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7 Abstract

8 Directed evolution (DE), a strategy for protein engineering, optimizes protein properties (i.e. fit-
9 ness) by expensive and time-consuming screen or selection of a large combinatorial sequence space.
10 Machine learning-assisted directed evolution (MLDE) that screens variant properties in silico can re-
11 duce the experimental burden. However, the MLDE utilizing small experimentally labeled training data
12 from random sampling renders low global maximal fitness hitting rates. This work introduces a cluster
13 learning-assisted directed evolution (CLADE) framework, particularly designed for systems without high-
14 throughput screening assays, that combines sampling through hierarchical unsupervised clustering and
15 supervised learning to guide protein engineering. Based on general biological information, CLADE splits
16 the genetic combinatorial space into various subspaces with heterogeneous evolutionary traits, which
17 guides the selection of experimental sampling sets and the subsequent building up of supervised learning
1 training sets. By virtually screening two four-site combinatorial fitness landscapes from protein G do-
19 main Bl (GB1) and PhoQ, our CLADE consistently showed near 3-fold improvement on global maximal
20 fitness hitting rate than using randomly sampled training data. Our CLADE can be easily applied to
21 various biological systems and customized for systems with different throughput levels to maximize its
2 accuracy and efficiency. It promises a significant impact to protein engineering.
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1 Introduction

Directed evolution (DE) is a commonly used approach in protein engineering to improve certain prop-
erties (e.g., fitness) of a target protein. The fitness landscape is a high-dimensional surface that maps amino
acid sequences to properties including activity, selectivity, stability, and other physicochemical features. Con-
ventional DE seeks to discover useful variants satisfying desired properties by searching the optimal sequences
on the fitness landscape through selection or screen. However, the full exploration of the fitness landscape is
difficult under restricted timelines and laboratory capacities particularly when a high-throughput selection
or screen is not available for the system because the size of the sequence space is in the order of 20% with L
potential amino acids to be changed [1].

The last decade has witnessed the rapid development of machine learning and deep learning algorithms
for biological data [2, 3, 4, 5, 6]. Supervised models can learn relationships between sequences and fitness
properties, and provide quantitative predictions on protein thermostability [7], protein folding energy [8, 9],
protein solubility [10], protein-ligand binding affinity [11], and protein-protein binding affinity [12]. Due to
the high cost of acquiring supervised protein labels, self-supervised protein embedding has emerged as an
important paradigm in protein modeling. Trained on vast unlabeled sequence data resulting from natural
evolution, self-supervised protein embedding can capture significant latent biological information of sequence
and pass the information to the downstream supervised task [13, 14]. Adapted from natural language process-
ing, many model architectures, such as variational auto-encoder [15], recurrent neural network [16, 17], and
transformer [18], can be used to train the protein embedding models [13]. On the other hand, unsupervised
clustering methods can identify the internal characteristics of unlabeled data by dividing them into multiple
subspaces. Clustering methods, including distance-based clustering [19, 20], community-based clustering
[21], density-based clustering [22], and graph-based clustering [23, 24], were widely applied to transcriptomic
data analysis [25], pattern recognition [26] and image processing [27] to reveal data heterogeneity.

DE optimizes protein fitness by mimicking the process of natural selection [28]. The epistasis is prevalent
in the fitness landscape, where the combined effect of multiple mutations deviates from that predicted by
adding their individual effects [29]. The DE via single-mutation search is generally restricted to exploring
local valleys due to the epistasis [30, 31, 32], whereas multi-site saturation mutagenesis is inevitably associated
with a huge combinatorial library, which often overwhelms the screen capacity. Recently, machine learning-
assisted directed evolution (MLDE) becomes a new approach to navigate the epistatic fitness landscape
for a predetermined combinatorial library at selected mutation sites. In MLDE, a supervised learning
model is trained on a small sample of experimentally labeled variants (~10?) and is used to predict the
fitness of all the unlabeled variants in the combinatorial library. Variants with top predicted fitness are
experimentally screened to find optimal variants [1, 33, 34]. The MLDE has been applied to improve protein
fitness in numerous biological systems, such as enzyme evolution [31], engineering of GFP fluorescence [35],
the localization of membrane proteins [36], protein thermostability optimization [37], therapeutic antibody
optimization [38].

Functional proteins are rare in the enormous combinatorial space, and as the desired level of function
increases the number of variants having that function decreases exponentially [1]. It is challenging for the
MLDE to accurately predict high-fitness variants by learning from the training data overwhelmed with low-
or zero-fitness variants. The application of zero-shot prediction, which predicts protein functions without
any data collection, can be an effective approach in selecting more informative variants in the training data.
With the inclusion of the zero-shot predictor, the focused training MLDE achieved significant improvement
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in predicting fitness landscape comparing to traditional DE on protein G domain B1 (GB1) dataset [30].
However, the unsupervised zero-shot predictor requires large amounts of prior knowledge in predicting a
property for all variants and this property needs to be highly correlated with the desired fitness. The
generalization of the zero-shot predictor is difficult and intricate where customized designs and testing are
necessary before application to a new biological system or a new type of protein fitness.

In this work, we purpose a novel cluster learning-assisted directed evolution (CLADE) framework to
guide protein engineering. CLADE framework introduces an unsupervised clustering strategy to preselect
the training sets for supervised learning to virtually navigate the fitness landscape. Through unsupervised
clustering methods, the fitness heterogeneity can be identified where clusters have significantly different pop-
ulations of high-fitness variants. Utilizing the fitness heterogeneity, we identify and oversample the clusters
enriched with high-fitness variants according to the cluster-wise sampling probability which is dynamically
updated and iterated with experimental screen. By introducing a hierarchical structure in clustering method,
the performance of CLADE is accurate and robust with respect to the selection of hyperparameters. With
the requirement of the same amount of prior knowledge with MLDE, CLADE can reach 50.8% and 55.8%
global maximal fitness hitting rates for simulated medium and low throughput systems, respectively, which
are over 2.7-fold improvement to MLDE on GB1 dataset. We further tested CLADE on the PhoQ dataset
whose fitness is more sophisticated and rare than GB1 [39] and a 2.9-fold improvement on global maximal
fitness hitting rate (i.e. from 7.2% to 20.6%) can be found comparing to MLDE. Our CLADE can be easily
customized to systems with various throughput levels and particularly, low throughput systems may be more
beneficial to achieve higher global maximal fitness hitting rate.

2 Results

2.1 Overview of CLADE

The CLADE framework consists of the experimental screen, unsupervised clustering, and supervised
learning, where unsupervised clustering and supervised learning serve as complementary roles to guide exper-
imental screen to discover variants with optimal fitness in directed evolution (Figure 1A). Prior to CLADE,
a target protein and multiple sites for saturation mutagenesis need to be determined by expert selection.
An unlabeled combinatorial library is then constructed which consists of sequences of all candidate variants
(Figure 1B). The unknown specific fitness information can be determined through the experimental screen,
but usually only a small subset of variants is screened due to experimental constraints. Although specific
fitness information is largely unknown, general biological information, such as amino acid physicochemical
property, is available for all variants in the combinatorial library (Figure 1B). A hidden correlation between
general biological information and specific fitness information variants can be learned. At the first stage of
CLADE, unsupervised clustering guides coarse search and selection over clusters. By encoding sequences of
variants with general biological information, unsupervised clustering divides the combinatorial library into
multiple clusters with different internal characteristics. Variants in the same cluster have similar general
biological properties, as well as fitness properties of the interest despite their values are unknown. Instead
of a random selection of variants in the entire combinatorial library, CLADE selects variants via a cluster-
learning sampling approach. To select one variant, one cluster is first selected according to the predefined
cluster-wise sampling probabilities, and an uniform and random sampling selects the variant in this clus-
ter. The selected variants are experimentally screened to obtain their fitness values. The overall fitness
property of each cluster can be approximated by the average fitness of all selected variants in this cluster.
The cluster-learning sampling iteratively selects variants and updates the cluster-wise sampling probabilities
based on the overall fitness property over clusters. The labeled sample set is taken as training data to train
a supervised learning model and provide a quantitative virtual evaluation of the rest of the combinatorial
library. Top predicted variants are screened by experiments to discover the optimal variants and evaluate
the predictive performance of CLADE (Figure 1C).
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Figure 1: Overview of cluster learning-assisted directed evolution (CLADE). (A) Conceptual
diagram of CLADE. CLADE consists of three components: experimental screen, unsupervised clustering,
and supervised learning. Unsupervised clustering guides a cluster-wise coarse search of variants and se-
lection by iterating with the experimental screen. The information obtained by unsupervised learning is
passed to supervised learning for quantitative evaluation. The experimental screen provides validation of
the quantitative evaluation. Blue arrows illustrate the flow of information. The supervised learning can
also be repeated after experimental validation, but it is not considered in this work (gray dash arrow).
(B) Combinatorial library construction. For a target protein, expert selection picks L sites for saturation
mutagenesis to construct the combinatorial library including all variants at these sites. In the figure, target
protein is GB1 (PDB ID: 2gi9) and L = 4 mutation sites are V39, D40, G41, and V54. Each variant can be
encoded by well-known general biological information and the encoding of the combinatorial library leads
to a feature matrix X. The specific fitness information for each variant is unknown and the experimental
screen is required to obtain the precise fitness value, but usually only a small subset of variants can be
screened with limited experimental capacity. (C) Flowchart of CLADE. Unsupervised clustering divides the
combinatorial library into multiple clusters by using the feature matrix X. Cluster-learning sampling selects
and screen variants to construct a labeled sample set through iterations between the experimental screen and
unsupervised clustering. The labeled sample set is taken as training data passing to the supervised learn-
ing. Supervised learning learns from the training data and provides predictions on optimal variants. (D)
Cluster-learning sampling schematic diagram. Cluster-wise sampling probabilities guide variants selection
and the follow-up experimental screen at different clusters. Sampling probabilities are calculated based on
existing labeled variants and dynamically updated when a new batch of variants is screened. Clusters with
high average fitness tend to be oversampled with higher sampling probabilities. Deep hierarchical clustering
is calculated during iterations to further oversample the high-fitness clusters. The high-fitness clusters are
divided into more subclusters to allow further oversampling in these clusters.
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In cluster-learning sampling, cluster-wise sampling probabilities are dynamically updated after each
batch of variants is screened (Figure 1D). In the first few batches, sampling probabilities are identical for
all clusters to have a rough coverage of all clusters. Then the sampling strategy is designed to oversample
the high-fitness clusters since high-fitness variants are more desired in fitness optimization. The sampling
probability for each cluster is defined by the average fitness of selected variants in this cluster divided by
the summation of the average fitness of selected variants in each cluster (Methods). To further oversample
the high-fitness clusters, we propose a deep hierarchical clustering structure (Figure 1D). Clusters with
higher average fitness are divided into more subclusters and then the same cluster-wise sampling procedure
is applied to clusters at the new hierarchy. For maximum hierarchy N, N hyperparameters are needed
for the increment of new clusters at each hierarchy. The increment of clusters at hierarchy ¢ is defined as
K; (i=1,2,---, N) (Methods). Three examples of simulated sampling with various maximum hierarchies
were presented to further illustrate the sampling process (Supplementary Information S3, Figure S1).

In the experimental screen, a batch of variants is usually screened in parallel and the batch size varies
in systems with different throughput systems. To adopt CLADE to systems with different throughputs, the
frequency for updating sampling probability or generating clusters at new hierarchy needs to be multiples
of the batch size, as well as the number of training data and the number of top-predicted variants being
screened. Two batch sizes, 96 and 1, were taken in this work. Batch size 96 is followed by the small 96-well
plate commonly seen in many experimental systems [31, 35] and it is used to simulate medium throughput
systems. Batch size 1 is used to simulate systems with extremely low throughput where variants need to be
screened one by one. For these two types of systems, many procedures are identical in this work: 1) the size of
training data is 384 and top 96 predicted variants are screened to evaluate the predictive performance; 2) the
first 96 samples are selected randomly and uniformly over clusters; 3) new subclusters at new hierarchy are
generated after every 96 variants are collected until reaching the maximum hierarchy N. The only difference
is the frequency for updating sampling probabilities, which is identical to the batch size. The outcome of
CLADE consists of variants in the training data and the top 96 predicted variants. The max fitness and
mean fitness are used to evaluate the CLADE outcome. Another important metric, the global maximal
fitness hitting rate, measures the frequency that CLADE successfully picks the global maximal variant in
either training data or top prediction. Details and more metrics are given in Methods.

2.2 Unsupervised clustering reveals fitness heterogeneity

The fitness landscape is usually enriched with low- or zero-fitness variants [1]. For example, an empiri-
cally determined combinatorial fitness landscape of protein G domain B1 (GB1; PDB ID: 2gi9) consists of
experimentally determined fitness [32]. The fitness was defined as the enrichment of folded protein bound to
the antibody IgG-Fc. This data set contains 149,361 variants out of 20* = 160,000 variants at four amino
acid sites (V39, D40, G41, and V54). By normalizing the fitness to its global maximum, 92% of variants
have fitness lower than 0.01 and 99.3% variants have fitness lower than 0.3. As a case study, we tested our
CLADE method on the GB1 dataset.

As a proof of principle, we employed K-means clustering and took four physicochemical descriptors,
AA encoding, as the sequence encoding method (Methods). We first cluster the fitness landscape into
K; = 3 clusters. Three clusters contain the similar number of variants and they are well separated in the
projected principal components space. The population of high-fitness variants (i.e. > 0.3) is rare in the
fitness landscape. Interestingly, the heterogeneity of high-fitness variants was found in these clusters, where
cluster 3 contains over 11-fold of high-fitness variants than either cluster 1 or cluster 2 (Figure 2A).

Next, we performed the K-means clustering with various numbers of clusters K7 (10, 40, and 100) and
multiple repeats were performed for each K7 value. In a single simulation, clusters were numbered by a
unique cluster ID, where cluster ID indicates the descending ranking of the average fitness for all variants
within the corresponding cluster. Expected average fitness in the cluster with identical cluster ID were
calculated (Figure 2B). The distribution of cluster average fitness reveals the fitness heterogeneity where the
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Figure 2: K-means reveals fitness heterogeneity and cluster-learning sampling recapitulates
the heterogeneity with maximum hierarchy N = 1. (A) Visualization of GB1 variants in the reduced
two-dimensional space spanned by the first two principal components. Three clusters were obtained from
K-means. Dots with different colors represent variants in different clusters. Each cluster was plotted
individually (from the second subplot to the fourth subplot). Variants with fitness lower or higher than 0.3
are denoted by light or dark colors, respectively. Numbers of variants in three clusters are 50,030, 51,016,
and 48,315, respectively. And numbers of high-fitness variants (i.e. > 0.3) in these clusters are 80, 59,
and 911, respectively. (B) K-means clustering and the follow-up cluster-learning sampling on the GB1
dataset with 500 independent repeats. Three sets of parameters are presented individually in different plots:
K; = 10 (blue), 40 (red), and 100 (yellow). In a single simulation, each cluster is numbered by a unique
cluster ID, where cluster ID indicates the descending ranking of the average fitness for all variants within the
corresponding cluster. Bar plots above the abscissa with dark color show the expected average ground-truth
fitness for all variants contained in each cluster. Bar plots below the abscissa with light color show the
expected average fitness for variants selected from the cluster-learning sampling in each cluster.

cluster with lower numbering has higher average fitness (Figure 2B). We found the distribution of cluster
average fitness becomes more polarized near the origin as K7 increases. Specifically, 32%, 52% and 67% of
high-fitness variants (i.e. > 0.3) are contained in the top 10% clusters for K; values at 10, 40, and 100,
respectively (Figure 2B).

The cluster-learning then oversampled the high-fitness cluster in the simulated medium-throughput sys-
tem. In sampled data, distributions of the expected cluster average fitness recapitulated the polarized dis-
tributions as shown in the ground-truth fitness and the distributions become more polarized as K increases
(Figure 2B). Indeed, K-means can capture the fitness heterogeneity and our cluster-learning algorithm can
recapitulate this heterogeneity and select more samples with higher fitness. A community-based clustering
method, Louvain clustering [21], was also carried out to capture the fitness heterogeneity (Supplementary
Information S4, Figure S2).

2.3 Accurate and robust CLADE outcome with deep hierarchical structure

Utilizing the fitness heterogeneity, CLADE performed differently under different clustering architectures.
First, we performed CLADE on simulated medium-throughput systems by exploring maximum hierarchy N
and hyperparameters (i.e. increments of clusters at each hierarchy). With shallow hierarchy N = 1, CLADE
using K-means improved all evaluating metrics, including expected max fitness, expected mean fitness,
global maximal hitting rate, NDGC, cross validation errors, and testing errors, for both training data and
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top 96 predicted variants, comparing to the case using the random sampled training data regardless of the
parameters selection (Table S1-S3). Moreover, the global maximal fitness hitting rate can reach 40.2% when
K; =90, a 2.2-fold improvement to the case using the random sampled training data (Table 1). Similarly,
by exploring hyperparameters of Louvain method, CLADE can lead to similar improvement and an almost
2-fold improvement on global maximal fitness hitting rate, 36.4%, can be observed (Table 1). In hierarchical
clustering, a cluster may contain fewer variants than the number of its subclusters at the next hierarchy
since the number of variants in one cluster decreases quickly with respect to its hierarchy. To avoid this
issue, various cluster increments (K7, Ko, K3, etc.) are explored in smaller ranges for deep hierarchy. With
deep hierarchy, CLADE performance was further improved (Table S1-S3). A 2.7-fold improvement of the
global maximal hitting rate, 50.8%, can be observed for both N =2 and N = 3 (Table 1).

Clustering Parameters Expected Expected Global max
method; max fitness | mean fitness | hitting rate
architecture
random - 0.774 0.305 18.6%
sampling
(MLDE);
N =0;
K-means; K1 =90 0.870 0.406 40.2%
N=1
Seurat k.param=>500; 0.846 0.357 36.4%
(Louvain); resolution=1.2
N=1
K-means; K, = 40; 0.887 0.421 50.8%
N =2 Ky =30
K-means; K, = 30; 0.888 0.423 50.8%
N=3 Ky = K3 =140
Low Ky = 30; 0.904 0.431 55.6%
throughput; Ky = K3 =50
K-means;

N=3

Table 1: CLADE performance GB1 dataset with different sampling architectures by using AA encoding. For
each architecture, hyperparameters for clustering method were explored (Table S1-S3). The case with highest expected max
fitness for each architecture was shown in this table. Unless explicitly indicated, the batch size is taken as 96 to simulate the
medium-throughput systems. The case with N = 0 indicates randomly sampled training data which is equivalent to the MLDE
approach. All statistics were obtained from 500 independent repeats of both sampling and training. Expected max fitness and
expected mean fitness were evaluated on top 96 variants from supervised learning model. The global maximum hitting rate
was evaluated on the union of the top 96 variants from supervised learning model and the 384 variants in training data.

In applications, the robustness of CLADE performance to hyperparameters is also desired since only
one set of hyperparameters can be picked and applied. Surprisingly, the robustness was enhanced as the
maximum hierarchy increases (Figure S3-S5, Table S1). With shallow hierarchy N = 1, the global maximal
fitness hitting rate is relatively low and varies in a relatively large range from 30.6% to 41.2%. While for
deep hierarchy N = 3, the global maximal fitness hitting rate is relatively higher and varies in a relatively
small range from 41.6% to 50.8%.

We also performed CLADE in the simulated low-throughput systems. We only explored CLADE with
maximum hierarchy N = 3, which achieves the best performance in medium-throughput systems. Because
sampling probabilities are updated more frequently, the simulated low-throughput systems can achieve better
performance measured in expected max fitness, expected mean fitness, and global maximal fitness hitting
rate. Especially, the global maximal fitness hitting rate can reach 55.6% (Table 1).
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Overall, deep CLADE ensures robust and accurate performance in directed evolution. Systems with
lower throughput may achieve better performance.

2.4 CLADE mediates training data diversity to improve its outcome

In CLADE, various clustering architectures result in different compositions of training data and affect
the outcome of the downstream supervised learning. Training data diversity is critical to the outcome of
the supervised learning model, where high diversity may minimize the extrapolation and low diversity may
allow more accurate predictions at a local structure. Here, we study training data diversity in both feature
space (i.e. sequence diversity) and labels space (i.e. fitness diversity), and both of them are quantified by
the modified functional attribute diversity (MFAD) (Methods).

We compared four CLADE simulations with various maximum hierarchies NV from 0 to 3 on GB1 dataset
with AA encoding, particularly, N = 0 represents random sampling without clustering (Figure 3A-F). We
picked increments of clusters such that any cases at the same hierarchy have the same number of clusters
despite their different maximum hierarchy. All cases are overwhelmed with low- or zero-fitness, which is
inherent from the fitness landscape. But as the maximum hierarchy N increases, more high-fitness variants
can be selected and the fitness distribution becomes less localized at 0, especially for the last batch of selection
where variants were selected at the maximum hierarchy (Figure 3A and Figure S6). As a result, fitness
diversity increases when a new hierarchy is added. On the other hand, we observed distributions of variants
in reduced sequence space become more localized as a new hierarchy is added, as a result, the sequence
diversity decreases (Figure 3C-F and Figure S7). With increased fitness diversity and reduced sequence
diversity in training data, the performance of the downstream supervised learning model is improved for
both max fitness and mean fitness of top predicted variants with deep hierarchy (Figure 3B). The consistent
conclusion can be drawn statistically with multiple repeats (Figure S8).

By aligning statistical results from different CLADE architectures and hyperparameters, relations be-
tween training data diversity and CLADE outcome can be clearly seen (Figure 3G-I). In general, a deeper
hierarchy results in lower sequence diversity and higher fitness diversity (Figure 3G). Although shallow hier-
archy can reach the similar fitness diversity level with the deep hierarchy with sufficient large K, it has much
higher sequence diversity close to that in random sampling (Figure 3G). CLADE generally achieved better
performance on expected max fitness if lower sequence diversity is achieved in training data (Figure 3H). On
the other hand, with increasing fitness diversity, shallow CLADE performance can be improved first with
small K7 but then drop with large K;. In contrast, deep CLADE performance continues to be improved
with increasing fitness diversity (Figure 3I). Such improvement from deep CLADE is not limited to expected
max fitness but all evaluating metrics we discussed in this work, including expected mean fitness, global
maximal fitness hitting rate, NDCG, cross validation errors, and testing errors (Table S1-S3). Overall, the
deeper maximum hierarchy allows further improvement of CLADE performance through mediation on the
training data diversity.

2.5 CLADE on PhoQ dataset

We further tested CLADE on PhoQ dataset, a fitness landscape on a combinatorial library with four
mutation sites (A284, V285, S288, and T289) [39]. This data set consists of 140,517 labeled variants out
of 20*=160,000. The fitness was defined as the enrichment of similar phosphatase activity with wild-type
PhoQ to its substrate PhoP. By normalizing the fitness to its global maximum, PhoQ dataset was found to
be overwhelmed with low- or zero-fitness variants with 92% of variants having fitness lower than 0.01 and
99.96% of variants having fitness lower than 0.3, where the high-fitness variants are more rare than that in
GBI dataset (Figure S9A).

Unlike GB1 where the value of fitness directly reflects the levels of protein property (i.e. binding affinity),
the value of fitness for Pho(Q is more sophisticated as it does not indicate the level of protein property. Using
AA encoding, we found a 19% improvement on max fitness and a 3-fold improvement on global maximum
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Figure 3: Relations between training data diversity and CLADE outcome. (A-F) Single CLADE
simulation with various maximum hierarchies: 1) N = 0 (random sampling; MLDE); 2) N =1 (K; = 30);
3) N=2 (K1 =Kz =30);4) N =3 (K1 = Kz = K3 = 30). Distributions of fitness in (A) training data
sampled at fourth batch (consists of 96 samples) and (B) the top 96 predicted variants. The violin plot
outlines illustrate kernel probability density where the width of the shaded area represents the proportion
of the data located there. Each black dot represents a variant and its ordinate show the fitness of the
variant. The red line shows the maximum fitness and the purple line shows the mean fitness. In (A), fitness
diversity measured by modified functional attribute diversity (MFAD) are: 1) N = 0: 1.4; 2) N = 1: 5.3;
3) N =2: 74; and 4) N = 3: 10.2. Distributions of variants selected at fourth batch in sequence space in
the projected first two-principle component space: (C) N = 0; (D) N =1; (E) N = 2; and (F) N = 3.
The sequence diversity measured by MFAD are: 518, 517, 460, and 446, respectively, for these four cases. In
(C-F), gray dots show all variants in the combinatorial library. (G-H) For various maximum hierarchies,
hyperparameters were explored (Table S1-S3). For N = 1, two ranges of K; were explored: 10:10:90 and
100:200:1000. For N = 2, combinations of K7 and K2 were explored: K1 = 10: 10 : 50 and Ko = 10 : 10 : 50.
For N = 3, K3 was assumed to be identical to K2. Combinations of K7 and K9 were explored: K; = 10 :
10 : 50 and K2 = 10 : 10 : 50. For each set of hyperparameters, CLADE was repeated independently 500
times and expected values of training data fitness diversity, training data sequence diversity, and expected
maximum fitness from CLADE are shown. Numbers next to dots inside the plots for cases N =0 or N =1
denote the number of clusters at the first hierarchy, Ki. (G) Expected sequence diversity versus expected
fitness diversity. (H) Expected sequence diversity versus expected maximum fitness from CLADE. (I)
Expected fitness diversity versus expected maximum fitness from CLADE.

hitting rate from deep CLADE comparing to CLADE using randomly sampled training data (i.e. MLDE).
However, the improved predictive performance from deep CLADE still has low expected max fitness and
low global maximal fitness hitting rate. Instead of using AA encoding extracted from a small subset of
AAlIndex [40], Georgiev encoding [41, 42], a more comprehensive encoding method by integrating over 500
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amino acid indices in AAIndex database, was tested. We found CLADE performance was largely improved
by using Georgiev encoding. Deep CLADE again showed significant improvement compared to the case
uses randomly sampled training data, where a 36% improvement on expected max fitness and a 2.9-fold
improvement (i.e. from 7.2% to 20.6%) on global maximum hitting were observed (Table 2). Despite of
CLADE showing lower global maximum hitting rate and expected max fitness in PhoQ dataset than that
in GB1 dataset, the fitness improvement relative to wild-type protein measured by expected max fitness is
much higher for PhoQ, which are 7.8- and 67-fold, respectively, for GB1 and PhoQ (Figure S9B).

Encoding Architecture Expected Expected Global max
method max fitness | mean fitness | hitting rate
AA random 0.299 0.072 1.0%
sampling
(MLDE); N =0
AA N =3; 0.357 0.093 3.0%
Ky = 40;
Ky =K3=30
Georgiev random 0.371 0.077 7.2%
sampling
(MLDE); N =0
Georgiev N =3; 0.503 0.096 20.6%
K1 = 10;
Ky =K3=30

Table 2: CLADE performance with different encoding methods on PhoQ data set. Deep CLADE was only explored
for maximum hierarchy N = 3 and parameters were explored (Table S1-S3). All cases used K-means for clustering method.
The cases with highest expected max fitness were shown in this table. Unless explicitly indicated, the batch size is taken as
96 to simulate the medium-throughput systems. The case with N = 0 indicates randomly sampled training data which is
equivalent to the MLDE approach. All statistics were obtained from 500 independent repeats including sampling and training.
Expected max fitness and expected mean fitness were evaluated on top 96 variants from supervised learning model. The global
maximum hitting rate was evaluated on the union of the top 96 variants from supervised learning model and the 384 variants
in training data.

3 Discussions

In this study, we proposed a cluster learning-assisted directed evolution framework. CLADE is effective
to identify the heterogeneity of the fitness landscape by utilizing general biological information. Then, the
cluster-learning sampling is able to recapitulate such heterogeneity to provide more informative training data.
With the proposed deep hierarchical structure in clustering, we found CLADE is efficient to assist experiment
to find high-fitness variants and its performance is robust to the selection of hyperparameters. In applications,
after expert selection on potential mutation sites for saturation mutagenesis, CLADE can efficiently navigate
the fitness landscape in silico by selecting and learning from a small subset of experimentally screened
variants. It requires only general biological information such as amino acid physiochemical properties, but
no specific information on fitness or target protein. CLADE can simply be customized to different biological
systems to maximize its impacts. Especially, low-throughput systems may benefit more from this framework.

In general, fitness diversity also reflects the enrichment of high-fitness in the training data for the fitness
landscape containing a large portion of low- or zero-fitness variants. Increased fitness diversity allows CLADE
to learn more information from high-fitness variants. Deep hierarchical structure in CLADE significantly
improves fitness diversity. Because the epistatic landscape has multiple local optima, variants may scatter
over multiple local optima. Increased fitness diversity may not ensure CLADE improvement when it exceeds
a certain level (Figure S3). To further improve CLADE performance, training data with more variants
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near the global optima may help (i.e., reduced sequence diversity). While extremely low sequence diversity
may have opposite effects on supervised learning [30]. In deep CLADE, sequential selection of variants
over clusters from shallow to deep hierarchies can obtain both low and high sequence diversity at different
batches (Figure S7). Therefore, deep CLADE properly regulates training data diversity properly to improve
its performance.

CLADE can be implemented by using any sequence encoding methods. In this work, two physicochemi-
cal sequence encoding methods were tested. Regardless of the encoding method or the dataset, deep CLADE
consistently showed near 3-fold improvement on global maximal fitness hitting rate comparing to CLADE
using randomly sampled training data (i.e. MLDE) (Table S4). Interestingly, CLADE on GBI using AA
encoding has better predictive performance than that using Georgiev encoding, while PhoQ behaved other
way around. AA encoding is a subset of AAIndex while Georgiev gives a comprehensive low-dimensional
representation of AAIndex. For the GB1 dataset, the AA encoding may be sufficient to learn the fitness,
and Georgiev encoding may contain redundant information leading to its underperformance than AA en-
coding. For the PhoQ dataset, due to its sophisticated fitness property, four physicochemical descriptors
from AA encoding may not be sufficient to learn the fitness, consequently, Georgiev encoding outperforms
AA encoding. To maximize the impacts of CLADE, a universal and informative encoding method is de-
sired. The physicochemical descriptors have been widely applied to many other machine learning tasks in
predicting protein functions [8, 12, 43]. Moreover, the development of self-supervised pretraining methods
provides novel data-driven approaches in sequence encoding methods [13, 44]. While they were reported to
underperform Georgiev encoding on GB1 dataset in MLDE [30], the self-supervised learning enriched with
hidden information should be further explored. A careful design for the target protein may be necessary. For
example, more homology of the targeted protein can be included in the training data of the self-supervised
learning model [33].

The fitness landscape is usually overwhelmed with low- or zero-fitness variants. Avoiding the non-
functional variants in training data would significantly improve directed evolution performance. The zero-
shot predictor, utilizing large amount of prior knowledge to predict whether a variant is functional, can
guide the training data creation to exclude low- or zero-fitness variants. The zero-shot predictor requires
its predicted quantities highly correlated to the fitness of interest. The focused training MLDE (ftMLDE)
combining a zero-shot predictor with MLDE performed extremely well on the GB1 dataset with 92% global
maximal fitness hitting rate [30]. However, the design of the zero-shot predictor may vary much from different
proteins and the target fitness properties. The performance of such an unsupervised zero-shot predictor is
difficult to be tested before applications. Alternatively, the selection of every batch of variants in CLADE
is simply driven by the previously screened variants. Our CLADE provides a general framework in directed
evolution that significantly improves the performance of traditional MLDE without the requirement of extra
prior knowledge. Although CLADE achieved lower global maximum hitting rate (i.e. 50.8%) on GB1 dataset
than ftMLDE, we showed the generalization to more sophisticated fitness on the PhoQ data set, where the
value of fitness no longer represents levels of certain protein property and fewer variants near the global
maximal fitness (Figure S9). Moreover, integrating additional partial prior knowledge with the CLADE
framework, similar to the zero-shot predictor, may further improve CLADE performance.

Iterating with experimental screen, our cluster-learning sampling approach is a special type of active
learning in protein engineering [3]. The current active learning methods usually use supervised learning
to make decisions for the next round of experiment. Followed by the supervised learning at the end, the
CLADE may significantly enhance the outcome robustness by exploring more diverse space and exclusion of
low- or zero-fitness variants while preserving sequence and fitness diversity in the training set. In contrast to
the current MLDE protocols where site-directed mutagenesis is conducted to generate the variants used to
train ML models, the CLADE protocol requires making specific variants throughout the whole process from
the initial sampling and the training sets to the predicted set, which would increase experimental cost in
making constructs. However, with the rapid decrease in the cost of gene synthesis and development of high-
throughput site-directed mutagenesis [45], making hundreds of variants harboring multiple mutations would
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still be efficient and affordable. The increased cost would be sufficiently compensated by the significantly
improved performance of the supervised learning with the increased expected max fitness and global max
hitting rate.

4 Methods

Physicochemical sequence encoding In this work, two types of physicochemical sequence encoding
methods, AA and Georgiev, were used to test CLADE. The encoding matrix of the combinatorial library
was standardized via StandardScalar() in scikit-learn [46] before further usage. The same encoding matrix
was used for both unsupervised clustering and supervised learning models. First, the AA encoding consists of
four physicochemical descriptors including molecular mass, hydropathy, surface area, and volume (Table S5).
Molecular mass, hydropathy, and surface area are obtained from the AAIndex database [40], and volume is
from the experimental work [47]. This encoding was previously used in protein stability changes predictions
[8]. Imstead of picking a subset of AAlIndex database, the Georgiev encoding [41, 42] comprehensively
integrated over 500 amino acid indices in AAIndex database and it gives a low-dimensional representation
of these indices with in 19-dimensional. More details see Supplementary Information S1.

Unsupervised clustering and cluster-learning sampling In this work, two unsupervised clustering
algorithms, K-means [19] and Louvain [21], were tested on CLADE. K-means clustering is computed using
scikit-learn package with default kmeans++ initialization [46]. Louvain clustering is computed on a shared
nearest neighbor graph implemented by Seurat package [48] (Supplementary Information S4).

The cluster-wise sampling probabilities depend on the average fitness of selected variants in each cluster.
The cluster with higher average fitness has the higher probability to be selected. In k-th cluster at i-th
hierarchy, the sampling probability is given by:

1
ko iin c](c”

1 )
= Yj

P = (1)

jinC

where C’l(i) C I is the index set of [-th cluster at i-th hierarchy and I is the index set of the combinatorial
library that gives each variant an unique index. And y; is the fitness of j-th variant.
In deep hierarchical clustering, only K-means is applied since it is easy to control the number of clusters

with a single hyperparameter K. For maximum hierarchy N, increment of clusters at i-th (i < V) hierarchy
N

is given by K;. The total number of clusters at maximum hierarchy is the sum of these numbers > Kj.
i=1

At a new hierarchy, clusters with higher average fitness are divided into more subclusters, and clusters with

low average fitness are divided into fewer subclusters or not divided. The k-th parent cluster at (i — 1)-th
hierarchy will be divided into Lg') subclusters at ¢-th hierarchy, and L,(:) is given by

. POK] +1, if k # ko
Lo= VK= S PYR +1, itk =k (2)
J#ko

where kg is the cluster index such that this cluster has maximum average fitness from selected variants in
all clusters and [z] represents the largest integer not greater than x.

We summarize the flow of cluster-learning sampling together with required hyperparameters. The struc-
ture of clusters needs to be determined prior to the sampling process with N + 1 hyperparameters, including
maximum hierarchy N and the increment of clusters at each hierarchy K;. The batch size, NUMpgyzcep, is
taken to be the number of variants being screened simultaneously in experiment. The batch size decides the
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parameter medium throughput | low throughput
NUMpaten 96 1
T 384 384
M 96 96
NUM; 96 96
NUMhiera'rchy 96 96

Table 3: Numbers for simulated medium- and low-throughput systems in work.

frequency for updating sampling probability and clusters at new hierarchy, and a lower batch size usually
leads to more accurate CLADE prediction but higher cost in experiment. During sampling, the first round
selection selects NUM;; variants, that are equally picked over clusters to have a rough coverage of all clus-
ters. After the first-round selection, sampling probability is updated every batch according to Eq. (1), and a
new hierarchy is generated after every NUMp;erarchy variants is screened until reaching maximum hierarchy
N. The sampling process generates NUMy, ;. labeled variants to train the downstream supervised learning
model. The top M variants predicted by CLADE are experimentally screened. These numbers, NUM 4,
NUMpicrarchy; NUMgrqin, and M are all required to be multiples of batch size NUMpqtcp,. The N 41 hyper-
parameters for clustering were extensive explored in this work. Two sets of the other five hyperparameters
were explored to simulate medium- and low-throughput systems (Table 3). In application, NUMpqsen is
picked according to experimental protocol and T' can be picked according to screening capacity. The other
three numbers can be selected according to our experiment and scaled to the suitable values.

Supervised learning The MLDE package [33] was used for the supervised learning model in this work.
An ensemble of 16 regression models optimized by Bayesian hyperparameter optimizations were used. Five-
fold cross validation is performed on training data and used to evaluate the performance of each model
measured by mean square errors. Bayesian hyperparameter optimizations are performed to find the best-
performing hyperparameters for each model. After hyperparameter optimizations, the top three models are
picked and averaged to predict the fitness of unlabeled variants. Details see Supplementary Information S2
and Table S6-S7.

Evaluating metrics Various metrics were used to evaluate the training data diversity and CLADE out-
come. Mean fitness and max fitness are calculated in three sets, including training data, the top M predicted
variants and their union. Global maximal fitness hitting rate calculated the frequency that the global max
fitness variant is successfully picked in multiple independent repeats. Normalized discounted cumulative gain
(NDCG) is a measure of ranking quality to evaluate the predictive performance of CLADE on all unlabeled
data. Its value is between 0 and 1. When NDCG is closed to 1, it indicates that variants ranked by the
predicted fitness are similar to that ranked by the ground truth fitness. Root mean square error (RMSE) and
Pearson correlation are used to evaluate the performance of the supervised learning for both cross validation
and testing. Modified functional attribute diversity (MFAD) is a quantity to measure data diversity [49]. In
this work, we used it to measure fitness and sequence diversity for training data. Suppose T is the training
data size, MFAD is given by

M=

T
=1

i=1j

MFAD = , (3)

where d;; represents the dissimilarity between ¢-th sample and j-th sample. For fitness diversity, the dissim-
ilarity is calculated by the difference of fitness between two samples:

di5"e = Jy; =yl (4)
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For sequence diversity, the dissimilarity is calculated by Euclidean distance between two samples of the
physicochemical encoding:

e (5)

where z; is the physicochemical encoding feature vector of i-th variant, and || - || is the Euclidean distance.

Data Availability

The GB1 dataset [32] is an empirical fitness landscape for protein G domain B1 (GB1; PDB ID: 2GI9)
binding to an antibody. The fitness was defined as the enrichment of folded protein bound to the antibody
IgG-Fc. This data set contains 149,361 experimentally labeled variants out of 20*=160,000 at four amino
acid sites (V39, D40, G41, and V54). The fitness of the remaining 10,639 unlabeled variants is imputed,
but they are not considered in this study. In this work, we linearly scaled the range of fitness to [0,1] by
normalizing fitness to global maximum fitness.

In PhoQ dataset [39], a high-throughput assay for the signaling of the two-component regulatory system,
PhoQ-PhoP sensor kinase and a response regulator (PDB ID: 3DGE), was developed with a YFP reporter
expressed from a PhoP-dependent promoter. The combinatorial library was constructed at four sites (A284,
V285, S288, and T289) for PhoQ. Phosphatase or kinase activity by stimulating PhoQ with high or low
extracellular magnesium was performed. This two-step selection involving two libraries was used to select
mutants that behaved similarly to the wild-type PhoQ. In this work, we took the data from the combinatorial
library with high extracellular magnesium treatment, where it has large coverage with 140,517 quality-read
variants out of 20*=160,000. The fitness was defined as the enrichment of similar phosphatase activity with
wild-type PhoQ to its substrate PhoP. We linearly scaled the range of fitness to [0, 1] by normalizing fitness
to global maximum fitness.

Code Availability

All source codes and models are publicly available at https://github.com/YuchiQiu/CLADE.

Supporting Information

S1 Feature matrix
S2 Supervised learning model
S3 Simulations on cluster-learning sampling
S4 CLADE using Louvain clustering
S5 Supplementary Figures
Figure S1-S9
S6 Supplementary Tables
Table S1-S7
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