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Figure 4: Locally trained Composite Residues model can generalize to non-local parts of the landscape. (a)
Normalized brightness (log-scale) vs number of mutations for experimentally generated random mutants (black),
non-trivial mutants designed by CR-sigmoid (orange), and unrestricted mutants (green). Green circles indicate
parents of initial 96 Designed Neighborhoods. Green squares correspond to unrestricted mutants designed using
the Composite Residues model starting from the bright 96 Designed Neighborhoods parents. (b) Inner-barrel
facing mutations are enriched in functional non-trivial mutants relative unrestricted mutants. Gray dashed line
shows the expected number of inner-barrel mutations assuming random mutagenesis. (c) Atomic space-filled
structure of GFP with core exposed and amino acids colored according to positional entropy ratios. Right plot
shows the distribution of positional entropy ratios (functional-to-nonfunctional) for all amino acids (grey line),
inner-barrel facing (orange), and outer barrel facing (green). Red vertical line depicts a hard threshold for
defining non-triviality.

we defined a measure of how non-trivial each amino acid is to mutate based on local mutagenesis data.
Specifically, we calculated the Shannon entropy at each sequence position of all bright sequences and
divided it point-wise by the Shannon entropy at each position of all dark sequences. This entropy
ratio should be closer to zero for immutable amino acids, and closer to one for permissible amino
acids. Indeed, inner-barrel amino acids tended to have lower entropy ratios than outer-barrel ones
(Figure 4c).

We used these non-triviality scores to bias simulated annealing sampling of the CR model and
proposed 76 new GFP sequences enriched for non-trivial mutations (Supp. Info. Section 5, Figure
4b). Wet lab validation confirmed these model-designed non-trivial mutants maintained function
better than random mutagenesis (Figure 4a).

4.3 Non-trivial generalization may be critical for protein design

We next investigated how the above lessons and ways of thinking about generalization might impact
protein design. In parallel to evaluating designed sequences, we performed two rounds of (wet lab)
directed evolution, selecting for brighter sequences in each round (Supp. Info. Section 8). Directed
evolution produced a number of gain-of-function (GoF; brighter than sfGFP) mutants. Several
ML-proposed designs were of comparable brightness, but were not statistically brighter (Supp. Figure
5).

We examined the mutational composition of these GoF sequences. With a few exceptions, both
designed and evolved sequences tended to have more trivial than non-trivial mutations. Using the
CR model, we computed the predicted background-averaged impact on brightness for each mutation
within a sequence (Figure 5a, Supp. Info. Section 10). We observed that trivial mutations tended to
have small effect sizes hovering around neutral. Suprisingly, however, we noticed that even though
non-triviality was defined on a loss-of-function basis (i.e. mutations at a non-trivial position tended
to break protein function on average), a significant minority of non-trivial mutations were predicted
to have a strongly positive impact on brightness (Figure 5a).

One GoF mutant had only two non-trivial mutations, one with positive background-averaged impact
(sequence position 141) and the other with negative background-averaged impact (position 169). We
examined the predicted effect of each mutation whether it occurs alone or in the context of the other
mutation (Figure 5b, left). This revealed a predicted non-linearity in which the individual impact of
the mutation at 169 was negative without the mutation at 141, but was neutral or positive when 141
was in the background. Similarly, in the context of the 169 mutation, the predicted impact of the



bioRxiv preprint doi: https://doi.org/10.1101/337154; this version posted June 2, 2018. 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-NC-ND 4.0 International license.

02 I b Lan -
020 PN
R
010 S L3
0.0 ), v
&5
HeoL y $
-0.2 I

000 '
Trivial mutations
Non-trivial mutations ‘ -0.10

T

Predicted background-
averaged impact on brightness
Predicted impact on brightness
Ty

4"

o 1 3
GoF mutant Position in mutation order

Figure 5: Non-trivial mutations exhibit higher variance effect on function. (a) Predicted background-averaged
impact on brightness for all mutations in all brighter-than-sfGFP mutants. (b) Example of non-additive effect of
two mutations learned by the model and visualized on GFP structure.

mutation at 141 was significantly enhanced (i.e. positive epistasis). Further, we found that amino
acids 141 and 169 are in close physical proximity (Figure[5b, right). Moreover, they co-localize at
the lid of the GFP barrel, which is a likely folding nucleus important for proper GFP maturation [19].

We conclude that though non-trivial mutations tend to have a negative phenotypic impact, they induce
greater phenotypic variance and thus offer opportunity for making relatively large improvements in
function with only a few mutations. This suggests pursuing non-trivial mutations aggressively in
terms of training dataset design, modeling effort, and sequence proposal may be valuable for protein
design.

5 Discussion

Our study has practical implications for how to effectively combine high-throughput molecular
biology and machine-learning for protein engineering. At first glance, directed evolution appears
to be a wet lab baseline to challenge with a machine-guided approach. While directed evolution
only performs local optimization of the fitness landscape, it achieves unparalleled scale and performs
local exploitation well because it can screen millions of mutants per evolution cycle. Nevertheless,
we observed that an appropriately selected model can perform exploration by making non-trivial
leaps into the fitness landscape that directed evolution alone cannot do. Taken together, this suggests
a hybrid optimization strategy in which, per design cycle, a model is used to non-locally explore
promising regions of the fitness landscape that directed evolution can then optimize and exploit.

Given model-guided exploration of the fitness landscape may be a valuable goal, we showed several
ways in which we could think about the generalization of our models. The simplest demonstration of
generalization is to show that a model can effectively propose functional protein sequences that are
many mutations away from a reference point and locally associated training data. A more difficult
demonstration is to show the same model can effectively propose functional protein sequences that
contain many non-trivial mutations. We observed that, perhaps due to their extensive structural
involvement, non-trivial amino acids may be points of high leverage with respect to function opti-
mization. We speculate that this may be because such mutations fundamentally change or reconfigure
the protein, thereby enabling access to different and possibly higher functional optima.

Of course, the discussion so far assumes there is a model in hand with which to assess generalization.
A key contribution of this work is to highlight the difficulty of selecting a strongly generalizing model
in the protein engineering domain. We found that model selection depended heavily on train-dev-test
split design. Interestingly, the model with the fewest number of parameters, Composite Residues, was
the one that generalized the best in our evaluations. This, in part, is a consequence of the relatively
simple out-of-sample hypotheses the model can make. However, we also argue that the superior
performance of Composite Residues is attributable to its architecture, which succinctly captured
realistic modularity in how groups of amino acids might biophysically cooperate to impact protein
function.

While we have developed our proof-of-concept using GFP, we expect that the methods, design
principles, and lessons learned extend broadly to other proteins. All proteins fold according to the
same thermodynamic laws, and have variably mutable amino acids that offer differing amounts of
leverage over the protein. From a machine learning perspective, this makes protein engineering an
exciting domain for developing new methods as the effect of mutational combinations range from
purely additive to highly non-linear. Importantly, unlike many other design domains (e.g., chemical
design [20]), synthesizing protein designs is largely a digital exercise (i.e. ordering sequences of
DNA), and testing them experimentally can often be done massively in parallel.
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