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Abstract

While protein engineering, which iteratively optimizes protein fitness by screening the gigantic
mutational space, is constrained by experimental capacity, various machine learning models

have substantially expedited protein engineering. Three-dimensional protein structures promise
further advantages, but their intricate geometric complexity hinders their applications in deep
mutational screening. Persistent homology, an established algebraic topology tool for protein
structural complexity reduction, fails to capture the homotopic shape evolution during the filtration
of a given data. This work introduces a Topology-offered protein Fitness (TopFit) framework to
complement protein sequence and structure embeddings. Equipped with an ensemble regression
strategy, TopFit integrates the persistent spectral theory, a new topological Laplacian, and two
auxiliary sequence embeddings to capture mutation-induced topological invariant, shape evolution,
and sequence disparity in the protein fitness landscape. The performance of TopFit is assessed

by 34 benchmark datasets with 128,634 variants, involving a vast variety of protein structure
acquisition modalities and training set size variations.

1 Introduction

Protein engineering aims to design or discover proteins with desirable functions, such as
improving the phenotype of living organisms, enhancing enzyme catalysis, and boosting
antibody efficacy [1]. Traditional protein engineering approaches, including directed
evolution [2] and rational design [3], resort to experimentally screening an astronomically
large mutational space, which is both expensive and time-consuming. As a result, only

a small fraction of the mutational space can be explored even with high-throughput
screenings. Recently, data-driven machine learning models have been developed to reduce
the cost and expedite the process of protein engineering by establishing the protein-to-fitness
map (i.e., fitness landscape) from sparsely sampled experimental data [4, 5].
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The most successful machine learning models for the protein fitness landscape are based
on protein sequences using self-supervised models. There are two major types of self-
supervised deep protein language models, i.e., local evolutionary ones and global ones.

The former infers mutational effects by utilizing homologs from the multiple sequence
alignment (MSA) [6] to model the mutational distribution of a target protein, such as Potts
models [7], variational autoencoders (VAES) [8, 9], and MSA Transformer [10]. Global
evolutionary models learn from large sequence databases such as UniProt [11] to infer
natural selection paths. Natural language processing (NLP) models have been adopted for
extracting protein sequence information. For examples, tasks assessing protein embeddings
(TAPE) [12] constructed three models, including Transformer, dilated residual network
(ResNet), and long short-term memory (LSTM) architectures. Bepler [13] and UniRep [14]
are two LSTM-based models. Recently, large-scale protein Transformer models trained

on hundreds of millions of sequences exhibit advanced performance in modeling protein
properties, such as evolutionary scale modeling (ESM) [15] and ProtTrans [16] models. In
addition, the hybrid fine-tune approaches combining both local and evolutionary data can
further improve the models. For examples, eUniRep is a fine-tuned LSTM-based UniRep
model by learning from local MSAs [17]. The ESM model can be fine-tuned using either
training data from downstream tasks [15] or local MSAs [18]. The Transformer-based
Tranception score mutations via not only a global auto-regressive inference, but also a local
retrieval inference utilizing MSAs [19]. One usage of evolutionary models is to generate
the latent space representation for building downstream fitness regression model [4]. The
other is to generate a probability density to evaluate the likelihood that a given mutation
occurs [20]. Such a probability likelihood, referred to as evolutionary score or zero-shot
prediction, predicts the relative fitness of protein variants of interest in an unsupervised
approach without requirement of supervised label acquisition. The recent integration of local
and global evolutionary models [21] and the combination between evolutionary score and
sequence embedding [20] discovered the complementary roles of various sequence modeling
approaches in building accurate fitness predictors.

Alternatively, three-dimensional (3D) structure or geometry-based models have also played
an important role in predicting protein fitness landscape [22]. They offer somewhat more
comprehensive and explicit descriptions of the biophysical properties of a protein and its
fitness. With in-depth physical chemical knowledge, biophysical models such as FoldX [23]
and Rosetta [24] are widely used to analyze protein fitness from its structure. However, the
intricate structural complexity of biomolecules hinders the application of the first principle,
such as quantum mechanics, to excessively deep mutational screening and thus, the most
successful methods rely on their effective reduction of biomolecular structural complexity.

Topology concerns the invariant properties of a geometric object under continuous
deformations (e.g., filtration). Topological data analysis (TDA) offers an effective
abstraction of geometric and structural complexity [25, 26]. Persistent homology, a main
workhorse of TDA, was integrated with machine learning models to reduce the structural
complexity in drug designs [27], and protein-protein interactions [28]. Filtration of a
given point cloud may induce both homotopic shape evolution and changes in topological
invariants, which allow multiscale analysis from TDA. However, persistent homology
only captures changes of topological invariants and is insensitive to the homotopic shape
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evolution. The persistent spectral theory (PST), a multiscale topological Laplacian, was
designed to overcome this drawback [29]. PST fully recovers the topological invariants in its
harmonic spectra and captures the homotopic shape evolution of data during the multiscale
analysis [29, 30]. Its advantages for drug design have been confirmed [31].

In this work, we introduce a PST-based topological machine learning model, called
Topology-offered protein Fitness (TopFit), to navigate the protein fitness landscape. We
demonstrate that the machine learning models with the PST embedding show substantial
improvement over those with sequence-based approaches. On the other hand, the PST-based
models require high-quality structures, whereas sequence-based models can deal with

more general cases without resorting to 3D structures. These two approaches naturally
complement each other in machine learning-assisted protein engineering. To further

extend the potential of the topology-based methods, we combine 18 regression models

into an ensemble regressor to ensure robust and accurate predictions over a variety of
protein engineering scenarios, ranging from small training sets, imperfect structures, and
varying experimental modalities, noisy data, etc. TopFit integrates complementary structure-
sequence embeddings and ensemble regressor to achieve better performance over existing
methods on 34 deep mutational scanning (DMS) datasets.

2 Results

2.1 Overview of TopFit

TopFit infers fitness landscape, a function that maps proteins to their fitness, from a
small number of labeled data. Our framework consists of two embedding modules, i.e.,
topological structure-based and residue sequence-based embeddings, and an ensemble
regressor weighting many supervised learning models (Figure 1).

In topological structure-based embedding, PST [29] is employed to generate protein
structure-based embedding. A structure optimization protocol generates and optimizes both
wildtype and mutational structures (Methods). PST assesses the mutation-induced local
structure changes near the mutational sites (Figure 1a). Mathematically, PST constructs

a family of topological Laplacians via filtration, which delineates interatomic interacting
patterns at various characteristic scales. The topological persistence [30] and homotopic
shape evolution of the local structure during filtration can be assessed from harmonic and
non-harmonic spectra of the Laplacians (i.e., zero- and non-zero-eigenvalues), respectively
(Figure 1a). The site- and element-specific strategies are further introduced in assisting PST
to capture critical relevant biological information, such as hydrogen bonds, electrostatics,
hydrophobicity, etc. (Methods). PST embeddings are generated on each pair of atoms for
both local wild-type and mutant structures, and they are concatenated for downstream
supervised models (Methods).

In sequence-based embedding, both protein sequences and evolutionary scores can be
utilized (Figure 1b). We tested 9 sequence embedding methods and 5 evolutionary scores.
Among them, the top-performing sequence embedding and evolutionary score are adopted in
TopFit.
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Features from two embedding modules are concatenated and fed into the downstream
ensemble regression to predict the protein fitness landscape. In particular, we combined
PST embedding, one sequence-based embedding, and one evolutionary score to build
TopFit. In protein engineering, the number of experimental labeled data is typically small
(i.e., 101 ~ 102) and accumulated at each round of screening. We utilize an ensemble
regression model to provide a unified model with high accuracy and strong generalization
for various sizes of training data. From a pool of multiple regressors, hyperparameters for
individual regressors were first optimized by Bayesian optimization, and predictions from
top Vmodels were averaged (i.e., consensus) for fitness predictions [32]. Specifically, we
employed 18 regressors of three major types: artificial neural networks (ANNSs), kernel
models and tree models (Figure 1c, Methods, and Supplementary Table 1). Since the
evolutionary scores contain relatively higher-level features than embeddings do, we treated
them differently in ANNs and ridge regression to enhance their weights over other features
(Methods). When multiple structures (e.g., nuclear magnetic resonance (NMR) structure)
are available for the same target protein, the ensemble regression can further average the
predictions from individual structures to improve accuracy and robustness.

2.2 PST for delineating protein mutational atlas

Persistent homology [25, 26] has been widely applied to analyze the topology of point cloud
data. However, it is not sensitive to homotopic shape evolution of data given by filtration.
Recently, PST was proposed to reveal the homotopic shape evolution of data (Figure 2) [29].
Here we briefly introduce and compare these two topological methods.

Atoms in a protein structure are described as a set of point cloud (Figure 2a). Simplicial
complex glues a set of interacting nodes, called simplexes (Figure 2b), to construct a shape
realization of the point cloud. A simplicial complex can be built from the intersection pattern
defined by fixed-radius balls centered at the sample points. Cech complex, Rips complex,
and alpha complex are commonly used to construct simplicial complexes [25]. The filtration
process creates a family of simplicial complexes by continuously growing radii of balls to
establish a multiscale analysis (Figure 2c).

Persistent homology is a popular approach for analyzing the family of simplicial complexes
obtained from filtration. For an individual simplicial complex, topological invariants, i.e.,
Betti numbers, are calculated as the rank of the homology group. In particular, Betti-0,
Betti-1, and Betti-2 describe numbers of independent components, rings, and cavities,
respectively. Persistent homology analyzes the family of simplicial complexes and tracks

the persistence of topological invariants, visualized by persistent barcodes [25]. The humber
of k-th Betti bars at a fixed filtration parameter is the Betti- & for the corresponding simplicial
complex (Figure 2d). Persistent homology only captures topological changes while failing

to detect homotopic geometric changes. For example, two middle patterns in Figure 2c are
topologically equivalent (i.e., no change in Figure 2d) but have different geometric shapes.

Alternatively, the topology of point cloud data can be described by combinatorial Laplacians
[33], one kind of topological Laplacians. Loosely speaking, the 0-combinatorial Laplacian,
Lo, is a graph Laplacian that describes the pairwise interactions (i.e., edges, 1-simplexes)
among vertices (0-simplexes) [34, 35]. The high-dimensional A~combinatorial Laplacian, Ly,
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describes interactions among high-dimensional components (i.e., A~simplexes) upon their
adjacency associated with lower- and higher-dimensional simplexes (Methods). According
to the combinatorial Hodge theorem [36], the topological connectivity (or invariant)
described by the combinatorial Laplacian is revealed by its kernel space or the harmonic
spectra (i.e., zero eigenvalues), whereas the non-harmonic spectra, such as the Fiedler

value (i.e., smallest non-zero eigenvalue), describes the so-called algebraic connectivity

and homotopic shape information. Nonetheless, like homology, combinatorial Laplacian has
limited descriptive power for complex data. We introduced PST to construct multiscale
topological Laplacians [29]. Specifically, we used filtration to create a family of simplicial
complexes at various scales and study their topological and geometric properties from a
series of spectra of combinatorial Laplacians. PST not only recovers the full topological
persistence of the persistent homology [30] but also deciphers the homotopic shape
evolution of data. As shown in Figure 2e, the number of harmonic zero eigenvalues are
always the same as the number of persistent barcodes in Figure 2d. And the non-harmonic
spectra reveal both topological changes and the homotopic shape evolution when there were
no topological changes (Figure 2e). PST comprehensively characterizes the geometry of an
object from a family of frequencies manifesting evolving shapes induced by the filtration of
data, which provides another illustration of the famous question: “Can one hear the shape of
a drum?”, raised by Mark Kac [37].

2.3 Protein fitness benchmark overview

We compared the performance of machine learning models built on various featurization
strategies. We benchmarked 2 topological structure-based embeddings, 9 sequence-based
embeddings, and 5 evolutionary density scores on 34 benchmark deep DMS datasets across
27 proteins. In addition, TopFit was benchmarked which integrates one PST embedding, one
sequence-based embedding, and one evolutionary score in its concatenated feature library.
Three-dimensional structures of the target protein at the domain of interest were obtained
from PDB [22], or AlphaFold [38]. X-ray structures are selected with the highest priority.
Otherwise, NMR, cryo-EM (EM) or AlphaFold (AF) structures are employed depending on
their availability and quality (Methods). For each dataset, 20% of the available labeled data
are randomly selected as the testing set in each run. The training set is randomly sampled
within the remaining 80% data. We are particularly interested in small training data to mimic
the circumstances in protein engineering. The fixed number of training data is picked as

the multiples of 24 ranging from 24 to 240 to mimic the smallest 24-well experimental
assay. Low-N is referred to extremely small 24 training data. In addition, we also tested
80/20 train/test split and five-fold cross-validation to have direct comparisons with other
methods. To ensure reproducibility, 20 independent repeats are performed for the fixed size
of training data, and 10 independent repeats are performed for five-fold cross-validation or
80/20 train/test split.

The computational predictions of mutational effects are typically employed to rank and
prioritize candidate proteins for experimental screening in the next round. The primary goal
is to assess the ranking quality of protein fitness. The Spearman rank correlation (o) [7, 8,
39, 21, 20, 17, 18] and the normalized discounted cumulative gain (NDCG) [32, 40, 20]

are two commonly used evaluating metrics in protein engineering (Methods). The Spearman
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correlation evaluates the overall ranking on all data where the high- and low-fitness proteins
contribute equally. In contrast, NDCG quantifies the ranking quality with a higher weight

on the high-fitness proteins. This may be more useful for the greedy search in selecting top
samples. Since the specific fitness is not available for the unsupervised evolutionary models,
a high-quality evolutionary scores can either positively or negatively rank the fitness. Indeed,
absolute values of these quantities are used to evaluate evolutionary scores.

2.4 Comparing PST embedding with sequence-based embedding

Here we compared various embeddings in building up machine learning models over 34
datasets. Results evaluated by Spearman correlation were mainly reported in this section
(Figure 3, Extended Data Figures 1-3). Similar results evaluated by NDCG were also
provided (Extend Data Figures 1, 4, 5).

For topological structure-based embeddings, the PST embedding outperforms persistent
homology embedding on nearly all datasets for any size of training data (Extended Data
Figure 2). PST achieves a higher average Spearman correlation than persistent homology
does (Figure 3a). This indicates the inclusion of non-harmonic spectra from PST provides
critical homotopic shape information in learning fitness landscape.

Comparisons of sequence-based embeddings were discussed in Supplementary Note 1.
Overall, ESM achieves the best average performance for large training data with over 168
data, and eUniRep and TAPE LSTM achieve the best average performance for small training
data. Comparisons of evolutionary scores were discussed in Supplementary Note 2. Overall,
DeepSequence VAE [8] achieves the best average performance on 34 datasets (Figure 3a)
and it ranks as the best model on a majority of datasets (21/34).

Comparing all embedding methods, the topological structure-based PST embedding
achieves the best average Spearman correlation over 34 datasets for any size of training
data. It outperforms the best sequence-based for training data size A = 24, 96, 168, and
240 with average differences A, = 0.02, 0.02, 0.03, and 0.03, and p-values from one-sided
Mann-Whitney U test 5 x 1073, 2 x 107>, 3 x 1078, and 4 x 1078, respectively. PST always
ranks most frequently as the best model over 34 datasets (Figure 3b, Extended Data Figure
3b). Categorized datasets by their taxonomy, PST shows improvement over sequence-based
embeddings on eukaryote and prokaryote datasets, but no clear improvement is observed on
human datasets (Supplementary Figure 1).

2.5 Impact of structural data quality on PST-based model

PST extracts explicit biochemical information from three-dimensional structures that is
correlated to protein fitness. While sequence-based embeddings may provide less precise
information by encoding them indirectly by learning from a large sequence database. It

is important to understand the potential limitations of PST embedding. It is intuitive that

the performance of the PST-based model may depend on the quality of structural data.
Percentage of random coils in a target protein is a quantity for structural data quality,

where the appearance of random coils, an unstable form of secondary structures, reduces the
overall quality of the structure data. Whether PST embedding achieves the most accurate
performance is correlated with the percentages of random coils (Figure 3c). Another
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quantity for structure data quality is B-factor which quantifies the atomic displacement in
X-ray structures, and it similarly affects PST performance (Extended Data Figure 6).

2.6 Impact of ensemble regression on model generalization

In protein engineering, labeled data are iteratively collected from experiments, resulting in
tens or hundreds of training data. The ensemble regression by weighting top-performing
models has the adaptivity to various sizes of training data in a single model. We discuss the
advantages of ensemble strategy to enhance the model accuracy, robustness, adaptivity, and
scalability.

The ensemble strategy improves model accuracy (Figure 3d). It outperforms ridge
regression on 33/34 datasets with Aky,in = 240 (Supplementary Figure 4), while the only
underperforming Calmodulin-1 dataset exhibits poor performance p <0.15 for both methods
(Extended Data Figure 2). The ensemble of single class of models show slightly lower
Spearman correlation than the full ensemble model, except the low-/ case (Figure 3d and
Supplementary Figure 3).

We further performed analysis on the frequency of top-performing model occurrence in the
ensemble to demonstrate the adaptivity and scalability of the ensemble regression. Kernel
models with a relatively weak fitting ability may be more suitable for small training data

to prevent overfitting. ANN models with powerful universal approximation ability may

be more accurate with sufficient training data. The tree-based models avoid overfitting by
selecting useful features from the tree hierarchy independent of training data size. As results,
as the training data increases, kernel models have initial large and decreasing occurrence,
ANN models have opposite observations to kernel models, and the occurrence of tree-based
models remains stationary (Figure 3e and Extended Data Figure 7).

The ensemble strategy can also be used by averaging the predictions from multiple
structures to enhance the robustness against the uncertainty from structure data. The
ensemble treatment on multiple NMR models improves the predictions from single NMR
model (Supplementary Figure 5). But the ensemble requires much higher computational
costs, which are proportional to the number of structures.

2.7 TopFit for navigating fitness landscape

Among PST embedding, sequence-based embedding and evolutionary scores, we showed at
least one strategy can provide accurate predictions regardless of the quality of structural data
and the number of training data. TopFit combines these three complementary strategies in
navigating the fitness landscape.

We first built TopFit using the PST embedding, aided with DeepSequence VAE evolutionary
score and ESM embedding. With 240 training data, TopFit outperforms DeepSequence
VAE score, ESM embedding, and PST embedding on the majority of datasets with median
differences in Spearman correlation of Ap = 0.087, 0.083, and 0.062, respectively (Figure
4a-b). Similar observations were found for TopFit using PST embedding, aided with VAE
score and eUniRep embedding (Extended Data Figure 8). The concatenated featurization
endows TopFit advantages over other embedding strategies on most datasets regardless of
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training data sizes (Extended Data Figures 9-10). An exception is that VAE is more accurate
for the low-N case. Similarly, the concatenated features augmented with other evolutionary
scores also achieve substantial improvement (Supplementary Figures 6-7).

Furthermore, we carried out an extrapolation task where the model trained on single-
mutation variants is used to navigate datasets including multiple-mutational variants for
avGFP [41] and GB1 [42] datasets. Interestingly, we employed ridge regression due to its
better performance than ensemble regression for extrapolation (Supplementary Figure 8).
PST embedding achieves the best performance over other sequence-based embeddings in
both datasets. TopFit further improves the performance robustness (Figure 4c). An exception
was found on the GB1 where inclusion of poorly performing eUniRep embedding and VAE
score underperforms PST embedding alone (Figure 4c).

Next, we compared TopFit with two existing regression models for fitness predictions
(Figure 5). One is the augmented VAE model which is the best reported model combining
sequence embedding and evolutionary score [20]. The other is the ECNet which combines
both local and global evolutionary embeddings [21]. TopFit for comparisons uses PST
embedding aided with VAE score and ESM embedding. Due to the high computational costs
for the large training data size (i.e., 80/20 train/test split and five-fold cross validation), we
only carry out TopFit on 27 single-mutation datasets using X-ray or AlphaFold structures.
For low-N case, the augmented VAE model outperforms TopFit on 33/34 datasets by largely
retaining accuracy from VAE. When more training data is available, TopFit becomes more
accurate, where it outperforms the augmented VAE model in at least 19/34 datasets. For the
80/20 train/test split, TopFit completely outperforms the augmented VAE model on 25/27
datasets, and the average difference on Spearman for the rest of the two underperforming
sets is relatively low (Supplementary Tables 4-5). Compared to ECNet, TopFit again

shows the better performance on 25/27 datasets. Underperforming TopFit on Thiamin
pyrophosphokinase dataset shows a relatively low average margin with ECNet Ap = -0.012.
The other underperforming dataset is Levoglucosan kinase with a relatively large average
margin Ap = —0.048 (Supplementary Tables 4-5). Interestingly, TopFit outperforms ECNet
on a dataset generated from identical experiments using a similar but stabilized protein

(i.e., Levoglucosan kinase (stabilized)). A trade-off between thermal stability and catalytic
efficiency was discovered [43], and the unstablized dataset is more difficult to be predicted
for all methods (Extended Data Figure 2). The quality of structure data is more sensitive

to thermal stability than sequence data which leading to the outperformance of TopFit over
ECNet on the stablized set and underperformance on the unstablized set.

3 Discussions

Protein structures are intricate, diverse, variable, and adaptive to the interactive environment
and thus are elusive to an appropriate theoretical description in deep mutational screening.
PST improves persistent homology in offering ultimate abstraction of geometric and
structural complexity of proteins. Our PST embedding for dimension O have relatively

high dimension to provide the most critical information with basic connectivity between
vertices. For dimensions 1 and 2, our PST embedding are relatively crude to retain essential
information and keep the feature dimension low under the element- and site-specific
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strategies. The low-dimensional features can better accommodate with machine learning
models in avoiding overfitting issues for small training data size, as well as reducing
computational costs. Although the stable representations such as persistent landscape

[44] and the persistent image [45] for persistent homology, and a potential informative
representation of non-harmonic persistent spectra may provide more enrich information,
they typically generate a large number of features (Supplementary Note 6). How to

handle potential overfitting from these representations in biomolecular systems remains an
interesting issue. The extraordinary performance of PST in predicting protein fitness opens a
door for its further applications in a vast variety of interactive biomolecular systems, such as
drug discovery, antibody design, molecular recognition, etc.

The quality of protein structures largely affects the performance of the PST-based model.
Recently, AlphaFold structures have become a viable alternative to experimental structural
data. The AlphaFold structure achieves similar accuracy with single NMR structure,

while the ensemble techniques using multiple NMR structures improved the performance
(Supplementary Figure 5). The combination of structure- and sequenced-based embeddings
gives rise to robust predictions even for low-quality structures. In addition, structure and
sequence data contain complementary information. PST delineates the specific geometry
and topology of a mutation, while sequence-based featurization captures the rules of
evolution from a huge library of sequences. This complementarity is valuable and
generalizable to a wide variety of other biomolecular problems.

The ensemble of regressors has better generalizability by inheriting advantages from various
classes of models. With larger training data, the deeper and wider neural networks or more
sophisticated deep learning architectures such as attention layers [21] and convolution layers
[32] may further improve the performance. The random split of training and testing sets
mainly discussed in this work may be more important for late stage of protein engineering
with sufficient training data. However, the initial stage may require the model generalization
for extrapolations. One extrapolation task is to predict multiple-mutations from single-
mutation data. A more effective supervised model is under discussion (Supplementary
Figure 8). Another extrapolation task is to predict mutations at unseen sites. TopFit promises
limited improvement over evolutionary scores (Supplementary Figure 9-13; Supplementary
Note 5). In general, predicting out-of-distribution data may violate the nature of supervised
models, and how to build a more accurate supervised model for this task is interesting.
Nonetheless, the unsupervised evolutionary scores may be more effective for extrapolation
at the early protein engineering stage with insufficient training data (i.e. low-N case). In
practice, the calibration of the balance between exploitation and exploration is essential

for protein engineering. The commonly used supervised models including TopFit are only
designed for exploitation. Models such as Gaussian process [46] and hierarchical subspace
searching strategy [40, 47] may couple with TopFit mixture features to balance this trade-
off.

TopFit provides a general framework to build supervised protein fitness models by
combining PST structural features with sequence-based features. Arbitrary sequence-based
embedding and evolutionary scores can be used. TopFit can be continuously improved by
the quickly evolving state-of-art sequence-based models. In this work, we mainly tested

Nat Comput Sci. Author manuscript; available in PMC 2023 August 25.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Qiu and Wei

Page 10

TopFit with single type of score, especially, DeepSequence VAE. Tranception score may
be more powerful than VAE for datasets with low MSA depths or viral protein datasets
[19]. The equipment of any evolutionary score can largely enhance model generalization
and accuracy (Supplementary Figure 6). Interestingly, inclusion of multiple scores can
promise further improvement (Supplementary Note 3 and Supplementary Figure 7). Even
more, one may combine multiple structure data for ensemble predictions for improvement
(Supplementary Figure 5). However, all these approaches grant additional computational
costs. The combined features tested in this work provide the minimal models that combine
models built on distinct data resources such as local homologous sequences, large-scale
sequence data, and three-dimensional structure data.

4 Methods

Datasets

For all DMS datasets, we followed the convention in EVmutation [7] and DeepSequence [8]
to exclude data with mutational positions not covered by MSA.

The complete GB1 dataset includes almost all single (1045 mutants) and all double
mutations (535917 mutants) at 55 positions [42]. In this work, we used all single mutations
and double mutations with high epistasis selected in a previous work (its Supplementary
Table 2) [48]. The MSA of GB1 covers the last 54 residues, and mutations that include the
positions outside MSA are excluded. As a result, the GB1 dataset used in this work includes
2457 mutations.

The avGFP dataset [41] includes 54025 mutations. We followed previous works by picking
up mutations at positions that have more than 30% gaps in MSA to focus on regions with
sufficient evolutionary data [20, 17]. Positions 15-150 were selected out of 237 positions,
resulting in 7775 mutants with numbers of mutations between 1 and 9.

Other 32 datasets were selected from DeepSequence [8]. We searched available three-
dimensional structural data from UniProt [11] and PDB database [22] for each dataset. If a
PDB entry largely covers the mutational domain, the PDB structure and the corresponding
dataset would be selected. The full list of datasets can be found in Supplementary Data 1.

Multiple sequence alignments

Multiple sequence alignments search the homologous sequences of the wild-type sequence
in each DMS dataset. For the 32 DeepSequence datasets, we adopted the MSAs used in
the original work [8]. MSAs of avGFP were obtained from [20]. The MSAs for GB1

were generated by EvCoupling server [6] by searching against the UniRep100 database
with bitscore 0.4, resulting in 387 sequences that cover 54/55 positions. We also explored
different bitscores for GB1 in the MSA search, but larger bitscore leads to fewer sequences
and smaller bitscore fail to cover 70% positions of the wild-type sequence.

Sequence-based models

Multiple sequence-based evolutionary models were used in this work to generate sequence
embeddings or evolutionary scores.
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Constant embedding.—Two constant embeddings, one-hot and Georgiev, were used
in this work. The one-hot embedding is an uninformative categorical strategy without
biochemical information. We consider 20 canonical amino acids and a sequence of length
L is encoded as a 20L vector. Georgiev embedding [49] provides a 19-dimensional
representation for over 500 physicochemical quantities of amino acid in the AAlndex
database [50]. A sequence is encoded as a 19/ vector.

ESM Transformer—The ESM-1b Transformer [15] is a transformer model [51, 52] that
learns 250 million sequences using a masked filling procedure. Its architecture contains 34
layers with 650 million parameters.

The ESM Transformer was used to generate sequence embedding. At each layer, the ESM
model encodes a sequence with length L into a matrix with dimensions 1280 x L by
excluding the start and terminal tokens. In this work, we took the sequence representation
from the final (34-th) layer and average over the axis for sequence length, resulting in a
1280-component vector.

The ESM transformer was also used to generate evolutionary score to predict fitness.
Specifically, the difference in conditional log-likelihoods between the mutated amino acids
and the wild-type amino acids is taken as the evolutionary score. Given a sequence with
length L, s= 51% - - - 57, the masked filling model generates probability distributions for
amino acids at masked positions. For a masked /th position residue s;, the distribution

is given by a conditional probability 2 (s1s?), where s is the remaining sequence
excluding the masked /th position. To reduce the computational cost, the pseudo-log-
likelihoods (PLLs) estimate the exact log-likelihood of a given sequence:

L
PLL(s) = ) logP(s | s(~7). @)
i=1

The evolutionary score is approximated by the difference of PLLs between wild-type (1)
and mutant (/) sequences:

L

PLL(m) — PLL(w) = Z logP(m, | m( =)~ log P(10, | w(~?)
i=1
~ Z log P(m, | m'=D) = log P(w, | w(~ ") @
ievV,
V=_{ilm#uw}

The evolutionary score can be approximated by the second line in the above equation by
summing up the difference between mutant and wild-type pseudo-log-likelihoods at mutated
positions since the PLLs at non-mutated positions have similar values. We conducted this
approximation followed the previous work [20, 32] to save computational cost.

UniRep and eUniRep.—UniRep [14] is the mLSTM model [53] learns from 27 million
sequences from UniRef50 data. To adapt the UniRep to specific protein families, the
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“evo-tuning” procedure is introduced to fine-tune the models using evolutionary sequences
(i.e. homologous sequences from MSA). The resulting eUniRep [17] model includes more
specific information for the target sequence.

These mLSTM models can generate a sequence embedding by encoding a sequence into a
1900 x L matrix using the final hidden layer. The sequence embedding with 1900 dimension
is obtained by average over the sequence length axis.

In addition, the evolutionary score can be generated. The mLSTM models can also be
viewed as sequence distribution. The evolutionary score is also given by the log-likelihood.
Given the first 7amino acids of a sequence, the conditional probabilities of the next amino
acid P (Sp1|s1 - - - ) is parametrized by the mLSTM model. The sequence probability is
given by

L
P(s) = [ [ Plsiai | 5105). ®

i=1

The log likelihood is then taken as the evolutionary score.

In the fine-tune procedure, we followed the protocols and hyperparameters used in the
previous work [17, 20]. The evolutionary sequences from MSA were split into 80% training
set and 20% validation set during the fine-tuning. The learning rate is taken as 1 x 107> and
the number of epochs is 10,000. We performed the fine-tuned procedure if the fine-tuned
model is not performed by previous work [20].

TAPE embedding.—The TAPE models contain multiple pretrained protein language
models to generate sequence embeddings [12]. Three models were created by TAPE,
including ResNet [54], Transformer [51, 52], and LSTM [53] models. Two existing
LSTM-based models, UniRep [14] and Bepler [13], were also implemented. The sequence
embeddings generated from the latent space representation have dimensions 256, 512, 2048,
100, and 1900 for ResNet, Transformer, LSTM, Bepler, and UniRep, respectively. Both
TAPE and the original UniRep implemented the UniRep model. In this work, we only used
the one from the original implementation.

DeepSequence VAE evolutionary score.—DeepSequence VAE [8] is a variational
autoencoder model that learns sequence distribution from MSA. Since the log-likelihood

is intractable, the evidence lower bound (ELBO) is used to estimate the sequence
log-likelihood to predict the sequence mutational effect. Followed by the original
DeepSequence, we trained five VAE models with different random seeds and generated
400 ELBO samples for each model, and the average of all 2000 ELBO samples is used.

In this work, we only performed DeepSequence on avGFP, GB1, and two BRCAL datasets.
Other VAE scores were obtained from data provided in DeepSequence [8].

Tranception evolutionary score.—Tranception [19] is an advanced self-supervised
transformer-based protein language model with 700 millions parameters that promotes
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specialization across attention heads for enhanced protein modeling. The pre-trained model
rank mutations using PLLs followed by the protocol in ESM score (Eq. (5)). Tranception
employs a special bi-directional scoring to have improvement over the unidirectional
scoring used in traditional Transformer-based model. It uses training data augmented by
all sequences and their reverse. The evolutionary score from autoregressive inference mode,
log P4(s), is obtained by averaging PLL scores for sequences in both forward and reverse
order. In addition to the global autoregressive score, Tranception further proposed a local
evolutionary score, retrieval inference, that is based on the empirical distribution of amino
acids in MSAs. It calculates a local log likelihood, log P&(s), from retrieval inference

for sequence s. Tranception score includes both global and local scores via a weighted
geometric average in probability space:

logP(s) = (1 — a)logP,(s) + alog Pg(s), (4)

where a is the retrieval inference weight, and we used a = 0.6 which was reported as the
optimal value for the validation data. The Tranception work has calculated scores for 32
datasets used in our work. We calculated the scores for the two BRCAL datasets for RING
domain by using the MSAs obtained from the description above.

EVE evolutionary score.—Evolutionary model of variant effect (EVE) is a Bayesian
variational autoencoder model that is self-trained on MSAs to learn the sequence
distribution. The ELBO is used to estimate sequence log-likelihood to predict sequence
mutational effect. We adopted the ensemble EVE scores from Tranception work [19] for 32
datasets. The scores for the remaining two BRCA1 datasets for RING domain were adopted
from EVE work [9].

Structural data preparation

The raw wild-type structure data is obtained from the PDB database [22] or AlphaFold [38].
VMD removes the water and selects the target chain in the corresponding DMS dataset
[55]. Jackal package [56], a protein structure modeling tool, is used to optimize wild-type
structures and generate mutant structures. The force parameter CHARMMZ22 is used in this
work. Missing hydrogen atoms of the raw structure data are added using profix function in
Jackal [56]:

profix -fix O $pdbfile

where $pdbfile is the file name of the structure data. The raw structure data may have a few
mutations away from the wild-type sequence. The wild-type structure is generated from the
raw structure via mutations using scap with fixed backbone:

./scap -ini 20 -min 4 $mutant_|list $pdbfile

where $mutant list is the document for mutation information. Then the structure is optimized
with 20 rounds of side-chain conformations minimization using scap in Jackal [56]:
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./scap -ini 20 -mn 4 $pdbfile

From the wild-type structure, each mutant structure in the dataset is obtained from using
scap with fixed backbone, and further optimized by conformation minimization.

For both wild-type and mutant structures, the local structure are extracted by VMD [55] for
the preparation of site-specific analysis. Specifically, atoms belong to mutational sites and
atoms near the mutational sites within distance of 13 A are selected.

Simplicial complex and chain complex

Graph is a representation for a point cloud consisting of vertices and edges for modeling
pairwise interactions, such as atoms and bonds in molecules. Simplicial complex, the
generalization of graph, constructs more enriched shapes to include high dimensional
objects. A simplicial complex is composed of simplexes up to certain dimensions. A

k-simplex, o, is a convex hull of k+1 affinely independent points vy, 14, Vs, - - -, Vg
k k
0% = [ 0,0 0] =1 D Auf D A= 154 €[0,1], Vi ©
i=0 |i=0

In Euclidean space, 0-simplex is a point, 1-simplex is an edge, 2-simplex is a triangle, and
3-simplex is a tetrahedron. The A-simplex can describe abstract simplex for & > 3.

A subset of the &+ 1 vertices of a A-simplex, o, with 7+ 1 vertices forming a convex hull
in a lower dimension and is called an m-face of the A-simplex o', denoted as o C oX. A
simplicial complex K'is a finite collection of simplexes satisfying two conditions:

1. Any face of a simplex in Kisalso in K.
2. The intersection of any two simplexes in K'is either empty or a shared face.

The interactions between two simplexes can be described by adjacency. For example,

in graph theory, two vertices (0-simplexes) are adjacent if they share a common edge
(1-simplex). Adjacency for A-simplexes with & >0 includes both upper and lower adjacency.
Two distinct A-simplexes, o7 and o, in K are upper adjacent, denoted oy ~ s o>, if both are
faces of a (k+ 1)-simplex in K; called a common upper simplex. Two distinct A-simplexes,
oy and oy, in Kare lower adjacent, denoted o4 ~; o, if they share a common (k-
1)-simplex as their face, called a common lower simplex. Either common upper simplex

or common lower simplex is unique for two upper or lower adjacent simplexes. The upper
degree of a k-simplex, deg, (c%), is the number of (k + 1)-simplexes in K of which o

is a face; the lower degree of a A-simplex, deg, (c%), is the number of nonempty (k -
1)-simplexes in K that are faces of %, which is always & + 1. The degree of A-simplex (k >
0) is defined as the sum of its upper and lower degree

deg(ak) = degu(ak) + degL(ok) = degu(ak) +k+1. (6)
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For k=0, the degree of a vertex is:

deg(o-o) = degu(ao) . M

A simplex has orientation determined by the ordering of its vertices, except 0-simplex.

For example, clockwise and anticlockwise orderings of three vertices determine the two
orientation of a triangle. Two simplexes, o1 and o», defined on the same vertices are
similarly oriented if their orderings of vertices differ from an even number of permutations,
otherwise, they are dissimilarly oriented.

Algebraic topology provides a tool to calculate simplicial complex. A 4-chain is a formal
sum of oriented A-simplexes in K'with coefficients on z. The set of all A-chains of simplicial
complex K'together with the addition operation on Z constructs a free Abelian group C((K),
called chain group. To link chain groups from different dimensions, the A-boundary operator,
Ok CK) — Cy-1(K), maps a k-chain in the form of a linear combination of A-simplexes

to the same linear combination of the boundaries of the A~simplexes. For a simple example
where the hain has one oriented A-simplex spanned by &+ 1 vertices as defined in Eq. (5), its
boundary operator is defined as the formal sum of its all (K — 1)-faces:

k

k
ok = Y (= iol" = 37 (= D[on- B i) ®)
i=0

i=0

k—1

where o/ ™" = [w, -+, D;, -+, 0] 1S the (K= 1)-simplex with its vertex v;being removed. The
most important topological property is that a boundary has no boundary: dy—10, = &.

A sequence of chain groups connected by boundary operators defines the chain complex:

0,1, C(K) 0,C, ((K)D, .. 0, C(K) O, ©
— — —_— - —>

When 1 exceeds the dimension of K, C(K) is an empty vector space and the corresponding
boundary operator is a zero map.

Combinatorial Laplacian.

For A-boundary operator di: Cx— Cy-1 in K, let 9B, be the matrix representation of
this operator relative to the standard bases for Cyand Cy1 in K. &, € zM >N is the
matrix representation of boundary operator under the standard bases {s!}"  and {c} "'}

M
j=1

of Crand Cy. Associated with the boundary operator d, the adjoint boundary operator is
d::C,_, — C,, Where its matrix representation is the transpose of the matrix, 98, with respect
to the same ordered bases to the boundary operator.

The k~combinatorial Laplacian, a topological Laplacian, is a linear operator
A C(K) — C(K)
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A = ak+laz+l + a:ak’ (10)
and its matrix representation, Ly, is given by
Lk = '%ku'%ZH + '%Z'%k . (11)
In particular, the 0-combinatorial Laplacian (i.e. graph Laplacian) is given as follows since
op is an zero map:

L =% 9%, . (12)

The elements of A~combinatorial Laplaicn matrices are

deg(o), ifi = j
L) 1, ifi # j, o ~y o' and 6/~,0, with similar orientation
i = . L . . (13
" =1, ifi # j, 6" »y o" and 6'~,6" with dissimilar orientation

0, if i # j, either 6'~,0" or o' =, o .
J J

For k=0, the graph Laplacian matrix Lg is

deg(a)), ifi = j
(Lo),; = =1, if i # j,6/~0, (14)

0, otherwise.

The multiplicity of zero spectra of L gives the Betti-A number, according to combinatorial
Hodge theorem [36]:

B, = dim(L,) — rank(L,) = null(L,). (15)

The Betti numbers describe topological invariants. Specifically, By, £1, and B may be
regarded as the numbers of independent components, rings, and cavities, respectively.

Persistent spectral theory (PST)

The PST is facilitated by filtration, which introduces a multiscale analysis of the point
cloud. The filtration is a family of simplicial complexes, {K.},. .+ parameterized by a single

parameter £ (i.e., the radius of ball in Figure 2c) and ordered by inclusion. There are several
properties of the family of simplicial complexes:

1. For two values of parameters t’ <t”, we have K, C K.

2. There are only finite number of shape changes in the filtration. And we can find
at most nfiltration parameters such that
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@ CK,

,CK,C--CcK, =K, (16)

C ,n
£ 7

CcC K,CK,
F O #
where K'is the largest simplicial complex can be obtained from the filtration. Suppose #;
is the smallest filtration parameter where we observe the /th shape changes. Then for any
filtration parameter ¢ the simplicial complex is corresponding to one simplicial complex in
Eqg. (16):

K, ift €t ,1),i <n,

K, = . 17
K, if 1 € [t,, o). @)

There are various simplicial complex that can be used to construct the filtration, such as
Rips complex, Cech complex, and Alpha complex. For example, the Rips complex of K with
radius #consists of all simplexes with diameter at most 2

V()= {oc C K|diam (o) < 2¢}. (18)

In the filtration, a family of chain complexes can be constructed:

I v ! )‘
Ocs2 . Ok +1 . Ok d . 9
PR —_— —_ e —
— L1 — L — — Lo— (19)
a;* ar* 01* 0:* 0r>«
k+2 k+1 k 1 0 rert

where C, = C,(K,) is the chain group for subcomplex K} and its A-boundary operator is
di: C(K,) = Ci_\(K,). The family of any A-dimensional chain complexes {C;}, _ .+ has similar
two properties for the simplicial complexes { K.}, .+ in filtration.

The homotopic shape changes with a small increment of filtration parameter may be subject
to noise from the data. The persistence may be considered to enhance the robustness when
calculating the Laplacian. First, we define the p-persistent chain group C;” € C,*” whose
boundary isin C;_,:

r={aeC™| 0@ eCl), @)

where 9,"?:C,.** — C.*% is the k-boundary operator for chain group C;*’. Then we can define
a p-persistent boundary operator, 9;”, as the restriction of 9,"” on the p-persistent chain group

1,p.
k-

‘. p ‘+p

k. = Ok |CZP:C;[)_’C;(-1~ (21)

Then PST defines a family of p-persistent A&~combinatorial Laplacian operators
7 Cl(K) — C(K,) [29] which is defined as

47 =3 (05 ) +(a)*a. @)
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We denote ;" and %, as the matrix representations for boundary operators o;%, and g;,
respectively. Then the Laplacian matrix for 4;” is

= BB+ (B B @)
Since the Laplacian matrix, &;’, is positive-semidefinite, its spectra are all real and non-
negative
S¢" = Spectra(Z.") = {(4)", (&), -+ ()"} (24)

where Nis the dimension of a standard basis for C;, and &;” has dimension N/ xN. The
k-persistent Betti number g;” can be obtained from the multiplicity of harmonic spectra of
&z

.’ = dim(&Z)’) — rank(Z)") = null(Z)’) = # {i|(4);" € S, and (4)," =0}. (25
In addition, the rest of the spectra, i.e., the non-harmonic part, capture additional geometric

information. The family of spectra of the persistent Laplacians reveals the homotopic shape
evolution (Figure 2e).

Site- and element-specific PST for protein mutation embedding

The site- and element-specific strategies are used to generate PST embedding to study
mutation-induced structural changes. The site-specific strategy focuses on mutational sites
to reduce computational complexity. The element-specific strategy considers the pairwise
interactions between two atomic groups to encode appropriate physical and chemical
interactions in embedding. For examples, hydrogen bonds can be inferred from the spectra
of oxygen-nitrogen persistent Laplacians whereas hydrophobicity can be extracted from
carbon-carbon pairs.

Specifically, the atoms in a protein are classified into various subsets:

1. o ,.: atoms in the mutation site.
2. o ,..(r): atoms in the neighborhood of the mutation site within a cut-off distance,
r.

3. A ..(E): atoms in the system with element type, £

An atomic group combines the atoms within ((«f,) and near the mutational sites (&,)):

dl = ‘dm N dele(El)a

26
dz = dmn N 'dele(EZ)7 (@)

where element types £; and £, can be C, N, O, and all heavy atoms. Nine single atomic
pairs are constructed where &, and &, pick one of heavy elements in {C, N, O} each time.
And a heavy atomic pair is constructed where both &, and &, represent all heavy elements

{C N, G}
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PST analyzes the union of atoms «f, U &, to embed critical biophysical atomic interactions.
The Euclidean distance D, or a bipartite distance Dnyqq is used. The bipartite distance
excludes interactions between the atoms from the same set:

o, ifa,a,€ A, ora,a € A,,

D,.«(a,a) = . 27
(4. a) Da,a), otherwise . @)

For 0-dimension, filtration using Rips complex with Dn,qq distance is used. The O-
dimensional PST features are generated at fixed scales. Specifically, 0-persistent Laplacian
features are generated at 10 fixed filtration parameters: 2A, 3A, - -, 11A. The short scales
below 2A are excluded as bond-breaking events are irrelevant to the protein fitness of our
interest. For each Laplacian, we count the number of harmonic spectra and calculate 5
statistical values of non-harmonic spectra: minimum, maximum, mean, standard deviation,
and sum. A 60-dimensional vector is generated. This type of features is calculated on 9
atomic pairs. For multiple mutational sites, the features are summed up over mutational
sites. Finally, the dimension of 0-dimensional PST features for a protein is 540.

For 1- or 2-dimension, filtration using alpha complex with D, distance is used. The local
protein structure has a small number of atoms that can generate a limited number of high-
dimensional simplexes, leading to negligible shape changes. As a result, we only extracted
features from harmonic spectra of persistent Laplacians coding topological invariants for
the high-dimensional interactions. The persistence of the harmonic spectra is represented by
the persistent barcode (Figure 2) and implemented by GUDHI [57]. The topological feature
vectors are generated from the statistics of bar lengths, births, and deaths. First, bars with
lengths lower than 0.1 A are excluded since they do not have a clear physical interpretation.
The remaining bars are used to construct the featurization vector with: 1) sum, maximum,
and mean for lengths of bars; 2) minimum and maximum for the birth values of bars; and

3) minimum and maximum for the death values of bars. Each set of point clouds leads to

a 7-dimensional vector. These features are calculated on 9 single atomic pairs and 1 heavy
atomic pair. The dimension of 1- and 2-dimensional PST feature vectors for a protein is
140. Overall, the dimension of PST embedding is 2040 by concatenating features at different
dimensions for wild-type, mutant, and their difference.

In additional to the featurization described above, we also tested different representations
of PST and persistent homology features. The persistent landscape is a popular vector
representation for persistent homology at dimension 1 and 2. It is implemented by GUDHI
in this work [57]. We use 3 landscapes and resolution 10 for each point cloud, and

it results in a 30-dimensional vector. Using the same strategy describe for dimensions

1 and 2, we generated features at 10 point clouds using the element- and site-specific
strategies. The persistent landscape features are calculated for wildtype, mutant, and their
difference for both dimensions 1 and 2, which results in a 1800-dimensional vector for each
mutational entry. We also consider the non-harmonic spectra for p-persistent Laplacians
at dimensions 1 and 2. They are calculated at 10 fixed filtration parameters: 2A, 3A, .

.-, 11 Ausing HERMES package [58]. Five statistical values of non-harmonic spectra:
minimum, maximum, mean, standard deviation, and sum, are used for vectorization. It
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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. These two types of
featurizations are not used in the main results. They are discussed in Supplementary Note 6.

Persistent homology (PH)

Similar to PST, persistent homology presents a multiscale analysis via filtration. Persistent
homology uses homology groups to describe the persistence of topological invariants. As a
result, persistent homology only provides the harmonic spectral information of PST.

The site- and element-specific persistent homology features are generated similar to those of
PST. They use identical filtration construction. For the 0-dimension, the filtration parameter
is discretized into bins with length 1A in the range of [2, 11], namely, [2, 3), [3, 4), - - -, [10,
11)A. For each bin, we count the numbers of persistent bars, resulting in a 9-dimensional
vector for each point cloud. This type of features is calculated on 9 single atomic pairs.
Indeed, the dimension of 0-dimensional persistent homology features for a protein is 81.

For 1- or 2-dimension, the identical featurization from the statistics of persistent bars in

PST is used. Persistent homology embedding combines features at different dimensions as
described above and concatenated for wild-type, mutant, and their difference, resulting in a
663-dimensional vector.

Ensemble regression

Following by the previous work in machine learning-assisted protein engineering [32], we
employed multiple regressors to build the ensemble regression. Features are first normalized
by StandardScalen) in scikit-learn packages [59]. Each regressor is evaluated on training
data by five-fold cross-validation using the root mean square error (RMSE). The Bayesian
optimization is performed to find the best-performing hyperparameters for each regressor
[60]. Then, top A/models are picked up based on the RMSE metric. The ensemble regression
averages the predictions from top N regressors to predict the fitness. There are 18 regressors
including 3 artificial neural networks (ANNs), 10 kernel models, and 5 tree-based models
(Figure 1c).

These 18 models were all used in ensemble regression for the small fixed-size training data
(i.e., from 24 to 240), and top V=3 models were selected and averaged. For the ensemble
of the single type of regressors, kernel, tree, or ANN, /=3 is also used. For 80/20 train/test
data split or five-fold cross-validation, we only ensemble 3 tree-based models and 2 ANN
models for adaption to large training data, and all /=5 models are averaged to enhance

the generalization of the model. In addition, the ANN architectures were made wider and
deeper to fit with large training data. Lists of models, default and optimization ranges of
hyperparameters can be found in Supplementary Tables 1-3.

Kernel-based models—We employed multiple kernel-based models. These types of
models have great generalization ability to the small size of training data, especially for
the linear models. Models implemented by scikit-learn packages [59], including ridge
regression, kernel regression, Bayesian ridge regression, linear support vector regression,
Bayesian ARD regression, cross-validated Lasso, SGDRegressor, k-nearest neighbors
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regressor, and ElasticNet. In addition, we also included a boosting linear model in XGBoost
[61].

Particularly, for ridge regression and kernel regression, we followed the strategy used in
augmented models [20] to make the evolutionary score practically unregularized (using
regularization coefficient 1078). Otherwise, features are concatenated and treated equally in
the model.

Tree-based models—The tree models can rank and keep important features. Their great
fitting and generalization ability lead to robust and accurate performance for any size of
training data. In utilizing the tree-based models, we treat all features equally. The important
features such as evolutionary scores would be recognized by the tree models and contribute
more to predictions. In this work, we employed four scikit-learn models [59]: decision

tree, gradient boosting tree regressor, random forest regressor, bagging regressor, and one
XGBoost tree model [61].

ANN models—The ANN models have universal approximation ability to learn data.
Particularly, with large size of training data, ANN models show higher accuracy and
generalizability than other machine learning models. We employed deep and wide neural
network architectures to build ANN models [62]. The structure- and sequence-based
embeddings are concatenated and fed into a series of hidden fully connected layers. Since
embeddings provide relatively lower-level features than evolutionary scores, embedding
features are fed-forward by several hidden layers, and evolutionary score concatenates with
the last hidden layers, and the entire last layer is fed-forward to the output layer.

Each hidden layer except for the final layer sequentially combines a fully connected layer,
“ReLu” activation function, a batch normalization layer, and a dropout layer. At the final
hidden layer, the hidden units are concatenated with the evolutionary score, and a batch
normalization layer and a fully connected layer are sequentially used to obtain the output.
We took the Adam optimizer with maximal epochs num epochs. An early stopping criterion
is used where the training will be stopped if no decrease of fo/is observed for training errors
over patfence epochs.

For fixed and small sizes of training data 24, 96, 168, and 240, three ANN models have one,
two, and three hidden layers. For 80/20 split or five-fold cross-validation, the ANN models
include more neurons at each layer, and the three ANN models have one, three, and five
hidden layers. Specific hyperparameters can be found in Supplementary Table 3.

Secondary structure predictions

Secondary structures were predicted by the dictionary of protein secondary structures
(DSSP) [63]. Secondary structures are assigned based on hydrogen bonding patterns. We
performed DSSP on wild-type protein for each dataset. DSSP classifies amino acids in

a protein into 8 categories: 3-turn helix (G), 4-turn helix (H), 5-turn helix (1), extended
strand in parallel and/or anti-parallel B-sheet conformation (E), residue in isolated S-bridge
(B), bend (S), and coil (C). The experiments usually have low accuracy in measuring the
structure of coils and the errors will propagate to the entire structure. We then classify these
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8 categories into two types: coil and non-coil. And these two types of secondary structures
can largely indicate the potential accuracy of the structure data.

The B-factor provides a direct measurement of the structural flexibility experiment.

The B-factor, sometimes called the Debye—Waller factor, temperature factor, or atomic
displacement parameter, is used in protein crystallography to describe the attenuation of
X-ray or neutron scattering caused by thermal motion. In each X-ray structure, the B-factor
is provided for each atom. In this work, we extracted B-factor at alpha carbons to represent
the quality of each amino acid. Then we have a vector of B-factor with the same length
with number of amino acids in a protein. Since high B-factor indicates low experimental
accuracy, the third quartile (), presented in this work, indicates the accuracy of those
residues with relatively high B-factor, consequently, reflects the quality of less accurate
domain in a X-ray structure.

Statistical tests

We used two one-sided statistical tests to compare the performance of different methods.
For two sets of samples Xand Y, we make the one-side hypothesis based on their average
values. For example, if X has larger average than Y; we make the hypothesis that Xis
greater than Y. The p-values are calculated to evaluate the statistical significance of the null
hypothesis.

Mann-Whitney U-test—Mann-Whitney U-test is a nonparametric test of the null
hypothesis that, for randomly selected values of Xand Y from two populations, the
probability of X being greater than Y'is equal to the probability of Y being greater than

X. The alternative hypothesis is that one population is stochastically greater than the other.

Wilcoxon signed-rank test—Wilcoxon signed-rank test is also a nonparametric test. It
is particularly designed for two pairs of dependent samples. For example, we used it to
compare the performance of two methods over all datasets which results in paired samples
(e.g., Figure 4b). Otherwise, the Mann-Whitney U-test is used for unpaired samples.

Evaluating metrics

Spearman correlation (p).—Spearman correlation assesses monotonic relationships
between two variables. The Spearman correlation between two variables will be high when
observations have a similar rank between the two variables and low when observations
have a dissimilar rank between the two variables. It is defined as the Pearson correlation
coefficient between the rank variables:

p(X,Y) = M’ (28)

RXOY R(Y)

where cov is the covariance between two variables, o is the standard deviation, and R(X)
is the rank variable of X The Spearman correlation is used to evaluate the rank correlation
between ground truth and predicted fitness.
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Normalized discounted cumulative gain (NDCG).—NDCG is another measure of
ranking quality [64]. The highly ranked samples have a higher contribution to NDCG.

It evaluates the ranking quality by focusing on the top samples. Especially, it is useful
for greedy search in protein engineering which requires selecting top predicted samples.

The predicted values are first sorted into a descending order {f,}l] and the corresponding

ground truth values are { f,

i

}* .- The discounted cumulative gain (DCG) is defined as
S/

The ground truth fitness contributes more to the sum if its prediction has a higher rank. The
DCG is then normalized into a range between 0 and 1, where 1 indicates perfect ranking
quality. The normalized DCG (NDCG) is defined as

~

N N N
_ fi _ fi fi
NDCG = DCG/ l_; Togi +1) l_; ogi+D’ l_; Tog,(i + 1) (30)

~

Root mean square error (RMSE).—RMSE is used to measure the accuracy of the
regressor. Particularly, we used it to rank models in hyperparameter optimization and model
selection in the ensemble regression. Since our tasks focus on the ranking quality of the data,
RMSE is not used to evaluated fitness predictions in this work.
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Extended Data
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Extended Data Fig. 1. The average performance of various models over 34 datasets.
This is a supplement for Figure 3a. (a). Line plots show identical data with Figure 3a with

additional data for two TopFit strategies. (b). Results are evaluated by NDCG. In (a-b),
ensemble regression is used, except ridge regression for Georgiev and one-hot embeddings.
Absolute values of p were shown for evolutionary scores. The width of shade shows

95% confidence interval from n = 20 repeats. Evolutionary scores use absolute values for
corresponding quantities.
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Extended Data Fig.
This is a supplement for Figure 3a. Each line plots show average p for each dataset over n =

20 repeats. Training data sizes are 24, 96, 168, and 240. The width of the shade shows 95%
confidence interval.
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2. Spearman correlation for various models on individual datasets.
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Extended Data Fig. 3. The frequency that an embedding is ranked as the best across 34 datasets

using Spearman correlation.

This is a supplement for Figure 3b including comparisons over different strategies.
Histograms show the frequency that an embedding is ranked as the best across 34 datasets
with 24, 96, 168, and 240 training data, respectively. For each dataset, the best embedding
has average p over 20 repeats within the 95% confidence interval of the embedding with

the highest average p. Comparisons were performed for (a). sequence-based embeddings;
(b). structure- and sequence-based embeddings; (c). structure-based embeddings, sequence-
based embeddings, and evolutionary scores; and (d). structure-based embeddings, sequence-
based embeddings, evolutionary scores, and two sets of TopFit (VAE+PST+ESM and
VAE+PST+eUniRep). We showed and used absolute values Spearman correlation for

evolutionary scores.
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This is an analog for Extended Data Figure 2 but using NDCG. Each line plots show average

NDCG for each dataset over n = 20 repeats. Training data sizes are 24, 96, 168, and 240.
The width of the shade shows 95% confidence interval.
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Extended Data Fig. 5. The frequency that an embedding is ranked as the best across 34 datasets
using NDCG.

This is an analog for Extended Data Figure 3 but measured by NDCG. Histograms show
the frequency that an embedding is ranked as the best across 34 datasets with 24, 96,

168, and 240 training data, respectively. For each dataset, the best embedding has average
NDCG over 20 repeats within the 95% confidence interval of the embedding with the
highest average NDCG. Comparisons were performed for (a). sequence-based embeddings;
(b). structure- and sequence-based embeddings; (c). structure-based embeddings, sequence-
based embeddings, and evolutionary scores; and (d). structure-based embeddings, sequence-
based embeddings, evolutionary scores, and two sets of TopFit (VAE+PST+ESM and
VAE+PST+eUniRep). We showed and used absolute values NDCG for evolutionary scores.
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Extended Data Fig. 6. Relationships between quality of wild-type protein structure and PST

performance.

This is a supplement for Figure 3c. Boxplots show distribution of (a). percentages of

coils for protein structure over 34 datasets and (b). third quartile (Q3) of B-factors at

alpha carbons over 26 X-ray datasets. Datasets were classified into two classes depending
on whether PST embedding is the best embedding. Scatter plots show same data with
boxplots but for individual datasets. One-sided Mann-Whitney U test examines the statistical
significance that two classes have different values. Boxplots display five-number summary
where center line shows median, upper and lower limits of the box show upper and lower
quartiles, and upper and lower whiskers show the maximum and the minimum by excluding
“outliers” outside the interquartile range. In (a), sample sizes for PST ranked as the best

18, and n = 19 for training data size 24, 96, 168, and 240,
respectively. Sample sizes for PST not ranked as the best model are n = 13, n =19, n = 16,
and n = 15 for training data size 24, 96, 168, and 240, respectively. The p-values are 0.01, 3

model aren=21,n=15,n=

Nat Comput Sci. Author manuscript; available in PMC 2023 August 25.




1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Qiu and Wei

Page 30

x 107>, 1 x 1073, and 1 x 1073 for training data size 24, 96, 168, and 240, respectively. In
(b), sample sizes for PST ranked as the best model are n =8, n =12, n = 14, and n = 15 for
training data size 24, 96, 168, and 240, respectively. Sample sizes for PST not ranked as the
best model are n =18, n = 14, n = 12, and n = 11 for training data size 24, 96, 168, and 240,
respectively. The p-values are 0.03, 0.02, 0.07, and 0.02 for training data size 24, 96, 168,
and 240, respectively.
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Extended Data Fig. 7. Model occurrence in ensemble regression.
This is a supplement for Figure 3e to show model occurrence on individual datasets.

each repeat, the top N = 3 regressors were picked and counted. Histograms count the model
occurrence over 20 repeats.
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Extended Data Fig. 8. Comparisons between TopFit and other methods for mutation effects
prediction using Spearman correlation.

This is an analog for Figure 4a—-b, but TopFit combines VAE score, eUniRep embedding,
and PST embedding. All supervised models use 240 labeled training data. Results are
evaluated by Spearman correlation p. DeepSequence VAE takes the absolute value of p.
The average p from 20 repeats is shown. All 34 datasets are categorized by their structure
modality used: X-ray, nuclear magnetic resonance (NMR), AlphaFold (AF), and cryogenic
electron microscopy (EM). (a). Dot plots show results across 34 datasets (b). Dot plots show
pairwise comparison between TopFit with one method at each plot. Medians of difference
for average Spearman correlation Ap across all datasets are shown. One-sided rank-sum test
determines the statistical significance that TopFit has better performance than VAE score,
eUniRep embedding and PST embedding with p-values P =3 x 1077, 2 x 1077, and 4 x
1077, respectively.
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Extended Data Fig. 9. Comparisons between TopFit with other methods. TopFit consists of VAE
score, ESM embedding, and PST embedding.

This is a supplement for Figure 4b to include results with various numbers of training data.
Average Spearman correlation from 20 repeats are shown, and all datasets are categorized by
their structure modality used: X-ray, nuclear magnetic resonance (NMR), AlphaFold (AF),
and cryogenic electron microscopy (EM). One-sided rank-sum test determines the statistical
significance that TopFit has better performance than other strategies, except we use null
hypothesis that TopFit has worse performance than VAE with 24 training data. The p-values
are shown in the corresponding subfigures. They are 1. TopFit versus VAE: P = 4x1075,
2x1075, and 1x1075; 2. TopFit versus ESM: P = 2x1077, 2x107, and 2 x 1077; and 3.
TopFit versus PST: P =2 x 107/, 2 x 1077, and 2 x 1077 for training data size 24, 96, and
168, respectively.
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Extended Data Fig. 10. Comparisons between TopFit with other methods. TopFit consists of VAE
score, eUniRep embedding, and PST embedding.

This is a supplement for Extended Data Figure 8b to include results with various numbers of
training data. Average Spearman correlation from 20 repeats are shown, and all datasets

are categorized by their structure modality used: X-ray, nuclear magnetic resonance

(NMR), AlphaFold (AF), and cryogenic electron microscopy (EM). One-sided rank-sum
test determines the statistical significance that TopFit has better performance than other
strategies, except we use null hypothesis that TopFit has worse performance than VAE with
24 training data. The p-values are shown in the corresponding subfigures. They are 1. TopFit
versus VAE: P =3 x 1076 3 x 1075, and 8 x 1077; 2. TopFit versus eUniRep: P = 4x10~/,
2x1077, and 2x107; and 3. TopFit versus PST: P = 3x10~7, 2x10~7, and 3 x 10~/ for
training data size 24, 96, and 168, respectively.
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optimized structure data, multiple sequence alignments, fine-tune parameters for eUniRep
models, predictions from evolutionary scores for individual mutations, and sequence- and
structure-based embeddings are available at https://github.com/WeilabMSU/TopFit [65] and
our lab server https://weilab.math.msu.edu/Downloads/TopFit/.

Source data for Figures 3, 4, 5, and Extended Data Figures 1, 3,5, 6, 7, 8, 9, 10 is
available with this manuscript. Source data for Extended Data Figuers 2, 4 is available in
Supplementary Data 2.

References

[1]. Narayanan Harini, Dingfelder Fabian, Butté Alessandro, Lorenzen Nikolai, Sokolov Michael,
and Arosio Paolo. Machine learning for biologics: opportunities for protein engineering,
developability, and formulation. Trends in pharmacological sciences, 42(3):151-165, 2021.
[PubMed: 33500170]

[2]. Arnold Frances H. Design by directed evolution. Accounts of chemical research, 31(3):125-131,
1998.

[3]. Karplus Martin and Kuriyan John. Molecular dynamics and protein function. Proceedings of the
National Academy of Sciences, 102(19):6679-6685, 2005.

[4]. Wittmann Bruce J, Johnston Kadina E, Wu Zachary, and Arnold Frances H. Advances in machine
learning for directed evolution. Current opinion in structural biology, 69:11-18, 2021. [PubMed:
33647531]

[5]. Yang Kevin K, Wu Zachary, and Arnold Frances H. Machine-learning-guided directed evolution
for protein engineering. Nature methods, 16(8):687-694, 2019. [PubMed: 31308553]

[6]. Hopf Thomas A, Green Anna G, Schubert Benjamin, Mersmann Sophia, Schéarfe Charlotta PI,
Ingraham John B, Toth-Petroczy Agnes, Brock Kelly, Riesselman Adam J, Palmedo Perry, et
al. The evcouplings python framework for coevolutionary sequence analysis. Bioinformatics,
35(9):1582-1584, 2019. [PubMed: 30304492]

[7]. Hopf Thomas A, Ingraham John B, Poelwijk Frank J, Schérfe Charlotta P1, Springer Michael,
Sander Chris, and Marks Debora S. Mutation effects predicted from sequence co-variation.
Nature biotechnology, 35(2):128-135, 2017.

Nat Comput Sci. Author manuscript; available in PMC 2023 August 25.


https://github.com/WeilabMSU/TopFit
https://weilab.math.msu.edu/Downloads/TopFit/

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Qiu and Wei Page 35

[8]. Riesselman Adam J, Ingraham John B, and Marks Debora S. Deep generative models of genetic
variation capture the effects of mutations. Nature Methods, 15(10):816-822, 2018. [PubMed:
30250057]

[9]. Frazer Jonathan, Notin Pascal, Dias Mafalda, Gomez Aidan, Min Joseph K, Brock Kelly,

Gal Yarin, and Marks Debora S. Disease variant prediction with deep generative models of
evolutionary data. Nature, 599(7883):91-95, 2021. [PubMed: 34707284]

[10]. Rao Roshan M, Liu Jason, Verkuil Robert, Meier Joshua, Canny John, Abbeel Pieter, Sercu Tom,
and Rives Alexander. Msa transformer. In International Conference on Machine Learning, pages
8844-8856. PMLR, 2021.

[11]. Uniprot: the universal protein knowledgebase in 2021. Nucleic Acids Research, 49(D1):D480-
D489, 2021. [PubMed: 33237286]

[12]. Rao Roshan, Bhattacharya Nicholas, Thomas Neil, Duan Yan, Chen Xi, Canny John, Abbeel
Pieter, and Song Yun S. Evaluating protein transfer learning with tape. Advances in Neural
Information Processing Systems, 32:9689, 2019. [PubMed: 33390682]

[13]. Bepler Tristan and Berger Bonnie. Learning protein sequence embeddings using information
from structure. In International Conference on Learning Representations, 2018.

[14]. Alley Ethan C, Khimulya Grigory, Biswas Surojit, AlQuraishi Mohammed, and Church George
M. Unified rational protein engineering with sequence-based deep representation learning.
Nature Methods, 16(12):1315-1322, 2019. [PubMed: 31636460]

[15]. Rives Alexander, Meier Joshua, Sercu Tom, Goyal Siddharth, Lin Zeming, Liu Jason, Guo Demi,
Ott Myle, Lawrence Zitnick C, Ma Jerry, 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.

[16]. Elnaggar Ahmed, Heinzinger Michael, Dallago Christian, Rehawi Ghalia, Yu Wang, Jones Llion,
Gibbs Tom, Feher Tamas, Angerer Christoph, Steinegger Martin, Bhowmik Debsindhu, and Rost
Burkhard. Prottrans: Towards cracking the language of lifes code through self-supervised deep
learning and high performance computing. IEEE Transactions on Pattern Analysis and Machine
Intelligence, pages 1-1, 2021. doi: 10.1109/TPAMI.2021.3095381. [PubMed: 31331880]

[17]. Biswas Surojit, Khimulya Grigory, Alley Ethan C, Esvelt Kevin M, and Church George M.
Low-n protein engineering with data-efficient deep learning. Nature methods, 18(4):389-396,
2021. [PubMed: 33828272]

[18]. Meier Joshua, Rao Roshan, Verkuil Robert, Liu Jason, Sercu Tom, and Rives Alex. Language
models enable zero-shot prediction of the effects of mutations on protein function. Advances in
Neural Information Processing Systems, 34, 2021.

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

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

[21]. Luo Yunan, Jiang Guangde, Yu Tianhao, Liu Yang, Vo Lam, Ding Hantian, Su Yufeng, Wei Qian
Wesley, Zhao Huimin, and Peng Jian. Ecnet is an evolutionary context-integrated deep learning
framework for protein engineering. Nature communications, 12(1):1-14, 2021.

[22]. Berman Helen M, Westbrook John, Feng Zukang, Gilliland Gary, Bhat Talapady N, Weissig
Helge, Shindyalov Ilya N, and Bourne Philip E. The protein data bank. Nucleic acids research,
28(1):235-242, 2000. [PubMed: 10592235]

[23]. Schymkowitz Joost, Borg Jesper, Stricher Francois, Nys Robby, Rousseau Frederic, and Serrano
Luis. The foldx web server: an online force field. Nucleic acids research, 33(suppl 2): W382—
W388, 2005. [PubMed: 15980494]

[24]. Koehler Leman Julia, Weitzner Brian D, Lewis Steven M, Adolf-Bryfogle Jared, Alam Nawsad,
Alford Rebecca F, Aprahamian Melanie, Baker David, Barlow Kyle A, Barth Patrick, et
al. Macromolecular modeling and design in rosetta: recent methods and frameworks. Nature
methods, 17(7):665-680, 2020. [PubMed: 32483333]

Nat Comput Sci. Author manuscript; available in PMC 2023 August 25.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Qiu and Wei

Page 36

[25]. Edelsbrunner Herbert and Harer John. Computational topology: an introduction American
Mathematical Soc., 2010.

[26]. Zomorodian Afra and Carlsson Gunnar. Computing persistent homology. Discrete &
Computational Geometry, 33(2):249-274, 2005.

[27]. Cang Zixuan and Wei Guo-Wei. Integration of element specific persistent homology and machine
learning for protein-ligand binding affinity prediction. International journal for numerical
methods in biomedical engineering, 34(2):e2914, 2018.

[28]. Wang Menglun, Cang Zixuan, and Wei Guo-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.

[29]. Wang Rui, Duy Nguyen Duc, and Wei Guo-Wei. Persistent spectral graph. International journal
for numerical methods in biomedical engineering, 36(9):e3376, 2020. [PubMed: 32515170]

[30]. Mémoli Facundo, Wan Zhengchao, and Wang Yusu. Persistent laplacians: Properties, algorithms
and implications. SIAM Journal on Mathematics of Data Science, 4(2):858-884, 2022.

[31]. Meng Zhenyu and Xia Kelin. Persistent spectral-based machine learning (perspect ml) for
protein-ligand binding affinity prediction. Science Advances, 7(19):eabc5329, 2021. [PubMed:
33962954]

[32]. Wittmann Bruce J, Yue Yisong, and Arnold Frances H. Informed training set design enables
efficient machine learning-assisted directed protein evolution. Cell Systems, 12(11):1026-1045,
2021. [PubMed: 34416172]

[33]. Horak Danijela and Jost Jiirgen. Spectra of combinatorial laplace operators on simplicial
complexes. Advances in Mathematics, 244:303-336, 2013.

[34]. Chung Fan RK and Chung Graham Fan. Spectral graph theory Number 92. American
Mathematical Soc., 1997.

[35]. Oellermann Ortrud R and Schwenk Allen J. The laplacian spectrum of graphs 1991.

[36]. Eckmann Beno. Harmonische funktionen und randwertaufgaben in einem komplex. Commentarii
Mathematici Helvetici, 17(1):240-255, 1944,

[37]. Kac Mark. Can one hear the shape of a drum? The american mathematical monthly, 73(4P2):
1-23, 1966.

[38]. Jumper John, Evans Richard, Pritzel Alexander, Green Tim, Figurnov Michael, Ronneberger
Olaf, Tunyasuvunakool Kathryn, Bates Russ, Zidek Augustin, Potapenko Anna, et al.

Highly accurate protein structure prediction with alphafold. Nature, 596(7873):583-589, 2021.
[PubMed: 34265844]

[39]. Livesey Benjamin J and Marsh Joseph A. Using deep mutational scanning to benchmark variant
effect predictors and identify disease mutations. Molecular systems biology, 16(7): €9380, 2020.
[PubMed: 32627955]

[40]. Qiu Yuchi, Hu Jian, and Wei Guo-Wei. Cluster learning-assisted directed evolution. Nature
Computational Science, 1(12):809-818, 2021. [PubMed: 35811998]

[41]. Sarkisyan Karen S, Bolotin Dmitry A, Meer Margarita V, Usmanova Dinara R, Mishin Alexander
S, Sharonov George V, Ivankov Dmitry N, Bozhanova Nina G, Baranov Mikhail S, Soylemez
Onuralp, et al. Local fitness landscape of the green fluorescent protein. Nature, 533 (7603):397-
401, 2016. [PubMed: 27193686]

[42]. Anders Olson C, Wu Nicholas C, and Sun Ren. A comprehensive biophysical description of
pairwise epistasis throughout an entire protein domain. Current biology, 24(22):2643-2651,
2014. [PubMed: 25455030]

[43]. Klesmith Justin R, Bacik John-Paul, Michalczyk Ryszard, and Whitehead Timothy A.
Comprehensive sequence-flux mapping of a levoglucosan utilization pathway in e. coli. ACS
synthetic biology, 4(11):1235-1243, 2015. [PubMed: 26369947]

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

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

Nat Comput Sci. Author manuscript; available in PMC 2023 August 25.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Qiu and Wei

[46].

[47].

[48].

[49].

[50].

Page 37

Romero Philip A, Krause Andreas, and Arnold Frances H. Navigating the protein fitness
landscape with gaussian processes. Proceedings of the National Academy of Sciences, 110(3):
E193-E201, 2013.

Qiu Yuchi and Wei Guo-Wei. Clade 2.0: Evolution-driven cluster learning-assisted directed
evolution. Journal of Chemical Information and Modeling, 2022.

Rollins Nathan J, Brock Kelly P, Poelwijk Frank J, Stiffler Michael A, Gauthier Nicholas P,
Sander Chris, and Marks Debora S. Inferring protein 3d structure from deep mutation scans.
Nature genetics, 51(7):1170-1176, 2019. [PubMed: 31209393]

Georgiev Alexander G. Interpretable numerical descriptors of amino acid space. Journal of
Computational Biology, 16(5):703-723, 2009. [PubMed: 19432540]

Kawashima Shuichi and Kanehisa Minoru. AAindex: amino acid index database. Nucleic acids
research, 28(1):374-374, 2000. [PubMed: 10592278]

[51]. Vaswani Ashish, Shazeer Noam, Parmar Niki, Uszkoreit Jakob, Jones Llion, Gomez Aidan N,

[52].
[53].
[54].
[55].
[56].

[57].

[58].

[59].

[60].

[61].

[62].

[63].

[64].

[65].

Kaiser £.ukasz, and Polosukhin Illia. Attention is all you need. In Advances in neural information
processing systems, pages 5998-6008, 2017.

Devlin Jacob, Chang Ming-Wei, Lee Kenton, and Toutanova Kristina. Bert: Pre-training of deep
bidirectional transformers for language understanding. arXiv preprint arXiv:1810.04805, 2018.
Hochreiter Sepp and Schmidhuber Jiirgen. Long short-term memory. Neural computation, 9
(8):1735-1780, 1997. [PubMed: 9377276]

Yu Fisher, Koltun Vladlen, and Funkhouser Thomas. Dilated residual networks In Proceedings of
the IEEE conference on computer vision and pattern recognition, pages 472-480, 2017.

Humphrey William, Dalke Andrew, and Schulten Klaus. VMD: visual molecular dynamics.
Journal of molecular graphics, 14(1):33-38, 1996. [PubMed: 8744570]

Xiang Zhexin and Honig Barry. Extending the accuracy limits of prediction for side-chain
conformations. Journal of molecular biology, 311(2):421-430, 2001. [PubMed: 11478870]

Maria Clément, Boissonnat Jean-Daniel, Glisse Marc, and Yvinec Mariette. The gudhi library:
Simplicial complexes and persistent homology. In International congress on mathematical
software, pages 167-174. Springer, 2014.

Wang Rui, Zhao Rundong, Ribando-Gros Emily, Chen Jiahui, Tong Yiying, and Wei Guo-Wei.
Hermes: Persistent spectral graph software. Foundations of data science (Springfield, Mo.), 3
(1):67, 2021. [PubMed: 34485918]

Pedregosa Fabian, Varoquaux Géel, Gramfort Alexandre, Michel Vincent, Thirion Bertrand,
Grisel Olivier, Blondel Mathieu, Prettenhofer Peter, Weiss Ron, Dubourg Vincent, et al. Scikit-
learn: Machine learning in python. the Journal of machine Learning research, 12:2825-2830,
2011.

Bergstra James, Yamins Daniel, and Cox David. Making a science of model search: Hyper-
parameter optimization in hundreds of dimensions for vision architectures. In International
conference on machine learning, pages 115-123. PMLR, 2013.

Chen Tiangi and Guestrin Carlos. Xgboost: A scalable tree boosting system In Proceedings of
the 22nd acm sigkdd international conference on knowledge discovery and data mining, pages
785-794, 2016.

Cheng Heng-Tze, Koc Levent, Harmsen Jeremiah, Shaked Tal, Chandra Tushar, Aradhye Hrishi,
Anderson Glen, Corrado Greg, Chai Wei, Ispir Mustafa, et al. Wide & deep learning for
recommender systems In Proceedings of the 1st workshop on deep learning for recommender
systems, pages 7-10, 2016.

Kabsch Wolfgang and Sander Christian. Dictionary of protein secondary structure: pattern
recognition of hydrogen-bonded and geometrical features. Biopolymers: Original Research on
Biomolecules, 22(12):2577-2637, 1983.

Jérvelin Kalervo and Kekaldinen Jaana. Cumulated gain-based evaluation of IR techniques. ACM
Transactions on Information Systems (TOIS), 20(4):422-446, 2002.

YuchiQiu. YuchiQiu/TopFit: Nature Computational Science publication accompaniment. (v1.0.0).
Zenodo 10.5281/zenodo.7450235, 2022.

Nat Comput Sci. Author manuscript; available in PMC 2023 August 25.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Qiu and Wei

| @ Three-dimensional Structure Persistent spectral
theory (PST)

=

wild type

'
'

mutant

b Sequences 1 I Deep protecijnI
anguage models
! seq1:MIEQDG...AFYRLLDEFF | S
: seq2:AIEQDG. . . AFYRLLDEFF ; Transformer
: seq3:MIEQDG. ..AFYRLDDEFF I mLSTM
! » :
L seqn:MIEQDG. . .AFMRLLDEFF JL VAE
e e T e e e e e e e
Ic Fitness Ensemble Regression
Landscape |§ = = ceeesreesssscsnieesseeg peeseessssnsssseeny seessssssenseeee
Kernel :: Tree
models :i models Q!

fithess

Figure 1: Conceptual diagram of the TopFit method.
(a). Topological structure-based module generates PST embedding. A wild-type three-

dimensional structure is obtained from the PDB or AlphaFold database. Both wild-type
and mutant structures are optimized for local mutational-site structure extraction. PST
embedding is generated from the spectra of persistent Laplacians where the harmonic and
non-harmonic spectra delineate the mutational atlas. (b). Sequence-based embedding and
evolutionary scores are generated by various deep protein language models. (c). Ensemble
regression recruits multiple regressors in predicting fitness. Features from two featurization
modules are concatenated and fed into the downstream ensemble regression. The ensemble
regression ranks and selects top performing models from 18 regressors in three major
classes: artificial neural networks (ANNS), kernel models, and tree models. Hyperparameters
of each regressor are optimized. The ensemble regression averages the predictions from top
regressors to navigate the fitness landscape.
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Figure 2: Persistent spectral theory for topological persistence and homotopic shape evolution.
(a). Three dimensional protein structure data is given as a point cloud. (b). Simplex provides

the basic building block of the simplicial complex. (c). Balls with a fixed radius are placed at
each point to generate a covering of the point cloud. The simplicial complex is constructed
from the covering patterns of the point cloud. Filtration generates a family of simplicial
complexes with a series of increasing radii. (d). Persistent homology (PH) provides a
topological representation from persistent barcodes at homology group AHiat /th dimension.
(e). Persistent spectral theory (PST) analyzes the spectra of persistent Laplacians. The
harmonic spectra reveal topological persistence as PH does, and the non-harmonic spectra
capture the homotopic shape evolution of data. Abscissa shows the range of spectra, and
ordinate shows the number of spectra in the range.
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Figure 3: Prediction from single embedding on fitness landscape measured by Spearman

correlations (p).

(a). Line plots show average p over 34 datasets. Ensemble regression is used, except ridge
regression for Georgiev and one-hot embeddings. Absolute values of o were shown for
evolutionary scores. The width of shade shows 95% confidence interval from n= 20
independent repeats. (b-b’). Histograms show the frequency that an embedding is ranked

as the best across 34 datasets for training data size (b) 24 and (b’) 240. For each dataset, the
best embedding has average p over 7= 20 independent repeats within the 95% confidence
interval of the embedding with the highest average p. In (a)-(b), Structure-based embeddings
include persistent homology (PH) and PST. Sequence-based embeddings include ESM [15],
eUniRep [17], Georgiev [49], UniRep [14], Bepler [13], and three TAPE models (LSTM,
Transformer, and ResNet) [12]. Evolutionary scores include DeepSequence VAE [8], EVE
[9], Tranception [19], ESM [15], and eUniRep [17]. (c-c’). Boxplots show distribution of
percentages of coils for protein structure for each dataset, where boxplots were presented
on 34 datasets classified into two classes depending on whether PST embedding is the

best embedding. Scatter plots show same data with boxplots but for individual datasets.
One-sided Mann-Whitney U test examines the statistical significance that two classes have
different percentages of coils. Boxplots display five-number summary where center line
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shows median, upper and lower limits of the box show upper and lower quartiles, and upper
and lower whiskers show the maximum and the minimum by excluding “outliers” outside
the interquartile range. Training data size is (c) 24 and (c’) 240. The classes that PST is
ranked as the best or not the best have sample sizes (c) 7= 21 versus n= 13, and (c’)

n=19 versus n=15. P-values are (c) £=0.01 and (¢’) P=1 x1073. (d). Line plots

show comparisons between different regression for average p over 34 datasets using PST
embedding. Error bars show the 95% confidence interval from 7= 20 independent repeats.
(e). Histograms show model occurrence in ensemble regression over 34 datasets using the
PST embedding.
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Figure 4: Comparisons between TopFit embeddings and other methods for fitness prediction.
All supervised models use 240 labeled training data. Results are evaluated by Spearman

correlation p. DeepSequence VAE takes the absolute value of p. In (a-b), TopFit combines
PST embedding, ESM embedding, and DeepSequence VAE score. The average p from

20 independent repeats is shown. 34 datasets are categorized by their structure modality
used: X-ray, nuclear magnetic resonance (NMR), AlphaFold (AF), and cryogenic electron
microscopy (EM). (a). Dot plots show results across 34 datasets (b). Dot plots show
pairwise comparison between TopFit with one method at each plot. Medians of difference
for average Spearman correlation Ap across all datasets are shown. One-sided rank-sum test
determines the statistical significance that TopFit has better performance than VAE score,
ESM embedding, and PST embedding for 7= 34 datasets with p-values £=0.087, 0.083,
and 2 x 1077, respectively. (c). Comparisons for extrapolation that predicts datasets with
multiple mutations using the single-mutation data. Bars show average values and errorbars
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show 95% confidence interval from 1= 20 independent repeats. Scatter plots show o from
each repeat.
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Figure 5: Comparisons between TopFit and other regression models for fitness predictions using
Spearman correlation (p).

Heatmap shows the relative improvement in p achieved by TopFit. TopFit compares with

the augmented VAE model [20] for training data sizes 24, 96, 168, 240, and 80/20 train/

test split. TopFit compares with ECNet [21] using five-fold cross-validation (5-fold CV).
One-side Mann-Whitney U-test examines the statistical significance that two comparing
methods have different p. The p-values are annotated in the heatmap using star form: ‘ns’ for
not significant with p >0.05, “*’ for p <0.05, “**’ for p <0.01, “***’ for p <0.001, “****’
for p <0.0001. TopFit has /7= 20 independent repeats for 24, 96, 168, 240 training data, and
n=10 for 80/20 train/test split and 5-fold CV. Augmented VAE was reproduced by us with »
= 20 independent repeats. Results for ECNet were obtained from their work with average p,
and indeed p-values were not reported.
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