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Abstract

Solubility is one of the most important properties of protein. Protein solubility can be

greatly changed by single amino acid mutations and the reduced protein solubility

could lead to diseases. Since experimental methods to determine solubility are

time-consuming and expensive, in-silico methods have been developed to predict the

protein solubility changes caused by mutations mostly through protein evolution

information. However, these methods are slow since it takes long time to obtain evo-

lution information through multiple sequence alignment. In addition, these methods

are of low performance because they do not fully utilize protein 3D structures due to

a lack of experimental structures for most proteins. Here, we proposed a sequence-

based method DeepMutSol to predict solubility change from residual mutations

based on the Graph Convolutional Neural Network (GCN), where the protein graph

was initiated according to predicted protein structure from Alphafold2, and the nodes

(residues) were represented by protein language embeddings. To circumvent the

small data of solubility changes, we further pretrained the model over absolute pro-

tein solubility. DeepMutSol was shown to outperform state-of-the-art methods in

benchmark tests. In addition, we applied the method to clinically relevant genes from

the ClinVar database and the predicted solubility changes were shown able to sepa-

rate pathogenic mutations. All of the data sets and the source code are available at

https://github.com/biomed-AI/DeepMutSol.
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1 | INTRODUCTION

Proteins are attractively diagnostic and therapeutic molecules because

of their versatility and specificity of functions and their inherent low

toxicity,1–4 and have been widely used in the treatment of various

diseases including cancer and autoimmune diseases.5 However,

Changes in protein solubility are likely to affect the biological functions

of proteins.6 For example, reducing the solubility of protein drugs may

make them ineffective or even toxic.7,8 In addition, protein solubility is

also an essential property for the protein's extraction, separation, and

purification.9,10 Therefore, maintaining or increasing the protein solubil-

ity is important for diagnostic and therapeutic applications. Experimen-

tally, solubility is widely optimized through protein engineering
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technique such as protein mutagenesis.11,12 Though a single amino acid

mutation might profoundly alter protein solubility,13–15 the formed large

libraries of candidate mutations are time-consuming and expensive for

screening. Therefore, in silico methods are required to screen soluble

candidates.16–18

Until now, several methods have been developed to predict the

effects of mutation on protein solubility. OptSolMut19 leveraged lin-

ear programming algorithm to optimize a scoring function. CamSol20

utilized the native protein structure to build a residue specific solubil-

ity profile. SolubiS21 is also a structure-based method that combined

interaction analysis of FoldX,22 aggregation prediction of TANGO,23

and structural analysis of YASARA.24 SODA25 is a sequence-based

method whereas available structure can also be used to mask the bur-

ied residues from prediction. Machine learning algorithm like random

forest has been introduced by Pon-Sol.26 Pon-Sol227 extended

PonSol's data set and leveraged gradient lifting algorithm for

sequence-based prediction. However, deep learning methods have

not been utilized for this task due to the small experimental data. In

addition, feature extraction methods based on amino acid composi-

tion, physicochemical properties, structural domains, evolutionary

conservatism, and other aspects need to consider multiple features at

the same time, which will lead to high feature dimensions, prone to

overfitting and other problems, and there may be a correlation

between different features, which will lead to repeated information

and noise information. The extraction of protein evolutionary features

requires comparison of the differences of multiple protein sequences

and calculation of evolutionary trees, which requires a large amount

of data analysis and computing resources, so the time cost is relatively

high. Moreover, when multiple sequences are compared, there are

problems such as sequence insertion and deletion, as well as confu-

sion of homologous sequences, which will lead to the accumulation of

errors in the comparison results.

Recently, there is great progress in small data learning. For exam-

ple, transfer learning technique has shown ability to transfer knowl-

edge from related tasks with large-scale data to the target task with

limited data.28 Our previous works have highlighted the power of pre-

trained protein language model ProtTrans29 on metal ion-binding site

prediction.30

Another limitation of existing sequence-based solubility change

prediction is the lack of protein structure information. Deep learning

methods have been shown to benefit from protein structure informa-

tion for protein solubility prediction,31 stability changes prediction,32

protein design,33 protein–protein interaction,34 and drug discovery.35

However, the number of available protein crystal structures for solu-

bility mutagenesis is far more insufficient for deep learning model

training. Our previous work leveraged AlphaFold36 as replacement of

crystal structures in protein-DNA interaction task.

Here, we proposed a sequence-based method DeepMutSol to

predict solubility change from residual mutations based on the Graph

Convolutional Neural Network (GCN), where protein graph was initi-

ated according to predicted protein structure from Alphafold2, and

the nodes (residues) were represented by protein language embed-

dings. To circumvent the small data of solubility changes, we further

pretrained the model over absolute protein solubility. To our best

knowledge, this is the first deep-learning-based method for this task.

The benchmark test showed that our method outperformed all other

compared methods over a variety of metrics. Further downstream

analysis showed that the predictions could discriminate pathogenic

mutations in the Clinvar data set.37,38 It highlighted the potential of

DeepMutSol for further application on disease pathway analysis and

drug discovery.

To summarize, our contributions are as follows:

1. We developed the first deep-learning-based method for mutation-

caused protein solubility change prediction which outperformed

existing methods.

2. We leveraged AlphaFold to predict protein structure and intro-

duced the Graph Convolutional Neural Network (GCN) to effec-

tively encode the protein structure information.

3. We employed transfer-learning techniques to overcome the prob-

lem of training data limitation through using the embedded repre-

sentations of a pretrained ProtTrans protein language model and a

pretrained model over absolute protein solubility.

2 | METHODS

2.1 | Data sets

We used the same data set from the Pon-Sol2 study27 to train our

model. To be complete, we briefly introduced the data set. The data

set includes 6328 mutations from 77 proteins. These mutations are

divided into three categories: solubility decreasing, increasing, or non-

effect. Among these mutations, there were 3136 mutations that

reduced solubility, 2166 mutations that had no effect on solubility,

and 1026 mutations that increased solubility, respectively. The data

set was randomly split into the training and test sets with similar ratio

for three categories of mutations. It should be noted that the test data

set does not share mutations at the same position with training

data set. Eventually, 5666 mutations were used for training, including

2798 mutations with reduced solubility, 1929 mutations with no

effect on solubility, and 939 mutations with increased solubility. The

independent test set consisted of 662 mutations, including 338 with

reduced solubility, 237 with constant solubility, and 87 with increased

solubility. In order to overcome the problem of data set imbalance, we

introduce reverse mutation in the training set for data augmentation,

which has proved to be useful in our previous work.32 The details of

the final dataset are provided in Data S1.

2.2 | Network architecture

As shown in Figure 1, We used AlphaFold to predict three-

dimensional structure of the wild-type protein to obtain spatial struc-

ture information, and used the pretrained models to produce protein

sequence features. Since the experimental data of protein mutation
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solubility change is small, we used the transferred learning technique

to extract the learned feature information from the pretrained related

tasks with large-scale data for the protein mutation solubility change

prediction task. We used two models for the transfer learning: Prot-

Trans and the protein solubility value prediction model. We input the

protein sequence features extracted from ProtTrans and the adja-

cency matrix generated according to the predicted three-dimensional

structure into the graph convolutional network (GCN) to aggregate

the spatial structure and sequence information. We concatenate the

output features of the GCN module with the pooling attention fea-

tures extracted from the protein solubility value prediction model.

The concatenated features are converted into global embedded fea-

tures by self-attention pooling module, and then input into the fully

connected layer to obtain the final predicted solubility change value.

2.2.1 | ProtTrans

The ProtTrans model is a self-supervised language model trained on

80 billion amino acids from 200 million protein sequences

(UniRef100) and 393 billion amino acids from 2.1 billion protein

sequences from the Big Fat Database (BFD). BFD is the largest set of

protein sequences available today (22 and 112 times the size of the

entire English Wikipedia, respectively). The ProtTrans model has been

shown to surpass the state of the art in delivering the most informa-

tive embeddings and validates the advantages of using embeddings

for downstream prediction tasks. We use the ProtTrans model to

extract effective protein sequence information to solve the problem

of the limited data set. At the same time, using ProtTrans model to

extract pretrained features only needs to input protein sequences,

instead of using MSAs, which can save a lot of time and cost. For a

protein sequence of length L, The pretrained ProtTrans model can

generate L � 1024-dimension features. We spliced ProtTrans fea-

tures extracted from wild-type protein sequences and mutant protein

sequences to obtain L � 2048-dimension features as node features,

and input the node features into the GCN module to obtain L�16-

dimension feature vector.

2.2.2 | Protein solubility prediction model

Compared with the experimental data of protein mutation solubility

change, the experimental data of protein solubility are much bigger.

Considering the potential for knowledge transfer from protein solubil-

ity prediction tasks with larger data sets, we also pretrained a protein

solubility prediction model for extracting solubility-related features.

Our solubility prediction task was pretrained on the data set from

DeepSol.39 We removed redundant sequences and sequences homol-

ogous to the test set from the training data set in the same way as

DeepSol. At the same time, we also remove all sequences from the

training set that had a sequence identity ≥30% to any sequence in

the test set of our protein mutation solubility change prediction task.

F IGURE 1 The overall framework of the DeepMutSol model. The DeepMutSol model consists of GCN module, self-attention pooling
module, and fully connected module. The predicted structures of the wild-type sequence by Alphafold were used to construct the protein graph
with residual distances as edge attributes. In parallel, we used two pretrained models to extract ProtTrans features and attentional pooling
features before and after mutations, which are used to generate node features. The pretrained attention pooling features are finally concatenated
with the output features of GCN module, and input into the fully connected layer to predict the solubility change.
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Finally, the training set of our solubility prediction task consisted of

28,972 soluble and 40,448 insoluble protein sequences, and the test

set consisted of 1000 soluble and 1001 insoluble protein sequences.

The model consists of long-short term memory (LSTM) network and self-

attention pooling modules with input features extracted from the Prot-

Trans model as pretrained features. We extract the pooling attention fea-

tures of the attention pooling module and transfer them to the

DeepMutSol model for training. A single protein sequence can extract

L�4-dimension attentional pooling features, and we also spliced the atten-

tional pooling features of wild-type and mutant-type protein sequences to

obtain L�8-dimension features. We spliced the L�8-dimensional atten-

tion pooling features with L�16-dimensional GCN output feature vector

as the input of the self-attention pooling module.

2.2.3 | Adjacency matrix

The GCN adjacency matrix was represented through the two-dimensional

distance map S according to the predicted protein tertiary structure:

sij ¼ 2

1þ max d0,dijð Þ
d0

, ð1Þ

where dij is the spatial distance between cα atoms of residue i and res-

idue j, and d0 is set as 4.0Å, as also used in definition of the SP-

score.40 This distance conversion ensures a score from 0 to 1, indicat-

ing the possibilities to form contacts between the residue pairs. We

only use the pre-mutation structure of the protein, so that we do not

need to predict the respective structure for each mutation.

2.2.4 | Node selection

We did not employ all residues in a protein for the node representa-

tion of GCN. In contrast, we selected 30 residues with largest abso-

lute change between the ProTrans features of wild-type sequence and

mutated sequence. These residues are selected as they are the most

“mutation sensitive.” Selecting these residues instead of all residues is

considered to be more computationally efficient and less information-

redundant. We also calculated the 3D distance between the 30 selected

residues and the mutated residues in the wild-type AlphaFold structure

of test set proteins. The average 3D distance of the selected residue to

the mutated residue (13.87 Å) is significantly smaller than that of the

other residues (27.79 Å). The selection of these residues should be

helpful to introduce some useful structural information.

2.2.5 | Graph convolution network

Currently The fully connected attribute graph formed by the selected

L residues as nodes can be represented by G¼ A,Xð Þ, where X�RL�f

represents the node feature matrix and f represents the dimension of

node features, A�RL�L represents the contact matrix. Our graph con-

volution network takes the following formula:

G lþ1ð Þ ¼ σ ~D
�1~AG lð ÞW lð Þ

� �
ð2Þ

where ~A¼Aþ I is the adjacency matrix obtained by adding contact

matrix A determined by the predicted distance map and the identity

matrix I for self-loops, ~D¼RL�L is the degree matrix with ~Dii ¼
P
k

~Aik

that can normalize ~A to sum up to 1.0 in each row. W lð Þ �Rf�f 0 is a

weight matrix of layer-specific trainable parameters that can map fea-

tures to a low-dimensional space of size f 0. σ �ð Þrepresents a nonlinear

activation function, and here we use LeakyReLU(�). The more layers of

GCN, the more and deeper node and edge feature information can be

aggregated. However, too many GCN layers may cause the gradient

to disappear, resulting in the decline of prediction accuracy. So main-

taining a balance between layers and algorithm complexity is critical.

We set four values (1–4) for the number of GCN layers, and after tun-

ing the validation set, we found that 2 GCN layers were optimal. We

selected the optimal hyperparameters as 64 dimensions of the middle

layer and 16 dimensions of the last layer. We add a normalization

layer after each GCN layer to accelerate the convergence of GCN and

reduce the overfitting problem. The final output of the GCN module is

a L�16-dimensional feature vector where each node aggregates the

surrounding information.

2.2.6 | Self-attention pooling

The output matrix of the GCN module is the residue level embedding,

which is spliced with the pretrained attention pooling features to

obtain the feature matrix M�RL�p as the input of the attention pool-

ing module. In order to obtain the global embedding, we use the multi-

head self-attention mechanism:

T¼ softMax W1M
T� �
, ð3Þ

where MT is the transpose of the feature matrix M, W1 �Rr�p is the

trainable attention matrix with the hyperparameter r represents the

number of attention heads. The softMax �ð Þ function standardizes the

calculated weights so that the sum of each row is 1.0, indicating that

the sum of the weights of each attention head is 1.0. Finally, we

obtain a two-dimensional multi-head attention matrix T �Rr�L, which

evaluates the relationship between each residue and the solubility

change caused by mutation from different views and assigns a high

weight to influential residues. We adjusted the number of attention

heads from 1 to 10, and finally found that 4 attention heads per-

formed best in the validation set. We extract r groups overall features

by multiplying T and M, and average r groups overall features to

obtain the final graph representation H�R1�p:

H¼1
r

Xr

k¼1

TMð Þk: ð4Þ
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2.2.7 | FC layer

The output of the self-attention pooling module was input into the

fully connected layer to predict the solubility change score

(S) affected by the mutation by using the following formula:

S¼ Tanh W2H
T þb

� �
, ð5Þ

where W2 �R1�p is the weight matrix and b�R is the bias. The func-

tion Tanh �ð Þ maps the final predicted value to the interval (�1, 1).

2.3 | Training strategy and cross-validation

We use the labels �1, 0, and 1 to denote mutations that decrease sol-

ubility, mutations that do not affect solubility, and mutations that

increase solubility, and our model outputs a solubility change predic-

tion score ranging from �1 to 1. We use Adam optimizer to minimize

the mean squared error loss function to train our model. We per-

formed a 10-fold cross-validation on the training data set. Specifically,

we divided the training data set into 10-folds on average according to

three categories. Each time, one fold was used as validation data, and

the remaining nine folds were used to train a model. This process was

repeated for 10 times. The average of the 10 validation results

was used as an estimate of the model performance. We used cross-

validation for hyperparametric tuning and model selection, which

resulted in 10 models. It took about 6 h for DeepMutSol to reach con-

vergence. Training and Inference were conducted within a uniform

computational environment, consisting of a GPU of GeForce RTX

2080, 96 CPU cores of Intel(R) Xeon(R) Gold 6248R, and the Ubuntu

20.04.6 LTS operating system.

2.4 | Evaluation metrics

In this paper, we used the same evaluation indicators as Pon-Sol and

Pon-Sol2, and compared the evaluation results of our model with

those of Pon-Sol and Pon-Sol2. We set two thresholds a and b in the

interval of (�1, 0) and (0, 1), respectively in order to divide the pre-

dicted solubility changes into three categories. We traverse thresholds

a and b based on correct prediction ratio (ACC) on the validation set

and use them for test set evaluation. We used positive predictive

value (PPV), negative predictive value (NPV), sensitivity and specificity

as indicators for single class evaluation as shown in formulas (6–9):

PPV¼ TP
TPþFP

, ð6Þ

NPV¼ TN
TNþFN

, ð7Þ

sensitivity¼ TP
TPþFN

, ð8Þ

specificity¼ TN
TNþFP

, ð9Þ

where TP, TN, FP, and FN represent the number of true positives, true

negatives, false positives, and false negatives respectively. We also

used the correct prediction ratio (ACC) and generalized square corre-

lation (GCC) to assess overall performance. ACC represents the per-

centage of correctly predicted cases in the whole data set, and GCC is

the classification correlation coefficient ranging from 0 to 1 and a

larger value indicates better classification performance. ACC and GCC

are defined as:

ACC¼
P

izii
N

, ð10Þ

GCC¼
P

ij
zij�eijð Þ2

eij

N K�1ð Þ , ð11Þ

where N is the number of all cases and K is the number of classes. zij

represents the number of cases of class i predicted to be class j. eij

represents the expected number of cases in the cell i, jð Þ of the confu-

sion matrix, and is defined as:

eij ¼ xi�yi
N

, ð12Þ

where xi ¼
P

jzij represents the number of the inputs associated with

class i, yj ¼
P

izij represents the number of inputs predicted to be in

class j.

Because the number of mutations in the three classes is very

unbalanced, the evaluation indicators at this time cannot represent

the real performance of the model. For example, the model can still

obtain a high overall evaluation indicator when the prediction effect

of the class with the largest number of mutations is very good and the

prediction effect of other classes is very poor. Therefore, we need

the following strategies to normalize evaluation indicators:

zij balancedð Þ ¼ zij
xi
�xo, ð13Þ

where zij represents the number of cases of class i predicted to be

class j, xi represents the number of cases whose label is class i, and xo

represents the number of cases whose label is class 0.

3 | RESULTS

3.1 | Performances on the 10-fold cross-validation
and independent test

We evaluated our model through the 10-fold cross-validation

(CV) and independence tests. Due to the uneven distribution of cases

440 WANG ET AL.
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for the three solubility categories, the method shown in Equation 13

was used to normalize the evaluation results. Table 1 shows the nor-

malized results of 10-fold cross-validation and independence test. The

scores of ACC and GCC were slightly lower than those of CV, but

PPV, NPV, sensitivity, and specificity were similar to those of CV. In

addition, there are significant differences in the assessment scores of

the three categories. The normalized PPV for the category

of decreased solubility and increased solubility are 0.746 and 0.692,

respectively, much higher than the one for the category of unchanged

solubility with only 0.494. For the normalized NPV, the prediction of

decreased and unchanged solubility is almost as good (0.894 and

0.811, respectively), while the prediction of the increased solubility

category is slightly worse (0.741). The sensitivity scores of the three

categories show large differences, and the specificity values are rela-

tively closer. DeepMutSol finally achieved normalized ACC and GCC

of 0.618 and 0.242 on the test set, respectively.

As shown in Figure 2A, most of the solubility change prediction

scores of the three categories are distributed within the division inter-

val of their categories. The prediction scores of the categories with

reduced solubility are mostly concentrated in the range of �1.0 to

�0.75, and the prediction scores of the categories with unchanged

solubility are mostly concentrated around 0.

For the categories with increased solubility with the least training

data, the prediction scores of solubility change are mostly in the range of

0.12 to 0.25. As shown in Figure 2B, The category with decreasing solu-

bility had the highest AUC value of 0.89, while the category with increas-

ing solubility had the lowest AUC value of 0.78. In addition to the cause

of uneven data distribution, most mutations in nature tend to reduce sol-

ubility, so it is reasonable for the model to predict mutations with

increased solubility slightly lower than those with decreased solubility.

We can not only predict the solubility change of forward muta-

tion, but also our model can be applied to predict the solubility change

of reverse mutation. In addition, the 3D structure used to predict the

solubility change of reverse mutation is consistent with that of for-

ward mutation, which only requires the 3D structure of wild-type pro-

tein, without increasing the computational burden. Theoretically, the

solubility change values of forward mutation and reverse mutation are

negatively correlated and can cancel each other. We used the test set

to generate the corresponding reverse mutation data set, and Figure 3

shows the symmetric consistency of the model. As shown in

Figure 3A, the Pearson correlation coefficient of solubility change pre-

dicted by forward mutation and reverse mutation was �0.96, and the

corresponding p-value was 0.0. As shown in Figure 3B, we calculated

the root mean square error of 0.13 by the sum of the predicted solu-

bility changes of forward mutation and the corresponding predicted

solubility changes of reverse mutation.

By observing Figure 3A, it can be found that the predicted value

of solubility change of forward mutation will not be improved when it

rises to 0.75, and the predicted value of solubility change of reverse

mutation will not be below �0.75 either. Proteome-wide analysis of

TABLE 1 Performances on the 10-fold cross-validation and
independent test.

CV Ind test

� 0.781 0.746

PPV N 0.532 0.494

+ 0.709 0.692

� 0.906 0.894

NPV N 0.821 0.811

+ 0.769 0.741

� 0.815 0.796

Sensitivity N 0.694 0.700

+ 0.453 0.356

� 0.885 0.864

Specificity N 0.693 0.641

+ 0.903 0.921

ACC 0.654 0.618

GCC 0.289 0.242

F IGURE 2 (A) Voilin maps plotted by the distribution of our
predicted solubility change scores on three ground-truth solubility
change categories. (B) ROC curve of three categories.
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solubility in Caenorhabditis elegans indicated that about 75% of pro-

teins appear in cells in Abundance close to their solubility limits.41

Therefore, the increase in protein solubility of 0.75 is close to its solu-

bility limit, the increase in protein solubility caused by mutation will

not exceed the upper limit of 0.75.

3.2 | Ablation experiment

In order to solve the problem of the limited data set and the imbal-

ance of data set, we introduced reverse mutation for data argument

and two pretrained models for knowledge transfer. ProtTrans has

been shown to be effective for protein downstream tasks and our

pretrained protein solubility value prediction model obtained an aver-

age acc of 0.779 calculated with a solubility cutoff value of 0.32. In

order to verify the effectiveness of these strategies, we conducted

ablation experiments, and the results were normalized using the

method shown in Equation 13. As is shown in Table 2, Our final model

has achieved the best results, with the normalized ACC and GCC of

0.618 and 0.242 on the test set, respectively. We replaced the pre-

trained ProtTrans features with features generated using PSSM, HHM

features generated by PSI-BLAST,42 and predicted structural features

(SPD33) by SPIDER43 for the evaluation of the baseline model. The

removal of ProtTrans feature had the greatest impact on the predic-

tion performance of the model. In this case, the normalized ACC of

this model on the test set is 0.422 and the normalized GCC is 0.066,

but the prediction effect is still better than that of Pon-Sol and SODA

as shown in Table 3. This demonstrates that the ProTrans features are

very helpful in predicting protein solubility changes caused by muta-

tions. The effect of removing the reverse mutation of the training set

on the prediction performance of the model is second only to that of

removing ProtTrans feature, indicating that the data enhancement

strategy is helpful to improve the prediction effect of the model.

Removing the pretrained attention feature had minimal effect on the

predictive performance of the model, but it also showed that the fea-

tures learned on the solubility value prediction task with larger data

sets are still useful for predicting protein mutation solubility changes.

3.3 | Comparisons with other methods

Our method is compared with the state-of-the-art methods, including

Pon-Sol, SODA, Pon-Sol2, and our pretrained model, on the same test

set. Among them, SODA is used to predict the solubility change score

caused by protein mutations, and Pon-Sol and Pon-Sol2 are both

three-classification models as ours. In order to use SODA in the three-

classification task for comparison with our method, we set a threshold

for the solubility change prediction score of SODA to distinguish

three categories of solubility change. In order to compare with the

prediction effect of SODA, Pon-Sol2 sets the three thresholds of

5, 10, and 17 for SODA, in which the positive and negative values

of each threshold divide the prediction results of SODA into three

categories. Similarly, our pretrained model is a regression model to

predict the absolute solubility value. We used it to predict the solubil-

ity value of wild-type sequence and mutated sequence. The gap

F IGURE 3 Prediction of solubility change for forward and reverse
mutations in the test set. (A) Correlation between predicted solubility
change values for forward and reverse mutations. (B) The deviation of
the predicted solubility change value between the forward and
reverse mutations.

TABLE 2 Feature ablation study on cross-validation and the
independent test set.

CV Ind test

ACC GCC ACC GCC

DeepMutSol 0.654 0.289 0.618 0.242

w/o Data argument 0.645 0.273 0.587 0.193

w/o Pooling attentiona 0.648 0.289 0.602 0.213

w/o ProtTransb 0.375 0.014 0.422 0.066

aPretrained attentional pooling features extracted from a pretrained

solubility prediction model.
bReplacing the ProtTrans node features with PSSM+ HHM+ SPD33.
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between wild-type solubility and mutated solubility was then trans-

ferred into three classes by two thresholds.

Table 3 shows the comparison results between our method and

other methods, where the first performance indicator is not standard-

ized and the second is standardized through Equation 13. It can be

seen that the standardized ACC (0.38) of SODA is slightly lower than

that of Pon-Sol (0.39). Our pretrained model obtained better stan-

dardized ACC (0.40) than PonSol and SODA, but is still worse than

that of Pon-Sol2 (0.55). That is reasonable, since it is hard for regres-

sion models to capture the solubility change caused by single muta-

tion. It was this observation that motivated us to develop

DeepMutSol as a three-classification method specifically for predict-

ing solubility changes caused by mutation, rather than a solubility

regression method. By comparison, our method achieved the highest

performance, with the normalized ACC of 0.618 and the normalized

GCC of 0.242. By comparing the prediction scores of the three cate-

gories with the other methods, it can be seen that our model is a rela-

tively more balanced predictor, and the other comparison methods

show large differences in the prediction of different categories. Due

to the problem of data imbalance, the prediction performance of other

comparison methods is mainly shown in the prediction of solubility

decreasing and solubility unchanged categories, while the prediction

performance of solubility increasing categories is poor.

Compared with other methods, on the premise of maintaining the

prediction effect on the category of decreasing solubility, our method

has significantly improved the prediction effect on the two categories

of constant solubility and increasing solubility, especially for the cate-

gory of increasing solubility with the least amount of data.

We have also calculated the inference time consumption of inde-

pendent test set. When all features available, it took DeepMutSol

0.69 s to predict 662 solubility change caused by mutation, demon-

strating the efficiency of DeepMutSol.

3.4 | Study on clinical annotated pathogenic
mutations

To investigate the correlation between the mutational solubility

change score predicted by our model and the pathogenicity of muta-

tions, we obtained a data set of mutations with annotated clinical sig-

nificance in ClinVar37 from Frazer et al. study.38 We removed all

mutations of uncertain pathogenicity from the data set and screened

only one mutation at each site of the protein and prioritized pathoge-

nicity mutation. We ended up with 5489 pathogenic mutations and

1298 benign mutations (details shown in Data S2). We used Deep-

MutSol to predict the solubility change scores of all mutations. The

predicted solubility change scores were compared with the clinical

pathogenicity labels for all mutations, the AUC between the predicted

mutation solubility change score and the mutation pathogenicity was

0.759. We drew a violin diagram of the predicted solubility change

scores of all pathogenic mutations and all benign mutations, as shown

in Figure 4. It can be seen that most of the predicted solubility change

scores of DeepMutSol for pathogenic mutations were less than or

near zero, and the predicted solubility of benign mutations was basi-

cally unchanged. The Figure 4 indicating that the protein mutation sol-

ubility change score predicted by DeepMutSol was significantly

correlated with the mutation pathogenicity of the protein, indicating

that DeepMutSol has the potential to be used in disease pathway

analysis and drug discovery.

We selected a protein STXB1_HUMAN from the data set as a

case for individual analysis. There were 42 pathogenic mutations and

19 benign mutations in this protein. According to the predicted pro-

tein mutation solubility change score, mutations were predicted into

pathogenic and benign mutations, and we plotted the confusion

matrix shown in Figure 5A. Meanwhile, the relationship between

mutation pathogenicity and predicted mutation solubility change

TABLE 3 Comparisons of different methods on the independent test set, where all methods were evaluated by un-normalized, normalized
PPV, NPV, sensitivity, specificity, ACC and GCC.

PonSol SODA (5 as threshold)

SODA (10 as

threshold)

SODA (17 as

threshold) PonSol2 DeepMutSol

� 0.593/0.428 0.606/0.428 0.673/0.468 0.742/0.585 0.804/0.643 0.851/0.746

PPV N 0.427/0.385 0.425/0.365 0.397/0.357 0.383/0.350 0.600/0.475 0.601/0.494

+ 0.151/0.373 0.047/0.149 0.060/0.184 0.098/0.284 0.233/0.472 0.443/0.692

� 0.514/0.691 0.508/0.684 0.502/0.677 0.501/0.677 0.794/0.887 0.801/0.894

NPV N 0.685/0.700 0.761/0.739 0.797/0.782 0.847/0.833 0.804/0.793 0.816/0.811

+ 0.881/0.693 0.848/0.633 0.858/0.649 0.866/0.664 0.879/0.684 0.905/0.741

� 0.263/0.263 0.195/0.195 0.098/0.098 0.068/0.068 0.802/0.802 0.796/0.796

Sensitivity N 0.456/0.456 0.759/0.759 0.886/0.886 0.954/0.954 0.671/0.671 0.700/0.700

+ 0.448/0.448 0.069/0.069 0.057/0.057 0.046/0.046 0.161/0.161 0.356/0.356

� 0.812/0.824 0.867/0.869 0.951/0.944 0.975/0.976 0.796/0.777 0.855/0.864

Specificity N 0.659/0.636 0.426/0.340 0.249/0.204 0.144/0.116 0.751/0.630 0.741/0.641

+ 0.617/0.623 0.786/0.802 0.863/0.872 0.936/0.942 0.920/0.910 0.932/0.921

ACC 0.356/0.389 0.381/0.341 0.375/0.347 0.382/0.356 0.671/0.545 0.704/0.618

GCC 0.010/0.011 0.041/0.045 0.022/0.022 0.016/0.016 0.181/0.157 0.241/0.242

Note: The bold values represent the best performance.
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score was also drawn, as shown in Figure 5B. The left graph corre-

sponds to the pathogenic mutation and the benign mutation, and the

right graph corresponds to the predicted solubility change score. It

can be seen that except for eight mutation sites that were not cor-

rectly predicted, the remaining mutation sites could be correctly clas-

sified as benign mutation and pathogenic mutation according to the

predicted solubility change value. This suggests that there is a good

correlation between mutation solubility changes predicted by our

model and mutation pathogenicity.

4 | CONCLUSIONS

In this work, we developed the first deep-learning-based method to

predict protein mutation solubility changes. We used AlphaFold

to predict the 3D structure of proteins before mutation to solve

the problem of the lack of 3D structure data set for the protein

mutation solubility change task. To the best of our knowledge, we

were the first to apply the 3D structure of proteins to the task of

predicting mutation solubility changes. At the same time, we also

used the pretrained protein language model and the pretrained

protein solubility value prediction model for knowledge transfer to

obtain more effective features to overcome the problem of limited

data sets. Using these two pretrained models to generate features

instead of time-consuming computation of PSSM, HHM, and

SPD33 offers higher computational efficiency. Experiments

showed that our model achieved better prediction performance

than other comparative methods, and also verified that knowledge

transfer was effective for predicting protein mutation solubility

changes on related tasks with more data sets. Finally, we used

DeepMutSol to predict solubility changes on clinical pathogenicity

related data sets. The correlation between predicted mutation sol-

ubility changes and mutation pathogenicity shows that our model

has the potential to be applied to disease pathway analysis and

drug discovery.
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F IGURE 5 (A) The confusion matrix of protein mutation
pathogenicity predicted by DeepMutSol. (B) Disease-related mutations in
the STBX1_HUMAN protein and their predicted solubility changes. Left:
red for pathogenic mutations, blue for benign mutations; Right: red
represents the predicted solubility change score S ≤ �0.14, blue
represents the predicted solubility change score S > �0.14.

F IGURE 4 The violin map of the predicted solubility change
scores on pathogenic mutation and benign mutation.
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