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Abstracts 

Tõenäosuslike masinõppe meetodite rakendamine kullerpeptiidide arendamiseks 

Kompleksete haiguste ravi probleemiks on ravimite tugevad kõrvalmõjud ning madal efektiivsus. 

Üheks võimaluseks sellise ravi terapeutilise efektiivsuse suurendamiseks on selle 

kombineerimine koespetsiifiliste kullerpeptiididega, suurendades sellega ravimi hulka 

haiguskoldes ja vähendades kõrvalmõjusid. Käesolevas töös implementeeriti ning testiti 

integreeritud in silico ja in vitro arendusprotsessi, mis potentsiaalselt kiirendab retseptor-

spetsiifiliste kullerpeptiidide avastamist ja optimeerimist. Töö käigus genereeriti NRP-1 ja p32 

seonduvaid kandidaatpeptiide. Kandidaatide selektiivsust ja biodistributsiooni hinnati kõrge ja 

madala koopiaarvuga faagidispleiga nii rakuvabas süsteemis kui ka in vivo katsetega 

hiirtemudelitel. Katsete tulemused näitavad, et multivalentsus mängib olulist rolli koe-

spetsiifiliste peptiidide seondumisel. Samuti kinnitab antud töö tõenäosuslike 

masinõppemudelite potentsiaali retseptor-spetsiifiliste peptiidide avastamisel. 

Märksõnad: generatiivsed mudelid, faagidisplei, kullerpeptiidid, täppis-nanomeditsiin 

CERCS kood: T490 Biotehnoloogia 

Development of tissue-specific homing peptides using probabilistic machine learning 

A central challenge for curing complex diseases is inefficient drug delivery. One potential 

solution is to use homing peptides that target unique tissue markers for selective drug delivery, 

increasing therapeutic effectiveness and decreasing side effects. This thesis presents an 

integrated in silico and in vitro workflow that accelerates the discovery and optimization of 

receptor-specific homing peptides from months and years to weeks. High-copy T7-phage display 

proved the importance of multivalency, showing higher binding in all cases. These results show 

that generative modelling can learn receptor-specific pharmacophores and potentially yield 

functional ligands, offering a hand to time-consuming receptor-aware peptide design. 

Keywords: generative models, phage display, homing peptides, targeted nanomedicine 

CERCS code: T490 Biotechnology 
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1. Abbreviations 

ADCP AutoDock CrankPep

ANOVA analysis of variance

BSA bovine serum albumin

CendR C-end Rule

ECM extracellular matrix

FDA Food and Drug Administration

iRGD internalizing RGD, tumor-penetrating peptide, sequence CRGDKGPDC

IV intravenous

linTT1 linear TT1, p32-binding homing peptide, sequence AKRGARSTA

Lyp-1 p32-homing peptide, sequence CGNKRTRGC

NRP-1 neuropilin-1

RES reticuloendothelial system

RPAR prototypic CendR peptide, NRP-1 binding homing peptide, sequence RPARPAR

SEM standard error of the mean

VEGF vascular endothelial growth factor

 5



2. Introduction 

Targeted drug delivery remains one of the central obstacles in treating cancer and other 

complex diseases, as most available therapeutics act systematically, requiring high 

concentrations with reduced efficacy and off-target toxicity (Anchordoquy et al., 2024; 

Ruoslahti, 2012). Short, receptor-specific homing peptides offer an elegant workaround because 

of their low molecular weight offers rapid extravasation into deep tissue while clearing just as 

quickly from healthy tissue (Lingasamy & Teesalu, 2021). Their modular chemistry allows 

attachment of a wide variety of imaging agents, cytotoxins, or nanoparticles for theranostic use 

(Ruoslahti, 2012; Xiao et al., 2025).  Over the past three decades, phage display selections in live 

animals have mapped dozens of vascular ZIP codes, from brain to kidney, to tumor stroma, 

establishing Neuropilin-1 (NRP-1) and the mitochondrial protein p32 as clinically relevant target 

proteins (Teesalu et al., 2012). 

Yet classical in vivo phage display is resource intensive. A single mouse can receive only ca 1010 

phage particles per injection, meaning that even with a CX7C (where X corresponds to any 

amino acid) constrained library, only around 15% of sequence space is covered (Põšnograjeva et 

al., 2025; Sloth et al., 2022; Teesalu et al., 2012). In this case, achieving meaningful enrichment 

and convergence requires multiple rounds with several animals in each of the rounds and weeks 

of wet-lab labor (Pleiko et al., 2021; Ruoslahti, 2017). These physical constraints incentivize a 

hybrid approach where machine learning can explore the enormous combinatorial sequence 

landscape in silico before a wet-lab experiment is warranted (Zhou & Huang, 2024). 

Recent probabilistic machine learning models learn not only which amino-acid motifs prefer a 

given receptor but also how the backbone torsion angles accommodate the target receptor 

pocket, returning quantitative uncertainty along with each prediction (Ben-Hur & Noble, 2005; 

Ho et al., 2020; Vázquez Torres et al., 2025; Watson et al., 2023). Diffusion architectures drive 

this further by generating backbones from random noise a single atom at a time (Ho et al., 

2020; Lin et al., 2024; Watson et al., 2023). PPFlow, implementing conditional flow-matching as 

the next iteration of this denoising approach, steer the generation towards a shaped binding 
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pocket, reducing post-processing and preserving stereochemistry for the resulting peptides (Lin 

et al., 2024). 

This thesis explores embedding a target-aware generative model into an in silico phage-display 

loop to speed up homing peptide discovery. Specifically, we 1) re-implemented and fine-tuned 

PPFlow on the University of Tartu HPC cluster, 2) built an automated pipeline from target 

receptor establishment to candidate peptide sequences, 3) used the setup to identify candidate 

peptides for NRP-1 and p32, and 4) validated their specificity through cell-free receptor binding 

assays and in vivo play-off.  

This work was completed in the Laboratory of Precision and Nanomedicine, Institute of 

Biomedicine and Translational Medicine, University of Tartu, Estonia. 
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3. Literature Review 

3.1. Affinity ligands 

Affinity ligands are either natural or synthetic molecules that bind reversibly to a target with 

high specificity and affinity, providing a method to selectively recognize, capture, or modify the 

target (Lei et al., 2022). Affinity-based targeting of blood vessels, lymphatic systems, or even 

tumor vasculature-specific receptors can be done with the help of antibodies, aptamers, small 

molecules, or peptides (Laakkonen et al., 2002; Ruoslahti, 2002a, 2004; Teesalu et al., 2012). 

 

Figure 1. A selection of different affinity ligands with their weights and sizes. Created with 
Biorender.com. 

Antibodies serve as affinity ligands and are currently very popular, and for good reason: they 

provide picomolar binding with good specificity (Lei et al., 2022). These Y-shaped, heavy 

(approximately 150 kDa) proteins are 10 nm (size comparison in Fig. 1) in length (Reth, 2013). 

Out of 50 molecules approved by the FDA in 2024 (Fig. 2), 16 were antibodies, providing relief 
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to patients with a wide range of diseases like esophageal squamous cell carcinoma, hemophilia 

A, and pancreatic adenocarcinoma (Mullard, 2025). At the same time, because of their large 

size, antibodies come with several challenges. They are expensive to manufacture, clear 

relatively slowly systemically, and are unable to penetrate deep (malignant or healthy) tissues or 

reliably cross the blood-brain barrier (Blanco et al., 2015; Jovčevska & Muyldermans, 2020; 

Sugahara et al., 2009; Trédan et al., 2007). 

 

Figure 2. Breakdown of molecules approved in 2024 by the FDA Center for Drug Evaluation 
and Research. From Asher Mullard 2025 report; https://doi.org/10.1038/d41573-025-00001-5 
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3.2. Homing Peptides 

 

Figure 3. Tumor homing and cell-penetrating peptides with multiple types of carriers and 
possible cargo. Illustration from Xiao et al., 2025. 

As another class of affinity ligands, homing or targeting peptides are short amino acid 

sequences (5-30 aa) that accumulate selectively in a tissue, cell type, or extracellular matrix 

(ECM) (Bodanszky, 1988). Their homing and binding are achieved through protein-to-protein 

interactions between specific amino acid sequence motifs and cell or extracellular matrix (EC) 

receptors, like integrins, Neuropilin-1 (NRP-1), and p32 (also known as gC1qR) (Laakkonen et al., 

2002; Lingasamy & Teesalu, 2021; Ruoslahti, 2017; Teesalu et al., 2009). Because of their small 

size, they enable guided delivery payloads to tissues that antibodies cannot reach because of 

biological barriers (Ruoslahti, 2017; Xian et al., 2025). Together with methods to enhance their 

stability and in vivo degradation decreasing strategies, such as cyclization, conjugation to 

nanoparticles, synthetic amino acids, they offer a well-rounded technology alternative against 
 10



other affinity ligands (Kue et al., 2016; Lingasamy & Teesalu, 2021; Xian et al., 2025).  Peptides 

can be used as detection or targeting agents for cancer microenvironment or deep tissue 

(example mechanisms with payloads and carriers provided in Fig. 3), offering a more affordable 

alternative to antibodies (Laakkonen et al., 2002; Ladner et al., 2004; Sugahara et al., 2009; 

Vadevoo et al., 2019; Yu et al., 2022).  

Table 1. A list of blockbuster peptide drugs based on 2022 retail sales. Table is from Chang et 
al., (2024) 

 

Peptides are an excellent modality for multiple clinically relevant theranostic directions (as seen 

in Table 1 outlining peptide-based molecule retail sales), because of their ability to penetrate 

diseased tissue, such as tumors, or damaged vasculature, and their quick extravasation caused 

by their low molecular weight (Chang et al., 2024; Mullard, 2025). At the same time, their small 

size also increases their systemic clearance, reducing off-target toxicity in non-target organs 

(Anchordoquy et al., 2024; Srinivasarao & Low, 2017).  

The primary method for discovering homing peptides has historically been and often still is 

experimental screening via combinatorial peptide phage display libraries (Xiao et al., 2025).  
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3.3. Phage Display 

Phage display is an advancement in molecular biology that allows the display of peptides on the 

surface of bacteriophages. This technique facilitates the identification of peptides with high 

specificity and affinity for a given target, rendering it invaluable for therapeutic, diagnostic, and 

research applications. Over the years, it has progressed from small volumes in tubes with 

specific targets known beforehand to protocols where small animals like rats or mice are used 

for organ- or disease-tropic peptide selection (Pasqualini & Ruoslahti, 1996). 

The initial concept of phage display was first introduced by George P. Smith in 1985, who 

demonstrated that foreign peptides could be fused to the minor coat protein (pIII) of 

filamentous M13 bacteriophages, which results in their display on the phage surface (Smith, 

1985). His innovative method established a direct link between the display phenotype and the 

encoding genotype within the same virus particle and became so profoundly important that 

George P. Smith and Greg Winter won the 2018 Nobel Prize in chemistry for developing the 

antibody and peptide phage display (All Nobel Prizes 2018, n.d.; Smith, 1985). This allowed the 

selection of peptides with desired binding properties from vast combinatorial libraries.  

Parmley and Smith improved the method by constructing random peptide libraries displayed on 

bacteriophages, which significantly enhanced the utility of this technology for identifying 

peptide ligands to antibodies, receptors, and other proteins (Parmley & Smith, 1988). Since 

then, phage display has been improved by many to use various bacteriophages, coat proteins, 

and display systems, further enhancing the usefulness of the technology for drug and diagnostic 

system development (Kong et al., 2020; Krumpe et al., 2006; Ladner et al., 2004; Pasqualini & 

Ruoslahti, 1996). 

3.4. T7 Phage Display System 

The E. coli infecting T7 lytic phage has several advantages over the initial M13-based phage 

display system, as it has fewer amino acid biases, greater stability, and decreased mutation rate, 

and a compact 60 nm capsid diameter that resembles many synthetic nanoparticles (Danner & 

Belasco, 2001; Dunn et al., 1983; Krumpe et al., 2006). Another factor benefiting the strictly lytic 
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T7 system is the release of progeny by host-cell lysis, completely bypassing the M13 

constraining periplasmic export pathway (Yue et al., 2022). This cytoplasmic pathway allows 

efficient display of highly charged, cysteine-rich, or folded protein domains, greatly broadening 

the chemical and structural diversity accessible for the display library (Krumpe et al., 2006). 

The T7 phage display consists of six key steps, illustrated in Fig.  4. The T7 display system 

involves fusing foreign peptide sequences to the C-terminus of the 10B major capsid protein or 

10A minor capsid protein (Krumpe et al., 2006). This enables the peptide to be encoded and 

then displayed on the phage surface. This recombinant phage is then packaged using a T7 

packaging extract and then amplified in an exponential-growth phase E. coli culture (Teesalu et 

al., 2012).  

 

Figure 4. Schematic representation of basic manipulation of T7 phages. The main steps of 
cloning, titering, and sequencing of the T7 phage display. Illustration from Põšnograjeva et al., 
2025. 

Next, a cDNA phage display library is developed (Marshall & Noireaux, 2018). Depending on the 

peptide's length, libraries often incorporate millions of independent, unique clones to maximize 
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diversity and enhance the likelihood of identifying high-affinity target-binding peptides (Pleiko 

et al., 2021). The source of the peptide sequences may come from a specific tissue or be 

completely random, to ensure extensive coverage of the protein landscape (Pasqualini & 

Ruoslahti, 1996). (Danner & Belasco, 2001) 

Typically, phage biopanning is performed on purified target proteins or RNAs to be synthesized 

in vitro and immobilized on a solid support such as magnetic beads. The phage library is 

incubated with this molecular bait to enrich for phage clones displaying peptides that selectively 

bind the target (Laakkonen et al., 2002). The bound phages are then re-amplified for further 

biopanning rounds (Danner & Belasco, 2001; Kim et al., 2004).  

These cycles of iterative selection and enrichment are crucial to isolate good homing peptide-

displaying phages (Ruoslahti, 2017). Each cycle involves binding, capture, washing, and phage 

amplification, gradually narrowing the diversity of the unique phage pool while enriching it with 

peptides showing high affinities toward the target molecule (Lingasamy & Teesalu, 2021). 

Enrichment after each selection round can be monitored by phage titration, while shifts in the 

peptide landscape are detectable through high-throughput DNA sequencing of the peptide-

encoding region of the phage genome (Pleiko et al., 2021).  

To further refine and increase stringency, competitive molecules can be introduced during the 

selection. As an example, a non-biotinylated RNA might bind high-affinity target molecules, 

allowing amplification of lower-affinity peptides that would otherwise be outcompeted (Danner 

& Belasco, 2001; Kolonin et al., 2006). (Danner & Belasco, 2001) 

Finally, the select few phage clones undergo characterization, validation, and optimization. 

Sequencing, structural analysis, and affinity tests confirm the identity and specificity of these 

exposed targeting peptides, ensuring reliable and robust experimental results. (Danner & 

Belasco, 2001; Pasqualini & Ruoslahti, 1996; Pleiko et al., 2021; Sloth et al., 2022) 
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3.5. Vasculature ZIP Codes 

In higher organisms, the circulatory and lymphatic systems form an extensive network of vessels 

that support nutrient delivery and waste removal. These vessels are uniformly lined by a single 

layer of endothelial cells, which play key roles in vascular function, homeostasis, and tissue-

specific regulation.  Blood vessels exhibit distinct structural and molecular characteristics 

shaped by their tissue microenvironment, including unique morphologies and expression 

profiles (Fig.  5) (Gomez-Salinero et al., 2025; Potente & Mäkinen, 2017).  

 

Figure 5. Organ vascularization varies wildly based on heterogenous induction of tissue-
specific endothelial cell transcription factors. Illustration from Gomez-Salinero et al., (2025) 

This unique tissue receptor expression patterning provides a way to target these different tissue 

zones or "vasculature ZIP codes" with affinity-based binding molecules (e.g. homing peptides in 

Fig. 6) and even trigger biological pathways (Ruoslahti, 2004; Teesalu et al., 2012). 

 15



 

Figure 6. Illustrative example of brain and lung-specific homing peptides. Illustration from 
Ruoslahti, (2022) 

In vivo phage display was introduced by Erkki Ruoslahti and collaborators in their pioneering 

work in 1996. In vivo phage display entails injecting living animals (often a mouse) with a 

random peptide library expressed on the surface of phages as previously described in "Phage 

Display". After circulation and organ isolation, phages are recovered from each organ separately, 

re-amplified, and re-injected for multiple rounds. This approach, for the first time, showed 

selective enrichment (exemplified in Fig. 6) of different peptide motifs in different organs' blood 

vessels, aligning with the theory that each organ's blood vessels express unique receptors that 

are accessible from the luminal side. These first findings mapped two initial "zip codes" with 

two different peptides (SRL, CLPAVP), one peptide for the kidney and one peptide for the brain 

blood vessels (Pasqualini & Ruoslahti, 1996). 

After initial reporting on this breakthrough technology, multiple studies reconfirmed and 

expanded on the in vivo phage display to other healthy and diseased tissues. Ruoslahti's lab and 
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others identified homing peptides for lungs, skin, pancreas, liver, and more (Koivunen et al., 

n.d.; Rajotte & Ruoslahti, 1999). Through the injection of tumor-bearing mice and the 

harvesting of tumors, peptides that selectively bound to tumor blood vessels were discovered. 

One of such peptide motifs was Arg-Gly-Asp (RGD), found to bind to αvβ3 and αvβ5 integrins, 

targeting several tumor tissues in a highly specific and selective manner (Laakkonen et al., 2002; 

Ruoslahti, 1996). The second tumor homing motif, Asn-Gly-Arg (NGR), targeted CD13 receptors 

overexpressed on tumor cells (Graziadio et al., 2016; Ruoslahti, 1996). These two peptides were 

the first generation of tumor-homing peptides that were also shown to have the ability to 

transport conjugated drugs to tumors in animal models (Arap et al., 1998).  

In 2002, Laakkonen et al., building on previous work, reported a new cyclic peptide CGNKRTRGC 

(named Lyp-1) that penetrated tumor tissue, homing to tumor lymphatic vessels and tumor 

macrophages (Laakkonen et al., 2002). Its target receptor was later identified as p32 (also 

known as gC1qR or HABP1), a protein selectively expressed in tumor lymph cells (Fogal et al., 

2008). This expanded the "vasculature ZIP code" idea to mapping vascular ZIP codes beyond 

blood vessels to lymphatic vessels or markers in extravascular tumor stroma. 

3.6. Advantages and limitations of In Vivo Phage Display  

As early in vivo screenings that injected highly diverse peptide libraries into mice demonstrated, 

in vivo phage display can uncover organ-specific "vascular ZIP codes" without any previous 

knowledge of target receptors, allowing for an unbiased discovery of new tissue-targeting 

peptides (Ruoslahti, 2002b). This gives researchers the ability to do random peptide library 

selection under fully perfused conditions, where receptors are properly oriented, glycosylated, 

and in their native active state, to find homing peptides with better homing in clinical 

applications (Arap et al., 2002). Furthermore, the combination of biopanning and high-

throughput sequencing (HTS) enables quantification and tracking of each peptide's 

biodistribution across rounds with high resolution (Pleiko et al., 2021).  

In addition, the whole organism context provides constant negative selection pressure to all 

injected peptide-phages caused by non-specific phage binding at off-target vascular beds, 
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removing them from selection (Arap et al., 1998; Teesalu et al., 2012). The whole-body context, 

therefore, enriches biologically relevant binders while simultaneously depleting pan-cell binding 

phage from circulation. 

One of the limitations of in vivo phage display (illustrated in Fig. 7) in general is the practical 

limits of the quantity that could be injected and the diversity of the initial naive screening 

library (Koivunen et al., n.d.; Sloth et al., 2022). Considering that most of the studies are done in 

mice with a tolerated intravenous bolus volume of the phage pool being ~200 µl depending on 

mouse size, we see that the with the assumption of 5×1010 PFU/ml phage pool concentration 

we will have 1×1010 phages and for meaningful results, if we have 50 copies of each unique 

peptide display bacteriophage particles, we will have 200 million (2 x 108) different display 

peptides (Healing & Smith, 2000; Sloth et al., 2022; Teesalu et al., 2012). Conducting an 

experiment with a classical CX7C (X– random amino acid), where two cysteines flank both sides 

of a 7-amino acid sequence peptide library, the theoretical sequence coverage of the whole 

peptide space is 207≈1.28 × 109, meaning that a single mouse experiment cover only around 

15% of the possible variants; of course,  the sampling coverage becomes orders of magnitude 

worse for libraries with an even longer random region (Kong et al., 2020; Teesalu et al., 2012). 

Another factor influencing in vivo phage selection specifically is the extremely rapid reticulo-

endothelial (reticuloendothelial system, RES) clearance of T7 virions (Huh et al., 2019). It has 

been shown by systemic pharmacokinetic studies on mice that injected T7 particles fall to ~1 % 

of the input dose within 1 hour of tail-vein injection (Srivastava et al., 2004). Confirming the 

liver as a phage sink, quantitative biodistribution studies locate >90 % of the sequestered 

injected phages in the liver by 20–30 min after injection, through adsorption to Kupffer cells and 

then transferring the particles to hepatocytes (Ludtke et al., 2007). This liver-centric filtration 

forces an intrinsic negative selection during in vivo biopanning as phages that fail to engage 

vascular targets are swept into the hepatic RES and destroyed, whereas clones that bind to 

tissue receptors survive and are preferentially recovered. This results in higher enrichment in 

non-liver tissues but also biases the library towards peptides that evade this sink and should be 

taken into account during selection schedule design (Huh et al., 2019; Ludtke et al., 2007). 
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These constraints bring out why in vivo biopanning typically requires multiple rounds, ex vivo 

experiments, or pooling across multiple animals to achieve comprehensive exploration of the 

peptide variant landscape. One of the ways to mitigate these physical limitations is to combine 

the random library-based directed evolution approach with modern computational methods. 

(Teesalu et al., 2012) 

 

Figure 7. In vivo phage display schematic. Illustration made by Kristina Põšnograjeva 

3.7. Targets for Homing Peptide Generation 

3.7.1. NRP-1 as a homing peptide target for Drug Delivery 

Neuropilin-1 (NRP-1, Uniprot No: O14786) is a 923-residue transmembrane glycoprotein that 

has five extracellular domains (a1, a2 CUB; b1, b2 coagulation‑factor V/VIII; c/MAM), a single-

pass helix, and a 44-residue cytoplasmic tail (Nakamura & Goshima, 2013).  

Beyond its vital roles during development in axon guidance and angiogenesis, NRP-1 

coordinates vascular permeability, immune synapse stability, and, recently recognized, even 

SARS-CoV-2 entry, acting in cooperation with other receptors (Cantuti-Castelvetri et al., 2020; 

Dragoni et al., 2024). Pathologically, NRP-1 is upregulated on tip endothelial cells during 
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angiogenesis in a wide spectrum of solid-tumor cells (Jubb et al., 2012; Varanasi et al., 2025). It 

is also highly expressed on immunosuppressive regulatory T cells (CD4+), amplifying VEGF and 

Semaphorin signals to drive new vessel sprouting, invasion, and immune evasion (Ding et al., 

2019; Dragoni et al., 2024; Ruoslahti, 2004; Varanasi et al., 2025). 

C-end rule or CendR peptides with an R/KXXR/K recognition motif use the NRP-1 dependent 

pathway to induce tissue permeability (Sugahara et al., 2009, 2010). It has been shown with 

crystal and cryo-EM structures that the b1 domain forms a deep pocket for a peptide with a C-

terminal arginine (CendR) motif from physiological ligands like vascular endothelial cell growth 

factor (VEGF) (as seen in Fig. 8) and Semaphorin-3A (Varanasi et al., 2025). Peptides such as 

iRGD (CRGDKGPDC, LSTA1) exploit this accessibility to trigger deep tumor penetration and 

extravasation, reaching stage II clinical trials in pancreatic cancer in combination with other 

drugs (Sugahara et al., 2009, Clinical trial ID: NCT05712356). In combination, the disease-

triggered over-expression, a well-known binding cavity exposed extracellularly, and a 

demonstrated clinical translational effect make NRP-1 a great target for rational peptide design. 
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Figure 8. Ribbon representation of the complex of NRP-1 b1 domain and RPAR peptide with 
important interactions illustrated between them; hydrogen bonds in blue and salt bridges in 
yellow dashed lines. Modified illustration from Haspel et al., (2011). 

3.7.2. P32 as a homing peptide target for Tumor drug delivery 

P32 is a doughnut-shaped acidic trimer receptor (crystal structure Fig. 9) that orchestrates 

complement activation, coagulation, and metabolic stress pathways that sustain tumor survival 

(J. Jiang,Y. Zhang,A.R. Krainer,& R. Xu, n.d.). The 282-residue acidic protein has a molecular 

weight of ~96 kDa (J. Jiang,Y. Zhang,A.R. Krainer,& R. Xu, n.d.). P32, normally a mitochondrial 

matrix protein, is trafficked to and accumulated on the plasma membrane of hypoxic tumor 

cells, tumor-associated macrophages, and tumor lymphatic endothelial cells, while remaining 

infrequent on the surface of healthy adult tissue cells (Fogal et al., 2008). Its density on the cell 

surface correlates with poor prognosis across multiple solid tumors, like breast, colorectal, and 
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melanoma cancers (Fogal et al., 2008; Gotoh et al., 2018; Lei et al., 2023). Cell-surface p32 

targeting homing peptide conjugated nanoparticles loaded with paclitaxel showed > 5-fold 

higher intratumoral accumulation and tumor growth delay in orthotopic breast and pancreatic 

tumor models compared to untargeted controls, reconfirming the target as clinically relevant 

(Paasonen et al., 2016; Sharma et al., 2017). 

The identification of p32 as the peptide-binding receptor and multiple generations of affinity 

ligands thereafter perfectly illustrate the toilsome but powerful multi-step process of in vivo 

phage display.  As the frontline discovery tool, Laakkonen and colleagues used in vivo phage 

display to initially identify LyP-1 (CGNKRTRGC), a peptide selectively targeting breast tumor 

lymphatic and malignant cells (Laakkonen et al., 2002). Afterwards, Fogal et al. identified the 

p32 to be the target receptor for LyP-1 with affinity chromatography (Fogal et al., 2008). 

Advancing on these findings, cell-free phage display was used to identify linTT1 (AKRGARSTA) as 

the second-generation p32-binding peptide and vast small-molecule libraries were screened for 

low molecular weight p32 ligands (Paasonen et al., 2016).    

 

Figure 9. Crystal structure of doughnut-shaped trimeric human P32, a mitochondrial matrix 
protein. Structure from Jiang et al., (1999) 
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3.8. Machine Learning for Biology 

As the number of known affinity ligands and targeting motifs has grown, researchers have 

turned to artificial intelligence and machine learning (ML) tooling to aid the design and 

subsequent optimization of new targeting molecules (Basith et al., 2020). Machine learning is a 

subset of artificial intelligence and consists of algorithms that learn from data to make 

predictions or decisions, helping to handle the complexity and scale of biological data (Chang et 

al., 2024; Giguère et al., 2015; Puchakayala et al., 2023; Zhou & Huang, 2024). While traditional 

computational approaches have supported experimental workflows through physics-based 

docking and heuristic scoring, modern ML models learn from the empirical data itself, 

potentially achieving better performance than hand-crafted models in prediction accuracy and 

generative abilities (Zhou & Huang, 2024). In biology, ML is particularly useful for analyzing 

genomic sequences, protein or peptide structures, and gene expression profiles, where 

traditional statistical methods often struggle to generalize and capture hidden patterns (Ching et 

al., 2018).  

For example, researchers have combined the vasculature mapping through experimental 

biopanning with in silico approaches, where large datasets generated from previous phage 

display experiments are integrated into machine learning (ML) models to model peptide motif-

function relationships and predict peptide-receptor interactions (Shoombuatong et al., 2019). 

ML-guided protein design has been especially successful where groups like the professor's. 

David Baker's lab and Genentech’s research accelerator have designed neutralizing proteins for 

snake venom, highly selective protein inhibitors for well-known cancer therapy targets, and 

achieved antibody 100x binding affinity maturation with an in silico-guided approach (Makowski 

et al., 2022; Roy et al., 2023; Vázquez Torres et al., 2025). A selection of deep learning models 

with their advantages and limitations is presented in Table 2 below. 

Table 2. A constrained selection of example deep learning models used in peptide structure 
prediction, generation, and research. Table adapted from Wu et al., 2024.  
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Model name Model type Advantages Limitations

AlphaFold3 Deep learning 

combined with 

residue adversarial 

network

High accuracy, faster than 

traditional protocols; 

requires only sequence 

information as input.

High demand for 

computing resources. 

Sensitivity to large-

scale mutations is 

RoseTTAFold CNN combined with 

a multi-head self-

attention 

Structural prediction at the 

full atomic level; high 

computing efficiency.

Performance is inferior 

to AlphaFold2; data 

dependency.

ESMFold Transformer Does not require 

constructing MSA; inference 

faster than AlphaFold2.

Orphan sequence 

problem

iNNterfaceDesig

n 

NN-based models One-sided design Depends on the known 

structure

AfDesign AlphaFold1+ deep 

network 

hallucination

Solubility control; design 

peptide sequences with 

higher binding affinity.

Training process 

complicate

RFdiffusion RoseTTAFold+ 

Diffusion

Design of diverse functional 

proteins(peptides) from 

simple molecular 

specifications.

Computationally 

expensive when 

dealing with large 

amounts of protein.

Evobind An in silico 

directed-evolution 

platform based on 

Design binders towards any 

interface conditioned on if 

AF can predict these.

Not possible to predict 

the affinity of binders.

Evoplay A self-play RL 

framework based 

on the single-player 

version of 

AlphaZero

Efficiently design high-

quality peptides for diverse 

applications, including PPIs, 

enzyme design, and drug 

discovery.

Depends on prior 

knowledge and 

settings.
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3.8.1. Probabilistic Machine Learning 

 

Figure 10. Comparison of classic in vivo peptide phage random library selection (above) versus 
probabilistic machine-learning guided selection learning on a peptide fitness landscape 
(below). On the right is the theoretical fitness landscape for all possible peptides and their 
fitness based on their homing ability. Modified from Yang et al., (2019) 

Probabilistic models have a long history of use in biology, especially in sequence analysis like 

position weight matrices, hidden Markov models (HMMs), and Bayesian networks (Chang et al., 

2024). Probabilistic machine learning is particularly valuable in biology, where data is noisy or 

even missing, as it also provides a quantified uncertainty metric together with the predictions. 

In the context of homing peptides, probabilistic machine learning can be used to capture the 

sequence patterns, or "rules," that underlie peptide binding to a specific target receptor (Chen 

et al., 2024). For example, if a number of peptides are known to bind to a specific protein, one 

can train a model on those same peptide sequences to learn which amino acids are favored at 

each position (Shoombuatong et al., 2019). This model can then generate new peptides with a 

high likelihood of binding. An example of this process can be seen in Fig. 10. At its core, these 

methods train models on experimental datasets (e.g., peptide amino acid sequences paired 

with measured in vitro target receptor binding affinities) and then apply chosen frameworks, 
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e.g., Gaussian processes or Bayesian neural networks, to estimate a function that predicts the 

bioactivity of a peptide in the presence of a target protein (Chen et al., 2024; Giguère et al., 

2015; Puchakayala et al., 2023). (Bell & Chen, 2021; Ching et al., 2018; Giguère et al., 2015) 

 

Figure 11. Torsion angles for each amino acid in the sequence as used when modelling 
peptides with PPFLOW. Illustration from Lin et al., 2024. 

3.8.2. Diffusion ML Models 

As the field of probabilistic ML in biology has progressed from only looking at the amino acid 

sequence of the proteins to full-atom generating models, each approach has focused more on 

the ability to model the geometry of the molecules in greater detail (Watson et al., 2023). This 

classic approach scores existing or marginally mutated sequences, telling which ones are likely 

to bind, saving wet lab time. The issue with this approach is that every candidate protein or 

peptide sequence still must come from somewhere, either from a random library screen or a 

completely human-created library of sequences. To go beyond into "generating" novel 

sequences, researchers like Watson et al. have turned to generative models which sample 

brand-new sequences or protein structures from a learned distribution (Roy et al., 2023; 

Watson et al., 2023). Diffusion models begin with pure random noise and then teach the ML 

model network to "rewind" back to the initial realistic object (in our case, a peptide), 

eliminating the noise in a step-by-step manner (Ho et al., 2020; Sohl-Dickstein et al., 2015). In 

these models, most peptide problems live in torsion‑angle space (φ, ψ, χ) (Fig. 11), not raw XYZ 
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coordinates, as Cartesian coordinates waste effort on rigid‑body translations and sometimes 

yield backbones whose internal angles violate stereochemistry, requiring cumbersome 

post‑processing fixes. For proteins, RFdiffusion applies this idea to 3‑D atomic coordinates and 

can output whole backbones that fold and function (Watson et al., 2023). 

 

Figure 12. A single step schematic of the denoising process of diffusion models during their 
learning step. Modified from Watson et al., (2023) 

3.8.3. PPFLOW: Target-Aware Conditional Flow Matching Model 

Flow matching is another step forward from diffusion. As illustrated on Fig. 12, the denoising is 

done in steps and in a random manner. Flow matching keeps the trajectory approach but does 

that in field vector corresponding to each point on the torus manifold  describing each 

backbone angle between 0°-360° (Lin et al., 2024; Lipman et al., 2023). In conditional flow 

matching, introducing protein binding pockets as limitations to this mathematical 3-dimensional 

space of all possible peptide backbone angles gives the possibility to assign a vector to each of 

the points (representing all three angles of the backbone) that shows the researchers which 

direction and in which magnitude the angles should be changed (Lin et al., 2024; Lipman et al., 

2023). The combination of the torus describing all the backbone torsion angles with the vector 

field in the 3D space in the case of PPFlow model is illustrated in Fig. 13. 
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Figure 13. Workflows of PPFlow in target-aware peptide drug generation task. Illustration 
from Lin et al., (2024) 

In conclusion, conditional flow matching approaches such as PPFlow, may offer an alternative to 

noisy trial‑and‑error clean‑up models. The advantage is that they enable a guided and efficient 

transformation of random noise into realistic, target-shaped peptides, delivered rapidly and 

accompanied by an intrinsic measure of confidence. 

4. Aims of the Study 

For many life-threatening diseases, one of the main challenges to effective treatment is the 

targeted delivery of the therapeutics. A promising strategy uses systemic homing peptides that 

selectively bind to diseased tissues. The goal of this bachelor’s thesis is to enhance the 

discovery of such peptides by integrating current in vivo phage display experiments with 

machine learning approaches based on in silico methods. 

Specific aims: 

1. Reimplement and improve the PPFlow conditional flow matching model in the University 

of Tartu High Performance Computing Centre (UTHPC) using the experimental binding 

data. 

2. Develop an end-to-end in silico, in vitro, and in vivo pipeline to go from a known target 

receptor to validated peptide candidates for further optimization. 
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3. Use the pipeline to generate candidate peptides that bind Neuropilin-1 and p32 protein 

receptors. 

4. Validate candidates in wet-lab experiments. 

5. Materials and Methods 

5.1.  Materials 

Phosphate-buffered saline (PBS) was purchased from Lonza (Verviers, Belgium). Isopropyl β-D-1-

thiogalactopyranoside (IPTG) was purchased from Sigma-Aldrich (Munich, Germany). 

Neuropilin-1 B1 domain and p32 recombinant protein were expressed, purified, and validated 

in-house by Rasmus Tenno and Prakash Lingasamy.  

All Oligonucleotides for phage cloning were designed using my own software (available at 

https://phages.streamlit.app/oligonucleotide-generator) and ordered from IDT (Integrated DNA 

Technologies, Belgium) 

5.2.  AI-Assisted in Silico Peptide Generation and Verification 

Pipeline 

5.2.1.  Target Data and Structure Preparation 

As the general pipeline and PPFlow method itself is target-aware, protein target structures must 

be prepared. The human neuropilin-1 b1 domain crystal structure and human p32 protein were 

retrieved from the Protein Data Bank (PDB ID: 7jjc and 1p32) and loaded to UCSF ChimeraX 

(v1.8), a molecular visualization and analysis software, directly from this local file as specified in 

the configuration settings (Pettersen et al., 2021). Initial preparation involved extracting key 

structural data, atomic coordinates, residue identities, chain identifiers, and metadata such as 

crystallographic resolution, using ChimeraX's built-in tooling. 

To prepare the protein structure for downstream PPFlow generation and analysis, a cleaning 

procedure was performed within ChimeraX. This step involved removing water molecules, free 
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ions, and crystallographic artifacts (ligands not relevant to this study, additional conformations). 

Afterwards, missing heavy atoms or incomplete side chains were repaired with PDBFixer 

(Eastman et al., 2017). This module reconstructed missing components by predicting their 

positions based on standard geometry and energy minimization principles. Alternative 

conformations were removed to retain a single, representative conformation that is suitable for 

further in silico steps. To ensure physiological relevance, charges of the structures were adjusted 

to reflect in vivo pH (7.4 pH) conditions.  

The modified structure was saved as a PDB file which served as input for all the downstream 

modules. 

5.2.2.  Peptide Candidate Generation with PPFlow 

Peptide sequences designed to target human neuropilin-1 b1 (NRP1-b1) domain and human 

p32 mitochondrial matrix protein tetramer (p32, also known as gC1qR) were generated using 

PPFlow target-aware peptide design model (Lin et al., 2024). The retraining process and 

modifications to PPFlow are fully documented and accessible in the associated GitHub 

repository (https://github.com/JasperAugust/ppflow.git). The model output candidates were 

exported in two formats: comma-separated values (CSV) for sequence data and PDB for 

structural coordinates for future analysis and validation. 

Each generated peptide candidate was subjected to a rigorous validation pipeline. First, the 

folding free energy (ΔG) of each peptide conformation was calculated using FoldX (version 5.0, 

code included in github tooling section) to assess their thermodynamic stability. Peptides with 

invalid structural conformations or ΔG = 2 > kcal/mole conformations were discarded (Delgado 

et al., 2019). This processing confirmed that generated peptides were in plausible confirmations 

and passed both stability and structural checks before advancing to the docking stage. 

5.2.3.  Binding Evaluation and Docking 

Stable peptide candidates were paired with the previously prepared protein structures (3.2.1) to 

form receptor-ligand complexes for docking analysis, which was conducted with AutoDock 
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Crankpep (ADCP) and AlphaFold3 (local version) (Abramson et al., 2024; Zhang & Sanner, 2019). 

The docking parameters were as follows: 

• Docking grid center: The center of the docking grid was calculated as the arithmetic 

mean of the target residue coordinates within the ligand structures, using Cα atoms as 

positional references. 

• Docking box size: The dimensions of the docking box were calculated based on the 

ligands maximum absolute deviation from the grid center, which was then subsequently 

scaled by a factor of 1.5 with an additional 10 angstroms (Å) of padding.  

5.3.  T7 Phage Peptide Display Construction  

5.3.1.  Bacteriophage Titering 

Single bacteriophage clone or phage mixture titers were measured using 10x serial dilutions of 

the sample in LB media. Dilutions were made in the range of 102 to 1010 plaque-forming units 

per mL (PFU/mL). 500 µl E. coli BLT5615 bacterial culture (with an optical density/OD of 0.5) was 

pipetted to a 15 mL Falcon tube together with 100 µl of the previously completed phage 

dilution. Finally, 5 mL of top agar (0.7% agar solution in LB media) with Isopropyl β-D-1-

thiogalactopyranoside (IPTG, final conc 2 mM) was added, and the whole mixture was plated on 

an LB agar plate. The plates were incubated at room temperature for 16 hours or 4 hours at 

37°C. Then, visible phage plaques were counted, and the sample titer was calculated. 

5.3.2.  Oligonucleotide Design 

The cloning was performed using complementary oligonucleotide sequences.  

All Oligonucleotides for phage cloning were designed using my own software (available at 

https://phages.streamlit.app/oligonucleotide-generator) according to our laboratory handbook 

by Põšnograjeva et al (2025). 

5.3.3.  T7 Phage Cloning 

Complementary oligonucleotides were diluted in milli-Q (mQ) water at 100 nM, heated to 95°C 

for 5 minutes, and cooled over 2 hours to room temperature for annealing.  
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The phage cloning was performed according to Novagen's protocol (T7Select® Packaging Kit | 

70014, n.d.). High copy phages with up to 415 copies of the fused peptide displayed were 

cloned using the T7Select® 415-1b Cloning Kit (Millipore, 70015-3), and low copy phages were 

cloned with the T7Select® 10-3 Cloning Kit (Millipore, 70550-M). 

As the next step, the ligation reaction was mixed on ice; details of it are brought out in Table 3. 

Finally, previously annealed oligonucleotides (oligonucleotides used for the experiment in Table 

5 and 6) were diluted to 100 nM, and then 5 µl of the dilution was added to the ligation 

mixture. Incubation was done at room temperature for 1 h.  

Table 3. Ligation mix. 

After ligation, 2.5 µl of packaging mix was carefully mixed with 0.5 µl of ligation reaction. This 

phage packaging reaction was done for 2 hours at room temperature. 

The reaction mixture volume was first increased 200 µl LB media with carbenicillin and then 10x 

dilutions were made and plated on soft-agar plates with bacteria for easy plaque picking. For 

each phage clone, up to 8 plaques were picked the next day with a small pipette tip and placed 

into 30 µl 1 × PBS in PCR tubes. For each clone, a polymerase chain reaction (PCR) was ran to 

prepare for Sanger Sequencing. The mixture for the PCR was prepared as shown in Table 4 and 

the oligonucleotides used for each clone in Table 5 and Table 6.  

Table 4. PCR reagents 

Reagent per 1 reaction

T7 vector 415-1b vector arms (Novagen) 

(undiluted 0.05 µg/µl) OR 

T7 vector 10-3 vector arms (Novagen) 

(undiluted 0.05 µg/µl)

1 µl

10X T4 DNA Ligase Buffer (Novagen) 1 µl

T4 DNA Ligase enzyme (Novagen) 1 µl

milli-Q water 2 µl

Reagent per 1 reaction
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PCR was run with the program described below on a thermocycler (Applied Biosystems 

SimpliAmp Thermal Cycler) and steps 2.-4. were repeated for 25 cycles. 

1. 95°C 12 min 

2. 25 cycles 

3. 95°C 20 sec 

4. 62°C 20 sec 

5. 72°C 10 sec 

6. 72°C 10 min 

7. 4°C   Stop and Hold 

Sanger sequencing was done in the University of Tartu Institute of Genetics Core Facility of 

Genomics. 

Table 5. Candidate peptide sequences constructed by the Phage Oligonucleotide Generator 
against the NRP-1b1 protein. Peptide sequences themselves were produced by the in silico 
pipeline consisting of pre-trained and finetuned PPFlow, AutoDock CrankPep, FoldX, TM-Score, 
and AlphaFold3. Oligonucleotides are in the 5'-3' direction. 

5 × HOT FIREPOL Blend Master Mix (Solis 

BioDyne, Estonia)

3 µl

Forward T7 upstream primer 

5'- TAATACGACTCACTATAGGG-3' 

(Integrated DNA Technologies, Belgium)

0.075 µl

Reverse T7 downstream primer 

5'- GCTAGTTATTGCTCAGCGG-3' 

(Integrated DNA Technologies, Belgium)

0.075 µl

milli-Q water 10.85 µl

phage DNA in PBS 1 µl

Peptide 
sequence

Sense oligonucleotide Antisense oligonucleotide

EYNMGKDK AATTCTGAATATAACATGGGCAAAGATAAATA AGCTTTTTATCTTTGCCCATGTTATATTCAG

QRLMASVR AATTCTCAGCGCCTGATGGCGTCTGTGCGCTA AGCTTGCGCACAGACGCCATCAGGCGCTGAG

IPSPGVFR AATTCTATTCCGTCTCCGGGCGTGTTTCGCTA AGCTTGCGAAACACGCCCGGAGACGGAATAG
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Table 6. Candidate peptides sequences constructed by Phage Oligonucleotide Generator 
against p32 protein. Peptide sequences themselves were produced by the in-silico pipeline 
consisting of pre-trained and finetuned PPFlow, AutoDock CrankPep, FoldX, TM-Score, and 
AlphaFold3. Oligonucleotides are in 5'-3' direction. 

DGGHIRNR AATTCTGATGGCGGCCATATTCGCAACCGCTA AGCTTGCGGTTGCGAATATGGCCGCCATCAG

PLFIRSGR AATTCTCCGCTGTTTATTCGCTCTGGCCGCTA AGCTTGCGGCCAGAGCGAATAAACAGCGGAG

RRTCRQQV AATTCTCGCCGCACCTGCCGCCAGCAGGTGTA AGCTTCACCTGCTGGCGGCAGGTGCGGCGAG

Peptide 
Sequence

Sense oligonucleotide Antisense oligonucleotide

STGKLLRVG AATTCTTCTACCGGCAAACTGCTGCGCGTGGGCT
A

AGCTTAGCCCACGCGCAGCAGTTTGCCGGTAGA
AG

SALLCGGP
G

AATTCTTCTGCGCTGCTGTGCGGCGGCCCGGGC
TA

AGCTTAGCCCGGGCCGCCGCACAGCAGCGCAG
AAG

SHLRSHLVL AATTCTTCTCATCTGCGCTCTCATCTGGTGCTGTA AGCTTACAGCACCAGATGAGAGCGCAGATGAGA
AG

PLAVLILQV AATTCTCCGCTGGCGGTGCTGATTCTGCAGGTGT
A

AGCTTACACCTGCAGAATCAGCACCGCCAGCGG
AG

PYMLEDLG
R

AATTCTCCGTATATGCTGGAAGATCTGGGCCGCT
A

AGCTTAGCGGCCCAGATCTTCCAGCATATACGGA
G

SKLAGAAQ
L

AATTCTTCTAAACTGGCGGGCGCGGCGCAGCTG
TA

AGCTTACAGCTGCGCCGCGCCCGCCAGTTTAGA
AG

DGLNCQKG
A

AATTCTGATGGCCTGAACTGCCAGAAAGGCGCG
TA

AGCTTACGCGCCTTTCTGGCAGTTCAGGCCATCA
G

AELLLLWI AATTCTGCGGAACTGCTGCTGCTGTGGATTTA AGCTTAAATCCACAGCAGCAGCAGTTCCGCAG

SGLWNPLL
L

AATTCTTCTGGCCTGTGGAACCCGCTGCTGCTGT
A

AGCTTACAGCAGCAGCGGGTTCCACAGGCCAGA
AG

SDSGFYIYI AATTCTTCTGATTCTGGCTTTTATATTTATATTTA AGCTTAAATATAAATATAAAAGCCAGAATCAGAA
G

GAATEWAK
R

AATTCTGGCGCGGCGACCGAATGGGCGAAACG
CTA

AGCTTAGCGTTTCGCCCATTCGGTCGCCGCGCCA
G

CDGLNGQK
GAC

AATTCTTGCGATGGCCTGAACGGCCAGAAAGGC
GCGTGCTA

AGCTTAGCACGCGCCTTTCTGGCCGTTCAGGCCA
TCGCAAG

CSKLAGAA
QLC

AATTCTTGCTCTAAACTGGCGGGCGCGGCGCAG
CTGTGCTA

AGCTTAGCACAGCTGCGCCGCGCCCGCCAGTTT
AGAGCAAG

CDPRKTSV
RLC

AATTCTTGCGATCCGCGCAAAACCTCTGTGCGCC
TGTGCTA

AGCTTAGCACAGGCGCACAGAGGTTTTGCGCGG
ATCGCAAG
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5.4. Phage Amplification and Purification  

Single-peptide amplification and purification were done based on our University of Tartu 

Laboratory of Precision and Nanomedicine handbook (Põšnograjeva et al., 2025). 

E. coli BLT5403 strain (Novagen, USA) was cultured on ampicillin (50 µg/ml) infused LB agar 

plate and incubated overnight at 37°C. From the lab, a single colony was picked to inoculate 10 

ml of liquid LB media with carbenicillin (100 µg/ml, LB-carb), and the resulting bacterial culture 

was grown in a 100 ml Erlenmeyer flask in a bacterial incubator at 37°C and shaking at 220 

rotations/min (RPM). The next morning, fresh LB-carb media was inoculated with the overnight 

bacterial broth with a dilution ratio of 1:100. This diluted inoculum was incubated until an 

optical density (OD) OD600= 0.5 was reached, measured with a spectrophotometer 

(BioPhotometer Plus, Eppendorf, USA). 

For bacteriophage amplification, the liquid bacterial broth was infected with a single phage with 

a final multiplicity of infection (MOI) of 0.01 and a final 

volume of 26 ml in a 50 ml Falcon tube and incubated 

at 37°C with 220 RPM shaking until the mixture 

cleared and bacterial lysate was visible. This lysate was 

cooled on ice for 30 minutes. Afterwards, 3 ml of 5M 

NaCl was added and the mixture vortexed. Lysate was 

then cleaned of bacterial debris by centrifuging it at 

12,000 × g at 4°C for 10 minutes (Eppendorf 5810R, 

rotor F-34-6-38). Supernatant was poured into a new 

50 ml Falcon tube and combined with 9 ml of 50% 

polyethylene glycol in PBS (PEG8000), vortexed, and 

left on ice for at least 30 min. Phages were 

precipitated by centrifugation at 8,000 × g at 4°C for 10 

minutes. Supernatant was carefully discarded, and 

tubes were left to dry upside-down on paper towels 

for 15 min. Then, the precipitated phage was 

resuspended in 1.5 ml PBS. 
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Figure 14. CsCl density gradient in the 
ultracentrifugation tube. After 
ultracentrifugation, phage particles are 
visible between the third and second layer 
and can be isolated through the tube wall 
with a 21G syringe. Fig. is from 
Põšnograjeva et al. (2025)



Final phage purification was performed using a CsCl density gradient ultracentrifugation. A 

62.5% filtered CsCl solution was utilized to create CsCl:PBS mixtures in the ratios of 2:1, 1:1, and 

1:2, which were then pipetted into an ultracentrifugation tube. Layers of CsCl:PBS were carefully 

pipetted on top of one another in this sequence:  

1. CsCl (62.5%) 0.25 mL,  

2. CsCl:PBS 2:1 1.2 mL 

3. CsCl:PBS 1:1 1.2 mL 

4. CsCl:PBS 1:2 0.25 mL 

The previously precipitated phage sample was then pipetted on top of the gradient and the 

gradient, and the phage particle line is visible in Fig. 14. Tubes were ultracentrifuged for 45 

minutes at 40,000 RPM with a Beckman Coulter SW60TI swing-rotor at room temperature, and 

the phages were collected with a syringe. Purified phages were dialyzed in Thermo Fisher 

Scientific (USA) dialysis cassettes against room temperature PBS for 1 h, PBS replaced, and then 

dialysis repeated. 

5.5. In vitro cell-free binding assays 

Candidate peptide binding capabilities were tested in Costar 96-Well ELISA plate (#3590, 

Corning Life Sciences, Tewksbury, MA, USA) against nickel-NTA (Ni-NTA) Magnetic Agarose Beads 

(QIAGEN, Hilden, Germany) coated with hexahistidine (His-6X) tagged NRP-1b1 and P32 (15 µg 

of protein per 5 µl of beads) at room temperature for 1h in 200ul BWB3 (50 mM Tris, 0.05% 

Igepal CA-630, 5 mM Imidazole, pH 7.4,  1M NaCl 1000; Thermo Scientific Inc.). The 

functionalized beads were washed 3 times with 1 ml BWB3-BSA washing buffer, which is BWB3 

wash buffer with additional 0.1% bovine serum albumin (BSA, GE Healthcare, Little Chalfont, 

UK), incubated with 5 × 108 PFU of phages in 100 µl of phosphate-buffered saline (PBS) cloned, 

amplified, and purified as mentioned in section 3.2 above. After 1h of room temperature co-

incubation, unbound phages were removed by rinsing 6 times with 200 µl BWB3-BSA washing 

buffer. During each wash, samples were transferred to the next row of wells with a 12-channel 

pipette and pipette tips were changed to avoid contamination. After the 6th wash, the bound 

phages were eluted with 200µl of PBS containing 400 mM Imidazole and 0.1% Igepal CA-630 

(Thermo Scientific Inc.). RPARPAR phage binding to NRP-1b1-coated beads and Lintt-1 phage 
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binding to P32-coated beads were used as a positive control. In both cases, phage clones 

displaying heptaglycine peptide (GGGGGGG, G7) were used as a negative control. 

The eluted phages were titered according to section 3.2.1 above. After each experiment, 4 of 

each unique phage clones were subjected to Sanger sequencing of peptide-encoding phage 

DNA (Teesalu et al., 2012). AB1 files received from sequencing were analyzed using T7 Phage 

peptide Sequence Analyzer. 

5.6. In vivo phage play-off experiment 

The thesis project in vivo experiments were done according to Animal Experiment License No. 

159, and experiments were conducted in the University of Tartu Institute of Biomedicine and 

Translational Medicine Laboratory Animal Centre. During the project, 6 female Balb/C albino 

mice aged 8–10 weeks were used. Animals were housed in a 12-hour light/dark cycle 

environment with free access to food and water. 

As a preparation for the experiment, phages were cloned, amplified, purified, precipitated, and 

dialyzed in PBS based on section 3.2 above and then combined into a single solution in 

equimolar concentration. 

For peptide homing, after 2 min of tail warming in warm water, mice were injected into the tail 

vein with 100 µl purified phage mix (5 × 109 PFU, 5 × 1010 PFU/ml) to the tail vein was done and 

left to circulate for 60 minutes. Mice were anaesthetized with an intraperitoneal (IP) injection of 

400 µl dexmedetomidine (0.1 mg/kg) and ketamine (75 mg/kg) and then fixated to a 

polystyrene holder. The abdominal cavity and diaphragm were cut open, and a small cut was 

made into the right atrium. Mice were then perfused intracardially through the left ventricle 

with a perfusion needle with PBS until all major organs were discolored. Lung, heart, and liver 

were isolated, separately weighed, and placed into 1 ml LB + 1% Igepal CA-630 solution (Sigma-

Aldrich Co, USA). Organs were homogenized mechanically with a tissue homogenizer (OMNI 

International, USA) and titered as previously mentioned in section 3.2.1. After titering, rest of 

the tissue homogenate was plate amplified according to Põšnograjeva et al. (2025) and sent to 

be sequenced using Ion Torrent Next Generation Sequencing (Section Ion Torrent Sequencing). 
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5.7.  Ion Torrent Sequencing 

Biodistribution of in vivo play-off peptide-phages was sequenced using high-throughput 

sequencing, Ion Torrent (HTS; Thermo Fisher Scientific Inc., USA). All tissue samples, as well as 

the injected phage mixture, were sequenced for later analysis. 

Sample preparation and Ion Torrent sequencing were done by the University of Tartu 

Nanomedicine lab according to the protocol described in Pleiko et al. (2021), section 

"Determination of phage displayed peptide sequences".  

5.8.  Homing analysis 

Homing analysis was done using the code included in https://github.com/JasperAugust/

ppflow.git under NGS based on methods shown in Põšnograjeva et al., (2025). After file 

preprocessing, the graphs were generated with GraphPad Prism Software, Boston, 

Massachusetts USA, www.graphpad.com. 

6. Results and Discussion 

This bachelor’s thesis aims to enhance the discovery of targeting peptides by combining in vivo 

phage display studies with machine learning-driven in silico methods. To develop the discovery 

pipeline, we initially focused on identifying new peptides targeting well-characterized homing 

peptide receptors. Binding peptides engaging with NRP-1 (PDB: 7JJC) and P32 (PDB: 1P32) were 

generated using a retrained version of PPFlow (conditional flow matching-based machine 

learning model) that samples peptides directly from a target-binding pocket constrained 

torsion-angle space.  

Each peptide went through an in silico evaluation and docking pipeline. The structure of 

candidate peptides (9.1 and 9.2) was evaluated, and unstable or poorly folded sequences were 

filtered out with FoldX. Candidates were ranked based on their ADCP docking energy (ΔG), 

isoelectric point, charge, and hydrophobicity (GRAVY index). Top candidate peptides were 

cloned into T7 bacteriophage vectors, allowing either high copy (415-1b with up to 415 peptide 
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copies/phage) or low copy (10-3b) peptide display to allow evaluation of the peptide valency on 

the target engagement. Both high- and low-copy peptide-phages were tested using Ni-NTA 

magnetic bead binding assays (detailed in the section 5.5). For the NRP-1 peptide candidates, in 

vivo homing experiments were also performed. 

6.1. NRP-1 and P32 Protein Targeting Peptide Generation 

Peptides generated by the in silico pipeline, docked and evaluated as described in section 1.11, 

are listed in Appendices 6.1 and 6.2. A total of 42 candidate peptides for NRP-1b1 and 63 

peptide sequences for P32 were docked with ADCP (two docking results are shown in Fig. 15). 

Positive control peptides, RPAR for NRP-1 and Lintt1 for P32, were chosen as previously well-

known and characterized homing peptides (Haspel et al., 2011; Paasonen et al., 2016; Sharma 

et al., 2017). For phage cloning and binding experiments, sequences were selected based on 

diversity of sequence motifs, low docking energy, no more than three identical residues in 

tandem, and compatibility with the T7 display system (Table 7 and Table 8). In addition, 

sequences with higher ADCP docking clusters (e.g., QRLMASVR with a cluster size of 52) were 

preferred as the increased cluster size points towards a stable binding position (Bender et al., 

2021).  
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Figure 15. Structural models of two candidate NRP-1-binding peptides, EYNMGKDK and 
IPSPGVFR, in complex with the NRP-1 b1 domain. Peptides were generated with the PPFlow 
pipeline and docked with AutoDock Crankpep. Binding affinity is calculated by Autodock's 
algorithm and is displayed below the peptide sequence. Protein is in beige, and blue dotted 
lines indicate hydrogen bonds. 
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Table 7. Candidate NRP-1b1 targeting peptides. CendR peptides chosen for further in vitro and 
in vivo experiments. High copy number indicates phages with up to 415 copies displayed on the 
phage surface and low copy number indicates phage particles with 5-15 peptides exposed on 
the surface. 

For the P32 receptor, three peptides—DPRKTSVKL, DGLNCQKGA, and SKLAGAAQL—were 

engineered with N- and C-terminal cysteines to enable cyclization and expressed on T7 phages 

at different valencies, as described above. Peptide cyclization can enhance stability, improve 

binding affinity by constraining the conformation, and increase resistance to proteolytic 

degradation. Our past studies showed that both linTT1 (AKRGARSTA) and its cyclic version 

(CKRGARSTC) bind to p32 receptors.  

Peptide ID Amino-acid sequence Copy number

RPAR RPARPAR High

RPAR RPARPAR Low

15 QRLMASVR High

15 QRLMASVR Low

42 DGGHIRNR High

42 DGGHIRNR Low

2 IPSPGVFR High

2 IPSPGVFR Low

27 PLFIRSGR High

2 PLFIRSGR Low
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Table 8. Candidate p32 targeting peptides. Peptides with two flanking cysteines are marked 
with "B" to distinguish them from the originally generated sequences. As the *71B sequence 
failed to clone into the phage genome and consistently had a single-point mutation of K->R at 
the 9th amino acid, the mutated version was used in experiments. High copy number indicates 
phages with up to 415 copies displayed on the phage surface and low copy number indicates 
phage particles with 5-15 peptides exposed on the surface. 

6.2. In Vitro Binding on NRP-1 b1 Domain-Functionalized Ni-NTA 

beads  

Multiple experiments assessed binding of high and low valency T7 phages displaying candidate 

peptides to recombinant NRP-1 protein b1 domain (Fig. 16). Enrichments is reported as fold 

increase over the heptaglycine (G7) displaying phage on a log10 scale. The established NRP-1b1 

ligand RPARPAR (positive control, RPAR) served as the benchmark in a one-way ANOVA followed 

by Holm-Šidak's multiple comparison test (α = 0.05, n = 3), and none of the novel peptides 

differed significantly from the positive control. "Not significant" does not imply equivalence. 

With only three replicates, the test has limited power, and the possibility that true differences 

exist should not be excluded.  

All candidates showed good binding only in their high-copy-number versions. A similar lower 

performance was evident with the positive control low-copy phage, binding threefold lower 

than its high-copy version (312 vs 100-fold over G7).  This high avidity caused by multivalency is 

Peptide ID Amino-acid sequence Copy number

linTT1 AKRGARSTA High

32 CSKLAGAAQLC High

32 CSKLAGAAQLC Low

83B CDGLNGQKAC High

83B CDGLNGQKAC Low

83 DGLNCQKGA High

83 DGLNCQKGA Low

72 SALLCGPGC High

72 SALLCGPGC Low

71B* CDPRKTSVRLC High

71B* CDPRKTSVRLC Low
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a recognized effect (Ruoslahti, 2012) and balances the homing peptides’ otherwise relatively 

low affinity compared to other affinity ligands (Lei et al., 2022; Xian et al., 2025). As a 

consequence, peptides are particularly well suited for multivalent targeting of nanoparticles.  

 

Figure 16. Cell-free binding of peptide-displaying T7 phages to the recombinant NRP-1 b1 
domain. Recombinant human NRP-1 b1 domain was immobilized on Ni-NTA agarose beads and 
separately incubated with each high-copy peptide (solid bars) and low-copy peptide (dotted 
bars) phage clones. Bars show mean ± SEM. Bound phage titers are expressed as fold-
enrichment over the untargeted G7 control phage, baseline 1, log10 scale; Data were analyzed by 
one-way ANOVA followed by Holm-Šidák’s multiple-comparison test (α = 0.05). 

The in vitro experiment can be strengthened in several ways. First, increasing both the number 

and diversity of replicates —ideally contributed by multiple researchers—would improve 

reproducibility (Holman et al., 2015). Additionally, incorporating blind protocols into the peptide 

generation pipeline would help reduce experimenter bias. For example, initial phage cloning 

and sample coding could be performed by an independent researcher, or peptide sequences 

could be masked as labels during analysis.   

6.3. In Vivo Phage Homing Play-Off with NRP-1 Peptides 

In vitro binding assays, while informative, do not account for complex biological conditions such 

as protein conformation differences on cells, biodistribution, proteases, or competing serum 

proteins (NDong et al., 2015). To assess in vivo homing ability, an equimolar mixture of peptide-
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displaying phage clones was intravenously injected into mice and circulated for 1 hour. 

Subsequently, mice were perfused with PBS to remove non-binding phages, and organs (lung, 

liver, heart) were collected, homogenized, and phage titers from each tissue were determined. 

 

Figure 17. In vivo biodistribution of the whole peptide-phage pool after 1 hour of circulation. 
Balb/c mice (n = 3 per group) were injected intravenously with a total of 5 x 109 plaque-forming 
units (PFU), consisting of an equimolar mixture of each peptide-displaying phage in either high-
copy (solid color bars) or low-copy (dotted bars) version. The animals were euthanized, perfused 
with PBS, and the liver, lung, and heart were isolated and homogenized. Recovered phages from 
each tissue were amplified and sequenced. log10 scale; Bars denote mean ± SEM; individual 
symbols show biological replicates.  

Upon systemic administration, RPARPAR peptide-displaying phages are known to exhibit robust 

lung accumulation in a neuropilin-1 (NRP-1)-dependent manner (Teesalu et al. 2009). In vivo 

tissue titers of NRP-1-targeting peptide phages revealed selective accumulation in lungs (Fig.  

17). Phage accumulation in pulmonary tissue was valency-dependent: we observed the highest 

recovered phage titer (∼4.7 x 105) for high-copy clones, compared to low-copy phage titers that 

were ∼5.6 times lower (∼8.4 x 104). Liver tissue, the blood's main filtration organ, showed the 

highest recovered phage titers with only a small difference between the high-copy clones (∼3.3 

x 106) and low-copy clones (∼4.3 x 106). In contrast, heart tissue showed the lowest phage 
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recovery for both formats (∼6.7 x 103 and ∼7.8 x 103). These data are in line with previously 

described lung specificity of NRP-1 targeting peptides (Teesalu et al., 2009).   

 

Figure 18. In vivo lung homing of individual candidate peptide-phages after 1 hour circulation. 
Balb/c mice (n = 3 per group) were injected i.v. with a total of 5 x 109 plaque-forming units 
(PFU), consisting of an equimolar mixture of each peptide-displaying phage in either high-copy 
(solid color bars) or low-copy (dotted bars) version. The animals were euthanized, perfused with 
PBS, and the liver, lung, and heart were homogenized, and phage titers in homogenates were 
determined. Titers are expressed as fold change over the untargeted G7 control (dotted line set 
to 1; log10 scale). Bars denote mean ± SEM; individual symbols show biological replicates. Bars 
marked with a p-value are significantly above the negative-control G7 (one-way ANOVA, 
Dunnett post-hoc).  Only positive control reached significance (P < 0.0001); all other 
comparisons were non-significant (P > 0.05).  

Individual peptide data recovered from the lung graph (Fig. 18) revealed two peptides, our 

positive control, and QRLMASVR, one of our candidate peptides, with the highest enrichment 

difference between high- and low copy phage versions and the highest lung-liver ratio of around 
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34. Expressing the GRPARPAR and QRLMASVR peptides at high copy resulted in 43.4-fold and 

22.3-fold enrichment above the untargeted heptaglycine (G7) control peptide, while the same 

sequences at low copy performed significantly worse, achieving 5.7-fold and 1.05-fold 

enrichment over baseline, highlighting the importance of not just the CendR motif but also the 

peptide copy number (Haspel et al., 2011; Teesalu et al., 2009). At the same time, data from 

heart homing indicate that peptide-phage particle accumulation in lung tissue is not due to 

promiscuous binding (Fig. 19 and 20). Interestingly, compared to other peptides, IPSPGVFR and 

PLFIRSGR peptide-phages show an opposite valency-dependent effect, as they reach tested 

tissues in a similar manner to the control peptide as low-copy phages, but the high-copy phages 

show almost no binding at all. This can point to valency-dependent quick in vivo degradation, 

phage frameshift mutations, or that these single peptide mixtures were degraded before the 

experiment, requiring further study for an answer (Livesey & and Nicholls, 2012; Mirzaei et al., 

2020; Pang et al., 2014; Werle & Bernkop-Schnürch, 2006).  

 

Figure 19.  In vivo heart homing of individual candidate peptide-phages after 1 hour 
circulation. Balb/c mice (n = 3 per group) were injected i.v. with a total of 5 x 109 plaque-
forming units (PFU), consisting of an equimolar mixture of each peptide-displaying phage in 
either high-copy (solid color bars) or low-copy (dotted bars) version. The animals were 
euthanized, perfused with PBS, and the liver, lung, and heart were homogenized, and phage 
titers in homogenates were determined. Titers are expressed as fold change over the 
untargeted G7 control (dotted line set to 1; log10 scale). Bars denote mean ± SEM; individual 
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symbols show biological replicates. Bar marked with a p-value is significantly above the 
negative-control G7 (one-way ANOVA, Dunnett post-hoc).  Only high-valency GRPARPAR reached 
significance (P = 0.0495); all other comparisons were non-significant (P > 0.05). 

In contrast to the lung, in the cardiac tissue, high- and low-copy phages show less than 4-fold 

differences in titer. These data support that the observed lung selectivity of GRPARPAR (positive 

control) and QRLMASVR at high copy is genuine and not just increased systemic stickiness 

(Balmert et al., 2015; Werle & Bernkop-Schnürch, 2006).  

 

Figure 20. In vivo liver homing of individual candidate peptide-phages after 1 hour circulation. 
Balb/c mice (n = 3 per group) were injected i.v. with a total of 5 x 109 plaque-forming units 
(PFU), consisting of an equimolar mixture of each peptide-displaying phage in either high-copy 
(solid color bars) or low-copy (dotted bars) version. The animals were euthanized, perfused with 
PBS, and the liver, lung, and heart were homogenized, and phage titers in homogenates were 
determined. Titers are expressed as fold change over the untargeted G7 control (dotted line set 
to 1; log10 scale). Bar marked with a p-value is significantly above the negative-control G7 (one-
way ANOVA, Dunnett post-hoc).  Only low-valency GRPARPAR reached significance (P < 0.0001); 
all other comparisons were non-significant (P > 0.05). 

All peptide-phages were recovered from the liver at less than 5-fold above baseline with no 

significant valency effects on clearance.  

During the preclinical search for targeting molecules (peptides or otherwise), a key goal is not 

just high homing to the target tissue/disease, but the ability of the targeting technology to 

minimize uptake in nontarget tissues (Hoppenz et al., 2020; Lingasamy & Teesalu, 2021). When 
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comparing lung over liver homing ratios, QRLMASVR came out as the candidate with the highest 

selectivity (lung-liver ratio of 36.7, compared to the positive control's 40) as it has similar liver 

and heart homing to baseline while still greatly enriching the lung tissue.  

In summary, displaying the high copy number of peptides on phage particles significantly 

increases their lung homing ability by one or two orders of magnitude, without increasing 

hepatic or cardiac tissue background.   

   

6.4. In Vitro Binding on P32 Functionalized Ni-NTA Beads 

 

Figure 21. Cell-free binding of candidate peptide phages to recombinant p32. Human P32 was 
immobilized on Ni-NTA agarose beads and incubated with high-copy peptide (solid bars) and 
low-copy peptide (dotted bars) phage clones. Lintt1 (AKRGARSTA) peptide phage serves as a 
positive control. Bars show mean ± SEM. Recovered phage data are expressed as fold 
enrichment over the untargeted G7 control phage, baseline 1, log10 scale. Bars marked with a p-
value are significantly above the negative-control G7 (one-way ANOVA, Dunnett post-hoc).  
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From the candidates, only the CSKLAGAAQLC high copy variant reached significance (P < 0.001); 
all other comparisons were non-significant (P > 0.05). 

The same Ni-NTA pull-down strategy used for NRP-1 (section 2.2) was applied to assess in vitro 

binding of six tumor-homing peptides for recombinant p32 (Fig. 21). Every clone shown, 

regardless of valency, exceeded the control peptide-phage (G7) background by an order of 

magnitude. However, only high-valency CSKLAGAAQLC was significantly above the negative 

control. It's been generally shown (Ruoslahti et al., 2010) that nanoparticles, but especially 

nanoparticles functionalized by peptides, benefit from enhanced avidity brought on by 

multivalent binding (Ruoslahti, 2012; Werle & Bernkop-Schnürch, 2006). 

Comparing this cell-free phage binding experiment to the neuropilin-1 peptide candidate 

experiment, a magnitude difference can be seen in phage binding fold over control between 

neuropilin-1 and p32 targeting peptides. This binding difference could be explained by the 

NRP-1 receptors' inherently high electronegativity that allows the C-terminal arginine to bind 

with high affinity (Haspel et al., 2011; Tymecka et al., 2024; Zanuy et al., 2013). At the same 

time, p32 is very acidic (pI of 4) with an asymmetric charge distribution, only having negative 

charge on one side of the protein and inside the doughnut-shaped structure itself, severely 

constraining the available space and conformation of the binding ligand (Balmert et al., 2015; 

Gotoh et al., 2018; J. Jiang,Y. Zhang,A.R. Krainer,& R. Xu, n.d.; Yenugonda et al., 2017). Timur et 

al. have shown that indeed, the p32 binding pocket is inside with restricted access (Timur et al., 

2018). Further investigation to clarify the involvement of hindered access to the binding pocket 

is required. 

7. Conclusion 

This thesis set out to develop an in silico pipeline, which includes a probabilistic generative 

machine learning model with a validation step combined with a classical phage-display 

workflow, to accelerate the discovery of tissue-homing peptides for known target receptors. By 

re-implementing and fine-tuning PPFlow on the University of Tartu HPC cluster, we generated 

tens of novel NRP-1 and p32 binder candidates in torsion-angle space, filtered them, and 

shortlisted them for wet-lab experimental work. This integrated approach demonstrated the 
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potential of combining computational modeling with experimental workflows to streamline and 

enhance the discovery of receptor-specific homing peptides. 

Building on this computational foundation, we validated candidate peptides using high- and 

low-valency T7 phage display to assess their binding performance under cell-free conditions. 

High-copy (<415 peptides/phage) display consistently outperformed low-copy (5-15 peptides/

phage) for NRP-1, and every candidate bound at least an order of magnitude better than the G7 

(heptaglycine) control, only with the high-copy display version. High-copy QRLMASVR was the 

top de novo hit (404-fold over G7, p=0.022) and matched the prototypic CendR-motif peptide 

GRPARPAR. For p32, multivalency again drove the binding assay, as only the high-copy version of 

the CSKLAGAAQLC peptide was significantly above the negative control (p<0.001), whereas its 

low-copy version and the non-cyclic peptides performed modestly. All of this underscored the 

clear avidity requirement in studies on purified target proteins. 

To further confirm these findings in a physiological context, we proceeded with in vivo 

experiments to evaluate the targeting efficiency of the peptide-displaying phages. During the in 

vivo experiments, equimolar pools of the NRP-1 phages were injected into mice for a 60-minute 

circulation. High-copy phages accumulated preferentially in the lung, 5.6-fold above their low-

copy variants and two orders of magnitude over heart tissue. When titers were normalized to 

G7, QRLMASVR almost matched the positive control with a lung/liver enrichment ratio of 36.7 

vs 40 while remaining at baseline in control tissues. Therefore, PPFlow not only learned the 

known CendR pharmacophore but also proposed a novel sequence that reproduces its 

biodistribution. 

Despite these promising results, several limitations were identified that highlight areas for 

improvement in future studies. Replicates were limited, lacked blinded experiments, and p32 

candidates were not backed by in vivo validation. Future work will address these issues, expand 

the general cohort size for all steps in the pipeline, and further validate valency effects. 

Additionally, integrating AlphaFold 3-level docking replacement could replace the current slow 

brute-force docking approach, enabling more efficient computational screening earlier in the 

process. 

However, these limitations aside, the key findings underscore the substantial progress made by 

this integrated approach. The discovery of a novel lung-selective ligand, QRLMASVR, along with 

a family of p32 binders, demonstrates that machine learning guided phage display can already 
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approach the classical directed evolution performance. By combining in silico generation, bench 

assays, and biodistribution studies within a single feedback loop, this work advances targeting 

nanomedicine toward programmable, receptor-aware delivery systems, enabling rapid 

improvement of vascular ZIP code peptides against known receptors. 
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Tõenäosuslike masinõppemeetodite rakendamine 

kullerpeptiidide arendamiseks 

Jasper August Tootsi 

Resümee 

Vähi ja teiste kompleksete haiguste ravi probleemiks on olemasolevate ravimite suured 

kõrvalmõjud ning madal efektiivsus. Üheks võimaluseks sellise ravi terapeutilise efektiivsuse 

suurendamiseks on nende kombineerimine koespetsiifiliste kullerpeptiididega. Käesoleva 

bakalaureustöö eesmärgiks oli retseptor-spetsiifiliste kullerpeptiide genereeriva hübriidse 

masinõppemudelil põhineva arendusprotsessi väljatöötamine ja valideerimine. Töö käigus 

genereeriti tuntud vähi sihtmärkide NRP-1 ja p32 seonduvaid kandidaatpeptiide. Kandidaatide 

selektiivsust ja biodistributsiooni hinnati kõrge ja madala koopiaarvuga faagidispleiga nii 

rakuvabas süsteemis kui ka in vivo katsetega hiirtemudelitel. Katsete tulemused näitavad, et 

multivalentsus mängib olulist rolli koe-spetsiifiliste peptiidide seondumisel. Neuropiliin-1-ga 

seonduvate kandidaatide seast osutus parimaks kõrge koopiaarvuga ekspresseeritud peptiid, 

QRLMASVR, mille rakuvaba seondumiskatse ja intravenooselt süstitud võistluslikul faagidispleil 

põhineva eksperimendi biodistributsioon sarnanesid varem põhjalikult kirjeldatud 

prototüüpilise CendR motiiviga kullerpeptiidi RPAR-ga (RPARPAR). Kokkuvõtvalt näitlikustab see 

töö masinõppemudelite suurt potentsiaali retseptor-spetsiifiliste peptiidide avastamisel ja viib 

täppis-nanomeditsiini ühe sammu võrra lähemale kliiniliselt relevantsete peptiidide 

laiapõhjalisele kaardistamisele.     
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9. Addendums 
9.1.  NRP-1 Generated Peptides 
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Peptide Sequence Binding 

Affinity 

(kcal/

mol)

Cluste

r 

Size

Cend

R 

motif

Charg

e 

at pH 

7.4

Lipophili

c 

C- 

terminus

Isoelectri

c 

Point

Hydrophobici

ty 

(GRAVY)

25 EYNMGKD

K

-16.5 27 FALSE -0.34 FALSE 6.17 -2.26

23 GDHGELW

Y

-15.6 25 FALSE -2.41 TRUE 4.35 -1.18

36 GRLDYLGR -15.2 33 TRUE 0.56 FALSE 8.75 -0.88

39 WYGLRGY

G

-14.7 20 FALSE 0.55 FALSE 8.59 -0.68

12 VMQEDQG

G

-14.2 64 FALSE -2.48 FALSE 4.05 -1.09

7 SGIDYGGS -14 85 FALSE -1.75 FALSE 4.05 -0.39

49 GGKRGYD

S

-13.6 34 FALSE 0.55 FALSE 8.59 -1.90

27 PLFIRSGR -13.5 12 TRUE 1.90 FALSE 12.00 -0.09

1 NGYSRAQ

C

-13.3 25 FALSE 0.53 FALSE 8.22 -1.21

41 QEESGAQS -13.3 27 FALSE -2.44 FALSE 4.05 -1.78

15 QRLMASVR -13.1 52 TRUE 1.56 FALSE 12.00 -0.20

45 GQFGGMG

G

-13.1 44 FALSE -0.44 FALSE 5.53 -0.10

22 GLLFMGAG -13.1 52 FALSE -0.44 FALSE 5.53 1.61

26 RRTCRQQV -13 40 FALSE 2.53 TRUE 11.70 -1.81

42 DGGHIRNR -12.9 11 TRUE 0.59 FALSE 9.61 -1.94

28 KRKRRPG

G

-12.9 11 FALSE 4.55 FALSE 12.00 -2.96

37 KGHRGPG

G

-12.7 16 FALSE 1.59 FALSE 11.00 -1.85

35 KRVGLPHG -12.6 36 FALSE 1.59 FALSE 11.00 -0.75

30 GMDQEPG

W

-12.6 26 FALSE -2.44 TRUE 4.05 -1.49
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19 GGQLSEYS -12.5 3 FALSE -1.44 FALSE 4.05 -0.86

31 CGAKGGR

G

-12.5 32 FALSE 1.53 FALSE 9.51 -0.71

8 GGHGLHL

R

-12.2 21 TRUE 0.63 FALSE 9.76 -0.56

18 DYPGNPG

R

-12.2 9 TRUE -0.44 FALSE 5.84 -2.10

16 IGPGQSQE -11.9 26 FALSE -1.44 FALSE 4.60 -1.15

48 GPGGRAL

G

-11.9 51 FALSE 0.56 FALSE 9.75 -0.26

33 GTNGPRC

D

-11.7 19 FALSE -0.47 FALSE 6.08 -1.51

2 IPSPGVFR -11.5 23 TRUE 0.56 FALSE 9.75 0.33

43 GQPGGMR

S

-11.4 13 FALSE 0.56 FALSE 9.75 -1.21

17 DKPPINGG -11.4 16 FALSE -0.44 FALSE 5.84 -1.30

24 GGGPVRTF -11.3 14 FALSE 0.56 TRUE 9.75 -0.13

29 GGPPKKTG -11.1 79 FALSE 1.55 FALSE 10.00 -1.61

13 PCPVKLPG -11 26 FALSE 0.87 FALSE 8.64 0.18

10 RGAGLAGS -11 23 FALSE 0.56 FALSE 9.75 0.11

14 YPAAGEAG -10.9 93 FALSE -1.44 FALSE 4.05 -0.23

34 SKPGAVGL -10.8 10 FALSE 0.25 TRUE 8.47 0.34

44 GGGGEGA

L

-10.7 19 FALSE -1.44 TRUE 4.05 0.01

6 GVLAPGGA -10.6 50 FALSE -0.44 TRUE 5.53 1.10

32 PPCAGSTG -10.4 19 FALSE -0.12 FALSE 5.91 -0.15

47 PGPSRPLR -10.3 49 TRUE 1.90 FALSE 12.00 -1.40

38 GRSPGPTE -10 39 FALSE -0.44 FALSE 6.22 -1.69

0 CGGGAPP

G

-9.8 60 FALSE -0.47 FALSE 5.52 -0.06

referenc

e
GRPARPAR -9.7 4 TRUE 2.56 FALSE 12.00 -1.69
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9.2.  P32 Generated Peptides 

5 GGGPGPA

G

-8.7 36 FALSE -0.44 FALSE 5.53 -0.43
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Peptide Sequence Binding 

Affinity 

(kcal/

mol)

Cluste

r 

Size

Cend

R 

motif

Charg

e 

at pH 

7.4

Lipophili

c 

C-

terminus

Isoelectr

ic 

Point

Hydrophobic

ity 

(GRAVY)

49 RLHLLNLRL -19.9 15 FALSE 1.59 TRUE 12.00 0.37

26 QKHLYLLKL -19.7 26 FALSE 1.59 TRUE 9.70 -0.07

41 KALLQLAKL -19.6 24 FALSE 1.55 TRUE 10.00 0.83

62 RKTSLLAAC -18.5 14 FALSE 1.53 FALSE 9.51 0.42

64 DMLMYARL

K

-18.5 9 FALSE 0.55 FALSE 8.59 0.00

8 GGWLSKLW

P

-18.5 12 FALSE 0.55 FALSE 8.75 -0.14

45 STGKLLRVG -18.5 43 FALSE 1.25 FALSE 11.00 0.12

referenc

e

CGNKRTRG

C

-18.3 20 FALSE 2.51 FALSE 9.70 -1.43

89 HLLLLRLLY -18.2 29 FALSE 0.59 TRUE 8.75 1.53

87 GFRLSNPTK -18.1 30 FALSE 1.55 FALSE 11.00 -0.98

31 GAATEWAK

R

-18 46 TRUE 0.56 FALSE 8.75 -0.94

76 KHCSNKLTL -17.6 25 FALSE 1.56 TRUE 9.31 -0.66

58 PLHFWVLW

V

-17.4 28 FALSE -0.06 TRUE 7.17 1.36

75 SVLRWILML -17.2 28 FALSE 0.25 TRUE 9.47 1.76

25 KGADALWL

N

-17.2 26 FALSE -0.44 FALSE 5.84 -0.11

90 WTHCLGDN

W

-17.1 43 FALSE -1.43 TRUE 5.08 -0.76

66 SIRLHMQKT -17.1 14 FALSE 1.29 FALSE 11.00 -0.71

6 FQGSYADLK -17.1 14 FALSE -0.45 FALSE 5.83 -0.56

71 DPRKTSVKL -17 25 FALSE 1.55 TRUE 9.99 -1.21
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73 RALGLYWS

Q

-17 9 FALSE 0.55 FALSE 8.75 -0.22

44 SGLWNPLLL -17 53 FALSE -0.75 TRUE 5.24 0.89

74 RYLALSFAR -16.9 42 TRUE 1.55 FALSE 10.84 0.32

47 SNLVLFLNY -16.8 33 FALSE -0.75 TRUE 5.24 1.03

48 AELRLLLWI -16.8 54 FALSE -0.39 TRUE 6.05 1.40

38 YLLLQQRG

Q

-16.8 28 FALSE 0.55 FALSE 8.75 -0.59

67 SMALGLNT

K

-16.7 43 FALSE 0.25 FALSE 8.47 0.22

69 MYFDSNKF

H

-16.7 20 FALSE -0.68 FALSE 6.49 -0.97

13 SDSGFYIYI -16.6 50 FALSE -1.75 TRUE 4.05 0.41

18 FEGQLLLRS -16.4 24 FALSE -0.44 FALSE 6.00 0.17

37 MMRCGLVR

L

-16.3 19 FALSE 1.26 TRUE 10.35 0.97

81 KLCLILLLM -16.3 20 FALSE 0.53 TRUE 8.22 2.67

68 KRMLLMSL

P

-16.2 33 FALSE 1.55 FALSE 11.00 0.49

60 HGGLLLLW

C

-16.2 37 FALSE -0.43 FALSE 6.73 1.42

27 HLRLNLVPL -15.9 42 FALSE 0.59 TRUE 9.76 0.73

29 SHLRSHLVL -15.8 60 FALSE 0.33 TRUE 9.51 0.34

52 GLFKYLLCA -15.7 16 FALSE 0.53 TRUE 8.20 1.43

51 MSVLLQVLY -15.6 15 FALSE -0.72 TRUE 5.27 1.79

78 PYMLEDLG

R

-15.6 53 TRUE -1.10 FALSE 4.37 -0.59

63 GRPDLGELE -15.6 37 FALSE -2.44 FALSE 4.43 -1.09

82 CLRWDMLL

T

-15.5 26 FALSE -0.47 FALSE 5.83 0.69
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77 GGLAKNRS

A

-15.3 21 FALSE 1.55 TRUE 11.00 -0.68

24 LELQDKGIA -15.2 24 FALSE -1.44 TRUE 4.37 -0.10

83 DGLNCQKG

A

-15 81 FALSE -0.47 TRUE 5.83 -0.79

55 KDLHALSGC -14.9 20 FALSE -0.43 FALSE 6.73 0.01

80 SQLLSALLL -14.7 36 FALSE -0.75 TRUE 5.24 1.74

5 GQCIAHEQ

S

-14.6 50 FALSE -1.43 FALSE 5.24 -0.68

32 SKLAGAAQL -14.5 49 FALSE 0.25 TRUE 8.47 0.49

33 VMPDIACW

L

-14.5 36 FALSE -1.50 TRUE 4.05 1.41

42 PLAVLILQV -14.4 45 FALSE -0.10 TRUE 5.95 2.33

46 CLRAAHSPG -14.4 42 FALSE 0.57 FALSE 8.26 -0.07

79 NASLSWAQ

L

-14.2 12 FALSE -0.44 TRUE 5.53 0.19

21 TIIDRLSGG -14.2 20 FALSE -0.79 FALSE 5.50 0.28

70 SIDSLFELC -13.9 13 FALSE -2.77 FALSE 4.05 0.98

35 STLMLVCLL -13.7 21 FALSE -0.77 TRUE 5.24 2.48

65 VVGLLADM

S

-13.7 10 FALSE -1.48 FALSE 4.05 1.67

86 SDNELLTLL -13.6 43 FALSE -2.75 TRUE 4.05 0.36

2 GRANPILCD -13.3 49 FALSE -0.47 FALSE 6.08 -0.10

61 LDCEPFDL

M

-13 41 FALSE -3.47 TRUE 4.05 0.30

72 SALLCGGPG -12.9 83 FALSE -0.77 FALSE 5.24 0.92

57 CLLAADGLA -12.9 38 FALSE -1.47 TRUE 4.05 1.71

43 FLSAPASIL -12.9 6 FALSE -0.44 TRUE 5.53 1.70

84 DNPAGLLLP -12.6 43 FALSE -1.44 FALSE 4.05 0.29

53 TPYEGPLLP -11.4 20 FALSE -1.79 FALSE 4.05 -0.34
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39 ALHDPALAA -10.6 34 FALSE -1.36 TRUE 5.08 0.72
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