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Unravelling peptidomes by in silico mining
Abstract: Peptides of great number and diversity occur in
all domains of life and exhibit a range of pharmaceutically
relevant bioactivities. The complexity of biological
samples including human cells or tissues, plant extracts
or animal venom cocktails, often impedes the discovery
of novel bioactive peptides using mass spectrometrybased peptidomics analysis. An increasing number of
publicly available genome and transcriptome datasets,
together with refined bioinformatics analysis, allows for
rapid identification of novel peptides which may have
been previously unrecognized. Moreover, a combination
of information extracted from in silico mining approaches
together with data derived from mass spectrometrybased studies provides new impetus for future peptidome
analyses, including the discovery of novel bioactive
peptides that can serve as starting points for drug
development.
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1 Naturally occurring bioactive
peptides – a pharmacological
treasure trove
The variety of natural compounds remains one of the
biggest resources for the discovery of novel drug leads [1].
The majority of these substances described to date are low
molecular weight compounds generated from secondary
metabolism. These compounds typically have preferred
druglike properties, in particular a higher stability and
oral bioavailability, as compared to larger molecules [2].
However, over the last few decades several ribosomallysynthesized peptides spanning a molecular weight range of
0.5 to 5 kDa have gained particular interest in drug discovery
and development approaches, filling a gap between small
molecules and large biologicals [3]. Bioactive peptides
are a versatile class of biomacromolecules that occur in
great number and diversity across organisms, ranging
from microbes and plants to invertebrate and vertebrate
species, including humans. They have a unique range of
functions and are important physiological regulators that
can act as hormones by modulating cellular signaling
pathways [4], serve as messenger molecules in interspecies communication [5] or display an important part of
the defense mechanisms against pathogens and predators
[6, 7]. Within humans several peptides have been shown
to be useful as disease biomarkers [8, 9].
In the quest for peptide identification, de novo
characterization and quantification, classical peptidomics
approaches are facing serious challenges. The extensive
characterization of peptides present in biological samples
by means of standard analytical techniques such as
liquid chromatography and mass spectrometry (MS)
experiments, can be both laborious and inefficient. This
is primarily due to the high complexity of biological
samples. In addition, samples are often limited in
quantity, with bioactive compounds present only in
trace amounts. On top of this, indistinct resolution of
chromatographic methods [10] further impedes peptide
identification. Besides continuous advances in MS-based
analytics, the availability of a constantly growing
number of publicly accessible genome and transcriptome
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datasets, as well as increasingly refined bioinformatics
techniques, facilitates a new avenue of peptide discovery
that has recently attracted much interest. In silico mining
has been established not only as an alternative but as a
complementary method for novel and potentially bioactive
peptide identification within a variety of species [11-14].
Here we review recent achievements for the discovery
of bioactive peptides. Particular emphasis will be
given to novel bioinformatic approaches that allow the
identification of peptides that have previously been
overlooked in genome studies. Moreover, the potential
of combining data from in silico mining and MS-based
discovery approaches will be discussed.

2 In silico mining revisited –
unveiling hidden treasures of
genome and transcriptome datasets
Classical peptidomics studies using liquid-chromatography
coupled to MS techniques have been successfully used to
identify numerous bioactive peptides at the protein level.
Nowadays the characterization of peptidomes, rather than
one-molecule-per-study approaches has become state-ofthe-art [15]. Despite technical advancements, MS-based
discovery approaches still have major limitations, in the
forms of highly complex mixtures, limited amounts of
samples and the low abundance of many peptides. This
restricts the rate at which new bioactive molecules can be
identified due to the labor-intensive nature of analytical
separation from crude natural products [10]. Additionally
bioactive compounds might be encoded in pseudo-genes
and hence are missed altogether in peptidome analyses
[16].
As genome and transcriptome datasets have
become more readily available due to advances in nextgeneration sequencing technology, mining of these
data has initiated a new era for the discovery of novel
bioactive peptides. Identifying translatable genetic
sequences using bioinformatics approaches has become
increasingly intertwined with modern natural product
discovery [17]. This has been facilitated by progressively
more multifarious, yet user-friendly computer programs
that are also amenable to non-bioinformaticians [18, 19].
Transcriptomes in particular, since they are typically less
expensive and elaborate to generate than genomes, have
proven to be a treasure trove of previously unrecognized
bioactive peptides. If correctly harnessed through
automated bioinformatics approaches, the use of sequence
databases promises to significantly expand our current

knowledge of natural product peptidomes and make high
throughput peptide discovery more feasible [20-23].
To date, the identification of protein products through
in silico methods has relied heavily on similarity searches
for sequence homology to annotated genomes. This allows
for the easy detection of sequences of interest and permits
the establishment of efficient, repeatable workflows with
which to successfully mine large amounts of genetic data
and characterize newly identified gene products. A number
of publicly accessible online programs are available to
mine existing genome/transcriptome data and identify
potential hits that have been previously unannotated. An
overview of selected and commonly used online tools is
given in Table 1. As most workflows are initially based on
the identification of homologous sequences, the National
Centre for Biotechnology Information’s (NCBI) Basic Local
Alignment Search Tool (BLAST)[24] searches are common
starting points. The various types of BLAST search, e.g.
BLASTN or BLASTX, either with or without translation of
nucleotides, are used to mine for unannotated putative
peptide-encoding transcripts within databases. These
databases include Whole Genome Shotgun Assembly
(WGS), Transcript Shotgun Assembly (TSA) or Expressed
Sequence Tag (EST) databases and are searched using
queries with known transcript sequences or protein
patterns. If subsequent translation of BLAST search
outputs is required, this can be performed with nucleotide
translation tools, e.g. ExPaSy Translate [25]. Sequence
alignment tools, such as Clustal Omega [26], are then able
to generate alignments of identified sequences to infer
homology. These alignments should ultimately receive
manual verification to ensure the quality and accuracy of
the hit. The quality of the alignment output is dependent
upon the specificity of the query sequence and this must
necessarily come as a trade-off. While a non-specific
search criteria or query sequence may result in a larger
number of hits, these are likely to include a greater number
of erroneous results. Greater specificity and constraint of
search criteria will reduce the number of hits but with
a higher rate of accurate and relevant results. Signal
peptides, also frequently used as a search criterion [20],
can be identified with the Centre for Biological Sequence
Analysis’ SignalP prediction [27]. Further annotation of
coding DNA sequences and open reading frames (ORFs)
can be accomplished using algorithms such as GeneWise
[28]. Successful examples of peptides identified using
the basic workflows described above include a suite of
neuropeptides in ticks [29], crustaceans [22], and oysters
[30] as well as both defensins and neuropeptides in ants
[11]. In addition to mining for conserved sequences,
specific characteristics of peptides of interest can also be
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Table 1. Overview of selected and commonly used publicly available in silico mining tools
Name

Description

Sourcea

Galaxy

Workflow management and bioinformatics toolkit http://galaxyproject.org/

Reference
[18, 47, 48]

Ugene

Bioinformatics toolkit

http://ugene.unipro.ru/

[19]

BLAST

Similarity search

http://blast.ncbi.nlm.nih.gov/Blast.cgi

[24]

GeneWise

Pairwise sequence alignment tool

http://www.ebi.ac.uk/Tools/psa/genewise/

[28]

MEGA

Sequence alignment tool

http://www.megasoftware.net/

[71]

MUSCLE

Multiple sequence alignment tool

http://www.drive5.com/muscle/

[72]

Clustal Omega

Multiple sequence alignment tool

http://www.clustal.org/omega/

[26]

PROSITE

Pattern identification tool

http://prosite.expasy.org/prosite.html

[73]

ExPaSy Translate

Translation of nucleotide into protein sequence

http://web.expasy.org/translate/

[25]

SignalP

Prediction of signal peptide cleavage sites

http://www.cbs.dtu.dk/services/SignalP/

[27]

MEROPS

Peptidase database

http://merops.sanger.ac.uk/

[74]

Pep2Path

Identification of gene clusters for MS-analyzed
peptides

http://pep2path.sourceforge.net/

[62]

sORF finder

Identification of sORFs with high coding potential http://evolver.psc.riken.jp/

[45]

AUGUSTUS

Prediction of genes in eukaryotic genomic sequen- http://bioinf.uni-greifswald.de/augustus/
ces

[75]

PhyloCSF

Distinguishes coding/non-coding RNA

[76]

https://github.com/mlin/PhyloCSF/wiki

DiANNA

Disulfide connectivity predictor

http://clavius.bc.edu/~clotelab/DiANNA/

[77]

NRPquest

Non-ribosomal product identification

http://cyclo.ucsd.edu:4568/nrpquest_full

[61]

GPS

Prediction of kinase-specific phosphorylation siteshttp://gps.biocuckoo.org/

(UniProtKB/Swiss-Prot)/ Database of manually/ computationally annotated http://www.uniprot.org/
(UniprotKB/TrEMBL)
protein sequences

[78]
[79]

Footnotes: aLinks accessed on the 01.12.2014

as used as search criteria, for instance structural motifs
such as conserved cysteine frameworks [20, 22]. Using
these patterns, disulfide-rich peptides such as conotoxins
are easily identified with several hundred sequences
identified within single studies [14, 20]. This technique
was also successfully used for the identification of putative
insulin-like peptides in platyhelminths, which was based
on a search for conserved features including a cysteine
framework and hydrophobic core, without a reliance on
strong sequence homology [31].
While the mining of databases using both of
these approaches has yielded a significant amount of
annotational data, the continued reliance on homologyand conservation-based searches presents a potential
limitation to the identification of truly novel, heterologous
peptides that may have unexplored roles or be useful drug
leads. Furthermore, it restricts the ability to understand
the biosynthetic pathways between resulting peptide
products and the gene products that encode them. This
is evidenced by the limited ability of current in silico

approaches to correctly match experimentally-identified
peptides that have undergone extensive post-translational
modifications with the genetic sequence that encodes
them [32, 33].
An expansion of traditional computing workflows
is occurring as new methods are explored with which to
more fully harness the power of in silico data mining. This
follows as sequences traditionally ascribed to non-coding
regions of the genome have, under closer inspection,
been revealed to have protein-encoding potential. While
the majority of protein-coding genes are transcribed from
long, conserved ORFs which are usually easily identifiable
by automated gene annotations [34], attention is now
being given to non-traditional reading frames that appear
to have the potential to encode functional protein products
[13, 35, 36]. These include open reading frames with
non-AUG start codons, long intergenic non-coding RNAs,
as well as short open reading frames (sORFs) [36, 37].
Programs that are able to explore possible open reading
frames and identify these potentially peptide-coding
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regions could reduce the dependence on homology-based
searches for peptide identification. In silico methods are
now being adapted to take greater advantage of these
opportunities for novel peptide discovery and facilitate
large-scale identification of sequences with coding
potential in previously overlooked areas of the genome.
Peptides identified from in silico data mining have
conventionally been detected based on stringent search
criteria to reduce false positive predictions, which usually
includes a minimum sequence length of >100 amino
acids [38]. Due to this typical cut-off length, open reading
frames shorter than 100 amino acids have traditionally
been disregarded. Recently, however, small open reading
frames have been shown to be a potentially rich source
of biologically relevant peptides that await annotation
[39-41].
Peptides encoded by sORFs have already been
found in numerous organisms including yeast [42],
invertebrates [39, 43], human cell lines [44], as well as
plants [41] suggesting that translation of sORFs seems to
be conserved throughout evolution and may occur more
often than previously anticipated. This is encouraging
for the discovery of a novel pool of bioactive peptides
that warrants further exploration. In order to increase
the discovery of sORFs through in silico data mining,
sORF finder [45], a free web-based tool to identify small
open reading frames with high coding potential has been
released and has been successfully used to detect sORFs
in both plant and mammal genomes, representing an
important step towards categorizing actively transcribed
sORFs [40, 45]. Although sORFs are increasingly being
identified in numerous genomes, because of their small
size, it can be difficult to discern true, potentially coding
reading frames from those that occur purely by chance
due to the presence of spurious stop or start codons
in a genetic sequence [40]. It therefore remains to be
verified how many of these reading frames are actually
translatable and whether they encode biologically active
peptides. For example, of the 7,442 unannotated sORFs
that were identified in Arabidopsis thaliana [46], only 155
of these were confirmed to be translated at the peptide
level [33].
As the use of in silico analysis increases, new
programs and algorithms are continuously being created
to meet emerging needs of data mining, with a strong
history of open-source software (Table 1). In addition to
this, the creation of automated workflow programs such
as Galaxy allow scientists without programming skills to
analyse large amounts of data by assembling stepwise
workflows [18, 47, 48]. Due to this continual improvement
and increased accessibility of programs, the last decade

has seen a massive influx of predicted protein sequences
into databases. Many of these have not been demonstrated
to have a functional role in vivo: relying on further
computational analyses, such as structural and statistical
methods, to provide evidence for a potentially functional
role until one can be experimentally verified [49].
Furthermore, although in silico mining is a powerful tool
for the discovery of novel gene-encoded and ribosomallysynthesized peptides, it cannot provide critical
information regarding the actual presence at peptide level
or post-translational modifications that might be required
to transform a peptide into its biologically active form [50].

3 The power of two – linking MS
data and genome/transcriptome
mining
The identification of novel bioactive peptides based on
either in silico or MS-based methods present their own
unique advantages, challenges and limitations (Fig. 1).
One of the major challenges and limiting factors for
MS-based peptide identification and characterization
is the high complexity of sample mixtures coupled with
the low abundance of several bioactive compounds.
Consequently, purification prior to analysis is a crucial
yet perilous step, given the poor stability of many peptidic
compounds. This drawback of peptides is also a challenge
in their development as potential drug leads. Many potent
peptides may simply not be detectable by chemical
screens due to their rapid degradation [37]. Due to this, MS
analysis may not reflect the true in vivo state of a biological
sample. Furthermore, the truncated peptide fragments
resulting from proteolysis may overpower the signals from
remaining endogenous peptides of interest during MS
measurement [51]. This holds true for mammalian samples
such as blood serum or plasma [10] but applies equally to
plant tissues [52] or animal venom cocktails [53].
Furthermore, the lack of publicly available nucleotide
datasets for particular organisms may restrict several
studies to the use of classical MS-based peptidomics
approaches that are dependent on high-resolution MS
equipment. The identification of peptides based on MS
and tandem MS experiments may then cause additional
problems. If no database is available against which MSn
data might be searched, time-consuming manual de novo
sequencing has to be applied. Additionally, overlapping
ion fragmentation patterns that are due to the presence
of highly similar peptide sequences require further
optimization of sequencing strategies [52], significantly



slowing down analyses. Altogether this hampers efficient
identification using currently available MS methods
and drives the steady development of both the technical
equipment as well as methodologies to increase the
discovery rate of novel bioactive peptides.
To overcome limitations of MS-based peptidomics,
the analysis of peptides at nucleotide level has recently
gained increased attention. Such strategies not only
reveal peptide sequences but allow the identification
of precursor proteins. This may also provide novel
insights into their biosynthetic processing and evolution.
Additionally, this may also bear important information
with regard to the identification of the biological function
of novel compounds. To date, next-generation sequencing
services, in particular transcriptome analyses, have
become reasonably affordable and are likely to soon be
part of routine experiments. If utilizing only publicly
accessible databases, in silico mining is amenable at
virtually no cost. However for many organisms, such
as plants or invertebrates, reference genomes are not
available. This makes de novo assembly a less than trivial
task [54, 55]. Although peptide sequences derived from
such approaches can then yield accurate information
about incorporated amino acids, including isobaric
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residues, they cannot provide any information regarding
the mature peptide length or any posttranslational
modifications that may be crucial for its bioactivity [50].
This highlights that despite any drawbacks, MS-based
peptidomics continues to be an indispensable tool for
both the discovery and/or confirmation of peptides
present in biological samples. Unannotated reading
frames identified by in silico data mining must ultimately
have their peptide products corroborated by in vivo
methods, which are dominated by MS approaches [40].
Likewise, peptides that are first isolated by MS can lead to
the identification of the encoding sequence. Furthermore,
homologous sequences in other species can then be
identified, increasing annotational data and further
expanding the pool of potential drug leads. This highlights
that the combined strength of these approaches hinges on
the ability of each method to validate the findings of the
other (Fig. 1).
It is therefore evident that a combination of both
methods is very likely to accelerate the identification
and characterization of novel peptide leads [33]. Indeed,
recent studies that made use of a combined analysis
using MS-based peptide sequencing together with
bioinformatics data mining and molecular approaches

Figure 1: Peptide discovery workflow overview. A comparative outline of de novo peptide discovery is shown. Samples from various natural
sources can either be used for RNA/DNA extraction (left) or solvent extraction (right). Key steps for each approach are given in textboxes and
are discussed within the manuscript. Major benefits and drawbacks are highlighted on the sides. Exemplarily, the coding DNA sequence
(CDS) for the precursor containing the cyclotide kalata B1 (Genbank entry: AF393825.1), its translated open reading frame (ORF) sequence
Oak1 (UniProt KB entry: P56254) as well as the mature peptide sequence of kalata B1 is shown. The mutual dependence and complementary
validation of both discovery pipelines is indicated by a central and double-sided arrow. MS – mass spectrometry. PTM – post-translational
modification.
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are encouraging examples that a combined approach is
a powerful tool for accelerated peptide discovery [12, 37,
41, 56-58]. Linking data from in silico studies to MS-based
analyses has been shown to allow the connection of
peptides to their genetic origin even in an automated
fashion [59]. With growing numbers and increasing
accuracy of publicly available genome datasets, these
studies provide a useful basis that aid in MS-based de
novo peptide discovery. Importantly, this approach is not
only restricted to ribosomally-synthesized peptides [60]
but can also be applied to non-ribosomally-synthesized
peptides by looking for biosynthetic gene clusters [61, 62].
In the context of linking in silico data to MS-based
peptidomics, the analysis of a novel class of short
polypeptides has recently gained increased attention.
Peptides encoded in short open reading frame (see
previous section) denote a previously overlooked class
of peptides that warrants further characterization. Their
presence in biological samples has been shown to be
of similar concentrations to other classes of proteins,
which is encouraging for future studies regarding the
characterization of functional roles of these peptides [37].
The identification of novel sORF encoded peptides can be
of interest in itself, due to the discovery or reinforcement
of the existence of non-canonical features such as
non-AUG start codons [37]. This leaves the question open
as to whether these peptides can ultimately be linked to
biological functions and if they can then be utilized as
novel disease biomarkers, molecular probes or drug leads.

4 Biological functions of novel
peptides – challenges and
opportunities
Given the advancements in de novo peptide identification
it is obvious that a wealth of bioactive peptides is
awaiting biological characterization and evaluation of
any potential as novel drug leads. In this regard there is
another significant difference between peptides identified
from in silico mining versus MS-based approaches. The
discovery of potential peptide-encoding sequences within
genome or transcriptome datasets does not reveal if the
encoded products are actually present as a peptide or
if they exert any biological functionality. For example,
retrocyclin has been identified as a potent antimicrobial
peptide, which, while it is encoded in an expressed
pseudogene in human bone marrow, is not actually
transcribed [16]. Moreover, the conotoxin Vc1.1, which
is a promising peptide to target neuropathic pain, has

been found to be active only in its non-native and not
post-translationally modified form [56, 63]. Although
the identification of peptides via MS-based approaches
does not directly provide information regarding bioactive
functions, MS discovery often starts with the search for an
active compound responsible for a given activity [64]. The
identified peptide can then be retrospectively matched
to the genetic sequence that encodes it. While this
guarantees a functional end-product, the detection of an
encoding sequence can be confounded by extensive posttranslational modifications, low abundance or sample
size, or being of non-ribosomal origin. As exploration of
non-canonically-encoded peptides is still in its infancy,
it remains to be demonstrated what portion of these
newly-discovered sequences actually encode biologically
functional peptides. A recent study examining sORFs in
Drosophila exemplifies how identification of new ORFs
does not equate to a similar number of functional peptides.
Of nearly 600,000 sORFs that were identified via genome
mining, annotational evidence for translation exists for
only around 400 of these, and definitive proof of any
functionality must still be demonstrated experimentally
[65]. Furthermore, of those ORFs that are translated, it
must be determined whether their peptide products are
both abundant and stable enough to be detected by MS
approaches. While MS is subject to detection bias, e.g.
limited resolution of co-eluting compounds or insufficient
ionisation, it is generally biased towards detecting the
most abundantly expressed peptides. This may present
an advantage in detecting functionality, in that the most
highly expressed of these in silico-identified peptides are
potentially the most likely to be functional [38]. However
at the same time it runs the risk of passing over many
less abundant but potentially still biologically significant
peptides [37].
At a very general level, a peptide can be deemed
functional if it is transcribed, translated and biologically
relevant [65]. In the absence of direct in vivo evidence, as
is often the case with newly identified sORFs, relevance
can be indicated by genetic conservation across different
species [34, 36, 65]. This is due to the consensus that
cross-species conservation of an ORF is indicative of a
valid protein-coding gene, while non-conserved genes
are usually spurious [66]. Intriguing examples of this
are neuropeptides such as oxytocin/vasopressin and
related nonapeptides. Their existence for several hundred
million years, along with their presence within various,
evolutionarily distant species [67] indicates an increased
probability that novel peptides such as these that are
identified by in silico mining do indeed exert physiological
functions [11, 68].
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Moreover, some sORF-encoded peptides may not have
a bioactive role in and of themselves: there are speculations
that in some cases it may be the action of translation that
plays a role [35], or that they may play a regulatory role that
does not require active translation of the encoded peptide
[36]. However the existence of several human sORFencoded peptides has been confirmed experimentally by
MS-based approaches [37]. Peptides identified using MS
were matched to their ORFs using transcriptomic data
analysis. Synthetic, isotopically-labelled peptides were
then synthesized based on the implicated transcripts
and mixed with endogenous peptides. Subsequently MS
analysis was applied to verify that the predicted transcripts
matched the observed peptide products. To circumvent
some of the potential shortcomings associated with MS
validation, incorporation of ribosomal profiling may be
useful. It is, by its nature, more sensitive than MS analysis
and is likely to detect a larger number of new ORFs [38].
The technique is based on deep sequencing of ribosomeprotected mRNA fragments and permits a snapshot of
active ribosomes and occurring translation events at a
point in time [69]. However, ribosomal occupation does
not always reflect active translation of the engaged mRNA
and contained ORF [70]. It should therefore be used
to augment, rather than replace, MS and other in vivo
analyses of novel peptides.
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5 Conclusion

[7]

The identification of bioactive peptides using peptidomics
analyses has made significant contributions in biomedical
research. The comprehensive characterization of peptides
from a variety of biological samples has revealed
many potent drug leads as well as disease biomarkers.
Continuous development in MS technologies, refined
molecular biology methods and nucleotide sequencing
allows the identification of peptides in high numbers and
with unique accuracy. Using complex bioinformatics,
the analysis of peptidomes at genome and transcriptome
level reveals a novel wealth of peptides of previously
unexpected dimension. The combined analysis of peptides
at nucleotide as well as peptide level is encouraging not
only to facilitate the discovery of novel compounds, but
in providing insights into their biosynthetic processing
and evolution. Given the current advances in peptide
chemistry towards overcoming the issues of instability and
low oral bioavailability we remain confident that peptides
identified by in silico mining can serve as ideal starting
points for the development of peptide-based drugs.
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