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ABSTRACT: The human immune system excels at generating highly effective antibodies through natural selection and 
somatic hypermutation, but adapting these antibodies for therapeutic use, referred to as "antibody medicine-likeness", 
requires careful consideration of biochemical and physiological properties. Traditional redesign methods are often slow and 
limited in scope. In this study, we introduce a machine learning-based approach to evolve new anti-PD-1 antibodies within a 
chemically informed latent space using a conditional kernel-elastic autoencoder (CKEA) between nivolumab and 
pembrolizumab, both of which bind the FG-loop "hotspot" of PD-1 in the most distantly related orientations, differing by 
174°. This generative framework is designed to preserve favorable therapeutic features while exploring variants with 
different potency, ultimately for improved potency. To evaluate structural and functional viability, we performed molecular 
dynamics (MD) simulations of the generated antibody – PD-1 complexes and described their MD properties. These 
simulations reveal detailed free-energy landscapes and identify stable binding conformations, providing a strong basis for 
experimental validation. To validate our designs, we expressed and experimentally tested the antibodies for binding affinity 
to PD-1. Upon expression and purification, three out of six designed antibodies exhibited some binding to PD-1, whose 
properties could likely be improved using other computational saturation mutagenesis or laboratory evolution. Our results 
demonstrate the potential of artificial intelligence (AI)-guided interpolation methods to generate novel, high-affinity 
antibodies with therapeutic promise, offering a powerful strategy for next-generation antibody development.  

INTRODUCTION 

Programmed cell death protein 1 (PD-1) plays a critical role in immune regulation and is essential for survival in mouse 
models infected with various viruses, underscoring its importance in the immune response.1, 2 Its ligand, PD-ligand-1 (PD-
L1), is frequently overexpressed in a wide range of cancers, allowing tumor cells to evade immune surveillance by binding 
to PD-1 on T cells and forming a suppressive PD-L1/PD-1 complex.3-7 This mechanism is also present in certain healthy 
tissues, where it helps prevent unintended immune activation, highlighting the delicate balance between immune response 
and immune tolerance maintained through PD-L1/PD-1 interactions. Disruption of this complex can restore T cell activity 
against tumor cells, making PD-1 and PD-L1 pivotal targets in the development of antibody-based cancer 
immunotherapies.3-6, 8, 9 The class of the anti-PD-1 antibodies that block PD-L1 binding are also known as antagonistic 
antibodies.  

 In this study, we aim to enhance the effectiveness of nivolumab (BMS-936558 or ONO-4538), a therapeutic 
antibody targeting PD-1 with binding affinity of approximately 4 nM, As a reference, we use pembrolizumab (MK-3475, 
formerly known as lambrolizumab), which exhibits significantly higher affinity at 27 pM (Fig. 1).10-14 Our objective is to 
design antibodies with improved binding affinity compared to nivolumab, thereby enabling lower dosing while minimizing 
the risk of overactivation that could adversely affect non-target cells. 

 Therapeutic antibodies used in long-term cancer treatment (up to 24 months) differ significantly from those 
employed for short-term treatment of bacterial or viral infections, or those generated in transgenic mice in response to 
single-dose antigen. A key factor influencing therapeutic efficacy is the in vivo half-life of antibodies; longer half-lives 
contribute positively to what is often referred to as "antibody medicine-likeness." 

 Pembrolizumab was discovered using transgenic mice immunized with a human PD-1/human Fc fusion followed 
by structure-guided redesign to introduce the S228P mutation, which mitigated unwanted reactivity to the Fc fragment 
used in the antigen.10 This antibody exhibits high specificity for human PD-1 and does not cross-react with PD-1 homologs 
such as CD28, CTKL-4 and ICOS (inducible T-cell Co-Stimulator), or with murine PD-1. However, most naturally occurring 
antibodies, including both nivolumab and pembrolizumab, many are typically short-lived when produced in response to 
single-shot antigens, relying on immune memory to produce effective antibodies when reencountering the same antigens in 
future. They are rapidly generated but also rapidly degraded upon complexation with their antigen for neutralization. As 
such, reengineering antibodies to enhance both half-life and higher binding affinity remains a key focus in therapeutic 
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antibody development.15, 16 In this work, we explore AI-driven methods aimed at improving some of those properties, using 
PD-1 targeting antibodies as a representative application.  

 

Figure 1. Crystal structures of human PD-1 complexes with PD-L1, or nivolumab, or pembrolizumab. (A) PD-1 (rainbow 
colors)/PD-L1(silver). (B) Superposition of the PD-1/PD-L1 complex with nivolumab (heavy chain in green and light chain 
in sky blue). (C) Superimposition of the PD-1/PD-L1 complex with pembrolizumab (green/sky blue). (D) The 
pembrolizumab/PD-1 complex by itself with N and C termini of PD-1 labeled. (E) Stereodiagram of antibody aligned 
comparison between pembrolizumab and nivolumab showing that two PD-1 (in rainbow colors) proteins have rotated by 
173.6°. Binding affinity and corresponding PDB IDs are indicated. PD-1 in all three panels is oriented the same way. 

 

 Our strategy for generating new antibodies focuses on improving nivolumab by sampling candidates through 
interpolation between nivolumab and pembrolizumab within the latent space of the conditional kernel-elastic autoencoder 
(CKEA).17, 18 While demonstrated using this specific antigen-antibody pair in this study, the approach can be applied using 
other reference points in latent space and can be extended for applications to other targets.19-21 The CKEA model was 
trained using the Feldhaus library that contains 130,000 antibody sequences,22 enabling the generation of humanized 
antibodies with properties consistent with naturally occurring sequences. To evaluate the generated candidates, we apply a 
set of six criteria commonly associated with therapeutic antibodies, collectively referred to as "antibody medicine-
likeness".22  

 We leverage the overlapping binding sites of nivolumab and pembrolizumab on PD-1, along with their geometric 
relationship to PD-L1, to generate homologous models for new antibody designs. This strategy circumvents the challenges 
associated with de novo modeling, which is often prone to inaccuracies. Using MD simulations, we anticipate that the newly 
designed antibodies will closely resemble their respective templates, nivolumab or pembrolizumab (which contain hidden 
information about PD-1 hotspots), in both structure and function, supporting the feasibility of this interpolation-based 
approach to antibody design. 

 Our approach based on the CKEA differs from other methods applied to antibody design, including other types of 
machine learning algorithms,23-25 and is complemented with experimental validation. To validate our designs, we expressed 
and experimentally tested the antibodies for binding affinity to PD-1.23, 26, 27 Upon expression and purification, three out of 
six designed antibodies exhibited some binding to PD-1. Combination of this finding with our recent advancement on 
computational saturation mutagenesis, it should be possible to improve binding properties of these low-affinity designed 
antibodies through both computational and experimental affinity maturation procedures.28-30  

 In the past few years, a new class of anti-PD-L1 antibodies were discovered, known as agonistic antibodies.31-33 
They do not necessarily block interactions between PD-1 and PD-L1. Instead, they interfere with interactions of PD-1 with 
T-cell receptors (TCRs), which initiates immune receptor signaling and therefore they are potential treatments for 
autoimmunity. Any computational discovery of novel anti-PD-1 antibodies could be tailored for either anti-cancer or anti-
autoimmunity treatment when their specific functions can be properly defined.  

 Our approach also differs from many other deep-learning algorithms recently developed within the past decade or 
so.34-49 Some of these algorithms can be combined with (or integrated into) ours. Other algorithms often emphasize 
generalized protein-protein interactions and/or protein-drug interactions through electrostatic and shape 
complementarity, which are gradually extended to apply antibody-antigen interactions, a specialized type of protein-
protein interactions involving very flexible surface or unstructured surfaces when both proteins are not in complex with 
each other. Because of flexible antigen-antibody interacting surfaces, the resolution of antibody-antigen crystal structures is 
often modest and the corresponding complex structures are not accurate enough for antibody redesign, a serious problem 
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that has been overlooked by the scientific community. For example, we have succeeded in redesign of pembrolizumab with 
a computational study of affinity maturation only when starting with the much more reliable MD simulations-derived 
complex structure but we failed when directly starting with the published complex crystal structure.28 The detailed analysis 
of the MD-derived pembrolizumab/PD-1 and nivolumab/PD-1 complex structures used in the previous study,28 and their 
comparison with corresponding crystal structures are provided below in this study.  

 

METHODS AND MATERIALS  

Sequence data preparation and model training 

Variable heavy (VH) and variable light (VL) chain regions from approximately 130,000 antibodies were extracted from a 
subset of the Feldhaus antibody library.22 In the FASTA format, each sequence was a concatenation of VL and VH sequences 
with a special separator token formatted as [VL]>[VH] for input into the sequence-to-sequence CKEA model. Each input–
output pair corresponded to a single antibody, resulting in one sequence entry per antibody in the dataset. 

 Training of the CKEA model was conducted on four NVIDIA A100 GPUs for 200,000 steps over 100 epochs. 
Calculated medicine-likeness scores were provided to both the encoder and decoder to condition the generation of 
molecules. CKEA hyperparameters λ and δ were both set to 1.17 Each amino acid was represented using a 256-dimensional 
embedding vector, and the latent space was set to 2560 dimensions. The model was optimized using the ADAM optimizer 
with a learning rate of 0.0002.50 During training, gradients were clipped to a norm of 1.0. A dropout rate of 0.1 was applied 
to all attention operations and embedding layers. 

 

Gonnet matrix for sequence alignment and mutation  

The default Gonnet matrix from BioPython was used to assess sequence differences between the redesigned antibodies to 
the reference sequences (Table S1).51, 52 Gap opening and extension penalties were set to -10 and -1, respectively. The 
substitution scores quantify the degree of divergence of the designed anti-PD-1 antibodies from the two parental antibodies. 
The Gonnet matrix was scaled at 250 PAM (point-accepted mutations per 100 amino acids) units, providing a measure of 
the chemical distance between sequences. 

 

Structural modeling of designed antibodies 

Six new antibodies (P2N_1 through P2N_6) were generated by linear interpolation between nivolumab and pembrolizumab 
in latent chemical space (Table S2). All antibody structures were predicted using AlphaFold2.53 To assess binding stability, 
two docking poses were evaluated for each antibody–PD-1 complex using molecular dynamics (MD) simulations: one based 
on the pembrolizumab binding mode (PDB ID: 5GGS) and the other on the nivolumab binding mode (PDB ID: 5WT9),54, 55 
which represent the most distantly related orientation, differing by 174°. We expect that MD simulations resulted in 
equilibrium structures with reasonable stablility when starting from configurations of these two antibodies. For 
comparison, the reference crystal structure of the PD-1/PD-L1 complex (PDB ID: 4ZQK) was also included.56 

 

Molecular dynamics simulations and trajectory analysis 

Docked PD-L1/designed antibody complex structures were prepared using Maestro from Schrödinger, Inc, with terminal 
residue capped and missing hydrogen atoms added.57 Each complex was solvated in a rectangular box of explicit water 
molecules, extending 15 Å beyond the solute in all directions. Counterions (Na+ or/and Cl-) were added to neutralize the 
system. Parameter and topology files were generated using the tLEaP module from the Amber suite.58, 59 MD simulations 
were performed using NAMD.60 Systems were equilibrated at 310 K (i.e., 37°C, physiologically relevant body temperature) 
through a three-step protocol: (i) energy minimization of the solvent only, (ii) minimization of the solvent and protein side 
chains, and (iii) full-system minimization. For the production runs, hydrogen mass repartitioning (HMR)61 was applied, 
enabling a 4-fs integration time-step. Each system was simulated for 400 ns.  

 MD trajectories were aligned using either the full complexes, antibody-only, or PD-1 using the CCP4 suite and 
VMD.62, 63 Each trajectory frame was converted to an electron density (ED) (or electrostatic potential, ESP) map, and maps 
across all frames were summed using CCP4, following established protocols.28, 62, 64-67 The resulting maps were visualized 
with Coot and Chimera, and equilibrium structures were fitted and refined against the MD-derived maps using Coot and 
Phenix.68, 69 Figures were generated in PyMol.70 Residue numbering corresponds to the 5GGS (PDB ID) complex structure 
whenever possible, including all insertions and deletions. Glycans were omit in MD simulations because they were not used 
in initial docking and because they appeared to be far away from the docked sites (Fig. 2). However, the potential influence 
of glycan omission on complex stability and binding predictions remains uncertain and should be investigated but it is 
outside the scope of this study.  
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Figure 2. An overview of the MD-derived antibody (cartoon representation)/PD-1 (grey surface representation) complexes 
for six designed antibodies with known glycan shown in red balls-and-sticks. 

 

Molecular cloning, protein expression, purification 

Oligonucleotides encoding the variable regions of designed IgG antibodies were synthesized by Integrated DNA 
Technologies (IDT). Designed antibodies, as well as pembrolizumab, nivolumab IgG, and Fab constructs, were cloned into 
the pVRC plasmid (Addgene). Constructs encoding PD-1 (C-terminally tagged with an Fc domain and AviTag), PD-L1, and 
PD-L2 (each with a C-terminal 6×His tag) were cloned into the pADD2 plasmid using the In-fusion snap assembly master 
mix (Takara). 

 For antibody expression, equimolar amounts of heavy and light chain plasmids were co-transfected into 
Expi293Fcells using FectoPro transfection reagent (Polyplus). After 5–7 days of culture, cell supernatants were harvested 
by centrifugation at 15,000 × g for 30 minutes. 

 His-tagged PD-L1, PD-L2, and Fab fragments were purified using Ni-NTA affinity chromatography and eluted with 
250 mM imidazole. Eluted proteins were buffer-exchanged into storage buffer (150 mM NaCl, 20 mM HEPES, pH 7.4). 
AviTag-labeled IgGs and PD-1-Fc fusion proteins were purified using a 5 mL HiTrap MabSelect PrismA protein A column 
(Cytiva), equilibrated with the same storage buffer, and eluted with 100 mM glycine (pH 2.8). Eluates were immediately 
neutralized with 1 M HEPES to pH 7.4. Final protein concentrations were determined by absorbance at 280 nm using 
theoretical extinction coefficients calculated via the ExPASy ProtParam tool. 

 

Binding studies using Biolayer Interferometry (BLI) assays 

All binding studies were performed using biolayer interferometry (BLI) on an Octet R8 system (Sartorius) with Octet 
Discovery Software 13.0 at 25Q°C (i.e., room temperature). Streptavidin (SA) biosensor tips (Sartorius) were used with a 
running buffer composed of 20 mM HEPES (pH 7.4), 150 mM NaCl, 0.1% BSA, and 0.05% Tween-20 (HBS-EBT). Biotinylated 
PD-1-Fc was immobilized onto SA biosensors to a 2 nm loading threshold. Saturation of immobilized PD-1-Fc was achieved 
by incubating with excess pembrolizumab IgG, nivolumab IgG, or buffer alone (control). 

 Association and dissociation phases were monitored for 2 minutes each in HBS-EBT buffer. After each binding 
cycle, biosensors were regenerated using 0.1 M glycine (pH 1.5). All experiments were performed in triplicate. Fractional 
binding reductions were calculated relative to the PD-1-Fc-only control using Octet Analysis Studio 13.0. 

 Initial kinetic parameters were derived assuming 1:1 binding and single-exponential kinetics using the built-in 
ForteBioanalysis software. For cases involving biphasic or multiphasic binding, data were reanalyzed using two-exponential 
fitting based on the method described by Kayastha and Gupta.60 Interpretation of fast pseudo–first-order reactions followed 
the frameworks of Pollard and Du.71, 72 The highest binding affinity (KD=koff/kon) will be the ratio between the slow-phase koff 
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and the fast-phase kon. The most probable KD values were determined from the ratio between the forward rate in dominant 
kinetic phase and the reverse rate of the slow-phase of biphasic scheme. 

 

RESULTS AND DISCUSSION 

Six interpolated anti-PD-1 antibodies in latent chemical space 

Both pembrolizumab and nivolumab exhibit moderate medicine-likeness scores of -1.52 and -5.52, respectively, on a scale 
ranging from -15 to +13 (Fig. 3).22 These intermediate scores suggest the presence of suboptimal physicochemical or 
pharmacokinetic properties (such as susceptibility to self-association, a tendency toward aggregation, or poor solubility, — 
factors that may reduce antibody stability and efficacy in vivo). While random mutagenesis is unlikely to improve these 
properties, our CKEA-based generative modeling approach offers a more strategic approach. 

 

Figure 3. Generative antibodies with the conditioned medicine-likeness score being set 10 for interpolation between 
pembrolizumab (score of -1.52) and nivolumab (score of -5.52) in Gaussian-like schematic representation. Six antibodies 
were generated via linear interpolation in the latent chemical space.  

 

 Specifically, we conditioned our generative process (i.e., hidden information about PD-1 hotspots) to produce 
antibody variants, targeting a medicine-likeness score of 10 in latent space. Among the generated antibodies, P2N_1 was 
closest to pembrolizumab and farthest from nivolumab in latent space, whereas P2N_6 is the closet to nivolumab and the 
least similar to pembrolizumab (Fig. 1). The sequences of these designed antibodies, along with pairwise substitution scores 
relative to pembrolizumab and nivolumab (using the Gonnet substitution matrix), are provided in the Supporting 
Information (Tables S1–S3), with detailed comparisons within the hypervariable regions.  

 

MD simulations of the PD-1/PD-L1 Complex 

Both pembrolizumab and nivolumab outcompete PD-L1 for binding to PD-1, with partial overlap of their binding sites 
although with different orientations (Fig. 1, 4). A shared feature among all known anti-PD-1 therapeutic antibodies is their 
targeting of the FG loop, which connects strands βF and βG of human PD-1 and is recognized as a key epitope or “hotspot” 
for binding of many known monoclonal antibodies.73 Conformation of the loop varies from one antibody complex to the 
next. The "hotspot" is also known to immunodominant "public epitopes" when it occurs in infectious bacteria and viruses to 
which germline-encoded amino acid-binding (GRAB) motifs are well represented in the database of human antibodies.74 
Our AI-based generative approach has already taken into this hidden sequence information into account after it has been 
trained with the Feldhaus antibody sequence database.22  

 In addition to the FG loop, pembrolizumab also engages the C’D loop, while nivolumab uniquely interacts with the 
N-terminal segment of PD-1 (Fig. 4). These additional contacts lie on opposite sides of the FG loop, effectively anchoring PD-
1 in two distinct orientations relative to the antibodies. 
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Figure 4. MD-derived ED maps and MD-derived structure in equilibrium of the human PD-1/PD-L1 complex and their 
comparison with X-ray derived ED maps and crystal structure. (A) MD-derived structure of the PD-1 (brown)/PD-L1 
(green) complex superimposed onto MD-derived ED maps contoured at 10σ. (B) Front and back views in a thin slice. (C) 
Selected hydrogen bonds at the PD-1/PD-L1 interface. (D) With MD-ED maps contoured at 10σ. (E) With MD-ED maps 
contoured at both 10σ and 5σ. (F) Comparison between the MD-derived structure (brown and green) with X-ray derived 
crystal structure (grey and silver) at 2.45 Å resolution. Note that C'D loop was missing in the crystal structure (4zqk) and 
was interpretable in MD-derived maps. (G) Comparison at the subunit interface. Black arrows indicate incomplete 
sidechains. Red arrows show bad stereochemical clashes. (H) With X-ray derived ED maps contoured at 2σ and 1σ.  

 

 Structurally, the binding orientation of PD-1 in complexes with pembrolizumab and nivolumab differ by a 173.6° 
rotation about the antibody dyad axis centered on the FG loop. This makes them the most structurally divergent PD-1-
antibody interactions among characterized anti-PD-1 antibodies - a key rationale for selecting these two antibodies as 
endpoints for linear interpolation in our design space. We anticipate that newly designed antibodies will bind somewhere 
between these two points. 

 The FG loop of PD-1 corresponds to CDR3 in the classical nomenclature of the immunoglobulin fold. In antibodies, 
the CDR3 regions of both heavy and light chains are located near the pseudo-dyad axis at the antigen-binding interface. The 
heavy chain typically features a longer CDR3, while the light chain has a shorter counterpart-hence the basis for their 
designation as "heavy" and "light." 

 Given the 173.6° rotational difference between the PD-1 binding orientations in the pembrolizumab and nivolumab 
complexes, initiating MD simulations from one pose (e.g., pembrolizumab-bound) and expecting convergence to the 
alternate pose (e.g., nivolumab-bound) is unrealistic within the 400 ns simulation timescale. Structural convergence across 
such a large conformational gap is kinetically limited and likely inaccessible in unbiased MD. Therefore, to ensure adequate 
conformational sampling, we initialized MD simulations for each of the six designed anti–PD-1 antibodies from both 
pembrolizumab-like and nivolumab-like binding poses. This dual-starting-point strategy increases the likelihood of 
capturing relevant binding conformations and reduces bias from starting geometry. It should be noted, however, that our 
approach cannot exclude the possibility that our designed antibodies may bind elsewhere on PD-1 that is not sampled in 
our analysis. Our identified binding pose in our study may not represent the highest-affinity pose.  

 Given that many PD-1 crystal structures were determined using E. coli expressed human PD-1, in which N58 
remains non-glycosylated, we removed glycan moieties from crystal structures prior to conducting MD simulations. For 
consistency, comparisons of MD-derived ED maps were performed using non-glycosylated PD-1 whenever possible. While 
the role of glycosylation in antibody binding remains debated in the literature,55, 75-78 we suggest that some of these 
discrepancies may be reconciled by considering temperature-dependent binding affinities. Our MD simulations indicate that 
the entropic contribution (−TΔS) is often substantial in antibody-antigen interactions, implying that glycan effects could be 
more pronounced under specific thermodynamic conditions that may not be captured in static structures in binding assays 
at reduced temperature of 25°C. 
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 MD simulations of the PD-1/PD-L1 complex, initiated from its crystal structure (PDB ID: 4ZQK), indicate that the 
crystallographic conformation closely resembles the structure observed under simulated physiological conditions (Fig. 4). 
However, the MD-derived structure reveals a more extensive and complete set of interactions between PD-1 and PD-L1, 
including a greater number of hydrogen-bonds and hydrophobic contacts. This enhanced interface is partly due to the 
inclusion of all the sidechains that are missing in the crystal structure as a result of limited resolution. For instance, in the 
MD-derived structure, PD-1 residue E136 forms interactions with PD-L1 R125, as well as with one of the two conformations 
of PD-1 R139, both of which lack defined side chains in the 4ZQK structure. Additionally, the hydrogen bond observed 
between Y68 of PD-1 and D122 of PD-L1 in the crystal structure features a steric clash between their side chains, which is 
fully resolved in the MD model. Taken together, these observations suggest that the MD-derived structure offers a more 
complete and stereochemical accurate representation of the PD-1/PD-L1 interaction than the reported crystal structure.  

 An overall distribution of MD-derived ED maps for the PD-1/PD-L1 complex closely resembles that of X-ray 
crystallographic ED maps, with well-defined density in the core of the complex and increased flexibility at the periphery. 
Notably, the FG loop of PD-1 exhibits significant mobility, as reflected by weaker density in both MD and experimental ED 
maps. This is consistent with its limited interactions with PD-L1 and its recognized role as a major epitope targeted by 
therapeutic antibodies. In contrast, the C’D loop, which connects βC’ and βD strands, is clearly resolved in the MD-derived 
ED maps, whereas it is completely absent in the crystal structure due to structural disorder. These differences underscore 
the advantage of MD simulations in capturing dynamic and flexible regions that are poorly resolved by crystallography. 

 Overall, the MD-derived ED map provides a more complete and stereochemical accurate representation of the PD-
1/PD-L1 interface at equilibrium. The structure obtained from MD is more complete and arguably more biologically 
relevant than the static crystal structure. These results highlight the value of MD simulations not only as a tool for validating 
and interpreting experimental X-ray and cryo-EM data but also as an approach for refining structural models and 
uncovering otherwise inaccessible features.79 

 The MD-derived ED features for the hydrogen-bonding interaction between D122 of PD-L1 and Y68 of PD-1 are 
well defined and sharply localized deep within the subunit interface (Fig. 4). This suggests that deviations from the 
observed hydrogen bond geometry would incur a significant free energy penalty due to a highly stabilizing and structurally 
constrained interaction. In contrast, the hydrogen bonds formed between R125 of PD-L1 and E136 of PD-1, positioned at 
the periphery of the interface — are associated with less-defined ED features (Fig. 4). This suggests that the R125/E136 
interaction contributes less to the overall stabilization of the complex. One likely explanation is that both R125 and E136 
retain the ability to engage in favorable, solvent-mediated hydrogen-bonding, reducing their dependency on direct inter-
subunit contacts. These observations support the idea that buried hydrogen-bonds, such as D122–Y68, are more 
structurally critical than peripheral ones like R125–E136.  

 

MD simulations of the PD-1/pembrolizumab complex 

The crystal structure of the PD-1/pembrolizumab complex, resolved at 2.0 Å, reveals two slightly different complexes 
forming an antiparallel heterodimer within the crystalline lattice, which offers higher resolution and accuracy than the 
previously reported PD-1/PD-L1 complex at 2.45 Å resolution.54, 56 The antiparallel dimer arrangement observed in the 
crystal is likely a result of the high protein concentration used during crystallization. However, MD simulations initiated 
from one of the crystallographically observed complexes indicate significant conformational deviation near residue K131 of 
PD-1 (Fig. 5), suggesting that the crystal structure does not correspond to the configuration under physiological (lower 
concentration) conditions, where asymmetric dimerization is unlikely. Furthermore, PD-1 is membrane-bound and oriented 
parallel to the cell surface in the context of its full-length structure, including additional domains. The antiparallel dimer 
seen in the crystal is therefore unlikely to form in vivo and should be considered a crystallization artifact. It should be noted 
that our MD simulations were carried out at physiologically relevant temperature of 37°C while crystals were often 
prepared 25°C or lower (some at 4°C) and the crystal structures were determined at liquid nitrogen temperature.  
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Figure 5. MD-derived structure of the PD-1/pembrolizumab complex and comparison with the crystal structure. (A) An 
overview with MD-derived ED maps contoured at 5σ, colored by subunits (green, heavy chain; sky blue, light chain; brown, 
PD-1). (B) Front and back closeup views at the interface. (C) Interactions of the FG loop of PD-1 with pembrolizumab. (D) 
With MD-derived ED map. (E) X-ray derived ED maps contoured at 1σ superimposed onto the 5GGS crystal structures. (F) 
Stereo diagram of comparison of the MD-derived structure with the crystal structure. (G) A rotated view. Large 
displacements of K131 and Q133 of PD-1 are indicated with arrows.  

 

 MD-derived ED maps for the PD-1/pembrolizumab complex show well-defined features at the antibody–antigen 
interface, while peripheral regions of both proteins are less well resolved (Fig. 5). The FG loop of PD-1 forms a network of 
hydrogen-bonds (HBs) with Pembrolizumab: two backbone HBs with R102 of the light chain, a third backbone HB with Y53 
of the heavy chain, and two side-chain HBs from K131 (a lysine finger on the FG loop) to D108 of the heavy chain and E59 of 
the light chain. These residues also participate in extensive intra-subunit side-chain hydrogen bonding (Fig. 5). 

 Notably, the interaction pattern around K131 differs between the MD-derived structure and the 5GGS crystal 
structure. In the MD model, R102 of the light chain forms HBs with the backbone carbonyls of K131 and Q133, whereas in 
the crystal structure, the interactions involve K131 and A132. Additionally, K131 forms two sidechain HBs with carboxylate 
groups in the MD structure, in contrast to one sidechain and one backbone carbonyl interaction in the crystal structure. 
These differences are accompanied by a ~6° domain rotation of the FG loop between the two structures. 

 Beyond the FG loop interactions, the MD-derived PD-1/pembrolizumab complex exhibits up to 18 hydrogen bonds 
at the interface (see cumulative HB fractions discussed elsewhere)28, making pembrolizumab one of the most potent anti-
PD-1 antibodies characterized to date (Fig. S1, Video 1). Notably, tyrosine residues contribute significantly to binding, with 
pembrolizumab providing seven Tyr residues: Y33, Y35, and Y101 from the heavy chain, and Y34, Y36, Y53, and Y57 from 
the light chain. These tyrosine residues form HBs with four PD-1 backbone carbonyls and three sidechains (Ser, Thr, and 
Lys) (Fig. S2). 

 Six of the 7 tyrosine sidechains of pembrolizumab display well-defined ED features, including visible central 
"holes" in the MD-derived ED maps, indicating limited positional fluctuation throughout the entire simulation trajectories. 
In addition to the large buried surface area at the interface, the MD-derived complex also exhibits a high degree of surface 
complementarity (Fig. S2). Such extensive and stable interactions between antigen and antibody represent a benchmark for 
both affinity maturation (without altering the epitope) and de novo antibody design (possibly for new epitopes), key goals in 
therapeutic antibody development. 

 It may be possible to reengineer this antibody using new, reliable structural information derived from MD 
simulations of the PD-1/pembrolizumab complex. To explore this, we conducted affinity maturation studies in parallel, 
starting from both the crystal structure and the MD-derived equilibrium structure of the complex.28 Notably, the success 
rate was significantly higher when using the MD-derived structure, likely reflecting its greater accuracy compared to the 
static crystal structure. It should be noted that the 5GGS pembrolizumab/PD-1 crystal structure is one of very few pM-
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affinity antibody/protein antigen complexes of known crystal structures in the PDB, including the omalizumab-IgE complex 
(230 pM),80 the dupilumab-IL4Ra complex (33-46 pM).81 

 The two PD-1/pembrolizumab complexes present in the 5GGS crystal structure show notable structural 
differences between the two complexes (Fig. S3).54 In the crystal lattice, the N-terminus of one PD-1 molecule interacts with 
the C-terminus of another, influencing the conformation of sidechains involved in FG loop interactions. In contrast, the MD-
derived complex represents an equilibrated average structure. This distinction may help explain why structure-based 
antibody design efforts based solely on crystal structures often fail since crystal structures do not always represent the true 
solution-state conformations. MD simulations are therefore essential to distinguish between lattice-induced distortions and 
the configurations of the complex at thermal equilibrium in solution. 

 Our design process generates humanized antibodies with interfaces similar to those of naturally occurring 
antibodies, but quite different from typical non-antibody protein–protein interfaces. For instance, non-antibody interfaces 
often feature buried hydrophobic residues such as phenylalanine and other aromatics. In contrast, well-behaved 
therapeutic antibodies generally avoid incorporating phenylalanine at the binding site, as its high hydrophobicity can 
compromise solubility and promote self-aggregation or misfolding, leading to poor expression and potential toxicity. As a 
result, antibody–antigen interactions are often stabilized predominantly by hydrogen-bonding rather than extensive 
hydrophobic packing. Tyrosine is a notable exception; it is frequently found at antibody binding sites due to its ability to 
both form HBs and participate in limited hydrophobic interactions without substantially compromising solubility. In fact, as 
mentioned earlier, pembrolizumab has seven tyrosine residues at its interface with PD-1 (Fig. S2). The importance of 
tyrosine residues in antibodies has long been recognized.82, 83 This information has been implicitly included in our study 
when trained with the Feldhaus antibody library.22 

 Due to the distinct composition of buried residues at antibody-antigen interface, compared to non-antibody 
protein-protein interfaces, the approaches used for energetic analysis differ significantly. For example, the seven tyrosine 
residues of pembrolizumab involved in PD-1 binding primarily interact with backbone atoms rather than sidechains. When 
sidechain interactions do occur, they often involve small or polar residues such as Ser, Thr, Gly, and Ala. In general, antigenic 
epitopes tend to consist of flexible loops enriched in small or hydrophilic residues, with few buried hydrophobic residues (if 
any). A recurring interaction motif observed is the presence of “arginine fingers” or “lysine fingers,” where long aliphatic 
sidechains of antigen residues form extensive hydrophobic contacts with the antibody surface, often capped or anchored by 
strong terminal hydrogen-bonds. It has been long recognized that arginine and tyrosine are two most dominant (plus other 
two residues of serine and glycine) in all naturally occurring antibodies.84 The four preferred residues in naturally 
antibodies differ from the four residues (Tyr, Ala, Asp, and Ser) used in synthetic antibodies.83  

 Another critical feature is the clustering of multiple HBs within a localized region. As noted above, the central 
D122–Y68 hydrogen bond in the PD-1/PD-L1 interface contributes substantially more to binding energy than the 
peripheral R125-E136 salt bridge (Fig. 5), illustrating the asymmetric energetic contributions across the interface. This 
cluster could enhance cooperativity in contribution of binding energy and affinity.  

 Simple enumeration of HBs is insufficient for accurate energetic analysis. Antibody-antigen interactions involve a 
complex trade-off between the entropic penalty (−TΔS) associated with forming HBs at the interface and the loss of HBs 
with surrounding solvent molecules. Additionally, the conversion factor between buried surface area and binding free 
energy for antibodies differs significantly from that of non-antibody protein-protein interfaces. These factors contribute to 
the inherent difficulty in reliably predicting antibody-antigen interactions. As demonstrated in this study, advanced 
machine learning techniques can provide valuable predictions for antibody-antigen binding. 

 Historically, random mutagenesis of CDR loops rarely result in affinity muturation. Many resulting variants lack 
antibody-like biophysical properties and can exhibit undesirable traits, including aggregation, insolubility, and toxicity.85, 86 
This high failure rate has recently led antibody engineers to adopt machine learning approaches in an effort to uncover 
underlying principles that govern successful antibody design.23, 87 One notable example is the concept of antibody 
"medicine-likeness," which has emerged as a valuable derived criterion for evaluating developability.22  

 

MD Simulations of six designed anti-PD-1 antibodies based on the PD-1/pembrolizumab complex 

Due to the distinct interactions and residue composition at antibody-antigen interfaces compared to other protein-protein 
interfaces, accurate structure prediction with and without binding to an antigen remains highly challenging.88, 89 Notably, 
the six hypervariable CDR loops can adopt different conformations upon antigen binding. Beyond available tools for 
antibody and antibody-antigen structure prediction,40, 90-95 we employed MD simulations to provide information on 
equilibrium structures of our designed anti-PD-1 antibodies (P2N_1 to P2N_6), using the PD-1/Pembrolizumab crystal pose 
as a reference.54 Our goal was to determine whether stable complex structures could be reached as engineered from a 
reference complex within reasonable time scale of MD simulations. 

 For P2N_1 to P2N_3, the MD-derived ED maps are well defined, particularly at the subunit interface (Figs. 6–9, S4–
S6). In contrast, P2N_4 to P2N_6 showed poorer convergence, with less well-resolved ED features. This does not necessarily 
indicate non-binding; rather, it suggests that the high-affinity binding site on PD-1 may be too distant from the initial pose 
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for full convergence within the 400 ns MD simulation window. Indeed, we later show that starting from the PD-
1/nivolumab pose, P2N_6 converges to a configuration with stronger interactions than nivolumab itself whereas the PD-1 
complexes with either of P1N to P3N failed to converge when starting with the PD-1/ pembrolizumab pose. 

 A key indicator of stable antibody–PD-1 complex formation is the presence of well-defined features in the MD-
derived ED maps for all buried interface residues, showing minimal fluctuations throughout the simulations (Figs. 5–9). 
Two additional structural hallmarks of stable complexes are (1) Arg/Lys "finger"-like insertions and (2) clustered 
hydrogen-bonds at the interface core as discussed above from the PD-1/pembrolizumab complex. 

 

Figure 6. MD-derived structure for the designed P2N_1/PD-1 complex. (A) An overview with MD-derived ED map 
contoured at 5σ. (B) Comparison of the MD-derived equilibrium structure with the 5GGS crystal structure (silver, grey, as a 
starting point). Aligning either the antibody (left panel) or PD-1 (right) shows that there is a 43.2° domain rotation between 
them. The complex is colored by chains: light chain in sky blue, heavy chain in forest green, and PD-1and in brown. (C) An 
end-on view of the antibody-binding cleft of PD-1. (D) Stereo pair of PD-1 between the MD-derived (brown) and crystal 
structures (silver). FG loop, N and C termini differs between MD-derived and crystal structures and they are labeled. (E) 
Stereo pair of the inter-subunit interactions centered at an arginine finger R86 of PD-1 that forms HBs with the D97 
sidechain and the H95 backbone of light chain and with the N61 sidechain of heavy chain. (F) Interaction between Y105 of 
heavy chain and Y68 of PD-1. 

 

 In the PD-1/pembrolizumab complex, the K131 sidechain of PD-1 inserts into a crevice formed by the heavy and 
light chains of the antibody (Fig. 5). Similarly, in P2N_1 and P2N_2, the R86 sidechain of PD-1 penetrates analogous 
structural pockets between the heavy and light chains in P2N_1 (Fig. 6), and within a pocket formed by the Q91 and L100 
loops of the light chain in P2N_2 (Fig. 7). In all cases, these Arg/Lys fingers are stabilized by surrounding hydrophobic 
interactions along their aliphatic chains and capped by strong hydrogen-bonds of the terminal amine groups. In P2N_3, 
structural stability arises from a dense network of 11 inter-subunit hydrogen bonds concentrated in a short segment of PD-
1 (E84–Q91), with about half of residues involving backbone carbonyl groups (Fig. 8). 

 

Figure 7. A different type of an arginine figure R86 of PD-1 within the MD-derived structure of the P2N_2/PD-1 complex in 
which R86 inserts into hole generated between Q91 and L100 of light chain loop of P2N_2. (A) MD-derived ED map 
contoured at 5σ, only for PD-1. (B) Back and front views of MD-derived map for all subunits.  
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 For the remaining three designed anti-PD-1 antibodies, the MD-derived ED maps are relatively poorly defined, 
suggesting that the simulations failed to converge to stable complexes near the pembrolizumab binding pose. Among these 
three, the quality of ED maps follows the order: P2N_5 > P2N_6 > P2N_4. However, this does not rule out the existence of 
stable complexes, where alternative starting poses or different PD-1 epitopes may be required.  

 

Figure 8. MD-derived structure for the P2N_3/PD-1 complex shows extensive HBs at the subunit interface. (A) There are 12 
HBs between P2N-3 and PD-1 within the Q75 to Q91 stretch of PD-1. (B) Stereo pair with MD-derived ESP map contoured at 
5σ. (C) Stereodiagram of close-up view with 11 HBs with the E84 to Q91 stretch of PD-1. (D) The corresponding MD-derived 
ESP map.  

 

 Another important observation is that proximity in chemical latent space does not correlate with binding 
orientation, binding mode, or binding affinity to PD-1 as we initially anticipated. For instance, while P2N_1 is closest to 
pembrolizumab in latent space, its binding orientation differs by 43.2° (Fig. 7). P2N_2, though farther in latent space, shows 
a smaller orientation difference of 28.4° (Figs. 7, S4), with a 24.9° difference between P2N_1 and P2N_2 (Fig. S5). These 
results suggest that accurate prediction of binding orientation may require AI models that incorporate antigen or epitope 
context. In particular, we anticipate that features such as Arg/Lys "fingers" and antigen surface fingerprints could be key 
elements of next-generation predictive models.34, 96  

 

MD simulations of PD-1 complexes with nivolumab and designed antibodies from the nivolumab pose 

Our MD simulations of the nivolumab/PD-1 complex, initiated from the 5wt9 crystal structure, closely reproduced the 
experimental conformation (Fig. 9A).55 For this study, we used a non-glycosylated form of PD-1 at N58, which led to a minor 
domain rotation of 8.4° relative to the crystal structure. This shift slightly reoriented both the FG loop and the glycosylation 
loop. Such domain flexibility is allowed in MD simulations but is likely constrained by crystal lattice contacts in the 
experimental structure.  
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Figure 9. MD simulations of PD-1 complexes with nivolumab and two designed anti-PD-1 antibodies P2N_6 and P2N_5 
starting with the Nivolumab pose. (A) Nivolumab with MD-derived ED map contoured at 5σ. The FG loop and N-terminal 
loop are labeled. (B) P2N_6. (C) P2N_6. (D) Stereodiagram of interfaces for the nivolumab/PD-1 complex superimposed 
onto MD-derived ED maps. (E) Omitting MD-derived map for nivolumab. (F) Stereodiagram of the P2N_6/PD-1 complex. (G) 
Omitting MD-derived maps for the designed antibody P2N_6.  

 

 The interaction pattern between nivolumab and PD-1 is largely preserved in both the MD-derived equilibrium 
structure and the crystal structure, particularly involving the FG and N-terminal loops (Fig. 9A). A key exception is near the 
glycosylation site: in the crystal structure, PD-1 residue E61 forms three HBs with Y61 and T23 sidechains and the 
backbone amide of Y23 in the nivolumab heavy chain. In the MD simulations, E61 instead points toward the glycosylation 
pocket. A similar recognition pattern is seen in the designed antibodies P2N_6 and P2N_5 (Fig. 9), with P2N_6 sharing the 
same latent chemical space position as nivolumab. 

 Based on the quality of MD-derived ED maps at the antibody/PD-1 interface, the complex stability follows the 
following order: P2N_6 > nivolumab > P2N_5. In the P2N_6 complex, PD-1 residues L25 and W32 are well ordered and 
clearly defined in the equilibrium structure. Heavy chain R104 of P2N_6 lies within hydrogen-bonding distance of W32, 
which itself is H-bonded to Q133 of PD-1. This R104 is absent in both nivolumab and P2N_5. PD-1 L25 forms a backbone 
hydrogen bond with heavy chain W94 of P2N_6, and its sidechain is buried in a hydrophobic pocket. W94 is stacked against 
R96 of the same chain, which forms three HBs: one with the N93 backbone and two with D100 of the light chain. While W94 
and R96 are conserved in nivolumab, their conformations differ significantly.  

 

Hydrogen bonding probability in MD trajectories 

The R86 “finger” of PD-1 is recognized differently by P2N_1 and P2N_2 (Fig. 10). In P2N_2, R86 inserts into a compact 
pocket formed by residues Y92 to D98 within the Q91–L100 loop region (Figs. 7, 10A). The MD-derived ED map reveals that 
the equilibrium structure exhibits a dominant conformation, where R86Nε and R86Nη2 form hydrogen-bonds with the H94 
carbonyl, while R86Nη1 forms a hydrogen-bond with the D98 carbonyl (Fig. 10).  

 The MD trajectory analysis reveals a minor conformation where the R86 sidechain is flipped. The minor 
conformation dominated the first 100 ns of simulation, after which it was replaced by the more stable, dominant state for 
the remaining 300 ns. During this period, only one sidechain flip was observed among 10 possible attempts. Similar 
analyses have previously uncovered hidden states in other systems (e.g., the HNH domain of CRISPR enzyme).79, 97  

 Residue R86 of PD-1 forms four hydrogen bonds with P2N_1. However, the paired probability distribution function 
(PDF) for this complex is significantly broader than that observed in the P2N_2/PD-1 complex. While the P2N_2/PD-1 

.CC-BY-NC-ND 4.0 International licenseavailable under a 
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted August 4, 2026. ; https://doi.org/10.64898/2026.08.03.742579doi: bioRxiv preprint 

https://doi.org/10.64898/2026.08.03.742579
http://creativecommons.org/licenses/by-nc-nd/4.0/


 

system exhibits a bimodal PDF distribution, the P2N_1/PD-1 complex displays a complex, asymmetric tailing without 
distinct peaks. These interatomic PDFs reflect the underlying free energy landscape sampled during MD simulations. 

 In the P2N_2/PD-1 complex, the R86 sidechain exhibits minimal conformational fluctuations, indicating a stable 
configuration. Larger fluctuations are not favorable and primarily occur when the sidechain attempts to transition from the 
dominant conformational state to a minor one. In contrast, the broader PDF observed in the P2N_1/PD-1 complex suggests 
that the HB network involving R86 is less constrained, and exhibits greater flexibility and conformational sampling.  

 The PDF of HB distances shows that HBs formed between PD-1 and P2N_3 have more pronounced peaks in PDF 
than those in complexes with P2N_2 or P2N_1 (Figs. 10, 11). These strong HBs effectively constrain the conformational 
flexibility of key sidechains, preventing flipping of arginine and glutamine residues throughout the MD simulations—except 
for the E84 sidechain of PD-1, which displays rapid flipping as shown by weak electrostatic potential (ESP) features (Fig. 
11). 

 

Figure 10. Hydrogen bonding interactions of R86 arginine fingers of PD-1 in MD simulation trajectories. (A) R86 of PD-1 in 
the equilibrium fitted structure within the P2N_2/PD-1 complex. (B) Probability distribution function (PDF) distribution of 
inter-atomic distances for HBs (left panel) and flipped R86 sidechain (right panel). (C) Inter-atomic distance trajectories as 
a function of time. (D) R86 of PD-1 in the equilibrium fitted structure within the P2N_1/PD-1 complex. (E) PDF distributions 
of inter-atomic distances.  

 

 The PDF of HB distances typically follow the Boltzmann distribution, -ln [P(Δr)] = ΔG0/RT, with a higher peaks 
corresponding to more stable free energy configurations. For instance, the HB between S87O (PD-1) and R98 (P2N_3) 
defines a configuration approximately 4Qtimes RT deeper than the Q88 (PD-1)/R98 (P2N_3) interaction (Fig. 11C). The 
total free energy contribution due to HBs between PD-1 and P2N_3 is estimated to be ~30QRT units, providing exceptional 
stability of the complex. This stability may even surpass that of the parental pembrolizumab/PD-1 complex from which the 
antibodies were derived. 

 

Binding kinetics of PD-L1 and designed antibodies to PD-1 

With the exception of P2N_1, all five designed anti-PD-1 antibodies, along with pembrolizumab, nivolumab (in both Fab 
fragment and full IgG formats), PD-1, and PD-L1 expressed in Expi293F cells were successfully and readily purified to 
homogeneity (Fig. S10). Binding experiments between PD-1 and either PD-L1 or PD-L2 were conducted at a concentration 
of 1QμM. The association kinetics revealed a predominant fast-binding phase, comprising 75.5% and 90.0% of the 
population for PD-L1 and PD-L2, respectively (Fig. 12). A slower association phase accounted for 34.7% of the population 
for PD-L1 and 50.1% for PD-L2. The slowest dissociation component, likely reflecting baseline drift, was observed with a 
minor population ranging from 4.3% to 12.0%. The concentration we selected in this study was try to balance 
simultaneously for both high-affinity and low-affinity binding complexes, and it not optimal for very high and very low 
affinity complexes.  
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Figure 11. Local free energy landscape of hydrogen bonding interactions. (A) P(r) PDF for HBs between PD-1 and P2N_3. 
Flipped geometry is shown in dashed curves. (B) Two examples of P(r) being converted their P(Δr) where Δr is a deviation 
to the most equilibrium distance. (C) Converting PDF to free energy through the ΔGo/RT = -ln [P(Δr)] relationship. (D) For 
all major HBs between PD-1 and P2N_3. 

 

 The binding affinity, calculated as KD = koff/kon = [koff/(kfast+koff)][Antibody]0, was determined using fitted 
parameters from the fast association and slow dissociation phases. The resulting KD values ranged from 0.54 to 0.81 μM for 
PD-L1 and from 0.14 to 0.30 μM for PD-L2. These values indicate stronger binding affinities in our study than values 
previously reported, ranging from 2 to 8 μM for PD-L1, and 0.5 to 2.1 μM for PD-L2.98-101 Some of these discrepancies can be 
explained by the fact that many of earlier studies assumed that there was a single-binding phase in complex formation.  

 With the exception of the P2N_6 variant, four of the five purified antibody variants exhibited classical association 
profiles, although their response signals were significantly lower than those observed for the PD-1/PD-L1 complex (Fig. 12) 
or for pembrolizumab or nivolumab (Fig. 13). Nevertheless, the IgG versions of these variants produced slightly higher 
response signals compared to their Fab fragments (Fig. 12A). In the IgG format, more than 50% of the complexes formed by 
P2N_2 and P2N_3 remained bound at the 2-minute endpoint of the dissociation phase, indicating a half-life time exceeding 2 
minutes. By contrast, the PD-1/PD-L1 complex has a dissociation half-life of approximately 3 to 15 seconds. 

 In the Fab versions of P2N_2 (P2), P2N_3 (P3), P2N_4 (P4), and P2N_5 (P5), the binding curves approached 
asymptotic phases by the 2-minute mark, whereas this behavior was not observed in the IgG versions (Fig. 12). It is 
unexpected that all designed antibodies have very low signals in the experiment, the reason for which remains unknown. 
One possibility is that the specific tag on PD-1 we used may somehow interfere with the binding assay. Due to the low signal 
intensity, kinetic rate constants were not determined for individual phases of these variants. It is worth noting that some 
single-point mutations in human PD-1 have previously been shown to significantly alter response profiles (also with much 
reduced signal intensities) in similar PD-L1 binding assays using BLI.101 However, the effects observed here in our designed 
antibodies were substantially greater than those reported previously for such PD-1 point mutations. 
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Figure 12. Association/dissociation phases of kinetic studies of designed antibodies, PD-L1 and PD-L2 to PD-1. (A) Binding 
of designed P2, P3, P4, P5, and P6 fragments at 1 μM (left panels) or IgG versions at 100 nM (right). Arrow indicates large 
fraction of the formed complex remains for P2 and P3 Ig versions at the 2 minute end of dissociation phase. (B) Comparison 
of binding of P2 fragment at 1 μM (green curve), P2 IgG at 100 nM (blue) with binding of PD-1 (black) and PD-L2 (red) at 1 
μM after normalization by making the asymptotic values being the unity. (C) Fitting multiple-exponential functions of PD-L1 
(upper panels) and PD-L2 (lower panels) binding to PD-1 at both 1 μM for both association (left panels) and dissociation 
panel (right). Both Goodness of fit using Pearson correlation coefficients and residual functions (red) are included.  

 

 In parallel, binding assays were performed for pembrolizumab and nivolumab in both Fab fragment form (at 
1QμM; Fig. 13) and IgG format (at 100QnM; data not shown). For the Fab fragments, the determined equilibrium 
dissociation constant (KD) was 3.2QnM for pembrolizumab and 6.7QnM for nivolumab. These values suggest a much smaller 
difference in binding affinity between the two antibodies than previously reported, where KD values of 29QpM for 
pembrolizumab and 4.0QnM for nivolumab have been documented.55, 56, 102 However, it should be noted that the kinetic 
parameters derived from the fast association phase in our current assays are only approximately determined due to the 
instrument dead time at high concentration conditions (Fig. 13).  

 For the IgG versions of pembrolizumab and nivolumab tested at 100 nM, the binding kinetics did not reach 
asymptotic values within the 2-minute observation window, and as a result, no kinetic fitting was performed. In a separate 
study involving these antibodies and a different set of designed variants at a concentration of 200QnM, the binding curves 
were more complete and suitable for accurate kinetic analysis, as reported elsewhere.28 

 Although binding affinities for the designed anti-PD-1 antibodies could only be estimated under the current 
experimental conditions, the overall binding trends align with predictions from MD simulations. Specifically, variants P2N_2 
and P2N_3 are predicted to exhibit stronger binding interactions compared to P2N_5 and P2N_6. 
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Figure 13. Binding assays of pembrolizumab (upper panels) or nivolumab (lower panels) Fab fragment at 1 μM to 
immobilized PD-1 with fitted kinetic parameters for both association (left panels) and dissociation (right panels) panels. 
Pearson correlation coefficients (goodness of fit) and residual functions (red dashed curves) are shown.  

 

 It remains unclear why the BLI response signals for binding and dissociation of our designed antibodies to 
immobilized PD-1 are so weak when compared with those of the parental pembrolizumab and its computational affinity 
maturated antibodies.28 It remains to be addressed whether particular immobilization of PD-1 could have somehow 
impaired the binding kinetics because our designed antibodies recognize very different epitopes from the parental 
pembrolizumab. It should be noted that our MD simulations were carried out at physiologically relevant temperature of 
37°C while the binding assays were done at room temperature of 25°C. We have not yet examined the issues of 
temperature-dependent binding assays of either the parental or designed antibodies to PD-1, nor as to whether designed 
antibodies have been post-translationally modified in an unexpected manner.  

 Interestingly, the reported asymptotic response units of fragment-based computation design of single-body 
antibodies against human serum albumin (HSA) is also about 0.015 units using the same BLI methodology,47 values similar 
to ours. In fact, up to date, almost all de nova designed antibodies started with relatively low affinity, including those derived 
using Rosetta Fold-based diffusion (RFDiffusion) method, and much higher affinity antibodies were obtained only after 
experimental affinity maturation using the OrthoRep method.103 OrthoRep is a laboratory-evolutionary system with 
enhanced mutational rate about 1 millions times faster than the naturally-occurring rate.29, 30 Starting with brand new 
antibodies discovered in this study, it might be possible to produce high affinity anti-PD-1 antibodies when combined with 
either computational or experimental affinity maturation methods. 28-30  

 It is noted that large variations in response units over 20 fold were recently observed for a group of redesigned 
anti-PD-1 mutants using a computation saturation mutational approach, starting with pembrolizumab even though the 
determined apparent KD value varied only about 40% from 62 to 85 pM.28 Therefore the asymptotic response units alone 
does not bear any correlation with binding affinity. The dissociation constant for pembrolizumab from its PD-1 complex 
determined in this study was 3.2 nM (without additional concentration optimization), which differs significantly from the 
recently determined value of 0.042 nM.28 This difference highlights variations in experimental conditions such as the extent 
of both immobilization and concentration optimization. The concentrations of antibodies used in this study were much 
higher than the previous study.28 The effects of immobilization used in binding affinity studies are well documented, i.e., the 
association constant for the IL4Rα ectodomain-rademikibart complex was determined at 20.7 pM when IL4Rα was 
immobilized, but it was 448 pM when rademikibart was immobilized.104 The corresponding values were 45.8 and 516 pM 
for the IL4Rα/dupilumab complex.104  

 Because of these experimental limitations, we were unable at the moment to fully validate our MD simulation 
results that P2N_3 and P2N_6 should have better binding profiles than nivolumab to PD-1. Lastly, the antibody sequence 
library used for training in this study has no specific information on binding affinity (typically from μM to pM) to antigens. It 
remains to be seen whether traits of high-affinity antibodies differ from low-affinity ones. If so, the affinity-based selected 
antibodies can be used for further AI training.  

 

CONCLUDING REMARKS 

Antibody engineering remains a significant challenge, particularly when employing randomized mutagenesis within the six 
complementarity-determining regions. The majority of resulting variants tend to exhibit poor biophysical properties, 
including aggregation, low solubility, or high cytotoxicity. Among these, only a small fraction demonstrates specific antigen 
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binding, and even then, off-target interactions are frequently observed. To address these limitations, computational 
approaches, including structure-based modeling and machine learning, are being developed to better predict and guide 
antibody–antigen interactions. 

 In this study, we introduced a machine learning–driven framework that incorporates "antibody medicine-likeness" 
as a core design principle, with the goal of generating antibody variants that are both biophysically stable and 
therapeutically relevant. Using the CKEA, we generated new antibody candidates by interpolating between two FDA-
approved anti–PD-1 antibodies, nivolumab and pembrolizumab, within a chemically informed latent space containing 
hidden information of PD-1 epitopes. This generative model was specifically tailored to preserve desirable pharmacological 
features while sampling variants with potential for improved binding affinity. With the exception of one designed antibody 
P2N_1, which has a favorable complex formation according to MD simulations but failed to be purified, all the remaining 5 
antibodies have desirable medicine-likeness properties.  

 To assess the structural and functional viability of these designs, we employed MD simulations to model 
equilibrium binding conformations with the PD-1 antigen. Experimental validation included expression, purification, and 
binding assays for the designed variants. Notably, three of the six designed antibodies demonstrated specific binding to PD-
1 with reasonable saturation curves (although signals were relatively weak for thermodynamics and kinetics analysis), 
approaching their asymptotic values within 2 min, which are on comparable time scale for formation of the PD-1/PD-L1 
interaction. Based on the quality of MD-derived ED maps at the antibody/PD-1 interface, the complex stability follows the 
following order: P2N_6 > nivolumab > P2N_5. 

 Together, our results highlight the utility of combining AI-guided design with physics-based simulation and 
experimental validation in a unified pipeline for antibody discovery. This integrative approach is broadly applicable across a 
wide range of immunotherapeutic targets and provides a generalizable and scalable framework for the rational design of 
therapeutically viable antibodies.  
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PD-1, Programmed cell Death protein-1 (CD279); PD-L1, programmed cell death protein ligand-1 (CD274); PD-L2, 
programmed cell death protein ligand 2 (CD273); P2N_n, CKEA-extrapolated anti-PD-1 antagonistic antibodies number (n); 
CKEA, conditional kernel-elastic autoencoder; MD, molecular dynamics; ED, electron density; HB, hydrogen bond.  
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SYNOPSIS TOC: Combination of MD simulations with machine learning algorithms could revolutionize the 

antibody-breeding sciences to lead to new antibody discovery that is compatible with or better than naturally 
occurring antibodies.  

 

Topics of Content (TOC). Fingerprints of R86 finger of PD-1 are recognized by our designed P2N_2 

anti-PD-1 antibody according to our MD simulations 
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