or even perform optimally among a set of modeled structures; are there 

sequence and/or structural attributes (i.e., the overall target-template sequence identity, the 

binding site target-template sequence identity, and the predicted accuracy of a model) that 

reliably predict the accuracy of ligand docking? 

In this report, we attempt to answer these questions with the aid of a virtual library of 

compounds and 14 representative GST enzymes of known structure and function. The virtual 

library consists of known substrates for the selected GST proteins, and a large number of 

compounds selected from KEGG (28) and MetaCyc (29). For each target, the entire virtual 

library of compounds was docked to the known X-ray structures, homologous structures, and 

comparative models of the protein. The results are analyzed by comparing the docking poses of 

native products to X-ray structures, and calculating the enrichment of known products with 

respect to the entire compound library.  
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We begin by describing the GST catalyzed reactions, the docking library, the selected GST 

proteins, the automated modeling pipeline, the docking pipeline, and methods to evaluate the 

accuracy of predicted docking poses for known ligands and the accuracy of virtual ligand 

screening (Methods). We then describe and compare the results of docking native ligands and 

virtual screening using apo, holo, comparative modeling, and homologous structures (Results). 

Finally, we discuss the implications of the current approach and answer the questions we asked 

above, given our modeling, docking, and benchmark (Discussions). 

METHODS 
We begin by listing the set of the GST catalyzed reactions used in this study, followed by a 

description of the corresponding products that comprise a virtual screening library. Next, we 

describe how we selected GST targets for docking and how we built their comparative models. 

Finally, we describe the covalent docking pipeline as well as the assessment criteria for 

evaluating the accuracy of docking and virtual screening.  
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Construction of the virtual screening library     

 

Figure 1. A partial list of chemical reactions catalyzed by GSTs. Each row defines a type of reaction 

based on the reactive functional group. X indicates a leaving group in the nucleophilic substitution 

reactions. EWG indicates an electron-withdrawing group. 
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GSTs catalyze a range of different reactions. Here, we considered 11 different kinds of GST 

catalyzed reactions, each with a different substrate motif (Figure 1). For each substrate motif, 

we found all matching molecules in the KEGG and MetaCyc compound databases. The search 

was performed with the OECHEM tools (30) by matching a SMILES (31) string of a database 

molecule to the SMARTS (31) strings representing the substrate motifs. We found 4,149 and 

3,259 in KEGG and MetaCyc, respectively. We also added 64 substrates from the literature (32-

53), for the total of 6,738 unique substrates. 

Next, each of the substrates was converted to one or more products, as follows. The 

conversions corresponding to the 11 reactions were carried out using OECHEM’s library 

generation function (30) with explicit hydrogens. The reactive functional groups in the substrate 

were identified by comparing the substrate SMILES string with the SMARTS string representing 

the substrate motif undergoing conversion to a product motif, for each reaction. Each match was 

then used to convert the substrate to a product that was added to the virtual screening library.  

Finally, we prepared products for docking. For products with undefined stereocenters, we first 

enumerated the stereoisomers using OECHEM (30), with the maximum number of 

stereoisomers retained arbitrarily set to 16 for computational efficiency. Second, protonation 

states of each stereoisomer was enumerated within pH range 6 to 8, followed  by generating a 

conformation for each protonation state, using Epik (54, 55) and LigPrep (56). Finally, force field 

parameters for each product were generated using the hetgrp_ffgen utility (Schrödinger, LCC).  
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Selection of the GST targets for docking   

A subset of GST structures were selected from the Protein Data Bank (PDB) for retrospective 

docking by maximizing the sequence and functional coverage of the GST superfamily, following 

three steps: First, all GST structures with a co-crystallized  GSH-substrate conjugate were 

extracted from the PDB. Second, structures for the same protein were grouped together, 

resulting in fourteen groups with unique sets of ligands. Finally, for each group, the structure 

with the highest resolution, the lowest Rfree, and a unique ligand was selected, resulting in 14 

target holo X-ray structures (Supporting Table S1).    

Because GSTs function as dimers, we used for docking the biological dimer unit from the PDB. 

The substrate part of the GSH-substrate conjugate in holo-structures was removed, resulting in 

GST holo X-ray structures with only GSH bound. Each dimer was then prepared for docking 

using the Protein Preparation Wizard (Schrödinger, LCC) by designating each of the two GSHs 

as the reactive cofactor, resulting in two receptor binding sites (with the exception of 1GWC, 

which has only one site occupied by GSH); in most cases, the two binding sites are slightly 

different because symmetry is generally not imposed during crystallographic structure 

refinement.  
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Figure 2. Representative network view of the GST superfamily showing where docking targets fall in this 

superfamily. In this view, 2,190 50% sequence identity filtered nodes (“ID50 node”)  represent 13,493 

sequences are shown as dots, and each sequence similarity relationship with a BLAST E-value ≤ 1x10-13 

is shown as a line or edge between representative nodes. The largest clusters are labeled by their 

subgroup in the SFLD (38). The 13,493 sequences for cytosolic GSTs (“cytGSTs”) is based on Pfam 

(v26.0) (35) sequences that were at least 100 residues in length and had scores above the gathering 

threshold for at least one Pfam hidden Markov model (“HMM”) corresponding to the cytGST N-terminal 

domain (“GST_N,” “GST_N2”, or “GST_N3”; collectively referred to here as “GST_N*”). Also included in 

the dataset were 58 proteins that lacked matches to a GST_N* HMM, but were chosen as EFI (57) 

targets for experimental characterization because of their sequence similarities to cytGSTs. Sequence 

similarity was detected with an all-by-all BLAST search using blastp (v2.2.24) (36). The data were viewed 

with Cytoscape (v2.8.3). Sequence identities are calculated using CD-HIT (37) (“ID50” set). The edges 

are shown using the organic layout where nodes that are more highly interconnected are clustered more 
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(Figure 2, cont.) tightly together. PDB structures associated with cytGST sequences (95% or more 

sequence identity to the PDB sequence) were identified using the Structure-Function Linkage Database 

(“SFLD”) (38) interface. An ID50 node is shown as a blue dot if any member sequence of the node was 

associated with a PDB structure. Representative nodes where only an EFI structure was associated with 

its member sequences are shown as red dots. Retrospective docking targets are marked using dark blue 

borders; only 10 targets are shown because the rest are more than 50% identical to these 10 

representatives shown.  

Comparative modeling of the GST targets  

Comparative models for each target were built by selecting template dimer structures from the 

PDB with either an unmodified GSH (apo) or a conjugate form (product) of GSH (holo). For 

each target, we aimed to include one holo and one apo template structure for each of the four 

sequence identity ranges: 25% to 40%, 40% to 55%, 55% to 70%, and 70% to 85%. The target-

template sequence alignments were generated using HHalign (58), which in turn relied on target 

and template profile Hidden Markov Models (HMMs) generated using HHblits (58) with the 

UniProt20 database (59). Five-hundred models were built for each target-template alignment, 

using the automodel protocol in MODELLER-9v10 (60). The coordinates for GSH atoms in the 

template structure were then copied to the target models, using the BLK function of 

MODELLER. Models were then assessed by the discrete optimized protein energy (DOPE) (61) 

function of MODELLER. Finally, the model with the lowest normalized DOPE score was used 

for docking.  

To compare different comparative models and compare the models against X-ray structures, we 

calculated the binding site sequence identity of the templates to the X-ray structures, and the 

binding site non-hydrogen atom Root-Mean-Square Deviation (RMSD) between a comparative 

model and X-ray structure. The binding site was defined to contain atoms in all residues with at 
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least one atom within 6 Å of any ligand atom in the X-ray structure. As expected, strong 

correlations were observed between the overall target-template sequence identity and the 

target-template binding site sequence identity, and between the target-template binding site 

sequence identity and model’s non-hydrogen atom RMSD error (Figure 5A-B). 

As designed by the choice of the template structures, the distribution of the non-hydrogen atom 

RMSD error of the binding site confirms that there is a range of accuracy across the set of 

modeled structures. The models with sub-Angstrom non-hydrogen atom RMSD error tend to be 

those based on templates with over 80% sequence identity in the binding site residues to the 

target sequence. Over a third of models had a binding site RMSD error over 4 Å. Thus, 

homology models cover a range of sequence identities and a range of accuracy.  

Protocol for covalent docking  

Covalent docking of a potential product to a receptor was started by placing it in the binding site. 

More specifically, the coordinates of the GSH part of the potential product were matched to the 

GSH molecule in the receptor, and the coordinates of the remaining atoms of the product were 

then built using OMEGA (62). Up to 20 initial configurations were generated for each product 

molecule. 

For each initial configuration, we then used PLOP’s tether pred (Academic version 25.6) 

function (1) to rotate the rotatable bonds in the GSH-substrate conjugate. The rotatable bonds 

were identified using OECHEM. We sampled all the rotatable bonds in the substrate part of the 

GSH-substrate conjugate as well as the CA-CB and CB-SG bonds in the cysteine residue of 

GSH. Up to 50 configurations were generated by PLOP starting from each initial configuration. 

These configurations were then scored by calculating the interaction energy between the 

product and the receptor using PLOP or PoseScore (63). PLOP utilized the OPLS force field 
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with a variable-dielectric generalized Born model for calculating the energies of the whole 

product-receptor complexes. PoseScore utilized a frequency table extracted from the PDB for 

calculating the probability scores of the product-receptor interfaces.   

Finally, for virtual screening, a substrate was ranked using the median PLOP energy of its 

products’ different stereoisomers and protonation states. The PLOP energy of a product in a 

specific stereoisomer form and protonation state was the median PLOP energy of its different 

configurations. 

Assessment of docking and virtual screening   

When a native product was docked (Supporting Table S2), the docking pose of the product was 

assessed for accuracy based on its non-hydrogen atom RMSD from the native configuration, 

after superposition of the receptor used for docking on the native structure of the receptor; GSH 

was excluded, except for the cysteine sulfur atom.  

The accuracy of virtual screening was evaluated by the enrichment for the known products 

(Supporting Table S3) among the top scoring potential products. The enrichment curve was 

obtained by plotting the percentage of actual products found (y-axis) within the top ranked 

subset of all database compounds (x-axis on logarithmic scale). LogAUC, the area under the 

curve of the enrichment plot, was also calculated to indicate the accuracy of enrichment; 

random selection has a logAUC of 14.5. 

RESULTS   
We begin by evaluating the docking pose of the native ligands using holo and apo structures, 

followed by evaluating the docking pose of the native ligands using comparative models and 

homologous structures. Next, enrichment of the known ligands using X-ray structures is 
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benchmarked and analyzed. Finally, we analyze the enrichment of the known ligands using 

comparative models. 

Docking of products into X-ray structures 

As the easiest test, we first applied covalent docking by PLOP to reconstruct binding poses of 

the crystallographic products in the corresponding holo X-ray structures (Supporting Table S1). 

In all 14 cases, a docking pose within 3Å of the native structure was sampled (within 2Å for 13 

cases), though not necessarily recognized as such by the scoring function (Supporting Table 

S4). However, the top 3 ranked structure was within 3Å to the native structure in 9 out of 14 

cases using the PLOP energy function, and in 11 out of 14 cases using PoseScore (Figure 3). 

Next, we performed a slightly more difficult, but still easy test. For targets with more than one 

crystallographic product, we docked each product to the non-native holo X-ray structure of the 

target (cross-docking; Supporting Table S5).  In all 12 cases, a docking pose within 3Å to the 

native structure was sampled (within 2Å for 11 cases). The top 3 ranked complex was within 3Å 

to the native structure in 7 out of 12 cases for the PLOP energy function, and in 8 out of 12 

cases for PoseScore. 

Finally, to test whether or not apo structures can be used for predicting the native product 

docking pose, we docked the two products of GSTM1_HUMAN (GDN and GTD) to its two 

available apo structures (1XW6 and 1YJ6). The results were comparable to those from cross-

docking (Supporting Table S6). 
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Figure 3. Comparison of the predicted complex between the native product and its holo X-ray structure 

with the native pose. A) 1F3B with GBX. B) 2F3M with GTD. C) 2GST with GPS. D) 1M9B with IBG. The 

surface of the receptor is shown, with red and blue corresponding to oxygen and nitrogen atoms. The 

product is shown in the native configuration (grey), the most accurate sampled configuration (yellow), and 

the top ranked configuration by the PLOP energy function (light blue) and PoseScore (green). 

A B 

C D 
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Docking of native products into comparative models and homologous 
crystallographic structures 

To test whether or not comparative models can be used for docking pose prediction of native 

products, a total of 62 homology models were generated for the 14 GST targets. We performed 

native product docking against these models as well as some of their template structures.   

To find out to what degree the success of docking pose prediction was limited by sampling 

versus scoring, we plotted the RMSD error of the top ranked docking pose versus the RMSD 

error of the best sampled docking pose (Figure 4C). As expected there was a significant 

correlation between these two RMSDs; the RMSD error of the best sampled pose is a lower 

bound of the RMSD error of the top ranked pose. Even when accurate poses were sampled, the 

scoring function often did not recognize them (Figure 4C). In 56 out of 62 cases, a docking pose 

within 3Å was sampled, but only in 22 out of 62 cases, it was ranked in top 3. Therefore, the 

limiting factor for docking pose prediction is the accuracy of the scoring function used. In this 

application, the inaccuracy of the scoring function may be exacerbated by errors in the model of 

the binding site (Figure 6). Despite the difficulties in ranking a near-native pose in the context of 

comparative model, for 6 of the 14 targets (1GWC, 2AB6, 3LJR, 3O76, 2C4J, 1BYE, Figure 5), 

the RMSD errors of the top ranked poses by PoseScore were comparable to those against holo 

X-ray structures.  

We then asked the question whether or not there were model properties that predict the best 

model for docking pose prediction, among multiple models based on different template 

structures. We found no such predictors. There was essentially no correlation between model’s 

binding site RMSD error and the RMSD error of the top ranked docking pose (Figure 4D). There 

were only weak correlations between the target-template sequence identity and the RMSD error 

of the best-sampled docking pose (Figure 4F, R=-0.19 for apo tempalates, R=-0.20 for holo 
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templates). We also calculated the correlation between the RMSD errors of the model binding 

site and the best sampled docking pose. There was no significant correlation between these two 

RMSD errors. We also investigated whether or not holo and apo structures performed differently 

for docking pose prediction. On average, models based on holo template structures were not 

noticeably better for docking pose prediction than models from apo template structures.  

Finally, we tested the accuracy of docking pose prediction using a homologous structure itself, 

instead of a comparative target model based on it. The test was performed with the two known 

products of GSTM1_HUMAN (GDN and GTD) and its homologous structure (2C4J, binding site 

SI and RMSD). The docking pose of GTD had the RMSD error of 2.2Å, and the docking pose of 

GDN had the RMSD error of 4.7Å, on average not significantly different from that using the 

corresponding comparative model (3.0Å for GTD and 3.5Å for GDN, binding site RMSD error).  
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Figure 4. Comparison of comparative model properties and the RMSD errors of the docked poses. Each 

point represents the property of a single comparative model and/or the RMSD error of the docked pose of 
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(Figure 4, cont.) its corresponding crystallographic product against this model. Results for models built 

based on apo and holo template structures are shown in red and blue, respectively, with the least-

squares linear fits shown as dashed lines. The Pearson correlation coefficients R are also shown. The 

grey dashed line indicates lower bound of the RMSD of the top 3 ranked poses. 

  



 35 

 

Figure 5. The non-hydrogen atom RMSD error of the docked poses, for the crystallographic product 

against its corresponding comparative models with different sequence identities. For each target, the 

RMSD errors of the best-sampled poses using apo templates (stripped red bar), the RMSD errors of the 

top-ranked poses by PoseScore using apo templates (stripped blue bar), the RMSD errors of the best-

sampled poses using holo templates (red bar), and the RMSD errors of the top-ranked pose by 

PoseScore using apo templates (blue bar) are shown. For comparison, the RMSD errors of the docked 

poses using holo X-ray structures are shown as horizontal lines (blue solid line for the top ranked pose by 

PoseScore, red dashed line for the best-sampled pose). 
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Figure 6. Docking of native products against comparative models. A) Successful docking of GBX onto a 

model of 3CSH, based on 85% sequence identity to the template 3O76 (Chain A). The ribbon 

representation of the crystal structure is shown in light grey and that for the model in orange. The C-α 

RMSD error of the model is 0.64Å, and the non-hydrogen atom RMSD error of the binding site is 0.71Å. 

The ligand is shown in the stick representation. The native pose is shown in light grey, the best sampled 

pose (RMSD of 0.90Å) is shown in yellow, the pose top ranked by PLOP (0.92Å) is shown in cyan, and 

the pose top ranked by POSESCORE (0.92Å) is shown in green (not visible because it is hidden behind 

the cyan structure). B) Failed docking of GPS onto a model of 1F3B, based on 76% sequence identity to 

the template 1YDK (Chain B). The ribbon representation of the crystal structure is shown in light grey and 

that for the model in orange. The C-α RMSD error of the model is 2.42Å, and the non-hydrogen atom 

RMSD error of the binding site is 2.47Å. The ligand is shown in the stick representation. The native pose 

is shown in light grey, the best-sampled pose (RMSD of 5.38Å) is shown in yellow, the pose top ranked 

by PLOP (6.58 Å) is shown in cyan, and the pose top ranked by POSESCORE (0.92Å) is shown in green.  

A B 
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Enrichment for known products by virtual screening against X-ray 
structures 

We now address the question whether or not holo and apo X-ray structures can be used for 

virtual product screening by covalent docking.  

We first applied PLOP to virtual substrate discovery by docking the whole product library against 

holo structures of 11 GSTs with more than 3 known substrates; this is the minimal number of 

known ligands needed for computing an enrichment curve. We docked the products onto each 

chain of the GST dimers independently, and analyzed the docking results separately for each 

chain as well as collectively for all chains, by relying on our consensus scoring scheme (27); 

consensus scoring combines docking scores from independent virtual screen against multiple 

chains/structures/models of the same target. In all 11 cases, the enrichment result was better 

than that from random selection (Figure 7). In 7 of the 11 cases, LogAUC was better than 25. In 

contrast to non-covalent docking benchmark (27), consensus scoring did not improve LogAUC 

for any target.  

Next, we tested the enrichment of known ligands using two apo structures of GSTM1_HUMAN 

(1YJ6 and 1XW6; Supporting Figure S2). The averaging logAUC (32.6) is slightly worse than 

that using the corresponding holo structure (33.3).  

Finally, we tested whether or not consensus scoring using multiple structures could improve 

enrichment for known products by combining virtual screening results from either two apo or two 

holo structures of GSTM1_HUMAN. Using the two apo structures (1YJ6 and 1XW6), the 

logAUC for consensus scoring was 34.5. Similarly, using holo structures (2F3M and 1XWK) 

resulted in logAUC value of 33.6. In both cases, logAUC for consensus scoring was between 

the best and worst logAUC values of individual virtual screening runs. 
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Figure 7. Enrichment curves for the 11 GST targets with 3 or more known products, using holo X-ray 

structures. For each target, the enrichment curves for the individual chains (blue, green, yellow, and cyan 

lines), the consensus scoring for multiple chains (red line), and random selection (black dashed line) are 

shown. (blue line), the consensus enrichment for multiple models (red line), and random selection (dotted 

line). 

Enrichment for known products by virtual screening against 
comparative models and homologous crystallographic structures 

To evaluate the utility of homology models for discovering substrates of GSTs, the enrichment 

of known products was determined and compared to that for the crystal structures.  
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We first tested whether or not there was an apparent correlation between the enrichment and 

the target-template sequence identity by virtual screening against the 6 comparative models of 

the target 2F3M. No correlation was observed between logAUC and the target-template 

sequence identity (Figure 9). The absence of such a correlation was also observed in an 

extensive non-covalent docking benchmark (27).  

Given the absence of a correlation between the enrichment and the target-template sequence 

identity, we next benchmarked the utility of the best comparative models for virtual screening, 

for the 11 targets with more than 3 known substrates; the best comparative model is that based 

on the highest target-template sequence identity. We docked the products onto each chain of 

the GST dimers independently, and analyzed the docking results separately for each chain as 

well as collectively for all chains, by relying on our consensus scoring scheme (27). In all cases, 

the enrichment result was better than that from random selection (Figure 10). In 5 of the 11 

cases, LogAUC was better than 25. Again, the consensus scoring did not improve LogAUC for 

any target.   

We further tested whether or not consensus docking using multiple comparative models can 

improve the enrichment by combining the docking results from the 6 comparative models for 

target 2F3M (Figure 9). Consensus scoring resulted in a logAUC of 40.4, which was slightly 

better than the best logAUC value for individual models (40.3), and was better than logAUC for 

the holo X-ray structure. 

Finally, we tested whether or not homologous X-ray structures could be used in place of 

comparative models for virtual screening, using a homolog of GSTM1_HUMAN (2C4J). The 

corresponding logAUC is 30.9 for chain A, 31.6 for chain B, and 31.5 for consensus scoring 

using chain A and B, which is significantly worse than that for the comparative model based on 
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2C4J (34.9 for chain A, 35.8 for chain B, and 38.7 for consensus scoring). A similar finding was 

obtained in the non-covalent docking benchmark (27). 

 

 

Figure 8. Enrichment curves for target 2F3M using its 6 comparative models based on different apo and 

holo templates. For each model, the enrichment curves for the individual chains (blue, green, yellow, and 

cyan lines), the consensus scoring for multiple chains (red line), and random selection (black dashed line) 

are shown. Target-template sequence identities are as follows: The 2F3M-3T2U and 2F3M-2FHE 

sequence identities are 33% and 50% respectively (apo templates). Target-template sequence identities 

are as follows: 33% (2F3M-3T2U, apo), 50% (2F3M-2FHE), 33% (2F3M-2GSR, holo), 42% (2F3M-1M99, 

holo), 66% (2F3M-1GSU, holo), and 85% (2F3M-2C4J, holo). Binding site RMSD errors are as follows: 

5.9Å (2F3M-3T2U, apo), 3.1Å (2F3M-2FHE), 7.4Å (2F3M-2GSR, holo), 3.1Å (2F3M-1M99, holo), 1.4Å 

(2F3M-1GSU, holo), and 1.1Å (2F3M-2C4J, holo). 
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Figure 9. Enrichment curves for the 11 GST targets with 3 or more known products, using their 

comparative models based on templates with the highest sequence identities. For each target, the 

enrichment curves for the individual chains (blue, green, yellow, and cyan lines), the consensus scoring 

for multiple chains (red line), and the random selection (black dashed line) are shown. Target-template 

sequence identities are as follows: 85% (2F3M-2C4J), 85% (3CSH-2C4J), 77% (2C4J-6GSV), 54% 

(3LJR-2C3Q), 33% (2GSQ-2GSR), 28% (3GX0-1PN9), 76% (2GST-2C4J), 44% (1M9B-2C4J), 64% 

(1VF3-3KTL), 76% (2AB6-6GSV), and 46% (1GWC-2VO4).  
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DISCUSSION  
We developed a comparative modeling and covalent docking pipeline for predicting docking 

poses of known products and for the virtual discovery of substrates, as well as benchmarked it 

on the GST enzymes. Either a holo or apo structures can be used for predicting docking poses 

relatively accurately in a majority of cases. While using homology models for predicting docking 

poses is more difficult, a homology model can also be useful. Specifically, for native holo X-ray 

structures as receptors, one of the top 3 ranked models is within 3 Å all-atom RMSD of the 

native complex in 11 of the 14 test cases (in 8 of 12 cases for cross docking in which a product 

from another holo structure of the same enzyme is docked; Supporting Tables S4 and S5). For 

comparative models based on more than 30% sequence identity, one of the top 3 ranked 

models is within 3Å all-atom RMSD of the native complex in 22 of the 62 test cases (Figure 5). 

For virtual screening against holo X-ray structures, the enrichment logAUC value is better than 

random (14.5) in all cases, and better than 25 in 7 of 11 cases (Figure 7). For models based on 

templates with the highest sequence identity (approximately 30% to 85%), the logAUC is better 

than 25 in 5 of 11 cases (Figure 10), not significantly different from the crystal structures. In 

conclusion, we show that covalent docking can be a useful tool for substrate discovery.  

Next, we discuss three points in turn. First, we assess to what degree the accuracy of the 

docking poses and ranking of alternative products is limited by the degree of structure sampling 

and the accuracy of scoring. Second, we discuss the utility of comparative models for docking 

and virtual screening. Third, we conclude by commenting on docking transition state 

conformations of ligands. 

Sampling versus Scoring    

To predict an accurate docking pose, two conditions need to be satisfied: (i) a near-native 

structure needs to be generated by the sampling procedure and (ii) an accurate sample 
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structure needs to be scored better than the inaccurate structures by the scoring function. Using 

X-ray structures as receptors, a near-native docking pose (<3Å) was sampled in all cases 

(Supporting Tables S4 and S5); thus, the degree of sampling does not limit the prediction 

accuracy. But in 21% of the native docking cases and in 33% of the cross docking cases, a 

near-native model was not ranked in top 3 by PoseScore. Using homology models as receptors, 

a near-native docking pose was sampled in 56 of 62 cases but was only ranked in top 3 in 22 of 

62 cases (Figure 5).  The reason is that our scoring function is not always accurate enough to 

differentiate between accurate and inaccurate docking poses.  

To rank different substrates, we used the median PLOP energy of their product-enzyme 

complexes. We chose the median instead of the lowest PLOP energy because it resulted in a 

significantly higher average logAUC (27.3 vs 18.9). A likely reason is that the energy estimate of 

a single configuration is noisier than the median, compensating for the lack of accounting for the 

proper physics of the problem. In the future, other function such as the Boltzmann average of 

the sampled energies will be explored.  

Although PoseScore re-ranking of the docking poses generated by optimizing the PLOP energy 

further improved the accuracy of the top scoring docked poses, this result does not imply that 

PoseScore is more accurate than the PLOP energy. It is possible that re-ranking by PLOP 

would also improve the accuracy of the poses generated by optimizing PoseScore; for technical 

reasons, it is not straightforward to actually make this test. Our result indicates merely that the 

two scoring functions are different, imperfect, and that PoseScore contains helpful information 

not present in PLOP, while being silent on whether or not PLOP also contains information not 

present in PoseScore. 
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In contrast to non-covalent docking (27), on average, consensus scoring did not improve virtual 

screening accuracy. A combination of the following two assumptions explains this finding: (i) 

covalent docking is limited more by scoring than by sampling compared to non-covalent 

docking; and (ii) consensus scoring works best when sampling is a limiting factor in docking. A 

major difference between non-covalent and covalent docking is that the latter is constrained by 

a covalent bond, resulting in an easier sampling problem all other things considered equal. 

When sampling is the limiting factor, combining results from multiple structures is likely to result 

in more accurate poses, and thus using consensus scoring is likely to result in better logAUCs. 

In non-covalent docking, it has been observed that using multiple templates to mimic the 

receptor flexibility led to much more accurate sampled docking poses (27). Thus, although using 

multiple templates results in more decoys and might increase the difficulty for scoring, the 

obtained significantly more accurate poses outweigh this increase in scoring difficulty, resulting 

in overall better virtual screening results. In contrast, if scoring is limiting and sampling is not, 

combining results from multiple structures is not likely to result in more accurate poses, but 

could create a harder scoring problem due to an increased number of alternative configurations. 

For covalent docking, sampling is often not the limiting factor, as observed in our native docking 

and cross-docking tests.  Thus, because scoring instead of sampling is likely the primary limiting 

factor for covalent docking, consensus scoring is not expected to improve virtual screening 

using covalent docking, as observed. 

Given the demonstrated limitations of current scoring, the accuracy of ranking ligand poses and 

ligands can be improved by more accurate statistical potentials. The limiting factor for the 

accuracy of statistical potentials such as PoseScore often lies in the definition and the inference 

of accurate recovery functions and the restrained features. Recently, we have developed a 

general Bayesian framework for inferring Statistically Optimized Atomic Potentials (SOAP) (64), 

in which the reference state is replaced with data-driven “recovery” functions. Instead of using a 
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single reference state for all pairs of atoms, our framework is capable of defining different 

recovery functions for different pairs of atoms.  Moreover, we restrain the relative orientation 

between two covalent bonds instead of a simple distance between two atoms, in an effort to 

capture orientation-dependent interactions such as hydrogen bonds. The improved recovery 

function definitions and the more advanced features have resulted in better statistical potentials 

for ranking loops and protein interfaces. We will apply this framework to derive optimized 

statistical potentials for ranking ligand poses and different ligands.  

Comparative models for docking and virtual screening 

Using comparative models for predicting docking poses often produces inaccurate models 

(Figures 4 and 5). One possible reason is that covalent docking is sensitive to minor changes in 

the binding site, especially for residues close to the GSH sulfur atom due to the substrate-

receptor covalent bond constraint (Figure 6). Another possible reason is that the active sites of 

GST enzymes are often defined in part by the C-terminus, which is often flexible or missing in a 

template structure (Figure 6). Moreover, there was no significant correlation between the 

binding site non-hydrogen atom RMSD and the docking pose RMSD (Figure 4). The lack of this 

correlation may also result from the disproportionate impact of residues close to the GSH sulfur 

atom on the docking pose.  

Virtual screening using comparative models generated results comparable to the X-ray 

structures (average logAUC of 28.2 versus 27.3, better than 25 in 5 versus 7 out of 11 cases), 

consistent with what has been observed when using comparative models for virtual screening 

by non-covalent docking (average logAUC of 28.7 versus 30.6) (27), even though comparative 

models performed much worse than X-ray structures for docking pose prediction (average non-

hydrogen atom RMSD of 3.98Å versus 1.83Å). This finding may be rationalized by 

comparatively worse scoring of both true and decoy products (average PoseScore of -4.2 and 
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4.1 versus -60.0 and -52.2) when docking against inaccurate binding sites in comparative 

models. 

In prospective applications, if some substrates for the target of interest are known, virtual 

screening using comparative models can be improved by selecting the most enriching model for 

known substrates (65-67). If no substrates are known for the target of interest, it might be 

advantageous to build and dock into multiple structurally diverse models, and analyze the virtual 

screening results by hand (15). An experienced user may be able to identify an accurate 

docking result based on the totality of their knowledge about the proteins of interest.  

Reactant, product, intermediate, and transition states 

Generally, a substrate of an enzyme is required to have a sufficiently high kcat/Km; a typical 

threshold is 104 (mol/L)-1s-1. An enzymatic reaction involves interconversions between pairs of 

stable states, separated by a transition state; the stable states includes the enzyme and 

substrate without interaction (E+S), an enzyme-substrate complex intermediate (ES), an 

enzyme-product intermediate (EP), and the enzyme and product without interaction (E+P) (68). 

In general, kcat/Km depends on the free energies of all states. Thus, virtual ligand screening 

should in principle consider all states, which is generally not the case.  

When conversion from ES to EP is the rate-limiting step, kcat is mostly determined by the 

transition state energy barrier for this step. Enzymes lower this barrier by creating a binding site 

that is complementary to the transition state of the substrate. Thus, docking a substrate (or a 

product) in its transition state conformation may be more appropriate than docking a substrate 

(or a product) in its ground state. Although Quantum Mechanics calculations can model the 

transition state and estimate the activation energy barrier, running these calculations for the 

entire virtual screening library is not computationally feasible (69). Instead, we docked here the 
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reaction product states and achieved relative success. However, the enrichment results could 

possibly be greatly improved if we can dock the transition state, or a transition state like 

structure, without recourse to Quantum Mechanics. For GST substrate discovery, compounds 

similar to the high energy intermediates used for docking to amidohydrolases (70) could be 

constructed, provided  some technical challenges are solved (e.g., building C atoms with 2 

partial bonds for a total of 5 bonds). Although enzymes presumably maximize complementarity 

to the transition state, other states during the reaction must also be compatible with the 

potentially flexible binding site of the enzyme. Thus, substrate discovery might also be improved 

by consideration of docking of all ligand states to the corresponding state(s) of the enzyme. 

CONCLUSIONS 
Can covalent docking accurately predict docking poses of known ligands, given experimentally 

determined, homologous or modeled structures in the GST superfamily? Yes, either a holo or 

apo structures can be used for predicting docking poses accurately in a majority of cases, while 

using homology models is less successful. Specifically, for native holo X-ray structures as 

receptors, one of the top 3 ranked models is within 3 Å all-atom RMSD of the native complex in 

11 of the 14 cases (in 8 of 12 cases for cross docking). For comparative models as receptors, 

one of the top 3 ranked models is within 3 Å all-atom RMSD of the native complex in 22 of the 

62 test cases. 

Can covalent docking accurately predict ligands despite the catalytically promiscuity of many 

GST enzymes? Often. 

What is the difference in the utility of apo, holo, comparative modeling, and homologous 

structures for virtual screening in the GST superfamily? Holo and apo structures, homologous 

structures, and comparative models can all enrich for known products. For virtual screening 
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against holo X-ray structures, the enrichment logAUC value is better than random in all cases, 

and better than 25 in 7 of 11 cases (average logAUC 27.3; Figure 7). Using apo X-ray structures 

of 2F3M, the average logAUC (32.6) is slightly worse than that using the corresponding holo 

structure (33.3). For models based on templates with the highest sequence identity 

(approximately 30% to 85%), the logAUC is better than 25 in 5 of 11 cases (average logAUC 

28.2; Figure 10), which is comparable to that for X-ray structure. Using homologous structure of 

2F3M, the logAUC (31.3) is significantly worse than that using comparative models (36.5). 

Can the virtual screening be improved by consensus scoring, relying on independent screening 

against multiple holo, apo, comparative modeling, and homologous structures in the GST 

superfamily? Rarely. Consensus scoring using multiple chains from the same structure/model or 

multiple structures/models of the same target often does not improve the virtual screening 

accuracy. Although consensus scoring improves logAUC in comparison to using a single 

receptor in some cases, it makes it worse in others. 

If multiple models are calculated on the basis of different templates, can any of them outperform 

apo and even holo X-ray structures of the target? If so, can one reliably identify which model will 

do so, or even perform optimally among a set of modeled structures; are there sequence and/or 

structural attributes (i.e., the overall target-template sequence identity, the binding site target-

template sequence identity, and the predicted accuracy of a model) that reliably predict the 

accuracy of ligand docking? For docking pose prediction, there are a few cases where 

comparative models outperformed the corresponding holo X-ray structure (Figure 5). However, 

we did not find a predictor that could reliably predict the accuracy of the docked pose. For virtual 

screening, some models also outperform the corresponding holo X-ray structure (Figures 9 and 

10), but we did not find a correlation between logAUC and the binding site sequence identity or 

the binding site RMSD errors. 
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SUPPORTING INFORMATION 
Table S1. Protein structures in the benchmark. “Crystal ligand name” is the residue name of the co-

crystallized GST-substrate conjugate in the corresponding crystal structure. rR value is shown instead of 

R-Free because R-Free value is unavailable. 

Protein name PDB 
code 

Crystal 
ligand 
name 

Resolutio
n 

R-
Free 

Other structures and 
crystal ligands  

GSTF1_MAIZE 1BYE ATA 2.8Å 0.31 N/A  
GSTA1_MOUSE 1F3B GBX 2.0Å 0.23 N/A 

O04941_AEGTA 1GW
C GTX 2.3Å 0.21 N/A 

GST26_SCHJA 1M9B IBG 2.6Å 0.28 1M9A, GTX; 
GSTA3_CHICK 1VF3 GDN 2.2Å 0.25 1VF2, GTX; 
GSTM2_HUMA

N 2AB6 GSM 2.5Å 0.28 N/A 

GSTM2_HUMA
N 2C4J GSO 1.4Å 0.21 N/A 

GSTM1_HUMA
N 2F3M GTD 2.7Å 0.26 1XWK, GDN; 

GST_OMMSL 2GSQ GBI 2.2Å 0.17r 1GSQ, GDN; 

GSTM1_RAT 2GST GPS 1.8Å 0.16r 3GST, GPR; 4GST, GTD; 
5GST, GDN; 

GSTP1_HUMAN 3CSH LZ6 1.55Å 0.20 

17GS, GTX; 18GS, GDN; 
1AQX, GTD; 2PGT, 
GPR; 3PGT, GBX; 
1GSS, LEE; 

YFCG_ECOLI 3GX0 GDS 2.3Å 0.25 N/A 
GSTT2_HUMAN 3LJR GGC 3.3Å 0.34 N/A 
GSTP1_MOUSE 3O76 GTB 1.8Å 0.22 N/A 
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Table S2. Crystallographic ligands for benchmarking ligand pose prediction through covalent docking. 

PDB code 
Crystal 
ligand 
name 

Ligand Name Structure 

1BYE ATA 
ATRAZNE GLUTATHIONE 

CONJUGATE 

 

1F3B 
 GBX 

GLUTATHIONE 
CONJUGATE OF (+)-ANTI-

BPDE 

 

1GWC GTX 
S-HEXYLGLUTATHIONE 

 

1M9B IBG 

GAMMA-GLUTAMYL[S-(2-
IODOBENZYL)CYSTEINYL]

GLYCINE 

 

1VF3 GDN 
GLUTATHIONE S-(2,4 
DINITROBENZENE) 

 

2AB6 GSM 
S-METHYL-GLUTATHIONE 

 

2C4J GSO 

L-GAMMA-GLUTAMYL-S-
[(2S)-2-HYDROXY-2-
PHENYLETHYL]-L-

CYSTEINYLGLYCINE 
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Table S2, cont. 

2F3M GTD 

1-(S-GLUTATHIONYL)-
2,4,6-

TRINITROCYCLOHEXA-
2,5-DIENE 

 

2GSQ GBI 

S-(3-
IODOBENZYL)GLUTATHIO

NE 

 

2GST GPS 

L-gamma-glutamyl-S-
[(9S,10S)-10-hydroxy-9,10-
dihydrophenanthren-9-yl]-L-

cysteinylglycine 
 

3CSH LZ6 
Chlorambucil-Glutathione 

Conjugate 

 

3GX0 GDS 
OXIDIZED GLUTATHIONE 

DISULFIDE 

 

3LJR GGC 

1-MENAPHTHYL 
GLUTATHIONE 
CONJUGATE 

 

3O76 GTB 

S-(P-
NITROBENZYL)GLUTATHI

ONE 

 

1GSS LEE 
L-gamma-glutamyl-S-hexyl-

L-cysteinylglycine 
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Table S2, cont. 

3GST GPR 

(9R,10R)-9-(S-
GLUTATHIONYL)-10-

HYDROXY-9,10-
DIHYDROPHENANTHRENE 

 
 

  



 54 

Table S3. Known substrates for the selected GST targets in our virtual screening library. 

Protein name PDB 
code Known substrates in the virtual screening library  

GSTF1_MAIZE 1BYE 2-CHLORO-4-ISOPROPYLAMINO-6-ETHYLAMINO -1,3,5-
TRIAZINE (32) 

GSTA1_MOUSE 1F3B (+)-anti-BPD (34)  

O04941_AEGTA 1GW
C 

1-Iodohexane 
1-chloro-2,4-dinitrobenzene 
cumene hydroperoxide 
linoleic acid hydroperoxide 
crotonaldehyde 
metolachlor (35) 

GST26_SCHJA 1M9B 

1-Iodohexane 
2-iodobenzyl bromide 
4-hydroxynon-2-enal 
trans-non-2-enal 
ethacrynic acid (33) 

GSTA3_CHICK 1VF3 

1-chloro-2,4-dinitrobenzene 
1-Iodohexane 
ethacrynic acid 
trans-4-phenyl-3-buten-2-one 
cumene hydroperoxide (48) 

GSTM2_HUMA
N 2AB6 

Bromomethane 
1-chloro-2,4-dinitrobenzene 
(2S,3S)-(Δ)-3-(4-nitrophenyl)glycidol 
styrene-7,8-oxide 
trans-stilbene oxide (36, 37) 

GSTM2_HUMA
N 2C4J 

1-chloro-2,4-dinitrobenzene 
(2S,3S)-(Δ)-3-(4-nitrophenyl)glycidol 
styrene-7,8-oxide 
trans-stilbene oxide (36, 37) 

GSTM1_HUMA
N 2F3M 

1-chloro-2,4-dinitrobenzene 
fluoro-2,4-Dinitrobenzene 
ethacrynic acid 
bromosulfophthalein 
trans-4-phenyl-3-butene-2-one 
cumene hydroperoxide 
1,3,5-trinitrobenzene (38-40) 

GST_OMMSL 2GSQ 
1-chloro-2,4-dinitrobenzene 
2-iodobenzyl bromide 
Phenanthrene-9,10-Oxide (41, 42) 

GSTM1_RAT 2GST 

Phenanthrene-9,10-Oxide 
1-chloro-2,4-dinitrobenzene 
4-Phenyl-3-buten-2-one 
1,3,5-trinitrobenzene (43, 44) 
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Table S3, cont. 

GSTP1_HUMAN 3CSH 

(+)-anti-BPD 
1-chloro-2,4-dinitrobenzene 
ethacrynic acid 
trans-4-phenyl-3-buten-2-one 
cumene hydroperoxide 
fluoro-2,4-Dinitrobenzene 
bromosulfophthalein 
dibenzo[a,l]pyrene 
CHLORAMBUCIL 
Phenanthrene-9,10-Oxide (40, 45-47) 

YFCG_ECOLI 3GX0 

1-chloro-2,4-dinitrobenzene 
hydroxyethyl disulfide 
cumene hydroperoxide 
(2S)-2-Ammonio-5-({(2R)-1-[(carboxylatomethyl)amino]-3-
disulfanyl-1-oxo-2-propanyl}amino)-5-oxopentanoate (49, 
50) 

GSTT2_HUMAN 3LJR 
ethacrynic acid 
cumene hydroperoxide 
1-menaphthyl sulphate (51, 52) 

GSTP1_MOUSE 3O76 4-nitrobenzyl bromide (53) 
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Table S4. The non-hydrogen atom RMSD error of the docked poses, for the crystallographic product 

against its holo X-ray structure. For each target, the lowest RMSD among all sampled poses, the lowest 

RMSD among the top 1 or top 3 scoring poses, ranked by the PLOP energy function and PoseScore 

statistical potential, are shown. 

PDB Code Ligand 

Name 

Lowest 

RMSD [Å] 

PLOP Energy PoseScore 
Top1 Top3 Top1 Top3 

2F3M GTD 0.99 1.94 1.94 1.08 0.99 
1F3B GBX 0.29 0.31 0.29 0.29 0.29 
3CSH LZ6 1.65 8.25 7.52 1.65 1.65 
1GWC GTX 0.66 4.65 3.98 3.73 3.73 
2AB6 GSM 0.61 1.75 0.61 0.69 0.61 
3LJR GGC 0.87 0.87 0.87 1.59 0.87 
1VF3 GDN 0.49 2.43 2.29 2.42 2.27 
3O76 GTB 1.28 3.34 2.90 7.13 1.28 
1M9B IBG 0.43 3.27 0.43 2.97 2.66 
2GST GPS 0.41 3.47 3.47 0.41 0.41 
3GX0 GDS 1.08 2.50 2.50 6.92 1.08 
2GSQ GBI 0.19 5.68 2.39 2.39 1.00 
2C4J GSO 2.62 4.55 4.35 4.78 4.03 
1BYE ATA 1.91 4.91 3.90 4.91 4.72 
Average RMSD [Å] 0.96 3.42 2.67 2.93 1.83 

Number of cases < 3Å 14/14 6/14 9/14 9/14 11/14 

 

  



 57 

Table S5. The non-hydrogen atom RMSD error of the cross-docked poses, for the crystallographic 

product against its non-native holo X-ray structure. For each target, the lowest RMSD among all sampled 

poses, the lowest RMSD among the top 1 or top 3 scoring poses, ranked by the PLOP energy function 

and PoseScore statistical potential, are shown. 

PDB Code Ligand 

Name 

Lowest 

RMSD [Å] 

PLOP Energy PoseScore 
Top1 Top3 Top1 Top3 

2F3M GDN 0.99 0.99 0.99 4.79 3.03 
3CSH GPR 3.17 7.06 6.21 3.17 3.17 
3CSH GBX 0.74 3.77 3.00 5.62 5.62 

   3CSH GDN 0.57 2.59 0.57 6.58 0.95 
3CSH GTD 2.00 2.83 2.83 2.83 2.83 
3CSH LEE 0.83 4.78 4.78 2.10 0.88 
1VF3 GTX 0.75 1.21 0.75 0.75 0.75 
1M9B GTX 1.46 1.78 1.78 2.00 1.46 
2GST GPR 1.65 2.32 1.65 2.42 2.42 
2GST GDN 1.31 6.66 5.62 1.31 1.31 
2GST GTD 1.00 4.54 4.40 1.48 1.48 
2GSQ GDN 1.99 3.31 2.94 5.20 4.93 

Average RMSD 1.37 3.49 2.96 3.19 2.40 
Number of cases < 3Å 11/12 6/12 7/12 7/12 8/12 
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Table S6. The non-hydrogen atom RMSD error of the docked poses, for the crystallographic product 

against its apo X-ray structure. For each target, the lowest RMSD among all sampled poses, the lowest 

RMSD among the top 1 or top 3 scoring poses, ranked by the PLOP energy function and PoseScore 

statistical potential, are shown. 

PDB Code Ligand 

Name 

Lowest 

RMSD [Å] 

PLOP Energy PoseScore 
Top1 Top3 Top1 Top3 

1XW6 GDN 1.85 2.41 2.12 5.11 3.83 
1XW6 GTD 2.43 4.93 2.46 4.93 2.43 
1YJ6 GDN 1.15 2.68 2.68 2.68 1.50 
1YJ6 GTD 0.78 3.81 3.81 3.68 0.78 



 59 

Table S7. Target-template pairs and corresponding sequence identities. 

Targets Apo 
Templates 

Sequence 
Identity 

Holo 
Templates 

Sequence 
Identity 

1VF3 
3O76 29.5% 1PX7 29.3% 

- - - - 
3KTL 60.8% 1PKW 61.5% 

- - - - 

1M9B 
2PGT 28.8% 3T2U 30.8% 
2C4J 42.9% 1YJ6 41.5% 

- - 3ISO 59.3% 
- - - - 

3LJR 
3F6D 31% 1JLV 31.6% 
2C3Q 53.5% - - 

- - - - 
- - - - 

1BYE 
1GNW 38.5% 2ON5 25.2% 

- - - - 
- - - - 
- - - - 

1F3B 
2GSR 30.2% 1LBK 30.4% 

- - - - 
1B48 59.2% - - 
1YDK 76.3% 1PKW 75.1% 

3GX0 
1PN9 27.5% 1JLV 27.4% 

- - - - 
- - - - 
- - - - 

1GWC 
1V2A 21.5% 1JLV 24.3% 
2VO4 44.8% - - 

- - - - 
- - - - 

2F3M 
2GSR 33% 3T2U 33.2% 
1M99 41.9% 2FHE 49.6% 
1GSU 65.8% - - 
2C4J 84.8% - - 

2GSQ 
2GSR 30.4% 3T2U 27.4% 

- - - - 
- - - - 
- - - - 
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Table S7, cont. 

3CSH 
2C4J 30.3% 1YJ6 28.3% 

- - 3T2U 40.5% 
- - - - 

3O76 84.7% - - 

2GST 
2GSR 31.4% 1LBK 29.8% 
1M99 42.1% 2FHE 47.3% 
1GSU 61.2% - - 
2C4J 76.1% 1YJ6 79.3% 

2AB6 
2GSR 35.3% 1LBK 30.9% 
1M99 43.1% 2FHE 47.3% 
1C72 64.4% - - 
6GSV 76.1% 1YJ6 84.4% 

2C4J 
2GSR 35.5% 1LBK 31.4% 
1M99 43.3% 2FHE 47.3% 
1C72 64.4% - - 
6GSV 76.6% 1YJ6 84.8% 

3O76 
2C4J 31.2% 1F3A 28.7% 

- - 1TU7 41.5% 
- - - - 

17GS 84.2% 1PX7 84.2% 
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Figure S1. Correlations between Z-DOPE scores and RMSD. A) Z-DOPE and binding site RMSD error 

and B) Z-DOPE and lowest ligand RMSD error of top 3 poses ranked by PoseScore. 
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Figure S2. Enrichment curves for GSTM1_HUMAN using its 2 apo structures (1XW6 and 1YJ6). For each 

apo structure, the enrichment curves for the individual chains (blue, green, yellow, and cyan lines), the 

consensus scoring for multiple chains (red line), and random selection (black dashed line) are shown. 
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ABSTRACT 
The function of a protein is often defined by describing its interacting partners and its role in a 

larger molecular network; for example, enzyme functional annotation includes its substrate, 

product, and metabolic network. The functions of most enzymes are unknown, but can be 

determined by experiment and computation, including ligand screening. Here, we introduce 

integrative pathway mapping to identify and order enzyme function and ligands in a biochemical 

pathway, given a set of candidate members. The goal is achieved by finding those pathway 

models that satisfy structural and network restraints implied by data from different methods, 

such as virtual screening, chemoinformatics, genomic context analysis, and ligand binding 

experiments. We demonstrate the method’s utility by discovering an L-gulonate catabolic 

pathway in Haemophilus influenzae Rd KW20. The predicted pathway was confirmed by X-ray 

crystallography, in vitro enzymatic assays, genetic analyses, and metabolomics. Integrative 

pathway mapping by satisfaction of structural and network restraints is extensible to molecular 

networks in general and thus formally bridges the gap between structural biology and systems 

biology. 
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Integrative mapping of enzymatic pathways 
The functions of most sequenced proteins are unknown. They have not been characterized by 

experiment, nor can they be predicted accurately computationally (1, 2). Inference of molecular 

function is particularly challenging for enzymes that lack more than 60% sequence identity to 

characterized enzymes, corresponding to about half of all proteins with unknown function. Thus, 

our understanding of the inner workings of the cell requires new approaches for accurately 

mapping enzyme functions. 

Here, we propose a computational approach that outputs enzymatic pathways and 

corresponding ligands, given a superset of potential enzymes and metabolites. The scoring 

function itself tries to satisfy varied experimental data and computational analysis (Figure 1). We 

designed the approach to benefit from two considerations. First, predicting an entire pathway 

may sometimes be easier than predicting individual enzymatic functions in isolation from each 

other, because the product of one enzyme is the substrate for the subsequent enzyme in the 

pathway. Thus, even when each enzyme’s ligand assignment is ambiguous, the ligand 

assignments consistent with both enzymes may be more precise and accurate. Second, while it 

may be impossible to identify a pathway using information from any single method 

(experimental or computational), there may be sufficient information provided by several 

methods, both experimental and computational. Our approach was inspired by the previous 

work using metabolite docking to multiple enzymes and substrate binding proteins hypothesized 

to participate in the pathway (2-4) as well as integrative structure determination of large 

macromolecular assemblies (5, 6) and comparative genomics approaches for metabolic 

reconstructions (7-12).  
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In our representation, a pathway model is a graph in which the enzymes, substrates, and 

products are represented by nodes and the enzymatic reactions are represented by edges. 

Input information, such as scores from experimental ligand screening, molecular docking, and 

chemoinformatics, is encoded as restraints on the identity of the nodes and edges in the 

pathway; these restraints are combined into a scoring function. An ensemble of pathways 

consistent with the input information is then computed by a Monte Carlo algorithm that 

exhaustively samples good-scoring pathways over possible enzymes and metabolites; while we 

only sampled linear pathways, an extension to branched networks is straightforward. The 

resulting ensemble is assessed by its precision, its satisfaction of the input restraints, and 

ideally experimental data not used in its construction. In addition to gauging the accuracy and 

precision of the model and the data, this analysis can identify the most informative future 

experiments. This approach ranks alternative pathways using all available information, and 

produces maximally accurate, precise, and complete pathway models. The process of data 

gathering and modeling can iterate until a satisfactory model is obtained.  

The approach begins with a list of candidate proteins, here enzymes, binding proteins, and 

transporters, and a list of endogenous metabolites that are candidate substrates or products of 

these enzymes (Figure 1, Supplementary Figure S1). The entire proteome can be narrowed 

down by predicting functionally related proteins using information about the genome 

organization that is often available for bacterial species and certain eukaryotic pathways (13). 

The network restraints can be inferred in multiple ways, exemplified by the following restraints in 

this study (Figure 2a). First, for each candidate, the libraries of endogenous metabolites are 

docked against either an experimentally determined structure if available or a comparative 

model (14). Second, pathway enzymes can be linked by their high-scoring docked ligands 

chemoinformatically, here using the Similarity Ensemble Approach (SEA) (15), though other 



72 

approaches may also be used (16-19). Thus, two enzymes are likely to be pathway neighbors 

when their high-scoring docked ligands resemble each other. Third, consideration of the 

enzymatic reaction types assigned to the enzymes’ superfamilies restrains the reactions in the 

pathway models. Finally, if available, experimental screening hits, substrate specificity from 

homology, and constraints on the pathway endpoints can be added. Each of these restraints is 

combined into a single scoring function that ranks alternative pathway models by assessing 

their consistency with the available information (Figure 2b). Importantly, our integrative 

approach does not require that each type of a restraint be available for each protein and 

metabolite nor that each individual restraint is accurate or precise, it only requires that the 

scoring function consisting of all restraints is sufficiently accurate and precise. 

The method was benchmarked by ordering enzymes and identifying their substrates in three 

well characterized pathways: glycolysis (10 enzymes) (3), cytidine monophosphate 3-deoxy-D-

manno-octulosonate 8-phosphate (CMP KDO-8P) biosynthesis (4 enzymes), and serine 

biosynthesis (5 enzymes) (Supplementary Table S1). Virtual screening of several thousand 

metabolites against comparative models of the enzymes, chemical transformation annotations 

of the enzymes, and the cheminformatic SEA analysis were the input information for mapping 

each pathway. 

The method successfully identified the substrates and products and correctly ordered all 

pathway components in the top-scoring models (Figure 2; Supplementary Table S1). For 

glycolysis and serine biosynthesis, the correct pathway was ranked 1st by the scoring function. 

For the CMP KDO-8P pathway, the correct pathway was ranked 18th out of 9x1018 possible 

pathways. For all three pathways, the correct substrates and products are ranked in the top ten 

ligands for each corresponding enzyme, which much improves the ranks obtained by any single 

consideration, including by virtual screening alone (Supplementary Table S1-2). For example, in 
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the glycolysis test case, out of the 2,965 candidate metabolites, the correct substrate was 

ranked first for all enzymes in the pathway, improving the ranks from virtual screening alone, 

which ranged from 5th to 183rd (Figure 2c; Supplementary Table S2).   

We next increase the difficulty of the benchmark in two ways.  First, the exact number and 

identity of enzymes in a pathway are often not known. Thus, we tested whether or not 

integrative pathway mapping could detect the correct pathway when decoy non-pathway 

proteins were included in the candidate enzyme set. Accordingly, two decoy enzymes were 

included with the four pathway enzymes in the CMP KDO-8P biosynthesis pathway. Sampling 

of models was performed for fixed lengths from 3 to 6 enzymes (Supplementary Figure S3a). 

Virtual screening results, chemical transformation information, and gene cluster information 

were included as restraints. Encouragingly, the top-scoring pathway models consisted of the 

four known CMP KDO-8P pathway enzymes (Supplementary Figure S3b). 

In a second extension, we also tested a case in which the candidate set of enzymes was 

incomplete. For each of the pathways, one enzyme was replaced with a “dummy” enzyme. For 

the serine biosynthesis case, the correct pathway with the dummy enzyme included was ranked 

as the top-scoring model (Supplementary Figure S3c). For the other test cases, the inclusion of 

the dummy enzyme lowered the overall ranking of the correct pathway model, but the correct 

pathway was still within the top-scoring models.  

The accuracy of the predicted pathway ensembles is not limited by the lack of pathway 

sampling, for the tested benchmarks (Supplementary Figure S2). Instead, it is limited by the 

accuracy and amount of the input information (Figure 2a). Therefore, integration of multiple 

types of information in the scoring function improves pathway prediction relative to prediction 

based on individual sources (Figure 2b-c). For example, the correct substrate of the 
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dehydrogenase in the glycolysis pathway, glyceraldehyde 3-phosphate (G3P), is predicted by 

the model to be most consistent with all the input information. Although by docking alone the 

rank of G3P is only 117 out of the 2,965 metabolites sampled in the virtual screen, G3P is the 

substrate of the dehydrogenase in models that satisfy additional constraints from SEA and 

chemical transformations (Figure 2a), whereas other higher scoring potential compounds from 

docking are deprioritized when they are considered in the full pathway context. These findings 

support the premise of integrative pathway mapping: modeling based on all available 

information is superior to that based on only partial considerations. 

The benchmark relied on input information from only three types of computational analyses, but 

it produced usefully accurate and precise answers. Thus, the approach can, at least in favorable 

circumstances, identify, order, and annotate enzymes in a pathway. While more difficult 

pathway problems often need to be solved, they are expected to be scalable by including 

additional terms to the scoring function, be it from experimental or computational methods, or by 

improving the pathway sampling method (Figure 1a). 

Prospective Prediction of the L-gulonate catabolic pathway in 
Haemophilus influenzae Rd KW20 

L-gulonate and D-mannonate were identified as potential ligands of the TRAP solute binding 

protein (SBP) from H. influenzae (Supplementary Table S3), using differential scanning 

fluorimetry screening of a library of 189 compounds (20). Since these sugars are not involved in 

the central carbon metabolism, the observation suggested the existence of an enzymatic 

pathway that converts L-gulonate or D-mannonate into metabolites used by central carbon 

metabolism. We therefore sought to predict this pathway, using the following types of 

information (Figure 1). First, the position of TRAP SBP was fixed at the start of the pathway and 

its ligand was constrained to be L-gulonate or D-mannonate—this positioning seemed sensible 
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given TRAP’s role as a transporter. Second, five possible pathway enzymes (a dehydratase, 

two dehydrogenases, a kinase, and an aldolase) were identified from the genome neighborhood 

around the TRAP solute binding protein (Supplementary Figure S4a-c, Supplementary Table 

S2). Third, 3,650 out of the 14,212 metabolites in the KEGG database (21) were identified as 

possible substrates or products of these enzymes using structure-based docking and chemical 

similarity analysis of the structural models of these five enzymes and TRAP SBP 

(Supplementary Table 2). Fourth, the pathway was restrained to end in a metabolite of central 

metabolism. Fifth, the dehydratase (Uniprot ID P44488) was hypothesized to be a mannonate 

dehydratase because of high sequence similarity to a characterized mannonate dehydratase, 

UxuA, in other organisms (73% sequence identity to UxuA in E. coli) (22); the restraint favored 

pathway models containing substrates of the dehydratase with high chemical similarity to D-

mannonate. Finally, as had been done in the benchmark pathways, the scoring function for the 

prospective pathway contained scores based on virtual screening, SEA analysis, and chemical 

transformations inferred from annotations in the Pfam database (23). 

The sampling algorithm found 154 unique high-scoring pathways, which clustered into 12 

groups (Figure 3a,b). The best-scoring pathway starting from L-gulonate as the substrate of 

TRAP SBP begins with the reduction by dehydrogenase as the first catalytic step (Figure 4a). 

Then, oxidation and dehydration steps produce 2-keto-3-deoxy-D-gluconate. The last few steps 

in the pathway model are part of a conserved Entner-Dourdoroff pathway, ending with 

glyceraldehyde 3-phosphate and pyruvate, which are known components of the central 

metabolism. This prediction allowed us to reconstruct the L-gulonate and hexuronate pathways 

in related bacteria, mapping their conservation and variation to better understand the evolution 

and function of the pathway (Supplementary Figure S6). 
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Experimental Validation of the L-Gulonate catabolic Pathway 

The pathway model was tested by five in vitro and in vivo experiments, including 1. enzyme 

activity, 2. X-ray crystallography, 3. fitness growth assays of the deletion mutants, 4. transcript 

analyses, and 5. isotopic metabolic labeling (Figure 4a-e).  

First, all enzymes had kcat/Km values > 103 M-1s-1 against their predicted substrates (Figure 

4b). Importantly, HiGulD showed negligible activity in initial experiments, and was initially 

considered a falsification, but the prediction was of sufficient quality to go forward with 

optimizing its purification, ultimately showing substantial activity. All enzymes exhibit micromolar 

KM values except for HiUxuA (potentially reflecting elevated D-mannonate concentrations in the 

cytosol). Second, the model supports the crystallographic structure of the complex between the 

TRAP SBP protein and L-gulonate (20) (Figure 4c). Third, knockouts (KOs) of ∆HiGulP SBP 

and ∆HiGulD dehydrogenase were constructed. ∆HiGulD KO retains the ability to grow on 

glucose (Figure 4d left) whereas ∆HiGulP and ∆HiGulD KO strains did not grow on L-gulonate 

(Figure 4d right). Fourth, all predicted pathway encoding genes, including HiGulPBQ 

transporter, HiGulD, HiUxuA, HiUxuB, HiKdgK, and HiKdgA, are upregulated when H. 

influenzae is grown on L-gulonate or D-mannonate as the sole carbon source (Figure 4e).  Fifth, 

H. influenzae Rd KW20 was incubated with U-13C-L-gulonate at early exponential phase, and 

the time course of 13C labeling of intracellular metabolites was measured by GC-MS 

(Supplementary Figure S5a). Substantial labeling of central carbon metabolites was observed in 

samples incubated with U-13C-L-gulonate for only 1 min, indicating rapid cellular uptake and 

metabolism of L-gulonate. Time-dependent labeling of fructuronate was observed 

(Supplementary Figure S5b), further supporting the first predicted step in the L-gulonate 

catabolic pathway (Supplementary Figure S5c). These observations support the prediction of 

the L-gulonate to glyceraldehyde 3-phosphate pathway (Figure 4a).  
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The prospective pathway prediction is improved by combining different restraints. Docking alone 

rarely does more than find the right chemotype space. For the dehydrogenase HiGulD for 

instance, the true substrate, L-gulonate, only ranks 1752 out of 3650, and for the dehydratase 

HiUxuA the true substrate D-mannonate only ranks 387 (Supplementary Table S2). Insisting 

that the overall docking sets between the pair of enzymes be related chemoinformatically helps 

link the two enzymes, while insisting that the metabolic steps be sequentially reasonable helps 

define the sequence and prioritizes the substrates as top ranking. The method is not analytic 

and cannot settle on a best solution by solving a set of constraints or equations, but is numerical 

and probabilistic, with multiple solutions tried and the one with the fewest penalties against the 

restraints scored best. 

Certain caveats bear mentioning. As any optimization-based approach, integrative pathway 

mapping is limited by the accuracy of the scoring function and thoroughness of sampling; the 

scoring function may be unable to rank the correct pathway as best while the sampling may be 

unable to find it. For example, sampling and scoring functions may be limiting if: the set of 

candidate enzymes and metabolites is too large, some enzymes or metabolites are missing 

from the input, the pathway is too long, and especially when the pathway length is unknown. 

Some of these pitfalls can be detected through testing the thoroughness of sampling 

(Supplementary Figure S2), statistical bootstrapping and jack-knifing tests (24), and by direct 

experimental testing of predictions (Figure 4). Importantly, the pitfalls are minimized when 

additional information is used to reduce the sizes of the input enzyme and metabolite sets, 

which improves the accuracy of the scoring function, and the efficiency of sampling. Considering 

the candidate set of endogenous metabolites, the true substrates must be included in the 

docking and pathway predictions, but it is always possible that new pathways may involve 

metabolites that are not annotated in the compound libraries screened. Conversely, the method 
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becomes more robust when starting and ending points are defined. In the case of the L-

gulonate catabolic pathway we could infer that the TRAP transporter was an entry point for L-

gulonate to the cell, while glyceraldehyde 3-phosphate or pyruvate were likely exit points to 

primary metabolism. Although molecular docking, chemoinformatics inference, and comparative 

modeling may be used in an automated way, they often benefit from expert choices, and the 

docking especially can be time consuming. Finally, the use of comparative modeling for protein 

structures and molecular docking for candidate metabolites will sometimes fail, even with the 

added advantages of insisting on consistency in docking hit lists.   

Notwithstanding the caveats, integrative pathway mapping provides a flexible and general 

platform for further methodological improvements. Because it generalizes functional annotation 

into the sampling of pathways consistent with any available input information, it can use more 

information than alternative methods and thus at least in principle produce more accurate, 

precise, and complete answers. If not all bacterial pathways have enough genomic information 

to have a reasonable estimate of their parts list, many do. If docking struggles to prioritize the 

right substrates as top ranking hits, it often ranks the right ones well (25-27); insisting that the 

product of one step feed into the next provides a surprisingly useful criterion not only for 

pathway membership and ordering, but for re-prioritizing the correct substrate from the docking 

candidates. The integrative approach strengthens what would ordinarily be approximate 

answers by insisting on maximal possible consistency across the enzymes and across different 

types of information. Although the preparation of input datasets is not automated at this time, 

integrative pathway mapping itself is automated. Therefore, it is positioned to be applied 

systematically, providing a widely usable approach to metabolic pathway discovery.  
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METHODS 

Integrative pathway mapping 

We describe the four stages of integrative pathway mapping in turn, using the L-gulonate 

catabolic pathway as an example (Figure 1). 

Stage 1: Gathering information 

Information for the network mapping cases comes from the following sources: high-throughput 

differential scanning fluorimetry screening, genome context, structure-based docking screens, 

chemical transformations based on Pfam classification (23), and knowledge of central 

metabolism. With this information in hand, we use it to design representation, scoring, and 

sampling, which determine the output models.  

Stage 2: Designing model representation and evaluation 

For pathways of unknown length, we model pathways of each possible length independently, 

and then select an optimal combination of pathway length and score. The pathway model is 

represented as a linear graph, in which the molecular components are represented by nodes 

and the interactions are represented by edges. In the specific case of a metabolic pathway, the 

two classes of molecular components are the metabolites (substrates and products) and the 

proteins, which are binding proteins, transporters or enzymes converting substrates to products. 

In addition, we allow for the inclusion of a dummy node representing an unknown and 

uncharacterized protein in the pathway. The sampling space of the models is constrained by the 

candidate enzyme and metabolite node identities that are given as input, as well as the linearity 

and length of the pathway. 
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A sequence similarity network (SSN) and genome neighborhood network (GNN) were 

constructed for an anchor protein, TRAP SBPs (EFI Target: 510123 and 510132), to provide 

candidate pathway members (13, 28). The network stringency was set to an e-value cutoff of 

10-120 to provide iso-functional clusters, corresponding to >~60% sequence identity between 

proteins (20). The full GNN, was clustered based on Pfam designation into individual 

neighborhood nodes in the genome neighborhood of cluster 223, which included the TRAP 

transporter anchor protein (Supplementary Figure S4a-e).  Analysis of the GNN identified five 

enzyme families as candidate pathway members, including two dehydrogenases, one sugar 

dehydratase, one carbohydrate kinase, and one aldolase. The genes associated with these 

families in H. influenzae are colocalized in the genome with the gene that codes for the TRAP 

SBP.  

To obtain the smallest candidate subset of KEGG that contains all metabolites needed to 

reconstruct and predict a pathway, we considered only the metabolites with good virtual 

screening scores against any of the candidate proteins, as well as metabolites that can be 

derived from the virtual screening hits by applying chemical transformations related to the 

known activities of enzymes in the relevant superfamilies. Therefore, the top 1000-scoring 

metabolites from each docking screen are added to a single list of metabolites.  Chemical 

transformations performed by each predicted enzyme are applied on the top-scoring 

metabolites using OEChem Tools (29) excluding metabolites with no matches to the substrate 

motifs, and products of these reactions are compared by RDKit Morgan fingerprints (30, 31) to 

the metabolites from the KEGG LIGAND database (21, 32). KEGG metabolites that have a 

Tanimoto coefficient above 0.75 to the products are added to the list of metabolites. This final 

list of metabolites contains 3,650 unique ligands that are considered as the sampling space for 

candidate metabolite nodes. 
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Scoring pathway models 

Information about the pathway is encoded as pathway restraints that are summed into a scoring 

function. For example, a candidate edge between a given enzyme and metabolite is restrained 

by a virtual screening score for the pair. In an attempt to “weigh” each piece of information 

optimally, each term in the scoring function is expressed as a Z-score. Our scoring function can 

in principle benefit from all available information, even when some information is not available 

for every enzyme or ligand. In such cases, the corresponding terms are simply omitted from the 

scoring function. A dummy node in a model contributes no score, except towards the chemical 

transformation term.  Next, we define the specific pathway restraints used here. 

Molecular docking screens 

Favorable binding interactions predicted by docking can illuminate the identity of a ligand-

protein pair. Pathway models with ligand-protein pairs that have favorable docking scores are 

more likely to be correct than those that have unfavorable docking scores. For each candidate 

pathway protein, a crystal structure or homology model, generated by MODELLER (33, 34), was 

prepared with an automated pipeline for docking (Supplementary table S1-S2) (35). Co-factors 

(as generated by PRODRG server (36)), metals, and waters were included in the protein 

preparation where required (27, 37, 38). The proposed active site for each enzyme was 

identified by superimposing liganded structures of closely related family members or related 

domains. The KEGG database (21, 32) of 14,212 unique metabolites from the ZINC database 

(39) was docked against each target with DOCK3.6 (14) (http://dock.compbio.ucsf.edu/). 

Compounds were ranked based on a physics-based scoring function that evaluates ligand-

protein complementarity based on van der Waals and electrostatic interactions, corrected for 

ligand desolvation (14, 40, 41). For each protein, the docking scores were converted to Z-scores 

by subtracting the mean and dividing by the standard deviation of the docking scores. The 
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docking Z-score for the entire pathway model is the normalized sum of the Z-scores for all 

substrate-enzyme and product-enzyme pairs: 

!!" != !− !
! !!!

!   , 

where ! is the total number of enzyme-substrate and enzyme-product pairs in the pathway 

model. This is an approach that is new to this paper, though similar methods to docking score-

normalization have been mooted in other contexts. 

Chemical transformations 

Chemical transformations derived from protein family annotations can help identify the substrate 

and product of an enzyme. These generic chemical transformations describe the enzymatic 

reaction without precise knowledge of the substrate, encoding the differences between the 

reactant and product on a more general level. While the full EC number describes the substrate 

specificity of an enzyme, the generic chemical transformation typically corresponds to the third 

level EC classification (42). Pathway models with substrate-product pairs that match the 

chemical transformations are more likely to be correct than those pairs that do not. 

The chemical transformation is determined from the Pfam classification (23) from the generic 

chemical reaction or reactions that are conserved across members of the protein family. Multiple 

chemical transformations may be considered for a single family. Using the library generation 

tool in OEChem Tools, the in silico transformation using SMIRKS strings was performed on 

each metabolite, represented as a SMILES string. SMIRKS encode a generic reaction 

composed of a structural motif or pattern in the substrate and the corresponding pattern in the 

resulting product. Using RDKit, the Tanimoto coefficient between the transformed molecule and 

every other metabolite is computed based on the Morgan fingerprints, which are graph-based 
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circular fingerprints useful for structural comparisons, with chirality taken into account. Because 

no transformation is defined for a dummy node, the Tanimoto coefficient between the substrate 

of the dummy node and every other metabolite is computed. For molecules with undefined 

stereocenters, the highest Tanimoto coefficient for up to 16 distinct stereoisomers was used. 

Tanimoto coefficients were converted to Z-scores, similarly to the docking Z-scores. The score 

for transformations is the average Z-score over the Z-scores of all substrate-product-enzyme 

node triads in a model: 

!!" != ! !! !!!
!  , 

where N is the total number of substrate-product-enzyme triads in the pathway model.  

Similarity Ensemble Approach calculations 

Comparison of ensembles of ligands using similarity ensemble approach (SEA) can predict 

functionally-linked proteins from the similarity of their ligands (15), irrespective of their sequence 

or structural similarities. Ensembles of ligands can be obtained from virtual screening and used 

to restrain the identities of pairs of enzymes in a pathway (43). The top 500 docking-ranked 

metabolites for each enzyme were considered as the ligand ensemble, and SEA E-values were 

calculated based on the similarity between these top 500 metabolites for each pair of enzymes 

in a putative pathway. The SEA E-value reflects the significance of the similarity between ligand 

ensembles for a pair of enzymes, compared to what would be expected at random for two sets 

of similar size. Here, the pathway score from SEA is the sum of the negative logarithm of the E-

value multiplied by a normalization factor for each pair of enzymes in the pathway model. All 

negative log E-values are thresholded when they exceed 50. The normalization factor adjusts 

the SEA E-value based on our confidence in the quality of the prediction. Considering both 
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enzymes in a pair, the less significant SEA E-value between an enzyme and itself is taken, and 

the normalization factor is the negative log of the E-value divided by 50. The pathway score was 

converted to a Z-score based on the distribution of all possible enzyme combinations for a given 

number of enzymes. 

Differential scanning fluorimetry screening hits 

In our predicted pathway, differential scanning fluorimetry screening identified L-gulonate and D-

mannonate as hits for the TRAP solute binding protein (20). We assume that substrates have 

high chemical similarity to the screening hits. The hits are compared by the Tanimoto coefficient 

using RDKit Morgan Fingerprints to the substrate of the screened enzyme in the pathway 

model. 

!!"# = !"!!!"!
!"   , 

where !" is the Tanimoto coefficient between the substrate in the pathway model and the hit in 

the screening assay. For multiple screening hits, the maximum of the Tanimoto coefficients 

between the substrate and hits is used. !" is the average and !" is the standard deviation of 

Tanimoto coefficients between the substrate and all metabolites.  

Pathway boundaries 

In the particular case of the L-gulonate catabolic pathway, the screened protein was the solute-

binding protein subunit of a TRAP transporter. Thus, this protein defines the start of the 

metabolic pathway to be modeled, providing a convenient constraint for integrative pathway 

mapping. 
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In addition, knowledge about the endpoints of metabolic pathways can constrain integrative 

pathway mapping. For catabolic pathways of sugars, we assume that the pathway produces a 

compound that feeds into central carbohydrate metabolism. Therefore, pathways in which the 

final product is a compound in central metabolism are more likely to be correct (Supplementary 

table S4). 

The final metabolite in the model is compared by the Tanimoto coefficient using RDKit Morgan 

Fingerprints to all metabolites in central metabolism, and the maximum Tanimoto coefficient is 

used. The central metabolism endpoint score is: 

!!" = !"!!!"!
!"   , 

where !" is the Tanimoto coefficient between the final product in the pathway model and the 

most similar compound in central metabolism. !" is the average and !" is the standard 

deviation of Tanimoto coefficients for all comparisons between each candidate metabolite and 

all compounds in central metabolism. 

Gene cluster 

Conserved gene clusters identified from comparative genome neighborhood analysis can be 

informative about the functional relationships of genes acting in the same pathway (44). 

Pathway models with all members of a gene cluster are more likely to be correct than those that 

are missing members or containing non-members. 

The set of protein pairs associated with the gene cluster identified by genome neighborhood 

analysis are compared to sets of protein pairs from all possible subsets of the protein 

candidates. The intersection between the sets of pairs is normalized by the larger of the number 
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of pairs in the sets. The possible subsets range in number from as few as three to number of 

total candidate proteins. The gene cluster score is: 

!!" = !"!!!"
!"   , 

where !" is the normalized intersection between the set of protein pairs in the gene cluster and 

the set of protein pairs in the pathway model. !" is the average and !" is the standard 

deviation of the normalized intersection for all comparisons between the proteins associated 

with the gene cluster and possible subsets of candidate proteins. 

Stage 3: Sampling good models. 

With the scoring function in hand, the next step is to find pathway models that score well. These 

models are obtained by sampling candidate metabolites and proteins at each position in the 

linear pathway of a given length. We use Monte Carlo (MC) sampling by the Metropolis-

Hastings algorithm with simulated annealing (45, 46). The set of MC moves includes (i) 

swapping components of the same type within the graph and (ii) replacing a component in the 

graph with an unused candidate component of the same type. The sampling terminates after 

5,000,000 MC steps. 500 independent runs are performed, and the models sampled from all 

runs are combined. The unique sampled models with a score above a cutoff were considered in 

the analysis. The cutoff for the prospective analysis, was two standard deviations below the best 

score. For the longer pathways with a larger number of degrees of freedom, a more stringent 

cutoff of 1.5 standard deviations is preferred. The standard deviation is calculated from a 

distribution of scores of random models. Convergence of the sampling protocol was tested by 

determining the fraction of unique clusters as a function of the number of independent runs 

(Supplementary Figure S2).  
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Stage 4: Analyzing models and information. 

The resulting ensemble of good-scoring solutions is analyzed in terms of its precision and 

satisfaction of the restraints (Figure 2). Using hierarchical clustering in the scikit-learn python 

package (47), the pathway models are clustered by a pairwise distance metric that is defined as 

the Hamming distance, the number of mismatches by position divided by the number of nodes 

(including both proteins and ligands). Clusters are determined at the cutoff distance of 0.2. 

Visualization of the models can be performed in Cytoscape  (48) using the NetIMP plug-in 

application (Supplementary Figure S8). 

Benchmarking 

We assess our method on three known metabolic pathways, including the glycolysis pathway 

(10 enzymes, 2,965 potential ligands), CMP KDO-8P biosynthesis pathway (4 enzymes, 3,336 

potential ligands), and serine biosynthesis (5 enzymes, 3,494 potential ligands) (Supplementary 

Table S1). Pathway docking was performed against crystal structures and comparative models. 

The score of the pathway model is a sum of the individual Z-score terms for the docking screen, 

SEA calculation, and chemical transformations. The ability to recover the true ligand-enzyme 

pair is evaluated by the relative frequency of the ligand-enzyme edge occurring in the good-

scoring pathway models. Therefore, we compare the rank of the substrate or product for a given 

enzyme based on the initial docking score to the rank based on the frequency of the 

corresponding ligand-enzyme edge. 

Cloning, expression, and purification of HiUxuB, HiKdgK, and HiKdgA 

The genes HiUxuB (Uniprot ID P44481), HiKdgK (Uniprot ID P44482), and HiKdgA (Uniprot ID 

P44480) were amplified from H. influenzae strain Rd KW20 (ATCC 51907) genomic DNA. PCR 

was performed using KOD Extreme DNA Polymerase (Novagen) according to the 
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manufacturer’s guidelines. The conditions were: 2 min at 95 °C, followed by 40 cycles of 20 sec 

at 95 °C, 20 sec at 66 °C, and 20 sec at 72 °C. Primers are listed in Supplementary Table S4. 

The amplified fragments were cloned into the N-terminal TEV cleavable 6x-Histag containing 

vector pNIC28-Bsa4 (pSGC-His), by ligation-independent cloning (Aslandis, 1990; Savitsky et 

al., 2010). 

The HiUxuB-pSGC-His, HiKdgK-pSGC-His, HiKdgA-pSGC-His vectors were transformed into 

BL21 (DE3) E. coli containing the pRIL plasmid (Stratagene) and used to inoculate a 20 mL 2 x 

YT culture containing 25 µg/mL Kanamycin or 100 µg/mL Carbomycin and 34 µg/mL 

Chloramphenicol.  The cultures were grown overnight at 37 °C in a shaking incubator.  The 

overnight culture was used to inoculate 2 L of PASM-5052 auto-induction media containing 150 

mM 2-2-bipyridyl, 1 mM ZnCl2, and 1 mM MnCl2 (49) that was incubated at 37 °C in a LEX48 

airlift fermenter for h and then at 22 °C overnight.  The culture was harvested and pelleted by 

centrifugation. 

Cells were resuspended in lysis buffer (20 mM HEPES, pH 7.5, 500 mM NaCl, 20 mM 

imidazole, and 10% Glycerol) and lysed by sonication.  The lysate was clarified by centrifugation 

at 35,000 x g for 30 min, loaded onto a 5 mL Strep-Tactin column (IBA) on an AKTAxpress 

FPLC (GE Healthcare), and washed with 5 column volumes of lysis buffer, and eluted in StrepB 

buffer (20 mM HEPES pH 7.5, 500 mM NaCl, 20 mM Imidazole, 10% Glycerol, and 2.5 mM 

desthiobiotin).  The eluent was loaded onto a 1 mL HisTrap FF column (GE Healthcare), 

washed with 10 column volumes of lysis buffer, and eluted in buffer containing 20 mM HEPES 

pH 7.5, 500 mM NaCl, 500 mM Imidazole, and 10% Glycerol.  The purified sample was loaded 

onto a HiLoad S200 16/60 PR gel filtration column, which was equilibrated with SECB buffer (20 

mM HEPES, pH 7.5, 150 mM NaCl, 10% Glycerol, and 5 mM DTT).  Peak fractions were 
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collected, protein was analyzed by SDS-PAGE, concentrated to 2.4 g/L, 1.9 g/L, and 2.0 g/L 

respectively, flash frozen in liquid nitrogen, and stored at -80 °C. 

Cloning, expression, and purification of HiGulD and HiUxuA  

The genes HiGulD (Uniprot ID Q57517) and HiUxuA (Uniprot ID P44488) were amplified from 

H. influenzae strain Rd KW20 (ATCC 51907) genomic DNA. PCR was performed using KOD 

Extreme DNA Polymerase (Novagen) according to the manufacturer’s guidelines. The 

conditions were: 2 min at 95 °C, followed by 40 cycles of 20 sec at 95 °C, 20 sec at 66 °C, and 

20 s at 72 °C. Primers are listed in Supplementary Table S4. The amplified fragment was cloned 

into the C-terminal TEV cleavable 10x-Histag containing vector pNYCOMPS-LIC-TH10-ccdB 

(C-term) such that the tag is out of frame (pNYCOMPSC-tagless), by ligation-independent 

cloning (50, 51). 

The pNYCOMPSC-tagless HiGulD and HiUxuA constructs were transformed into E. coli BL21 

(DE3) for expression. Both HiGulD and HiUxuA were purified from 1 L of culture using DEAE 

Sepharose, Q‑Sepharose, and phenyl sepharose columns (all Amersham Biosciences) as 

previously described (52). Proteins were concentrated to 15 g/L and 6 g/L, respectively, flash 

frozen in liquid nitrogen, and stored at -80 °C. 

Preparation of 2-keto-3-deoxy-D-gluconate 

2-keto-3-deoxy-D-gluconate was synthesized via enzymatic means. The reaction (1.5 mL) 

contained 50 mM potassium HEPES, pH 7.9, 10 mM MgCl2, 100 mM D-mannonate, and 1 µM 

D-mannonate dehydratase (Uniprot ID B0T0B1). The reaction was left to proceed at 37 °C for 

48 h. Afterward, enzyme was filtered out using 30,000 NMWL ultrafiltration membranes 

(Millipore). Product was verified via 1H-NMR. 
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Preparation of 2-keto-3-deoxy-D-gluconate-6-phosphate 

2-keto-3-deoxy-D-gluconate-6P was synthesized via enzymatic means. The reaction (1.5 mL) 

contained 100 mM potassium HEPES, pH 7.9, 10 mM MgCl2, 120 mM ATP, 100 mM D-

mannonate, 1 µM D-mannonate dehydratase (Uniprot ID B0T0B1), and 1 µM 2-keto-3-deoxy-D-

gluconate kinase (Uniprot ID A4XF21). The reaction was left to proceed at 37 °C for 48 h. 

Afterward, enzyme was filtered out using 10,000 NMWL ultrafiltration membranes (Millipore). 

Product was verified via 1H-NMR.  

Kinetic assays of L-gulonate catabolic pathway proteins 

The kinetic assays were run in 200 µL aliquots at 37 °C and monitored using a continuous 

spectrophotometric assay. All products were verified via 1H-NMR. 

Oxidation was quantified by measuring the increase in absorbance at 340 nm (ε = 6220 M-1 

cm‑1) of L‑gulonate at position C5 by HiGulD (50 mM Tris, pH 9, 1.5 mM NAD+, and 200 nM 

HiGulD). Substrate varied from 100 µM to 10 mM.  

Oxidation was quantified by measuring the increase in absorbance at 340 nm (ε = 6220 M-1 

cm‑1) of D-mannonate at position C5 by HiUxuB  (50 mM Tris, pH 9, 10 mM MgCl2, 1.5 mM 

NAD+, and 2 nM HiUxuB). Substrate varied from 50 µM to 5 mM.  

Dehydration was quantified by measuring the decrease in absorbance at 340 nm (ε = 6220 M-1 

cm‑1) of D-mannonate by HiUxuA  (50 mM potassium HEPES, pH 7.9, 10 mM MgCl2, 1.5 mM 

ATP, 1.5 mM PEP, 0.16 mM NADH, 9 units of pyruvate kinase, 9 units of lactate 

dehydrogenase, 18 units of 2-keto-3-deoxy-D-gluconate kinase, and 200 nM HiUxuA). 

Substrate varied from 100 µM to 30 mM.  
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Phosphorylation was quantified by measuring the decrease in absorbance at 340 nm (ε = 6220 

M-1 cm‑1) of 2-keto-3-deoxy-D-gluconate by HiKdgK in a coupled assay with lactate 

dehydrogenase (50 mM potassium HEPES, pH 7.9, 10 mM MgCl2, 1.5 mM ATP, 1.5 mM PEP, 

0.16 mM NADH, 9 units of pyruvate kinase, 9 units of lactate dehydrogenase, and 200 nM 

HiKdgK). Substrate varied from 100 µM to 5 mM.  

Cleavage was quantified by measuring the decrease in absorbance at 340 nm (ε = 6220 M-1 

cm‑1) of 2-keto-3-deoxy-D-gluconate-6P by HiKdgA in a coupled assay with lactate 

dehydrogenase (50 mM potassium HEPES, pH 7.9, 10 mM MgCl2, 1.5 mM PEP, 0.16 mM 

NADH, 9 units of lactate dehydrogenase, and 200 nM HiKdgA). Substrate varied from 100 µM to 

5 mM.  

Bacterial strains and growth conditions 

H. influenzae Rd KW20 (ATCC 51907) was grown aerobically at 37 °C with shaking at 225 rpm, 

and was routinely cultured in Brain Heart Infusion (BHI, Difco) broth or on BHI solid medium, 

supplemented with NAD and hemin at 10 µg mL-1 (sBHI).  For gene expression analyses and 

carbon utilization studies, the defined medium of Coleman et al. (2003) was used.  Glucose-free 

RPMI-1640 (Sigma R1383) was supplemented with the following additives: HEPES, 6 mg mL-1; 

NaHCO3, 2 mg mL-1; inosine, 1.75 mg mL-1; uracil, 87 µg mL-1; NAD, 10 µg mL-1; hemin, 10 µg 

mL-1.  D-glucose, L-gulonate, or D-mannonate (10 mM) served as the source of carbon.  

Kanamycin was added at 10 µg mL-1 when appropriate. 

Growth curves 

Growth curves were recorded using the Bioscreen C instrument (Growth Curves USA) and 100-

well plates.  Starter cultures of H. influenzae Rd KW20 were grown overnight in sBHI, washed in 
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minimal medium lacking carbon source, and re-suspended in an equivalent volume of minimal 

medium lacking carbon source.  Each well contained 300 µL minimal medium with D-glucose, L-

gulonate, or D-mannonate (10 mM), and was inoculated to 1% with washed starter culture.  

Plates were incubated at 37 °C with continuous shaking at medium amplitude and the optical 

density at 600 nanometers (OD600) was recorded every 30 min for 48 h. 

Transcriptional analysis 

Starter cultures of H. influenzae Rd KW20 were grown overnight in sBHI, washed in minimal 

medium lacking carbon source, and re-suspended in an equivalent volume of minimal medium 

lacking carbon source. This culture was used to inoculate 5 mL minimal medium (1% inoculum) 

with 10 mM glucose and cultures were grown until OD600 0.3-0.5. Cells were washed and re-

suspended in 4 mL minimal medium lacking carbon source. Cultures were divided into two 

equal 2 mL volumes, 10 mM glucose was added to one volume and 10 mM L-gulonate or D-

mannonate was added to the other, and cultures were grown until OD600 0.8-1.0. At the time of 

cell harvest, one volume of RNAprotect Bacteria Reagent (Qiagen) was immediately added to 

two volumes of each actively growing culture. Samples were mixed by vortexing for 10 sec and 

incubated for 5 min at room temperature. Cells were pelleted, flash frozen in liquid nitrogen, and 

stored at -80 °C. 

RNA isolation was performed in an RNAse-free environment at room temperature using the 

RNeasy Mini Kit (Qiagen) per the manufacturer’s instructions. Cells were disrupted according to 

the “Enzymatic Lysis Protocol” in the RNAprotect Bacteria Reagent Handbook (Qiagen); 

lysozyme (Thermo-Pierce) was used at 15 mg/mL. RNA concentrations were determined by 

absorption at 260 nanometers (A260) using the Nanodrop 2000 (Thermo) and absorption ratios 

A260/A280 and A260/A230 were used to assess sample integrity and purity. Isolated RNA was 

stored at -80°C until further use. 
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cDNA synthesis was performed using 300 ng of total isolated RNA with the ProtoScript First 

Strand cDNA Synthesis Kit (NEB), per the manufacturer’s instructions. Primers for quantitative 

real-time (qRT) PCR were designed using the Primer3 primer tool; amplicons were 150-200 bps 

in length. Primers were 18 to 24 nucleotides in length and had a theoretical Tm of 55-60 °C. 

Primer efficiency was determined to be at least 90% for each primer pair. Primer sequences are 

provided in Supplementary Table S5. qRT-PCRs were carried out in 96-well plates using the 

LightCycler 480 II instrument (Roche) with the LightCycler 480 SYBR Green I Master Mix 

(Roche), per the manufacturer’s instructions. Minus-RT controls were performed to verify the 

absence of genomic DNA in each RNA sample, for each gene target analyzed. Relative 

changes in gene expression were analyzed by the 2-∆∆CT method (53), using the 16S rRNA gene 

as a reference. Each qRT-PCR was performed in triplicate, and fold-changes are the averages 

of at least three biological replicates. 

Gene disruption 

To create a genetic deletion of the putative L-gulonate SBP (HI0052), triple overlap extension 

PCR was used.  Briefly, using Pfu Ultra High-Fidelity DNA polymerase (Agilent), each of three 

PCR fragments were generated: (a) a fragment corresponding to the genomic region ~1000 bps 

upstream of HI0052 was amplified from H. influenzae Rd KW20 genomic DNA with primers 

Del_HI0052_arm1fwd and Del_HI0052_arm1rev, (b) the kanamycin resistance cassette from 

p34s-Km (54) was amplified with primers Kan_OL_delHI0052_fwd and Kan_OL_delHI0052_rev, 

and (c) a fragment corresponding to the genomic region ~1000 bps downstream of HI0052 was 

amplified from H. influenzae Rd KW20 genomic DNA with primers Del_HI0052_arm2fwd and 

Del_HI0052_arm2rev. The 3’ end of fragment “a” and the 5’ end of the kanamycin resistance 

cassette (fragment “b”) were engineered with 50 bps of identical overlapping sequence, as were 

the 3’ of the kanamycin resistance cassette and the 5’ end of fragment “c”. 100 ng of each of 
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these PCR fragments were combined in a triple overlap extension PCR with primers 

Del_HI0052_arm1fwd and Del_HI0052_arm2rev to generate a ~3 kb fragment with arms 

homologous to the genomic regions flanking HI0052, with an intervening kanamycin resistance 

cassette.  

The same approach was used to create a genetic deletion of the putative L-gulonate 

dehydrogenase (HI0053).  To generate the triple overlap extension product for deletion of 

HI0053, primers Del_HI0053_arm1fwd and Del_HI0053_arm1rev and primers 

Del_HI0053_arm2fwd and Del_HI0053_arm2rev were used to amplify the regions ~1000 bps 

upstream and downstream of HI0053, respectively, from H. influenzae Rd KW20 genomic DNA.   

The kanamycin resistance cassette from p34s-Km was amplified with primers 

Kan_OL_delHI0053_fwd and Kan_OL_delHI0053_rev. 100 ng of each of these PCR fragments 

were combined in a triple overlap extension PCR with primers Del_HI0053_arm1fwd and 

Del_HI0053_arm2rev to generate a ~3 kb fragment with arms homologous to the genomic 

regions flanking HI0053, with an intervening kanamycin resistance cassette. Primer sequences 

are provided in Supplementary Table S6. 

Each of the triple overlap PCR products was gel-purified and 100 ng was transformed into 1 mL 

of H. influenzae Rd KW20 cells made competent by the M-IV method (55).  Double crossover 

recombinants were selected by resistance to kanamycin and confirmed by genomic PCRs. 

Cell preparation and metabolite extraction 

GC-MS-based metabolic analysis of whole cell extracts was carried out with samples of H. 

influenzae Rd KW20 fed with 13C labeled L-gulonate or D-glucose, following the procedure of 

Zhao et al. 2013.  Cells grown in rich medium were diluted 1:100 into defined medium with 10 

mM unlabeled L-gulonate or D-glucose as added carbon source and grown to an OD600 of 0.6 
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(approximately 18 h). Cells were harvested by centrifugation (4000 × g, 10 min, 4 °C), washed 

twice in defined medium without added carbon source, and re-suspended in this medium. Cell 

density was adjusted to OD600 = 6.0, and the cell suspension was then depleted of catabolic 

metabolites by incubation at 37 °C for 30 min before transferring to ice.  A mixture of 5 mM 13C 

labeled L-gulonate plus 5 mM unlabeled L-gulonate, or a mixture of 5 mM 13C labeled D-glucose 

plus 5 mM unlabeled D-glucose, was added to the samples followed by incubation at 37 °C.  At 

time points of 1, 2, 10, and 60 minutes, samples were pelleted by centrifugation (16,000 × g for 

1 min), supernatants were removed, and cell pellets were flash frozen in liquid nitrogen. 

Samples were stored at −80°C prior to extraction. Metabolites were extracted directly from cell 

pellets by re-suspension in 0.5 mL extraction buffer (40:40:20 mixture of 

methanol:acetonitrile:water spiked with 1 mM L-norvaline for an internal standard) followed by 

10 minutes of vortexing at room temperature.  Cell extracts were cleared of debris via two 

rounds of centrifugation at 16,000 × g for 1 min, split into two equal portions, dried, and stored 

at −80°C prior to analysis. 

Cell extracts were derivatized by one of two methods. To determine labeling of small 

metabolites of central carbon metabolism (glycolysis, TCA cycle and amino acids), extracts 

were derivatized with isobutylhydroxylamine and N-tert-butyldimethylsilyl-N-

methyltrifluoroacetamide (TBDMS), and analyzed by GC-MS as described before (56). Data 

were calculated in terms of fractional 13C labeling (the average 13C labeling across all metabolite 

carbons).  Alternatively, to determine the labeling of gulonate and other 6-carbon molecules in 

the proposed pathway for gulonate metabolism, extracts were derivatized with 30 µL 

methoxyamine hydrochloride (Sigma, 20 mg/ml in pyridine) for 20 min at 80 °C, followed by 30 

µL BSTFA (trimethylsilylating reagent, Thermo) for 60 min at 80 °C. Derivatized metabolites 

were analyzed by GC-MS as described before (57), using a modified temperature gradient: 
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initial temperature was 60 °C, held for 4 min, rising at 20 °C/min to 280 °C, held for 4 min. 

Metabolites were identified by matching elution times and mass fragment patterns to standards. 

Labeling data for fructuronate were calculated as the ratio of mass 268: mass 264. Mass 264 

corresponds to the fragment of fructuronate containing the four carbon atoms C3-C6 of the 

carbon backbone plus the complete derivatized side-chains (methoxaminated keto group and 

three trimethylsilylated hydroxyl groups) of this C3-C6 fragment, formula C14H34NO4Si3. Mass 

268 corresponds to the same fragment with the backbone carbons 13C-labeled. 
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Figure 1. Four stages of integrative pathway mapping approach. The four stages of integrative modeling 

are: 1) Gathering information, 2) Designing model representation and evaluation, 3) Sampling good 

models, and 4) Analyzing models and information. 1) The input information is from seven different 

sources used to determine the candidate proteins, such as co-localization and conservation in the 

genome neighborhood, and the scoring restraints (docking scores from virtual screening, chemical 

transformations, ensemble similarity calculations of virtual screening hits from similarity ensemble 

approach, differential scanning fluorimetry screening hits, metabolic endpoints, and characterized 

chemical reactions). 2) A pathway model is represented as a graph composed of protein and ligand 

nodes. Proteins are depicted as diamonds and ligands are depicted as circles, with lines showing the 

node sets that contribute to the score for a given type of information. 3) As a combinatorial optimization 

problem, the model is optimized using Monte Carlo simulated annealing by swapping nodes in and out of 

the pathway model from the candidate set and rearranging the pathway model. 4) The final analysis stage 

involves assessing the sampling, precision, and accuracy of the method.  
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Figure 2. Representation of alternative models obtained based on consistency with input information 

provided for the glycolysis benchmark pathway. a, Example of three alternative models evaluated using 

different types of restraints based on modeling of glycolysis pathway with a subset of pathways shown. 

The restraints on node sets is shown using colored lines (blue – docking restraints, green – SEA 

restraints, purple – chemical transformation restraints, red –restraints with unfavorable scores). 

Metabolites are labeled by KEGG ID and enzymes are labeled by step in glycolysis pathway. The scoring 

function that incorporates multiple different types of information imposes more restraints on possible 

models. On the left, alternate model 1 is shown that is consistent with docking scores, but it is not 

consistent with all SEA scores and chemical transformations. In the middle, alternate model 2 is 

consistent with the docking scores and SEA scores, but is not consistent with chemical transformations. 

On the right, alternate model 3 is consistent with docking scores, SEA scores, and chemical  
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(Figure 2, cont.) transformations and increases the rank of the correct enzyme substrate pair. b, 

Alternative models shown with chemical structures. c, Ranks of correct substrate for the corresponding 

enzyme at each step in the glycolysis benchmark case. 1 – glucokinase, 2 – phosphoglucose isomerase, 

5 – triosephosphate isomerase, 6 – glyceraldehyde 3-phosphate dehydrogenase, and 7 – 

phosphoglycerate kinase.  
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Figure 3. 12 representative predictions of the L-gulonate TRAP-SBP catabolic pathway. a, 12 

representative pathway models of TRAP SBP pathway predictions ordered by score, starting from the top 
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(Figure 3, cont.) with the best scored prediction. Pathway enzymes labeled as numbers as follows: 1 – 

HiGulD, 2 – HiUxuB, 3 – HiUxuA, 4 – HiKdgK, 5 – HiKdgA, b, Graphical representation of ensemble of 

representative pathway models. The predicted components in the ensemble of pathway models at each 

position are vertically aligned to the corresponding position in the gray pathway on the top. Ligand 

components are shown as circle nodes with the color corresponding to the ligand identity. Chemical 

structures are shown in Supplementary Figure 8. Pathway enzymes are shown as diamond nodes with 

the same numbering as above. Edges are colored by individual pathway model prediction. The validated 

prediction is shown by black edges, enzyme nodes colored black, and substrate/product nodes outlined in 

black. 
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Figure 4. L-gulonate catabolic pathway in H. influenzae Rd KW20. The best scored pathway is shown 

annotated with experimental evidence. Bonds undergoing changes in the subsequent steps are colored in 

red. a, Predicted pathway of L-gulonate degradation into glyceraldehyde 3-phosphate and pyruvate, b, 

Kinetics of pathway enzymes on predicted substrates, c, Crystal structure of L-gulonate bound to SBP 

TRAP (PDB ID: 4PBQ), d, Knockout growth assays of H. influenzae strains, ΔGulP (gulonate transporter 

periplasmic subunit) and ΔGulD (L-gulonate dehydrogenase), when grown on D-glucose vs. L-gulonate 
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(Figure 4, cont.) as a sole carbon source, e, Fold change in expression for each gene when grown on the 

indicated carbon source, relative to growth on glucose.  
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SUPPLEMENTARY INFORMATION 

Figure S1. Workflow for preparing input data for the L-gulonate catabolic pathway prediction. The 

preparation of the input data entails identification of the candidate proteins and candidate ligands 

(outlined in red) and the generation of information to be used as scoring restraints (outlined in blue). The 
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(Figure 1, cont.) initial step was sequence analysis of the TRAP solute binding proteins, and target 

proteins were identified for follow-up screening by differential scanning fluorimetry (DSF) and genome 

neighborhood analysis (EFI Target: 510123 and 510132).  Analysis of the genome neighborhood network 

led to the selection of possible pathway proteins. In this case, the candidate proteins were hypothesized 

to be involved in sugar catabolism, so metabolic endpoints were selected from intermediates in central 

metabolism mapped in the KEGG database. The functions of close homologs (>70% sequence identity) 

were identified, which in this case, included D-mannonate dehydratase. Chemical transformation patterns 

were inferred by the Pfam annotations of each of the candidate proteins. Structural models of the 

candidate proteins were created by comparative modeling, and metabolite docking of a large screening 

library against each of these models was performed. The chemical structures of the metabolites with the 

top docking scores were compared chemoinformatically to produce SEA scores. With the chemical 

transformations and docking scores, the metabolite library was filtered down to a smaller set of candidate 

ligands. For every candidate ligand, each chemical transformation was applied in silico, and the results 

were compared chemoinformatically with every other candidate ligand to produce chemical 

transformation scores. This workflow resulted in the following sources of information to be used in 

scoring: DSF hits, metabolic endpoints, functions of close homologs, docking scores, SEA scores, and 

chemical transformation scores. 
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Figure S2. Sampling convergence test. Independent monte carlo sampling runs were performed, and the 

number of clusters observed by varying the number of runs was determined. a, Glycolysis pathway, b, 

CMP KDO-CMP biosynthesis pathway, c, Serine synthesis pathway, and d, L-gulonate catabolism 

pathway. 

  

a b

c d
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Figure S3. Benchmark assessment for decoy and dummy enzymes. a, Pathway models with the best 

score for different number of protein pathway members. For comparison, the correct pathway is outlined 
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(Figure 3, cont.) in green. b, Scores of pathway models at different pathway lengths. The best score at 

each pathway length is shown as a blue circle, the score of the pathway model that matches the correct 

pathway is shown as a green triangle, and all other scores as black dots. The cutoff for good-scoring 

models, which is two standard deviations below the best score, is shown as a red dashed line. c, Three 

benchmark pathways assessment with inclusion of dummy enzymes. 
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Figure S4.  Pfam genome neighborhood network (GNN). a, The  Dihydrodipicolinate synthetase family 

(DHDPS) cluster in the full GNN of the proline racemase superfamily.  b, The DHDPS cluster in the Pfam 

GNN of the proline racemase superfamily. The hub of the cluster is a dummy node, labeled by the Pfam 

name of this cluster. The nodes with the same color in (a) are merged into one node in (b). For example, 

all red nodes in (a) are represented by the red node in (b), and the size of the red node in (b) is 

determined by the number of red nodes in (a). c-g, Five enzyme families are extracted from the Pfam 

GNN, they are identified by cluster 223 in the SSN indicated by red circles. The Pfam families include; c, 

alcohol dehydrogenases, d, short chain dehydrogenases, e, UxuA family sugar dehydratases, f, pfkB 

family carbohydrate kinases, and g, aldolases.  

ec d

ba



110 

 

Figure S5. Isotopic labeling of L-gulonate as sole carbon source. a, Time-dependent labeling of central 

metabolites utilizing 50 % U-13C-L-gulonate as sole carbon source. 3PG (3-phosphoglycerate). PEP 

(phosphoenolpyruvate). b, Time-dependent labeling of fructuronate utilizing 50 % U-13C-L-gulonate as 

sole carbon source. c, The catalysis of L-gulonate (orange) enters central metabolism (blue) of 

Hemophilus influenzae str. Rd KW20 at glyceraldehyde 3-phosphate and pyruvate. This metabolic 

network also outlines the truncated TCA cycle found in Hemophilus influenza  (58). Metabolites 

detectable via GC-MS are marked with an asterisks (*).  

  

a

b

c
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Figure S6. Comparative genomic reconstruction of L-gulonate and related uronic acid catabolic pathways 

and regulons in gammaproteobacteria. a, Genomic context of L-gulonate, D-glucuronate, and L-

galactonate utilization genes and regulons in 45 bacteria from the Pasteurellales lineage. The L-gulonate 
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(Figure S6, cont.) catabolic pathway from H. influenzae Rd KW20 was projected onto the pathogenic 

gammaproteobacteria, using the subsystems approach in the SEED genomic platform (10).  Analysis of 

the adjacent metabolic pathways for use of hexuronates (D-glucuronate, D-galacturonate) and another 6-

carbon aldonic acid (L-galactonate) revealed that the signature enzymes for the L-gulonate and the D-

glucuronate (GlcA) pathways are the L-gulonate dehydrogenase; the GulD and the GlcA isomerases; and 

UxaC, respectively. Predicted sugar utilization phenotypes are given in parentheses. Among 21 analyzed 

strains of H. influenzae, 17 strains possess the uronate catabolic genes. Genes with the same functional 

roles are marked in matching colors. Pairwise similarity between orthologs in different H. influenzae 

strains is highlighted by light green (>95% protein identity), yellow (>50%), and pink (<50%). Tripartite 

TRAP transporters are shown by magenta arrows. Experimentally defined specificities of TRAP SBPs are 

indicated for gulP/uxuP/lgoP (LGul, L-gulonate, GlcA, D-glucuronate, LGal, L-galactonate), these genes 

are outlined in red and their locus tags are given below. Transcriptional regulators are shown by black 

arrows. Predicted DNA-binding sites of GulR and UxuR regulators are shown by black pins, and their 

common DNA motif is shown as a logo. For reconstruction of UxaR and GulR regulons, we used an 

established comparative genomics approach, based on identification of candidate regulator-binding sites 

using RegPredict tool (59). LGul pathway gene organization is conserved in 8 out of 21 H. influenza 

strains into a single genetic locus containing two divergently transcribed operons, gulD-gulPQM-kdgK-

uxuB-kdgA and gulR-uxuA, that are controlled by candidate GulR-binding sites in their common promoter 

region. Glucuronide hydrolases from different families are shown by white arrows. b, Genomic context of 

D-glucuronate and D-galacturonate utilization genes and regulons in E. coli K-12. c, Reconstructed 

metabolic pathways for utilization of hexuronic and aldonic acids. Solid and broken arrows indicate 

enzymatic reactions and transport, respectively. The TRAP and MFS transporter families are indicated by 

red stars and squares, respectively. d, Genomic context of GulD orthologs in Enterobacteria. The 

uncharacterized genes gulT and gulR-II encode a novel MFS-transporter and a GntR-family regulator that 

are likely specific to L-gulonate. e, Phylogenetic tree for selected zinc-dependent dehydrogenases from 

the COG1063 family. The analyzed GulD orthologs from the Pasteurellales and Enterobacteria are 62% 

identical to each other, while within the Pasteurellales lineage all GulDs are >70 identical. The previously 
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(Figure 6, cont.) characterized L-gulonate-specific dehydrogenases from E. coli K-12 and Halomonas 

spp. (52) belong to the RspB branch, which is distinct from the GulD branch established in this work. 
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Figure S7. NetIMP Cytoscape application for pathway model visualization. a, Cytoscape app loads in 

good-scoring pathway models and displays them as a network built from the union of edges present in 

the ensemble of models. The automated yFiles hierarchic layout was applied to the network. The 

thickness of the edge represents the frequency that the edge appears in the ensemble. b, The slider in 

the Results Panel can adjust the score cutoff for the models included in the network. In this view, the 

automated yFiles hierarchic layout is reapplied and singleton nodes are hidden for clarity. c, An individual 

model is selected in the Results Pane, and the nodes and edges in the individual model are highlighted in 

the model’s unique color (in blue, here) on the network. The restraints are represented by the hatched 

edges connecting nodes corresponding to the restraints. Restraints that are violated in the mode are 

colored red. 

  

a

b c
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Figure S8. Chemical structures for top scoring pathway model predictions. The colored nodes correspond 

to the coloring in Figure 3. 
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Table S1. Benchmark pathways for integrative pathway mapping. Three well characterized pathways 

were used for benchmarking of the integrative pathway mapping: glycolysis (10 enzymes) (3), cytidine 

monophosphate 3-deoxy-D-manno-octulosonate 8-phosphate (CMP KDO-8P) biosynthesis (4 enzymes), 

and serine biosynthesis (5 enzymes). 

 Glycolysis pathway, 
E. coli 

CMP KDO-8P pathway Serine biosynthesis 
pathway 

# of enzymes 10 4 5 

# of metabolites 2,965 3,336 3,494 

Docking program Glide and MM-GBSA 
scoring 
(Kalyanaraman and 
Jacobson, 2010) 

DOCK DOCK 

Monte Carlo sampling 
runs 

1,000 2,000 2,000 

Number of steps per 
run 

5,000,000 500,000 500,000 

Rank of correct 
pathway 

1 18 1 

Number of top-
scoring pathways 

1,100 29 91 

Number of Clusters 3 5 5 
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Table S2. Substrate and product ranks by enzyme using virtual screening and integrative pathway 

mapping for benchmark and prospective pathways. The number of candidate ligands as input is 3,650 for 

the L-gulonate catabolic pathway. The ranks from individual docking runs are determined by docking 

score for an enzyme. The ranks by the integrative approach are determined from the relative frequency of 

ligand-enzyme pairs in the ensemble of high-scoring pathway models. This frequency is then used to 

order ligands for a given enzyme. 

Enzyme Docking rank from individual run Integrative approach rank 

Substrate Product Substrate Product 

Glycolysis benchmark pathway 

1) Glucokinase 37 1354 3 1 

2) Phosphoglucose isomerase 108 77 1 1 

3) Phosphofructokinase 18 30 1 2 

4) Fructose bisphosphate aldolase 183 158 2 1 

5) Triosephosphate isomerase 12 130 1 1 

6) Glyceraldehyde 3-phosphate 
dehydrogenase 

865 2918 1 1 

7) Phosphoglycerate kinase 71 74 1 1 

8) Phosphoglycerate mutase 5 2 1 1 

9) Enolase 27 76 1 1 

10) Pyruvate kinase 129 898 1 1 

CMP-KDO-8P synthesis benchmark pathway 

1) D-arabinose 5-phosphate isomerase 3228 3238 1 1 

2) KDO-8P synthase 543 36 2 3 

3) KDO-8P Phosphatase 3204 2804 4 5 

4) CMP-KDO synthase 1607 3001 1 1 
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Table S2, cont. 

Serine/cysteine biosynthesis benchmark pathway 

1) 2-hydroxyglutaric acid 
dehydrogenase 

3351 3276 1 1 

2) 3-phosphoserine aminotransferase 9 6 1 1 

3) Phosphoserine phosphatase 4 250 1 1 

4) Serine acetyltransferase 913 806 1 1 

5) O-acetylserine lyase 2003 1472 1 1 

Prospective case: L-gulonate catabolic pathway 

1) GulD 1752 1114 1 1 

2) UxuB 2976 3378 1 1 

3) UxuA 387 55 1 1 

4) KdgK 1187 3540 1 1 

5) KdgA 33 7 1 1 
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Table S3. Differential scanning fluorimetry screening of a library of 189 compounds  (20) indicating 

ligands that stabilized thermal denaturation of SBPs. The ΔTm  for each ligand was calculated as the 

difference of the Tm values measured with a ligand and without ligand for SBS from Haemophilus 

influenzae RdAW and Mannheimia haemolytica PHL213 (81% relative sequence stability). 

 ΔTm  of TRAP solute binding protein (Temperature in °C) 

Ligand Name 
HiGulP (EFI-510123; PDB id 4PBQ) 

EFI-510132  

L-gulonate   10.9 12.1 

D-mannonate 7.3 8.2 

L-idonate 2.1 - 

L-galactonate-6P 2.95 4.15 
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Table S4. Central carbon metabolism compound set 

KEGG ID Name 

C00022 Pyruvate 

C00024 Acetyl-CoA 

C00026 2-Oxoglucarate 

C00036 Oxaloacetate 

C00042 Succinate 

C00074 Phosphoenolpyruvate 

C00091 Succinyl-CoA 

C00111 Glycerone phosphate 

C00117 D-Ribose 5-phosphate 
C00118 D-Glyceraldehyde 3-phosphate 

C00122 Fumarate 

C00149 (S)-Malate 

C00158 Citrate 

C00197 3-Phospho-D-glycerate 

C00199 D-Ribulose 5-phosphate 

C00231 D-Xylulose 5-phosphate 

C00236 3-Phospho-D-glyceroyl phosphate 

C00267 alpha-D-Glucose 

C00279 D-Erythrose 4-phosphate 

C00311 Isocitrate 

C00345 6-phospho-D-gluconate 

C00631 2-Phosphoenolpyruvate 

C00668 alpha-D-Glucose 6-phosphate 

C01172 beta-D-Glucose 6-phosphate 

C01236 D-Glucono-1,5-lactone 6-phosphate 

C05345 beta-D-Fructose 6-phosphate 

C05378 beta-D-Fructose 1,6-bisphosphate 

C05382 Sedoheptulose 7-phosphate 
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CHAPTER 4: Mapping metabolic networks by enumerating 
and assembling linear pathways. 

 
Sara Calhoun, Dmitry Rodionov, Andrei Osterman, and Andrej Sali 

 

ABSTRACT 
The discovery of novel metabolic pathways involves the identification of a network of multiple 

enzymes, including the nodes (enzymes and metabolites) and the edges between the nodes 

(chemical reactions). We previously developed an automated approach for the prediction of 

linear metabolic pathways that integrates different types of information. Here, we expand this 

approach to more complex, non-linear metabolic networks. We first use an enumeration 

algorithm to compute all linear pathway models consistent with the input reaction types, followed 

by ranking and filtering these pathways based on molecular docking results, and finally 

combining the good-scoring linear pathways into merged network models. The method is 

benchmarked using networks of hexuronate sugar metabolism and glycolysis, based on 

information from chemical transformations and in silico metabolite docking. The benchmark 

shows that our method can identify known metabolic networks, with a consistently high true 

positive rate. For example, for glycolysis mapping based on metabolite docking data, it reduced 

the possible pathway metabolites from thousands to several hundred in the final network model; 

furthermore, the network model correctly identified the nonlinear branch point in glycolysis. In 

conclusion, we have successfully increased the applicability of integrative pathway mapping 

from linear pathways to more complex, non-linear metabolic networks. 
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INTRODUCTION 

Reconstructing metabolic networks is important for understanding the functional contexts of 

compounds, genes, and their relationships. Metabolic reconstructions provide a systems-level 

view and thus, a framework for evolutionary analysis, predictive modeling, and re-design of 

metabolic networks (1). While genome sequencing has progressed at a rapid pace, there are 

millions of genes in public databases with unknown, inaccurate, and/or imprecise functional 

assignments. Even more so, our functional understanding of metabolic networks has significant 

gaps, particularly for organism-specific pathways, as many pathways are missing from current 

pathway databases. Experimental determination of metabolic pathways is challenging. 

Therefore, computational methods for discovery of novel pathways often play an important role 

in guiding experiments (2-4). 

A variety of computational methods exist for predicting unknown metabolic pathways, assigning 

enzymes to known functions, identifying missing genes or enzymes in known pathways, or 

predicting reactions converting one compound into another. A common approach for 

reconstructing pathways is by assigning the putative enzymes to corresponding positions based 

on closest homologs in a reference pathway (5-9). Reference pathways are often available for 

central metabolism, for which pathways are common across many organisms. However, for 

many new pathways that are specific to a limited number of organisms, most of the enzymes 

and compounds are poorly characterized, and reference pathways are not available. Genome 

context approaches have been developed to infer pathways from genomic information across 

different organisms. These approaches can be integrated for metabolic pathway reconstruction 

(10, 11). 
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Alternatively, some methods use chemical structures to predict the sequence of intermediate 

compounds between a source and target compounds to reconstruct a pathway (12-15). Other 

methods take the approach of predicting whether a pair of compounds can be interconverted by 

single enzymatic reactions based on enzymatic reaction-likeness (16-19). Although these 

methods reconstruct pathways of chemical reactions, they do not identify the unknown enzymes 

for each of the putative reactions. 

We address the specific problem of identifying the biochemical functions of multiple enzymes for 

which there is unknown substrate specificities and predicting their links in a metabolic pathway 

or network. Our integrative pathway mapping approach (Chapter 3) identifies enzymes and 

metabolites in a linear pathway as well as their order, given a set of candidate members and at 

least one member, by integrating information from varied experiments and computational 

analyses. The goal is achieved by finding those pathway models that satisfy model restraints 

implied by input information. Here, we expand upon previous from linear pathways to nonlinear 

pathway topologies (networks). We improve our previous method by replacing stochastic 

sampling of linear pathways with their enumeration, followed by a new step of assembling linear 

pathways into non-linear networks. These advancements are demonstrated by benchmarking 

on several cases, including the networks of hexuronate (6-carbon sugar acid) metabolism and 

the glycolysis pathway. 

METHODS 

Overview 

A network model is represented as a graph, in which the enzymes, substrates, and products are 

represented by nodes and the enzymatic reactions are represented by edges. To generate the 

ensemble of networks that are consistent with input information, we formulate the approach as a 
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combinatorial optimization problem, in which the degrees of freedom are the identities of the 

molecular components (ligands and enzymes) in the network and the chemical reactions 

connecting the nodes (edges). The input includes possible metabolites, from which a subset are 

assigned as substrates or products, and possible enzymes in the network from which a subset 

are assigned as actual enzymes in the network. The input also includes metabolite docking 

scores and reaction patterns for as many enzymes as possible. The reaction patterns are 

immediately converted into a set of possible reactions, specifying all conceivable substrate, 

enzyme, and product triples. The calculation of the final network model consists of four main 

steps (see flowchart in Figure 1). First, possible linear pathway models are enumerated by 

considering the set of possible reactions, using a recursive backtracking algorithm.  Second, the 

enumerated linear pathways are ranked and filtered using a scoring function that depends on 

metabolite docking scores. Third, the possible linear pathways are merged into output branched 

network models. Finally, the output ensemble of network models is analyzed in terms of 

precision and satisfaction of input information. 

We benchmark the method by 1) reconstructing networks based on synthetic input information 

and 2) predicting a reaction network of glycolysis using realistic metabolite docking results. For 

each predicted network model, we determined the proportion of the true interactions (edges) 

that were recovered by calculating the true positive rate (TPR) and precision. 
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Figure 1. Flowchart of network prediction method. The inputs are the possible enzyme and metabolite 

sets, enzyme reaction sets, and docking data. The output is the predicted network model composed of 

the interactions between a subset of the initial sets of possible enzymes and metabolites. 
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Input: Candidate metabolites, candidate enzymes, and reaction sets 

First, we define the input, which includes the candidate metabolites and the candidate enzymes. 

The candidate metabolites are ligand entries from the Kyoto Encyclopedia Genes and Genomes 

database (20). The ligand entries are stored as canonical SMILES strings, and for structural 

comparisons, Morgan fingerprints, which are graph-based circular fingerprints useful for 

structural comparisons, computed by RDKit are used to represent the ligands with chirality 

taken into account (21, 22). 

From the candidate metabolites and chemical transformations associated with each candidate 

enzyme, possible reaction sets (substrate, product, and enzyme) are computed. Chemical 

transformations describe the enzymatic reaction without precise knowledge of the substrate, 

encoding the differences between the reactant and product on a more general level. While the 

full EC number describes the substrate specificity of an enzyme, the generic chemical 

transformation typically corresponds to the third level EC classification (16). The chemical 

transformation is determined from the Pfam classification (23) from the generic chemical 

reaction or reactions that are conserved across members of the protein family. Multiple chemical 

transformations may be considered for a single family. Using the library generation tool in 

OEChem Tools, the in silico transformation using SMIRKS strings was performed on each 

metabolite, represented as a SMILES string. We defined the chemical transformations using 

SMARTS transformation patterns (Supplementary Tables S1-S2). Using RDKit, possible 

reaction sets were generated by comparing all combinations of candidate metabolites and 

enzyme reactions (21).  For molecules with undefined stereocenters, the highest Tanimoto 

coefficient for up to 16 distinct stereoisomers was considered. Here, we define a reaction set as 

possible if the output of the SMARTS transformation applied to the substrate matches the 
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product. A match occurs when the Tanimoto coefficient between the molecular fingerprints is 

equal to 1. 

Step 1: Enumeration of pathway models 

Considering that pathways are composed of chemically feasible reactions, our approach finds 

possible pathways based on the pre-computed set of reactions. All possible pathways were 

enumerated using a recursive backtracking algorithm (Figure 2A). Other approaches have 

constructed pathways from known reactions using recursive algorithms with different types of 

constraints, such as stoichiometric constraints (24, 25). Here, pathway generation is framed as 

a constraint satisfaction problem, in which the constraints that define a possible pathway are as 

follows: 1) Components (metabolites or enzymes) do not occur more than once in a pathway; 2) 

for a pair of consecutive reactions, the product of the first reaction is the substrate of the second 

reaction; and 3) reactions in the pathway are in the set of possible reactions. Pathway models 

are built by adding one reaction at a time to the end of a linear pathway. The algorithm 

exhaustively adds one reaction at a time, and pathways that do not satisfy the constraints are 

rejected. To obtain all feasible pathways, pathway model building continues with the next 

reaction added to the end. This process continues until adding a new reaction results in no 

feasible pathways. 
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A 

 

B 

 

Figure 2. A) Scheme for the backtracking algorithm used for enumerating pathway models. B) Example of 

step that combines individual linear pathway models into a single network model based on the 

overlapping nodes. Enzymes are represented by diamond nodes, and metabolites are represented by 

colored circles. Circles are colored by unique identity. In the network model, the edges are colored by the 

pathway from which the edges had originated. 
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Step 2: Scoring of pathway models 

Information about the pathway other than the set of possible reactions is encoded as pathway 

restraints that are in turn summed into a scoring function. Here, each pathway model was 

scored using Z-scores from metabolite docking. For example, a candidate edge between a 

given enzyme and metabolite is restrained by a docking score for the pair. For each enzyme, 

docking scores were converted to Z-scores by subtracting the mean and dividing by the 

standard deviation of the docking scores. The docking Z-score for the entire pathway model is 

the sum of the Z-scores for all substrate-enzyme and product-enzyme pairs normalized by the 

square root of the number of pathway components (26). For the glycolysis pathway, the docking 

data was taken from the previous glycolysis docking study (27). 

Step 3: Assembling of network models 

The unique sampled pathway models with a score above a cutoff were considered in the 

analysis. The cutoff for all pathways was one standard deviation below the best score. As a 

reference distribution of scores from which we determined the standard deviation, pathways 

were generated by randomly assigning pathway components. The resulting ensemble of good-

scoring solutions is combined by shared nodes into a network model (Figure 2B). The edges 

that exist in the individual pathway models are retained in the network. 

Step 4: Analysis of results 

We can analyze the precision of the prediction first by clustering the individual linear pathways 

using hierarchical clustering. The pathway models are clustered by a pairwise distance metric 

that is defined as the number of mismatches by position divided by the number of nodes 

(including both proteins and ligands). Clusters are determined at the cutoff distance of 0.2. 
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Similar to entire ensemble of solutions, we can assemble the individual clusters on the shared 

nodes to form network models. 

RESULTS 

Synthetic Benchmark on Hexuronate Metabolism 

Our benchmark evaluates the method’s ability to recover edges in a metabolic network. We 

based the first network in our benchmark on hexuronate metabolism (28), from which we 

selected the enzymes and pathway metabolites using the SEED database (29). We tested our 

ability to predict three different subnetworks composed of 6, 8, or all 10 enzymes from the 

original network. For this benchmark, the true metabolite-enzyme interactions are shown as 

edges in Figure 3. Our metabolite library consisted of 19,994 molecules from the KEGG (20) 

and ZINC databases (30). The reactions for each enzyme were encoded as SMARTS 

transformation patterns, and the possible reaction sets were computed. 

To evaluate the ability for our method to recover metabolite-enzyme interactions, we 

benchmarked it using simulated docking data, which is used for scoring pathway models. The 

docking scores are sampled from a standard normal distribution, and docking scores for the true 

interactions sampled from a normal distribution with a mean centered at 0.0, 1.0, or 2.0. For all 

pairs of metabolites and enzymes, we sampled from the simulated docking distributions, and 

100 independent trials for sampling the docking score distribution with the same parameters 

were performed for each protein set.  
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6 enzyme set 

 

 

8 enzyme set 

 

 

10 enzyme set 

 

Figure 3. Graphs representing the reference network for pathway benchmarking. Metabolites are shown 

as colored circles nodes (Supplementary Figure S1) and enzymes are shown as diamond nodes. The 

edges indicate a true interaction (a substrate-enzyme or a product-enzyme relationship). 

We assessed how well the predicted networks reflect the true or reference network. The true 

positive rate (TPR) and precision were calculated for each case, comparing the edges in the 

predicted network model to the edges in the corresponding reference network (Figure 3). The 

TPR is defined as TP/(TP+FN), and the precision is TP/(TP+FP), where TP is the number of 

true positives, FN is the number of false negatives, and FP is the number of false positives. 
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The benchmark performance is tested on three network test cases. For each test case, all 

possible pathways were enumerated, and the total number of possible pathways is listed in 

Table 1. Then, we generated synthetic docking data with varying levels of signal, combined the 

docking scores together to score all the pathway models, and filtered these models by score. 

For each test case, the remaining pathway models can be combined into a network model. 

Examples of the output network models are shown in Figure 5. With increasing level of signal in 

the docking data, the proportion of true interactions recovered increases for all three test cases, 

from TPRs of 0.27-0.54 when there is no signal to TPRs of 0.90-0.97 for the highest signal 

(Figure 4). The precision also increases as the signal in the docking data becomes more 

significant, though the false positives account for about three quarters of the predicted 

interactions at the highest level of signal, with a range of precision between 0.24 and 0.27 for 

the three test cases. 

 

Table 1. Number of reaction sets and number of possible pathway models for benchmark test cases. 

 6 enzyme set 8 enzyme set 10 enzyme set 

# of possible reaction sets 4,986 5,666 7,749 

# of possible pathway models 243,794 2,756,282 85,674,354 
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6 enzyme set 

 
8 enzyme set 

 
10 enzyme set 

 
Figure 4. Benchmark results for test cases with varying levels of signal in simulated data. The x-axis 

shows the mean of the distribution from which true interactions were sampled in standard deviations 

relative to the mean of the distribution from which background interactions were sampled. The true 

positive rate (TPR) and precision were calculated over 100 independent trials at each level of signal. 
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6 enzyme set 

 
8 enzyme set 

 
 

10 enzyme set

 
Figure 5. Examples of predicted networks for test cases. Metabolites are shown as colored circles nodes 

and enzymes are shown as diamond nodes. Grey metabolites are present in the predicted network, but 

are not in the true network. The edges in teal are in the predicted network, and bold edges are in the true 

network. 
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Realistic Benchmark on Glycolysis 

We also assessed how well we could recover the glycolysis pathway using the chemical 

transformations and metabolite docking data from a previous study (27) as the input information. 

The candidate enzymes are the 10 glycolytic enzymes and 5,034 metabolites. In previous work, 

substrates were ranked in the top 1% of their virtual screening library for each pathway enzyme. 

Yet, we aim to predict interactions enzymes and their products in reconstructing a pathway, and 

while many of the products were ranked highly or even better than the substrate, there were 

several examples where the product was not ranked highly. 

All possible pathway models consisting of at least 9 enzymes were enumerated, resulting in 

17,568 unique linear models. Following scoring and filtering in step 2, 351 unique pathway 

models remained and were merged into a network model (Figure 6). Due to the high 

redundancy in the pathway models, the network model was composed of only 138 nodes (128 

ligand nodes and 10 enzyme nodes). The nodes with the most number of edges were the 

enzymes glucokinase and phosphofructokinase, which have identical chemical transformation 

patterns and whose substrates have similar functional groups. 
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Figure 6. Predicted Glycolysis network. Metabolite are shown as colored circles nodes and enzymes are 

shown as diamond nodes. The edges in teal are in the predicted network, and bold edges are in the true 

network. The enzymes are denoted by numbers as follows: 1 - glucokinase, 2 - phosphoglucose 

isomerase, 3 - phosphofructokinase, 4 - fructose bisphophatse aldolase, 5 - triosephosphate isomerase, 6 

- glyceraldehyde 3-phosphate dehydrogenase, 7 - phosphoglycerate kinase, 8 - phosphoglycerate 

mutase, 9 - enolase, 10 - pyruvate kinase. 

The predicted network model recovered the interactions in the glycolysis pathway. All true 

edges were present in the final network model, with a TPR of 1.0 and a specificity of 0.12. Many 

of the predicted edges were false positives. A linear representation of the glycolysis pathway, 

for which the ratio between product and enzyme is one-to-one, would not identify the 

relationships between the aldolase and both of its products. In the network model, the aldolase-
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dihydroxyacetone phosphate edge and the aldolase-glyceraldeyde 3-phosphate edge are both 

present.  

DISCUSSION 

Our previous work demonstrated the prediction of linear metabolic pathways through the 

integration of computational and experimental information encoded as restraints on the pathway 

composition and topology. However, many biological pathways are non-linear, containing 

numerous branches, alternative routes, and links to other pathways. To better reflect the 

complexity of metabolic networks, we have expanded our original method to prediction of non-

linear pathway topologies. 

The first advance relative to our original method was the enumeration of linear pathway models. 

An advantage of enumeration over stochastic Monte Carlo sampling is that all feasible solutions 

are guaranteed to be found. One limitation of this approach, however, is that constraints on 

pathways must be used to limit the search space sufficiently to make enumeration 

computationally feasible. In the examples presented here, the possible reaction sets were 

necessary to constrain the chemically feasible pathways, thus relying on chemical 

transformations as an input. For enzymes with no known chemical transformations, one can 

restrict the reaction sets by chemical similarity between possible substrates and products. If 

there is a lack of constraints on the pathways, the backtracking algorithm is equivalent to an 

unconstrained enumeration. 

Consideration of non-linear networks instead of only linear pathways increases the generality of 

our approach. However, this generalization clearly comes at the cost of a higher false positives 

rate, because now the correct network needs to be discriminated against a much larger number 

of true negatives. We address this issue in step 2, in which the linear pathways are ranked and 
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filtered based on additional input information, here consisting of metabolite docking results only. 

To increase the accuracy and precision of the output network models, additional terms could be 

added to the scoring function, such as functional relationships inferred from genomic context 

analysis (31), co-expression patterns (32), protein-protein interactions (33, 34), and many others 

we considered in Chapter 2. Indeed, as we showed in our previous work (Chapter 2), integration 

of multiple types of information in the scoring function can improve the accuracy and precision 

of pathway prediction relative to predictions based on individual sources. 

In conclusion, we have demonstrated that the integrative pathway mapping approach can be 

expanded from predicting linear pathways to predicting non-linear metabolic networks, with 

sufficient accuracy and precision to be useful in at least some practical applications. The 

method is implemented in our open source Integrative Modeling Platform package 

(http://integrativemodeling.org) and is easily extensible to integrate additional types of 

information. As a result, we expect that our approach will aid in the reconstruction of metabolic 

networks with complex topologies. Indeed, it is already being used to model a number of 

networks of interest to the Enzyme Function Initiative (http://enzymefunction.org/). 
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SUPPLEMENTARY INFORMATION 

Table S1. Chemical transformations for enzymes in hexuronate metabolism benchmark cases 

Enzyme name SMARTS pattern 

GulD [H][O:1][C:2]([H])([A:3])[A:4]>>[O:1]=[C:2]([A:3])([A:4]) 

LgaD [H][O:1][C:2]([H])([A:3])[A:4]>>[O:1]=[C:2]([A:3])([A:4]) 

UxaB [O:1]=[C:2]([A:3])([A:4])>>[H][O:1][C:2]([H])([A:3])[A:4] 

UxuB [O:1]=[C:2]([A:3])([A:4])>>[H][O:1][C:2]([H])([A:3])[A:4] 

MnrD [O:1]=[C:2]([A:3])([A:4])>>[H][O:1][C:2]([H])([A:3])[A:4] 

UxaA [H][O:1][C:2]([H])[C:3]([H])[O][H]>>[O:1]=[C:2][C:3]([H])[H] 

UxuA [H][O:1][C:2]([H])[C:3]([H])[O][H]>>[O:1]=[C:2][C:3]([H])[H] 

KdgK [C:1][O:2][H]>>[C:1][O:2][P](O)(O)=O 

KdgA [O:6]=[C:1][C:2][C:3]([O:4][H])[C:5]>>[O:6]=[C:1][C:2][H].[O:4]=[C:3][C:5] 

UxaC [O:1]=[C:2][C:3]([H])[O:4][H]>>[H][O:1][C:2]([H])[C:3]=[O:4] 

 
  



145 

Table S2. Chemical transformations for enzymes in the glycolysis benchmark 

Enzyme name SMARTs pattern 

Glucokinase [C:1][O:2][H]>>[C:1][O:2][P]([O])([O])=O 

Phosphoglucose 
isomerase 

[O:3][C:2][CH:1]>>[O:3][C:1][CH:2] 

Phosphofructokinase [C:1][O:2][H]>>[C:1][O:2][P]([O])([O])=O 

Fructose bisphophate 
aldolase 

[O:1]=[C:2][C:3][CH]([OH])[CH]([OH])A>>[O:1]=[C:2][C:3][H] 

O=C(A)C[C:2]([O:1][H])[C:3][O:4][H]>>[O:1]=[C:2][C:3][O:4][H] 

Triosephosphate 
isomerase 

[H][O:1][C:2]([H])[C:3](=[O:5])[C:4]>>[O:1]=[C:2][C:3]([H])([O:5][H])[C:4] 

Glyceraldehyde 3-
phosphate 
dehydrogenase 

[O:2]=[C:1][H]>>[O:2]=[C:1][O][P](O)(O)=O 

Phosphoglycerate 
kinase 

[C:1][O:2][P]([OH])([OH])=O>>[C:1][O:2] 

Phosphoglycerate 
mutase 

[O:5][P:6]([O:7])(=[O:8])[O:4][C:1][C:2][O:3][H]>>[H][O:4][C:1][C:2][O:3][
P:6]([O:5])([O:7])(=[O:8]) 

Enolase [H][C:1][C:2][O][H]>>[C:1]=[C:2] 

Pyruvate kinase [C:1]=[C:2][O:3][P]([O])([O])=O>>[H][C:1][C:2]=[O:3] 
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Supplementary Figure S1. Chemical structures of metabolites in benchmark test cases with 

corresponding colors for Figures 4 and 6. 

  



147 

References 

1. Bordbar A, Monk JM, King ZA, Palsson BO. Constraint-based models predict metabolic 
and associated cellular functions. Nat Rev Genet. 2014;15(2):107-20. 

2. Gerlt J, Allen K, Almo S, Armstrong R, Babbitt P, Cronan J, et al. The Enzyme Function 
Initiative. Biochemistry. 2011;50:9950-62. 

3. Jacobson MP, Kalyanaraman C, Zhao S, Tian B. Leveraging structure for enzyme 
function prediction: methods, opportunities, and challenges. Trends Biochem Sci. 
2014;39(8):363-71. 

4. Lee D, Redfern O, Orengo C. Predicting protein function from sequence and structure. 
Nature reviews Molecular cell biology. 2007;8(12):995-1005. 

5. Henry CS, DeJongh M, Best AA, Frybarger PM, Linsay B, Stevens RL. High-throughput 
generation, optimization and analysis of genome-scale metabolic models. Nat Biotechnol. 
2010;28(9):977-82. 

6. Huson DH, Mitra S, Ruscheweyh HJ, Weber N, Schuster SC. Integrative analysis of 
environmental sequences using MEGAN4. Genome Res. 2011;21(9):1552-60. 

7. Kanehisa M, Sato Y, Morishima K. BlastKOALA and GhostKOALA: KEGG Tools for 
Functional Characterization of Genome and Metagenome Sequences. J Mol Biol. 
2016;428(4):726-31. 

8. Meyer F, Paarmann D, D'Souza M, Olson R, Glass EM, Kubal M, et al. The 
metagenomics RAST server - a public resource for the automatic phylogenetic and functional 
analysis of metagenomes. BMC Bioinformatics. 2008;9:386. 

9. Moriya Y, Itoh M, Okuda S, Yoshizawa AC, Kanehisa M. KAAS: an automatic genome 
annotation and pathway reconstruction server. Nucleic Acids Res. 2007;35(Web Server 
issue):W182-5. 

10. Osterman A, Overbeek R. Missing genes in metabolic pathways: a comparative 
genomics approach. Current opinion in chemical biology. 2003;7(2):238-51. 

11. Yamanishi Y, Mihara H, Osaki M, Muramatsu H, Esaki N, Sato T, et al. Prediction of 
missing enzyme genes in a bacterial metabolic network. Reconstruction of the lysine-
degradation pathway of Pseudomonas aeruginosa. The FEBS journal. 2007;274(9):2262-73. 

12. Darvas F. Predicting Metabolic Pathways by Logic Programming. J Mol Graphics. 
1988;6(2):80-6. 

13. Ellis LB, Gao J, Fenner K, Wackett LP. The University of Minnesota pathway prediction 
system: predicting metabolic logic. Nucleic Acids Res. 2008;36(Web Server issue):W427-32. 



148 

14. Greene N, Judson PN, Langowski JJ, Marchant CA. Knowledge-based expert systems 
for toxicity and metabolism prediction: DEREK, StAR and METEOR. SAR and QSAR in 
environmental research. 1999;10(2-3):299-314. 

15. Moriya Y, Shigemizu D, Hattori M, Tokimatsu T, Kotera M, Goto S, et al. PathPred: an 
enzyme-catalyzed metabolic pathway prediction server. Nucleic Acids Res. 2010;38(Web 
Server issue):W138-43. 

16. Hatzimanikatis V, Li C, Ionita JA, Henry CS, Jankowski MD, Broadbelt LJ. Exploring the 
diversity of complex metabolic networks. Bioinformatics. 2005;21(8):1603-9. 

17. Kotera M, McDonald AG, Boyce S, Tipton KF. Eliciting possible reaction equations and 
metabolic pathways involving orphan metabolites. J Chem Inf Model. 2008;48(12):2335-49. 

18. Kotera M, Tabei Y, Yamanishi Y, Tokimatsu T, Goto S. Supervised de novo 
reconstruction of metabolic pathways from metabolome-scale compound sets. Bioinformatics. 
2013;29(13):i135-44. 

19. Nakamura M, Hachiya T, Saito Y, Sato K, Sakakibara Y. An efficient algorithm for de 
novo predictions of biochemical pathways between chemical compounds. BMC Bioinformatics. 
2012;13 Suppl 17:S8. 

20. Kanehisa M, Goto S. KEGG: kyoto encyclopedia of genes and genomes. Nucleic Acids 
Res. 2000;28(1):27-30. 

21. Landrum G. RDKit: Open-source cheminformatics. Release_2016.03.1 ed2016. 

22. Rogers D, Hahn M. Extended-connectivity fingerprints. J Chem Inf Model. 
2010;50(5):742-54. Epub April 28 2010. 

23. Finn RD, Coggill P, Eberhardt RY, Eddy SR, Mistry J, Mitchell AL, et al. The Pfam 
protein families database: towards a more sustainable future. Nucleic Acids Res. 
2016;44(D1):D279-85. 

24. Mavrovouniotis ML, Stephanopoulos G, Stephanopoulos G. Computer-Aided Synthesis 
of Biochemical Pathways. Biotechnol Bioeng. 1990;36(11):1119-32. 

25. Seressiotis A, Bailey JE. Mps - an Artificially Intelligent Software System for the Analysis 
and Synthesis of Metabolic Pathways. Biotechnol Bioeng. 1988;31(6):587-602. 

26. Ideker T, Ozier O, Schwikowski B, Siegel AF. Discovering regulatory and signalling 
circuits in molecular interaction networks. Bioinformatics. 2002;18 Suppl 1:S233-40. 

27. Kalyanaraman C, Jacobson MP. Studying enzyme-substrate specificity in silico: a case 
study of the Escherichia coli glycolysis pathway. Biochemistry. 2010;49:4003-5. 



149 

28. Rodionova IA, Scott DA, Grishin NV, Osterman AL, Rodionov DA. Tagaturonate-
fructuronate epimerase UxaE, a novel enzyme in the hexuronate catabolic network in 
Thermotoga maritima. Environ Microbiol. 2012;14(11):2920-34. Epub 2012/08/29. 

29. Overbeek R, Begley T, Butler RM, Choudhuri JV, Chuang HY, Cohoon M, et al. The 
subsystems approach to genome annotation and its use in the project to annotate 1000 
genomes. Nucleic Acids Res. 2005;33(17):5691-702. 

30. Irwin JJ, Sterling T, Mysinger MM, Bolstad ES, Coleman RG. ZINC: A Free Tool to 
Discover Chemistry for Biology. J Chem Inf Model. 2012. Epub 2012/05/17. 

31. Overbeek R, Fonstein M, D'Souza M, Pusch GD, Maltsev N. The use of gene clusters to 
infer functional coupling. Proceedings of the National Academy of Sciences of the United States 
of America. 1999;96(6):2896-901. 

32. Huttenhower C, Hibbs M, Myers C, Troyanskaya OG. A scalable method for integration 
and functional analysis of multiple microarray datasets. Bioinformatics. 2006;22(23):2890-7. 

33. Enright AJ, Iliopoulos I, Kyrpides NC, Ouzounis CA. Protein interaction maps for 
complete genomes based on gene fusion events. Nature. 1999;402(6757):86-90. 

34. Marcotte EM, Pellegrini M, Thompson MJ, Yeates TO, Eisenberg D. A combined 
algorithm for genome-wide prediction of protein function. Nature. 1999;402(6757):83-6. 



150 

 




