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Abstract

Accurately predicting the pathogenicity of missense variants is crucial for improving disease diagnosis and advancing clinical research.
However, existing computational methods primarily focus on general pathogenicity predictions, overlooking assessments of disease-
specific conditions. In this study, we propose DS-MVP, a method capable of predicting disease-specific pathogenicity of missense
variants in human genomes. DS-MVP first leverages a deep learning model pre-trained on a large general pathogenicity dataset to
learn rich representation of missense variants. It then fine-tunes these representations with an XGBoost model on smaller datasets
for specific diseases. We evaluated the learned representation by testing it on multiple binary pathogenicity datasets and gene-
level statistics, demonstrating that DS-MVP outperforms existing state-of-the-art methods, such as MetaRNN and AlphaMissense.
Additionally, DS-MVP excels in multi-label and multi-class classification, effectively classifying disease-specific pathogenic missense
variants based on disease conditions. It further enhances predictions by fine-tuning the pre-trained model on disease-specific datasets.
Finally, we analyzed the contributions of the pre-trained model and various feature types, with gene description corpus features from
large language model and genetic feature fusion contributing the most. These results underscore that DS-MVP represents a broader

perspective on pathogenicity prediction and holds potential as an effective tool for disease diagnosis.

Keywords: disease-specific pathogenicity; missense variants; pre-training representation; Transformer

Introduction

Next-generation sequencing [1] provides a powerful tool for study-
ing variants by enabling the high-throughput sequencing of DNA
fragments. Among these variants, a missense variant represents
a common single nucleotide variation, where the substitution of
a single nucleotide in the DNA sequence alters the corresponding
codon, leading to an amino acid change in the encoded protein.
The missense variant can significantly impact the structure and
functionality of proteins, potentially contributing to the devel-
opment of various diseases [2-4]. By accurately predicting the
pathogenicity of missense variants, researches can identify which
missense variants that are likely to precipitate diseases. Thus,
it is crucial to predict the pathogenicity of missense variants
in advancing genomics and clinical research, offering valuable
insights into genetic variations and their implications for human
health [5].

Numerous prediction tools have been developed to address
the challenge of assessing the pathogenicity associated with mis-
sense variants [6], which can be categorized into independent
predictors and meta predictors. Independent predictors, such as
MAGPIE [7], VEST4 (8], AlphaMissense [9], and CADD [10], use
diverse algorithms. For example, MAGPIE integrates multi-source
features with LightGBM [11], VEST4 applies random forests [12],

AlphaMissense utilizes protein structure alignments, and CADD
employs logistic regression on unbiased datasets. Meta predictors
like MetaRNN [13], MVP [14], and ClinPred [15] combine scores
from multiple tools to boost accuracy. MetaRNN integrates over
30 predictors using a BiGRU model, MVP processes six feature
types via residual network (ResNet) [16], and ClinPred combines
random forest and gradient boosting models. While current meth-
ods have demonstrated commendable performance in binary
classification, there remains scope for refinement.

General pathogenic variant identification methods only pro-
vide a binary judgment: pathogenic or benign. They are often
insufficient when addressing specific diseases. It would be better
if the pathogenic judgment could be further classified into a
specific disease. The pathological mechanisms of different dis-
eases vary, and the same variant may exhibit significantly dif-
ferent effects and manifestations in different diseases due to
tissue specificity. For example, in cancer, a missense variant may
drive tumor progression in one type of cancer, while having a
much smaller impact, or even no effect, in another [17, 18].
This variation is not only due to the variant itself but is also
related to the specific biological environments and gene regula-
tory mechanisms of various diseases. Therefore, it is necessary to
further classify specific diseases of variants into single or mul-
tiple disease categories according to disease conditions to better
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understand their precise pathogenic mechanisms within different
disease background. Such detailed analysis can provide valuable
insights for personalized diagnosis and treatment. However, to the
best of our knowledge, no prediction models for disease-specific
pathogenicity are currently available.

There are two types of disease-specific pathogenicity caused
by missense variants: multi-label (ML) disease and multi-class
(MC) disease. A missense variant may trigger possible several ML
diseases under a specific disease type. For example, a missense
variant in the BRCA gene increases the risk of developing both
breast and ovarian cancers [19]. On the other hand, a missense
variant may cause a MC disease exclusively within a specific
disease type. A typical example is a missense variant in the
CFTR gene predominantly causes cystic fibrosis, with minimal
impact on other related conditions [20]. To distinguish from gen-
eral pathogenicity binary classification task, we name our study
DS-MVP, for disease-specific missense variants pathogenicity.

DS-MVP leverages pre-trained deep learning (DL) model based
on large amount of data to extract complex representation of
missense variants, followed by effective target training on small
datasets using shallow machine learning algorithm to predict the
disease-specific pathogenicity of missense variants. The method
begins by constructing multiple datasets, including both gen-
eral and disease-specific pathogenicity datasets, using a large
collection of missense variant data from the ClinVar database.
DS-MVP first performs pre-training on a general pathogenicity
missense variant dataset, using various feature extraction mod-
ules—genetic feature fusion module (GFFM), DNA sequence rep-
resentation module (DSeqRM), mutated amino acid embedding
module (MAAEM), OpenAl based gene representation module
(OBGRM), and DNA structure representation module (DStruc-
tRM)—to capture and represent multidimensional representation
of missense variants, including genetic features, DNA sequence
features, mutated amino acid features, gene description corpus
features based on large language model, and structure features.
Such representations of missense variants are then recombined
with the raw genetic features and used to train an XGBoost model
[21] to predict the disease-specific pathogenicity of missense
variants.

Experimental results show that despite not directly incor-
porating the scores of other prediction tools as features, DS-
MVP outperforms 20 existing meta and independent predictors
across multiple evaluation metrics on general pathogenicity
and disease-specific pathogenicity test datasets. Additionally,
DS-MVP demonstrates outstanding performance in identifying
ML/MC disease, particularly in distinguishing between different
types of specific diseases. We further optimized the DS-MVP
model by fine-tuning its modules of pre-trained model on
disease-specific pathogenicity datasets, improving its prediction
accuracy for particular diseases. Studies learning properties and
ablation confirm that the knowledge representation learned by
the pre-trained model is successfully transferred to disease-
specific pathogenicity predictions, significantly improving model
utilizations. Significantly, we are the first to propose using gene-
related rich corpus embeddings extracted by pre-trained large
language model, text-embedding-3-small model from OpenAl
(https://platform.openai.com/docs/guides/embeddings/), which
had a substantial positive impact on pathogenicity prediction of
variants. In conclusion, the strategy of pre-train for representation
and fine-tune for target tasks not only provides flexible new
avenues for research in related fields but also holds broad
potential for pathogenicity prediction in other disease-specific
domains.

Materials and methods
Overview of DS-MVP

The architecture of DS-MVP is shown in Fig. 1. DS-MVP employs a
two-stage framework: a pre-trained DL model to extract missense
variant representations, followed by fine-tuning with XGBoost
for disease-specific pathogenicity prediction (see “Methods”).
The pre-trained model consists of five key modules: GFFM
integrates genetic features such as conservation scores and allele
frequencies (AFs) for biological context. DSeqRM utilizes BiLSTM
[22], Transformer encoder [23], and CNN [24] to differentiate
reference and alternative DNA sequences. MAAEM encodes
reference and alternative amino acids at variant sites to
capture changes. OBGRM leverages OpenAl’s language model
to derive gene description representations via natural language
processing. DStructRM extracts structural features of reference
and alternative DNA sequences using Deep DNAShape (25, 26].
These modules collectively generate comprehensive missense
variant representations. These representations, combined with
genetic features, were used with XGBoost for binary pathogenicity
prediction. Additionally, DS-MVP performed ML and MC classifica-
tion to predict disease-specific pathogenic variants under detailed
conditions.

Dataset

The data utilized in our study were derived from the ClinVar
database [27]. ClinVar database was downloaded through January
2024 under the GRCh38/hg38 genome assembly, which is a public
clinical database containing extensive data on human genetic
variants and their associations with diseases [27]. We utilized
training general pathogenicity dataset (GPD) consisted 101560
missense variants regardless of AF, and assembled four test
datasets, including rare missense variants test set (RareD), hard
target prediction (HardD), disease-specific pathogenicity datasets
binary cardiomyopathy-specific pathogenicity dataset (CSPD_BI),
and binary neurodegenerative disease-specific pathogenicity
dataset (NSPD_Bi). In addition, we further classifying pathogenic
missense variants into detailed disease conditions for specific
disease datasets, containing ML disease type prediction for
cardiomyopathy disease (CSPD_ML) and eye disease (ESPD_ML),
and MC disease type prediction for neurodegenerative disease
(NSPD_MC) and endocrine disease (EcSPD_MC). The proportion of
disease datasets for each type are illustrated in Fig. 2. For detailed
data processing procedures, see Supplementary Information (SI)
Text S1.

The model architecture of DS-MVP

Pre-trained deep learning model for extracting
representation of missense variants

The DS-MVP DL model extracts generalized features related to
variant pathogenicity from five feature types: genetic features,
DNA sequence, mutated amino acid, gene description corpus, and
DNA structure (see SI Text S2). Below is a detailed description of
each module.

Genetic feature fusion module. Genetic features were trans-
formed using linear layers. Initially, the eight conservation scores
and two AFs features, which were previously imputed, and pro-
cessed separately through linear layers. These features were then
fused using another linear layer to produce a 128-dimensional
vector.

DNA sequence representation module. We used a sliding window
approach [28] to encode DNA sequences, creating a vocabulary of
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Figure 1. The architecture of DS-MVP. DS-MVP utilized a two-stage design includes pre-train for learning representation of missense variants based on
GPD binary classification by a DL model, and used XGBoost model to fine-tune learned representation and genetic features for general and disease-
specific prediction. The pre-trained DL model comprised five modules: GFFM, DSeqRM, MAAEM, OBGRM, and DStructRM. The XGBoost model aims to
quickly predict the pathogenicity of missense variants for binary, ML, and MC classification.

nucleotides A, T, G, C, and N (for unknowns). We grouped three
nucleotides into “words” to reflect the triplet coding of amino
acids, assigning each a unique numerical ID. This resulted in a
125-word vocabulary, with a step size matching the window to
preserve the genetic code’s reading frame. A 99-base sequence
was segmented into 97-word segments, each vectorized into a
128-dimensional space, forming a 97 x 128 matrix. This matrix was
fed into a BiLSTM [22] for contextual analysis and a Transformer
encoder [23] and CNNs [24] for feature extraction. The Trans-
former encoder learned the importance of each base within the
whole sequence, while CNNs captured local variant site features.
Outputs were merged to enhance feature abstraction and repre-
sentation. A shared parameter mechanism processed reference
and alternative sequences, computing differential features. Then
a 7-length sequence was extracted around variants, flattened, and
concatenated with other features for local effect analysis.

Mutated amino acid embedding module. Reference and alter-
native amino acids at the variant site were processed using a
shared parameter mechanism. These amino acids were encoded
into a 64-dimensional vector using an embedding technique.
The features of the reference and alternative amino acids were
subtracted to quantify the impact of variant and then combined
through a linear layer to produce a 64-dimensional vector feature.

OpenAl based gene representation module. Gene descriptions
extracted from gene names were inputinto the text-embedding-3-
small model provided by OpenAl, resulting in a 1536-dimensional
vector feature. The feature was then processed through two linear
layers and two convolutional layers to capture more higher-level
features and reduce it to 512 dimensions. The features from both
reduction processes were combined to create a comprehensive
512-dimensional vector.

DNA structure representation module. Features from reference
and alternative sequence fragments were processed using a
shared parameter mechanism. Three layers of convolution
neural networks with kemnels of varying sizes were applied to
enhance information capture across different scales and obtain
abstract feature representations. The features were subtracted
to emphasize differences, flattened for dimensionality reduction,
and processed through a linear layer to achieve compact and
informative feature representations.

Multi-layer perceptron. The outputs from the five modules were
concatenated as representation of missense variants, then pro-
cessed through fully connected layers with ReLU activation for
feature dimensionality reduction and dropout for generalization.
A final sigmoid activation provided the classification probability.
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(A)
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PD: 10.5%
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(C)

Alb: 9.3%
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B: 35.1%

Figure 2. Percentage of disease data. (A) The percentage of cardiomyopathy data, including categories DCM, HCM, RCM, ARVC (arrhythmogenic right
ventricular cardiomyopathy), NVM, UC (unclassified), and B (benign), with a total of 2161 data. (B) The distribution of eye disease data, including Alb, CR,
RP, SD, VMD, WMS, and B, totaling 821 data. (C) The distribution of neurodegenerative disease data, including AD, ALS, PD, and B, totaling 891 data.(D) The
distribution of endocrine disease data, including AG (adrenal gland diseases), DM (diabetes mellitus), EGN (endocrine gland neoplasms), GD (gonadal

disorders), and B, totaling 921 data.

Model training. Based on the DS-MVP method, we employed
BCELoss as the loss function and selected the widely used Adam
optimizer, which is a stochastic gradient descent algorithm.
The learning rate was set to 0.0005, and the weight decay set
to 0.001. Detailed hyperparameter configurations, including
network architecture and activation functions, are provided in the
SI Table S1.

XGBoost model training for predicting the general and
disease-specific pathogenicity of missense variants

The representation of missense variants extracted from pre-
trained DL model, in conjunction with the genetic features, was
utilized as inputs for the machine learning. By integrating genetic
features, which contain eight conservation scores and two AFs,
and the representation of missense variants (‘®” as shown in
Fig. 1), we re-learned those genetic features at the fine-tuning
stage. This strategy allowed the model to better capture and
leverage these critical features, which significantly improved
performance. The idea was inspired by the ResNet architecture
[16], which ensures efficient transmission of these features
while preventing the loss of effect of critical raw features during
back propagation. The XGBoost model [21] was deployed to fast
predict the pathogenicity of variants, which is a gradient boosting

model that is highly efficient in prediction among machine
learning methods [29, 30]. We used the XGBoost model for rapid
pathogenicity prediction, optimizing it with grid search [31] for
best parameter settings. Our prediction tasks included binary
classification for general and disease-specific pathogenicity,
and detailed classification of pathogenic missense variants into
specific disease conditions for ML or MC classification. The
detailed pseudocode for the model description can be found in SI
Text S3.

Furthermore, we also fine-tuning pre-trained DL model for
disease-specific pathogenicity of missense variants, the detailed
description seen in SI Text S4. In our ML classification, the model
used BCEWithLogitsLoss to weight labels according to their data
distribution, ensuring attention to less frequent labels. For MC
classification, CrossEntropyLoss was employed, optimizing per-
formance by categorizing each sample into a single class from a
predefined set.

Results

To validate the potential of representation of missense vari-
ants for downstream applications, we conducted evaluations
on both general and disease-specific pathogenicity datasets.
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These pre-trained representations were then applied to smaller,
disease-specific datasets, fine-tuned with XGBoost for ML and
MC classification. Based on this, we also conducted analysis of
the contributions of various features and their corresponding
modules in predicting specific disease types of missense variants,
exploring the efficacy and applicability of the proposed approach
in addressing the target problem.

DS-MVP performance on identifying general
pathogenicity of missense variants based on
pre-trained representation

To evaluate the effectiveness of the representation of missense
variants from pre-trained pathogenicity model, we fed these
representations along with genetic features into an XGBoost
algorithm to train a shallow model for predicting general
pathogenicity of missense variants. We then conducted a
series of experiments across different datasets to evaluate
and compare the performance of our method with existing
predictors.

Here, we compared DS-MVP with 20 other predictors. We
extracted the predicted scores of the other predictors from the
dbNSFP database [32, 33] and divided the 20 predictors into two
categories: independent predictors and meta predictors. The inde-
pendent predictors consist of MAGPIE [7], AplhaMissense [9], LIST-
S2 [34], CADD [10], FATHMM-XF [35], PrimateAl [36], DEOGEN2
[37], MutationTaster [38], VEST4 [8], and MutationAssessor
[39], totaling 10 predictors. Meta predictors aggregate the
predicted scores from various independent predictors. There are
10 components within the meta predictors, including MetaRNN
[13], MVP [14], MutPred [40], ClinPred [15], BayesDel_addAF [41],
REVEL [42], Eigen [43], M-CAP [44], MetaSVM [45], and MetaLR [45].
A detailed comparison of all predictors is provided in SI Table S2.
Additionally, the calculation methods for all evaluation metrics
can be found in SI Text S5.

Prediction accuracy of DS-MVP for rare missense variants

To ensure a fair comparison of DS-MVP with other predictors,
we utilized a classic test dataset from MetaRNN: RareD for rare
missense variants. DS-MVP outperformed all other predictors,
achieving the highest area under the curve (AUC) of 0.9528 and
area under the precision versus recall curve (AUPR) of 0.9643,
as shown in Fig. 3A and B and SI Table S3. Among the existing
meta predictors, MetaRNN performed the best with an AUC of
0.9328 and an AUPR of 0.9320, while MAGPIE showed the best
performance with an AUC of 0.8920 and an AUPR of 0.9055 among
independent predictors. Additionally, it was evident that apart
from our model DS-MVP, the accuracy of predictions from other
independent predictors are significantly lower than the top three
meta predictors, with reductions of 2.94% and 1.07% in metrics
AUC and AUPR, respectively. Furthermore, it was noteworthy that
the results from other methods calculated using the dbNSFP
database (SI Table S3) differ slightly from those provided in the
MetaRNN paper (SI Fig. S1), but these differences were minimal.
This minor divergence indicates that the results from the dbNSFP
database are reliable.

We further analyzed the distribution of predicted scores
for different pathogenicity of missense variants—pathogenic
and benign as shown in Fig. 3D-F. Although there is still
room for improvement in predicting certain benign variants,
overall, our method provides significantly better scores in
distinguishing whether missense variants are pathogenic or
not.
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Prediction accuracy of DS-MVP for hard target
missense variants

To further assess the robustness of DS-MVP, we utilized a subset
of the ClinVar database, HardD, as our test dataset, which has
shown poor performance with other predictors regardless of AF.
As shownin Fig. 3A and B, DS-MVP achieved the best performance
on this dataset with an AUC of 0.8370 and an AUPR of 0.8091,
which represented an improvement of 1.92% and 0.17% in metrics
AUC and AUPR compared to the best-performing meta predictor
ClinPred, and compared to the best-performing independent pre-
dictor AlphaMissense, DS-MVP showed improvements of 7.80%
and 4.03% in metrics AUC and AUPR. The detailed are shown in
SI Table S3. The results on this challenging test dataset demon-
strated that DS-MVP enhances prediction accuracy, confirming it
as a reliable tool for pathogenicity prediction.

Prediction accuracy of DS-MVP for disease-specific
missense variants

We initially collected missense variant data related to cardiomy-
opathy and neurodegenerative diseases, CSPD_Bi and NSPD_BIi,
to extend the evaluation of the pre-trained model for specific
diseases. Among all predictors, DS-MVP demonstrated the best
performance in CSPD_Bi dataset, achieving an AUC of 0.9692 and
an AUPR of 0.9749 (see Fig. 3A and B and SI Table S4). In contrast,
other major predictors such as BayesDel addAF, MetaRNN, and
ClinPred had AUC values ranging from 0.8596 to 0.9619, and AUPR
values between 0.8194 and 0.9594. Additionally, on the NSPD_Bi
dataset, DS-MVP exhibited a similar advantage, outperforming
other methods by a value of 0.79% and 3.41% on metrics AUC and
AUPR, respectively.

To evaluate prediction accuracy of DS-MVP based on genes, we
categorized all test datasets (RareD, HardD, CSPD_Bi, and NSPD_Bi)
based on gene names and conducted statistical and indicator
computations for genes with at least 15 missense variants. The
results are visually represented in Fig. 3C and the analysis shown
in SI Text Sé. Further analysis of these results revealed that DS-
MVP’s higher AUC scores across a larger set of genes under-
score its robustness in identifying the pathogenicity of missense
variants.

Identifying disease-specific pathogenicity of
missense variants based on pre-trained
representation

To explore the potential of our model in predicting pathogenicity
for specific diseases, we collected missense variant data related
to cardiomyopathy, eye, neurodegenerative, and endocrine dis-
eases. On the basis of dividing the variants into pathogenic and
benign, the pathogenic data are further classified according to
their detailed disease conditions. We extracted high-dimensional
representation of missense variants using a pre-trained model,
which were then combined with genetic features used to retrain
by XGBoost on the CSPD_ML, ESPD_ML, NSPD_MC, and EcSPD_MC
datasets for the pathogenicity prediction of ML and MC dis-
ease type.

However, no existing predictors have been applied to ML and
MC for pathogenicity prediction tasks at the nucleotide level.
To address this gap, we selected three high-performing machine
learning boosting algorithms as benchmarks: XGBoost [21], Light-
GBM [11], and CatBoost [46]. The input features used in these
models were the same as those in DS-MVP, including genetic
features, DNA sequence features, etc. All evaluation metrics for
ML and MC disease type prediction can be found in SI Text S7 and
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Figure 3. (A) The metrics of AUC on all test datasets. (B) The metrics of AUPR on all test datasets. (C) Number of genes with the best AUC. (D) Distribution of
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Table 1. Performance of DS-MVP with XGBoost trained on the CSPD_ML and ESPD_ML dataset based on precision, recall, F1-score, and

Hammingloss
Methods CSPD_ML ESPD_ML
Precision( 1) Recall(1) F1-score(t) Hammingloss(]) Precision(t)  Recall(t) F1-score(t) HammingLoss({)
XGBoost 0.8209 0.8008 0.8062 0.0591 0.6933 0.6738 0.6800 0.0929
LightGBM 0.8209 0.8008 0.8062 0.0585 0.6933 0.6738 0.6800 0.0955
CatBoost 0.8209 0.8008 0.8062 0.0591 0.6871 0.6677 0.6738 0.0938
DS-MVP 0.8698 0.8519 0.8558 0.0372 0.8252 0.8241 0.8180 0.0465

SI Text S8. Through this comparison, we demonstrated that the
features and patterns learned from the pre-trained pathogenicity
model can be transferred to a new, potentially smaller dataset
for more complex tasks. This effectively enhanced the model’s
performance on new tasks, showcasing its strong generalization
ability.

Performance of DS-MVP in multi-label classification

For the ML classification, we compared DS-MVP performance
under both binary and ML evaluation schemes. In both evaluation
schemes, the metrics of the three gradient boosting models were
quite similar, while DS-MVP showed significant improvement in
comparison as shown in Fig. 4 and Table 1.

For cardiomyopathy disease, DS-MVP achieved AUC values of
0.9147,0.9643, 0.7814, 0.9704, 0.6368, 0.8379, and 0.9947, with cor-
responding AUPR scores of 0.7011, 0.8511, 0.1002, 0.4603, 0.0337,
0.6020, and 0.9968 across seven classes in binary classification

evaluation scheme. Due to the limited availability of data for
RCM (restrictive cardiomyopathy) and NVM (noncompaction of
ventricular myocardium), the model’s ability to effectively train
on these types is restricted, resulting in reduced predictive perfor-
mance for these specific disease types. For ML evaluation scheme,
DS-MVP achieved scores of 0.8674, 0.8519, 0.8543, and 0.0385 for
precision, recall, Fl-score, and HammingLoss [47], respectively.
DS-MVP outperformed the gradient boosting models across the
first three metrics, with improvements of 4.65%, 5.11%, and 4.87%,
respectively, and also surpassed them in the HamminglLoss metric
by more than 2.0%, where a lower HammingLoss indicates better
performance.

In the prediction of the pathogenicity of eye diseases, the
DS-MVP model demonstrated superior performance compared
to three other gradient boosting algorithms within a binary
classification scheme, achieving higher AUC values across five
categories. Specifically, the DS-MVP model attained AUC scores
of 0.9607 for Albinism (Alb), 0.9054 for cone-rod dystrophies


https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf119#supplementary-data

DS-MVP | 7

(A) 10]
0.8
0.6 -
O
=
<
0.4 1
W DS-MVP
0.2 1 " XGBoost
W LightGBM
B CatBoost

DCM HCM RCM ARVC NVM uc
Cardiomyopathy Disease

1.0

0.8
0.6 -
0.4

0.2 1 _ il " XGBoost
wm LightGBM
mmm CatBoost

AUPR

DCM HCM RCM ARVC NVM uc
Cardiomyopathy Disease

(B) 10+

0.8

0.6 -

AUC

0.4 1

0.2

XGBoost
mam LightGBM
mmm CatBoost

0.0 -

Alb CR RP SD VMD WMs
Eye Disease

Figure 4. Performance of DS-MVP with XGBoost trained on ML classification.

(B) Use AUC and AUPR as evaluation metrics on the ESPD_ML dataset.

(CR), 0.9138 for retinitis pigmentosa (RP), 0.9544 for Stargardt
disease (SD), and 0.9753 for B. Notably, despite having fewer than
five data points in the test set, the DS-MVP model accurately
predicted pathogenicity in the vitelliform macular dystrophy
(VMD) and Weill-Marchesani syndrome (WMS) -categories.
Given the data imbalance, we prioritized the AUPR metric.
The DS-MVP model outperformed other models across six
categories, highlighting its robustness in handling imbalanced
data. In the ML evaluation scheme, DS-MVP achieved the
highest precision (0.8252), recall (0.8241), F1-score (0.8180), and
the lowest Hammingloss (0.0465), thereby demonstrating its
comprehensive predictive performance. These outcomes under-
scored the advantages of our model, as well as the substantial
contribution of pre-trained pathogenicity module to feature
extraction.

Performance of DS-MVP in multi-class classification

For the MC classification, Fig. 5 presented a performance compar-
ison between DS-MVP and gradient boosting models, the detailed
results were displayed in SI Table S5. In neurodegenerative dis-
ease (Fig. 5A), DS-MVP showed superior performance across all
categories, achieving an average accuracy of 0.9261, an average
precision of 0.9385, an average recall of 0.8592, an average F1-
score of 0.8913, an average AUC of 0.9790, and an average AUPR of
0.9372.Notably, in the critical AUPR metric, DS-MVP outperformed
other methods with an average improvement of 8.66% in the
Alzheimer disease (AD) category, 1.80% in the amyotrophic lateral
sclerosis (ALS) category, 10.20% in the Parkinson disease (PD)
category, and 5.28% in the B category, demonstrating significant
advantages.

1.0

0.8 4

0.6 -

AUPR

0.4 1

0.2 4

XGBoost
= LightGBM
= CatBoost

0.0 -

Alb CR RP SD VMD WMS
Eye Disease

Benign

(A) Use AUC and AUPR as evaluation metrics on the CSPD_ML dataset.

We also created a confusion matrix to illustrate the predicted
percentage and distribution for NSPD_MC dataset in each class,
as shown in Fig. 6. The confusion matrix revealed that the model
can successfully classifies the four categories, with the highest
classification ratio for B (1.00), followed by ALS (0.93), PD (0.78),
and AD (0.73). Observing the confusion matrix confirmed the good
performance of DS-MVP on test dataset. The detailed analysis is
provided in the SI Text S9.

In the MC classification task for endocrine diseases, the DS-
MVP model consistently exhibits outstanding performance, as
illustrated in Fig. 5B. Specifically, the DS-MVP model achieved
remarkable overall average results across various metrics: preci-
sion of 0.9467, recall of 0.9448, F1-score of 0.9429, AUC of 0.9953,
AUPR of 0.9861, and ACC of 0.9448. These results suggest that the
DS-MVP model performs robustly on small-scale disease datasets
in MC classification tasks, indicating its potential for practical
application.

We further analyzed the fine-tuning process on disease-
specific datasets, which led to a more accurate distinction of
missense variants across genes due to precise gene characteri-
zation. Furthermore, the deep sequence analysis enabled precise
prediction of pathogenicity at different variant locations within
genes. This also confirmed that the representation of missense
variants was effectively learned during pre-training. The results
are shown in SI Text S10.

Analysis of specific disease based on TNNT2

and FBXO7 genes

We conducted an in-depth analysis of genes that are clinically
associated with specific diseases and evaluated the accuracy of
our model predictions.


https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf119#supplementary-data
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The TNNT2 gene encodes cardiac troponin T, a vital compo-
nent of the troponin complex responsible for regulating heart
muscle contraction. Variants in this gene can impair the con-
tractile function of cardiac muscles, leading to heart failure [48].
Clinically, TNNT2 gene variants are strongly linked to cardiomy-
opathies, particularly dilated cardiomyopathy (DCM) and hyper-
trophic cardiomyopathy (HCM) [49-51]. Our analysis focused on
missense variants associated with both DCM and HCM, where DS-
MVP successfully predicted missense variants based on TNNT2
gene labeled with two diseases. These predictions were validated
against ClinVar database labels, which confirmed the association
with DCM and HCM. This supports the key role of TNNT2 in
cardiomyopathy disease while also demonstrating the accuracy
of our model in predicting cardiomyopathy conditions.

Similarly, the FBXO7 gene plays a key role in the ubiquitin-
proteasome pathway, which regulates protein degradation and
is crucial for neuronal survival. Variants in FBXO7 are linked
to early-onset PD [52, 53]. Using DS-MVP, we analyzed missense
variants labeled as PD and corresponding to the gene FBXO7 in the
test set. Our model accurately predicted these variants as being
linked to PD, which is consistent with existing research highlight-
ing the role of FBXO7 in the disease. This outcome affirming the
effectiveness of DS-MVP in identifying disease-specific variants,
further validating its precision in predictive.

These detailed analyses confirm DS-MVP’s strong predictive
power in diagnosing specific diseases, especially in tackling
complex ML and MC classification. Its accuracy in prediction
pathogenicity of disease-specific conditions underscores its
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reliability, while also offering new directions for future genetic
research in various diseases.

Analysis of correlation between pathogenicity
and conservation scores

The conservation score measures the degree of sequence preser-
vation across evolution, with higher scores indicating evolution-
ary conservation, suggesting critical roles in organism function.

To investigate the link between variant pathogenicity and con-
servation scores, we plotted a scatter plot with DS-MVP predicted
values on the x-axis and the average of eight conservation scores
on the y-axis, as depicted in Fig. 7A and SI Fig. S2. This revealed
a correlation between pathogenicity likelihood and conserva-
tion scores. However, benign variants showed a wide distribution
across conservation score intervals, indicating a weak association.
We also visualized conservation scores using nucleotide sequence
logos for four missense variants, with site 8 as the variant site,
as shown in Fig. 7B-E. The analysis of NM_017841.4:c.233G>A
and NM_015164.4:c.1286G>A in Fig. 7B and C highlighted the
significance of sequence conservation in identifying pathogenic
variants. However, the relationship between pathogenicity and
sequence conservation was inconsistent, as seen in Fig. 7D and E.
To align pathogenicity with clinical practice, we found supporting
evidence in the literature [54] for NM_000454.5:c.205T>C and pro-
tein structure, as shown in Fig. 7F, for NM_004415.4:c.6224G>A.
These findings underscore the complexity of the pathogenicity-
conservation relationship, necessitating further research. More
detailed analysis can be found in SI Text S11.

Unveiling features with visual

analysis in DS-MVP

DS-MVP extracted deeper representation of missense variants
using DL during the pre-trained phase and subsequently trained
XGBoost on the corresponding dataset using the representation
along with the genetic features. To further explore the com-
prehensibility of the learned representation, we quantified the
significance of various feature modalities and vividly illustrated
the analysis through visualizations, offering a clear perspective
on feature importances.

AFs and genetic features representation contribute the most
We used the function of XGBoost to get the feature importance
weights for each dimension. Sorting dimensions and correspond-
ing features individual to individual. The weights were averaged
for each category of features to obtain the corresponding weight
scores, the results are shown in Fig. 8A. From the figure, it can be

seen that two AFs information weights accounting for the most
important percentage of XGBoost. The genetic features represen-
tation consist of two AFs and eight conservation scores trained by
DL were ranked as the second most important feature. Meanwhile,
gene description corpus features, mutated amino acid features,
and conservation scores closely followed in the rankings, holding
positions of nearly equal significance. The features occupying the
lowest rank on the importance roster were DNA sequence and
DNA structure features.

Gene description corpus features hold
considerable importance

To further analyze the importance of each feature in DL, we
conducted ablation experiments by sequentially masking each
class of features. We evaluated these models using the HardD
test dataset regarding the AUC and AUPR as shown in Fig. 8B.
We found that DS-MVP showed the best performance across both
metrics compared with all other model setups. In particular, AFs,
gene description corpus features and conservation scores play
a great role in DL, which were consistent with the conclusions
drawn from the XGBoost feature importance analysis. The uti-
lization of a large language model for representing gene corpus
features further enhances the model’s capability to interpret
biological information and distinguish between various missense
variants. Furthermore, initially acquiring features through DL
was a critical part of the model, as it significantly enhanced
performance compared to models without DL.

Significance of two-stage training in disease-specific
pathogenicity prediction

To validate our two-stage training approach for ML and MC
tasks in disease-specific conditions, we compared three models:
a single-stage DL model trained on disease-specific data, a model
pre-trained on a general dataset then fine-tuned on disease-
specific data, and DS-MVP. Results in SI Tables S6 and S7 show
that DS-MVP significantly outperforms the others, effectively
addressing the challenge of limited disease-specific data.
By leveraging pre-training to capture general disease mecha-
nisms, this approach improves prediction accuracy, adaptability,
and generalization, enabling the rapid development of practical
disease-specific predictive models.

The analysis of DNA sequence motif

Functional motifs of DNA sequence in the genome are short
segments with specific biological functions and often appear in
clusters, which are likely closely related to their regulatory roles


https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaf119#supplementary-data
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[55]. Thus, studying functional motifs is crucial for understanding
gene expression regulation mechanisms. To this end, we con-
ducted a detailed analysis of DNA sequence features in our model.
Specifically, we extracted sequence weight information from the
LSTM layer, generated predicted motifs using the MEME tool [56],
and compared their position weight matrices to known motifs in
the JASPAR database [57] via the TOMTOM tool [58]. The results are
shown in Fig. 9. Our analysis reveals that high-weight sequence
segments in the model effectively match known motifs. This
indicates that our model not only accurately identifies motifs in
variant regions but also captures biologically significant motifs
in surrounding contexts, thereby extracting functional biological
information. These findings provide additional evidence support-
ing the scientific validity and methodological soundness of our
model construction.

Pre-trained representation provides differential metric for
general pathogenicity of missense variants

From feature ablation experiment, it was clear that representation
of missense variants extracted through pre-trained pathogenicity
model were superior to the direct use of source features for clas-
sification. To further verify support this observation, we applied
t-SNE [59] to reduce the dimensionality of the representation of
missense variants, both with and without DL, and plotted the
results as scatterplots, respectively.

In Fig. 8C, yellow represents variants labeled as pathogenic,
while green indicates variants labeled as benign. Comparing the
two scatterplots, it was evident that the features extracted with-
out DL were more mixed, with pathogenic and benign variants
intermingled, making them harder to distinguish. In contrast,

the features derived from DL exhibit clearer boundaries between
pathogenic and benign variants. This visual comparison demon-
strates that features pre-trained through DL were more effective
for distinguishing between pathogenic and benign variants.

To evaluate the model’s performance in ML and MC classifica-
tion tasks, we applied t-SNE to analyze feature representations
before and after training. For cardiomyopathy disease (Fig. 8D),
the model effectively separated benign (red) and pathogenic vari-
ants, with DCM (brown) and HCM (sky blue) showing related clus-
tering due to shared missense variants, consistent with theoreti-
cal expectations. Despite limited samples for other diseases, clear
clustering was observed post-training. In the neurodegenerative
disease (Fig. 8E), benign and pathogenic variants were distinctly
separated, with three pathogenic subtypes forming well-defined
clusters. These results demonstrate that our pretrained model
captures disease-contextual semantic information, enhancing its
accuracy in predicting the pathogenicity of missense variants.

Conclusion

In this study, we developed DS-MVP, a novel method for predicting
the pathogenicity of DNA missense variants, with a focus on
specific diseases. To build this model, we first collected a com-
prehensive dataset from the ClinVar database. DS-MVP leveraged
pre-trained DL model to extract high-dimensional representation
of missense variants in order to enrich the representation of
general pathogenic mechanism, which were then combined
with genetic features, and as inputs for XGBoost model to
predict the pathogenicity of disease-specific missense variants.
DS-MVP integrates different feature types, including genetic
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features (AFs and conservation scores), DNA sequence features,
mutated amino acid features, gene description corpus features
embedded by text-embedding-3-small model from OpenAl, and
DNA structure features from Deep DNAShape. Each feature type
is processed by specialized DL modules (GFFM, DSeqRM, MAAEM,
OBGRM, DStructRM) to learn complex representations, which are
concatenated to form a comprehensive variant representation.
To demonstrate the validity of the learned representation and for
application to downstream to the prediction of specific diseases,
we first to conducted a general binary pathogenicity prediction
to distinguish between pathogenic and benign. Then we further
classified a pathogenic missense variants into detailed disease
types for ML and MC pathogenicity prediction. Furthermore, we
conducted a comprehensive visualization study and analysis of
the model and features.

The primary contribution of DS-MVP is its novel approach to
further classification of specific diseases according detail disease
conditions based on pathogenicity in missense variants at the
nucleotide level. This capability enriches our understanding of
the complexity of genetic diseases and their varying effects on
disease risk. Importantly, DS-MVP does not rely on the outputs
of other pathogenicity prediction tools, ensuring its indepen-
dence and robustness. Additionally, leveraging large language
model from OpenAl for gene corpus representation proved invalu-
able, as it allowed for more nuanced characterization of gene
information, improving overall prediction accuracy. Although our
method demonstrates strong performance in predicting specific
diseases, each disease currently requires separate modeling. In
the future, we aim to develop a unified model to directly learning
the representation of the specific diseases for disease-specific
pathogenicity prediction. Moreover, predicting missense variants
can facilitate a deeper understanding of research in other fields.
By predicting missense variants, we can further infer their effects
on protein function and structure, which can alter molecular
interactions, affect drug-binding sites, and influence drug efficacy
[60-62]. In summary, DS-MVP is essential for predicting mis-
sense variant pathogenicity and offers key insights into protein
structure-function relationships, with significant implications for
drug design, personalized medicine, and the study of genetic
disease mechanisms.

Key Points

e DS-MVP, as an independent predictors, utilized com-
putational methods to quickly predict pathogenicity of
missense variants at the nucleotide level. It outperforms
existing state-of-the-art methods, including meta pre-
dictors, making it crucial for improving disease diagnosis
and advancing clinical research.

e DS-MVP is an innovative approach for assessing the
pathogenicity and conditions of missense variants,
specifically focusing on ML diseases and MC diseases.

e DS-MVP conducted pre-training on a large-scale dataset
of general pathogenicity for missense variants to model
fundamental representations of pathogenic mecha-
nisms, enriching our understanding and enabling sub-
sequent disease-specific pathogenicity predictions.

e DS-MVP leveraged sequence, structure, and biophysical
properties, with the most influential ones being genetic
features and the novel gene description feature. Among
these, the gene description corpus was encoded using

a large language model from OpenAl, enabling a more
nuanced characterization of biological contexts.
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