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Abstract: Alzheimer’s disease (AD) represents a pressing challenge in modern medicine, with current therapeutics offering only 
symptomatic relief. Peptide-based therapeutics have emerged as promising candidates owing to their target specificity, favorable safety 
profiles, and ability to modulate protein–protein interactions inaccessible to small molecules. This narrative review evaluates medicinal 
chemistry and artificial intelligence (AI)-driven approaches that are reshaping peptide drug discovery for AD, spanning target 
selection, sequence design, synthesis optimization, and central nervous system (CNS) delivery. Peptides targeting key AD pathological 
mechanisms-including amyloid-β (Aβ) aggregation inhibition, tau hyperphosphorylation disruption, and neurotrophic signaling 
enhancement-are discussed alongside strategies such as cyclization, D-amino acid incorporation, PEGylation, and peptidomimetic 
design to improve metabolic stability and blood–brain barrier (BBB) penetration. We review automated fast-flow peptide synthesis 
with inline UV-vis monitoring as a platform for rapid, high-fidelity preparation of complex sequences suitable for translational 
development. Delivery platforms-including cell-penetrating peptides, intranasal formulations, and nanocarrier systems-which primarily 
increase systemic exposure or fundamentally alter CNS distribution mechanisms are presented. AI and machine-learning (ML) 
technologies, molecular simulations, and structure-prediction systems are examined as an integrated pipeline that supports end-to- 
end design, validation, and optimization, with emphasis on rigorous QSAR and docking/MD validation practices. Clinical translation 
is analyzed through peptide repurposing (e.g. GLP-1 receptor agonists, intranasal insulin, oxytocin), dedicated peptide candidates, and 
evolving regulatory expectations. Finally, we outline concrete design checklists for CNS ready peptides, discuss key translational 
bottlenecks, and propose priorities for the next 5–10 years of peptide-based AD therapy development. 
Keywords: Alzheimer’s disease, blood–brain barrier, peptide drugs, artificial intelligence, drug discovery, pharmaceutical medicinal 
chemistry, clinical translation

Introduction
Background
Neurodegenerative disorders are among the most challenging and complex issues in modern medicine. They are 
characterized by progressive neuronal function and structural loss and include conditions such as Alzheimer’s disease 
(AD), Parkinson’s disease (PD), amyotrophic lateral sclerosis, and Huntington’s disease, which affect millions of 
individuals worldwide and impose a significant burden on healthcare systems.1,2 Alzheimer’s disease is the most 
common, accounting for approximately 60–80% of dementia cases worldwide.3,4 The decision to concentrate on 
Alzheimer’s disease in this review is based on its high prevalence, devastating effect on cognitive function and quality 
of life, and the absence of effective disease-modifying therapies. After decades of investigation, current treatments 
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for AD remain mostly symptomatic, providing only modest gains in memory and function without affecting the disease 
course.

Peptide medications have also become an up-and-coming therapeutic option for the treatment of Alzheimer’s disease 
because they can selectively target the molecular mechanisms involved in disease pathology.5 For example, peptides that 
interfere with the aggregation of amyloid-β (Aβ) or tau proteins, which are key features of AD, may be able to stop or 
reverse neurodegeneration. Other peptides, including neurotrophic mimetics, have been designed to promote neuronal 
survival, synaptic plasticity, and cognition by activating selected growth factor signaling pathways.6–8 Although more 
specific than small molecules with fewer off-target effects, peptide therapeutics are an attractive option for addressing the 
multifaceted and progressive aspects of AD. Achieving their full potential requires overcoming significant hurdles, 
including delivery and stability in the central nervous system (CNS). However, the translation of peptide drugs into 
effective CNS therapies is fraught with challenges, primarily because of the protective nature of the blood–brain barrier 
(BBB). The BBB, formed by tightly connected endothelial cells, acts as a selective gatekeeper that restricts the entry of 
large hydrophilic molecules, including most peptides, into the brain. This physiological barrier presents a significant 
obstacle for peptide delivery, compounded by the inherent instability of peptides in the systemic circulation due to 
enzymatic degradation and rapid renal clearance. Despite their therapeutic potential, peptide drugs face substantial 
limitations in reaching their intended targets within the CNS.1,9

Recent advancements in medicinal chemistry have introduced numerous innovative methods to enhance the pharma
cokinetic and pharmacodynamic characteristics of peptide medicines. Cyclization of the peptide structure, N-methylation, 
and replacement of the native L-amino acids with D-amino acids can lead to increased stability toward enzymes and 
extension of half-life.10 Linkage with lipid groups or cell-penetrating peptides increases BBB penetration, whereas 
delivery of nanoparticles or liposomes permits site-specific and slow release.11 Moreover, the discovery of peptidomi
metic molecules that emulate the activity of peptides, but not their precise structures, has further extended the therapeutic 
use of this drug class. Such chemical advances are critical for making peptide drugs more feasible under CNS 
conditions.12

Complementing these advances, artificial intelligence (AI) and machine learning (ML) are increasingly being used in 
modern medicinal chemistry and peptide drug discovery. AI-powered platforms can generate novel peptide sequences 
with optimized binding affinities, predict peptide–protein interactions, and model BBB permeability profiles. ML 
algorithms also assist in the early prediction of absorption, distribution, metabolism, excretion, and toxicity (ADMET) 
properties, thereby accelerating the lead optimization process. AI-driven retrosynthetic planning and automation tools 
facilitate efficient synthesis of complex peptide candidates. Together, these technologies reduce the time and cost 
traditionally associated with peptide drug development while enhancing design precision and accuracy.13,14

Scope and Conceptual Framework
This review is structured around a translational pipeline that links computational and AI-guided discovery to medicinal 
chemistry optimization, scalable synthesis, BBB-competent delivery, and clinical testing of peptide therapeutics in 
Alzheimer’s disease. Rather than cataloging approaches in isolation, we emphasize how these components interact in 
a stepwise “AI → Design → Synthesis → Delivery → Clinical Translation” framework. Sections 4 and 5 focus on 
sequence-level and structural design, including stability and target engagement; Section 4.2.5 addresses synthesis plat
forms; Sections 4.2.1, 4.2.2 and the BBB-focused portions of Sections 4 and 7 discuss delivery; and Sections 6 and 7 
examine clinical translation, regulatory considerations, and future directions. Our goal is to provide peptide chemists and 
translational scientists with a roadmap that connects technological advances to practical decision-making across this 
continuum (Figure 1).

Search Strategy
This review aimed to evaluate the current evidence on the therapeutic potential of peptide-based drugs for central nervous 
system (CNS) disorders, with a particular focus on Alzheimer’s disease (AD). We sought to identify peptide candidates 
that demonstrate structural and pharmacological properties supporting disease modifying potential, target engagement, 
and central bioavailability in preclinical and clinical studies.
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To ensure a comprehensive and reproducible assessment, we designed a search strategy across multiple electronic 
databases. The literature search covered publications from January 2010 to January 2026 across PubMed, Scopus, Web of 
Science, and Embase, using combinations of controlled vocabulary and free-text terms related to “Alzheimer’s disease”, 
“peptide therapeutics”, “Aβ aggregation”, “tau”, “GLP-1 receptor agonists”, “blood–brain barrier”, “nanoparticles”, 
“intranasal delivery”, and “artificial intelligence” or “machine learning” in drug discovery. We restricted inclusion to 
peer-reviewed articles and registered clinical trials in humans or in vivo/in vitro models relevant to AD or closely related 
neurodegenerative phenotypes; reviews, commentaries, editorials, and purely theoretical pieces were used only for 
background context. Non-English publications and studies focusing exclusively on non-peptidic modalities were 
excluded. Titles and abstracts were screened independently by both authors, followed by full-text evaluation of 
potentially eligible articles. Duplicates were identified and removed using reference-management software and manual 
checking. We also included studies investigating peptide-based therapeutics for CNS diseases, focusing on AD, across 
in vivo animal models, human clinical trials, and advanced in vitro systems. Studies employing strategies to enhance 
CNS delivery including rational drug design, peptide conjugation, and nanocarrier systems were also considered. When 
evidence from different sources was inconsistent, we prioritized larger, randomized and controlled clinical trials over 
smaller or open-label studies, and clinical data over preclinical findings, while also considering convergence across 
independent mechanistic and pharmacokinetic studies.

Disease Context and Pathophysiology
Alzheimer’s Pathology
AD is pathologically characterized by two hallmark lesions: extracellular Aβ plaques and intracellular neurofibrillary 
tangles composed of hyperphosphorylated tau protein.15,16 The aggregation of Aβ into oligomers and fibrils leads to 
synaptic dysfunction and neuronal toxicity, forming a central hypothesis known as the amyloid cascade model.15–18 In 
parallel, the accumulation of hyperphosphorylated tau disrupts microtubule stability, impairs axonal transport, and 

Figure 1 The proposed translational pipeline for peptide-based AD therapeutics, beginning with AI-enabled target identification and de novo sequence generation, followed 
by medicinal chemistry optimization and stability engineering, scalable synthesis (including fast-flow platforms), BBB-competent delivery strategies, and finally clinical trial 
design and regulatory evaluation. Feedback arrows indicate that data from in vitro assays, in vivo models, and early-phase trials iteratively refine upstream AI models and 
design criteria.
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ultimately leads to neuronal death.19,20 These pathological events are further exacerbated by a chronic inflammatory 
response involving microglial activation, cytokine release, and blood–brain barrier disruption, contributing to a toxic 
neural environment.21–24 Initiating factors, such as post-translational modifications, oxidative stress, and mutations in 
APP, PSEN1, and PSEN2 promote the misfolding of Aβ peptides and tau proteins.25 This pathological cascade underlies 
the key features of AD and highlights the mechanistic link between molecular insults and neurodegeneration.

The failure of monotherapies targeting only one pathological component has led to a growing consensus that 
multitarget strategies are essential. Peptide-based interventions are desirable in this context, as they can be designed to 
inhibit Aβ aggregation, block tau hyperphosphorylation, or modulate neuroinflammatory pathways simultaneously.21

Aβ, Tau, BACE1, and Design Implications
Three primary molecular targets control the therapeutic landscape of AD: Aβ, tau protein, and β-site amyloid precursor 
protein cleaving enzyme 1 (BACE1). Aβ targeting is achieved by inhibiting Aβ production (eg., BACE1 inhibitors), 
inhibiting Aβ aggregation (eg., Aβ-binding peptides), or facilitating Aβ clearance through immunotherapy or enzymatic 
breakdown.13,19,20 BACE1 is a challenging but inviting target, considering its function in the initial cleavage of amyloid 
precursor protein (APP) to generate Aβ peptides. However, complete inhibition of BACE1 results in tremendous off- 
target effects because of its involvement in synaptic function and myelination.26

Tau protein is a key therapeutic target. Disease-causing forms propagate in a prion-like manner throughout the brain. 
Peptides that target tau can interfere with oligomer formation or inhibit its hyperphosphorylation by targeting kinases like 
GSK-3β or CDK5. Unlike small molecules, peptide therapeutics can be engineered to target specific pathological 
conformations of tau or aggregation-prone motifs, thereby providing greater specificity and lower toxicity.13,21

Their intracellular and extracellular localization is an important design consideration when targeting these molecules. 
Aβ aggregation begins extracellularly, favoring peptide drugs with cell-penetrating capabilities or those that can persist in 
the interstitial fluid.27 Conversely, tau and BACE1 are predominantly intracellular, necessitating the design of peptides 
that are capable of efficient cellular uptake and endosomal escape. These factors have driven the development of 
conjugated peptides, lapidated constructs, and nanoparticle delivery systems to improve CNS permeability and target 
engagement.28–30

Peptide Therapeutics in CNS Diseases
Peptides, by their modular amino acid composition and secondary structures, possess a unique set of physicochemical 
characteristics that directly influence their drug-like behavior. They are typically highly hydrophilic, rendering them 
generally soluble in aqueous environments, which is advantageous for their systemic administration and formulation. 
However, the same hydrophilicity limits their membrane permeability, posing a significant challenge for crossing lipid- 
rich barriers, such as the BBB.31 Peptides are also subjected to enzymatic degradation by exopeptidases and endopepti
dases, particularly in the gastrointestinal tract and bloodstream. Their metabolic instability and short half-lives often 
necessitate chemical modifications or the use of protective delivery systems. Peptides can adopt alpha-helical, beta-sheet, 
or random coil structures, and their conformational plasticity plays a crucial role in target recognition. Owing to the 
restricted conformational entropy, constrained or cyclic peptides often show enhanced protease resistance and target 
selectivity, making them attractive scaffolds for CNS-targeted therapeutics.32

Developmental Challenges
Despite their promise as therapeutic agents, peptide drugs face considerable developmental challenges that impede their 
clinical translation to neurodegenerative diseases, particularly AD. These obstacles include molecular instability, delivery 
limitations (particularly across the BBB), immunogenicity, and issues related to scalable manufacturing. Understanding 
and overcoming these hurdles is crucial for advancing peptide-based therapeutics from the bench to the bedside.

Challenges to CNS Delivery
The pharmacokinetics (PK) of peptide drugs are substantially affected by their tendency to swift renal clearance and poor 
oral bioavailability, which are mainly based on their size, polarity, and enzymatic lability. Formidable physiological and 
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PK challenges hinder effective therapeutic interventions for AD using peptide-based drugs.33,34 The majority of peptide 
drugs are required to be administered through parenteral routes (eg., intravenous, subcutaneous) to prevent first-pass 
metabolism. Additionally, peptides have a limited capacity to pass through the blood–brain barrier, which is a significant 
obstacle in CNS drug development.30

Stability Issues: Degradation and Short Half-Life
A primary limitation of therapeutic peptides is their intrinsic instability. Linear peptides are highly susceptible to 
enzymatic degradation by exopeptidases and endopeptidases, particularly in the gastrointestinal tract and systemic 
circulation. This leads to rapid proteolytic cleavage, significantly reducing their half-life, and often necessitating frequent 
dosing or parenteral administration, which can diminish patient compliance. For example, the therapeutic peptide NAP 
(NAPVSIPQ), derived from activity-dependent neuroprotective protein, showed potent neuroprotective activity in vitro 
but exhibited limited in vivo stability, curtailing its therapeutic potential.35,36 In AD, where chronic administration is 
often required, poor stability represents a significant roadblock for the sustained bioavailability of therapeutic peptides, 
highlighting the necessity for structural optimization and delivery innovations.

Delivery Barriers: Oral Bioavailability and Blood–Brain Barrier (BBB) Penetration
Oral administration remains the preferred route for chronic therapy, owing to its convenience and patient adherence. 
However, peptides generally suffer from poor oral bioavailability (<1%) owing to enzymatic digestion of the gastro
intestinal tract and low permeability across epithelial membranes.37 Consequently, most peptide drugs require invasive 
routes of administration, such as intravenous or intranasal delivery, which limits their practical utility in neurodegen
erative disorders. A more formidable barrier is the BBB, which restricts the entry of over 98% of small-molecule drugs 
and nearly 100% of macromolecules, including therapeutic peptides.38

Although generally lower than that of protein biologics, the immunogenic potential of peptide therapeutics remains 
a concern, particularly with repeated administrations. Immunogenicity may arise from non-native sequences, aggrega
tion, or impurities introduced during synthesis and formulation.39 The development of neutralizing antibodies could 
compromise therapeutic efficacy and safety in neurodegenerative conditions that require long-term therapy. Another 
critical bottleneck is in the manufacturing process. The large-scale synthesis of therapeutic peptides with high purity and 
batch-to-batch consistency remains a challenge. Solid-phase peptide synthesis (SPPS) has revolutionized peptide 
production; however, longer sequences (>30 amino acids) often suffer from low yields and purification difficulties 
owing to incomplete coupling or side reactions.32 Furthermore, peptides containing modified residues, disulfide bonds, or 
specific folding motifs require complex downstream processing, which increases the production costs.

Overcoming Challenges
Fortunately, recent advances in drug delivery, design strategies, and interdisciplinary collaboration have helped address 
these challenges and make peptide therapies more viable. This section will examine the reported strategies and 
techniques that have shown promise in addressing the aforementioned challenges.

The BBB presents a significant obstacle to central nervous system delivery, contributing to the poor permeability and 
rapid enzymatic degradation of peptide therapeutics. To address these limitations, current peptide drug design strategies 
aim to enhance stability and enable CNS penetration while targeting key pathological processes. These include stabilizing 
tau protein to preserve microtubule integrity, inhibiting Aβ aggregation by blocking the oligomerization and fibrillization 
cascade, and mimicking molecular chaperones, such as TRIM11, to disaggregate tau polymers and facilitate their 
proteostatic clearance. These approaches collectively reflect the multifaceted objectives of rational peptide design in 
combating neurodegenerative proteinopathies. For example, the fusion of neuroprotective peptides with rabies virus 
glycoprotein (RVG29) has shown promise in delivering active molecules into the CNS via nicotinic acetylcholine 
receptor-mediated transcytosis.40

BBB Delivery Approaches
Conceptually, BBB-related strategies can be divided into two groups. First, approaches that primarily increase systemic 
exposure, such as PEGylation, albumin-binding motifs, depot formulations, or oral absorption enhancers, extend 
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circulation time and overall exposure but do not fundamentally alter how the peptide crosses the BBB. Second, 
approaches that change the mechanism of CNS distribution, including receptor-mediated transcytosis (eg., transferrin 
or insulin receptor ligands), cell-penetrating peptides, exosome or nanoparticle shuttles, and intranasal administration, 
directly target or bypass the BBB. In practice, smaller (≤2–3 kDa), moderately lipophilic or cyclic peptides with low 
polar surface area may benefit from prodrug or lipidation strategies combined with half-life extension, whereas larger, 
highly charged, or hydrophilic constructs generally require an active transport or carrier-based solution. Matching peptide 
physicochemical properties to the most appropriate BBB strategy early in design can avoid late-stage failures driven by 
inadequate brain exposure.41–43

Delivery Systems: Nanoparticles and Exosome Mimetics
Peptides quickly break down in the body and struggle to cross the BBB. Efforts to enhance BBB penetration have 
focused on several strategies, including chemical modification (eg., lipidation or use of cell-penetrating peptides), 
nanocarrier encapsulation (eg., liposomes, exosomes, and polymeric nanoparticles), and receptor-mediated transcytosis 
(eg., using ligands for transferrin or insulin receptors).44,45 Sophisticated formulations, including liposomes, cell- 
penetrating peptides, nanoparticle carriers, and intranasal delivery systems, have emerged as valuable tools for evading 
BBB limitations without sacrificing effectiveness.46 Another promising tool is exosome mimetics, which are engineered 
particles that mimic the natural cellular messengers. These vesicles can naturally cross the BBB and deliver their cargo 
directly to neurons.47 By loading therapeutic peptides into exosome-like structures, these built-in transport systems can 
be used to safely and efficiently deliver drugs.

Peptide-only and nanoparticle-assisted BBB strategies offer complementary trade-offs. Direct engineering of small, 
cyclic, or lipidated peptides can yield relatively simple products with predictable PK, lower manufacturing complexity, 
and reduced long-term accumulation in off-target tissues, but is constrained by strict physicochemical limits on size, 
charge, and polarity. In contrast, encapsulation of peptides within polymeric nanoparticles, liposomes, or exosome 
mimetics can dramatically enhance brain delivery and protect unstable sequences without heavily modifying the peptide 
itself; however, these systems introduce additional layers of complexity in formulation, scalability, and regulatory 
characterization (eg., heterogeneity of particle size, surface composition, and long-term biodistribution). For AD, lean 
“peptide-only” solutions may be preferable for chronic administration when suitable scaffolds exist, whereas nanoparti
cle-assisted strategies are particularly attractive for larger or highly polar peptides that cannot realistically meet BBB 
constraints through medicinal chemistry alone.48

Rational Design via SAR
The structure–activity relationship (SAR) of peptide-based CNS therapeutics is critical for rational drug design. Key 
activity determinants include the amino acid sequence, side-chain composition, hydrophobic/hydrophilic balance, and 
molecular conformation. For example, Aβ-targeting peptides often incorporate hydrophobic residues that complement the 
aggregation-prone regions of Aβ, enabling high-affinity binding and aggregation inhibition.49 SAR studies have revealed 
that backbone cyclization, the introduction of β-amino acids, and stapling techniques can enhance receptor affinity, 
proteolytic stability, and BBB penetration without significantly compromising solubility. Additionally, peptide–drug 
conjugates (PDCs) and multivalent constructs have emerged as strategies to boost efficacy by combining targeting 
moieties with effector functions in a single molecular framework. Computational tools, including molecular dynamics 
simulations and quantitative SAR (QSAR) modelling, increasingly support peptide optimization by predicting favorable 
conformations and identifying binding hotspots, thereby accelerating the discovery of lead candidates with CNS 
penetration potential.50

Improving the stability and activity of peptide drugs has begun with better design. Traditional drug discovery involves 
many trial-and-error processes. However, researchers are now using SAR studies and computer modelling to predict how 
small changes in a peptide’s structure affect its behavior in the body.51 This includes the stability of the peptide, how well 
it binds to its target, and how likely it is to be broken down by enzymes. For example, modifying the peptide backbone 
using non-natural amino acids or cyclizing the peptide can increase its resistance to degradation. These design tweaks, 
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informed by predictive models and ML tools, have already led to more stable peptide candidates that retain their ability 
to block toxic protein interactions in AD.52

Peptide drug development is no longer just a domain of chemists. Tackling complex diseases such as Alzheimer’s 
requires input from multiple fields. Medicinal chemists work to improve peptide structure and stability. Computational 
scientists utilize AI to model the behavior of peptides in the body, whereas pharmacologists investigate how drugs 
interact with the brain and how the body processes them.52,53 By combining the expertise from these areas, researchers 
can design peptides more efficiently, predict side effects earlier, and streamline the path from laboratory discovery to 
clinical testing. For example, collaborations between chemists, imaging specialists, and pharmacologists have led to the 
development of peptide-based tracers for brain imaging in Alzheimer’s patients, aiding both diagnosis and treatment 
monitoring.54

Stability & Efficacy Enhancement for CNS Targeting
Medicinal chemistry approaches to enhance peptide stability and efficacy include structural alterations, such as cycliza
tion, terminal protection, and non-natural amino acids, each designed to enhance metabolic stability, binding affinity, and 
pharmacokinetic properties.55–57

Cyclization
Cyclization is perhaps one of the most effective methods to increase the stability and activity of peptide therapeutics, 
especially for neurological diseases.32,58 Head-to-tail cyclization stabilizes the conformation of the peptide by covalently 
connecting the N- and C-termini, increasing protease resistance, and decreasing susceptibility to enzymatic degradation. 
Stapling is an example of a cyclic constraint whereby incorporating artificial cross-links (most achieved via side-chain 
interactions) holds the peptide in a target bioactive structure.59–61 Such processes increase metabolic stability and can 
further increase receptor binding affinity and selectivity towards a target, which is critical to manifest therapeutic activity 
within the CNS. Additionally, such cyclic peptides are generally more effective at penetrating biological barriers such as 
the BBB because of their rigid and compact structures, which facilitate better membrane penetration and receptor 
binding.59,60

In a recent example, researchers have explored cyclic cell-penetrating peptides (CPPs) in which hydroxy- or amino- 
prolines in β-turns are replaced by hydrophobic residues to improve uptake. Screening 17 linear and cyclic peptides 
showed that one cyclic peptide, cCPP 15, had particularly high permeability and efficiently delivered a fluorophore 
(ATOTA) and EGFP into MCF-7 and HeLa cells. Structurally, cCPP 15 contains two endocyclic and two exocyclic 
D-arginines plus a trans amino-L-proline bearing a 2-naphthylmethylene group in a type II β-turn, which markedly 
enhances cell penetration and may support delivery of macromolecules, potentially even across the blood–brain barrier 
(Figure 2a).62

PEGylation, Acetylation, and Amidation
Terminal modifications are key for enhancing peptide pharmacokinetics and pharmacodynamics. PEGylation, the 
attachment of polyethylene glycol chains to the peptide, is a proven method for extending peptide half-life within the 
bloodstream, improving solubility, and decreasing immunogenicity.63,64 This alteration efficiently protects the peptide 
from enzymatic proteolytic digestion. This enhances a more desirable PK profile, which is beneficial for drugs entering 
the CNS, where therapeutic efficacy requires sustained drug concentrations over time. For example, Leuprolide, a GnRH 
agonist for advanced prostate cancer, with a short plasma half-life was optimized through the synthesis of two 
N-terminally PEGylated leuprolide analogs with different PEG sizes via NHS chemistry, yielding highly pure 1:1 
conjugates selectively modified on the histidine imidazole and stable at physiological pH. These PEGylated peptides 
retained in vitro suppression of androgen- and EGF-driven proliferation and reproduced the in vivo pharmacodynamic 
profile of native leuprolide, while exhibiting prolonged half-life, increased AUC, and reduced clearance after both I. 
V. and S.C. administration (Figure 2b).65 Acetylation and amidation of the termini of a peptide can also help stabilize and 
resist enzymatic breakdown. These structural changes enhance the peptide’s metabolic half-life and potency to traverse 
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the BBB, which is the most important condition for CNS delivery therapies.66,67 These terminal alterations fine-tune the 
drug-like pharmacology of the peptide, thereby enabling more efficient and persistent therapeutic effects.

Non-Natural Amino Acids: D-Amino Acids, β-Peptides, and Methylation
Incorporating non-natural amino acids is an advanced strategy for enhancing the structural stability and biological 
activity of peptide-based drugs. D-amino acids, the mirror image of L-amino acids typically found in peptides, can 
improve resistance to enzymatic degradation without compromising the biological activity of the peptide. This modifica
tion is particularly useful in stabilizing peptides against proteases, thereby increasing their bioavailability and potency. β- 
peptides, which are composed of β-amino acids instead of α-amino acids, offer further stability improvements by 
providing a more rigid, nonproteinogenic backbone.68 This rigidity reduces the peptide’s conformational flexibility, 
enhancing its resistance to proteolysis and improving its interaction with biological targets. Additionally, methylation of 
peptide side chains or backbones can fine-tune the peptide’s binding affinity and stability, offering increased selectivity 
for its target, while further protecting against metabolic breakdown. These modifications enhance the therapeutic 
potential of the peptide, particularly for challenging targets in the CNS.69

These foundational concepts were effectively utilized in the groundbreaking research conducted by DeGrado et al, 
who investigated peptides comprising the β3-hVal/hLeu-β3-hLys-β3-hLeu motif (Figure 2c).70 Initial antibacterial β- 
peptide design used the β3-hVal/hLeu–β3-hLys–β3-hLeu motif and showed micromolar antibacterial activity but also 
comparable hemolysis. Refining the sequence to less lipophilic β3-hAla–β3-hLys–β3-hLeu repeats improved specificity 
by reducing hemolytic activity. In contrast, related β3-hAla–β3-hLys–β3-hPhe peptides displayed only moderate anti
bacterial effects combined with high hemolytic activity, indicating an unfavorable selectivity profile. Subsequent work 
expanded β-antimicrobial peptide libraries with diverse β-amino acid building blocks, confirming that activity and 
selectivity depend on a fine balance of lipophilicity, charge distribution, and conformational flexibility. Overall, positive 
charge proved critical: introducing a negatively charged C-terminal carboxylate markedly reduced antimicrobial potency 
relative to the corresponding C-terminal amide analogs (Figure 2d).71

Figure 2 Chemical structures of cyclic peptide (a), PEGylated peptide (b), β-Peptides (c and d).
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Experimental & Synthesis Platforms
Fast-Flow Synthesis: Inline Monitoring with UV–Vis
Peptide-based therapeutics for neurodegenerative diseases, particularly AD, require precise, reproducible, and scalable 
synthetic methods to ensure batch-to-batch consistency, bioactivity, and manufacturability.72,73 Traditional SPPS have 
revolutionized the development of peptide drugs. However, inherent limitations such as long cycle times, inefficient 
reagent usage, and poor scalability have driven the adoption of flow-based synthesis technologies.

Fast-flow synthesis has emerged as a transformative platform for rapid, efficient, and automated peptide preparation. 
Unlike batch synthesis, fast-flow techniques enable continuous reagent delivery through packed resin beds under 
controlled conditions, dramatically accelerating reaction kinetics. The key advantages of fast-flow peptide synthesis 
include shortened reaction times, improved coupling efficiency, reduced side reactions, and potential to integrate real- 
time quality control strategies.72,74

A critical advancement within fast-flow platforms is the implementation of inline monitoring using ultraviolet–visible 
(UV–vis) spectroscopy. This technique allows real-time monitoring of the deprotection and coupling steps by detecting 
changes in chromophores associated with Fmoc groups or other UV-active species released during synthesis.74–76 Inline 
UV–vis detection offers several advantages.

a) Immediate feedback on reaction completion, facilitating dynamic adjustment of reaction parameters if necessary.
b) Reduction of synthesis failures by enabling the early detection of incomplete reactions or resin fouling.
c) Data-rich synthesis runs provide quantitative metrics such as coupling yields and deprotection efficiencies for 

each step.
d) Decision-making automation allows real-time optimization through feedback control loops.

Despite these advantages, fast-flow peptide synthesis also has important limitations. The initial capital cost and 
technical expertise required to implement high-pressure flow systems remain barriers for many academic and 
early-stage industrial laboratories. Very long or aggregation-prone sequences can still suffer from incomplete 
couplings, aspartimide formation, or on-resin aggregation even under flow, necessitating extensive optimization of 
temperature, solvent composition, and residence time. Moreover, the accelerated cycle times increase the impor
tance of inline and offline analytics to ensure that truncated or modified by-products are detected and controlled; 
comprehensive impurity profiling and scale-up under GMP conditions are still less mature than for classical batch 
SPPS. As a result, fast-flow platforms are currently best suited to rapid lead optimization and library generation, 
with final process development often transitioning to more established production formats.77,78

For instance, Pentelute et al developed an automated fast-flow peptide synthesizer that integrates inline UV–vis 
detectors to monitor Fmoc deprotection kinetics at 310 nm, achieving synthesis times of less than one hour for 
complex peptides such as a 40-mer β-amyloid peptide implicated in AD pathogenesis.79 By recording UV–vis 
traces during synthesis, aberrant steps can be rapidly identified and corrected, ensuring high fidelity and reducing 
synthesis artifacts that compromise therapeutic efficacy. Fast-flow synthesis with inline UV–vis monitoring is 
highly compatible with the stringent quality control requirements necessary for good manufacturing practices 
(GMP) and is intended for clinical-grade peptide drugs used in neurodegenerative disease applications.79

In the context of AD research, where therapeutic peptides such as β-sheet breakers, Aβ aggregation inhibitors, and tau- 
targeting peptides demand high structural purity and conformational integrity, fast-flow synthesis with inline UV–vis 
monitoring represents a crucial technological advance. This ensures that lead candidates can be produced swiftly, repro
ducibly, and at scales suitable for pre-clinical and clinical evaluations. Overall, the synergy between fast-flow synthesis 
platforms and real-time UV–vis monitoring paves the way for the next generation of peptide therapeutics for AD, promising 
enhanced control over molecular quality, accelerated development timelines, and better translation from bench to bedside.80
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Drug Repurposing and Clinical Translation
In the context of AD, peptide drug repurposing offers several advantages, including high target specificity, favorable 
safety profiles, and potential for multimodal actions affecting neuroinflammation, oxidative stress, and synaptic plasticity 
(Table 1).81

Table 1 Clinical Profiles and Mechanistic Insights of Repurposed Peptide Therapeutics in Alzheimer’s Disease

Drug/ 
Peptide

Mechanism of 
Action

Developmental 
Stage/Evidence 
Level

Outcomes/ 
Findings

Significance Limitations References

Intranasal 
Insulin

Enhances impaired 
brain insulin 

signaling; restores 

synaptic function, 
modulates Aβ 
metabolism, reduces 

tau phosphorylation 
via PI3K/Akt 

pathway.

Phase II trials (eg., 
NCT01767909); 

intranasal delivery 

bypassing the BBB. 
Multiple Phase II 

trials and device- 

optimization studies; 
meta-analyses 

through 2022–2025

Improved memory 
(Delayed Story 

Recall, ADAS-Cog), 

preserved brain 
glucose metabolism 

(FDG PET), no 

significant systemic 
hypoglycemia.

Demonstrates that 
metabolic 

modulation can 

improve cognition 
in AD. Intranasal 

delivery optimizes 

central nervous 
system (CNS) 

targeting while 

minimizing systemic 
side effects.

Device variability, 
dose-response 

uncertainty, and 

heterogeneity in 
disease stage and 

ApoE4 status; CSF 

Aβ and tau changes 
are modest and 

inconsistent. 

Currently not 
a disease-modifying 

therapy, best viewed 

as mechanistically 
interesting but 

unproven in clinical 

efficacy.

[82, 83]

Liraglutide 

(GLP1 
Analog)

GLP-1RAs; 

neurotrophic, anti- 
inflammatory, 

reduces Aβ 
production, 
mitigates tau 

pathology, enhances 

synaptic plasticity.

Phase II trials (eg., 

ELAD study, 
NCT01843075) for 

mild AD. Phase 2b 

ELAD (≈200 
patients, mild AD); 

additional 

mechanistic and 
imaging studies.

Reduced brain 

atrophy (MRI 
volumetrics), 

Potential cognitive 

stabilization, 
Decreased 

neuroinflammation 

biomarkers (eg., 
IL6).

Originally a diabetes 

drug, liraglutide 
exemplifies 

successful drug 

repurposing. 
Positive brain 

structural and 

functional outcomes 
reinforce the “brain- 

metabolism axis” 

concept in 
Alzheimer’s therapy.

Imaging and 

biomarker benefits 
are encouraging but 

clinical effect sizes 

remain modest; 
definitive Phase 3 

trials with clinical 

primary endpoints 
and longer follow-up 

are needed. Off- 

target metabolic 
effects and rare GI 

adverse events must 

be managed in 
frail AD populations.

[84]

Oxytocin Modulates synaptic 

plasticity, 
GABAergic 

transmission; 

suppresses 
neuroinflammation 

and tau pathology; 

enhances memory 
circuits.

Preclinical AD 

models; intranasal 
delivery in animal 

models.; Phase 

I trials proposed.

Restored 

hippocampal LTP, 
Improved memory 

in AD models, 

reduced microglial 
activation, and tau 

aggregation.

Oxytocin’s potential 

to enhance social 
cognition and 

reduce 

neuroinflammation 
makes it a promising 

adjunctive therapy 

for early Alzheimer’s 
disease (AD). 

However, intranasal 

delivery is crucial to 
ensure CNS 

penetration.

Human AD trials are 

not yet available; 
dose, chronic 

tolerability, and 

precise mechanism 
in human AD remain 

to be established.

[85, 86]
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One of the earliest examples was intranasal insulin. Disruption of insulin signaling has been implicated in AD 
pathogenesis, with the brain exhibiting features akin to those of insulin resistance. Intranasal delivery bypasses the BBB 
and ensures direct transport to the CNS via olfactory and trigeminal pathways, minimizing peripheral side effects, such as 
hypoglycemia.82,83 Randomized phase II studies of intranasal insulin in participants with mild cognitive impairment or 
early Alzheimer’s disease (sample sizes typically 60–300) have reported improvements in memory composites (eg., 
Delayed Story Recall, ADAS-Cog) and preservation of regional brain glucose metabolism on FDG-PET over 4–12 
months, without significant systemic hypoglycemia. These data suggest target engagement and potential symptomatic 
benefit but are not yet sufficient to establish durable disease modification.82,83

Similarly, glucagon-like peptide-1 (GLP-1) receptor agonists such as liraglutide and exenatide, initially developed for 
type 2 diabetes mellitus, have been repurposed for AD owing to their neurotrophic and anti-inflammatory properties. 
Preclinical studies have consistently reported that GLP-1 analogs reduce amyloid plaque burden, diminish tau hyperpho
sphorylation, attenuate microglial activation, and enhance synaptic plasticity. In transgenic AD mouse models, GLP-1 
receptor agonists (GLP-1RAs) such as liraglutide improve memory performance and normalize long-term potentiation, 
supporting a neurotrophic and anti-inflammatory mechanism. In humans, the Phase 2b ELAD trial (NCT01843075) 
enrolled patients with mild AD and evaluated liraglutide versus placebo over 12 months; interim analyses have reported 
preserved brain volume and a numerically smaller decline on cognitive scales, but the magnitude and durability of 
clinical benefit remain uncertain and require confirmation in larger, longer-term trials.84

In addition to metabolic peptides, oxytocin, implicated in social cognition, is gaining attention for its therapeutic potential 
in AD. Recent work has demonstrated that intranasal oxytocin restores hippocampal synaptic plasticity and memory deficits 
in an AD mouse model, primarily by suppressing tau pathology and neuroinflammation.85,86 Mechanistically, oxytocin 
modulates GABAergic transmission and neuroimmune responses, suggesting a novel neuromodulator approach distinct from 
Aβ- or tau-targeted therapies. Collectively, these examples highlight the repositioning of approved peptide drugs as 
innovative strategies to address the multifactorial pathogenesis of AD and potentially alter its natural course.85,86

Practical Design Checklist for CNS Peptide Candidates
A practical design checklist to aid early-stage programs in defining minimal data packages before strong claims of “CNS 
readiness” would involve:

– Biological target and mechanism: Define the primary target (eg., Aβ, tau, neuroinflammatory pathway) and whether 
the peptide acts as an inhibitor, agonist, or decoy.

– Intended route of administration: Select route (intravenous, subcutaneous, intranasal, oral) consistent with chronic 
use in older adults and with the peptide’s stability profile.

– Stabilization strategy: Plan backbone and side-chain modifications (cyclization, D-amino acids, N-terminal capping, 
PEGylation, or β-residues) required to achieve a therapeutically relevant half-life and protease resistance in plasma and CSF.

– Brain-exposure strategy: Match peptide size, polarity, and charge to an appropriate BBB approach (eg., lipidation or 
small cyclic scaffolds for passive diffusion, receptor-mediated transcytosis tags, CPP motifs, nanoparticle or exosome 
encapsulation, or intranasal delivery).

– Safety and immunogenicity: Have sequence and modifications been screened in silico for immunogenic epitopes 
and off-target liabilities.

– Early experimental package: At minimum, establish (i) in vitro target engagement and mechanism, (ii) serum and 
CSF stability and basic DMPK, (iii) in vitro BBB permeability or endothelial transport assays, (iv) in vivo PK with brain: 
plasma ratios, and (v) proof-of-concept efficacy on cognitive or pathological readouts in at least one AD-relevant model 
before making strong claims about clinical potential.

Computational and AI Design in Peptide Therapeutics
Computational and AI Approaches to Improve Peptide Therapeutics
The emergence of AI and computational design technologies has opened a revolutionary age for peptide therapeutics. 
Previously, the evolution of bioactive peptides relied on empirical screening and medicinal chemistry processes, which 
are labor-intensive, time-consuming, and have limitations.87
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Computational methods have become pivotal for accelerating peptide discovery for AD therapeutics. These 
approaches integrate bioinformatics, molecular modeling, and machine learning to predict peptide structure, binding 
affinity, and biological activity. The current workflow follows a “funnel” approach, starting with high-throughput 
virtual screening (VS) and culminating in computationally intensive molecular dynamics (MD) simulations.88 

Molecular docking and dynamics simulations enable the exploration of peptide interactions with Aβ aggregates and 
tau proteins, which are key pathological hallmarks of AD.89 Molecular docking provides detailed insights into binding 
conformations and affinities, allowing researchers to identify key interaction sites and predict the strength and 
specificity of peptide-target binding. Critically, for flexible targets such as Aβ oligomers, which are intrinsically 
disordered proteins, recent protocols employ “flexible-flexible” docking to account for backbone conformational 
movements in both the ligand and the receptor.89,90 Docking is often used in an ML-docking cascade to confirm 
that computationally predicted peptide hits can physically fit and interact strongly with the enzyme active site.91 MD 
simulations complement docking by offering dynamic perspectives on peptide-target stability and conformational 
changes over time, which are essential for understanding the mechanistic basis of peptide efficacy and potential off- 
target effects. MD is instrumental in elucidating the mechanisms of aggregation inhibition, such as stabilizing Aβ in an 
unfolded state or blocking aggregation-prone regions through specific interactions such as π-π stacking.92 Binding 
stability was rigorously assessed by calculating the binding free energy (ΔG bind) using methods, such as MM/ 
GBSA.93,94 Furthermore, Quantum Biochemistry methods, coupled with MD, offer detailed molecular insights, 
confirming, for example, that three Complementarity Determining Regions contributed approximately 77% of 
Aducanumab’s total affinity to the Aβ(2–7) epitope.95

Docking and MD-based workflows should be interpreted as hypothesis-generating tools rather than definitive 
predictors of efficacy. In practice, we consider docking results more credible when the protocol can (i) accurately 
re-dock co-crystallized ligands within a low RMSD, (ii) reproduce key interactions observed experimentally, (iii) 
distinguish active from inactive analogues in retrospective benchmarking, and (iv) yield consistent binding poses across 
different starting conformations or docking programs. MD simulations add confidence when independent replicas 
converge to similar interfacial contact patterns and when peptide-target complexes remain stable over tens to hundreds 
of nanoseconds. Free-energy estimates from MM(GB/PB)SA are useful for ranking closely related analogues but should 
not be treated as absolute binding energies; they neglect important entropic and solvent contributions and are highly 
protocol-dependent. Recent docking-driven analyses of peptide-protein interactions exemplify how such methods can 
guide interaction mapping and sequence optimization while explicitly acknowledging these limitations.96 Reported 
peptide–target interaction studies commonly cite MM/GBSA-derived binding energies in the range of −20 to −60 
kcal/mol for high-affinity interactions, but inter-laboratory variability is substantial and absolute values depend strongly 
on force field, solvent model, and trajectory length. As a practical guideline:

• Energies within ≈5–10 kcal/mol of each other should generally be treated as comparable without overinterpreting 
rank order.

• Stability over MD trajectories (eg., persistent hydrogen bonds, stable contact networks, and low RMSD fluctuations) 
is often more informative than a single aggregate ΔG value.

Validation should, whenever possible, link computed rankings to experimental measures such as IC50 or Kd value. 
This principle is well illustrated in docking-driven optimization of isosteviol-based FXa inhibitors, where docking scores 
and MM/GBSA energies were used to prioritize analogs that subsequently validated in biochemical assays,96 serving as 
a methodological benchmark for peptide and peptidomimetic projects.

Quantitative structure–activity relationship (QSAR) modeling is increasingly applied to peptide datasets to prioritize 
sequences based on predicted potency, selectivity, or BBB permeability. However, robust performance requires careful 
control of information leakage, appropriate training/validation splits, and clear applicability domains. A recent structured 
QSAR pipeline for 2-aminothiazol-4(5H)-one derivatives as 11β-HSD1 inhibitors illustrates several best practices: (i) 
internal validation with cross-validation; (ii) external test sets that are structurally distinct from training compounds; (iii) 
mechanistically interpretable descriptors; and (iv) explicit definition of chemical space boundaries beyond which 
predictions should be treated as exploratory rather than confirmatory. For peptide-focused QSAR and ML models, 
stringent validation is essential to avoid over-fitting and misleading performance estimates. Recent QSAR workflows in 
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neuroactive peptide and small-molecule design illustrate how such structured pipelines, combined with interpretable 
feature analysis, can provide robust guidance for medicinal chemistry optimization.97

ML algorithms analyze large datasets, including peptide sequences, physicochemical properties, and biological assay 
results, to identify peptide candidates with optimal characteristics such as BBB permeability, metabolic stability, and 
target specificity.98 These algorithms employ diverse techniques, including support vector machines, random forests, and 
deep neural networks, to capture complex relationships between sequence features and functional outcomes. By 
leveraging sequence-based features, structural motifs, and physicochemical parameters, ML models enable the rapid 
screening and prioritization of vast peptide libraries, dramatically reducing the time and cost associated with traditional 
experimental screening. ML algorithms are adept at learning cross-domain features to overcome the challenges of sparse 
peptide data, leading to the discovery of novel actives.14,99,100

AI-driven de novo peptide design platforms generate novel peptide candidates by learning from existing peptide 
libraries and structural databases.101 These generative models, such as variational autoencoders and generative adver
sarial networks, facilitate the creation of peptide sequences with tailored properties by simultaneously optimizing 
multiple parameters, including the binding affinity, solubility, and PK profiles.13 The integration of multi-omics datasets, 
including genomics, proteomics, transcriptomics, and metabolomics, with AI models further refines target identification 
and peptide optimization, enabling a systems biology approach to AD therapeutics. This holistic strategy allows the 
identification of novel peptide targets linked to disease pathways, thereby improving the likelihood of therapeutic 
success.102

Generative AI techniques (eg., GANs, VAEs, Reinforcement Learning) are essential for de novo peptide design, 
enabling the simultaneous creation of entirely new sequences optimized for multiple characteristics.103 These algorithms 
can design peptides to “tile” the surface of amyloid fibrils, acting as molecular caps to halt elongation.104 DL models 
such as DeepB3P have been specifically developed to predict and generate BBB-penetrating peptides with high 
accuracy.105

Generative models such as VAEs and GANs have shown strong performance in producing diverse, high-affinity 
peptides for antimicrobial and hormone-like targets, but most applications in AD remain preclinical, with only a few 
examples progressing to animal efficacy studies. In contrast, specialized models such as DeepB3P are explicitly trained 
to identify BBB-penetrant sequences and therefore directly address CNS exposure; however, their outputs still require 
extensive experimental validation, and no DeepB3P-derived peptide has yet reached advanced clinical testing.105 At 
present, the most mature AI-enabled pipelines for AD combine conventional docking/MD and QSAR with structure 
prediction, while purely generative and BBB-specific models should be viewed as powerful hypothesis generators that 
must be integrated carefully into experimental workflows.

AlphaFold and related structure-prediction tools are the most mature in terms of broad adoption and benchmarking; 
they are particularly useful for L-peptide and protein scaffolds involved in Aβ and tau binding, but they are less reliable 
for disordered segments and D-rich or cyclic peptides. However, a key limitation persists while AlphaFold and 
AlphaFold 3 have been transformative for protein structure prediction, AlphaFold 3 performs poorly in predicting the 
structure of D-amino acid peptides, a critical therapeutic class, owing to its high chiral violation rate (~51%).106,107

The poor performance of current structure-prediction tools for D-amino-acid and retro-inverso peptides has practical 
consequences for design workflows: in many cases, reliable 3D models are not available a priori, which constrains purely 
structure-based optimization. In practice, designers often start from experimentally supported L-peptide structures, then 
generate retro-inverso or D-rich analogues and refine them by targeted MD simulations or energy minimization, treating 
the predicted conformations as qualitative hypotheses rather than ground truth. Where possible, low-resolution experi
mental data (eg., CD spectra, NMR distance restraints) or coarse-grained models are used to validate and calibrate these 
in silico structures before committing to large design cycles. From a translational perspective, limited reliability of 
structure prediction for D-peptides and β-peptides means that medicinal chemists cannot yet rely on a “design-once, 
model-driven” workflow. Instead, D-enrichment is typically introduced after initial L-peptide leads have been validated, 
with iterative cycles of synthesis, biophysical characterization, and MD-supported conformational analysis to ensure that 
stability gains do not compromise target engagement.55,108,109
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Moreover, computational approaches have increasingly incorporated predictive toxicology and immunogenicity 
assessments to evaluate peptide safety profiles early in the development process and mitigate downstream risks. In silico 
toxicity prediction models assess potential off-target interactions, immunogenic epitopes, and adverse pharmacodynamic 
effects, thereby guiding the selection of safer candidates. The synergy of these computational strategies reduces the 
experimental burden by prioritizing candidates with the highest likelihood of efficacy and safety, thereby streamlining the 
drug development pipeline and shortening the timelines from discovery to clinical evaluation. The continuous evolution 
of computational power and algorithmic sophistication promises further enhancements in peptide design accuracy and 
predictive capabilities, enabling a more reliable translation from in silico predictions to in vivo efficacy. A summary of 
AI driven platforms and computational workflows is presented in Table 2.

Examples of Successful AI/Computational Guided Peptide Discovery
Several studies have demonstrated the success of AI and computational tools in identifying peptides that modulate AD 
pathology.

Table 2 Selected AI/ML Platforms Relevant to Peptide Therapeutics in AD

Category Tool/ 
Platform

Representative 
Approaches

Key Strengths Key Limitations for AD 
peptides

References

Generative 

Models

GANs, VAEs, 

transformers; 

eg., 
PepINVENT, 

DeepB3P

Learn sequence–property 

relationships and generate de 

novo peptides optimized for 
multi-parameter objectives 

(potency, solubility, BBB 

penetration).

Rapid exploration of vast 

sequence space; ability to 

enforce sequence constraints 
and incorporate non-natural 

amino acids.

Training data for CNS-active 

peptides are sparse and biased; 

models may extrapolate poorly 
to long, cyclic, or D/ 

β-containing peptides; 

generated sequences require 
intensive filtering and 

experimental triage.

[103, 110,  

111]

Task- 

specific 

deep 
models

DeepB3P for 

BBB- 

penetrant 
peptides

Predict BBB penetration 

probability from sequence 

and limited physicochemical 
features; may also generate 

BBB-active motifs.

Directly target CNS exposure, 

a critical bottleneck; can 

suggest CPP-like modules or 
substitution patterns that favor 

adsorptive or receptor- 

mediated transcytosis.

Trained on relatively small, 

heterogeneous datasets with 

assay- and species-dependent 
definitions of BBB penetration; 

applicability to AD-relevant 

routes and chronic dosing 
remains uncertain.

[105]

Classical 

ML/QSAR

SVM, RF, 

gradient 

boosting

Sequence- or descriptor- 

based models for activity 

(Aβ/tau aggregation 
inhibition, enzyme inhibition, 

toxicity).

Transparent, relatively easy to 

interpret; suitable when 

datasets are small or medium- 
sized; can be integrated with 

docking outputs as features.

Vulnerable to overfitting and 

information leakage; 

performance sharply degrades 
when extrapolating to new 

chemotypes or length scales 

without explicit applicability- 
domain control.

[88, 112]

Structural 
Prediction

AlphaFold, 
RoseTTAFold

High-accuracy structure 
prediction for many proteins 

and some peptides; supports 

structure-based design and 
docking setup.

Provide atomistic models 
without crystallography; useful 

for rational placement of 

staples or cyclization sites and 
for building receptor 

ensembles.

Accuracy drops for disordered, 
cyclic, and non-standard 

residue-containing peptides; 

AlphaFold3 shows high chiral- 
violation rates (~51%) for 

D-amino acid peptides, making 

such predictions unreliable for 
design without experimental 

confirmation.

[106, 107,  
113]
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AI algorithms have designed peptides that inhibit Aβ aggregation by targeting specific amyloidogenic regions, 
effectively reducing plaque formation in in vitro and in vivo models.114,115 These peptides act by binding to aggregation- 
prone sequences within Aβ, thereby preventing the nucleation and elongation phases of fibril formation that are critical 
for plaque development. Prosome Therapeutics® exemplifies this approach by leveraging proprietary AI to develop 
decoy peptides that neutralize Aβ peptides and protect neurotransmission. Their platform utilizes deep learning to predict 
peptide-Aβ interactions and optimize sequences for enhanced stability, brain penetration, and therapeutic efficacy. DL 
models led to the identification of AI-Pep-1, which potently inhibits Aβ oligomerization and protects neurons in vitro. 
Structure-based design algorithms have been used to create mini-protein inhibitors (35–48 residues) designed to bind and 
cap the tips of Aβ and tau fibrils, successfully blocking toxicity in C. elegans models.116 VS techniques identified small 
peptides (tri- and hexapeptides such as WWW and CILFWG) capable of destroying Aβ fibrils, emphasizing the role of 
tryptophan and proline residues.92,117

Beyond Aβ targeting, DL models have been employed to optimize peptide sequences for enhanced binding to the tau 
protein, another key pathological hallmark of AD, resulting in peptides that prevent tau aggregation and neurofibrillary 
tangle formation.116,118 These tau-targeting peptides are designed to interfere with the pathological phosphorylation and 
aggregation processes, thereby mitigating tau-mediated neurotoxicity. Structure-based design led to the cyclic peptide 
cTau-binder, optimized to sterically hinder the lateral association of tau protofilaments, reducing aggregation and 
improving cognition in transgenic mice.119 A significant computational success is the retro-inverso peptide RI-AG03, 
designed to “dual-cap” the two key tau aggregation hotspots (306VQIVYK311 and 275VQIINK280), showing high 
potency and extended survival in Drosophila tauopathy models. Computational mutagenesis also identified the bovine 
milk peptide p136 as a binder for the tau PHF core, which was predicted to disrupt further aggregation.120 Computational 
screening has also identified multifunctional peptides with antioxidant and anti-inflammatory properties that simulta
neously address multiple AD pathological pathways.121 Such multifunctional peptides demonstrate the ability to 
scavenge reactive oxygen species, inhibit pro-inflammatory cytokine release, and modulate microglial activation, offering 
a holistic therapeutic approach.122 A hybrid ML–molecular docking cascade successfully discovered six novel anti- 
acetylcholinesterase (AChE) hexapeptides, with the most potent achieving an IC50 in the low nanomolar range.91 ML 
models have also guided the discovery of peptides that inhibit RAGE receptor with anti-inflammatory effects.123 The 
ApoE-mimetic peptide CS-6253 was rationally designed to promote cholesterol efflux by stabilizing the ABCA1 
transporter, successfully reducing Aβ pathology, and improving memory in AD model mice.124

Furthermore, AI-guided discovery has enabled the identification of peptides with enhanced PK properties such as 
improved BBB permeability and resistance to proteolytic degradation, which are critical for effective CNS delivery. 
Computational modeling has enabled the design of Brazilian Copper-Chelating Peptides capable of crossing the BBB to 
reverse memory deficits by addressing metal dyshomeostasis.125

These advances have facilitated the development of peptides with an optimized balance between efficacy and safety 
profiles, thereby accelerating their progression toward clinical evaluation. Collectively, these successes underscore the 
transformative potential of AI-guided peptide discovery in AD drug development, enabling the design of highly specific 
multifunctional therapeutic agents with optimized pharmacological profiles and reduced development timelines.

Case Studies of Recent Research and Clinical Trials of Peptides in AD
This section will report on individual cases with measurable outcomes in AD therapeutics at both preclinical and clinical 
stages, with a dedicated subsection focusing on recent research in peptide therapeutics for AD.

Overview of Recent Research in AD Therapeutics
Recent research on AD therapeutics reflects a diverse array of strategies focusing on metabolic regulation, Aβ targeting, 
neurovascular unit (NVU) integrity, and novel drug delivery systems, each with promising findings and notable limitations. 
Studies have emphasized the therapeutic potential of GLP-1RAs and DPP-IV inhibitors, which enhance glucose metabolism 
and reduce neuroinflammation, demonstrating preclinical success in AD and PD models.126 However, challenges remain in 
improving BBB penetration and expanding the clinical trials to confirm its efficacy in humans. Similarly, a triad of 
antidiabetic agents was explored to improve insulin sensitivity and lower Aβ accumulation, showing neuroprotective effects 
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in AD models, but underscoring the need for clinical validation.127 Another study reviewed Aβ-targeting therapies, including 
monoclonal antibodies such as aducanumab and donanemab, which have shown the capacity to reduce amyloid plaques with 
potential benefits from combination therapies.127 However, their long-term clinical efficacy and impact on disease progres
sion remain unclear. A review combining metformin, GLP-1RAs, and herbal compounds to improve glucose and mitochon
drial function reported enhanced cognition and Aβ reduction in preclinical studies, although robust clinical trials are still 
needed. In parallel, NVU-targeting approaches focus on maintaining BBB integrity, a crucial factor in AD pathogenesis, but 
these strategies are still largely confined to basic research.128 Diagnostic advancements and monoclonal antibody therapies 
targeting Aβ biomarkers hold promise for early detection and intervention, although studies on their efficacy and long-term 
outcomes continue.129 Innovations in peptide-loaded delivery systems, Poly(lactide-co-glycolide) (PLGA) nanocarriers, 
show improved bioavailability and controlled release, which make them effective for neurological and regenerative 
applications; however, challenges in scalability, cost, and regulatory approval limit their broader application.130 

Peptidomimetics of tropomyosin receptor kinase (Trk) ligands demonstrate preclinical benefits in promoting neuronal 
survival and plasticity in AD and PD; however, optimizing BBB delivery remains a significant hurdle.131 System-level 
GLP-1 receptor therapies modulate insulin signaling and neuronal pathways, presenting a multi-targeted neurotherapeutic 
approach still under mechanistic investigation.132 Focused studies on metformin revealed modulation of Aβ, mitochondrial 
function, and neuroinflammation with cognitive benefits in models, but human trials are required.133 Indole-based drugs are 
promising scaffolds for neurodegenerative therapy through diverse pathway targeting, although translational hurdles 
persist.134 Finally, mitochondrial-targeting drugs aim to reverse AD-associated energy deficits by enhancing mitochondrial 
function, underscoring the need for clinical validation to confirm their therapeutic potential.135 These studies illustrate 
a multifaceted and evolving landscape in AD research (Table 3).

Discussion of Ongoing Clinical Trials and Their Outcomes
The clinical landscape reflects diversification, with approximately 164–182 active AD clinical trials as of 2025.136,137 

Several peptide-based therapeutics for AD are currently under clinical evaluation, reflecting the translational progress of 
the preclinical findings. Clinical trials have included peptides designed to inhibit Aβ aggregation, promote amyloid 
clearance, or modulate neuroinflammatory responses.138 Early phase trials have reported favorable safety profiles and 
biomarker improvements, such as reduction in cerebrospinal fluid Aβ levels and modulation of inflammatory markers, 
indicating target engagement and biological activity. The peptide vaccine ALZ-101 (NCT05184335), designed compu
tationally to target soluble Aβ oligomers, showed a favorable safety profile and dose-dependent reduction in CSF 
oligomer levels during Phase II interim analysis.139 ND-001 (NCT05267535), an APOE receptor-binding domain 
mimic, was well tolerated and achieved therapeutic CNS concentrations, showing a trend toward reduced phospho-tau 
levels in the CSF during Phase I/IIa.140 The most advanced peptide candidate is the repurposed metabolic GLP1-RA. 
Liraglutide (Phase 2b ELAD) demonstrated a statistically significant 18% reduction in cognitive decline and preserved 
brain volume in patients with mild AD.84 For GLP-1 receptor agonists, it is important to distinguish biomarker and 
imaging signals from clinically meaningful outcomes. Most AD-focused trials to date have been modest in size and 
duration and have primarily demonstrated changes in neuroimaging measures (eg., regional brain atrophy) and metabolic 
or inflammatory biomarkers, whereas effects on global cognitive and functional endpoints have been small or incon
sistent. Consequently, GLP-1RAs should currently be considered promising metabolic and neurotrophic modulators 
under evaluation rather than established disease-modifying therapies in AD.141 Cerebrolysin, a peptide mixture with 
neurotrophic properties, is in phase 3/4 trials and is effective in improving global clinical function scores.142

However, efficacy outcomes in cognitive endpoints have been variable, with some phase II/III trials demonstrating 
limited or no significant cognitive benefits despite biochemical improvements. The octapeptide NAP (davunetide) failed 
to meet the primary endpoints in a Phase III trial, despite earlier preclinical promise.143 The Phase III trial for the tau- 
targeting peptide Pept-AD-03 was halted for futility owing to a lack of clinical slowing. This translational gap highlights 
the complexity of AD pathophysiology and the challenges in achieving clinical efficacy. Factors influencing trial 
outcomes include peptide stability in vivo, efficient CNS delivery, and patient heterogeneity, encompassing disease 
stage, genetic background, and comorbidities.144
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The mixed track record of peptide-based AD candidates in clinical trials reflects several recurring issues. First, many 
programs advanced into phase II or III with limited quantitative evidence of sustained brain exposure or target engagement in 
humans; peptides that were potent in vitro or in animal models often failed to achieve sufficient free concentrations in the human 
CNS. Second, strong effects on surrogate biomarkers or pathology (eg., plaque or tangle load) have not always translated into 
meaningful improvements on cognitive or functional scales, underscoring an incomplete understanding of the timing and causal 
relevance of these targets. Third, trial designs have sometimes been underpowered or inadequately enriched for patients most 
likely to benefit (eg., by pathology status, stage, or genetic background), diluting potential signals. Finally, long-term safety, 
particularly immunogenicity and off-target effects in frail, multimorbid populations, remains a critical challenge for chronic 
peptide therapy. Recognizing and addressing these failure modes is essential for the next generation of CNS-directed peptides.145

To address these challenges, peptide engineering efforts have focused on enhancing stability through chemical 
modifications and advanced drug delivery technologies, aim to improve the bioavailability in the CNS.146 Adaptive 
clinical trial designs incorporating biomarker-driven patient stratification and AI-assisted data analysis are increasingly 
being employed to improve the detection of therapeutic effects and optimize dosing regimens.147

Table 3 Comparative Analysis of Different Treatment Research Approaches of Alzheimer’s Disease

Study Therapeutic Focus Mechanism of Action Key Findings Limitations/ 
Needs

(Złotek et al, 2023)126 GLP-1RAs, DPP-IV inhibitors Enhance glucose 

metabolism, reduce 

neuroinflammation

Preclinical success in AD 

and PD; mild GI side effects

Need better BBB 

penetration, more 

trials

(Decourt et al, 2022)127 Aβ-targeting therapies Immunotherapy, reduce 

amyloid plaques

Aducanumab, donanemab 

reduce Aβ; possible combo 
benefits

Long-term 

efficacy uncertain

(Soto-Rojas et al, 2021)128 NVU-targeting approaches Maintain BBB integrity NVU dysfunction central 

to AD pathogenesis

Still under basic 

research

(Pokrzyk et al, 2025)129 Aβ biomarkers, therapies Diagnostics and 

monoclonal antibodies 

therapies

Early detection and 

intervention

Ongoing studies 

on efficacy

(Omidian et al, 2025)130 Peptide-loaded delivery systems 

(Poly(lactide-co-glycolide) (PLGA) 
nanocarriers)

Enhance bioavailability, 

control release

Effective for neuro and 

regenerative medicine

Scalability, cost, 

regulation limits

(Thompson al., 2025)131 Peptidomimetics of Trk ligands Promote neuronal 
survival/plasticity

Preclinical promise in AD 
and PD

Optimization of 
BBB delivery 

needed

(Janssense et al, 2014)132 Systems-level GLP-1R therapy Modulates insulin, 

neuronal signaling

Potential multi-targeted 

neurotherapy

Mechanistic 

studies ongoing

(Ríos et al, 2024)133 Metformin Modulates Aβ, 

mitochondria, and 

neuroinflammation

Cognitive improvements in 

models

Requires human 

trials

(Mo et al, 2024)134 Indole-based drugs Diverse pathway 

targeting

Promising scaffold in 

neurodegenerative therapy

Translational 

hurdles exist

(Sousa et al, 2023)135 Mitochondrial-targeting drugs Enhance mitochondrial 

function

Key to reversing AD-linked 

energy deficits

Need for clinical 

application 
evidence
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Ongoing clinical efforts underscore the translational potential of peptide therapeutics in AD while emphasizing the 
need for continued innovation in peptide design, delivery, and trial methodology to overcome current limitations and 
achieve meaningful clinical outcomes.

Future Directions and Challenges
Opportunities for Further Research and Development in Peptide-Based Treatments
BBB penetration remains the “greatest challenge” for peptide therapeutics. Future research should prioritize enhancing 
peptide stability, specificity, and brain penetration to maximize the therapeutic efficacy.121 Implementing advanced 
chemical modifications to enhance proteolytic stability and half-life is crucial.148–150 Advances in delivery systems, 
including exosomes, liposomes, polymeric nanoparticles, and other nanocarriers, can improve peptide bioavailability, 
enhance brain targeting, and minimize off-target effects.151 These platforms enable controlled release and protection from 
enzymatic degradation, which are critical for effective CNS delivery. Developing “Trojan horse” strategies, such as 
Receptor-Mediated Transcytosis using functionalized nanoparticles. Nanocarriers protect peptide payloads from enzy
matic degradation and significantly increase brain uptake.152 Intranasal administration offers a noninvasive direct route to 
the CNS.153

The synergistic integration of simulations, ML, and experimental validation offers “integrated design platforms” for 
end-to-end computational prediction of novel sequences, activities, stability, and ADMET profiles.111,149 Integrating 
multi-omics data with AI platforms can also facilitate the identification of novel peptide targets and optimize sequence 
design tailored to individual pathological profiles, thus enabling precision therapeutics.102 The development of multi
functional peptides capable of simultaneously targeting the Aβ, tau, and neuroinflammation pathways offers a promising 
strategy to address the multifactorial nature of AD pathology.154 Such peptides may combine aggregation inhibition with 
anti-inflammatory and neuroprotective activities within a single molecule.

Developing agents that modulate multiple pathways (polypharmacology) is essential, given AD’s complexity 
of AD.155 Novel targets constitute 70% of current pipelines.156 Peptides are ideal candidates for this purpose, capable 
of combining functions such as Aβ aggregation inhibition, metal chelation, and neuroinflammatory modulation.157 

Research should target non-canonical mechanisms, including neuroimmune modulation, mitochondrial function158 and 
the gut-brain axis.159

Collaborative efforts combining computational modeling, experimental validation, and clinical expertise are essential 
to overcome the current limitations and accelerate peptide drug development.

To synthesize these translational issues, Table 4 summarizes major bottlenecks for peptide-based AD therapeutics 
across manufacturing, stability, immunogenicity, CNS exposure, and regulatory/reimbursement domains, together with 
representative mitigation strategies and a qualitative assessment of their current priority in the development pipeline.

Ethical Considerations and Regulatory Challenges in Peptide Drug Development
The accelerated pace of AI-driven peptide discovery introduces novel ethical and regulatory complexities.111 Peptide- 
based therapeutics for AD have significant ethical and regulatory considerations, including patient safety, informed 
consent, and equitable access. A primary concern is the risk of algorithmic bias.160 If AI models are trained on non- 
representative datasets, the resulting peptides may show differential efficacy or safety in underrepresented genetic 
ancestries, exacerbating health disparities.161 The complexity of AI-guided design necessitates transparency in algorith
mic decision-making to ensure reproducibility, accountability, and avoidance of bias, addressing concerns about the 
“black-box” nature of AI models. Regulatory agencies require rigorous validation of peptide efficacy, safety, and 
manufacturing consistency, which can be challenging given the novelty of AI-derived candidates and the inherent 
complexity of peptide synthesis and characterization.162

The U.S. Food and Drug Administration (FDA) and European Medicines Agency (EMA) have established robust 
pathways yet unique challenges concerning peptide-based molecules. For peptides intended to treat AD, the regulatory 
journey typically commences with an Investigational New Drug (IND) application in the U.S. or scientific advice 
procedures in Europe. Subsequently, Phase I trials have focused on systemic safety and CNS penetration, 
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pharmacodynamics at neural targets, and early biomarker changes (eg., cerebrospinal fluid Aβ42, total tau, phosphory
lated tau). Phase II and III trials must demonstrate statistically significant improvements in validated cognitive and 
functional endpoints, such as the AD Assessment Scale-Cognitive Subscale (ADAS-Cog), Clinical Dementia Rating Sum 
of Boxes (CDR-SB), and global scales such as the AD Cooperative Study–Activities of Daily Living (ADCS-ADL) 
.82,83,163,164 Importantly, regulatory agencies have increasingly recognized surrogate biomarkers as acceptable endpoints 
for accelerated approval. For instance, the FDA’s accelerated approval of aducanumab was based on amyloid plaque 
reduction rather than clinical benefits. This evolving landscape may facilitate earlier access to peptide therapeutics, 
resulting in compelling biomarker modulation. Nevertheless, peptides face regulatory hurdles unique to their biophysical 
nature, including susceptibility to enzymatic degradation, immunogenicity risk, and limitations in CNS bioavailability, 
necessitating rigorous formulation innovations to meet regulatory expectations of durability, consistency, and CNS 
exposure. Furthermore, before considering full marketing authorization, the FDA and EMA emphasize the need for 

Table 4 Major Translational Bottlenecks for Peptide-Based Therapeutics in Alzheimer’s Disease and Potential Mitigation Strategies

Bottleneck 
Domain

Typical Manifestation in 
Peptide AD Programs

Principal Impact Representative Mitigation 
Strategies

Approximate 
Priority*

Target selection 

and biology

Single-pathway targeting (Aβ-only, 

tau-only) often insufficient; disease 

heterogeneity and comorbidities 
dilute effect sizes.

Several peptide candidates 

show biomarker improvements 

without consistent clinical 
benefit; polypharmacology is 

underexploited.

AI-Guided and computational 

assisted multi-target design with 

established experimental validation 
platforms.

High

Manufacturing 

and scale-up

Long sequences and complex 

modifications lead to low yields, 

heterogeneous impurity profiles, 
and high COGs; challenges in 

scaling SPPS/flow to 

multi-hundred-gram GMP batches.

Slows progression from 

discovery to IND; contributes 

to high cost-of-goods, limiting 
trial scale and duration.

Shorten sequences where possible, 

modular designs, adoption of 

fast-flow or hybrid SPPS/flow 
platforms with inline monitoring, 

early engagement with CMC 

experts.

High

Stability and 
degradation

Rapid proteolysis and short 
half-life, especially for linear 

peptides; instability in plasma and 

CSF.

Cyclization, D-amino-acid 
substitution, terminal capping, 

PEGylation, lipidation, depot 

formulations.

High

Immunogenicity Risk of anti-drug antibodies with 

chronic dosing; sequence- or 
impurity-driven immune responses.

May not surface until later- 

phase trials; complicates dose 
escalation and long-term use.

Sequence engineering to reduce 

predicted epitopes, high-purity 
manufacturing, careful excipient 

selection, early immunogenicity 

screening.

Moderate

CNS exposure/ 

BBB delivery

Poor penetration across the BBB; 

uncertain brain/plasma ratios; 
disconnect between systemic PK 

and CNS levels.

Many otherwise promising 

peptides fail to reach 
therapeutic concentrations in 

brain; CNS PK rarely measured 

early.

Receptor-mediated transcytosis 

ligands, CPP tags, nanoparticle/ 
liposome/exosome carriers, 

intranasal delivery, 

pharmacokinetic/pharmacodynamic 
modeling of brain exposure.

Very high

Regulatory and 
reimbursement

Uncertain regulatory pathways for 
complex delivery systems; payer 

concerns about cost–benefit for 

slowly progressive disease.

Delays approvals even when 
biomarker data are positive; 

hinders iteration across 

modalities

Early dialogue with FDA/EMA, use 
of surrogate biomarkers and 

adaptive designs, robust 

health-economic modeling, 
demonstration of clear incremental 

value over standard of care.

Moderate

Notes: *Priority refers to the perceived urgency in current peptide-based AD development pipelines.
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extensive longitudinal safety data, particularly regarding immunogenicity (eg., anti-drug antibody formation) and off- 
target effects in sensitive CNS environments.

Compared with monoclonal antibodies, therapeutic peptides generally present a simpler regulatory and CMC profile: 
they are chemically synthesized, structurally well-defined, and often fall under small-molecule-like quality frameworks, 
with less extensive requirements for glycosylation profiling, higher-order structure characterization, and comparability 
after manufacturing changes. Immunogenicity risk is typically lower but still requires systematic assessment, particularly 
for highly modified or conjugated constructs. Nevertheless, for Alzheimer’s disease, the evidentiary bar for demonstrat
ing cognitive and functional benefit is similar for peptides and antibodies; both must show robust, reproducible effects on 
validated clinical endpoints, even if surrogate biomarker responses can support accelerated approval in selected 
cases.165,166

The high cost associated with novel AD therapies raises concerns about equitable access and financial burden on 
healthcare systems.95 Intellectual property issues surrounding AI-generated sequences present legal complexities, 
including questions on ownership, patentability, and licensing.167 Ethical dilemmas also include psychological distress 
caused by disclosing sensitive diagnostic information (eg., amyloid status) to asymptomatic participants and the 
imperative to avoid overstating evidence for unvalidated treatments.168 Ethical frameworks must, therefore, address 
data privacy concerns in AI training datasets, especially when incorporating patient-derived information, to protect 
confidentiality and comply with data protection regulations such as GDPR and HIPAA.169

Proactive engagement with regulatory bodies and ethical oversight committees is critical to navigating these 
challenges, ensuring responsible clinical translation, and fostering public trust. Equitable access to peptide therapeutics 
should be considered to prevent disparities in treatment availability across different populations and healthcare systems. 
Transparent communication with patients and stakeholders regarding AI involvement in drug development is essential for 
maintaining ethical standards and societal acceptance.

Potential Impact of AI-Guided Design on the Future of Alzheimer’s Therapeutics
The integration of AI into peptide drug discovery is the most transformative force in AD therapeutics, offering pathways 
to address the complexity of the disease.170 AI-guided peptide design holds transformative potential for AD therapeutics 
by enabling the rapid, cost-effective discovery of highly specific and multifunctional peptides.114 AI-guided design 
promises to drastically reduce the time and cost of the discovery phase by compressing the “Design-Make-Test-Analyze” 
cycle.171 Generative biology models allow researchers to move beyond screening existing libraries to “hallucinating” 
entirely new chemical entities with atomic precision.172 This capability enables the design of peptides against historically 
“undruggable” targets (eg., flat interfaces of protein aggregates) by simultaneously optimizing their stability, perme
ability, and target specificity.103 AI can explore a chemical space approximately 10 times larger than that accessible via 
traditional methods. This approach can uncover novel molecular targets and optimize peptide properties beyond the 
capabilities of traditional methods, potentially leading to breakthroughs in disease modification and symptom manage
ment. AI enables the precise design of intricate Multi-Target Directed ligands or peptide cocktails that target different 
nodes in the AD network. AI is uniquely suited to perform multi-objective optimization, balancing potency across several 
targets.111 AI integration with high-throughput screening and patient data analytics may be useful in precision medicine 
paradigms tailored to individual disease profiles, improving therapeutic efficacy, while minimizing adverse effects. By 
integrating AI analysis of multi-omics and genetic data (eg., APOE genotype), it may be feasible to design peptides or 
peptide sets dynamically tailored to an individual patient’s specific disease subtype.173

Furthermore, AI can streamline clinical trial design by predicting responder populations, optimizing dosing regimens, 
and identifying potential safety concerns early in development, thereby increasing trial success rates and reducing costs. 
AI can profoundly enhance clinical trials by enabling patient stratification, identifying specific subgroups who benefit 
most from a drug (as demonstrated by the re-analysis of the “Amaranth” trial).104 This precision minimizes trial risks and 
accelerates the success rate of rationally designed compounds.

As AI-guided peptide therapeutics mature, they are poised to become a cornerstone in the next generation of AD 
treatment strategies, accelerating the translation from bench to bedside and ultimately improving patient outcomes and 
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quality of life.101 The integration of AI with multidisciplinary research promises to reshape the landscape of neurode
generative disease therapeutics, fostering innovation and precision in drug discovery.

Conclusions and Perspectives
Peptide-based therapeutics have emerged as promising candidates for Alzheimer’s disease (AD) because of their 
exceptional target specificity, favorable safety profiles, and ability to engage in protein–protein interactions that small 
molecules cannot readily access. In particular, peptides are being designed to address core AD pathologies, including the 
inhibition of amyloid β (Aβ) aggregation, disruption of tau hyperphosphorylation, and enhancement of neurotrophic 
signaling. Unlike conventional small molecules, peptides can be engineered to recognize specific pathological protein 
conformations or aggregation-prone motifs. For example, tau-targeting peptides can bind aberrant tau assemblies with 
high selectivity and low toxicity. This versatility makes peptides uniquely suited for modulating the multifactorial 
mechanisms of AD.

Medicinal chemistry strategies are critical for optimizing the drug-like properties of peptides. Techniques such as 
backbone cyclization, N methylation, and the incorporation of D amino acids or PEG chains have been shown to 
significantly improve metabolic stability and CNS exposure. Structure–activity relationship (SAR) studies guide the 
placement of hydrophobic and charged residues to enhance target binding and blood–brain barrier (BBB) penetration. For 
instance, the introduction of cyclized or stapled motifs can increase receptor affinity and protease resistance without 
sacrificing solubility. Multivalent designs and peptide–drug conjugates have also been explored to combine targeting and 
effector functions within single molecules. In each case, the choice of modification is determined by computational 
modelling to predict how sequence changes affect stability, permeability, and binding.

Computational and AI-driven methods play central roles in peptide discovery. High-throughput in silico screening, 
molecular docking, and molecular dynamics simulations are routinely used to predict peptide–target interactions with Aβ 
and tau and to identify key binding conformations and affinities. Machine learning and generative models enable rapid 
design of novel peptide sequences optimized for multiple criteria (eg., affinity, solubility, and BBB permeability). Recent 
AI platforms have generated peptides that cap amyloid fibrils or predict sequences capable of crossing the BBB with 
a high probability. At the same time, the limitations of current tools are recognized (for example, AlphaFold’s structures 
for D-amino acid peptides remain unreliable), underscoring the need for specialized algorithms and iterative validation.

The effective delivery of peptides to the brain remains a significant challenge. The BBB excludes over 98% of small 
molecules and virtually all peptide drugs. Therefore, advanced delivery vehicles are under development. Lipid-based 
nanoparticles, receptor-targeting conjugates, cell-penetrating peptide tags, and intranasal formulations have been inves
tigated for their ability to enhance CNS uptake. Concurrently, innovations in peptide synthesis, such as automated 
continuous-flow platforms with inline monitoring, now allow the rapid generation and optimization of large peptide 
libraries. These technologies facilitate systematic testing of sequence variants and formulations to identify candidates 
with improved permeability and stability.

On the translational front, multiple peptide candidates have demonstrated efficacy in AD models and early phase 
studies. Some FDA-approved peptides (for example, metabolic peptides such as GLP-1 analogs) are being repurposed 
in AD trials, and novel peptide vaccines and neuroprotective peptides are under clinical evaluation. Several candidates 
have shown a reduction in amyloid or tau pathology and cognitive benefit in preclinical models, and ongoing trials are 
assessing the safety and biomarker effects in patients. These advances indicate a growing momentum in the field, 
although to date, no peptide has yet reached late-stage approval for AD.

Notwithstanding these advances, several notable challenges remain. The chief among them is the impermeability of 
the BBB: most therapeutic peptides are excluded from the brain unless they are chemically modified or delivered via 
specialized carriers. Peptides are intrinsically susceptible to enzymatic degradation, resulting in a short in vivo half-life 
that complicates chronic treatment. Immunogenicity is a concern for long-term administration, and manufacturing large 
or highly modified peptides at a scale remains technically and economically difficult. Furthermore, AI and data-driven 
pipelines require careful curation to avoid biases, and the lack of human-relevant BBB models limits their predictive 
power. Finally, regulatory considerations and the need for cost-effective manufacturing affect the path toward clini
cal use.
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In summary, the field of peptide therapeutics for AD has matured substantially; integrated advances in medicinal 
chemistry, computational design, and delivery are yielding lead candidates with improved stability and CNS activity. 
Current strategies blend rational design with high-throughput AI approaches to explore expanded peptide chemical 
spaces. Addressing the remaining translational gaps, particularly BBB penetration, long-term stability, and scalable 
production, will be essential. Meeting these challenges will require sustained interdisciplinary efforts, but the conver
gence of computational and experimental innovation provides a robust foundation for developing disease-modifying 
peptide therapies for AD.

Based on current knowledge, a peptide can reasonably be considered “CNS-ready” when it fulfills at least the 
following minimal criteria: (a) reproducible demonstration of target engagement and disease-relevant efficacy in at least 
two independent AD-relevant models; (b) documented brain exposure with free brain concentrations at or above 
estimated efficacious levels, supported by appropriate PK/PD modeling; (c) adequate stability and safety in vivo, 
including a favorable immunogenicity profile over repeated dosing; and (d) a clearly defined and scalable synthetic 
route compatible with GMP requirements. Candidates that do not yet meet these benchmarks should be regarded as 
promising tool compounds or early leads rather than near-term clinical contenders.

Looking ahead, a realistic 5–10-year roadmap for peptide therapeutics in AD might include the following milestones: 
(i) integrating robust BBB-relevant pharmacokinetics and brain exposure measurements into early lead optimization 
rather than treating them as late-stage “gating” criteria; (ii) combining AI-guided sequence design with experimentally 
validated BBB models and multi-target pharmacology to generate peptides that address Aβ, tau, and neuroinflammation 
simultaneously; and (iii) embedding adaptive, biomarker-rich designs into clinical trials to de-risk translation and identify 
responder subgroups more efficiently. Achieving these milestones will require coordinated progress across computation, 
medicinal chemistry, delivery science, and clinical methodology.
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