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Abstract: Researchers are increasingly fascinated by cell penetrating peptides (CPPs) owing
to their ability to deliver biomolecules within cells. This unique capability makes CPPs an
incredibly valuable asset in fields such as drug delivery, gene therapy and imaging where
precision is paramount. However, the design and prediction of CPPs with optimal attributes
and augmented cellular uptake still pose a challenge. With this literature review piece, we
hope to shed light on significant progress that has been made within the field of in silico
prediction techniques for CPPs. In particular our focus lies on discussing how these
methodologies can assist with discovering and optimizing promising CPP candidates more
efficiently. To accomplish this goal respectfully and comprehensively, we will examine
computational methods like machine learning algorithms, sequence-based techniques, and
structure-based modeling. These techniques employ large-scale databases, extensive peptide
libraries, and advanced algorithms to scrutinize peptide properties, predict CPP activity,
and optimize CPP sequences. Within this analysis, we find a significant emphasis placed on
integrating physicochemical features, sequence motifs, and structural information into
predictive models relating to CPP development. These factors are essential to predicting
successful peptide uptake within cells while presenting various challenges during this
process. Furthermore, the review highlights considerable strides in silico prediction
techniques for CPPs, demonstrating great promise in accelerating their identification for
further development. Incorporating computational tools and experimental validation holds
tremendous promise in facilitating the design of CPPs with enhanced properties, thus
advancing the field of intracellular delivery and therapeutics.
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Introduction

Cell-penetrating peptides (CPPs) are short amino
acid sequences, typically ranging from 4 to 40 residues,
that possess the ability to efficiently cross cellular
membranes (Park et al., 2023). The field of drug delivery
has been deeply intrigued by CPPs because they possess
a unique ability to facilitate the transportation of diverse
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cargo molecules into cells (Heitz et al., 2009). Natural
proteins, synthetic peptides, and peptide mimetics are
among the various sources that produce these promising
peptides. The fundamental characteristics of
CPPs include their capacity to penetrate the cell
membrane without causing substantial toxicity (Li et al.,
2015; Xie et al., 2020). The potential utility of CPPsin
drug delivery is extensive.
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CPPs are characterized by their magnificent
ability to ease intracellular transport of different
therapeutic cargoes, such as chemotherapeutic agents,
antimicrobial agents, and nucleic acids. This effective
approach holds significant promise in enhancing the
intracellular delivery and bioavailability of these
therapeutic agents (Heitz et al, 2009). CPPs have
demonstrated significant potential; however, multiple
obstacles must be overcome before widespread clinical
utilization. Some of these obstacles entail enhancing
peptide design for improved efficiency, stability, and
cargo release properties, while simultaneously reducing
potentially damaging cytotoxic and immunogenic
reactions.

Validating and optimizing CPPs through
experimentation can be demanding and arduous. As a
result, computational methods have been devised as a
substitute to accelerate the discovery process (Kardani &
Bolhassani, 2021; Porosk, Pohako, et al., 2021; Schissel et
al., 2021). These methods employ diverse peptide
properties, such as amino acid composition, biochemical
characteristics, and expression patterns, to achieve
prediction accuracies exceeding 80% (Park et al., 2023).
Forecasting with certainty the behavior and
effectiveness of CPPs is a demanding undertaking, given
the intricate nature of interactions between peptides and
cell membranes, combined with the multitude of
available CPP sequences (Gréslund et al., 2011). To
surmount these obstacles, it is imperative to attain a
comprehensive  understanding and  thorough
investigation of the fundamental mechanisms that
regulate the interactions between CPPs and cell
membranes.

In recent years, computational approaches have
emerged as invaluable tools for facilitating the design
and evaluation of CPPs (H. M. Lee et al., 2021). State-of-
the-art techniques employ advanced algorithms and
extensive databases to examine the characteristics of
peptides, predict their cellular internalization, and
assess their potential effectiveness. By utilizing
computational modelling and machine learning
methods researchers can expedite the identification and
optimization of CPP candidates. This strategy is time
efficient and economically savvy leading to considerable
savings.

This review examines computational approaches
for faster prediction of CPPs, aiming to expand
understanding and speed up the identification and
development of novel CPPs. Researchers can create and
improve CPPs with enhanced cellular uptake and
therapeutic effectiveness by incorporating
computational methods. This review provides valuable
insights for researchers and practitioners in peptide
design, advancing CPP research and fostering more
efficient and successful therapeutic strategies.

Several databases or computer-based electronic
searches were used to access all journals relating to the
prediction of cell penetrating peptides, including
Pubmed, Science Direct, and Google Scholar. These
searches used the keywords "cell penetrating peptides,"
"prediction," "in silico," "toxicity," and "molecular
dynamic simulation."

Materials and Methods

Literature search strategy

A systematic literature search was conducted
across PubMed, Scopus, Web of Science, and Google
Scholar, covering publications from 1990 to 2023. The
search combined MeSH terms and free-text keywords
across three conceptual domains: peptide biology ("cell-
penetrating peptide," "CPP," "protein transduction
domain," "membrane-active peptide"), computational
methodology ("machine learning," "deep learning,"
"artificial intelligence," "molecular dynamics,"
"quantitative structure-activity relationship," "QSAR,"
"transformer," "graph neural network"), and functional
descriptors ("intracellular delivery," "cargo transport,"
"endosomal escape," "uptake prediction"). Boolean
operators (AND, OR, NOT) linked terms across
domains. Searches were restricted to peer-reviewed
articles published in English. Preprints deposited in
bioRxiv and arXiv were not included.

Inclusion and exclusion criteria

Studies were included if they described or applied
a computational model for CPP identification,
classification, or design, reported quantitative
performance metrics; or introduced a publicly accessible
dataset, benchmark, or web server relevant to CPP
prediction. Reviews, meta-analyses, and primary
experimental studies that incorporated computational
validation pipelines were also retained when they
provided sufficient methodological detail for extraction.

Studies were excluded if they addressed
antimicrobial, antifungal, or antiviral peptides without
explicit CPP characterization; reported computational
methods applied exclusively to non-peptide delivery
systems; lacked accessible performance data; or were
conference abstracts without full-text availability.

Study selection and data extraction
Duplicate records were removed using Rayyan.
Two reviewers independently screened titles and
abstracts; disagreements were resolved by consensus.
Full texts of candidate articles were retrieved and
assessed against the inclusion criteria. For each included
study, the following data were extracted: (1) year of
publication and journal; (2) CPP dataset used (name,
size, positive/negative ratio, source); (3) computational
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approach (feature representation, model architecture,
training strategy); (4) reported performance metrics and
validation scheme (cross-validation, independent test
set, holdout); (5) availability of source code or web
server; and (6) biological or experimental validation, if
performed.

Results and Discussion

Advancements of CPPs in Biomedical Delivery

CPPs have garnered significant interest in the
pharmaceutical sciences for diverse reasons. Among its
benefits lies cell-penetrating peptides' ability to deliver
many therapeutic agents (Futaki et al., 2002). The
mechanism allows compounds such as small molecules
alongside large entities like proteins or nucleic acids to
access cells with utmost precision. Such targeted
intracellular transport proves crucial for progressive
fields, including gene therapy, as seen from emerging
methodologies utilizing protein-based therapeutics (El-
Andaloussi et al., 2005; Veldhoen et al., 2008). Ongoing
studies may disclose new scientific pathways within this
area, warranting more exploration into this promising
strategy still early in its discovery stage. CPPs function
as versatile carriers that can overcome cellular barriers,
such as the plasma membrane, which often restrict the
intracellular availability and efficacy of therapeutic
molecules (Y. Liu et al., 2022). CPPs have witnessed
extensive utilization across varied domains of medicinal
application, encompassing cancer therapy, anti-

Direct Translocation

+ o+
+
+

inflammatory therapy, and vaccine development
(Khairkhah et al., 2023). CPPs can be an invaluable asset
for targeted drug delivery systems, owing to their ability
to precisely target specific intracellular compartments or
organelles. By ingeniously incorporating organelle-
targeting signals into CPP sequences, such as nuclear
localization signals (NLS) or mitochondrial targeting
sequences (MTS), cargo molecules can be delivered with
exceptional specificity to the desired cellular
compartments (Kardani et al, 2019). This targeted
delivery is particularly significant for treatments that
necessitate precise localization and action within specific
cellular compartments. In addition, CPPs hold promise
for resolving obstacles linked to dispensing drugs,
including inadequate cellular uptake or restricted
bioavailability. Their ability to facilitate cellular
internalization through mechanisms like endocytosis or
direct translocation across the plasma membrane
provides a valuable approach for enhancing the efficacy
of therapeutic agents (Erazo-Oliveras et al., 2012).

Decoding The Cellular Uptake Mechanisms of CPPs

The cellular uptake mechanisms of cell-
penetrating peptides (CPPs) remain a subject of ongoing
debate within the scientific community (Graslund et al.,
2011). Several pathways have been proposed to explain
CPP internalization, including direct translocation,
endocytosis, and membrane disruption (Figure 1)
(Foged & Nielsen, 2008).
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Figure 1. Mechanism of CPPs in cellular uptake
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Direct translocation represents an energy-
independent uptake mechanism in which CPPs cross the
plasma membrane without vesicle formation. This
process is primarily driven by electrostatic interactions
between the positively charged residues of CPPs and the
negatively charged components of the cell membrane.
Such interactions may destabilize the lipid bilayer,
leading to transient membrane perturbation or rupture
that enables CPPs to directly penetrate the membrane
(Henriques et al., 2006). In contrast, endocytosis is an
energy-dependent pathway and constitutes one of the
most frequently reported mechanisms for CPP
internalization,  particularly at lower peptide
concentrations. CPPs may enter cells via multiple

endocytic  routes, including  clathrin-mediated
endocytosis, caveolin-mediated endocytosis, and
macropinocytosis. In these processes, CPPs are

encapsulated within membrane-bound vesicles that
facilitate their transport into the cytoplasm (Richard et
al., 2003). Additionally, CPPs may induce membrane
disturbance or disruption upon interaction with the lipid
bilayer. This interaction can result in the formation of
transient pores or membrane defects, allowing peptides
to pass directly into the cell interior (Futaki et al., 2020;
Zorko & Langel, 2005).

Experimental evidence suggests that CPP uptake
mechanisms are concentration-dependent. At low
concentrations, many CPPs predominantly utilize
endocytic pathways, whereas at higher concentrations,
direct translocation becomes more prominent
(Kauffman et al, 2015). For instance, increased
concentrations of well-known CPPs such as HIV-1 Tat
(GRKKRRQRRRPPQ)  and  octa-arginine (R§;
RRRRRRRR) have been shown to shift their uptake
mechanism from endocytosis to direct membrane

translocation (Duchardt et al, 2007). Furthermore,
changes in experimental conditions, such as temperature
reduction, can influence CPP uptake pathways. Studies
have demonstrated that HIV-1 Tat uptake persists even
under conditions that inhibit clathrin- and caveolin-
mediated endocytosis or at low temperatures (4 °C),
suggesting a dominant role of direct translocation under
these conditions. This observation indicates that
membrane physical properties, including fluidity and
flexibility, play a critical role in CPP-mediated
penetration (Ouyang et al., 2022; Ter-Avetisyan et al.,
2009). Several theoretical models have been proposed to
explain direct CPP penetration across membranes,
including the pore formation model (Gazit et al., 1994;
Herce & Garcia, 2007), inverted micelle model (Derossi
et al., 1996; Prochiantz, 1996), carpet model (Pouny et al.,
1992; Taylor et al., 2000), and membrane thinning model
(M. T. Lee et al., 2005).

It is important to emphasize that CPP uptake
mechanisms are highly context-dependent and
influenced by multiple factors, such as peptide sequence
and structure, cell type, membrane lipid composition,
and experimental conditions (Jones & Sayers, 2012; M. T.
Lee et al., 2005). Moreover, individual CPPs may employ
multiple uptake pathways simultaneously or switch
mechanisms depending on environmental cues (Nakase
et al., 2004).

Challenges in Predicting CPPs

Predicting the behavior and efficacy of CPPs
poses several challenges due to the complex nature of
peptide-membrane interactions and the diverse range of
CPP sequences (Graslund et al, 2011). Several
challenges related to prediction CPPs were summarized
as in Figure 2.
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Mechanism of
Cellular Uptake

Understanding the specific pathways
by which peptides enter cells
remains a major challenge in CPP
prediction.

Direct Specific
Penetration Transporter
Stability and
Pharmacokinetics

Predicting the stability and
pharmacokinetics (PK) profile
of CPP remains difficult.

Predicting the half-life and distribution of CPP
in the body is highly complex.

Structural Requirements
for Activity

The physicochemical characteristics of CPP
critically determine their biological
functionality.

Charge Distribution
m The charge distribution of CPP
strongly influences their
biological activity.

Hydrophobicity
Hydrophobicity affects
its ability to interact with
cellular membranes.

Stereochemistry
Stereochemistry
influences the
biological interactions
of CPP.

Membrane and
Intracellular
Trafficking

The composition of the cell
membrane and the internal
transport machinery determine
the ultimate fate of CPP
inside the cell.

Figure 2. Challenges in Predicting the Behavior and Efflcacy of CPPs

One of the foremost challenges in the prediction
of CPPs lies in comprehending the mechanisms that
govern their cellular internalization. CPPs employ
diverse mechanisms for internalization, including
endocytosis and direct translocation through the plasma
membrane (Langel, 2021). The specific mechanism can
vary depending on the CPP sequence, cargo, cell type,
and experimental conditions. Consequently, accurately
predicting the cellular uptake mechanism of a CPP
remains challenging. An additional obstacle is the lack
of a clear consensus on the structural requirements for
CPP activity. According to several research findings, it is

customary for CPPs to possess substantial levels of
fundamental amino acids, predominantly arginine, and
lysine. Exploration into these residues' most effective
sequence and spatial arrangement for successful cell
penetration is still incomplete (Deshayes et al., 2008).
Additionally, the presence of hydrophobic residues in
certain CPPs suggests their contribution to membrane
interactions and translocation, further complicating the
prediction process. Furthermore, CPPs often exhibit
diverse cellular behaviors and can display cell-type
specificity. The same CPP sequence may demonstrate
varying efficiency or selectivity in different cell types
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due to differences in membrane composition, receptor
expression, and intracellular trafficking machinery (S.
Patel et al., 2019; S. G. Patel et al., 2019). These variations
make it challenging to accurately predict the efficacy and
specificity of CPPs in different biological contexts.
Moreover, it is very difficult to anticipate the stability
and pharmacokinetic characteristics of CPPs. CPPs' in
vivo stability and efficacy are constrained by proteases'
propensity for degradation (Sarko et al, 2010).
Furthermore, the way peptides are sized up in terms of
their charge and hydrophobicity can have a bearing on
their biodistribution patterns as well as tissue
penetration capabilities while also influencing systemic
clearance. Predicting these features accurately for a
particular CPP sequence remains a difficult challenge.
Improved  computational —models, a  deeper
understanding of the underlying mechanisms, and
experimental validation would be necessary to get

through these barriers and to have more accurate
predictions.

Advances in Predicting and Understanding CPPs
Feature-based methods for predicting CPPs

There are several future-based methods for
accurate prediction of CPPs that have been proposed in
recent studies, as summarized in Table 1.

These methods use machine learning algorithms
and sequence-based predictors to accurately identify
CPPs (Fu et al., 2019, 2020). Each approach has its own
set of advantages and disadvantages, and their
performance may vary based on the dataset and
application (Porosk, Gaidutsik, et al., 2021). These
approaches give useful tools for future CPP prediction,
helping researchers to save time and costs by empirically
testing predictions (Porosk, Pohako, et al., 2021).

Table 1. Methods for Predicting CPPs using Future-Based Methods

Method

Description

References

Support Vector Machines

supervised learning algorithms that use

(Manavalan et al., 2018; Sanders et al., 2011;

(SVM) sequence characteristics and training data to Singh et al., 2013)
categorize CPPs.
Random Forest (RF) An ensemble learning approach that utilizes (P. Liu et al., 2022; Wei, Xing, et al., 2017)

multiple decision trees to predict the CPP
activity through an examination of diverse
sequences.

Artificial Neural Networks

computational models that draw inspiration
from biological neural networks. These models
have the ability to learn from given examples

(de Oliveira et al., 2021; Feger et al., 2020)

They are capable of predicting various

(ANN)

and predict CPP behavior.
Hidden Markov Models
(HMM)

biological phenomena such as CPPs activity,
transmembrane  protein  detection, and
topology prediction based on patterns and
statistical ~ properties. =~ This has been
demonstrated in multiple studies.

(Bagos et al, 2004; Kahsay et al., 2005;
Panuccio et al., 2002)

Deep Learning

Utilizes deep neural networks with multiple
layers to automatically learn hierarchical
representations of CPP sequences and predict
their activity.

(Porosk, Gaidutsik, et al., 2021; Qiang et al.,
2018)

Key criteria for effective CPPs

charged

cell

membrane phospholipids

In the realm of projecting efficacious CPPs, it is
absolutely crucial to apprehend the standards that carry
significant leverage over their effectiveness (Figure 3).
The net charge of CPPs influences their interaction with
negatively charged cell membranes, and positively
charged CPPs effectively interact with negatively

(Derakhshankhah & Jafari, 2018). Certain structural
elements, such as alpha-helices, have been found to
enhance the cell-penetrating properties of CPPs.
Incorporating helical motifs, either naturally or by
design, can improve membrane penetration and cellular
uptake (Kalafatovic & Giralt, 2017).
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KEY PHYSICOCHEMICAL PARAMETERS

®

Positive Net Charge

Having a positive net charge (+) is crucial
for initial interactions with the cell
membrane, which is generally negatively

SAFETY AND CELL
VIABILITY

Low Toxicity Priority

Optimized Hydrophobicity

Optimal hydrophobicity enhances
membrane permeability, enabling more
efficient penetration through the lipid

Alongside penetration efficiency, a well-
designed molecule must ensure a low

charged. bilayer. toxicity level to avoid damaging the
target cells during delivery.
Amphiphilicity as the Key
e to Penetration
Amphiphilic molecules contain both Lipid Bilayer

hydrophilic and hydrophobic regions,
which are essential for efficientily
passing through the lipid (bilayer).

MOLECULAR COMPOSITION AND STRUCTURE

NH, o o
HZN’E\”/\/\‘)LOH HZN\/\/YLOH
NH, NH,
Arginine Lysine

Arginine and Lysine: Key Driving Forces
The cationic nature of Arginine and Lysine amino acids
acts as a "powerhouse” of structural elements that
maximize cell penetration efficiency.

Structural Element:
Alpha-helix

Alpha-helical conformation provides
structural stability that supports the
molecule’s ability to interact with and
penetrate into cellular environments.

Figure 3. Key Factors Influencing Efficient CPPs

The hydrophobicity of CPPs affects their ability to
traverse lipid-rich cell membranes. A balance between
hydrophobic and hydrophilic residues is crucial for
optimal membrane penetration. Moderate
hydrophobicity, characterized by a hydrophobic
moment, aids in membrane insertion while avoiding
excessive cell toxicity (Allen & Pellois, 2022).

The characteristic of amphiphilicity pertains to
the possession of both hydrophobic and hydrophilic
domains, which can significantly contribute to the
efficient cellular internalization facilitated by CPPs. The
hydrophobic regions present in CPPs enable their
interaction with the hydrophobic lipid bilayer of the
cellular membrane, thereby facilitating their cellular
internalization. ~ Simultaneously, the hydrophilic
domains of CPPsengage in interactions with the
aqueous milieu, thereby contributing to the preservation
of solubility and stability (Kang et al., 2019). CPPs tend
to assume an alpha-helical structure during their
interaction with cellular membranes. The stable helix
formation is facilitated by the amphiphilic properties of
the peptides, wherein the hydrophobic residues tend to
aggregate towards the lipid bilayer, while the
hydrophilic residues remain exposed to the aqueous
surroundings. The helical configuration of CPPs has
been observed to augment their membrane-binding
capacity and facilitate their effective internalization into
cells, as reported by Klein et al. (2017).

CPPs are  characterized by a significant
abundance of positively charged amino acid residues,
such as arginine and lysine. This feature enables them to
establish electrostatic interactions with the negatively
charged phospholipids (Futaki, 2005). The importance of
low toxicity in CPPs lies in their ability to effectively
deliver therapeutic cargo into cells without causing
significant harm or adverse effects. CPPs with low
toxicity profiles are more likely to be safe for use in
various biological systems, making them attractive
candidates for drug delivery and other biomedical
applications (Tunnemann et al., 2008).

Bioinformatics tools and websites for predicting CPPs

Over recent years, peptide science has undergone
dramatic change due to emerging in silico
methodologies. Future-oriented techniques have gained
great attention for their ability to generate novel
therapeutic peptides and accurately forecast functional
performance of existing ones (Angell et al., 2018;
Fosgerau & Hoffmann, 2015; Plisson et al, 2020).
Research studies have proven the effectiveness of
machine learning instruments for forecasting and
designing CPPs. To add to this body of knowledge, we
conducted an in-depth exploration of various machine
learning tools utilized for CPP prediction and design
between 2013 and the present, ultimately resulting in the
identification and summary of popular prediction tools
as outlined in Table 2.
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Table 2. Summary of Prominent Tools for Cell-Penetrating Peptide Prediction

Tool/Website Description Reference
web server employs an N-to-1 neural network to predict CPPs with high
CPPpred accuracy. It includes a sequence analysis tool for determining the possibility ~ (Holton et al., 2013)
of a peptide being CPP.
CellPPD A datab.ase a1.1d web server that predict§ CPPs based on multiple sequence (Gautam et al.,, 2013)
properties using a support vector machine (SVM).
C2Pred A web server that uses a support Vector. machin.e to distinguish cell- (Tang et al., 2016)
penetrating peptides from non-cell-penetrating peptides.
CPPsite 2.0 A web server hosting a large database of experimentally validated CPPs. (Agrawal et al., 2016)
A web server that predicts CPPs using a random forest algorithm and (Wei, Xing, et al
CPPred-RF sequence-derived features. It incorporates a two-layer prediction § ‘ v

framework.

2017)

SkipCPP-Pred

An improved sequence predictor that uses the adaptive k-skip-n-gram
algorithm to gather residue intrinsic correlation informatio. It employs a
random forest classifier and demonstrates promising results.

(Wei, Tang, etal,,
2017)

StackCPPred

Highly robust tool that utilizes train stacking-powered machine learning
techniques to accurately predict CPP and evaluate their efficiency in uptake

(Fu et al., 2020)

BChemRF-CPPred

A framework that employs machine learning techniques, specifically
artificial neural networks, support vector machines, and Gaussian process
classifiers, to effectively distinguish between CPPs and non-CPPs. The

(de Oliveira et al.,

framework is adept at extracting descriptors that are based on both 2021)
sequence and structure from PDB and FASTA formats. Moreover, it is
conveniently available as a web server.
An interpretable stacking model for identifying CPPs and assessing their =~ (Manavalan & Patra,
MLCPP 2.0 .
strength of uptake efficiency. 2022)
A deep learning-based model that accurately predicts the propensity of
AiCPP peptides to act as CPPs. It significantly reduces false positive predictions (Park et al., 2023)

and exhibits high accuracy.

Another physics-based computationally versatile
tool is CELLPM, whose web site has the potential to
predict the ability of peptides to penetrate cells and cross
the lipid bilayer through an energy-independent
pathway (Lomize & Pogozheva, 2018). It used one model
cell membrane lipid bilayer type, which is composed of
dioleoyl phosphatidylcholine (DOPC) with adjustable
parameters of PH and temperature. The input can be
amino acid sequences or a PDB file. This tool has the
ability to give the results of interaction properties with
the calculation of the log of permeability coefficient, in
which a low value suggests limited ability of the tested
peptide to penetrate cell membrane and a high value
suggests potential ability of the tested peptide to
penetrate cell membrane, as well as an energy profile
that shows how energy fluctuates at different points (Z-
axis) throughout the peptide within the membrane. The
energy levels at each place indicate the peptide's stability
in that region.

For further prediction of peptide subcellular
localization, DeepLoc 2.0 and CELLO II can be used.
DEEPloc 2.0 is a kind of prediction algorithm that uses
deep neural networks and can make predictions from
input sequences of peptides (Almagro Armenteros et al.,
2017; Thumuluri et al., 2022). CELLO 1I is a two-level
SVM system in which the first level comprises a number
of SVM classifiers, each based on a specific type of

feature vector derived from sequences; the second level
SVM classifier functions as the jury machine to generate
the probability distribution of decisions for possible
localizations (Yu et al., 2004).

After assessing the previous tools and the
different tools outlined in Table 2, it is apparent that
these resources offer an all-inclusive range of features
and algorithms for the prognosis of CPPs. Experts in the
domain of peptide science now have access to a diverse
variety of tools that facilitate the creation and
examination of CPPs. The scores provided by these
prognostication tools serve as valuable indications of the
probability or likelihood of a peptide being classified as
a CPP. These scores are derived from specific
prognostication algorithms and the integration of
various sequence-based features. To put it generally, a
peptide has more chances of having cell-penetrating
characteristics with higher scores. Conversely, lower
scores suggest reduced likelihoods. It is noteworthy that
the interpretation of these scores may differ based on the
tool employed and the specific thresholds established by
its developers. To accurately establish whether a peptide
is anticipated to be a CPP or not, it is crucial to take into
account the suggested cutoffs or thresholds provided by
each tool.

Recent research has highlighted the significance
of predicting key parameters and physico-chemical
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parameters that influence the functionality of CPPs, with
increasing focus on optimizing factors such as
hydrophobicity and helical structure. The design and
enhancement of novel CPPs often involve carefully
manipulating these parameters to achieve efficient
cellular uptake. In this context, several prediction tools
have been developed to estimate the hydrophobicity and
helical content of peptides (De Cena et al., 2022; Kardani
& Bolhassani, 2021).

For assessing hydrophobicity, commonly utilized
tools include TMHMM and ProtParam. TMHMM is a
bioinformatics tool that predicts transmembrane helices
in protein sequences, indirectly providing insights into
the hydrophobicity of CPPs (Krogh et al., 2001). On the
other hand, ProtParam is a digital tool accessible via the
internet that calculates several parameters of protein
sequences, encompassing the hydrophobicity index. By
employing different scales such as the Kyte-Doolittle or
Hopp-Woods  scale, ProtParam estimates the
hydrophobicity based on the peptide's amino acid
composition. Higher values on the hydrophobicity index
indicate greater hydrophobicity (Gasteiger et al., 2005).

Regarding the prediction of helical structure,
crucial tools include AGADIR, HELIquest web server,
and PEP-FOLD (Fisinger et al., 2001; Gautier et al., 2008;
Thévenet et al., 2012). AGADIR predicts the helical
content of peptides by employing empirical
thermodynamic parameters and the peptide's amino
acid composition (Mufioz & Serrano, 1994, 1995). It
calculates a score or energy value representing the
stability of the predicted helical structure, with higher
scores indicating a higher likelihood of helicity.
Similarly, the HELIquest web server and PEP-FOLD
utilize algorithms and machine learning methods to
predict the secondary structure, including helicity, of
peptides based on their amino acid sequence. These
tools assign scores or probabilities to the predicted
secondary structure elements, with higher scores
indicating a higher likelihood of helical structure. The

prediction of these parameters is of significant
importance in understanding and enhancing the
functionality of CPPs. By utilizing these prediction tools,
researchers can efficiently design or optimize CPPs,
saving valuable time and resources before
experimentally validating the in-silico results. To
develop more effective CPP based therapeutics, a
combined approach of computational predictions and
experimental validation offers valuable insights into
peptides potential for cell penetration. Researchers may
utilize guidelines provided to make informed decisions
about their peptides' ability to penetrate cells.

Toxicity-informed prediction of CPPs

To gain a comprehensive understanding of
predicting CPPs, it is imperative to consider the parallel
prediction of toxicity parameters associated with CPPs
(Gupta et al, 2013). By incorporating these toxicity
assessments alongside functionality predictions,
researchers can enhance the potential of accurately
identifying CPPs with both high efficacy and a favorable
safety profile. This integrated approach ensures a more
holistic evaluation of CPP candidates, facilitating their
practical application in various biomedical fields.

One of the drawbacks associated with CPPs
pertains to their immunogenicity. Specifically, in vivo
studies have demonstrated that peptides have the
capacity to activate immunologic responses, which may
lead to allergic reactions. The presence of peptides
within the body may also stimulate the production of
antibodies, thereby reducing the therapeutic benefits of
CPPs and impeding their overall efficiency (Kuriakose et
al., 2016; Shankar et al,, 2014). Given these concerns,
evaluating immunogenicity, allergenicity, general
toxicity, and potential hemolytic effects is essential to
ensure the safety profile of CPPs. Consequently, we have
investigated the most commonly utilized in silico tools
for this purpose, as outlined in Table 3.
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Table 3. Prediction Tools for Assessing Immunogenicity, Allergenicity, Toxicity, and Hemolytic Effects of Peptides

and Proteins

Tool/Website

Parameter

Description

Reference

Immune Epitope
Database (IEDB)

Immunogenicity

This online resource provides an
estimation of peptide immunogenicity,
encompassing MHC binding, T-cell
epitopes, and antigenicity.

(Vita et al., 2015)

NetMHCpan

Immunogenicity

An online tool designed to compute
the probability of a peptide binding to
MHC class I molecules, indicating its
immunogenic potential.

(Nielsen et al., 2007)

VaxiJen

Immunogenicity

An online computational tool that
utilizes physicochemical properties
and amino acid composition to predict
the antigenicity of protein sequences.

(Doytchinova & Flower,

2007)

ANTIGENpro

Immunogenicity.

A web server that is capable of
predicting  B-cell epitopes and
antigenic regions in protein sequences.

(Magnan et al., 2010)

AllerTOP

Allergenicity

A web server for predicting
allergenicity of proteins and peptides
based on their amino acid sequence.

(Dimitrov, Bangov, et al,,

2014)

AllergenFP

Allergenicity

A machine learning-based tool that
predicts allergenicity by analyzing the
protein's physicochemical properties
and sequence motifs.

(Dimitrov, Naneva, et al.,

2014)

ToxinPred

Toxicity

A web server for predicting the toxicity
of peptides based on their
physicochemical properties and amino
acid composition.

(Gupta et al., 2013)

HemoPI

Hemolytic potency

SVM-based method to
hemolytic potency.

predict

(Chaudhary et al., 2016)

HemoPRED

Hemolytic effect

An internet-based server that utilizes
machine  learning  models to
prognosticate the hemolytic potential
of peptides through an investigation of
features derived from their sequence.

(Win et al., 2017)

These tools play a crucial role in the field of
peptide and protein research by offering valuable
insights into the potential functional properties and
potential risks associated with these molecules (Solanki
et al., 2021). In general, the scoring of results from these
tools is based on specific algorithms and analysis of
sequence-based features, physicochemical properties,
and amino acid compositions. Higher scores or
likelihood values obtained from these tools generally
indicate a higher probability or potential for the
parameter being predicted (Timmons & Hewage, 2020).
However, it is important to note that the interpretation

of scores may vary depending on the specific tool being
used and the thresholds established by its developers. It
is recommended to consider the recommended cutoffs
or thresholds provided by each tool to accurately
determine the predicted parameter.

Experimental Application of In-Silico Prediction Tools
Several research revealed magnificent features of
using in-silico prediction tools in easing modification of
existed CPPs or in discovering novel CPPs which play
significant role in advancement efficient drug delivery
system of different cargos as explained in Table 4.
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Table 4. Experimental Application of In Silico Prediction Tools for CPPs

Experimental

Study Application

Key Findings Reference

Identification of novel Peptide Bioinformatic

P1 from MARCKS Protein prediction and wet-lab
Phosphorylation Site domain validation

as a new potential CPP

candidate that can efficiently

internalize into various cell

lines and deliver plasmid DNA

into cultured cells

Peptide P1 derived from the MARCKS  (Chen et al., 2021)
protein phosphorylation site domain

identified as a potential CPP

candidate. In-silico prediction tools

and wet-lab validation supported its

potential as a novel CPP.

Discovery of novel CPPs in Insilico analyses
SARS-CoV-2 Proteome for
vaccine and drug delivery

Wide range of novel and potent CPPs  (Kardani &
identified in the SARS-CoV-2 Bolhassani, 2021)
proteome using in silico analyses. This

novel CPP can be further evaluated for

DNA delivery in vitro and in vivo in

future.

Translocating  peptides of In-silico and vitro
biomedical Interest obtained analysis

from the spike (S) Glycoprotein

of the SARS-CoV-2

Peptides obtained from the SARS- (Henaoetal,
CoV-2 Spike Glycoprotein can be used = 2022)
as novel CPPs due to their ability to
translocate eukaryotic lipid bilayers.

MD simulations provided insights

into  peptide-bilayer  interactions.
Identified three potential new
sequences (AHB-1, AHB-2, and AHB-

3) with superior internalization and
endosome escape capacities while
maintaining cell viability as well as
validated with in vitro analysis

Molecular Mechanism and Free energy
Energetics of Translocation of calculations and MD
Arginine-Rich CPPs through simulation
Membranes

Translocation of arginine-rich CPPsis (Huang & Garcia,
likely associated with water-pore 2013)

formation. Lower free-energy barrier

observed along pore path compared to

pore-free path. Translocation rate

estimated using pore-formation rate-

estimate. Thermodynamic evidence

for pore-assisted translocation model

Difference in Free Energy Molecular dynamics
Profiles of Three CPPs with simulations
Model Lipid Bilayer

The interaction between CPPs and a (Her Choong &
model lipid bilayer (DOPC) to Keat Yap, 2021)
understand the mechanism of how

they penetrate the cell membrane. The

study revealed that peptide-lipid

interaction at the lipid-water interface

has a direct correlation with the

penetration efficiency of peptides

across the lipid bilayer.

Investigation of Internalization ~Molecular dynamics
Mechanism and Structure- simulations
Function Relationships of a-

aminoisobutyric acid (Aib)

Incorporated CPPs

Aib-incorporated = CPPs  adopted (Gimenez-Dejoz
amphipathic folding, enabling & Numata, 2022)
efficient ~membrane  penetration,

which is beneficial for the design of

CPPs for efficient intracellular

delivery. Aib residues played a crucial

role in increasing efficiency of

intracellular delivery.

The research findings presented in Table 4
collectively showcase the potential of using computer-
based prediction tools to explore types of CPPs and gain
a better understanding of how they interact with cell
membranes. These computational approaches offer

insights into designing CPPs, understanding their
mechanisms of action and discovering applications in
drug delivery. This could lead to time and cost savings
as well as opportunities to create improved CPPs. Chen
et al. (2021) successfully utilized bioinformatic tools to
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predict the physical-chemical properties, structures and
penetration capabilities of a novel peptide called P1,
which is derived from the MARCKS protein
phosphorylation site domain. This peptide has shown
promise as a CPP candidate by efficiently internalizing
into various cell lines in a concentration dependent
manner. Similarly, Henao et al. (2022) and his team
provided successful work involved using computer-
based tools to design CPPs based on the Spike (S)
Glycoprotein of SARS- CoV-2. These CPPs were
experimentally tested by incorporating them into
chitosan nanoparticles (CNPs) for drug delivery
purposes. The results demonstrated penetration with
the ability to escape endosomes, biocompatibility and
non-toxicity, toward Vero cells. Moreover, using
computational tools, Kardani and Bolhassani (2021)
have made progress in identifying CPPs in the SARS-
CoV-2 Proteome. This discovery holds promise for
applications, in vaccine development and drug delivery.

Furthermore Huang and Garcia (2013) and
colleagues conducted an investigation into the
mechanism and energy aspects of arginine rich CPPs
while they translocate through lipid membranes. The
researchers employed advanced umbrella MD
simulations and the weighted histogram analysis
method (WHAM) to calculate the energies involved in
translocating a cyclic Arginine 9 peptide along two
pathways: one involving the formation of a water pore
and another without a pore. Their study indicated that
translocation is likely associated with water pore
formation since the free energy barrier along the
pathway was significantly lower compared to the pore
free pathway.

Another noteworthy study by Her Choong and
Keat Yap (2021) and their team explored differences in
energy profiles among three established CPPs (TAT,
CPP1 and CPP9) which have been experimentally
validated for their efficient cell penetration as
demonstrated by Qian et al. (2016) Using a model lipid
bilayer (DOPC) and enhanced MD pulling simulations.
This study further highlighted the significance of
understanding peptide lipid interactions and their
impact on peptide permeation through bilayers. By
employing dynamics pulling simulations and umbrella
sampling techniques they gained insights into how
peptide lipid interactions, at the interface shared by
lipids and water affect peptide’s ability to permeate
through lipid bilayers. By examining CPPs, such, as
TAT, CPP1 and CPP9 we were able to compare their
behavior and assess their ability to penetrate
membranes. This research adds to our understanding of
how to design CPPs with properties for applications, in
drug delivery.

Moreover Gimenez-Dejoz and Numata (2022) and
his research team in their study used computer-based

tools, like MD simulation to explore the impact of
adding aminoisobutyric acid (Aib) to CPPs. Through
their investigation they found that incorporating Aib led
to an increase in the structure of these CPPs and
improved their ability to penetrate cells.

Ultimately incorporating computer-based tools in
CPP research has the potential to transform the field of
drug delivery and biomedicine completely. As we
continue to harness the power of predictions, we can
make groundbreaking strides in discovering targeted
and effective therapeutic approaches based on CPPs.
Combining bioinformatics tools with validation in wet
labs can pave the way for a future where CPPs play a
crucial role in delivering life-changing treatments with
unparalleled precision and efficiency. The collaboration
between computer-based predictions and wet lab
experiments will foster innovation and optimize
resources. Accelerate the development of CPP-based
therapies that will benefit patients and healthcare
systems alike.

Future Outlook

As computational methods continue to advance
the prediction of CPPs is expected to make progress. One
exciting area for research involves integrating omics
data, such as genomics, proteomics and metabolomics.
This integration can improve the accuracy and
specificity of CPP predictions by providing an
understanding of how CPPs behave and interact with
biological components. Ultimately this will lead to
predictions regarding CPP activity and how they are
taken up by cells. Additionally, the utilization of
intelligence (Al) and machine learning algorithms shows
promise in refining CPP prediction models. Al- driven
approaches have the capability to analyze datasets and
identify patterns. This facilitates the development of
prediction tools that are sophisticated in their ability to
predict CPP behavior. By leveraging Al's power,
researchers can uncover sequence motifs, structural
features and physicochemical properties that govern
CPP behavior. Ultimately this advances our knowledge
of how CPPs function. Furthermore, validating and
refining in silico predictions is crucial by integrating
dynamics (MD) simulations with validation. Combining
insights from computational models with laboratory-
based experiments helps bridge the gap between theory
and reality. This synergy provides a foundation for
designing and optimizing CPPs while enhancing
prediction reliability. Moreover, it facilitates translating
in silico findings into applications

Conclusion
In conclusion, advances in computational tools,

bioinformatics, and molecular dynamics simulations
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have significantly enhanced our understanding of CPP
structural and functional properties. Machine learning-
based web servers enable accurate prediction of key CPP
parameters, including toxicity, immunogenicity, and
hemolytic effects, streamlining candidate screening and
reducing experimental burden. MD simulations further
illuminate CPP translocation mechanisms across lipid
bilayers, guiding the design of efficient delivery

systems. Despite these advances, experimental
validation remains essential to ensure the accuracy of in
silico predictions. Overall, these computational

approaches accelerate the discovery of novel, effective
CPPs for drug delivery applications.
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