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Abstract

Background
Benchmark datasets are of great importance for model construction and must be representative of the
phenomenon being investigated. Currently available computational methods for predicting driver
mutations have been trained with positive sample data, typically derived from cancer-related databases
such as the Catalogue of Somatic Mutations in Cancer (COSMIC) database, whereas negative samples
are generally based on statistical methods or putative samples. Obviously, negative samples are not
enough for modelling the broad spectrum of passenger mutations that occur.

Results
To address these problems, we constructed a balanced dataset with driver mutations from the COSMIC
database and high-quality passenger mutations from the Cancer Passenger Mutation database (dbCPM).
We then encoded the features of these mutations. According to feature correlation analysis, we
constructed a cancer driver missense mutations predictor (CDMPred) with feature selection via the
Extreme Gradient Boosting (XGBoost) classi�er ensemble learning method. The proposed CDMPred
method, with the top 10 features and XGBoost, achieved area under the receiver operating characteristic
curve values of 0.83 and 0.80 by 10-fold cross-validation of the training and independent test sets,
respectively. Moreover, CDMPred outperformed several state-of-the-art mutation prediction methods for
cancer-speci�c and general diseases in terms of AUC and area under the precision-recall curve.

Conclusions
High-quality passenger mutations of training data and ensemble learning are bene�t to CDMPred. We
expect that CDMPred can serve as a valuable method for prediction of cancer driver mutations which can
further lead to deeper understanding on personal therapy.

Background
Cancer is a leading cause of death and suffering in humans, with an estimated 19.3 million new cancer
diagnoses worldwide in 2020. Cancer is a complex genetic disease caused by many accumulated
mutations in the genome [1]. However, only a few key mutations (drivers) contribute to the tumorigenesis
and development of most cancers [2], together with certain neutral mutations (passengers). The
identi�cation of driver mutations from passenger mutations is of great signi�cance as drivers are
generally used as diagnostic and prognostic biomarkers, or as drug targets for cancer treatment.

To date, several computational methods have been designed for predicting driver mutations [3–8],
including Cancer Speci�c High-throughput Annotation of Somatic Mutations (CHASM) [3], Cancer Driver
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Annotation (CanDrA) [5], and Functional Analysis through Hidden Markov Models (FATHMM) [6]. Positive
samples are usually derived from cancer-related databases, such as the Catalogue of Somatic Mutations
in Cancer (COSMIC) database [3–6, 8], while negative samples are generally based on statistical methods
[3] or putative samples [4–6, 8].

In this paper, we assessed whether more accurate driver prediction can be attained by investigating high-
quality passenger mutations. We proposed a cancer driver missense mutations predictor (CDMPred), with
high-quality passenger mutations and the Extreme Gradient Boosting (XGBoost) algorithm. First, we �rst
conducted comparative analyses of the Cancer Passenger Mutations database (dbCPM), which consists
of highly curated passenger mutations [9]. Results revealed that data from the dbCPM are consistent with
other negative datasets in most classical features while speci�c for cancer-related features [9, 10]. We
then used the high-quality passenger mutation data for model training and encoded 65 features using
SNVBox. Second, we compared several machine learning algorithms, based upon which we selected
XGBoost. We used feature importance to investigate the correlations among the above 65 features.
Finally, the optimal model (CDMPred) was leveraged with the XGBoost classi�er and the top 10 features.
The CDMPred method obtained AUC (area under the receiver operating characteristic (ROC) curve) values
of 0.83 and 0.80 for the training and independent test sets, respectively. In addition, CDMPred
outperformed several state-of-the-art mutation prediction methods for cancer-speci�c and general
diseases based on two threshold-independent metrics (i.e., AUC and area under the precision-recall curve
(AUPR)).

Results

Analysis of features between different datasets
For all datasets shown in Additional �le 1: Table S1, we quanti�ed 85 features using dockerized CRAVAT
(v5.2.3). The features are quali�ed in the main for a post that comprehensively represented the biological
impacts of the mutation occurred in human genome [10]. With these features, the dbCPM samples were
interpreted from a statistical perspective using the non-parametric Wilcoxon signed-rank hypothesis test.
Signi�cant features (P < 0.05) of positive samples sourced from DoCM and samples from dbCPM as well
as other negative samples are depicted in Fig. 1A, and signi�cant features among all negative samples
are shown in Fig. 1B. We found that dbCPM data were almost identical to other negative samples in most
classical features, such as ‘ExonConservation’ (conservation score for entire exon calculated from 46-
species phylogenetic alignment) and ‘PredBFactorS’ (probability that wild-type residue backbone is stiff)
[11, 12]. We then selected three features based on P-values, with the RMS score distribution of all
samples shown in Fig. 1C. Consequently, the mutations in dbCPM were used as quali�ed negative
samples for predicting disease-causing mutations. In accordance with expectations, dbCPM tended to
show differences in cancer-speci�c features with other negative samples, such as ‘UniprotMETAL’
(binding site for a metal ion) and ‘UniprotREP’ (positions of repeated sequence motifs or domains) [13,
14]. The RMS score distribution of all samples for the UniprotMETAL feature is shown in Fig. 1D. These
results reinforced that dbCPM mutations are more representative than other negative samples for
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modelling the broad spectrum of passenger mutations and more suitable for cancer driver mutation
prediction.

Explorations for optimal model
We comprehensively evaluated the performance of several algorithms [15]. Eight classi�ers were selected,
i.e., random forest (RF), support vector machine (SVM), multi-layer perceptron (MLP), gradient boosting
decision tree (GBDT), linear discriminant analysis (LDA), logistic regression (LR), naïve Bayes (NB), and
XGBoost, with all algorithms implemented via scikit-learn API (v0.22.2). The classi�ers were implemented
with parameters optimized by grid search. The AUC training set results for the eight classi�ers are shown
in Fig. 2. XGBoost obviously outperformed all other classi�ers, with an AUC value of 0.82. The three
optimized parameters, learning_rate = 0.04, max_depth = 4, and colsample_bytree = 0.2, were applied to
XGBoost.

To investigate whether the features selected from mutual information could be further re�ned, we
determined correlations among the 65 features and found several features in UniProt that were highly
related, as shown in yellow in Additional �le 1: Figure S1. Consequently, we applied the feature selection
method with XGBoost (default parameters) to obtain feature importance. Using sequential feature
selection (SFS), we adopted the optimized parameters of XGBoost to train the data. A comparison of the
AUC results for these features is illustrated in Fig. 3. The highest mean AUC (with 10-fold cross-
validation) was 0.83 with the top 10 features (highlighted in bold in Additional �le 1: Table S2). Among
these 10 features, we compared the performance between all top 10 features and without top k (1 to 10)
feature by 10-fold cross-validation (Fig. 4). Thus, we selected XGBoost with the top 10 features and
optimal parameters for our �nal CDMPred model.

Performance comparison with state-of-the-art predictors
To assess CDMPred on unseen samples, we collected an independent test set (Table 1). We adopted
several representative tools designed for cancer-speci�c and general disease, i.e., CHASM, CanDrA,
FATHMM, TransFIC, and CScape-somatic [3, 8, 16–18]. In addition, 10 general disease predictors were
collected, i.e., SIFT [19], Mutation Assessor [20], PolyPhen-2 [21], CADD [22], MetaLR [23], MetaSVM [23],
DANN [24], REVEL [25], M-CAP [26], and MVP [27]. For the cancer-speci�c methods, we uploaded the test
data to each tool website to obtain the prediction results. For the general disease predictors, we
downloaded dbNSFP4.1a software (https://sites.google.com/site/jpopgen/dbNSFP) and ran the java
script to retrieve prediction results from the database. All comparisons ignored the missing values of
each tool. The ROC and PR curves are presented in Fig. 5 and Fig. 6, respectively. Results showed that
CDMPred achieved the best performance in terms of both AUROC and AUPR. 
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Table 1
Summary of mutation datasets used for model construction and evaluation

  Training set Independent test set

  Positive Negative Positive Negative

Source CHASM v3.1 dbCPM v1.0 DoCM v3.2 nonoverlap dbCPM v1.1 nonoverlap

Number 2151 1104 567 530

Notes: DoCM v3.2 nonoverlap, data in DoCM v3.2 but not in CHASM v3.1; dbCPM v1.1 nonoverlap, data
in dbCPM v1.1 except for dbCPM v1.0.

Discussion
For cancer-speci�c methods, TransFIC (applied to PolyPhen-2 predictions due to the fewest missing
values) achieved the second-best performance for AUC but the �fth-best performance for AUPR. CHASM
prediction resulted in an AUC of 0.61, sensitivity of 0.74, and speci�city of 0.15. Similarly, CanDrA only
achieved an AUC of 0.51, sensitivity of 0.76, and speci�city of 0.07. Thus, CHASM and CanDrA both
showed poor performance on the negative samples, with severe imbalance yielding extremely low AUC
values (as discussed below).

The CHASM training set consisted of a balanced set of positive and negative samples, however, only
0.6% overlapped at the transcript level [3]. Thus, we speculated that CHASM may be confounded by type
2 circularity, or variant status was largely predicted based on other variants in the same protein [28]. As
expected, 53% of false negatives in the CHASM predictions were on transcripts that fully overlapped with
positive data in the CHASM training set, while only 0.9% were on transcripts that fully overlapped with
negative data in the CHASM training set. Furthermore, the reverse was found for the true negatives of the
CHASM predictions, i.e., more samples were located in transcripts that exclusively overlapped with
negative data in the CHASM training set. Thus, CHASM was affected by type 2 circularity.

CanDrA proposed that the driver mutations occurred recurrently in proximity (hotspots) in different types
of cancer while the passenger mutations were always not in any Cancer Gene Census (CGC) genes [16,
29]. Based on our results, we suspected type 2 circularity in CanDrA as it followed such the training set
screening criteria, which inevitably leads to little overlap between positive and negative samples at the
transcript level. When negative sample genes in the independent test set overlapped with CGC genes, we
found common genes in the two sets, which were impossible the genes for negative samples in CanDrA
training set, contained 95% negative samples in the independent test set, of which only 3% were true
negatives. In addition, the genes included exclusively in the negative sample genes in the independent
test set, which were possible the genes for negative samples in CanDrA training set, contained 5%
negative samples in the independent test set, of which > 80% were predicted as true negatives. Thus,
CanDrA predicted the status of a variant based on other variants in the same protein, i.e., type 2
circularity. We demonstrated that the low AUC values acquired by both CHASM and CanDrA should be
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primarily attributed to type 2 circularity. In addition, from the perspective of training data quality, we
propose that negative samples used in CHASM and CanDrA cannot model the broad spectrum of
passenger mutations.

For the general-disease deleterious mutation predictors, CDMPred achieved the best comprehensive
predictive ability, followed by CADD, Polyphen-2, and REVEL. Interestingly, these methods also
outperformed the second-best cancer-speci�c predictor. PolyPhen-2 achieved an AUPR of 0.75 and
sensitivity of 0.83, indicating relatively high predictive ability compared with CDMPred on positive
samples. However, regardless of the positive or negative samples of the independent test set, many
predictions in PolyPhen-2 were "positive", which may correspond to a collection of diseases, not just
cancer drivers. [30]. For example, one of the true positives predicted by PolyPhen-2, “GATA2:p.R398W”, is
not only related to acute myeloid leukemia, but also to alveolar proteinosis [31, 32]. In addition, one of the
false negatives predicted by PolyPhen-2, “HMBS:p.D359N”, is not only related to cancer, but also to acute
intermittent porphyria [33, 34]. Therefore, we focused on corresponding genes in the true negative and
positive categories and false negative and positive categories of the PolyPhen-2 predictions. Enrichment
analysis was performed using the online tool DAVID to verify the above suppositions [35]. We collected
the pathways that only related to general diseases, not cancer, and meanwhile that an adjusted P-value < 
0.05 as calculated by hypergeometric test followed by the Benjamini-Hochberg. After mapping the
enrichment results at the mutation level, 65% relevant to disease of all the true negatives and true
positives in PolyPhen-2 predictions, in contrast, 54% relevant to disease of all the false negatives and
false positives in PolyPhen-2 predictions. In conclusion, such results supported that PolyPhen-2, even the
general-disease predictors, showed a systematic bias on driver mutation prediction.

Conclusions
The predictive ability of machine learning methods is highly dependent on training data quality. Thus,
both positive and negative samples should be consisted of known cases, and the instances were reliably
de�ned. In this work, we proposed a novel predictor, CDMPred, for discriminating cancer missense driver
mutations from passenger mutations. Here, high-quality passenger mutations from dbCPM, which were
more representative than other negative samples for modelling the broad spectrum of passenger
mutations, were employed as negative samples for the training set. Our results showed that high-quality
passenger mutations with ensemble learning method improved upon algorithms for predicting driver
mutations in human cancer. In the future, we will collect more experimentally veri�ed negative samples
and use ensemble deep learning methods to further improve the model.

Methods
The �owchart of the proposed CDMPred method is provided in Fig. 7. In detail, the procedure is
composed of four steps, i.e., dataset preparation, feature representation, model construction, and
performance evaluation, which are elucidated as follows.
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Dataset preparation
The datasets were divided into two groups for feature analysis and model construction, respectively. The
dbCPM contains 1 919 passenger mutations, with 1 634 distinct missense mutations [9]. To consider the
reliability of negative samples, we statistically compared the data in dbCPM with gold-standard positive
samples and traditional negative samples. For positive samples, 1 248 driver missense mutations were
taken from the Database of Curated Mutations (DoCM) (v3.2) [36], which aggregates functionally
validated mutations in cancer with high reliability. For negative samples, we collected two datasets
composed of training sets from classic prediction tools for cancer-speci�c driver mutations, i.e., all
negative samples in the FATHMM training set (originally obtained from the UniProt database) [17, 37] and
all synthetic passenger mutations in the CHASM (v3.1) training set [3]. All data used for comparative
analysis are shown in Additional �le 1: Table S1.

The datasets used for model construction are described as follows. Of the 1 634 missense passenger
mutations in dbCPM, 1 104 items in our training set were reported in the database before �rst updated.
The 13 235 positive samples in the CHASM (v3.1) training set were �ltered. Considering the balance of
positive and negative samples in the training set, we only adopted positive samples located within 50 bp
of a negative mutation on the same transcript. As a result, 2 151 driver missense mutations were used in
our training set. For performance comparison with state-of-the-art prediction tools, we also obtained an
independent test set. Firstly, of the 1 634 missense mutations in dbCPM, only the items that reported after
�rst updated in the database were collected in the independent test set. Secondly, we considered all 1 248
driver mutations in DoCM as the positive sample source. Finally, we removed data that overlapped with
the training set to avoid model confounding by type 1 circularity [28], which can occur due to overlap
between training and evaluation datasets, resulting in potential over�tting. The datasets used for model
construction and performance evaluation are shown in Table 1.

Feature representation
For each missense mutation in the above dataset, 85 features were obtained from the Cancer-Related
Analysis of Variants Toolkit (CRAVAT (v5.2.3), https://hub.docker.com/r/karchinlab/cravatmupit/) [38] in
Linux. CRAVAT is an evolving suite of informatics tools for genomic variant interpretation. To prepare the
input data, we curated the transcript information using Ensembl GRCh37 [39]. The 85 features encoded
included evolutionary conservation scores, protein physicochemical properties, sequence context indices,
and UniProtKB annotations. Each feature was scaled by subtracting the mean value and dividing by the
root-mean-square (RMS) value using all values precomputed for the whole genome. Following CHASM,
we implemented the information gain method on the training set [19, 20]. After setting the same threshold
to retain only features with at least 0.001 bits of mutual information, 65 predictive features were selected,
as shown in Additional �le 1: Table S2.

Model construction
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We used feature importance with XGBoost to select an optimal feature subset. Compared with several
machine learning methods, the ultimate CDMPred model was based on XGBoost, which is a scalable and
�exible gradient boosting method [40]. Here, the “XGBClassi�er” package was employed and
implemented with 10-fold cross-validation. In addition, we optimized three major parameters, i.e.,
boosting learning rate (learning_rate), maximum depth of tree (maxDepth), and subsample ratio of
columns when constructing each tree (colsample_bytree), using a grid search based on the 10-fold cross-
validation results of the training set.

Performance evaluation
We used two threshold-independent measures, i.e., AUC and AUPR, as quantitative measurements of
prediction results [3, 23]. We also adopted two qualitative measures, i.e., sensitivity (or true positive rate)
and speci�city (true negative rate), for model performance analysis, as described in previous research [41,
42] and de�ned as follows:

where TP (true positive) means the number of correctly predicted cancer driver mutations, FP (false
positive) represents the number of passenger mutations predicted as drivers, TN (true negative)
represents the number of correctly predicted passenger mutations, and FN (false negative) indicates the
number of cancer driver mutations predicted as passengers.

List Of Abbreviations
COSMIC
the Catalogue of Somatic Mutations in Cancer
dbCPM
the Cancer Passenger Mutation database
XGBoost
Extreme Gradient Boosting
AUC
area under the receiver operating characteristic curve
CHASM
Cancer Speci�c High-throughput Annotation of Somatic Mutations
CanDrA
Cancer Driver Annotation
FATHMM
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Functional Analysis through Hidden Markov Models
SFS
sequential feature selection
RF
random forest
SVM
support vector machine
MLP
multi-layer perceptron
GBDT
gradient boosting decision tree
LDA
linear discriminant analysis
LR
logistic regression
NB
naïve Bayes.
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Figures

Figure 1

Statistical analysis of samples. (A) Overlap of features showing signi�cant differences between negative
and gold-standard positive samples. (B) Overlap of features showing signi�cant differences between
negative samples. (C) RMS score distribution of all samples for three classical features. (D) RMS score
distribution of all samples for UniprotMETAL feature.
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Figure 2

ROC curves of several machine learning methods with tuned parameters on training set to obtain optimal
model.
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Figure 3

Comparison of AUC values with top n (1–65) features predicted by XGBoost feature importance on
training set. Optimal model was achieved with top 10 features on training set, including
‘UniprotDOM_PostModEnz’, ‘MGAPHC’, ‘UniprotCARBOHYD’, ‘UniprotREP’, ‘ExonSnpDensity’,
‘ExonConservation’, ‘UniprotMETAL’, ‘MGAEntropy’, ‘ExonHapMapSnpDensity’, ‘UniprotDOM_MMBRBD’,
‘AAEx’, ‘HMMEntropy’, ‘UniprotTRANSMEM’, ‘HMMRelEntropy’, and ‘PredRSAB’.
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Figure 4

Comparison of performance with top 10 features and without top k (1 to 10) feature by 10-fold cross-
validation on training set.
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Figure 5

ROC curves of CDMPred relative to state-of-the-art models on independent test set. (A) Comparison of
performance between CDMPred and other methods designed for predicting driver single nucleotide
variants (SNVs) in cancer. (B) Comparison of performance between CDMPred and several general-
purpose predictors.

Figure 6
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Precision-recall (PR) curves of CDMPred relative to state-of-the-art models on independent test set. (A)
Comparison of performance between CDMPred and methods designed for predicting driver SNVs in
cancer. (B) Comparison of performance between CDMPred and several general-purpose predictors.

Figure 7

Flowchart of proposed method.
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