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Computational Tools for Discovering
and Engineering Natural
Product Biosynthetic Pathways

Henggian Ren,” Chengyou Shi," and Huimin Zhao!-2:3*

Natural products (NPs), also known as secondary metabolites, are produced in bacteria, fungi, and
plants. NPs represent a rich source of antibacterial, antifungal, and anticancer agents. Recent ad-
vances in DNA sequencing technologies and bioinformatics unveiled nature’s great potential for syn-
thesizing numerous NPs that may confer unprecedented structural and biological features. However,
discovering novel bioactive NPs by genome mining remains a challenge. Moreover, even with inter-
esting bioactivity, the low productivity of many NPs significantly limits their practical applications.
Here we discuss the progress in developing bioinformatics tools for efficient discovery of bioactive
NPs. In addition, we highlight computational methods for optimizing the productivity of NPs of phar-
maceutical importance.

INTRODUCTION

Natural products (NPs) are molecules of great medical importance that usually originate from bacteria,
fungi, and plants. Since the early 20" century when penicillin was first discovered and clinically used for con-
trolling infection, tens of thousands of NPs were identified in all three domains of life and many were
approved as drugs. Based on the statistics from 1981 to 2014, around half of the US Food and Drug Admin-
istration-approved drugs have at least a NP origin (Newman and Cragg, 2016). To find drug leads for
currently untreatable diseases such as Alzheimer disease and deal with the rise of antimicrobial resistance,
there has always been a pressing need for discovering new NPs (Dey et al., 2017; Hernando-Amado et al.,
2019). However, after the golden age of NP discovery in the 1960s to the 1970s, the rate of NP discovery
drastically decreased (Shen, 2015). Moreover, another related challenge is that the manufacturing cost
for NP-based drugs is relatively high, which to a large extent is due to the low productivity of NPs in native
hosts (Pham et al., 2019).

The biosynthesis of NPs usually involves multi-step enzymatic reactions, which are usually referred to as
biosynthetic pathways. Traditional methods for discovering NPs mostly relied on bioactivity assays and
product isolation and purification technologies, whereas advances in genomics and bioinformatics led
to an alternative strategy called genome mining in which biosynthetic pathways are computationally pre-
dicted and prioritized for downstream experiments including NP isolation and characterization (Smanski
etal., 2016). More importantly, coupled with synthetic biology tools, this genome mining strategy can over-
come some inherent limitations of the traditional strategies, such as lack of appropriate cultivation
methods for target organisms and lack of ways to bypass negative regulation of target pathways in native
hosts. As many biosynthetic pathways have undetectable expression levels in native hosts unless specific
signals exist, one may manipulate the pathway of interest and remove elements that are potentially related
to repression (Rutledge and Challis, 2015). However, identification of biosynthetic pathways from the
genome context is not easy, which necessitates the development of computational tools for genome
mining.

On the other hand, design and optimization of biosynthetic pathways for overproducing NPs with demon-
strated medical importance is also extremely valuable. Long time and high resource cost for cultivating NP-
producing organisms often result in prohibitive prices of the corresponding drugs (Pham et al., 2019). For
example, taxol, one of the most widely used anticancer drug, is naturally synthesized by Taxus brevifolia
forest tree. The most common strategy to produce this drug is through extraction of the tree bark, which
needs 3,000 trees to obtain a kilogram of taxol (Nazhand et al., 2019). Although producing NPs in a cell
factory through reconstitution of the corresponding biosynthetic pathways can be a very promising way
to address this challenge, many issues exist when expressing a pathway in heterologous hosts, such as
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Figure 1. Summary of Computational Strategies for Natural Product Biosynthetic Pathway Prediction and
Optimization Described in This Review

loss of activity or malfunction of biosynthetic enzymes as well as metabolic burden on the host. Therefore,
computational approaches that can optimize the target pathway at different levels for NP overproduction
are highly desirable.

In this review, we will highlight some computational methods that have been experimentally demonstrated
or can be potentially used for the identification and optimization of NP biosynthetic pathways (Figure 1).
For readers who may have a more general interest in discovery and metabolic engineering of NPs, we refer
them to a recently published themed collection named Engineering of Cell Factories for the Production of
Natural Products (Weber, 2019).

IDENTIFICATION AND ANALYSIS OF NATURAL PRODUCT BIOSYNTHETIC PATHWAYS
Bioinformatics Tools for Identifying Natural Product Biosynthetic Gene Clusters

With rapid advances in DNA sequencing technologies, many bioinformatics tools have been developed for
mining sequenced microbial genomes (see Table 1 for a summary of biosynthetic gene clusters (BGCs)
prediction tools mentioned in this review). Most of them are signature-based genome mining tools, which
utilize profile hidden Markov models (HMMs) or Basic Local Alignment Search Tool (BLAST) searches to
identify signature genes responsible for specific NP biosynthesis. Examples include ClustScan (Starcevic
et al., 2008), NP.searcher (Li et al., 2009), SMURF (Khaldi et al., 2010), and antiSMASH (Blin et al., 2013,
2017, 2019; Medema et al., 2011; Weber et al., 2015). Notably, databases for known BGCs such as MIBiG
(Minimum Information about a Biosynthetic Gene Cluster) 2.0 and antiSMASH (antibiotics & Secondary
Metabolite Analysis Shell) database can also be leveraged for genome mining (Kautsar et al., 2019; Blin
et al., 2019).

ClustScan (Cluster Scanner) (Starcevic et al., 2008) was developed to specifically analyze modular clusters,
including polyketide synthase (PKS), non-ribosomal peptide synthetase (NRPS), and hybrid PKS/NRPS
BGCs in bacterial genomes. It employs a top-down approach based on profile HMMs to annotate BGCs
encoding modular biosynthetic enzymes, allowing the semi-automatic structural prediction of the prod-
ucts. The predicted chemical structures of products can be exported in a SMILES/SMARTS format for
further analysis by standard chemistry programs.

NP.searcher (Natural Product searcher) (Li et al., 2009) web server is one of the first open-source genome
mining tools specialized in predicting the possible chemical structures resulting from PKS, NRPS, and PKS/
NRPS BGCs in bacterial genomes. Its algorism uses BLAST to align sequences with seed NRPS and PKS
sequences and recognize clusters of catalytic domains and auxiliary domains that function during the
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AntiSMASH

PlantiSMASH

NP.searcher

SMURF

ClustScan

eSNaPD

ClusterFinder

EvoMining

NRPS-PKS/
SBPKS

NaPDoS

Target
Organism

Bacteria and

fungi

Plant

Bacteria

Fungi

Bacteria

Bacteria

Bacteria

Bacteria

Bacteria

Metagenomic

sample

BGC
Prediction

Unrestricted

Unrestricted

NRPS, PKS,
NRPS/PKS

NRPS, PKS,
NRPS/PKS,
DMATS

NRPS, PKS

Unrestricted

Unrestricted

Unrestricted

NRPS, PKS

NRPS, PKS

Input

DNA sequences

DNA sequences

DNA sequences

Protein sequences
and chromosomal
coordinates of

genes

DNA sequences

Metagenomic
DNA

DNA sequences

DNA sequences

Protein sequences

Protein or DNA

sequences

Chemical
Structure
Prediction

Yes

No

Yes

No

Yes

Yes

No

Table 1. Summary of Computational Tools for Pathway Prediction Highlighted in This Review

Key Features

Integrate multiple BGC
prediction tools/algorithms:
ClusterFinder, NaPDoS,
RODEO

Plant-adapted pHMMs and
cluster detection rules and
support for co-expression

analysis

Predict 2D and 3D structure
of NRPS/PKS

Use gene coordinates as
well as protein sequences

as input

First employ pHMMs of
signature genes for BGC

prediction

Uncover biosynthetic
diversity from

metagenomic data

Prediction is based on Pfam

domain frequencies

Genome mining based on

evolutionary principles

Model 3D structures of
individual PKS catalytic

domains

Phylogenic approach for
domain analysis, various
query types including
genome contigs

URL

https://antismash.
secondarymetabolites.

org

http://plantismash.
secondarymetabolites.

org

http://dna.sherman.lsi.

umich.edu

www.jcvi.org/smurf

Obtain by request at

novalis@novalis.hr

http://esnapd2.

rockefeller.edu

https://github.com/

petercim/ClusterFinder

https://github.com/

nselem/evomining

http://www.nii.ac.in/

sbspks.html

http://npdomainseeker.

ucsd.edu

Reference

(Blin et al., 2013, 2017,
2019; Medema et al.,
2011; Weber et al.,
2015)

(Kautsar et al., 2017)

(Li et al., 2009)

(Khaldi et al., 2010)

(Starcevic et al., 2008)

(Reddy et al., 2014)

(Cimermancic et al.,
2014)

(Selem-Mojica et al.,
2019)

(Anand et al., 2010)

(Ziemert et al., 2012)

(Continued on next page)
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Bacteria

Bacteria

Bacteriocin,
RIPP

RIPP

DNA sequences

Protein accession

number

Yes

Single-input whole-genome http://bagel. (van Heel et al., 2013)
analysis for bacteriocin and molgenrug.nl
RIPP BGC detection

Combine hidden Markov http://ripp.rodeo (Tietz et al., 2017)
model-based analysis,

heuristic scoring and

machine learning
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Figure 2. General Workflow of antiSMASH

Primarily, antiSMASH identifies signature biosynthetic genes (hit on their pHMMs) that encode enzymes responsible for generating a class-specific scaffold
and locates a cluster based on a set of manually curated BGC cluster rules. Alternatively, it uses the ClusterFinder algorithm for BGC prediction. For fungal
BGCs, Cluster Assignment by Islands of Sites (CASSIS) is integrated for better prediction of gene cluster boundaries. In addition, several downstream
analyses can be performed: NRPS/PKS domain analysis and annotation, prediction of the core chemical structure of PKSs and NRPSs, substrate specificity
prediction for NRPS ‘A" domains (via NRPSpredictor2) (Réttig et al., 2011), ClusterBlast gene cluster comparative analysis, and smCOG secondary
metabolism protein family analysis.

assembly of the core products. BLAST is also used to identify additional enzymes within clusters, which
serve to further tailor the products following core molecule assembly. Unlike ClustScan, which only predicts
basic linear and cyclical conformations of a polyketide compound, NP.searcher outputs putative candidate
non-ribosomal peptide and polyketide specialized metabolites in SMILES format, which enables 2D and 3D
structure representations in assorted chemical software.

The SMURF (Secondary Metabolite Unknown Regions Finder) tool (Khaldi et al., 2010) was specifically de-
signed for mining secondary metabolite biosynthetic gene clusters in fungi, including PKS, NRPS, PKS/
NRPS, and dimethylallyl tryptophan synthase (DMATS). It relies on profile HMMs much in the same way
as CLUSEAN (Weber et al., 2009) to annotate signature genes, and then the algorithm scans a window
of £20 genes neighboring the signature gene to look for other tailoring enzymes depending on the pres-
ence of protein domains from a training set of 22 Aspergillus fumigatus BGCs. Unlike ClustScan and
NP.searcher, which require DNA sequences as an input, SMURF requires gene coordinates as well as pro-
tein sequences as input and it lacks the prediction of the chemical structure of the final product.

AntiSMASH (Medema et al., 2011) is a comprehensive pipeline for identifying a broad range of secondary
metabolite BGCs in bacterial and fungal genomes, including those producing polyketides, non-ribosomal
peptides, terpenes, aminoglycosides, aminocoumarins, indolocarbazoles, lantibiotics, bacteriocins, nucle-
osides, beta-lactams, butyrolactones, siderophores, melanins, and others. On top of using signature gene
profile HMMs for gene cluster identification, antiSMASH uses a “"greedy” algorithmic approach to extend
the gene cluster by 5, 10, or 20 kb on both sides; therefore closely spaced clusters can be merged into “su-
perclusters.” In the latest antiSMASH pipeline (v.5.0) (Blin et al., 2019), the so-called superclusters is re-
named as "regions,” which contain multiple mutually exclusive candidate clusters for better interpretation
of hybrid BGCs. Furthermore, antiSMASH provides additional options of NRPS/PKS domain analysis and
annotation, prediction of the core chemical structure of polyketides and non-ribosomal peptides,
ClusterBlast gene cluster comparative analysis, and secondary metabolism protein family analysis
(smCOG). Finally, the output can be visualized in one user-friendly interactive XHTML page (see Figure 2
for a general workflow of antiSMASH). It is noteworthy that plantiSMASH, an antiSMASH derivative for plant
genome mining, includes plant-specific cluster detection rules, co-expression analysis to identify pathways
within and between clusters, and comparative genomic analysis to study the evolutionary conservation of
each cluster (Kautsar et al., 2017).

Other novel genome mining tools have also been developed for the prediction of new classes of NP BGCs.
ClusterFinder (Cimermancic et al., 2014), an open-source pHMM-based probabilistic algorithm, predicts
BGCs by analyzing the probability that locally encoded protein domains belong to a BGC using a training
set of 677 experimentally characterized gene clusters as well as 100 randomly selected non-BGC regions. It
is worth mentioning that the updated antiSMASH pipeline (v.3.0) integrates ClusterFinder algorithm for the
detection of gene clusters of unknown types (Weber et al., 2015). Another genome mining tool, EvoMining
(evolutionarily driven genome mining) (Cruz-Morales et al., 2016; Selem-Mojica et al., 2019), is based on the
identification of functionally diverged paralogs of primary metabolic enzymes that have acquired functions
in specialized metabolism during evolution.

In addition to the above-mentioned bioinformatics tools developed for BGC prediction from individual ge-
nomes, a web-based bioinformatics tool eSNaPD (environmental Surveyor of Natural Product Diversity)
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(Reddy et al., 2014) was developed to survey NP BGC diversity in metagenomic DNA sequences. In this
approach, PCR-generated sequence tags from metagenomic DNA are compared with a reference data-
base of characterized gene clusters to estimate the biosynthetic diversity hidden within a pool of metage-
nomic DNA and discover BGCs encoding novel NPs.

Many genome mining tools are designed to predict a particular type of secondary metabolite BGC of in-
terest. Two bioinformatics tools devised for NRPS and PKS prediction are NRPS-PKS/SBSPKS and NaPDoS
(Anand et al., 2010; Ziemert et al., 2012). SBSPKS (Structure Based Sequence analysis of PolyKetide Syn-
thases) is a web-based software tool that can be used to model 3D structures of bacterial type | PKS and
allows a sequence-based comparison of query PKS with a database of 167 experimentally characterized
NRPS/PKS gene clusters consisting of roughly 4,400 catalytic domains. The NaPDoS (Natural Product
Domain Seeker) web portal employs a phylogeny-based classification system to identify candidate KS
and C domains from amino acid or DNA sequences. It features the identification of new domain lineages
from diversified query types, including the incomplete genome assemblies obtained by next-generation
sequencing technologies.

Ribosomally synthesized and post-translationally modified peptide (RiPPs) BGCs are notoriously difficult to
detect computationally (Arnison et al., 2013) due to the absence of a shared signature biosynthetic gene
across all pathways. BAGEL (van Heel et al., 2013) and antiSMASH both use single-input whole-genome
analysis for detecting several known classes of RiPPs. In 2017, RODEO (Rapid ORF Description and Evalu-
ation Online) was reported for rapid RiPP BGC prediction, which combines pHMMs, heuristic scoring, and
machine learning to identify BGCs and predict RiPP precursor peptides (Tietz et al., 2017). AntiSMASH 4.0
integrates RODEO algorithm for more accurate RiPP BGC prediction (Blin et al., 2017).

Once the BGCs have been identified computationally, there is often a need to find out whether the NPs encoded
by the target BGCs are biologically active or not. Nature has evolved multiple strategies to protect antibiotic pro-
ducers from being killed by the antibiotics themselves. One of them is that the producer encodes a second copy
of the antibiotic target gene in the corresponding BGC, which is called resistance gene. Such resistance gene was
successfully used as a signature for genome mining of antibiotics and providing insights for its mode of action
(Thaker et al., 2014; Tang et al., 2015). To automate the discovery and identification of resistance genes, Ziemert
and coworkers developed the antibiotic resistant target seeker (ARTS) tool, which can detect resistance genes in
actinobacterial genomes based on three criteria: duplication, localization within a BGC, and evidence of horizon-
tal genetransfer (Alanjary etal., 2017). In addition, some BGC prediction algorithms were also recently updated to
incorporate functionality for resistance gene identification, such as PRediction Informatics for Secondary Metab-
olomes (PRISM) 3 (Skinnider et al., 2017).

Computational Methods for Identifying Unclustered Natural Product Biosynthetic Pathways

Computational approaches have also been developed to identify NP biosynthetic pathways even when the
involved genes are not clustered, such as in plants. Co-expression and evolutionary genomics are two
promising strategies to elucidate non-clustered specialized metabolic pathways.

In a typical co-expression analysis, candidate genes encoding biosynthetic enzymes for the biosynthesis of
a compound of interest can be identified by using the genes for characterized enzymes as bait and ranking
all other genes by correlation coefficient to the bait. In cases where the final structure of compound is un-
known, the co-expression analysis can be complemented by untargeted metabolomics. For example, by
using the gene encoding characterized cytochrome P450 as a bait to detect other genes that were strongly
co-expressed, a previously unknown 4-hydroxyindole-3-carbonyl nitrile pathway in A. thaliana was uncov-
ered (Rajniak et al., 2015). Using a similar strategy, the podophyllotoxin pathway from mayapple was also
identified by the same laboratory (Lau and Sattely, 2015). In addition to co-expression analysis using bait
genes, WGCNA (weighted correlation network analysis) can be used for measuring gene co-expression
patterns. Candidate pathways can be identified by extracting modules of highly correlated genes from
the correlation network (Langfelder and Horvath, 2008). Co-expression networks can also be constructed
across multiple species, as exemplified by CoExpNetViz (Tzfadia et al., 2016). The rationale behind
cross-species co-expression networks is that genes involved in the same pathway remain co-expressed dur-
ing evolution and identifying conserved co-expression of orthologous groups of genes will aid in pathway
identification.
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Evolutionary genomic analysis is another promising approach of predicting functional connections be-
tween biosynthetic genes by using phylogenetic profiling to find co-occurrence across genomes. For
example, CLIME (clustering by inferred models of evolution) is a tree-structured algorithm to cluster
gene sets based on evolutionary history and has the potential to predict new members of a pathway based
on shared inferred ancestry (Li et al., 2014).

RECONSTITUTION AND OPTIMIZATION OF NATURAL PRODUCT BIOSYNTHETIC
PATHWAYS IN MODEL ORGANISMS

Reconstitution of Natural Product Biosynthesis in Model Organisms

Many NPs of pharmaceutical interest originate from organisms, such as plants, whose cultivation requires
excessive time and resource, which usually ends up in expensive prices for corresponding drugs in the mar-
ket and restricts their availability for patients. From a synthetic biology perspective, such obstacles can be
potentially addressed through biosynthetic pathway reconstitution in microorganisms that are amenable
to modern industrial fermentation. Model organisms such as E. coli for prokaryotes and Saccharomyces
cerevisiae for eukaryotes are ideal chassis for heterologous expression of NP biosynthetic pathways with
various origins. However, NP biosynthetic pathways are usually uncharacterized to some extent and the
identification of missing enzymes can be very challenging. While missing enzymes can be identified by
analyzing native producers as aforementioned, nature provides a vast number of enzymes for catalyzing
numerous reactions. Therefore, mining enzymes with desired properties from organisms rather than the
native host to construct artificial pathways for synthesizing NPs represents an attractive alternative strategy.

Similar to the strategy in organic synthesis, retrosynthesis can also be used for artificial pathway design,
which is sometimes referred as retrobiosynthesis (Hadadi and Hatzimanikatis, 2015). An NP of interest
can be deconstructed one step reaction at a time into simpler precursors, and the process can be per-
formed iteratively until the precursors are readily available (e.g., from primary metabolism). Afterward,
biosynthetic enzymes that are able to catalyze each proposed reaction step need to be discovered from
databases and used for reconstructing the whole biosynthetic route. To date, 10 retrobiosynthesis-based
pathway design tools are available, and only RetroPath has been experimentally tested for designing
biosynthetic routes to pinocembrin, which has been reviewed elsewhere (Table 2) (Wang et al., 2017; Cra-
vens et al., 2019; Delepine et al., 2018). Possible reasons for that can be to some extent the universal
complicated chemical structures of NPs whose synthesis demands enzymes with properly balanced sub-
strate specificity and tolerance, making the selection of appropriate enzymes a difficult task. Therefore, ret-
robiosynthetic tools that can rank the candidate enzymes by properties such as substrate similarity and/or
promiscuity would be more suitable for designing artificial NP pathways (Cravens et al., 2019).

Although retrobiosynthesis is a generally applicable method for artificially designing pathways for synthe-
sizing any compound even when the natural biosynthetic mechanism is uncharacterized, one may be inter-
ested in synthesizing NPs with demonstrated medical values. Owing to their pharmaceutical importance,
such NPs have usually been studied for years and the corresponding pathways are characterized to some
extent. However, the biosynthesis reconstitution can still be very challenging because the pathway may be
incomplete and enzyme malfunctions can be observed in the selected host. Therefore, computational
methods that can search enzymes with proper function from databases and prioritize for experimental
test are particularly desirable in such scenarios (Figure 1). Currently, genomic databases such as Kyoto
Encyclopedia of Genes and Genomes (KEGG) and medicinal plant genome project, as well as transcrip-
tomic databases such as the 1000 plants (1KP) project, are frequently used for biosynthetic enzyme discov-
ery (Table 2) (Kanehisa and Goto, 2000; Chen et al., 2011; Matasci et al., 2014). One recently reported appli-
cation is the successful reconstitution of the cannabinoid biosynthetic pathway in S. cerevisiae (Luo et al.,
2019). Cannabinoids constitute a series of compounds that act on cannabinoid receptors with emerging
clinical applications (Aizpurua-Olaizola et al., 2016). The key precursor in cannabinoid biosynthesis, canna-
bigerolic acid, is produced from olivetolic acid and geranyl pyrophosphate by a geranylpyrophosphate:o-
livetolate geranyltransferase (GOT). Although the activity of GOT was detected in Cannabis extracts two
decades ago, no GOT activity was ever reconstituted in yeast. By mining the transcriptomics of Cannabis
as well as its close relative Humulus lupulus by BLAST using characterized GOTs as queries, Keasling and
coworkers identified eight candidates and one exhibited activity in yeast. Another exemplary research is
the identification of DRS-DRR, which converts S-reticuline to R-reticuline, a key step in opioid biosynthesis
(Galanie et al., 2016). Previous isotope feeding studies indicate that the conversion from S-reticuline to R-
reticuline proceeds via oxidation to Schiff base intermediate and stereospecific reduction. In addition,
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Name

RetroPath 2.0

Kyoto Encyclopedia of Genes
and Genomes (KEGG)

1000 Plants (1KP) Project

CoStar

Presyncodon

BacPP

WebGeSter DB

RBS Calculator

ClusterCAD

Category

Computational tool

Database

Database

Computational tool

Computational tool

Computational tool

Database

Computational tool

Computational tool

Target

Biosynthetic genes

Biosynthetic Genes

Biosynthetic genes

Biosynthetic genes

Biosynthetic genes

Promoter

Terminator

RBS

Biosynthetic genes

Function

Artificial pathway
design

Codon optimization

Codon optimization

Promoter prediction

RBS design

Protein engineering

Key Features

Automated open source
workflow for retrosynthesis
based on generalized

reaction rules

Database for systematic
analysis of gene functions,
linking genomic information
with higher order functional

information

Transcriptome data from

over 1,000 plant species

Optimization of gene
sequences by avoiding
hairpins, GC content
variation and repeat

Design of gene sequences
for optimized heterologous
expression by machine

learning

Identification of promoters
from genome sequences
by a machine learing

algorithm

Database containing a million
terminators identified in 1,060
bacterial genome sequences
and 798 plasmids

Control of expression level
by designing RBSs with various
strength

Design of chimeric PKSs

Table 2. Summary of Computational Tools and Databases for Pathway Optimization Highlighted in This Review

URL

https://www.myexperiment.
org/workflows/4987.html

https://www.genome.jp/kegg/

http://www.bioinfodata.org/
app/Blast4OneKP/home/

http://life.sysu.edu.cn/COStar/
COStar.html

http://www.mobioinfor.cn/

presyncodon_www/index.html

www.bacpp.bioinfoucs.com/

home

http://pallab.serc.iisc.ernet.in/

gester

http://www.salis.psu.edu/

software

https://clustercad.jbei.org/

S

Reference

(Delepine et al., 2018)

9JUDI0

(Kanehisa and Goto,
2000)

(Matasci et al., 2014)

(Liu et al., 2014)

(Tian et al., 2018)

(Silva et al., 2011, 2016)

(Mitra et al., 2011)

(Salis et al., 2009; Salis,
2011; Borujeni et al.,
2014; Farasat et al.,
2014)

II®O

(Eng et al., 2018)
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plant gene silencing studies indicate that codeinone reductase (COR) knockdown results in reticuline accu-
mulation and in one case, specifically S-reticuline accumulation. Therefore, the reported virus-induced
gene silencing sequence of the COR enzyme was used as a BLAST query against Papaver species in the
1KP project and PhvtoMetaSyn transcriptome database. Four enzymes with both a cytochrome P450 oxi-
dase (CYP) 82Y1 domain and a COR-like domain fusion protein were identified, which led to the identifica-
tion of Pbr.89405. The activity of Pbr.89405 was then confirmed by heterologous expression in yeast.

Optimization of Enzymes in a Natural Product Biosynthetic Pathway
Codon Optimization of Biosynthetic Genes

Owingto the variation of biological context for gene expression from one organism to another, codon opti-
mization is a widely used strategy to increase the success rate of heterologous gene expression, and devel-
opment of computational tools that can automate the design process is both desirable and necessary,
particularly in cases such as NP pathway reconstitution when multiple genes need to be optimized at
the same time (Figure 1). Early codon optimization tools, including UpGene, JCat, and OPTIMIZER, rely
on codon usage data for different organisms and optimize the target gene by the abundancy of synony-
mous codons for each amino acid residue, which is usually referred as “CAl = 1" theory (Gao et al,,
2004; Grote et al., 2005; Puigbo et al., 2007). However, synonymous codons are not randomly used in nature
and these methods overlooked many criteria for synonymous codon selection. For example, local GC con-
tent can change the stability and form secondary structures in mRNAs, which is harmful to translation (Kudla
et al., 2006). In addition, varying ratios of the low-frequency-usage and high-frequency-usage codons in a
gene would control the translation speed of the protein, which is critical for the folding of the synthesized
protein fragment and the assembly of the structural elements of the protein (Li et al., 2014). Therefore,
many codon optimization tools using more sophisticated algorithms were developed.

Global properties of the resulting DNA, such as GC content and repetitive sequences, after codon optimi-
zation have a significant impact on protein expression, which was considered by many codon optimization
tools as designing criteria. Using the sliding window approach, Fath and coworkers developed a multipa-
rameter RNA and codon optimization tool to assess and enhance autologous mammalian gene expression,
in which nine sequence-based parameters, including increasing GC content, removing destabilizing RNA
elements, and avoiding RNA secondary structures, were taken into account for sequence design (Fath
et al., 2011). Following RNA and codon optimization, 50 candidate genes representing five classes of hu-
man proteins—transcription factors, ribosomal and polymerase subunits, protein kinases, membrane pro-
teins, and immunomodulators—all showed reliable and elevated expression. Later on, Liu and coworkers
combined a sliding window approach with a dynamic search using the D-star lite algorithm and developed
CoStar algorithm (Liu et al., 2014). Compared with other codon optimization tools such as GeneOptimizer
and EuGene, COStar gave lower scores of hairpins, lower variance of GC content, and fewer repeats
(Table 2).

Besides individual codon bias, usage of sequential codons is also not random and unique to each species,
which is known as codon pair usage or codon context bias (Quax et al., 2015). Although the evolutionary
basis for such phenomenaiis still not completely clear, codon optimization tools considering codon context
bias have been developed and proved to be successful. To compare the importance of individual codon
usage (ICU) and codon context (CC) in sequence optimization, Lee and coworkers developed novel
computational procedures to formulate appropriate mathematical expressions to quantify the ICU and
CC fitness of a coding sequence and applied optimization procedures to maximize ICU and/or CC fitness
(Chung and Lee, 2012). The resultant in silico optimized DNA sequence suggested that CC is a more rele-
vant design criterion than the commonly considered ICU in four normally used organisms for heterologous
expression, including E. coli, Lactococcus lactis, Pichia pastoris, and S. cerevisiae. More recently, Alexaki
and coworkers constructed a database to include genomic codon-pair and dinucleotide statistics of all or-
ganisms with sequenced genomes available in the GenBank, which provides an invaluable resource for re-
combinant gene design (Alexaki et al., 2019).

In recent years, algorithms based on machine learning were also developed for codon optimization. Tian
and coworkers developed Presyncodon, which learned codon usage patterns of the residue in the context
of specific fragments and predicted synonymous codon selection in E. coli (Table 2) (Tian et al., 2017). By
using Presyncodon, the authors designed eGFP and mApple and expressed in E. coli, which gave 2.3- and
1.7-fold higher fluorescence, respectively, than their counterparts that were optimized by only using
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high-frequency-usage codons. Later on, the same research group further extended this method to Bacillus
subtilis and S. cerevisiae (Tian et al., 2018).

Although different codon optimization methods taking design criteria from various perspectives were
mentioned above, one may have specific considerations for optimizing the gene of interest as these
methods may not be generally applicable. For example, Claassens and coworkers evaluated the expres-
sion of six wild-type membrane-integrated proteins in E. coli and compared them with their codon-opti-
mized and codon-harmonized counterparts and found that not a single algorithm performed consistently
best for the protein production (Claassens et al., 2017). Therefore, packages of different codon optimiza-
tion algorithms that provide sufficient designer flexibility were also developed (Jayaraj et al., 2005; Jung
and McDonald, 2011; Gaspar et al., 2012; Chin et al., 2014; Sequeira et al., 2017; Yu et al., 2017; Rehbein
et al., 2019).

Protein Engineering of Biosynthetic Enzymes

Codon optimization tools can be used to increase the expression level of biosynthetic genes in the heter-
ologous host, whereas computation-aided protein engineering strategies can also be used for engineering
biosynthetic enzymes with desired properties for NP synthesis (Figure 1). Many computational tools for
template-based or de novo protein structure prediction and sequence design have been developed,
but their applications in NP synthesis are rarely reported (Kuhlman and Bradley, 2019). However, recently,
Keasling and coworkers developed ClusterCAD, a computational tool for rational design of chimeric type |
modular PKS to synthesize polyketides, a major family of NPs, with designer structures (Eng et al., 2018). A
type | modular PKS consists of multiple catalytic domains arranged in a specific order and works together as
an assembly line to produce the polyketide in a stepwise manner, and such a biosynthetic machinery en-
ables researchers to produce designer polyketides by rearranging catalytic domains in PKSs accordingly
(Fischbach and Walsh, 2006; Alanjary et al., 2019). However, engineering PKSs to produce designer poly-
ketides was achieved with varying success rates that can be largely affected by the way of module selection
(Alanjary etal., 2019). Through analysis of sequence similarity between PKS modules and structure similarity
of their cognate polyketide intermediates, ClusterCAD helps its users to identify the best starting PKS that
can generate the polyketide with the highest similarity to the designed structure and select donor modules
for catalytic domain exchange. By using ClusterCAD, the authors successfully designed a chimeric PKS to
produce adipic acid.

Through iterative rounds of genetic diversity generation and screening/selection for improved properties
such as activity, substrate selectivity, regio- or steroselectivity, and stability, directed evolution has been
proved to be a highly effective approach for protein engineering. However, traditional directed evolution
methods have their inherent limitations. For example, protein variant libraries constructed through tradi-
tional methods such as random mutagenesis can hardly achieve a comprehensive sequence space,
whereas such a library may still be too large for high-throughput screening because developing an appro-
priate high-throughput screening method for a particular reaction of interest is not trivial. Therefore,
computational methods are also developed, which could provide effective ways to identify mutational hot-
spots and therefore make a “smart library,” which has much a smaller library size with increased possibility
for positive hits. Such computational tools, including ones that identify mutational hotspots through
sequence or structure comparison, as well as active sites through molecular docking, have been devel-
oped, which are readily accessible with a user-friendly interface, and were recently reviewed (Ebert and Pel-
letier, 2017). Assisted by machine learning, further development of algorithms for designing smart libraries
is also under progress (Yang et al., 2019). Recently, Maranas and coworkers provided a comprehensive re-
view of enzyme engineering milestones and summarized 50 successful cases of computational enzyme
design (Chowdhury and Maranas, 2019). Although very few of these cases are related to NP synthesis,
we envision that computational tools will be increasingly applied for designing biosynthetic enzymes
with improved or altered activity for NP biosynthesis.

Optimization of Regulation in a Natural Product Biosynthetic Pathway
Identification of Regulatory Elements

To reconstruct a biosynthetic pathway for heterologous expression in the selected host, the availability of
cis-elements, such as promoters and terminators, that regulate the expression of each biosynthetic gene
are of particular importance. Although methods such as direct cloning are also applicable for heterologous
expression of gene clusters, the phylogenetic distance between the organism from which the BGC
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originates and the heterologous host does matter for the success of expression (Smanski et al., 2016; Cobb
and Zhao, 2012). One underlying reason could be the failure of recognition of the original promoter se-
quences by the transcription machinery in the heterologous host if too much phylogenetic difference ex-
ists. Therefore, replacement of the original regulatory elements would be sometimes critical. In addition,
pathway optimization strategies, such as fine-tuning the expression level of each biosynthetic enzyme to
balance the metabolic flux or applying dynamic control to reduce metabolic burden, also require pro-
moters with varying strength or regulatory systems that may respond to particular compounds or signal
molecules (Hammer et al., 2006). Thus, identification of regulatory elements with various properties is of
great importance for the successful reconstitution and optimization of NP biosynthetic pathways (Figure 1).

One effective way for identifying regulatory elements for particular application is searching existing
databases. In 2018, Szymczyk and coworkers summarized 40 databases that centralize experimental and
theoretical knowledge regarding the organization of promoters, interacting transcription factors, and
microRNAs in many eukaryotic and prokaryotic species, including some model organisms such as E. coli,
B. subtilis, S. cerevisiae, and A. thaliana (Majewska et al., 2018). These databases can provide information
on not only promoter sequences but also annotations such as transcription start sites that are sufficient for
applications such as pathway reconstruction and even provide insight for design of artificial promoters.
Although relatively less reported, other regulatory elements in addition to promoter sequences are also
indispensable elements for pathway reconstruction. For example, terminator databases, such as
WebGeSter DB, are also of particular interest, especially for pathway reconstruction in eukaryotes in which
terminators have to be involved for successful transcription (Table 2) (Mitra et al., 2011).

Based on the knowledge about signatures in typical regulatory sequences, computational tools devel-
oped in the early days can predict cis-elements such as promoters and riboswitches mainly by searching
existing databases and score the sequence in query by pattern matching (Miinch et al., 2005; Gautheret
and Lambert, 2001; Abreu-Goodger and Merino, 2005; de Jong et al., 2012; Dreos et al., 2015). Although
proven to be successful, accuracy of prediction is still compromised in these tools by relatively simplified
algorithms, and regulatory elements with uncharacterized features can be overlooked. In recent years,
machine learning has found many applications in life sciences and bioengineering. Besides assisting
development of codon optimization tools as aforementioned, machine learning has also been used
for promoter prediction from complex genome sequence contexts. For example, Gerhardt and co-
workers developed BacPP for promoter prediction using neural network (NN) approach, which is able
to identify degenerated, imprecise, and incomplete patterns merged within those sequences and can
achieve high performance when processing extended genome sequences (Table 2) (Silva et al., 2011).
BacPP was based on rules derived from NN learning process of six sigma factor-dependent promoter
sequences and can predict promoter sequences from E. coli genome with high accuracy (at least above
80%), and BacPP implemented within a user-friendly platform is also available online (Silva et al., 2016).
More recently, Umarov and coworkers successfully predicted promoters from five distant organisms
including human, mouse, plant (Arabidopsis). and two bacteria (E. coli and B. subtilis) by using convolu-
tional NNs to build predictive models. Machine learning approaches have also been applied for predict-
ing other regulatory elements, such as histone marks, which will not be described in detail in this review
(Zhou and Troyanskaya, 2015).

Artificial Design of Regulatory Elements

Besides the identification of naturally occurring regulatory elements, efforts have also been made in devel-
oping computational tools for artificially designing regulatory elements with preferred properties (Figure
1). Such strategies have been proved to be very successful in designing regulatory elements at the trans-
lational level. One of the most widely known computational tool for automated design of ribosomal-bind-
ing sites on MRNA sequences to control corresponding gene expression level is the RBS calculator (Figure 3
and Table 2) (Salis et al., 2009; Salis, 2011; Borujeni et al., 2014). The RBS calculator relies on the sophisti-
cated biophysical modeling of translation initiation process and proved to be able to predict the translation
initiation rate within a high dynamic range on a proportional scale. As in most cases the initiation is the rate-
limiting step in bacterial translation process, RBS calculator is therefore a valuable tool for controlling pro-
tein expression level by designing 5 UTR sequences in mRNAs. The quantitative prediction of expression
level with high accuracy also makes RBS calculator an ideal tool for controlling expression levels of multiple
genes simultaneously, while avoiding combinatorial explosion when using library-based approaches (Fig-
ure 3) (Farasat et al., 2014; Jeschek et al., 2016). In addition to using RBSs to constitutively tune gene
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Figure 3. Overview of the RBS Calculator
(A) Description of the thermodynamic model of bacterial translation initiation used in RBS calculator.

(B) Application of RBS calculator in rational design of RBS library and optimization of violacein biosynthesis (Jeschek et al., 2016).

expression level, riboswitch aptamers can also be used for controlling gene expression in response to spe-
cific signals. Riboswitches are able to sense a broad range of small molecules including vitamins, amino
acids, and nucleotides and control the transcription or translation of the host mRNA. Computational tools
have been developed for riboswitch identification and structure prediction, which has been comprehen-
sively reviewed elsewhere (Antunes et al., 2018).

Although less reported, algorithms and computation-assisted methods have also been used for designing
promoter sequences (Figure 1). One pioneering work by Mogno and coworkers provided a thermodynamic
model of combinatorial regulation and explained 75% variance in gene expression in synthetic promoter
libraries with different strength TATA boxes (Mogno et al., 2010). Possibly due to the more complicated
regulatory mechanism of promoters, artificial design of promoters usually requires multiple design-
build-test cycles, which cannot only be achieved in silico. A recent exemplary work on synthetic promoter
design combined next-generation sequencing approach with machine learning, in which promoters with
enhanced cell-state specificity (SPECS) were identified that exhibit distinct spatiotemporal activity during
the programmed differentiation of induced pluripotent stem cells, as well as for breast cancer and glioblas-
toma stem-like cells (Wu et al., 2019). Another challenging task for artificial regulatory element design is de
novo construction of regulatory proteins. To address this challenge, Baker and coworkers recently devel-
oped a latching orthogonal cage-key proteins (LOCKR) system and used it for controlling yeast mating
pathways, which shed light on designing protein-based regulatory elements (Langan et al., 2019; Ng
et al., 2019).

CONCLUSION AND FUTURE PERSPECTIVES

NP biosynthetic pathways are essentially part of their hosts’ metabolic network, which are complicated sys-
tems involving both internal delicate and sophisticated catalysis and regulation and external interactions
with the metabolism context. Therefore, identification and optimization of NP biosynthetic pathways usu-
ally involve very intricate data interpretation and design tasks that cannot be finished without assistance of
computational tools. In this review, we highlighted some important computational tools and their applica-
tion for discovery and optimization of NP pathways.

Discovery of NPs through identification of BGCs using bioinformatics analysis is very promising and has

been experimentally demonstrated many times. However, for pathways whose biosynthetic genes are
not clustered, identification of even an individual gene can be very challenging. Comparison of omics
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data sometimes generates too many hits to be tested experimentally, and ranking algorithms can have
inconsistent performance. Although retrobiosynthesis can be an alternative strategy, the underlying
design rules, such as to quantitatively evaluate enzyme candidates for specific reaction by both promiscuity
and specificity, are still vague. Besides incorporating new scientific findings and updating algorithms for
natural pathway identification or artificial pathway construction, automation coupled with synthetic biology
and machine learning can accelerate the design-build-test cycle and help develop models with better ac-
curacy. Such concept was recently demonstrated in the optimization of a lycopene biosynthetic pathway
(HamediRad et al., 2019).

Optimization of biosynthetic pathways for increasing productivity can happen in both catalysis and regu-
lation aspects. Successful expression and acceptable performance of biosynthetic enzymes are critical for
heterologous biosynthesis, whereas appropriate regulation can balance the metabolic flux that makes the
biosynthesis more efficiently. Assisted by computational tools, factors that may affect the productivity of
target molecules can be optimized independently. Besides developing better models and algorithms to
make the process more accurately and efficiently, scoring methods to prioritize the rate-limiting factor
for optimization in a particular pathway design would also be very useful.
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