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ABSTRACT
The human adaptive immune response enables the targeting of epitopes on pathogens with high 
specificity. Infection with a pathogen induces somatic hyper-mutation and B-cell selection processes 
that govern the shape and diversity of the antibody sequence landscape. To date, even the largest 
immunome repertoires of adaptive immune receptors acquired by next-generation sequencing cannot 
fully capture the vast antibody sequence space of a single individual, which is estimated to be at least 1012 

potential sequences. Degeneracy of the genetic code means that the number of possible nucleotide 
triplets (64) is greater than the number of canonical amino acids (20), resulting in some amino acids being 
encoded by multiple triplets and different amino acids sharing the same nucleotide in 1 or 2 positions in 
the triplet. We hypothesize that the degeneracy of the genetic code can be used to statistically model an 
enlarged space of human antibody amino acid sequences, accommodating for the discrepancy between 
the observed and the hypothesized antibody sequence space. Facilitated by Bayesian statistics and 
immunome repertoire clustering, we calculated amino acid probabilities from single nucleotide frequen
cies to infer a human amino acid sequence space that is used to design human-like antibodies with 
Rosetta. We show that antibodies designed with our restraints are on average up to 16.6% more human- 
like in the V and J regions compared to the Rosetta designs produced without constraints. The human- 
likeness of the heavy-chain CDR3 region (CDRH3) could be increased for 8 of 27 antibodies compared to 
Rosetta designs with a similar number of mutations and could be successfully applied on Mus musculus 
antibodies to demonstrate humanization.
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Introduction

As of 2019, over 570 antibody drugs are in development with 
a substantial increase in late-stage antibody development over 
the past decade.1,2 Historically, antibody reagents were gener
ated using cells from an animal source such as rabbit,3 

chicken,4 and more prominently murine model organisms.5,6 

The disadvantage of using antibodies with non-human origin 
is the elicitation of anti-drug-antibodies (ADA) in human 
patients.6,7 High titers of ADAs can block the drug’s antigen- 
binding site or cause faster depletion of the antibody drugs in 
the bloodstream, which usually results in reduced efficacy of 
the antibody drug.8 The reasons for the ADA response in 
patients are multi-faceted, but a common cause is sequence 
patterns that are foreign to the human system.9 This observa
tion prompted the invention of humanization techniques, 
which yield engineered antibodies with non-human sequences 
interspersed among human-derived antibody segments.10,11 

Here, we introduce a method based on the human-likeness 
(HL) assessment method IgReconstruct,12 and expand upon 
it to support the structural design of human-like antibodies. 
A possible application of our method is supported during the 

early development process of antibody biologics that appear 
human-like. It also may be useful to simulate a possible perso
nal immune response using structural design and the 
sequenced antibody space of a human individual.

Access to large quantities of observed human antibodies 
sequences, the so-called adaptive immune receptor repertoires, 
is essential for HL assessment.12–16 Next-generation sequen
cing (NGS) of peripheral blood samples has given insight into 
the diversity of human adaptive immune receptor repertoires, 
sometimes referred to as B-cell immunomes.17–19 Despite the 
high diversity, a small sequence overlap between individual 
blood donors exists.18,19 The major mechanism of antibody 
diversification is the somatic recombination of variable (V), 
diversity (D), and joining (J) germline gene segments. The 
human immune system has approximately 123–129 heavy 
chain variable genes (IGHV), 27 diversity genes (IGHD), and 
9 joining genes (IGHJ) available for use in this process. Light 
chain genes are grouped into kappa (chromosome 2) and 
lambda (chromosome 22) genes with 40–76 (IGKV), 73–74 
(IGLV) variable genes, 5 (IGKJ), and 1 (IGLJ) joining gene.20 

The antibody germline genes contribute to antibody diversity, 
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with the recombination events alone producing a diversity of 
106 sequences.21 The addition or deletion of single nucleotides 
in the junctions between the variable, diversity, and joining 
genes (V-D, V-J, or D-J), and somatic hyper-mutation further 
increase the antibody diversity. Higher affinity variants of 
B-cell receptors are generated via somatic hyper-mutation. 
During this process, double-stranded DNA breaks lead to 
the introduction of single-point nucleotide mutations or 
insertion/deletions, which are introduced by error-prone 
DNA repair mechanisms.22 The resulting diversity of 
human antibody repertoires has been estimated to exceed 
1012 unique B-cell receptors.21 It has been shown that the 
HL of the IgG isotype of antibodies can be modeled by asses
sing the single nucleotide frequency for each germline gene in 
the observed antibody space.23

It is difficult to assess HL for the heavy-chain CDR3 loop 
(CDRH3) because it comprises junctions that are not derived 
from the germline genes (non-templated regions). Even 
though the diversity germline gene can contribute to the 
assembly of the CDRH3, the alignment of the CDRH3 to 
a diversity germline gene is often of low confidence. Here, we 
expand upon HL assessment using single nucleotide frequency 
profiles to model a human sequence space that is able to 
describe the CDRH3 sequence. To achieve this, all sequence 
sections that align to V and J germline genes, as well as CDRH3 
regions, are clustered based on sequence similarity. Instead of 
aligning germline genes to the CDRH3 region to assess HL as 
previously described,12 we instead choose the most similar V, J, 
and CDRH3 cluster center to assess the HL of the CDRH3 
region. HL is then calculated for all antibody regions by asses
sing the observed nucleotide frequencies of sequences in the 
assigned repertoire cluster.

An important question to answer for HL assessment is to 
what extent NGS has discovered the human antibody space. To 
date the largest B-cell sequence databases published from sin
gle individuals include approximately 325 million nucleotide 
sequences from three blood donors.18 Taken together, modern 
sequencing methods have explored a combined sequence space 
of 5 × 108 sequences, which is orders of magnitude smaller than 
the theoretical maximum sequence space for a single individual 
(at least 1012). Large antibody sequence repertoires are the 
result of work for the Human Immunome Project, which 
aims to comprehensively catalog the human B- and T-cell 
sequence spaces.24 It could be shown that even though the 
sequence commonality between human-blood donors is 
greater than anticipated, the overall overlap in sequences 
remains small (≪ 1% of heavy-chain clonotypes).18,19 This 
low commonality is primarily the result of high sequence 
diversity, and the main cause for antibody diversity is the 
high variability of the CDRH3 region. To compensate for the 
small ratio of the observed to the expected antibody space, we 
mathematically calculate an enlarged human amino acid space 
from the nucleotide frequencies. We hypothesize that there is 
additional information in the nucleotide sequences that can 
inform the antibody space for the reasons that follow below.

The genetic code is degenerate, such that 64 unique nucleo
tide triplets in the standard translation table encode the 20 
canonical amino acids. Thus, some amino acids are encoded 
by multiple nucleotide triplets and different amino acids share 

the same nucleotide in 1 or 2 positions of the nucleotide triplet. 
HL was previously described as independent single nucleotide 
observations,12 suggesting that the antibody maturation pro
cess is a stochastic process that mutates single nucleotides 
independently. We therefore postulate that all single nucleotide 
frequencies not only inform about the frequency of their 
encoding amino acid, but also inform the likelihood of obser
ving another amino acid at that position, which is partially 
encoded by the same nucleotides of a different codon. In this 
study, we employ Bayesian statistics to model the probability of 
observing amino acids in human antibodies and postulate that 
the resulting amino acid frequencies model a larger human 
sequence space than has been observed, with the potential to 
suggest probabilities for amino acids that have not directly 
been observed at certain positions. We demonstrate that 
amino acid frequencies can then be used to inform computa
tional structural protein design with Rosetta25 to generate 
antibodies that are antigen-specific and thermodynamically 
stable, while still maintaining HL.

The computational structural design package Rosetta allows 
sequence design of proteins. Rosetta evaluates protein confor
mations and their sequences with its scoring function. The 
Rosetta scoring function comprises the weighted sum of physi
cal, and knowledge-based potentials.26 The scoring function can 
be extended by adding additional weighted restraints. This 
approach is commonly used to bias the protein design to 
include experimental observations such as alanine or site- 
directed mutagenesis, hydrogen–deuterium exchange mass 
spectrometry (HDX) or HDX-NMR, NMR chemical shift per
turbations, low-resolution cryo-EM, and chemical cross-linking 
data.27,28 In this study, we re-design human antibody structures 
with our Bayesian human sequence profiles for increased HL. 
To benchmark our method, we chose 27 human antibody 
structures from structures deposited in the Structural 
Antibody Database (SabDab).29 Choosing human antibodies 
provides us with the HL of human antibody sequences, which 
serves as a reference for benchmark purposes. Antibodies 
designed without human restraints are expected to decrease in 
their HL and exhibit reduced wild-type (WT) sequence identity. 
Thus, Rosetta-designed antibody sequences created with our 
amino acid frequency restraints were evaluated for HL, and 
sequence identity to the human WT antibody, and compared 
to Rosetta-designed antibodies without restraints. We hypothe
size that the sequence recovery rate of designs using HL profiles 
should increase if our Bayesian model indeed resembles 
a human sequence space. We expect the Bayesian sequence 
space to be larger compared to the observed antibody space. 
We use Rosetta to narrow down the sequence space, and create 
antibody sequences that are suited for the antibody/antigen 
complex. Our method suggests a way to create novel antibodies 
with Rosetta that are more human-like, or to re-design existing 
antibodies for increased HL.

Results

The IgReconstruct method assesses HL via single nucleotide 
frequency statistics from immunome repertoires,12 and has 
been compared with 10 similar approaches.30 In this study, 
we extend IgReconstruct to improve its ability to assess the HL 
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of the heavy-chain CDR3 region (CDRH3). IgReconstruct 
assigns observed frequency statistics to the antibody germline 
genes.

The germline gene-centric approach cannot be applied to 
the CDRH3 since its genes either cannot or can only be par
tially assigned. Instead, heavy and light-chain sequences are 
divided into their V, J, and CDRH3 regions and are clustered. 
This enables us to assign nucleotide frequencies by using the 
sequence of the cluster center instead of a germline gene, which 
allows us to apply our algorithms not only to the V and 
J regions but also to the CDRH3.

The following sections describe how we model the Bayesian 
antibody space, and our clustering algorithm as an extension to 
IgReconstruct, followed by the results of our Rosetta design 
benchmark.

Calculation of the Bayesian antibody space

The proposed method calculates amino acid probabilities for 
an antibody from single nucleotide frequencies. The frequency 
profiles are assessed from large immunome repertoires of 
~325 million unique sequences (Figure 1a). IgReconstruct12 is 
a method developed to assess HL as nucleotide frequency 
profiles for each germline gene and position, and for each 
CDRH3 regions (length dependent) (Figure 1b). The method 
we used to expand upon this approach by creating clustered 
frequency profiles for genes and for CDRH3 regions is 
described below. The frequency profiles for V, J, and heavy- 
chain CDR3 regions (CDRH3) were then combined into posi
tion-specific frequency matrices. The combined frequency pro
file spans the variable region of an antibody and is mapped 
onto the structure (Figure 1c, Supplement 2 and 3).

The high diversity of the CDRH3 gives rise to the low 
commonality between human immunome repertoires.18,19 

The observed antibody space used in this study (approximately 
325 million sequences from three healthy human blood 
donors) is small compared to the estimated antibody diversity 

of 1012.21 This study therefore develops Bayesian statistics to 
model amino acid frequencies from the observed nucleotide 
frequencies (Equation 1 in Methods section). Here, it is 
assumed that all positions of the antibody variable region 
have the potential to mutate to any canonical amino acid via 
somatic hyper-mutation. It is also assumed, that the nucleotide 
distribution observed in the immunome repertoire of 
325 million sequences is representative of the human antibody 
space. Thus, the Bayesian statistics can be simplified by assum
ing that the a priori probability p(aa) to observe each amino 
acid at each position is 1.

Different amino acids are encoded by a different number of 
triplets. Equations 2–3 (see Methods section) take the number 
of different triplets (trpl) that encode for a specific amino acid 
into account as a normalization parameter. For each amino 
acid probability p(aa|trpl) with a given distribution of nucleo
tide frequencies (trpl), a substitution score sij is calculated. The 
substitution score represents statistical significance of the cal
culated frequencies for each position and will be used as 
a Rosetta restraint for HL antibody design. The calculation of 
the substitution score (Equation 4 (see Methods section), 
Figure 1e) has been adapted from the description for PSI- 
BLAST.31–33 The lambda parameter of sij is a scaling factor 
and is optimized for each nucleotide profile to correlate with 
the change of HL when amino acid i is replaced by j (see 
Supplement 1, Section 4). The tables of amino acid frequencies 
and substitution scores are then converted into a PSI-BLAST 
compatible ASCII file that can be parsed by Rosetta for further 
design (Figure 1d).

Extending the nucleotide HL metric with a clustering 
algorithm

Unlike the framework region of the antibody variable region, 
which is templated by germline genes, the highly variable 
CDRH3 region is either non-templated or has low confidence 
diversity (D) gene alignments. This compromises our approach 

Figure 1. From immunome repertoire processing, to Bayesian statistics of an amino acid space created from single nucleotide frequencies, to structural human-like 
antibody design. First, V, CDRH3, and J regions are extracted from heavy and light chain sequences in the immunome repertoires to (a) generate position specific 
nucleotide frequency profiles for each region either by grouping the sequence regions by germline gene and CDRH3 length as described in our previous work (original). 
Or, each region is clustered by sequence identity resulting in multiple (clustered) PSSMs per germline gene and CDRH3 length (b). The structure of an antibody that is to 
be re-designed for increased human-likeness (c) is assigned a unique nucleotide frequency profile. Bayesian statistics provide amino acid frequencies for the antibody 
inferred from the assigned nucleotide frequency profile (d), and is converted into amino acid substitution scores (e). The substitution scores are used as restraints for 
structural design with Rosetta.
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to assess HL via germline gene-specific nucleotide frequencies. 
Consequently, the CDRH3 was excluded for HL calculations in 
our previous study.12

To enable CDRH3 HL assessment, we extended the posi
tion-specific substitution matrix (PSSM) generation method by 
implementing a basic clustering approach capable of proces
sing large datasets quickly. We expect that clustered PSSMs are 
enriched with functionally related sequences that can offer 
a distinct HL signal characteristic for specific CDRH3 lengths 
and conformations. Clusters are created based on nucleotide 
sequence identity and are represented as frequency profiles 
(clustered PSSM). The cluster center is the sequence that can 
be generated from the most frequent nucleotides observed in 
the PSSM and is not necessarily a sequence directly observed in 
the repertoire.

The clustering method, which can be subdivided to four 
steps, took place while iterating once over our immunome 
repertoire of approximately 325 million unpaired heavy and 
light chain human antibody sequences. The first cluster is 
initialized with the first random sequence encountered 
(Figure 2a). Every other sequence was either added to any of 
the existing cluster(s), or was added to a new cluster based on 
the sequence identity of the cluster center (Figure 2b). Here, 
the cluster center is the sequence that can be generated by 
picking the most frequently observed nucleotide at each posi
tion of the V, CDRH3, or J PSSM. Distance cutoffs for sequence 
identity vary for V, J, and CDHR3 domain due to the distinct 
sequence diversity of the regions. For V and J regions, 
a sequence identity of 90% was used, whereas the CDRH3 
clusters had a sequence identity cutoff of 30%. Selection of 
the sequence identity cutoff was based on consideration of 
the sequence diversity of the V, J, and CDRH3 regions, number 
of final clusters, and their size. The higher the sequence identity 
cutoff, the more, and thus smaller, clusters are created. Since 
the V and J regions are more conserved, higher cutoffs were 
applied to these regions. A smaller cutoff was chosen for the 
much more diverse CDRH3 region. Here, we set the require
ment that each cluster must contain at least 100 sequences in 
order to ensure sufficient numbers for creation of position- 
specific nucleotide frequencies for HL assessment.

The cutoffs of 90% (V and J regions) and 30% (CDRH3) led 
to 14,638 V, 390 J, and 411 CDRH3 clusters. Of all of the 
clusters, 2,669 V and 116 J clusters are clusters of light-chain 
sequence regions (lambda and kappa class). We considered the 

median sequence population of V and J clusters with 263 and 
291 sequences, respectively, and the median CDRH3 cluster 
population with 9,863 sequences sufficiently above the chosen 
minimum of 100 sequences per clusters. In comparison, 
a higher CDRH3 cutoff of 50% would result in 142,295 clusters, 
with the majority strongly underpopulated. Only 18,380 clus
ters would contain more than 100 sequences.

The Rosetta human-like antibody design protocol

We made one major change to the IgReconstruct method.12 

Instead of relying solely on germline gene alignments to create 
HL frequency profiles, a cluster of sequences with the greatest 
sequence identity of the cluster center to the V, J, or CDRH3 
region was assigned when creating HL profiles. To create 
amino acid restraints that can be interpreted by Rosetta,25 we 
calculated amino acid frequencies from cluster nucleotide fre
quencies using Bayesian statistics.

In this study, we benchmarked antibodies designed with 
Rosetta that were created with the Bayesian antibody space, 
and without any HL restraints. Below, we refer to proteins 
that were designed with the Rosetta suite as decoys. The 
antibody space is calculated using PSSMs from our previous 
study (original), which used one sequence profile per germ
line gene and CDRH3 length, and clustered PSSMs that 
comprise multiple sequence profiles per germline gene 
and CDRH3 length. We then compare the total Rosetta 
score, predicted binding energy, sequence recovery, and 
HL between the designs. In the optimal case, the binding 
energy is not compromised compared to the WT and the 
HL increases. If the Bayesian amino acid frequencies of 
clustered immunome repertoires are able to model the 
human antibody space, we also expect to see increased 
sequence recovery, since the WT sequence of the designed 
antibodies are of human origin.

We curated a set of 27 high resolution (better than 2 Å) 
antibody crystal structures (Supplement 2 and 3) that is: 1) of 
human origin, and 2) available as a complex bound to its 
antigen. For each of the antibody structures, we created 
a Bayesian PSSM for the heavy and light chain separately. 
PSSM restraints were added to Rosetta in the form of a PSI- 
Blast formatted ASCII PSSM file.32 During Rosetta design, each 
mutation is then reevaluated for increased HL by either favor
ing a mutation (positive substitution score), or disfavoring 

Figure 2. Schematic of fast immunome repertoire clustering. Each V, J, and CDRH3 sequence not assigned to a cluster in the repertoire is represented as a black dot. The 
arbitrary first sequence (red dot, a) initializes the first cluster (red circle, a). New sequences (shown as a question mark (?)) are processed in random order. The sequence 
identity compared to the cluster center (cross, b) is used as distance measure (dotted line, b). If a new sequence has an identity smaller than the threshold, it is assigned 
to an existing cluster (cyan, b), otherwise a new cluster is created until each sequence is assigned. Finally, overlapping clusters with an average cluster distance smaller 
than the sequence identity threshold were merged (c). Each cluster represents a unique nucleotide PSSM after processing the repertoire once (d).
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a mutation (negative substitution score). The substitution 
scores ultimately guide Rosetta to prefer mutations that are 
more human-like.

Rosetta restraints must be carefully balanced to not over
shadow the scoring terms that evaluate the thermodynamic 
stability of the protein. To estimate the effect on the protein’s 
stability and the binding of the antibody to its antigen, Rosetta 
decoys created with HL restraints were compared to decoys 
without HL restraints (control). To ensure that the difference 
in the number of mutations between control and designs did 
not affect the results, decoys were also compared to control 
designs with a similar number of mutations. Each Rosetta HL 
design was assigned one control design that matched the 
V and J sequence identity the closest, and another control 
design that matched the sequence identity of the CDRH3 
region the closest. We refer to this set of control sequences 
with matching sequence identity as “native group”. The native 
group is assigned to both, the CDRH3 and the combined V/J 
regions separately. We ensured that a control design with 
a similar number of mutations exists by limiting the number 
of mutations with a separate Rosetta design run using the 
FavorNativeResidue function, using the weights of 1.0, 1.5, 
2.0, and 2.5. The native group is used as a reference to 
calculate the difference of HL between designs, and the next 
closest control design with a similar number of mutations. 
Supplementary Figure 1 demonstrates the close correlation 
of sequence identities between native, and human-like 
designs. Thus, for each Rosetta design, a control design that 
was generated by limiting the mutation rate can be found with 
a comparable mutation rate.

Rosetta design of human-like antibody structures remain 
thermodynamically plausible and antigen-specific

To prove that the Rosetta restraints were balanced correctly, 
the Rosetta energies of both control and human-like decoys 
were compared with each other. Rosetta Energy Units (REU) 
are a measure for thermodynamic stability of a protein 
complex.26 The REU score can be used to compare different 
protein conformations, and to estimate the effects of muta
tional changes on thermodynamic stability. The more negative 
the score, the higher the predicted stability. Here, we compare 
the total REU scores of the Rosetta decoys, with the REU score 
of the WT crystal structure. A score smaller than 0 indicates an 
improvement compared to the WT structure. The more nega
tive the reported results, the greater the improvement of the 
predicted stability of the protein compared to the WT.

On average, the Rosetta energy was improved during design 
compared to the relaxed WT structure by −142.8 ± 25.0 (con
trol), −115.6 ± 26.6 (native), −82.7 ± 24.4 (original), or 
−68.7 ± 22.3 (clustered) REU. REU scores of the decoys that 
were restrained by the original or clustered PSSMs are more 
positive compared to the control (e.g., −142.8 ± 25.0 for the 
control vs. −68.7 ± 22.3 for clustered), which is expected due to 
the additional restraints added and indicates that a normally 
unexplored sequence space was sampled. When comparing the 
control group with the native group, we see a similar trend. 
This is mainly due to the limited number of mutations in the 
native group, which gives Rosetta fewer degrees of freedom to 

optimize the protein. Overall, the design protocols improved 
the Rosetta energy compared to the WT energy in all cases 
(Figure 3a). The binding energy (see Methods), normalized by 
its interface size, retained the original values, suggesting 
a conserved specific antibody binding to its antigen and no 
weakened antigen affinity due to biophysical frustrations that 
may arise from an inappropriately balanced energy term 
(Figure 3b). We conclude that the chosen weights (see 
Supplement 1, Section 3) for HL restraints can be considered 
appropriate for the design task.

Improved human WT antibody sequence recovery for the 
V and J region

We hypothesize that our Bayesian amino acid profiles from 
clustered nucleotide repertoires can be used to model the 
human antibody space. As a consequence, it can be expected 
that antibodies designed with HL restraints explore a human 
sequence space that is more similar to the WT sequences of 
the designed structures. Sequence recovery rates of the 
human WT sequence were measured for the V, J, and 
CDRH3 regions separately.

When compared to the control group, the heavy-chain 
sequence recovery increases from 74.5 ± 6.3% (control) to 
84.8 ± 3.8% (original), or 85.5 ± 4.6% (clustered). Similarly, 
the light-chain sequence recovery is increased from 77.1 ± 7.2% 
(control) to 85.6 ± 4.3% (original), or 85.5 ± 4.6% (clustered) 
(Figure 4a). The HL distribution of heavy and light chains in 
the control group diverges more compared to the HL Rosetta 
decoys, likely due to the significantly higher degree of freedom 
in the heavy chain than in the light chain due to its length and 
diversity. This effect is reduced for the HL Rosetta decoys since 
the possible sequence space to explore is more restricted by the 
Bayesian restraints.

In contrast to the increased sequence recovery of the V and 
J regions, the CDRH3 sequence recovery does not change 
significantly (45.6 ± 11.1% (control) to 45.0 ± 13.3% (original)). 
With a slight decrease of sequence recovery to 40.6 ± 10.1%, the 
clustered human-like design approach appears to influence the 
average sequence recovery (Figure 4b). We hypothesize that 
the CDRH3 sequence is a consequence of antibody maturation 
and differs between individuals too much to be reproducible 
without access to their sequence repertoires.

Increased human-likeness across the antibody framework 
region

Similar to the observed increased sequence recovery in the V and 
J regions of the antibody, we observed a substantial increase of HL. 
To compare the human-like Rosetta decoys, the control group was 
scored with both the clustered and the original PSSMs and com
pared to their respective HL decoys. HL of decoys generated with 
clustered and original PSSMs were not compared directly with 
each other due to the different sets of underlying sequences and 
nucleotide frequency distributions. Figure 5a visualizes the HL of 
the framework regions compared to the control group. While the 
heavy chain HL of the control group barely differed in their HL of 
70.7 ± 2.8% (original) and 71.3 ± 2.7% (clustered), the human-like 
designs both increased substantially to 86.0 ± 2.8% (original) and 

MABS e2068212-5



87.9 ± 2.6% (clustered). Similarly, the light chain HL increased 
from 71.0 ± 2.8% to 86.3 ± 2.2% (original), or from 71.8 ± 2.8% to 
86.8 ± 2.1% (clustered). The frequency of residues with identical 
amino acid identities as the aligned germline gene is 65.29 ± 5.53% 

(heavy), and 71.12 ± 5.94% (light) for HL designs compared to the 
control group with 46.01 ± 4.95% (heavy) and 52.21 ± 5.08% 
(light). WT sequences exhibit the greatest frequency of 
82.63 ± 9.27% (heavy) and 88.55 ± 8.60% (light).

Figure 3. Rosetta energy and binding energy of the human antibody set. The total Rosetta score change relative to the relaxed wild-type score (a) and the interface 
energy normalized by the interface size (b). Decoys were generated with four protocols, control (Rosetta design without restraints), native (limited number of 
mutations), original PSSMs (original), and PSSMs of the clustered immunome repertoire (clustered). Overall, the change in Rosetta energy is favorable for all decoys (a), 
and did not exhibit substantial changes (b), indicating a sufficient balancing of Rosetta restraints.

Figure 4. Wild-type sequence recovery rates of the antibody after Rosetta design. The sequence recovery for the V and J regions is increased for Abs designed with 
Rosetta using clustered and original PSSMs compared to the Abs designed without restraints (control) (a). The sequence recovery of the CDRH3 region does not 
substantially change when original PSSMs were used but is reduced when clustered PSSMs are applied (b). Heavy chains (gray), and light chains (white). Statistical 
annotations using the Mann-Whitney significance test (****: p < 10e-4; ns: not significant).
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The HL of the CDR that is templated by V and J germline 
genes is overall slightly lower and more variable. These resi
dues are more variable, surface exposed, and shorter. The 
average HL for heavy chains of this part of the CDR is 
79.31 ± 5.07% (clustered) vs. 65.29 ± 6.39% (control) and 
77.31 ± 5.01% (original) vs. 64.54 ± 5.74% (control). The 
templated region of the light chain CDR is on average 
78.04 ± 5.25% (clustered) vs. 60.89 ± 7.12% (control) and 
76.96 ± 5.31% (original) vs. 60.69 ± 7.06% (control) 
(Figure 5b). The CDR was determined using the IMGT anti
body numbering.

As previously noted above, the native control group are the 
control decoys with the highest sequence similarity to the HL 
antibody design. Thus, the native decoys are the control decoys 
with a similar number of mutations when compared to HL 
decoys. When designing an antibody in Rosetta without HL 
restraints, a decrease of HL is expected as the number of 
mutations increases. We avoided inflating the performance of 
our method by comparing the results to a control that is 
allowed to diverge from the human WT with an unrestricted 
number of mutations. Instead, the results of our HL design 

protocol are also compared to the native group. The native 
group contains selected control decoys that have a similar 
number of mutations when compared to our HL decoys.

Compared to the native group, HL Rosetta decoys do not 
decrease their HL as much as the native control group when 
compared to the WT HL. In the case of the design with original 
PSSMs, the HL of one antibody was higher than its WT HL 
(Figure 5c). In the clustered design scenario (Figure 5d), four 
antibodies increased their HL compared to the WT. In contrast 
to our design protocol, all control decoys with a similar sequence 
identity to the HL designs (“native”) decreased their HL.

The human-likeness of the CDRH3 benefits from repertoire 
clustering

The most difficult task of antibody HL assessment and engi
neering is the highly variable CDRH3 region. We previously 
introduced with IgReconstruct an HL assessment method 
based on single nucleotide frequencies of the observed anti
body space.12 The untemplated and diverse character of the 
CDRH3 requires an alternative approach to address CDRH3 

Figure 5. Human likeness of the V and J region, and templated part of the CDR after Rosetta design. The control group was scored using original and clustered PSSMs, 
and their HL is significantly lower than decoys created with original and clustered PSSMs. HL was assessed for the V and J regions (a), as well as the V and J germline 
gene templated part of the CDR (b). The change of HL in respect to the native group (unrestrained Rosetta decoys with similar sequence identity to the wild-type used 
as baseline), shows an improvement of HL in all cases when original (c) and clustered PSSM were used (d). Each data point represents a unique PDB ID. Heavy chains 
(gray), and light chains (white). Statistical annotations with the Mann-Whitney significance test (****: p < 10e-4; *: 1.00e-02 < p ≤ 5.00e-02).
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HL. Thus, IgReconstruct was expanded to support repertoire 
clustering. Instead of germline genes, the sequence of the 
cluster center was used to assign nucleotide profiles to the 
CDRH3. Characteristic for the CDRH3 sequence space is its 
low commonality between human blood donors,18,19 and the 
relatively low number of observed sequences per individual 
(108 per donor versus > 1012). To address the difficult task of 
defining HL for the CDRH3 region, Bayesian statistics were 
used to infer an enlarged amino acid sequence space from 
single nucleotide observations.

To assess the performance of our method for the CDHR3 
specifically, decoys created with the original or clustered PSSMs 
were compared to the HL of the native group. Decoys created 
with and without clustering did not show a substantial change in 
HL when compared to the control group and the native group 
(Figure 6a). In contrast, eight antibodies in our benchmark that 
were designed with clustered PSSMs exhibited a positive change 
(> 3.5%) of HL compared to their native group (Figure 6b). 
Structures with an increased HL compared to their natives 
were 1n0x (8.0 ± 0.7%), 2yc1 (3.5 ± 0.0%), 3l5x (5.0 ± 0.7%), 
4hs6 (4.0 ± 0.6%), 4ioi (4.3 ± 1.4%), 4j6r (3.5 ± 0.8%), 5f9o 
(6.1 ± 0.7%), or 5xku (6.5 ± 0.9%). Supplementary Table 1 
contains a complete list of changes in HL.

Due to the low shared commonality of CDRH3 sequences 
between human individuals, and the fact that the antibody 
repertoires used here were collected from healthy blood 
donors, we did not expect the PSSMs to carry the information 
needed to generate mature, highly specific antibody sequences 
in all 27 cases. Figure 6c visualizes the eight cases with an 
CDRH3 HL improvement of at least 3.5%. Even though the 
design approach using original PSSMs may increase the HL 
slightly, this effect is more pronounced when clustered 
restraints were used. For interpreting the HL scores, it is 
important to point out that the maximum possible HL an 
antibody can achieve is not always 100% and depends on 
how distinctly sharp the frequency distribution is. Generally 
speaking, the more diverse the sequence set, the flatter the 
observed frequency distribution. Here, the HL of the CDRH3 
never exceeded 40% for clustered PSSMs (Figure 6b), and was 

less than 32.5% for original PSSMs (Figure 6a). We therefore 
consider 3.5% to be a reasonable cutoff for determination of an 
improvement in HL.

The Bayesian antibody space can be used to retain and 
increase human-likeness in antibodies from Mus 
musculus

It was shown that the Bayesian antibody space resembles a human 
sequence space by comparing the Rosetta decoys with their 
human wild-type. The design on human antibodies led to obser
vation that clustered PSSMs do not significantly influence the HL 
of the V and J regions, but lead to a much more significant 
response for the CDRH3 region. Overall, the design on 22 Mus 
musculus antibody structures (Supplement 3 and Table S2 and S3) 
can recapitulate these results. In addition, we demonstrate that in 
the majority of cases, the HL can either be retained or increased. 
HL is the average of nucleotide frequencies of the respective 
region of the sequence (V and J, or CDRH3, respectively). We 
consider a change in HL of 1% or greater significant since this 
implies that a significant number of residues has changed accord
ingly. We therefore define the range between −1% and +1% as no 
change and < 1%, or > 1% as a significant change in HL. We 
categorize the Rosetta decoy (original, clustered, control) with the 
highest HL to provide an idea of what behavior can be expected 
for humanization of Mus musculus antibodies. The HL of the 
V and J regions increases for the light chain in 4 (original), and 3 
(clustered) cases, whereas in nine cases (original and clustered) we 
detect no change, 9 (original and clustered) light chains with 
a decreased HL. The V and J regions of the heavy chain is 
improved 13 cases (original), or 12 cases (clustered) and do not 
show a significant change in 5 (original) and 6 (clustered) cases 
(Figure 7a). The CDRH3 exhibits a more reliable increase in HL in 
20 (original) and 15 (clustered) cases, and 4 decoys using clustered 
PSSMs is reduced (Figure 7b).

To summarize, the HL of Mus musculus antibodies can be 
increased by up to 4.42% (light chain, clustered), 6.02% (heavy 
chain, clustered), or 9.90% (CDRH3, clustered), compared to 

Figure 6. Human-likeness of the CDRH3 compared to Rosetta designs with a similar number of mutations (native). HL antibodies designed with Rosetta using original (a, 
circles) and clustered (b, circles) PSSMs compared to the HL of control designs (star). Each datapoint corresponds to a unique PDBID. In contrast to the Abs designed with 
original PSSMs, 8 of 27 PDBs improved their HL with clustered PSSMs when compared to the control and their native group (red). When selecting the eight antibodies 
with improved CDRH3 human-likeness, the significance of the change becomes visible for HL scores using clustered and original PSSMs. As reference, the control group 
was scored with both, original and clustered PSSMs (c). Statistical annotations with the Mann-Whitney significance test (****: p < 10e-4).
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5.28% (light chain, original), 6.16% (heavy chain, original), or 
5.13% (CDHR3, original). Clustered PSSMs are most effective 
when applied on the CDRH3.

A complete breakdown of PDB IDs and their HL can be 
found in Supplementary Tables S2 and S3 for all three design 
runs (original, clustered, control).

The decoys of decreased HL compared to the WT are likely 
cases of sub-optimal alignments of the human genes to the 
non-human antibodies for the V and J regions. In case of the 
CDRH3, we argue that, like the observation made with the 
design on human antibodies, some of the CDRH3 regions are 
not supported by the used human repertoires. This suggests 
a low likelihood that the blood donors would generate an 
immune response supporting the structure and specific bind
ing mode. We do not observe such an effect when the original 
PSSMs are used because it cannot be expected that original 
CDRH3 PSSMs carry HL information specific for certain bind
ing modes and conformations. We suggest that using an 
ensemble of PSSMs generated by different germline gene rear
rangements has the potential to mitigate this effect for a use- 
case scenario with practical relevance.

Discussion

Valuable research-grade monoclonal antibodies are often 
derived from non-human organisms such as mouse, rat, or 
rabbit and chicken. Humanization techniques are required if 
such antibodies are developed for clinical use to avoid adverse 
effects and maintain the efficacy of antibodies when used in the 
clinic. Here, a method was developed for computational anti
body design of IgG antibody isotypes with Rosetta. Even 
though our findings are exclusive to one antibody isotype, we 

suggest that this method can be expanded to all isotypes for 
which a sufficient large amount of human nucleotide reference 
sequence are available for creation of the PSSM antibody space.

The observed antibody space of single blood donors 
(108) is magnitudes smaller than the expected diversity of 
human antibodies (> 1012). The main reason for the high 
diversity and the low commonality18,19 of sequence reper
toires is the variable CDRH3 region of the antibody, which 
enables specific binding to a wide variety of antigens. To 
model HL despite these difficulties, the previously described 
IgReconstruct12 method was improved. Amino acid fre
quency profiles of clustered antibody repertories were mod
eled from nucleotide sequences using Bayesian statistics. In 
this study, we hypothesize that Bayesian statistics are able 
to infer a larger antibody space by exploiting the degener
acy of the genetic code. The usefulness of this antibody 
space was demonstrated by improving the HL of the 
CDRH3 region with Rosetta design for 8 of 27 human co- 
crystal structures. For the variable and joining segments of 
the antibody, the HL was reliably improved compared to 
unrestrained Rosetta designs, suggesting that Rosetta can be 
employed using our method to either design novel antibo
dies that are human-like, or to re-design existing antibodies 
for HL. We also generated human-like decoys of Mus 
musculus antibody structures. We could observe increased 
HL especially in the CDRH3 of up to 9.9%. The overall 
similar performance suggests that our restraints can be used 
for antibody humanization.

It has been shown that human germline genes can be 
assigned to non-human antibody species,12 which is the 
foundation of our method. However, the alignments natu
rally can be of low quality due to their low HL and low 

Figure 7. Change of human-likeness for 22 Mus musculus antibodies. Visualized is the Rosetta decoy with the highest change in HL relative to the WT for original and 
clustered PSSMs for heavy chains (gray) and light chains (white) separately. No change (0%) compared to the WT is highlighted with a red line. We consider a change of 
≥ 1% significant (Orange lines). HL was calculated separately for the V and J regions combined (a) and the CDRH3 region (b).
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germline identity. Consequently, we observed outliers dur
ing the HL design of mouse antibodies. To humanize non- 
human antibodies, decisions must be made on a case-to- 
case basis, including: 1) which human germline gene com
bination should be used that optimally supports the 
(CDRH3) conformation, and 2) which areas of the variable 
region should be protected from mutations. Evaluation of 
the humanness may depend on specific project aims and 
include experimental evidence.

In this study, we suggest that nucleotide frequencies 
should be exploited to infer amino acid probabilities, 
instead of assessing amino acid frequencies directly, for 
three main reasons. First, ambiguities that arise during 
antibody amino acid characterization can be resolved on 
the nucleotide sequence level. For example, nucleotide tri
plets may only be partially aligned to germline genes. Or 
the same triplet can be assigned to different genes, which 
may occur in the junctions between V-D, D-J, or V-J gene 
assignments. The amino acid representation would fail to 
resolve ambiguities and inaccurately model the frequency 
statistics. Second, germline gene-dependent nucleotide sta
tistics do not require special handling of frame-shifts. 
Third, single nucleotide observations can be used in com
bination with our Bayesian approach to suggest probabil
ities for amino acids that have not necessarily been 
observed in immune repertoires.

The low commonality of human CDRH3 sequences between 
human subjects has been shown before.12,19 This finding implies 
that antibodies specific to the same antigen but derived from 
different humans, can significantly differ in their sequence. This 
may explain our observation that clustered PSSMs fail to sig
nificantly increase the sequence identity to the WT antibody, 
since the sequence space is biased by individual repertoires. The 
CDRH3 HL on the other hand could be increased in 8 of 27 
cases. It should be noted that the human blood samples for the 
repertoires used here were collected from otherwise healthy 
donors in the US. The individuals did not have exposure his
tories for all antigens observed in our dataset of 27 co- 
crystallized antibodies, which target a variety of antigens such 
as human immunodeficiency virus, hepatitis C virus, auto- 
antibodies, and dengue virus. In the cases of increased CDRH3 
HL and decreased sequence identity to the wild-type, we assume 
that the immune response of the blood donor(s) would appear 
differently than the antibody deposited in the PDB.

Further applications may include established Rosetta design 
protocols that are available, such as RosettaScripts,34 in com
bination with our PSSMs. The RosettaScript used for this study 
(see Supplement 1, Section 3) can be considered as a basic 
single-state affinity maturation protocol when co-crystal struc
tures in complex with the antigen are used, where one con
formation is referred to as a single state. Our approach can 
also be combined with RECON, a multi-state design pro
tocol that can be used to design multi-specific antibodies, 
or for affinity maturation.35,36 Another possible use case is 
the de-novo design with RostetaAntibodyDesign (RabD)37of 
both human-like antibodies from an experimental structure 
of a non-binding antibody, or affinity maturation of an 
already existing antibody weakly binding antibody while 
maintaining or increasing HL.

Methods

Generation of single nucleotide frequency profiles

We assign single nucleotide frequency (SNF) profiles that were 
created from NGS-sequenced immunome repertoires to target 
amino acid sequences, as described in our previous study.12 We 
achieve this by assigning the SNF to a set of reference V and 
J germline genes, which are then aligned to the amino acid 
target sequence. The region between the V and J alignments 
was modeled with CDRH3 PSSMs. Alignments of the human 
and mouse antibodies are visualized in Supplement 2 and 3. 
This enables the assessment of HL and the recovery of human 
like nucleotide sequences. SNF statistics were generated for 
each germline gene and CDRH3 loop length independently. 
Here, a similar approach was used, but instead of pooling all 
sequences depending on germline gene and loop length, the 
immunome repertoires were clustered based on minimal 
sequence identity. Separation by sequence identity allowed us 
to capture the SNF statistics that depend on reading frames or 
that are unique for antibody lineages. We used SNF profiles 
with a sequence identity of 50%, 70%, 80%, and 90% for V, D, 
and J regions and profiles with a CDRH3 loop identity of 16%, 
23%, 30%, 37%, 44%, and 50%. We used 196,072,571 heavy 
chain and 129,095, 736 light-chain sequences published by 
Soto et al.18 SNF profiles with an identity cutoff of 90% of 
V and J regions and 30% for the CDRH3 were chosen for all 
experiments as a compromise between the number of clusters 
and cluster sizes.

Bayesian approach to model the human amino acid 
sequence space

We deduced amino acid substitution scores from SNF profiles. 
We hypothesize that silent mutations and the degeneracy of the 
genetic code contain additional information that allows us to 
extrapolate a larger and smoother amino acid sequence space 
than experimentally determined via NGS sequencing. We 
developed a Bayesian approach to estimate amino acid prob
abilities from independent nucleotide triplet observations p(aa| 
trpl) (Equation 1). We simplified Equation 1 with the assump
tion that the immunome repertoire is of infinite size and an 
observation of any amino acid at any position is possible with 
p(aa) equals 1.0. The denominator p(trpl) is the fraction of 
observed versus all possible triplet observations for all 20 
amino acids. 

p aa _ trplð Þ ¼
p trpl _ aað Þp aað Þ

p trplð Þ
(1) 

The triplet probability for a given amino acid (nominator) and 
the global triplet probabilities (denominator) was reformulated 
as a fraction of amino acid pseudo-observations Opseudo, and 
divided by the total number of observations. Working with 
observations instead of frequencies allows further simplifica
tion of the equation. Pseudo-observations were inferred by 
pooling all encoding triplets together that encode an amino 
acid together for the first, second, and third position separately. 
Each nucleotide is counted once, as seen at the example of 
serine and the unique nucleotides Tunique were used to infer the 

e2068212-10 S. SCHMITZ ET AL.



triplet frequency for a specific amino acid. Table 1 exemplary 
shows Tunique for serine. The resulting observations are inde
pendent of the varying number of triplets that encode an 
amino acid.

Opseudo is ultimately the sum of SNF observations of all 
unique nucleotides Tunique and resembles the frequency of 
a specific amino acid.

The probability to observe a specific amino acid resin at 
position resi, given the triplet observations from our SNF 
profile, is described in equation 2 as p(resn | trpl). Pseudo- 
observations allow us to determine the greatest common 
denominator (GCD). The GCD is calculated for all three posi
tions in the triplet. 

p resn _ trplð Þ ¼

PTunique resnð Þ

nt
Opseudo resi;ntð Þ

GCD
P

aa

PTunique aað Þ

nt
Opseudo resi;ntð Þ

GCD

(2) 

The GCD cancels out, which leads us to our final Equation 3. 
We expect these amino acid pseudo-observations to approx
imate the Bayesian human amino acid sequence space. 

p aa; resið Þ ¼

PTunique resnð Þ

nt Opseudo resi; ntð Þ
P

aa
PTunique aað Þ

nt Opseudo resi; ntð Þ
(3) 

Generation of a position specific substitution matrix

We used the amino acid probabilities calculated in Equation 3 to 
assemble position-specific frequency matrices for the antibody 
variable regions. The substitution matrices are deduced from 
SNF profiles, which are individually generated for each sequence 
depending on its germline gene rearrangement.12 We then con
verted these frequencies into PSI-Blast formatted position- 
specific substitution matrices for amino acids.32 The method to 
calculate substitution matrices from probabilities was described 
for Blast applications.31 We adopted the mathematical 
Equation 4 for substitution score calculation and applied it to 
each germline gene dependent and CDRH3 loop length- 
dependent amino acid probability matrix p(aa, resi) (Equation 3). 

sij ¼
ln qij

pjpi

� �

λ
(4) 

The target frequency qij describes the probability of mutating 
amino acid i to residue j, and the background probabilities for 
each amino acid i, and j (pi and pj). The scaling parameter 
lambda was determined for each probability matrix individually 

by optimizing the Spearman correlation between substitution 
score and nucleotide HL score PFMVJ.12 We used Powell 
optimization as optimization function, and cropped the sij 
values between −10 and 10. Cropping ensures that outliers 
and extreme values turn into forced mutations during 
Rosetta design. Supplementary Figure 2 visualizes the effect 
correlation optimization has on the distribution of substi
tution scores, which leads to a better spread of the values 
within the allowed range of −10 to 10.

Design of antibody structures with and without 
substitution score constraints

Crystal structures were obtained from the Protein Data 
Bank (PDB),29 removing the solvent and all non-protein 
objects, as well as and duplicate chains. Rosetta was used 
for structural sequence design.25 The Fv region of each 
antibody was designed with and without substitution 
scores, in apo and holo state if available. Sequence design 
through amino acid replacements was enabled for each 
residue in the variable region as long as a HL profile was 
available. All 20 canonical amino acid were allowed, exclud
ing cysteines. Residues with a cysteine in the WT structure 
were excluded from design.

To add the constraints to Rosetta we used our PSI- 
Blast formatted PSSM in combination with the Favor 
SequfenceProfileMover and global scaling, and a weight of 5. All 
positions in the PSSM without any information about sub
stitution scores (untemplated regions like insertions or the 
antigen) were filled with zeros. In order to measure the 
sequence recovery rate, we compared the variable regions of 
the heavy and light chains only.

Calculation of antibody-antigen binding energies

Binding energies were calculated using Rosetta’s interface- 
analyzer application using the value dG_separated/ 
dSASAx100, which is the difference of total Rosetta score 
between the bound and unbound state. The normalization 
factor in square Angstroms is the solvent-accessible surface 
area that gets buried in the bound state.

Human-likeness, sequence recovery calculation, and SNF 
profile generation

HL was calculated as previously described as PFMVJ is 
a direct measure of observed nucleotide frequencies.12 HL 
values were reported for the V and J region as the average 
of nucleotide frequencies (PFMVJ) and adopted for the 
CDRH3 region analogously (PFMCDRH3). SNF matrices 
were generated by from the WT crystal structures using 
IgReconstruct and the clustered version of the 
IgReconstruct algorithm. SNF matrices were then used to 
create the substitution scores/PSSMs as HL restraint.

The sequence recovery was calculated by counting the number 
of mutations introduced during Rosetta each design run, divided 
by the total number of residues in the antibody chains. Sequence 
recovery was calculated for heavy and light chains separately.

Table 1. Example of unique nucleotides at each position of the six triplets (Tunique) 
that encode Serine. Tunique is used to look up the observed nucleotide frequencies 
that contribute to a specific amino acid.

Position 1 Position 2 Position 3

Triplet 1 A G T
Triplet 2 A G C
Triplet 3 T C T
Triplet 4 T C C
Triplet 5 T C A
Triplet 6 T C G
Tunique A, T G, C T, C, A, G
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Abbrevations

ADA Anti-Drug-Antibodies
CDR Complementarity-Determining Region
CDRH3 Heavy chain CDR3 region
GCD Greatest Common Denominator
HL Human-likeness
NGS Next-Generation Sequencing
PSSM Position Specific Scoring Matrix
REU Rosetta Energy Units
SNF Single Nucleotide Frequencies
WT Wild-Type
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