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The application of antibody therapeutics is promising in the field of immunotherapy. While, heterologization 
should be done in most cases before applying the therapeutic antibodies into bodies, e.g., humanization, 
caninization and felinization for human beings, canine and feline, respectively. Here we report YabXnization, 
the platform which realizes antibody heterologization on the basis of rational design and artificial intelligence 
(AI)-assisted computation. YabXnization provides two ways for heterologization: traditional CDR-grafting and 
backmutation-based rational design; and AI-assisted fusion computational design. Taking humanization as 
example, both of the two ways first find the proper template for heavy and light chains with CDR-grafting 
followed. For rational design, bioinformatics analysis-based backmutation is then conducted. For AI-assisted 
computational design, the backmutation and humanness evaluation are implemented through evolutionary 
computation framework with DeepForest-based humanness evaluation model and the distance to the previously 
found human template as objective functions. Finally, the top K heterologized antibodies can be provided by 
YabXnization platform. We examined the platform with 18 antibodies to be heterologized, in which 10 for 
humanization, 6 for caninization and 2 for felinization, respectively. The heterologized antibodies were measured 
by indirect ELISA and BLI(Octet)/SPR(Biacore) binding affinity measurement methods. Test results show a 90% 
success rate with the binding affinity loss of heterologized antibodies within an order of magnitude compared 
to the corresponding chimeric antibodies. It even shows an increase in the binding affinity on some of the 
heterologized antibodies. The platform can be reached through https://www .genscript .com /tools /yabxnization -
service.
1. Introduction

Antibodies recognize antigens with high affinity and specificity, 
making them widely used in the fields of biopharmaceuticals and im-
munotherapy, including cancer treatment, immunomodulatory diseases, 
and infectious disease treatment. Since the first monoclonal antibody 
drug was approved by the U.S. Food and Drug Administration (FDA) in 
1986, the market for antibody drugs has shown exponential growth. In 
2018, six of the top 10 best-selling drugs are monoclonal antibodies, and 
it is estimated that by 2025, the market size of monoclonal antibodies 
alone will reach $300 billion [1]. By November 2023, almost 200 anti-
body therapeutics have either been approved for marketing or are under 
regulatory review in at least one country (www .antibodysociety .org /
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antibodytherapeutics -product -data). Furthermore, as of October 2023, 
company clinical pipelines featured over 1,100 antibody therapeutics in 
Phase 1, Phase 1/2, or Phase 2 trials, with nearly 70% of these aimed at 
cancer treatment [2]. In those commercially approved and under clin-
ical studied therapeutic antibodies, most of them are generated from 
monoclonal antibody. Currently, cell fusion and hybridoma technol-
ogy are the most reliable methods for preparing monoclonal antibodies 
with mice, rats, sheep, rabbits and other animals used for immuniza-
tion. However, the monoclonal antibodies obtained by these methods 
are of species-specified origin. To develop animal-derived monoclonal 
antibodies into antibody drugs for disease treatment or prevention, es-
pecially for human use, heterologization must be carried out to reduce 
the anti-antibody reaction caused by heterologous antibodies.
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Taking humanization as an example, the process of replacing part 
of the sequence of a non-human antibody (i.e., of animal origin such 
as murine) with a human antibody sequence to make it more like a 
human antibody in order to reduce or eliminate the immunogenic-
ity, is called antibody humanization [3]. As a routine requirement in 
today’s antibody engineering, antibody humanization mainly includes 
the following methods: chimeric method [4], CDR-grafting [3], SDR-
grafting [5], resurfacing method [4], reproduction based on CDR or 
SDR-grafting cell lineage humanization [6,7], and so on. The differences 
in the above humanization methods and their corresponding represen-
tative antibody drugs can be found in the literature [4]. Traditional 
humanization mainly relies on manual operations, including rational 
design and reverse mutation site analysis on the basis of experience. 
At present, there are many computer-assisted humanization programs, 
including the random forest-based Hu-mAb [8], the ProtBert (a natural 
language processing pre-trained model)-based BioPhi [9], the multivari-
ate Gaussian model-based statistical model [10], the CDR-grafting-based 
online humanization tool Tabhu [11], etc. In many cases of the tradi-
tional humanization, the operation with CDR-grafting and backmutation 
is not enough and further optimization is necessary. However, nearly 
all the traditional humanization methods stop their steps after the back-
mutation operation, and resign the humanization results (keeping the 
binding affinity of the humanized antibody to specific antigens, and 
making the humanness as high as possible) to fate.

Still taking humanization as an example, the next step of antibody 
engineering after humanization is humanness evaluation. The World 
Health Organization (WHO) and the American Medical Association 
(AMA) have respectively launched the International Nonproprietary 
Name (INN) and United States Adopted Name (USAN) projects to stan-
dardize the nomenclature of antibody drugs, and recommend the use 
of IMGT/DomainGapAlign [12] to measure and analyze the degree of 
humanization of antibody drugs. The IMGT/DomainGapAlign can deter-
mine the degree of homology between the humanized antibody and the 
antibody-coding genes of the human germ cell lineage. Earlier, USAN 
project experts recommended that the humanization degree of VH and 
VL of monoclonal antibody drugs need to be no less than 85% be-
fore -zumab and -umab can be used in drug naming. However, this 
has brought a lot of controversy because the humanization degree of 
many approved antibody drugs labeled as ‘humanized’ is actually not 
higher than 85% [4,13,14]. What’s more, the IMGT/DomainGapAlign 
only considers antibody-coding genes of the human germline lineage, 
while contains no somatic hypermutation. Accordingly, ≥85% is not 
considered as a hard standard at present. To evaluate the humanness 
degree, the full length heavy/light chain of the humanized antibody V 
region should be compared with the human antibodies [13,14], with the 
use of Blastp program.

As a representative of AI, deep learning has been used for anti-
body humanization, such as ProtBert based BioPhi [9], and the LSTM 
based humanization degree measurement model [15]. However, there 
are several unavoidable problems in applying deep learning to compu-
tational biology: (1) the model can perform well only when training 
with massive data; (2) the hyperparameters of the models need to be 
systematically screened and set, which is cumbersome; (3) low inter-
pretability; (4) high cost when accelerating calculations with GPU or 
TPU [16]. DeepForest [17] is a deep model inspired by deep neural net-
works (DNN) and designed using multi-granularity cascaded random 
forests which does not rely on the back-propagation algorithm. Com-
pared with deep learning based on neural networks, the advantages of 
DeepForest include: (1) more stable and better learning performance 
when processing data of different data scale, fast training, and reduced 
computing costs; (2) no complex hyperparameter settings; (3) the tree 
structure of the deep forest has better interpretability than the neural 
network, which is beneficial to mining and explain biological implica-
tions.

In view of the problems existing in deep learning in antibody hu-
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manization, and for the purpose of further optimizing the humanized 
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antibody with CDR-grafting, we propose here an antibody humanization 
method based on CDR-grafting, deep forest-based humanness evaluation 
model, and multi-population genetic algorithm (MGA)-based backmu-
tation optimizer. After traditional CDR-grafting operation, the evolu-
tionary computation is conducted under the MGA framework with the 
constructed humanness evaluation model and the distance to previously 
found template as objective functions. Besides, we expend the human-
ization application to canine and feline, called caninization and feliniza-
tion, respectively, and integrate those 3 heterologization methods into 
one platform which named YabXnization. YabXnization provides two 
ways for heterologization: traditional CDR-grafting and backmutation 
based rational design; and AI-assisted fusion computational design. The 
overall workflow of YabXnization platform is shown in Fig. 1. The user 
should first provide 4 groups of information to be filled in the blanks: 
the ‘Task Name’ (job name given by user), ‘Top K’ (the number of total 
heterologized antibodies, maxim 25), ‘Target Sequences’ (heavy/light V-
region sequence), and ‘Template’ (the template used in heterologization, 
optional); then select 4 groups of given options: ‘Xnization’ (humaniza-
tion, caninization and felinization), ‘Origin Species’ (the species of target 
antibody), ‘Design Mode’ (AI design or rational design), and ‘Comput-
ing Mode’ (speed first or accuracy first); by clicking the ‘Submit’ button, 
the selected heterologization will start running in the backend, and a 
notification email will be sent to the user once the heterologization is 
finished; Finally, the top K heterologized antibodies can be downloaded 
with an extra TXT file for manually review.

2. Materials and methods

2.1. Dataset

2.1.1. Dataset used for constructing the humanness evaluation models

There are over 2.5 billion antibody sequences in the Observed Anti-
body Space, OAS [18,19] database and 15,996 variable regions in The 
Structural Antibody Database, SAbDab [20] (as of January in 2024). The 
dataset used for constructing the humanness evaluation models were 
obtained from the OAS and SAbDab, which were divided into 4 parts: 
human heavy chains, human lights chains, non-human heavy chains 
and non-human light chains, namely, Human_H (98,456,731 items), Hu-
man_L (6,097,114 items), NonHuman_H (31,382,063 items) and Non-
Human_L (2,067,941 items), respectively. All heavy and light chains 
were numbered by ANARCI [21] with specific numbering schema (e.g., 
IMGT) and marked CDR regions with specific CDR marking rules (e.g., 
North) [22]. And the heavy and light chains were aligned to the same 
length with gaps in the sequences filled by ‘X’ at the same time, respec-
tively.

2.1.2. Dataset used for constructing the template database

The aligned heavy and light chain sequences described in sec-
tion 2.1.1 were also used for constructing the human template database. 
Here we also describe the construction process of the template database 
used for caninization from the international ImMunoGeneTics infor-
mation system, IMGT (https://www .imgt .org/). The IGHV (55 itmes), 
IGHD (6 items), IGHJ (6 items), IGKV (40 items), IGKJ (5 items), IGLV 
(122 items), and IGLJ (9 items) corresponded amino acid sequences of 
canine species were first downloaded from IMGT reference directory 
in FASTA format (IG and TR) (https://www .imgt .org /vquest /refseqh .
html #VQUEST). Then, the V-region antibody heavy chain sequences 
were combined from IGHV, IGHD and IGHJ (IGKV, IGKJ, IGLV and 
IGLJ for light chain) according to the mechanism to produce anti-
body diversity based on the recombination of V(D)J gene. The com-
plete heavy chain template database contains 2,310 sequences includ-
ing IGHV+IGHJ (55*6=330) and IGHV+IGHD+IDHJ (55*6*6=1,980). 
The complete light chain template database contains 1,298 sequences 

including IGKV+IGKJ (40*5=200) and IGLV+IGLJ (122*9=1,098).

https://www.imgt.org/
https://www.imgt.org/vquest/refseqh.html#VQUEST
https://www.imgt.org/vquest/refseqh.html#VQUEST
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Fig. 1. The overall workflow of YabXnization platform.
2.1.3. Dataset used for heterologization testing

We have developed 18 clones of antibodies against several antigens 
through MonoRabTM rabbit monoclonal antibody customized service 
(https://www .ge -nscript .com .cn /custom -rabbit -monoclonal -antibody -
generation .html) for testing, in which 10 of them are for human, 6 for 
canine and 2 for feline.

2.2. CDR-grafting

CDR-grafting [3] is a classical and important technique for heterolo-
gization. It first finds out the CDRs in both target sequence (the antibody 
heavy/light chain sequences to be heterologized) and template sequence 
(the antibody heavy/light chain sequences from the target species to be 
heterologized to). The CDRs in the target sequence are then grafted to 
the corresponding positions in the template sequence. The newly gen-
erated sequence is called heterologized sequence and is used for the 
next steps of operations. The CDR-grafting has been implemented in the 
Python package AbNumber (https://abnumber .readthedocs .io/) which 
was used in our method.

2.3. Backmutation for rational design

Compared to original antibody, extensive sequence modifications 
within the framework regions (FR) often result in the reduction or even a 
loss of binding affinity [23,24]. This effect may be attributed to critical 
framework positions within the antibody framework sequence, which 
stabilize the overall protein structure or the VH/VL interface [25], con-
tact the antigen directly [26] or establish the Vernier zone [27] by 
providing a suitable physico-chemical environment for a proper con-
formational ensemble of the CDR loops. Accordingly, with only CDR-
grafting is always not sufficient for most cases of heterologization, and 
several critical positions within the framework regions have to be back-
mutated to the wild-type amino-acids in the original species. The amino 
acids should be backmutated to its original amino acids should satisfy 
following conditions: (1) the positions which are highly conserved; (2)

the positions which are close to CDR regions; (3) the positions which 
are highly important to the stability of the antibody.

2.4. DeepForest-based humanness evaluation model

The humanness evaluation models for heavy and light chains were 
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constructed separately with the use of DeepForest [17], and the human-
ness evaluation was conducted separately for heavy and light chains 
as well. The DeepForest was implemented with the use of Python 
deep-forest package (https://github .com /kingfengji /gcForest) with its 
default parameters. For heavy and light chains, the DeepForest human-
ness evaluation models were trained on the aligned 873,179 (590,740 
for human + 282,439 for non-human) heavy and 3,940,707 (3,658,268 
for human + 1,240,765 for non-human) light chains, respectively. When 
making evaluation of a given antibody, the heavy and light chains were 
first numbered and aligned to a certain length with the ANARCI under 
specific numbering schema (e.g., IMGT) and with gaps in the sequences 
filled by ‘X’ at the same time, then input to the constructed models. The 
probability of the given chain to be predicted as human could be given 
by the model. What to be noted is that no matter what kind of species 
the origin is, our proposed model can make an accurate distinguishment. 
The constructed model can be used for both rational design as human-
ness evaluator for guiding the selection of humanized sequences; and 
for AI-assisted computational design as one of the objective functions of 
the evolutionary computation for guiding the searching process.

2.5. Evolutionary computation-based heterologization optimization

Evolutionary computation has been successfully applied for solv-
ing the biology problem, such as GenSmartTM codon optimization tool 
https://www .ge -nscript .com /gensmart -free -gene -codon -optimization .
html [28] and molecular docking [29]. Genetic algorithm (GA) [30] is a 
classical representative of evolutionary computation, and was adopted 
in this work. Two objective functions were used here: the previous 
constructed humanness evaluation model, and the distance (e.g., the dis-
tance calculated from the sequence alignment-based substitution scoring 
matrix, PHAT or PAM, etc. [31]) to the previous found human template. 
The humanness evaluates how similar the optimized antibody sequence 
to human, the distance calculates how far the optimized antibody se-
quence to the selected human template. The goal of the evolutionary 
computation is for making the optimized antibody sequence more sim-
ilar to human but not too far from the selected template sequence.

2.6. Binding affinity measurement methods

2.6.1. ELISA relative affinity ranking

Enzyme-Linked Immunosorbent Assay (ELISA) is a widely used tech-

nique for detecting and quantifying antigens or antibodies in a sample. 

https://www.ge-nscript.com.cn/custom-rabbit-monoclonal-antibody-generation.html
https://www.ge-nscript.com.cn/custom-rabbit-monoclonal-antibody-generation.html
https://abnumber.readthedocs.io/
https://github.com/kingfengji/gcForest
https://www.ge-nscript.com/gensmart-free-gene-codon-optimization.html
https://www.ge-nscript.com/gensmart-free-gene-codon-optimization.html
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When using ELISA to determine the relative affinity of antibodies, the 
process generally involves comparing the binding strengths of different 
antibodies to a specific antigen under standardized conditions. Here are 
the steps and considerations for performing a relative affinity ranking 
using ELISA:

(1) Preparation of antigen and antibodies: Coat a microtiter plate 
with a known concentration (1 μg/ml, 100 μl∕𝑤𝑒𝑙𝑙, with the use of Phos-
phate Buffered Saline, PBS, pH 7.4) of the antigen and prepare a range 
of dilutions (from original concentration to approximately 0, take 1/30 
times as step, totally 12 steps) of the antibodies you wish to compare;

(2) Binding Assay: Incubate the antigen-coated wells with the dif-
ferent antibody dilutions, then wash the wells (with the use of PBS 
containing 0.05% Tween-20) to remove unbound antibodies;

(3) Detection: Add a secondary antibody that is specific to the pri-
mary antibodies and is conjugated to an enzyme (e.g., HRP-Horseradish 
Peroxidase), then wash the wells (with the use of PBS containing 0.05% 
Tween-20) again to remove unbound secondary antibodies;

(4) Substrate addition: Add a substrate that the enzyme can convert 
into a detectable signal (e.g., a colorimetric change);

(5) Signal measurement: Measure the signal using a plate reader;
(6) Data analysis: Plot the absorbance values against the concen-

trations of antibodies and determine the concentration at which each 
antibody reaches half-maximal binding (EC50);

(7) Relative affinity ranking: Compare the EC50 values of the differ-
ent antibodies. A lower EC50 indicates higher affinity, as it means that 
a lower concentration of antibody is required to achieve half-maximal 
binding.

2.6.2. BLI binding affinity measurement

Biolayer Interferometry (BLI) is a label-free technology for measur-
ing biomolecular interactions in real-time. It is widely used to determine 
binding affinities, kinetics, and concentration of analytes. BLI operates 
on the principle of detecting changes in the interference pattern of light 
reflected from a biosensor surface when molecules bind to it. Here are 
the steps and considerations for performing a binding affinity measure-
ment using BLI:

(1) Sensor selection: Choose an appropriate biosensor type based on 
the nature of the ligand (e.g., Protein A, Ni-NTA for His-tagged proteins. 
HIS1K (Sartorius Cat. No. 18-5120, Lot. No. 2209010411) were used 
here);

(2) Ligand immobilization: Immobilize the ligand (e.g., an antibody 
or protein) onto the biosensor surface;

(3) Baseline establishment: Place the ligand-immobilized biosensors 
into a buffer (10 mM Tris, 150 mM NaCl and 2 mM CaCl2 , pH 7.5 (Gen-
Script, Lot. No. 20231229P0006)) solution to establish a baseline signal;

(4) Analyte binding: Dip the biosensors into wells containing differ-
ent concentrations of the analyte (e.g., an antigen or another protein) to 
observe the association phase: the binding of the analyte to the ligand 
on the sensor surface will cause a change in the interference pattern;

(5) Dissociation measurement: Transfer the sensors back into wells 
containing only the buffer to observe the dissociation phase: the de-
crease in signal over time indicates the dissociation of the analyte from 
the ligand;

(6) Kinetic analysis: Analyze the association and dissociation curves 
to calculate the kinetic rate constants (𝑘𝑜𝑛 for association, 𝑘𝑜𝑓𝑓 for dis-
sociation);

(7) Affinity determination: Calculate the equilibrium dissociation 
constant (𝐾𝐷) using the formula: 𝐾𝐷 = 𝑘𝑜𝑛∕𝑘𝑜𝑓𝑓 ;

(8) Global fitting: Using the software provided with BLI instrument 
(Octet𝑅𝐸𝐷384) to perform global fitting of the kinetic data from mul-
tiple analyte concentrations to obtain accurate kinetic and affinity con-
stants.

2.6.3. SPR binding affinity measurement

Surface Plasmon Resonance (SPR) is also a widely used technique for 
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measuring binding affinities and kinetics of biomolecular interactions. 
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SPR measures changes in the refractive index near a sensor surface when 
biomolecules bind to it. These changes affect the resonance angle of sur-
face plasmons, which is detected as a shift in the SPR signal. Here are the 
steps and considerations for performing a binding affinity measurement 
using SPR:

(1) Surface functionalization: Coat the SPR sensor surface with a 
ligand;

(2) Ligand immobilization: Immobilize the ligand on the sensor chip 
(Series S Sensor Chip CM5 from Cytiva with Cat. No. BR-1005-30) using 
appropriate coupling chemistry;

(3) Baseline establishment: Flow a running buffer (diluted from 10×
HBS-EP+ buffer) over the sensor surface to establish a stable baseline;

(4) Analyte injection: Inject the analyte (e.g., antigen or protein) 
at various concentrations over the sensor surface: the binding of the 
analyte to the immobilized ligand changes the refractive index, which 
is detected as an SPR signal;

(5) Buffer flow: After the association phase, flow the running buffer 
over the sensor surface to observe the dissociation of the analyte from 
the ligand;

(6) Kinetic analysis: Analyze the association and dissociation curves 
to calculate the kinetic rate constants (𝑘𝑜𝑛 for association, 𝑘𝑜𝑓𝑓 for dis-
sociation);

(7) Affinity determination: Calculate the equilibrium dissociation 
constant (𝐾𝐷) using the formula: 𝐾𝐷 = 𝑘𝑜𝑛∕𝑘𝑜𝑓𝑓 ;

(8) Global fitting: Using the software provided with SPR instrument 
(Biacore T200 from Cytiva with Cat. No. 28975001) to perform global 
fitting of the kinetic data from multiple analyte concentrations to obtain 
accurate kinetic and affinity constants.

3. Results

3.1. Web server

The YabXnization web server we developed now can provide three
kinds of heterologization: humanization, caninization and felinization. 
For humanization, YabXnization provides two ways of design: rational 
design and AI-assisted computational design. Fig. 2 shows a snapshot 
of the job submission page of the web server. As described in the In-
troduction, there are 4 blanks should be filled by user: ‘Task Name’, 
‘Top 𝐾 ’, ‘Target Sequences’, and ‘Template’, the meaning of which are: 
the user defined task name, how many heterologized antibodies should 
be output, the heavy and light chains to be heterologized, and the 
template heavy/light chains which are going to be used in the het-
erologization, respectively; And 4 options should be selected by user: 
‘Xnization’, ‘Origin Species’, ‘Design Mode’, and ‘Computing Mode’, the 
meaning of which are: what kind of heterologization the user is going 
to do, origin species of the provided sequence to be heterologized, ra-
tional design or AI-assisted design, and speed or precision first when 
doing the heterologization, respectively. In all the 4 blanks, ‘Template’ 
is optional to be filled, and other blanks are all mandatory. In all the 
4 options, only ‘Design Mode’ can be selected by user when doing hu-
manization, for caninization and felinization, ‘Design Mode’ is set to 
rational design by default and could not be changed at moment. With 
all blanks filled and options selected, by clicking the ‘Submit’ button, 
the selected heterologization will start running in the backend, and a 
notification email will be sent to the user once the heterologization is 
finished. Finally, the top K heterologized antibodies can be downloaded 
from the YabXnization platform with an extra TXT file for manually re-
view.

3.2. Performance of humanness evaluation model

In the AI-assisted computation method for humanization, the suc-
cessfulness is highly related to the humanness evaluation model since 
which is the objective function of the evolutionary computation. Ac-

cordingly, we tested the performance of humanness evaluation model 
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Fig. 2. The snapshot of the job submission page of the web server.
by 5-fold cross-validation with down sampling of original dataset (due 
to the extremely large amount). In the test, 620,000 samples for heavy 
chain and 550,000 samples for light chain were used for 5-fold cross-
validation, and other 620,000 samples for heavy chain and 410,000 
samples for light chain were used for independent test. For avoiding 
the information leakage in the cross-validation, the sequences with se-
quence similarity higher than 90% (for heavy chain) and higher than 
95% (for light chain) would not appear in the training and testing 
datasets at the same time when splitting the data. The 5-fold cross-
validation results and independent test results for heavy and light chains 
are depicted in Figs. 3(a)-(f) and 3(g)-(l), respectively. The indicators 
3226

achieve nearly 1.000 in terms of AUROC (area under receiver operat-
ing characteristic curve) and AUPRC (area under precision-recall curve), 
which show that the classification performance of the constructed mod-
els is considerably good.

For avoiding the sampling bias and the effect of sample number, we 
use different amount scale samples from 1,000 to 100,000 with 5,000 as 
increasements for constructing the model, and use an independent test 
set including 200,000 samples for testing. The corresponding test results 
are summarized in Tables 1 and 2, which shows that the performance 
increase with the sample number used in training, but the increasement 
is not that obvious. Thus, we can draw a conclusion that there exists 
no sampling bias in the constructing process of the model, and the con-

structed model performs well with the given down-sampled samples.
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Fig. 3. The 5-fold cross-validation and independent test results. (a)-(c) for heavy chain 5-fold cross-validation, (d)-(f) for heavy chain independent test. (g)-(i) for 
light chain 5-fold cross-validation, (j)-(l) for light chain independent test. The figures at first, second and last column are confusion matrix, ROC plot and PRC plot, 
respectively.

Table 1

Test results on different number of samples for building the model (heavy chain).

Nsample TP TN FP FN ACC F1 AUROC AUPRC

1E03 998934 991950 8050 1066 0.9954 0.9954 0.9954 0.9998
5E03 999213 996195 3805 787 0.9977 0.9977 0.9977 0.9999
1E04 999335 997576 2424 665 0.9984 0.9984 0.9984 0.9999
5E04 999666 998676 1324 334 0.9991 0.9991 0.9992 1.0000
1E05 999670 999301 699 330 0.9995 0.9994 0.9995 1.0000

Table 2

Test results on different number of samples for building the model (light chain).

Nsample TN TP FN FP ACC F1 AUROC AUPRC

1E03 992696 990099 9901 7304 0.9914 0.9914 0.9914 0.9995
5E03 993825 993404 6596 6175 0.9936 0.9936 0.9936 0.9997
1E04 994810 993881 6119 5190 0.9943 0.9943 0.9943 0.9997
5E04 995177 995348 4652 4823 0.9953 0.9953 0.9953 0.9999
1E05 995266 995911 4089 4734 0.9956 0.9956 0.9956 0.9999
3227
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Fig. 4. The rational design-based humanization results (mAb5). (a) the SPR biding affinity measurement of original rabbit monoclonal antibody, which shows 1.11E-
10 binding affinity. (b) the SPR binding affinity measurement of humanized antibody, which shows 4.46E-09 binding affinity.

Fig. 5. The humanization results based on AI-assisted computational design (mAb2). (a) the BLI biding affinity measurement of original rabbit monoclonal antibody, 
which shows 9.28E-09 binding affinity. (b) the BLI binding affinity measurement of humanized antibody, which shows 2.28E-09 binding affinity.
Table 3

Binding affinity test results on 10 test cases of humanization.

Case ID KD(M)/ KD(M)/ Binding Affinity Design Mode
EC50(ng/ml) EC50(ng/ml) Increase(↑)/ Rational
before after Decrease(↓)/ Design (RD)/
humanization humanization Unchanged(≈) AI Design (AI)

mAb1 1.77E-08 8.73E-09 success, ≈↑ 1.03x AI
mAb2 9.28E-09 2.28E-09 success, ↑ 3.07x AI
mAb3 3.796 (EC50) 2.383 (EC50) success, ≈↑ 0.59x AI
mAb4 8.836 (EC50) 144.7 (EC50) fail, ↓ 15.8x RD
mAb5 1.11E-10 4.46E-09 success, ↓ 39.18x RD
mAb6 1.15E-09 4.34E-09 success, ↓ 2.77x RD
mAb7 1.37E-09 4.77E-11 success, ↑ 27.72x RD
mAb8 5.99E-10 1.54E-09 success, ≈↓ 1.57x AI
mAb9 7.96E-10 1.35E-09 success, ≈↓ 0.70x AI
mAb10 1.39E-10 1.61E-09 success, ↓ 10.58x AI

3.3. Case study for heterologization

3.3.1. Humanization

YabXnization platform provides two ways for humanization, tradi-
tional CDR-grafting and backmutation based rational design; and AI-
assisted fusion computational design. We have conducted 10 groups of 
humanization test and the corresponding results are summarized in Ta-
ble 3. Columns 2-3 list the binding affinity values of each test mAbs 
before and after humanization. Column 4 presents the information of 
binding affinity change with the marks “↑”, “↓” and “≈” which rep-
resents increase, decrease and approximately unchanged, respectively. 
Column 5 shows the design mode used for the reported clone (the best 
one of all designed clones) of each mAbs.

According to the succuss definition (delivery standard of our het-
erologization services): the binding affinity losses of heterologized an-
tibodies are all within an order of magnitude compared to the corre-
sponding chimeric antibodies, YabXnization platform achieves an 90% 
success rate on humanization. Here we take 4-1BB agonist antibody as 
3228

example for showing the capability of YabXnization platform in doing 
Table 4

Binding affinity test results on 8 test cases of caninization/felinization.

Case ID KD(M)/EC50(ng/ml) KD(M)/EC50(ng/ml) Binding Affinity
before after Increase(↑)/
caninization caninization Decrease(↓)/
/felinization /felinization Unchanged(≈)

mAb11 2.03E-09 1.17E-09 success, ≈↑ 0.74x
mAb12 8.97E-10 3.09E-08 fail, ↓ 33.45x
mAb13 0.09 (EC50) 146.5 (EC50) fail, ↓ 1626.78x
mAb14 4.49E-08 7.71E-07 success, ↓ 16.17x
mAb15 1.18E-08 1.21E-08 success, ≈↓ 0.03x
mAb16 1.19E-08 3.89E-07 success, ↓ 31.69x
mAb17 7.25E-10 2.64E-10 success, ≈↑ 1.75x
mAb18 8.223 (EC50) 92.72 (EC50) fail, ↓ 10.28x

humanization. The SPR binding affinity measurement results for original 
antibody and humanized antibody are depicted in Figs. 4(a) and 4(b), 
respectively. Also, we show an example which use AI-assisted fusion 
computational design in Fig. 5. Different from general humanization, 
test results show an increase of the binding affinity of humanized anti-
body with the use of AI-assisted computational design.

3.3.2. Caninization and felinization

Currently, YabXnization platform can provide only rational design 
for caninization and felinization due to the small amount of existing ca-
nine and feline antibodies which have been sequenced and stored in 
public databases. We have conducted 8 groups of caninization/feliniza-
tion test and the corresponding results are summarized in Table 4 in 
which mAb11 - mAb16 are canine and mAb17 - mAb18 are feline. Sim-
ilar to Table 3, columns 2-3 list the binding affinity values of each test 
mAbs before and after caninization/felinization. Column 4 presents the 
information of binding affinity change with the marks “↑”, “↓” and “≈” 
which represents increase, decrease and approximately unchanged, re-
spectively.

According to the success definition (delivery standard of our heterol-

ogization services): the binding affinity losses of heterologized antibod-
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Fig. 6. Test results for caninization (mAb11). (a) the SPR binding affinity test results of corresponding chimeric antibody, which shows 2.03E-09 binding affinity. 
(b) the SPR binding affinity test results of caninized antibody, which shows 1.54E-09 binding affinity.

Fig. 7. Test results for felinization (mAb17). (a) the SPR binding affinity test results of corresponding chimeric antibody, which shows 7.25E-10 binding affinity. (b) 
the SPR binding affinity test results of felinized antibody, which shows 2.64E-10 binding affinity.
ies are all within an order of magnitude compared to the corresponding 
chimeric antibodies, YabXnization platform achieves an 62.5% (5/8) 
success rate on caninization/felinization. Here we show two example 
results for caninization and felinization in Fig. 6 and Fig. 7. Both fig-
ures depict only the SPR binding affinity test results of first candidate 
caninized/felinized antibody (there are 15 candidates for each antibody 
to be caninized/felinized in our test in total, most of those candidates 
with similar binding affinity while some of them with binding affinity 
slightly decreased) and its corresponding chimeric antibody in the fig-
ure. Test results show an increase of binding affinity in both cases, which 
indicates that our method has the capability to maintain the binding 
affinity in caninization and felinization.

3.3.3. Binding affinity measurement bias analysis

In this work, the binding experiments were conducted once as is usu-
ally done in the production process. The main considerations are listed 
as follows: (1) When doing the binding affinity measurement of the het-
erologized antibody, the corresponding chimeric antibody is measured
together for getting the relative change, and also for eliminating the 
batch effects of the instrument as much as possible. (2) In all of the three 
kinds of testing methods (ELISA, BLI and SPR), the indicators which 
show the confidence of the experimental results would be reported to-
gether with the binding affinity, they are 𝑅2 (range from 0 to 1, the 
higher the better) for ELISA, 𝜒2 (range from 0 to 1, the lower the bet-
ter) and 𝑅2 (range from 0 to 1, the higher the better) for BLI, and 𝑅𝑚𝑎𝑥

(the max response unit, should be smaller than the theoretical values) for 
SPR. All those indicators in the test cases indicate high confidence of the 
binding experiments. Multiple binding experiments would be conducted 
only if required by the customer, or the initial binding experiments had 
low confidence indicators.

However, multiple binding experiments would help to eliminate the 
bias or errors of the instrument and could provide a more rigorous expla-
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nation of the binding affinity change in a statistical way. Accordingly, 
Table 5

Binding affinity test results on 2 test cases of humanization.

Case ID mAb-ex1 mAb-ex2

KD(M) before - 1 1.90E-09 1.47E-08
KD(M) before - 2 2.46E-09 3.16E-08
KD(M) before - 3 2.53E-09 2.45E-08

mean±std KD(M) 2.30E-09±2.82E-10 2.36E-08±6.90E-09
before Humanization

KD(M) after - 1 2.51E-09 4.77E-08
KD(M) after - 2 2.78E-09 6.05E-08
KD(M) after - 3 2.86E-09 4.56E-08

mean±std KD(M) 2.72E-09±1.50E-10 5.13E-08±6.60E-09
after Humanization

Binding Affinity Change success, ≈↓ 0.18x success, ≈↓ 1.17x
Incre(↑)/Decre(↓)/Unchan(≈)

two extra antibodies (mAb-ex1 mAb-ex2) were selected as examples for 
conducting multiple times (totally 3 times) of binding experiments. The 
corresponding test information is summarized in Table 5, including the 
mean and std (standard division) of the tested binding affinity. The as-
sociation and dissociation kinetic curves of the binding affinity test are 
plotted in Fig. 8. The std values listed in the table show the stability of 
the BLI binding affinity measurement.

4. Discussion

In this work, we introduced a webserver named YabXnization which 
provides monoclonal antibody heterologization, specifically, humaniza-
tion, caninization and felinization. YabXnization provides two modes 
for humanization for selection: rational design and AI-assisted compu-
tational design. As described in previous section, YabXnization achieves 

an 90% success rate on humanization, and 62.5% success rate on 
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Fig. 8. The association and dissociation kinetic curves of the binding affinity test using the Octet𝑅𝐸𝐷 384 with AHC2 biosensor for mAb-ex1 and mAb-ex2.
caninization/felinization. The user can easily get access to the server 
and conveniently use the service with few parameters to be filled or 
selected.

We summarize several key points here that affect the success of mon-
oclonal antibody heterologization. 1. A proper template antibody is the 
first step for doing heterologization, the quality of the template directly 
affects the successfulness, which means enough number of human/ca-
nine/feline antibodies should be collected. 2. The key amino acids in the 
framework region of origin antibody sequences which may have impor-
tant functions (e.g., essential for keeping the whole structure) should 
be exactly found out and kept in the heterologization process. 3. Ac-
curately modeling of the antibody structure is important for finding 
those previous mentioned amino acids. 4. The combination of heavy 
and light chains may also affect the binding of the heterologized anti-
body. As the success rate described in previous section, the success rate 
is 90% on humanization while only 62.5% on caninization/felinization. 
We have billions of human antibodies in hand while only hundreds of 
canine antibodies and several feline antibodies. This is also the reason 
why we can provide AI-assisted computational design for humanization 
but currently only offer rational design for caninization and feliniza-
tion. For further improving the success rate, we are considering to use 
the AIGC-based method for humanization, which could mine the bil-
lions of human antibodies in a smarter and more AI way. As for the 
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caninization and felinization, we are planning to generate more specific 
antibodies and further build our own larger canine and feline antibody 
database.

CRediT authorship contribution statement

Xiaohu Hao: Writing – review & editing, Writing – original draft, 
Visualization, Validation, Project administration, Methodology, Inves-
tigation, Funding acquisition, Formal analysis, Data curation, Concep-
tualization. Dongping Liu: Writing – review & editing, Visualization, 
Validation, Software, Formal analysis. Long Fan: Writing – review & 
editing, Supervision, Software, Resources, Methodology, Investigation, 
Funding acquisition, Data curation, Conceptualization.

Declaration of competing interest

The authors are current employees of GenScript and may hold shares 
in GenScript Corporation. Methods and compositions described in this 
manuscript are the subject of one or more pending patent applications 
(one of the patent granted in China: ZL202311160298.8).

Data availability

The data used in this work are all attached in the manuscript or can 
be found in the reference papers. We apologize that the source code 

could not be released at moment due to the policy of GenScript Co., Ltd.



Computational and Structural Biotechnology Journal 23 (2024) 3222–3231X. Hao, D. Liu and L. Fan

Acknowledgements

This research was funded by the postdoctoral work station of Gen-
Script (grant to X.H.), and Pearl Plan (Pearl Elite Talent Award) of 
Pudong New Area of Shanghai Municipality (grant to L.F.).

References

[1] Lu R-M, Hwang Y-C, Liu I-J, Lee C-C, Tsai H-Z, Li H-J, et al. Development of thera-
peutic antibodies for the treatment of diseases. J Biomed Sci 2020;27(1):1–30.

[2] Crescioli S, Kaplon H, Chenoweth A, Wang L, Visweswaraiah J, Reichert JM. Anti-
bodies to watch in 2024. Mabs, vol. 16. Taylor & Francis; 2024. p. 2297450.

[3] Safdari Y, Farajnia S, Asgharzadeh M, Khalili M. Antibody humanization methods–a 
review and update. Biotechnol Genet Eng Rev 2013;29(2):175–86.

[4] Mayrhofer P, Kunert R. Nomenclature of humanized mabs: early concepts, current 
challenges and future perspectives. Hum Antib 2019;27(1):37–51.

[5] Kashmiri SV, De Pascalis R, Gonzales NR, Schlom J. Sdr grafting—a new approach 
to antibody humanization. Methods 2005;36(1):25–34.

[6] Gonzales NR, Padlan EA, De Pascalis R, Schuck P, Schlom J, Kashmiri SV. Sdr graft-
ing of a murine antibody using multiple human germline templates to minimize its 
immunogenicity. Mol Immunol 2004;41(9):863–72.

[7] Hwang WYK, Almagro JC, Buss TN, Tan P, Foote J. Use of human germline 
genes in a cdr homology-based approach to antibody humanization. Methods 
2005;36(1):35–42.

[8] Marks C, Hummer AM, Chin M, Deane CM. Humanization of antibodies us-
ing a machine learning approach on large-scale repertoire data. Bioinformatics 
2021;37(22):4041–7.

[9] Prihoda D, Maamary J, Waight A, Juan V, Fayadat-Dilman L, Svozil D, et al. Biophi: 
a platform for antibody design, humanization, and humanness evaluation based on 
natural antibody repertoires and deep learning. MAbs, vol. 14. Taylor & Francis; 
2022. p. 2020203.

[10] Clavero-Álvarez A, Di Mambro T, Perez-Gaviro S, Magnani M, Bruscolini P. Human-
ization of antibodies using a statistical inference approach. Sci Rep 2018;8(1):14820.

[11] Olimpieri PP, Marcatili P, Tramontano A. Tabhu: tools for antibody humanization. 
Bioinformatics 2015;31(3):434–5.

[12] Ehrenmann F, Kaas Q, Lefranc M-P. Imgt/3dstructure-db and imgt/domaingapalign: 
a database and a tool for immunoglobulins or antibodies, t cell receptors, mhc, igsf 
and mhcsf. Nucleic Acids Res 2010;38(suppl_1):D301–7.

[13] Jones TD, Carter PJ, Plückthun A, Vásquez M, Holgate RG, Hötzel I, et al. The inns 
and outs of antibody nonproprietary names. MAbs, vol. 8. Taylor & Francis; 2016. 
p. 1–9.

[14] Parren PW, Carter PJ, Plückthun A. Changes to international nonproprietary names 
for antibody therapeutics 2017 and beyond: of mice, men and more. MAbs, vol. 9. 
Taylor & Francis; 2017. p. 898–906.

[15] Wollacott AM, Xue C, Qin Q, Hua J, Bohnuud T, Viswanathan K, et al. Quantify-
ing the nativeness of antibody sequences using long short-term memory networks. 
Protein Eng Des Sel 2019;32(7):347–54.

[16] Lee BD, Gitter A, Greene CS, Raschka S, Maguire F, Titus AJ, et al. Ten quick tips for 
deep learning in biology. PLoS Comput Biol 2022;18(3):e1009803.

[17] Zhou Z-H, Feng J. Deep forest. Nat Sci Rev 2019;6(1):74–86.
[18] Kovaltsuk A, Leem J, Kelm S, Snowden J, Deane CM, Krawczyk K. Observed antibody 

space: a resource for data mining next-generation sequencing of antibody repertoires. 
J Immunol 2018;201(8):2502–9.

[19] Olsen TH, Boyles F, Deane CM. Observed antibody space: a diverse database of 
cleaned, annotated, and translated unpaired and paired antibody sequences. Pro-
tein Sci 2022;31(1):141–6.

[20] Dunbar J, Krawczyk K, Leem J, Baker T, Fuchs A, Georges G, et al. Sabdab: the 
structural antibody database. Nucleic Acids Res 2014;42(D1):D1140–6.

[21] Dunbar J, Deane CM. Anarci: antigen receptor numbering and receptor classification. 
Bioinformatics 2016;32(2):298–300.

[22] Dondelinger M, Filée P, Sauvage E, Quinting B, Muyldermans S, Galleni M, et al. 
Understanding the significance and implications of antibody numbering and antigen-
binding surface/residue definition. Front Immunol 2018;9:2278.

[23] Presta LG, Lahr S, Shields R, Porter J, Gorman C, Fendly B, et al. Human-
ization of an antibody directed against ige. J Immunol (Baltimore, Md.: 1950) 
1993;151(5):2623–32.

[24] Adams CW, Allison DE, Flagella K, Presta L, Clarke J, Dybdal N, et al. Humanization 
of a recombinant monoclonal antibody to produce a therapeutic her dimerization 
inhibitor, pertuzumab. Cancer Immunol Immunother 2006;55:717–27.

[25] Chothia C, Lesk AM, Tramontano A, Levitt M, Smith-Gill SJ, Air G, et al. Conforma-
tions of immunoglobulin hypervariable regions. Nature 1989;342(6252):877–83.

[26] Mian IS, Bradwell AR, Olson AJ. Structure, function and properties of antibody bind-
ing sites. J Mol Biol 1991;217(1):133–51.

[27] Foote J, Winter G. Antibody framework residues affecting the conformation of the 
hypervariable loops. J Mol Biol 1992;224(2):487–99.

[28] Fan L. Codon optimization, US Patent App. 17/257,208, 2021.
[29] Li H, Li C, Gui C, Luo X, Chen K, Shen J, et al. Gasdock: a new approach for rapid 

flexible docking based on an improved multi-population genetic algorithm. Bioorg 
Med Chem Lett 2004;14(18):4671–6.

[30] Holland JH. Genetic algorithms. Sci Am 1992;267(1):66–73.
[31] Trivedi R, Nagarajaram HA. Substitution scoring matrices for proteins-an overview. 

Protein Sci 2020;29(11):2150–63.
3231

http://refhub.elsevier.com/S2001-0370(24)00272-1/bib69FD77CD3DA7F606EAAEAFC1DA35E75Es1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib69FD77CD3DA7F606EAAEAFC1DA35E75Es1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibF134C31E672561394AB72E2BF6B8A0ABs1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibF134C31E672561394AB72E2BF6B8A0ABs1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib301C81F67A28841C1230A5EFDF682A5As1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib301C81F67A28841C1230A5EFDF682A5As1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib5C29153E11484135866F50F18C982D72s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib5C29153E11484135866F50F18C982D72s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibDFE568ED760D1F372DA54A74E1A87414s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibDFE568ED760D1F372DA54A74E1A87414s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib8AB7B95D79A41A84BC74EB1999B53D73s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib8AB7B95D79A41A84BC74EB1999B53D73s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib8AB7B95D79A41A84BC74EB1999B53D73s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibC782B89B92BA7C016B99A5D91A648A4Ds1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibC782B89B92BA7C016B99A5D91A648A4Ds1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibC782B89B92BA7C016B99A5D91A648A4Ds1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib6943E6DC5654CB293AC378F670680022s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib6943E6DC5654CB293AC378F670680022s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib6943E6DC5654CB293AC378F670680022s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib2F32761AAC76E25B806952CEAB699B7As1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib2F32761AAC76E25B806952CEAB699B7As1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib2F32761AAC76E25B806952CEAB699B7As1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib2F32761AAC76E25B806952CEAB699B7As1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibC908A4A6B8F70163651DD07D43A8E6C0s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibC908A4A6B8F70163651DD07D43A8E6C0s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib9FC90479DC977AD7039499A6454A22C6s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib9FC90479DC977AD7039499A6454A22C6s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibEA5A5B7617448F062A0C18CA4B77704Cs1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibEA5A5B7617448F062A0C18CA4B77704Cs1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibEA5A5B7617448F062A0C18CA4B77704Cs1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibDD2E5F3AF96B94DA2C925F8C6BCB63D5s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibDD2E5F3AF96B94DA2C925F8C6BCB63D5s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibDD2E5F3AF96B94DA2C925F8C6BCB63D5s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibC7CE69CC1149EB75FA8BFB8E5AC21A3As1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibC7CE69CC1149EB75FA8BFB8E5AC21A3As1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibC7CE69CC1149EB75FA8BFB8E5AC21A3As1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib42B694BEF9BE469599C3B76DA861C4E3s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib42B694BEF9BE469599C3B76DA861C4E3s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib42B694BEF9BE469599C3B76DA861C4E3s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibFC1256C7BD4297B2016208E76200C97Es1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibFC1256C7BD4297B2016208E76200C97Es1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib505EE9812BD93208705AFE58811D5814s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib9AD264D1DF21E85CF958FDFFD8EE5905s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib9AD264D1DF21E85CF958FDFFD8EE5905s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib9AD264D1DF21E85CF958FDFFD8EE5905s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib8AE306FBD32499D2307B0DD6C3671AF0s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib8AE306FBD32499D2307B0DD6C3671AF0s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib8AE306FBD32499D2307B0DD6C3671AF0s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib02855E5B196B8F13C46CC9D1F8FA97E2s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib02855E5B196B8F13C46CC9D1F8FA97E2s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibC96CC61721619B300A00CCAB75BA4205s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibC96CC61721619B300A00CCAB75BA4205s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib453BF2E5FB5812573715760626357DE3s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib453BF2E5FB5812573715760626357DE3s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib453BF2E5FB5812573715760626357DE3s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib38A685F1F7E7DB24479CF864EA2348D5s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib38A685F1F7E7DB24479CF864EA2348D5s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib38A685F1F7E7DB24479CF864EA2348D5s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibD106731C7323EFCF1BBCE9D41FA04B79s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibD106731C7323EFCF1BBCE9D41FA04B79s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibD106731C7323EFCF1BBCE9D41FA04B79s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibD80E463EA1DA3A7CD96F718C30FF2400s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibD80E463EA1DA3A7CD96F718C30FF2400s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib1325FD08EBF37D7FFF63900CFF00B38Es1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib1325FD08EBF37D7FFF63900CFF00B38Es1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibB192724547AB0ED056CDF42AE11250B8s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibB192724547AB0ED056CDF42AE11250B8s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib1497FAD8248B84CDEFE394411B485E6As1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibA03F1FF7434A3611295686ECF5A14407s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibA03F1FF7434A3611295686ECF5A14407s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibA03F1FF7434A3611295686ECF5A14407s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bibB597E2AEF9E5EC72883FB2D299D774B7s1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib76AA520E7E1D5F8F2EC85D880E3975EDs1
http://refhub.elsevier.com/S2001-0370(24)00272-1/bib76AA520E7E1D5F8F2EC85D880E3975EDs1

	YabXnization platform: A monoclonal antibody heterologization server based on rational design and artificial intelligence-a...
	1 Introduction
	2 Materials and methods
	2.1 Dataset
	2.1.1 Dataset used for constructing the humanness evaluation models
	2.1.2 Dataset used for constructing the template database
	2.1.3 Dataset used for heterologization testing

	2.2 CDR-grafting
	2.3 Backmutation for rational design
	2.4 DeepForest-based humanness evaluation model
	2.5 Evolutionary computation-based heterologization optimization
	2.6 Binding affinity measurement methods
	2.6.1 ELISA relative affinity ranking
	2.6.2 BLI binding affinity measurement
	2.6.3 SPR binding affinity measurement


	3 Results
	3.1 Web server
	3.2 Performance of humanness evaluation model
	3.3 Case study for heterologization
	3.3.1 Humanization
	3.3.2 Caninization and felinization
	3.3.3 Binding affinity measurement bias analysis


	4 Discussion
	CRediT authorship contribution statement
	Declaration of competing interest
	Data availability
	Acknowledgements
	References


