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1 Developing Peptipedia Data Base

1.1 Collection of information and processing of the database

Peptipedia is a peptide database of 92,055 registers collected from 30 previ-
ously reported databases, summarized in Table 1. All the databases used to
develop this tool were downloaded and preformatted independently due to they
presented different formats, characteristics, and varied information, creating a
single integrated repository of peptides and their properties. We eliminated the
data redundancy by combining in a unique register peptides with different activ-
ities and information. Next, we remove those sequences with lengths less than
two and greater than 150. We designed a NoSQL database using the document-
oriented database program MongoDB. Finally, we populated the database insert
all registered. Table 2 shows a summary of the component of each register in
our database. All the implementation of the preformatting and evaluation of
the databases was implemented in the Python v3 programming language.

Table 1: The summary databases used for collecting peptides se-
quences. Column # indicates all sequences and Column NR indi-
cates non redundant sequences.

Database Access Link
#

Seq
NR
Seq

APD3 [32] http://aps.unmc.edu/AP/main.php 3167 3129
AHTPDB [14] http://crdd.osdd.net/raghava/ahtpdb/ 9342 1694
DBAASP [22] https://dbaasp.org/home 16236 16236
CA[29] http://www.camp.bicnirrh.res.in/ 8049 7662
BACTIBASE [9] http://bactibase.hammamilab.org/main.php 229 217
YADAMP [21] http://yadamp.unisa.it/default.aspx 2525 2525
Quorumpeps [33] http://quorumpeps.ugent.be/ 350 350
CPPsite [1] http://crdd.osdd.net/raghava/cppsite/ 1855 1421
ArachnoServer [20] http://www.arachnoserver.org/mainMenu.html 1838 1784
DADP [19] http://split4.pmfst.hr/dadp/? 2571 1793
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NeuroPedia [13] http://proteomics.ucsd.edu/Software/NeuroPedia/ 847 605
Erop-Moscow [34] http://erop.inbi.ras.ru/ 26697 25964
BIOPEP [17] http://www.uwm.edu.pl/biochemia/index.php/en/biopep 4131 3550
BaAMPs [5] http://www.baamps.it/ 990 200
LAMP [35] http://biotechlab.fudan.edu.cn/database/lamp/ 22533 22279
DRAMP [11] http://dramp.cpu-bioinfor.org 13728 4842
SATPdb [27] https://webs.iiitd.edu.in/raghava/satpdb/ 28373 16161
AllergenOnline [7] http://www.allergenonline.org/about.shtml 2167 2154
PhytAMP [8] http://phytamp.pfba-lab-tun.org/about.php 273 272
AntiTbPdb [30] https://webs.iiitd.edu.in/raghava/antitbpdb/ 990 402
AVPdb [24] http://crdd.osdd.net/servers/avpdb/ 2683 2359
HIPdb [23] http://crdd.osdd.net/servers/hipdb/ 981 888
Brainpeps [31] http://brainpeps.ugent.be/ 252 233
TumorHoPe [12] http://crdd.osdd.net/raghava/tumorhope/ 636 577
SPdb [3] http://proline.bic.nus.edu.sg/spdb/ 5024 4857
BioDADpep [26] http://omicsbase.com/BioDADPep/ 2553 1138
Hemolytik [6] https://webs.iiitd.edu.in/raghava/hemolytik/ 2970 1926
ConoServer [10] http://www.conoserver.org/ 7809 6685
AntiAngioPred [25] http://clri.res.in/subramanian/tools/antiangiopred/ 257 202
Uniprot [4] https://www.uniprot.org/ 12037 65

Table 2: Summary of features and values registered in Peptipedi-
aDB

Name Feature Description
Sequence Peptide sequence in amino acid alphabet
Is modify Binary value, if 0, is non modify, else, is modify
Length Length of sequence

In Name-Database
Binary value, if 1, peptide is registered in
databasei, else, is not registered in databasei

Activities
Binary value, if 1, peptide has the activityi, else,
peptide has not the activityi. Full list of activity,
See Figure 1.

IC50 information for antiviral peptides
Information related to IC50 measures in antiviral
peptides.

IC50 information for Anti HIV peptides
Information related to IC50 measures in Anti HIV
peptides.

Uniprot code ID uniprot if peptide is registered in this database
Peptide name Common peptide reported previously
Taxonomy Information related to taxonomy values
Organism Name of organism
Gene name Name of gene
ID sequence ID sequence registered in our database
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Formula Molecular formula of peptide sequence
Molecular Weight Molecular weight of peptide sequence
Boman index Boman index for peptide sequence
Charge Charge of peptide sequence
Charge density Charge density of peptide sequence
Isoelectric Point Isoelectric point of peptide sequence
Instability index Instability index for peptide sequence
Aromaticity Aromaticity index estimated for peptide sequence
Aliphatic index Aliphatic index for peptide sequence
Hydrophobic Ratio Hydrophobic ratio estimated for peptide sequence
Hydrophobicity Profile Hydrophobicity profile for peptide sequence
Hydrophobic Profile Hydrophobic profile for peptide sequence
Momment Momment value estimated for peptide sequence

Frequency of residues
Frequency of residues for peptide sequences expressed
in percentage value.

1.2 Database Integration

Table 3 shows the number of sequences per database used in Peptipedia. Most
of the sequences was obtained from the UniProt, LAMP2, SATPdb, DBAASP,
DRAMP, and CAMP databases. Whereas, peptides with specific activities such
as Biofilm, Neuropetids, Peptides that cross the cerebral blood barrier, among
others, were collected from particular repositories to form the database with the
largest number of records with activity registered and the greatest amount of
information up to the moment.

Table 3: Summary of sequences used by database in Peptipedia.

Database # Sequences Percentage
APD 4699 5.11
AHTPDB 2719 2.95
AllergenOnline 789 0.86
AntiAngioPred 202 0.22
AntiTbPdb 388 0.42
ArachnoServer 1762 1.91
AVPdb 1906 2.07
BaAMPs 273 0.29
BACTIBASE 297 0.32
BioDaDpep 1094 1.18
BIOPEP 3383 3.67
BrainPeps 111 0.12
CAMP 8161 8.86
ConoServer 7045 7.65
CPPsite 1295 1.41
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DADP 2825 3.11
DBAASP 14527 15.78
DRAMP 6562 7.13
Erop-Moscow 595 0.65
Hemolytik 2031 2.21
HIPdb 937 1.01
LAMP2 24747 26.88
NeuroPedia 662 0.72
PhytAMP 358 0.39
quorum-peps 607 0.66
SATPdb 190073 20.72
SPdb 2953 3.21
TumorHoPe 576 0.62
uniprot 21292 23.13
YADAMP 3770 4.11

It is important to note that because the sequences registered in our database
may exist in different previously reported databases, the sum of the values in
the # Sequences column will not add up to the total of records in Peptipedia.
Similarly, this occurs for the Percentage column, where obviously the summation
exceeds 100 %, which is closely related to what was previously stated.

1.3 Peptide characterization and Category classification

Once the database was generated, the sequences were classified according to
activity using the previously reported databases and the set of categories pro-
posed in this work. Then, the peptides were characterized from physicochemical
properties and different components, for which scripts based on the Python v3
programming language were implemented, supported by various libraries, the
most relevant being MODLAMP [18] and DMAKIT-Lib library [16].

Full visualization of all categories and subcategories proposed in this work
and showing the number of peptides classified in a specific category are summa-
rized in Figure 1. It is important to note that the subcategories’ sum does not
necessarily have to be equal to the peptides classified in their parent category.
That is to say, Let there be two subcategories X, Y, that belong to category
Z, the sum of peptides in X and Y may be different from Z. This is due to the
moonlight effect of peptides, which is associated with the fact that a peptide it
may have more than one activity or impact.
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Figure 1: Summary of categories proposed in Peptipedia. We propose a
set of categories and subcategories considering the different activities previously
reported for each peptide in the databases that make up Peptipedia and rely on
each activity’s properties and characteristics. We present eight main categories,
added to 1 category named ”Other” and an additional one ”No activity.” The
vast majority of the main categories show subcategories and so on, generating
depth levels that allow understanding the various options of a peptide and its
behavior at the activity level.

2 Design, Implementation, and configuration of
Peptipedia

Peptipedia was designed using a Model-View-Controller (MVC) design pattern.
Its software architecture is based on a client-server strategy, while all the inter-
nal logic of the system was developed under the Object-Oriented Programming
paradigm (POO). Figure 2 shows the architecture proposed for the computa-
tional system developed in this work.
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Figure 2: Architecture design to implement Peptipedia. A three-layer
architecture consisting of Presentation, Domain, and Data was developed. The
first contains all the elements associated with the view component, divided into
different services or modules that make up everything. On the other hand, there
is the Domain layer, which represents the controller’s components and which
comprise the operation of the system. Finally, the Data layer is associated with
all the persistent information that is registered in the system. Besides, it also
considers resources, trained predictive models, etc.

The Peptipedia implementation is divided into front-end and back-end com-
ponents. For the visual element (front-end), the web technologies focused on
HTML5 were used, considering HTML markup language, a CSS3 style language,
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and the functionalities through JavaScript programming language. All visual
orientation is optimized using the Bootstrap V4 framework. The back-end com-
ponent’s implementation was based on NodeJS technologies as an application
server and using JavaScript programming language for all the elements imple-
mented in Peptipedia by employing Express framework. Additionally, Python
v3 programming language helped by different libraries supports the various func-
tionalities of sequence analysis and Machine Learning implemented in the tool
proposed in this work.

As a persistent storage system, a database was designed using the NoSQL
MongoDB manager. Different collections are stored to contain all the informa-
tion structure that supports Peptipedia and the access configurations, services,
among others.

Finally, Peptipedia is hosted on a web server configured with Linux Operat-
ing System, using Debian 10 distribution. The hardware characteristics of the
server are listed belong.

• 8 GB of RAM

• 4 core or vCPU

• 160 GB SSD disk

• 5 TB of traffic

Both the application and the services are encapsulated in Anaconda con-
tainers to increase the deployed application’s, portability, and dependencies.

2.1 Service Implementation

Peptipedia has different services associated with the sequence’s characterization
using bioinformatics approaches and machine learning strategies to classify or
identify peptides according to activity. Each service is encapsulated to func-
tion independently, and the results vary depending on the inputs or sequences
to be analyzed and the associated configuration parameters. All services are
implemented under the Python v3 programming language, and the results are
generated in a JSON format to facilitate the communication between controller
and view components. Remarkably, for a versed user with experience in Python,
he will be able to use only the modules or library related to services available
on Peptidea in the case if he does not want to use the web interface.

3 Relevant Service of Peptipedia

Peptipedia is a computational tool integrated into a NoSQL persistent storage
system that records information about peptides, sequences, properties, specific
characteristics, activities, and functionalities, as well as peptides’ particulari-
ties in some instances. Furthermore, different tools or services are available
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to interact with the database and work with peptide sequences applying bioin-
formatic strategies and Machine Learning and Data Mining techniques. The
main components of Peptipedia are explained below, together with their rele-
vant characteristics, functions, limitations, among others.

3.1 Search System

92055 peptides are registered in the Peptipedia database system. It is possi-
ble to view all the information in a summarized way and statistical analysis
of lengths and details of activities, facilitating a general understanding of the
volume of data and the data stored in Peptipedia. The system displays statis-
tical information on the physicochemical properties of the peptides with said
activity, the trend or average preference of the sequences, and different types
of information of interest, as well as the use of sequences by databases, among
others, considering the set of activities and sub-activities proposed in this work.
Additionally, it is possible to download the information by activity, facilitating
the use of the data for different data mining analyzes, applications in rational
design, drug discovery, and protein engineering treatments.

Peptipedia has a search system for the information reported in the database.
Different filters can be applied to do a specific search, considering physicochem-
ical information, properties, activities, organisms, among others, allowing ob-
taining detailed information depending on the user’s needs. All information is
reported in summary form and can be downloaded in different formats (Fasta,
JSON, CSV). Furthermore, each identified peptide can see its registered infor-
mation in detail, displaying it merely and intuitively for correct details.

3.2 Download System

All the information available on Peptipedia can be downloaded for local use, is
provided in different formats (CSV, JSON, FASTA). In general, all download
systems are available automatically since they are previously developed, except
for the specific queries that a user can create, made at the time of the specified
request.

3.3 Tools

Different tools are available in Peptipedia, which are related to the characteriza-
tion of sequences using physicochemical properties, the classification of peptide
activity using pre-trained predictive models. Each of the tools, their main fea-
tures, and functionalities are explained in a general way below.

3.3.1 Sequence characterization service

It is possible to estimate different physicochemical, structural, and statistical
properties of the sequences concerning the percentage of residues, using a se-
quence or a set of amino acid sequences in FASTA format. For this, Peptipedia
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takes the sequences and estimates the properties using the MODLAMP library.
The sequence analysis at the statistical level is generated from specific libraries
with scripts from the tool developed in work presented in this article.

3.3.2 Sequence Alignment Service

Peptipedia makes it easy to align sequences against the tool’s database. First,
the user must select the corresponding service and enter the sequence in Fasta
format. Additionally, the tool allows selecting the sequences to align, consider-
ing categories and sequence lengths. Once the request is generated, the system
collects the configuration parameters and the sequences entered and supported
by the EdLib library [28] generates the sequences’ alignment. As a result, the
tool generates a JSON file with the aligned sequences and the similarity mea-
sure, showing the platform results in order of similarity.

3.3.3 Sequence Encoding Service

Coding sequences involves transforming categorical variables (residues) into
numbers, generating numerical representations of amino acid sequences, using
them in methods based on Machine Learning or data mining, either for the devel-
opment of predictive models or for identifying patterns with non-bioinformatics
tools. Peptipeda has implemented different coding strategies based on clas-
sic methods such as One Hot Encoder and Frequency of residues and the use
of physicochemical properties and treatment through Digital signal processing.
Besides, it facilitates coding through more elaborate techniques using Natural
language processing (NLP) strategies, utilizing the TAPE library [2] and its
different pre-trained coding models. It is essential to mention that for the en-
codings using physicochemical properties or Digital Signal Processing, the repre-
sentations previously obtained in our previously work [15] are used. In general,
Peptipedia receives sequences and removes those that do not have canonical
residues, then encodes according to the selected method and generates a CSV
file with the results. Besides, it is noted that the tool proposed in this work
presents its zero-padding way, which is used to adapt all the encodings to the
same size. Finally, the results are compressed and enabled for download by the
user.

3.3.4 Classification service of peptides according to activity

Given a set of sequences, it is possible to classify them according to the cate-
gories proposed in this work, using coding methods based on physicochemical
properties and representations in frequency space, followed by the use of super-
vised learning algorithms as Machine Learning strategies (See Section 5 for more
details). Using its classification system, Peptipedia makes it easy to classify se-
quences in your activities. To do this, the user must select the activity/category
classification service and then enter the sequences they want to work on. Once
the sequences have been entered, the system collects the input data and proceeds
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to encode the sequences using physicochemical properties to then apply Fourier
transforms and represent the sequences in frequency space, as proposed in [15].
Then, the encoded sequences are evaluated for all the assembled classification
models implemented. The response associated with whether or not it presents
a particular category is obtained by using the voting system associated with
the classification system. Finally, the service reports the presence or absence
of all categories related to a probability percentage of the binary classification
generated.

3.3.5 Training predictive models service

Given a set of sequences with their reported effects, related to the value to be
predicted, it is possible to develop predictive models using Machine Learning
strategies. However, this task is arduous and complicated for those users or
researchers who do not have the necessary skills. Peptipedia has implemented
the training service and generation of predictive models to use their data sets
(peptide sequences and their corresponding effect) and train their predictive
models. Once the user uploads the necessary files, he must select what type of
encoding to use (the same ones enabled in the encoding service), the algorithm
to use and the kind of response that will be evaluated, existing categorical (to
generate classification models) or continuous (for the development of predictive
models). Once the configuration is generated, the system collects the data and
proceeds to train the models, using the modules used in the DMAKit-Lib [16]
library. The system displays the results depending on the model-generated,
allowing the visualization of a confusion matrix, evaluation of sensitivity and
specificity, and a learning curve, in the case of categorical systems and the re-
gression curve and the variability of the error, in the case of prediction systems.
Additionally, for both cases, the performance and configuration hyperparame-
ters used for the selected algorithm are shown. Remarkably, Peptipedia stands
out for the usability and interpretability of the results. In this way, there are
messages or information tables that support the interpretation of models and
how to use them.

3.3.6 Frequency of residues analysis

It is possible to obtain the residue frequency or the amino acid content for it
from the peptide sequence. Peptipedia allows obtaining these indicators through
the Frequency of residues service. To do this, the user must upload a set of
sequences in Fasta format and select the counting to be performed, including
the residual count or the percentage estimate. The system receives the request
and estimates the content according to the specifications chosen. In the case
of being only a single sequence, a graph with the residue content is generated.
In several sequences in the uploaded set, the system generates a table with the
content for each sequence and a graph with the average range for the analyzed
sequences. It is essential to clarify that all the analyzes are based on the 20
canonical residues, not considering modified peptides, non-canonical residues
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such as taurine, and the sequences must only be found in the single-letter amino
acid format.

4 Peptide sequence analysis

We analyze the sequences grouped by activity to identify relationships or inter-
nal patterns between the categories. To do this, we take into account all the
sequences and estimate the trend of amino acid content, represented in Figure
3 for the ten main categories proposed in this work. Visual patterns highlight
a difference in terms of the arginine content for the Drug Delivery category’s
peptides compared to the rest of the activities. Additionally, the trends for
peptides from the Signal, Propeptide, and Transit categories all have similar
amino acid contents, making sense among them since typically signal peptides
are previously propeptides. However, more specific patterns associated with
the different categories cannot be identified with this criterion, which leaves the
problem open to a more methodological analysis, contemplating other charac-
teristics and sequence representation strategies, possibly from an NLP or using
frequency transformations to increase the representativeness of the sequences
and their elements.

5 Developing classification models supported by
Assembled strategies

We develop classification models for the categories proposed in this work. First,
we discard all those categories whose number of members was less than 50.
Lower numbers do not allow a straightforward generalization of the behavior
or trend that describes a particular activity/category. For the development of
the models, all the sequences were coded using the representations of physico-
chemical properties and subsequently transformed using Fourier transforms for
a representation in the frequency space [15]. Then, classification models were
generated using the Random Forest algorithm with hyperparameters by default,
and the performance of each model was evaluated using the classic metrics. Re-
markably, cross-validation techniques were applied to each training to prevent
overfitting of the models. Finally, two points are relevant to consider in the
proposed predictive modeling strategy. First, all data sets represent binary cat-
egories. That is, the category to be evaluated is present or absent. In this way,
binary datasets are generated as input for each model. Another essential point
to note is that to give statistical support to the generated classification models,
the development of these one v/s rest sets was developed n times with n = 100
so that they report the weighted performance for each problem evaluated.

The summary of performance got for all binary classification assembled mod-
els it shows in Table 4. Remarkably, all performances are higher than 80% of
accuracy. This is so relevant because, the performances reported represent the
average of statistical process, demonstrating the robustness of the proposed
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Figure 3: Average amino acid frequency of residues for peptide sequences
grouped by category, using the ten main categories proposed in this work.
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method and the usability of this strategies for encoding sequences in combi-
nation with assembled techniques supported by supervised learning algorithms
and the different applications in protein engineering problems.

Table 4: Summary performance got by classification assembled
models for all categories proposed in this work

Activity Performance
Allergen 0.862
Anti-Angiogenic 0.830
Antibacterial-antibiotic 0.858
Antibiofilm 0.860
Anticancer 0.816
Anti-Diabetic 0.837
Antifungal 0.854
anti gram negative 0.871
anti gram positive 0.872
Anti-HIV 0.832
Antihypertensive 0.887
Antimicrobial 0.807
Antiparasitic 0.876
Antiprotozoal 0.929
Anti-TB 0.889
Antitumour 0.842
Antiviral 0.830
Anuro-defense 0.917
Bacteriocins 0.863
Blood-brain-barrier-crossing 0.787
Brain-peptide 0.876
Cancer-cell 0.826
Cell-cell-communication 0.843
Cell-penetrating 0.867
Cytolytic 0.889
Defense 0.848
Drug-delivery-vehicle 0.864
Hemolytic 0.889
Immunological-activity 0.851
Immunomodulatory 0.856
Insecticidal 0.911
Mammallian-cell 0.841
Metabolic 0.838
Neurological-activity 0.792
Neuropeptide 0.805
Other-activity 0.834
Propeptide 0.882
Quorum-sensing 0.814
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Regulatory 0.863
Sensorial 0.853
Signal 0.862
Therapeutic 0.874
Toxic 0.864
Transit 0.886
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