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Supplementary Figure 1: The average performance of various embeddings for datasets categorized
by their taxonomy. All 34 datasets are categorized by their taxonomy with 11 Eukaryote, 12 Prokaryote, and
11 Human datasets. The average Spearman correlations are shown for (a). Eukaryote, (b). Prokaryote, and (c).
Human datasets. The average NDCGs are shown for (d). Eukaryote, (e). Prokaryote, and (f). Human datasets.
The ridge regression is used for Georgiev and one-hot embedding. Otherwise, ensemble regression is used. The width
of shade shows 95% confidence interval from n = 20 independent repeats. We showed and used absolute values of

Spearman correlation and NDCG for evolutionary scores.
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Supplementary Figure 2: The average performance of various embeddings for datasets categorized by
the fitness types. All 34 datasets are categorized to three types by their types of fitness: 9 datasets for binding, 12
datasets for enzyme activity, and 13 datasets for other fitness. Others include various types of fitness such as protein
stability, growth experiments, fluorescence, and drug and antibiotic resistance. The average Spearman correlations
are shown for (a). binding, (b). enzyme activity, and (c). others. The average NDCGs are shown for (d). binding,
(e). enzyme activity, and (f). other. The ridge regression is used for Georgiev and one-hot embedding. Otherwise,
ensemble regression is used. The width of shade shows 95% confidence interval from n = 20 independent repeats.

We showed and used absolute values of Spearman correlation and NDCG for evolutionary scores.
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Supplementary Figure 3: The average performance of various embeddings using ensemble models
Different embeddings are tested on three categories of ensemble regression.
ensembles for kernel, tree, and ANN models contain 10, 5, and 3 regressors, respectively. The average performance
over 34 datasets is shown. The average Spearman correlations are shown for ensemble of (a). kernel, (b). tree, and
(c). ANN models. The average NDCGs are shown for (d). kernel, (e). tree, and (f). ANN models. The ridge
regression is used for Georgiev and one-hot embedding for baseline comparisons. The width of shade shows 95%
confidence interval from n = 20 independent repeats. We showed and used absolute values of Spearman correlation

and NDCG for evolutionary scores.

from different categories.
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Supplementary Figure 4: Comparisons of regressors using Spearman correlation. This is a supplement
for Figure 3d to show performance on individual dataset. The ensemble model for all regressors is compared with
ensemble models for single type of regressors in kernels, trees, and ANNs. The ridge regression is also compared.
The model uses the PST embedding as features. Error bars show 95% confidence interval from n = 20 independent

repeats.
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Supplementary Figure 5: Comparisons for performance utilizing different types of structure modality
Nuclear magnetic resonance (NMR) and AlphaFold (AF) are used for
comparisons. Since one NMR data contains multiple structure models in one experiment, “Ensemble NMR” indicates
average predictions from all NMR models. “Single NMR” indicates predictions from the first NMR model. The PST

evaluated by Spearman correlation.
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Supplementary Figure 6: The average performance of embeddings augmented with different evolu-
tionary scores. Embeddings are augmented single score: (a). no evolutionary score; (b). DeepSequence VAE score;
(¢). EVE score; (d). Tranception score; (e). ESM score; (f). eUniRep score, and combinations of two scores: (g).
DeepSequence VAE and Tranception scores; (h). EVE and Tranception scores and combinations of three scores; and
(i). DeepSequence VAE, EVE and Tranception scores. Spearman correlation is used, and the results show average
performance across 34 datasets. Ridge regression is used. The width of shade shows 95% confidence interval from
n = 20 independent repeats.
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Supplementary Figure 7: The average performance of TopFit augmented with single or multiple
evolutionary scores. The embeddings for (a). ESM+PST and (b). eUniRep+PST are augmented with various
evolutionary scores. The augmentations are done with five single evolutionary scores: VAE, EVE, Tranception, ESM,
and eUniRep. Additional augmentations are carried out with three combinations of two or three scores, namely,
Tranception+EVE, VAE+Tranception, and VAE+Tranception+EVE. Spearman correlation is used, and the results
show average performance across 34 datasets. Ridge regression is used. The width of shade shows 95% confidence
interval from n = 20 independent repeats.
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Supplementary Figure 8: Extrapolation task predicting multiple-mutation datasets from single-
mutation data. (a) Comparisons between ridge regression and ensemble regression for extrapolation task. The
performance of PST embedding using ridge regression for various sizes of training data for (b). GBI dataset and
(c). avGFP dataset. In (a)-(c), Spearman correlation is used as the evaluation metric. The width of shade or error
bars show 95% confidence interval from n = 20 independent repeats.
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Supplementary Figure 9: The average performance of various models over 27 single-mutation datasets
for predicting unseen mutational sites in training sets. Results are evaluated by (a). Spearman correlation
and (b). NDCG. Ensemble regression for 18 regressors is used. The width of shade shows 95% confidence interval
from n = 20 independent repeats. We showed and used absolute values of (a). Spearman correlation or (b). NDCG

for evolutionary scores.
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Supplementary Figure 10: Spearman correlation for various models on individual datasets for pre-
dicting unseen mutational sites in training sets. The ensemble regression is used. The results were shown
for training data sizes 24, 96, 168, and 240 from n = 20 independent repeats. The width of the shade shows 95%
confidence interval. We showed and used absolute values of Spearman correlations for evolutionary scores.
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Supplementary Figure 11: The frequency that an embedding is ranked as the best across 27 single-
mutation datasets for predicting unseen mutational sites in training sets, where performance is eval-
uated by Spearman correlation. For each dataset, the embedding with the highest average p is identified as
the top embedding. The best embedding includes the top embedding and others within the 95% confidence in-
terval of the top embedding. Comparisons for (a). structure-based embeddings, sequence-based embeddings, and
two sets of TopFit (VAE4+PST+ESM and VAE+PST+eUniRep) (b). TopFit, structure-based and sequence-based
embeddings; (c). structure-based embeddings, sequence-based embeddings, and evolutionary scores; (d). structure-
based embeddings, sequence-based embeddings, evolutionary scores, and two sets of TopFit (VAE4+PST+ESM and
VAE+PST+eUniRep). We showed and used absolute values Spearman correlation for evolutionary scores. Each
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Supplementary Figure 12: NDCG for various models on individual datasets for predicting unseen
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Supplementary Figure 13: The frequency that an embedding is ranked as the best across 27 single-
mutation datasets for predicting unseen mutational sites in training sets, where performance is
evaluated by NDCG. For each dataset, the embedding with the highest average NDCG is identified as the
top embedding. The best embedding includes the top embedding and others within the 95% confidence interval
of the top embedding. Comparisons for (a). structure-based embeddings, sequence-based embeddings, and two
sets of TopFit (VAE4+PST+ESM and VAE+PST+eUniRep) (b). TopFit, structure-based and sequence-based em-
beddings; (c). structure-based embeddings, sequence-based embeddings, and evolutionary scores; (d). structure-
based embeddings, sequence-based embeddings, evolutionary scores, and two sets of TopFit (VAE4+PST+ESM and
VAE+PST+eUniRep). We showed and used absolute values NDCG for evolutionary scores. Each embedding has 20
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Supplementary Figure 14: Structure-based embeddings using persistent landscape representations.
PH is persistent homology. PH (landscape) is the persistent homology feature where the vectorization for dimensions
1 and 2 uses the persistent landscape. PST is the persistent spectral theory feature used in the main text. PST
(landscape) is the persistent spectral theory feature where the vectorization for dimensions 1 and 2 uses the persistent
landscape. TopFit is the feature combining VAE score, PST embedding, and ESM embedding. TopFit (landscape)
is the variant of TopFit feature that replaces PST by PST (landscape) feature. The results are calculated on YAP1
(WW domain 1) dataset [1]. The results were shown for training data sizes 24, 96, 168, and 240 from n = 20
independent repeats. Bars show average values. Error bars show 95% confidence interval. The ensemble regression
is used. (a). Spearman correlation and (b). NDCG are reported.
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Supplementary Figure 15: PST embedding with additional non-harmonic persistent spectral features
from L; and Ls. PST is the persistent spectral theory feature used in the main text. PST with p values is the
feature with additional non-harmonic persistent spectral features. Here, p is the value of persistence. Specifically,
p = 0 means no persistence is considered. The results are calculated on YAP1 (WW domain 1) dataset [1]. TThe
results were shown for training data sizes 24, 96, 168, and 240 from n = 20 independent repeats. Bars show average
values. Error bars show 95% confidence interval. The ensemble regression is used. (a). Spearman correlation and
(b). NDCG are reported.
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Supplementary Figure 16: TopFit embedding with additional non-harmonic persistent spectral fea-
tures from L; and L. TopFit is the feature combining VAE score, PST embedding and ESM embedding used in
the main text. TopFit with p values is the feature with additional non-harmonic persistent spectral features. Here,
p is the value of persistence. Specifically,, p = 0 means no persistence is considered. The results are calculated on
YAP1 (WW domain 1) dataset [1]. The results were shown for training data sizes 24, 96, 168, and 240 from n = 20
independent repeats. Bars show average values. Error bars show 95% confidence interval. The ensemble regression
is used. (a). Spearman correlation and (b). NDCGs are reported.
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Model Packages Model Name Rounds Small Large
type of hyper- | training training
opt data? data?

Tree XGB Tree 40 Yes No
Kernel XGB Linear 40 Yes No
Tree sklearn-regressor GradientBoostingRegressor 0 Yes Yes
Tree sklearn-regressor RandomForestRegressor 0 Yes Yes
Kernel sklearn-regressor BayesianRidge 40 Yes No
Kernel sklearn-regressor LinearSVR 40 Yes No
Kernel sklearn-regressor ARDRegression 0 Yes No
Kernel sklearn-regressor KernelRidge 40 Yes No
Tree sklearn-regressor BaggingRegressor 0 Yes Yes
Kernel sklearn-regressor LassoLarsCV 40 Yes No
Tree sklearn-regressor DecisionTreeRegressor 0 Yes No
Kernel sklearn-regressor SGDRegressor 40 Yes No
Kernel sklearn-regressor KNeighborsRegressor 0 Yes No
Kernel sklearn-regressor ElasticNet 40 Yes No
Kernel sklearn-regressor Ridge 40 Yes No
ANN pytorch OneHidden 10 Yes No
ANN pytorch TwoHidden 10 Yes No
ANN pytorch ThreeHidden 10 Yes No
ANN pytorch OneHidden (wide) 10 No Yes
ANN pytorch FiveHidden (wide) 10 No Yes

Supplementary Table 1: List of regressors used in the ensemble regression.

Hyperparameter opti-

mization was performed on all models except the tree-based method implemented by sklearn-regressor. Numbers of

hyperperameters optimization rounds are given in column “Round of hyperopt”. Here,“Small training data?” indi-
cates whether the model is used for the fixed and small training data size with Ni;.,in = 24, 96, 168, and 240. Here,
“Large training data?” indicates whether the model is used for 80/20 train/test split or five-fold cross-validation.
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Model Parameter Default | Search range | Search method
GradientBoostingRegressor | n_estimators 500 - -
RandomForestRegressor n_estimators 500 - -
BaggingRegressor n_estimators 500 - -
DecisionTreeRegressor - - - -

eta 0.3 1072 ~1 loguniform

max_depth 6 3~8 quniform; q=1
Tree (XGB) lambda 1 1073 ~ 102 loguniform

alpha 0 1073 ~ 10° loguniform

num_boost_round | 500 100~2000 quniform; q=10

lambda 1 1073 ~ 102 loguniform
Linear (XGB) alpha 0 1073 ~ 102 loguniform

num_boost_round | 500 100~2000 quniform; q=10
Ridge alpha 1.0 1074 ~ 10° loguniform
KernelRidge alpha 1.0 1074 ~ 10*_’) loguniform

rbf; laplacian;
kernel rbf ploynomial; choice
chi2; sigmoid

tol 1073 107° ~ 1073 | loguniform

alpha_1 1076 1077~ 107° loguniform
BayesianRidge alpha_2 10~6 1077~ 107° loguniform

lambda_1 1076 1077~ 107° loguniform

lambda_2 10~ 1077 ~ 107 loguniform

tol 104 107° ~ 1073 | loguniform
LinearSVR C 1 0.1~10 uniform

dual True True; False choice

max_-iter 500 10~1000 quniform; q=1
LassoLarsCV cv 5 2~10 quniform; q=1

max_n_alphas 1000 10~2000 quniform; q=1

alpha 104 1073 ~ 102 loguniform
SGDRegressor 11 _ratio 0.15 0~1 uniform

tol 1073 107° ~ 10~3 | loguniform
ElasticNet 11_ratio 0.5 Ow_l3 i unifor'm

alpha 1 1072 ~ 10 loguniform

Supplementary Table 2: List of hyperparameters and their optimization ranges for kernel and tree
models. If parameters are not specified in “Default”, default parameters defined in the software are used. If search
range is not given, the default parameter will be used all the time in hyperopt. Search method indicates the sampling
method in the given search range. In a given range lower ~upper, “uniform” uniformly samples within the range, and
“loguniform” first maps the range to the log scale and uniformly samples within the mapped range. Here, “quiniform”
is a round-off the value from uniformly random sampling in the given range with parameter q: if the sampled value is
a, then the round-off value is round(a/q)*q. Here, “choice” returns one of the options in the list given in the search
range.
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Model Parameter Default | Search range | Search method
dropout 0.5 0.2~0.95 uniform
weight_decay 1072 1074~ 1 loguniform

OneHidden; patience 20 - -

TwoHidden; batch_size 16 - —

ThreeHidden tol 103 _ _
num_epochs 1000 - -

Ir 1073 - —

OneHidden sizel 0.1 - -

TwoHidden sizel 01 - -
size2 0.05 - -
sizel 0.1 - -

ThreeHidden size2 0.05 - -
size3 0.01 - -
dropout 0.5 0.2~0.8 uniform
weight_decay 104 1077~ 1 loguniform

OneHidden (wide); patlenc§ 20 _ _

FiveHidden (wide) | 22tch-size 64 - -
tol 1074 - -
num_epochs 2000 - -

Ir 1073 - -

OneHidden (wide) | sizel 1 — -

FiveHidden (wide) | sizel,size2,size3,sized,sizeb | 1 - -

Supplementary Table 3: List of hyperparameters and their optimization ranges for ANN models. If
parameters are not specified in “Default”, default parameters defined in the software are used. If the search range is
not given for the parameter, its default value is used all the time even if the hyperopt is used. The search method
indicates the sampling method in the given search range. In a given range lower~upper, “uniform” uniformly samples
within the range, and “loguniform” first maps the range to the log scale and uniformly samples within the mapped
range. Here, “quiniform” is a round-off value from uniformly random sampling in the given range with parameter
q: if the sampled value is a, then the round-off value is round(a/q)*q. Here, “choice” returns one of the options in
the list given in the search range. Here, “sizel”, “size2”, and “size3” are the relative sizes of the first, second, and
third layers, respectively. The round-off integer by multiplying the size parameter with the number of features is the
number of hidden units at the corresponding layer. If evolutionary scores are used in the features, the number of
neurons at the last hidden layer includes an additional hidden unit for the score. The training is stopped when either
the epochs reach “num_epochs”, or the training error reaches “tol” in patience consecutive epochs. Here, “Ir” is the
learning rate , and “weight_decay” is the weight decay coefficient used in the Adam optimizer.
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Dataset 24 96 168 240 80/20 5-fold
split (A

avGFP, Sarkisyan 2016 0.607 | 0.71 0.732 0.746 | — -
GB1, Olson 2014 0.478 0.682 0.756 0.809 | — -
Kanamycin kinase APH(3’)-II, Melnikov 2014 0.553 0.661 0.687 | 0.701 0.789 0.791
B-lactamase, Firnberg 2014 0.713 0.785 0.812 0.831 0.909 0.911
[-lactamase, Jacquier 2013 0.696 0.769 0.775 0.771 0.797 0.793
[B-lactamase, Deng 2012 0.506 0.565 0.579 0.615 0.823 0.818
B-lactamase, Stiffler 2015 0.771 0.812 0.834 0.844 0.908 0.909
PSD95 (PDZ domain), McLaughlin 2012 0.585 0.641 0.685 0.71 0.825 0.808
YAP1 (WW domain 1), Araya 2012 0.594 | 0.714 | 0.746 | 0.766 | 0.776 | 0.771
Ubiquitin, Roscoe 2013 0.443 0.654 0.73 0.762 0.839 0.848
Ubiquitin, Roscoe 2014 0.4 0.598 0.655 0.693 0.787 | 0.782
Ubiquitin, Mavor 2016 0.425 0.581 0.639 0.662 0.738 0.751
DNA methylase Haelll, Rockah-Shmuel 2015 0.663 0.709 0.721 0.726 0.753 0.768
Aliphatic amidase, Wrenbeck 2017 0.561 0.656 0.671 0.692 0.783 0.784
Calmodulin-1, Roth 2017 0.083 0.132 0.193 0.221 0.289 0.289
TIM Barrell (S. sol fataricus), Chan 2017 0.502 0.622 0.68 0.702 0.792 0.801
Thiamin pyrophosphokinase 1, Roth 2017 0.047 0.192 0.207 0.256 0.337 0.353
GTPase HRas, Matreyek 2017 0.41 0.58 0.642 0.686 0.844 0.845
Small ubiquitin-related modifier 1, Roth 2017 0.372 0.478 0.515 0.541 0.651 0.645
SUMO-conjugating enzyme UBC9, Roth 2017 0.369 0.553 0.585 0.62 0.759 0.753
Levoglucosan kinase, Klesmith 2016 0.166 0.231 0.247 0.258 0.431 0.429
Levoglucosan kinase (stabilized), Klesmith 2015 | 0.423 | 0.498 | 0.529 | 0.555 | 0.731 | 0.723
TIM Barrell (T. maritima), Chan 2017 0.409 | 0.47 0.559 | 0.637 | 0.783 | 0.789
Thiopurine S-methyltransferase, Matreyek 2019 | 0.447 0.574 0.604 0.614 0.686 0.673
TIM Barrell (T. thermophilus), Chan 2017 0.543 | 0.669 | 0.728 | 0.771 0.852 0.861
Mitogen-activated protein kinase 1, Brenan 2016 | 0.163 0.248 0.293 0.321 0.558 0.554
PTEN, Matreyek 2019 0.383 0.551 0.609 0.642 0.768 0.769
GAL4 (DNA-binding domain), Kitzman 2015 0.496 0.615 0.659 0.686 0.74 0.74
HSP90 (ATPase domain), Mishra 2016 0.446 0.543 0.586 0.611 0.754 0.751
Translation initiation factor IF-1, Kelsic 2016 0.449 0.59 0.665 0.708 - -
BRCA 1 (RING domain) (e3), Findlay 2018 0.402 0.519 0.553 0.58 - -
BRCA 1 (RING domain) (y2h), Findlay 2018 0.174 0.321 0.365 0.391 - -
UBE4B (U-box domain), Starita 2013 0.431 0.537 | 0.543 0.546 | — -
PABP (RRM domain), Melamed 2013 0.495 | 0.663 | 0.719 | 0.747 | - -

Supplementary Table 4: Spearman correlation obtained from TopFit by combining PST, ESM em-
bedding, and VAE score. The model was performed on six types for training data size. Four fixed numbers of
training are taken as 24, 96, 168, and 240, and the average Spearman correlation from 20 independent repeats was
shown. Either 80/20 train/test or five-fold cross-validation was performed and the average Spearman correlation

from 10 independent repeats was shown.
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Dataset Augmented VAE ECNet
24 96 168 240 80/20 | 5-fold
split (OAY
avGFP, Sarkisyan 2016 0.663 0.682 0.703 0.725 - -
GB1, Olson 2014 0.491 0.651 0.714 0.759 - -
Kanamycin kinase APH(3’)-II, Melnikov 2014 0.61 0.621 0.636 0.653 0.737 0.754
[B-lactamase, Firnberg 2014 0.778 0.787 0.792 0.802 0.853 0.868
[-lactamase, Jacquier 2013 0.757 0.759 0.761 0.761 0.77 0.658
B-lactamase, Deng 2012 0.573 0.612 0.641 0.667 0.827 0.816
[-lactamase, Stiffler 2015 0.783 0.793 0.802 0.814 0.875 0.868
PSD95 (PDZ domain), McLaughlin 2012 0.607 0.634 0.65 0.671 0.721 0.737
YAP1 (WW domain 1), Araya 2012 0.615 | 0.67 0.715 | 0.729 | 0.731 | 0.746
Ubiquitin, Roscoe 2013 0.492 0.653 0.69 0.714 0.771 0.834
Ubiquitin, Roscoe 2014 0.431 0.593 0.628 0.641 0.706 0.764
Ubiquitin, Mavor 2016 0.472 0.565 0.596 0.627 0.69 0.711
DNA methylase Haelll, Rockah-Shmuel 2015 0.72 0.722 0.721 0.728 0.749 0.654
Aliphatic amidase, Wrenbeck 2017 0.644 0.648 0.66 0.664 0.75 0.781
Calmodulin-1, Roth 2017 0.231 0.234 0.231 0.227 0.296 0.268
TIM Barrell (S. sol fataricus), Chan 2017 0.567 | 0.616 | 0.655 | 0.694 | 0.749 | 0.767
Thiamin pyrophosphokinase 1, Roth 2017 0.235 0.238 0.263 0.268 0.332 0.365
GTPase HRas, Matreyek 2017 0.488 0.554 0.598 0.64 0.781 0.828
Small ubiquitin-related modifier 1, Roth 2017 0.458 0.481 0.52 0.541 0.615 0.641
SUMO-conjugating enzyme UBC9, Roth 2017 0.503 0.577 0.622 0.65 0.737 0.724
Levoglucosan kinase, Klesmith 2016 0.202 0.229 0.254 0.254 0.406 0.477
Levoglucosan kinase (stabilized), Klesmith 2015 | 0.451 | 0.502 | 0.508 | 0.509 | 0.626 | 0.72
TIM Barrell (T. maritima), Chan 2017 0.466 0.551 0.632 0.663 0.742 0.759
Thiopurine S-methyltransferase, Matreyek 2019 0.573 0.573 0.576 0.586 0.63 0.562
TIM Barrell (T. thermophilus), Chan 2017 0.606 0.683 0.722 0.746 0.807 0.816
Mitogen-activated protein kinase 1, Brenan 2016 | 0.175 0.241 0.244 0.275 0.485 0.426
PTEN, Matreyek 2019 0.392 0.46 0.512 0.551 0.733 0.698
GAL4 (DNA-binding domain), Kitzman 2015 0.53 0.625 0.656 0.673 0.713 0.672
HSP90 (ATPase domain), Mishra 2016 0.538 0.553 0.573 0.586 0.702 0.689
Translation initiation factor IF-1, Kelsic 2016 0.514 0.548 0.578 0.602 - -
BRCA 1 (RING domain) (e3), Findlay 2018 0.497 0.533 0.556 0.572 - -
BRCA 1 (RING domain) (y2h), Findlay 2018 0.162 0.297 0.329 0.392 - -
UBE4B (U-box domain), Starita 2013 0.538 0.539 0.559 0.564 - -
PABP (RRM domain), Melamed 2013 0.719 | 0.745 | 0.774 | 0.79 - -

Supplementary Table 5: Spearman correlation from Augmented VAE model and ECNet model. The
numbers of training data are 24, 96, 168, and 240 with the 80/20 train/test split for the augmented VAE model. The
average Spearman from 20 independent repeats was shown. ECNet was performed on five-fold cross-validation. The

average Spearman from multiple repeats was obtained from the original work.
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Supplementary Note 1 Embedding comparisons

Here, we categorized embeddings into various classes, and compared their performance within
different classes. This is an expansion of Section: Comparing PST embedding with sequence-based
embedding .

First, we compared all sequence-based embeddings evaluated by Spearman correlation. Two
constant embeddings, i.e., one-hot and Georgiev, provide baselines (Figure 3a). In general, Georgiev
embedding tends to have better performance with a small number of training data than one-hot
embedding while opposite observations can be found with a larger number of training data. Three
deep protein language models, i.e., TAPE ResNet, TAPE Transformer, and Bepler embedding,
underperform these two constant embeddings. The UniRep embedding achieves better average
performance than both constant embeddings, and its fine-tune version (eUniRep) further improves
the performance. The eUniRep along with TAPE LSTM and ESM rank at the top in three sequence
embeddings, and their performance varies on the number of training data (Figure 3a, Extended
Data Figure 3). With small training data, TAPE LSTM and eUniRep have similar performance
and they have a higher frequency as the best embeddings over all datasets than ESM (Extended
Data Figure 3). The eUniRep with fine-tuning on MSAs exhibits partial unsupervised behavior
as evolutionary scores, that promises good performance for low-N case. With larger training data,
the performance of ESM is improved, and it outperforms TAPE LSTM and eUnirep, especially
for the case with 240 training data. Overall, eUniRep and TAPE LSTM models rank as the two
best embeddings for the low-N case. As the number of training data increases, the performance of
ESM embedding is improved and achieves the best performance when over 168 training data are
available (Extended Data Figure 3a).

Similarly, for NDCG metrics, ESM embedding ranks most frequently as the best embedding
for all numbers of training data, including low-N case. It demonstrates the advantage of ESM
over other embeddings in ranking high-fitness variants (Extended Data Figure 5a). Unlike Spear-
man correlation, embeddings ranked by NDCG reveal that two constant embeddings, one-hot and
Georgiev, are also top strategies for the low-N case.

Next, we compared the embeddings including structure-based and sequence-based. As dis-
cussed in the main text, PST embedding ranks as the best embedding disregarding the large
number or small number of training data. This conclusion holds for both Spearman and NDCG
metrics (Extended Data Figure 3b and Extended Data Figure 5b). While for NDCG, the su-
perb performance is more clear where persistent homology (PH) embedding can outperform other
sequence-based embeddings, and PST embedding shows further improvement over PH.

Then, we compared all single embeddings and evolutionary scores. As expected, the unsuper-
vised manner of evolutionary scores allows accurate predictions on fitness with no or low-N training
data for both Spearman and NDCG metrics (Extended Data Figure 3¢ and Extended Data Figure
5¢). Since the evolutionary scores provide predictions independent of training data, the regression
models built on embeddings tend to surpass evolutionary scores when a sufficient number of training
data is available. Particularly, PST embedding shows better performance than evolutionary scores
when relatively large training data (i.e., 240) are provided. The model performance changes re-
garding various training data sizes can be observed in detail at individual datasets for their average
Spearman correlation and NDCG (Extended Data Figure 2 and Extended Data Figure 4).

Last, we further included two TopFit embeddings for comparison. The two TopFit models all
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integrate PST embedding and VAE evolutionary score, and one of them is further aided by ESM
embedding and the other is aided by eUniRep embedding. The evolutionary scores consistently
show superb performance for the low-N case. However, TopFit embeddings become completely
dominant when more training data is available. The two TopFit models all show over 2.5-fold
frequently ranked as the best features over other single strategies with over 96 training data provided
(Extended Data Figure 3d and Extended Data Figure 5d). These results further demonstrate the
strong generalizability and accuracy in TopFit by combining multiple strategies.

Supplementary Note 2 Evolutionary scores for unsupervised fit-
ness predictions

In this work, we compared 5 advanced evolutionary scores, DeepSequence VAE [2], EVE [3],
Tranception [4], ESM [5], and eUniRep [6], for predicting the relative fitness of protein mutations
in an unsupervised manner. More comprehensive comparisons of extensive evolutionary scores
were studied previously [7, 8, 4]. All methods tested achieve relatively high Spearman correlations,
especially, DeepSequence VAE achieves the best average performance on 34 datasets (Figure 3a)
and it ranks as the best model on a majority of datasets (21/34).

Overall, evolutionary scores provide the most economic way of predicting protein fitness with-
out labeled data. They generally achieve higher Spearman correlations than supervised models with
small training data (e.g., 24 training data). When sufficient training data is available, supervised
models tend to surpass unsupervised models (Figure 3a, Extended Data Figure 2 and Extended
Data Figure 3).

Supplementary Note 3 TopFit augmented with different evolu-
tionary scores

In the main text, we only combined embeddings with VAE evolutionary score for fitness pre-
dictions. Here, we further investigate embeddings combined with other evolutionary scores. When
the embedding is augmented with any evolutionary scores, the improvement in Spearman corre-
lation can be seen. Especially, the improvement is significant on poorly performing embedding,
for example, TAPE ResNet achieves over 4-fold improvement for the low-N case and around 2-
fold improvement for large training data after augmented by any evolutionary scores we tested
(Supplementary Figure 6a-h). This indicates that the augmentation with an evolutionary score
ensures a better lower bound of regression task. Meanwhile, the embedding can further improve
the performance with sufficient training data.

Next, we combine PST embedding with either ESM or eUniRep embedding. The combined
two embeddings are further augmented with evolutionary scores to predict protein fitness (Supple-
mentary Figure 7). Without the evolutionary score, the combined embeddings alone lead to the
lowest average Spearman correlation regardless of the number of training data, and the average
Spearman correlation increases as the number of training data increases. With the augmentation of
single evolutionary score, the second best score EVE leads to the best performance in TopFit. We
further tested the augmentation of multiple evolutionary score in TopFit. All combinations show
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clear improvement over the single-score augmentation. Interestingly, the two-score combination
between VAE and Tranception scores achieves the best average Spearman correlation, and it even
outperforms the three-score combination by the inclusion of EVE. Although Tranception is a mix-
ture of local and global evolutionary model, it primarily contains global evolutionary information
from large sequence database. The purely local evolutionary model VAE contains evolutionary in-
formation from local MSAs complement to Tranception for the best combination in TopFit. While
EVE is another local evolutionary information which is redundant in the three-score combination.

In sequence-based feature generation, both evolutionary score and embedding are generated
from deep protein language models that learn from millions of protein sequences. The evolution-
ary score provides a high-level probability distribution for protein mutation in a one-dimensional
number, while the embedding has low-level features stored in a high-dimensional vector. Then, the
regression model can easily extract the most important information from the evolutionary score,
while the embedding needs to be further engineered in a complicated regression architecture. As a
result, the augmentation with a one-dimensional evolutionary can largely boost the performance of
the regression. Also, the evolutionary score ensures a robust lower bound of predictive performance

for the low-N case.

Supplementary Note 4 Improvements of TopFit

TopFit shows clear improvement over sequence-based methods with the inclusion of structure
data (Figure 4 and Figure 5). Such improvement is complicated with integrates featurizaiton and
the downstream supervised model. Indeed, multiple factors may contribute to the improvement.
In this section, we dissect TopFit improvement in various circumstance.

First, the quality of structure data is critical to structure-based performance, consequently,
affects TopFit improvement over sequence-based method (Extended Data Figure 6), as we dis-
cussed previously in Section 2.5. Random coils in 3D structure have unstable structures which are
difficult to be accurately determined. Indeed, accuracy of structure-based method depends on the
percentage of random coils in the target protein (Extended Data Figure 6a). B-factor quantifies the
atomic displacement in X-ray structures, which can serve as another indicator of structure quality.
Indeed, the accuracy of structure-based methods also depends on the B-factor values (Extended
Data Figure 6b).

By classifying target proteins by their taxonomy into three classes with 11 eukaryote, 12
prokaryote, and 11 human datasets, we looked into the average performance of various models
on each class (Supplementary Figure 1). In each class, TopFit shows clear improvement over all
single type of embedding regardless of training data size, and it also improves the unsupervised
evolutionary scores when sufficient training data is given (i.e. 96 here). In particular, when 240
training data is available, TopFit achieves at least 10.0% improvement on Spearman correlation
over sequence-base methods when 240 training data is available. Specifically, TopFit using ESM
embedding improves 10.0% and 14.2% over ESM embedding on eukaryote and prokaryote for Spear-
man correlation, while larger margins are observed for human datasets with 16.6% (Supplementary
Figure la-c). A small improvement (7.5%) over VAE is observed for prokaryote datasets, while
TopFit shows significant improvement over VAE on eukaryote and human datasets with 31.5% and
25.1%. The largest improvement from TopFit is observed on human datasets due to the overall
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lower performance from single strategy on this class of datasets.

Furthermore, the type of fitness measured by experiments may have impacts on supervised
model performance and consequently affect the TopFit improvement over sequence-based methods.
Indeed, we classify 34 datasets into three classes depending on their fitness experiment: binding,
enzyme activity, and others. Fitness for binding includes protein-ligand, protein-DNA and protein-
protein binding. Enzyme activity is related to kinase activity and phosphorylation. Rather than
these two major fitness types, there are various types of fitness, such as protein fluorescence, protein
stability, drug resistance, and growth experiments studied in the benchmark datasets. Since they
are only studied in a few datasets, we classify these types of fitness into one single class: others
(Supplementary Data 1). In the class of binding fitness, all embeddings including sequence- and
structure-based achieve relatively higher performance than other classes (Supplementary Figure 2).
Due to the overall good performance of all approaches, TopFit improvement is smallest over other
classes. In particular, TopFit using ESM embedding only improves 7.2% in Spearman correlation
over ESM embedding when 240 training data is available (Supplementary Figure 2a), while it has
an extremely large improvement over VAE with margin 48.8%. For the class of enzyme activity,
despite the small improvement from TopFit over VAE with margin 8.2% (when Ny.qin = 240),
TopFit improves 29.3% in Spearman correlation over ESM embedding (Supplementary Figure 2b).
For the class with ”others” fitness, all methods achieved lower average performance than other
classes. Consequently, TopFit maximize the complementary information from both structure- and
sequence-based methods, with 12.7%, 15.4%, and 28.0% improvement over PST embedding, ESM
embedding, and VAE scores, respectively (Supplementary Figure 2¢). Similar behaviors can also
be observed in NDCG metrics. The DMS for binding and enzyme activity have standard piplines
for experimental assay which may have smaller experimental errors. This may be the reason the
average performance of methods tested in these two classes is significantly better than “others”
type of fitness. But TopFit consistently shows improvement over sequence-based methods in all
classes, which indicates the combination of sequence- and structure-based methods can complement
to each other to improve the accuracy in predicting fitness landscape.

Supplementary Note 5 Predictions of unseen mutational sites

In the main text, we perform train and test sets by random sampling. In protein engineering, it
is also important to predict mutations at unseen sites from training set. Indeed, we further tested
TopFit and other methods for their ability in generalization for predicting mutations at unseen
sites. We performance our benchmark on single-mutation datasets by excluding the datasets with
NMR structures, which results in 27 datasets.

To have a split for the training and test sets with different mutational sites, we first split the
mutational sites equally into two initial sets, and sample training and test sets within these two
sets, respectively. If one of the two initial set contains insufficient number of data for training or
testing set sampling, we add an additional mutational site from the other initial set to this initial
set. This adjustment will repeat until we have two initial sets containing sufficient number of data
for both training and testing sets. Our benchmarks only use fixed sizes of training set with 24,
96, 168, and 240, and test set contains 20% of data . The equal split of two initial sets is usually
enough for training and test set splits. The adjustment is occasionally needed for small datasets.
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First, we compared various embeddings. From the average performance over 27 datasets,
PST embedding outperforms all sequence-based embedding regardless of sizes of training data for
both Spearman correlation and NDCG (Supplementary Figure 9), while PST achieves a small
margin over the best sequence-based ESM embedding. PST is also ranked most frequently as the
best embedding over others evaluated either by Spearman correlation (Supplementary Figure 10,
Supplementary Figure 11a) or NDCG (Supplementary Figure 12, Supplementary Figure 13a).

Next, we compared embeddings with evolutionary scores. All five evolutionary scores show
dominant performance over the embeddings with higher average performance in both Spearman
correlation and NDCG (Supplementary Figure 9). Only the worst-performing eUniRep score under-
performs PST and ESM embedding when sufficient training data is provided. Unlike the random
training and testing split (Extended Data Figure 1), the unsupervised evolutionary scores turn
to be more powerful to generalize to unseen sites (Supplementary Figure 11c and Supplementary
Figure 13c).

By combining both embeddings and evolutionary score, TopFit has dominant average perfor-
mance over all embeddings (Supplementary Figure 9). TopFit indeed ranks most frequently as
the best methods among all embeddings over 27 datasets evaluated by both Spearman (Supple-
mentary Figure 11b) and NDCG (Supplementary Figure 13b). However, TopFit can surpass the
average performance of evolutionary scores with over 168 training data, and the improvement over
evolutionary scores is limited.

Predictions for unseen sites require the models to predict out-of-distribution data. This is
extremely difficult for the supervised models of either structure- or sequence-based ones. Our
PST embedding consistently outperforms sequence-based embedding for this extrapolation task.
However, the unsupervised evolutionary scores are better candidate to handle this type of tasks. On
the other hand, in random training and test split, both structure- and sequence-based embeddings
can easily surpass evolutionary scores with limited number of training data. TopFit integrate all
these approaches together largely enhance its generalizabikity and accuracy in predicting protein
fitness landscape. The extrapolation may be needed for the very early stage of protein engineering
to screen a few mutations. Due to the much higher computational costs and limited improvement
from TopFit than evolutionary scores, evolutionary scores may be more suitable for an initial screen.
The supervised TopFit may be more suitable for a later stage with hundreds of available training
data.

Supplementary Note 6 Representations of persistent features

In this work, the element- and site-specific strategies are utilized to generate many sets (i.e., 9
or 10) of point cloud data. PST or persistent homology features indeed have high dimensions even
a small dimensional vectorization is employed for each set of point cloud. The high-dimensional
features may causes strong overfitting issues in machine learning, especially, for the small training
set studied in our work. To accommodate this issue, in topological dimensions 1 and 2, we only
calculate seven statistics of Betti-bars to extract the most essential features, which is followed by
the previous work in studying protein mutations [9]. This featurization results in a 420-dimensional
vector for each mutational entry.

Alternatively, the persistent landscape [10] and the persistent image [11] are two stable repre-
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sentations for persistent homology widely used in machine learning models. Here, we further tested
the persistent landscape for dimensions 1 and 2 under our element- and site-specific strategies. We
pick the top 3 landscapes with small resolution 10 to obtain the representation, which results in
a 30-D vector for each point cloud at topological each dimension. Even with such a small size of
representation, a 30 x 10 x 2 x 3 = 1800-D vector (i.e., 10 sets of point clouds, 2 is due to dimensions
1 and 2, 3 is for the features from wildtype, mutant, and their difference) is generated for each
mutational entry. We replaced our featurization for dimensions 1 and 2 by the persistent land-
scape features in the site- and element-specific settings, and compared with our statistics-based
features on YAP1 (WW domain 1) dataset [1]. For PH features, the persistent landscape-type
features cause slightly reduction in Spearman correlation when over 96 training data are available
(Supplementary Figure 14a), while they show slight outperformance on NDCG for several values of
training data sizes (Supplementary Figure 14b). Similarly, the persistent landscape-based features
cause a reduction of performance for both PST and TopFit evaluated by both Spearman correlation
and NDCG. Nonetheless, using or not using such persistent landscape-based features, no statistical
significant changes can be observed for the model performance (Supplementary Figure 14).

In dimensions 1 and 2, our PST only includes the persistent Betti bars features (i.e., equivalent
to harmonic spectra), while the non-harmonic spectra are not considered. Here, we further tested
the inclusion of non-harmonic spectra in dimensions 1 and 2. Especially, we tested nine persistence
parameters in building the p-persistent g-combinatorial Laplacian with p = 0, 0.1, 0.2, 0.3, 0.4,
0.5, 1.0, 1.5, and 2.0 which are implemented by HERMES [12]. The p-persistent Laplacians are
calculated at 10 fixed filtration parameters: 2A, 3A,- -, 11A. Five statistical values of non-harmonic
spectra: minimum, maximum, mean, standard deviation, and sum, are used for vectorization. It
results in a 50-dimensional vector for each point cloud. With the same strategy using in persistent
landscape, this approach results in a 3000-dimensional vector. By adding the non-harmonic spectra
to our PST feature used in the main text, we consistently observe the reduced Spearman correlation
to our original PST feature (Supplementary Figure 15a). While a few cases of inclusion of non-
harmonic spectra achieve slightly improved NDCG than our original PST feature when the training
set is small with 24 or 96 data, no significant improvement is observed (Supplementary Figure 15b).
Similarly, the inclusion of non-harmonic spectra in TopFit does not provide any improvement, and
reduced average performance is observed more frequently (Supplementary Figure 16).

Enrich information may be obtained from the persistent landscape or non-harmonic spectra
at high dimensions. However, the high-dimensional features introduced by these approaches may
make the machine learning models more difficult to handle the overfitting and generalization is-
sues. Meanwhile, the high-dimensional features make machine learning models more computational
expensive. In our work, since the critical structural information may be mainly contained in topo-
logical dimension 0 from both harmonic and non-harmonic spectra, we designed a comprehensive
representation for Lg features in TopFit. The high-dimensional feature may provide further im-
provement, but we use simple and small vectorization of it to overcome overfitting issues.

Supplementary Note 7 Sources of datasets

The list of data is provided in Supplementary Data 1 with original data sources [13, 14, 15,
16, 1, 17, 18, 19, 20, 21, 22, 23, 24, 25, 26, 27, 28, 29, 30, 31, 32, 33, 34, 35, 36, 37].

29



References

[1]

Carlos L Araya, Douglas M Fowler, Wentao Chen, Tke Muniez, Jeffery W Kelly, and Stanley
Fields. A fundamental protein property, thermodynamic stability, revealed solely from large-
scale measurements of protein function. Proceedings of the National Academy of Sciences, 109
(42):16858-16863, 2012.

Adam J Riesselman, John B Ingraham, and Debora S Marks. Deep generative models of
genetic variation capture the effects of mutations. Nature Methods, 15(10):816-822, 2018.

Jonathan Frazer, Pascal Notin, Mafalda Dias, Aidan Gomez, Joseph K Min, Kelly Brock,
Yarin Gal, and Debora S Marks. Disease variant prediction with deep generative models of
evolutionary data. Nature, 599(7883):91-95, 2021.

Pascal Notin, Mafalda Dias, Jonathan Frazer, Javier Marchena Hurtado, Aidan N Gomez,
Debora Marks, and Yarin Gal. Tranception: protein fitness prediction with autoregressive
transformers and inference-time retrieval. In International Conference on Machine Learning,
pages 16990-17017. PMLR, 2022.

Alexander Rives, Joshua Meier, Tom Sercu, Siddharth Goyal, Zeming Lin, Jason Liu, Demi
Guo, Myle Ott, C Lawrence Zitnick, Jerry Ma, et al. Biological structure and function emerge
from scaling unsupervised learning to 250 million protein sequences. Proceedings of the National
Academy of Sciences, 118(15), 2021.

Surojit Biswas, Grigory Khimulya, Ethan C Alley, Kevin M Esvelt, and George M Church.
Low-n protein engineering with data-efficient deep learning. Nature methods, 18(4):389-396,
2021.

Chloe Hsu, Hunter Nisonoff, Clara Fannjiang, and Jennifer Listgarten. Learning protein fitness
models from evolutionary and assay-labeled data. Nature biotechnology, pages 1-9, 2022.

Benjamin J Livesey and Joseph A Marsh. Using deep mutational scanning to benchmark
variant effect predictors and identify disease mutations. Molecular systems biology, 16(7):
€9380, 2020.

Menglun Wang, Zixuan Cang, and Guo-Wei Wei. A topology-based network tree for the
prediction of protein—protein binding affinity changes following mutation. Nature Machine
Intelligence, 2(2):116-123, 2020.

Peter Bubenik et al. Statistical topological data analysis using persistence landscapes. J.
Mach. Learn. Res., 16(1):77-102, 2015.

Henry Adams, Tegan Emerson, Michael Kirby, Rachel Neville, Chris Peterson, Patrick Ship-
man, Sofya Chepushtanova, Eric Hanson, Francis Motta, and Lori Ziegelmeier. Persistence
images: A stable vector representation of persistent homology. Journal of Machine Learning
Research, 18, 2017.

30



[12]

[13]

[14]

[15]

[20]

[21]

[22]

Rui Wang, Rundong Zhao, Emily Ribando-Gros, Jiahui Chen, Yiying Tong, and Guo-Wei Wei.
Hermes: Persistent spectral graph software. Foundations of data science (Springfield, Mo.), 3
(1):67, 2021.

Karen S Sarkisyan, Dmitry A Bolotin, Margarita V Meer, Dinara R Usmanova, Alexander S
Mishin, George V Sharonov, Dmitry N Ivankov, Nina G Bozhanova, Mikhail S Baranov,
Onuralp Soylemez, et al. Local fitness landscape of the green fluorescent protein. Nature, 533
(7603):397-401, 2016.

C Anders Olson, Nicholas C Wu, and Ren Sun. A comprehensive biophysical description of
pairwise epistasis throughout an entire protein domain. Current biology, 24(22):2643-2651,
2014.

Justin R Klesmith, John-Paul Bacik, Ryszard Michalczyk, and Timothy A Whitehead. Com-
prehensive sequence-flux mapping of a levoglucosan utilization pathway in e. coli. ACS syn-
thetic biology, 4(11):1235-1243, 2015.

Zhifeng Deng, Wanzhi Huang, Erol Bakkalbasi, Nicholas G Brown, Carolyn J Adamski, Kacie
Rice, Donna Muzny, Richard A Gibbs, and Timothy Palzkill. Deep sequencing of systematic
combinatorial libraries reveals -lactamase sequence constraints at high resolution. Journal of
molecular biology, 424(3-4):150-167, 2012.

Richard N McLaughlin Jr, Frank J Poelwijk, Arjun Raman, Walraj S Gosal, and Rama Ran-
ganathan. The spatial architecture of protein function and adaptation. Nature, 491(7422):
138-142, 2012.

Benjamin P Roscoe, Kelly M Thayer, Konstantin B Zeldovich, David Fushman, and Daniel NA
Bolon. Analyses of the effects of all ubiquitin point mutants on yeast growth rate. Journal of
molecular biology, 425(8):1363-1377, 2013.

Lea M Starita, Jonathan N Pruneda, Russell S Lo, Douglas M Fowler, Helen J Kim, Joseph B
Hiatt, Jay Shendure, Peter S Brzovic, Stanley Fields, and Rachel E Klevit. Activity-enhancing
mutations in an e3 ubiquitin ligase identified by high-throughput mutagenesis. Proceedings of
the National Academy of Sciences, 110(14):E1263-E1272, 2013.

Hervé Jacquier, André Birgy, Hervé Le Nagard, Yves Mechulam, Emmanuelle Schmitt, Jérémy
Glodt, Beatrice Bercot, Emmanuelle Petit, Julie Poulain, Guilene Barnaud, et al. Capturing
the mutational landscape of the beta-lactamase tem-1. Proceedings of the National Academy
of Sciences, 110(32):13067-13072, 2013.

Daniel Melamed, David L Young, Caitlin E Gamble, Christina R Miller, and Stanley Fields.
Deep mutational scanning of an rrm domain of the saccharomyces cerevisiae poly (a)-binding
protein. Rna, 19(11):1537-1551, 2013.

Elad Firnberg, Jason W Labonte, Jeffrey J Gray, and Marc Ostermeier. A comprehensive,
high-resolution map of a gene’s fitness landscape. Molecular biology and evolution, 31(6):
1581-1592, 2014.

31



[23]

[24]

[33]

[34]

Benjamin P Roscoe and Daniel NA Bolon. Systematic exploration of ubiquitin sequence, el
activation efficiency, and experimental fitness in yeast. Journal of molecular biology, 426(15):
2854-2870, 2014.

Alexandre Melnikov, Peter Rogov, Li Wang, Andreas Gnirke, and Tarjei S Mikkelsen. Compre-
hensive mutational scanning of a kinase in vivo reveals substrate-dependent fitness landscapes.
Nucleic acids research, 42(14):e112—e112, 2014.

Jacob O Kitzman, Lea M Starita, Russell S Lo, Stanley Fields, and Jay Shendure. Massively
parallel single-amino-acid mutagenesis. Nature methods, 12(3):203-206, 2015.

Michael A Stiffler, Doeke R Hekstra, and Rama Ranganathan. Evolvability as a function of
purifying selection in tem-1 -lactamase. Cell, 160(5):882-892, 2015.

Lea M Starita, David L Young, Muhtadi Islam, Jacob O Kitzman, Justin Gullingsrud, Ronald J
Hause, Douglas M Fowler, Jeffrey D Parvin, Jay Shendure, and Stanley Fields. Massively
parallel functional analysis of brcal ring domain variants. Genetics, 200(2):413-422, 2015.

Liat Rockah-Shmuel, Agnes Téth-Petréczy, and Dan S Tawfik. Systematic mapping of pro-
tein mutational space by prolonged drift reveals the deleterious effects of seemingly neutral
mutations. PLoS computational biology, 11(8):1004421, 2015.

Parul Mishra, Julia M Flynn, Tyler N Starr, and Daniel NA Bolon. Systematic mutant
analyses elucidate general and client-specific aspects of hsp90 function. Cell reports, 15(3):
588-598, 2016.

David Mavor, Kyle Barlow, Samuel Thompson, Benjamin A Barad, Alain R Bonny, Clinton L
Cario, Garrett Gaskins, Zairan Liu, Laura Deming, Seth D Axen, et al. Determination of
ubiquitin fitness landscapes under different chemical stresses in a classroom setting. Flife, 5,
2016.

Lisa Brenan, Aleksandr Andreev, Ofir Cohen, Sasha Pantel, Atanas Kamburov, Davide Cac-
chiarelli, Nicole S Persky, Cong Zhu, Mukta Bagul, Eva M Goetz, et al. Phenotypic characteri-
zation of a comprehensive set of mapk1/erk2 missense mutants. Cell reports, 17(4):1171-1183,
2016.

Eric D Kelsic, Hattie Chung, Niv Cohen, Jimin Park, Harris H Wang, and Roy Kishony. Rna
structural determinants of optimal codons revealed by mage-seq. Cell systems, 3(6):563-571,
2016.

Yvonne H Chan, Sergey V Venev, Konstantin B Zeldovich, and C Robert Matthews. Corre-
lation of fitness landscapes from three orthologous tim barrels originates from sequence and
structure constraints. Nature communications, 8(1):1-12, 2017.

Emily E Wrenbeck, Laura R Azouz, and Timothy A Whitehead. Single-mutation fitness
landscapes for an enzyme on multiple substrates reveal specificity is globally encoded. Nature
communications, 8(1):1-10, 2017.

32



[35]

[37]

Pradeep Bandaru, Neel H Shah, Moitrayee Bhattacharyya, John P Barton, Yasushi Kondo,
Joshua C Cofsky, Christine L Gee, Arup K Chakraborty, Tanja Kortemme, Rama Ran-

ganathan, et al. Deconstruction of the ras switching cycle through saturation mutagenesis.
Elife, 6:¢27810, 2017.

Jochen Weile, Song Sun, Atina G Cote, Jennifer Knapp, Marta Verby, Joseph C Mellor,
Yingzhou Wu, Carles Pons, Cassandra Wong, Natascha van Lieshout, et al. A framework

for exhaustively mapping functional missense variants. Molecular systems biology, 13(12):957,
2017.

Kenneth A Matreyek, Lea M Starita, Jason J Stephany, Beth Martin, Melissa A Chiasson,
Vanessa E Gray, Martin Kircher, Arineh Khechaduri, Jennifer N Dines, Ronald J Hause, et al.

Multiplex assessment of protein variant abundance by massively parallel sequencing. Nature
genetics, 50(6):874-882, 2018.

33



	Embedding comparisons
	Evolutionary scores for unsupervised fitness predictions
	TopFit augmented with different evolutionary scores
	Improvements of TopFit
	Predictions of unseen mutational sites
	Representations of persistent features
	Sources of datasets

