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ABSTRACT: Alzheimer’s Disease (AD) is a progressive neurodegenerative disorder currently affecting over 50 million 
individuals globally. The amyloid-beta (Aβ) hypothesis remains one of the most understood models for AD pathogenesis, prompting 
extensive research efforts in this area. The recently FDA-approved monoclonal antibody Lecanemab suppresses formation of Aβ 
plaques but is accompanied by significant side effects including immunogenicity. Peptides can achieve comparable affinity with 
fewer adverse effects and offer cost-effective and flexible development processes. Recent advancements in Deep Reinforcement 
Learning (DRL) algorithms, including the Nobel Prize recognized AlphaFold3 (AF3) and RoseTTAFold (RF) diffusion, have 
enabled the rapid generation of potent binders, revolutionizing the field of peptide drug discovery. Here, we apply open-source 
codes to generate de novo catalytic-site targeted binder of β-secretase (BACE1), one of the key enzymes in the production of Aβ 
plaques in the brain. 

KEYWORDS: Translational Medical Sciences, Drug Identification and Testing, Machine Learning, Alzheimer’s Disease, 
BACE1.

� Introduction
AD stands as one of the predominant causes of dementia 

worldwide, with approximately 50 million individuals affect-
ed presently, a figure projected to double every five years. By 
2050, it is estimated that the number of AD patients will rise to 
152 million.1 The burden of AD extends beyond the individ-
ual affected, impacting their families and exerting substantial 
economic strain, costing economies globally 1.3 trillion US 
dollars per year.2 Hence, the development of novel drugs to 
prevent and treat AD is of utmost importance. AD is defined 
by the presence of extracellular amyloid plaques and intracellu-
lar neurofibrillary tangles, along with neuroinflammation and 
a reduction in neurotransmitters in patients’ brains.3 Aberrant 
neural network activity, dysfunction, and loss of synapses, as 
well as degeneration of specific neuronal populations, are the 
main underlying causes of cognitive decline in AD.

Amyloid-β (Aβ) and the Amyloid Hypothesis:
Despite tremendous effort, the exact pathology of AD onset 

remains unclear.4 The predominantly understood mechanism 
suggests accumulation of amyloid-β (Aβ) plaques in the brain, 
triggering a cascade of events that lead to neuronal degradation 
and cognitive impairment.5 These senile plaques are character-
ized by a central Aβ core surrounded by dystrophic neurites, 
typically arising from the aberrant aggregation of soluble Aβ42 
and Aβ40 among nerve cells.6 During this event of amyloido-
sis of the brain, Aβ peptides and soluble N-terminal peptides 
APPα and APPβ (sAPPα, sAPPβ) are cleaved from the am-
yloid precursor protein (APP) by secretases, forming clusters 
of soluble toxic oligomeric Aβ.7 These oligomers bind to zinc 
(Zn(II)) to initiate the formation of hydrophobic deposits of 
Aβ plaques.8 The plaques interfere with neuronal interactions, 

disrupt neurotransmission, and lead to synaptic loss, which is 
currently regarded as the main symptom of AD.9,10

Another principal pathological hallmark of AD is neuro-
fibrillary tangles (NFT).11 NFT consists of abnormal fibers of 
misfolded and hyperphosphorylated Tau (pTau) within neuro-
nal cells.12 Notably, hyperphosphorylation of Tau results in the 
formation of tangles that disrupt microtubule stability, leading 
to neuronal cytoskeleton deterioration and impaired axonal 
transport. Evidence suggests that Aβ is upstream of Tau in AD 
pathogenesis, triggering the conversion of Tau from a normal 
to a toxic state.13 Thus, preventing Aβ formation has become a 
strategic focus in AD drug discovery.

β-secretases are shown as amyloidogenic proteases and 
therefore considered promising targets to reduce Aβ plaques 
in the brain. Preventing the onset and progression of Alzhei-
mer's disease (AD). However, developing effective inhibitors 
for these targets is challenging due to the vastness of the 
chemical space. The synthetically accessible chemical space 
is estimated to contain between 10³³ and 10⁶⁰ molecules, of 
which only a small fraction has been explored.14,15 This vast 
chemical space poses significant challenges for current drug 
design and inhibitor development methodologies. Tradition-
al approaches, such as Analog-Based Drug Design (ABDD), 
high-throughput screening (HTS), and fragment-based drug 
discovery (FBDD), rely heavily on extensive trial and error, 
making them both time-consuming and expensive.16 On av-
erage, it takes approximately 10-15 years and $2.8 billion to 
discover a viable chemical inhibitor and bring it to market.17,18 
These conventional methods depend largely on human knowl-
edge and intuition, limiting the exploration to a small segment 
of the chemical space and often resulting in the discovery of 
molecules with structures and properties similar to known 
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compounds.16 Consequently, about 98% of drug candidates 
fail before reaching the final stage of the drug development 
process.19 ML-assisted drug discovery may help navigate vast 
chemical space and generate structures that could be missed by 
humans due to inherent biases in molecular design.

Generative artif icial intelligence:
The latest breakthroughs in artificial intelligence (AI) have 

enabled new approaches to de novo drug discovery that address 
the limitations of human knowledge and the trial-and-error 
process. Deep Reinforcement Learning (DRL) approaches, in 
particular, can understand complex patterns in datasets that 
are often incomprehensible to humans.20 These approach-
es generate millions of new compounds and inhibitors with 
bioactive and pharmacological properties similar to existing 
inhibitors. As a result, DRL allows for a more efficient ex-
ploration of chemical binding space, drastically outperforming 
human-driven methods.21 Many of these generated inhibitors 
have displayed promising efficacy during subsequent steps of 
the drug design process, such as in silico and in vitro testing, 
demonstrating the effectiveness of this new drug discovery 
paradigm.22

Denoising diffusion probabilistic models (DDPMs), a pow-
erful class of DRL models recently demonstrated to generate 
new photorealistic images from text prompts, have sever-
al properties well-suited for protein design.20 These models 
generate highly diverse outputs by denoising data corrupted 
with Gaussian noise, enabling the creation of new samples 
with properties similar to the initial training dataset. They are 
guided by reinforcement learning at each step of the iterative 
generation process toward design objectives by providing con-
ditioning information, allowing the generation of inhibitors 
with specific properties.23

DDPMs such as RoseTTAFold (RF) diffusion and Al-
phaFold 3 (AF3) can generate novel protein structures with 
high precision to inhibit target sites of the protein.23,24 They 
also rank the suitability of individual proteins as potential 
drug targets by evaluating factors such as confidence level, 
size and accessibility of binding pockets, and the uniqueness 
of the predicted protein fold. A combination of these models 
can be employed together, linked by Message-passing neural 
networks (MPNN).25 In this approach, the generated protein 
backbone model by RF diffusion is analysed by MPNN for 
molecular library screening, predicting a peptide sequence 
from the protein backbone. AF3 is then used to predict pro-
tein structures from the peptide sequence, generating a rank of 
the best inhibitors binding to targeted sites. Finally, the ease of 
inhibition is analysed by comparing the depth of the catalytic 
site and the position of attachment of the inhibitor.

Our proposal utilizes DRL methodology, combining RF 
diffusion, protein MPNN, and AF3 to generate peptide-based 
inhibitors of BACE1. These inhibitors are then analysed 
for structural similarity and chemical interactions while also 
proposing peptide stapling positions and groups to enhance 
affinity. We hope that our strategy will provide insights for 
further AD studies and contribute to the discovery of novel 
candidate drugs for AD.

The role of Secretases and their inhibition strategies:
APP is metabolized through two distinct routes: the 

amyloidogenic and non-amyloidogenic pathways. In the 
amyloidogenic pathway, APP is initially cleaved by β-site 
APP-cleaving enzyme (BACE1) at the Asp1 site, generating 
sAPPβ and a 99-amino acid membrane-bound C-terminal 
fragment (CTF) C99.26 Subsequently, γ-secretase cleaves 
C99 to release Aβ and CTFγ, with both β and γ-secretase re-
quired for the formation of Aβ plaques.27 Meanwhile, in the 
non-amyloidogenic pathway, APP is primarily cleaved first by 
α-secretase at the Aβ Leu17 site, producing sAPPα and C83. 
C83 is further cleaved by γ-secretase to produce p3 peptide 
and the APP intracellular domain (AICD) in the region con-
taining the Aβ peptide, thereby preventing Aβ production.28

Since the non-amyloidogenic pathway does not produce Aβ, 
a preference for the amyloidogenic over the non-amyloidogenic 
APP processing pathway predisposes to AD pathology. Thus, 
targeting BACE1 is a rational approach to inhibit Aβ forma-
tion by inhibiting the amyloidogenic pathway while allowing 
the non-amyloidogenic pathway to proceed. Its cleavage of 
APP is the rate-limiting step in Aβ production, with an ex-
tended catalytic site that confers substrate specificity and has 
formed the basis for developing inhibitors.29 However, the de-
sign and development of the BACE1 inhibitors have proven to 
be very challenging due to the large catalytic site and structural 
flexibility of BACE1.30 The current FDA-approved BACE1 
inhibitor, Lecanemab, is a monoclonal antibody (mAb) that 
offers high selectivity and is effective at low nanomolar con-
centrations in vitro. However, mAbs lack blood–brain barrier 
(BBB) permeability due to their extended size (~150 kDa), 
which is tailored to occupy the large BACE1 catalytic site.31 In 
addition, there is the potential for Fc receptor-mediated immu-
nogenicity, mediated by microglia, which can cause vasogenic 
edema and cerebral microhemorrhage.32 Such amyloid-related 
imaging abnormalities occurred in 12.6% of trial participants, 
compared to 1.7% in the placebo group, and among those af-
fected, 17.3% experienced additional brain bleeding, compared 
to 9% in the placebo group.33 The benefits of Lecanemab do 
not seem to outweigh the risks of serious side effects, leading 
to its rejection by the European Medicines Agency (EMA).34

Other approaches involving small-molecule BACE1 in-
hibitors have high BBB permeability due to their small 
size (~0.5kDa) but offer low selectivity to the target and 
thus increase the likelihood of drug-drug interactions 
(DDIs).35 Current small-molecule BACE1 inhibitors, such as 
LY2886721 and E2609, have been discontinued due to a lack 
of cognitive improvement in patients and adverse effects in 
the liver caused by its lack of specificity and affinity to the 
target (Table 1).36,37 Peptide-based drugs, on the other hand, 
offer higher selectivity than small-molecule drugs and greater 
permeability across the blood-brain barrier (BBB) than mono-
clonal antibodies (mAbs), making them promising candidates 
for rational drug design and inhibition.38
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Peptides, Small molecules and Monoclonal antibodies:
The development of drugs targeting protein-protein in-

teractions (PPIs) poses significant challenges for small 
molecules.40,41 Small molecules generally struggle to bind with 
high affinity to the large and flat binding sites typical of PPIs, 
unlike mAbs. However, mAbs, while capable of high-affini-
ty binding, are typically limited to extracellular targets due to 
their poor cell permeability. Therefore, even if they bound to 
the target with a high affinity in vitro, it is difficult to inhibit 
the target in vivo within the human brain. Specifically, peptide 
drugs offer several advantages over both small molecule drugs 
and monoclonal antibodies for targeting PPIs. Their molec-
ular size and tuneable properties make them well-suited for 
this purpose.42 Peptides are generally larger than conventional 
small molecules, granting them an antibody-like affinity for 
binding to flat PPI interfaces while being smaller in molecular 
weight compared to antibodies.43

Thus, with their simple conformational structure and a mo-
lecular size between those of small molecules and large protein 
mAbs, peptides are expected to have higher target affinity and 
less toxicity compared to small molecules. With their high 
molecular structural diversity, peptide and peptidomimetic 
frameworks offer significant potential for structural variations 
through simple modifications or replacements of amino acid 
fragments (e.g., N-methylation). The synthesis of peptides and 
peptidomimetics is well-documented and allows for the gen-
eration of many molecules at low costs, making them highly 
promising for drug development.44

Thermodynamics and Entropy penalty:
The restriction of a small molecule’s motion upon binding 

to a protein causes a loss of configurational entropy, resulting 
in a penalty to its binding affinity. This phenomenon, known 
as Enthalpy-Entropy Compensation (EEC), presents a signif-
icant challenge in drug design. Overcoming EEC is essential 
to maximize the binding interaction of a candidate drug with 
its target protein, thereby improving its affinity.45

The strength of this interaction is evaluated through the 
binding free energy (ΔGb), which is the primary parameter to 
optimize. The drug design process is iterative and has a strong 
structural component: crystallographic structures of the target 
in complex with a known ligand allow for the identification 
of binding sites and a static representation of ligand–target 
binding interactions. Based on this information, initial virtual 
screening of a large library of compounds is usually performed 
to identify those capable of forming a stable complex with the 
target, indicated by a large negative value of ΔGb.46 ΔGb for a 
ligand–target complex at a given temperature can be expressed 
as ΔGb = ΔHb – TΔSb, where ΔGb is the sum of an enthalpic 
(ΔHb) and an entropic (TΔSb) term. This dictates the binding 
affinity (Ka) through the equation Ka=e    , so thus extremely 
high affinity is only achieved when both ΔHb and ΔSb con-
tribute favorably to binding.47

In recent years, new strategies have emerged for interpreting 
thermodynamic data, becoming key drivers for lead optimi-
zation programs in drug development. Enthalpy and entropy 
are made favorable through molecular attractions between 
the binder and the target, including hydrophobic, hydrophil-
ic, and electrostatic interactions. Conformational flexibility is 
entropically unfavorable and is determined by the number of 
rotatable bonds. Consequently, efforts to maximize favorable 
enthalpic and entropic contributions through intermolecular 
forces and restricting the number of rotatable bonds are strat-
egies to induce the greatest decrease in ΔGb.46,48 This includes 
macrocyclization techniques for peptide to effectively reduce 
conformational freedom through linkers.49

By applying these strategies using computational chemistry, 
developers can estimate the entropy penalty (– TΔSb) of their 
designed drug candidates and methods for optimizing it. Given 
that EEC may be expected to some degree during the opti-
mization process, a combination of biophysically determined 
thermodynamic data and high-quality structural information 
is highly useful in overcoming the compensatory tendency. For 
example, directing hydrogen bonds to already structured re-
gions of the protein or utilizing multiple hydrogen bonding 
interactions from a single group, where the entropic penalty 
has already been paid, can help achieve this goal.50

Stapled helical peptides:
Peptides with various conformations have drawbacks, in-

cluding poor stability against circulating proteolytic enzymes 
and an intrinsic inability to penetrate cell membranes. Despite 
these challenges, peptide-based therapeutics have seen signif-
icant development and marketing over the past two decades, 
supported by organic synthetic techniques that address the un-
druggable characteristics of peptides, such as poor stability in 
circulation against proteolytic enzymes, poor cell membrane 
penetration, and the tendency to lose native conformation in 
aqueous solution.51 Among the various peptidomimetics de-
veloped as PPI inhibitors, stapled helical peptides have gained 
particular attention for their increased target affinity, enhanced 
cell penetration, and protection against proteolytic degrada-
tion compared to linear bioactive peptides. As referred to by 
Xiang et al., peptide stapling involves cross-linking either side 

Table 1: Small molecule BACE1 inhibitors in clinical trials.39 *Terminated 
due to abnormal liver biochemistry, **Removed from pipeline. This table 
is reproduced with permission under Creative Commons Attribution 4.0 
international. From “BACE1 inhibitor drugs in clinical trials for Alzheimer’s 
disease” by Robert Vassar. 2014.
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lower binding energies bind more favorably to BACE1. Con-
sequently, these peptide molecules act as stronger inhibitors, 
preventing BACE1 from binding to APP and producing Aβ. 
Thus, among the generated candidate compounds and existing 
BACE1 drugs, the molecules with the lowest binding energies 
are determined to have stronger binding interactions with, and 
more potent inhibition of, BACE1.

� Result and Discussion

Among several promising outputs, one generated structure 
has attracted particular attention owing to the presence of 
multiple noteworthy peptide-protein interactions. Moreover, 
peptides containing more than twenty amino acid residues 
are likely to maintain secondary structure elements. Thus, the 
structure is likely to show experimental binding due to a small-
er entropy penalty (Figure 1). Below, we analyze interactions 
such as hydrogen bonding, electrostatic attractions, and van der 
Waals forces between the generated peptides and the target 
molecule.

chain to side chain or side chain to the terminus of anchoring 
amino acids, forming preorganized stable helical conforma-
tions with reduced entropic penalty.51 This method usually 
involves the use of olefin through olefin metastasis to achieve 
peptide cyclisation.

To increase our inhibitor’s permeability and affinity to 
BACE1, these generated peptides can be converted into sta-
pled helical peptides by adopting a preformed, stable α-helical 
conformation using Grubbs metathesis catalysts to tether the 
side chains of amino acids.51 Common stapled amino acids in-
clude Lys and either Asp or Glu, using orthogonal protecting 
groups for staple formation on the same face of the helix at 
positions i, i+4, i+7, and i+11.52 This approach would reduce 
flexibility and intrinsic disorder of the inhibitor in their un-
bound free state, thereby incurring less entropy penalty upon 
binding to the target.53

� Methods
The crystal structure of BACE1 at pH 4.5 (2ZHT in the 

Protein Data Bank), representing the enzyme's most active 
conformation, is selected as the protein model. Previous stud-
ies have revealed that the BACE1 active site contains two 
aspartic acid residues, Asp32 and Asp228, that play crucial 
roles in substrate binding.54,55 Therefore, the coordinates of 
these residues are used to define the binding site and there-
fore peptide’s backbone design space using RF Diffusion. The 
contacts with these residues are used to confirm a valid protein 
structure using Message-passing neural networks (MPNN) 
and then AlphaFold3 (AF3), utilizing information from the 
molecular library of amino acids.

Using the open-source code for RF diffusion, we specified 
continuous chains for contigs as A1-385:30-40 for generating 
a backbone for a 30-mer peptide and A1-385:10-20 for a 16-
mer peptide, utilizing the PDB file 2ZHT.56 The process was 
run for 200 iterations, focusing on catalytic residues Asp32 
and Asp228 as primary hotspots. Additional hydrophobic res-
idues of BACE1, including Phe47, Phe109, and Ile110, were 
included to enhance binding interactions, ensuring the gen-
erated binder not only targets the catalytic site but also forms 
stable interactions with other key residues to secure binding 
to BACE1.

Next, we applied ProteinMPNN to generate amino acid 
sequences based on the generated backbone, with a sampling 
temperature of 0.5 to diversify sequence sampling. Following 
this, AF3 was used for sequence validation and 3D protein 
structure prediction. Parameters for AF3 included enabling 
an initial guess with desired coordinates, setting the recycle 
count to 3, and using AF3 v3 parameters to optimize predic-
tion accuracy. Finally, the generated peptides were screened for 
interaction strength with the target, eliminating those with 
minimal or no interaction to ensure specificity and efficacy of 
the binder.

The algorithm returns the optimal binding conformation of 
each peptide, yielding the lowest binding energy along with 
the smallest values of predicted aligned error (PAE) and root 
mean square deviation (RMSD). Since lower binding energies 
correspond to more stable binding interactions, peptides with 
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Figure 1: Molecular design of 30-mer: a) BACE1 in complex with the 
generated 30-mer peptide, b) Generated 30-mer peptide. The residues marked 
in blue have weak interactions with BACE1.

Figure 2: Residue interactions of 30-mer with BACE1: a) Hydrophobic 
interactions around 5Å of Trp24, b) Electrostatic interactions and Hydrogen 
bonding of Arg15 to catalytic Asp32 and Asp228, c) Overall depiction of 
charge interactions of Arg15 and hydrophobic interactions of Leu16, Phe20, 
and Trp20 with the hydrophobic surface of BACE1, composed of hydrophobic 
residues Leu30, Phe47, Val69, Tyr71, Trp76, Phe108, Phe109, Ile110, Trp115, 
and Ile118.
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blood-brain barrier (BBB), making it a promising drug candi-
date. However, this smaller size also results in a higher entropy 
penalty compared to the larger 30-mer peptide, leading to re-
duced affinity for the target. This drawback, along with fewer 
interactions with BACE1, positions it as a second choice com-
pared to the 30-mer.

Compared to existing inhibitors like Lecanemab, our gen-
erated peptide binders are smaller, potentially allowing for 
greater permeability across the blood-brain barrier (BBB) and 
reduced side effects. Leveraging DRL in the development and 
refinement of our inhibitor may also lower production costs 
relative to Lecanemab; however, further research and clinical 
studies are essential before any definitive claims can be made. 
Future research could test these candidate BACE1 inhibitors 
through later stages of the drug design pipeline, including 
assessment, validation, and molecular dynamic simulations. 
Further iterative diffusion and optimizations based on this 
binder could yield more desirable pharmacological and bioac-
tive properties, leading to experimental validation. Notably, the 
algorithm has limitations, as binders with longer chains (>50-
mer) are often generated to exhibit weaker or no interactions 
with the target. Additionally, this approach focused solely on 
the Aβ hallmark; incorporating a multi-target strategy to ad-
dress both Aβ and Tau could potentially yield a more effective 
therapeutic outcome. With over 50 million people worldwide 
currently affected by Alzheimer’s Disease (AD), the urgency to 
develop novel treatments is paramount. The recent emergence 
of AlphaFold3 and diffusion algorithms has revolutionized 
the generation of peptide binders, allowing researchers to 
produce viable candidates in minutes with a high likelihood 
of experimental validation success. This paper showcases the 
capabilities of generative AI in creating structurally and bio-
chemically plausible peptide binders for their targets. Through 
iterative processes, we generated and analysed binders of 16 
and 30-mer, showing significant potential for advancing to 
drug testing stages. While some binders initially showed min-
imal interaction with the target, these issues were resolved 
through further iterations. Structural deformities were also 
addressed similarly. Our work demonstrates the feasibility of 
Deep Reinforcement Learning algorithms in rapidly generat-
ing binders, which can accelerate drug discovery for targeting 
diseases.

� Conclusion
Focusing on BACE1, we employed AF3 and RF diffu-

sion for the de novo generation of peptide-based inhibitors. 
The peptide backbone is generated by RF diffusion, then 
optimized and folded by Message-Passing Neural Networks 
(MPNN) and AF3 to create candidate inhibitors targeting the 
active site. Through this method, we identified promising 30-
mer and 16-mer peptides as drug candidates, demonstrating 
significant chemical interactions with BACE1 and positioned 
for advancement into preclinical research. We also proposed 
peptide stapling methods to enhance peptide affinity, with 
optimal stapling parameters and affinity to be determined 
through laboratory testing. Overall, this approach provides a 
simple, robust, and accurate method for discovering BACE1 

In the generated 30-mer peptide sequence VSEEQK-
KLQEIQGKRLGEAFEEAWKDVEQE, numerous resi-
dues exhibit chemical interactions with the target, BACE1. 
Electrostatic interactions are facilitated by charged residues 
Lys6, Lys14, Arg15, Glu18, Glu21, Glu22, and Asp26 with 
BACE1. Notably, the positively charged Arg15 positions it-
self within 5Å of the negatively charged catalytic aspartic 
acids Asp32 and Asp228, forming electrostatic interactions 
and hydrogen bonds that enhance catalytic site attachment 
and inhibition. Furthermore, the hydrophobic residues Leu16, 
Phe20, and Trp24 are aligned on the same face of the helix 
and positioned in a groove formed by the hydrophobic sur-
face of BACE1, exemplifying the lock-and-key mechanism for 
interaction. The collective interactions of these three hydro-
phobic residues create a strong driving force that anchors the 
peptide to the surface of BACE1 (Figure 2). In addition, the 
hydrophobic interactions, along with the charge interactions 
between Arg15 and Asp32/Asp228, increase the selectivity of 
the peptide, further enhancing its inhibitory potential.

Thus, these interactions provide good attachment of the 
binder with high favorable enthalpy. The entropy penalty pres-
ent with the binder can be minimized using macrocyclization 
approaches. Lys6 and Glu10 residues are charged and aligned 
on the same face of the helix at positions i and i+4, making 
them good candidates for peptide stapling through macro-
cyclization. Connecting an olefin to these residues mimics a 
natural salt bridge interaction through charge interactions. 
They are also both solvent-exposed, meaning that stapling 
on these residues does not influence the direct intermolecular 
attraction between the peptide and the target or the dissolu-
tion effect involved. However, the hydrophobicity of the olefin 
bridge would tend to stick to the protein and orient away from 
the solvent to minimize enthalpy, presenting a design chal-
lenge that could be overcome using hydrophilic molecules like 
triazoles. Alternatively, olefin attachment could be made to the 
hydrophobic residues Leu16 and Pro20, which are also aligned 
on the same face of the helix at positions i and i+4. These resi-
dues are positioned to face the hydrophobic surface of BACE1 
and can interact with the olefin through hydrophobic interac-
tions. However, there is a chance of undesirable interactions 
with BACE1. Further investigations and testing should be 
carried out to determine the optimal stapling positions to use.

One of the generated 16-mer peptides also caught our at-
tention as an alternative (Figure 3). Arg4 and Arg8 are both 
within 5 Å of the catalytic aspartic acids Asp32 and Asp228. 
Its smaller chain size enhances permeability through the 
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Figure 3: Molecular design of 16-mer: a) Crystal model of BACE1 in 
complex with the generated 16-mer peptide, b) Generated structure of 16-
mer and its residue interaction with catalytic Asp32 and Asp228.
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inhibitors and potential AD drugs, facilitating efficient explo-
ration of the chemical space and accelerating the development 
of novel AD treatments. We anticipate that these methods can 
also be applied to efficiently generate and optimize millions 
of candidate compounds for other major therapeutic targets, 
revolutionizing de novo drug discovery.

� Data Availability
The open-source code to RF diffusion and AlphaFold3 can 

be found in this Google Collab https://colab.research.google.
com/github/sokrypton/ColabDesign/blob/main/rf/examples/
diffusion.ipynb#scrollTo=TuRUfQJZ4vkM or under GitHub 
https://github.com/RosettaCommons/RFdiffusion?tab=Li-
cense-1-ov-file#readme.

Copyright (c) 2023 University of Washington. Developed at 
the Institute for Protein Design by Joseph Watson, David Juer-
gens, Nathaniel Bennett, Brian Trippe, and Jason Yim.

The generated candidate drugs associated with this work 
are publicly available at https://github.com/nnicholas-c/Drug-
Discovery-for-BACE1.
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