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“My brain is only a receiver,

in the Universe there is a core
from which we obtain knowledge,
strength and inspiration.

| have not penetrated

into the secrets of this core,

but | know that it exists.”

- Nikola Tesla -



Abstract

This thesis explores the multifaceted realm of cell-penetrating peptides (CPPs), highlighting their
transformative potential in biomedical applications through the integration of genetic
algorithms (GA), machine learning (ML), and Molecular Dynamics (MD) simulations. These
methodologies are employed to design de novo CPP sequences and explore their multifunctional
capabilities, paving the way for innovative therapeutic strategies. CPPs, typically composed of 5
to 30 amino acids and characterized by a net positive charge at physiological pH, have emerged
as powerful tools for facilitating efficient intracellular delivery of therapeutic agents. Their ability
to traverse cellular membranes while maintaining low cytotoxicity makes them indispensable in
drug delivery and targeted therapy.

Central to our exploration is the unveiling of TAT-RasGAP317.326 bioactive capabilities, a chimeric
CPP-based construct exhibiting both antitumoral and antibacterial activities. This novel peptide
demonstrates its efficacy in selectively killing cancer cells through intricate mechanisms that do
not conform to established programmed cell death pathways. The antitumoral effect starts with
the translocation of the peptide into the cytosol, binding lipids like phosphatidylinositol
bisphosphate (PIP2) and phosphatidylserine (PS), which are enriched in the inner leaflet of the
membrane. These interactions induce membrane permeabilization and disruption, ultimately
leading to cell death. This unique mode of action underscores the peptide's potential as a
targeted anticancer agent with minimal off-target effects.

Beyond its antitumoral properties, TAT-RasGAP317.326 also demonstrates promising antibacterial
capabilities, offering a potential solution to the growing challenge of antibiotic resistance. MD
simulations provided detailed insights into the peptide's interactions with the E. coli Bam
protein, a critical component of the bacterial outer membrane assembly machinery. These
computational investigations uncovered the mechanism by which TAT-RasGAP317.326 inhibits the
Bam protein machinery, providing valuable insights into its mode of action and highlighting its
potential applications in addressing antibiotic-resistant bacterial strains, such as E. coli.
Furthermore, the study proposes novel mutations within the E. coli Bam protein that could
modulate its susceptibility to TAT-RasGAP317.326, Offering a pathway to enhance or fine-tune the
peptide's antibacterial efficacy.

This holistic approach underscores the potential of TAT-RasGAPs17.326 as a versatile therapeutic
agent, capable of addressing both cancer and bacterial infections, while contributing to the
broader field of peptide-based drug development. Through this work, we aim to advance the
frontiers of biomedical science, offering new tools to combat some of the most pressing health
challenges of our time.
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1. Introduction

Cancer and antibiotic resistance represent two of the most pressing global health challenges of
the 21st century, contributing to significant mortality, morbidity, and economic burden
worldwide!™. Cancer, a complex and heterogeneous disease characterized by the uncontrolled
growth and spread of abnormal cells, remains a leading cause of death globally. According to
the International Agency for Research on Cancer (IARC) of the World Health Organization
(WHO), cancer accounted for approximately 10 million deaths in 2022, with lung, colorectal,
stomach, liver, and breast cancers leading the statistics®. Based on population growth, aging,
and lifestyle changes, and assuming stable overall cancer rates, the IARC estimates that more
than 35 million new cancer cases will occur by 2050, leading to a 77% increase from the 20
million cases diagnosticated in 2022%°. Therefore, the incidence of cancer is projected to sharply
rise in the coming decades, emphasizing the urgent need for innovative and effective
therapeutic approaches.

Current cancer therapies, including chemotherapy, radiotherapy, and immunotherapy, while
effective in many cases, are fraught with challenges. Chemotherapy and radiotherapy often lack
specificity, indiscriminately targeting both cancerous and healthy cells, leading to severe side
effects and reduced quality of life for patients®™. Additionally, the emergence of drug-resistant
cancer cells further complicates treatment, rendering many traditional chemotherapeutic
agents ineffective®. Immunotherapy, though revolutionary, faces limitations such as immune-
related adverse events, high costs, and variable patient responses!’. These challenges
underscore the need for novel, targeted therapies that can overcome resistance, minimize side
effects, and improve patient outcomes. Bioactive peptides (BPs) have emerged as a promising
class of therapeutic agents in the fight against cancer!**3. These small, naturally occurring or
synthetic peptides exhibit diverse biological activities, including the ability to selectively target
cancer cells while sparing normal tissues'®. As a result, BPs are gaining attention as a viable
alternative to conventional cancer treatments.

Simultaneously, bacterial resistance to antibiotics has emerged as another critical global threat,
with significant implications for public health®**. Recent studies estimate that antibiotic-resistant
infections caused at least 4.95 million deaths globally and 541,000 deaths in WHO European
region in 2019%* a number expected to rise to 8,2-10 million by 2050 if no significant
interventions are made®'®, The six leading resistant pathogens, namely, Escherichia coli,
Staphylococcus aureus, Klebsiella pneumoniae, Streptococcus pneumoniae, Acinetobacter
baumannii, and Pseudomonas aeruginosa are of significant concern due to their widespread
prevalence and remarkable capacity to resist conventional antibiotics®*. The growing prevalence
of multidrug-resistant bacteria undermines decades of progress in treating infectious diseases
and significantly increases healthcare costs, hospital stays, and mortality rates.

The problem of bacterial resistance to antibiotics further highlights the need for innovative
therapeutic solutions. The overuse and misuse of antibiotics in healthcare, agriculture, and
livestock farming have accelerated the development of resistant strains, rendering many first-
line antibiotics ineffective!’™°, BPs also hold great promise in addressing this global crisis. Their
unique modes of action, such as disrupting bacterial membranes or targeting intracellular
processes, make it difficult for bacteria to develop resistance?®?!. The ability of BPs to act on



multidrug-resistant bacteria positions them as a critical tool in the fight against antibiotic
resistance.

In conclusion, the rising global burden of cancer and antibiotic resistance underscores the urgent
need for novel therapeutic strategies. BPs, with their diverse mechanisms of action and potential
to overcome current therapeutic limitations, offer a promising solution to these complex
challenges. This thesis investigates the mechanism by which a novel BP addresses both cancer
and antibiotic-resistant bacteria. The objective is to contribute to the development of targeted
and effective treatments for these dual health crises.



2. Biological Background

2.1. Bioactive Peptides

BPs are short organic biopolymers formed by amino acids joined by covalent bonds known as
peptide bonds?2. Many of them are derived from food sources and have demonstrated positive
health effects. While some BPs are naturally present in their free form, the majority are
embedded within the structure of parent proteins and are predominantly released through
enzymatic processes?®. In this connection, many physiological and functional properties of
proteins are thought to be associated with biologically active peptides®>?3. They exhibit drug- or
hormone-like activities and can be classified by their mode of action into antitumoral,
antimicrobial, anti-thrombotic, antihypertensive, immunomodulatory, and antioxidative
types?>?* (Figure 1). In detail, the activity of the peptides is determined by their amino acid
composition and sequence. Despite the correlation between peptide structure and functional
properties is not fully understood, many BPs share some common characteristics, including a
peptide length of 2—20 amino acid residues and the presence of hydrophobic amino acids along

with proline, arginine, or lysine groups?-24.

Antimicrobial Antithrombotic

Antitumoral

Antioxidant Immunomodulatory

Figure 1: Qualitative illustration of the bioactive peptide’s (BPs) possible mode of action, including antitumoral,
antimicrobial, anti-thrombotic, antihypertensive, immunomodulatory, and antioxidative activities.

One of the most interesting feature of BPs is their ability to resist the action of digestive
peptidases®?%, A recent study revealed that peptides resistant to in vitro gastrointestinal



digestion tend to have lower molecular size and hydrophobicity, more positive net charge at
intestinal pH, the absence of C-terminal leucine, branched-chain aliphatic N-terminal residues,
higher histidine and proline, compared to unstable peptides®. This resistance can be further
enhanced by using D-peptides instead of L-peptides, as D-peptides are less susceptible to
enzymatic degradation in the intestinal lumen, which improves their stability and
bioavailability?’. A typical example of D-peptides with remarkable properties are cell-
penetrating peptides (CPPs)®. Furthermore, their D-configuration not only enhances their
resistance to enzymatic degradation but also extends their stability in biological environments,
making them highly effective tools in drug delivery and biomedical applications. For instance,
CPPs are often conjugated with orally administered insulin to improve its absorption and
bioavailability?®. The ability of CPPs to penetrate cell membranes facilitates the uptake of insulin
across the intestinal epithelium, enhancing its therapeutic efficacy and enabling more efficient
delivery compared to traditional oral insulin formulations®®. It is evident that BPs are integral in
augmenting numerous physiological functions and demonstrate significant therapeutic
potential, especially when their stability and bioavailability are enhanced. Among these, CPPs
stand out as a powerful subclass, offering remarkable properties for drug delivery and
biomedical applications.

2.2. Cell-Penetrating Peptides

In the modern era of nanotechnology and medicine, macromolecular entities such as peptides,
proteins, and nucleic acids represent a promising prospect to overcome the limitations of
conventional therapeutics®!. However, the presence of cell and tissue barriers, together with the
low membrane translocation of macromolecules, often hampers systemic drug distribution.

32734 could support

Within this context, several peptides with membrane penetrating function
the intracellular delivery of hydrophilic macromolecules to eukaryotic cells. A plethora of small
peptides with membrane translocation capacities has been identified in literature®*=8, They are
termed as CPPs (Figure 2), which are short peptides that can successfully deliver proteins,
peptides, nanoparticles, small drugs, siRNAs, and DNA across the lipid bilayer of the cell
membrane into different cell types®®. From a physicochemical standpoint, CPPs typically consist
of 4-40 amino acids and possess cationic and amphipathic character®. Most CPPs are positively
charged at physiological pH, with arginine and lysine residues playing a key role in facilitating
membrane penetration and the internalization process. From a structural perspective, certain
CPPs exhibit an a-helix or B-sheet configuration, while others do not possess a defined
conformation®. The considerable heterogeneity of these peptides makes it challenging to
establish a precise definition of CPPs within a structural and physicochemical framework.

CPPs have demonstrated their usefulness in several fields such as cancer treatment*:™3,

47-50 51—54' gene thera py55—

antibacterial therapy**™®, drug delivery 4=, in vivo imaging and diagnostic
>9 and radiotherapy®®®2. CPPs enter cells in a noninvasive manner, preserving the integrity of
the cellular membranes and are considered highly efficient and safe32%3, Thus, they provide new
avenues for research and applications in life sciences®. The mode of CPP cellular entry is still
debated and, until recently, no proteins had been identified that regulate this process. Currently,

the most accredited hypotheses suggest that CPPs enter cells through two non-mutually



exclusive mechanisms®®: endocytosis and direct translocation. The CPP entry process starts

after the initial electrostatic interactions between the positively charged amino acids of the CPPs
and the negatively charged components of the cell membrane3%323%67-70 |nteraction with acid
sphingomyelinase’® and glycosaminoglycans’?’3, local membrane deformation’, as well as
calcium fluxes’ have been suggested to play a role in CPP internalization. However, the precise

entry mechanisms are still debated and not fully understood at the molecular level.

Figure 2: Qualitative representation cell-penetrating peptides (CPPs) crossing the plasmatic membrane with linked
RNA fragment and protein cargos.

Rationally designed synthetic or naturally derived CPPs may have intrinsic biological functions,
including antimicrobial, anticancer, anti-inflammatory, and immunomodulatory properties’®.
For instance, CPPs with innate immunomodulatory properties can be used to harmonize various
pathological conditions’®. Another crucial challenge is the development of novel CPPs with
antimicrobial peptide (AMP) functions, which is urgently needed to combat the rise of drug-
resistant microbial strains”’. In this sense, the better comprehension of the CPPs penetration
mechanisms could also improve their bioactive abilities, as for example, antibacterial and
antitumoral effects’®’°. Understanding the intricate relationship between the antitumoral and
antibacterial capabilities of CPP-based constructs and their membrane-penetrating function
presents an exciting avenue for future research and development®2!, Therefore, investigating
the synergistic effects of CPPs, CPP-based constructs, and CPP-conjugated sequences in the
fields of antibiotic development and cancer treatment could lead to the discovery of innovative
therapeutic strategies.



2.3. Anti-Microbial and Anti-Cancer Peptides

The exploration of the triad of antitumoral efficacy, antibacterial activity, and membrane-
penetrating proficiency opens new horizons for the development of multifaceted therapy

7879 In this connection, the continual advancements in biology and

approaches for the BPs
biomedicine have unveiled a plethora of BPs derived from animal, plant, and micro-organism
origins®?. These peptides demonstrate noteworthy properties, including immunomodulatory,
anti-inflammatory, antimicrobial, and anticancer activities®®84, Their multifunctionality extends
across various biological activities, bridging their immunomodulatory and anti-inflammatory
roles with potent antimicrobial and anticancer effects. In detail, multiple experimental
investigations on the antimicrobial capabilities of several BPs have demonstrated their efficacy
against a spectrum of bacteria, fungi, and viruses®>®’. AMPs typically comprise fewer than 100
amino acids, with the majority of AMPs falling within the range of 20 to 30 amino acids®. At
physiological pH, these peptides commonly have amphipathic characteristics, concurrently
displaying cationic charge sections balanced with hydrophobic sections®%,

These peptides offer several advantages in comparison to traditional antibiotics, encompassing
their multi-hit mode of action, potency, and rapid onset of action with low levels of resistance®.
AMPs primarily target highly conserved structures, such as the phospholipid membrane through
pore formation or essential components like peptidoglycans in Gram-negative and Gram-
positive bacteria, and glucan in fungal cell walls®’. Within this context, a recent study identified
a novel subset of AMPs with significant antifungal properties®’. These peptides have
demonstrated a strong ability to inhibit the metabolic activity and growth of several medically
significant fungal species. Moreover, AMPs with enhanced antifungal properties show
remarkable efficacy against biofilms, effectively destabilizing microbial communities, which
usually are composed of both bacteria and fungi®’!. Beyond these actions, AMPs can also act
intracellularly, disrupting processes such as protein biosynthesis or DNA replication. Their
intracellular capabilities become even more pronounced during viral infections, where they can
interfere with multiple stages of the viral life cycle, from viral receptor-cell interactions to the
replication process®”2, A qualitative representation of AMPs mechanisms of action is shown in
Figure 3. In recent literature, it was introduced new approach for enhancing the antibiotic
activity of AMPs by conjugation with a cationic CPP®*%4, Therefore, the combination of AMPs and
CPPs can yield bioactive agents that benefit from the combined advantages of each peptide.
CPPs not only facilitate access to plasmatic membranes or previously inaccessible locations but
also may interact synergistically with bacterial membranes to enhance bactericidal efficacy of
the AMPs®.

From another point of view, several scientific investigations have consistently substantiated the
antitumor efficacy inherent in specific AMPs, thus categorizing them as anticancer peptides
(ACPs)?®%7, ACPs are low molecular weight peptides ranging between 10-60 amino acids with a
a-helical or B-sheet structures, or a combination of both®°, Many studies have demonstrated
that certain cationic ACPs possess a selective toxicity towards cancer cells, causing minimal or
no harm to normal cells®®%°, Ideally, anticancer therapies should be designed to effectively target
and destroy a wide variety of cancer cell types while minimizing collateral damage to healthy
cells. One of the key distinguishing features between cancerous and healthy cells lies in the



composition and structure of their cell membranes, which presents an opportunity for selective
therapeutic targeting!®. Notably, ACPs can engage in electrostatic interactions with the
negatively charged cell membrane of cancer cells, thereby inducing necrosis via the destruction
of the plasmatic membrane!®1%2, This receptor-independent mechanism of action offers the
potential to overcome the challenge of drug resistance, a common obstacle associated with
many modern anticancer therapies!®. Indeed, one significant advantage of ACPs lies in their
reduced likelihood to induce drug resistance, a characteristic that distinguish them from
conventional chemotherapeutic agents®®'%. In addition, ACPs can also exert their anticancer
activity by other well-known mechanisms, including promoting pore formation, induction of
apoptosis, inhibiting the angiogenesis pathway, or recruiting and activating immune cells021%,

A qualitative representation of ACPs mechanisms of action is shown in Figure 3.

Membrane Protein

disruption targeting

Biofilm
disruption

DNA or RNA Immune
damage regulation

Figure 3: Schematic representation of the ACPs (light grey) and AMPs (dark grey) mechanisms of action. It is important
to note that both peptides share similar mechanisms of action in killing bacteria or cancer cells, with the key
differences lying in their ability to disrupt biofilms and inhibit angiogenesis.

However, the efficacy of ACPs alone can be limited in some cases due to challenges such as
enzymatic degradation and low bioavailability. To address these issues, the development of
chimeric peptides, which combine diverse functional characteristics into a single conjugated BP,
holds significant promise. Such innovative approaches could enhance stability, target specificity,
and therapeutic efficiency, paving the way for more effective cancer treatments in the future.
An excellent example of the potential of chimeric peptides in cancer therapy is demonstrated
by a study on magainin Il (MG2), an AMP with inherent antitumoral capabilities'°. While MG2



exhibited cytotoxic effects on tumor cells, its activity was limited to high concentrations due to
inefficiencies in cell membrane binding and intracellular entry. To overcome these limitations,
MG2 was conjugated to a CPP moiety (Antp), resulting in the chimeric peptide MG2A. The
fusion increased the antitumoral activity of MG2, with MG2A showing IC50 values for tumor
cells that were at least 30 times lower than those of the unconjugated peptide. This study
highlights the promising therapeutic potential of combining AMP and CPP functionalities into a
single chimeric peptide for targeted cancer therapy. Another compelling example of a chimeric
peptide with multivalent therapeutic potential is TAT-RasGAP317.326'%.

2.4, TAT—RasGAP317-326

In the exploration of CPPs conjugated multi-bioactive peptides, the spotlight falls on the
promising therapeutic candidate: TAT-RasGAP317.326'%. This novel peptide combines remarkable
membrane-penetrating capabilities with a dual impact, showcasing both antitumoral and
antibacterial effects. In detail, TAT-RasGAP317326 is @ CPP composed of a cell-penetrating
sequence (G*®RKKRRQRRR®’) derived from the human immunodeficiency virus (HIV) trans-
activator of transcription (TAT) protein, and a ten amino acid sequence (W3*'’MWVTNLRTD?3?¢)
derived from the Src homology 3 (SH3) domain of p120 RasGAP (Ras GTPase activating
protein)'®®, This chimeric peptide has several anticancer properties, including inhibition of
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metastatic progression and tumor cell sensitization to anticancer therapies
antimicrobial activities toward both gram-negative and gram-positive bacteria
The first reported anticancer activity of TAT-RasGAP317.326 Was its ability to sensitize tumor cells,
but not normal cells, to genotoxin-induced death'® and to radiotherapy!'*. By leveraging the
TAT CPP moiety, TAT- RasGAPs17.326 can efficiently penetrate cell membranes and deliver its
bioactive component into tumor cells. This chimeric design not only enhances its intracellular
delivery but also significantly boosts its therapeutic efficacy, making it a powerful candidate for
targeted cancer treatments. Based on these findings, the peptide was tested in preclinical
animal models and was shown to sensitize tumor xenografts in mice to cisplatin, doxorubicin,
and ionizing radiation with no apparent toxicity to healthy tissues!!*!>, TAT-RasGAP3;7.36 can
also directly kill a subset of cancer cell lines in a manner that is distinct from apoptosis,
necroptosis, parthanatos, pyroptosis, and autophagy'®’. Therefore, this peptide exhibits
cytotoxic properties that may pose significant challenges for cancer cells in developing
resistance via alterations within established regulated cell death pathways. Remarkably, altering
just a single amino acid in the RasGAP moiety (W317A) completely abolishes its anticancer and
antimicrobial efficacy, further underscoring the vital role of its precise peptide
SequenC6107’112’116.

To further expand on this note, in vitro experiments demonstrated that TAT- RasGAP317.326, but
not its mutated or truncated variants, effectively killed a range of bacteria, including Escherichia
coli, Acinetobacter baumannii, Staphylococcus aureus, and Pseudomonas aeruginosa***3,
Subsequent in vivo studies showed that TAT-RasGAP317-326 effectively protects mice from lethal
E. coli-induced peritonitis when administered locally at the first stages of infection!'2. Beyond its
bactericidal effects, TAT-RasGAP317-356 also targets bacterial communities, demonstrating
potent activity against biofilm formation of A. baumannii and P. aeruginosa*®. It is important



to mention that TAT-RasGAP317-326 is more effective than conventional antibiotics in eradicating
biofilms and it also inhibits biofilm formation by S. aureus'*®. These findings highlight the
potential of TAT-RasGAP317-326 as a treatment for biofilms and support the need for further
research into the development of AMPs for addressing biofilm-associated infections.

Building on these findings, the multifunctional properties of TAT-RasGAPsi7.326 further
underscore its promise in treating complex infections and cancer. By combining membrane
penetration, antitumoral activity, and antibacterial effects, this peptide demonstrates a unique
ability to target multiple therapeutic areas simultaneously. The seamless integration of these
three effects in TAT-RasGAPs17.326 not only showcases its potential as a dual-action therapeutic
agent but also opens doors to innovative strategies for addressing complex medical challenges,
paving the way for advanced and targeted anticancer and antibacterial therapies.

2.5.TAT-RasGAP317.326 Targets in Cancer Cell

TAT-RasGAP317.326 appears to possess killing properties that cancer cells may find challenging to
counteract by developing resistance through modifications within established regulated cell
death pathways. The mechanisms by which TAT-RasGAP317.356 induces cell death remain not fully
understood to this date. Recent studies have shown that TAT-RasGAP317.326 enters the cytoplasm
by directly translocating across the plasma membrane in a manner dependent on membrane
potential'’’. The same study demonstrated that depolarization reduces the peptide's uptake by
approximately 100-fold and completely inhibits its ability to kill cells'*’. This means that the
access into the cytoplasm is needed to kill cells.

Preliminary in vitro analysis (Figure 4) indicates that TAT-RasGAP317.326 and control peptides do
not bind to liposomes composed of lipids commonly found on both sides of the plasma
membrane, including phosphatidylcholine (PC), phosphatidylethanolamine (PE), or
cholesterol'®, Conversely, TAT-RasGAP3;736 exhibited stronger binding to inner-leaflet-
enriched phosphatidylinositol (4,5) bisphosphate (PI[4,5]P2), phosphatidylserine (PS), and
phosphatidic acid (PA) compared to the W317A mutant!’®, The W317A mutant exhibits
significantly reduced interactions with specific phospholipids compared to the wild-type
peptide, indicating that the RasGAP moiety of TAT-RasGAP317.326 plays a greater role than the
TAT segment in mediating peptide-lipid binding!*8.
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Figure 4: Membranes spotted with the indicated lipids were incubated with 0.5 mg/mL TAT-RasGAP317.32¢ and W317A

mutant, and TAT for 1 h, and the interaction with the lipid was revealed by immunoblotting using an anti-TAT

antibody. Blots are representative of two independent experiments“s.

The reasons behind the distinct binding behavior of the wild-type peptide and the W317A
mutant remain still unknown. However, understanding at molecular level this single-point
mutation can provide crucial insights into the mechanism by which TAT-RasGAP317.326 induces
cell death. By further investigating how this mutation alters peptide-lipids interactions and
downstream effects, it may be possible to unravel the pathway involved in the peptide's
cytotoxic activity.

2.6.TAT-RasGAP317.356 Targets in Bacteria

TAT-RasGAP317.326 is a peptide known for its ability to kill various bacterial species, including
Escherichia coli (E. coli)**°. Recent research has elucidated that this peptide exerts its bactericidal
effects by targeting the B-barrel assembly machinery (Bam) complex, specifically the BamA
subunit, which is essential for the proper assembly and insertion of outer membrane proteins in
Gram-negative bacteria'?. Disruption of BamA function compromises the structural stability of
the outer membrane, rendering E. coli vulnerable to environmental stressors and antimicrobial
agents'?!, The BamA protein features extracellular loops that are critical for its function and
interaction with antimicrobial agents. Notably, preliminary analyses (Figure 5) have
demonstrated that alterations in these loops, particularly the deletion of negatively charged
residues, confer resistance to TAT-RasGAP3i17326 in E. coli. In detail, the minimal inhibitory
concentration (MIC) of the peptide for the bacterial strains carrying the D498N, D498K, and
D497N D498K D500N mutations nearly doubled, conferring resistance to these E. coli strains'%.
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Figure 5: Removal of negative charges at the BamA'’s surface, but not on membrane-embedded domains causes an
increased resistance to TAT-RasGAP317-326. Indicated point mutants were designed by CRMAGE and the minimal
inhibitory concentrations (MIC) of TAT-RasGAP3;7.326 towards them was measured in triplicate. The dashed line
corresponds to the average MIC of the wild type. Instead, continuous lines represent the average MIC for the three

replicatesm.

The molecular mechanisms responsible for the inhibition of BamA by TAT-RasGAP317-326, as well
as the resistance conferred by the loss of specific negative charges, remain still unknown.
Understanding the specific interactions between TAT-RasGAP317-326 and the BamA subunit not
only sheds light on the peptide's mechanism of action but also provides valuable insights into
potential strategies for overcoming gram-negative bacterial resistance. Investigations at a
molecular level into these interactions could inform the design of novel antimicrobial agents
targeting the Bam complex, therefore enhancing the efficacy of treatments against Gram-
negative bacterial infections.
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3. Aim of the Work

In the expansive landscape of BPs, CPPs stand out as pivotal players with multifaceted roles,
particularly in the realms of antibacterial and antitumoral activities. Their intrinsic ability to
traverse cellular membranes positions CPPs as an indispensable tool in drug delivery and
therapeutic development. Understanding the correlation between the penetrative ability and
the CPPs sequence represents a challenging task.

Recognizing the significance of studying CPPs sequences, this thesis aims to integrate machine
learning (ML) and genetic algorithms (GA) to design novel CPP sequences. Central to this
endeavor is the focus on the de novo design of CPPs, utilizing innovative computational
approaches to transform non-CPP sequences into novel peptides with augmented cell-
penetrating capabilities. The overarching goal is to harness the potential of CPPs, which exhibit
diverse biological activities, including antitumoral and antibacterial effects®>'??. By leveraging
ML algorithms, we aim to identify sequence motifs and structural features critical for CPP
functionality, facilitating the rational design of peptides with improved cell-penetrating
capabilities.

Alongside the development of the CPP optimization algorithm, this thesis also seeks to perform
an in-depth molecular dynamics (MD) analysis of the anticancer potential of the chimeric CPP
TAT-RasGAPsi7326. This investigation aims to elucidate the dynamic behavior of TAT-RasGAP:17-326
within a cellular-like plasmatic membrane, shedding light on its interactions, stability, and
structural changes over time. A key focus of this study is to explore the antitumoral mechanism
of TAT-RasGAPsi17-32s by examining the effects of a specific mutation, W317A, on its structure and
behavior. By comparing the native peptide with its W317A mutant, the analysis will provide
critical insights into the role of this residue in mediating the peptide's anticancer activity.
Understanding the interaction of TAT-RasGAPsi7326 and its W317A variant with cellular-like
membranes at a molecular level is essential for unraveling its antitumoral mechanisms and
advancing its potential therapeutic applications.

Furthermore, the final branch of this research involves an in-depth MD exploration of TAT-
RasGAP:17326 concerning its antibacterial activity against E. Coli, specifically through interactions
with the BamA protein subunit. This investigation aims to uncover the molecular reasons
underpinning the antibacterial properties of TAT-RasGAPs17-326 and its potential as a dual-action
therapeutic agent. Understanding the intricate mechanism of interactions with the BamA
protein subunit not only provides insights into the antibacterial efficacy of TAT-RasGAP:i7.326 but
also holds the promise of paving the way to the development of new antibacterial therapeutics.
The underlying rationale for this multifaceted thesis stems from the versatility of CPPs, which
play a pivotal role in various biological activities, including antitumoral and antibacterial
activities. CPPs possess inherent cell-penetrating capabilities, making them crucial components
for drug delivery and therapeutic development. The thesis aims to bridge the gap between ML-
driven peptide design and the MD exploration of a promising bioactive peptide, such as TAT-
RasGAPsz17326. By doing so, it aspires to contribute to the development of novel CPPs with multi-
bioactive functionalities, advancing the understanding and potential applications of these
peptides in biomedicine.
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4. Material and Methods

4.1. Introduction to Molecular Dynamics

MD broadly refers to computational simulation techniques that study the evolution of physical
and chemical systems at atomistic and molecular levels by integrating Newton's equations of
motion'®. These methods enable the exploration of particle trajectories and interactions, which
define the type of MDD approach. In detail, MD can be categorized into three main types:

e Classical molecular dynamics®*,
e Semi-classical molecular dynamics.

e Quantum molecular dynamics (e.g., ab initio or Car-Parrinello methods!?*).

Quantum molecular dynamics, which solves the Schrédinger equation, provides the most
accurate representation of biological systems by incorporating quantum mechanical principles.
However, the Schrédinger equation can only be solved exactly for a limited number of particles.
Finding approximate solutions for complex systems requires computational resources that are
often prohibitively high.

As molecular systems studied through MD become increasingly complex, encompassing larger
numbers of atoms and interactions, classical MD emerges as a highly versatile and
computationally efficient approach. Classical MD extends classical molecular mechanics (MM)
to dynamic simulations by applying Newton's laws of motion. In this framework, molecules are
computationally modeled using parameters that represent their physical properties in
accordance with classical physics.

This approach allows for the simulation of systems containing hundreds of thousands of atoms,
enabling the investigation of a wide range of molecular mechanisms. With classical MD tools,
researchers can study phenomena such as protein folding and unfolding, receptor-ligand
docking, drug delivery mechanisms, protein free energy landscapes, polymer aggregation,
protein-membrane interaction, multiscale modeling, and much more. As a result, classical MD
remains an invaluable tool for exploring the complex behavior of biomolecular and chemical
systems at an atomistic level.

4.2. Molecular mechanics

Molecular mechanics describes molecular systems using classical mechanics. The potential
energy of all particles is estimated as a function of the nuclear coordinates, if the Born—
Oppenheimer approximation is valid. Functional form and parameter sets used to calculate the
potential energy for each type of the system’s atom are collected in Force Fields. In general, MM
is based on a simple parametrization model: atoms are represented by balls, which have mass
as the real element mass, and bonds are represented by springs (using the Hook law) with an
equilibrium distance equal to calculated bond length or equal to experimental data.
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Molecular mechanics (MM) describes molecular systems using classical mechanics, offering a
simplified yet effective framework to study the structure and behavior of molecules. In MM, the
potential energy of all particles is calculated as a function of their nuclear coordinates, if the
Born-Oppenheimer approximation is valid. Furthermore, the potential energy function, which
governs these calculations, is a mathematical expression that accounts for various energy
contributions, including bond stretching, angle bending, torsional rotations, and nonbonded
interactions, including van der Waals forces and electrostatic interactions.

Bond stretching Angle bending Torsional rotations
/ N
©0 ® O
van der Waals forces Electrostatic interactions

Figure 6: Qualitative representation of the energetic contributions in the potential energy function, including bond
stretching, angle bending, torsional rotations, and nonbonded interactions, including van der Waals forces and
electrostatic interactions.

The functional form of the potential energy equation and the associated parameter sets
required for its computation are collected in the so-called force fields. Force fields are tailored
to specific types of systems, such as proteins, nucleic acids, lipids, or small organic molecules,
and contain pre-defined parameters for atomic masses, bond lengths, bond angles, and other
molecular features. These parameters are derived from experimental data or quantum
mechanical calculations, ensuring an accurate representation of molecular behavior within the
classical mechanics framework.

In general, MM employs a straightforward parametrization model, where atoms are depicted as
rigid spheres with masses corresponding to their actual atomic masses. Bonds between atoms
are represented as springs (Hooke's Law), with an equilibrium distance that matches either
calculated bond lengths or experimental measurements. Beyond bonded interactions, MM also
accounts for nonbonded interactions, which play a critical role in molecular behavior. These
include van der Waals forces, which describe dispersion and repulsion effects between atoms,
and Coulombic forces, which account for electrostatic interactions between charged or partially
charged particles. The sum of these energy components provides the total potential energy of
the system, which determines the molecular conformation and interactions under study.

This approach makes MM a powerful tool for exploring molecular systems, from small organic
compounds to large biomolecules, enabling simulations of equilibrium states, conformational
changes, and intermolecular interactions with high computational efficiency.
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4.2.1. The potential energy function

As mentioned previously, potential energy function is defined in MM to modulate atom
interactions. The potential energy is the sum of two macro-energy contributions, the potential
energy of bonded and non-bonded interactions:

E(TN) = Epondea (TN) + Enon—bonded (rN) (2.0)

where E(rN) denotes the potential energy as a function of the position () of the N particles.
These 2 categories are further subdivided into:

Ebonded (TN) = Ebonds (TN) + Eangles (TN) + Edihedrals (TN) (2-1)

Enon—bonded (TN) = EVan der Waals (TN) + Eelectrostatic (TN) (2-2)

The covalent bond stretching contribution of expression (2.1) can be expressed by a harmonic
potential (Figure 7-A):

Eponas(1ij) = %kij (i — ro,ij)z (2.3)

where k;; represents the bond stiffness and 7 ;; represents the equilibrium distance.

The angle vibration between 3 atoms i-j-k of expression (2.1) is also represented by a harmonic
potential (Figure 7-B):

Eanges(0ijx) = %kijk (6ijx — Ho,ijk)z (2.4)

where 6 ; ji. represents the angle equilibrium distance between the three atoms and ky, is the

angle stiffness.
The third term of the expression (2.1) inserts an energy contribution that takes into account the
torsional rotations between 4 atoms (Figure 7-C):

Eginearais(Pijir) = kijia (1 + cos(nijir — boijir)) (2.5)

where kijkl is the stiffness of the dihedral angle, n is called multiplicity, which gives the number
of minimum points in the function, as the angle can rotate through 360°, and ¢ ; j; determines

where the torsional phase crosses its minimum value.
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Figure 7: Qualitative representation of bonded parameters: A) bond between atoms i-j with equilibrium distance of

To,ij; B) angle between atoms i-j-k with equilibrium angle of 8 ;;; C) torsional angle between atoms i-j-k-l with
equilibrium torsion angle of ¢ ;-

Non-bonded interactions are modeled as functions of the inverse of the distance between
atoms, meaning they are not dependent on any specific bonding relationships between the
atoms. In various force fields, non-bonded interactions are broadly categorized into two main
types: van der Waals interactions and electrostatic interactions (Figure 8).

Highly electronegative atoms can draw the electronic cloud toward themselves, creating an
uneven distribution of charge within the molecule. This results in regions of partial positive and
negative charges, which can be represented computationally by assigning atomistic partial
charges to the respective atoms. Electrostatic interactions, both within a single molecule
(intramolecular) and between separate molecules (intermolecular), can be calculated using
Coulomb's law (2.6). This fundamental law describes the force between two charges as directly
proportional to the product of their magnitudes and inversely proportional to the square of the
distance between them:

qiq;
ATTEOT i

Eelectrostaic (rij) = (2.6)

where & is the electrical permittivity in the vacuum, 7;; is the distance between the charge g;
of the atom i and the charge q; of the atom j.

In addition to electrostatic interactions, van der Waals interactions also play a significant role in
defining the chemical and physical properties of materials. Although relatively weak compared
to covalent bonds or ionic interactions, van der Waals forces are crucial in determining the
stability and behavior of molecular systems, particularly in non-covalent assemblies. Van der
Waals forces are broadly categorized into three types based on the underlying mechanisms,
including the London dispersion, Keesom and Debye forces.

Despite their relative weakness in comparison to the electrostatic interactions, van der Waals
interactions collectively have a significant impact, particularly in systems with many interacting
particles, such as molecular crystals, biomolecules, and polymers. The representation of Van der
Waals forces in MD is expressed by the Lennard-Jones function?:

ol

Jij

12
EVan der Waals (rij) = 4e l<—> —

rij
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Figure 8: Representation of non-bonded interactions: A) Represents the Coulomb energy in function of distance r;;
between two atoms with the same charge. B) Represents the Lennard-Jones energy as a function of distance r;j;
where o represents the collision diameter and the € represents the well depth of the potential energy.

Van der Waals interactions, along with Coulomb interactions and covalent forces, are essential
components in molecular simulations, ensuring a comprehensive representation of molecular
systems and their behavior.

4.2.2. Truncating the potential: cut-off radius

The calculation of non-bonded interactions, such as van der Waals and electrostatic forces, is
computationally demanding, especially in large molecular systems where the number of
pairwise interactions scales quadratically with the number of particles. To optimize these
calculations, various methods are employed, including the use of cut-off radii and advanced
algorithms like Particle-Mesh Ewald (PME) for electrostatic interactions.

Applying a cut-off radius simplifies the computation of non-bonded interactions by truncating
them beyond a predefined distance. Within this radius, interactions are explicitly calculated,
while those beyond are ignored, significantly reducing the computational effort. The cut-off
radius must be carefully chosen to balance computational efficiency and accuracy, as too small
a radius can omit important long-range interactions, while a very large radius negates the
computational advantage.

For long-range electrostatic interactions, truncation alone is insufficient because electrostatic

s 1 N .
forces decay slowly with distance - and have a substantial influence even at large separation.

The PME method offers an efficient solution by combining real-space and reciprocal-space

calculations.

In the PME method®?’:

1. The system's charges are distributed onto a 3D grid with specified spacing, approximating
the continuous charge distribution.

2. The charge distribution on the grid is transformed into the Fourier domain using a 3D Fast
Fourier Transform (FFT).

3. Electrostatic potentials are calculated in the reciprocal space by solving the Poisson
equation.

4. The results are transformed back into real space using an inverse FFT.
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5. The forces acting on individual atoms are obtained through interpolation of the grid-based
potentials.

This approach separates the electrostatic interactions into short-range and long-range

components. Short-range interactions are computed directly in real space using a cut-off radius,

while the long-range interactions are efficiently handled in reciprocal space. PME scales

computationally with Nlog(N), where N is the number of particles, making it substantially

faster than direct pairwise calculations (N?) for large systems.

4.2.3. Periodic boundary condition

The classical way to minimize edge effects in a finite system, such as MD simulation box, is to
apply periodic boundary conditions (PBCs). PBCs is a widely used technique in MD simulations
to minimize edge effects and approximate an infinite system. In computational studies, the need
to simulate a finite system of particles often introduces challenges at the boundaries, such as
surface artifacts or unrealistic interactions. PBCs address these issues by replicating the
simulation box in all spatial directions, creating a theoretically infinite lattice that ensures
continuity of interactions across the boundaries of the simulated system (Figure 9).

In a typical molecular dynamics setup, the molecular system of interest is solvated with water
and neutralized with ions. This solvated system is confined within a simulation box, which can
have various geometries depending on the study's requirements, including cubic, rhombic
dodecahedron, and truncated octahedron. The simulation box is surrounded by translated
copies of itself in the x,y, z directions, creating a seamless lattice. When a particle exits one
side of the box, it re-enters on the opposite side with the same velocity, preserving the system's
continuity and avoiding edge effects. While PBCs effectively mitigate boundary-related issues,
they can introduce artifacts unique to this approach. For instance, particles in the central box
can interact with their periodic images, potentially distorting the system's dynamics. To
minimize PBC-related artifacts, the dimensions of the simulation box must be carefully chosen.
The box should be large enough to prevent interactions between a molecule and its periodic
images.

Figure 9: Scheme of system in periodic boundary condition (PBC) in 2D (on the left) and 3D (on the right). The box in
the center is the original box, surrounded by copy of itself in the x, y, z axis.
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PBC and the Particle-Mesh Ewald (PME) Algorithm

As discussed in the previous chapter, PBCs are integral to the PME method for efficiently
calculating long-range electrostatic interactions. The replication of the simulation box ensures
that the Fourier-based PME calculations accurately account for interactions across periodic
boundaries. However, for the PME algorithm to function correctly, the system's net charge must
be neutral. If the system contains charged particles, the total charge must be neutralized to zero
coulombs by adding counter-ions. This prevents the introduction of infinite charges during the
application of PBCs, maintaining the physical validity of the simulation.

Practical Considerations for PBCs

e Box Geometry: The choice of box geometry should balance computational efficiency and
accuracy. Non-cubic shapes like dodecahedral or octahedral boxes can reduce the number
of solvent molecules required, lowering computational costs.

e Box Size: The dimensions of the simulation box must ensure that a molecule does not
interact with its periodic image. A commonly used guideline is to maintain a minimum
distance of 1.0-1.5 nm between the solute and the box edges, but the choice is still case
dependent.

e Neutralization: Systems with charged particles require the addition of counter-ions to
achieve overall charge neutrality, ensuring accurate calculations of electrostatic forces.

4.2.4. Cut-off Restrictions

As previously mentioned, cut-off radii are used to truncate non-bonded interactions at a defined
distance threshold, simplifying computational efforts by ignoring interactions beyond this range.
When PBCs are employed, the minimum image convention is introduced to ensure that the
interactions are calculated correctly within the periodic framework:

Re < smin(llall, 1], llcll) (2.8)

where R is the cut-off radii and min( ||all, || bll, |[c]|) is the shortest box vector. The minimum
image convention requires that the cut-off radius must not exceed half the shortest box vector,
for not having more than one image within the cut-off radius. This rule may generally not be
enough, in fact, extending the concept of minimum image convention we should have a length
of the box vector that exceeds at least the length of the studied molecule projected along that
direction, plus 2 times the radius of cut-off.

4.3. Molecular dynamics

MD is a computational technique that through the integration of Newton's equations solves the
dynamics of a molecular system. More generally MD is a theoretical/computational algorithm
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which can calculate average proprieties of a system by sequentially sampling microstates
ensemble in time. Generic scheme of the MD operation is shown in Figure 10:

4 e e . (. N Y .
Initial input condition A Compute Forces Update Configuration Writing output step
[> Potential Interaction (V) as Force of each atom (F;): Solving Newton’s Writing the updated
function of atomistic positions SV equation of motion: configuration and data
topol.top F=—— on files:
[N . - -T- ' 61’[ —— Fi _ dzri >
[> Initial position {r) and D> 6V is obtained calculating: o ode o . .
Velocities (v) of all atoms - :o:dt:::ln'?\tecgcc:oa:sng' i |>> Atom positions, velocities
" . i 1 a
confin.gro
fin.g Non-Bonded interactions i> Temperature, Pressure
[> MD or EM simulation options [> Pressure tensor, potential, and [> Forces, Energies
option.mdp ineti i
L y kinetic energies are computed ) L )

I Repeat for N steps

Figure 10: General scheme of MD algorithm. From the initial conditions the potential energies are calculated. Forces
acting on the atoms are derived from potential energy function and through the integration of Newton's equations,
new positions and velocities of the system are predicted. The cycle is repeated for the N steps set at the start.

4.3.1. Statistical ensembles

In statistical mechanics and thermodynamics, statistical ensembles represent the set of all
possible microstates of a system that correspond to the same macroscopic or thermodynamic
state. These ensembles allow us to connect the microscopic description of a system, defined by
individual particle properties, to observable thermodynamic quantities.

A microscopic state is fully characterized by the positions and momenta of all particles within a
system. These properties define a phase space, which is a multidimensional space where every
point represents a unique microstate of the system. The collection of points in the phase space
that correspond to the same macroscopic thermodynamic state forms a statistical ensemble. In
1902 Willard Gibbs defined 3 important thermodynamic ensembles, Micro-canonical, Canonical
and Grand-canonical, to whom we also consider a fourth case that is the Isothermal-isobaric
ensemble!?® (Figure 11):

e Micro-canonical Ensemble (NVE): Represents an isolated system, which cannot exchange
either energy or matter with a reservoir. The system has a constant number of particles (N),
volume (V), and total energy (E).

e Canonical Ensemble (NVT): Represents a closed system that can exchange energy, but not
matter, with a reservoir. The system has a constant number of particles (N), volume (V), and
temperature (T). This ensemble is often used for systems maintained at a constant
temperature, typically achieved using thermal reservoirs or thermostats in simulations.

e Grand-canonical Ensemble (WVT): Represents an open system capable of exchanging both
energy and matter with a reservoir. The system has a constant chemical potential (u),
volume (V), and temperature (T).

e |sothermal-Isobaric Ensemble (NPT): Represents a closed system that can exchange energy
with its surroundings, and where the system's volume can fluctuate to maintain constant
pressure. The system has a constant number of particles (N), pressure (P), and temperature
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(T). This ensemble is widely used to simulate biological and chemical systems under
experimental conditions where both temperature and pressure are controlled.

Statistical thermodynamic ensembles

« v - weight
>t-piston

——insulation

NVE NVT uvT NPT

Figure 11: Qualitative representation of the 4 statistical thermodynamic ensembles: Micro-canonical (NVE), canonical
(NVT), grand-canonical (uVT), isothermal-isobaric (NPT).

Statistical ensembles provide a critical framework for bridging microscopic and macroscopic
states, linking the phase space of a system to observable thermodynamic properties such as
temperature, pressure, and free energy. The phase space, a multidimensional representation of
the positions and momenta of all particles in a system, serves as the foundation for defining
ensembles. In computational studies, ensemble generation is essential for approximating
equilibrium states.

Two primary methods are employed to generate representative statistical ensembles: MD
simulations and Monte Carlo simulations. Both techniques sample microstates from the phase
space, enabling the calculation of ensemble averages for macroscopic properties. The ensemble
average of propriety A can be expressed in the following way:

<A)ensamble = ffA(pN, qN)p(pN: qN)dequ (2-9)
where A(pN,qN) is the observable of interest, p is the position of the N atoms, q is the

momentum of the N atoms and p(pN,qN) is called the ensemble density of probability
function:

M) 210)

N gVy =1 -
p(p ,q)—Qexp[ T

where kg is the Boltzmann’s constant, T is the absolute temperature, H(pN,qN) is the
Hamiltonian and Q is the expression of the canonical discrete partition function:

Q = Siexpl—BE] = Siexp |~ Ei] (2.12)
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where kg is the Boltzmann’s constant, T is the absolute temperature and E; is the total energy
of the system in the i-microstates. The canonical partition function describes the
thermodynamic and statistical properties of a system by normalizing sum of Boltzmann’s factors
over all microstates. Discrete partition function is dimensionless and can be further extended to
the continuous by replacing the summation with an integral operator:

Q=/[exp [— —H(i:’glv)] dpNdq" (2.12)

Equation 2.12 is crucial to have the connection between the thermodynamic microstates’
variable, which we can’t measure, and the thermodynamic macroscopic state, which we can
measure. Unfortunately, the calculation of this integral is extraordinarily complex because it
considers all the possible microstates of the system. A way to simplify the problem is to use the
ergodic hypothesis.

4.3.2. Ergodic hypothesis

The ergodic hypothesis plays a pivotal role in simplifying the calculation of macroscopic
properties in statistical mechanics and thermodynamics. Solving the integral presented in
equation (2.12) to determine ensemble averages can be prohibitively complex due to the high-
dimensional nature of phase space. The ergodic hypothesis provides a practical means to
overcome this challenge by establishing a critical equivalence between time averages and
ensemble averages.

In its essence, the ergodic hypothesis posits that over sufficiently long periods, a system will
explore all accessible microstates in its phase space that are consistent with the system's total
energy. This implies that the time spent by a particle in a specific region of phase space is
proportional to the volume of that region. Consequently, every microstate with the same energy
is equally probable over long timescales.

The usefulness of the ergodic hypothesis lies in its ability to bridge temporal and statistical
perspectives. Instead of calculating macroscopic quantities as ensemble averages over an
exhaustive set of microstates, we can evaluate them as time averages of a property during a
sufficiently long simulation:

(A)ensemble = (A)time (2.13)

Therefore, we can compute the ensemble average of propriety A using the time average of the
same propriety, which is more practical in computational simulations. Specifically, the time
average of a property A can be expressed as:

(Aeime = lim = [ A(p" (0, q"(D)dt ~ 3. T A", 4) (2.14)
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where t is the simulation time, M is the number of time steps and A(pY,q") is the
instantaneous value of the propriety A.

4.3.3. Temperature coupling

Maintaining a constant temperature in MD simulations is crucial for accurately representing
thermodynamic ensembles, such as NVT or NPT ensembles. To achieve this, MD software
incorporates temperature coupling schemes that weakly couple the system to an external
thermal bath. These algorithms control the temperature by rescaling the velocities of the
particles in the system, thereby adjusting the kinetic energy. Several widely used temperature

130 131

coupling schemes include the Berendsen®®, v-rescale®°, Nosé-Hoover™!, and Andersen®?

algorithms.

The Berendsen thermostat employs a weak coupling approach to maintain the system
temperature T near a target value Tj. It achieves this by correcting the temperature deviation
through an exponential decay controlled by a user-defined time constant tau:

dar _ To-T

i (2.15)

This correction ensures that deviations from the desired temperature decay smoothly over time.
The temperature control is enforced by rescaling the velocities of the particles at each time step
using a scaling factor A:

A= 2\/1 + "TC“( o _ 1) (2.16)

7 \T(t—1/2At)

where np is the time step, A is the scaling factor that is limited in the range 0.8< A <1.25 for
stability issues and T is a time constant close to T in equation 2.15, which can be joined by the
relation:

T = 2vir (2.17)
Ndfk

where Cy is the total heat capacity of the system, Ndf is the total degrees of freedom of the

system and k is the constant of Boltzmann. The Berendsen thermostat is computationally
efficient and effectively reduces temperature fluctuations. However, it does not produce a
rigorous canonical ensemble because it lacks stochastic elements to correctly sample phase
space.

The v-rescale algorithm builds upon the Berendsen thermostat by introducing a stochastic term

that ensures proper sampling of the canonical ensemble. The dynamics of the kinetic energy K
are governed by the following equation:
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KKo dW

Vo Vo (2.18)

dK = (KO—K)f—;+2

where K is the kinetic energy and dW is a Wiener process. The inclusion of the stochastic term
enhances the algorithm's ability to maintain a Maxwell-Boltzmann distribution of velocities, a
critical feature for achieving a true canonical ensemble.

The v-rescale thermostat combines the strengths of the Berendsen scheme with improved
accuracy in sampling the kinetic energy distribution:

1. No Oscillations: The rescaling of velocities avoids oscillatory behavior, ensuring smooth
convergence to the target temperature.

2. First-Order Decay: Deviations from the target temperature decay in a controlled, first-order
manner, enhancing stability.

3. Canonical Ensemble: The stochastic term ensures correct energy fluctuations, producing a
proper canonical ensemble.

Temperature coupling schemes like Berendsen and v-rescale are widely used in MD simulations
to study systems in equilibrium conditions. The choice of thermostat depends on the specific
requirements of the simulation, such as for example whether strict adherence to the canonical
ensemble is necessary (production runs). While Berendsen is suitable for equilibration runs, v-
rescale is mandatory for production runs where accurate thermodynamic properties are
required. However, the v-rescale thermostat is nowadays employed to both equilibrate the
system and perform production simulation®33,

4.3.4. Pressure coupling

Maintaining constant pressure in MD simulations is mandatory for correctly reproducing the
NPT thermodynamic ensemble. In MD, several algorithms can simulate pressure coupling with
an external pressure bath, as for the temperature coupling discussed previously. The most
commonly used pressure barostats include the Berendsen'?® and Parrinello-Rahman schemes**,

)135

Recently, the stochastic cell rescaling (c-rescale)*> barostat has emerged as a robust alternative,

particularly for maintaining accuracy in pressure control during MD simulations.

The Berendsen barostat operates on a weak coupling scheme, effectively controlling the
system's average pressure. While it is well-suited for system equilibration under pressure
coupling, it does not yield the correct NPT ensemble, as it artificially suppresses pressure
fluctuations. Consequently, it is not recommended for production MD runs but is an efficient
option for the initial equilibration phase. The Berendsen algorithm maintains the pressure P, by
rescaling the box vectors at each pressure coupling step Tp. using a scaling matrix y in
accordance with:
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4P~ Ro=P (2.19)
dt Tp )

The scaling matrix u is defined as follows:
npcAt
uyj = 8ij — === By{Poyj — Py} (2.20)

where §;; is the identity matrix, Tp is the time constant, f3;; is the isothermal compressibility of
the system, for water at 1 atm and 300K f;; = 4,6 x 10~3bar~!. Box-scaling can be
performed in all directions (isotropic) or independently along different axes(anisotropic). For

anisotropic scaling, it may be necessary to adjust Tp or reduce np. to ensure stability and avoid
errors due to constraints.

On the other hand, the Parrinello-Rahman barostat is designed to simulate the true NPT
ensemble and allows for natural pressure fluctuations. It is ideal for MD production runs but is
less suited for equilibration because large oscillations in box vectors can destabilize the
simulation. This algorithm rescales the box vectors, represented by the matrix b, based on the
following equation:

2
= VW T (P — Py) (2.21)

where V is the box volume, W ™1 is the matrix with the coupling strength parameters and P is
the pressure. In addition to box rescaling, the atomic equations of motion are also rescaled:

Pri _ Fi_ —1[ v’ db ,] /—1}ﬁ
dt2 — m; {b b dt +dtb b dt (2.22)

The coupling strength matrix W 1 is determined by:

-1 _ 4% By
W= =5 (2.23)

where ,Bij is the isothermal compressibility, Tp is the pressure time constant and L is the largest

box matrix element.

The c-rescale barostat is a first-order barostat that samples the correct volume fluctuations by
including a suitable noise term. This barostat addresses the limitations of both the Berendsen
and Parrinello-Rahman methods. It incorporates stochastic fluctuations to accurately reproduce
the true NPT ensemble while maintaining robust stability during simulations. C-rescale can be
straightforwardly implemented in the existing MD codes and can be used effectively in both
equilibration and production phases*.
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4.3.5. Energy minimization

Energy minimization (EM) is a pivotal process in MD simulations used to optimize the atomic
structure of a system by finding a local minimum on the potential energy surface (PES). The PES
represents the multidimensional landscape of potential energy as a function of atomic positions.
The goal of EM is to locate a local stationary point where the potential energy is minimized, and
the net interatomic forces are ideally close to zero. However, due to the inherent nature of most
optimization algorithms, which are unidirectional and follow downhill trajectories, only the
nearest local minimum relative to the starting point can be identified.

By reducing the potential energy and minimizing the interatomic interaction forces, EM prepares
the system for further simulations, such as MD or Monte Carlo simulations, by ensuring that the
initial configuration is energetically stable. It is important to mention that this stabilization is
essential for obtaining reliable results in subsequent steps. Minimization algorithms are broadly
classified into two categories:

o Derivative methods: These algorithms utilize the gradient of the potential energy to guide
the search for the minimum. Common examples include the steepest descent, conjugate
gradient, and Newton-Raphson methods.

o Non-derivative methods: These rely solely on the evaluation of energy values without using
gradients. The simplex method is a notable example.

The steepest descent algorithm is the most robust and commonly used method for energy
minimization in MD simulations, despite not being the most efficient for locating minima (Figure
12). Its simplicity and ease of implementation make it an attractive choice for many applications.
The algorithm operates by calculating force F from the negative gradient of the potential energy
V, and updating atomic positions iteratively according to the following equation:

Fn
max(|Fp|) o

Th1 = Tp + (2.24)

where 13, 1 is the new position, 13, is the actual position, E, is the force and h,, is the maximum
displacement initially selected (for example 0.01 nm). If the V,,,; <V}, the new positions are
accepted and h,,; = 1.2h,,, butif the V,,,; >V, the new positions are not accepted and
h, = 0.2h,,. The code stops when the maximum number of force evaluation steps has been
reached, or when the maximum of the absolute value of force is less than a certain ¢ value,
which is considered acceptable between 1 and 10.
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Figure 12: Potential energy surface (PES) with illustrated an example of Energy minimization (EM) sequence by the
steepest descent algorithm. The starting point of the system is in a high energy state (red) and gradually transitions
step by step toward a low-energy state (blue).

4.3.6. Leapfrogintegrator

The leapfrog algorithm is a numerical method used in MD that by integrating the differential
equations of motion produces an output trajectory. The leapfrog integration method (Figure 13)

uses the position r of atoms at moment t and the velocity v at a previous time t =t — %At

updating positions and velocities using the forces on atoms F at time t, through the following
relations:

v(t +§At) = v(t—%At) +%F(t) (2.25)
r(t + At) = r(t) + Atv (t + %At) (2.26)

The leapfrog algorithm is time reversible of third order in  and produces trajectories whit the
following position update equation:

r(t + At) = 2r(t) —r(t — At) + %F(t)At2 + 0(At*) (2.27)
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Figure 13: Scheme of the leapfrog algorithm, where r is the position, v is the velocity, and t is time. This method is
called leapfrog because positions and velocities are leaping like frog over a At time difference.

4.3.7. Constraint algorithm

During MD simulations, it is essential to maintain the relative positions of atoms within a specific
oscillation range, as determined by the chemical and physical properties of the system. The
relative positions are described by the system's topology, which includes the constraints
imposed by the bonded terms. Generally, in MD the covalent distance between heavy atoms
and hydrogen atoms are constrained for enhancing the computational efficiency by reducing
the vibrational component along some degrees of freedom. To ensure that these distances
remain within physically meaningful limits, constraint algorithms are employed. Two widely
used algorithms for enforcing bond constraints in MD simulations are the SHAKE!*® and the
LINCS®’ algorithms.

The LINCS (Linear Constraint Solver) algorithm is a non-iterative method designed to efficiently
restore bond lengths to their correct covalent distances after an unconstrained position update.
This algorithm is particularly advantageous due to its speed and robustness compared to
iterative methods like SHAKE. The LINCS algorithm operates in two primary steps:

e Initial Projection: The algorithm projects the new, unconstrained bond lengths onto the old,
constrained ones. In this step, the deviations of the bonds from their ideal lengths are
initially set to zero.

e Bond Distance Correction: A correction is applied to account for bond-length distortions
caused by unconstrained rotations or updates during the simulation.

4.4 Machine learning

4.4.1. LightGBM Algorithm

Light Gradient Boosting Machine (LightGBM)'* is an advanced implementation of the gradient
boosting framework. This ML algorithm is highly praised for its efficiency and performance,
especially in scenarios involving large datasets and the need for fast computation. The
fundamental concept of LightGBM, as with other gradient boosting methods, is to build an
ensemble of weak prediction models, which are in most cases simple decision trees,
sequentially. Each tree in the sequence attempts to correct the residuals or errors of the
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preceding trees. The final predictive model is an aggregation of these weaker decision trees. The
model’s output for a given input x is:

M
FG) = ) fnfn®
m=1

where M represents the total number of trees, f,, (x) is the output of the mth" decision tree and
Bm is the corresponding weight, often set to 8,, = 1/M. In each iteration of training, the model
focuses on correcting its previous mistakes. At each iteration, the negative gradient of the loss
function with respect to the model’s predictions is computed (pseudo-residuals) and quantifies
the direction and magnitude of the error. This gradient information is then used to guide the
construction of the next tree, specifically aiming to reduce the residual error. The update
formula can be expressed as:

Foo1(x) = Fe(x) + a - fry1(x)

F;,1(x) is the updated model after iteration t + 1, F.(x) is the model from the previous
iteration t, f;4+1(x) is the newly added tree, and « is the learning rate, which controls how
strongly each new tree influences the final model.

LightGBM introduces two innovative approaches to improve efficiency: Gradient-based One-
Side Sampling (GOSS) and Exclusive Feature Bundling (EFB). GOSS improves the training process
by prioritizing training instances that have larger gradients, meaning it focuses more on the
harder-to-predict instances. On the other hand, EFB efficiently manages sparse data by bundling
together exclusive features, which are those features that are rarely non-zero at the same time.
These techniques allow LightGBM to handle large volumes of data with higher speed and lower
memory usage compared to traditional gradient boosting methods. Moreover, LightGBM
supports categorical features natively and is capable of handling missing data, making it a
versatile tool in various machine learning tasks, from classification to regression. Despite its
efficiency, it retains a high degree of accuracy, making it a favored choice among data scientists
and researchers.

4.4.2. Global feature attribution methods: Mean Decrease in Impurity

In ML, quantifying the contribution of each input variable in predicting the response is called
feature importance attribution. In most implementations of tree-based ensemble models, such
as Random Forest (RF) and Gradient Boosting (GB), feature importance is typically computed
using the Mean Decrease in Impurity (MDI) method proposed by Breiman?3.

MDl is a method specifically tailored for tree-based models. A decision tree is a predictive model
organized as a tree structure T, mapping input features x € X' to output targets y €Y.
Typically, the input space X is represented as a P-dimensional real space R, with P denoting
the number of input features. In classification tasks, Y comprises a set of discrete labels
{1,2, ..., C}, where C indicates the number of distinct, mutually exclusive classes. The decision
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tree for classification is known as a classification tree. Noteworthy, in binary classification where
C = 2, the typical assumptionis y € {0,1}.

The decision tree uses the root node to represent the entire input space X. Each internal node
t corresponds to a specific subset of X, and the branches from these nodes result from binary
decisions or splits s; = (x; < c), further dividing the portion of input space associated with
node t into two child nodes t; and t;. Nodes without children, situated at the ends of the tree,
are known as terminal or leaf nodes. A test instance x is classified by traversing from the root
down to a leaf node, where in classification tasks, each leaf node assigns a prediction y based
on the majority class of the training samples that end there. This structure enables the tree to
adaptively map various regions of X to the appropriate output predictions, mirroring the
training data’s underlying distribution.

During the training phase, the tree structure is developed starting from a dataset encapsulated
at the root node. Nodes are recursively created via a greedy procedure that groups samples with
identical labels values. At each node t, the algorithm selects the optimal split s; = s* that
maximizes the reduction in impurity:

Ai(sy) = i(t) —wy, i(t,) — we,i(tg)

Here, i(t) represents an impurity measure (e.g., the Gini index, or the Shannon Entropy for
classification), and w;, = N, /Ny and wy, = N../N; denote the proportions of samples at node
t moving to t;, and tg respectively. The effectiveness of each split, quantified by Ai(s;), signifies
how well it purifies the node. Tree construction typically ceases when the nodes are pure or
when no further informative splits can be made.

Practical implementations may also include constraints like maximum tree depth or minimum
sample count per leaf to prevent overfitting. In an ensemble approach, multiple decision trees
(N7 in total) are built, and the importance I; of each input feature x; in predicting the target is
evaluated by averaging the weighted decreases in impurity from all nodes where x; influences

the split, across all trees:

1
IMDIj - z WtAi(St)

Nr
T teT:w(sp)=x;j

where w; is the proportion N, /N of samples reaching node t, and v(s;) indicates the feature
used in the split.

This metric highlights the feature's overall impact on the model's accuracy, particularly noting
the significance of features used in early splits due to their broader effect on the input space.
This emphasizes their key role in the model’s decision-making process.

4.4.3. Local feature attribution methods: Shapley Additive explanations (SHAP)

Shapley Additive explanations (SHAP), implemented in the Python SHAP library, offer practical
solutions by estimating the values based on available data and optimizing the computation for
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complex models like ensemble trees. SHAP optimizes calculations for ensemble models,
reducing computational complexity from O(TL2P) to O(TLD?), where T is the number of trees,
L is the maximum number of leaves, and D is the maximum depth.

Shapley Values represent local feature attributions, reflecting each feature’s influence on the
prediction at the level of an individual observation x. However, aggregating Shapley Values
across a dataset provides a global view of feature importance via a matrix ®, where each row
corresponds to an observation, and each column to a feature:

@ = (o}

)i=1,...,n Jj=1,..,P

Feature importance can be derived by averaging the absolute Shapley Values per feature:

[SHAP, — %i |¢§i)|
i=1

Like many other interpretation methods, the Shapley value approach encounters challenges
when dealing with correlated features'*°. To simulate the absence of a feature from a coalition,
the method involves marginalizing that feature, typically by sampling from the feature's marginal
distribution. This approach works well for independent features. However, when features are
dependent, this sampling process may introduce unrealistic feature values for the given
instance.

One possible solution is to use the PartitionExplainer from the SHAP library, which requires as
argument a hierarchical clustering of the input features based on correlation. The
PartitionExplainer computes Shapley values recursively through the hierarchy of features that
defines feature coalitions, considering groups feature together and allocating credit based on
how one group would perform as a whole. This means that if the clustering provided to the
PartitionExplainer groups these correlated features together, the method effectively manages
feature correlations. Essentially, the total credit given to a group of closely related features
remains consistent and does not fluctuate based on changes in their correlation during the
explanation process. This ensures that the explanation reflects their combined influence
accurately, without being affected by any alterations to their interdependencies.

4.4.4. Model Reliability: Local Outlier Factor

Among different possibilities to assess the reliability of the model, Local Outlier Factor (LOF)*!
unsupervised ML for novelty detection is one of the most commonly used algorithms.

Let Dr = {(x(i),y(i))}ivzl be the N-dimensional set used for training, with x¥ and y® being

the feature and label, respectively, associated to the i-th sample. Let x?N*1 be the feature
associated with a new sample. We assess the reliability of the model by measuring the level of

NN
novelty of x W +1) with respect to features used for training, collected in the set Xr = {X(l)}i=1 .
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In particular, the reliability of the model associated with the new feature x(N*+1 decreases as

(N+1)

the deviation of x with respect to the training dataset X't increases.

The LOF algorithm measures the local density deviation of a given data point x(V+1)

with respect
to its neighbors, by comparing the density of areas surrounding x @+ to the densities of the
areas surrounding its neighbors. A high LOF value indicates that the sample is far from its
neighbors (i.e., an outlier or a novel sample with respect to X1). Thus, it deviates from the
training data, and this can suggest that the model’s reliability is low for this sample. Conversely,
a low LOF value suggests the sample is similar to its neighbors, suggesting high model reliability
for this sample. The main steps of the LOF algorithms are reported below, assuming the features

are already normalized:

e Let us define the augmented dataset X = X7 U xN+D_ For each pair of points X,q€X
compute the Euclidean distance between x and q. Let us denote as d(x, q) such a distance.

e Fora positive integer k such that 0 < k < N and each point x € X, compute the so-called
k-distance (denoted as disty (x)), being the distance of x with its k-th nearest point.

e Foreachpointx € X, compute the k-nearest neighbors of x (denoted as Ny (x)) defined as
the set of samples of X (excluding x) with distance smaller than dist, (x). Basically, Ny (x)
includes all the points of X that lie in the circle centered at x and of radius disty (x). Denote
as | Ny (x)| the cardinality of Nj (x), which can be larger or equal than k.

e Fora pair of points x,q € X, define the reachability distance of x from q defined as:

rdisty (%, q) = max{d(x, q), dist, (q)}
e For each point x € X, compute the local reachability density of x defined as:

[N (0]

Irdy (x) = quzvk(x) rdist, (x,q)

The local reachability density is thus given by the inverse of the average reachability distance
of the point x from its neighbors. Low values of local reachability density thus mean that the
point x is “far” from its neighbors.

e For each point x € X, the Ird,(x) is then compared with the local reachability density of
its neighbors to compute the value of the local outlier factor for x, specifically:

Ygen, (o lrd(q)

LORGO) = Ty Colird o

Note that a value of LOF (x) of approximately 1 indicates that the “local density” of the point
x is comparable to one of its neighbors. Thus, x is not an outlier. On the other hand, values of
LOF (x) drastically larger than 1 indicate that x is an outlier.

It is worth pointing out that if we are only interested in detecting if a new point xV+1 s a
novelty, there is no need to compute the LOF value for all points in the dataset X . Indeed, it is
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enough to compute the k-nearest neighbors of x(N“), along with the local reachability density
of its neighbors.

4.45. Performance evaluations

In the field of machine learning and classification tasks, evaluating the performance of a model
is critical to understanding its effectiveness. One way to assess a classifier's performance is by
examining its predictions in relation to the actual class labels. This evaluation involves
categorizing the outcomes of the classifier into four key metrics, which are defined based on the
comparison of predicted labels and true labels. These metrics are:

e True positive (TP): The number of positive class members, which are properly predicted by
the classifier and are labeled as positive class.

e True negative (TN): The number of negative class members, which are properly predicted
by the classifier and are labeled as negative classes.

e False positive (FP): The number of negative class members, which are falsely predicted by
the classifier and are labeled as positive class.

e False negative (FN): The number of positive class members, which are falsely predicted by
the classifier and are labeled as negative class.

Threshold-dependent and threshold-independent metrics are often used to evaluate binary
classification performance. The threshold-dependent metrics are Sensitivity (SNV), Specificity
(SPC), Accuracy (ACC), and the Matthews correlation coefficient (MCC), which are defined as
follows:

SNV is defined as a probability that a classifier truly predicts the result as positive when the
corresponding sample is truly positive. The SNV is also called the true positive rate, and it is
calculated as follows:

SNV = 1b FFN

SPC is defined as the probability that a classifier truly predicts the result as negative when the
corresponding sample is truly negative. The SPC is also called the true negative rate, and it is
calculated as follows:

TN

SPC = TN+ FP

ACC is a measure of the overall correctness of a model and is calculated as the ratio of correctly
predicted instances to the total instances. It provides a general assessment of the model's
effectiveness.
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B TP + TN
" TP+TN +FP +FN

ACC

MCC is defined as the correlation coefficient between the predicted result and the
corresponding ground truth. It has a value between +1 and -1. If MCC=+1 it means that the
classifier predicts the result truly. If MCC=0 it means that the classifier cannot predict the result
better than a random manner. If MCC=-1 it means that there is a full contradiction between the
predicted result and the corresponding ground truth. The MCC scale is calculated as follows:

C= TP-TN — FP - FN
\/(TP+ FP) - (TP + FN) - (TN + FP) - (TN + FN)

Additionally, the Area Under the Receiver Operating Characteristic Curve (AUC) serves as a
threshold-independent metric to evaluate model performance.

4.4.6. Geneticalgorithm

Genetic algorithm#1#3 (GA) is an optimization technique to address the complexity of the
parameters space in the optimization process. GAs, inspired by the principles of natural selection
and genetics, are heuristic optimization algorithms widely utilized for solving complex
combinatorial and numerical problems. It is designed to minimize or maximize a given fitness
function J(08) by iteratively improving a population of potential solutions. The main steps
involved in a generic genetic algorithm are outlined below:

1. Initialization: Generate an initial population of P;,;; individuals, where each individual
represents a potential solution to the optimization problem. These initial solutions are
typically created randomly within the allowed parameter space, forming the starting point
of the algorithm. Each individual encodes the design parameters 6 in a format appropriate
for the problem, such as binary strings, real-valued vectors, or sequences.

2. Fitness Evaluation and Selection: Evaluate the fitness J(8) of each individual in the
population based on the problem's objective function. Select Ny,; individuals with the
highest fitness (for maximization problems) or the lowest fitness (for minimization
problems) to serve as parents for the next generation. Various selection methods, such as
roulette wheel selection, tournament selection, or rank-based selection, can be employed
to choose the parents.

3. Crossover (Recombination): Generate offspring by performing crossover or recombination
on pairs of selected parents. This operation involves combining the genetic information (the
encoded design parameters 8) of two parents to produce one or more offspring. A common
crossover technique is single-point or multi-point crossover, where portions of one parent's
genetic material are exchanged with the other parent's material. Alternatively, uniform
crossover may be used, where each element of the offspring's genetic code is randomly
inherited from one of the two parents with equal probability.
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4. Mutation: Apply mutation to a subset of the offspring. Mutation introduces small, random
modifications to an individual's genetic representation, such as flipping bits in binary strings,
adding noise to numerical values, or altering specific components of the solution. The
purpose of mutation is to maintain diversity in the population and prevent premature
convergence to suboptimal solutions. The mutation rate (e.g., 10%) determines the
likelihood of mutation occurring for each element of the genetic code.

5. Replacement: Form the next generation by replacing the old population with the newly
generated offspring and a subset of surviving parents. The population size is generally kept
constant. Various replacement strategies can be employed, such as elitism, where a fixed
number of the best-performing individuals are retained from the previous generation, or
generational replacement, where only offspring are used to form the new population.

6. Termination Criterion: Repeat the fitness evaluation, selection, crossover, mutation, and
replacement steps for a predetermined number of generations or until a termination
criterion is met. Termination criteria can include reaching a target fitness value, exceeding
a predefined computational budget (e.g., number of generations), or detecting a lack of
improvement in fitness over successive generations.

7. Result Extraction: Once the termination criterion is met, the individual with the best fitness
in the final population is selected as the optimized solution to the problem. This individual
represents the genetic algorithm's approximation of the global optimum for the fitness
function J ().

GA are versatile and can be tailored to a wide range of optimization problems by adjusting the
encoding scheme, selection mechanism, crossover and mutation operators, and termination
conditions. A schematic representation of the GA is provided in Figure 14.

Input Begin Output
Population size, N Generate initial population of N chromosomes Xi Global best solution, Xb
Max n° of iterations, MAX |~ Set iteration counter t=0

Compute the fitness value of each Xi

s \
While t<MAX v

Select a pair of chromosomes from initial population based of fitness
Apply crossover operation on selected pair with crossover probability
Apply mutation on the offsprings with mutation probability
Replace the old population with the newly generated population
Increment the current iteration t=t+1

&End

Figure 14: Schematic representation of the Genetic Algorithm sequential operations.
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5. Toward the Rational Design of Penetrating Peptides by
Machine Learning

In this chapter, it is described the rational de novo CPP design employing a synergy of ML and
GA. The convergence of ML techniques and GA serves as a catalyst for the design of CPPs with
enhanced penetrability, setting the stage for subsequent chapters to unveil the molecular
mechanism of a specific multi-active CPP. In this connection, predicting peptide penetration into
biological membranes using computational methods has proven to be both an efficient and cost-
effective approach for screening expansive chemical libraries#4*>1,

Among the numerous techniques used to enhance this predictive performance, one promising
methodology is the integration of ML models with sequence-derived descriptors. Early
breakthroughs in the field include the CPPred-RF'*’, which utilized the random forest (RF)
algorithm integrated with several sequence-based descriptors. Building on this foundation,
Qiang et al. took a similar approach and developed the CPPred-FL, which leveraged multiple RF
models trained on various attributes, ranging from amino acid composition to specific position
information®®2. Soon after, Fu et al. proposed a unique support vector machine (SVM) algorithm,
which predicts CPPs based entirely on the amino acid composition*,

Further advancements led to the creation of the KELM-CPPpred, a pioneering ML framework*
that also relied heavily on amino acid composition for CPP prediction. The combination of both
sequence and structure-based descriptors marked a turning point in the field, significantly
improving CPP prediction accuracy. For instance, Manavalan et al. presented a framework that
successfully integrated multiple algorithms, including RF, SVM, extremely randomized trees
(ERT), and k-nearest neighbour (K-NN) algorithms'**. By leveraging diverse sets of data, such as
amino acid composition and physicochemical properties, their approach achieved greater
precision in distinguishing CPPs from non-CPPs.

Moreover, CellPPD-Mod*** was introduced as a powerful computational tool that uses the RF
method to discriminate between CPPs and non-CPPs based on molecular descriptors,
fingerprints, and sequence features up to 25 residues in length. More recently, the ML-based
framework BChemRF-CPPred further expanded predictive capabilities by combining techniques
such as artificial neural networks (ANN), SVM, and Gaussian classifiers'>. Another notable
contribution by Manavalan et al., called MLCPP2.0**®, encompassed a stacking ensemble of
models to augment the prediction of CPP uptake efficiency.

Innovations in deep learning have also made a significant impact. Zhang et al. proposed a
Siamese neural network augmented by a contrastive learning optimization module for the

discrimination between CPPs and non-CPPs®’.

This novel integrated approach has
demonstrated exceptional performance and represents a reliable method for differentiating
CPPs from non-CPPs. In the same vein, the SVM-based in silico tool CellPPD stands as a practical
application allowing users to generate all possible mutations and predict cell penetration®®,

Despite significant advancements in the field, the importance of interpretable and explainable
ML models cannot be overstated. These models not only offer pivotal insights into the
performance of CPPs but also reveal the underlying patterns and key factors influencing their

penetration capabilities. Their ability to explain their predictions in understandable terms goes
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a long way in promoting the understanding of CPPs, ultimately paving the way for the
development of better drug delivery systems.

Here, we present LightCPPgen, an interpretable computational pipeline for virtual screening and
generation of CPPs. To achieve interpretability and explainability, the ML model is designed to
provide clear and tangible rationales for its predictions. The generative component of
LightCPPgen employs a constrained optimization approach powered by a GA. This algorithm
optimizes non-penetrating peptides by maximizing their similarity to an input sequence while
ensuring that the generated sequences meet specific penetration criteria. The constraint
ensures that the generated peptides are predicted to exhibit cell-penetrating properties, as
determined by the ML model. Crucially, the pipeline also offers an interpretable explanation for
why each generated sequence is classified as cell-penetrating, providing valuable insights into
the predictive process.

5.1. Material and Methods

5.1.1. Dataset Description

In this study, we employed the layer 1 training and testing datasets of MLCPP2.0%®, The training
dataset was derived combing six existing datasets from C2Pred, CellPPD**8, CPPred-RF'¥,
KELM-CPPpred'**, MLCPP!**, and BChemRF-CPPred™. Initially, positive, and negative samples
(CPPs and non-CPPs) were independently grouped. Subsequently, the CD-HIT**® algorithm was
applied to the positive samples, excluding CPPs that shared more than 85.0% sequence identity
with other CPPs. This refinement process resulted in a set of 573 CPPs. Analogously, non-CPPs
were processed, excluding sequences that shared >85.0% sequence identity with other non-
CPPs or CPPs. To achieve a balanced training set, 573 non-CPPs were randomly selected. The
positive samples of the test dataset were collected from the CPP entries of the CellPPD**8, KELM-
CPPpred'**, MLCPP*, and BChemRF-CPPred®™* independent datasets, the CPPsite 2.0'®, and
Basith et al. CPP methods evaluation!®!. To ensure dissimilarity with the training dataset,
sequences sharing high similarity were excluded using a CD-HIT**® cutoff of 90.0%, yielding a
total of 157 CPPs. Instead, the negative samples for the test dataset were collected from existing
methods, excluding sequences with more than 70% sequence identity with the training samples,
resulting in 2184 non-CPPs.

5.1.2. LightGBM and Cost-sensitive learning

A Cost-sensitive learning is a paradigm in ML where different types of prediction errors incur
different costs'®2. Cost-sensitive learning differs from standard learning approaches by focusing
on minimizing a cost function that accounts for the real-world impact and severity of different
types of errors. This method is especially relevant in scenarios where the consequences of errors
are asymmetrical, for instance, misclassifying a positive example as negative may carry a
significantly different cost compared to misclassifying a negative example as positive.

In the CPP field, cost-sensitive learning is employed to prioritize minimizing false positives when
designing novel CPPs. Balancing the reduction of false positives with the risk of increasing false
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negatives is the key to ensure that the model remains effective in identifying true CPPs without
missing potential discoveries. To address this point, a class weighting mechanism is incorporated
into the cost function to control how the model learns during training. For instance, in the case
of binary classification tasks where the log-likelihood function is used as the cost function:

1= Y O (60) + (-5 O)n(1-p60)

i=1

where P(y(i)) denotes the predicted probability that y(i) equals 1, the cost function can be
modified by introducing asymmetric costs Crp and Cry for false positives and false negatives,
respectively:

n
z CFPy(z) ln p(y(l))) + CFN(l _ y(L)) In (1 _ p(y(l)))]
i=1

In LightGBM, the modification of the cost function can be achieved by turning the
hyperparameter called scale _pos_weight. This hyperparameter, typically used to adjust for
class imbalance by giving greater weight to the positive class, can be set to a value less than the
default value of 1.0 to prioritize reducing false positives in binary classification tasks. This unique
approach shifts the model's focus, making it more conservative in predicting positives, thereby
reducing the occurrence of false positives.

5.1.3. Feature engineering

155,156,183 " gour investigation focuses on two principal

In alignment with established literature
categories of molecular descriptors. The first category includes descriptors based on the
molecular structure, which capture the physicochemical properties of peptide. These
descriptors are generated using the RDKit'®4, Biopython'®® libraries and homemade scripts.
Several structure-based descriptors, including molecular weight (MW), the number of rotatable
bonds (NRB), topological polar surface area (tPSA), fraction of sp3-hybridized carbon atoms
(Fsp3), octanol-water partition coefficient (cLogP), number of aromatic rings (NAR), number of
hydrogen bond donors (HBD) and acceptors (HBA), number of primary amino groups (NPA),
number of guanidinium groups (NG), and the net charge (NetC) was calculated using RDKit
library. Additionally, we calculated the isoelectric point (IsoP) and hydrophobicity using the
Python Peptides library, and aromaticity with the Biopython library®®. Finally, we computed the
length of the peptide sequence.

The second category includes sequence-based descriptors, directly derived from the peptide's
primary amino acid sequence, employing the iFeatureOmega library®®. Among these, various
descriptors was calculated, such as amino acid composition (AAC), enhanced amino acid
composition (EAAC), composition of k-spaced amino acid pairs (CKSAAP), di-peptide
composition (DPC), tri-peptide composition (TPC), dipeptide deviation from expected mean
(DDE), grouped amino acid composition (GAAC), enhanced GAAC (EGAAC), composition of k-
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spaced amino acid group pairs (CKSAAGP), grouped di-peptide composition (GDPC), grouped tri-
peptide composition (GTPC), Moran correlation, Geary correlation, normalized Moreau-Broto
autocorrelation (NMBroto), the composition, transition, and distribution set of features (CTDC,
CTDT, CTDD), conjoint triad (CTriad), k-spaced conjoint triad (KSCTriad), sequence-order-
coupling number (SOCNumber), quasi-sequence order (QSOrder), pseudo-amino acid
composition (PAAC), amphiphilic pseudo-amino acid composition (APAAC), adaptive skip
dipeptide composition (ASDC), auto covariance (AC), cross covariance (CC), auto-cross
covariance (ACC), AAindex (AAINDEX), BLOSUM®62, and Z-scale (ZSCALE).

A comprehensive set of 13,833 descriptors was obtained to fully explore the feature space.

5.1.4. Feature selection

The feature selection procedure was utilized to reduce the initial set of 13,833 descriptors to a
smaller set of 20 features. The initial extensive feature set allows for a deep and potentially
novel exploration of correlations. However, it also presents several challenges, including:

1. Computational Load: Computing a vast array of features, along with training and predicting
with the model, imposes significant demands on computational speed and memory
resources.

2. Risk of Overfitting: A large feature set increases the risk of the model capturing noise instead
of the true underlying patterns, which can result in poor generalization to new data.

3. Complex Interpretability: A large number of features can make it challenging to discern the

key factors driving the model's predictions, complicating interpretation.

In this sense, feature selection emerges as a crucial step in this research to solve the above-
mentioned challenges.

This study employed a hybrid feature selection approach that combines MDI feature selection
(an embedded method) with greedy forward search (a wrapper method). Initially, a LightGBM
model is trained using the entire feature set P, and the MDI feature importance I; computed
internally by the model for each feature j € P is used to prune the feature set to P = {j €
P:I; > 0}. This initial preprocessing step substantially reduces the size of the feature pool,
allowing for a more efficient implementation of the subsequent greedy forward search.

Finally, from the reduced feature set P, the greedy forward search method is used to find the
final feature subset S* = 20 as follows:

1. Start with an empty feature set S = @.
2. Repeat {
a. Generate candidate subsets S; = S U {j} foreachj & S.
b. Foreachj & §trainamodel using S; and estimate its generalization error.

c. Update S to the best S; found in step b. }
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3. Output the best feature subset S* evaluated during the entire search procedure, or until a

stopping criterion is met (e.g., maximum number of features to select).

5.1.5. Validation strategy

To evaluate the out-of-sample performance of the model during hyperparameter tuning and
feature subset selection, we employed stratified k-fold cross-validation. This method divides the
training set into k smaller subsets (or folds) using stratified sampling, ensuring that the class
distribution within each fold reflects the overall class proportions of the dataset. During the
process, each fold is used as a validation set exactly once, while the model is trained on the
combined data from the remaining k — 1 folds. The overall performance is then determined by
averaging the results across all k folds.

For the final performance evaluation and comparison with models reported in the literature, we
used the independent test dataset from MLCPP 2.0, assessing model performance through
metrics such as accuracy ACC, SPC, SVN, MCC, and AUC.

5.1.6. Genetic algorithm details

Starting from a non-CPP sequence, LightCPPgen aims at generating a new penetrating amino
acid sequence satisfying the following key features:

e Itshould be “close” to the original non-penetrating peptide to preserve as much as possible
its biological and physicochemical properties (i.e., structural stability and solubility).
Closeness is measured according to the similarity score obtained from the global pairwise
sequence alignment with the BLOSUMG62 substitution matrix, using Biopython library®.
From a bioactivity perspective, minimizing the number of mutations helps reduce the risk of
unwanted side effects and facilitates synthesis.

e It should achieve the highest possible probability of cell-penetration while minimizing the
number of mutations introduced. The focus of LightCPPgen is to address the balance
between reducing the number of mutations while simultaneously enhancing the likelihood
of cell penetration.

e It should exhibit a low level of non-novelty relative to the dataset used for training the
LightGBM surrogate model. This constraint minimizes exploration into regions with lower
model confidence, reducing the likelihood of unreliable predictions with the aim of
enhancing the success rates in experimental validation. The LightGBM model acts as a
surrogate during the design process, predicting the penetration probability of a given
peptide. Consequently, ensuring the model's high reliability is essential for the success of

the design process.

40



According to the above considerations, the following performance metric is adopted as a
criterion to guide the design, and thus used as a fitness function to be minimized by a genetic
algorithm:

2
J(8) = w1dsim(o,0,) + W2max (o, (1-ply=1l0)" - 0.22) + w3max (0, LOFy gy — 1.52)
In the definition of the fitness function J(0):

e 0 represents the vector of design parameters, which is the ordered sequence of amino
acids that define the peptide. Each element of this vector corresponds to an amino acid,
represented by a single Latin letter according to the one-letter code system (with an
alphabet of 20 characters, one per each natural amino acid), turning the design into a
combinatorial optimization problem. The length of the vector 8 corresponds to the
length of the amino acid sequence, which is typically predetermined by the user.

e 0, isagiven vector representing the amino acid sequence of the initial non-penetrating
peptide.

* dsim(e,0,) is the similarity distance between the candidate and the initial peptide.

e p(y = 1]0) is the probability of a candidate peptide (characterized by the amino acid
sequence 6) to be penetrating.

e LOFy() is the value of the Local Outlier Factor for the candidate peptide.

e Wy, Wy, and wj represent the weights by which it is possible to modify the impact of
one or more factors in the fitness function J(0). In this specific application, they are all
setto 1.

According to the above definition of the fitness function J(0), the similarity distance dsim(e,0,)
between the candidate and initial peptide is minimized. Furthermore, polynomial barrier
functions are used to penalize LOFyg) novelty values larger than 1.5 and the probability of
penetrability lower than 0.8. The value of 1.5 for the LOFy) was chosen to prioritize the
reliability of predictions by penalizing solutions that lie outside the feature space of the training
dataset. Ensuring a low LOFyg) value helps maintain the model’s predictive reliability, as higher
LOF values indicate that the solution deviates from the data distribution used during training.
Similarly, the threshold of 0.8 for the penetrability score was selected to emphasize the
generation of highly penetrating solutions. By penalizing solutions with a predicted penetrability
score below 0.8, we ensure that the optimization process prioritizes candidates with a stronger
likelihood of exhibiting cell-penetrating properties.

Users can adjust the weights (wq,w;, and w3) assigned to the similarity distance dgim(e,0,)
penetrability score p(y = 1]6), and LOFy(g) components of the fitness function based on their
specific optimization requirements. Increasing a weight above 1 enhances the influence of that
term in the fitness function, while reducing it below 1 decreases its impact.
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The genetic optimization algorithm above described is used to minimize the fitness function J (6)
over the design parameters 8. A schematic depiction of the CPP design algorithm is shown in

Figure 15.
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Figure 15: Schematic representation of the overall hybrid framework combining Genetic algorithm with Machine
Learning predictor and Pairwise alignment algorithm. RDKit: Open-Source Cheminformatics Software;
iFeatureOmega: Feature engineering tool; MDI: Mean Decrease in Impurity; FFS: Forward feature selection.

5.2.Results

In this section, we present the results of the de novo CPP design using a synergistic approach
that combines ML with GA. Specifically, we detail the performance of the LightGBM-based
predictor (Sections 5.2.1 and 5.2.2), the explainability and interpretability of the model (Section
5.2.3), and the design algorithm (Section 5.2.4). To evaluate the effectiveness of the design
algorithm, we utilized non-CPP samples from the independent MLCPP2.0 dataset.

5.2.1. Modeling and feature selection results

This work introduces LightCPP, a LightGBM-based binary classification model designed to
distinguish between CPP and non-CPP sequences. The numerical results presented in this
section were obtained by evaluating the algorithm's performance on Layer 1 of the independent
dataset from the publicly available MLCPP 2.0 dataset. Following the presentation of results
from the feature selection phase, details of the training process are provided at the end of this
section.

The initial LightGBM model was trained using a complete feature set consisting of 13,833
variables. Utilizing the feature importance scores derived from the MDI method, irrelevant
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features were identified and removed, reducing the feature set to 375 variables. This significant
reduction facilitated the execution of forward search within a practical timeframe. To
benchmark model performance before and after sequential feature selection, the intermediate
model, referred to as LightCPP (375 features), achieved performance metrics of 0.930, 0.962,
0.690, 0.981, and 0.687 for AUC, ACC, SNV, SPC, and MCC, respectively.

Subsequently, a greedy forward search was performed to identify an optimal subset of features,
using MCC as the evaluation metric. The final model, LightCPP (20 features), achieved
performance metrics of 0.909, 0.960, 0.690, 0.979, and 0.677 for AUC, ACC, SNV, SPC, and MCC,
respectively. Compared to the intermediate model, there was a slight decline in metrics of
2.26%, 0.21%, 0.0%, 0.20%, and 1.46% for AUC, ACC, SNV, SPC, and MCC, respectively. Despite
this minor reduction in performance, the final model highlights the effectiveness of the feature
selection algorithm by achieving competitive metrics with a significantly reduced feature set.
This process resulted in a final subset of 20 features, detailed below:

1. CTDC_charge.G1: Presence of the amino acids of the first group (i.e., arginine and lysine)
along the peptide sequence computed through the composition transition distribution (CTD)
descriptor. This feature provides an indication of the amount of positively charged residues
along the peptide chain.

2. CTDD_normwaalsvolume.2.residuel00: CTDD (CTD-Distribution) descriptor following the
Normalized van der Waals volume attribute of the second group of amino acids (i.e.,
asparagine, valine, glutamic acid, glutamine, isoleucine, leucine). In detail, it corresponds to
a fraction of the entire sequence, from the location of the first residue of the group
mentioned above, until 100% of occurrences are contained.

3. APAAC_Pc2.Hydrophobicity.1: Amphiphilic pseudo amino acid composition'®” (APAAC)
characterizes the hydrophobicity-hydrophilicity balance and the sequence-order correlation
of the adjacent residues considering their hydrophobicity property.

4. PAAC_Xcl.V: Pseudo-Amino Acid Composition (PAAC) captures information about the
physicochemical properties (hydrophobicity, hydrophilicity, and side chain mass) of the
valine amino acids content and its distributions in protein sequences.

5. CTDD_hydrophobicity_ ARGP820101.1.residue50: CTDD (CTD-Distribution) descriptor
following the Hydrophobicity attribute of the first group of amino acids (i.e., glutamine,
serine, threonine, asparagine, glycine, aspartic acid, and glutamic acid), according to the
Argos''®® (ARGP820101) AAindex. In detail, it corresponds to a fraction of the entire
sequence, from the location of the first residue of the group mentioned above, until 50% of
occurrences are contained.

6. CTDD_hydrophobicity_ FASG890101.2.residue50: CTDD (CTD-Distribution) descriptor
following the Hydrophobicity attribute of the second group of amino acids (i.e., asparagine,
threonine, proline, glycine) in the CTD descriptors, according to the Fasman''®®

(FASG890101) AAindex. In detail, it corresponds to a fraction of the entire sequence, from

the location of the first residue of the group mentioned above, until 50% of occurrences are

contained.
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10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

KSCTriad_g5.85.85.gap1: Conjoint k-spaced Triad (KSCTriad) calculates the numbers of
three amino acids of the g5 group (arginine and lysine) that are separated by 1 residue
(gapl).

APAAC_Pc1.A: Amphiphilic pseudo amino acid composition!®” (APAAC) characterizes the
hydrophobicity-hydrophilicity balance and the sequence-order correlation of the peptide. In
this case, it refers specifically to the alanine amino acid, meaning that its content and
distribution along the peptide sequence are important to predict the penetration capability.
DDE_LA: Dipeptide deviation from expected mean'’° (DDE) of the leucine-alanine dipeptide
inside the entire peptide sequence. This descriptor is constructed from three parameters,
namely, the dipeptide composition (Dc), the theoretical mean (Tm), and the theoretical
variance (Tv). In detail, Tm and Tv depend on the amino acid types and the peptide length,
while Dc depends on the “LA” dipeptide occurrences and the peptide length.

DDE_LP: Dipeptide deviation from expected mean (DDE) of the leucine-proline dipeptide
within the entire peptide sequence.

ASDC_DM: Adaptive skip dipeptide composition’* (ASDC) of aspartic acid and methionine.
ASDC is a modified dipeptide composition descriptor, which also considers the correlation
information present between adjacent and non-adjacent aspartic acid and methionine
residues.

CKSAAP_IR.gap2: Composition of k-spaced Amino Acid Pairs (CKSAAP) of the amino acid pair
isoleucine-arginine separated by 2 residues (gap2).

QSOrder_Grantham.Xr.T: Quasi-sequence-order (QSOrder) descriptor that characterizes
the sequence order and the spatial relationships of the threonine utilizing the Grantham's*’?
distance matrix.

CKSAAP_LL.gap4: Composition of k-spaced Amino Acid Pairs (CKSAAP) of the amino acid pair
leucine-leucine separated by 4 residues (gap4).
CKSAAGP_positivecharger.uncharger.gapl: Composition of k-Spaced Amino Acid Group
Pairs'® (CKSAAGP) of the amino acids belonging to the positive charged (lysine, arginine,
histidine) and un-charged (serine, threonine, cysteine, proline, asparagine, glutamine)
groups separated by 1 residues (gap1l).

Zscale_p1.z5: Zscale descriptor developed by Sandberg et al. in 199872 that characterizes
the amino acids at position 1 (p1) with the fifth physicochemical scale (z5).
CKSAAGP_uncharger.aromatic.gap9: Composition of k-Spaced Amino Acid Group Pairs'®
(CKSAAGP) of the amino acids belonging to the un-charged (serine, threonine, cysteine,

6

proline, asparagine, glutamine) and aromatic (phenylalanine, tyrosine, tryptophan) groups
separated by 9 residues (gap9).

PAAC_Xcl1.G: Pseudo-Amino Acid Composition (PAAC) captures information about the
physicochemical properties (hydrophobicity, hydrophilicity, and side chain mass) of the
glycine amino acids and its distributions in protein sequences.

ASDC_AS: Adaptive skip dipeptide composition’* (ASDC) of alanine and serine. ASDC is a
modified dipeptide composition descriptor, which also considers the correlation
information present between adjacent and non-adjacent alanine and serine residues.
CKSAAP_TR.gap4: Composition of k-spaced Amino Acid Pairs (CKSAAP) of the amino acid
pair threonine-arginine separated by 4 residues (gap4).
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5.2.2. Comparison with the state-of-the-art predictors

The LightCPP model metrics were evaluated by comparing them with state-of-the-art models
reported in the literature. The comparison specifically focused on models that utilize the
independent dataset from MLCPP 2.0 as a test set, including C2Pred, BChemRF-CPPred, MCLPP,
MLCPP 2.0 (Layerl), and SiameseCPP. In detail, the comparison was made using Layerl of the
independent dataset from MLCPP 2.0, referencing the performance metrics listed in Table 2
from Zhang et al. 2023 and Table 10 from Manavalan et al.®®. The numerical results are
summarized in Table 1, where the best and second-best performances for each metric across all
models are highlighted in bold and underlined, respectively.

Table 1: Performance detail of our proposed LightCPP in comparison with C2Pred, BChemRF-CPPred, MLCPP,
MLCPP2.0, and SiameseCPP on the Layerl of the independent dataset from MLCPP 2.0.

Model AUC ACC SNV SPC MCC
C2Pred 0.867 0.781 0.790 0.781 0.326
BChemRF-CPPred 0.914 0.893 0.745 0.903 0.467
MLCCP 0.920 0.892 0.809 0.898 0.497
MLCCP2.0 (Layer1) 0.928 0.934 0.847 0.940 0.624
SiameseCPP - 0.959 0.624 0.983 0.652
LightCPP (375 features) 0.930 0.962 0.690 0.981 0.687
LightCPP (20 features) 0.909 0.960 0.690 0.979 0.677

The data in Table 1 reveal that no single model consistently outperforms the others across all
evaluation metrics. However, the models introduced in this section demonstrate the best
performance for AUC, ACC, and MCC (LightCPP with 375 features) and the second-best
performance for ACC and MCC (LightCPP with 20 features). The models most comparable to the
proposed ones are MLCPP 2.0 (Layerl) and SiameseCPP, which need a more detailed
comparative analysis.

When comparing the proposed models with MLCPP 2.0 (Layer1), the AUC values are similarly
high across all classifiers, exceeding 0.9, with the 20-feature model performing approximately
2% lower than the others. For ACC, the proposed models outperform MLCPP 2.0 (Layerl) by
nearly 3%. However, these high ACC values may indicate a bias toward predicting the majority
class (non-CPPs), which aligns with the training strategy of penalizing false positives more heavily
than false negatives. In terms of SPC and SNV, the LightCPP models excel at minimizing false
positives, while MLCPP 2.0 (Layerl) performs better at identifying positive cases, reducing false
negatives. Additionally, the proposed models achieve higher MCC values, reflecting superior
overall performance across all quadrants of the confusion matrix.

In comparison with SiameseCPP, the proposed models show comparable ACC scores. However,
in terms of SNV, the proposed models perform nearly 10% better, demonstrating a stronger
ability to correctly identify CPPs. While SiameseCPP achieves slightly higher SPC, the difference
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is minimal. Finally, the MCC values indicate that the LightCPP models provide more balanced
performance, effectively managing both positive and negative classifications.

5.2.3. Explainability of LightCPP

Understanding the importance and significance of the underlying features driving ML-based
predictions is essential for their effective application in CPP design. The 20 features that govern
the predictive performance of LightCPP (20 features, as listed in Table 1 and detailed in Section
5.2.1) provide valuable insights into the model's predictive capabilities. The feature importance
and impact, computed with SHAP feature importance on the independent set of MLCPP 2.0 are
shown in Figure 16.
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4. PAAC Xcl.V 14. CKSAAP_LL.gap4
5. CTDD_hydrophobicity_ARGP820101.1.residue50 15. CKSAAGP_positivecharger.uncharger.gap1
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Figure 16: Feature importance and impact as computed with SHAP on the independent set of MLCPP 2.0. The right
bar plot ranks the variables by their average impact on model prediction. The left dot plot shows each data point with
the signed contribution of each feature. Blue dots indicate low variable values, while red dots indicate high values.
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The CTDC charge feature (CTDC_charge.G1) highlighted the critical role of positively charged
amino acids in predicting CPP behavior. High positive charge values were consistently associated
with CPP classification, while low values indicated non-penetrating peptides. Another pivotal
feature influencing CPP prediction was the distribution of specific amino acids, including
asparagine, valine, glutamic acid, glutamine, isoleucine, and leucine, along the peptide sequence
(CTDD_normwaalsvolume.2.residue100). Low values of this feature are associated with CPP
classification, suggesting either the absence of these amino acids or their concentration at the
beginning of the sequence. Conversely, high values led to non-CPP classification, which is
indicative of the presence of these residues near the C-terminal tail.

The amphiphilic pseudo amino acid composition (APAAC), which accounts for the balance
between hydrophobicity and hydrophilicity as well as sequence-order correlation based on
adjacent residues’ hydrophobicity (APAAC_Pc2.Hydrophobicity.1), revealed that both high and
low hydrophobicity levels significantly impact cell penetration. This underscores the essential
role of hydrophobic distribution in mediating peptide-cell interactions. Similarly, the Conjoint k-
spaced Triad (KSCTriad) method, which evaluates arginine and lysine patterns within the peptide
sequence (KSCTriad_g5.g5.g5.gapl), emerged as another key feature. Frequent occurrences of
arginine and lysine triplets separated by a single residue were strongly associated with CPP
activity, highlighting the significance of these patterns in facilitating penetration.

The alanine APAAC also proved to be informative for distinguishing CPPs from non-CPPs. High
alanine APAAC values were indicative of CPP activity, suggesting that a higher and more uniform
distribution of alanine enhances membrane interaction and uptake. Conversely, lower alanine
APAAC values reflected a sparse distribution and an unfavorable hydrophobic-hydrophilic
balance, which is correlated with non-CPP classification. Additionally, the valine presence
(PAAC_Xc1.V) played a crucial role in CPP classification. Low valine levels were associated with
CPP classification, suggesting that a minimal or localized presence of valine favors penetration.
On the other hand, high concentrations of valine, especially if unevenly distributed, hindered
membrane penetration, highlighting valine’s complex influence on CPP functionality.

Three additional features significantly contributed to CPP prediction: CKSAAP_IR.gap2,
CKSAAP_LL.gap4, and CKSAAP_TR.gap4. These features correspond to amino acid pairs
separated by specific gaps. For the CKSAAP_IR.gap2 feature, representing isoleucine-arginine
pairs separated by two residues, higher occurrences correlated with CPP classification, while
lower occurrences aligned with non-CPP classification, emphasizing the importance of this
specific pair for penetration capability. Similarly, the CKSAAP_LL.gap4 feature, representing
leucine-leucine pairs separated by four residues, showed that high values aligned with CPP
predictions, whereas low values indicated non-CPP predictions. In contrast, CKSAAP_TR.gap4,
which relates to threonine-arginine pairs separated by four residues, was associated with non-
CPP predictions when occurring at high frequencies, suggesting that such spatial arrangements
may inhibit cell entry. Minimal occurrences of this specific pair had no significant impact on
predictions.

These observed physicochemical patterns, including amino acid gaps of varying lengths,
highlight the intricate interplay between charge distribution, hydrophobicity, and spatial
arrangement within peptide sequences that collectively influence membrane penetration
capability. The feature importance and impact for the training set are presented in Figure S1 of
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the Supporting information section 1. Notably, the feature importance analysis demonstrated
remarkable consistency between the training and testing sets, with only slight variations in the
order of features. This consistency underscores the robustness and relevance of the identified
features across diverse peptide sequences.

5.2.4. Design Algorithm Analysis

The effectiveness of the design algorithm was evaluated using all the non-CPP sequences from
the MLCPP2.0 testing set as input for the optimization loop. During the design process, the
LightCPP model (based on 20 features) served as a surrogate predictor, estimating the
penetration probability of each peptide generated by the optimization algorithm. Furthermore,
the population and generation parameters were set to 500 and 50, respectively (see Supporting
information section 2 for further details). The closeness of the designed peptide sequence to the
original one is measured according to the similarity score obtained from the global pairwise
sequence alignment with the BLOSUMG62 substitution matrix'’. The main evaluation criteria
focus on the amino acid pairs and types modified between the original and optimized sequences.
The design of new penetrating sequences is accomplished by substituting certain amino acids
with others, aiming to maximize penetrability while maintaining similarity to the original
peptide. The substitution patterns are illustrated in the heatmap matrix in Figure 17, where each
entry represents the frequency of amino acid pair substitutions between the original and
optimized sequences. Additionally, Figure 17-right displays the percentages of each type of
amino acid deleted, while Figure 17-top shows the percentages of each type of amino acid
inserted. These figures were derived by summing the columns and rows of the substitution
matrix, respectively.
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Figure 17: The heatmap shows the original replaced amino acids in the matrix's rows and the newly inserted amino
acids in the matrix's columns, with the results of the substituted amino acid pairs shown as percentages. Additionally,
the top figure shows the percentages of each newly inserted type of amino acid, while the right figure displays the
percentages of each deleted type of amino acid.

Notably, cationic amino acids (R and K) were the most frequently inserted into the newly
designed CPPs, with arginine being favored over lysine, underscoring its critical role in peptide
penetrability. This importance is further emphasized by the fact that arginine was almost never
removed from the original sequences (Figure 17-right). Conversely, anionic amino acids (D and
E) were rarely inserted into the newly designed CPPs. This trend aligns with the key role of
positive charge in CPP functionality, as identified previously by the ML model (Figure 16). To
emphasize this point, aspartic and glutamic acids were often removed from the original
sequences, especially for the glutamic acid (Figure 17-right). Together, these observations
highlight the promotion of more positively charged sequences, consistent with the predictive
importance of positive charge in our model.

Positively charged amino acids are crucial for the cell penetration ability of peptides, but
hydrophobic amino acids and their distribution along the sequence also play an important role.
Indeed, hydrophobic amino acids such as alanine, cysteine, isoleucine, and leucine (A, C, I, and
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L) were frequently incorporated into the optimized CPP sequences (Figure 17-top). It is worth
noting that cysteine was moderately used as a substitute and was almost never deleted from
the original sequences, suggesting its potential key role in enhancing the penetration capability
of CPPs.

Valine emerged as the most commonly substituted amino acid in the newly designed sequences,
not only within the hydrophobic amino acid group but across all amino acid types. Feature
importance and impact analyses (Figure 16) indicate that a high content of valine in the
sequence correlates with non-CPP predictions (PAAC_Xcl1.V). Therefore, it is reasonable to
mention that the optimization algorithm reduces valine content to shift the prediction towards
the CPP class. Figure 17 further shows that valine is predominantly replaced by isoleucine, a
pattern that warrants further investigation and will be explored in more detail in the discussion
section.

Another notable finding is the consistent addition and removal of alanine, isoleucine, and
leucine in the designed CPPs (Figure 17). This behavior exhibited by the optimization algorithm
highlights not only the importance of these specific amino acids but also suggests that their
distribution within the sequence is critical for the CPP's penetration ability. These findings
emphasize the complexity and specificity involved in CPP design, leading to multiple
optimization strategies aimed at enhancing the peptide's penetration potential.

The SHAP analysis was also performed on a single randomly selected peptide
(IFSNTALVNCMRQTLQDTGHNP) before  and after the  optimization process
(IFKRTALINCRRRTLQDTGHNP) (Figure 18). Additional examples of SHAP analysis conducted on
randomly selected peptides can be found in Figure S4, Figure S5, and Figure S6 of the Supporting
Information section 3. Notably, the substituted amino acids after the optimization process
caused several features to shift from non-CPP to CPP prediction, including CTDC_charge.G1,
CKSAAP_IR.gap2, APAAC_Pc2.Hydrophobicity.1, and PAAC_Xc1.V, among others.

The optimization algorithm focused on enhancing the peptide's positive charge by incorporating
3 arginine and 1 lysine residues, replacing serine, asparagine, methionine, and glutamine. These
substitutions led to a significant increase in the CTDC_charge.G1 feature, a key determinant for
cell penetration, reinforcing the crucial role of positively charged amino acids in CPP
functionality. The increase in positive charge aligns with the known importance of these residues
in facilitating cellular uptake.

Additionally, the algorithm strategically reduced the valine content (PAAC_Xcl.V), which is
associated with non-CPP predictions, as previously noted. In its place, valine was substituted
with isoleucine, a shift observed that reinforces the transition toward a CPP classification (as
observed in Figure 16). This substitution also led to an increase in the CKSAAP_IR.gap2 value,
indicating a more favorable spatial arrangement of isoleucine and arginine residues, which is
linked to enhanced penetration potential.

Furthermore, the algorithm paid particular attention to balancing the hydrophobicity-
hydrophilicity of the peptide, as evidenced by the changes in the APAAC_Pc2.Hydrophobicity.1
feature (Figure 18). By fine-tuning this balance, the algorithm ensured that the resulting peptide
would possess a more favorable hydrophobicity-hydrophilicity pattern for efficient cellular
uptake.
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Figure 18: SHAP values for a randomly selected peptide (IFSNTALVNCMRQTLQDTGHNP) are displayed before (on the
left) and after (on the right) the optimization. The original deleted amino acid is highlighted in bold blue (top-left),
while the newly inserted amino acids are highlighted in bold red (top-right). The values for each feature before and
after the optimization process are shown in grey.

The overall pattern of these adjustments, as reflected in the SHAP value analysis, demonstrates
the algorithm's capability to make precise, targeted changes that optimize the peptide's
characteristics for improved CPP functionality. This process illustrates the intricate relationship
between amino acid composition, their distribution within the sequence, and the biophysical
properties that enable efficient cell penetration. Through these adjustments, the optimization
algorithm effectively tailors peptides for enhanced performance in penetrating cellular
membranes, showcasing the value of strategic design in CPP development.
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5.3. Discussion

ML methods have become essential tools in predicting and analyzing a broad range of biological
processes. With the growing availability of extensive datasets on CPPs, these techniques have
proven valuable in predicting and classifying peptides capable of translocating across cellular
membranesl#4145147-149,152,155-157 However, despite the development of several ML models for
forecasting cellular uptake and membrane translocation of CPPs, several challenges remain in
the field. To move forward in the design of novel CPPs, it is crucial to develop interpretable
models that provide a deeper understanding of the factors influencing CPP performance.
Moreover, while ML predictions can differentiate between CPPs and non-CPPs, they do not
support the design of new CPPs starting from a non-penetrating sequence.

The first breakthrough in the CPP design field was the development of CellPPD**%1%, which
allows users to generate all possible single-substitution mutants of a given peptide sequence.
Furthermore, it enables an iterative generation of additional mutants, such as second- or third-
round variants, based on the selected analogues. Further progress was made by Tran et al.,
which utilizes a recurrent neural network (RNN) to generate CPP sequences'’>'’®. However, their
framework differs from LightCPPgen, as it generates CPPs starting from a random sequence
prefix and extends it to a fixed length (e.g., 20 residues), rather than beginning with a non-
penetrating peptide!’.

The LightCPPgen framework enables targeted modifications with minimal amino acid changes,
aiming to overcome the limitations (e.g., trial-and-error approaches) of traditional experimental
desigh methods. While similar approaches have been used in the design of AMPs!"”178 this is
the first instance where an ML model built on a GA is used to design CPPs from non-penetrating
sequences. This innovative approach focuses on optimizing the candidate peptides’
penetrability score while retaining as much as possible of the original peptide sequence through
the similarity distance. By maximizing similarity with the original non-penetrating
macromolecule, the modified peptides are likely to retain the original biological and
physicochemical properties that are crucial for their intended function, while also gaining the
ability to cross cellular membranes. This minimally invasive modification strategy helps avoid
potential negative effects of more radical sequence alterations, reducing the risk of
compromising peptide stability and functionality. Additionally, this strategy enhances the
integration of the newly designed peptides into existing therapeutic frameworks, increasing
their clinical potential.

The lightGBM-based CPP predictor embedded in our optimization algorithm demonstrated high
accuracy and efficiency in distinguishing CPPs from non-CPPs, with performance metrics (Table
1) comparable to those of existing models like MLCPP2.0**® and SiameseCPP**’, while utilizing
just 20 features (section 5.2.1). Feature importance analysis revealed that the net positive
charge of CPPs is a key predictor of their penetrability, in line with previous studies showing that
positive charge enhances cellular translocation (CTDC_charge.G1, as shown in Figure 16)1797182,
Moreover, the positive charge of CPPs is primarily involved into the membrane translocation via
various pathways, including direct penetration, macropinocytosis, and clathrin-mediated

117,183-186

endocytosis Despite the net positive charge is of paramount importance, its
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distribution within the peptide sequence is also crucial®®!®

, as indicated by the
KSCTriad_g5.g5.g5.gap1 feature.

In addition, peptides with certain amino acids, such as asparagine, valine, glutamic acid, leucine,
and isoleucine, at the C-terminal end were more likely classified as non-CPPs
(CTDD_normwaalsvolume.2.residue100, as shown in Figure 16). The presence of valine, leucine,
and isoleucine highlights the critical role of hydrophobic residues within the peptide sequence
in facilitating its penetration ability. Indeed, the presence of hydrophobic amino acids in CPPs
was found to play significant roles in the penetration process (APAAC_Pc2.Hydrophobicity.1,
APAAC_Pcl1.A and CKSAAP_LL.gap4 features in Figure 16). This supports recent findings that
incorporating hydrophobic moieties into arginine-rich CPPs enhances their cell penetration
ability'®8, This is further supported by the CKSAAP_IR.gap2 feature (Figure 16), which captures
specific patterns involving isoleucine-arginine pairs spaced by 2 residues. In summary, the
interplay between hydrophobic and cationic amino acids with specific patterns results to be a
crucial characteristic for enhancing CPPs' ability to cross cellular membranes, which in
agreement with recent literature88189,

By combining an ML classifier with a generative GA model, the algorithm systematically
optimized non-CPP sequences in CPP sequences. The optimization algorithm’s performance was
evaluated by examining the amino acid substitutions, focusing on their types and frequencies
(Figure 17). As expected, positively charged amino acids like arginine (R) and lysine (K) were
frequently inserted, increasing the net positive charge and thus, driving the peptides’
penetration potential. In contrast, anionic amino acids like aspartic and glutamic acids (D and E)
were rarely included in the optimized sequences and were often deleted from the original
peptides. This aligns with the critical role of positive charge in CPP functionality’9*¥? discussed
previously.

In accordance with the feature importance analysis, hydrophobic amino acids such as alanine,
cysteine, isoleucine, and leucine (A, C, I, and L, respectively) also played a pivotal role in
optimizing the peptide sequences for membrane penetration. Interestingly, these residues were
often inserted, but also removed from the original sequences, further remarking that their
specific distribution within the peptide may significantly influence the penetration ability of
CPPs. Cysteine emerged as another often inserted amino acid, but almost never deleted one,
suggesting its potential in promoting penetration capability to CPPs (Figure 17), in line with
recent studies showing cysteine rich penetrating peptides!®®192,

One particularly interesting observation is the substitution of valine (V) with isoleucine (1), which
raised questions about the relationship between this specific amino acid substitution and the
classification of peptides as CPPs or non-CPPs (Figure 17). The feature importance and impact
analyses (Figure 16) revealed that a high valine content (PAAC_Xc1.V) correlates strongly with
non-CPP predictions, suggesting that decreasing valine levels may shift the classification toward
the CPP category. It should also be noted that amino acid substitutions are influenced by the
similarity distance evaluation, which is based on the BLOSUMG62 substitution matrix. Within this
framework, the substitution of valine (V) with isoleucine () is identified as the most favorable
after the homologous V-V substitution. However, the frequent occurrence of V-1 substitutions
raises questions about potential limitations of the current algorithm. Further research is needed
to explore the biological significance and implications of this substitution pattern.
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In conclusion, the design of CPPs using ML and GA represents a promising approach that enables
the systematic optimization of peptide sequences for enhanced cellular penetration. This dual
focus on generating effective CPPs and explaining the rationale behind their predicted
performance represents a significant step forward in the design of interpretable tools for
peptide research. By bridging the gap between predictive accuracy and explainability,
LightCPPgen not only advances the study of CPPs but also lays the groundwork for innovative
and reliable drug delivery solutions.
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6. Exploring the TAT-RasGAP317.326 Anti-Cancer Molecular
Mechanisms

In the previous chapter, we developed an optimization algorithm designed to enhance the
penetrability of non-CPPs sequences by transforming them into CPPs. This chapter focuses on
exploring the anticancer properties of TAT-RasGAP:zi17326 at the atomistic level through MD
simulations. Building on this groundwork, this chapter delves into the mechanistic exploration
of the anticancer properties of a multi-active peptide CPP called TAT-RasGAPs17-326. Through MD
simulations, we aim to unravel the atomistic-level mechanisms by which TAT-RasGAP317-32
induces cancer cell lysis.

Unlike conventional ACP, TAT-RasGAPsi17-326 has demonstrated the ability to lyse cancer cells
through a mechanism that is distinct from conventional programmed cell death pathways, such
as apoptosis, necroptosis, parthanatos, pyroptosis, and autophagy®”’. This unique mode of
action is attributed to its capacity to target and disrupt specific lipids within the plasma
membrane, a process that bypasses the intracellular signaling pathways typically involved in
regulated cell death. Because of this, the cytotoxic properties of TAT-RasGAPsi17-26 may be
particularly challenging for cancer cells to counteract through the development of resistance
mechanisms often seen with therapies targeting traditional cell death pathways*3.

A single point mutation within the RasGAP domain, specifically the substitution of tryptophan at
position 317 with alanine (W317A), completely abolishes the peptide's anticancer and
antimicrobial activities!?”11211¢ |n this connection, the W317A mutation serves as a key factor
in unraveling the molecular mechanisms through which TAT-RasGAPs17326 exerts its anticancer
activity. MD simulations are well-suited for this task, offering a powerful and versatile approach
to studying biomolecular systems at atomic resolution®*%°, Through MD, the dynamic behavior
of TAT-RasGAP:z1736 and its mutant form can be thoroughly investigated within biologically
relevant environments, such as lipid bilayers mimicking cellular membranes. This computational
technique allows for a detailed examination of how the mutation alters key structural and
functional properties of the peptide, including its interaction with specific plasma membrane
lipids, conformational stability, and contact probability.

The unconventional killing mechanism of TAT-RasGAP:17-326 opens new possibilities for its use in
anticancer treatments. Moreover, the unique lipid-targeting nature of TAT-RasGAPsi7326
underscores its potential as part of a broader strategy to address heterogeneity in cancer cell
death responses, ultimately paving the way for the development of more robust and versatile
therapeutic regimens.

6.1. Materials and Methods

The interactions of TAT-RasGAPsiz3s (DTRLNTVWMWGGRRRQRRKKRG) and W317A mutant
(DTRLNTVWMAGGRRRQRRKKRG) peptides in the retro-inverse configuration with different
types of lipid bilayers was investigated through MD simulations (Figure 19). The TAT-RasGAP:17.
326 and L-W317A tridimensional structures were modelled using PEP-FOLD3 server'®,
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Subsequently, the retro-inverse configurations of TAT-RasGAPsi7326and W317A peptides were
197

generated following a procedure described recently

W317

TAT-RasGAP,,; .o TAT-RasGAP,,, ..s (W317A)

Figure 19: Qualitative visualization of the structures of TAT-RasGAP317-326 and its W317A mutant taken at the start of
the MD simulations, prior to any interaction between the peptides and the membranes!!®,

Both peptides were inserted at a minimum distance of 2 nm from the different symmetric multi-

component bilayers, constructed and solvated according to the TIP3P water model*®

using
CHARMM-GUI'9201 The composition of each layer of the different types of membrane is
described in Table 2. Both peptides were simulated in 4 replicas for all the different membrane
composition, generating a total number of 48 systems. The systems were composed of 38’000
particles (48’000 for INNER system), after addition of sodium and chloride ions at a
concentration of 0.15 M. The CHARMM36%°? force field was used to define phospholipid and
protein topology through an all-atom approach.

Each system was minimized using the steepest descent method. We then performed
equilibration procedure through one MD simulation of 50 ps under NVT ensemble and four MD
simulations of 50 ps, 100 ps, 100 ps, and 200 ps under the NPT ensemble, with gradually
removed position restraints. For the equilibration protocol, the v-rescaling!*® temperature
coupling algorithm with a time constant of 1 ps was applied to keep the temperature at 310 K.

129 with a reference pressure of 1 bar and

Berendsen semi-isotropic pressure coupling algorithm
a time constant of 5 ps was employed. Then, all systems were simulated for the production run
in the NPT ensemble with 2 fs time steps, using Nose-Hoover thermostat!*! and Parrinello-
Rahman barostat®34,

The overall sampled time for all systems was 200 ns, except for the inner leaflet system, which
was simulated for 500 ns. Electrostatic interactions were calculated by applying the particle-
mesh Ewald (PME) method'?” and van der Waals interactions'?® were defined within a cut-off of
1.2 nm. Trajectories were collected every 2 ps and the Visual Molecular Dynamics (VMD)

package?®® was employed to visually inspect the simulated systems. GROMACS 2018
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204,205

package
run of each simulation were considered for analysis, except when the inner leaflet system (last
50 ns of the 500 ns).

was used for simulations and data analysis. The last 20 ns of the 200 ns production

Table 2: Detailed description of the different membrane phospholipids composition per layer.

Phospholipids PC100 PS20 PA20 PI(P2)5 CAR10 INNER
Phosphatidylcholine (POPC) 55 44 44 52 49 14
Phosphatidylethanolamine (SLPE) 0 0 0 0 0 20
Sphingomyelin (PSM) 0 11 0 0 0 8
Phosphatidylserine (SOPS) 0 0 0 0 0 9
Phosphatidylinositol (SAPI) 0 0 0 0 0 4
Phosphatidic acid (POPA) 0 0 11 0 0 1
Phosphatidylinositol (4,5) Biphosphate

. 0 0 0 2 0 1
Cholesterol (CHL) 0 0 0 0 0 23
Cardiolipin (TOCAR) 0 0 0 0 6 0
Total 55 55 55 55 55 80

6.2.Results

6.2.1. TAT-RasGAPs1ys interaction behavior with negatively charged membranes

To characterize the interaction dynamics of TAT-RasGAPs17-326 and its mutant W317A with various
phospholipid bilayers, a comprehensive set of analyses was performed. These include the
evaluation of Buried Surface (BS), hydrogen bond (H-Bond) formation, and a-helix content
(Figure 20). These analyses are instrumental in unraveling the structural and functional
differences between the wild-type peptide and its mutated counterpart, shedding light on how
the W317A mutation compromises the peptide's ability to engage with cellular membranes
effectively.

The BS analysis provides insights into the extent of membrane contact achieved by each peptide.
TAT-RasGAPzi7326 demonstrates a significantly higher BS compared to W317A across all
membrane compositions analyzed (Figure 20A). This enhanced BS capability is primarily
attributed to the RasGAP moiety, which exhibits more substantial interaction with the
membranes compared to the TAT moiety (Figure 20B-C). Notably, both peptides exhibit minimal
interaction with PC100 membranes, indicating a weak affinity for this particular lipid
composition. These findings suggest that the RasGAP moiety plays a critical role in facilitating
strong membrane interactions, which are significantly reduced in the W317A mutant.

The analysis of H-Bond formation further emphasizes the superior interaction capabilities of
TAT-RasGAP:zi7326. The wild-type peptide forms more H-Bond with all membrane compositions
compared to W317A (Figure 20D). Similar to the BS analysis, this higher capacity for H-Bond
formation is primarily driven by the RasGAP moiety rather than the TAT moiety (Figure 20E-F).
The INNER system highlights the most pronounced difference, with TAT-RasGAP:17.326 forming an
average of 22.2 + 2.98 H-Bonds, significantly higher than the 16.3 + 2.04 formed by W317A.
These results underscore the importance of the RasGAP moiety in mediating stable and specific
interactions with membrane phospholipids, a property that is markedly diminished in the
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W317A mutant. The weak H-Bond formation observed for both peptides in the PC100 systems
aligns with their reduced BS in this lipid composition, reinforcing the notion of a composition-
specific interaction profile.
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Figure 20: A) Total Buried Surface (BS) analysis of the two peptides with the different type of phospholipid bilayers.
B) BS analysis between the TAT moiety of the two peptides with the different type of phospholipid bilayers. C) BS
analysis between the RasGAP3;7.326 moiety of the two peptides with the different type of phospholipid bilayers. D) H-
Bond analysis of the two peptides with the different types of phospholipid bilayers. E) H-Bond analysis of the two
peptides TAT moiety with the different type of phospholipid bilayers. F) H-Bond analysis of the two peptides
RasGAP317.326 moiety with the different type of phospholipid bilayers. G) a-helix analysis of the two peptides with the
different types of phospholipid bilayers. H) a-helix analysis of the two peptides TAT moiety with the different type of
phospholipid bilayers. 1) a-helix analysis of the two peptides RasGAPs17.326 moiety with the different type of
phospholipid bilayers. TAT-RasGAP317-326 is shown in black and W317A is shown in grey.

To complete the characterization, secondary structure analysis was conducted to explore the
impact of the W317A mutation on the peptide's conformational preferences. Interestingly, the
W317A mutant displays a significantly higher propensity to adopt a-helix structures compared
to TAT-RasGAPsi732 (Figure 20G). This behavior is primarily driven by the RasGAP moiety of the
mutant, which exhibits a strong tendency to arrange itself in a-helical conformations (Figure
201). Remarkably, the W317A mutant's RasGAP moiety adopts a-helical structures in 50%-60%
of its sequence, whereas TAT-RasGAP:17.326 exhibits an almost complete lack of a-helix formation
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in its RasGAP region. This striking difference suggests that the mutation not only alters its
intrinsic structural properties but also affects the peptide's interaction with membranes,
potentially contributing to its reduced functional activity.

These findings collectively highlight the critical role of the RasGAP moiety in driving the
interaction of TAT-RasGAPs17-326 with membranes. The W317A mutation allows a more a-helix
formation of the peptide and disrupts its functional aspects, leading to diminished membrane
contact, weaker hydrogen bonding. By providing a detailed atomistic view of these changes, this
analysis lays the groundwork for understanding the molecular mechanisms underlying the
peptide's anticancer and antimicrobial activities.

6.2.2. TAT-RasGAPswrs: interaction behavior with inner-like plasmatic membranes

To understand the anticancer properties of TAT-RasGAPsi732, it is crucial to investigate its
interaction with biologically relevant models of plasma membranes. Inner-like plasma
membranes, which mimic the composition and properties of cytoplasmic leaflets, provide an
ideal environment for studying the peptide’s binding, orientation, and potential disruptive
effects on lipid bilayers. By comparing the wild-type and mutant peptides, it is possible to
identify key differences in their interaction behavior with the inner-like membrane that could
explain the loss of function.

To probe these differences, several analyses have been performed, focusing on metrics that
capture critical aspects of peptide-membrane interactions. Specifically, Contact Probability (CP),
minimum distance between peptides 10" aa and the phospholipids PO, groups, and angle
between the vector linking GLY-ARG Ca’s and the z axis analyses have been performed to try to
understand how the mutation may change the interaction of the peptide with the membrane
phospholipids (Figure 21). Such analyses have been performed only in the INNER systems in the
last 50 ns of simulation time.

The CP analysis highlights the great difference between high CP demonstrated by TAT-RasGAP317-
326 and the low CP demonstrated by W317A mutant (Figure 21A). In greater detail, the W317A
mutation triggers also a lower CP capability of the adjacent amino acids in comparison to the
TAT-RasGAPzi7326 wild-type. Indeed, the entire sequence 'TVWMWGG' of W317A’s RasGAP
moiety have conspicuous lower CP. Such higher CP capability resulted in a higher propensity for
the TAT-RasGAPs17.326 tryptophan to interact with the phospholipid PO, groups (Figure 21B). The
distance between the latter is around 0.3 nm, which is a distance that allows the formation of
H-Bonds. The higher CP exhibited by TAT-RasGAPsi7326 in combination with the higher capability
to infiltrate 10" the tryptophan amino acid deeper into the membrane is allowed by a specific
interaction behavior that TAT-RasGAPs17326 have with the INNER membrane.

Building on these observations, the orientation of the TAT moiety relative to the z-axis of the
membrane offers an additional layer of understanding. Differences in the angular disposition of
the peptide highlight how the mutation alters its structural alignment during interaction,
potentially affecting its ability to penetrate and destabilize the membrane. Indeed, the TAT-Z
axis angle analysis shows a different inclination of the TAT moiety between TAT-RasGAPz17.326 and
W317A when interacting with the membrane (Figure 21C). In detail, the TAT moiety of TAT-
RasGAP=17326 can stay more in a vertical conformation (parallel to the z axis), while the one of
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W317A could stay in a more horizonal conformation (perpendicular to the z axis), when
interacting with the INNER membrane. A qualitative representation of this behavior is shown in
Figure 21D.
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Figure 21. A) Contact probability analysis computed for each amino acid of the TAT-RasGAP3;7-326 (black) and W317A
(grey) peptides. The red box highlights the mutated amino acid, while the dashed red box highlights the influence of
the single-point mutation on the neighboring amino acid. B) Distance between the PO, groups of the membrane and
the 10t amino acid of TAT-RasGAP317.326 (black) and W317A (grey) peptides. C) Angle analyses between the vector
linking GLY-ARG Ca’s and the z axis of TAT-RasGAP317.326 (black) and W317A (grey) peptides. D) Visual inspection of
TAT-RasGAP317.356 (left) and W317 (right) peptides interacting with cellular inner leaflet-like membrane.

6.3.Discussion

MD was adopted to elucidate the molecular interactions between TAT-RasGAP317.326, @ CPP-
based construct with anticancer and antimicrobial activities''>!8, Several cationic peptides have
demonstrated promising anticancer properties, including their ability to deliver drugs into cells
and their intrinsic antimetastatic, antiangiogenic, and apoptosis-enhancing activities'?2.
However, only a select group of these peptides exhibit significant membranolytic properties
through interactions with phosphoinositides. Examples include certain plant defensins like NaD1
(Nicotiana alata Defensin 1) and TPP3, which disrupt the plasma membrane by interacting with
phosphoinositides such as PI(4,5)P2206-208,

This mechanism appears similar to the one observed for TAT-RasGAPs17.326. Indeed, the results
shown in Figure 20 demonstrate the high ability of TAT-RasGAP317.326 to complex with the highly
anionic membranes in terms of BS and H-bonds. Contrariwise, the W317A mutant shows a lower
ability to complex with the same membranes, but an higher a-helix structure content, which is
in agreement with literature!'®, Such behavior is also in agreement with experimental data
obtained through peptide binding experiments and permeabilization experiments (TAT-
RasGAPs17.36 and W317A mutant) with multilamellar vesicles and giant unilamellar vesicle®®,
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Moreover, the secondary structure analysis shows a greater difference in a-helix content
between the two peptides (Figure 20). Noteworthy, W317A mutant exhibits conspicuously
higher a-helix content, rather than TAT-RasGAP317.326. Such behavior is also in agreement with
experimental data obtained through Circular dichroism experiments!!®, In literature, it is widely
accepted that tryptophan plays a crucial role in destabilizing membranes?® and in CPP
membrane anchoring®'°. Indeed, the W317A mutation of the RasGAP moiety is known to impact
the peptide molecular mechanism of action%116,

We tried to understand how the W317A mutation may change the interaction of the peptide
with the membrane phospholipids. In agreement with previous observations?', it has been
determined how the tryptophan residue of TAT-RasGAPs17.326 plays a pivotal role in stabilizing
the entire CPP within the membrane, as demonstrated by the per-residue contact probability
analysis (Figure 21A). The rupture of the WXW motif, which is crucial for the anticancer activity
of the peptide, leads to a marked loss of contact probability in the spacer motif and in the
RasGAP regions (Figure 21A). The different interaction behavior of the peptides with lipids also
triggers a different propensity of the peptides to infiltrate the membrane (Figure 21B-C-D).

In line with experimental wet bench evidence, we have also demonstrated how the peptide
displays binding preferences for some, but not all, anionic lipids. This cannot be explained by
global differences in electrostatic interactions between the peptides and the membranes as
both wild-type and mutant peptides carry the same net positive charges (+9). The two peptides
do not share the same secondary structures, indeed, the W317A substitution strongly favors the
a-helix formation in the RasGAP moiety (Figure 20l). This is likely an important determinant for
the membranolytic activity of TAT-RasGAPs17-326. Indeed, the less structured wild-type peptide
“attacks” membranes with a sharper angle allowing deeper insertion into the lipid core if
compared to the flatter interaction of W317A mutant (Figure 21C-D).

The prospective clinical utility of TAT-RasGAP317-326 appears to be constrained primarily to topical
or on-target applications, given its suboptimal biodistribution and bioavailability for systemic
use!’?15 The present characterization of the mode-of-action allowing TAT-RasGAP317-326 to
destabilize the different membrane compositions may boost the exploration for small molecules
mimicking the peptide’s structure while maintaining the peptide’s killing activity.
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7. Unveiling the TAT-RasGAP317.326 Anti-Bacterial Activity

In this conclusive chapter, the focus shifts to the intriguing antibacterial properties of TAT-
RasGAPs17.326, expanding on the exploration of its multifaceted biological activities. Building on
the previous investigation into its unique anticancer capabilities, in this section the attention will
be shifted towards its potent antibacterial effects. This peptide is recognized for its broad-
spectrum antibacterial activity, capable of targeting and eliminating various bacterial species,
including E. coli'**11321! Recent studies have revealed that its bactericidal action is mediated
through the inhibition of the BamA sub-unit, a critical system in Gram-negative bacteria
responsible for the folding and insertion of outer membrane proteins. By disrupting BamA's
function, the peptide destabilizes the outer membrane's integrity, leaving E. coli susceptible to
environmental stresses and enhancing its vulnerability to antimicrobial agents.

The exploration centers on a thorough investigation of three experimentally validated mutations
that modulate the susceptibility of the E. Coli Bam protein to TAT-RasGAP317.36'%°. Furthermore,
our exploration extends beyond the boundaries of experimental evidence as we venture into
predictive modeling. Through this approach, we have predicted two additional mutations within
the Bam protein that are hypothesized to influence its interaction with TAT-RasGAP317.326. These
predictions are currently undergoing rigorous validation in wet laboratory experiments, bridging
the gap between computational insights and empirical evidence. This forward-looking approach
not only expands our understanding of TAT-RasGAPs17.326's antibacterial capabilities but also
contributes to the ongoing development of innovative strategies in the fight against bacterial
infections.

7.1.Materials and Methods

In this study, we used the B-barrel subunit of Bam-A (BamA) protein in closed inward position
from the PDB ID: 5D00%'% and TAT-RasGAP317.326 peptide in the retro-inverse configuration. The
selected BAMA was studied using MD considering the wild-type (WT), A499V (1MUT-P), K798D
(IMUT-P-MD), D498N (1MUT-N), D497N-D498K-D500N (3MUT-N), and Q664A-E800K (2MUT-N-
MD) mutations configurations surrounded by a lipid bilayer with TAT-RasGAP317-326. The docking
of TAT-RasGAP317.326 with BamA was performed with HADDOCK 2.4%%3, using as receptor target
the BamA loop 3 (from Q495 to T505) and as ligand the whole TAT-RasGAP317.326 peptide allowing
a full flexibility of the RasGAP317.326 moiety. The first 10 poses of the WT, 1IMUT-P, 1IMUT-P-MD,
1MUT-N, and 3MUT-N systems were selected as starting points for the simulations.

Furthermore, the membrane was composed of 200 phospholipids in total, including 114 PYPE,
30 POPE, 16 OYPE and 40 POPG, constructed and solvated according to the TIP3P water model*®
using CHARMM-GUI972%1 Al the systems were composed of around 95’000 particles, after
addition of sodium and chloride ions at a concentration of 0.15 M. The CHARMM362% force field
was used to define phospholipids and proteins topology through an all-atom approach. Each
system was minimized using the steepest descent method. We then performed equilibration
procedure through one MD simulation of 250 ps under NVT ensemble and four MD simulations
of 250 ps, 500 ps, 1 ns, and 5 ns under the NPT ensemble, with gradually removed position
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restraints. For the equilibration protocol, the v-rescale!*® temperature coupling algorithm with

135 semi-

a time constant of 1.0 ps was applied to keep the temperature at 310 K. c-rescale
isotropic pressure coupling algorithm with reference pressure of 1 bar and a time constant of
5.0 ps was employed.

Then, all systems were simulated for the production run in the NPT ensemble with 2 fs time
steps, using v-rescale®® thermostat and c-rescale®®® barostat, with a time constant of 1.0 ps and
5.0 ps, respectively. Each starting docking pose was simulated for 200 ns in 3 replicas.
Electrostatic interactions were calculated by applying the particle-mesh Ewald (PME) method?*?’
and van der Waals interactions!?® were defined within a cut-off of 1.2 nm. Trajectories were
collected every 2 ps and GROMACS 2023%°4?% package was used for simulations and data
analysis. Visual Molecular Dynamics (VMD) package was employed to visually inspect the
simulated systems?®, The last 20 ns of the 200 ns production run of each simulation were
considered for the analyses. The simulation summary is shown below:

System Docking Simulation Replicas Total
Poses Time sampled time
B8-BAMA-WT+TRG 10 200 ns 3 6 us
B8-BAMA-IMUT-P +TRG 10 200 ns 3 6 us
B8-BAMA-1IMUT-P-MD +TRG 10 200 ns 3 6 us
B8-BAMA-IMUT-N +TRG 10 200 ns 3 6 us
B8-BAMA-3MUT-N +TRG 10 200 ns 3 6 us
B8-BAMA-2MUT-N-MD +TRG 10 200 ns 3 6 us
7.2.Rationale

The data gathered from in vitro and in silico studies underscore the critical role of electrostatic
interactions in modulating the inhibitory efficacy of TAT-RasGAP3;7.326 on BamA®?°, Specifically,
a reduction in the negative charge within the Q495-T505 range (loop3) of BamA leads to a
marked decrease in TAT-RasGAP317-326’s ability to inhibit BamA functionality. This phenomenon
can be attributed to the destabilization of TAT-RasGAP317.326 within loop3, which compromises
its capacity to effectively coordinate with two critical functional regions of BamA: Q664-S665
(loop6) and D795-N805 (B-sheetl6). These regions are vital for BamA's proper operation, with
loop6 playing a role in the formation of the exit pore and B-sheet16 contributing to the lateral
opening and sealing mechanism?**2% (Figure 22).

TAT-RasGAPs317.326 acts as a molecular bridge by linking loop3 with loop6, impairing the formation
of the exit pore, which is critical for BamA’s function in folding and inserting outer membrane
proteins. Similarly, the peptide also establishes interactions between loop3 and B-sheetl6,
disrupting the lateral sealing necessary for the B-barrel assembly process. These dual
interactions highlight the strategic mechanism by which TAT-RasGAPsi17.326 inhibits BamaA,
targeting its most essential functional elements.
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Figure 22: Detail of the BamA’s Q495-T505 (loop3), Q664-5665 (loop6), F675-C700 (loop6), and D795-N805 (B-
sheet16) ranges. In addition, the exit pore and the lateral sealing regions are shown on the left.

Given the importance of these interactions, a central hypothesis emerges: mutations in BamA
that alter the electrostatic profile of loop3, loop6, or B-sheetl6 could directly modulate TAT-
RasGAP317.326's ability to inhibit BamA. To investigate this, hypothetical mutations were designed
to either increase or decrease the negative charge within the D795-N805 range, aiming to
respectively enhance or weaken the electrostatic attraction between TAT-RasGAP317.326 and
BamaA in this region. These mutations could also indirectly influence the interactions between
TAT-RasGAP317.326 and the Q664-S665 range, owing to the proximity of loop6 to the D795-N805
region.

For example, a potential positive mutation, K798D, could amplify the negative charge within the
D795-N805 range, thereby increasing the susceptibility of BamA to TAT-RasGAP3i17.326 by
strengthening electrostatic attraction. Conversely, a proposed negative mutation, Q664A-
E8OOK, could alter the charge balance within loop6 and B-sheetl6, leading to increased
resistance of BamA to TAT-RasGAPs17.326 by reducing electrostatic attraction.

This rationale provides a framework for understanding how TAT-RasGAP317.36’'s interactions
with BamA are governed by electrostatics and highlights the critical importance of loop3, loop6,
and B-sheetl16 in regulating BamA's function and its inhibition by peptides.

7.3. Results

7.3.1. TAT-RasGAPsi7326 interaction behavior with BamA

The interaction between TAT-RasGAPsi17.326 and BamA represents a crucial aspect of
understanding the peptide's functional mechanism and its potential to disrupt bacterial outer
membrane assembly. BamA plays a vital role in inserting and folding outer membrane proteins,
making it a compelling target for therapeutic interventions. By investigating how TAT-RasGAP3;7.
326 interacts with BamA, we aim to uncover insights into the molecular determinants governing
their binding, hydrogen bonding, and overall buried surface area. Such analyses provide a
deeper understanding of how the peptide engages with this essential bacterial protein and how
specific mutations may alter these interactions. depiction of the optimal interaction poses

64



between TAT-RasGAP317.326 and the specified BamA variants following molecular dynamics
simulations is presented in Figure 23.

Wild-type D497N-D498K-D500N

Figure 23: A visual depiction of the optimal interaction poses between TAT-RasGAP317-326 and the specified BamA
variants following molecular dynamics simulations is presented!?, Key residues, including D498 in the wild-type BamA
and the corresponding mutations (D498N and D497N-D498K-D500N), are highlighted on the respective BamA
structures. To enhance clarity, zoomed-in views of each interaction scenario are provided, offering a closer
examination of the interactions between the peptide and BamA. Additionally, potential hydrogen bond interactions
involving BamA’s D497, D498, and D500 residues, or their respective mutations, with TAT-RasGAP317-326 are
indicated using dashed boxes for a more detailed representation.

To characterize the interaction between BamA and TAT-RasGAP317.326, we performed the H-Bond
and Total Buried Surface (BS) analyses of the simulated WT, 1IMUT-P, 1IMUT-P-MD, 1MUT-N,
3MUT-N, 2MUT-N-MD systems. Each system was evaluated based on three replica simulations
for each docking pose to ensure the robustness of our findings. These analyses not only assess
the stability and strength of interactions between TAT-RasGAP317.326 and BamA but also help
evaluate the impact of mutations on the peptide's ability to bind and engage with BamA
effectively.

Figure 24-A shows the H-Bond analysis between the whole structure of BamA and TAT-
RasGAP317.326. In detail, the diamond marks in Figure 24 represent the average of the 3 replicas
for each docking pose of each system. It is worth noting that the 1MUT-P-MD has the highest H-
Bonds (9.77+1.53) between BAMA and TAT-RasGAP317.326in comparison to the WT (9.67+1.78),
1MUT-P (9.58+1.40), IMUT-N (8.20£1.20), 2MUT-N-MD (7.02+1.13), and 3MUT-N (5.54+1.01)
systems. Interestingly, the IMUT-P-MD, WT, and 1MUT-P systems have almost the same H-
Bonds average values. In addition, the 3MUT-N system has the lowest H-Bonds between BamA
and TAT-RasGAPs317.326, Which is nearly half in comparison to the WT system. Instead, the
proposed 2MUT-N-MD system exhibits an intermediate hydrogen bonding capacity compared
to the IMUT-N and 3MUT-N systems.

Figure 24-B shows the BS analysis between the whole structure of BamA and TAT-RasGAP317.326.
It is worth mentioning that the 1IMUT-P system has the highest BS (6.83+1.00 nm?) between
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BamA and TAT-RasGAPs17.326 in comparison to the WT (6.44+0.89 nm?), 1MUT-P-MD (6.43+1.47
nm2), IMUT-N (6.36+0.62 nm?2), 2MUT-N-MD (5.50+1.08 nm?), and 3MUT-N (5.26+0.38 nm?)
systems. In line with the H-bonds analysis, the proposed 2MUT-N-MD system exhibits an
intermediate BS compared to the IMUT-N and 3MUT-N systems.
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Figure 24: A) H-Bond analysis between the B-barrel subunit of Bam-A (BamA) and TAT-RasGAP317.326 (TRG). B) Total
buried surface analysis between the BamA and TAT-RasGAP317.326 (TRG). In both analyses, the average of the 3 replicas
is reported for each docking pose with the colored diamonds blue, grey, orange, red, and green (WT, 1IMUT-P, 1IMUT-
P-MD, 1MUT-N, 3MUT-N, and 2MUT-N-MD). In addition, the average and standard deviation of all the simulated
systems (WT, IMUT-P, IMUT-P-MD, 1MUT-N, 3MUT-N, and 2MUT-N-MD) are reported in figures A and B.

7.3.2. TAT-RasGAPsi7s:s inhibition of BamA functionality

The ability of TAT-RasGAP317.36 to inhibit BamA functionality stems from its interactions with
key structural elements of BamA that are critical for its activity. BamA relies on specific
functional regions, including loop3, loop6, and B-sheetl6, to perform its role in folding and
inserting outer membrane proteins?4-216,

To explore how TAT-RasGAP317.326 interacts with BamA and how these interactions vary across
different BamA mutants, we conducted a Contact Probability (CP) analysis (Figure 25-A). This
analysis provides insights into the frequency and extent of interactions between the peptide and
critical BamA regions under different conditions. By focusing on the Q495-T505 (loop3), Q664-
S665 (loop6), F675-C700 (loop6), and D795-N805 (B-sheetl6) ranges (Figure 25-B), we aimed to
assess how these interactions are modulated by mutations and how they influence BamA’s
functionality. These regions were selected based on their established importance in BamA's
activity, as highlighted in previous literature?#2%,

The CP analysis was performed using a cut-off distance of 0.3 nm and included the top five
docking poses of each system, chosen based on their mean H-bond values. This selection is
grounded in the hypothesis that electrostatic attraction, facilitating hydrogen bond formation,
is the primary driving force in the interaction between TAT-RasGAP317.326 and BamA. The findings
from this analysis provide a detailed understanding of how mutations in BamA affect its

interaction landscape with TAT-RasGAP317-326.
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The marks in Figure 25-A represent the ratios between the WT/WT, 1IMUT-P/WT, 1MUT-P-
MD/WT, IMUT-N/WT, 3MUT-N/WT, and 2MUT-N-MD/WT averages of the selected amino acids
ranges. Values above 1 mean higher CP, while values below 1 mean lower CP in comparison to
the WT system. Noteworthy, the IMUT-N, 2MUT-N-MD, and 3MUT-N systems have lower CP in
comparison to WT for the Q495-T505, Q664-S665, and D795-N805 ranges. The major difference
in CP is in the Q664-5665, and D795-N805 ranges. However, the 1IMUT-N and 3MUT-N systems
have higher CP in comparison to WT for the F675-C700 range.

It is reasonable to hypothesize that the decreasing of the negative charges in loop3 due to
mutations decreases the electrostatic attraction between TAT-RasGAP317.326 and loop3 and thus
decreases the interacting capability between BamA’s loop3 and TAT-RasGAP317-326. Contrariwise,
the same mutations increase the electrostatic attraction between TAT-RasGAP317.326 and the
F675-C700 range of loop6, which has several negative charges exposed. It is important to
mention that the proposed 2MUT-N-MD system has slightly lower CP for the F675-C700 range
and lower CP for the Q495-T505 range in comparison to WT. Additionally, it exhibits a CP within
the pivotal Q664-S665 and D795-N805 intervals that lies intermediate to the values observed in
the 1IMUT-N and 3MUT-N systems. The unvaried negative charge within the Q495-T505 loop
does not impede TAT-RasGAP317-326's capacity to establish complexes within this region, which is
in agreement with the earlier hypothesis.

Furthermore, there is no evident translocation of TAT-RasGAP317.326 towards the F675-C700 loop,
as observed in the IMUT-N and 3MUT-N systems, owing to the diminished negative charge
within the Q495-T505 loop. Differently from the IMUT-N and 3MUT-N systems, the 2MUT-N-
MD proposed mutation seems to act predominantly in the key Q664-S665 and D795-N805
ranges, drastically decreasing the ability of TAT-RasGAP317.326 to bind these protein regions.
Moreover, the 1IMUT-P system has similar CP in comparison to WT for the Q495-T505 range,
while it has higher CP in comparison to WT for the Q664-5665, F675-C700 ranges and D795-
N805 ranges. It is important to mention that the proposed 1MUT-P-MD system has similar CP
for the F675-C700 range and slightly lower CP for the Q495-T505 range in comparison to WT.
However, it has an increased CP for the key Q664-5665 and D795-N805 ranges in comparison to
the both WT and 1MUT-P systems.
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Figure 25: A) Contact Probability (CP) analysis using a cut-off distance of 0.3 nm between the BamA’s loop3, loop6
and B-sheet16 and TAT-RasGAP317.326 (TRG). In detail, the CP analysis is performed considering the BamA’s Q495-T505
(loop3), Q664-5665 (loop6), F675-C700 (loop6), and D795-N805 (B-sheetl6) ranges. The marks represent the ratios
between the WT/WT, IMUT-P/WT, 1MUT-P-MD/WT, 1MUT-N/WT, 3MUT-N/WT, and 2MUT-N-MD/WT averages of
the selected amino acids ranges. Values above 1 mean higher CP, while values below 1 mean lower CP in comparison
to WT system.

To comprehensively elucidate the interplay between BamA and TAT-RasGAP317.326, @ CP analysis
(Table 3) was performed using a cut-off distance of 0.3 nm in the TAT-RasGAP317.326 peptide. This
analysis takes into considerations for the TAT, RasGAP, and the complete TAT-RasGAP entities.
Noteworthy, the TAT moiety exhibits a similar CP value across all the systems except for the
3MUT-N, 2MUT-N-MD, and 1MUT-P-MD configurations, wherein was observed a diminished in
the first two cases and an increased CP value in the last case. The principal divergence becomes
evident within the RasGAP segment (Table 3), with the 1-MUT-P configuration exhibiting the
highest CP value, followed by a diminishing order comprising 1-MUT-P-MD, WT, 1IMUT-N, 2MUT-
N-MD, and 3MUT-N, respectively.

These findings are in agreement with the previous analyses, thereby underscoring that the TAT
moiety of the WT, IMUT-P, and 1IMUT-N systems exhibit comparable interaction propensities
with BAMA. Instead, the 1IMUT-P-MD, 2MUT-N-MD, and 3MUT-N systems display an increased
interaction propensity in the first case and a diminished interaction propensity in the last two
cases.

Table 3: Contact Probability (CP) analysis using a cut-off distance of 0.3 nm between the TAT-RasGAP317.326 and BamA.
The average CP values are presented for the TAT, RasGAP, and TAT-RasGAP moieties.

wT IMUT-P IMUT-P-MD  IMUT-N  3MUT-N  2MUT-N-MD

TAT ‘ 0.4643 0.4639 0.5222 0.4652 0.4269 0.4365
RasGAP ‘ 0.3163 0.4269 0.3254 0.2885 0.2544 0.3001
TAT-RasGAP ‘ 0.3903 0.4454 0.4238 0.3769 0.3407 0.3683
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7.4.Discussion

The findings of this study reveal key differences in the interaction dynamics between BamA and
TAT-RasGAPs17.326 across various systems, underscoring the critical role of electrostatic
interactions and hydrogen bonds in this complexation. Notably, the systems 1IMUT-P-MD-TAT-
RasGAP317.326, WT-TAT-RasGAP317-326, and IMUT-P- TAT-RasGAP317.326 exhibit the highest number
of hydrogen bonds and the largest total BS area, indicating robust interactions between BamA
and TAT-RasGAP317.326 (Figure 23-Figure 24). In contrast, the 1IMUT-N, 3MUT-N, and 2MUT-N-
MD systems display reduced hydrogen bonding and lower BS area, suggesting significantly
weaker interactions (Figure 23-Figure 24). The observed reduction in interaction strength in the
1IMUT-N and 3MUT-N systems is attributed to the decreased negative charge within BamA'’s
loop3 (Q495-T505 range) as a result of the mutations.

CP analysis further elucidates the interaction dynamics between TAT-RasGAP317-326 and specific
BamA regions: loop3 (Q495-T505), loop6 (Q664-S665 and F675-C700), and B-sheetl6 (D795-
N805). The results reveal that the negative mutant systems (1IMUT-N, 3MUT-N, and 2MUT-N-
MD) exhibit reduced CP in the Q495-T505, Q664-5665, and D795-N805 ranges compared to the
WT system (Figure 25). This decrease suggests that these mutations alter the electrostatic
landscape of BamA, leading to weaker interactions with TAT-RasGAP317.326. Interestingly, the
1IMUT-N and 3MUT-N systems show an increased CP within the F675-C700 region of loop6
compared to the WT system, likely due to enhanced electrostatic attraction resulting from the
decreased negative charge in loop3. Conversely, the 2MUT-N-MD system exhibits only a slight
reduction in CP for the F675-C700 range but significantly lower CP in the Q495-T505, Q664-S665,
and D795-N805 ranges, reflecting its distinct mutational impact on BamA'’s electrostatic
properties (Figure 25).

On the other hand, the positive mutant systems (LMUT-P and 1MUT-P-MD) demonstrate
enhanced interactions with BamA. The 1MUT-P system exhibits comparable CP values to the WT
in the Q495-T505 and F675-C700 ranges but shows increased CP in the Q664-S665 and D795-
N805 ranges (Figure 25). This enhanced interaction is likely driven by the A499V mutation, which
appears to stabilize the complex through improved hydrophobic interactions. The 1MUT-P-MD
system, in contrast, exhibits similar BS area and higher hydrogen bond formation compared to
the WT, indicating stronger electrostatic interactions (Figure 24). This is likely a result of the
K798D mutation, which enhances the negative charge in the B-sheetl6 region and contributes
to increased CP in the Q664-S665 and D795-N805 ranges compared to both WT and the 1MUT-
P system.

The results underscore the importance of electrostatic interactions, particularly hydrogen
bonding, in the stability and functionality of the BamA-TAT-RasGAPs17.326 complex. In the positive
systems (IMUT-P and 1MUT-P-MD), the stronger interactions observed are likely responsible
for disrupting BamA's critical functions. By simultaneously interacting with key regions, such as
loop3 and loop6, TAT-RasGAP317.326 impairs the formation of the exit pore, which is essential for
BamA's ability to fold and insert outer membrane proteins?'#25, Additionally, interactions with
loop3 and B-sheet16 prevent the lateral opening and sealing mechanism, further compromising

214,215

BamA's functionality . These synergistic interactions effectively block the essential

processes required for BamA's proper operation.
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Recent studies have demonstrated that certain designed molecules can inhibit the BamA
complex by binding to specific regions and preventing the lateral gate from opening?%?Y’. For
instance, Similarly, Darobactin B stabilizes a closed conformation of the BamA lateral gate,
effectively blocking its activity?'’. Peptide Targeting BamA-1 (PTB1) binds to an extracellular
divalent cation-dependent site on BamA, locking it into a closed lateral gate conformation and
thereby inhibiting its function®?!. Interestingly, TAT-RasGAPz17.32¢ also appears to disrupt BamA's
functionality by stabilizing it in a closed conformation.

These findings align with recent literature, which has demonstrated that blocking the exit pore
and lateral sealing mechanisms is sufficient to inhibit BamA's functionality!?214215217 The
results provide a mechanistic explanation for the differential impact of TAT-RasGAP317.326 on
wild-type and mutant BamA systems and shed light on the role of specific BamA regions in
maintaining its proper function. This study offers valuable insights into the molecular basis of
BamA inhibition and underscores the potential of TAT-RasGAPs17.326 and its derivatives as tools
for targeting BamA in therapeutic applications.
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8. Conclusion and Future Perspective

In conclusion, this thesis represents a comprehensive integration of ML and GA to drive
advancements in CPP design, while also delving into the molecular dynamics of TAT-RasGAP3i7.
326, @ chimeric CPP with significant anticancer and antibacterial potential. Central to this work is
the recognition of the intrinsic cell-penetrating capabilities of CPPs, which emerge as a
cornerstone for developing innovative therapies targeting both cancer cells and bacterial
infections. The implementation of a genetic algorithm significantly enhanced our ability to
design and optimize CPPs, enabling the transformation of non-CPP sequences into functional
CPPs. This powerful approach not only underscores the utility of de novo peptide design but also
opens up new avenues for creating tailored peptides with multifunctional bioactivities.

Building upon the foundation of CPP design, the thesis focused in parallel on TAT-RasGAP317-326.
Through MD simulations, this work unraveled the intricate interactions of TAT-RasGAP317.326
within plasma membrane-like environments, shedding light on its antitumoral mechanisms of
action. Moreover, an in-depth investigation of the BamA-TAT-RasGAP317.326 complex, supported
by molecular dynamics and mutational analyses, provided critical insights into how this peptide
induces the loss of functionality in E. coli BamA. These findings highlight the potential of TAT-
RasGAPs17.326 as a dual-action therapeutic agent capable of targeting both cancer and bacterial
infections.

The multifaceted approaches employed in this thesis bridge computational and experimental
paradigms, significantly enriching our understanding of the multi-bioactive functionalities of
peptides. This interdisciplinary perspective underscores the importance of leveraging
computational tools to complement experimental research, setting the stage for future
therapeutic breakthroughs. The exploration of the interactions between TAT-RasGAP317.326 and
both plasma membrane-like systems and BamA provides a strong foundation for designing
targeted interventions, offering innovative strategies to combat antibiotic resistance and
advance anticancer therapies.

Looking ahead, several promising avenues for future research emerge. First, the CPP design
algorithm can be further refined by incorporating the ability to modulate sequence length and
total charge. Such enhancements would provide experimental researchers with a more versatile
tool for fine-tuning peptide characteristics to meet specific therapeutic requirements.
Additionally, advancing the study of TAT-RasGAP317.326's anticancer effects through enhanced-
sampling techniques, such as metadynamics, umbrella sampling, or replica exchange molecular
dynamics will enable a more detailed exploration of its interactions with membranes of varying
phospholipid compositions. These techniques will yield a richer understanding of the peptide’s
binding free energy landscape and dynamic interaction mechanisms.

Expanding the scope of this work, the optimization algorithm developed for CPP design in
chapter 5 was directly applied to enhance the penetrability of TAT-RasGAP317.36. The original
peptide was assessed by the ML surrogate model, yielding a penetrability score of 0.71. Through
iterative optimization, the algorithm proposed two improved variants: one with a single
mutation (V320l) and another with two mutations (V320I-L323l), achieving higher predicted
penetrability scores of 0.84. Structural predictions of these variants using PEP-FOLD3 (as
detailed in Chapter 6 and visualized in Figure 26) highlighted distinct conformational differences.
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The single-mutation variant retained an alpha-helical arrangement in the RasGAP segment,
reminiscent of the W317A mutant characterized earlier in this thesis, which exhibited
suboptimal membrane interaction dynamics. In contrast, the double-mutation variant displayed
a random coil conformation in the RasGAP region, a structural feature previously correlated with
enhanced membrane interaction and bioactivity in our MD simulations. Drawing on these
insights, the two-mutation solution was prioritized for further validation. This decision aligns
with the mechanistic principles elucidated in Chapter 6, where RasGAP disordered
conformations were shown to facilitate dynamic membrane interactions. The optimized variant
thus represents a promising candidate for subsequent in-silico refinement and experimental
testing, offering a strategic balance between penetrability and preserved bioactivity.
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Figure 26: Qualitative illustration of TAT-RasGAP317.32¢ Optimization process using LightCPPgen (developed in Chapter
5). Two solutions were proposed (red squares): one with a single mutation (V320l) and another with two mutations
(V3201-L3231), achieving higher predicted penetrability scores of 0.84. Structural predictions of these variants were
done using PEP-FOLD3.

Experimental validation remains a critical step in translating computational findings into real-
world applications. A key focus should be placed on validating the predicted BamA mutations
that either enhance or reduce susceptibility to TAT-RasGAP317.326. Such experimental efforts will
not only confirm the computational predictions but also provide invaluable insights into
therapeutic strategies targeting bacterial infections. By bridging computation with experimental
fields, this research paves the way for transformative developments in the areas of peptide
design, antibacterial resistance, and cancer therapy.

In summary, this thesis lays a robust groundwork for future advancements in CPP design and the
exploration of multi-functional peptides like TAT-RasGAP317.326. The integration of a data-driven
approach with mechanistic explainability has proven to be an optimal synergistic framework,
enabling a deeper exploration of the complex interplay governing multi-BPs such as TAT-
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RasGAPs17.326. By combining predictive computational models with atomistic insights into
molecular interactions, this dual strategy not only enhances design precision but also uncovers
the structural and dynamic principles underlying therapeutic efficacy. The proposed future
directions aim to refine and expand the current findings, driving innovation in peptide-based
therapies. These efforts promise to unlock new strategies for addressing some of the most
pressing medical challenges, including antibiotic resistance and effective cancer treatment,
positioning this research at the forefront of biomedicine and therapeutic development.
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4. CTDD_hydrophobicity_ARGP820101.1.residue50 14. QSOrder_Grantham.Xr.T
5. KSCTriad_g5.g5.g5.gap1 15. DDE_LP
6. PAAC_Xc1.V 16. CKSAAGP_positivecharger.uncharger.gap1
7. CTDD_hydrophobicity_FASG890101.2.residue50 17. CKSAAGP_uncharger.aromatic.gap9
8. DDE_LA 18. PAAC_Xc1.G
9. CKSAAP_IR.gap2 19. ASDC_AS
10. APAAC_Pcl.A 20. CKSAAP_TR.gap4

Figure S1: Feature importance and impact computed with SHAP on training set of MLCPP 2.0. The right bar plot ranks
the variables by their average impact on model prediction. The left dot plot shows each data point with the signed
contribution of each feature. Blue dots indicate low variable values, while red dots indicate high values.

Section 2

The variation of fitness score, penetration score, and changed amino acids across generations
of all 40 peptides from Table S1 are shown in Figure S2 and Figure S3. The main objective was to
determine if 100 generations were sufficient for the algorithm to converge. Remarkably,
convergence was consistently achieved before 50 generations across all peptide length
categories (Figure S2 and Figure S3). Even considering the longest peptide, with a length of
between 30 and 40 amino acids, it reached convergence slightly before 50 generations.
Therefore, it is evident that 50 generations provide sufficient time for the optimization algorithm
to converge and reach a definitive CPP optimized sequence.
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Table S1: 40 non-CPP randomly selected from MLCPP2.0 test set to tune the optimal generation number of the
optimization algorithm.

Peptides Length
AVGKIMKF 8
DAWRMHMQEFVAQLETR 17
DGLVCLLKKPFNRPQGVQPKTGP 23
DLVEAGVVDPTKVTRTALQNAASIAGLILTTDATVA 36
DQQHHGLISKTIQNKLQ 17
EAARALKAALAEEEPA 16
EIKGFTGVDD 10
EIVAEKKKEEVDAEMNPVTKQFQFGQSTVTLE 32
ESFSQMT 7
FGNPLNTAALFIILLHLIESKSLTWIHMLVIT 33
FYIIGAITLNNLLLR 15
GDTLAAIDLFGIKDK 15
GGHLTHGSPVNVSGKWFKVVHYGVE 25
GPPMMNAAVIKMLKDLG 17
GYIAINISSPNTPG 14
HMLEEAEKRDHRKLGKQLDLFHIQE 25
IADYDADLWQAM 12
IFSNTALVNCMRQTLQDTGHNP 22
IIPRLREPKDLYGSSSQDGC 20
ILCAEFPDEPKWMGGAELSDDGRYVLL 27
ITLQPVRRHGVDAGIFFSDIVVPLKLA 27
IVKGGDQSKMEEGEVY 16
IVNGGAHADTG 11
KFYASVRIDI 10
LEENSVDAVKVRSVVSCD 18
LFNLMTDGDG 10
LIQADQNIENIVKESVTKT 19
MARIAIIGGGSIGEAL 16
NKVESLQSR 9
NLKRLGMKATVKQGDGR 17
NTVGLERSGF 10
QLSKKEASRHAIMRSPQMVSAIVRTM 26
QRINREKHLVLTAAHPSPLAANRGGFFGCKVFSK 34
REGRVTKRFAVLNARFH 17
TPATRQEWVKAA 12
VDETLRVLKAFQT 13
VDTVLFMVPADEARGKGDDMIIE 23
VGKDVTVANATI 12
VIKNFVLFWVTLLPYVKE 18
VLEMVPAALSAALTQALTHCP 21
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Fitness Score == Penetrability Score == Amino Acids Change
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Figure S2: Fitness score, penetrability score, and amino acids change values as generations increase of the first 20
non-CPP from table S1. The data shown are performed using a population size of 500, generations count of 100 and
BLOSUMG62 substitution matrix.
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Fitness Score == Penetrability Score == Amino Acids Change
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Figure S3: Fitness score, penetrability score, and amino acids change values as generations increase of the first 20
non-CPP from table S1. The data shown are performed using a population size of 500, generations count of 100 and
BLOSUMG62 substitution matrix.
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Section 3
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3. APAAC_Pc2.Hydrophobicity.1 13. QSOrder_Grantham.Xr.T
4. PAAC_Xcl.V 14. CKSAAP_LL.gap4
5. CTDD_hydrophobicity_ ARGP820101.1.residue50 15. CKSAAGP_positivecharger.uncharger.gap1
6. CTDD_hydrophobicity_FASG890101.2.residue50 16. Zscale_p1.z5
7. KSCTriad_g5.g5.¢5.gap1 17. CKSAAGP_uncharger.aromatic.gap9
8. APAAC_Pcl.A 18. PAAC_Xc1.G
9. DDE_LA 19. ASDC_AS
10. DDE_LP 20. CKSAAP_TR.gap4

Figure S4: SHAP values for a randomly selected peptide (PNILTGAIVGGP) are displayed before optimization (left) and
after optimization (right). The original deleted amino acid is highlighted in bold blue (top-left), while the newly
inserted amino acids are marked in bold red (top-right). The values for each feature, both pre- and post-optimization,
are shown in gray.

The amino acid substitutions in this peptide following the optimization process led to significant
shifts in several features, transitioning them from non-CPP to CPP predictions, including
CKSAAP_IR.gap2, CKSAAP_LL.gap4, and PAAC_Xcl.V, among others. Remarkably, the algorithm
achieved an increase in penetrability with only two mutations. Specifically, replacing glycine (G)
with arginine (R) and valine (V) with leucine (L) enhanced CKSAAP_IR.gap2 and CKSAAP_LL.gap4
while simultaneously decreasing PAAC_Xc1.V. Notably, this optimization did not result in a
substantial increase in the peptide's net charge, demonstrating that the algorithm can steer
sequence evolution toward CPP prediction through diverse mechanisms and patterns, beyond
simply amplifying the overall charge.
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DAWRMHMQEFVAQLETR - KAWRMHMQKFVARLKTR

110015 ot 1- I -
1= 0.06 3= . +0.03
3= 7= o
7= -0.01 4= - +0.03
4= -0.03 2= l +0.02
2= -0.01 6= :.4003
5= -0.02 7o) 5= -0.02 . 0
S i &
. + S 11= +0.02 =)
6 0.01 - . S
8= -0.01 8:.:> 8= -0.02 l %
9= -0.01 = 9= — &
).0 3 ) l 3
12= 0.01 ED 17= I +0.01 ®
14= ~0.01 E 13= g o001 E
z %
15= -0 =2 12= -0.01 | 3
© (=}
13= -0 18= I +0.01
16= -0 10= -0
19= -0 14= -0.01
17= +0 15= -0
10= +0 16= -0
18= +0 19= -0
20= -0 20= +0
-0.06 -0.04 -0.02 0 0 0.1 0.2 0.3 0.4
SHAP value (Original Peptide) SHAP value (Designed Peptide)
1. CTDC_charge.G1 11. ASDC_DM
2. CTDD_normwaalsvolume.2.residue100 12. CKSAAP_IR.gap2
3. APAAC_Pc2.Hydrophobicity.1 13. QSOrder_Grantham.Xr.T
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Figure S5: SHAP values for a randomly selected peptide (DAWRMHMOQEFVAQLETR) are displayed before optimization
(left) and after optimization (right). The original deleted amino acid is highlighted in bold blue (top-left), while the
newly inserted amino acids are marked in bold red (top-right). The values for each feature, both pre- and post-
optimization, are shown in gray.

Following the optimization process, the amino acid substitutions in this peptide resulted in the
transition of several features from non-CPP to CPP predictions, including CTDC_charge.G1,
KSCTriad_g5.g5.g5.gap1, PAAC Xcl.V, and ASDC_DM, among others. In this instance, the
algorithm replaced three negatively charged residues (D and E) and one glutamine (Q) with
positively charged amino acids (R and K). These substitutions led to an increase in the
CTDC_charge.G1 and KSCTriad_g5.g5.g5.gapl features, while simultaneously reducing the
values of PAAC_Xc1.V and ASDC_DM. The optimized sequence experienced a significant boost
in total charge, with KSCTriad_g5.g5.g5.gap1 capturing the specific charge distribution pattern
with 1 gap between 3 positively charged amino acids (R or K). Additionally, the algorithm not
only focused on substituting negatively charged residues with positively charged ones but also
optimized the sequence to exhibit a reduced ASDC_DM value, further enhancing its classification
as a CPP.
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Figure S6: SHAP values for a randomly selected peptide (ALAIIEESKQSGTPVSVGLLGNAADVY) are displayed before
optimization (left) and after optimization (right). The original deleted amino acid is highlighted in bold blue (top-left),
while the newly inserted amino acids are marked in bold red (top-right). The values for each feature, both pre- and
post-optimization, are shown in gray.

The amino acid substitutions in this peptide, following the optimization process, shifted several
features from non-CPP to CPP predictions, including CKSAAP_LL.gap4, APAAC_Pcl.A, DDE_LA,
KSCTriad_g5.g5.g5.gap1l, PAAC Xcl.V, and CTDD_normwaalsvolume.2.residuel00, among
others. In this case, the algorithm replaced three valines (V) and four polar amino acids (Q, S,
and T) with two positively charged residues (R and K) and five hydrophobic residues (A, L, and 1).
These substitutions increased the values of CKSAAP_LL.gap4, APAAC Pcl.A, DDE_LA, and
KSCTriad_g5.g5.g5.gapl features, while reducing the values of PAAC Xcl.V and
CTDD_normwaalsvolume.2.residue100. Notably, the optimized sequence did not experience a
significant increase in overall charge. This highlights the algorithm’s ability to guide sequence
evolution toward CPP classification by strategically altering the hydrophobic pattern of the
sequence rather than relying solely on boosting the net charge.
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