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ABSTRACT

Ribosomally synthesized and post-translationally
modified peptides (RiPPs) constitute a rapidly grow-
ing class of natural products with diverse struc-
tures and bioactivities. We have developed RiPP-
Miner, a novel bioinformatics resource for decipher-
ing chemical structures of RiPPs by genome min-
ing. RiPPMiner derives its predictive power from ma-
chine learning based classifiers, trained using a well
curated database of more than 500 experimentally
characterized RiPPs. RiPPMiner uses Support Vector
Machine to distinguish RiPP precursors from other
small proteins and classify the precursors into 12
sub-classes of RiPPs. For classes like lanthipeptide,
cyanobactin, lasso peptide and thiopeptide, RiPP-
Miner can predict leader cleavage site and com-
plex cross-links between post-translationally mod-
ified residues starting from genome sequences.
RiPPMiner can identify correct cross-link pattern in
a core peptide from among a very large number of
combinatorial possibilities. Benchmarking of predic-
tion accuracy of RiPPMiner on a large lanthipep-
tide dataset indicated high sensitivity, specificity,
accuracy and precision. RiPPMiner also provides
interfaces for visualization of the chemical struc-
ture, downloading of simplified molecular-input line-
entry system and searching for RiPPs having simi-
lar sequences or chemical structures. The backend
database of RiPPMiner provides information about
modification system, precursor sequence, leader
and core sequence, modified residues, cross-links
and gene cluster for more than 500 experimentally
characterized RiPPs. RiPPMiner is available at http:
//www.nii.ac.in/rippminer.html.

INTRODUCTION

Ribosomally synthesized and post-translationally modi-
fied peptides (RiPPs) constitute a large class of natu-
ral products with diverse structures and bioactivities (1).
The logic that binds these structurally diverse peptides
into one class is their biosynthesis. RiPPs are typically
biosynthesized from a ribosomal peptide consisting of a
leader and core segment. A variety of modifying enzymes
encoded by neighboring genes carry out extensive post-
translational modifications (PTMs) in the core peptide, fol-
lowed by cleavage of the leader peptide (2). Some of the
well known RiPP classes are lanthipeptides, lasso peptides,
cyanobactins and thiopeptides (Supplementary Figure S1).
Lanthipeptides consist of core region rich in Ser/Thr
and Cys residues which are post-translationally modi-
fied to form intramolecular lanthionine/methyl-lanthionine
(Lan/MeLan) linkages. This intramolecular cross-linking is
a two step process, where Ser/Thr are dehydrated to form
2,3-didehydroalanine (Dha) and (Z)-2,3-didehydrobutyrine
(Dhb) and subsequently linked to Cys thiols in a Michael-
type addition to form Lan/MeLan. In case of cyanobactins,
a single precursor peptide can give rise to more than one
core peptide. Core peptides are N-to-C macrocyclized and
often contain azol(in)e rings derived from heterocyclization
of Ser/Thr/Cys residues with the carbonyl group of the pre-
ceding amino acid residue. The core peptide in lasso pep-
tides consists of 16–21 residues where the N-terminal amino
group is condensed to the carboxyl side chain of glutamate
or aspartate, present at eighth or ninth position, to form a
macrolactam ring (3). The C-terminal tail is trapped within
the N-terminal macrolactam ring. Thiopeptides are peptide
macrocycles containing multiple azole rings derived from
Cys, Thr and Ser residues; and a six-membered nitrogenous
ring derived from intramolecular cross-linking between two
Dha and a carbonyl group. Recent spurt in genome se-
quencing has revealed that a huge number of genetically
encoded RiPPs remain uncharacterized (4). During the last
decade computational methods have played a crucial role
in genome guided discovery of secondary metabolites. Pow-
erful bioinformatics methods (5) have been developed by
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several groups for analysis of polyketide synthases (PKS)
and non-ribosomal peptide synthetases (NRPS) which are
involved in biosynthesis of polyketides and nonribosomal
peptides–the two major classes of secondary metabolites.
Bioinformatics resources like antiSMASH (6), PRISM (7),
SBSPKS (8), SMURF (9), ClusterMine360 (10), DoBIS-
CUIT (11), NP.Searcher (12), NRPSPredictor (13), NaP-
DoS (14) have played major role in the analysis of secondary
metabolite gene clusters, identification of catalytic domains
in PKS/NRPS megasynthases and prediction of their sub-
strate specificities. Such computational methods have facil-
itated discovery of new metabolites by genome mining (15).

In contrast to the large number of bioinformatics re-
sources available for analysis of biosynthetic clusters of
polyketides and non-ribosomal peptides, there are relatively
fewer computational tools available for analysis of RiPP
gene clusters. The diversity and complexity of PTMs and
cross-links in RiPPs has been a major impediment in de-
velopment of bioinformatics tools for deciphering chemi-
cal structure of RiPPs by genome mining. A recent update
of antiSMASH contained improved lanthipeptide detec-
tion and prediction of leader peptide cleavage site (16). The
lanthipeptide structure prediction tool antiSMASH still
has limitations in distinguishing unmodified Ser/Thr from
modified residues (Dha/Dhb) and in identifying Dha/Dhb
residues which are cross-linked to Cys residues to form
Lan/MeLan linkages. Very recently Skinnider et al. (17)
have developed a novel computational tool RiPP-PRISM
for charting ribosomally synthesized natural product chem-
ical space. They have demonstrated its utility in genome
guided discovery of a new molecule from a rare family of
RiPP. RiPP-PRISM uses a hypothetical structure enumer-
ation approach, similar to RiPP-Quest (18) and algorithms
used by Zhang et al. (19), for identification of RiPP natu-
ral products in combination with mass spectrometry data.
RiPP-PRISM has limited utility in deciphering chemical
structures of RiPPs from genomic information or in absence
of mass spectrometry data. This prompted us to develop al-
ternate computational methods which can predict chemical
structures of RiPPs using genomic sequences of RiPP, even
in absence of mass spectrometric data.

Rapid increase in the numbers of experimentally char-
acterized RiPPs and availability of sequence and chem-
ical structure information of large number of RiPPs in
well curated databases like BAGEL (20), Bactibase (21),
MIBiG (22) and Thiobase (23) present the opportunity
for developing knowledge based approaches for decipher-
ing RiPP chemical structure using sequence information.
However, the complexity of RiPP chemical space arising
from PTMs and cross-links demand powerful computa-
tional algorithms which can decode sequence to chemical
structure relationships. The success of machine learning-
based methods like NRPSPredictor (13) in exploring chemi-
cal space of non-ribosomal peptides prompted us to explore
machine learning methods for predicting chemical struc-
tures of RiPPs. We describe here the development, bench-
marking and usage of RiPPMiner web server, which derives
its predictive power from support vector machine (SVM)
and random-forest (RF) classifiers trained on a well cu-
rated database of more than 500 experimentally character-
ized RiPPs. Given a query sequence, RiPPMiner uses SVM

to distinguish RiPP precursors from other small proteins
and classify the precursors into 12 sub-classes of RiPPs.
For classes like lanthipeptide, cyanobactin, thiopeptide and
lasso peptide models based on SVM and RF are used to
predict the leader cleavage site, final complex cross-linking
and post-translationally modified residues in the core pep-
tide. To the best of our knowledge RiPPMiner is the only
software which is currently available for predicting com-
plex chemical structures of lanthipeptides, lasso peptides,
cyanobactins and thiopeptides starting from sequences of
the corresponding RiPP genes.

METHODS AND IMPLEMENTATION

RiPPMiner web server consists of two major components,
the backend database RiPPDB and query interface RiPP-
Miner (Figure 1). The backend database catalogs informa-
tion on experimentally characterized RiPPs, while the query
interface has been developed based on analysis of the se-
quence and chemical structure data of RiPPs using a ma-
chine learning approach.

Compilation of data on RiPPs with known chemical structure

Since RiPPMiner uses a knowledge based approach for pre-
diction of cleavage and cross-links, it requires a well cu-
rated database of experimentally characterized RIPPs with
known chemical structures. Even though in silico analy-
sis of microbial genomes reveal the presence of very large
number of RiPP biosynthetic gene clusters (BGCs), only
for a small fraction of them the subclass, leader cleavage
site and complete chemical structure with cross-links and
modified residues have been experimentally characterized.
Information about RiPPs with known chemical structure
were retrieved from databases like Bactibase (21), BAGEL
(20), Thiobase (23), MIBiG (22) repository and entries in
UniProt (24). In addition information about several entries
was also compiled based on extensive literature search and
Supplementary Data provided in a publication on RiPP-
PRISM (17). Currently RiPPDB has information about 513
RiPPs from 13 RiPP classes (Figure 2). The major RiPP
families like lanthipeptides, cyanobactins, thiopeptides and
lasso peptides have more than 50 entries, while other seven
RiPP families have 15 or less number of entries. For each
entry, RiPPDB has cataloged name and chemical struc-
ture of the secondary metabolite, RiPP subclass, amino acid
sequence of the precursor polypeptide, cleavage site, se-
quences of leader and core peptides, modification system,
modified residues, list of cross-linked residues/type of cross-
link, information about the corresponding gene cluster in
NCBI and PUBMED ID of the publication which reports
the experimental characterization (Figure 2). Links are also
provided to the corresponding entries in UniProt, NCBI
and PDB (if crystal or nuclear magnetic resonance struc-
tures are available for the secondary metabolite). In com-
parison to related databases, RiPPDB not only has infor-
mation about maximum number of RiPPs, but also has in-
formation about maximum number of features about each
of the characterized RiPPs.
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Figure 1. Schematic diagram depicting overall organization of RiPPMiner web server The RiPPMiner web server consists of two major components,
the backend database RiPPDB and query interface RiPPMiner. The backend database catalogs information on experimentally characterized ribosomally
synthesized and post-translationally modified peptides (RiPPs), while the query interface has been developed based on machine learning based analysis of
the sequence and chemical structure data of known RiPPs in RiPPDB.

Machine learning for identification of RiPP and prediction of
class, cleavage and cross-links

Machine learning approach was used to develop a com-
putational method for distinguishing RiPP precursor se-
quences from other small proteins, classifying the precur-
sors into 12 sub-classes of RiPPs, predicting cleavage site for
leader peptide and also for predicting the final cross-linked
chemical structure of the RiPP. We briefly describe here the
method for feature extraction and training of SVM and
RF classifiers using the well curated RiPPDB, while details
of the method are provided in Supplementary Methods.
SVMLight (Version 6.02) package (http://svmlight.joachims.
org/) was used for developing SVM models, while RF classi-
fiers were trained using WEKA Version 3.6.14 (http://www.
cs.waikato.ac.nz/ml/weka/citing.html).

Identification of RiPPs and prediction of RiPP Class. RiPP
analysis tools like antiSMASH and RiPP-PRISM use Hid-
den Markov Model (HMM) profiles of modifying enzymes
present in the RiPP BGCs to predict the RiPP class. Un-
like these tools, RiPPMiner uses a machine learning model
trained using the amino acid sequence of the RiPP gene
alone to identify RiPPs and then predict RiPP class. RiPP-
Miner first distinguishes RiPPs from other proteins and
peptides using a SVM model. This SVM model for RiPP
identification has been trained using 293 known RiPPs
as positive dataset and 8140 genome encoded non-RiPP
polypeptides (size lower than 100 amino acids) as negative
data. The negative dataset included entries from SWISS-
Prot having length similar to RiPPs, e.g. 30s ribosomal pro-
teins, matrix proteins and cytochrome b proteins etc. The
feature vectors for the SVM model consisted of amino acid

composition and dipeptide frequencies. Benchmarking of
this RiPP identification methods on an independent dataset
(not included in training) using two-fold cross-validation
approach indicated Sensitivity, Specificity, Precision and
MCC values of 0.93, 0.90, 0.90 and 0.85 respectively (de-
tails in Supplementary Methods ). This indicates good pre-
dictive power of the SVM model for distinguishing between
RiPPs and non-RiPPs.

For prediction of RiPP class or sub-class a Multi Class
SVM was trained using the amino acid composition and
dipeptide frequencies as feature vectors. During the training
of the Multi Class SVM for prediction of RiPP class, avail-
able RiPP precursor sequences belonging to a given class
(e.g. lasso peptide) were used as positive set, while RiPPs be-
longing to all other classes were used as negative set. As de-
scribed in Supplementary Methods apart from major RiPP
classes, classifiers were also trained for RiPP subfamilies
like class A, B and C lanthipeptides. It may be noted that
RiPPDB and RiPPMiner follow the lanthipeptide classifi-
cation as per BAGEL and Bactibase, but the correspond-
ing modifying enzymes have been classified as class I, II,
III and IV in recent literature on biosynthesis of lanthipep-
tides. Since several RiPP classes had very few members, the
prediction accuracy was benchmarked using Leave One Out
(LOO) method. Based on analysis of the receiver operator
characteristic (ROC) curves suitable score cutoff was cho-
sen for RiPP identification and classification. The predic-
tion interface for RiPP identification and prediction of class
accepts amino acid sequence of RiPP precursor in fasta for-
mat as input.

http://svmlight.joachims.org/
http://www.cs.waikato.ac.nz/ml/weka/citing.html
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Figure 2. Screenshots depicting query interface of RiPPMiner and various of known RiPPs present in RiPPDB The textbox for providing sequence of the
RiPP for prediction of cleavage site and cross-links (Panel 1). Statistics on number of RiPPs in each of the 11 RiPP classes (Panel 2). Screenshot depicting
various features of experimentally characterized RiPPs cataloged in RiPPDB using lathipeptide Ericin A as example (Panel 3).

Prediction of cleavage site. Out of the four major RiPP
classes which had more than 50 experimentally charac-
terized RiPPs in RiPPDB, SVM models for prediction
of cleavage sites could be developed for lanthipeptides,
cyanobactins and lasso peptides. As information on com-
plete precursor sequences of thiopeptide were insufficient,
predictive model for cleavage prediction could not be de-
veloped. In order to develop SVM for prediction of cleav-
age site for lanthipeptides, 12 mer peptide sequences cen-
tered on the cleavage sites were extracted from a set on 115
lanthipeptide precursor sequences with known cleavage pat-
tern. This resulted in a positive dataset of 103 unique 12 mer
peptides harboring the cleavage site at the center, while all
other unique 12 mer peptides in these 115 lanthiepeptides
constituted the negative dataset as they lacked the cleavage
site. Feature vectors for each of these 12 mers consisted of
concatenation of 20 dimensional vectors corresponding to
each of the 20 amino acids. SVM model for prediction of
cleavage site was developed and benchmarked using 2-fold
cross validation approach, where half of the data were used

in training and the other half was used in testing as de-
scribed in details in Supplementary Methods. SVM mod-
els were also developed for prediction of cleavage site in
cyanobactin and lasso peptides, as discussed in Supplemen-
tary Methods. Based on analysis of the ROC curves suitable
score cutoff was chosen for prediction of cleavage sites in
lanthipeptides and lasso peptides.

Prediction of cross-links. The algorithm for prediction of
cross-links and deciphering complete chemical structure of
RiPP has been implemented for lanthipeptides, lasso pep-
tide, cyanobactins and thiopeptides. The prediction of lan-
thionine linkages in lanthipeptides have been carried out us-
ing a machine learning approach. In order to develop ma-
chine learning based classifiers for prediction of lanthion-
ine linkages, a dataset of 93 lanthipeptides having known
chemical structures were taken from RiPPDB. For each
lanthipeptide in this set, sequence of the core peptide was
scanned for strings or sub-sequences of the type Ser/Thr-
(X)n-Cys or Cys-(X)n-Ser/Thr to enumerate all theoreti-
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cally possible cyclization patterns. Out of these sequence
strings, the strings corresponding to Ser/Thr-Cys or Cys-
Ser/Thr pairs which were linked by lanthionine bridges in
the lanthipeptides were included in the positive set, while
all other strings were included in the negative set. Sup-
plementary Figure S2 gives a schematic depiction of the
steps involved in obtaining positive and negative set sub-
sequences for the lanthipeptide nisin. After following simi-
lar procedure for all the peptides in the dataset and removal
of duplicate strings, a positive dataset of 218 unique strings
and a negative dataset of 1358 unique strings were ex-
tracted. Feature vectors were obtained for these datasets us-
ing amino acid composition and dipeptide frequency. Using
these feature vectors SVM and RF classifiers were trained
and benchmarked using LOO as well as 2-fold cross valida-
tion approach (Supplementary Methods). Based on anal-
ysis of ROC curves obtained from benchmarking studies,
suitable score cutoffs were chosen for cross-link prediction
using SVM or RF classifiers. Even though these classifiers
can distinguish positive and negative set sub-sequences with
reasonably high accuracy, in some cases overlapping cross-
links are predicted. For example, same Ser/Thr being cross-
linked to more than one Cys or vice versa. Since such over-
lapping lanthionine cross-links are not chemically feasible,
the program only retains the cross-link with highest score
and removes other cross-links. Apart from lanthionine link-
ages, labionine linkages are also known to occur in class
III (class C in RiPPDB) lathipeptides. Analysis of known
labioinine containing lanthipeptides revealed that, labion-
ine cross-links can be predicted based on occurrence of S-
X-X-[S/T]-(X) 3-5-C motif. Hence, motif based method has
been implemented for labionine cross-link prediction in ad-
dition to machine learning approach. For thiopeptides, the
cross-links have been predicted based on occurrence of SC-
(X)n-CSC or SC-(X)n-[C/S]SSSS motif, where Ser residues
marked in bold are post-translationally modified to Dha
and are then cross-linked via formation of nitrogen contain-
ing six membered rings (Supplementary Methods). In case
of lasso peptides and cyanobactins, the cross-link predic-
tion algorithm involves a combination of machine learning
and motif based prediction as described in Supplementary
Methods. For the various different types of cross-link pre-
dictions carried out using RiPPMiner, the software can also
generate chemical structures of the cross-linked RiPP in
SMILES (simplified molecular-input line-entry system) for-
mat using an in-house developed code. Apart from SMILES
the software also provides image of the predicted chemi-
cal structure using MarvinSketch tool of JChem software
version 17.2.13.0 from Chemaxon (https://www.chemaxon.
com/).

Search interfaces for similar sequences and similar chemical
structures

RiPPMiner provides two user friendly interfaces for se-
quence similarity search and for search of similarities in
chemical structures. Sequence similarity search has been
implemented using local version of NCBI BLAST 2.2.30+
(25). Given a query sequence, pairwise BLAST searches
are carried out against the sequences of precursor polypep-
tides or core polypeptide sequences of various RiPPs stored

in RiPPDB. It may be noted that out of the 513 RiPP
entries cataloged in RiPPDB, precursor polypeptide se-
quences consisting of leader and core regions are available
for only 296 RiPPs. For large number of cyanobactins and
thiopeptides, only the sequence for the core peptide or final
cross-linked RiPP structure is available. The chemical struc-
ture similarity search has been implemented in RiPPMiner
using local version of the Openbabel tool kit (v2.3.1) (26)
and chemical structure similarity is measured as Tanimoto
score. Structure similarity search can also be carried out for
chemical structures of RiPPs predicted by RiPPMiner.

Implementation of web server

Web interface of RiPPMiner is implemented on a LINUX
server using Perl CGI, PHP, HTML CSS, Java script,
JQuery and apache web server. MySQL has been used for
the backend database RiPPDB.

RESULTS

Usage of RiPPMiner for prediction and analysis

We describe here, a typical use of RiPPMiner web server for
prediction of RiPP class, cleavage site and cross-links using
amino acid sequence of a RiPP precursor polypeptide as in-
put and also for comparison of the predicted RiPP chemi-
cal structure with other experimentally characterized RiPPs
cataloged in RiPPDB. The homepage of RiPPMiner gives
a brief overview of various types of analysis which can be
carried out in text as well as pictorial form. The TOOLS
link on the RiPPMiner homepage provides access to vari-
ous prediction and search interfaces of RiPPMiner, while
DATABASE link leads to the characterized RiPPs cata-
loged in RiPPDB (Figure 2, Panel 1). As can be seen in
Figure 2, RiPPDB provides statistics on number of RiPPs
in each of the 13 RiPP classes (panel 2) and upon select-
ing a given RiPP (e.g. lathipeptide Ericin A) the user can
visualize chemical structure of the RiPP and also various
other features like leader and core peptide sequences, mod-
ified residues, cross-links and neighboring genes in the RiPP
gene cluster (panel 3). The RiPP entry page in RiPPDB also
provides links to external databases like UniProt, NCBI nu-
cleotide and PUBMED. Since we have integrated informa-
tion from other databases, currently RiPPDB provides com-
prehensive information on maximum number of features
on a given RiPP compared to other databases like MIBiG,
BAGEL and Bactibase.

The panel 1 in Figure 2, shows the screenshot for the in-
terface for prediction of cleavage and cross-links. The user
can paste the amino acid sequence of the RiPP gene in the
textbox or provide sequence of the core peptide only. If com-
plete precursor sequence is provided, the software will first
identify whether the input sequence is a RiPP precursor
or not, then predict the RiPP class and subsequently ap-
ply the appropriate cross-link prediction rule. On the other
hand, if core peptide is provided as input, the user should
click the checkbox and select the RiPP class. Since cross-
link predictions for lanthipeptides have been implemented
using both SVM and RF classifiers, in case of lanthipep-
tides the user has the choice to select SVM or RF, though
RF is default (Figure 2, panel 1). Panel 1 in Figure 3 shows

https://www.chemaxon.com/
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Figure 3. Typical output screen of RiPPMiner for cleavage and cross-link prediction for a lanthipeptide and subsequent analysis of the results screenshot
depicting predicted RiPP class, cleavage site, cross-links and chemical structures for a lanthipeptide (Panel 1). Search results for RiPPs in RiPPDB having
similar precursor sequence as the query RiPP (Panel 2). BLAST alignment of the query RiPP sequence with matching RiPPs in RiPPDB (Panel 3). SMILES
code for the predicted cross-linked structure (Panel 4). Results of search for known RiPPs having chemical structure similarity to the predicted cross-linked
structure (Panel 5).

typical output screen of RiPPMiner for cleavage and cross-
link prediction for a lanthipeptide. The precursor sequence
of Griseopeptin was used as input so that the user can
easily validate the predictions by comparing the results to
Griseopeptin entry in RiPPDB. As can be seen, RiPPMiner
correctly identifies the RiPP class as lanthipeptide C, pre-
dicts the correct cleavage site and predicts two models for
the cross-linked lanthipeptide. Model 1 contains lanthion-
ine linkage, while the model 2 has the labionine linkage. The
class C lanthipeptides like Griseopeptin, Erythreapeptin
and Avermipeptin etc are known to have alternate cross-
linked forms; hence multiple models are predicted by RiPP-
Miner. However, for other lanthipeptides single cross-linked
structures are predicted. For easy visualization, RiPPMiner
shows the lanthionine/labionine cross-links between mod-
ified Ser and Cys as dashed lines in the core peptide se-
quence, but the SMILES link and the images depict the
chemical structures with all the atomic details and relevant
bonds connecting the atoms. It may be noted that the cur-
rent version of RiPPMiner does not predict other modified

residues (e.g. Dha, Dhb) which are not cross-linked as the
prediction accuracy has not been correctly benchmarked.
Apart from chemical structure, the output page also pro-
vides links to SMILES code (panel 4, Figure 3) and other
links for identifying similar sequences and similar chemi-
cal structures in RiPPDB. Upon clicking the ‘RiPPs with
similar chemical structure’ link, the program provides the
list of RiPPs with corresponding Tanimoto scores and links
are also provided to the corresponding entries in RiPPDB
(panel 5). As expected Griseopeotin is listed as the top hit
but Tanimoto score is 0.96 because the predicted peptide
does not contain all of the modified residues. Upon clicking
the ‘Similar Sequences’ link (panel 1) the program provides
list of other RiPPs having similar precursor sequences, their
percentage identity, e-value (panel 2, Figure 3) and links for
visualizing the alignments (panel 3). It is interesting to note
that, apart from Griseopeptin, SRO15 2212 is also listed as
lanthipeptide having 100% sequence identity with the query
sequence (panel 2, Figure 3), while it’s Tanimoto score with
the predicted structure is 0.89 (panel 5). This demonstrates
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utility of RiPPMiner in identifying examples of identical
RiPP precursor sequences giving rise to RiPPs with differ-
ent cross-links.

Apart from lanthipeptides, RiPPMiner can predict cross-
links for thiopeptides, lasso peptides and cyanobactins.
Supplementary Figure S3 shows screenshots depicting re-
sults for cross-link prediction for two thiopeptides, when
core peptide sequence is given as input. The dashed line con-
necting the Ser residues in the core peptide represents cross-
links involving nitrogen containing six-membered rings,
while complete chemical structures with cross-links and
modified Cys residues as thiazoles are shown as images. It
is interesting to note that motif based approach is able to
correctly predict the cross-links in thiopeptides. The pro-
gram currently modifies all Cys residues to thiazoles, while
oxazole or Dha modifications of Ser residues are not pre-
dicted. Supplementary Figures S4–5 show typical examples
for cleavage and cross-link prediction by RiPPMiner for
lasso peptides and cyanobactins.

Benchmarking of prediction accuracy

The various machine learning based methods for identifi-
cation of RiPP, prediction of RiPP class, cleavage site and
cross-links implemented in RiPPMiner web server have also
been extensively benchmarked. Prediction accuracy of each
machine learning based method has been tested by comput-
ing area under the curve (AUC) values for ROC curves using
LOO as well as 2-fold cross validation approach. The de-
tailed benchmarking results and ROC curves are available
to the users under the BENCHMARK link of RiPPMiner
server, while Table 1 summarizes the benchmarking results
for all the different types of predictions and details are pro-
vided in Supplementary Tables S1–4. As can be seen most
predictions have used LOO as well as 2-fold cross valida-
tion, but only LOO method has been used for RiPP class
prediction, cleavage and cross-link prediction of lasso pep-
tides and cleavage site prediction of cyanobactins as num-
ber of test cases were less. It is encouraging to note that, for
all predictions high AUC values have been obtained both
for LOO as well as 2-fold cross validation. Even though
classifiers have been validated using LOO as well as 2-fold
method, RiPPMiner server uses LOO classifiers to provide
maximum benefit of training for predictions on experimen-
tally uncharacterized RiPPs. Table 1 also shows sensitivity,
specificity, MCC and precision values for the score cut off
at which predictions are carried out by RiPPMiner server.

The performance of the RiPPMiner server for cleavage
and cross-link prediction of lanthipeptides is note worthy as
it involves distinguishing a small number of positive dataset
(correct cross-link or cleavage site) from a very large number
of negative dataset. Supplementary Figure S6 shows com-
parison of results from RiPPMiner, antiSMASH and RiPP-
PRISM for prediction of cleavage and cross-links in lan-
thipeptides using nisin as an example. As can be seen, anti-
SMASH only predicts cleavage site correctly, but no cross-
links are predicted and all Ser/Thr residues are predicted
to be modified. RiPP-PRISM predicts a set of 50 differ-
ent cross-linked structures as it uses exhaustive enumeration
approach. On the other hand, RiPPMiner provides a sin-
gle prediction and correctly predicts the RiPP class, cleav-

age site and cross-link. We have also benchmarked the per-
formance of RiPPMiner for prediction of cross-links in 93
lanthipeptides using a 2-fold cross validation approach. Ta-
ble 1 shows ROC-AUC values for this 2-fold cross valida-
tion. Since only half of the 93 lanthipeptide structures are
used for training, the results for 45 lanthipeptides in the test
set are essentially blind predictions. Benchmarking page of
RiPPMiner server provides a link to compare the predicted
cross-links for these 45 lanthipeptides with the cross-links
in the actual structures of these lanthipeptides. Supplemen-
tary Table S4 shows a summary of these results. As can be
seen RiPPMiner can predict 109 and 886 true positive (TP)
and true negative cross-links respectively out of 154 and 917
positive and negative cross-links in these 45 lanthipeptides.
This corresponds to a true positive rate (TPR) of 71% at a
false positive rate (FPR) of 3.4%.

RiPPMiner could also predict correct cross-links in 28
out of the 35 thiopeptides using the motif based approach.
Similarly in case of cyanobactins correct prediction could
be done in all cases in a dataset consisting of 21 fragments
with heterocycle rings and 7 fragments without heterocy-
cle rings. In our benchmarking for prediction of cross-links
in lasso peptides, 83% of the test cases correct prediction
was in top rank, while in 92% of the test cases correct pre-
diction was within top two ranks. While our work was un-
der review, Tietz et al. reported a machine learning based
tool RODEO (27) for identifying precursors of lasso pep-
tides and predicting leader-core cleavage sites. They have
verified their findings by experimentally characterizing five
novel lasso peptide structures, namely AnaA, LagA, CitA,
MooA and LpeA. Interestingly RiPPMiner can correctly
predict leader cleavage, disulfide bridge formation and cy-
clization for all these five newly characterized lasso peptides.
It may be noted that RODEO currently does not carry out
prediction of cross-links in lasso peptides.

These results convincingly demonstrate the superior per-
formance of RiPPMiner and power of the machine learn-
ing approach. However, real predictive ability of a tool like
RiPPMiner can only be evaluated by experimental charac-
terization of several peptides from different classes.

DISCUSSION

RiPPs constitute a major class of natural products known
for their bioactivities. Though a number of tools have been
developed for genome mining of RiPPs, its diversity and
complex cross-linking has challenged the development of
complete structure prediction tools. Prediction of cross-
linked structure can help in synthetic biology efforts to
characterize new bioactive members of RiPP family. To
this end we have developed RiPPMiner, a bioinformatics
tool to classify RiPPs and predict their cross-linked struc-
tures. RiPPMiner uses the power of machine learning mod-
els trained on a manually curated database of 500+ known
RiPPs, cataloged in backend database RiPPDB, to iden-
tify RiPPs, predict the RiPP class, leader cleavage sites of
RiPPs, their cross-links and modified residues. RiPPMiner
has been widely tested on a variety of test cases and exten-
sively benchmarked. RiPPMiner is a unique resource which
can predict complex chemical structures of several classes
of RiPPs starting from genome sequences.
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Table 1. Summary of benchmarking results

Prediction type Classifier type
Cross
validation AUC-ROC Sensitivity Specificity MCC Precision

RiPP
identification

SVM 2-FOLD 0.96 0.93 0.90 0.85 0.90

RiPP class Multi Class
SVM

LOO 0.79 0.98 0.78

Lanthipeptide
cleavage site

SVM LOO 0.97 0.71 0.99 0.69 0.69

SVM 2-FOLD 0.97
Lanthipeptide
cross-links

RF LOO 0.90 0.72 0.95 0.73 0.68

RF 2-FOLD# 0.81
RF 2-FOLD* 0.92
SVM LOO 0.81 0.57 0.94 0.63 0.54
SVM 2-FOLD# 0.76
SVM 2-FOLD* 0.87

Lasso peptide
cleavage and
cross-link

SVM LOO 0.99 In 83% (50 out of 60) of the test cases correct prediction was in top rank,
while in 92% of the test cases correct prediction was in top two ranks.

Cyanobactin
core peptide

SVM RSII@ LOO 0.96 Correct prediction could be done in all cases in a dataset consisting of 21
fragments with heterocycle rings and 7 fragments without heterocycle rings.

SVM RSIII@ LOO 0.95
Thiopeptide Motif Based Correct cross-links could be predicted in 28 out of 35 thiopeptides

In case of RiPP class prediction sensitivity, specificity and MCC values indicated by underline are average over all 12 RiPP classes.
#For validation of lanthipeptide prediction the dataset has been divided into two halves at cyclizable fragment level (i.e. sub-sequences of the type Ser/Thr-
(X)n-Cys or Cys-(X)n-Ser/Thr).
*For validation of lanthipeptide prediction the dataset has been divided into two halves at lanthipeptide level.
@ Each core sequence of cyanobactin is flanked by an N-terminal recongnition sequence (RSII) and a C-terminal recognition sequence (RSIII).

AVAILABILITY

http://www.nii.ac.in/rippminer.html. This website is free
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a standalone tool from ‘Download’ link in the RiPPMiner
web server.
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