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A B S T R A C T

Protein sequences primarily determine their stability and functions. Mutations may occur at one, two, or three 
positions at the same time (low-order variants) or at multiple positions simultaneously (high-order variants), 
which affect protein functions. So far, low-order variants, such as single variants, double variants, and triple 
variants, have been well-studied through high-throughput experimental scanning techniques and computational 
prediction methods. However, research on high-order variants remains limited because of the difficulty of 
scanning an exponentially large number of potential variant combinations. Nonetheless, studying higher-order 
variants is crucial for understanding the pathogenesis of complex diseases, advancing protein engineering, 
and driving precision medicine. In this work, we introduce a novel deep learning model, namely MultiMut 
Recursive Tree (MMRT), to address this challenge of predicting the functional effects of high-order variants. 
MMRT integrates deep learning with a recursive tree framework to leverage the information from low-order 
variants to predict functional effects of high-order variants. We evaluated MMRT on datasets comprising 
685,593 high-order variants. Our results (mean Spearman’s correlation coefficient 0.55) demonstrated that 
MMRT outperformed three existing state-of-the-art methods: ESM (evolutionary scale modeling), DeepSequence, 
and ECNet (evolutionary context-integrated neural network). MMRT thus provides more accurate prediction of 
the functional effects of high-order protein variants, offering great potential for aiding the interpretation of 
variants in human disease studies.

1. Introduction

Proteins are fundamental molecular workers in cells, and their 
functions, stability, and interactions are primarily determined by their 
amino acid sequences. Although protein sequences are evolutionarily 
conserved, they can undergo substantial alterations that lead to protein 
variants. These protein variants often exhibit diverse stability and in
teractions, sometimes resulting in altered or novel functions. For 
example, spike proteins in the severe acute respiratory syndrome coro
navirus 2 (SARS-CoV-2) acquired diverse mutations that altered infec
tivity, disease severity, and interaction with host immunity [1]. 
Similarly, seasonal influenza viruses evolve rapidly and accumulated 
variants continue to cause world-wide epidemics annually [2]. Protein 
variants are also used as cancer-specific biomarkers [3] and therapeutic 
targets [4] for complex human diseases. The study of protein mutations 

could reveal adaptive and neutral changes of cell fitness, molecular 
divergence, and the interplay between natural selection and genetic drift 
[5,6]. Knowledge of the mutational effects of protein variants can also 
facilitate the rational design of proteins with enhanced or novel func
tionalities, the optimization of enzymes for industrial applications, and 
the development of synthetic biology tools [7]. Therefore, a deep un
derstanding of the functional effects of protein variants is critical to 
advancements in biology, evolution, medicine, and protein engineering.

Protein variants can be classified as low-order or high-order variants 
according to their number of mutated positions. Low-order variants, 
such as single, double, and triple variants, involve alterations at one, 
two, or three positions respectively. High-order variants are character
ized by simultaneous mutations at more than three positions. Low-order 
variants, especially single and double variants, have been widely studied 
via high-throughput experimental approaches [8], such as deep 

* Corresponding author at: Nevada Institute of Personalized Medicine, University of Nevada, Las Vegas, 4505 S Maryland Pkwy, Las Vegas, NV 89154, USA.
E-mail address: qian.liu@unlv.edu (Q. Liu). 

1 Equal contribution.

Contents lists available at ScienceDirect

Computational and Structural Biotechnology Journal

journal homepage: www.elsevier.com/locate/csbj

https://doi.org/10.1016/j.csbj.2025.02.012
Received 25 November 2024; Received in revised form 10 February 2025; Accepted 17 February 2025  

https://orcid.org/0009-0001-1571-1652
https://orcid.org/0009-0001-1571-1652
https://orcid.org/0000-0002-3477-0914
https://orcid.org/0000-0002-3477-0914
https://orcid.org/0000-0002-6737-4969
https://orcid.org/0000-0002-6737-4969
mailto:qian.liu@unlv.edu
www.sciencedirect.com/science/journal/20010370
https://www.elsevier.com/locate/csbj
https://doi.org/10.1016/j.csbj.2025.02.012
https://doi.org/10.1016/j.csbj.2025.02.012
http://crossmark.crossref.org/dialog/?doi=10.1016/j.csbj.2025.02.012&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/


Computational and Structural Biotechnology Journal 27 (2025) 672–681

673

mutational scanning [9], yeast surface display [10], and GigaAssay [11]. 
These approaches have been used to comprehensively investigate 
dozens of proteins [11–34], with diverse measures of functional effects. 
Computational approaches have been proposed to extend the investi
gation of low-order variants to a larger number of proteins and to 
accurately predict functional effects [35–37] of low-order variants, 
especially single variants. Most of those methods, such as PolyPhen-2 
[38], SIFT [39], SNAP2 [40], CADD (Combined Annotation Dependent 
Depletion) [41], Rep2Mut [42] and Rep2Mut-2 [43], were designed 
primarily to evaluate single-nucleotide variants. For example, 
PolyPhen-2 [38] and SIFT [39] use sequence conservation and structural 
features to estimate the mutational effect of single positions, whereas 
SNAP2 is a neural network–based method trained on single-residue 
substitution data. However, all these methods lack explicit modeling 
of combinatorial effects of multiple mutated positions. To study the 
functional effects of multiple mutated positions, EVmutation [44] and 
EVE [45] infer how combinations of mutations affect fitness by using 
evolutionary statistical models and residue coevolution patterns, 
whereas DeepSequence [46] relies on a variational autoencoder to 
capture higher-order dependencies. Evolutionary scale modeling (ESM) 
[47,48], which relies on large-scale protein language models, can also be 
extended to assess mutation impacts. However, these models cannot 
reliably capture epistasis in high-order variants.

High-order variants can substantially affect protein functions, 
although the mutation of each of their positions might have minimal 
effects. Thus, high-order variants can capture synergistic and compen
satory mechanisms, and they can play a substantial role in diversifying 
protein stability, activity, and specificity, with the potential for the 
introduction of novel functions and phenotypes. Those variants are 
crucial to understanding the pathogenesis of complex diseases, such as 
cancers, where multiple mutations within oncogenes or tumor sup
pressor genes drive disease progression and therapeutic resistance. 
However, the number of high-order variants increases exponentially, 
compared to the number of low-order variants, making it unfeasible to 
use experimental approaches to comprehensively assess all possible 
high-order variants—even for a single protein. Thus, comprehensive 
studies of high-order variants are limited, consequently hindering the 
development of computational approaches to predict the functional ef
fects of high-order variants.

In this work, we developed a novel approach that integrates func
tional effects of low-order variants to accurately predict the effects of 
high-order variants. Our method, which we named MultiMut Recursive 
Tree (MMRT), combines deep learning frameworks with a recursive tree 
to capture epistasis in high-order variants. Trained on low-order vari
ants, MMRT was then evaluated on datasets with more than 600,000 
high-order variants. Our results demonstrate that MMRT achieves 
higher prediction performance of functional effects of high-order vari
ants, outperforming existing state-of-the-art methods such as ESM, 
DeepSequence, and ECNet (evolutionary context-integrated neural 
network). Thus, MMRT is a valuable complementary tool for experi
mental scanning approaches to reduce wet lab costs and to benefit the 
disease study of high-order variants of more proteins. Our tool is pub
licly available at https://github.com/qgenlab/MMRT.

2. Materials and methods

2.1. Datasets

To evaluate prediction performance, we downloaded and used 
variant datasets for 11 proteins (i.e., PABP_YEAST_Fields2013 [49], 
HIS7_YEAST_Kondrashov2017 [50], F7YBW7_MESOW_vae [51], Tat 
[11], F7YBW8_MESOW_Ding_2023 [52], GCN4_YEAST_Staller_2018 
[53], GFP_AEQVI_Sarkisyan_2016 [54], Q6WV12_9MAX
I_Somermeyer_2022 [55], PHOT_CHLRE_Chen_2023 [56], 
Q8WTC7_9CNID_Somermeyer_2022 [55] and D7PM05_CLYGR_So
mermeyer_2022 [55]). These proteins have varying numbers of variants Ta
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(Table 1). Two proteins contained both single variants and double var
iants, whereas the other nine proteins contained variants with mutations 
at three or more positions. For example, a triple variant like “L59A: 
W60I:K64R” means that leucine (L) at position 59 is replaced by alanine 
(A), tryptophan (W) at position 60 is replaced by isoleucine (I), and 
lysine (K) at position 64 is replaced by arginine (R) simultaneously in the 
protein. Considering the number of mutated positions in a variant, we 
categorized and denoted the datasets as dataset_name (n), where n rep
resents the number of mutated positions in the variant. For instance, 
“PABP_YEAST (2)” refers to a dataset with double variants in 
PABP_YEAST.

The 11 proteins consist of 859,147 variants, including 53,443 single 
variants, 81,441 double variants, 38,670 triple variants, 57,438 
quadruple variants, and 628,155 other high-order variants. Each variant 
is associated with an experimental measure of functional effect upon the 
variants, as determined by multiplexed assays for variant effects (MAVE) 
[46] or GigaAssay [11]. The measurement scores served as the ground 
truth for model training and performance evaluation.

2.2. Methods

We proposed a novel deep learning algorithm to predict the func
tional effects of high-order variants when using low-order variants for 
training. This method holds significant promise because the number of 
high-order variants is exponentially larger than the number of low-order 
variants. For example, in a protein consisting of 100 amino acids, there 
are 1900 single variants, 1,786,950 double variants, and 1,109,205,300 
triple variants, but the number of quadruple variants escalates to 
511,017,963,225. The triple variants represent 0.21 % of quadruple 
variants. Thus, although it is feasible to use experimental scanning ap
proaches to experimentally determine the functional effects of single 
and double variants, as well as of a portion of triple variants [11,46], it is 
impractical to perform such scanning for quadruple variants or even for 
high-order variants because of the sheer volume of possible combina
tions. We therefore sought to develop a deep learning algorithm, MMRT, 
to address this challenge.

MMRT uses a recursive tree structure [57] to integrate mutation 
effects from multiple mutated positions in a variant. The input to MMRT 
is a protein sequence and its variant, and the output is the predicted 
functional effect of a high-order variant (denoted as vi = {p0,p1,… pk, }, 
where k positions are mutated simultaneously).

2.2.1. Vector generation
To process the variants, we used a protein sequence as input for ESM 

[47,48] to generate a representation vector of each position in the input 
protein. ESM is a self-supervised learning approach composed of mul
tiple transformer layers and has been trained on millions of protein se
quences using the masked language modeling objective. ESM endeavors 
to learn multiple levels of protein knowledge such as biochemical 
properties and evolutionary information. ESM has several different re
leases, and we used esm1v_t33_650M_UR90S_1 and refer it to as ESM_r 
to distinguish it from the other ESM methods for functional effect pre
diction. With ESM_r, each mutated position is represented by a 
1280-dimensional vector that captures the contextual information hid
den in the protein sequence. The representation of individual residues 
has been demonstrated to benefit various protein tasks (e.g., secondary 
structure prediction [58] and solvent accessibility prediction [59]), and 
we extended the benefits to predict mutational effects of high-order 
variants.

During training processes, ESM_r was frozen and recursive neural 
network layers were trained. The representations generated via ESM_r 
were used as inputs of MMRT in both training and testing processes, 
although training processes and testing processes have different itera
tions of representation integration. That is, training processes on low- 
order variants usually have one or two iterations of representation 
integration, whereas testing processes on higher-order variants require 

several iterations. For example, MMRT with a triple variant as input has 
two iterations of representation integration (Fig. 1), whereas MMRT 
with a 10-position variant as input has nine recursive integrations.

2.2.2. Recursive integration
After vector generation, the 1280-dimensional vector of each 

mutated position was converted to a 64-dimensional vector by a fully 
connected layer. For a variant vi = {p0,p1,… pk}, Qi = {q0, q1,… qk} is 
used to represent the converted vectors, where qi is a 64-dimensional 
vector for position pi. We applied a recursive tree structure [57] to 
integrate information from each mutated position with k − 1 iterations. 
In each iteration j > 0, we concatenated qj− 1 and qj via a fully connected 
layer to produce a 64-dimensional vector that replaced the old vector qj. 
We repeated this concatenation until all vectors in Qi were merged into a 
single 64-dimensional vector (i.e., j = k), as demonstrated in Fig. 1 for a 
variant with three mutated positions.

2.2.3. Vector integration for mutated sequence
We generated a mutated protein sequence from the input protein 

sequence by replacing all position pi with the corresponding mutations 
from the variant vi. We used the mutated sequence as input for ESM_r 
and generated representation vectors for each mutated position. As with 
Qi, we converted them into a 64-dimensional vector, that is, Qʹ

i = {q0́,q1́,

… q́k }. We then merged all q́j to a single 64-dimensional vector using 
the same recursive concatenation process described above (Fig. 1).

2.2.4. Final prediction
The two final 64-dimensional vectors, one from Qi and one from Qʹ

i, 
were concatenated through a fully connected layer to generate a 64- 
dimensional vector. This final vector was used as input for a fully con
nected layer with a sigmoid activation function to predict the functional 
effect of the variant vi.

We also designed a window-based version of MMRT, called MMRT- 
WIN, to incorporate the context around the mutated positions. In 
MMRT-WIN, instead of representation vectors of single positions, the qj 
vector encompasses several consecutive positions centered around the 
mutated positions. In this study, we used one upstream and one down
stream position relative to each mutated position. The recursive 
concatenation process of MMRT-WIN follows the same iterative pro
cedure that was used in MMRT to integrate a broader sequence context 
into the prediction model.

2.3. Training and fine-tuning

We used two different strategies to train and test MMRT and MMRT- 
WIN: the blind-variant testing and few-shot learning. In the blind- 
variant testing strategy, we trained MMRT(-WIN) on low-order vari
ants, and then tested its performance on high-order variants. For 
example, MMRT(-WIN) was trained on low-order variants (single, 
double, and triple variants) of a protein, and then was used to predict 
functional effects of high-order variants. To train a model on low-order 
variants, we set the number of epochs to 2000, the batch size to 32, and 
the learning rate to 1e-06. We used the Adam optimizer [60] and mean 
squared error (MSE) loss function to guide the back-propagation process 
[61]. MSE is defined in Eq. (1) where n is the number of variants, Yi is 
the number of observed measurements, and Ŷ is the number of predicted 
measurements. 

MSE =
1
n

∑n

i=1
(Yi − Ŷ i)

2 (1) 

Trained blind-variant testing models were then fine-tuned to create 
few-shot models. During fine-tuning, we trained a blind-variant testing 
model on 10 % of high-order variants with a batch size of 32 and a 
learning rate of 5e-07 over 4000 epochs. We used the remaining 90 % of 
high-order variants to test the performance of the few-shot models. To 
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compare the performance of MMRT few-shot against that of three 
existing state-of-the-art methods, we used a 10-fold cross-validation 
approach. We randomly divided the dataset into 10 subsets, each con
taining 10 % of the experimental data. For each iteration, one subset was 
designated for training and the remaining nine subsets were designated 
for testing. This process was repeated five times, and the mean perfor
mance across these iterations was calculated to assess MMRT few-shot 
models.

2.4. Performance comparison

We compared our methods with several state-of-the-art methods, 
including ESM [47,48], DeepSequence [62], and ECNet [63]. We focus 
here on the comparative results with these three state-of-the-art models.

ESM [47,48] is a pretrained BERT [64] model that utilizes a trans
former model to uncover complicated information hidden in protein 
sequences. ESM deploys a self-supervised learning technique to predict 
masked amino acids in a protein sequence by their surrounding context. 
Its learned representation of proteins can be used in various protein 
tasks, including the estimation of mutated effects of protein variants by 
calculating the logarithmic ratio of the probability between the mutated 
amino acid and the wild-type amino acid. We compared the perfor
mance of MMRT(-WIN) against two different ESM models: 
ESM-v1_t34_670M_UR50S (ESM1) and ESM-v2_t36_3B_UR50D (ESM2).

DeepSequence is a deep latent-variable model that leverages varia
tional autoencoders [62] to extract latent factors from protein or RNA 
sequences, capturing higher-order correlations within biological 
sequence families. Trained on multiple sequence alignment (MSA) of 
homologous protein sequences, DeepSequence predicts the functional or 
stability effects of mutations through fitness scores by calculating 
log-likelihood differences of mutated proteins and wild-type proteins. 
However, DeepSequence is primarily a generative model, and it requires 
additional training to be able to predict the effect of a variant on each 
protein sequence. To train DeepSequence, we used an MSA tool to create 
MSA sequences for each input protein sequence. Upon a suggestion from 
DeepSequence, we utilized EVcoupling [65] from the website v2. 
evcouplings.org, with a bit score threshold of 0.5 bits/residue to 
generate sequences for PABP, HIS7, F7YBW7, and Tat. For the proteins 
F7YBW8, GCN4, GFP, CAPSD, PHOT, Q8WTC7, and D7PM05, we used 
MSA files provided by ProteinGym [66]. These MSA sequences were 

subsequently used to retrain DeepSequence for precise mutational effect 
predictions.

The deep learning algorithm ECNet [63] combines local and global 
evolutionary representations to predict functional fitness. The global 
evolutionary representation is generated by a language model trained 
with self-supervised learning on comprehensive semantic-rich global 
sequences from protein sequence databases such as UniProt [67] and 
Pfam [68]. The local evolutionary coupling is derived by fitting a direct 
coupling analysis model to homologous MSA sequences of a protein to 
generate a coupling matrix. The matrix quantifies the co-constraints of 
all possible 202 amino acid combinations between two positions in the 
sequence. The global and local representations are then fed into a 
bidirectional long short-term memory network (BiLSTM) to predict 
protein fitness. ECNet provides two implementations: ECNet-base and 
ECNet-ensemble. ECNet-base models contain three independent pre
dictors, each with a different loss [63]. Since ECNet does not provide 
well-trained models for testing, we used the default parameters recom
mended by ECNet to train three ECNet-base models with 100 epochs for 
performance evaluation: one ECNet-base model was trained on single 
variants, one was trained on single and double variants, and one was 
trained on single, double, and triple variants. In addition, we also 
trained an ECNet-ensemble model, which consists of five replicates of 
ECNet-base models, each with a different loss objective [63]. The pre
dicted fitness of a variant from the ECNet-ensemble was averaged across 
the five replicates. These ECNet-base and ECNet-ensemble models were 
then used to predict the functional effects of higher-order variants.

2.5. Evaluation measurements

We used Spearman’s rank correlation coefficient (SRCC) to evaluate 
the prediction performance generated by each method. SRCCs were 
calculated using the Python package SciPy between the predicted and 
experimental estimates, as shown in Eq. (2) below. 

SRCC =
cov(R(X), R(Y))

σR(X) σR(Y)
(2) 

Where X and Y are the experimental and predicted estimates, respec
tively, for a set of variants. SRCC, ranging from − 1 to 1, provides a 
measure of the association between experimental and predicted 

Fig. 1. Demo architecture of MultiMut Recursive Tree to predict functional effects for variants with three mutated positions. Abbreviations: ESM_r, evolutionary 
scale modeling (ESM) used as feature extractor; F. merg, a vector merging layer; FNN, fully connected neural network.
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estimates.

3. Results

3.1. Predicting functional effects of higher-order variants using blind- 
variant testing models

We first evaluated the performance of our MMRT-trained models in 
predicting the functional effects of high-order variants. Three different 
MMRT models were trained on low-order variants under a blind-variant 
testing strategy: (1) an MMRT-TR123 model was trained on single, 
double, and triple variants, (2) an MMRT-TR123-WIN model was trained 
on single, double, and triple variants, with a window size of three (one 
amino acid before and one after), and (3) an MMRT-TR23-WIN model 
was trained on double and triple variants, with a window size of three. 
We assessed the prediction performance of MMRT on more than 600,000 
high-order variants of nine proteins, and compared its performance with 
the performance of several state-of-the-art methods (i.e., ESM, Deep
Sequence, and two ECNet models) (Tables 2 and 3; Figs. 2 and 3).

As shown in Table 2 and Fig. 2, the MMRT-TR23-WIN model out
performed ESM1 on 25 datasets of 30 datasets with different numbers of 
mutated positions, with an improvement in SRCC ranging from 0.04 on 
F7YBW7(4) to 0.87 on Q6WV12 (4), where XXXX(Y): XXX is the protein 
name and Y is the number of mutated positions in higher-order variants. 
ESM-1 outperformed MMRT-TR23-WIN on only 5 datasets, with an 
improvement in SRCC ranging from 0.05 on GCN4 (5) to 0.17 on GCN4 
(4). On average, MMRT-TR23-WIN achieved an overall improvement of 
0.29 over ESM1.

MMRT-TR23-WIN also surpassed ESM2 in 21 of 30 datasets, with an 
improvement in mean SRCC of 0.27. The SRCC improvement ranged 

from 0.04 on GFP(8 +) to 0.88 on Q6WV12 (4). For instance, on HIS7 
(4), ESM1 and ESM2 achieved an SRCC of 0.31 and 0.34, respectively, 
while MMRT-TR23-WIN achieved a significantly higher correlation of 
SRCC 0.62. Similarly, on GFP (4), ESM1 and ESM2 yielded an SRCC of 
0.14 and 0.01, respectively, whereas MMRT-TR23-WIN achieved a su
perior performance of SRCC 0.78. Thus, MMRT-WIN outperformed the 
ESM models.

The MMRT-TR23-WIN model also outperformed DeepSequence 
across all 30 datasets. MMRT-TR23-WIN achieved a mean SRCC of 0.55, 
surpassing the SRCC of 0.19 achieved by DeepSequence. The improve
ment varied from SRCC 0.03 on F7YBW7 (4) to SRCC 0.80 on Q8WTC7 
(4).

Compared with ECNet, the MMRT-TR23-WIN model outperformed 
ECNet-base-TR123 on 19 of 23 datasets, while giving similar results on 1 
dataset (PHOT was not used, because its high-order variants were 
generated using ECNet and MAVE-NN). The improvement in SRCC 
ranged from 0.01 on HIS7 (4,5) and D7PM05 (4) to 0.16 on D7PM05 (5). 
Compared with ECNet-ensemble-TR123, the MMRT-TR23-WIN model 
provided better results in 16 of 23 datasets, with SRCC improvement 
ranging from 0.01 on D7PM05(4, 5 +), and GFP (6, 8 +) to 0.08 on HIS7 
(10 +), while ECNet-ensemble-TR123 produced better results in 6 
datasets, with SRCC improvement ranging from 0.01 on HIS7(4), 
F7YBW8(4), GFP (5), and Q8WTC7 (4) to 0.13 on GCN (4).

In summary, our evaluations demonstrated that MMRT-WIN, trained 
on lower-order variants, achieves excellent performance in predicting 
the functional effects of higher-order variants. MMRT outperformed the 
existing state-of-the-art methods and achieved a mean SRCC of 0.55. In 
comparison, the mean SRCCs for ESM1, ESM2, DeepSequence, ECNet- 
ensemble-TR123, and ECNet-base-TR123 were 0.26, 0.28, 0.19, 0.54, 
and 0.52, respectively.

Table 2 
Performance prediction for quadruple or higher-order variants with MMRT(-WIN) compared to state-of-the-art models. Performance is evaluated using Spearman’s 
rank correlation coefficient (SRCC).

Protein #Position in 
variant

ESM1 ESM2 DeepSequence ECNet-ensemble- 
TR123

ECNet-base- 
TR123

MMRT- 
TR123

MMRT-TR123- 
WIN

MMRT-TR23- 
WIN

F7YBW7 4 0.11 0.16 0.12 0.13 0.11 0.16 0.11 0.15
HIS7_2017 4 0.31 0.34 0.36 0.63 0.61 0.61 0.62 0.62

5 0.32 0.37 0.39 0.67 0.66 0.64 0.67 0.67
6 0.31 0.39 0.40 0.68 0.67 0.66 0.70 0.70
7 0.3 0.41 0.40 0.67 0.66 0.66 0.71 0.71
8 0.32 0.43 0.43 0.66 0.65 0.65 0.70 0.71
9 0.38 0.49 0.50 0.64 0.63 0.64 0.70 0.70
10 + 0.55 0.62 0.63 0.59 0.56 0.63 0.67 0.67

Q6WV12 4 0.01 0 0.19 0.85 0.85 0.84 0.88 0.88
5 + 0.08 0.07 0.30 0.77 0.77 0.78 0.81 0.82

Q8WTC7 4 0.03 0.08 0.05 0.86 0.85 0.88 0.85 0.85
5 + 0.02 0.01 0.08 0.79 0.79 0.75 0.82 0.83

GCN4 4 0.3 0.29 0.02 0.26 0.21 0.14 0.27 0.13
5 0.15 0.15 0.08 0.06 0.03 0.13 0.06 0.10

D7PM05 4 0.08 0.03 0.12 0.68 0.68 0.70 0.69 0.69
5 + 0.02 0.04 0.09 0.26 0.11 0.31 0.28 0.27

GFP 4 0.14 0.01 0.08 0.81 0.81 0.79 0.82 0.78
5 0.08 0.01 0.08 0.66 0.64 0.65 0.67 0.65
6 0.05 0.01 0.04 0.40 0.40 0.42 0.45 0.41
7 0 0 0 0.2 0.21 0.23 0.23 0.23
8 + 0.06 0.05 0 0.08 0.01 0.09 0.08 0.09

F7YBW8 4 0.32 0 0.12 0.67 0.70 0.70 0.71 0.66
5 + 0.35 0.09 0 0.46 0.40 0.47 0.44 0.48

PHOT 4 0.59 0.65 NA NA NA 0.63 0.62 0.65
5 0.57 0.66 NA NA NA 0.64 0.76 0.76
6 0.55 0.65 NA NA NA 0.32 0.39 0.44
7 0.52 0.64 NA NA NA 0.42 0.62 0.62
8 0.50 0.64 NA NA NA 0.17 0.28 0.33
9 0.47 0.63 NA NA NA 0.32 0.53 0.56
10 + 0.43 0.55 NA NA NA 0.15 0.27 0.36

Abbreviations: ECNet, evolutionary scale modeling; ESM, evolutionary scale modeling; MMRT, MultiMut Recursive Tree; NA, not available. Bolded SRCCs indicate the 
highest performance for a row. The TR123 model was trained on single, double, and triple variants, the TR23 model was trained on double and triple variants, and the 
WIN model was trained using a window of one position upstream and one position downstream of mutated positions. On PHOT, a DeepSequence run cannot be 
completed after 15 days, and ECNet was used to generate the variant effects; thus, the blind-variant testing results are not available (NA) for both methods on PHOT.
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3.2. Performance of various MMRT models

We subsequently tested the performance of MMRT models trained on 
single, double, and triple variants with and without window setting, that 
is, the MMRT-TR123-WIN and MMRT-TR123 models, respectively. As 

shown in Table 2, MMRT-TR23-WIN outperformed MMRT-TR123 on 18 
of 30 datasets, and it outperformed MMRT-TR123-WIN on 12 datasets, 
while producing similar results on 12 datasets. This comparison in
dicates that single variants do not contribute to the capture of epistatic 
interactions that are crucial for accurate predictions of the functional 

Table 3 
Performance of the MultiMut Recursive Tree (MMRT) few-shot model fine-tuned on 10 % of the data. Performance is evaluated using Spearman’s rank correlation 
coefficient (SRCC).

Protein #Position in Variant ESM1 ESM2 DeepSequence ECNet-ensemble-TR123 MMRT-TR123-WIN MMRT Few-shot

tat 2 0.16 0.04 0.10 - - 0.38
PABP 2 0.7 0.68 0.71 - - 0.87
F7YBW7 2 0.39 0.11 0.67 - - 0.68

3 0.47 0.27 0.52 - - 0.64
4 0.11 0.16 0.12 0.12 0.11 0.14

HIS7_2017 4 0.31 0.34 0.36 0.63 0.62 0.62
5 0.32 0.37 0.39 0.67 0.67 0.71
6 0.31 0.39 0.40 0.68 0.70 0.79
7 0.30 0.41 0.40 0.67 0.71 0.84
8 0.32 0.43 0.43 0.66 0.70 0.86
9 0.38 0.49 0.50 0.64 0.70 0.87
10 + 0.55 0.62 0.63 0.59 0.67 0.82

Q6WV12 4 0.01 0 0.19 0.85 0.84 0.89
5 + 0.08 0.07 0.30 0.77 0.75 0.81

Q8WTC7 4 0.03 0.08 0.05 0.86 0.85 0.85
5 + 0.02 0.01 0.08 0.79 0.74 0.86

GCN4 4 0.30 0.29 0.02 0.26 0.27 0.15
5 0.15 0.15 0.08 0.06 0.06 0.18

D7PM05 4 0.08 0.03 0.12 0.68 0.41 0.67
5 + 0.02 0.04 0.09 0.26 0.15 0.28

GFP 4 0.14 0.01 0.08 0.81 0.67 0.81
5 0.08 0.01 0.08 0.66 0.45 0.69
6 0.05 0.01 0.04 0.40 0.23 0.44
7 0 0 0 0.2 0.1 0.37
8 + 0.06 0.05 0 0.08 0.03 0.04

F7YBW8 4 0.32 0 0.12 0.67 0.65 0.68
5 + 0.35 0.09 0 0.08 0.07 0.48

PHOT 4 0.59 0.65 NA NA 0.76 0.93
5 0.57 0.66 NA NA 0.39 0.91
6 0.55 0.65 NA NA 0.62 0.94
7 0.52 0.64 NA NA 0.28 0.89
8 0.50 0.64 NA NA 0.53 0.94
9 0.47 0.63 NA NA 0.23 0.89
10 + 0.43 0.55 NA NA 0.30 0.91

Abbreviations: ECNet, evolutionary context-integrated neural network; ESM, evolutionary scale modeling; NA, not available. For ECNet, the best results from Table 2
were selected. The ESM and DeepSequence results are the same as their results listed in Table 2 and included here for a quick reference. Bolded SRCCs indicate the 
highest performance for a row.

Fig. 2. The performance of MMRT-TR123-WIN and MMRT-TR23-WIN compared with existing state-of-the-art methods, as measured by Spearman’s rank correlation 
coefficient. XXXX(Y): XXX is the protein name, and Y is the number of mutated positions in higher-order variants. Abbreviations: ECNet, evolutionary context- 
integrated neural network; ESM, evolutionary scale modeling; MMRT, MultiMut Recursive Tree.
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effects of higher-order variants. Thus, it is better to include both double 
and triple variants to capture epistasis of mutated positions.

Nevertheless, MMRT-TR123-WIN also outperformed ESM1 in 24 of 
the 30 datasets, with SRCC improvements ranging from 0.02 on GFP 
(8 +) to 0.87 on Q6WV12 (4). The improvement in mean SRCC over 
ESM1 was 0.29. MMRT-TR123-WIN surpassed ESM2 in 21 out of 30 
datasets, with an improvement in mean SRCC of 0.26, and it out
performed DeepSequence on 21 of 23 datasets. When compared to 
ECNet, MMRT-TR123-WIN generated better performance than ECNet- 
TR123, and it generated competitive results compared to ECNet- 
Ensemble-TR123. In summary, the MMRT-TR123-WIN model out
performed all three existing state-of-the-art models: ESM, Deep
Sequence, and ECNet. The MMRT-TR123-WIN model had a mean SRCC 
of 0.54, compared to 0.26 for ESM1, 0.28 for ESM2, 0.19 for Deep
Sequence, and 0.47 for ECNet-TR123.

We also compared the performance of MMRT trained only on single 
and double variants (MMRT-TR12-WIN1) with the performance of 
MMRT-TR-123-WIN and MMRT-TR-23-WIN. As summarized in Fig. 3, 
the results showed that the performance of the model decreases without 
the inclusion of triple variants, which indicates the necessity of 
including triple variants in the training of MMRT models.

3.3. Predicting functional effects of higher-order variants using few-shot 
models

We further tested the performance of MMRT few-shot models, which 
were fine-tuned on 10 % of the higher-order variants and tested on the 
remaining 90 %. To avoid bias from random splits, we repeated this fine- 
tuning process 10 times, and averaged the performance across the 10 
trials, as presented in Table 3 and Fig. 4. The results clearly demon
strated that our fine-tuned MMRT models significantly improved the 
prediction of functional effects of high-order variants for most datasets. 
MMRT consistently outperformed all three existing state-of-the-art 
methods on 25 of 30 tested datasets. This significant improvement 
highlights the capability of MMRT to effectively leverage a small subset 
of high-order variants to make accurate predictions for a vast number of 

unseen high-order variants. Our fine-tuning of MMRT on limited high- 
order variants showcases the potential for combining MMRT with 
minimal experimental variant scanning to accurately estimate the 
functional effects of millions of high-order variants, which would offer 
an innovative and practical solution to the challenges posed by the sheer 
volume of high-order variants.

4. Discussion

In this research, we developed a novel approach, MMRT, to predict 
the functional effects of high-order variants by leveraging lower-order 

Fig. 3. Comparative performances of the four different MultiMut Recursive Tree (MMRT) models measured by Spearman’s rank correlation coefficient. TR12-WIN 
was trained on single and double variants, TR123-WIN was trained on single, double, and triple variants, and TR23-WIN was trained on double and triple variants, 
and all three of these models were trained using a window of one position before and one position after each mutated position. TR123 was trained with only the 
mutated position used as input. XXXX(Y): XXX is the protein name, and Y is the number of mutated positions in higher-order variants.

Fig. 4. The performance distribution of the MultiMut Recursive Tree few-shot 
models, as measured by Spearman’s rank correlation coefficient. Each box 
corresponds to a dataset, representing the variability in performance across the 
10 models trained on that dataset. Error bars indicate the standard deviation of 
the performance of the 10 models. XXXX(Y): XXX is the protein name, and Y is 
the number of mutated positions in higher-order variants.
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variants. MMRT was evaluated on 685,593 high-order variants, and the 
assessment across different evaluation strategies demonstrated that 
MMRT outperformed existing methods in predicting the functional ef
fects of high-order variants. This capability is critically important, 
because it is particularly challenging to experimentally scan all possible 
high-order variants for proteins with hundreds of amino acids. MMRT 
effectively reduces the cost of estimating functional effects of high-order 
variants by leveraging experimental results from low-order variants, 
thus offering an efficient and practical solution for studying variations in 
viral and bacterial proteins.

Notably, MMRT used representation vectors generated from an ESM 
framework as input, but it significantly outperformed ESM alone. This 
improvement occurred because single variants have a limited capacity 
to capture the epistatic interactions inherent in high-order variants, as 
demonstrated by results from MMRT and ECNet models trained solely 
on single variants: neither model produced substantial improvement of 
functional effect prediction of high-order variants (Table 4). In contrast, 
the models trained on double and triple variants achieved much higher 
prediction performance. Including single variants in the training process 
did not substantially alter the performance of MMRT(-WIN), with a 
small deviation of ± 0.03. Thus, single variants alone may not be useful 
for predicting the functional effects of high-order variants, and 
complicated epistasis is common in high-order variants. We further 
trained MMRT on low-order variants with as many as three mutated 
positions to guarantee enough training variants for the learning process 
and to capture epistasis between mutated positions. Since the experi
mental cost to generate protein variants with more than three mutated 
positions increases exponentially compared to the cost to generate 
double and triple variants, our training strategy is a trade-off between 
learning capability and experimental cost.

We also analyzed the prediction variability of MMRT23-WIN with 
HIS7 (Fig. 5). For this dataset, we classified a prediction as “good” if the 
absolute difference between the experimental and predicted values was 
less than 0.4, as previously recommended [50]). The clusters of data 
points on the scale indicate that predictive accuracy is low for positions 
involved in an insufficient number of variants. This finding suggests that 
MMRT performs more effectively on a diverse variant set where each 
position is involved in a sufficient number (such as >100) of variants.

However, our method has some limitations. First, we sequentially 
combined multiple positions in high-order variants. Other combination 
strategies, such as domain-based combination, might generate better 
predictions, but have not been explored because there are numerous 
alternative combination structures for higher-order variants and various 
high-order variants might have different optimal combination struc
tures. The number of higher-order variants currently available is not 
large enough to test possible combinations. Second, blind-variant testing 
models are currently protein-specific, because there are limited number 
of proteins which contain high-order variants with the same measure
ment of functional effects. As more protein datasets become available, 

we will be able to develop generalized blind-variant testing models 
applicable across multiple proteins. On those datasets, transfer learning 
can be used to improve the generalizability of MMRT across proteins. 
Third, this evaluation was based on measurements of functional effects 
generated by MAVE, and the reliability of MAVE might affect prediction 
performance. For example, all methods performed comparatively worse 
on the F7YBW7_MESOW_vae dataset, which warrants further investi
gation as more protein variant datasets become available. Nevertheless, 
these limitations will be overcome with the availability of more datasets.

5. Conclusion

In this study, we developed and evaluated MMRT, a novel archi
tecture based on a recursive neural network and deep learning that was 
designed to predict functional effects of high-order variants. We 
compared the performance of MMRT with that of existing models (i.e., 
ESM, DeepSequence, and ECNet), and found that MMRT performed 
much better when it was trained primarily on double and triple variants. 
These results suggest that MMRT can substantially enhance the inves
tigation of high-order variants and it has the potential to be of benefit to 
variant studies for complex human diseases.

Statement

During the preparation of this work the author(s) used ChatGPT in 
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(s) reviewed and edited the content as needed and take(s) full re
sponsibility for the content of the publication.

Table 4 
Performance (Spearman’s rank correlation) of MMRT models trained on single variants compared with ESM1, ESM2, DeepSequence, and ECNet.

Dataset Tat 
(2)

PABP 
(2)

F7YBW7 
(2)

F7YBW7 
(3)

F7YBW7 
(4)

HIS7 
(2)

HIS7 
(3)

HIS7 
(4)

HIS7 
(5)

HIS7 
(6)

HIS7 
(7)

HIS7 
(8)

HIS7 
(9)

HIS7 
(10 þ)

ESM1 0.16 0.7 0.39 0.47 0.11 0.15 0.28 0.31 0.32 0.31 0.3 0.32 0.38 0.55
ESM2 0.04 0.68 0.11 0.27 0.16 0.13 0.27 0.34 0.37 0.39 0.41 0.43 0.49 0.62
DeepSequence 0.1 0.71 0.67 0.52 0.12 0.17 0.3 0.36 0.39 0.4 0.4 0.43 0.5 0.63
ECNet-ensemble 

TR1
0.25 0.77 0.66 0.51 0.06 0.22 0.25 0.29 0.27 0.24 0.21 0.18 0.15 0.1

ECNet-base TR1 0.26 0.75 0.64 0.48 0.05 0.17 0.22 0.23 0.2 0.14 0.1 0.09 0.09 0.11
MMRT TR1 0.34 0.65 0.54 0.4 0.14 0.25 0.25 0.28 0.28 0.29 0.3 0.34 0.4 0.51
MMRT TR1 

(WIN)
0.41 0.62 0.76 0.47 0.12 0.25 0.29 0.34 0.36 0.37 0.37 0.41 0.45 0.51

Abbreviations: ECNet, evolutionary context-integrated neural network; ESM, evolutionary scale modeling; MMRT, MultiMut Recursive Tree. With TR1, the MMRT 
model was trained only on single mutation datasets. With WIN, MMRT was trained using a window of one position upstream and one position downstream of mutated 
positions.

Fig. 5. Logarithmic scale indicates the accuracy of MMRT23-WIN predictions 
by the number of variants for HIS7. X-axis: the percentage of accurate pre
dictions for each position; Y-axis: the number of variants in the training set. 
MMRT, MultiMut Recursive Tree; WIN, trained using a window of one position 
upstream and one position downstream of mutated positions.
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