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ABSTRACT: Because of their high affinity, specificity, and
environmental stability, nanobodies (Nbs) have continuously
received attention from the field of biological research. However,
it is tough work to obtain high-affinity Nbs using experimental
methods. In the current study, 12 machine learning algorithms
were compared in parallel to explore the potential patterns
between Nb−ligand affinity and eight noncovalent interactions.
After model comparison and optimization, four optimized models
(SVMrB, RotFB, RFB, and C50B) and two stacked models
(StackKNN and StackRF) based on nine uncorrelated (correlation
coefficient <0.65) optimized models were selected. All the models
showed an accuracy of around 0.70 and high specificity. Compared
to the other models, RotFB and RFB were not capable of predicting nonaffinitive Nbs with lower precision (<0.44) but showed
higher sensitivity at 0.6761 and 0.3521 and good model robustness (F1 score and MCC values). On the contrary, SVMrB, C50B,
and StackKNN were able to effectively predict the future nonaffinitive Nbs (specificity >0.92) and reduce the number of true
affinitive Nbs (precision >0.5). On the other hand, StackRF showed intermediate model performance. Furthermore, an in-depth
feature analysis indicated that hydrogen bonding and aromatic-associated interactions were the key noncovalent interactions in
determining Nb−ligand binding affinity. In summary, the current study provides, for the first time, a tool that can effectively predict
whether there is an affinity between nanobodies and their intended ligands and explores the key factors that influence their affinity,
which could improve the screening and design process of Nbs and accelerate the development of Nb drugs and applications.

■ INTRODUCTION
Single-domain antibodies (sdAbs) are a special kind of heavy
chain antibodies (HCAbs) with only the antigen-binding
variable domain of traditional antibodies, which are derived
from animals of Camelidae such as camels, llamas, and
alpacas.1 Because they have a low molecular weight of
approximately 12−15 kDa and are about 1/10 the size of
traditional antibodies (∼150 kDa), sdAbs are also known as
nanobodies (Nbs).2 Compared with conventional antibodies,
Nbs show obvious advantages, such as high affinity to their
targets, high stability under extreme conditions, ease of
modification, and low production cost, making Nbs versatile
biomolecules widely used in various applications in bio-
technology, therapeutics, and diagnostics.3,4

Among the above advantages of Nbs, the affinity of Nbs to
their target protein is a critical determinant for their following
various applications.3,5 Currently, experimental methods, such
as surface plasmon resonance (SPR), enzyme-linked immuno-
sorbent assay (ELISA), or isothermal titration calorimetry
(ITC), are normally used for analyzing the affinity of
nanoantibodies, but these methods are time-consuming, are
resource-intensive, and require significant amounts of purified
proteins.6 These limitations highlight the need for faster, more
accurate, and less expensive methods to identify antibody

affinities, which could accelerate the development of nano-
body-related applications. The development of computer
science and computational approaches has greatly accelerated
the development of protein affinity evaluation. As the well-
established traditional computational strategies, molecular
docking and molecular dynamics simulation have been used
to analyze protein−protein affinity using scoring functions,
such as AutoDock,7 HPEPDOCK,8 ZDOCK,9 GROMACS,10

and HTMD.11 Although these computational strategies have
significantly improved the efficiency of high-affinity protein
screening in the past decades, the prediction inaccuracy and
significant consumption of computational resources are still
shortcomings of these methods. Besides, the requirement for
specialized expertise also makes these methods time-consum-
ing and labor-intensive.12−14

With the increasing availability of huge protein affinity data,
machine learning (ML), as a data-driven method, has emerged
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as a potential tool for protein affinity evaluation with its ability
to discover hidden patterns in data.12 Compared to the
traditional computational methods, ML methods can enhance
the performance of protein affinity evaluation, lower the
consumption of computational resources, and meanwhile show
a higher interpretability.12,15 Ballester et al. predicted the
affinity between proteins using a random forest model based
on the occurrence number of protein−ligand atom type pairs,
which was shown to be competitive when compared to
methods that were popular at the time of the article’s
publication16; Romero-Molina et al. constructed a support
vector machine model to evaluate the affinity of protein−
peptide and protein−protein, which could also generate and
rank protein mutants.17 Ahmed et al. incorporated convolu-
tional neural networks to predict the protein−ligand binding
affinity, which showed a better performance compared to the
some existing methods.18 Undoubtedly, all these methods
could make efficient predictions for large-scale protein data,
which greatly improve the screening efficiency of affinitive
proteins. More importantly, ML methods could drastically rule
out nonaffinitive proteins and reduce the number of potential
affinitive protein candidates for subsequent experimental
verification, which could lower the risk of clinical trial failure
and accelerate the procedure of drug development.19 However,
due to the unique structural features of Nbs, the currently
available ML methods may not be capable of Nb affinity
evaluation. Therefore, an affinity prediction tool for nano-
bodies is urgently needed to cater to the increasing amount of
nanobody data and research needs in related fields.

In the current study, 12 ML algorithms were preliminarily
used to learn the hidden pattern between Nb−ligand binding
affinity type and different noncovalent interaction data of Nb−
ligand complexes, which were further optimized for their
hyperparameters. With the properly handed data sets, four

optimal models and two stacking models built by nine models
were selected and compared on the test data set. Finally,
different models showed different predictive advantages, and
all can effectively evaluate Nbs with affinity. In summary, for
the first time, the current study constructed a series of ML
models for evaluating the affinity between Nbs and their
corresponding ligands, which could facilitate the discovery and
screening of high-affinitive nanobodies. Figure 1 shows the
procedures of model construction and prediction in the current
study. The model and the related data can be downloaded
from https://github.com/greenGM/Nbaffinity.

■ EXPERIMENTAL SECTION
Data Set Collection and Processing. A total of 991 pdb

files of different Nbs and their corresponding ligands were
collected from the RCSB-PDB database (https://www.rcsb.
org/). In addition, the different descriptors of hydrophobic
interactions (HI), disulfide bridges (DB), ionic interactions
(IoInt), aromatic−aromatic interactions (AAI), aromatic−
sulfur interactions (ASI), cation−pi interactions (CPI),
hydrogen bonding main−main chain interactions (HBMM),
hydrogen bonding main−side chain interactions (HBMS), and
hydrogen bonding side−side chain interactions (HBSS)
between the Nbs and their ligands were calculated by ProtInter
(https://github.com/maxibor/protinter), which is a tool
designed to calculate noncovalent interactions of single chain
proteins in a protein complex pdb file. For each pair of Nbs
and ligand, all noncovalent interactions mentioned above were
calculated for eight parameters: number (count), mean,
standard deviation (std), and the quartiles values (min, 25%,
50%, 75%, and max) of distances between key sites in all
interaction regions of these two proteins as described in the
user manual. To prevent model overfitting problems due to the
scarcity and single pattern of the obtained nanobody−ligand

Figure 1. Workflow of the current study.
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interaction data, about 444 other pairs of protein−protein
interaction data were added as supplementary data to increase
the data variability, and at least one protein of each pair had a
length of less than 250 amino acids, making them closer to the
length of the nanobodies (about 120−150aa). Doing so could
enhance the data learning of subsequent algorithms. All of the
MIC values of these Nb−ligand pairs were collected from their
corresponding published papers manually. Finally, 72 features,
including all the noncovalent interaction data and MIC values,
were obtained.

Then, all the data were further classified into two groups
based on minimum inhibitory concentration (MIC) values:
affinitive Nbs (ANb, MIC < 2000, n = 359) and nonaffinitive
Nbs (NNb, MIC ≥ 2000, n = 1076). After removing the
features with correlation coefficients higher than 0.7, 35
features were left, and all the obtained data were split into the
training set and test set by a ratio of 8:2, which were further
preprocessed by two transform ways for the following
modeling procedure: scaled and centered (TrainS set and
TestS set)/scaling; centering and principal component analysis
(TrainP set and TestP set).

Comparison of Different ML Algorithms. A series of
popular supervised ML algorithms for classification, including
the generalized linear model (GLM), naive Bayes (NB), linear
discriminate analysis (LDA), k-nearest neighbors (KNN),
random forest (RF), classification and regression trees
(CART), support vector machines with radial kernel
(SVMr), C5.0 decision tree (C50), bagged CART (BAG),
random ferns (RFer), rotation forest (RotF), and multilayer
perceptron (MLP), were employed to preliminarily learn the
hidden pattern in the TrainS set and TrainP set using the R
package Caret20 without tuning hyperparameters for each
algorithm. Five times 10-fold cross-validation (CV) was set in
this procedure. Then, all the performances of the models were
previewed based on the values of accuracy, which were
generated from the training process. The proper configurations
of the training sets (TrainS set or TrainP set) and algorithms
with satisfactory performance were selected for the subsequent
model rebuilding and optimization process.

Model Optimization and Stacking. All the selected
models were reconstructed, and the hyperparameters for each
algorithm were also tuned based on the rules provided by the
Caret package. To avoid overfitting issues, 10 times 10-fold CV
strategy and a “smote” sampling method were also set in this
process. During the optimization, different performance
metrics including accuracy, sensitivity, specificity, and the
values of area under the curves (AUC) of the receiver
operating characteristic (ROC) were calculated and compared
for the optimal combination of hyperparameters for each
algorithm.

Then, because the highly correlated models could not
contribute more to the performance of the stacking model,
model correlation analysis was processed. After removing the
highly correlated models, two stacking models were con-
structed based on all the rest of the optimal models using KNN
and RF, respectively. And a 10-fold CV strategy was also set
during the stacking process.

Model Performance on the Test Set. The single
optimized model with the best performance and all staking
models were selected and further validated on the TestS set.
The accuracy, sensitivity (recall), specificity, precision, F1
score, and Matthews’s correlation coefficient (MCC) of these

models were calculated by the ratios of true positive (TP), false
positive (FP), true negative (TN), and false negative (FN):

accuracy
TP TN

TP TN FP FN

specificity
TN

TN FP

= +
+ + +

=
+

sensitivity/recall
TP

TP FN

precision
TP

TP FP

F1 score
2TP

2TP FP FN

=
+

=
+

=
+ +

MCC
TP TN FP FN

(TP FP) (TP FN) (TN FP) (TN FN)
= × ×

+ × + × + × +

To further evaluate the model performance, ROC curves
and AUC for each model were also plotted based on the
sensitivity and specificity of each model using the pROC
package.

Analysis of Feature Importance. In the current study,
the importance of these features could reveal how the
noncovalent interactions affect the binding affinity between
the Nbs and their ligands. The importance of the features was
evaluated by the Boruta algorithm21 with a hyperparameter
ntree set at 5000. In addition, the P values of these features
were also evaluated using the rf Permute package.22

All figures in the current study were plotted by the ggplot2
package.23

■ RESULTS AND DISCUSSION
Because of its compact structure, high affinity, and stability, Nb
has emerged as a potential alternative that can replace
traditional antibodies in basic research, disease diagnosis, and
therapy.24,25 Currently, several protein−ligand affinity pre-
diction tools have been developed,12,13 which may not be
capable of accurately predicting the affinity of Nbs due to their
shortened information in protein sequences and specific 3D
structures. Besides, with the increase in the amount of data and
attention given to Nbs, an affinity predicting tool specific to
Nbs is urgently needed. In the current study, 12 kinds of ML
models were constructed and compared based on the data of
noncovalent interactions of the complexes of Nb−ligand. This
is the first study on affinity prediction for Nbs using ML
methods.

Data Set Processing. A total of 991 pairs of Nb−ligand
complex were analyzed by ProtInter, and 72 descriptors related
to noncovalent interactions between proteins were obtained,
which were used as the features for model building. To avoid
the overfitting problem due to the Nb data similarity during
modeling and effectively show the useful patterns to ML
algorithms,26 we increased the variability of the Nb data by
adding 444 other pairs of protein−protein interaction data,27

which allow the data patterns to be better learned by the
algorithms; in fact, the model constructed using these mix data
performed better in predicting nanobody−ligand interactions
than the model constructed using pure nanobody data (which
is not shown in current study). Furthermore, the features with
zero values higher than 75% and/or correlation coefficients
higher than 70% were removed, and a 1435 × 36 data set was
finally constructed with only the affinity class information as
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well as 35 interaction features, which was further split into the
training and test sets for the model building process. In detail,
a total of 1149 cases were included in the training set, of which
288 were for ANb and 861 for NNb, while the rest of the data
(286) was left for the test set, of which 71 were for ANb and
215 were for NNb. All of these two sets were further
transformed using different data processing methods (TrainS
set and TestS set; TrainP set and TestP set).

Performance Comparison of Different Algorithms.
Twelve models were initially built by using the two different
handed train sets, and the accuracy of these models was
compared to gain an overview of the algorithm performance on
learning data patterns of these training sets. As shown in Figure
2, besides NB and RFer, the accuracy of all of the other models
was higher than 0.7012, and SVMr showed the highest
accuracy at 0.7581. In the comprehensive comparison with
other models, SVMr, KNN, RF, and C50 models showed a
relatively good performance after analyzing the quartiles of the
model’s accuracy (Table S1, which includes all information on
accuracy values of all the constructed models using different
TrainS and TrainP sets). Besides, compared with other
algorithms, ensemble algorithms showed better advantages.28

Three of the top five models in terms of accuracy (>0.7473)
were ensemble models (RF, RotF, and C50), although the top
two were SVMr (accuracy = 0.7581) and KNN (accuracy =

0.7517). Although the use of the TrainP set resulted in a
change in accuracy for some of the models, there was not much
difference in performance compared to the models constructed
using the TrainS set, so based on the TrainS set, all the models,
except for NB and RFer, were further optimized for their
hyperparameters.

Model Optimization and Stacking Model Construc-
tion. As shown in Table 1, three hyperparameter sets for each
algorithm were evaluated, and the model performance metrics,
including accuracy, sensitivity, specificity, and AUC, were
calculated. Because the Caret package does not provide
adjustable hyperparameters for GLM, LDA, and BAG, the
optimizations have only been applied in the other models.
Hyperparameter sets showing optimal model performance are
labeled in bold style. Most models showed a higher specificity
than sensitivity, which may result from the imbalance in the
number of samples in ANb and NNb. Only three models
(SVMr with sigma = 0.1763886, C = 252.0389; RF with mtry =
6; and C50 with trials = 93, model = tree, winnow = FALSE)
were observed with accuracy higher than 0.7, among which
only RF and C50 showed AUC values higher than 0.7, which
mean that these two had a better model robustness than the
others. The lower accuracy of the remaining optimized models
compared to their performance in pretraining indicated an
overfitting problem in the pretraining process, which could also

Figure 2. Preview of the performance of different models based on TrainS and TrainP sets.
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be confirmed by their low AUC values (<0.7). Interestingly,
RotFB with K = 7 and L = 28 showed a relatively balanced
performance on metrics accuracy, sensitivity, specificity, and
AUC, which may be due to the fact that the algorithm
performs principal component analysis on feature subsets
during the modeling process enabling the model to better
capture the variations and structure of the data.29 Furthermore,
these results also imply that the model may have acceptable
performance on unknown data. After optimization, the
optimized models were named as follows: GLMB, LDAB,
SVMrB, RFB, C50B, RotFB, etc.

The model correlation analysis indicated that the coefficients
for the optimized models were generally lower than 0.6109
(Figure 3). The high coefficient (0.9001) between GLMB and
LDAB means that removing one of them does not affect the
performance of the subsequently stacked models. Then, with
LDAB, the remaining ones were stacked by using the KNN
and RF algorithm 10-fold CV strategy, which were named
StackKNN and StackRf. StackRF showed accuracy at 1, while
the metric for StackKNN was 0.9530.

Model Performance on the Test Set. To further analyze
the generalizability of the models on the unknown data, four
single models�SVMrB, RotFB, RFB, and C50B�and two
stack models�StackKNN and StackRF�were evaluated on
the test set. As shown in Table 2, all the models showed
comparable performance on the overview accuracy, but as
expected, the higher specificity compared to sensitivity
indicated a better prediction on class NNb than ANb, which
can be explained by the imbalance of ANb and NNb samples
in the training set caused by uncertainty during data
collection.30,31 Compared with the other models, RotFB and
RFB showed relatively lower accuracy (0.6853 and 0.7273),
specificity (0.6884 and 0.8512), and precision (0.4174 and
0.4386) but higher sensitivity (0.6761 and 0.3521), F1 score

(0.6415 and 0.6075), and MCC (0.3211 and 0.2198). These
models could correctly predict the majority of ANb classes
(sensitivity/recall). However, these accurately predicted ANbs
constituted a relatively small proportion of the proteins
predicted as ANbs (precision), which may lead to an increased
workload during experimental validation. Besides, RotFB
showed the highest F1 score, MCC, and AUC values,
indicating a better model quality than the others. The opposite
trend is found in SVMrB, C50B, and StackKNN with higher
accuracy (0.7587, 0.7587, and 0.7517), specificity (0.9488,
0.9395, and 0.9256), and precision (0.5417, 0.5357, and
0.5000) but lower sensitivity (0.1831, 0.2113, and 0.2254), F1
score (0.5645, 0.5786, and 0.5796), and MCC (0.2056,
0.2192, and 0.2068). These models showed the ability to
effectively reduce the number of experimentally validated
candidates, especially excluding the number of potential NNb
with high specificity, and the ratios between the numbers of
ANbs (TP) and NNbs (FP) of the predication were higher
than 1:1 (precision >0.5), but this comes at the cost of
lowering the rate of correct prediction of truly valid ANbs
(sensitivity/recall <0.2254). The relatively low F1 score, MCC,
and AUC values were observed in these three models.
Furthermore, all the ensemble models (RotFB, RFB, and
C50B) showed better F1 score and MCC than the unensemble
model (SVMrB), which were also proven by previous
studies.31 Although StackRF showed compromised perform-
ance, an overfitting problem was observed in the training
process with a high accuracy at 1. Furthermore, the ROC
curves and AUC values (Figure 4) also confirmed that the
RotF was the most robust model with the highest AUC value
at 0.7386. Besides, the AUC values of RFB and StackRF were
0.7135 and 0.7051, while all of the remaining modes showed
AUC values lower than 0.7.

Table 1. Hyperparameter Optimization for the 10 Selected Candidate Modelsa

models hyperparameter accuracy sensitivity specificity AUC

SVMr sigma = 0.1663886 C = 0.889113 0.7200 0.2409 0.8803 0.6539
sigma = 0.1743886 C = 48.889113 0.7466 0.1826 0.9352 0.6581
sigma = 0.1763886 C = 252.0389 0.7494 0.1868 0.9376 0.6583

RotF K = 4 L = 2 0.6191 0.5648 0.6373 0.6597
K = 15 L = 17 0.6310 0.6134 0.6370 0.6836
K = 7 L = 28 0.6362 0.6327 0.6373 0.6904

RF mtry = 10 0.7147 0.3600 0.8334 0.7051
mtry = 5 0.7079 0.3522 0.8270 0.7007
mtry = 6 0.7198 0.3584 0.8407 0.7062

KNN k = 8 0.5853 0.6644 0.5589 0.6544
k = 12 0.5768 0.6973 0.5365 0.6581
k = 4 0.6004 0.6045 0.5991 0.6411

C50 trials = 46 model = tree winnow = FALSE 0.7449 0.1909 0.9302 0.6995
trials = 73 model = tree winnow = FALSE 0.7480 0.1878 0.9353 0.7018
trials = 93 model = tree winnow = FALSE 0.7490 0.1895 0.9361 0.7042

CART cp = 0.008968724 0.5910 0.6274 0.5789 0.6298
cp = 0.009837963 0.5829 0.6427 0.5629 0.6336
cp = 0.006944444 0.6073 0.5794 0.6166 0.6239

MLP layer1 = 3 layer2 = 11 layer3 = 35 0.5865 0.5810 0.5884 0.6298
layer1 = 24 layer2 = 33 layer3 = 45 0.6582 0.4054 0.7429 0.6304
layer1 = 30 layer2 = 33 layer3 = 35 0.6735 0.4060 0.7628 0.6311

LDA 0.5477 0.7140 0.4921 0.6384
GLM 0.5494 0.6942 0.5011 0.6412
BAG 0.6863 0.3743 0.7908 0.6822

aBold text represents the optimal hyperparameter configuration for each model.
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Importance Analysis of the Features. Noncovalent
interactions are one kind of the key factors of biological
processes, which are essential for maintaining protein advanced
structure (tertiary and quaternary structure), as well as for
mediating interactions in the protein−ligand.32 As shown in
Figure 5a, there were 27 features confirmed as important
features in classifying whether Nbs were affinitive; the P values
of 14 of them were lower than 0.05, which distributed into all
types of noncovalent interactions but HI. Among the other

eight features, there are five tentative features, one of which fell
into the shadow value range along with three other features
that were considered unimportant (see Table S1 for more
detail on the feature importance).

Among these important features (Figure 5b), hydrogen
bond descriptors accounted for 51.9% (14/27, n_HBMM = 6,
n_HBMS = 5, n_HBSS = 3), while aromatic associated
descriptors, including three ASI, three CPI, and two AAI,
account for 29.6% (8/27). And all the rest of the features,

Figure 3. Correlation analysis of all of the optimized models.

Table 2. Performance Comparation of the Four Selected Optimized Models and Two Stacked Models on the TestS set

models accuracy sensitivity/recall specificity precision F1 score MCC

SVMrB 0.7587 0.1831 0.9488 0.5417 0.5645 0.2056
RotFB 0.6853 0.6761 0.6884 0.4174 0.6415 0.3211
RFB 0.7273 0.3521 0.8512 0.4386 0.6075 0.2198
C50B 0.7587 0.2113 0.9395 0.5357 0.5786 0.2192
StackKNN 0.7517 0.2254 0.9256 0.5000 0.5796 0.2068
StackRF 0.7448 0.2535 0.9070 0.4737 0.5863 0.2043
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relating to IoInt (n = 3), HI (n = 1), and DB (n = 1), in total
accounted for 18.5%. Among these 27 important features, 14 of
them related to the main/side chain effect of hydrogen
bonding (HB) descriptors, implying that hydrogen bonds are
key interactions determining Nb (protein)−ligand bind-
ing.33,34 Furthermore, previous studies also indicated that
hydrogen bonds were necessary and play a major role in highly
specific Nb−ligand binding as well as a major role in
maintaining nanobody stability.35,36 With eight important
features, the model performance contributed by aromatic-
associated descriptors was next to the HB, which may be
explained by the fact that HB interaction was more extensive
than aromatic-associated interactions.37 In addition, the feature
significance analysis (Figure 5c, Table S2) also confirmed the
importance of HB and aromatic-associated features, in which
seven (including three HBMM, three HBMS, and one
HBMSS) and five (two features each in ASI and CPI and
one feature in AAI) important features were included with P <
0.05. The less important features in the rest of the descriptors
(IoInt, HI, and DB) played a relatively weak role in Nb
(protein)−ligand interaction. Interestingly, as the most
common interactions in protein−ligand complexes37 and
important factors in other affinity prediction tools, the only
one feature in HI, with no significance, contributes less to the
model performance in the current study, which may be due to
the uniqueness of the structure of nanobodies and low
hydrophobic amino acid composition in them,38 and these

reasons could also explain why new affinity prediction models
were needed for nanobodies. Besides, Figure 5d showed that
there were eight, seven, and six features related to count, std,
and min, respectively, and the remaining features were almost
evenly distributed to mean (n = 2), 0.25 (n = 1), 0.5 (n = 1),
0.75 (n = 1), and max (n = 1), which may imply that these
features could better expose their underlying data patterns to
algorithms.

■ CONCLUSIONS
As the amount of available data on the affinity of Nbs
increases, it becomes possible to design ML-based models for
predicting the interaction between Nbs and their ligands. In
this study, a series of popular algorithms were used to build
models for distinguishing ANbs and NNbs. The configurations
of 10 models were selected for the following hyperparameter
optimization. SVMrB, RotFB, RFB, and C50B were further
selected for performance evaluation on the TestS set with two
stacking models, StackKNN and StackRF, which were
constructed based on nine optimal models. All six models
showed different predictive advantages on different perform-
ance metrics. Compared to the rest, RotFB, RFB, and StackRF
showed satisfactory performance for efficiently selecting a
smaller number of affinitive ANbs. However, data shortages,
imbalances, and similarities make the models constructed in
this study still have great room for improvement, although the
models developed in this study meet the needs for screening

Figure 4. ROC plot with the AUC values for the selected optimized models and two stacking models.
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affinitive ANbs. In conclusion, the current study provided a
tool for Nb/protein affinity evaluation for the first time, which
could potentially accelerate research on novel Nb-related
reagents and drugs.
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