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1 Abstract

Monoclonal antibodies have emerged as key therapeutics, and nanobodies are rapidly gaining
momentum following the approval of the first nanobody drug in 2019. Nonetheless, the development
of these biologics as therapeutics remains a challenge. Despite the availability of established in vitro
directed evolution technologies that are relatively fast and cheap to deploy, the gold standard for
generating therapeutic antibodies remains discovery from animal immunization or patients. Immune-
system derived antibodies tend to have favourable properties in vivo, including long half-life, low
reactivity with self-antigens, and low toxicity. Here, we present AbNatiV, a deep-learning tool for
assessing the nativeness of antibodies and nanobodies, i.e., their likelihood of belonging to the
distribution of immune-system derived human antibodies or camelid nanobodies. AbNatiV is a multi-
purpose tool that accurately predicts the nativeness of Fv sequences from any source, including
synthetic libraries and computational design. It provides an interpretable score that predicts the
likelihood of immunogenicity, and a residue-level profile that can guide the engineering of antibodies
and nanobodies indistinguishable from immune-system-derived ones. We further introduce an
automated humanisation pipeline, which we applied to two nanobodies. Wet-lab experiments show
that AbNatiV-humanized nanobodies retain binding and stability at par or better than their wild type,
unlike nanobodies humanised relying on conventional structural and residue-frequency analysis. We
make AbNatiV available as downloadable software and as a webserver.
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2 Introduction

Antibodies are a class of biomolecules with a remarkable ability to bind to molecular targets
selectively and tightly. For this reason, they find key applications in biological research (1) and
medicine, where they are widely employed as both diagnostic (2) and therapeutic agents (3).
Nanobodies (Nbs) are single-domain antibodies (VHH) naturally expressed in camelids (4). They
have grown in popularity due to their unique structural characteristics, which include small size, good
stability and solubility, long third complementarity determining region (CDR3) that can bind to
poorly accessible epitopes, and affinity and specificity at par to those of full-length antibodies (5).
Furthermore, their potential as therapeutics has gained increased recognition since the approval of the
first nanobody drug, Caplacizumab, in 2019 (6).

Established approaches to discover new antibodies or nanobodies for a target of interest can broadly
be classified as first-generation in vivo approaches, for instance relying on animal immunisation (7),
and second-generation in vitro techniques, relying on laboratory library construction and screening
(8,9). More recently, a third generation of approaches based on computational design has started to
emerge (9). Starting from the mid 90s, in vitro methods like phage display from naive or synthetic
libraries showed promise to replace animal immunisation or other in vivo techniques to isolate novel
antibodies. In vitro selection is faster and cheaper than in vivo counterparts, has fewer ethical
implications, and enables a better control over antigen presentation (10,11). However, despite the
added costs and complexity, an increasing number of pharmaceutical and biotech companies prefers
to obtain new antibodies by immunising transgenic animals with a humanised immune system
(12,13) or by isolating them directly from patients (14,15). The reason for this choice is that,
compared with in vitro directed evolution, antibody selection carried out by immune systems usually
yields antibodies with higher developability potential and especially better in vivo properties,
including long half-life, low immunogenicity, no toxicity, and low cross-reactivity against self-
antigens (16,17). Up to now, most therapeutic antibodies continue to come from animal
immunization (18). This consideration thus raises the question of whether a computational design
strategy will ever rise to meet the challenge of generating antibodies with such properties.

Computational antibody design is still in its infancy. Yet, important advances have been made in the
design of antibodies targeting predetermined epitopes of interest (19—23), which remains extremely
laborious with laboratory-based approaches, and in the prediction and design of biophysical
properties that underpin developability (24). Overall, computational design promises a cheaper and
faster route for the discovery and optimisation of antibodies, while in principle affording a much
better control than in vivo and in vitro techniques over other key biophysical properties such as
stability and solubility (9).

Notwithstanding these advances, the computational prediction of in vivo properties remains hugely
problematic. These properties, which include long half-life, low immunogenicity, and no toxicity, are
difficult to measure accurately and in good throughput, and their molecular determinants remain
poorly understood. This hurdle broadly affects therapeutic antibody development also beyond
computational design, and a multitude of in vitro assays, referred to as developability screening
assays, have been proposed as proxies for binding specificity or in vivo half-life to de-risk antibody
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73 development programmes (24-26). However, these assays typically correlate poorly with each other,
74  and have only been shown to somewhat correlate with selected in vivo properties in limited specific
75  examples (17,24,27). While advances have been made in the computational predictions of the
76  outcome of some of these assays (28-30), or even in the number of such assays in which a lead
77  antibody candidate is likely to perform poorly (31,32), it is quite clear that progress is hindered by
78  the absence of robust well-defined experimental measurements of in vivo properties. These
79  challenges are the key reasons behind the fact that in vivo antibody discovery from immune systems
80 largely remains the gold-standard technology for therapeutic antibody discovery.

81  In this work, we introduce a novel deep learning method to bypass these challenges, by enabling the
82  computational engineering of antibody and nanobody sequences indistinguishable from those
83  obtained from immune systems. We call our method AbNatiV, as it provides an accurate
84  quantification of the likelihood of a given sequence belonging to the distribution of native variable
85  domain (Fv) sequences derived from human or camelid immune systems. We define this likelihood
86  antibody nativeness, as it reflects the similarity to native antibodies. Therefore, Fv sequences with
87  high nativeness can be expected to have in vivo properties comparable to those of immune-system-
88  derived antibodies. AbNatiV consists of a vector-quantized variational auto-encoder (VQ-VAE)
89  designed to process aligned Fv sequences and trained with masked unsupervised learning on
90  sequences from curated native immune repertoires. Four different models are trained respectively on
91 the Fv sequences of human heavy chains (VH), kappa light chains (V«), lambda light chains (VA),
92  and camelid heavy chain single-domains (VHH).

93  AbNatiV can assess separately the degree of humanness and of VHH-nativeness of a given Fv
94  sequence. It provides both an interpretable overall nativeness score and a residue-level nativeness
95  profile of the Fv sequence, which can guide engineering by highlighting sequence regions harbouring
96 liabilities. Therefore, AbNatiV can be useful for computational antibody design, but also to rank Fv
97  sequences of any origin, including from in vitro discovery. The accuracy of AbNatiV in evaluating
98  humanness is demonstrated in several benchmarks. In particular, we show that AbNatiV outperforms
99  alternative methods when classifying antibody therapeutics. Moreover, we find that AbNatiV learns a
100  representation of natural antibodies that captures high-order relationships between positions, which
101  we show to be valuable for CDR grafting. We further introduce an automated humanisation pipeline
102 of antibodies and nanobodies that relies on AbNatiV. For nanobodies, this approach monitors
103 concurrently the humanness and the VHH-nativeness of a sequence. Wet-lab experiments on two
104  nanobodies binding to distinct targets show that AbNatiV-humanised nanobodies retain binding and
105  stability at par or better than their wild type, unlike nanobodies humanised with conventional
106  structural and residue-frequency analysis.

107  Taken together, our results highlight the potential of AbNatiV in advancing antibody and nanobody
108  engineering, serving as a valuable tool for computational design and ranking of Fv sequences from
109  diverse sources, including in vitro discovery and synthetic libraries.

110
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112 3 Results

113 3.1 The AbNatiV model

114  AbNatiV is a deep learning model trained on immune-system-derived antibody sequences. It
115  employs an architecture inspired by that of the vector-quantized variational auto-encoder (VQ-VAE),
116  originally proposed for image processing (i.e., for tensors of rank 3) (33). The AbNatiV architecture
117  compresses amino-acid sequences (encoded as tensors of rank 2) into a bottleneck layer, also called
118  embedding, where each latent variable is mapped to the closest code-vector from a learnable
119  codebook, prior to reconstruction with a decoder (Fig. 1A). This vector quantisation from the
120 codebook leads to a discrete latent representation rather than a continuous one as in standard VAE.
121 This VQ architecture was chosen because protein sequences are discrete objects and thus may favour
122 a discrete representation, and because it was shown to circumvent issues of posterior collapse that
123 sometimes affect standard VAEs (33). Our model contains in the encoder and decoder both patch
124 convolutional layers and transformers (Fig. 1B). These are respectively more suitable to capture local
125  interactions along the sequence (i.e., local motifs), and long-range interactions between such local
126  motifs or individual residues, which may be mediated by tertiary contacts. High codebook usage (i.e.,
127 high perplexity) is ensured in the bottleneck by a k-means initialisation of the codebook and a cosine
128  similarity search during the nearest neighbour lookup quantisation, as it is needed to prevent poor
129  data representation and maintain a robust training (34) (see Methods and Supplementary Fig. 1).

130  The model is trained with masked unsupervised learning. Unsupervised learning works on the
131  assumption that every sequenced antibody follows some set of biophysical and evolutionary rules
132 that allow it to be produced by organisms and to carry out its biological function without causing
133 toxicity. AbNatiV is built to impose a bottleneck in the network that forces a compressed
134 representation of the input sequence, which is then reconstructed by the decoder. If the amino acids
135  within the input sequences were fully independent from each other, this compression and subsequent
136  reconstruction would be impossible. However, if some structure exists in the input, as it is the case of
137  natural antibody sequences, this structure should be learnt and consequently leveraged when forcing
138  the input through the network bottleneck. Therefore, the AbNatiV architecture is in principle capable
139  of learning a representation of natural antibodies that captures high-order relationships between
140  residue positions to provide a highly sensitive measure of antibody nativeness.

141  To ensure that the model learns meaningful high-order relationships, we also employed masked
142 learning. During training the input sequence is masked by removing information on the identity of a
143  random subset of residues, and the training task is to reconstruct the full sequence, including
144 correctly predicting the identity of the masked residues (see Methods). This masking procedure is
145  akin to a noising technique employed in denoising auto-encoders (35). From a theoretical standpoint,
146  the approach is motivated by a manifold learning perspective, which assumes that the input data
147  exists on a low-dimensional manifold embedded in the input space. The noising process — that is the
148  masking/replacing of individual residues during training — shifts each training sequence away from
149  the manifold of native antibodies, and the network is tasked with moving the data back onto the
150  manifold via the output reconstruction of the input sequence. Additionally, the fact that the
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151  reconstruction loss also accounts for unmasked regions of the training sequences ensures that the
152 network does not move data away from the manifold. Reconstruction accuracy is quantified with a
153  mean square error (MSE) calculated between one-hot encoded input sequences and reconstructed
154  output sequences. Then, at inference time, the network reconstruction of unmasked sequences
155  represents a transformation of the input that produces an output sequence which lies closer to the
156  manifold on which native antibodies exist. This fact establishes a crucial link between the MSE of
157  the reconstruction and antibody nativeness, as the MSE can be interpreted as the distance of the input
158  sequence from the manifold of native antibodies (see Methods). Reconstruction through the network
159 always introduces some deterioration of the perfect one-hot encoded vectors, meaning that the MSE
160  is never exactly zero, even when no residue is substituted during inference.

161  Taken together, AbNatiV architecture and masked unsupervised learning strategy drive the model to
162  capture the essential features that are common across a database of native antibody sequences.

163 AbNatiV is trained on aligned sequences of native antibody from curated immune repertoires from
164  the OAS database (36) and other sources (see Methods). The model is trained for 10 epochs
165  separately on human VH, Vk, VA, and camelid VHH sequences (~2 million unique sequences in each
166  training set). The x and A light chains are treated separately due to their significant differences.
167  AbNatiV takes around 1 hour per epoch to train on a single GPU (NVIDIA RTX 8000). For each
168  model, a validation dataset of 50,000 unique sequences different from those in the training set
169  monitors the absence of overfitting (Supplementary Fig. 2) and is used for hyperparameter
170  optimisation. 10,000 further unique sequences, distinct from those in training and validation sets, are
171  kept aside for testing. We observe a near-perfect overlap between the distributions of the AbNatiV
172 scores of the training and test datasets, which supports lack of overfitting (Supplementary Fig. 3).
173 We further verified that there is no correlation between the AbNatiV scores of the test sequences and
174  their median or minimum percent sequence difference to the training sequences (R?* < 0.002,
175  Supplementary Fig. 4).

176  For each input Fv sequence, the trained AbNatiV models return an antibody nativeness score and a
177  sequence profile.

178  The nativeness score quantifies how close the input sequence is to the learnt distribution, that is to a
179  native antibody sequence derived from the immune system the model was trained on (human or
180  Camelid in this work). To facilitate the interpretation of this score and the comparison of scores from
181  the different trained models, the AbNatiV score is defined in such a way that it approaches 1 for
182  highly native sequences, and that 0.8 represents the threshold that best separates native and non-
183  native sequences (see Methods). In the case of AbNatiV trained on VH, VA and Vk human chains,
184  this score is referred as to the AbNatiV humanness score (Fig. 1C). Similarly, for AbNatiV trained
185  on VHH camelid sequences, this score is referred to as the AbNatiV VHH-nativeness score.

186  The sequence profile consists of one number per residue position in the aligned input sequence, so it
187  contains a total of 149 entries including gaps. Here too, entries approaching 1 denote high nativeness,
188  and smaller than 1 increasingly lower nativeness. This profile is useful to understand which sequence
189  regions or residues contribute most to the overall nativeness of the sequence, and which may be
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190  liabilities. As an example, Fig. 1D shows the humanness profile of the VH sequence of a mouse
191  antibody (WT precursor) that contains many low-scoring regions that could be immunogenic in
192 humans, compared to that of its humanised counterpart: the therapeutic antibody Refanezumab. The
193 profile of Refanezumab contains far fewer low-scoring regions, and these are mostly found in the
194  CDR loops, which are of mouse origin and were grafted into a human Fv framework during
195  humanisation (Fig. 1D and Supplementary Fig. 5). This example shows that sequence profiles can
196  be powerful tools to guide antibody engineering, by facilitating the design of mutations to improve
197  antibody nativeness.

198  Overall, AbNatiV predictions are highly interpretable, as nativeness scores tend to 1 with a 0.8
199  threshold that separates native and non-native sequences, and the sequence profile provides single-
200  residue resolution on the sequence-determinants of nativeness.

201 3.1.1 Classification of human antibodies

202  To quantify the performance of AbNatiV, we first assessed its ability to discriminate between human
203  antibody Fv sequences and antibody Fv sequences from other species. The area under the receiver
204  operating characteristic curve (ROC-AUC) and that under the precision-recall curve (PR-AUC) are
205  used to quantify the ability of the models to correctly classify sequences (Fig. 2, Extended Data Fig.
206 1, and Supplementary Fig. 6). For example, AbNatiV can accurately distinguish the VH human
207  sequences of its Test set from VH mouse sequences based on their humanness score distribution with
208 a PR-AUC of 0.996 (Fig. 2B) and ROC-AUC of 0.995 (Supplementary Fig. 6A). Similarly,
209  AbNatiV can successfully discriminate between human and rhesus (monkey, Macaca mulatta)
210  sequences. Despite the high genetic similarity between these two organisms, the model can separate
211  VH sequences very well, with a PR-AUC of 0.965 (Fig. 2B) and ROC-AUC of 0.958
212 (Supplementary Fig. 6A).

213 We further employed two control datasets in our benchmark: one for the learning of high-order
214  relationships, and one to confirm the lack of overfitting and the ability of the model to generalise to
215  unseen sequence space. For the latter, we compiled a dataset of highly diverse human Fv sequences
216  that we named Diverse >5% (at least 5% away from any sequence in the training set, see Methods).
217  As expected, classification performances on the Diverse dataset slightly decrease, but overall remain
218  very high. For the VH model, the biggest drop is found with Rhesus sequences from a PR-AUC of
219  0.965 with the Test set down to 0.923 with the Diverse >5% set (Fig. 2B and C). However, the VH
220  model is still able to classify most of the Diverse >5% sequences as human. Only 5.5% of these
221  sequences have a score bellow the nativeness threshold of 0.8, compared with 1.9% for the Test VH
222 sequences. For the light chain models, the performances are even more comparable (Extended Data
223 Fig. 1, and Supplementary Fig. 6), perhaps because the Diverse >2.5% set is less distant to the
224 training set since diversity is more limited in light chains than in heavy chains. This performance on
225  the control dataset is in line with our assessment of lack of overfitting (Supplementary Fig. 2), and
226 it makes us confident in the ability of the model to generalise to sequences distant from those it was
227  trained on.
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228  As a control for the learning of high-order relationships, we generated datasets of artificial Fv
229  sequences constructed by picking residues at random following the positional residue frequencies
230  observed in human Fv sequences (see Methods and Supplementary Fig. 7). We call these datasets
231  PSSM-generated sets. If one looks at each residue position individually, these artificial sequences are
232 indistinguishable from real human sequences, as they are constructed only using residues observed in
233 human sequences at each position (with log-likelihood > 0 and following the observed residue
234  frequency distribution, see Methods). However, as residues at each position of the artificial
235  sequences have been chosen independently of residues at other positions, any high-order relationship
236  observed in these sequences should be compatible with random expectation. Remarkably, we find
237  that AbNatiV can perfectly separate real VH Human sequences from PSSM-generated ones (PR-
238  AUC of 1.000 and 0.998 respectively for VH Human Test and Diverse>5%; Fig. 2), and that the
239  separation is also excellent for Vi (PR-AUC of respectively 0.992 and 0.988; Supplementary Fig.
240  6A-C) and VA (PR-AUC of respectively of 0.990 and 0.980; Supplementary Fig. 6D-F). This
241  performance attests the ability of AbNatiV to learn complex high-order relationships observed within
242  native human Fv sequences beyond their simple amino acid composition.

243  We then compared the performances of AbNatiV with that of other computational methods
244  developed for the humanisation of antibody sequences (Table 1, Extended Data Tables 1-2,
245  Supplementary Tables 1-3, and Supplementary Fig. 8-9). More specifically, we focus on the
246  recently introduced OASis 9-mer peptide similarity score (37), the Sapiens transformer model (37),
247  and the AbLSTM model (38), as these approaches were shown to outperform older methods. Our
248  results show that AbNatiV outperforms all alternative approaches on all classification tasks overall
249  (Table 1, and Supplementary Table 1). The biggest difference is observed in the Human Test vs.
250  Rhesus classification, where for VH sequences the AbNatiV PR-AUC is 0.965 while that of the best
251  alternative method, AbLSTM, is 0.721, which increases to 0.777 once the AbLSTM architecture is
252  re-trained on our training set (Table 1). Lower performances of the alternative models are also shown
253  for the Human Test vs. Mouse and vs. PSSM-generated classification tasks. We have not included in
254  this benchmark the recently introduced Hu-mAb method (39), since we could only access it as a
255  webserver that processes a single sequence per run. However, as Hu-mAbD is trained with supervised
256  learning for the specific task of distinguishing between human and mouse sequences, we would
257  expect it to do extremely well at the mouse vs. human classification task, and perhaps not as well on
258  other tasks.

259  We further carried out the same benchmarks by replacing the human Test set with the human Diverse
260 >5% dataset, which contains sequences that are at least 5% different from any sequence in our
261  training set. AbNatiV remains the best performing model overall. However, Sapiens marginally
262  outperforms AbNatiV in one task: the classification of Mouse sequences (by 0.006 in PR-AUC,
263  Table 1). This result is hardly surprising, as the Human Diverse >5% databases were built using
264  sequences from the training set of Sapiens and OASis (37), and hence are overclassified with respect
265 to our Human Test set. In addition, amino acid reconstruction accuracies were computed for all
266  methods (except OASis as the method is not reconstruction-based). The reconstruction accuracy
267  quantifies the ability of a model to reconstruct the initial input from the embedding in the latent
268  space. Both AbNatiV and Sapiens rely on masked learning, while AbLSTM relies on standard
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269  unsupervised learning. We find that the former models have higher reconstruction accuracies than the
270  AbLSTM model (96%, 92% and 81% on the Human Test set respectively for AbNatiV, Sapiens and
271  AbLSTM). Sapiens reconstructs slightly better than AbNatiV the VH sequences in the Human
272  Diverse dataset (respectively 94% and 95%). However, it should be noted again that the Human
273 Diverse >5% dataset is contained in the training set of Sapiens (37).

274  Similar results are found for Vi and VA lights chains, when comparing AbNatiV with the OASis and
275  Sapiens methods (Extended Data Tables 1-2, and Supplementary Tables 2-3), while the ABLSTM
276  humanness score is not defined for light chains (38). Curiously, in contrast with VH sequences,
277  AbNatiV exhibits higher reconstruction accuracy than Sapiens also for the VL sequences in the
278  Human Diverse >2.5% datasets (respectively 98% vs 94% for Vk, and 98% vs 93% for V).

279  Taken together, these results demonstrate that AbNatiV is a precise humanness assessment method
280  that has learned high-order relationship between residues to identify antibody sequences derived from
281  human immune systems.

282  3.1.2 Application to antibody therapeutics

283  The assessment of humanness is a critical step of antibody drug development, with the goal of
284  ensuring that drug candidates have minimal risk for administration to patients. Therefore, we ran
285  AbNatiV on therapeutic antibody sequences and averaged the humanness score of the heavy and light
286  chains from the relevant AbNatiV model (i.e., trained either on VH, Vx, or VA, see Methods). More
287  specifically, we evaluated the performance of the method on distinguishing 196 human therapeutics
288  from 353 antibodies therapeutics of non-human origin (mouse, chimeric, and humanised). The
289  precision-recall (PR) curve (Fig. 3A) and ROC curve (Supplementary Fig. 10) are computed for
290  AbNatiV and 7 other computational approaches (see Methods and Table 2). AbNatiV outperforms
291  all other methods when considering both AUCs with a PR-AUC of 0.971 and a ROC-AUC of 0.979.
292 The second-best methods after AbNatiV are OASis with a PR-AUC of 0.963 and a ROC-AUC of
293 0.975 and Hu-mAb with a ROC-AUC of 0.979 and a PR-AUC of 0.956.

294 A central interest in humanisation of antibodies is to reduce their immunogenicity in human immune
295  systems. One way to assess immunogenicity in early-stage clinical trials is to assess the number of
296  patients who develop anti-drug antibodies (ADAs) in response to the administration of therapeutic
297  antibodies (40). We find that the AbNatiV humanness score (i.e., the average of the AbNatiV
298  humanness scores of the VH and VL, see Methods) shows a Pearson correlation coefficient (R) of -
299  0.49 (p-value ~ 2x10°'%) with the percent of patients that developed ADAs upon treatment, which is
300 available for 216 different therapeutic antibodies (Fig. 3B). We note that these ADA data are highly
301  heterogeneous and therefore there is no reason to expect much stronger correlations. The percent of
302  patients who developed an ADA response is determined in different studies carried out in drastically
303  different ways. In particular, the dosage of the therapeutic antibody candidate and the length of the
304  study (i.e., the number of doses administered and the total study time) can vary widely among
305  different therapeutic candidates. It is therefore foreseeable that a highly immunogenic antibody which
306 is administered only once and at a relatively low dose would elicit a weaker ADA response than a
307  less immunogenic antibody that is administered at high dose for an extended period. The reason for
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308 these discrepancies is that these clinical studies are designed around the specific requirements of the
309  drug candidate under scrutiny, rather than to quantitatively compare the immunogenicity of different
310  drug candidates.

311 3.1.3 Classification of native camelid nanobodies

312 The development of single-domain antibodies has been gathering even more momentum since the
313  approval of Caplacizumab in 2019, the first nanobody-based therapeutic (6). Nanobodies (VHHs) are
314  naturally expressed in camelids and can exhibit advantageous stability and solubility properties
315  combined with a small size that allows for better tissue penetration, while retaining the affinity and
316  specificity of full-length antibodies (5). When trained on VHH sequences, AbNatiV returns a VHH-
317  nativeness score that quantifies the resemblance of antibody sequences to native camelid single-
318  domain antibody, and hence the ability of a VH sequence to fold independently of a VL counterpart.

319  We find that AbNatiV accurately discriminates VHH Test sequences from the VH sequences of
320  human (0.983 PR-AUC), mouse (0.995), and rhesus (0.992) (Fig. 4A-C, and Supplementary Fig.
321 11). The PR-AUC between PSSM-generated artificial VHH sequences and real camelid VHH
322 sequences from the Test set is 0.942. The VHH model can classify most of the Diverse >5% VHH
323 sequences as native, with a performance at par to that observed on the Test set. 10.4% of Diverse
324  >5% VHH sequences have a score bellow the nativeness characteristic threshold of 0.8, compared
325  with 10.8% for the Test VH sequences. To the best of our knowledge, AbNatiV is the first approach
326  to quantify the nativeness of nanobodies. Therefore, to compare with a different model, we retrained
327  the AbLSTM architecture, originally developed for human VH sequences, on our nanobody training
328  set (see Methods). We find that AbNatiV shows higher classification performance than the retrained
329  AbLSTM model on all tasks, and especially on the classifications with the VHH Diverse >5% dataset
330  (Table 3, Supplementary Table 4, and Supplementary Figure 12).

331  3.1.4 CDR nativeness for grafting experiment

332 The grafting of target specific CDRs onto a different framework scaffold is a common technique to
333  design antibody with enhanced properties (e.g., lower immunogenicity, higher stability or
334  expressibility, etc.) (41-43). In the case of nanobodies, a specific camelid framework, referred to as
335  universal framework (UF), was shown to retain very high conformational stability and prokaryotic
336  expressibility almost independently of its CDR loops (44). In that study, all three CDRs of 6
337  unrelated nanobodies targeting different antigens were grafted onto the UF. Binding affinity (Kp) and
338  conformational stability (AG) were experimentally measured for all six wild type (WT) nanobodies,
339  and corresponding UF variants with the grafted CDRs. Upon grafting, the binding Kp worsened for
340  most variants, probably because the CDRs now make some non-native interactions with the UF
341 sequence, which affects their conformation and consequently antigen binding, even if the
342 conformational stability improved upon grafting because of the superior stability of the UF (44).
343  AbNatiV provides a direct sequence-based approach to assess the nativeness of these CDRs within
344  the VHH UF and their WT framework, by computing the VHH-nativeness score across all CDR
345  positions (see Methods). We find that for all these 6 grafting examples, AbNatiV scoring
346  anticorrelates with the experimentally measured change in binding Kp (Fig. 4D). Specifically,
347  AbNatiV attributes a worse (lower) VHH-nativeness score to these sets of CDRs when they are
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348  grafted onto the UF than when they are found in their WT framework, in agreement with the
349  experimental measurement of a worse (higher) binding Kp. An example of the nativeness profile
350  before and after grafting is provided in Supplementary Figure 13.

351  Encouraged by these findings on six experimentally characterised grafting examples, we sought to
352  obtain more robust statistics by computationally grafting all three CDRs of 5,000 different
353 nanobodies from the VHH Test set onto the UF scaffold. We find that in 86% of cases AbNatiV
354  computes a lower VHH-nativeness score for the CDRs grafted in the UF than for the CDRs in their
355 native WT framework (Fig. 4E). Taken together, the results of these analyses suggest that AbNatiV
356  can accurately determine whether CDR loops are in the right context.

357 3.2 Humanisation of nanobodies

358  With the recent surge of interest in the use of nanobodies as therapeutics, the humanisation of
359 nanobodies has emerged as a crucial requirement to improve their therapeutic index and reduce
360  immunogenicity risks for clinical applications (42,45,46). Extended Data Figure 2 depicts the
361  AbNatiV evaluation of the humanness and VHH-nativeness of 3 nanobody therapeutics, and of 8 WT
362 nanobodies from a SARS-CoV-2 study (47) and their humanised counterpart characterised in a
363  separate study (45). In that study, Sang et al. introduced a computational pipeline named Llamanade
364  (45), which integrates structural information and residue frequency statistics to humanise nanobody
365 sequences. We find that all humanised nanobody sequences are assigned an AbNatiV humanness
366  score higher than their WT counterpart. Importantly, this improvement of humanness impacts their
367 VHH-nativeness only weakly or even improves it (Extended Data Fig. 2), which is in line with the
368  non-significant or very small change observed experimentally by Sang et al. (45) in the binding Kp of
369  these nanobodies upon humanisation.

370  Encouraged by these observations, we sought to develop a framework to exploit AbNatiV for the
371  rational humanisation of nanobody sequences. By combining the humanness (VH-AbNatiV) with the
372 VHH-nativeness (VHH-AbNatiV) assessments of AbNatiV, we propose a dual-control humanisation
373  strategy of nanobody sequences. As illustrated in Supplementary Figure 14, this strategy begins by
374  identifying liable positions with a low AbNatiV humanness or VHH-nativeness in the residue profile.
375  Then, it suggests potentially humanising mutations derived from the human VH PSSM
376  (Supplementary Fig. 7A). Finally, it accepts mutations that improve the AbNatiV humanness score
377  while preserving or further improving the AbNatiV VHH-nativeness score (see Methods for further
378  details).

379 Two distinct strategies to sample mutational variants are proposed, which we designate as
380  “Enhanced” and “Exhaustive” sampling. The enhanced approach iteratively explores the mutational
381  space, aiming for rapid convergence to identify a promising mutant. In contrast, the exhaustive
382  approach assesses all mutation combinations within the available mutational space and selects the
383  best sequence. It is important to note that the exhaustive sampling is considerably more
384  computationally demanding. For instance, in the case of a sequence with 10 liable positions where 4
385  mutations are allowed at each position, the mutational space encompasses 41° mutants, exceeding 1
386  million combinations. On the other end, the enhanced sampling will explore on average less than 100
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387  combinations of mutations. Therefore, to manage the computational complexity of the exhaustive
388  approach, we restrict its mutational space by constraining the allowed mutations to residues enriched
389  in both the human VH and VHH PSSMs. Conversely, the enhanced method’s mutational space is
390  larger as it restricts its allowed mutations to the human VH PSSM only. To minimise the chances of
391  affecting antigen binding, both strategies are limited to the framework regions. For each sampling
392 strategy, we implement both a purely sequence-based approach and a structure-based approach that
393 models the nanobody structure from the input sequence (see Methods). In the latter, buried residues
394  that are not on the nanobody surface are excluded from the list of potential targets for mutations, as
395  commonly done in humanisation strategies based on framework resurfacing (48,49).

396  To test the effectiveness of these different humanisation pipelines we generated in silico humanised
397  variants of two nanobodies, which we then produced and characterised in vitro. These two
398  nanobodies bind to two distinct proteins of therapeutic relevance: Nb24 targets the f2-microglobulin
399  (50), and mNb6 targets the receptor-binding domain (RBD) of the Spike protein of SARS-CoV-2
400  (matured version of Nb6 in Ref. (51)). Nb24 was obtained from a llama immunisation campaign and
401  exhibits moderate binding with a dissociation constant Kp in the mid-nanomolar range (52), while
402  mNb6 was obtained from the screening of a synthetic library and then highly optimised via saturation
403  mutagenesis to reach a high-picomolar-range Kp (53). For each WT sequence, we generated four
404  humanised variants using the AbNatiV automated pipelines and a further control variant. Two
405  variants were generated by each sampling method: one limited to solvent-accessible framework sites,
406  and the other encompassing all framework sites. While the crystal structures of Nb24 and Nb6 are
407  solved experimentally (respectively PDB ids 4kdt and 7kkk), solvent-exposed sites were identified
408 by modelling in silico the structures of the WT sequences with Nanobuilder2 (51) to simulate a more
409  general setting in which crystal structures may not be available.

410  For comparison, we also generated one additional humanised variant for each WT nanobody using
411  the automated humanization tool Llamanade that proposes humanising mutations based on structural
412 and residue frequency analysis (45). We refer to these as Frequency and Structure-based humanised
413  variants. All generated sequences are presented in Extended Data Table 3, and the human VH and
414  VHH AbNatiV profiles in Supplementary Figures 15 and 16, which also highlight the mutations
415  from the WT. As expected, all humanised sequences have improved humanness and similar VHH-
416  nativeness to their WT, except for the two frequency and structure-based variants that show worsened
417  VHH-nativeness (Fig. 5A,B).

418  WT nanobodies and all humanised designs were then produced in E. Coli and experimentally
419  characterised (see Methods).

420  Bio-layer interferometry (BLI) experiments show that Nb24 WT binds 2-microglobulin with a Kp of
421 79 £ 6 nM (mean * standard deviation from 3 independent experiments, Fig. SC,E and
422 Supplementary Fig. 17), which is compatible with previously reported values (52). AbNatiV-
423  humanised Nb24 variants obtained from both the Enhanced and the Exhaustive sampling strategies
424  bind the antigen with Kp values at par or slightly better than that of the WT (respectively 68 + 3 and
425 75+ 5 nM; Fig. SC,E). Conversely, humanised variants containing mutations also at buried positions
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426  showed worsened Kp values, and the Nb24 variant with the most compromised binding was that from
427  the Frequency and Structure-based humanisation, with a Kp in the high nanomolar range (Fig. 5C,E).

428  We also measured the thermal stability of all produced nanobodies (see Methods). We find that all
429  Nb24 humanised variants have increased apparent melting temperatures and temperatures of
430 unfolding onset over those of the WT (Fig. 5G). However, this improvement is the smallest for
431  Frequency and Structure-based humanisation, it is more pronounced for the Enhanced sampling
432 AbNatiV humanisation, and even larger for the Exhaustive sampling strategies (Fig. 5G,I).

433 In agreement with previous reports (53), we find that WT mNb6 binds SARS-CoV-2 RBD with a Kp
434  in the high picomolar range (0.78 £ 0.04 nM). The AbNatiV-humanised mNb6 variant from the
435  Enhanced sampling strategy retains this tight Kp (Kp = 0.86 + 0.10 nM; Fig. 5D,F). However, all
436  other mNb6 humanised variants show a binding compromised to varying degrees. The least affected
437  variant is the one from the AbNatiV Exhaustive sampling, with a Kp of 15 + 2 nM, followed by the
438  two AbNatiV variants that also contain mutations at buried sites. The most affected variant is the one
439  from the Frequency and Structure-based humanisation, which did not yield any binding signal in the
440  assay (Fig. 5D and S24).

441  In terms of thermal stability, the Enhanced sampling variants show a slight decrease of apparent
442  melting temperature over that of the WT, but a similar or marginally improved temperature of
443  unfolding onset. Conversely, the Enhanced Sampling variant with mutations at buried positions and
444  the Frequency and Structure-based variant had decrease thermal stability, while both Exhaustive
445  Sampling variants had increased thermal stability (Fig. SH,J).

446  Taken together, these results underscore the effectiveness of the AbNatiV Enhanced Sampling
447  humanisation pipeline to enhance in silico the humanness of nanobodies by suggesting mutations that
448  are not detrimental to binding and stability.

449 4 Discussion

450  In this work we have introduced AbNatiV, a VQ-VAE-based antibody nativeness assessment method
451  that can evaluate the likelihood of input sequences belonging to the distribution of immune-system
452  derived antibodies (human VH and VL domains and camelid VHHs). AbNatiV provides both an
453  interpretable overall score for the full sequence, and a nativeness profile at the residue level, which
454  can be exploited to guide antibody engineering and humanisation. The integration of masked and
455  unsupervised learning with the deep VQ-VAE architecture allows AbNatiV to capture complex high-
456  order interactions. AbNatiV successfully discriminates natural sequences from artificial sequences
457  generated following the natural positional residue frequency, and it can distinguish human antibodies
458  or camelid nanobodies from antibodies from other species. Compared to alternative methods
459  developed for antibody humanisation, AbNatiV exhibits higher classification performances, while
460  often being trained on a smaller number of sequences (~2 million) for fewer epochs (10 epochs). To
461  put these numbers in context, the deep VH transformer model Sapiens was trained on 20 million
462  sequences for 700 epochs (37). The training set size of the AbNatiV VHH model, comprising around
463 2.2 million sequences, is inherently limited by the number of VHH sequences available in the
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464  literature. Conversely, for the human heavy and light chains, 2 million sequences only were used for
465  training despite the abundance of available data for human antibody sequences. Upon investigation,
466  we revealed that the VH model exhibits minimal performance improvement when expanding the
467  training set size from 1 million to 2 million sequences (see Supplementary Fig. 18A). This little
468  gain of performance does not justify increasing the dataset training size further as this would
469  substantially increase training time. Furthermore, having a training size comparable with that of the
470  VHH model ensures a fair and meaningful performance evaluation across models.

471  AbNatiV is trained on aligned sequences. The alignment process is performed with the AHo antibody
472  residue numbering scheme (54), which numbers each residue based on its structural role (e.g., being
473  in a particular CDR loop or in the framework region). Essentially all known antibodies fit into this
474  representation, and we posited that — albeit our method is purely sequence based — using Fv
475  sequences aligned in this way would facilitate the learning of structural features and hence increase
476  performance. To test this hypothesis, we employed the same architecture on non-aligned sequences
477  (see Methods), which, as expected, led to a very notable performance drop. In the case of VH
478  sequences, using non-aligned sequences results in a three-to-four-fold decrease of both training and
479  validation loss performances (see Supplementary Fig. 18.B). These findings are consistent with
480  those of Hawkins-Hooker et al. (55), who applied a fully connected VAE to a dataset of luciferase
481  sequences. The model trained on aligned sequences captured better the information, leading to a
482  more successful generation of new luciferase-like sequences compared to the model trained on
483  unaligned sequences. Moreover, employing aligned sequences enables AbNatiV to produce residue
484  profiles readily comparable across sequences of different lengths. This feature is highly advantageous
485  for sequence engineering purposes, and for the comparison of different hits from antibody discovery
486  or optimisation campaigns.

487  We have also observed that AbNatiV outperforms alternative methods when classifying human-
488  derived antibody therapeutics from therapeutic antibodies of non-human origin, which also reflects
489  the robustness of the AbNatiV assessment beyond the span of its training and test sets. We have
490  further shown that AbNatiV humanness score have a statistically significant correlation (R= - 0.5)
491  with the percent of patients that developed ADA in clinical studies. This evaluation of
492  immunogenicity with the ADA database is commonly employed to benchmark immunogenicity
493  assessments methods (37,39,56), and therefore we performed it in our work. However, these ADA
494  data exhibit a substantial level of heterogeneity, as the database was assembled using
495  immunogenicity data from different clinical studies reported in the literature, with experimental
496  conditions (e.g., number of patients, dosage, study length) varying substantially among studies. As an
497  example, Basiliximab was tested on 339 patients (https://www.ema.europa.eu/), while Disitamab
498  only on 58 (57). In the study considered in the ADA dataset that we used, Disitamab is reported to
499  elicit an ADA response in 58.6% of the patients. However, in a more recent publication on a larger
500  study with a more uniform design (80 patients with the same dosage instead of 58 patients with 4
501  different dosages), Disitamab was shown to elicit ADA response in 23.8% of the participants (58),
502 which is less than half of the number previously estimated. This example shows that the degree of
503  heterogeneity of this ADA database should be considered when expecting quantitative correlations
504  with immunogenicity predictions. Nevertheless, a recently introduce method, called Hu-mAb (39),
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505 showed a slightly better correlation with these ADA data (R= - 0.58)(39). Hu-mAb is a random-
506  forest classifier trained in a supervised way to differentiate human from mouse sequences. As
507  supervised learning is well known to typically outperform unsupervised learning, and as the ADA
508  dataset contains only human, mouse, chimeric, or humanised antibodies from mouse precursors, it is
509  perhaps not surprising that a supervised learning approach specifically trained to separate mouse
510  from human antibodies shows a slightly stronger correlation with these data. In this work, we chose
511  to develop a model trained with unsupervised learning because we want it to be applicable to any
512 input Fv sequence, as opposed to just mouse and human sequences. One of the main reasons we
513  developed AbNatiV is to use it in synergy with emerging approaches of de novo antibody design,
514 which typically yield artificial sequences whose latent distribution may be specific to the design
515  method employed.

516  Alongside humanness, AbNatiV quantifies the nativeness of nanobodies. The resulting model
517  exhibits high classification performance in distinguishing VHH sequences derived from camelids
518 from VH sequences from other species and from PSSM-generated artificial VHH sequences. The
519  ability to discriminate artificial sequences confirms that the correct classification of VHHs does not
520  solely rely on the presence of nanobody hallmark residues (42), as these are also present in the
521  artificial PSSM-generated VHH sequences. However, while the discrimination performance of native
522 nanobody sequences from artificial ones is excellent, it is not as good as that of AbNatiV trained on
523 human sequences (PR-AUC of VHH: 0.942, VH: 1.000, Vk: 0.992, and VA: 0.990). This observation
524  may suggest that a bigger, and especially more diverse, VHH training dataset could be beneficial.
525  While AbNatiV-VHH is trained on slightly more sequences than AbNatiV-Humanness, these come
526  from a much more restricted number of studies. Therefore, our VHH dataset has more limited
527  diversity that the human one and it also comprises nanobodies from different camelid species
528  (llamas, dromedaries, vicugna, etc.; Supplementary Table 5), which may slightly confuse the model
529  and demand for a larger training dataset. Quite generally, we expect that the publication of additional
530  camelid immune repertoires will be beneficial for data-driven approaches like AbNatiV, which have
531 the potential to facilitate and accelerate nanobody development and humanisation.

532 AbNatiV can also be used to assess whether CDR loops are in the right context or not (Fig. 4D, E).
533  This observation demonstrates the ability of the model to capture long-range interactions between
534  CDRs and framework regions and shows that AbNatiV can assist CDR grafting. For example, the
535  CDR nativeness loss calculated by AbNatiV is consistent with the experimentally observed loss of
536  binding affinity upon CDR grafting in a different framework (Fig. 4D). Yet, a quantitative
537  correlation with the magnitude of the change in Kp is not observed, most likely because only a subset
538  of non-ideal CDR-framework contacts resulting from grafting actually translates to an affinity loss, in
539 a way that is highly specific to the nanobody-antigen binding pose. We envisage that these
540  applications of AbNatiV may increase the effectiveness and success of de novo antibody design
541  methods based on the grafting of designed CDR loops (20,21,59). We have focussed our analysis on
542 VHH sequences. However, the exact same approach can be carried out with AbNatiV-humanness to
543  select human scaffold sequences that serve as better receptors for CDR grafting from non-human
544  sources, such as murine CDRs (see Fig. 1D), designed CDRs, or CDRs from a synthetic library.
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545  Nanobodies exhibit significant structural differences from human VH domains that enable them to
546  fold independently of a VL counterpart. For instance, the CDR3 of nanobodies is often longer and
547  sometimes folds back to interact with the framework (5,45). During the process of humanisation for
548  therapeutic purposes, it is crucial to improve humanness while preserving these traits, as they
549  translate into high stability and binding affinity. Consequently, we introduce an automated
550  humanisation pipeline that combines the humanness and VHH-nativeness assessments of AbNatiV.
551  We applied this deep-learning-based dual-control strategy on two nanobodies and showed that the
552 humanised variants generated with the Enhanced Sampling pipeline retain their binding activity and
553  biophysical stability. Conversely, both properties are disrupted when conventional structural and
554  residue-frequency humanisation is applied to the same nanobodies.

555  We selected Nb24 and mNb6 as test nanobodies because they bind two distinct antigens with
556  therapeutic potential, are quite different from each other (for example Nb24 has a non-canonical
557  disulphide and mNDb6 has not) and represent respectively a standard and a very challenging test case
558  for humanisation. Nb24 was obtained from immunisation, and with a mid-nanomolar dissociation
559  constant is not a particularly optimised nanobody. Conversely, with a high picomolar dissociation
560  constant, mNbo6 is a highly affinity-maturated version of a nanobody (Nb6), which was obtained from
561  the screening of a synthetic library (53). Consequently, one would expect that mutations in mNb6
562  may be more likely to disrupt affinity and stability than mutations in Nb24. Indeed, our results neatly
563  align with this hypothesis, with both Enhanced and Exhaustive sampling strategy showing excellent
564  results on Nb24, improving both binding affinity (marginally) and stability (substantially).
565  Conversely, only the Enhanced sampling strategy didn’t compromise the binding of mNb6 retaining
566  acomparable stability.

567  Opverall, the Enhanced sampling AbNatiV humanisation yielded the most promising results.
568  Additionally, this sampling approach is the most computationally efficient, adding to its value. Yet,
569  the Exhaustive sampling remains a valuable choice as it generates humanised sequences for different
570  numbers of mutations via its Pareto set selection (see Methods). In our experiments we have tested
571  only the variant with the highest VH-humanness, which is also the one with the highest number of
572 mutations except for the Exhausted +buried strategy ran on mNb6 (Supplementary Fig. 19). Yet,
573  this approach offers users the flexibility to pick humanised variants with fewer mutations, lowering
574  the risk of affecting their activity or other biophysical properties. Moreover, we make all the
575  sampling parameters fully adjustable in our software (e.g., tolerance of humanness, VHH-nativeness
576  decrease or buried residues, see Methods). Users can also look at the AbNatiV residue profiles and
577  make in-depth analysis of the expected impact of humanisation. This empowers users to make fully
578  informed decisions when designing their humanised sequences and selecting those for experimental
579  testing.

580 In addition to nanobodies, AbNatiV can be used to humanise directly paired heavy and light Fv
581  sequences by running the same sampling strategies without the VHH-nativeness constraint. In this
582  way, the pipeline improves both heavy- and light-chain humanness. This option is made available
583  online on our repository.
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584  Finally, we note that the trained AbNatiV models may facilitate applications of semi-supervised
585 learning, even if we have not explored this avenue in this work. Semi-supervised learning, also
586  known as low-N learning, combines a small amount of labelled data with a large amount of
587  unlabelled data during training (60—62). The embedding of the VQ-VAE, and possibly also the last
588  hidden layer of the decoder, can be seen as an effective way to distil the fundamental features of
589 antibody variable domains into a representation that is semantically rich and structurally,
590  evolutionarily, and biophysically grounded (63). The compactness of this representation, and the fact
591  that it was built by learning from many functional sequences, means it can be used as input to train a
592  supervised model (top model) with few free parameters, which therefore may be expected to
593  generalise with relatively few labelled training data (61). Approaches of semi-supervised learning
594  with protein directed-evolution data have recently been successfully deployed and were shown to be
595  able to generalize to unseen regions of sequence space (60,62,64).

596 In summary, we expect that AbNatiV will facilitate antibody and nanobody development, as it
597  provides a rapid, highly accurate, and interpretable way to quantify humanness and VHH-nativeness
598  from the knowledge of the sequence alone. Looking into the future, it is reasonable to expect that
599  computational approaches of de novo antibody design will be increasingly adopted to generate novel
600 antibodies. In this context, AbNatiV provides a holistic way to select the best designed antibodies or
601  nanobodies to target epitopes of interest, for instance by ensuring high humanness or by facilitating
602  the selection of a framework highly compatible with designed CDR loops. Antibodies designed in
603  this way will have high nativeness, and therefore can be expected to share similar specificities and in
604  vivo properties as immune-system-derived antibodies. Besides low immunogenicity, these properties
605 include favourable half-life and low self-antigen cross-reactivity, which are essential for successful
606  clinical development. Overall, we believe that approaches like AbNatiV will constitute a step-change
607  in our ability to design de novo antibodies with in vivo properties highly competitive with those of
608  antibodies isolated from immune systems.
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609 5 Methods

610 5.1 Datasets and antibody sequence processing

611  The source of all antibody sequences used for training and testing is given in Supplementary Table
612 5, with the full-length antibody sequences coming from the Observed Antibody Space (OAS) (36),
613  and the single-domain camelid VHH sequences coming from various studies (65-68). All sequences
614  were aligned, cleaned, and processed beforehand. Non-redundant sequences were aligned using the
615  AHo numbering scheme (54) resulting in aligned sequences of length 149. The alignment was carried
616  out using the widely employed ANARCI software (69) followed by a custom python script to check
617  for consistency and fix misalignments. More specifically, we found that in some instances gaps may
618 be opened in unexpected positions (sometimes in framework 1 or framework 2) leading to a
619  misalignment of the subsequent part of the sequence, including the fully conserved cysteines that
620  form the intra-domain disulphide bond (AHo positions 23 and 106). Therefore, a script was run to
621  adjust possible inaccuracies in the alignment of each sequence within the multiple sequence
622  alignment (MSA). This script maximises the identity between the MSA consensus sequence and the
623  sequence under scrutiny calculated at all positions with conservation index greater than 0.9, which
624  include the two fully conserved cysteines. Sequences whose alignment could not be fixed, or that
625 didn’t have two cysteines at the conserved positions (because of e.g., sequencing errors) were
626  discarded. Furthermore, Fv sequences with more than one or two missing residues at respectively the
627  N- and the C-terminal were removed. For heavy chains, a Glutamine residue was added at the N-
628  terminus, if missing, and two Serine residues were added at the C-terminus, if missing. For lambda
629 and kappa light chains, respectively a Leucine or a Lysine were added at the C-terminus (AHo
630  position 148), if missing. After alignment a check for unique sequences was repeated (because for
631 example after completing the C-terminus some duplicated sequences may exist) and any duplicate
632  discarded.

633  Datasets of processed heavy, lambda, kappa (from human, rhesus, and mouse) and VHH antibody
634  sequences from various studies from the literature were assembled (Supplementary Table 5) and
635  processed as described above. All the parsed sequence datasets used in this study are available online
636  in the AbNatiV GitLab at https://gitlab.developers.cam.ac.uk/ch/sormanni/abnativ.

637  5.1.1 Training, Validation, Test and Diverse datasets

638 2,000,000 sequences from the human heavy, lambda, and kappa databases were used to train three
639  distinct models, respectively. 2,144,185 sequences from the VHH databases (Camelid and PDB-
640  sdAB) were used to train a fourth model. For each model, 50,000 sequences were additionally kept
641  aside for validation, and 10,000 sequences for testing. These training, validation, and test sequences
642  were selected as random splits from the larger database of unique sequences. As we only have unique
643  aligned Fv sequences, this procedure ensures that sequences in training, validation, and test datasets
644  are at least one mutation away, as commonly done in the field when dealing with large databases of
645  sequences.
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646  Furthermore, to be able to assess performance on a dataset of sequences that are more distant from
647  any training sequence, we have built an additional diverse dataset for each model. Such diverse
648  datasets are compiled with sequences that are at least 5% different from any sequences of the training
649  set (2.5% for Vk and VA, as light chains have less diversity). Percent difference is defined as the
650  number of mutations between an aligned test sequence and an aligned training sequence (gap to gap
651  is not considered a mutation), divided by the length of the gapless test sequence. As calculations are
652  memory-intensive (for instance the VH test set vs. training set only would be 2x10'° sequence
653  difference value, meaning that each boxplot would need more than 80 Gb of memory), they are
654  carried out in the following way. First, the distance between all sequences in the Training set and
655  each sequence in the Test set (or in any other of the datasets on the x-axis) is calculated. This
656  corresponds to 2 million percent differences (more for VHHs, see Supplementary Table 5). Then,
657  only the values of the minimum and of the 5", 25", 50% (i.e., median), 75", and 95™ percentiles of
658  these differences are saved. At the end of the calculation, these values are available for each sequence
659  in the Test set, and the same goes for the other datasets examined (x-axis). For the human models
660 (VH, Vk, and V) diverse sequences are extracted from both Test and BioPhi datasets (subset of the
661 training dataset of the Sapiens transformer from BioPhi (37), see Supplementary Fig. 20) to yield
662  the corresponding Diverse >5% (or >2.5% for the light chains) dataset. For the VHH model, diverse
663  sequences are extracted from the Test dataset by requiring at least 5% difference from the closest
664  sequence in the training set Supplementary Figure 20 shows the cumulative distribution functions
665  (CDFs) of the minimum percent different to training sequences for each dataset. Supplementary
666  Figure 4 the distribution of the sequence difference between training sequences and all sequences in
667  the datasets used to assess AbNatiV performance, as well as the lack of correlation between the
668  AbNatiV nativeness score and the distance of that sequence from the training set.

669  5.1.2 PSSM-generated datasets of artificial sequences

670  Position weight matrices (PWM) and corresponding position-specific scoring matrices (PSSMs) were
671  computed from each human and camelid antibody training datasets (Supplementary Fig. 7). From
672  these matrices, additional custom datasets of artificial sequences were generated to be used as
673  controls, named PSSM-generated datasets. These sequences were built by randomly filling each
674  residue position using the underlying residue frequency observed in the PWM (that is the matrix of
675  observed residue frequencies, Supplementary Fig. 7) considering only those amino acids enriched at
676  that position (i.e., PSSM log-likelihood score > 0).

677 5.2 The AbNatiV model

678  5.2.1 Vector-quantized variational auto-encoder (VQ-VAE) architecture

679  The AbNatiV model takes aligned antibody sequences of length 149 as input, and one-hot encodes
680  each into a tensor of dimension 149x21. Each position is represented by a vector of size 21 consisting
681  of zeros and a one at the alphabet index of the residue under scrutiny (20 standard amino acids and a
682  gap token).

683  The architecture of the models is based on a vector-quantized variational auto-encoder (VQ-VAE)
684  framework (33), which involves a VAE with a discretisation of the dense latent space through code-
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685  vectors (Fig. 1A). The sequence input x € {0,1}1%9%21 is first encoded into a compressed sequence
686  representation z,(x) € R*dc, where [ represents the compressed sequence length and d, the
687  dimension of the code-vectors. In order to discretise z,(x) in the latent space, a learnable codebook
688  of N code-vectors {ex}h=; € R% is used. A nearest neighbour lookup is applied, so that each
689  component {z,(x);}}_; © R is substituted by the closest code-vector of the codebook, resulting in
690  the quantised embedding z,(x) c RXdc_ Finally, zq(x) is decoded to generate the reconstructed

691  output € {0,1}149*21 having the original dimensions as the original sequence input x.

692  For increased codebook usage (i.e., higher perplexity), the N code-vectors are initialized with the N
693  k-means centroids of the first training batch, and code-vectors not assigned for multiple batches are
694  replaced by randomly sampling the current batch as detailed in Ref. (70), where a vector quantizer
695  was applied to sound compression. In addition, the code-vectors {e;}%=; and the encoded inputs
696  z,(x) are l,-normalised. The Euclidean distance of the [,-normalised vectors is used during the
697  nearest neighbour lookup resulting in a cosine similarity search as proposed in the image modelling
698 model ViT-VQGAN (71). Furthermore, the code-vectors from the codebook are updated during
699 training by exponential moving average (EMA) with a decay of 0.9 to assure a more stable training
700  (72).

701  The encoder and decoder layers are illustrated in Figure 1B. In the encoder, the input sequence is
702  embedded by a patch convolutional layer (71). A 1D-convolution layer with a kernel size K equals to
703  its stride S embeds each of the non-overlapping patches of dimension Kx21 into a single vector of
704  size dgpp (i.€., the number of channels of the 1D-convolution layer). A minimal padding was added
705  to the sequence input beforehand to avoid missing any sequence region. For instance, in the VHH
706  model, with K =S =8, a padding of 3 is added to compress the sequence inputs into [ = 19
707  embedding vectors of size d.,p. Then, a sinusoidal positional encoding is added before
708 L transformer blocks. The transformer blocks are designed as in BERT (73), with H heads in the
709  multi-head attentions layer and a hidden dimension dffin the feed forward layer. Before
710  quantisation, a linear layer is applied to reduce the embedding dimension d,,,; to the size of the
711  code-vectors d..

712 In the decoder, a linear layer is first applied to augment the dimension of the discrete embedding
713 z4(x) to demp. Mirroring the encoder, a positional encoding is applied before L transformer blocks
714 with the same hyperparameters of the encoder. Ultimately, a transpose 1D-convolution layer with a
715  softmax activation function is applied to reconstruct back the tensor into the same dimension of the
716  original sequence inputs. All the hyperparameters were manually tuned for the VH and VHH models.
717 It has been found empirically that the same hyperparameter values lead to the best performances for
718  both models. Since the hyperparameters do not look to be dependent on the origin of the training set,
719  the same hyperparameter values were used across all models, and their values are given in
720  Supplementary Table 6.

721
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722 5.2.2 Unsupervised masked learning

723  Like the original VQ-VAE (33) the AbNatiV models are trained to minimize a negative evidence
724 lower bound (NELBO) consisting of three terms as follows:

725 NELBO =1l x — 2 115 + 1l sg(2e(x)) — 24 (x) 115 + B Il ¢ (x) — 59(2zq(x)) I3

726  The first term is the negative log-likelihood reconstruction loss, which is characteristic of the
727  variational autoencoders. This term is approximated by the reconstruction mean-squared error (MSE)
728  between the input x and the decoder output X. The second and third terms are associated with the
729  vector quantisation step in the latent space, enabling the codebook to get trained. Both terms are
730  MSEs between the encoded input z.(x) and the quantised latent embedding z,(x). In particular, in
731  the second term, stop gradient sg is applied to z.(x) to detach it from the computational graph,
732 thereby updating only the codebook during back propagation. In the third term, z,(x) is conversely
733 ignored during back propagation, which drives the encoder to commit to the codebook vectors. The
734 stop gradient allows the codevectors and the encoder to be updated at different speeds. The relative
735  learning speed between these two terms is imposed by the scaling factor £. In all our models, £ is set
736  to 0.25. By choosing f < 1, the codevectors are updated more rapidly to align with the encoder,
737  preventing an arbitrary growth of the encoder outputs (33).

738  The neural network is implemented using PyTorch.1.14 (74) and enhanced by the
739  PyTorchLightning.0.7 module. The models are trained with a batch size of 128 by the Adam
740  optimizer (75) with a learning rate of 4e-05. During training, a masking is applied to the one-hot
741  encoded inputs. As in the training of the language transformer model BERT (73), a percentage of
742 positions pqsk 18 selected for masking. Among these selected positions, 80% are replaced by the
743 uniform vector of size 21 with a probability of 1/21 for each residue, which we use as a mask token.
744 10% are randomly replaced by another residue or gap. 10% remain unchanged so that the model does
745  not learn to expect a fixed number of masked residues (as all sequences are aligned to 149 positions).

746 5.3 Training with non-aligned sequences

747  For comparison, we trained the same VQ-VAE architecture (same hyperparameters and number of
748  training epochs) on non-aligned VH sequences. A padding of value 0 has been added to the left and
749  right of the one-hot input vectors of non-aligned sequences to reach a size of 149. If the padding size
750  required is odd, one more pad is added to the right side. The loss function is identical. For the
751  reconstruction accuracy, only the non-padded components are considered.

752 5.4 Antibody nativeness definition

753  The concept of antibody nativeness is intuitively understood as the extent to which a given sequence
754  resembles those of native antibodies, that is of antibodies derived from the immune system under
755  scrutiny (in this work human or camelid immune systems). Here, we provide a quantitative definition
756  of nativeness as:

20


https://doi.org/10.1101/2023.04.28.538712
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.04.28.538712; this version posted October 1, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

1.
08-1 2157 1% — x; 113

757 AbNatiV Nativeness = exp
TR - 1

-1|+1

B Sequence Length

758  where || ; — x; II5 is the MSE at sequence position i between the aligned input sequence x and the
759  reconstructed output sequence X of a trained AbNatiV model. This MSE is summed over all 149
760  positions of the aligned sequence and normalised by the length of the input sequence (i.e., without
761  considering the gaps opened by the alignment). As this operation gives a number X that in principle
762  ranges in [0,+oo[, where 0 would correspond to a fully native sequence that is perfectly
763  reconstructed, we apply the function Y = exp (—X). This way, Y is now a number in [0,1], where 1
764  means fully native, thus providing a more intuitive ranking for high and low nativeness. We wish to
765  point out that, for typical antibody sequences from any species, the average MSE X is typically a
766  very small number in all the models that we trained. Therefore, in this relevant range of X, Y =
767  exp (—X) is effectively approximated by a simpler linear transformation Y = 1 — X meaning that the
768  distance between different antibody sequences is only minimally affected by the exponential
769  transformation. Finally, the operation (0.8 — 1) x (Y —1)/(Tgx — 1) + 1 linearly rescales the scores
770  so that the final nativeness score becomes a quantity directly and intuitively interpretable as an
771  absolute value for a single sequence, and not just usable to rank different sequences (Supplementary
772 Fig. 21). Ty is specific to each trained model, and it denotes the optimal threshold of Y that best
773  separates native sequences (positives in the classification) from non-native sequences (negatives in
774  the classification). This linear transformation rescales the values of Y so that this threshold on the
775  final nativeness score becomes 0.8 for every model. In other words, this means that a nativeness
776  score greater than 0.8 denotes a sequence classified as native, while a score below 0.8 one classified
777  as non-native. Ty is calculated for each trained model as follows. The precision-recall (PR) curves
778  are generated between human sequences (Human Test & Human BioPhi datasets) as positives, and
779  non-human sequences (Mouse) as negatives for the VH, Vk and VA models. Similarly, the PR curve
780 is also calculated between VHH sequences (Camelid Test) as positives, and non-VHH sequences
781  (Human Test and Mouse) as negatives, all computed on the Y = exp (—X) scored sequences
782  (Supplementary Fig. 21A, 21D, 21G, 21J). For every model, the PR optimal threshold value Ty is
783  extracted as the point closest to (1,1) (Supplementary Fig. 21B, 21E, 21H, 21K, TR(VH) =
784  0.988047, Tz(VKappa) = 0.992496, Tr(VLambda) = 0.985580, and Tx(VHH) = 0.990973).
785  The scores are thus linearly rescaled to shift T to 0.8 to return a final value € ]—oo, 1] for any input
786  Fv sequence (Supplementary Fig. 21C, 21F, 211, 21L). Not only does this rescaling make the
787  nativeness scores from different models interpretable in the same way, but it also future proofs the
788  definition of nativeness. The values of Tr will change if, in the future, the model is retrained on a
789  larger or more diverse dataset, or if the architecture is further improved. However, the interpretation
790  of the final nativeness score, which is what users will rely on, will be the same. We define AbNatiV
791  humanness score the nativeness from AbNatiV trained on VH, Vi, and VA human sequences, and
792  AbNatiV VHH-nativeness score, that from AbNatiV trained on single-domain VHH sequences.

793  In addition, residue level scoring profiles are defined by applying Y = exp (—X) to the MSE
794  reconstruction error at each position of the given sequence.
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795 5.5 Performance metrics

796  All the performance metrics reported are computed by analysing 10,000 scored sequences for each
797  database, except for the Diverse datasets (see Supplementary Table 5). For datasets smaller than
798 10,000, the whole dataset is used.

799  5.5.1 Classification

800  The area under the curve (AUC) of the receiver operating characteristic (ROC) and of the precision-
801  recall (PR) curves are computed to quantify the ability of a model to classify sequences. For ROC
802  curves, the AUC is equal to 1 when the classification is perfect. It is equal to 0.5 when the model
803  performs as poorly as a classifier that is randomly sampling from a uniform distribution. For PR
804  curves, the AUC is also equal to 1 when the classification is perfect, while it is equal to the ratio of
805  positive entries over the total number of entries in the datasets when the classification is random.

806  5.5.2 The amino acid reconstruction accuracy

807  The amino acid reconstruction accuracy quantifies the ability of a model to reconstruct the initial
808  unmasked input from the embedded vector of the latent space. The reconstructed outputs of the
809  model have for each position a probability distribution over the alphabet. For each position, the most
810  probable amino acid is selected. The amino acid reconstruction accuracy corresponds to the ratio of
811  correctly predicted residues for every position over the length of the sequence. It is equal to 1 if all
812  residues have been correctly reconstructed, and O if not even one has. It can be expressed, as follows:

149
Zi=1 1xi=9?l-

813 Reconstruction Accuracy = 139

814  where x; and X; are residue at the position i of respectively the input x and the reconstructed output ¥
815  of the model.

816  5.5.3 Benchmarking with other assessments from the literature

817  Open-source antibody humanness assessments from the literature were employed to benchmark the
818  performances of AbNatiV. These assessments include OASis and Sapiens from Biophi (37) and
819  AbLSTM (38).

820  OASis is an average 9-mer peptide similarity searched through the OAS database. Sapiens is an
821  unsupervised human antibody language model based on the transformer encoder BERT (73) network.
822 It is trained on unaligned human antibody sequences from the OAS database. The GitHub
823  implementation (https:/github.com/Merck/BioPhi) of OASis and Sapiens is used to score our testing
824  databases. The relaxed stringency level is used for the OASis assessment. The OASis score is not
825  position discrete; hence it cannot be used for the amino acid reconstruction task.

826  AbLSTM (38) is an unsupervised long-short-term-memory (LSTM) neural network. Human heavy
827  chains sequences from the OAS database are aligned prior training. Here, we used the pre-trained
828  model in the benchmarking, and we also retrained the AbLSTM for 10 epochs from scratch on the
829  same single-domain, and human heavy, lambda and kappa databases used for the training of our VQ-
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830  VAE models. In the case of human VH we carried out the benchmark with both retrained AbBLSTM
831  and original pre-trained one as downloaded from https://github.com/vkola-lab/peds2019. The original
832  hyperparameters of AbLSTM were used (embedding dimension = 64, hidden dimension= 64, batch
833  size = 128, and learning rate = 2e-03). The negative log sum loss of the AbLSTM model was
834  employed as its humanness or VHH-nativeness scores as done in the original work (38).

835 5.6 Predictions on antibody therapeutics

836 549 antibody therapeutics from the IMGT database (76) were obtained from the BioPhi dataset (37).
837  This dataset includes 196 fully human therapeutic sequences and 353 therapeutics of non-human
838  origin (mouse, chimeric, and humanised). The AUC of ROC and PR curves are computed to quantify
839 the ability of the models to separate these two groups of sequences.

840  Similarly, 216 antibody therapeutics with their immunogenicity scores — expressed as the percentage
841  of patients who developed an anti-drug-antibody (ADA) response during clinical trials — were also
842  obtained from the BioPhi dataset (37). These sequences were used to quantify the extent of
843  correlation between the models nativeness scores and the observed ADA response, using the Pearson
844  correlation coefficient and its associated p-value. For each therapeutic, the mean between the scores
845  of VH and VL domain is used as an overall nativeness.

846  The humanness scores from different methods developed to humanize antibodies with which we
847  compare our approach were obtained as computed by the authors of BioPhi and deposited in their
848  GitHub (https://github.com/Merck/BioPhi) and in the tables of Ref. (37). The alternative methods
849  considered in this work are the BioPhi germline content (37) (sequence identity to closest human
850  germline), HumAb (39) (random forest-based humanness), IgReconstruct (77) (positional nucleotide
851  frequency scoring from back-translated human antibodies), AbLSTM (38), T20 (78) (similarity
852  average among the closest 20 sequences), and Z-score (79) (similarity average across all sequences)
853  assessments. Light-chain-only antibodies (i.e., Istiratumab, Lulizumab Pegol, Placulumab and
854  Tibulizumab) are removed from the IMGT BioPhi parsed dataset as the original pretrained AbLSTM
855  can only scores heavy chains. Because the Fv sequence of Pexeluzimab has missing C-term residues,
856 it is also removed from the ADA dataset and excluded from further analysis. All these sequences
857  with their associated scores are available in Supplementary Datasets 1 and 2.

858 5.7 Grafting assessment on nanobodies

859  In Ref. (41) all three CDRs of 6 nanobodies were grafted onto a camelid VHH framework sequence,
860  referred to as universal framework (UF). Binding Kp and conformational stability AG were
861  experimentally measured for all six wild type (WT) nanobodies, and corresponding variants with
862  CDRs grafted onto the universal framework. Here, we compute the nativeness scores of the 6 pairs of
863  WT and grafted nanobodies. As the UF has intrinsically better nativeness because of its ideal
864  framework, to understand whether our model predicts the CDRs to be in the right context or not, we
865  compute the VHH-nativeness CDRs scores. These are defined as the sum of the MSE reconstruction
866  scores of all residues at the CDR positions (according to the AHo numbering scheme) normalised by
867  the length of these CDRs without gaps. Y = exp (—X) is applied to the resulting sum X to give a

23


https://github.com/vkola-lab/peds2019
https://github.com/Merck/BioPhi
https://doi.org/10.1101/2023.04.28.538712
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.04.28.538712; this version posted October 1, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

868  more interpretable number in [0,1]. A nativeness prediction of a CDR context is considered correct
869  when the VHH-nativeness CDRs score of the WT nanobody is higher than that of its UF-grafted
870  counterpart, as reflected by the experimentally measured change in binding Kp which is typically
871  worse for the UF-grafted variant (Fig. 4D).

872  We also carried out this assessment on a much bigger scale, by computationally grafting all CDRs of
873 5,000 different Nbs from the Camelid Test dataset onto the UF scaffold.

874 5.8 Humanness assessment of nanobodies

875  For the analysis reported in Figure 5, 300 VH human sequences and 300 camelid sequences from the
876  test datasets are scored both with the AbNatiV human heavy and camelid heavy models to provide
877  background distributions. Then, we further scored 8 WT nanobodies from a SARS-CoV-2 study (47)
878  and their humanised counterpart as reported in Ref. (45), and 3 therapeutic nanobody sequences
879  (Envafolimab, Caplacizumab, and Rimteravimab) available from the therapeutic database Thera-
880  SAbDab (80).

881 5.9 Automated humanisation of nanobodies

882  The humanisation process of nanobody sequences by AbNatiV follows a dual-control strategy which
883  seeks to increase the humanness while retaining the VHH-nativeness of a given sequence. Standard
884  antibodies can be humanised exactly as described here, by removing all steps involving the VHH-
885  nativeness.

886  Given an input sequence, the VH-AbNatiV and VHH-AbNatiV residue profiles are computed along
887  with the solvent accessible surface area (SASA) using the “rolling ball” algorithm (81) on the whole
888  unbound structure modelled with NanoBuilder2 from the ImmuneBuilder software (51). The SASA
889  of each residue is converted into a relative SASA (RASA) value by dividing the SASA of the given
890  residue X under scrutiny with its maximum allowed SASA (82). The latter is obtained as the SASA
891  of residue X in the context of the Gly-X-Gly tripeptide in a fully extended conformation. Structural
892  modelling and SASA calculations are only performed when the user choses to do framework
893  resurfacing, that is to avoid mutating any buried residue, which is the default behaviour.

894  To reduce the mutational space, we first flag positions for mutation using the residue nativeness
895  profiles. The search is restricted to the framework region, as CDRs typically contain binding
896  residues. Flagged positions have either a VH-AbNatiV or VHH-AbNatiV score smaller or equal to
897  0.98, or the WT residue is not enriched in the human VH PSSM (i.e., does not have a PSSM log-
898  likelihood score > 0 and a PSSM frequency > 0.01, see Supplementary Fig. 7). The latter condition
899 s just an additional safeguard. In our investigations we have never observed a framework residue
900  that was not enriched in human VH PSSM and yet was not flagged as liability by the VH-AbNatiV
901  profile. Furthermore, if framework resurfacing is selected as an option, mutable residues must exhibit
902  a RASA greater or equal to 15%. By comparison, in Chen et al. work (83) a RASA of 20% serves as
903  a cut-off between buried and exposed residues. Starting from these automatically identified mutable
904  positions, we developed two distinct sampling methods to explore the mutational space.
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905 5.9.1 Enhanced sampling

906  The enhanced sampling is illustrated in Supplementary Figure 14.A. Convergence towards the best
907  combination of mutations is achieved by mutating each position subsequently one a time, as opposed
908 to exploring all possible combinations. The order at which positions are mutated is defined starting
909  from those mutable positions that are least affected when other positions are mutated. This strategy
910 increases the odds that positions mutated early remain stable even after subsequent mutations along
911  the sequence are performed, leading to a more efficient path towards identifying the best mutational
912  variant. Thereby, a first calculation is performed to sort positions to mutate based on their average
913  interdependence upon mutations at every other position in the sequence. To quantify this dependence,
914  a computational deep mutation scanning is implemented. For a given position, each of the other
915  positions is individually mutated into all available amino acid residues (19 possibilities). For each
916  mutation, and each of the other positions, we calculate the difference between the AbNatiV VHH
917  residue score at the position under scrutiny of the WT sequence and that of the mutated sequence
918 (note, mutations are at other positions but may still affect the score of this position and this is what
919  we are probing for here). These differences are then averaged into a single value quantifying the
920  dependence of the position under scrutiny on mutations elsewhere in the sequence. This procedure is
921 iterated for every liable position.

922  Subsequently, starting from the position with the least dependence on mutations at other positions,
923  we mutate it with all the amino acids significantly enriched in the human VH PSSM (i.e., with a
924  PSSM log-likelihood score > 0 and a PWM frequency > 0.01, see Supplementary Fig. 7) as shown
925 in Fig. 6.B. We exclude cysteines and methionines from the list of candidate mutations as these are
926  linked to developability liabilities. The selected mutation at each position is then the one which
927  increases most the multi-objective function: 0.84VH + 0.2AVHH and which does not decrease the
928  VHH-ADbNatiV score by more than 1.5% of that of the WT (i.e., 1.5% decrease tolerance for AVHH).
929  If no such mutation is found (e.g., all screened ones decrease the VHH-nativeness by more than
930  1.5%), the residue is left to WT and the procedure continues to the next mutable position. If a
931 mutation is found, the sequence is updated and the process of selecting positions for mutation in
932  Figure 15.A recommences from the beginning to ensure that no over other positions has become a
933  liability (i.e., residue score <= 0.98) following the introduction of this new mutation.

934  5.9.2 Exhaustive sampling

935  The exhaustive sampling is illustrated in Supplementary Figure 14.B. We generate all the possible
936  combinations of mutations at all liable positions by considering as candidates for each position those
937  amino acids significantly enriched in both human VH and VHH PSSMs (i.e., with a PSSM log-
938 likelihood score > 0 and a PWM frequency > 0.01, see Supplementary Fig. 7). Cysteines and
939  methionines are excluded from the list of candidates as these are linked to developability liabilities.
940  The WT residue is retained in the list of candidate amino acids at each liable position. First, we retain
941  only those combinations of mutations that do not decrease the VHH-nativeness score by more than
942 1.5% over that of the WT. Then, we compute the Pareto front that maximises the VH-humanness
943  score while minimising the number of mutations over all remaining combinations of mutations. In
944  fact, given that WT residues were retained in the list of candidate amino acid substitutions, the
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945  method produces mutational variants that have a number of mutations ranging from 0 (the WT,
946  which is one possible combination) and the total number of identified liable positions.

947 At the end, this approach returns a set of mutational variants with the highest VH-humanness for
948  each number of mutations that are beneficial to the VH-humanness (see Supplementary Fig. 19). In
949  the pareto analysis, increasing the number of mutations is beneficial only when it further increases
950  the VH-humanness score. For instance, we see in Supplementary Figure 19.D that going from 9 to
951 10 mutations does not increase the VH-humanness further, and therefore the variant with 10
952  mutations is not selected in the Pareto front. In this work, experimental testing was conducted
953  exclusively on the sequence exhibiting the highest humanness score, which happens to be the one
954  with the highest number of mutations in all Exhaustive sampling designs except for the variant in
955  Supplementary Figure 19.D.

956  5.9.3 Frequency- and structure-based nanobody humanisation

957  To provide a benchmark for the AbNatiV humanisation pipelines described above, we carried out
958  nanobody humanisation also using the recently introduced Llamanade humanisation pipeline (45).
959  This approach builds on a systematic analysis of the sequence and structural properties that
960  distinguish nanobodies from human VH, and proposes humanising mutations based on the analysis of
961 the input nanobody modelled structure and the key differences between its sequence and sequences
962  of human VH domains. These frequency- and structure-based designs were carried out with the
963  Llamanade webserver accessed on 4" of July 2023 (at http://35.208.211.136).

964 5.10 Protein production

965  Genes encoding the Nb24 and mNb6 WT nanobodies and their humanised variants were synthesized
966  and cloned into an isopropyl-f-D-thiogalactopyranoside (IPTG)—inducible vector (by Genscript in
967  vector pET29a(+)), including a leading PelB sequence to enable translocation to the periplasm,
968  facilitate intra-domain disulphide bond formation, and ultimately the secretion of the protein to the
969  expression media. A C-terminal 6x His tag is added for purification. All expressed amino acid
970  sequences are given in Extended Data Table 3. Care was taken to maintain the same codon usage as
971  the WT, except for the mutated amino acid positions. Plasmids were transformed into E. coli Shuffle
972 LysY strain to further facilitate the formation of the disulphide bond, and to enable the secretion to
973  the expression media (which is facilitated by the LysY leakier cell wall). Cultures (0.5 litre) of LB
974  media were inoculated at initial 0.03 OD600 (optical density at 600 nm), grown at 37°C until
975  reaching 0.8 OD600 nm, and then induced with 500 uM IPTG at 30 °C for overnight expression.

976  His Mag Sepharose Excel magnetic beads (Cytiva) were washed in PBS and added to the cultures (1
977 mL per 0.5 Litre) about 3 hours before harvesting to capture the secreted his-tagged nanobodies.
978  Loaded beads were then fished out from the expression media using an AmMag™ magnetic wand
979  (Genscript) and purification was performed with an AmMag™ SA Plus Semi-automated System
980  (Genscript) using PBS as running buffer and carrying out washing steps with PBS 4 mM Imidazole,
981  and elution with PBS 200 mM imidazole. Eluted nanobodies were further purified by size exclusion
982  chromatography using a Superdex 75 10/300 column equilibrated in PBS on an Akta Pure System
983  (Cytiva) to remove the imidazole, further increase the purity, and isolate monomeric nanobodies.
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984  Purified nanobodies were aliquoted, flash-frozen in liquid nitrogen, and stored at -80 °C. Each aliquot
985  was used only once, and, following thawing, was centrifuged at 21,000 g at 4°C for 10 minutes to
986  pellet down any precipitate that may have formed during freeze/thawing.

987  Recombinant B2-microglobulin was expressed and purified to homogeneity as previously reported in
988  (84). Briefly, E. coli BL21(DE3) cells were transformed with pET29b carrying the coding sequence
989  of B2-microglobulin. The transformed cells were grown at 37 °C in LB medium supplemented with
990 kanamycin and protein expression was induced with 1 mM IPTG for 3 h. f2-microglobulin was
991  purified from the inclusion bodies. The cell pellet was resuspended in Triton buffer (100 mM sodium
992  phosphate pH 7.4, 0.1% Triton, 1 mM EDTA, 10 mM DTT) supplemented with lysozyme and
993  Dnase. The cells were lysed by sonication and then centrifuged. The pellet obtained was washed with
994  Triton buffer and then dissolved in 6 M GuHCI. B2-microglobulin was refolded by consecutive
995  dialysis (20 mM Sodium phosphate pH 7.4, 150 mM NaCl; 20 mM Sodium phosphate pH 7.4, 75
996 mM NaCl; 20 mM Sodium phosphate pH 7.4, 35 mM NaCl and 20 mM Tris HCI pH 8.3) and then
997  purified by ion exchange using a Hi Prep Q FF 16/10 column (GE Healthcare Life Sciences)
998  connected to an Akta Pure system (Cytiva). The protein was eluted with a linear 0-1 M NaCl gradient
999  in 20 mM Tris-HCI pH 8.3. Purified P2-microglobulin was aliquoted, lyophilized and stored at -80
1000  °C. SarS-CoV-2 RBD was purchased as biotinylated purified protein from CUSABIO (product code
1001  CSB-MP3324GMY 1-B) and stored at -80 °C.

1002  Protein concentrations were measured using blanked absorbance 280 nm values and extinction
1003 coefficients calculated from the amino acid sequence using the Expasy ProtParam tool
1004  (web.expasy.org/protparam/).

1005  5.11 Liquid chromatography—mass spectrometry

1006  The mass of all antibodies was verified by LC-MS using an ACQUITY UPLC/VionTM-IMS-QTof
1007  system coupled with an electrospray ionization (ESI) source. Liquid chromatographic separation of
1008  samples was performed on ACQUITY UPLC Protein BEH C4 column (300 A pore diameter, 1.7 pum,
1009 2.1 mm X% 50 mm, Waters) using gradient elution. 1 ul of sample was injected with a flow rate of 0.3
1010 mL/min and the analysis was carried out at defaulted parameters. The acquired data was processed
1011 using UNIFI ™ software. Disulphide bonds (-2 Da per bond) were detected in all variants (see
1012  Extended Data Table 3).

1013 5.12 B2-microglobulin biotinylation

1014  To enable BLI binding assays with streptavidin sensors, B2-microglobulin was biotinylated. 10 uM of
1015  PBo-microglobulin were incubated with 1x molar concentration of EZ-Link Sulfo-NHS-LC-Biotin
1016  (Thermofisher 21335) for 2 hours, quiescent at room temperature. After this time, unreacted biotin
1017  was removed by size exclusion chromatography using a Superdex 75 10/300 column equilibrated in
1018  PBS on an Akta Pure System (Cytiva). Biotinylated PB2-microglobulin was then characterised with
1019  LC-MS do determine the degree of labelling (Supplementary Fig. 22).
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1021  5.13 Measurements of thermal stability

1022 Measurements of apparent melting temperature were carried out in PBS at 6 pM nanobody
1023 concentration (except for mNb6 Exhausted Sampling + buried, which was at a concentration of 1.5
1024  pM because of insufficient material) on a Tycho system (Nanotemper). Each experiment was
1025  repeated 3 times for Nb24 variants and 2 times for mNb6 variants. Each 350/330 fluorescence ratio
1026  trace is first smoothed via a Savitzky-Golay filter (window length = 21, polynomial order = 2) and
1027  fitted with the two-state thermal denaturation model:

ay + BnT + (ap + BpT)exp ( (_ - _))

1028 y = AHD - (_ - _))

1+exp(

1029  With ay, fy and ap, Bp the intercept and slope of the linear baselines of respectively the native and
1030  denatured states, R the gas constant, AHj_y the enthalpy of equilibrium between the native and the
1031  denatured state, and Ty, the apparent melting temperature. Each 350nm/330nm fluorescence ratio
1032 trace is first smoothed via a Savitzky-Golay filter (window length = 21, polynomial order = 2) and
1033 then fitted. The temperature of unfolding onset T,,,s.; is defined as the temperature needed to unfold
1034 5% of the folded population. By definition, T, 1s @ function of Ty, and AHp_y:

Ty
R . 005
Tv 37, 0995

1035 Tonset =
1-

1036  5.14 BLI affinity measurements

1037  BLI measurements were performed using an Octet-BLI K2 system (ForteBio). All assays were
1038  carried out in PBS supplemented with 0.05% Tween-20 (Sigma) to suppress non-specific interactions
1039  with the sensors. All assays were carried out in a black 96-well plate (Greiner 655209), 200 ul per
1040  well, and all sensors were subjected to pre-hydration in the assay buffer for at least 15 min before
1041  usage. The assay plate was kept at 30°C with a shaking speed of 1000 rpm. The loading wells
1042 contained 50 nM of biotinylated Bz-microglobulin or 30 nM of biotinylated SarS-CoV-2 RBD
1043  (purchased from CUSABIO, product code CSB-MP3324GMY 1-B). All experiments consisted in a
1044  Dbaseline step, a loading step, another baseline step, followed by several association and short
1045  dissociation steps. After the last associations step, a long dissociation step is performed. The number
1046  of association/dissociation steps, their time, and analyte concentrations employed varied among
1047  experiments (see Fig. 5 and Supplementary Fig. 17 and their captions). In all experiments a
1048  reference sensor (loaded in the same way as the assay sensors but probing only buffer wells in all
1049  association steps) was employed and its signal was subtracted from that of each assay sensor before
1050  data analysis. Binding data of all Nb24 nanobody variants were fitted globally with a 1:1 partial
1051  dissociation binding model using Rmax, on rate, and off rate as global parameters and Yi-inf as local
1052  parameter. Data of all mNb6 variants were fitted globally with a standard 1:1 binding model using
1053  Rmax, on rate, and off rate as global parameters.
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12 Tables
R tructi
Classification (PR-AUC) econstruction
accuracy
vH PSSM-
Rhesus vs Mouse vs q
generated vs T D

AbNatiV 0965 0923 | 0.996 0.988 | 1.000 0.998 | 0.960 0.935

OASIs 0.570  0.829 | 0.897 0965 | 0982 0992 | nvA | N/A
(relaxed)
Sapiens 0.626 0.883 | 0982 0.994 | 0993 0997 | 0918 0.949
ABLSTM | 0.721  0.892 | 0.963 0986 | 0998 0998 | 0.807 0.856

AbLSTM

i 0.777  0.866 | 0.967 | 0.979 | 0.997 @ 0.996 | 0.822 0.849
Retrained

Table 1. Evaluation of the PR classification and reconstruction tasks for human VH sequences.
The assessment is carried out for AbNatiV trained on human VH sequences (first row) and other
computational approaches that can assess humanness (other rows). AbLSTM retrained corresponds to
the AbLSTM model retrained on the same training set of AbNatiV (see Methods). The first six
columns report the area under the PR curve (shown in Fig. 2 and Supplementary Fig. 8), assessing
the ability of the models to separate sequences in the Human Test (T) or the Human Diverse >5% (D)
sets from those from mouse, rhesus, and PSSM-generated (see column headers). The Human Diverse
>5% dataset is used here as a control to specifically assess the ability of the AbNatiV to generalise to
sequences distant from those in its training set. The last two columns quantify the ability of each
model to reconstruct human sequences in each dataset (column header). The OASis method does not
carry out reconstruction. Many sequences of the D datasets belong to the Sapiens training set.
Corresponding ROC results are in Supplementary Table 1.
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Human vs Non-

Human
Method
ROC PR
AUC | AUC
AbNatiV 0979 | 0971
OASis
(relaxed) 0975  0.963
Germline 0971  0.963
content

IgReconstruct 0.971 0.959
Hu-mAb 0.979 0.956
AbLSTM 0.937 0.909
T20 0.898 0.786

Z-score 0.837 0.751

1329

1330  Table 2. Performance on the classification of antibody therapeutics. The assessment is carried
1331  out for AbNatiV (first row) by averaging the AbNatiV humanness scores of the heavy and light
1332 chains from the relevant AbNatiV model (i.c., trained either on VH, V«, or VA, see Methods), and for
1333 other computational methods (table rows). The classification task consists in distinguishing 196
1334  human-derived therapeutic antibodies from 353 therapeutic antibodies from a different origin
1335  (mouse, chimeric, and humanised). The area under the curve for both ROC and PR curves are
1336  reported in the first two columns.
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1337
Classification (PR-AUC) Reconstruction
accuracy
Human Test M Rh PSSM- | Cameli
VHH \& ousevs esus V8 generated vs Cameli d
d Diverse
T D T D T D T D |Test(m)| %
(D)
AbNatiV 0.983 0.961 | 0.995 0.98710.992 0980 | 0.942 0.893 | 0.954 0.954
AbLSTM
bs. 0.956  0.900 | 0.988 0.969 | 0.983 0.956 | 0.916 0.839 | 0.847 0.846
retrained
1338

1339  Table 3. Evaluation of the PR classification and reconstruction tasks for camelid VHH
1340  sequences. The assessment is carried out for AbNatiV trained on camelid VHH sequences (first row)
1341  and the AbBLSTM model retrained on the same training set of AbNatiV (see Methods and second
1342 row). The first eight columns report the area under the curve for PR curves (shown in Fig. 4-C and
1343 Supplementary Fig. 12), assessing the ability of the models to separate sequences in the Camelid
1344  Test (T) or Human Diverse >5% (D) sets from those from human, mouse, rhesus, and PSSM-
1345  generated (see column headers). The Camelid Diverse >5% dataset is used as a control to specifically
1346  assess the ability to generalise to sequences distant from those in the training set. The last two
1347  columns quantified the ability of each model to reconstruct camelid sequences in each dataset
1348  (column header). Corresponding ROC results are in Supplementary Table 4.
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Figure 1. The AbNatiV model. (A) Architecture of the VQ-VAE-based AbNatiV model. The one-
hot encoded input sequence x is encoded into a compressed representation z,(x) through an encoder
(in yellow). In the latent space (in burgundy), z, (x) is discretised with a nearest neighbour lookup on
a codebook {e,}¥_, of N code-vectors. Each of the components of z,(x) is substituted with the
closest code-vector to generate the discrete embedding z, (x). Finally, the output X is reconstructed
through a decoder (in green) from z,(x). During training, residue masking is applied to the input x
by replacing a portion of its residues with a masking vector (in darker shade). (B) Architecture of the
encoder (in yellow) and decoder (in green) blocks in the AbNatiV model. (C) AbNatiV humanness
score distributions of the VH Human (Test set, in purple) and Mouse databases (in orange). The
ROC-AUC between the two distributions is 0.996. (D) AbNatiV humanness profiles of the VH
mouse precursor and of the humanised sequence of the Refanezumab antibody therapeutic (the
corresponding VL profile is in Supplementary Fig. 5).
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1365  Figure 2. Performance on VH sequence classification. (A) The AbNatiV humanness score
1366  distributions of the Human Test (purple), Human Diverse >5% (red), Rhesus (green), PSSM-
1367  generated (blue), and Mouse (orange) VH antibody datasets. The PSSM-generated database is made
1368  of artificial sequences randomly generated using residue positional frequencies from the PSSM of
1369  human VH sequences. The Human Diverse >5% dataset is made of VH sequences at least 5%
1370  different from their closest sequence in the VH Training set (see Methods). (B, C) Plots of the PR
1371  curves of the ability of AbNatiV to distinguish the VH Human Test set (B) or Human Diverse >5%
1372 set (C) from the other datasets (see legend, which also reports the area under the curve). The baseline
1373  (dashed line) corresponds to the performance of a random classifier. The corresponding ROC curves
1374  are given in Supplementary Figure 6A-B.
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Figure 3. Performance on antibody therapeutics. (A) Plot of the PR curves of the classification of
196 human-derived therapeutics from 353 therapeutics of non-human origin (mouse, chimeric, and
humanised) carried out with AbNatiV (in red) and seven other computational methods (see legend,
which also reports the AUC values). The baseline (dashed line) corresponds to the performance
expected from a random classifier. Corresponding ROC curves can be found in Supplementary
Figure 10. (B) Scatter plot of the AbNatiV humanness score of 126 antibody therapeutics and their
ADA immunogenicity score, expressed as the percentage of patients developing an ADA response in
each study. The Pearson correlation (R) and p-value are reported on top left corner. Sequences are
coloured based on their origin (i.e., human in orange, humanised in purple, chimeric in red, and

mouse in blue).
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1390  Figure 4. Performance on VHH sequences derived from camelids. (A) The AbNatiV VHH-
1391  nativeness score distributions of the VHH Camelid Test (in grey), Camelid Diverse >5% (in red), VH
1392  Human Test (in purple), VH Mouse (in orange), VH Rhesus (in green), and VHH PSSM-generated
1393 (in blue) datasets. The VHH PSSM-generated database is made of artificial sequences randomly
1394  generated using residue positional frequencies from the PSSM of VHH sequences. The Camelid
1395  Diverse >5% dataset is made of VHH sequences at least 5% different from their respective closest
1396  sequence in the VHH Training set (see Methods). Each dataset contains 10,000 sequences except
1397  Camelid Diverse >5% which contains 3,468 sequences. (B, C) Plot of the PR curves used to quantify
1398  the ability of AbNatiV to distinguish the VHH Camelid Test (B) or Camelid Diverse >5% (C) set
1399  from the other datasets (see legend, which also reports the AUC values). The baseline (dashed line)
1400  corresponds to the performance of a random classifier. The corresponding ROC curves are given in
1401  Supplementary Fig. 11. (D) Plot of the binding Kp, as reported in Ref. (41), as a function of the
1402  AbNatiV VHH-nativeness score computed across all CDR positions of 6 nanobodies (see legend)
1403  before and after grafting of all three CDRs onto a camelid universal framework (UF). An arrow is
1404  directed from the native sequence in the WT framework to the grafted one. (E) All three CDRs from
1405  a test set of 5,000 VHH sequences are computationally grafted onto the UF (see Methods). The bar
1406  plot shows that 86% of them have a lower AbNatiV VHH-nativeness score when grafted onto the UF
1407  than when they are within their native framework.
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Figure 5. Humanisation of two llama-derived nanobodies. The top row pertains to the
humanisation of nanobody Nb24, which binds human B-microglobulin, the lower row to mNb6,
which binds SARS-CoV-2 RBD. In the legend, variants in bold font are different AbNatiV design
strategies (see text). The Frequency & structure-based designs are done with the Llamanade
webserver (45). (A, B) Scatter plot of the AbNatiV VH humanness score as a function of the VHH-
nativeness score for all characterised variants (legend, the WT is the blue circle). (C, D) BLI binding
traces (associations and dissociations phases) obtained with SA sensors loaded with biotinylated [3,-
microglobulin (C) or biotinylated SARS-CoV-2 RBD (D). (C) Association was monitored in wells
containing 25, 50, 100, 200, and 400 nM of Nb24 nanobody variants (see legend). Data were fitted
globally with a 1:1 partial dissociation binding model (solid lines) using Rmax, on rate, and off rate as
global parameters and Yi-inr as local parameter. (D) Association was monitored in wells containing
3.7, 11.1, 33.3, 100, and 300 nM of the WT and the Enhanced sampling variants (see legend), 4,
12.2, 36.4, 109.3, and 328 nM of the Enhanced sampling (+buried) variant (orange), and 6.2, 18.5,
55.6, 166.7, and 500 nM of all other mNb6 variants (legend). Data were fitted globally with a 1:1
binding model (solid lines) using Rmax, on rate, and off rate as global parameters. Two additional
independent BLI experiments per antigen, carried out with different concentrations and times, are
presented in Fig. S24. (E, F) Bar plot of the fitted Kp values from the three experiments. (H, G) Bar
plot of the apparent melting temperatures. (I, J) Bar plot of the temperatures of unfolding onset (see
Methods). Error bars are standard deviations.
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1430 14 Extended Data

1431
Classification (PR-AUC) Reconstruction
accuracy
Vi Rhesus vs Mouse vs PSSM- Human H}lman
generated vs Diverse
Test >2 50,
T D T D T D (T) (D)
AbNatiV 0.809  0.769 | 0.998 0.997 ] 0.992 0.988 | 0.982 0.979
ASi
OASs 0.734  0.744 | 0993 0993 0959 0961 | NnNA  N/A
(relaxed)
Sapiens 0.848 | 0.860 | 0.993 0.993] 0.989 0.989 | 0.935 0.939
1432

1433  Extended Data Table 1. Evaluation of the PR classification and reconstruction tasks for human
1434  Vx light-chain sequences. The assessment is carried out for AbNatiV trained on human Vk
1435  sequences (first row) and other computational approaches that can assess humanness (other rows).
1436  The first six columns report the PR-AUC (curves shown in Extended Data Fig. 1B-C and
1437  Supplementary Fig. 9A-D), assessing the ability of the models to separate sequences in the Human
1438  Test (T) or the Human Diverse >2.5% (D) sets from those from mouse, rhesus, and PSSM-generated
1439  (see column headers). The last two columns quantify the ability of each model to reconstruct human
1440  sequences in each dataset (column header). The OASis method does not carry out reconstruction.
1441 Many sequences of the D datasets belong to the Sapiens training set. See ROC results in
1442 Supplementary Table 2.
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Classification (PR-AUC) cconstruction
accuracy
PSSM- H
VA Rhesus vs Mouse vs Human Human
generated vs Diverse
Test  >2.5
T D T D T D (T) (D)

AbNatiV 0.861 0.805 | 1.000 1.000 | 0.990 0.980 | 0.983 0.978

OASis

0.818 0.822 | 1.000  0.999 | 0.958 0955 | N/A N/A
(relaxed)

Sapiens 0.876 0.877 | 0.999 0.999 | 0.978 0.967 | 0930 @ 0.932

Extended Data Table 2. Evaluation of the PR classification and reconstruction tasks for human
VA light-chain sequences. The assessment is carried out for AbNatiV trained on human VA
sequences (first row) and other computational approaches that can assess humanness (other rows).
The first six columns report the PR-AUC (curves shown in Extended Data Fig. 1D-E and
Supplementary Fig. 9E-H), assessing the ability of the models to separate sequences in the Human
Test (T) or the Human Diverse >2.5% (D) sets from those from mouse, rhesus, and PSSM-generated
(see column headers). The last two columns quantify the ability of each model to reconstruct human
sequences in each dataset (column header). The OASis method does not carry out reconstruction.
Many sequences of the D datasets belong to the Sapiens training set. See ROC results in
Supplementary Table 3.
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Theoretical | Observed
Nanobody Sequence MW MW
QVQLQESGGGSVQAGGSLRLSCAASGYTDSRYCMAWFRQAPG
KEREWVARINSGRDITYYADSVKGRFTFSQDNAKNTVYLQMD
Nb24WT ] EPEDTATYYCATDIPLRCRDIVAKGGDGFRYWGQGTQVTYVS | 1221367 | 15209
SLEHHHHHH*
EVQLLESGGGLVQPGGSLRLSCAASGYTDSRYCMAWFRQAPG
Nb24 Enhanced |KEREWVARINSGRDITYYADSVKGRFTFSRDNSKNTVYLQMDS | o200 00 | 15317
sampling  |[LRPEDTAVYYCATDIPLRCRDIVAKGGDGFRYWGQGTQVTVSS '
LEHHHHHH*
Nb24 Enhanced |EVQLLESGGGLVQPGGSLRLSCAASGYTDSRYCMAWFRQAPG
sampling | KEREWVARINSGRDITYYADSVKGRFTVSRDNSKNTVYLQMDS | | 5,7 50 | 15564
(tburied)  |-RPEDTAVYYCATDIPLRCRDIVAKGGDGFRYWGQGTQVTVSS '
LEHHHHHH*
EVQLVESGGGLVQPGGSLRLSCAASGYTDSRYCMAWFRQAPG
Nb24 Exhaustive |KGLEWVARINSGRDITYYADSVKGRFTFSRDNAKNTVYLQMD | (o005 | 15172
sampling  [SLRPEDTAVYYCATDIPLRCRDIVAKGGDGFRYWGQGTQVTVS '
SLEHHHHHH*
Nb24 Exhaustive |EYQLYESGGGLVQPGGSLRLSCAASGYTDSRYCMAWFRQAPG
sompling | KOLEWVARINSGRDITYYADSVKGRFTISRDNAKNTVYLQMDS | 00 05 | 15005
(tburied)  |FKPEDTAVYYCATDIPLRCRDIVAKGGDGFRYWGQGTLVTVSS '
LEHHHHHH*
QVQLVESGGGLVQPGGSLRLSCAASGYTDSRYCMAWFRQAPG
Nb24 Frequency |KGLEWVARINSGRDITYYADSVKGRFTISRDNAKNTLYLQMNS | o1 202 | 15164
& structure-based |[LRAEDTAVYYCARDIPLRCRDIVAKGGDGFRYWGQGTLVTVSS '
LEHHHHHH*
MEVQLVESGGGLVQAGGSLRLSCAASGYIFGRNAMGWYRQAP
mNb6 WT GKERELVAGITRRGSITYYADSVKGRFTISRDNAKNTVYLOMN | 13755.25 13752
SLKPEDTAVYYCAADPASPAYGDYWGQGTQVTVSSHHHHHH*
EVQLVESGGGLVQPGGSLRLSCAASGYIFGRNAMGWYRQAPG
mNb6 Enhanced |KERELVAGITRRGSITY YADSVKGRFTISRDNAKNTVFLQMNSL | 13662.10 | 13660
sampling  |RPEDTAVYYCAADPASPAYGDYWGQGTQVTVSSHHHHHH*
mNb6 Enhanced |EVQLVESGGGLVQPGGSLRLSCAASGYIFGRNAMGWVRQAPG
Sampling  |KGREWVSGITRRGSITYYADSVKGRFTISRDNAKNTVYLQMNS | 13641 06 | 13628
(tburied)  |LRPEDTAVYYCAADPASPAYGDYWGQGTQVTVSSHHHHHH*
EVQLVESGGGLVQPGGSLRLSCAASGYIFGRAMGWYRQAPGK
mNb6 Exhaustive | GLEWVAGITRRGSITY YADSVKGRFTISRDNAKNTVFLQMDSL | 13606.07 | 5.0,
sampling  |RPEDTAVYYCAADPASPAYGDYWGQGTLVTVSSHHHHHH*
mNb6 Exhaustive [EVQLVESGGGLVQPGGSLRLSCAASGYIFGRNAMGWVRQAPG
sampling  |KGLEWVAGITRRGSITYYADSVKGRFTISRDNAKNTVYLQMDS | 13558.03 | 345¢
(+buried) ~ |LRPEDTAVYYCAADPASPAYGDYWGQGTLVTVSSHHHHHH*
QVQLVESGGGLVQPGGSLRLSCAASGYIFGRNAMGWVRQAPG
mNDb6 Frequency \KGLEWVAGITRRGSITY YADSVKGRFTISRDNAKNTLYLQMNS | 1362916 | 13627
& structure-based |LRAEDTAVYYCARDPASPAYGDYWGQGTLVTVSSHHHHHH* '

Extended Data Table 3. Nanobody sequences experimentally tested. Sequences of the WT
nanobodies Nb24 and mNb6 and their humanised variants as used in the wet-lab experiments. A PelB
signal sequence was present at the N-terminus of all nanobodies, but this is cleaved upon secretion
and hence it is not part of the final protein. All humanised designs are done with AbNatiV except for
the Frequency & structure-based designs, which are done with the Llamanade software (45). The
theoretical MW is calculated from the amino acid sequence assuming reduced disulphide bonds,
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1464  observed MW is measured with LC-MS. Nb24 variants have two disulphide bonds and mNb6 have
1465  one. Therefore, a difference of -4 Da and -2 Da respectively for Nb24 and mNb6 variants is expected
1466  between theoretical and observed MWs.

1467
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Extended Data Fig. 1. Performance on Vk and VA sequence classification. (A, D) The AbNatiV
humanness score distributions of the Human Test (purple), Human Diverse >2.5% (red), Rhesus
(green), PSSM-generated (blue), and Mouse (orange) Vk (A) and VA (D) antibody datasets. The
PSSM-generated database is made of artificial sequences randomly generated using residue
positional frequencies from the PSSM of the Human Test dataset. The Human Diverse >2.5% dataset
is made of sequences from the Test and BioPhi datasets with a sequence identity difference of 2.5%
from their respective closest sequence of the corresponding Training set (see Methods). Each dataset
contains 10,000 sequences except Human Diverse >2.5% which contains 10,490 sequences for Vi,
and 10,459 for VA. (B, C) Plots of the PR curves computed to represent the ability of AbNatiV to
distinguish the Vk Human Test set (B) or Human Diverse >2.5% (C) from the other datasets (see
legend, which also reports the area under the curve). (E, F) Same PR plots but for the VA model. The
corresponding ROC curves are given in Supplementary Fig. 6C-F. The baseline (dashed line)
corresponds to the performance that a random classifier would have with the Mouse dataset.
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Extended Data Fig. 2. Combining AbNatiV humanness and VHH-nativeness. Plot of the
AbNatiV humanness and VHH-nativeness scores of 300 sequences from the VH Human Test (in
red), and VHH Camelid Test (in blue) datasets, along with the 3 nanobody therapeutics Envafolimab,
Caplacizumab, and Rimteravimab (in pink), and 8 WT nanobodies (in purple) with their humanised
counterpart (in orange) (45). An arrow is directed from the WT sequence to the humanised one. Two
dashed lines at 0.8 represent the threshold that best separates native from non-native sequences as
defined in Methods. Only sequences with a score in [0.5,1] are represented to improve readability. To
provide a reference background distribution, 300 randomly selected human VH sequences and 300
camelid VHH sequences are also plotted. The cluster of human sequences that score relatively well in
VHH-nativeness derive from the IGHV-3 germline gene (Supplementary Fig. 23), consistent with
the genetic origin of natural camelid nanobodies (48).
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