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Abstract—Nanobodies, also known as single-domain or VHH
antibodies, are recombinant variable domains derived from
heavy-chain-only antibodies. They exhibit desirable
characteristics, including small size, high solubility, exceptional
stability, rapid blood clearance, and deep tissue penetration,
rendering them valuable tools for disease diagnosis and
treatment. In recent years, several deep-learning-based methods
for protein structure prediction have been developed, requiring
only protein sequences as input. Notable examples include
AlphaFold2, RoseTTAFold, DeepAb, NanoNet, and tFold, which
have demonstrated remarkable performance in protein or
antibody/nanobody prediction. In this study, we analyzed 60
nanobody samples with known experimental 3D structures from
the Protein Data Bank (PDB). The accuracy of these algorithms
was assessed using two metrics: RMSD and TM-score. Our
findings revealed that NanoNet and tFold, particularly NanoNet,
exhibit outstanding performance.

Keywords—Nanobody; benchmark; protein folding; algorithms.

1. INTRODUCTION

In 1993, Belgian scientists discovered a new type of
antibody in camelids, which was later found in dromedaries
and alpacas as well[1]. This antibody structure lacked the L
chain C region, the H chain C region (CH1), and two L chain V
regions, and was only composed of two H chain V regions and
H chain C regions (CH2 and CH3). This distinct structure of
the antibody led to it being referred to as a heavy-chain
antibody[1,2]. The V domain of H chain antibodies (VHH)[3],
also known as nanobodies (Nbs), has a molecular mass of
approximately 15 kDa based on in vitro recombinant protein
expression, which is one-tenth that of conventional antibodies,
while still retaining the total antigen-binding capacity[4]. Nbs
have several advantages over conventional antibody Fab and
single chain antibody fragments, including weaker
immunogenicity, lower production cost, greater water solubility,
superior tissue permeability, and stability[4,5]. These
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properties enable Nbs to reach sites that are inaccessible to
conventional antibodies, such as inside tumor cells[6] and the
blood-brain barrier[7], thereby expanding their potential
applications.

Currently, the experimental determination of protein
structures is carried out using costly and time-consuming
techniques such as X-ray crystallography,[8] cryo-electron
microscopy (cryo-EM),[9] and nuclear magnetic resonance.[10]
Over the last six decades, these labor-intensive techniques have
succeeded in determining the structures of only ~170,000 out
of the 200 million known proteins across all organisms.[11]
Therefore, developing a method capable of accurately
predicting protein structure from amino acid sequences alone
would be of immense benefit to many biomedical research
fields, including antibody drug discovery. In recent years,
deep-learning-based protein structure prediction algorithms
have emerged that can predict 3D protein structures from 2D
protein sequences. Among them, AlphaFold2 (AF2) was the
first to achieve relatively high accuracy.[12]

AF2[12] is a deep-learning-based program developed by
the Google DeepMind Team, which emerged victorious in the
protein structures competition at Critical Assessment of
Structure Prediction (CASP) 14 in November 2020. Differing
from experimentally obtained structures by only an average of
one atom's width, AF2 reached a comparable level of protein
structure prediction to humans using sophisticated instruments
such as cryo-EM.

AF2's algorithm can be divided into three stages: feature
extraction, encoding, and decoding. Upon being given a
protein's amino acid sequence, AF2 searches the database for
homologous sequences to obtain a feature representation of the
sequence and amino acid pairs. Next, the encoder constructs
multiple sequence alignment (MSA)[13] and pair matrices, and
the information in the two matrices is updated. Finally, the
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encoder encodes the protein structure's 3D coordinates using
relative positions.

RoseTTAFold[14], developed by David Baker's team at the
University of Washington, was first published online in July
2021. While its network architecture is generally similar to
AF2, it achieves comparable performance through a different
approach. RoseTTAFold uses a three-track network that
sequentially transforms and integrates information at the 1D
sequence level, 2D distance map level, and 3D coordinate level.

DeepAb[15], developed by Jeffrey A. Ruffolo’s team at
Johns Hopkins University, was first published online in June
2021. Its algorithm comprises two phases. The first phase is a
deep residual convolutional network (ResNet)[16] and a long
and short-term memory network (LSTM)[17] that predict the
relative distance and direction (2D structure) between residual
pairs in the V region (Fv). The second phase is a distance and
angle-constrained approach based on the Rosetta minimization
protocol for predicting 3D structures. The network only
requires H and L chain sequences as input and is designed with
interpretable attention components to provide insight into the
model's prediction regions.

NanoNet[18], developed by Tomer Cohen's team at the
Hebrew University of Jerusalem, is the first modeling approach
optimized for VHH. The model was constructed by training the
neural network using a large amount of data from the Ab's VH
domain, the VP domain of the T cell receptor (TCR), and
VHH[19].

TFold is a protein folding component of Tencent's iDrug,
which is an artificial intelligence (AI) Lab. The tFold algorithm
incorporates three innovative techniques to enhance modeling
accuracy. Firstly, it uses multi-source fusion technology to
mine the co-evolutionary multiple sequence alignment (MSA)
information. Secondly, a deep cross-attention residual network
is employed to significantly improve the prediction of crucial
2D structural details, such as residue-residue distances and
orientation matrices. Finally, it utilizes a novel template-based
free modeling method to combine the structural information in
the 3D models obtained through free and template-based
modeling, thereby considerably enhancing the accuracy of the
final 3D model[20].

To benchmark the five protein prediction algorithms for Nb
3D structures accurately and visually, we used two popular
methods to calculate and analyze their strengths and
weaknesses: root mean squared difference (RMSD) and
template modeling [ scores(TM-score)[22]. The comparison
between the experimental (gold standard) and prediction results
is shown in Figure 3.

Root mean squared deviation (RMSD) is a widely used
parameter for evaluating the similarity between protein
structures by measuring the difference in atomic positions.[21]
It is important to note that the RMSD calculation requires both
protein structure files to have the same atomic order and
number. However, NanoNet produces a protein structure file
that only contains information for five atoms (N, Ca, C, O, CB),
resulting in an unequal number of atoms compared to the
experimental file that contains all atomic coordinates. In order
to include NanoNet in the comparison of RMSD differences
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among the five methods and the experimental file, we
generated protein structure file duplicates that only contain Ca
atomic coordinates from the complete atomic protein structure
prediction files of the other four methods. Subsequently, we
computed their backbone+CB RMSD by employing these
backbone+Cp files (Fig. 4B).

The TM-score is a measure that provides an estimate of the
similarity between two protein structures,[22] and was
developed as an alternative to the commonly used RMSD
measure. Unlike RMSD, the TM-score is intended to be a more
reliable measure of the overall similarity between protein

structures,  especially ~ when  comparing  full-length
structures.[23]
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Fig. 1. RMSD and structure comparison of the four all-atom prediction
methods with the experimental structure. (A) Boxplot of RMSD for the full
VHH structure, FR, CDRI1, CDR2, and CDR3. (B) Length comparison of
CDR3 loop RMSD in the line graph. (C) Scatterplots of pairwise RMSD
comparisons for CDR3 loops among the four different methods. (D) Visual
comparison of the predicted 3D Nb structures in PyMOL.

The DeepAb method had the poorest RMSD for predicting
the VHH with a mean of 4.19+1.39 A (Table 1). However, the
mean RMSD of all four methods did not differ significantly in
the FR, which is more structurally stable compared to the
CDRs (Table 1). Predictions of the FR spatial structure were
more accurate for all four methods.

In terms of the CDRI1 loop region, AF2 and tFold had the
best results with mean RMSD of 2.35+1.54 A and 2.44+1.35 A,
respectively (Table 1). In contrast, DeepAb and RoseTTAFold
performed the worst, with mean RMSD of 3.14+1.60 A and
2.80+1.52 A, respectively (Table 1).

TABLE 1. MEAN RMSD BETWEEN EXPERIMENTAL AND ALL-ATOM
PREDICTED WHOLE VHH AND FR, CDR1, CDR2, AND CDR3 STRUCTURES
FOR EACH METHOD.
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| Wethod | VWH | PR CORt  CORZ | CDR3

AlphaFold2 = 2.25(£0.69) 1.19(:0.42) 2.35(x1.54) 1.52(£0.99) 3.17(1.32)
RoseTTAFold 2.59(+0.77) = 1.42(0.40) = 2.80(x1.52) 1.69(x0.95) 3.74(+1.27)
DeepAb  4.19(#1.39) 1.48(£0.64) 3.14(x1.60) 1.78(+1.05) 5.28(+1.28)
tFold 2.20(£0.59) 1.25(0.39) = 2.44(x1.35) 1.45(x0.96) 2.79(+1.14)

The RMSD values for CDR2 were relatively low among all
four methods, and did not differ significantly (Fig. 1A and
Table 1). Furthermore, CDR2 had the smallest average length
compared to CDR1 and CDR3 in the test dataset.

CDR3 loop region, which has longer residue lengths and a
highly variable nature, was more challenging to predict. Here,
tFold had the best performance with a mean RMSD of
2.79£1.14 A, followed by AF2 with a mean RMSD of
3.17+1.32 A. In contrast, DeepAb had the poorest performance
with a mean RMSD of 5.28+128 A, followed by
RoseTTAFold with a mean RMSD of 3.74+1.27 A (Table 1).

We also investigated the relationship between CDR length
and RMSD by analyzing the CDR3 loop length and its
corresponding RMSD (Fig. 1B). We observed a positive
correlation between CDR3 length and RMSD, where longer
CDR3 loops resulted in larger RMSD, and this trend was
observed for all methods.

In addition, we conducted one-to-one comparisons of
RMSD for CDR3 loops among the four methods (Fig. 1C).
Comparing AF2 with RoseTTAFold, we found that the results
were mostly clustered around the diagonal, with AF2
performing slightly better overall. When comparing AF2 with
DeepAb, we found that AF2 outperformed DeepAb. Similarly,
tFold performed better than AF2, whereas RoseTTAFold
performed better than DeepAb. Finally, comparing tFold with
DeepAb, we found that tFold significantly outperformed
DeepAb.

We also employed PyMOL to visualize the predicted
structure of each method. Figure 1D highlights the CDR3 loop
region where DeepAb's prediction differed significantly from
the experimental structure, while tFold's predicted structure for
the same region was largely consistent with the experimental
structure.

B. Backbone+Cf

The boxplots comparing the Backbone+CB RMSD for all
methods are presented in Figure 2A. The results showed that
DeepAb performed the worst, while AF2, tFold, and NanoNet
demonstrated superior performance. Although NanoNet
performed best on the full VHH structure, it also exhibited
more outliers.

In the CDR1 loop region, NanoNet had the best
performance (mean RMSD of 1.32+0.92 A), followed by AF2
with a mean RMSD of 1.37+1.16 A (Table 2). Conversely,
DeepAb remained the worst performing method, with a mean
RMSD of 1.96+1.16 A, followed by RoseTTAFold with a
mean RMSD of 1.72+1.03 A. tFold demonstrated a middle-
performing method with a mean RMSD of 1.584+0.97 A.

In the CDR2 loop region (Fig. 2A), tFold was the best
performing method with a mean RMSD of 0.72+0.71 A,
followed by NanoNet with a mean RMSD of 0.79+0.67 A.
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DeepAb was the worst performing method with a mean RMSD
of 1.06+£0.86 A, followed by RoseTTAFold with a mean
RMSD of 0.90+0.71 A. AF2 was in the middle with a mean
RMSD of 0.77+0.77 A.
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Fig. 2. RMSD and Backbone+Cp structure comparison of the five methods
with the experimental structure. (A) Boxplot of RMSDs for the full VHH
structure and FR, CDR1, CDR2, and CDR3. (B) Length comparison of CDR3
loops RMSD in the line graph. (C) Scatterplots of pairwise RMSD
comparisons for CDR3 loops among the five different methods. (D) Visual
comparison of the predicted Nb 3D structures in PyMOL.

The CDR3 loop region (Fig. 2A) exhibited the best
performance by NanoNet, with a mean RMSD of 1.67+0.97 A.
However, a large RMSD outlier was also observed in the
CDR3 loop (Fig. 2A). tFold was the second-best performing
method, with a mean RMSD of 1.86+0.99 A. Conversely,
DeepAb remained the worst performing method, with a mean
RMSD of 4.04+1.28 A, followed by RoseTTAFold with a
mean RMSD of 2.68+1.13 A. AF2, with a mean RMSD of
2.07£1.12 A, was the method that performed at the median
level (Table 2).

TABLEII. MEAN RMSD BETWEEN THE EXPERIMENTAL AND
BACKBONE+CP PREDICTED WHOLE VHH AND FR, CDR1, CDR2, AND CDR3
STRUCTURES FOR EACH METHOD. TABLE TYPE STYLES

AlphaFold2  1.60(0.65) 0.65(x0.33) 1.37(1.16) 0.77(x0.77) 2.07(:1.12)
RoseTTAFold 1.90(£0.66) 0.80(:0.34) 1.72(£1.03) = 0.90(x0.71) 2.68(1.13)
DeepAb  3.62(:1.52) 0.88(x0.51) 1.96(x1.16) 1.06(0.86) 4.04(1.28)
tFold 1.63(£0.66) 0.68(£0.34) 1.58(:0.97) 0.72(0.71) 1.86(0.99)
NanoNet  1.41(£0.82) 0.67(x0.42) 1.32(:0.92)  0.79(0.67) 1.67(0.97)

The comparison of RMSD with CDR3 loop length (Fig. 2B)
indicated that NanoNet outperformed the other methods.
Likewise, a comparison of CDR3 loop RMSD among the
different methods (Fig. 2C) demonstrated that NanoNet
achieved the best performance. However, the differences
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between NanoNet, tFold, and AF2 are minimal, as most points
fall along the diagonal in these comparisons. DeepAb
consistently showed the poorest performance among all
methods, while AF2 outperformed RoseTTAFold albeit by a
small margin. NanoNet exhibited better performance than AF2,
and tFold's performance was similar to AF2's. Additionally,
tFold showed superior performance compared to
RoseTTAFold, and NanoNet exhibited superior performance to
RoseTTAFold. Furthermore, NanoNet performed slightly
better than tFold.

C. TM-score

In the comparison of all-atom structures, tFold had the
highest TM-scores, followed closely by AF2, while DeepAb
performed the worst and RoseTTAFold was in the middle (Fig.
3A), consistent with the RMSD comparisons. On the other
hand, NanoNet outperformed the other methods in the
comparison of Backbone+Cp structures (Fig. 3B).

A TM-score B TM-score

100

Py et

Apharold2 RoseTTAFold  DeepAb trold NanoNet

AlphaFold2 RoseTTAFold ~ DeepAb tFold

Fig. 3. Boxplot comparison of TM-scores for all-atom and Backbone+Cp
structures for each method. (A) Boxplots of TM-scores for all-atom structures
predicted by each method. (B) Boxplots of TM-scores for the Backbone+Cp
structures predicted by each method.

III. MATERIALS AND METHODS

A. Obtaining the PDB experimental file

We retrieved the amino acid sequences and experimental
PDB files of Nbs from the official PDB website,[25]
eliminating any duplicates and retaining the entries with the
highest resolution. Subsequently, we utilized the five structure
prediction algorithms to generate prediction PDB files based
on the Nb amino acid sequences. Finally, we compared the
predicted PDB files with the experimental ones to calculate the
RMSD and TM-scores, using the latter as the reference
standard (Fig. 4).

B. RMSB calculation

The experimental and prediction PDB files were analyzed
using PyMOL (https://github.com/schrodinger/pymol-open-
source) to compute the RMSD for each prediction algorithm.
PyMOL aligns the atoms between the predicted and
experimental PDB files automatically. By default, PyMOL
removes atoms with large distance differences before
computing the RMSD using the outlier rejection cutoff of 2.0
A in PyMOL's align parameter. This filtering threshold can
remove all abnormal values, resulting in indistinguishable
RMSD outcomes. To ensure a fair and reasonable comparison
while retaining the maximum number of atoms in the
experimental PDB file for the RMSD calculation, we set the
cutoff to 10. This threshold prevented the removal of atoms
with differences up to 10 and ensured that the RMSD results
were accurate and reliable.

C. The main flow of the method
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Fig. 4. A schematic diagram of the two comparisons. (A) Schematic of how
scores were calculated for all-atom protein models. (B) Schematic of how
scores were calculated for Backbone+Cp protein models.

D. CDR loops segmentation by the international
immunogenetics information system (IMGT) scheme
The Nb protein sequences were divided into seven regions
(FR1, CDRI1, FR2, CDR2, FR3, CDR3, and FR4) according to
the IMGT annotation method.[26]

E. PDB file partitioning based on CDR loops

The seven regions were used to segment the experimental
PDB files obtained from the official PDB website. The
processed experimental structure PDB files containing
Backbone+Cp atoms were also segmented into CDR regions.
The segmentation process generated seven separate PDB files

for each FR or CDR loop region, resulting in a total of seven
PDB files for Nb.

F.  TM-score calculation
The TM-score was calculated using TM-align.[22] The

experimental and predicted PDB files were passed to the TM-
align method to calculate the TM score.

IV. DiscussIiON

A. Performance on predictive accuracy

Our study evaluated the performance of five deep
learning Nb-folding algorithms in predicting VHH structures,
and the results indicated that NanoNet had the highest
accuracy, followed by tFold, AF2, and RoseTTAFold, while
DeepAb performed the worst based on RMSD (as shown in
Figs. 1A and 2A). The CDR loop regions, especially CDR3
loops, were the main regions where prediction errors occurred
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and had a significant impact on the overall prediction results,
followed by CDRI1 loops.

Notably, NanoNet not only predicted the overall
framework but also the local variable regions most accurately
(as shown in Fig. 2A-B and Table 2). Furthermore, we
obtained the same ranking order of the algorithms when using
TM-scores (Fig. 3A-B).

B.  Computational time

It is noteworthy that NanoNet's algorithm exhibits the
highest speed for model prediction, with a mere 4.65 seconds
required for predicting 60 input sequences due to the parallel
processing capacity of NanoNet. Conversely, using DeepAb on
a local server with four NVIDIA Tesla V100 SXM2 graphics
processing units in single-chain mode, the average prediction
time for a single Nb sequence was approximately 3 minutes,
whereas the average prediction time for the same Nb sequence
using AF2's Colab notebook was around 5 minutes
(https://colab.research.google.com/github/sokrypton/ColabFold
/blob/main/AF2.ipynb). Furthermore, using RoseTTAFold's
online Robetta platform (https:/robetta.bakerlab.org, last
accessed: July 14, 2022), the average prediction time for a
single Nb sequence ranged from 1 to 55 minutes, with each
account limited to 20 predictions per day. In comparison, using
the tFold platform
(https://drug.ai.tencent.com/console/en/tfold?type=predict, last
accessed: July 28, 2022) typically required 20-30 minutes for
predicting a single Nb sequence, although occasionally the
duration could extend to 9-16 hours. Regrettably, this online
platform permits only 10 tasks per account per day, and only
one outcome could be downloaded every 24 hours, greatly
hindering its efficiency.

C. Robustness

Regarding the algorithm's functional level, NanoNet solely
enables the spatial prediction of five atoms, including nitrogen
(N), Ca, carbon (C), oxygen (O), and beta-carbon (Cp), for
each amino acid backbone structure of the Nb (VHH) formed
by the VH region of the common Y-shaped IgG Ab.
Conversely, DeepAb allows for predicting the VL and VH
double chains of the AB's Fv, or only the single chain VH or
VL. In contrast, the other three folding algorithms (AF2,
RoseTTAFold, and tFold) enable the prediction of the entire
atomic protein structure of the Ab.

Our folding predictions with Nb 113U demonstrated that
DeepAb, RoseTTAFold, and tFold could not accommodate
wildcard "X" characters in the amino acid sequence.
Consequently, the "X" generated a "ValueError' that halted the
program. To address this issue, we removed the invalid 'X'
character from the FASTA sequence. Moreover, during our
examination of the input amino acid sequences, we discovered
that some Nb FASTA files downloaded from the PDB database
had polyhistidine tags at their C-terminal end. If these files
were used directly for folding structure prediction, NanoNet's
RMSD prediction error would be 2.87+1.97 A, which is
considerably higher than when the tag was deleted
(RMSD=1.38+0.82 A).
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D. Relevance of the predicted outcomes and algorithm
differences
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Fig. 5. Pairwise Pearson’s correlations between Nb structure predictions by
the five protein folding algorithms.

The scatterplots displayed below the diagonal of the matrix
indicate the linear correlation of Root Mean Square Deviations
(RMSD) between pairs of protein folding algorithms. On the
other hand, the scatterplots above the diagonal of the matrix
display the kernel density of data between pairs of protein
folding algorithms, along with the corresponding Pearson's
correlation coefficient (r). The density of the kernel for two
algorithms with higher correlations is more concentrated along
the diagonal, as demonstrated by the nuclear density map of
AF2 and tFold (located in the top row, second from the right;
r=0.65). The RMSD density barplot for each algorithm is
exhibited along the diagonal.

The correlation of root-mean-square deviations (RMSD)
presents a straightforward yet effective approach for
determining the proximity of pairs of algorithms. This is
particularly relevant for contemporary machine learning
techniques, particularly those related to protein folding, which
tend to have opaque inner workings. Our findings indicate that
AF2 exhibited the strongest correlation with tFold (r=0.65),
followed by AF2 with NanoNet (r=0.59), RoseTTAFold with
tFold (r=0.57), and AF2 with RoseTTAFold (r=0.48; see Fig.
5).

E.  Conclusions

RoseTTAFold and AF2 represent advancements over the
AF1 algorithm. Both algorithms share some similarities in their
algorithmic frameworks. However, their results were not
strongly correlated, possibly due to differences in their
approaches, such as RoseTTAFold's inclusion of a 3D track in
the three-track block and variations in database selection. By
contrast, AF2 demonstrates a high level of accuracy in
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predicting the protein structure, particularly in stable regions
such as Nb FRs.

The algorithms used did not yield the best all-atom Nb
folding results. Surprisingly, the tFold algorithm, developed by
Tencent Al Lab and released before RoseTTAFold and AF2,
produced superior results when comparing all-atom structures.
Similar to AF2, tFold's folding process is divided into three
homology modeling steps.[12] Its predictions showed a high
degree of correlation with those of AF2 and RoseTTAFold.
Moreover, tFold's accuracy in predicting CDR3s was
significantly better than that of AF2 and RoseTTAFold. This
suggests that tFold may have been optimized specifically for
highly variable regions, such as CDR3.

Although NanoNet is a lightweight folding algorithm that
relies on ResNet,[16] its predictions were remarkably similar to
those of AF2, which employs more sophisticated structures that
incorporate an attention algorithm.[12,24] Table 2
demonstrates that NanoNet achieved the highest accuracy,
particularly in CDR3 regions, underscoring its efficacy in
predicting Nb folding structures and emphasizing the
significance of selecting an appropriate training dataset for this
particular subfield. Furthermore, the simplified Backbone+Cp
structure upon which NanoNet's calculations are based
contributed to its impressive speed.

The study found that the DeepAb folding algorithm had the
poorest performance. Both DeepAb and its predecessor,
DeepH3, were originally designed for predicting folding
structures of traditional antibody Fv regions, and as such, are
not well-suited for predicting the folding structures of
nanobodies. This is likely due to the fact that the algorithm was
mainly developed with double-stranded antibodies in mind,
and its training datasets primarily consisted of double-chained
antibodies. Although DeepAb does have a single-chain mode,
its performance in predicting nanobody folding structures was
still unsatisfactory.

F. Perspectives

New algorithms also continue to emerge in this newly
emerging field such as IgFold and ABlooper, prediction speed,
and RMSD-based accuracy, which will greatly benefit protein
and Nb 3D structure predictions, especially for high-variability
such as CDR3.
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