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The supplementary information includes the following subsections:

1 Supplementary Figures

e Supplementary Figure 1: Comparison between Deepdirect- and randomly-generated mutations on Novavax-
ACE2 complex.

e Supplementary Figure 2: SARS-CoV-2 omicron virus evolution analysis.

2 Supplementary Notes

e Supplementary Note 1: Deepdirect potential application scenario.

e Supplementary Note 2: Review of machine learning methods for sequence-to-affinity /sequence-to-structure /function-
to-sequence predictions.

e Supplementary Note 3: An order of magnitude more DDG change by DeepDirect.

e Supplementary Note 4: Further discussion on Deepdirect.
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Supplementary Figure 1: Comparison between Deepdirect- and randomly-generated mutations on
Novavax-ACE2 complex. (a): boxplot plot of binding free energy change of Novavax-ACE2 after randomly-
generated mutations with different ratio on Novavax-ACE2 complex. n=500 independent samples for each condition.
The box plots show median, first and third quartiles, minimum and maximum. Outliers are classified as being 1.5
times outside the interquartile range. (b): boxplot plot of binding free energy change of Novavax-ACE2 complex
after randomly-generated mutations with different ratio on Novavax three chains together. n=>500 independent
samples for each condition. The box plots show median, first and third quartiles, minimum and maximum. Outliers
are classified as being 1.5 times outside the interquartile range. Caption continues on the next page.



Continued caption of Supplementary Figure 1 from the previous page:

(c): boxplot plot of binding free energy change of Novavax-ACE2 after randomly-generated mutations with 20%
mutation ratio on Novavax-ACE2 complex subset by chain. n=500 independent samples for each condition.The
box plots show median, first and third quartiles, minimum and maximum. Outliers are classified as being 1.5
times outside the interquartile range. (d): scatter plot of binding free energy change of Novavax-ACE2 after
randomly-generated mutations with 20% mutation ratio on Novavax-ACE2 complex subset by chain. (e): boxplot
plot of binding free energy change of Novavax-ACE2 after randomly-generated mutations with 10% mutation ratio
on Novavax-ACE2 complex subset by chain. n=500 independent samples for each condition. The box plots show
median, first and third quartiles, minimum and maximum. Outliers are classified as being 1.5 times outside the
interquartile range. (f): scatter plot of binding free energy change of Novavax-ACE2 after randomly-generated
mutations with 10% mutation ratio on Novavax-ACE2 complex subset by chain. (g): boxplot plot of binding free
energy change of Novavax-ACE2 after randomly-generated mutations with 5% mutation ratio on Novavax-ACE2
complex subset by chain. n=500 independent samples for each condition. The box plots show median, first and third
quartiles, minimum and maximum. Outliers are classified as being 1.5 times outside the interquartile range. (h):
scatter plot of binding free energy change of Novavax-ACE2 after randomly-generated mutations with 5% mutation
ratio on Novavax-ACE2 complex subset by chain. (i): boxplot plot of binding free energy change of Novavax-ACE2
after deepdirect modelge.-generated mutations on Novavax-ACE2 complex subset by chain. n=500 independent
samples for each condition. The box plots show median, first and third quartiles, minimum and maximum. Outliers
are classified as being 1.5 times outside the interquartile range. (j): scatter plot of binding free energy change of
Novavax-ACE2 after deepdirect model j..-generated mutations on Novavax-ACE2 complex subset by chain.
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Supplementary Figure 2: SARS-CoV-2 omicron virus evolution analysis. (a): KNN distance (b-d):
Deepdirect-generated binding affinity-guided SARS-CoV-2 omicron virus spike protein mutation path compare to
a batch of 500 randomly generated mutations under mutation ratio of 5%, 10% and 20%.



Supplementary Note 1: Deepdirect potential application scenario

DeepDirect will be useful to optimise various fluorescent antibody structures, which could increase fluorescence
detection sensitivity especially in the detection of low-expressed proteins. Similar strategy could be also applied to
other conjugated antibodies such as ELISA antibodies, Western-blotting antibodies and so on. Besides, research-
used recombinant ligands or signalling molecules could be engineered and optimised by DeepDirect for achieving
better research outcomes such as interferons (IFNs), tumor necrosis factors (TNFs), transforming growth factors
(TGFs), etc. More importantly, medically used recombinant proteins-based therapies can also be benefited from
the optimisation of protein structures by DeepDirect, which is feasible for both public medication and personalised
medicine, such as optimising Programmed death-ligand 1 (PDL1) in PDL1 immunotherapy, optimising Chimeric
antigen receptor (CAR) in CAR-T cell therapy or optimising IFN in interferon therapy.

Supplementary Note 2: Review of machine learning methods for sequence-
to-affinity /sequence-to-structure/function-to-sequence predictions

There are tailored machine learning methods for the prediction of binding affinities between a fixed pair of proteins
(i.e., the mutation-to-affinity prediction) for example through regression method PPApred [18] or ISLAND [1]. Other
methods DeepDTA [7], Pafnucy [11] and MdeePred [9] have also been developed for the prediction of protein binding
affinities but through convolutional neural network architectures together with sequence features and auxiliary
information of the chain index. However, these methods are unable to answer our questions: which putative sequence
will have a guaranteed binding affinity increase or what mutated sequence will reach a maximum binding affinity with

the receptor. Other seminal deep learning algorithms [4, 12, 8, 16, 14, 2, 13] have just aimed to make accurate protein
sequence-to-structure predictions or protein function-to-sequence predictions. In particular, the breakthrough neural
network method AlphaFold [10] and its successor Alphafold2 [1] have demonstrated unprecedent accurate prediction

capability in the 13th and 14th Critical Assessment of Techniques for Protein Structure Prediction (CASP13 and
CASP14). Algorithm ProteinMPNN [3] implements an encoder-decoder architecture to extract protein conformation
information and makes the structure-to-sequence prediction. More recently, deep learning frameworks have also
been developed for generating non-existing symmetric protein homo-oligomers [15], luciferases [17] and for peptide-
binding specificity prediction [6] and protein side-chain packing tasks [5].

Supplementary Note 3: An order of magnitude more DDG change by
DeepDirect

We grouped those randomly mutated sequences that have a negative DDG (i.e., binding affinity increased upon
the mutation) and those that have a positive DDG (i.e., binding affinity decreased upon mutation). We denote
them as Dpnine and Drngee. Then Dgpninco.os (mutation ratio at 5%), Drninco.1 (mutation ratio at 10%) and
DRNinco.2 (mutation ratio at 20%) have an average DDG —0.12, —0.16 and —0.21 with a median —0.09, —0.12 and
—0.16 respectively; while Drndec0.05, DRNdeco.1, and Dgrngeco.2 have an average DDG 0.34, 0.36 and 0.326 with
a median 0.24, 0.21 and 0.187. These comparative results demonstrate that DeepDirect’s mutation mechanism is
very effective to generate a new sequence that has an order of magnitude more binding affinity increase or decrease
than the random mutants’ affinity change.

Due to the limitation of sample size in the training datasets AB-bind and Skempi2, we were unable to train
DeepDirect using mutation data specified by any independent chain. We instead used the data that contains
integrated information of the chain mutations to investigate DeepDirect’s capability to generate affinity-guided
mutations at a specified chain of the protein complex. Therefore, we subset the above generated mutations on each
chain of the Novavax-ACE2 complex respectively while keeping the other chains from any mutation to evaluate
their mutation effect.

We found that for mutations in ACE2, or in chain A, B or C in Novavax construct, the changes of binding free
energy compared to the original complex in all the 500 mutations have a mean —1.996, —3.563, —2.668 or —2.711
with a median —2.038, —3.493, —2.719 or —2.739 respectively (by model;,.), and a DDG 4.760, 4.996, 4.255 or 4.267
with a median 4.761, 4.721, 4.242 or 4.263 (by modelg..) respectively (see Fig 4(b) and Supplementary Fig 1(i,j)).
In comparison, the changes of binding free energy by randomly generated mutations in ACE2, or in chain A, B or
C in the Novavax construct have a mean 0.25, 0.21, 0.17 or 0.00 with a median 0.25, 0.20, 0.15 or —0.02 (under the
5% mutation rate); 0.17, 0.20, 0.17 or 0.00 with a median 0.15, 0.18, 0.13 or —0.03 (under the 10% mutation rate),
and 0.102, 0.200, 0.187 or 0.030 with a median 0.070, 0.160, 0.111 or —0.034 (under the 20% mutation rate). These



results suggest that DeepDirect’s mutations at each independent chain also follows the specified DDG-changing
direction, and the DDG change is again an order of magnitude more significant than the random mutations.

Supplementary Note 4: Further discussion on Deepdirect

DeepDirect predicts the binding affinity change DDG values instead of actual binding affinity of the complex as
DeepDirect’s main goal is to find a path where the protein mutants undergo incremental changes of binding affinity
at a specified direction. In fact, binding affinity changes represent the alteration in the protein’s functionality after
mutation which is of biological significance.

As we noted in Fig 6(a,b) in the manuscript, DeepDirect converged after four iterations of mutations, reaching a
maximum binding affinity for the complex. That is, the binding affinity change will be little or become an opposite
direction in the further rounds of mutations. However, the iteration rounds for DeepDirect to monotonically reach
the point of maximum binding affinity may differ from one protein complex to another, heavily depending on the
sequence properties of the initial proteins as input. It is theoretically difficult to prove exactly at which iteration
DeepDirect converges for a protein complex. In algorithm, DeepDirect will always converge within a limited number
of iterations for any protein sequences as input. The reason is that we have set a threshold of mutation ratio which
prevents an excessive number of base substitutions for the protein.
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